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Abstract 
 

Recent advances in electronic medical records (EMR) in healthcare highlight the role 

of high-quality data, because poor data quality can destabilise clinical decision-making 

that in turn may impact on the quality of care. Data completeness as an essential 

dimension of data quality has been the subject of much research in the last three decades, 

while addressing data completeness in EMR is still a significant challenge in healthcare. 

Exploring the factors that influence data completeness could be a starting point to 

address data quality issues in EMR. Constructing a conceptual model can be an 

effective exercise for studying complex phenomena such as data completeness in EMR. 

We do not have a conceptual model of factors influencing data completeness in EMR 

and specific relationships between these factors remain unclear. This study presents a 

novel conceptual model of the factors influencing data completeness in EMR and 

investigates the relationships between them. 

This thesis begins with presenting the first literature review of data completeness in 

healthcare and provides a novel synthesis of the identified challenges that has led to a 

categorisation of the factors influencing data completeness in electronic records from 

human, managerial, technical, and external perspectives. The thesis also presents a 

taxonomy of factors influencing data quality using breadth, depth, and interaction dimensions, 

and suggests guidelines for developing and comparing the factors influencing data quality. 

The empirical evaluation of the proposed conceptual model is carried out by surveying 

clinical practitioners in Australia, China, and USA. The results of data analysis reveal 

that the priority of the included factors is different among the three countries. Moreover, 

cultural differences are identified and highlighted in the relationships between these 

factors. The findings of this study draw specific attention to the important factors and 

help clinical practitioners identify which of these areas need to be addressed in order to 

improve EMR data completeness. In addition, the conceptual model proposed in this 

thesis can serve as the basis for the development of tools, methods and techniques for 

addressing data completeness in EMR.  



 
 

Chapters 

 

 

Chapter 1 - Introduction 
 

1.1 Research background and problem statement 
 

Recent advances in electronic medical records (EMR) in healthcare highlight the role 

of high-quality data, because poor data quality can destabilise clinical decision-making 

that in turn impact on the quality of care (Foshay & Kuziemsky 2014; Terry et al. 2019). 

This has led to increased attention to data quality in EMR. Data completeness as an 

essential dimension of data quality, is defined as the extent to which all required data is 

available for a given task (Batini et al. 2009; Kwon, Lee & Shin 2014; Pipino, Lee & 

Wang 2002; Wang & Strong 1996). Recently, a large healthcare consortium was fined 

$2.5 million since they failed to turn over complete data on patient care to the state’s 

Medicaid program (Terhune 2017). As noted in Royal Philips’ report (2017), having 

incomplete data on patients’ records has posed the greatest threat to patient care in the 

United States. Obviously, problems associated with data incompleteness can have severe 

consequences, and has to be taken more seriously in relation to healthcare. 

As an example of the undefined processes on addressing data completeness in EMR, 

this research has been motivated by a case of diabetes management in 2015; hereafter 

to be referred as “diabetes case”. This case aimed at improving diabetes management 

for patients across thirty-six different medical clinics in Australia by continuously analysing 

daily generated EMR. Within these thirty-six clinics, an analytics infrastructure was 

implemented that linked the daily generated EMR of the diabetes patients. A centralised 

statistical engine then was conducting a weekly predictive analysis. On the physicians’ 

office computer, the system provided an application that was using the centralised 

weekly analysis to predict which patients were at risk of developing diabetes. However, 

1 
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the case failed to deliver its objectives. The source of this failure was traced to the data 

incompleteness of EMR being entered at clinics. 

Although data completeness has been the subject of research in the last three decades, 

addressing data completeness for the quality of care is still a significant challenge in 

healthcare. The example of the undefined processes on addressing data completeness 

in EMR illustrated above suggests that this particular data quality problem should be 

considered as a high priority. Considering the importance of data completeness in 

healthcare, we need to improve the available knowledge about this concept. However, 

data completeness as a dimension of data quality in healthcare has only been partially 

examined in prior literature (Arts, De Keizer & Scheffer 2002; Chen et al. 2014; 

Johnson et al. 2015; Kahn et al. 2016; Liaw et al. 2013; Mashoufi, Ayatollahi & 

Khorasani-Zavareh 2018; Thiru, Hassey & Sullivan 2003; Weiskopf & Weng 2013).  

The existing study themes related to data completeness in the EMR context are divided 

into: (i) ‘design and development’ (i.e. developing methods to improve data completeness 

(Rahimi et al. 2014), (i) ‘evaluation’ (i.e. assessing completeness for data practices 

(Haskew et al. 2015; Hoffer et al. 2012)), and (iii) ‘determinants’ (i.e. identifying factors 

that influence data completeness (Puttkammer et al. 2016). Because understanding the 

factors that influence data completeness could serve as a starting point to address data 

completeness issues in EMR, this thesis focuses on the investigation of the factors 

influencing data completeness in EMR.  

1.1.1 Related studies on factors influencing data completeness in electronic medical 

records 
 

The existing studies on data completeness in healthcare have investigated the determinants 

of data completeness in EMR. Despite recent progress, there are still two main limitations 

in the current literature. First, majority of the research concentrated their efforts on 

identifying the factors influencing data completeness in EMR, while none have explored 

the relationships between these factors (Liu et al. 2017). Although identifying these 

factors could assist in the tasks of discovering problem areas on addressing data completeness, 
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revealing the relationships between these factors could further explain the underlying 

mechanisms to achieve complete EMR data (Liu et al. 2018). The existing literature 

focusing on data completeness in electronic records seems to rely heavily on case study, 

survey, and experiment, while few have conceptualised the factors that influence data 

completeness (Liu et al. 2018). The underlying relationships between these factors remain 

unclear.  

Second, the existing investigations of factors influencing data completeness in EMR 

tend to be limited to a single country. For example, Puttkammer et al. (2016) in their 

study of EMR data completeness in Haiti revealed that power interruption was considered 

as the impediment of documenting complete patient’s information in care delivery, 

while Sollie et al. (2017) found that clinical officers did not use the EMR much, resulting 

in incomplete data entered into the system, in the context of Netherlands. Taggart, Liaw 

and Yu (2015) investigated EMR data quality in the Australian context, and they 

indicated that time constraints on recording tasks and difficulties in achieving balance 

between recording tasks and clinical work led to data incompleteness in the EMR. 

Although various empirical studies have offered the findings of the factors that 

influence EMR data completeness (Puttkammer et al. 2016; Sollie et al. 2017; Taggart, 

Liaw & Yu 2015), none of these studies considered the role of culture in dealing with 

these factors. Since healthcare settings from different cultural backgrounds may address 

EMR data differently, this could lead to differences in the factors that influence data 

completeness in EMR. However, empirical evidences that can account for such cultural 

differences regarding the factors influencing EMR data completeness are missing in the 

existing literature.  

1.1.2 Related studies on factors influencing data completeness as a dimension of 

data quality 
 
There has been a large body of literature on the factors influencing data quality (Al-

Hiyari, AL-Mashre & Mat 2013; Kokemueller 2011; Nord, Nord & Xu 2005; Tee et al. 

2007; Xu 2013; Xu, Koronius & Brown 2003). Some studies have established the 
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relationships between these factors (e.g. Al-Hiyari, AL-Mashre and Mat (2013); Tee et 

al. (2007), Kokemueller (2011), and Xiao, Xie and Wan (2009)). However, these studies 

only partially looked at data completeness as a dimension of data quality, and how these 

theoretical constructs are used to understand the factors influencing data completeness 

as a dimension of data quality in the EMR context is not clear.  

Both academic and practical gaps described above show that the factors influencing 

data completeness in EMR needs to be further explored. This study thus aims to develop 

a conceptual model of factors influencing data completeness in EMR, establishing the 

relationships between the included factors, and to investigate how these factors influence 

EMR data completeness within cultural contexts by comparing the relationships between 

these factors in different countries.  

1.2 Objectives of the research and research questions      
 
Following the aims of this study, the objectives of the research defined are: 
 

(i) To address the fundamental concepts of data completeness in healthcare  

(ii) To identify the challenges in addressing data completeness in electronic 

records 

(iii) To structure the characteristics of prior models of factors influencing data 

quality  

(iv) To identify the factors that influence data completeness in EMR 

(v) To establish the relationships between these factors 

(vi) To compare the cultural differences in the relationships proposed for these 

factors 

Accordingly, eight research questions (RQ) aligning with these objectives guild this 

study as presented in Table 1. 

The eight RQs proposed in this research contribute to achieving the research objectives. 

First, the literature review on data completeness in healthcare helps improve the 

understanding of this phenomenon and reveal the research gaps, resulting in the current 
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research topic of this thesis. Furthermore, the findings related to RQ1, RQ2, and RQ3 

from the literature review could give an initial explanation of the fundamental concepts 

of data completeness in healthcare from these three aspects. Second, a systematic review 

of the literature on data completeness in electronic records for RQ4 reveals the challenges 

in addressing data completeness, identifying relevant theoretical support to establish 

the relationships between the factors that influence data completeness in EMR. Third, 

to address RQ5, a taxonomy of the factors influencing data quality is developed by 

using a taxonomy development method (Nickerson, Varshney & Muntermann 2013), 

that summarises the characteristics of related studies. Fourth, the findings that address 

RQ6 show the included factors that significantly influence data completeness in EMR 

for different countries. Fifth, by evaluating the relationships proposed for the included 

factors to answer RQ7, the links between these factors can be established. Last, with 

the findings of RQ7, the strengths of the relationships proposed for the included factors 

can be compared among different countries that assist in addressing how these factors 

influence EMR data completeness in different cultural contexts, in order to answer RQ8.  

Table 1. Alignment of research objective and research questions 
Research objectives Research questions 
(i) To address the fundamental concepts of 
data completeness in healthcare 

RQ1: What are the forms of healthcare records 
investigated in the literature to address data 
completeness? 

RQ2: How has data completeness in healthcare 
records been defined and measured in the 
literature? 

RQ3: What are the themes of data completeness 
studied in healthcare records? 

(ii) To identify the challenges in addressing 
data completeness in electronic records 

RQ4: What are the factors that influence data 
completeness in electronic records?  

(iii) To structure the characteristics of prior 
models of factors influencing data quality 

RQ5: What are the structural characteristics of 
conceptual models for factors influencing data 
quality? 

(iv) To identify the factors that influence data 
completeness in EMR 

RQ6: What are the factors that influence data 
completeness in electronic medical records? 

(v) To establish the relationships between 
these factors 

RQ7: What are the relationships between the 
factors that influence data completeness in 
electronic medical records? 
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Table 1. Alignment of research objective and research questions 
Research objectives Research questions 
(vi) To compare the cultural differences in the 
relationships proposed for these factors 

RQ8: Is there any difference in the relationships 
between the factors that influence data 
completeness in electronic medical records 
between different cultures? 

 

1.3 Significances of the research 
 
The research objectives and the corresponding significances of this study are shown in 

Table 2. 

Table 2. Alignment of research objective and significances of the research  
Research objectives Significances of the research  

(i) To address the fundamental concepts of 
data completeness in healthcare 

Improve the understanding of data completeness in 
healthcare  

(ii) To identify the challenges in addressing 
data completeness in electronic records 

Give insights to the factors influencing data 
completeness in electronic records 

(iii) To structure the characteristics of prior 
models of factors influencing data quality 

Provide theoretical lenses and guidelines for 
addressing data completeness in EMR 

(iv) To identify the factors that influence data 
completeness in EMR 

Draw specific attention of clinical practitioners to 
the included factors 

(v) To establish the relationships between 
these factors 

Guide clinical practitioners’ efforts to preserve 
data completeness from these areas 

(vi) To compare the cultural differences in the 
relationships proposed for these factors 

Suggest the important role of national culture in 
addressing data completeness in EMR 

 
This thesis presents the first literature review of data completeness in healthcare and a 

novel synthesis of the identified challenges that has led to a categorisation of the factors 

influencing data completeness in electronic records from human, managerial, technical, 

and external perspectives. Furthermore, we proposed a taxonomy of factors influencing 

data quality within breadth, depth, and interaction dimensions, that suggests guidelines 

for developing and comparing the factors influencing data quality. This taxonomy also 

outlines potential areas that have an impact on data quality, assisting in the tasks of 

decision making for data management priorities in practice. 
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The present study is the first to develop a conceptual model of factors influencing data 

completeness in EMR. This conceptual model extends the model of factors influencing 

data quality management (Xiao, Xie & Wan 2009), by adding a new factor ‘resources’ 

and new relationships between resources and the remaining factors, considering breadth, 

depth, and interaction dimensions, in the new context of data completeness in EMR. 

The empirical evaluation of the proposed conceptual model is carried out by surveying 

clinical practitioners in Australia, China, and USA. This evaluation reveals that the 

conceptual model (i) could assist clinical practitioners in their data quality management 

and improvement for EMR, and (ii) could serve as the basis for the development of 

tools, methods, and techniques to address data completeness issues in EMR. 

1.4 Scope of the research  
 
1.4.1 Content scope 
  

As noted in Wang and Strong (1996), data completeness, as an important dimension of 

data quality and defined as the extent to which all required data is available for a given 

task, can be considered as context specific. In this light, within the context of EMR, 

definition of data completeness is divided into four perspectives (Weiskopf et al. 2013): 

“Documentation: a record contains all observations made about a patient; Breadth: a 

record contains all desired types of data; Density: a record contains a specified number 

or frequency of data points over time; and Predictive: a record contains sufficient 

information to predict a phenomenon of interest” (Weiskopf et al. 2013) (pp. 831-832). 

To ensure the results of the study are specific to data completeness, we have utilised 

these perspectives of data completeness to better understand and measure data completeness 

in EMR (Weiskopf et al. 2013). This will be presented in Chapter 5.  

Since addressing data completeness in EMR presents unique challenges (Kadhim-Saleh 

et al. 2013), in this thesis we study the factors influencing data completeness in EMR 

mainly drawn from the literature in the EMR context. Furthermore, data completeness 

problems can be due to missing values in a record and can also refer to missing records 
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for an entity (Liu, Li & Zou 2016). This thesis focuses on missing values in EMR due 

to data misrepresentation made by individual clinical staff. We acknowledge the theoretical 

differences between the definitions of data and information in general. However, to 

simplify the presentation and improve the readability of the work, in this thesis we do 

not differentiate between data completeness and information completeness. 

1.4.2 Geographical scope 
 

This study examines how the identified factors in our conceptual model, influence data 

completeness across different counties, using the EMR context in Australia, China, and 

USA. These three countries are selected because they are three important countries 

toward healthcare in the Asia-Pacific regions with significantly different cultures. 

National culture refers to “the values, beliefs and assumptions learned in early childhood 

that distinguish one group of people from another” (Newman & Nollen 1996). Hofstede 

(2001) proposed five dimensions for national culture: power distance, uncertainty avoidance, 

individualism versus collectivism, masculinity versus femininity, and long-term versus 

short-term orientation. These dimensions are widely applied in multiple study contexts, 

such as health information seeking and sharing (Li et al. 2018), and implementation of 

information systems (Ramesh et al. 2017). Among these dimensions, individualism versus 

collectivism are particularly relevant to understanding the similarities and dissimilarities 

in the factors that influence data completeness in EMR among Australia, China, and USA 

because of the important role of the individualism/collectivism cultural dimension in data 

quality management (Shanks & Corbitt 1999). This will be discussed in detail in Chapter 8. 

1.4.3 Subject scope  
 

In this research, we empirically investigate the factors influencing data completeness 

in EMR from the perspectives of clinical practitioners as they are the main users of 

EMR data to address the quality of care. The targeted population thus involves physicians, 

nurses, and other EMR users who have backgrounds or experience of dealing with EMR 

data.   
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1.5 Overview of the research methods 
 

This section provides an overview of the research methods used to conduct the present 

study. More details about the research design are given in Chapter 3.  

In this research, we have adopted the positivist philosophical position to study the 

phenomenon of interest (Orlikowski & Baroudi 1991). This allows us to reach a 

consensus on the opinion that is only one objective reality, which is probabilistic and 

can be measured independently of the researcher’s influence on the phenomenon 

studied (Coulin 2007). It does not however, impede the use of both qualitative and 

quantitative approaches to study the factors influencing EMR data completeness in this 

research.  

Qualitative and quantitative approaches, emphasise both different purposes and different 

procedures, however, they are not necessarily opposed to each other. Qualitative approach 

associated with the inductive-subjective-contextual purposes works from observations up 

to theories, while quantitative approach associated with the deductive-objective-generalised 

purposes works from theories down to observations (Morgan 2013). Although fundamental 

differences exist between these two approaches, there is an agreement that both approaches 

combined and used complement each other and allow for a more robust analysis to better 

understand the phenomenon (Brannen 2017).  

Research method selection is based on the appropriateness to a specific problem that 

needs to be addressed and is determined by the researcher (Coulin 2007). In this study, 

we aim to develop a conceptual model of factors influencing data completeness in EMR, 

which involves developing theoretical constructs in the conceptual model and hypothesising 

the relationships between these constructs. Qualitative methods, typically starting with 

observations, help create theory or generate hypotheses (Morgan 2013). The qualitative 

methods (e.g. literature review), therefore are suitable to derive the conceptual model 

based on the empirical evidence gathered from the literature. 

Furthermore, the conceptual model is then empirically evaluated to determine whether 
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it can effectively represent this phenomenon. Quantitative methods (e.g. survey) assist 

in the tasks of evaluating the theories and hypotheses through observations (Morgan 

2013), which is best fit for this study to evaluate the conceptual model and test the 

proposed hypotheses. Accordingly, this study is divided into three main sequential but 

overlapping research activities as described below.          

1.5.1 Literature review 
 
Literature review was conducted as an ongoing process throughout the entire research, 

involving thematical and critical analysis and synthesis of the existing research on and 

around quality management, data quality, data completeness in electronic records, and 

EMR. These reviews contribute to improving our understanding of the state of the art 

of this field, ascertaining research gaps, and identifying guidelines for developing specific 

concepts of addressing data completeness in EMR. The findings of the literature review 

establish a solid theoretical foundation for this study.  

1.5.2 Conceptual model development 
 
Inspired by the model of factors influencing data quality management (Xiao, Xie & 

Wan 2009), a conceptual model of factors influencing data completeness in EMR was 

developed. The literature reviews have enabled to hypothesise the relationships between 

these factors. Furthermore, the results of empirical evaluation provide further insights 

to improve the conceptual model. 

1.5.3 Empirical evaluation 
 

The constructs in the conceptual model were operationalised based on their measures 

in questionnaire surveys of clinical practitioners in Australia, China, and USA. Both 

paper-based survey and online survey were employed in this study to collect data. To 

ensure participants understand the content of the survey questions, the purpose of this 

study and instructions of answering the survey, questions were delivered to participants 

before they give their answers.  
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After data collection, the data was imported, arranged, and coded for statistical analysis. 

Then the conceptual model was assessed to determine the reliability and validity of the 

constructs and how well the model is performing. Given the path coefficients on the 

relationships between the constructs for each dataset collected from the three countries, 

a cross-country comparison was conducted to examine the statistical differences in the 

relationships between different cultures (i.e. individualism/collectivism).   

1.6 Roadmap of the thesis  
 
The rest of this thesis is organised as follows: 

Chapter 2 presents the literature review of the relevant publications. We first give the 

state of the art of data completeness in healthcare and identify research gaps to organise 

this study. This review has been published in the Pacific Asia Journal of the Association 

for Information Systems (PAJAIS) (available via https://journal.ecrc.nsysu.edu.tw/index. 

php/pajais/article/view/418/196). Then we present a systematic literature review of data 

completeness in electronic records, establishing the theoretical foundation for this study. 

Chapter 3 describes the research design. It starts with the discussion of rationale behind 

using a combination of qualitative and quantitative approaches. Then the strategies of 

participant sampling, instrument development, data collection, and data analysis are 

outlined. This chapter also presents the details of the research steps. 

Chapter 4 provides a taxonomy of structural characteristics of prior models of factors 

influencing data quality. Furthermore, the three dimensions are proposed within the 

taxonomy that contribute in the development of the conceptual model. The purpose of 

this chapter is therefore to provide the theoretical lens to derive the conceptual model. 

This chapter has been published in the Proceedings of the 24th Americas Conference 

on Information Systems (available via https://aisel.aisnet.org/amcis2018/DataScience/ 

Presentations/19/). 

Chapter 5 highlights the development of the conceptual model. The conceptual model 

https://journal.ecrc.nsysu.edu.tw/index.%20php/pajais/article/view/418/196
https://journal.ecrc.nsysu.edu.tw/index.%20php/pajais/article/view/418/196
https://aisel.aisnet.org/amcis2018/DataScience/%20Presentations/19/
https://aisel.aisnet.org/amcis2018/DataScience/%20Presentations/19/
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extends the model of factors influencing data quality management (Xiao, Xie & Wan 

2009) by adding a new factor, ‘resources’, and new relationships between resources and 

the other factors, within our study context (i.e. data completeness in EMR). The purpose 

of this chapter is thus to develop specific concepts for addressing data completeness in 

EMR. This chapter has been published in the Proceedings of the 51st Hawaii International 

Conference on System Sciences (available via http://hdl.handle.net/10125/50245). 

Chapter 6 offers the empirical results of the analysis of the data collected from USA. 

We empirically evaluate the conceptual model by surveying the clinical practitioners in 

USA, and thus this chapter addresses the reliability and validity of the conceptual model. 

This chapter has been published in the International Journal of Information Management 

(available via https://doi.org/10.1016/j.ijinfomgt.2019.05.001).   

Chapter 7 gives the empirical results of the analysis of the data collected from China. 

This chapter confirms the conceptual model that can be utilised to evaluate data quality 

management and improvement at healthcare settings in China. This chapter has been 

written in a journal paper that is submitted to the PAJAIS. 

Chapter 8 compares the strength of the relationships proposed for the factors across 

different countries including Australia, China, and USA. This chapter thus shows how 

the factors influencing data completeness in EMR among the three countries and discloses 

cultural differences that are highlighted in these relationships. This chapter has been 

written in a journal paper that is going to be submitted to a relevant journal. 

Chapter 9 concludes the thesis by detailing the contributions to the body of knowledge, 

the strategies that help achieve complete EMR data in practice, the limitations of the 

research, and our future work. The purpose of this chapter is therefore to summarise the 

importance, significance, and novelty of the study.          

    

http://hdl.handle.net/10125/50245
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Chapter 2 – Literature Review 
 

This chapter reviews the literature in the relevant areas of research, including two 

sections. Section 2.1 provides the current state of the art of data completeness in 

healthcare records and reveals the research gap that has led to the current research topic 

of this thesis. Section 2.2 presents a systematic review of data completeness in electronic 

records, which assists in hypothesising the relationships between the factors influencing 

EMR data completeness in Chapter 5. 

The structure of Section 2.1 is outlined as follows: Section 2.1.1 gives an introduction 

of the literature review on data completeness in healthcare; Section 2.1.2 elaborates the 

research methods utilised to identify the relevant publications; Section 2.1.3 gives the 

answers to the research questions proposed in this review; Section 2.1.4 presents the 

findings and limitations of this review; and Section 2.1.5 concludes this review. 

2.1 Landscape analysis of initial set of papers 
 

2.1.1 Introduction 
 
Data quality is a multidimensional concept and is defined as fitness for use (Chapman 

2005; Gamble & Goble 2011; Shaw & Norton 2008). High-quality data facilitates 

operation, decision making and planning in most industries. While if data users assess 

the quality of data as poor, this assessment will sway their behavior. In the industry of 

healthcare, poor data quality could lead to increase in mortality and loss of revenue. To 

improve quality of care and address cost-effectiveness, some governments make their 

commitment to EMR systems and supporting technology (Menachemi & Collum 2011). 

For example, the Health Information Technology for Economic and Clinical Health 

(HITECH) Act provides incentives to those healthcare organisations which can achieve 

“meaningful use” of their data with health information technology in the United States 

(Stark 2010). These meaningful-use regulations strike a balance between investment 

and improvement in healthcare (Blumenthal & Tavenner 2010). This undoubtedly creates 
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an impetus for healthcare organisations to enhance clinical decision-making in using 

integrated healthcare data across departmental systems and repositories. Data quality 

plays an essential role in evaluating the safety and quality of care (Liaw et al. 2013) and 

thus, data quality problems have received extensive attention in healthcare. 

There are at least three dominant literature reviews of data quality in healthcare, with a 

number of dimensions reviewed such as accuracy, completeness, and consistency (Liaw 

et al. 2013; Thiru, Hassey & Sullivan 2003; Weiskopf & Weng 2013). Particularly, data 

completeness is one of the most frequently assessed dimensions for data quality in the 

existing healthcare literature (Weiskopf & Weng 2013), and is considered as the major 

impediment to the availability of data for secondary use (Nobles et al. 2015), because 

data incompleteness could lead to significant uncertainty in health indicators such as 

tuberculosis incidence, prevalence and mortality rates (WHO 2016).  

In healthcare, data incompleteness could trigger medical errors during the course of 

care and hinder further analysis from monitoring and research purposes. First, when 

incomplete data emerges at the point of care, this could impact accurate diagnosis of a 

patient’s condition. It is reported that a clinical diagnostic support system could make 

inappropriate recommendations about the risk of gastrointestinal bleeding in 77% of 

patient encounters resting on missing data (Berner et al. 2005). This undoubtedly leads 

to serious patient harm. Second, data incompleteness is one of the biggest barriers for 

secondary use to understand real-world status of patients (Weiskopf et al. 2013), which 

then could impact strategic usage of patient data such as planning of health services and 

facilities. In addition, this requires more efforts on dealing with missing data and 

explanation of processed data so that interrupts public health and clinical workflows 

(Dixon, McGowan & Grannis 2011).  

We can see that data completeness related issues could result in severe consequences in 

the domain of healthcare. An understanding about the concept of data completeness can 

be viewed as a starting point to address these issues. Prior literature reviews on data 

quality in healthcare have only partially studied completeness dimension, while a 



15 

comprehensive literature review of data completeness in healthcare is not available. 

This has motived us to conduct a literature review to investigate recent research progress 

about data completeness in healthcare and to identify gaps in the existing literature. 

The objectives of this literature review are to investigate fundamental concepts of data 

completeness in healthcare records, give a summary of recent research themes in this 

field, and explore potential challenges for further exploration. While data completeness 

has been the subject of much research in the last three decades, addressing data 

completeness for patient safety and quality of care remains as a significant challenge 

for the healthcare industry. An investigation about which forms of healthcare records 

have concerned and addressed data completeness could give us a clue to identify 

possible difficulties in achieving complete data. Hence, this review investigates three 

categories of healthcare records: paper-based records, electronic records and hybrid 

records. Furthermore, according to total data quality management (TDQM) methodology 

(Wang 1998), defining, measuring, analysing, and improving data quality are considered 

as essential processes to ensure high-quality information products. Organisations must 

first define what they mean by data quality and then establish a usable metrics linked 

to their goals and objectives for measuring how good is the data (Kovac, Lee & Pipino 

1997). In this case, a good understanding of definition and measure of data completeness 

could serve as a foundation for the clear alignment between intention of data creation 

and its usage within an assessment of data completeness. We thus could generate 

appropriate definitions and measures of data completeness for conducting an assessment 

based on a given task. Additionally, a clear picture of study themes about data completeness 

in healthcare could help us to obtain what are data completeness that have been studied 

and what are other potential challenges related to data completeness that may be investigated. 

Accordingly, three research questions (RQ) guided this review: 

RQ1: What are the forms of healthcare records investigated in the literature to address 

data completeness?  

RQ2: How has data completeness in healthcare records been defined and measured 

in the literature?  
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RQ3: What are the study themes of data completeness in healthcare records? 

This section gives a literature review on the existing studies that have addressed data 

completeness in healthcare between January 2011 and April 2016. The results from data 

extraction and analysis based on the included studies in this review could be benefit 

academics in terms of improved understanding of the field, defining research themes 

and ascertaining research gaps. Furthermore, practitioners may solve their practical 

problems related to data completeness in healthcare by using the solutions summarised 

in this review.  

2.1.2 Methods 
 

As mentioned in Section 2.1.1, one of the objectives of this literature review is to give 

a summary of recent research themes on data completeness in healthcare. Because 

Najaftorkaman et al. (2013) have successfully conducted a landscape analysis for EMR 

literature that focuses on exploring the research foci and trends in the area, their study 

is selected as the guidelines in this review for achieving the aforementioned objective. 

We then followed the guidelines used by Najaftorkaman et al. (2013) to conduct this 

literature review, including three main discrete activities: (i) searching the initial list of 

papers; (ii) appraising relevant papers; (iii) extracting and analysing data. 

2.1.2.1 Initial search 

We identified initial search resources informed through prior work (Najaftorkaman et 

al. 2013). We considered that the relevant papers may distribute in the areas of research 

in Information and Computing Sciences, Biomedical Engineering, and Medicine and 

Health Sciences. Hence, we selected a set of journals ranked in CORE1 (CORE 2016b) 

referring to these three domains, and we only screened journals ranked A*, A, or B in 

CORE in this review. The consistency of the literature review in the highly prestigious 

outlets that are assessed through CORE ranking and impact factors could offer a good 

 
1 CORE is an association of university departments of computer science in Australia and New Zealand and works as a good 

reference for quality evaluation of research (CORE 2016a). 
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opportunity to discuss the papers in a deeper fashion.   

Firstly, we found 8 journals from the journal list of Information and Computing Sciences 

(FoR code2 08) overlapping bioinformatics, medical informatics, medicine and health 

sciences (UNSW 2013). Secondly, we screened 7 journals from the journal list of 

Biomedical Engineering (FoR code 0903) covering information and computer sciences, 

and 3 of them were duplicate with those found in the first round. Thirdly, in the journal 

list concerning Medicine and Health Sciences (FoR code 11), we only collected 1 

journal in the list involving information systems, but this journal was already included. 

Eventually, 12 journals remained as our initial search resources. Furthermore, we 

measured the latest impact factor of each journal from Journal Citation Reports 

(Thomson Reuters 2016), and most impact factors are greater than 1.000. In addition, 

we checked the Google citation of each selected journal (h5-index) (Google Scholar 

2017). These journals are indexed in different databases such as IEEE Xplore, Science 

Direct and Scopus (see Table 3).  

In order to generate the search keywords, we conducted a preliminary literature survey 

about data quality on those journals concerning the field of research in Information 

Systems and Computer Science. We identified several terms utilised to describe 

completeness in reviewed publications as our search terms, such as “availability”, 

“coverage”, “presence”, “missingness”, “omission” and “commission”. These terms 

related to completeness have been frequently adopted in the assessment of data quality. 

Our search keywords developed for this literature review contained: (1) data quality; 

(2) completeness; (3) healthcare. Additionally, we adopted alternative terms of 

“completeness” by using those six terms mentioned. Therefore, our search began with 

those keywords by using the Boolean operator as the following search string: ‘data 

quality’ AND (‘completeness’ OR ‘availability’ OR ‘coverage’ OR ‘presence’ OR 

‘missingness’ OR ‘omission’ OR ‘commission’) AND ‘healthcare’ in all fields in the 

corresponding databases based on the title of each journal. 

 
2 Australian and New Zealand standard Fields of Research (FoR) code(s) assists in research classification (CORE 2016b). 
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Table 3. List of journals selected in the review of data completeness in healthcare 
No. Title Ranking in 

CORE  
Impact 
factor 

h5-
index  

Database Identified 
papers 

Relevant 
papers 

1 IEEE Transactions 
on Information 
Technology in 
Biomedicine 

A*  2.493 46 IEEE Xplore 
(IEEE 2016) 

2 1 

2 Computer Methods 
and Programs in 
Biomedicine 

A*  1.862 39 ScienceDirect 
(Elsevier 2016a)  

15 0 

3 International 
Journal of Medical 
Informatics 

A  2.363 43 ScienceDirect 
(Elsevier 2016a) 

43 12 

4 BMC 
Bioinformatics 

A 2.435 66 Scopus  
(Elsevier 
2016b) 

0 0 

5 Artificial 
Intelligence in 
Medicine 

A 2.142 28 ScienceDirect 
(Elsevier 2016a) 

2 0 

6 Computer Methods 
in Biomechanics 
and Biomedical 
Engineering 

A 1.850 27 Scopus 
(Elsevier 
2016b) 

0 0 

7 Medical and 
Biological 
Engineering and 
Computing 

A 1.018 - Scopus 
(Elsevier 
2016b) 

0 0 

8 BMC Medical 
Informatics and 
Decision Making 

B 2.042 33 Scopus 
(Elsevier 
2016b) 

10 7 

9 Computers in 
Biology and 
Medicine 

B 1.521 32 ScienceDirect 
(Elsevier 2016a) 

7 1 

10 Journal of the 
American Medical 
Informatics 
Association 

B 3.428 61 Scopus  
(Elsevier 
2016b) 

8 1 

11 International 
Journal of 
Bioinformatics 
Research and 
Applications 

B - 8 Scopus  
(Elsevier 
2016b) 

0 0 

12 Journal of 
Biomedical 
Informatics 

B 2.447 44 Scopus  
(Elsevier 
2016b) 

12 2 

Total number of papers 99 24 

Note that “ - ” indicates that the Journal Citation Reports have not provided the impact factor for that 
journal or Google Scholar has not provided the number of citations for that journal in the last 5 
complete years. 

2.1.2.2 Relevance appraisal 

The inclusion criteria entail: firstly, the publications were in English; secondly, the 

papers were on the publication date between January 2011 and April 2016; thirdly, the 
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literature contained an investigation on data completeness in healthcare. In addition, our 

search phrases included the search term referring to “completeness”.  

The exclusion criteria for removing a paper from further analysis is that the study only 

mentioned about completeness but without any explicit interpretation or application to 

healthcare. 

We identified 99 publications from the initial search resources (12 journals), eliminated 

75 papers by abstract and full-text review depending on exclusion criteria, thus 24 

papers were selected for further study (in Table 3). Figure 1 depicts our search process in 

this review. 

 
Figure 1. The process of identifying the relevant papers in the review of data 
completeness in healthcare 

2.1.2.3 Data extraction and analysis 

After identification of the relevant papers, we designed a form to extract data from 

included studies based on our research questions (see Appendix A). There are three 
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criteria we applied in our form for data extraction. These criteria were derived from our 

three RQs. 

Healthcare records – We classified the forms of healthcare records in the included 

studies into three groups: electronic records, paper-based records, and hybrid records. 

We assigned each paper to the corresponding group after identification of the form of 

healthcare records.  

Definition and measure – We summarised several examples from those papers that 

explicitly provided definitions and measures of data completeness in their studies. In 

this way, we could address our fundamental questions about definition and measure of 

data completeness raised in the section of Introduction.   

Study themes – In order to identify the study themes per paper, we emphasised the 

objectives and content of the study to determine the theme. If the objective of one study 

is to design or develop tools or methods to address data completeness, this kind of study 

could be categorised into ‘design and development’ theme. If the studies conducted an 

assessment of data completeness, they could be invited into the theme of ‘evaluation’. 

While other studies investigated the challenges or barriers to addressing data completeness 

in healthcare, they could be classified into ‘determinants’ theme, since these difficulties 

encountered by practitioners in achieving complete data also can be seen as the factors 

influencing data completeness. Some paper may have multiple objectives and therefore, 

such research could address two or more than two study themes.  

We reviewed each paper thoroughly keeping the three main criteria in focus. We applied 

thematic analysis (Guest, MacQueen & Namey 2011) and frequency analysis (Onwuegbuzie 

& Combs 2011) on the text of each paper to extract and record explicit response from 

publications for each criterion (healthcare records, definition and measure, and study 

themes). After finishing the data extraction, we labelled the dataset content with 

explicitly mentioned terminology in the literature and grouped them into several 

categories based on the criterion in the first round of classification. In the second and 

third rounds, we revised, merged or split some of the categories. In order to resolve 
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discrepancies and achieve the final classification, we acted in two groups: literature 

survey and assessment. In this manner, the extracted data was assessed and re-examined 

against the literature for the validity of classification. 

2.1.3 Results 

This section presents the results of this review to address the three RQs regarding 

healthcare records, definition and measure of data completeness, and study themes of 

data completeness. The studies reported in this section were selected from our sample 

based on their specific coverage of the concepts being investigated.  

2.1.3.1 Healthcare records 

Table 4 presents the distribution about the forms of healthcare records in this review.  

Table 4. Distribution on the forms of healthcare records in the review of data 
completeness in healthcare 
Forms of healthcare records Data context 

El
ec

tro
ni

c 
re

co
rd

s 

EHR/Electronic medical 
records (EMR)/Electronic  
patient records (EPR) 

Puttkammer et al. (2016) HIV 
Landis-Lewis et al. (2015) HIV 
Bruland et al. (2014) Pruritic dermatoses 
Haskew et al. (2015) Maternal and child health 
van Engen-Verheul et al. (2016) Cardiac rehabilitation 
Taggart, Liaw & Yu (2015) Cardiovascular disease and diabetes 
Hoffer et al. (2012) Kidney cancer 
Rahimi et al. (2014) Type 2 Diabetes Mellitus 
Heidebrecht et al. (2014) Public health (immunization) 
Köpcke et al. (2013) Clinical trial 
Tu et al. (2015) Not mentioned 
García-de-León-Chocano et al. 
(2015) 

Maternal and child health 

Weiskopf et al. (2013) Not mentioned 
Registry Adolfsson & Rosenblad (2011) Diabetic 

Rousseau et al. (2014) Population health(vaccination) 
Reporting systems Hirdes et al. (2013) Not mentioned 
Hospital information systems Cohen, Coleman & Kangethe 

(2016) 
Not mentioned 

Herzberg et al. (2011) Medical history forms and stress 
injection protocols 

Breil et al. (2011) Oncology (urology and 
haematology) 

Cruz-Correia et al. (2013) Audit trail  
Distributed e-healthcare 
information environment 

Wu, Khoury, & Shah (2012) Breast cancer 

RFID systems van der Togt, Bakker, & Jaspers 
(2011) 

Blood products 

Paper-based records Adeleke et al. (2012) Inpatient health 
Not mentioned Liaw et al. (2013) Integrated chronic disease 
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Table 4 shows that the included studies addressed the quality of the data mainly derived 

from paper-based records or electronic records. For instance, Adeleke et al. (2012) 

investigated data completeness in the first category of healthcare records (paper-based 

records). Their study focused on the documentation of inpatient admitted and discharged 

in paper charts. They assessed data completeness in paper-based records, standing at a 

set of specific documentation standards. They revealed that the discharge summary in 

psychiatry ward was underutilised because this summary suffered from incompleteness 

in documentation. 

The majority of studies applied the second category of healthcare records for data 

quality assessment. In this category, the healthcare records for investigation were 

derived from various sources such as EHR, EMR and EPR (as shown in Table 4). For 

example, Puttkammer et al. (2016) evaluated data quality of a retrospective dataset 

derived from the multisite EMR system in Haiti based on a set of health indicators. 

These indicators related to data completeness were specified into seven data elements 

of the patient’s records such as age, height, weight, pregnancy status, HIV antiretroviral 

therapy eligibility, tuberculosis status and program discontinuation. By comparing data 

quality in EMR between two periods of time (2005-2012 and June-July 2013), they 

reported that there was a significant improvement in data quality at healthcare facilities 

in Haiti after the adoption of the EMR system.  

2.1.3.2 Definition and measure of completeness 

Table 5 lists several examples from the selected studies that have explicitly defined and 

measured data completeness for a dataset generated from healthcare records. In addition, 

these studies investigated the quality of the data extracted from electronic records, so 

we could easily compare their definitions and measures of completeness. 

In this review, the definitions of data completeness differed from each other. Basically, 

data completeness can be defined as the availability of at least one record for a specific 

attribute (Taggart, Liaw & Yu 2015; Rahimi et al. 2014; Köpcke et al. 2013; Adolfsson 

& Rosenblad 2011;Liaw et al. 2013; Cruz-Correia et al. 2013; Weiskopf et al. 2013), 
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and it also refers to element presence in core data fields (Rahimi et al. 2014; Köpcke et 

al. 2013; Wu, Khoury, & Shah 2012; Puttkammer et al. 2016; Bruland et al. 2014; 

Heidebrecht et al. 2014; Hirdes et al. 2013; García-de-León-Chocano et al. 2015; Liaw 

et al. 2013; Cruz-Correia et al. 2013; Weiskopf et al. 2013). In addition, data 

completeness can be used to describe the availability of at least one record for an entity 

(Herzberg et al. 2011; van Engen-Verheul et al. 2016; Breil et al. 2011; Rousseau et al. 

2014; Adeleke et al. 2012; van der Togt, Bakker, & Jaspers 2011; Liaw et al. 2013; 

Cruz-Correia et al. 2013; Weiskopf et al. 2013). On the one hand, completeness implies 

that a patient has at least one record during an encounter. On the other hand, 

completeness presents that there are non-missing data elements in the crucial data fields 

for the context of use.  

Table 5. Definition and measure of data completeness in the review of data completeness 
in healthcare 
Author and year Definition of data completeness Measure of data completeness 

Puttkammer et al. 
(2016)  

Mandatory data related to a specific patient Proportion of the number of flags with 
incomplete data observed by healthcare 
facilities monthly to the total number of 
flags by healthcare facilities monthly  

Adolfsson & 
Rosenblad (2011)  

Patients with non-missing data for a 
particular variable 

Proportion of the number of patients with 
non-missing data in a required variable by 
the total number of patients reported to the 
Swedish National Diabetes Register 

Taggart, Liaw & Yu 
(2015)  

A patient with at least one record for a 
specific attribute 

Proportion of the number of patients with at 
least one record for a specific attribute to the 
total number of patients who had three or 
more visits in the two years 

Rahimi et al. (2014)  Two level definition: 
(1) availability of at least one record per 
patient;  
(2) availability of information required on a 
clinical decision making. 

Proportion of the number of Type 2 Diabetes 
Mellitus (T2DM) attributes identified by both 
manual audit and ontology-based algorithm to 
the total number of numerator together with 
patients with T2DM attributes identified by 
the algorithm but not the manual audit 

Weiskopf et al. 
(2013)  

Four perspectives: 
(1) documentation: all required observations 
are recorded during a clinical encounter; 
(2) breadth: availability of required multiple 
types of data; 
(3) density: availability of sufficient 
numbers of data points over time; 
(4) predictive: availability of sufficient 
information to predict an outcome. 

(1) Proportion of the overall number of at 
least one visit recorded with a free-text note 
or report to the total number of visits; 
(2) Proportion of the overall number of at 
least one visit with multiple types of 
information to the total number of visits; 
(3) Proportion of the overall number of visits 
at least 1 day with multiple types of 
information to the total number of visits; 
(4) Using the logistic regression model. 
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Table 5. Definition and measure of data completeness in the review of data completeness 
in healthcare 
Author and year Definition of data completeness Measure of data completeness 

Cruz-Correia et al. 
(2013)  

Sufficient information in depth, breadth, 
and scope to be used  
as an audit trail 

Percentage of non-missing values in the 
essential data fields 

Köpcke et al. (2013)  Two conditions: 
(1) Data elements need to exist; 
(2) Fill in at least one of required data 
elements. 

(1)  Fraction of patient characteristics with 
at least one 
relevant data element  
(2)  Fraction of patients with any data in at 
least one of required data elements in each 
characteristic 

From 24 papers that was reviewed, 22 of them adopted a ratio scale to measure data 

completeness. Only one paper used regulation model for measuring data completeness 

(Weiskopf et al. 2013). The remaining two papers did not mention what methods they 

utilised to measure data completeness (Landis-Lewis et al. 2015; García-de-León-

Chocano et al. 2015). 

2.1.3.3 Study themes of completeness 

We uncovered three main research themes including (i) Design and development; (ii) 

Evaluation; (iii) Determinants, as shown in Table 6. 

Table 6. Study themes related to data completeness in healthcare in this review 
No. Author and 

year 
Design and 
development 

Evaluation Determinants 
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1 Wu, Khoury, & 
Shah (2012)  

x     x     

2 Puttkammer et 
al. (2016) 

                x x 

3 Cohen, Coleman 
& Kangethe 
(2016) 

       x           x 

4 Landis-Lewis 
et al. (2015) 

                  x 



25 

Table 6. Study themes related to data completeness in healthcare in this review 
No. Author and 

year 
Design and 
development 

Evaluation Determinants 
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5 Herzberg et al. 
(2011) 

 x      x   

6 Bruland et al. 
(2014) 

       x   

7 Haskew et al. 
(2015) 

      x  x  

8 van Engen-
Verheul et al. 
(2016) 

              x   x 

9 Adolfsson and 
Rosenblad 
(2011) 

     x     

10 Taggart, Liaw 
and Yu (2015) 

                x x 

11 Hoffer et al. 
(2012) 

     x     

12 Liaw et al. 
(2013) 

                  x 

13 Rahimi et al. 
(2014) 

x    x     x 

14 Breil et al. 
(2011) 

     x     

15 Cruz-Correia 
et al. (2013) 

      x    

16 Heidebrecht et 
al. (2014) 

     x     

17 Hirdes et al. 
(2013) 

                  x 

18 Köpcke et al. 
(2013) 

      x    

19 Rousseau et al. 
(2014) 

    x      

20 Tu et al. (2015)         x  
21 García-de-

León-Chocano 
et al. (2015) 

  x        

22 Adeleke et al. 
(2012) 

   x      x 

23 van der Togt, 
Bakker, & 
Jaspers (2011) 

        x         x 

24 Weiskopf et al. 
(2013) 

     x     

Number of papers in the category of Design and development: 4 
Number of papers in the category of Evaluation: 19 
Number of papers in the category of Determinants: 10 

Note that the total number of study themes is greater than the number of included studies, since each 
study may address two or more study themes. 
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Design and development. This theme concerns design and development for addressing 

data completeness including: (i) development of tools for data extraction, (ii) design of 

reminder systems, and (iii) construction of care data repositories. There are 4 studies in 

this category: 

(i) Wu, Khoury, & Shah (2012) integrated intelligent agents into the service-oriented 

architecture on the web to monitor data extraction process in the distributed e-healthcare 

information system environment. The agents could provide an optimal composition of 

task sequence by a quality of service based algorithm to preserve data completeness in 

data extraction according to different data tasks (Wu, Khoury & Shah 2012). While 

Rahimi et al. (2014) adopted an ontology-based approach to identifying Type 2 Diabetes 

Mellitus (T2DM) patients in EHR. The ontology-based algorithm added more constrains 

in the process of data extraction with domain knowledge of symptom and requirements 

of data quality to query the structured fields in the data repository (Rahimi et al. 2014). 

Completeness of the data extracted by evolutionary algorithms in both studies was good 

enough for their research purposes. 

(ii) Currently, healthcare practitioners are playing the role both in their main duties and 

data recording tasks. Sometimes heavy workload in the main duties detracts personnel’s 

attention from data recording tasks (Odega, Fatiregun & Osagbemi 2010). For example, 

in a clinic operation, the clinic information has to be recorded at the beginning and the 

end of anesthesia (e.g., operation time), while anesthetists concentrate on their clinical 

work rather than the recording task (Wrightson 2010). Thus, part of the clinic 

information could not be recorded in time so that the data is inevitably missing. 

Herzberg et al. (2011) designed and developed a computer-based reminder system for 

the improvement of documentation completeness. This system could automatically 

identify incomplete forms, provide a schedule about due records, and notify the 

responsible personnel by an email after a certain grace period. They reported that 

completeness in clinical documentation increased highly significantly with 100% 

complete forms after implementation of the reminder system. Therefore, a reminder 

system could help healthcare practitioners to address data completeness in their routine 
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work within a balance between the main duties and recording tasks. 

(iii) The implementation of the EHR systems provides valuable data for monitoring the 

clinical process and activating research studies. Due to a lack of control mechanisms 

about the deployment of the Baby Friendly Hospital Initiative for the protection, promotion 

and support of breastfeeding purposes, García-de-León-Chocano et al. (2015) constructed 

care data repositories for infant feeding from EHR. They ensured the quality of input 

and output data in each step of the construction by using semantic integrity of clinical 

concepts in the dataset content to achieve high-quality data (such as effective data 

completeness) for the specific tasks (García-de-León-Chocano et al. 2015).  

Evaluation. In this theme, we focused on data completeness evaluation. 19 papers 

addressed the assessment of data completeness in healthcare records for a given task. 

Figure 2 presents the distribution of various methods adopted to assess data completeness 

in this category. 

 
Figure 2. Distribution of study themes about evaluation in the literature review 
of data completeness in healthcare 

 

The data quality assessment could be performed for a single source only one time 

(Adeleke et al. 2012; Cohen, Coleman & Kangethe 2016). Some studies assessed data 

completeness by using another source (a gold standard) such as manual audit of the 

EHR (Rahimi et al. 2014), paper lists (Rousseau et al. 2014), and real entities (van der 

Togt, Bakker, & Jaspers 2011). Other research evaluated the differences in completeness 
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between various methods of data collection, utilising different task sequence related to 

data quality (Wu, Khoury, & Shah 2012), information systems (Adolfsson & Rosenblad 

2011; Heidebrecht et al. 2014), documentation tools (Hoffer et al. 2012), documentation 

forms (Breil et al. 2011), or models to address different definitions of completeness 

(Weiskopf et al. 2013). This sub group has received the most attention at 32% of studies 

reviewed in the category of evaluation. The rest of the studies assessed data 

completeness in different healthcare institutions (Cruz-Correia et al. 2013; Haskew et al. 

2015; Köpcke et al. 2013), pre- and post-implementation of data quality interventions 

regarding introduction of advanced information systems (Bruland et al. 2014; Herzberg 

et al. 2011; van Engen-Verheul et al. 2016) and during different time points (Haskew et 

al. 2015; Puttkammer et al. 2016; Taggart, Liaw & Yu 2015; Tu et al. 2015).  

Determinants. In terms of this study theme, we concentrated on the factors influencing 

data completeness in healthcare records. For paper-based records, a lack of standards 

for documentation could result in incomplete data (Adeleke et al. 2012). Furthermore, 

when transcribing a patient’s information from hard copies into information systems, 

data entry personnel might record insufficient or biased information due to legibility 

issues. For electronic records, data completeness suffers from (i) human, (ii) technical, 

and (iii) environmental challenges.  

(i) User acceptance of eHealth impacts an individual’s attitudes and intentions towards 

eHealth and his or her adoption of eHealth. van Engen-Verheul et al. (2016) revealed 

that most clinical officers do not use EHR much. This could cause incomplete data 

entered into the system. While Taggart, Liaw and Yu (2015) found that poor data 

completeness could be due to patients’ uncooperative attitude in providing their 

information. In addition, their study uncovered that time constraints on recording tasks 

and difficulties in achieving balance between recording tasks and clinical work resulted 

in data incompleteness in healthcare records. Furthermore, clinical practitioners do not 

follow the organisational data protocols in data management that could lead to 

ineffective data completeness (Liaw et al. 2013). Additionally, manual errors in data 

extraction due to insufficient experience could cause incomplete data aggregated (Liaw 
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et al. 2013).  

(ii) Ineffective information technology affects data completeness. Liaw et al. (2013) 

presented that poor coding rules and corruption of the database architecture or 

information systems could cause incompleteness in managing routinely collected 

healthcare data. One of the problems caused by poor coding rules is the warp of 

observations to be the equivalent of incomplete data. For instance, if two responses 

cannot logically both be true, it is not obvious which one is true (Hirdes et al. 2013). 

Hence, these problems could lead to missing values. Furthermore, corruption of the 

database architecture or information systems could not meet users’ requirements to 

manage daily patient-generated health data in clinical care that undoubtfully affect data 

completeness. Specifically, two studies employed importance-performance analysis 

(Cohen, Coleman & Kangethe 2016) and think-aloud usability testing (van Engen-

Verheul et al. 2016) separately to analyse attributes of healthcare systems. Both studies 

collected a feedback from those practitioners who used the systems and gave insights 

into what are barriers to achieving data completeness. Cohen, Coleman and Kangethe 

(2016) revealed that the limited input space of user interface could result in incomplete 

data in patient records during the data entry, while van Engen-Verheul et al. (2016) 

disclosed three usability problems regarding incomplete data collection as violations of 

the heuristic match between system and world, such as consistency and standards, 

flexibility and efficiency, and visibility of system state. 

(iii) Data completeness also suffers from the external environment, especially for sensor 

data. van der Togt, Bakker and Jaspers (2011) determined the quality of the data generated 

by Radio Frequency IDentification (RFID). This system could read and write physical 

objects. With automatic identification and tracking technology, the RFID system could 

generate location, time and temperature data of tagged blood products left in the blood 

transfusion laboratory. Then, they tested the system’s performance of detecting these 

blood products left in the blood transfusion chain. They found that the blood bag 

blocked the signals of tags that could disturb a good performance of the system to 

identify the location, time and temperature data of the blood products and reduce 
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completeness of the sensor data. While Puttkammer et al. (2016) indicated that the 

frequency of power interruptions could lead to interruptions of recording tasks in care 

delivery. Hence, complete patient’s information cannot be well documented.  

2.1.4 Discussion 
 

Figure 3 presents a lifecycle of data completeness management in healthcare that this 

work has derived from the literature as inspirited by prior study (Batini et al. 2009).  

 
Phase 1: Definition 
        Input: Data completeness requirements from data users 
        Data analysis: Definition of data completeness at three levels: (i) high level description of every                                    

instance of data in a dataset that represents an entity in the real world: (ii) low level description of a 
state where there is a non-null value in every field of a dataset; and (iii) predictive level description 
of availability of sufficient information to predict an outcome. 

          Output: Design of information product with specific completeness requirements 
Phase 2: Measurement 
          Input: Information products 
          Evaluation: Assessment of data completeness within appropriate models 
          Output: Data completeness related issues 
Phase 3: Analysis 
          Input: Data completeness related issues 
          Identification of determinants: Exploration of difficulties in addressing data completeness  
          Output: Strategies for improvement of data completeness  
Phase 4: Improvement 
          Input: Data completeness matrix of information products 
          Design and development: Selection of strategies and techniques 
          Output: Data completeness intervention techniques                                 

Figure 3. Lifecycle of data completeness management in healthcare in this review 
 
Our findings are in the agreement with Wang (1998)’s TDQM methodology. Based on 
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the existing healthcare studies about data completeness, this review has summarised the 

definitions and measures of data completeness concerning the fit to improving the 

quality of care and clinical decisions. Then, determinants influencing practitioners in 

achieving complete data could be identified after the analysis of relevant issues derived 

from the data completeness assessment. In this way, we could determine the core areas 

for improvement via a variety of data completeness interventions (e.g. implementation 

of reminder systems and ontology technology). This also facilitates the design and 

development of techniques (or tools) for improving data completeness in healthcare 

records in order to improve the quality of clinical decision and quality of care.  

In this literature review, we investigated the forms that healthcare records take in the 

included studies in order to address data completeness. Additionally, we described 

several examples that explicitly defined and measured data completeness in this review. 

Furthermore, we summarised three study themes on data completeness in healthcare: 

design and development, evaluation, and determinants. In this section, we answer each 

of RQs and outline areas that require further exploration below.  

2.1.4.1 Healthcare records 

RQ1: What are the forms of healthcare records investigated in the literature to address 

data completeness?  

Findings: There are two main forms: paper-based records and electronic records. 

In this review, most studies concentrated on electronic form of healthcare records, and a 

few studies investigated paper-based records or hybrid records. Due to incentives of the 

HITECH ACT, many healthcare organisations have decided to make the move from 

paper-based records to electronic records. The implementation of EHR systems is an 

expected result, not overnight, but also not open-ended time-wise. Therefore, the 

meaningful use of EHR and supporting technology is at a steady rate (Jamoom et al. 

2012). During the process of transition from paper-based records to EHR, the complexities 

of this migration raise top concerns about the quality of care and patient safety (Dolezel 
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& Moczygemba 2015). For instance, a hybrid record emerges when the paper-based 

diagnostic results (e.g., lab reports) are scanned into EHR. Furthermore, hard copies of 

healthcare information (e.g., discharge summary) are remained as well. This is challenging 

the migration of the legacy data selected from paper-based records to EHR such as what 

data is needed to transit and how ensure complete and accurate transition (Dolezel & 

Moczygemba 2015). In other words, practitioners could meet difficulties of achieving 

completeness in data transition from paper-based records to EHR for patient safety.  

It is evidential that some small hospitals are falling behind in the implementation of 

EHR systems due to unconvinced return on investment in the short term but large 

investment in technology (Thakkar & Davis 2006). Furthermore, the EHR technology 

changes the existing systems and processes in clinical practice, which introduces 

barriers to its adoption (Moreno 2005). Accordingly, healthcare organisations still need 

to manage the increasing amount of data generated from paper-based records and 

electronic records at the same time. Preserving data completeness in the combination 

of paper-based records and electronic records is expected to address the availability of 

necessary data for assessing quality of patient care. The focus of the existing studies is 

on data completeness in EHR, while an investigation of data completeness in the data 

transition from paper-based records to EHR could share valuable experience for data 

migration and facilitate the EHR implementation in healthcare organisations. Furthermore, 

the integrated use of paper-based records and electronic records is still needed to 

address data completeness for current routine patient care in order to ensure patient 

safety.  

2.1.4.2 Definition and measure of completeness 

RQ2: How has data completeness in healthcare records been defined and measured in 

the literature? 

Findings: (i) The reviewed studies presented many different ways to define data 

completeness in electronic records, each focusing on specific context or purposes. (ii) 

The most frequently mentioned method adopted to measure data completeness is a ratio 
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scale. 

The definition of data completeness could determine the number of complete records 

for investigation (Weiskopf et al. 2013). For documentation completeness of healthcare 

records, required attributes per record must be present. Concerning breadth or depth, 

the definitions of completeness become more complicated. For instance, to identify a 

patient with T2DM, we could define data completeness as at least one patient record 

matching the criteria in a specific attribute such as in reason for visit, medication, and 

pathology (Rahimi et al. 2014). In this case, as long as a patient’s record met one 

characteristic among these attributes, we could determine this patient suffering from 

T2DM. From the predictive perspective to define data completeness, we could predict 

an outcome with sufficient information (Weiskopf et al. 2013). The definitions of data 

completeness in the included studies differ from one to another, while it is defined for 

purposes. From a high-level viewpoint, data completeness implies that every instance 

of data in a dataset represents an entity in the real world. A more fine-grained definition 

of data completeness refers to a state where there is a non-null value in every field of a 

dataset. The aforementioned two viewpoints addressing data completeness focus on the 

existing evidence, while predictive completeness is based on the existing information 

for trend analysis, estimating a consequence in the future and extending the concept of 

data completeness. Thus, information products based upon predictive definition of data 

completeness could address disease prevention and prediction.  

In this review, the methods adopted to measure data completeness in the literature 

emphasise percentage calculation. In other words, data completeness is generally quantified 

by a ratio. For predictive completeness, we require more complex mathematical models to 

measure data completeness such as regulation models. The preferences for measures of 

completeness were on the ground of missing data by counting nulls or empties in a 

dataset. However, not all nulls in a dataset mean that they are missing, since some null 

values could be implied by the relationships among the attributes such as functional 

dependencies in a relational dataset (Liu, Li & Zou 2016). If we ignore the relations 

among the attributes in a dataset, the result of measuring data completeness may be 
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biased. Further, a non-null value does not mean that the data is correct and up-to-date. 

Since data completeness implies that the data describes all the facts in the real world, 

the complete data should be accurate and up-to-date as well. That is to say, there is an 

overlap among completeness and other dimensions of data quality, such as accuracy 

and timeliness. Thus, the measures of data completeness should go beyond only counting 

the overall number of nulls or empties. 

2.1.4.3 Study themes of completeness 

RQ3: What are the themes of data completeness studied in healthcare records?  

Findings: There are three main study themes related to data completeness: (i) design 

and development, (ii) evaluation, and (iii) determinants. 

(i)Design and development. In this review, we identified four studies that addressed 

design and development of methods to improve data completeness such as a reminder 

system for improving clinical documentation completeness, a quality-assured construction 

of care data repositories, and evolutionary tools for extracting high-quality data. Recently, 

more and more intelligent agents are employed to support decision-making for clinical 

practitioners. The evolutionary algorithm resting on data quality has been integrated 

into intelligent agents in data extraction, enabling the aggregation of high-quality data 

(Wu, Khoury, & Shah 2012). Preview research examined ontology-based algorithms in 

the tasks of identifying T2DM patients which can address semantical interoperability 

across clinical systems and repositories and at the same time achieve reliable data from 

integrated healthcare records for the clinical decision about a T2DM patient (Rahimi et 

al. 2014).  

An ontology provides a means for its users to consistently and accurately utilise uniform 

terminology about the same entities in some domain. Ontologies now underpin almost 

all aspects of healthcare such as clinical research and patient care, within numerous uses 

for data management, including data entry (Sahoo, Lhatoo, et al. 2014), integration (Wu et 

al. 2015), access (Sahoo, Jayapandian, et al. 2014), collection (Choquet et al. 2015; 

Klann et al. 2015), and reasoning (El-Sappagh, Elmogy & Riad 2015). For example, a 
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healthcare system could take advantages of an ontology to notify users with inconsistent 

terminology during the entry of patient data. In this manner, data quality in healthcare 

records could be improved through integrating identified data, decreasing incorrect data 

or adding missing data (Vandenbussche et al. 2013).  

Essentially, clinical practitioners need to manually extract data from narrative fields in 

EHR for specific purposes. At this time if staff members lack sufficient domain 

knowledge or specialist experience, they could not parse and locate the data. Moreover, 

manual data extraction could not guarantee the consistency in the dataset context. As a 

result, the data extracted from the unstructured text could be incomplete. However, 

ontology-based approaches could support automated processes to deal with data 

completeness in data extraction. This is the potential of ontologies for quantifying care 

coordination from the narrative notes (Popejoy et al. 2014).  

Nowadays, the health services are moving to personalised care from organisation-

centered care (Kim et al. 2015). The personal health paradigm shared between health 

professionals and the patient requires a bridge to deal with a broad range of domain 

terminologies and concepts. Furthermore, as mentioned in the Introduction section, 

“meaningful use” regulations are highlighted in using health information technology. 

One of the “meaningful use” regulations is imposing healthcare organisations and 

systems on using standardised vocabularies and ontologies (Blumenthal & Tavenner 

2010). As a key element of healthcare, ontologies enable the development of automated 

methods to manage data and measure data completeness in the EHR in order to improve 

the quality of health services and patient safety in the personalised care.  

(ii)Evaluation. For data quality evaluation, the included studies applied various 

methods to assess data completeness in healthcare. Furthermore, we identified five 

common issues encountered in assessing data completeness in this review.  

First, a small size of data collection could limit the generalisation of analysis results. 

Second, the data collected in a short period of time could lead to incomplete data, 

because some data is recorded outside the time frame established for the study. Third, 
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data collection could meet bias if the data is collected only based on the viewpoint of 

data collectors themselves, because the extracted data may not meet the requirements 

of data completeness in practice. Fourth, a few studies took the external factors into 

account that could bias the analysis results of data completeness measurement. For 

example, if there is a data quality intervention (example of power interruptions) during 

the time period of study, the quality of the data is significantly affected. Last, when 

assessing data completeness for a specific dataset, few studies applied a gold standard 

to validate the result of completeness measurement for the given dataset. As a result, it 

was difficult for data consumers to determine whether the result of measurement was 

accurate. Table 7 summarises some implied methods proposed to address those issues 

in this review.  

Table 7. Data completeness assessment: Issues and methods in this review 
Issues in assessing data completeness Methods proposed to address the issues 

 
Qualitative methods 
(Delphi processes) 

Control 
group 

Gold 
standard 

Examination of 
data accuracy 

A small size of data collection x    

A short period of time in data collection     

Bias in data collection x    

Without consideration of external factors  x   

Lack of validation about the measurement 
results 

  x x 

 

Qualitative methods can help achieve an agreement on data quality priorities for 

solution, such as Delphi processes (Puttkammer et al. 2016). Because the feedback from 

data users represent the requirements on completeness, the data collected depending on 

such criteria could reduce the bias in data collection and ascertain the scope of data 

collection. The study should be under a control group for exclusion of external factors 

impacting on data quality (Taggart, Liaw & Yu 2015). The reliability of the result of 

measuring data completeness could be addressed in two ways: (i) a dataset derived from 

another source or multiple sources (a gold standard) is used to compare with the given 

dataset; and (ii) an examination of the accuracy for the dataset needs to address when 

assessing data completeness (Weiskopf et al. 2013). As indicated in Table 7, few studies 

presented how to solve the problem of data collection in a short period of time in data 
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quality assessment. Poor assessment practices could affect reliability and validity of the 

evaluation results. Since practitioners would encounter different problems in assessing 

data completeness both in research and practice, we require a comprehensive and 

systematic review to summarise the issues in assessing data completeness and methods 

used to address those issues. 

(iii)Determinants. The Determinants in Section 2.1.3.3 highlights the factors that 

influence data completeness in healthcare. In addition to the difficulties in addressing data 

completeness identified in the reviewed studies, there were some methods used in the 

literature to address those difficulties, as presented in Table 8.  

Table 8. Determinants of data completeness in healthcare: Difficulties and 
methods in this review  
Category Difficulties Methods 

  Ontology-
based 
algorithms  

Structured 
data quality 
reports 

Clinical processes 
embedded in 
eHealth workflow 

Reminder 
systems 

Human  User acceptance of eHealth (Landis-
Lewis et al. 2015) 

 x x  

Time constraints on recording tasks 
(Taggart, Liaw & Yu 2015) 

  x x 

Balance between recording tasks and 
clinic work (Taggart, Liaw & Yu 2015) 

  x x 

Compliance to organisational data 
protocols (Adeleke et al. 2012; Liaw 
et al. 2013; Taggart, Liaw & Yu 2015) 

 x   

Capability of manual data extraction 
(Liaw et al. 2013; Rahimi et al. 2014) 

x    

Technical  Poor design of user interface (Cohen, 
Coleman & Kangethe 2016; van 
Engen-Verheul et al. 2016) 

    

Poor coding rules (Hirdes et al. 2013; 
Liaw et al. 2013) 

    

Corruption of database architecture 
(Liaw et al. 2013) 

    

Environmental Power interruptions (Puttkammer et 
al. 2016) 

    

Local circumstances (van der Togt, 
Bakker, & Jaspers 2011) 

    

 

The data quality interventions and activities adopted in the reviewed studies to preserve 

data completeness in healthcare include: (i) ontology-based algorithms for data extraction, 
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(ii) structured data quality reports, (iii) clinical processes embedded in eHealth workflow, 

(iv) reminder systems for notification of incomplete documentation.  

(i) Ontology-based algorithms could deal with semantic integrity of clinical concepts 

and data quality in data extraction that reduce manual errors due to biased or insufficient 

domain knowledge related to healthcare (Liaw et al. 2013; Rahimi et al. 2014).  

(ii) A formal feedback of data quality assessment could engage healthcare practitioners 

in standardised use of eHealth and thereby improve data completeness (Taggart, Liaw 

& Yu 2015).  

(iii) The clinical documentation processes embedded in eHealth could reduce manual 

transcription steps in patient care and make records well documented (Bruland et al., 

2014). The workflow of eHealth accommodating with clinical processes could help to 

address difficulties in achieving balance between recording tasks and clinical work 

under the pressure of time (Taggart, Liaw & Yu 2015).  

(iv) A computer-based reminder system automatically identifies incomplete records and 

notifies the responsible person with an email after a certain grace period. This could 

assist in recording tasks to address documentation completeness, especially in busy 

operations (Herzberg et al. 2011).  

Table 8 also appears that most difficulties in addressing data completeness in healthcare 

records have moved from technical perspective to human perspective. The technical 

factors impact implementation and adoption of eHealth in physicians’ practices, and at 

the same time users’ acceptance of eHealth affects the application of technologies in 

their routine clinical work. Due to a lack of awareness and knowledge base of data 

completeness, more and more missing items are aggregated during the course of care 

and then disturb data completeness of care data repositories in the long run. It is difficult 

to recover these errors without any comparable data sources. As a result, medical errors 

could occur. In late 1999, the Institute of Medicine released a landmark report, To Err 

Is Human (Donaldson, Corrigan & Kohn 2000), and stated that preventable medical 
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errors are a leading cause of death in hospitals. In this review, we found that individual 

knowledge and attitude could trigger human errors when dealing with data completeness. 

In fact, human error has been studied in many human cognitive domains for more than 

100 years. This is the potential of use of cognitive theory to explain why errors occur 

in addressing data completeness. In this light, we could generate possible mechanisms 

to preserve data completeness or systematically reduce incomplete data. 

The methods adopted to deal with difficulties in addressing data completeness from the 

human perspective has been outlined in Table 8. However, the included papers might 

not reveal the methods that have been used to address poor design of user interface, 

inconsistent coding rules, corruption of the database architecture, power interruptions, 

and local circumstances with empirical evidence. It should go without saying that data 

completeness is a topic of prolonged interest for academics and practitioners, since 

incomplete data could introduce bias into the dataset that results in invalid conclusions 

and poor decision-making. Even if we cannot know the purpose of a dataset for a users’ 

task in advance, we could make our every effort to preserve completeness at early stages.  

Our study only covers the existing literature addressing data completeness in healthcare 

in the last five years. There is a lack of systemic review of challenges in addressing data 

completeness in healthcare and solutions used to overcome those challenges. Moreover, 

in this literature review, most studies were interested in the determinants of poor data 

completeness, while few studies discussed how data completeness impacts on clinical 

decision-making, disease management, health services settings, cost-efficiency, and 

quality of care. The main purpose of investigation on data quality for a dataset is to 

determine whether the data at hand can be used for a valid analysis in order to make a 

right decision and an effective planning.  

2.1.4.4 Limitations 

Any literature review conducted present some limitations, this one is not an exception. 

Firstly, the initial search sources we employed were limited. We only selected 24 papers 

from 12 journals and focused on the publications between 2011 and 2016, which limited 
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the number of papers collected. Secondly, the articles screened were based on our 

inclusion and exclusion criteria so that the results of articles selected together with data 

analysis were subjective. Hence, a systematic literature review of data completeness in 

healthcare is encouraged, which provides a methodical process of collecting and collating 

the published empirical studies with systematic criteria for section and quality assessment 

to reduce bias and provide transparency to the process. Finally, thematic analysis is 

conducted to identify emerging themes are subject to bias, even though the themes and 

categories selected were reviewed and discussed by all authors.  

2.1.5 Conclusion 
 

This literature review provides an improved understanding of data completeness in 

current state of the art for healthcare records. We have analysed and synthesised 24 

studies to address three research questions, different aspects of data completeness in 

healthcare were summarised, with a description about health records, definition and 

measure, and study themes. Firstly, what forms of healthcare records could be investigated 

to address data completeness? The data can be derived from paper-based records or 

electronic records. Secondly, how data completeness is defined and measured? It is 

necessary to give appropriate definitions to measure data completeness on the context 

of use. Lastly, what the themes related to data completeness could be studied? There 

are three main themes concerning data completeness: (i) design and development, (ii) 

evaluation, and (iii) determinants. Furthermore, we have suggested future research 

directions in terms of data completeness in healthcare and indicated potential solutions 

to address related issues. 

Note that a previous version of Section 2.1 appeared in the Pacific Asia Journal of the 

Association for Information Systems (J-1). Some wordings in this section are revised 

and added for the coherence of the whole thesis, in order to improve the transition and 

flow between the sections. The original version of the publication is available via the 

following link: https://journal.ecrc.nsysu.edu.tw/index.php/pajais/article/view/418/196. 

According to the findings of this review, we found that the healthcare literature on data 

https://journal.ecrc.nsysu.edu.tw/index.php/pajais/article/view/418/196
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completeness has made efforts on identifying factors influencing data completeness in 

electronic records (e.g. EMR) that uncover the problem areas for clinical practitioners. 

However, revealing the relationships between these factors could help explain the 

underlying mechanisms to address data completeness. This literature review therefore 

discloses a significant gap in the current literature on data completeness in healthcare: 

none of the reviewed studies have empirically investigated the relationships between 

the factors influencing data completeness. To better study and understand the challenges 

in addressing data completeness in electronic records encountered by practitioners, we 

further conducted a systematic literature review (SLR) to investigate this phenomenon, 

as detailed in Section 2.2. 

2.2 Systematical review of literature related to all aspects of the thesis 
 

This section presents a systematic review of the literature focusing on data completeness 

in electronic records, to advance the understanding of the factors that influence data 

completeness in electronic records. The rest of this section is organised as follows. We 

first give an introduction of data completeness in electronic records, and then present a 

summary of related studies. Thereafter we summarise our research method for conducting 

the systematic review. After that we reveal and discuss the factors influencing data 

completeness in electronic records. Last, we conclude this section with limitations of 

this study and our future work. 

2.2.1 Introduction 
 
Advance of the information and digital technology leads to data explosion that has the 

potential to drive values in business of all sizes (Bradshaw 2013; Ferris 2018). However, 

enterprises face one of the leading challenges with this large amount of data: data 

quality problems (Cai & Zhu 2015; Carmody 2016). As one dimension of data quality, 

data completeness refers to the extent to which all required data is available for a given 

task (Batini et al. 2009; Kwon, Lee & Shin 2014; Pipino, Lee & Wang 2002; Wang & 

Strong 1996). Data completeness has received extensive attention from both academic 
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and practice, because complete data is a key asset for achieving long-term competitive 

advantages for organisations (Kwon, Lee & Shin 2014). Furthermore, digital transformation 

boosts the process of moving to fully electronic records in most industries (Ferris 2018), 

and thus, addressing data completeness in electronic records is perceived to be put on a 

high priority in organisations.  

The studies addressing the concepts of data quality, the characteristics of data and the 

processes to ensure data quality began in the 1990s, however, International Organisation 

for Standardisation (IOS) published the first part of ISO 8000 data quality standards in 

2008 (Benson 2009). Thereafter, ISO 8000-140 focusing on completeness was released 

in 2016 (ISO 2016). This part of ISO 8000 specifies the requirements for capture and 

exchange of complete information in the form of statements and assertions of data 

completeness (ISO 2016), however, the identification of the factors influencing data 

completeness is outside its scope. To date research that identifies and conceptualises 

the factors influencing data completeness has not been conducted. The identification of 

these factors could disclose which areas contribute to addressing data completeness and 

allow practitioners to become more aware of these areas. 

Electronic records may be visually complete but intellectually insufficient (Barr 2010), 

but data sufficiency is not the focus of this study. Our focus is on identifying the common 

challenges in addressing data completeness in electronic records that can be viewed as 

factors influencing data completeness. Hence, the following research question guides 

our study: 

RQ4: What are the factors that influence data completeness in electronic records? 

To address the RQ4, we selected Wolfswinkel, Furtmueller and Wilderom (2013) as the 

guidelines for conducting our SLR of the empirical studies that have addressed data 

completeness in electronic records during 2000-2017 for two reasons. First, prior 

studies investigated the factors influencing data quality from the perspective of data 

quality management as accepted in the information systems domain. Because data 

completeness is a dimension of data quality, we can also look at the factors influencing 
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data completeness in electronic records in a similar way. Wolfswinkel, Furtmueller and 

Wilderom’s guidelines (2013) are widely used in the information systems field for 

conducting an SLR. Second, an SLR follows a rigorous procedure for search and 

selection of the sample studies in the review. It is a methodical process of collecting 

and collating the published empirical studies with systematic criteria for selection and 

quality assessment to reduce bias and provide transparency to the process. The SLR 

method is well suited to providing a summative overview of existing empirical research 

undertaken within the field. Wolfswinkel, Furtmueller and Wilderom (2013) give us 

such guidelines to select relevant empirical studies and identify the factors influencing 

data completeness in electronic records from the literature for the purpose. 

To our knowledge, there have been no systematic reviews of the literature concerning 

data completeness in electronic records and this study therefore fills that gap. We are 

interested in the issues of data completeness independent and irrespective of what kind 

of data it is, and therefore, the findings of our study could cover extensive challenges 

in addressing completeness in many forms of data (e.g. healthcare data). Furthermore, 

the categorisation of the findings from the selected articles draws on the theory of data 

quality management developed by Xiao, Xie and Wan (2009) and Xu (2013) for 

understanding factors influencing data completeness in electronic records. Essentially, 

according to Xiao, Xie and Wan (2009), the factors influencing data quality can be 

divided into three groups: human, management and technology. Meanwhile, many 

researchers revealed that external factors have an impact on data quality (Nord, Nord 

& Xu 2005; Xu 2013). Hence a holistic list of factors contributing to data quality 

includes four main groups: human, managerial, technical, and external factors. Thus, 

this theoretical perspective of the classification is specifically selected to summarise the 

factors influencing data completeness, and its relatively general classification allowing 

a broad range of findings to be included. This theoretical perspective structures and 

focusses the analysis of the findings from the selected articles on data completeness in 

electronic records. 

From the extracted data of the included empirical studies in our SLR, using thematic 
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analysis we summarised the factors influencing data completeness into four categories: 

individual, managerial, technical, and external factors, from the theoretical perspective 

of factors influencing data quality. This work therefore makes two contributions. First, 

we conducted a systematic review of empirical studies focusing on data completeness 

in electronic records that identifies the factors that influence data completeness in 

electronic records, which is not available in the existing literature. Second, this study 

presents a novel synthesis leading to a categorisation of the factors influencing data 

completeness in electronic records faced by practitioners: human, managerial, technical, 

and external perspectives, which allows practitioners to pay attention to these factors.  

2.2.2 Theoretical background  
 

2.2.2.1 Data completeness as one dimension of data quality 

The concepts of data quality were first proposed in the studies on accounting and 

statistics (Xiao, Xie & Wan 2009). In information systems tradition, definitions of data 

quality are divided into dimensions such as completeness, accuracy and consistency 

(Wang & Strong 1996). In this study, we are interested in one dimension of data quality 

(i.e. completeness).  

Data completeness, as one dimension of data quality, is defined as the extent to which 

all required data is available for a given task (Batini et al. 2009; Kwon, Lee & Shin 

2014; Pipino, Lee & Wang 2002; Wang & Strong 1996). In this study, we discuss data 

completeness in general and we focus on identification of the factors that influence data 

completeness in electronic records, providing an initial explanation of this phenomenon. 

The present work thus could raise the awareness of importance on achieving complete 

data in organisations and allow practitioners to begin to address data completeness in 

electronic records. 

2.2.2.2 Related studies on factors influencing data quality 

In the recent years contributions have been made to establish an empirical body of 

knowledge on the factors influencing data quality. Some studies proposed that factors 
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affecting data quality consist of internal and external factors. These internal factors 

classified (e.g. completeness and accuracy), in essence, are dimensions in data quality 

for assessment (Wang & Strong 1996). These internal factors have not explained the 

root causes that improve or reduce data quality. A few studies investigated the factors 

influencing data quality from the perspective of data quality management and examined 

these factors within enterprises. For example, Xu, Koronius and Brown (2003) drew on 

the theory of critical success factors for Total Quality Management and Just-In-Time to 

develop a model of factors affecting data quality in accounting information systems. 

This work establishes a seminal model of factors influencing data quality, because then 

other studies (Nord, Nord & Xu 2005; Xu 2009; Xu & Lu 2003) further improved the 

understanding of the factors affecting data quality based on Xu, Koronius and Brown’s 

model (2003). Similarly, researchers (e.g. Kokemueller (2011), Tee et al. (2007), and Xiao, 

Xie and Wan (2009)) extracted the factors influencing data quality from the literature of 

data warehousing success and empirically examined these factors within enterprises. 

Prior studies about factors influencing data quality management and improvement have 

only partially studied completeness dimension. While an investigation of the factors that 

influence data completeness is not available in the existing literature. Our study thus 

intends to fill this gap based on empirical studies on data completeness in electronic 

records and improve our understanding of these factors. 

2.2.3 Research method  
 
We applied the guidelines of systematic review (Wolfswinkel, Furtmueller & Wilderom 

2013) to search and identify the literature that focuses on data completeness in electronic 

records. Our systematic review entails several discrete activities: (i) identifying search 

keywords and databases, (ii) searching initial list of studies, (iii) appraising relevant 

studies, and finally (iv) extracting, synthesising and analysing data. These activities are 

described in more details below. 

(i) Based on our research topic, the major term is “data completeness”. We applied the 

synonyms of “data” by using “information” and alternative terms of “completeness” by 
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using “availability”, “coverage”, “presence”, “missingness”, “omission” and “commission” 

as our search keywords. Therefore, our search began with those keywords by using the 

Boolean operator as the following search string: (‘data’ OR ‘information’) AND 

(‘completeness’ OR ‘availability’ OR ‘coverage’ OR ‘presence’ OR ‘missingness’ OR 

‘omission’ OR ‘commission’). Furthermore, 8 online databases were selected for this 

SLR. They are: ACM Digital Library, EBSCOhost, ProQuest, ScienceDirect, Scopus, 

Springer, IEEE Xplore and Google Scholar. 

(ii) We carried out automated search. With the search strings, we screened the 

publications since 2000 in multiple online databases by title, abstract, and keywords to 

centralise our search. We customised our search with search strings in different online 

databases and identified the initial list of papers as shown in Table 9. We then filtered 

relevant papers by title, abstract and full-text review based on inclusion and exclusion 

characteristics. 

Table 9. Distribution of papers in each database in the SLR 
No Database Search field Initial list of 

papers 
Displayed 
papers 

Filtered by 
title 

Filtered by 
abstract 

Filtered by 
full-text 

1 ACM Digital 
Library 

Title, abstract and 
keywords 

41 41 9 6 0 

2 EBSCOhost Title, abstract and 
subject terms 

60 60 18 5 1 

3 ProQuest Title, abstract and 
keywords 

75 75 7 4 2 

4 Science Direct Title, abstract and 
keywords 

69 69 22 11 8 

5 Springer Link All fields 1,391,392 1,000 191 13 7 

6 Scopus Title, abstract and 
keywords 

798 798 120 23 8 

7 IEEE Xplore Abstract and 
index terms 

51 51 14 1 0 

8 Google Scholar Title 11022 1,000 178 28 26 

Total number of papers 1403508 3094 559 91 54 

 
(iii) The main objective of this step is to filter the relevant papers for further study. Thus, 

these inclusion criteria were applied: (a) papers published were in English; (b) papers 

were selected on the publication date from January 2000 to September 2017; and (c) 

papers were empirical studies focusing on data completeness in electronic records. The 
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articles were removed upon one of the following exclusion criteria: (a) were editorials, 

letters, PowerPoint presentation, extended abstracts, book chapters and theses; (b) were 

not peer-reviewed; and (c) were not available online. In addition, duplicate papers were 

once again eliminated. Finally, 54 papers were left for extraction, synthesis and analysis 

reported below. Appendix B gives the list of included 54 papers in the review labelled 

by letter S followed by a number.  

(iv) Figure 4 depicts the data extraction, synthesis and analysis process in this review. 

By studying the content of the literature addressing data completeness, we reviewed 

each paper thoroughly keeping our research question in focus and recorded explicit 

response from publications for this research question. Accordingly, the data synthesised 

and analysed was classified into factors that influence data completeness in electronic 

records. 

 

Figure 4. Data extraction, synthesis and analysis process in the SLR 

2.2.4 Results and discussion  

We identified 54 relevant papers, from which 38 were about healthcare data. Although 

we only adopted “data completeness” and its synonyms as keywords, the existing 

N = 54 
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empirical studies focusing on data completeness in electronic records emerged in the 

search seem to be largely in the healthcare domain. Not surprisingly, the concepts of 

data quality (including completeness) were first proposed in the studies on accounting 

and statistics (Xiao, Xie & Wan 2009), while the quality of data has been taken more 

seriously in relation to the field of healthcare. As the adoption of electronic records has 

aggregated more and more data for clinical use, managing daily collected healthcare 

data has been put in a high priority (Liu et al. 2018; Liaw et al. 2013). As mentioned, 

our SLR is about data completeness in general, and therefore, we identified and 

generalised the factors influencing data completeness in electronic records that are not 

necessarily about a specific kind of data (e.g. healthcare data).  

The factors influencing data completeness in electronic records identified and conceptualised 

from the reviewed papers are shown in Table 10. This table is developed by three rounds 

of thematic analysis, which includes (i) having a flat list of factors (i.e. challenges) in 

addressing data completeness based on empirical findings and experiences from the 

included papers; (ii) separating the list into several relevant groups; and (iii) giving each 

group an appropriate name according to their similarities.  

 

Table 10. Categories of the factors that influence data completeness in electronic 
records in the SLR 
Category Factors that influence data completeness 
Human factors F1: Knowledge [S5, S20, S22, S24, S27, S31, S43, S45] 

F2: Experience [S5, S27] 
F3: Training [S3, S27, S47] 
F4: Consciousness [S4, S24, S27, S47, S48] 

Managerial factors F5: Mode of record keeping [S5, S6, S9, S11, S16, S33, S34, S35, S38] 
F6: Workload allocation [S3, S33, S52] 
F7: Man-hour limitation [S6, S27, S37, S47, S52] 
F8: Human resources management [S37, S47] 

Technical factors F9: Data collection methods [S11, S16, S18, S20, S47, S52] 
F10: Data fields design [S16, S18, S19, S24, S27, S39, S52] 
F11: User interface design [S4, S10, S11, S16, S20, S27, S36, S41, S43, S44, S52] 
F12: Data conversion [S24] 
F13: System configuration [S1] 

External factors F14: Climate environment [S8]  
F15: Legal environment [S17] 
F16: Ethical environment [S16, S17, S19, S24, S27]  
F17: Cooperative environment [S7, S17, S25, S26, S30, S32, S33, S40, S51, S53] 
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These factors were divided into four categories: human, managerial, technical and external 

factors, as depicted below.  

2.2.4.1 Human factors 

Knowledge. Individual knowledge about data collection and its usage could have an 

impact on achieving complete data in practices. For example, practitioners selectively 

capture the information with a bias [S22, S31, S43, S45] or lack sufficient knowledge 

about data entry policy [S5, S20, S24, S27], resulting in incomplete data transcribed 

into information systems.  

Experience. In data recording tasks, staff members sometimes require specialist’s 

experience to parse and locate the data [S5]. If personnel misunderstand the data context 

or fail to parse the data, this would introduce the biased data or incomplete data into the 

dataset. Warsi, White and McCulloch [S27] indicated that the omission rate of data 

fields requiring input by skilled personnel was higher than those requiring data entry 

by none.  

Training. It was reported that general staff with an inappropriate level of training could 

incur data quality problems in data entry [S3, S27, S47]. Because general staff lacks 

specialist knowledge, it is difficult for him or her to understand the data content and 

precisely record the data towards a data field assigned. A training based around 

terminology could improve staff’s capacity of achieving complete data using the system. 

Consciousness. If a staff member lacks the awareness about the importance of data 

recording or reporting tasks, data delays or data omission errors might occur due to 

human carelessness [S4, S24, S27, S47, S48]. Furthermore, the availability of dedicated 

time for dealing with data puts practitioners under pressure. The time limitation would 

cause mental stress or exhaustion that could lead to human errors. As a result, more 

missing items could emerge that negatively affect data completeness for the data set 

[S4]. 
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2.2.4.2 Managerial factors 

Mode of Record Keeping. When transcribing information from paper-based records into 

information systems, personal should locate the required data at first. Typographical 

errors [S5] and handwritten inconsistency [S11] may result in legibility issues [S5, S9, 

S38]. This therefore could make practitioners misunderstand the data content and fail 

to record the required data. Further, some paper-based documents would not arrive at 

the responsible department for recording; and some of them may be partially or 

completely missing during the process of electronic scanning [S33]. As a result, the 

records are incomplete due to a lack of data sources [S6, S16, S34, S35].  

Workload Allocation. In most organisations, practitioners are playing the role both in 

their main duties and data recording tasks. Sometimes heavy workload in the main 

duties detracts personnel’s attention from data recording or reporting tasks [S3, S33, 

S52]. Consequently, some information could not be recorded in time, and the data is 

inevitably incomplete. 

Man-hour Limitation. Since the limited time could cause mental stress, personnel 

would make mistakes in the data recording or report tasks, and therefore, the records 

could have more missing values. It was evident that staff members complained about 

the availability of time for data entry [S27, S37, S47, S52] or reporting tasks [S6]. 

However, spending large amounts of time on data recording tasks might impact 

productivity in organisations [S37].  

Human Resources Management. Researchers clearly pointed out that insufficient human 

resources have an impact on the amount of data collected [S37, S47]. A lack of human 

resources to collect and record data could result in an incomplete data population. 

However, recording tasks are time-consuming, and deciding the number of staff members 

assigned to a recording task, dividing workload, and allocating man-hours are challenging 

organisations. 
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2.2.4.3 Technical Factors 

Data Collection Methods. Data can be recorded either through a machine or via manual 

input [S11]. If practitioners automatically collect data from information systems or 

through a monitor (e.g. sensors), the automatic data transfer could improve efficiency 

in data collection. However, Jang et al. [S47] found that manual entry had better data 

completeness than automatic transfer. While it was reported that data entry is likely to 

contribute to the incompleteness if users transform free text into structured data without 

tools [S16, S18, S20, S52]. 

Data Fields Design. The design of data fields challenges users to achieve complete data 

[S16, S18, S19, S24, S27, S39, S52]. For example, Mohamed et al. [S24] found that: 

there were some data fields marked as required, however, the value could be null; while 

some fields were expected to be not null, but they contained empties because those 

fields were not marked as required. Some fields might not be used anymore in the future 

and therefore, they would increasingly contain more nulls in those fields that impact 

data completeness.  

User Interface Design. It was reported that complicated design of drop-down menu 

could be a cause of incomplete records [S4]. Unambiguous design of user interface can 

be viewed as an outset to address data completeness, since user interface influences 

users’ understandings about the acquired data and users’ decision-making [S10, S36, 

S43, S44]. However, poor interface design could discourage users from inputting 

complete records such as inconsistence with documentation workflow [S11, S27, S52] 

and discrepant terminologies for data description [S16, S20, S41, S52]. 

Data Conversion. Data conversion between versions could generate nulls in incompatible 

data fields because conversions between different data structures are not guaranteed to 

be the same [S24]. Poor design of data conversion modules could lead to unnecessary 

nulls in the data fields that could decrease data completeness for a dataset.  

System Configuration. Bardaki et al. [S1] analytically modelled completeness of sensor 

data derived from product tracking systems under different configurations in supply 
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chain. Because the path of an object’s movement was captured by the sensor, results of 

the measurement of completeness were affected by different distributed capture points 

and labelling levels in the monitored area [S1]. In other words, configurations of capture 

points and labelling levels could result in different sets of complete records about the 

path of object movement. 

2.2.4.4 External Factors 

There are four main categories concerning the external environment outside organisations 

from climate, legal, ethical, and cooperative aspects, that could have an impact on data 

completeness.  

For physical climate environment, the external interference (e.g. harsh environments) 

could result in transmission errors and loss of data in sensor networks [S8]. Thus, the 

data may be missing during the process of transmission that impacts completeness of 

the dataset queried via the network. While legal [S17] and ethical consideration (e.g. 

personal confidentiality) [S16, S19, S24, S27] restricts the access of the data that could 

result in the challenges in aggregating sufficient data for the study. In terms of cooperative 

environment, due to a lack of unified coordination management of data collection, data 

is scattered in different places and not all the data is freely available for data users [S7, 

S17, S25, S26, S30, S32, S33, S40, S51, S53]. This increases the difficulty in gathering 

required data for a given task. 

2.2.5 Conclusion   
 

We have presented the first systematic review on the existing studies concerning data 

completeness in electronic records. Unlike the majority of existing literature reviews 

related to data quality, our SLR is an attempt to provide an overview focusing on one 

attribute of data quality (completeness) based on the data extracted from 54 high-quality 

research publications between 2000 and 2017. The extracted data was synthesised and 

aggregated to answer one specific research question.  

RQ4: What are the factors that influence data completeness in electronic records?  
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Findings: There are 17 factors influencing data completeness in electronic records, 

including: (1) Knowledge, (2) Experience, (3) Training, (4) Consciousness, (5) Model 

of record keeping, (6) Workload allocation, (7) Man-hour limitation, (8) Human resource 

management, (9) Data collection methods, (10) Data field design, (11) User interface 

design, (12) Data conversion, (13) System configuration, (14) Climate environment, 

(15) Legal environment, (16) Ethical environment, and (17) Cooperative environment.  

2.2.5.1 Academic implications 

This work contributes to the literature in at least two ways. First, we identified and 

conceptualised the factors that influence data completeness in electronic records that is 

not available in the existing literature. Focusing on the empirical studies on data 

completeness in electronic records, we extracted 17 factors from the literature through 

thematic analysis, and gave an initial explanation of these factors. Second, we classified 

these factors into four main groups: human, managerial, technical, and external factors. 

Our classification of the factors influencing data completeness is consistent with prior 

classification of the factors influencing data quality (Xiao, Xie & Wan 2009; Xu 2013).  

The present work offers guidance for undertaking similar studies that investigate the 

factors influencing other dimensions of data quality. We suggest that researchers can 

conduct similar studies to identify and conceptualise the factors that influence different 

dimensions of data quality in various practices in order to manage and improve the 

entire data quality. 

2.2.5.2 Practical implications 

The classification of the factors influencing data completeness in electronic records 

could improve the understanding of challenges in addressing data completeness from 

the four perspectives and help practitioners identify (i) what are the core areas that have 

an impact on achieving complete data and (ii) which areas that have not been received 

sufficient attention should give more efforts to address data completeness in the future. 

Therefore, our classification could also assist in decision making for data management 

priorities in practice. Furthermore, an appreciation of this topic can be of practical use 
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as practitioners increasingly use information systems and supporting technologies to 

improve their practices for addressing data completeness in electronic records. 

2.2.5.3 Limitations and future work 

Though we have succeeded to follow a very rigorous search strategy following the 

guidelines of Information Systems paradigm to ensure the completeness of our sample, 

there would still be some papers that may not have been included in our data collection 

that we are not aware of due to their unavailability in electronic resources. Firstly, the 

initial search sources were limited. We only selected 8 online databases and dozens of 

journals for the topic of data completeness and focused on the publications between 

2000 and 2017. Secondly, we were only interested in empirical studies investigating 

data completeness in electronic records, so we might have underestimated the current 

state of investigation of data completeness. Thirdly, the articles screened were based on 

our inclusion and exclusion criteria. The original authors of the articles may not agree 

with our interpretation. However, we applied a data extraction table to help us better 

understand the content of studies and identify the required data from the literature. 

Finally, in developing the categories the names given to the emerging themes from our 

analysis were inspired by what has already been published in relevant papers. We believe 

that these categories can be further validated by triangulation. 

Chapter 2 reviews the relevant literature and establishes the theoretical background 

underlying this thesis. To specify, the findings in the chapter give the current state of 

the art of data completeness in healthcare records and reveal the research gap that 

results in the research topic of this thesis. Furthermore, we have also conducted a 

systematic review that identifies the factors influencing data completeness in electronic 

records in order to ascertain whether there are theoretical constructs in conceptual models 

that can be utilised to understand the factors influencing data completeness within the 

specific context (i.e. EMR). The findings of the SLR uncovers that we do not have such 

a conceptual model of the topic of interest. Furthermore, the included studies mainly 

focused on the relationships between the factors and data completeness, while the 



55 

relationships between these factors were not received much attention. Our SLR thus 

contributes to identifying and conceptualising the factors influencing data completeness 

in electronic records that is not available in the literature and giving an initial explanation 

on this phenomenon based on our classification. As constructing a conceptual model 

can be an effective exercise for studying the factors influencing data completeness and 

relationships between these factors, previous conceptual models of factors influencing 

data quality can serve as a starting point to propose a conceptual model in the context 

of the factors influencing EMR data completeness. Accordingly, understanding the 

structural characteristics of prior conceptual models of factors influencing data quality 

(referring to RQ5) plays an essential role in constructing the conceptual model of factors 

influencing data completeness in EMR, as depicted in Chapter 4. Before studying these 

characteristics, in order to better understand how we constructed the conceptual model 

of the factors influencing data completeness in EMR and conducted this research, the 

next chapter presents the research design of the entire research for addressing the RQs.     
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Chapter 3 – Research Design 
 
The aim of this chapter is to present the research methodology used throughout the 

research process. Section 3.1 outlines the rationale for the combination of qualitative 

and quantitative approaches adopted in this thesis. Section 3.2 describes research design 

for the entire research. Section 3.3 presents the requirements of research ethics at the 

University of Technology Sydney and how our research has addressed them. Section 

3.4 concludes this chapter. 

3.1 Qualitative and quantitative approaches 

 

In this thesis, we adopted both qualitative and quantitative research approaches to study 

the factors influencing data completeness in EMR, in a positivist philosophical position. 

A qualitative approach can assist a researcher to gain new insights into a particular 

phenomenon, develop theoretical framework of the phenomenon and reveal problems 

associated with the phenomenon (Leedy & Ormrod 2013). Qualitative research emphasises 

inductive reasoning about people and groups’ specific situations, experiences, and meanings 

before developing theoretical framework (Frankel & Devers 2000). This research aims 

at developing a conceptual model of the factors influencing data completeness in EMR 

and establishing the relationships between these factors. Hence, the qualitative approach 

is well suited for theory development in this study, to derive the conceptual model from 

the relevant empirical studies.  

A quantitative approach can help a researcher determine the characteristics of an observed 

phenomenon or discover possible relationships among two or more phenomena (Leedy 

& Ormrod 2013). Quantitative research applies deductive logic to conceptualisation of 

a specific phenomenon within substantive prior knowledge and existing theories 

(Frankel & Devers 2000). That is to say, quantitative approach addresses the theories 

and hypotheses evaluation through observations (Morgan 2013). Thus, survey method 

was used to collect data and then help generate inferences from the collected data, in 

order to evaluate the conceptual model and test the hypotheses.  
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We have described three main sequential but overlapping research activities in Section 

1.5: literature review, conceptual model development, and empirical evaluation. In Table 

11 we revisit the three research activities and show how these activities contributed to 

achieving the research objectives and addressing the research questions.  

Table 11. Research activities to address research objectives and research questions 
Research objectives Research questions Research activities 
(i) To address the 
fundamental concepts of data 
completeness in healthcare 

RQ1: What are the forms of 
healthcare records investigated in 
the literature to address data 
completeness? 

RQ2: How has data completeness 
in healthcare records been defined 
and measured in the literature? 

RQ3: What are the study themes 
of data completeness in healthcare 
records? 

Literature review 

(ii) To identify the 
challenges in addressing data 
completeness in electronic 
records 

RQ4: What are the factors that 
influence data completeness in 
electronic records? 

Literature review 

(iii) To structure the 
characteristics of prior models 
of factors influencing data 
quality 

RQ5: What are the structural 
characteristics of conceptual 
models for factors influencing 
data quality? 

Literature review 

(iv) To ascertain the factors 
that influence data 
completeness in EMR 

RQ6: What are the factors that 
influence data completeness in 
electronic medical records? 

Literature review; Conceptual 
model development; 
Empirical evaluation 

(v) To establish the 
relationships between these 
factors 

RQ7: What are the relationships 
between the factors that influence 
data completeness in electronic 
medical records? 

Literature review; Conceptual 
model development; 
Empirical evaluation   

(vi) To compare the cultural 
differences in the relationships 
proposed for these factors 

RQ8: Is there any difference in 
the relationships between the 
factors that influence data 
completeness in electronic 
medical records between different 
cultures? 

Literature review; Conceptual 
model development; 
Empirical evaluation 

3.2 Research design 
 
A research design shows an organisation of obtaining relevant evidence required to 

answer the research question, to test a theory, to evaluate a program, or to accurately 

describe a phenomenon (De Vaus 2001). It concerns the issues of sampling, design of 
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instrument, and method of data collection to obtain required evidence.  

Figure 5 outlines the study steps of this research. In the theory preparation, the literature 

on data completeness in healthcare was reviewed to ascertain research gaps and scope 

the research problem to be addressed. The findings from the review and analysis of the 

literature on quality management, data quality management, data completeness in electronic 

records, and EMR (Chapter 2 and Chapter 4), are used to develop a conceptual model of 

factors influencing data completeness in EMR (Chapter 5). The conceptual model then 

needs to be empirically evaluated by using a survey of clinical practitioners in Australia, 

China, and USA. The rest of the chapter summarises the quantitative design for evaluating 

the conceptual model, including participants sampling, instrument development, data 

collection, and data analysis. Note that each of the chapters that are specific papers 

covering different parts of the thesis has their own research method section that gives 

more details of the subject, as shown in Figure 5. 

 
Figure 5. Research steps of this study 
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3.2.1 Participants sampling 
 
To assess the conceptual model and test the hypotheses, this study employs a survey 

method to collect responses for data analysis. We selected Australia, China, and USA 

as the research samples due to their important role in healthcare in the Asia-Pacific 

regions. Few differences occur between healthcare systems established in these three 

countries as discussed in Section 8.3.2. However, countries such as Australia and USA 

are highly individualistic, while countries such as China are collectivistic (Hofstede 

2001). Different cultural backgrounds may result in addressing data completeness in 

EMR differently. Accordingly, surveys were conducted among clinical practitioners in 

Australia, China, and USA to investigate the differences in the factors that influence 

data completeness in EMR. 

This study includes factor analysis for assessing the measurement model. Researchers 

urged that obtaining a sample size of 500 or more observations whenever possible is 

ideal in factor analysis (MacCallum et al. 1999). Due to the time limitation in a PhD 

research project, collecting 500 or more responses from each of the three countries is 

very difficult (if not impossible). According to Hair et al. (2006) and Bartlett, Kotrlik 

and Higgins (2001), assuming an alpha level of .05, and a factor would have to load at 

a level of .75 or higher to be significant in a sample size of 50. Therefore, we selected 

a sample size of 50 as the sample baseline in this study. In other words, for each of the 

selected three countries, it was determined that a minimum of 50 responses have to be 

collected in the surveys.  

Furthermore, we established a set of inclusion and exclusion criteria for the participants. 

The inclusion criteria were: (i) be adult male or female over 18 years of age (no upper 

limit); (ii) be from any ethnic background, any sexual orientation and have any religious 

beliefs; (iii) be available for the required time commitment to participate in the survey; and 

(iv) have backgrounds or experience of dealing with EMR data. The exclusion criteria 

were: (i) any questionnaires come from the same IP address; and (ii) the workplace of the 

participant has not been established EMR systems.    
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3.2.2 Instrument development 
 
By studying and comparing the structural characteristics of prior models on factors 

influencing data quality (Chapter 4), we constructed a conceptual model of factors 

influencing data completeness in EMR that extends the previous model from data 

quality management by adding a new factor and exploring the relationships between 

the factors in the context of EMR (Chapter 5). Thus, prior theoretical constructs of 

factors influencing data quality were utilised in this study to understand the factors that 

influence EMR data completeness. These factors are ‘clinic director’s support for EMR 

implementation’, ‘resources’, ‘regulatory capability for EMR-enabled care processes’, 

‘EMR alignment to care processes’, ‘clinical staff’s participation’, and ‘EMR integration’.  

The constructs in the conceptual model were thus operationalised based on their measures. 

We followed the process suggested by MacKenzie, Podsakoff, and Podsakoff (2011) to 

design and develop these measures. The measure variables for each construct were 

extracted and revised based on Xiao, Xie and Wan (2009)’s study and relevant literature 

on EMR, data quality, and data completeness (American Academy of Family 

Physicians 2017; De Feo & Juran 2017; Herzberg et al. 2011; Staff, Roberts, & March 

2016; Warsi, White & McCulloch 2002; Weiskopf et al. 2013; Wixom & Watson 2001; 

Wrightson 2010), as outlined in Chapter 5. Based on the questionnaire survey conducted 

in Australia, China, and USA, we can have data samples to assess the conceptual model 

as summarised in Section 3.2.4.3.   

The survey questions identified from prior studies (as shown in Appendix C) were revised 

through several iterations, based on the review by academics with specific expertise in 

data quality, EMR, information systems, software development and survey construction 

and the pre-test by physicians in clinics. The multiple iterations of instrument development 

assisted in the tasks of establishing the content validity for the survey. To reduce marginal 

error, some questions were reversely arranged (Wixom & Watson 2001; Xiao, Xie & 

Wan 2009). All questions in the survey for the constructs are listed in Appendix E. 
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The questionnaire begins with a cover letter that explains the purposes of the study, the 

ethical consideration of this research, and contact information of the research team and 

the Ethics Committee (in Appendix D), that includes two parts. The first part contains a 

set of questions about the demographic information of participants and their organisations. 

The second part concerns the measurement of our constructs based on a five-point 

Likert scale as follows: 1 = “Strongly disagree”, 2 = “Disagree”, 3 = “Neutral”, 4 = 

“Agree”, 5 = “Strongly agree”. The instructions about completing the questionnaire are 

also given to the participants before they answer the questions. 

Furthermore, because we wanted to invite clinical practitioners in China to answer the 

survey questions and the instrument was developed originally in English, it was necessary 

to translate the questionnaire into Chinese. Thus, we followed an adequate translation 

procedure as summarised by Xu, Turel and Yuan (2012):  

(i) PhD student whose native language is Chinese, translated the questionnaire 

from English to Chinese at first and another researcher outside the research group 

who is bilingual in English and Chinese reviewed the translation; 

(ii) we back-translated the questionnaire from Chinese into English; 

(iii) we repeated steps (i) and (ii) to improve the accuracy and consistency of the 

translation.  

3.2.3 Data collection 
 
The online questionnaire was implemented using the Survey Monkey platform (for the 

English version) and the wjx.cn platform (for the Chinese version). The English version 

of the questionnaire was available between March 23, 2018 and January 22, 2019, and 

the Chinese version was available between March 23, 2018 and June 15, 2018.  

3.2.3.1 Participants recruitment in Australia  

To collect data from Australia, the online questionnaire was distributed via the professional 

social network LinkedIn within its 5 relevant user groups. By using the keywords 
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“healthcare” and “Australia” in the LinkedIn, 10 user groups were identified from the 

initial search for connecting as they aim at sharing healthcare information among 

clinical practitioners (such as physicians and nurses) that are the subjects targeted in 

this study. By the end of 2018, only 5 user groups accepted our connecting requests and 

they are Health Care Australia, Designing for Health in Australia, HISA - Australia's 

Digital Health Community, ANSHM (Australian Network of Structural Health Monitoring), 

and e-Health @ CeBIT. We posted the online questionnaire in these five groups to invite 

clinical practitioners for participation. Anyone who connects to these user groups can 

view the posted questionnaire and participate in the study based on their willingness.  

Furthermore, the online questionnaire was also released to 2 activated healthcare forums 

(Australasia and Oceania - Student Doctor Forums3 and Health Informatics Society of 

Australia Forums4) that were identified via using the keywords “health”, “Australia”, 

and “forums” in the Google search. These two forums were selected because they also 

concern the information sharing among clinical practitioners and allow their members 

to post the topic without charge. 

Meanwhile, we invited 14 academics and clinical practitioners who have experience 

and/or expertise in addressing data quality in EMR (1) introduced by the external supervisor 

Dr. Amir Talaei-Khoei (he knows professionals on data quality in the Australian healthcare 

industry) (N = 7), (2) from the 24 publications identified in the literature survey presented 

in Section 2.1 (N = 3 but duplicated from the name list introduced by the external 

supervisor), and (3) from the staff list of the Faculty of Health at the UTS (N = 7). 

Among these invited participants, 5 are academics with the expertise in health informatics, 

2 are physicians in healthcare settings who had experience in addressing EMR data 

quality, and 7 have a senior academic position at the UTS (they not only have worked 

at healthcare settings before but also have the experience in dealing with EMR data by 

reviewing their publications). These academics and clinical practitioners were selected 

 
3 Australasia and Oceania - Student Doctor Forums is available via the following link:  
https://forums.studentdoctor.net/forums/australasia-and-oceania.88/ 
4 Health Informatics Society of Australia Forums is available via the following link: 
https://www.hisa.org.au/clinical-informatics/ 
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because they situated in Australia and had connections at healthcare settings that could 

help forward the online survey to other potential participants in Australia. We thus sent 

the invitation letter to these selected 14 subjects as a starting point and asked them 

whether they could help forward the online questionnaire to other potential participants 

or recommend some potential participants to contact with. If we had the recommended 

candidates, we then distributed the online questionnaire to them via emails and asked 

them to forward or recommend other candidates. Using this manner, we invited another 

71 potential participants to participant in the study. 

We also went to three clinics in the city centre of Sydney to manually distribute the 

questionnaire. These clinics were selected for their vicinity to UTS and the contacted 

receptionists agreed to receive the questionnaires before we went to deliver these survey 

questions. We firstly introduced the purposes of this study to the receptionists and left 

the questionnaire together with the online survey link to them. Then the receptionists 

helped hand out these questionnaires to the clinical staff. The respondents were able to 

answer the questionnaires online in order to avoid identifying their name at any phase 

of the process of data collection. Our questionnaire also asked these participants to 

forward this link to their colleagues at other healthcare settings, in such a way that we 

could have better chances to recruit more participants. These data collection approaches 

attracted a total of 76 participants in Australia to access our online survey, and 64 completed 

the survey questions (84% completion rate). 

3.2.3.2 Participants recruitment in China 

We firstly sent the link of the online questionnaire to Associate Professor Lin Liu from 

Tsinghua University, Dr Xiaohong Chen from East China Normal University, and Dr 

Bo Wei from Genowis Inc. These key contacts for survey delivery in China were 

selected because they are known to the principal supervisor and have the working/ 

research experience with Chinese healthcare settings that could help distribute the 

online questionnaire to their connections.  

Then the online questionnaire was released by the selected three contacts in their research 
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or working groups via the WeChat app platform. The group members who viewed the 

invitation letter and considered that they are the targeted subjects of this study can 

complete the questionnaire online and forward the link to other colleagues and peers to 

participate. Our research engaged a total number of 150 subjects in China in answering 

the survey questions, and 148 participants completed it (98% completion rate).  

3.2.3.3 Participants recruitment in USA 

We selected Nevada as our research site to collect samples from USA for two reasons. 

First, external supervisor Dr Amir Talaei-Khoei works at a university in Nevada who 

has a good opportunity to approach clinical practitioners for data collection (convenient 

sampling). Convenience sampling defines “a process of data collection from population 

that is close at hand and easily accessible to researcher” (Rahi, 2017) (p. 3). This data 

collection approach allows us to obtain responses in a cost-effective way, however, the 

collected samples may suffer from selection bias. Second, Nevada has a HealthInsight 

Regional Extension Center that provides education and technical assistance to physicians 

that allows them to improve the quality of care using EMR (National Center for Medical 

Records 2018). Hence, the clinical practitioners could have great potential to address 

data completeness when using EMR. We expected to gain insights of the factors that 

influence data completeness in EMR based on the viewpoints of clinical practitioners 

from northern Nevada.  

The samples from USA were collected in a medical informatics workshop (only one 

workshop) that was held at the University of Nevada Reno at the beginning of April, 

2018 to improve data practices of using EMR during care delivery, involving medical 

professionals (physician, nurse, and administration staff) from various clinical centers 

across northern Nevada. The paper-based questionnaires were advertised and available 

to be picked up at the workshop to capture the participants’ experience of using EMR in 

their workplace. A total of 96 paper-based questionnaires were distributed in the workshop 

and all the questionnaires were available to collect (100% participation rate). 
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3.2.4 Data analysis 
 
The unit of data analysis is each questionnaire collected from respondents. All the 

questionnaires were de-identified, and the data from the questionnaires was imported, 

arranged, and coded using IBM SPSS Statistics V25.0 for statistical analysis. Then the 

conceptual model was assessed using smartPLS 3.0. The subsections below describe 

the procedures for data analysis in this study. 

3.2.4.1 Data examination 

Data examination is a necessary and initial stage in any analysis, and its focus is on data 

screening and data preparation (Mahmood, Yusof & Jambak 2016). Data screening 

assists in the tasks of identifying and correcting inaccurate data (e.g. missing values, 

and random, careless, or inconsistent responding) before their use to avoid invalid 

results and findings generated from studies (Buchanan & Scofield 2018; DeSimone, 

Harms & DeSimone 2015; Huang et al. 2012). Three main activities of data examination 

as suggested by Hair et al. (2006) as well as Tabachnick and Fidell (2013) were conducted 

before further analysis: (i) evaluation of missing data, (ii) identification of outliers, and 

(iii) testing of assumptions underlying most multivariate techniques. 

First, according to prior studies (Buchanan & Scofield 2018; DeSimone, Harms & 

DeSimone 2015; Huang et al. 2012), missing data affects the generalisation of the 

results that require researchers to identify the type of missing data and assess the extent 

and patterns of missing data. In this study, a valid response for further analysis should 

achieve the criterion that each survey question has a complete and sole answer. Thus, 

missing data should be examined at first.   

Second, an outlier is an observation with an extreme value on one variable (univariate 

outlier) or a strange combination of values on two or more variables (multivariate outlier) 

that makes the observation is distinctly different from the others (Tabachnick & Fidell 

2013). Outliers on the one hand may be unknown characteristics of population that 

would not be found in the normal analysis. On the other hand, outliers may be a sign of 
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serious data quality issues that affect the results of statistical testing (Buchanan & Scofield 

2018; DeSimone, Harms & DeSimone 2015; Huang et al. 2012). After examining the 

missing data, the data should be also checked for the presence of outliers and the type 

of their influence. 

Last, in addition to screening missing data and outliers, testing the data for assumptions 

underlying multivariate techniques would demonstrate compliance of the analyses and 

results with the requirements of the underlying statistical theory. As noted in Hair et al. 

(2006) as well as Tabachnick and Fidell (2013), the testing of assumptions underlying 

multivariate techniques should be addressed from normality, linearity, and homoscedasticity. 

In this research we only examined the normality for our data samples in the stage of 

data examination, as data transformation and process were conducted in the factor analysis 

that may generate variances of the results in the testing of linearity and homoscedasticity.  

3.2.4.2 Reliability and validity testing 

Reliability refers to “the degree of consistency between multiple measurements of a 

variable” that helps determine whether the observed variables can be consistently and 

accurately created for the latent variable (Carmines & Zeller, 1979). In this research, 

internal consistency was used to measure reliability among the variables in a diagnostic 

measure (i.e. Cronbach’s α), as suggested by Tabachnick and Fidell (2013). 

Validity that is the extent to which a scale accurately represents the concept of interest, 

can be empirically measured by the correlation between the variables defined based on 

prior literature or theory (Carmines & Zeller, 1979). Two forms of validity were adopted 

in this study: convergent and discriminant validity.  

Convergent validity is defined as the extent to which two measures correlate with their 

theoretically derived construct (Strauss et al. 2016). To examine convergent validity for 

reflective constructs, three criteria suggested by Hair et al. (2006) can be used: (1) factor 

loading estimates should be at least 0.5 or higher; (2) internal consistency should be 0.7 

or higher; and (3) average variance extracted (AVE) should be 0.5 or higher. 
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Discriminant validity assesses the extent to which two conceptually concepts (constructs) 

distinguish with each other (Tabachnick & Fidell 2013). To determine an adequate 

discriminant validity between each latent variable, the square root of AVE of the latent 

variable should be greater than the correlation coefficient of other latent variables (Fornell 

& Larcker, 1981). 

3.2.4.3 Model assessment 

The conceptual model was assessed by using structural equation modeling (SEM) 

techniques. SEM is a collection of statistical techniques that help explain the relationships 

among multiple variables (Ullman & Bentler, 2003). The SEM model’s concepts such 

as latent variables (constructs) are represented by multiple observed variables, estimating 

all of the relationships among constructs in a series of equations (Ullman & Bentler, 

2003). The SEM-based procedures lie in multivariate techniques such as factor analysis, 

discriminant analysis and regression analysis, allowing researchers to flexibly play with 

theory and empirical data (Tabachnick & Fidell 2013).   

Generally, SEM techniques are divided into two groups: covariance-based approach as 

exemplified by software such as LISREL and AMOS; and partial least squares (PLS) 

approach (Chin 1998; Hair et al. 2017). Covariance-based SEM is primarily used to 

confirm or reject the theory, determining “how well a proposed theoretical model can 

estimate the covariance matrix for a sample data set”, while PLS-SEM focuses on 

explaining the variance in the dependent variables in the model to develop theory (Hair 

et al. 2017). PLS is powerful approach of analysis due to the minimal requirements of 

measurement scales and sample size (Chin 1998). In the meantime, this approach is 

appropriate for the present study because PLS is useful in the context of formative 

constructs (Hair et al. 2017). Accordingly, PLS approach is appropriate for this study 

in the context of small sample size and formative constructs. 

In this study, the conceptual model was assessed as suggested by Hair et al. (2006) and 

MacKenzie, Podsakoff and Podsakoff (2011), from two perspectives: (i) the properties 

of the scales used to measure the variables in the model (i.e. the measurement model) 
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and (ii) the strengths and directions of the relationships among the variables (i.e. the 

structural model), detailed in Chapter 6 to Chapter 8. By using the tool smartPLS 3.0, 

we assessed the measurement model with the number of iterations set as 300, and then 

determined the significance of the paths in the structural model by bootstrapping with 

5, 000 resamples, as suggested by Hair et al. (2011). 

3.2.4.4 A cross-country comparison  

This study includes an investigation on how the factors proposed in the conceptual 

model influence data completeness in EMR across different counties, using the context 

of EMR in Australia, China, and USA. To study whether there are significant differences 

in dealing with these factors between different cultures, given the path coefficients in 

the structural model based in each national dataset, we conduct a cross-culture comparison 

to examine the statistical difference in path coefficients among Australia, China, and USA, 

following the procedures taken from (Keil et al. 2000)(p. 315): 

“ Spooled = √{[(N1 – 1) / (N1 + N2 - 2)] x SE1
2 + [(N2 – 1) / (N1 + N2 - 2)] x SE2 

2 

 t     = (PC1 – PC2) / [Spooled x √(1/N1 + 1/N2)] 

     where Spooled = pooled estimator for the variance 

          t     = t-statistic with N1 + N2 – 2 degrees of freedom 

   Ni     = sample size of dataset for culture i 

   SEi    = standard error of path in structural model of culture i 

         PCi   = path coefficient in structural model of culture i ” 

3.3 Research assumptions 
 
In this research, the interpretation of the results of data analysis is influenced by the 

researcher’s background and assumptions. These assumptions are outlined below. 

(i) Participants understand the content of the survey questions. Accordingly, the 

survey questions designed should be clear and easy to understand. Furthermore, 

participants should be informed about the purposes of this study and instructions 
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for answering the survey questions is provided before they give their responses.  

(ii) Participants are truthful about personal attributes (e.g. educational background 

and working experience) and their answers to the survey questions. 

(iii) Participants are willing to share their opinions and experience in the survey. 

(iv) The measuring procedures and instrument is reliable and valid. For doing this, 

before distributing the formal questionnaires, the instruments should be reviewed 

by triangulation as detailed in Section 3.2.2. 

(v) We assume that the more complete the data in EMR the better.  

3.4 Research ethics 
 
Before distributing the survey, the research project has to be approved by the Human 

Research Ethics Committee (HREC), University of Technology Sydney (UTS). This 

study was consistent with the clearance guidelines of UTS HREC for conducting the 

survey. These guidelines ensure that the research was conducted with honesty and 

integrity, and the confidentiality and privacy of participants. The research application 

was prepared and submitted to the UTS HREC on 13 December 2017, and the approval 

was granted on 6 March 2018. The approval number of this research application is UTS 

HREC REF NO. ETH17-2047. 

In this study, participants demographic information was collected, including gender, 

age, years of experience toward dealing with EMR data, final degree, job position, 

country, type of their practice, size of their practice, and relevant information about 

establishing and/or using EMR in their workplace (i.e. whether their workplace has 

established EMR systems and how long has EMR systems established in the workplace). 

Because in online survey used for data collection it is difficult to obtain written consent, 

we offered an information sheet and consent form together with an option of consent in 

the online survey to record their agreement on the participation. Furthermore, participation 

is voluntary and therefore indicates consent. Participants were free to withdraw from 

this study at any time they wish, without consequences, and without giving a reason.  
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Before completing the questionnaire, participants were asked to read an introduction of 

the purpose of this study and then to answer the questions according to the instructions. 

The survey is anonymous, and no questions involve their personally identifiable 

information. While no harm is intended, invasion of privacy, embarrassment or distress 

may result in unforeseen ways. Participants were answering their experiences and 

opinions which could involve some level of personal disclosure. However, personal 

answers in the survey would remain anonymous.   

Participants whose opinions differ from the agreed standards might feel their expertise 

is being challenged and might feel resentment towards researchers. While the likelihood 

of risk is negligible, we have considered several strategies for minimising such risks: 

(i) participants are free to access the questionnaire and answer the questions based on 

their favorite time and place and (ii) the instructions of the survey clearly point out that 

this is not a benchmarking exercise of determining a specific criterion for addressing 

data completeness in EMR and wide different answers based on the experiences are 

expected in the survey.  

The security of data is ensured by limited access and password protected computer. 

Furthermore, the demographic information of participants and their answers to the 

survey questions were stored separately. Participants would not be identifiable from any 

type of data published.  

3.4 Conclusion  
 
This chapter presents the research methodology used in the research project. Both 

qualitative and quantitative approaches were employed to develop and evaluate the 

conceptual model. Then the research design for the quantitative study is outlined, 

including participants sampling, instrument development, and methods of data collection 

and data analysis. Last, the strategies applied to address the requirements of research 

ethics at the University of Technology Sydney are elaborated. In the next chapter, the 

theoretical support used to derive the conceptual model is presented to address RQ5.   



71 

Chapter 4 – Theoretical Support for the Development of the 

Conceptual Model 
 
This chapter presents the relevant theoretical support of enhancing data quality, serving 

as a starting point that helps derive a conceptual model of factors that influence data 

completeness in EMR. The structure of this chapter is organised as follows: Section 4.1 

offers an introduction of examining the theoretical support of enhancing data quality; 

Section 4.2 gives a brief description about data quality; Section 4.3 presents the research 

methods used to review related studies; Section 4.4 summarises the characteristics of 

prior models and discusses the findings of the review within the context of EMR; and 

Section 4.5 concludes this chapter. 

4.1 Introduction 
 

Most industries rely on their data for operation, decision making and planning. The 

availability of large volumes of relevant and useful data could help organisations 

become more productive and competitive (Shaw et al. 2001). High-quality data assists 

organisations in working efficiently; while bad data costs the economy trillions of 

dollars a year (O'Brien 2018). Undoubtedly, poor data quality can have substantial 

social and economic impacts on organisations (Wang & Strong 1996). For instance, 

poor-quality data can have negative effects on customer satisfaction, decision-making 

processes, services performance, and employee job satisfaction (Kahn, Strong, & Wang 

2002). At the same time, organisations increase operational costs on detecting and 

correcting data errors and business users may lose confidence of any initiatives based 

on such data (Haug, Zachariassen & Van Liempd 2011).  

To enhance data quality, organisations and individuals need to know what impacts data 

quality. If the factors influencing data quality and all the possible relationships between 

these factors are uncovered, data quality would be potentially preserved or systematically 

improved. Although prior studies have summarised possible factors influencing data 
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quality (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 2003), they failed 

to identify the relationships among these factors. Some researchers have constructed 

the conceptual models of managing and improving data quality with hypotheses of the 

relationships among factors affecting data quality (Al-Hiyari, AL-Mashre & Mat 2013; 

Tee et al. 2007; Xiao, Xie & Wan 2009). However, they did not compare the differences 

between related studies. Therefore, the structural characteristics of conceptual models 

for factors influencing data quality are not available in the existing literature. A taxonomy 

can provide a means to organise and structure the knowledge of a field, thus enabling 

researchers to study relationships among concepts (Glass & Vessey 1995; McKnight & 

Chervany 2001). Accordingly, a taxonomy is a promising tool to order factors influencing 

data quality in order to improve our understanding about differences in related studies 

and constructs of the conceptual model for enhancing data quality. 

In this chapter, we aim to examine the theoretical support for enhancing data quality. 

We present our attempt in organising and structuring the characteristics of prior work 

on factors influencing data quality to give insights for further study on enhancing data 

quality. To achieve this aim, we first conduct a preliminary survey on the conceptual 

models of factors affecting data quality and then review the characteristics of these 

models. The three dimensions developed in this chapter using the method of taxonomy 

development (Nickerson, Varshney & Muntermann 2013) can be utilised to compare 

related studies, providing the theoretical support for constructing the conceptual model 

to enhance data quality. Accordingly, the following research question guide this study: 

RQ5: What are the structural characteristics of conceptual models for factors influencing 

data quality? 

We conceptualise an initial taxonomy using relevant theories and use it to study and 

analyse the factors affecting data quality identified in the conceptual models through 

the review of research papers selected based on our criteria. At each step of taxonomy 

development, we test our ending conditions and revise the taxonomy accordingly. Using 

this taxonomy development method (Nickerson, Varshney & Muntermann 2013), we 
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propose three dimensions for related studies on factors influencing data quality: breadth, 

depth, and interaction within a set of characteristics under different dimensions. 

This work also illustrates our findings of the review in the context of electronic medical 

records (EMR) as an exemplar because the widespread use of EMR and data quality 

problems are more prominent in healthcare but have not been taken seriously in practice 

(Christopher 2014). As an example of data quality problems in EMR that motivated this 

illustration, we consider the case of a system developed in 2015, aimed at improving 

diabetes management for patients across thirty-six medical clinics in Australia, through 

the continuous analysis of daily-generated EMR. An analytics infrastructure was 

designed and implemented to link EMR for diabetes patients across these thirty-six 

clinics, and to automatically collect the daily-generated data from the EMR database 

on a weekly basis. The EMR were de-identified but linked through a secure-ID 

generation platform. The system also provided an application that was available on the 

physicians’ office computer, and could predict the patients at risk of developing diabetes. 

The application used statistical forecasting based on similarities of patient data with 

those who had diabetes, and was able to differentiate between types of diabetes. Despite 

its potential for improving the quality of diabetes disease management, the project failed 

to deliver its objectives. The reason for the failure was traced to the poor quality of data 

entry in the EMR in clinics that led to ineffective EMR data quality. Therefore, our 

study suggests specific concepts for enhancing EMR data quality.    

4.2 What is data quality 
 
The definition of quality, as noted in International Standards Organisation (ISO) 8402: 

1986, was described as “the totality of features and characteristics of an entity that bears 

on its ability to satisfy stated and implied needs” (ISO 1986). Similarly, the concept of 

quality was defined as “fitness for use” using the theory of Total Quality Management 

(Klobas 1995). Based on these theories, data quality is consistently defined in terms of 

its “fitness for use” (Klobas 1995). Because definitions of data quality address both 

‘fitness for use’ aspect and ‘conformance to requirements’ aspect, operational definitions 
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of data quality are context specific (De Feo & Juran 2017). Nevertheless, in the 

information systems tradition, researchers have grouped definitions of data quality into 

dimensions and proposed measures for data quality (Wang & Strong 1996). For 

example, scholars defined several dimensions of data quality such as completeness, 

currency, and consistency that address context specific nature of data quality (Ji-fan Ren 

et al. 2017; Miller 1996; Wixom & Todd 2005). 

The literature on information quality and data quality has developed in parallel, 

however, there have been attempts to draw a distinction between the two from the 

definitions of data and information. In the discipline of information systems, data can 

be defined as symbols that are stored in a database and manufactured and used by an 

information system may describe facts in the real world (English 1999; Price & Shanks 

2005). Information refers to the data that is processed and interpreted by an information 

system, giving a meaning to a human user (English 1999; Glowalla & Sunyaev 2014; 

Price & Shanks 2005). Tilly et al. (2017) clearly indicated that data is objective to present 

a phenomenon unconcerned the information system while information is subjective to put 

the data into context using the information system that users can understand. In this 

study, we are interested in the quality of the data that is stored in the database and 

processed by the information systems, and thus we focus on data quality. 

4.3 Research methods 
 

4.3.1 Selection of research papers 
 

Before conceptualising the characteristics of related studies, we conducted a preliminary 

survey on the conceptual models of factors influencing data quality. We used Google 

Scholar as a general database in order to cover a broad range of disciplines and adopted 

the following search query for our search: (factor OR impact OR influence OR affect 

OR determinant) AND “data quality” AND (taxonomy OR classification OR category 

OR typology OR model OR framework). Furthermore, we screened the papers published 

in ICIS, AMCIS, ECIS, PACIS and HICSS proceedings. We finally identified 17 related 
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studies during the period 2000-2017. We selected 10 papers out of surveyed studies for 

further study based on the following criteria: (i) the studies have a focus on an empirical 

investigation of factors influencing data quality; (ii) the factors derived from the studies 

have been conceptualised in the conceptual models; and (iii) the studies have been 

published in conference, journal or book chapter (because Google Scholar includes non-

published work as well).  

4.3.2 Conceptualisation of characteristics of related studies 
 

To build and study the characteristics of the conceptual models on factors influencing 

data quality, we apply an iterative process for taxonomy development as suggested by 

Nickerson, Varshney and Muntermann (2013). This method of taxonomy development 

from information systems discipline enables us to organise and structure the characteristics 

of related studies using an established, rigorous procedure for understanding the conceptual 

models of factors influencing data quality.   

4.3.2.1 Definitions: Dimension, characteristic, and meta-characteristic 

Taxonomy development can be done either based on a single dimension or based on a 

number of dimensions (Bailey 1994). Dimension is generally categorical data and can 

be also called as variable in the taxonomy (Nickerson, Varshney & Muntermann 2013). 

In this study, we use the term dimension to describe a category of characteristics about 

factors affecting data quality identified and conceptualised in the conceptual models. 

As mentioned in Bailey (1994)’s foundational book on classification techniques, 

characteristic is used to describe the fundamentals of the phenomenon. Accordingly, we 

define characteristic as a subcategory of factors affecting data quality identified and 

conceptualised in the conceptual models, being served to delineate an aspect of the 

dimension on the taxonomy. For meta-characteristic, as noted in Nickerson, Varshney 

and Muntermann (2013), it is used as the basis for the choice of characteristics in the 

taxonomy. We describe the meta-characteristic as root causes of data quality problems. 

With these explicit definitions in mind, we then follow the method of taxonomy development 

(Nickerson, Varshney & Muntermann 2013) to review the conceptual models of factors 
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influencing data quality as summarised below. 

4.3.2.2 Taxonomy development 

Step1: Determine meta-characteristic  

The objects of interest in our study are specific factors influencing data quality identified 

and conceptualised in the conceptual models. We have defined the meta-characteristic of 

objects of interest for classification as root causes that result in data quality problems, 

assisting in the tasks of studying the characteristics of related studies and grouping the 

factors influencing data quality. 

Step 2: Determine ending conditions  

We will end the taxonomy development when the taxonomy meets both objective and 

subjective conditions. The objective conditions mean that each dimension in the 

taxonomy approaches “mutually exclusive and collectively exhaustive characteristics” 

(Nickerson, Varshney & Muntermann 2013), while the subjective conditions concern 

whether a taxonomy achieves concise, robust, comprehensive, extendible, and explanatory 

criteria based on the researcher’s viewpoints (Nickerson, Varshney & Muntermann 

2013). In this study, we adapt and develop three objective ending conditions and five 

subjective conditions (Nickerson, Varshney & Muntermann 2013) for determining the 

end of our taxonomy development. See Table 12. 

Table 12. Ending conditions used in the taxonomy development 

Ending conditions Description 
Objective No new dimensions or characteristics could be added in the last iteration. 

Every dimension is unique and not repeated. 
No more factors influencing data quality in the conceptual models need 
to be examined. 

Subjective Concise The number of dimensions and characteristics for factors influencing 
data quality are limited. 

Robust The dimensions and characteristics to differentiate among factors 
influencing data quality are enough.  

Comprehensive All necessary dimensions and characteristics to classify factors 
influencing data quality are included.  

Extendible It is easy to include additional dimensions and characteristics. 
Explanatory It is useful to explain the characteristics of factors influencing data 

quality. 
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Step 3: Conceptualise characteristics and dimensions of the taxonomy 

First, since information products manufactured and used in the enterprise management 

process can be viewed as the products generated within a processing system on raw 

data, the theory of product quality management can be utilised to study data quality 

(Wang 1998). In product quality management, factors influencing product quality are 

divided into three groups: human, management and technology (Xiao, Xie & Wan 2009). 

Therefore, we can view the root causes that result in data quality problems from human, 

managerial or technical perspective. Additionally, many researchers revealed that 

organisational and external factors have impacts on data quality (Nord, Nord & Xu 

2005; Tee et al. 2007; Xu 2013; Xu, Koronius & Brown 2003). Hence a holistic list of 

factors influencing data quality contains five main groups: human, organisational, 

managerial, technical, and external factors (Liu et al. 2018). These theories then guide 

us to determine and classify the factors influencing data quality in the conceptual 

models. Essentially, these five groups also address the characteristics of related studies 

from a breadth perspective that presents the extent to which factors affecting data 

quality are included in the conceptual models. We now have a dimension breadth to 

group human, organisational, managerial, technical and external factors influencing data 

quality in the taxonomy. 

Second, related studies (Nord, Nord & Xu 2005; Tee et al. 2007; Xu 2013; Xu, Koronius 

& Brown 2003) implies that the root causes of data quality problems can be studied 

from staff members perspective (staff member level) and/or top management perspective 

(top management level). This also assist us view the factors influencing data quality 

from a depth perspective and therefore, a dimension depth can be used to group the 

characteristics of related studies on factors influencing data quality into individual and 

organisational level. 

Third, academics proposed their conceptual models of factors influencing data quality 

and validated the hypotheses for: (i) relationships between the factors and data quality, 

and (ii) relationships between these factors (Tee et al. 2007). The establishment of links 
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between the factors influencing data quality could help us enhance data quality. 

Accordingly, we develop a dimension interaction to describe relationships with data 

quality and between the factors affecting data quality in the conceptual models.  

Step 4: Examine sample papers for these characteristics and dimensions 

We review the factors influencing data quality from the selected papers and group these 

factors into the corresponding characteristics.  

Step 5: Create (revise) the taxonomy 

We group the characteristics into three dimensions to create our taxonomy for related 

studies: 

(i) Breadth dimension: Human, Organisational, Managerial, Technical, and External 

Factors characteristics 

(ii) Depth dimension: Staff Member Level and Top Management Level characteristics 

(iii) Interaction dimension: With Data Quality and Between the Factors characteristics 

Step 6: Determine whether meet ending conditions 

We have examined all the factors affecting data quality that are identified in our sample 

papers. No more objects of interest can be examined. Additionally, we have added no 

new dimensions and each dimension is unique and not repeated. Accordingly, we meet 

the objective ending conditions. In terms of subjective ending conditions, we consider 

that our taxonomy achieves concise, extendible, comprehensive, robust and explanatory 

criteria (as listed in Table 12) and therefore, our taxonomy development ends. 

4.4 Comparison of theoretical support for enhancing data quality 
 
Table 13 summarises the characteristics of the conceptual models on factors influencing 

data quality, including 3 dimensions with 9 individual characteristics that are grouped 

under different dimensions. 
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Table 13. Characteristics of related studies on factors influencing data quality 

Author(s)/ 
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Source 
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Wixom and 
Watson 
(2001)  

MIS 
Quarterly 

1524  Multiple 
industries  

X  X X  X X  X 

Xu, Koronius 
and Brown 
(2003) 

ITBM: 
Challenges 
and 
Solutions 

9  Multiple 
industries 

X X X X X X X X  

Nord, Nord 
and Xu 
(2005) 

JDM 25 X Multiple 
industries 

X X X X X X X X  

Tee et al. 
(2007) 

Accounting 
& Finance 

44  A single 
case study 
organisation 

X  X X X  X X X 

Xiao, Xie 
and Wan 
(2009) 

ICMSE 6  Multiple 
industries 

X  X X  X X X X 

Kokemueller 
(2011) 

AMCIS 4 X Multiple 
industries 

X  X X   X X X 

Xu (2013) AMCIS 6 X Multiple 
industries 

X X X X X X X X  

Al-Hiyari, 
AL-Mashre 
and Mat 
(2013) 

AJE 23  Perception 
of students 

X  X X  X X X X 

Nicol et al. 
(2013) 

MedInfo 20 X Healthcare X     X  X  

Coleman et 
al. (2015) 

BMC 
Family 
Practice 

21  Healthcare   X X  X  X  

HF: Human factors affecting data quality;  

OF: Organisational factors affecting data quality;  

MF: Managerial factors affecting data quality;  

TF: Technical factors affecting data quality;  

EF: External factors affecting data quality;  

STML: The model addresses factors affecting data quality at a staff member level;  

TOPL: The model addresses factors affecting data quality at a top management level. 

 
Several observations can be made in reference to Table 13. First, in the recent years the 

main contributions have been made to identify the root causes of data quality problems 

from multiple industries and various data users. Second, we note that researchers have 

established an empirical body of knowledge on the factors affecting data quality from 
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breadth, depth, and interaction dimensions. For breadth dimension, the most frequently 

used factors that impact data quality concern human, managerial, and technical factors. 

With respect to depth dimension, the factors affecting data quality both at staff member 

and top management levels have received significant attention. In terms of interaction 

dimension, related studies have empirically examined the relationships between data 

quality and the factors affecting data quality. Moreover, some of them have tested the 

relationships between the factors that impact data quality, providing great details about 

the phenomenon under consideration. 

4.4.1 Breadth dimension 
 

Breadth dimension refers to the extent to which factors affecting data quality were 

included in the conceptual models, containing human, organisational, managerial, 

technical, and external factors characteristics. 

The human factors refer to individual cognition and capability on tasks related to data 

quality management and improvement. The understanding of importance of data quality 

and perceived usefulness and need for data quality could facilitate an organisation that 

focuses on managing data and preserving data quality (Tee et al., 2007). Furthermore, 

if staff members satisfy their career development aspiration, they are likely to play their 

roles in achieving quality data in the organisation, thus following the rules and procedures 

when using the system and addressing the recording and/or reporting tasks carefully 

(Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 2003). Additionally, 

personal ability determines the extent to which the tasks related to data quality 

management and improvement can be completed and therefore, individual competency 

plays an important role in enhancing data quality (Xiao, Xie & Wan 2009). 

The organisational factors involve organisational attributes or properties (e.g. structure, 

location, size and industry) that could have impacts on enhancing data quality in an 

organisation. For example, a centralised structure in an organisation could conduct 

better controls for data quality and further obtain high-quality data (Kokemueller 2011; 

Xu, Koronius & Brown 2002). An organisation that has a culture of focussing on data 
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quality could have a better chance to achieve quality data, because data quality management 

and improvement could receive top management group’s support, sufficient resources, 

and staff’s participation (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 

2003). 

The managerial factors stress the organisation and coordination of activities to achieve 

defined goals of data quality in an organisation. Firstly, appropriate allocation of human 

resources, time and funding could guarantee effective technologies being used in the 

implementation of innovative information systems and data quality initiatives 

(Kokemueller 2011; Wixom & Watson 2001). Without management support for 

resources, these initiatives are unlikely to succeed. Secondly, data quality management 

and process management could regulate business processes in creating and using 

quality data and monitor staff participation in achieving quality data, thus further 

contributing to the enhancement of data quality in organisations. 

The technical factors concern information systems and supporting technologies to 

support data quality management and improvement. The quality of source systems can 

have a profound effect on the initiatives for enhancing data quality, because standardised 

data can lead to easier data manipulation and further high-quality data in these initiatives 

(Coleman et al. 2015; Kokemueller 2011; Xu, Koronius & Brown 2003; Wixom & 

Watson 2001).  

The external factors emphasise forces outside an organisation and individuals that have 

the potential to affect data quality such as physical environment (Nord, Nord & Xu 

2005; Xu 2013; Xu, Koronius & Brown 2003). For instance, poor air-condition 

environment could reduce employees’ work efficiency and result in human errors in the 

recoding and/or reporting tasks. Thus, physical environment could contribute to 

enhancing data quality (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 

2003).  

The model of critical success factors for data quality developed by researchers (Nord, 

Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 2003) gives a holistic picture of 
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factors influencing data quality and approaches the greatest breadth, however, it is 

lacking the interactions between these factors.   

Breath dimension in data quality of electronic medical records 

From breadth dimension, related studies focused on the factors influencing data quality 

from human, managerial, and technical characteristic. Similarly, when studying factors 

affecting EMR data quality in order to improve the quality of care, human, managerial, 

and technical factors should be included (Liu et al. 2018).  

Human factors influencing in EMR data quality: User acceptance of eHealth affects an 

individual’s attitudes and intentions towards eHealth and his or her adoption of eHealth, 

thus having an impact on enhancing EMR data quality. van Engen-Verheul et al. (2016) 

revealed that most clinical officers do not use the EMR much. As a result, poor-quality 

data may be entered into the EMR that reduces the quality of EMR data. Additionally, 

healthcare practitioners violate the organisational data protocols in data management 

and make manual errors in data extraction that could lead to ineffective EMR data 

quality (Liaw et al. 2013).  

Managerial factors influencing EMR data quality: Nowadays many clinics have 

decided to make the move from paper-based records to electronic records. The 

implementation of EMR is an expected result, not overnight, but also not open-ended 

time-wise. In other words, the use of EMR and supporting technologies is progressing at 

a steady rate (Jamoom et al. 2012). Thus, the clinics should improve the system of rules, 

standards and procedures on EMR data quality management in data transition from 

paper-based records to electronic records for patient safety. 

Technical factors influencing EMR data quality: The corruption of the database 

architecture or information systems that could not meet users’ needs to manage routinely 

collected clinical data undoubtfully reduce EMR data quality (Liaw et al. 2013). In 

addition, Cohen, Coleman and Kangethe (2016) revealed that the limited input space of 

user interface could result in poor-quality data in patient records during the data entry, 



83 

and van Engen-Verheul et al. (2016) also disclosed violations of alignment between the 

system and workflow in care processes could incur data quality problems in EMR that 

have negative impacts on EMR data quality. 

4.4.2 Depth dimension 
 

Depth dimension concerns factors influencing data quality that were studied from top 

down in an organisation, including individual and organisational level characteristics.  

The commitment to data quality management and improvement should involve both at 

organisational and individual level. A body of literature indicates that the commitment 

of top management is a key contributor to quality management (Nord, Nord & Xu 2005; 

Xiao, Xie & Wan 2009; Xu, Koronius & Brown 2003; Zellal & Zaouia 2015). Top 

management team (top management level) need to make many decisions on regulations 

formulation, processes management and resources allocation in order to achieve the 

goals of data quality (Kokemueller 2011). At the same time, active engagement of staff 

members (staff member level) plays an essential role in the success of quality 

management (Sharma 2015), as personal competency and attitude determines the extent 

to which the tasks in relation to data quality management and improvement can be 

completed (Xiao, Xie & Wan 2009). Accordingly, both top management and staff 

member level (also depth dimension) should be considered when studying factors 

affecting data quality.   

Depth dimension in data quality of electronic medical records 

The factors influencing data quality were frequently studied at both top management 

and staff member levels. In the context of EMR, enhancing EMR data quality should 

also receive the attention from top down in clinics.  

Scholars have asserted that top management commitment has a positive impact on 

regulation formulation and process management for the information systems implementation, 

because top management determines the degree to which resources can be allocated 

(Kokemueller 2011; Wixom & Watson 2001) and political resistance to the implementation 
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of information systems can be dealt with (Wixom & Watson 2001). Similarly, for a clinic, 

EMR implementation together with EMR data quality management cannot ignore the 

support from the clinic director. 

Clinical staff’s participation in the EMR context is the process whereby clinical staffs 

are involved in the EMR-enabled care processes. The misunderstanding or insufficient 

knowledge about data entry policy could result in incomplete documentation in care 

processes (Kelley et al. 2015). Additionally, if a staff member lacks the awareness about 

importance of the recording or reporting tasks, data delays or errors might occur due to 

human carelessness that could result in problems associated with EMR data quality 

(Warsi, White & McCulloch 2002). Thus, staff participation determines the degree of 

enhancing EMR data quality in clinics. 

   

4.4.3 Interaction dimension 
 

Interaction dimension addresses relationships between data quality and the factors 

influencing data quality. It also covers relationships between the factors that affect data 

quality. 

Researchers have empirically examined the relationships between the factors in their 

proposed model and indicated that the factors influencing data quality dynamically 

relate to each other (Tee et al. 2007). The underlying mechanisms of interactions 

between the factors influencing data quality could help us potentially preserve quality 

data or systematically reduce bad data. For example, a high level of top management 

support is positively associated with business-IT alignment for addressing data quality 

problems (Xiao, Xie & Wan 2009). If top management is likely to make the commitment 

to alignment between IT professionals and staff members and to locate required 

resources for data quality initiatives, the alignment between IT and business could be 

facilitated and further helps individuals and organisations achieve quality data. At this 

moment, the business-IT alignment can be considered as a mediator between top 

management support and data quality. We argue that factors affecting data quality 
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cannot be studied as mutually exclusive categories, because some factors could stop 

and/or trigger another factor that contribute to achieving quality data. Accordingly, an 

establishment of links between the factors affecting data quality is a significant enabler 

to enhance data quality.  

Interaction dimension in data quality of electronic medical records 

In terms of interaction dimension, only a few studies have established the relationships 

between the proposed factors and data quality together with relationships between these 

factors (Tee et al. 2007). As we repeatedly indicated, the establishment of relationships 

between the factors influencing data quality should be considered before the breadth 

and depth dimension to enhance data quality. Accordingly, the four conceptual models 

developed by (Tee et al. 2007) can be viewed as candidates to suggest specific concepts 

for the enhancement of the EMR data quality. Meanwhile, factors influencing data 

quality should be studied both at individual and organisational level for data quality 

improvement. Among these four studies, Kokemueller (2011) and Tee et al. (2007) 

validated hypotheses of relationships between the factors influencing data quality 

proposed, however, they failed to include staff participation (at individual level) in their 

conceptual models. Therefore, Al-Hiyari, AL-Mashre and Mat (2013) as well as Xiao, 

Xie and Wan (2009) developed a stronger conceptual model for factors influencing data 

quality with richness and reach in breadth (approaching the most frequently used factors 

in breadth dimension including human, managerial and technical factors), depth, and 

interaction. Unfortunately, Al-Hiyari, AL-Mashre and Mat (2013) utilised the data from 

the students’ perspective but not from industries to test their model that may impact the 

validity of the results. In short, Xiao, Xie and Wan (2009) provided a suitable guideline 

within breadth, depth, and interaction of factors influencing data quality for data quality 

management that can be used to suggest specific concepts for enhancing the quality of 

EMR data.  
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4.5 Conclusion 
 
This study reviews the theoretical support available in the literature to enhance data 

quality. It organises and structures the characteristics of related studies on the factors 

that influence data quality. By using the method of taxonomy development, we have 

developed breadth, depth, and interaction dimensions for grouping the factors affecting 

data quality to construct the conceptual model of enhancing data quality and address 

our RQ5:  

RQ5: What are the structural characteristics of conceptual models for factors influencing 

data quality? 

Findings: The structural characteristics of conceptual models for factors influencing 

data quality are grouped into three dimensions including breadth, depth, and interaction 

dimensions. The greatest breadth dimension addresses human, organisational, managerial, 

technical and external factors that impact data quality (e.g. Xu (2013) and Xu, Koronius 

and Brown (2003)). The depth dimension concerns the factors influencing data quality 

at both top management and staff member levels. The interaction dimension addresses 

establishment of relationships between the factors and data quality as well as relationships 

between these factors. Furthermore, we have illustrated that the dimensions proposed 

in this chapter can be effectively utilised in the EMR context.  

For academic contributions, we have developed 3 dimensions (including breadth, depth, 

and interaction) and 9 characteristics under different dimensions for studying factors 

influencing data quality, and compared theoretical support to enhance data quality, 

which are lacking in the existing literature. Furthermore, we have identified that the 

model of factors influencing data quality (Xiao, Xie & Wan 2009) provides a stronger 

guideline within breadth, depth, and interaction of factors influencing data quality that 

can be utilised to suggest specific concepts for enhancing data quality.  

For practical contributions, an appreciation of this topic can be of practical use as 

practitioners effectively use information systems and improve their data practices. The 
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proposed dimensions can be utilised to determine the root cause for a data quality 

problem and suggest a specific solution to address the problem. As the organisational, 

managerial, technical and external factors could have impacts on users’ performance 

(human factors) in the tasks related to data quality management and improvement, the 

customised managerial and technical strategies could help users enhance data quality.   

The present work only focuses on data quality and does not differentiate the concepts 

associated with information and data quality. However, there is a body of literature that 

distinguish these two definitions (English 1999; Price & Shanks 2005). Researchers in 

this area are recommended to take the differences in definitions of information and data 

quality into account and redesign the present work to examine the differences in the 

theoretical support. Furthermore, we note that researchers have investigated the factors 

influencing data quality at the stage of system design and implementation or at the stage 

of system use post implementation. Because data quality problems could occur from 

data creation (at the stage of system design and implementation) to its usage (at the 

stage of system use post implementation), we believe that IS community should also 

address these factors in combining both system design and implementation and system 

use post implementation. 

This study can serve as a conceptual isobar that investigates the theoretical support to 

enhance data quality. Furthermore, the results presented in this chapter can be used in 

an empirical study for enhancing EMR data quality. This work therefore encourages 

academics to evaluate the conceptual model of factors influencing data quality within 

the EMR context and to develop hypotheses on the relationships between these factors 

through surveys and case study. Researchers could also (i) construct similar conceptual 

models for another application by using breadth, depth and interaction dimensions for 

studying factors influencing data quality, and (ii) extend the prior models by adding 

new factors and/or new relationships between these factors using the three dimensions.  

Our review has revealed that organisational and external factors influencing data quality 

may not have received enough attention and require further investigation. An important 
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area of study is about the size and type of EMR practices (organisational factors) and 

whether this has an impact on EMR data quality. Another topic of interest is 

investigating external factors and their impacts on the quality of EMR data. 

Note that a previous version of Chapter appeared in the Proceedings of the 24th Americas 

Conference on Information Systems (C-2). Some wordings in this chapter are revised 

and added for the coherence of the whole thesis, in order to improve the transition and 

flow between the sections. The original version of the publication is available via the 

following link: https://aisel.aisnet.org/amcis2018/DataScience/Presentations/19/. 

This chapter provides the theoretical support that helps derive a conceptual model of 

factors influencing data completeness in EMR. Based on the three dimensions proposed 

(i.e. breadth, depth, and interaction), Xiao, Xie and Wan’s model (2009) that develops a 

more inclusive model for factors influencing data quality is selected as the theoretical 

lens to construct the conceptual model. The next chapter addresses the development of 

the conceptual model.  

  

https://aisel.aisnet.org/amcis2018/DataScience/Presentations/19/
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Chapter 5 – Conceptual Model 
 

This chapter presents the development of the conceptual model of factors influencing 

data completeness in EMR, hypothesising the relationships between these factors within 

the support of relevant literature. The structure of this chapter is organised as follows: 

Section 5.1 gives an introduction of the development of the conceptual model; Section 

5.2 describes the concept of data completeness; Section 5.3 provides a brief theoretical 

background about related studies; Section 5.4 develops the hypotheses of the conceptual 

model; Section 5.5 outlines the construct operationalisation; and Section 5.6 discusses 

and concludes this chapter. 

5.1 Introduction  
 
Most industries rely on their data for decision making. High data quality could assist 

organisations in working efficiently. However, incomplete data could increase additional 

scrutiny from those who use the data, because they have to exert more effort in dealing 

with missing data and interpreting the results of processing incomplete data (Dixon, 

McGowan & Grannis 2011). As one dimension in data quality, data completeness has 

received extensive attention from data consumers. This is especially true in such a risk-

averse industry such as healthcare, where decisions could literally determine life and 

death. Although data completeness has been the subject of much research in the last 

three decades, addressing data completeness in EMR for patient safety and quality of 

care remains as a significant challenge in healthcare. For example, it has been reported 

that less than 10% of medications approved by the Food and Drug Administration in 

Canada since 1980 have adequate data to analyse their risk for birth defects (Adam, 

Polifka & Friedman 2011). A large healthcare consortium fined $2.5 million since they 

failed to turn over required data on patient care to the state's Medicaid program 

(Terhune 2017).  

Problems associate with data incompleteness could result in severe consequences in 

healthcare such as increase in risks of patients’ harm and loss of revenues. The importance 
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of data completeness in healthcare has motivated us to conduct a research project on 

investigation of this phenomenon. The existing literature focusing on data completeness 

in electronic records seems to rely heavily on survey, case study and experiment, with 

few that have conceptualised the factors influencing data completeness. Moreover, there 

is a paucity of studies that suggest specific concepts for addressing data completeness in 

electronic medical records (EMR). The underlying interactions between the factors 

affecting data completeness in EMR are unclear.  

To address this gap in the literature, in this chapter we aim to: (i) propose a conceptual 

model for factors influencing data completeness in EMR, (ii) developing hypotheses 

for relationships between these factors.  

The proposed conceptual model builds upon and extends the model of factors influencing 

data quality management (Xiao, Xie & Wan 2009) by adding a new factor and exploring 

the relationships between these factors within the context of data completeness in EMR. 

This study makes two contributions. First, we propose the concepts of addressing data 

completeness in EMR that are lacking in the existing literature, developing 13 hypotheses 

between the factors influencing data completeness in EMR. Second, this study allows 

clinical staff to become more aware of data completeness in EMR at the point of care. 

The proposed model can serve as a tool for users in addressing data completeness in 

EMR. 

5.2 Data completeness as a dimension of data quality 
 

As one dimension in data quality, data completeness refers to the extent to which all 

required data for specific activities is available for data users, providing accessible data 

that meets users’ requirements for a given task. The general theory of data quality can 

be utilised to study data completeness and therefore, we take advantages of prior models 

on factors influencing data quality to construct the conceptual model. Moreover, the 

conceptual model could drive new insights into addressing data completeness in EMR. 
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5.3 Theoretical support 
 
Prior studies have presented conceptual models for factors affecting data quality and 

empirically examined those models (Kokemueller 2011; Nord, Nord & Xu 2005; Tee 

et al. 2007; Wixom & Watson 2001; Xiao, Xie & Wan 2009; Xu 2013; Xu, Koronius & 

Brown 2003). It is observed that the theory of data warehousing success (Kokemueller 

2011b; Tee et al. 2007; Wixom & Watson 2001) and quality management theory (Nord, 

Nord & Xu 2005; Tee et al. 2007; Xiao, Xie & Wan 2009; Xu 2013; Xu, Koronius & 

Brown 2003) (such as critical success factors for total quality management) contribute 

to understanding data quality management and improvement. We propose to follow the 

implementation of a related model (Xiao, Xie & Wan 2009) to construct our conceptual 

model within the context of data completeness in EMR. 

5.3.1 Review of existing models 
 
As presented in Chapter 4, we have reviewed relevant theoretical support and summarised 

the characteristics on the current dominant models of factors influencing data quality as 

outlined in Table 14. We argue that these models address three significant dimensions, 

including breadth, depth, and interaction of factors influencing data quality that have 

been studied.  

First, breadth dimension refers to the extent to which factors affecting data quality were 

included in the conceptual model. Essentially, factors affecting data quality can be 

categorised into three groups: human, management and technology (Xiao, Xie & Wan 

2009). The human factors involve individual cognition and capability on data quality 

activities and the subjects could be decision-makers and/or staff members. The managerial 

factors concern the organisation and coordination of the activities in an organisation to 

achieve the defined goals of data quality, while technical factors contain existing 

electronic equipment, information technologies and systems to support the achievement 

of data quality. Meanwhile, many researchers revealed that external factors have an 

impact on data quality (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 2003).  
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Table 14. Characteristics of related studies on factors influencing data quality 
and the conceptual model proposed in this thesis 
Author(s)/ 
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Source 
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Wixom and 
Watson 
(2001)  

MIS 
Quarterly 

1524  Multiple 
industries  

X  X X  X X  X 

Xu, Koronius 
and Brown 
(2003) 

ITBM: 
Challenges 
and 
Solutions 

9  Multiple 
industries 

X X X X X X X X  

Nord, Nord 
and Xu 
(2005) 

JDM 25 X Multiple 
industries 

X X X X X X X X  

Tee et al. 
(2007) 

Accounting 
& Finance 

44  A single 
case study 
organisation 

X  X X X  X X X 

Xiao, Xie 
and Wan 
(2009) 

ICMSE 6  Multiple 
industries 

X  X X  X X X X 

Kokemueller 
(2011) 

AMCIS 4 X Multiple 
industries 

X  X X   X X X 

Xu (2013) AMCIS 6 X Multiple 
industries 

X X X X X X X X  

Al-Hiyari, 
AL-Mashre 
and Mat 
(2013) 

AJE 23  Perception 
of students 

X  X X  X X X X 

Nicol et al. 
(2013) 

MedInfo 20 X Healthcare X     X  X  

Coleman et 
al. (2015) 

BMC 
Family 
Practice 

21  Healthcare   X X  X  X  

Liu et al. 
(2018) 

HCISS 2 X Healthcare X  X X  X X X X 

HF: Human factors affecting data quality;  

OF: Organisational factors affecting data quality;  

MF: Managerial factors affecting data quality;  

TF: Technical factors affecting data quality;  

EF: External factors affecting data quality;  

STML: The model addresses factors affecting data quality at a staff member level;  

TOPL: The model addresses factors affecting data quality at a top management level. 

 
The external factors refer to forces outside an organisation that have the potential to 

affect data quality such as physical (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & 

Brown 2003) and legal changes (Tee et al. 2007). Hence a more complete list of factors 
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affecting data quality includes four main groups: human, managerial, technical, and 

external factors, as shown in Table 13. We can see that the model of critical success 

factors for data quality (Nord, Nord & Xu 2005; Xu 2013; Xu, Koronius & Brown 2003) 

gives a holistic picture of this subject targeting highest breadth, however, it is lacking 

interactions between these factors.   

Second, depth dimension concerns the factors affecting data quality that were studied 

from top down in organisations. In other words, the commitment to data quality 

activities should address both at top management and staff member level. A body of 

literature indicates that commitment of top management is a key contributor to quality 

management (Nord, Nord & Xu 2005; Xiao, Xie & Wan 2009; Xu, Koronius & Brown 

2003; Zellal & Zaouia 2015). Top management team needs to make many decisions on 

regulations and processes management and resources allocation in order to achieve 

goals of data quality (Kokemueller 2011). At the same time, active engagement of staff 

members plays an essential role in the success of quality management (Sharma 2015), 

since personal competency and attitude determines the extent to which the tasks in 

relation to data quality can be completed (Xiao, Xie & Wan 2009). Accordingly, both 

top management and staff member level (also depth) should be considered when 

studying factors affecting data quality.   

Third, interaction dimension addresses relationships between the factors that influence 

data quality. Researchers have empirically examined relationships between these 

factors in their proposed model and indicated that these factors dynamically relate to 

each other (Al-Hiyari, AL-Mashre & Mat 2013; Kokemueller 2011; Tee et al. 2007; 

Xiao, Xie & Wan 2009). The underlying mechanisms of interactions between the 

factors affecting data quality could help us potentially preserve quality data or 

systematically reduce bad data. Therefore, establishing the links between factors that 

influence data quality is a significant enabler to ensure high-quality data.  

As mentioned in Chapter 4, Kokemueller (2011) and Tee et al (2007) failed to include 

staff participation (at staff member level) in their conceptual models. Al-Hiyari, AL-
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Mashre and Mat (2013) only empirically examined their conceptual model by using a 

survey of students that may limit the validity of the results. Based on this analysis, 

although external factors were not included in Xiao, Xie and Wan’s model (2009), they 

developed a stronger conceptual model for factors influencing data quality with richness 

and reach in breadth, depth, and interaction. We therefore select the model of factors 

influencing data quality management (Xiao, Xie & Wan 2009) to derive the conceptual 

model in the study, considering the breadth, depth, and interaction dimensions for the 

factors influencing data completeness in EMR. 

5.3.2. Utilising the model of factors influencing data quality management in addressing 
data completeness in EMR   
   

Using the theory of product quality management, Xiao, Xie and Wan (2009) provided 

a systematic discussion about influencing factors for data quality management. These 

findings, together with organisational behavior theory, drove Xiao, Xie and Wan (2009) 

to propose a model of factors influencing data quality management that contains five 

factors. These five factors are top management support (TMS), capability on the regulation 

and process management (CRPM), business-IT alignment (BITA), staff participation 

(SP), and integration of IS (IIS). Moreover, they empirically examined relationships 

between these factors. Figure 6 presents the model of factors influencing data quality 

management within significant relations between the influencing factors. 

 

Figure 6. The model of factors influencing data quality management taken from 
Xiao, Xie and Wan (2009) 

 
This chapter aims to develop a conceptual model of factors influencing data completeness 

in EMR. Xiao, Xie and Wan (2009) offered a guideline within breadth, depth, and 

interaction of the factors influencing data quality. Furthermore, the existing literature 

focusing on data completeness in electronic records could gain rich insights of the 
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relationships between the factors influencing data completeness in EMR, as described 

in the following section.  

5.4 Hypotheses development and literature support   
 
To construct our conceptual model, the literature of data completeness in electronic 

records, data quality management, quality management was reviewed. These findings, 

together with a set of factors affecting data quality in different IS and data warehouses, 

were used to create our conceptual model and develop the hypotheses.   

We now start with the model of factors influencing data quality management (Xiao, Xie 

& Wan 2009) and retain significant relations between these influencing factors. Due to 

significant impact of ‘resources’ on ‘organisational implementation success’ for improving 

data quality (Kokemueller 2011) that reflects the ‘capability of regulation and process 

management’ in an organisation, we add ‘resources’ factor into our resulting conceptual 

model (Figure 7). We use dotted lines to highlight new factor and relationships added in 

the proposed model. Our conceptual model for achieving data completeness in EMR 

extends the model from (Xiao, Xie & Wan 2009) in the following ways: 

(i) New factors added: Resources  

(ii) New relationships added:  

• Resources and Regulatory capability for EMR-enabled care processes 

• Resources and EMR alignment to care processes  

• Resources and EMR integration 

• Regulatory capability for EMR-enabled care processes and Data 

completeness in EMR 

We now make connections between the three dimensions (i.e. breadth, depth, and 

interaction as highlighted in Chapter 4) and the proposed factors that influence data 

completeness in EMR, as shown in Table 14. From the breadth dimension, the 

conceptual model contains the most frequently used characteristics: human, managerial, 

and technical factors. Among them, human factors involve clinic director and clinical  
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Figure 7. The conceptual model of factors influencing data completeness in EMR 
being examined in this study 

 
staff; managerial factors refer to ‘resources’, ‘regulatory capability for EMR-enabled 

care processes’, and ‘EMR alignment to care processes’, while technical factor pertains 

to ‘EMR integration’. From the depth dimension, the extended conceptual model involves 

the factors influencing data completeness in EMR both from ‘clinic director’s support 

for EMR implementation’ and ‘clinical staff’s participation’. From the interaction 

dimension, this conceptual model considers: (i) the relationships between the factors 

influencing data completeness and data completeness in EMR, and (ii) the relationships 

between these factors.  

The rationales for relationships between the factors influencing data completeness in 

EMR proposed in the conceptual model are described below. 

5.4.1. Relationship between clinic director’s support for EMR implementation 
with regulatory capability for EMR-enabled care processes toward data completeness 
in EMR 
       

Clinic director’s support for EMR implementation refers to the extent to which upper 

management level in clinics understands the importance of EMR implementation and 

participants in the relevant activities. Prior studies have asserted that top management 

commitment has a positive impact on the regulation and process management for IS 

implementation, because decision makers’ attitude and knowledge about innovative IS 

and data quality initiatives determines the degree to which resources can be allocated 
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(Kokemueller 2011; Wixom & Watson 2001) and political resistance to the implementation 

of systems can be dealt with (Wixom & Watson 2001). 

Similarly, the management of EMR-enabled care processes for addressing EMR data 

completeness cannot ignore support from the clinic director who is accountable for the 

entire running of the clinic. We hypothesise: 

      H1: A high level of clinic director’s support for EMR implementation is positively 

associated with regulatory capability for EMR-enabled care processes toward data 

completeness in EMR. 

5.4.2. Relationship between clinic director’s support for EMR implementation 
with EMR alignment to care processes toward data completeness in EMR 
 

The implementation of IS in organisations includes a process of business-IT alignment 

(Xiao, Xie & Wan 2009). During this process, decision makers need to carry out critical 

decisions and coordination for achieving alignment between business and IT. Here, the 

EMR implementation could change the existing work processes that may introduce 

barriers to its adoption (Moreno 2005). A good understanding and knowledge about 

EMR systems and supporting technologies could drive the clinic director to make 

commitment to communication and coordination between IT and clinical staff for EMR 

implementation and to locate required resources for EMR implementation in care 

processes. Thus, the alignment between EMR and care processes could be facilitated 

that help address data completeness in EMR. We hypothesise: 

      H2: A high level of clinic director’s support for EMR implementation is positively 

associated with EMR alignment to care processes toward data completeness in EMR. 

5.4.3. Relationship between resources with regulatory capability for EMR-enabled 
care processes toward data completeness in EMR 
 

Resources in our conceptual model include funding, human resource, and time for EMR 

implementation. Resources are important to IT implementation, since these activities 

are time-consuming and expensive (Kokemueller 2011; Wixom & Watson 2001). Due 
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to unclear return on investment in the short term but large investment in technology, the 

EMR carries barriers to its implementation for care (Thakkar & Davis 2006). Accordingly, 

resources are vital for successful implementation of EMR-enabled care processes. The 

sufficient human resource, available time and funding being allocated to EMR implementation, 

could guarantee effective technology being used for the EMR implementation. Without 

these efforts, EMR implementation integrated into care processes and relevant data 

completeness activities are unlikely to conduct. For example, database specialists' time 

is not made available to these initiatives and therefore, EMR-enabled care processes 

could be delayed, which has an impact on data completeness in EMR. We hypothesise: 

      H3: A high level of resources is positively associated with regulatory capability 

for EMR-enabled care processes toward data completeness in EMR. 

5.4.4. Relationship between resources with EMR alignment to care processes 
toward data completeness in EMR 
 

EMR alignment to care processes involves communication and coordination about 

EMR implementation in the clinic between clinical and IT staff. Hence, investigators 

should capture users’ requirements and data completeness problems by analysing the 

current system and interviewing users (Staff, Roberts & March 2016). At this time, a 

set of considerable resources are also in need of being addressed for organising and 

supporting a network of users in this process (Damodaran 1996). We can see that 

resources have an impact on EMR alignment to care processes in order to address data 

completeness in EMR. We hypothesise: 

      H4: A high level of resources is positively associated with EMR alignment to 

care processes toward data completeness in EMR. 

5.4.5. Relationship between resources with EMR integration toward data completeness 
in EMR 
 

The EMR are implemented across clinical systems and repositories, providing a 

comprehensive view for a patient by integrating diverse data sources (ISO 2011). Here, 

the integration technologies (such as data warehouse) to some degree determine the 
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extent to which the data is aggregated from different systems (Cappiello, Francalanci 

& Pernici 2003). As mentioned, the EMR integration requires investment in technology. 

Thus, the clinic with skillful IT professionals and mature technology for EMR 

implementation could have better chance to aggregate complete data from various data 

sources. We hypothesise: 

      H5: A high level of resources is positively associated with EMR integration 

toward data completeness in EMR. 

5.4.6. Relationship between regulatory capability for EMR-enabled care processes with 
clinical staff’s participation toward data completeness in EMR   
       

Regulatory capability for EMR-enabled care processes describes a clinic’s ability to 

design, implement and improve (1) a set of rules and standards that regulate care 

processes when using EMR, and (2) a complete system of procedures for achieving the 

clinic’s goals of data completeness in using EMR.  

Based on structured rules and procedures in the use of IS (Puschmann & Alt 2004; Sigei 

2013; Yusof et al. 2008), individuals are required to follow a set of regulations and 

processes for addressing data quality (Xiao, Xie & Wan 2009). At this time, the clinic 

may conduct appropriate trainings to improve staff’s ability of using EMR in the care 

processes. For example, the training of procedures for recording clinical information 

could enhance staff’ skills for preventing data completeness issues at the point of care 

(Warsi, White & McCulloch 2002). Furthermore, the emphasis on the importance of 

data completeness in record keeping tasks in training could help staff realise that 

incomplete data in clinical use could result in severe consequence at point of care. As a 

result, staff in the clinic would favorably follow the relevant operational policy and play 

their roles in data completeness activities when using EMR. Based on this analysis, we 

hypothesise: 

      H6: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with clinical staff’s participation toward data completeness in EMR. 
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5.4.7. Relationship between regulatory capability for EMR-enabled care processes with 
EMR integration toward data completeness in EMR 
 

The implementation and optimization of regulation and process demand from higher IS 

integration, thereby furthering the integrated application of IS (Xiao, Xie & Wan 2009). 

Here, the detailed management infrastructure, with a complete system and clear procedures 

for using EMR, could facilitate EMR integration. For instance, specific standard and 

process representations could help better understand the policy of data collection when 

using EMR for achieving complete data at the point of care (Kelley et al. 2015). In this 

way, IT professionals could better support EMR integration in order to deliver the 

corresponding information for different use. Therefore, we hypothesise: 

        H7: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with EMR integration toward data completeness in EMR. 

 

5.4.8. Relationship between regulatory capability for EMR-enabled care processes and 
data completeness in EMR 
 

Changes in routine management may emerge due to implementation of innovative IS, 

which could result in political resistance in organisations (Pardo del Val & Martínez 

Fuentes 2003). If practitioners can put change management programs in place, deal with 

political resistance effectively, and encourage organisational members to embrace these 

innovations, the implementation of IS could lead to a high level of data quality (Wixom 

& Watson 2001). Here, EMR implementation could also result in changes in care 

processes, and at this time practitioners should consider countermeasures to addressing 

these challenges for EMR implementation. For instance, a structured process designed 

to deal with human factors through behavior change could assist to achieve the expected 

benefits of EMR implementation (McCarthy & Eastman 2013), thus having great 

potential to address data completeness in EMR. We hypothesise: 

       H8: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with data completeness in EMR. 
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5.4.9. Relationship between EMR alignment to care processes with clinical staff’s 
participation toward data completeness in EMR 
 

EMR alignment to care processes refers to communication and coordination about 

EMR implementation between clinical and IT staff. According to Total Data Quality 

Management methodology, organisations must first define what they mean by data 

quality and then establish a usable metrics linked to data stakeholders’ goals for 

measuring how good is the data (Wang 1998). As a result, a good understanding and 

communication on the definition of data completeness in EMR from data users can 

serve as a foundation for clear alignment between intention of data creation and its 

usage. In this way, the EMR could offer the corresponding information to clinical staff 

at the point of care. These effective practices of addressing data completeness could 

increase awareness of maintenance and usage of the data in clinical decision making 

and planning of health services and products. Accordingly, clinical staff are motivated 

to further support data completeness initiatives when using EMR. We hypothesise: 

      H9: A high level of EMR alignment to care processes is positively associated 

with clinical staff’s participation toward data completeness in EMR. 

5.4.10. Relationship between EMR alignment to care processes with EMR integration 
toward data completeness in EMR 
 

An effective coordination and communication between business and IT can facilitate 

integration of IS (Xiao, Xie & Wan 2009). Here, the clinical staff provide feedback 

about the utilisation of EMR in their work processes, and IT professionals can capture 

users’ voices so as to customise countermeasures to solving mismatch problems 

between workflow and technology in using EMR. The procedures of initiative IS 

integrated into the work processes could be accepted into organisations and facilitate 

the delivery of quality-assured services (Herzberg et al. 2011). Accordingly, the 

understanding and coordination about EMR implementation between IT and clinical 

staff could serve as a foundation for EMR integration. In this way, the data in EMR 

aggregated from multiple clinical systems could meet clinical staff’s requirements at 

the point of care. We hypothesise: 
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        H10: A high level of EMR alignment to care processes is positively associated 

with EMR integration toward data completeness in EMR. 

5.4.11. Relationship between clinical staff’s participation and data completeness in 
EMR 
 

Clinical staff’s participation in EMR context is the process whereby employees are 

involved in running and improving clinical processes and data completeness activities 

when using EMR. 

The misunderstanding or insufficient knowledge about data entry policy could result in 

incomplete documentation (Kelley et al. 2015). Furthermore, if a staff member lacks 

the awareness about importance of data recording or reporting tasks, data delays or 

omission errors might occur due to human carelessness (Warsi, White & McCulloch 

2002). In addition, the availability of dedicated time for dealing with recording tasks 

puts staff members under pressure (Staff, Roberts & March 2016; Warsi, White & 

McCulloch 2002). As a result, more missing items could emerge during the data entry. 

The data may not be available at the time where data needs to be entered in EMR. This 

unavailability of data will result in data incompleteness. In short, individual awareness, 

attitude, mental status and competency determine the degree of participating in addressing 

data completeness when using EMR. We hypothesise: 

        H11: A high level of clinical staff’s participation is positively associated with 

data completeness in EMR. 

5.4.12. Relationship between EMR integration and data completeness in EMR 
 

EMR integration describes that the EMR are implemented across clinical systems and 

repositories, providing integrated data for different needs.  

The architecture of the EMR is a formal description of a system, organising components 

and services that support recording, retrieving and handling information in EMR (ISO 

2011). The EMR are scattered across multiple clinical systems and repositories for 

patient-centred continuity of care (ISO 2011). Using the EMR, nurses can follow up 
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processes of care and physicians can check results of tests for clinical decision making. 

An EMR can serve for different use within integrated data since a subsystem cannot 

provide a complete picture of a patient’s condition to clinical staff (National Institutes 

of Health-National Center for Research Resources 2006). As mentioned in Section 5.4.5, 

integration technologies could determine the extent to which the data can be aggregated 

from different systems. Accordingly, the extent to EMR integration could ascertain how 

good is the data in the EMR. We hypothesise: 

      H12: A high level of EMR integration is positively associated with data 

completeness in EMR. 

5.4.13. Relationship between clinical staff’s participation and EMR integration toward 
data completeness in EMR 
 

EMR aggregate data across multiple clinical systems and repositories, allowing users 

to approach the integrated data from different sources simultaneously for decision 

making (Wu, Kao & Sambamurthy 2016). A high level of EMR integration could 

improve users’ understanding of EMR technology and its benefits, and these effective 

data practices promote further use of EMR in care delivery (Porcelli, Waitman, & 

Brown 2010; Sherer et al 2015). Accordingly, clinical staff are willing to participate in 

the tasks related to addressing data completeness, resulting in better data completeness in 

EMR. We hypothesise: 

H13: A high level of EMR integration is positively associated with clinical staff’s 

participation toward data completeness in EMR. 

Since the alignment of EMR to care processes includes the communication between 

clinical and IT staff for EMR implementation, this implies that clinical staff involve in 

the process of EMR alignment to care processes. Thus, the conceptual model does not 

consider the influence of the construct ‘clinical staff’s participation’ on the construct 

‘EMR alignment to care processes’. 
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5.5 Construct operationalisation 

We intend to operationalise the constructs based on their measurement in our research 

project. To specify, ‘clinic director’s support for EMR implementation’ measures 

awareness, attitude, and competency of clinic directors regarding EMR implementation 

and data completeness, and ‘Resources’ measures funding, human resource, and time 

for this implementation. ‘Regulatory capability for EMR-enabled care processes’ 

measures the ability of healthcare settings regarding design, implementation, and 

improvement of EMR-related activities. ‘EMR alignment to care processes’ measures 

customisation of EMR at healthcare settings and communication between clinical and 

IT staff for EMR implementation. ‘Clinical staff’s participation’ measures awareness, 

attitude, competency, and mental status of clinical staff members toward data 

completeness in EMR. ‘EMR integration’ measures the quality of EMR integration with 

different clinical systems and repositories including ease of use, usefulness, and 

compatibility. Four perspectives of data completeness (i.e. documentation, breadth, 

density, and predictive that elaborate the most frequently used situations to define and 

measure data completeness in the EMR context as advised by Weiskopf et al. (2013)) 

are utilised to measure ‘Data completeness in EMR’ in opposite to data quality. The 

definition and sources of these measure variables are presented in Appendix C. 

5.6 Conclusion 

 
In this chapter, we took advantages of prior models of factors influencing data quality 

in IS and data warehouses and drew on the model of factors influencing data quality 

management (Xiao, Xie & Wan 2009), to propose a conceptual model in the context of 

data completeness in EMR. Additionally, the literature on data completeness in electronic 

records, data quality management and quality management was reviewed and synthesised 

to develop 13 hypotheses for these factors. The current study thus makes two important 

contributions as presented below.  

5.6.1. Theoretical contributions  
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First, the identification of the factors that influence data completeness in EMR in this 

chapter provides an initial explanation of this phenomenon. We construct a conceptual 

model of factors influencing data completeness in EMR, developing the hypotheses for 

the relationships between these factors, which is lacking in the existing literature. 

Second, our conceptual model aligns well with breadth, depth and interaction dimensions 

to study the factors that influence data completeness in EMR. We extend the model of 

factors influencing data quality management within the context of EMR by adding one 

new factor and the relationships between the factors.  

Accordingly, we posit that other data quality problems also can be studied in a similar 

way. This study therefore encourages academics to (i) take advantages of inductive 

methods in the identification of practices that address other data quality problems in 

EMR; and (ii) adopt deductive methods to validate conceptual models.  

5.6.2. Practical contributions 
 

Understanding the factors influencing data completeness in EMR allows practitioners 

to become more aware of issues that need to be taken into consideration. The proposed 

model can be utilised as a tool by data consumers for achieving complete data in EMR. 

To address data completeness in EMR, this study suggests that practitioners should pay 

their attention to the following issues. First, the metrics of data completeness must be 

defined based on users’ requirements. The alignment between intention of data creation 

and its usage could serve as a basis for delivery of corresponding information products 

to users for specific tasks. Second, data completeness is a complicated concept and its 

problems could emerge at any point from data entry to data analysis and decision 

making. Effective managerial and technical strategies for addressing data completeness in 

EMR could enhance a clinical staff’s capability for improving the quality of clinical 

decision making and the quality of care.  

Note that a previous version of Chapter appeared in the Proceedings of the 51st Hawaii 

International Conference on System Sciences (C-1). Some wordings in this chapter are 

revised and added for the coherence of the whole thesis, in order to improve the transition 
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and flow between the sections. The original version of the publication is available via the 

following link: http://hdl.handle.net/10125/50245.  

This chapter serves as a conceptual study that investigates the literature and theoretical 

support to propose a conceptual model of factors influencing data completeness in EMR. 

The next chapter gives the results of evaluating the conceptual model based on the 

viewpoints elicited from the clinical practitioners in USA. 

 

 

 

 

  

http://hdl.handle.net/10125/50245
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Chapter 6 – Factors Influencing Data Completeness in Electronic 

Medical Records in USA 
 

Following the procedures of data analysis described in Section 3.2.4, we first describe 

the data examination for all data samples collected in the survey in Section 6.1, and 

then we give the results generated from the USA data samples to evaluate the conceptual 

model. 

6.1 Data examination 
 
This section is organised based on three activities of data examination as suggested by 

Hair et al. (2006) as well as Tabachnick and Fidell (2013): (i) evaluation of missing 

data, (ii) identification of outliers, and (iii) testing of assumptions underlying most 

multivariate techniques. 

6.1.1 Evaluation of missing data 
 
According to Tabachnick and Fidell (2013), missing data affects the generalisation of 

the results that require researchers to identify the type of missing data and assess the 

extent and patterns of missing data. In this research, a valid response for further analysis 

should achieve the criterion that each question has a complete and sole answer. Because 

the data collected from USA was based on the paper-based questionnaires, missing data 

process was difficult to control such as omission errors in writing. Among 96 responses 

physically collected from Nevada USA, 1 response had more than one answer to a 

single survey question, and 9 responses had more than one answer to a single survey 

question and meanwhile had at least one missing answer. These 10 responses considered 

as invalid responses were excluded for further analysis. Then we analysed another 10 

responses that only had missing answers. The extent to which the missing data was 

tabulated using the percentage of questions with missing data for each response as 

shown in Table 15.  
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Table 15. Missing data patterns for the data collected from USA in this 
research 
No. Respondent Number 

of 

missing 

Percentage 

of missing 

Missing data patterns 

V2 V8 V16 V18 V21 V23 V35 V41 V42 

1 UR24 1 2.1%       M   
2 UR35 1 2.1% M         
3 UR37 2 4.2%   M      M 

4 UR40 2 4.2%    M M     
5 UR41 1 2.1%  M        
6 UR42 1 2.1%        M  
7 UR44 1 2.1%        M  
8 UR57 2 4.2%  M    M    
9 UR72 1 2.1%       M   
10 UR93 1 2.1%       M   
Total 10 responses 13 2.8% 1 2 1 1 1 1 3 2 1 

Note that only the responses with missing data are shown.   
M denotes missing data. 
V stands for survey questions as variables.    

Table 15 shows that the missing data was not concentrated in a specific individual 

response or a specific set of questions. Based on Hair et al. (2006)’s rules of thumb for 

identifying missing data and applying remedies, “missing data under 10% for an 

individual case or observation can generally be ignored” (p.55), and therefore, these 

10 responses only with missing data should be eliminated for data analysis. Prior studies 

also discarded the responses with any missing data in their analysis when assessing their 

conceptual models of data quality management and improvement (e.g. (Kokemueller 

2011; Tee et al. 2007; Wixom & Watson 2001)). Accordingly, the rest 76 responses were 

remained for use in modeling and hypothesis testing.    

For the data collected from Australia and China, online questionnaire was used that can 

guide respondents to give a complete and sole answer to each question. Our survey 

engaged a total number of 322 participants to answer the questions (76 responses from 

Australia, 150 responses from China, and 96 responses from USA (paper-based)), and 

308 participants (64 from Australia, 148 from China, and 96 responses from USA 

(paper-based)) completed and submitted it (a good completion rate of 95.6%). For the 

data samples collected from USA, we discarded 20 invalid responses and remained 76 



109 

responses for data analysis in this research.   

6.2.2 Identification of outliers 
 
In this subsection, we examine the data for the presence of outliers and the type of their 

influence. All the included data samples were labelled by a letter followed by a number. 

For example, AR1 presents the first response in the Australian dataset; CR1 indicates 

the first response in the Chinese dataset; and UR1 describes the first response in the 

USA dataset. 

First of all, mean composites should be created for each of the latent variables (Alshehri 

2012; Saleh 2006). To detect univariate outliers, each of the latent variables were 

standardised. As noted in Hair et al. (2006)’s book, univariate outliers are defined as 

observations with absolute values of standardised scores on each of the variables in 

excess of 2.5 for a small sample size (80 or fewer observations). Tabachnick and Fidell 

(2013) indicated that the threshold value of standardised scores for univariate outliers 

reaches 3.29. Accordingly, most univariate outliers of the observations detected in this 

research fell within a permissible range and were retained for further analysis. Although 

resources have an extreme observation (i.e. CR13, with a value of standardised score 

greater than 3.29), all observations for this variable should be considered in the analysis 

as suggested by Hair et al. (2006) as well as Tabachnick and Fidell (2013). Table 16 lists 

the detection results of the outliers in this research. 

Table 16. Detection results of univariate and multivariate outliers in this 
research 

Univariate outliers Multivariate outliers 
Responses with standardised values in excess of 2.5 Responses with a value of D2/df in 

excess of 2.5 (df = 6) 
Variable Australia  China US Case  D2 D2/df 
CDS AR32 CR90  CR13 22.25 3.71 
RES  CR13, CR55  CR46 23.41 3.9 
RCCP  CR84 UR14, UR44 CR135 17.91 2.99 
EACP  CR11 UR14, UR44 UR16 16.37 2.73 
CSP    UR45 16.37 2.73 
EIN   UR3, UR30, UR40    
DC       
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In order to assess the multivariate outliers, Mahalanobis D2 was utilised as advised by 

Hair et al. (2006) as well as Tabachnick and Fidell (2013). The calculation of the D2/df 

value (df = 6) allows to identify the multivariate outliers, and a recommended threshold 

value for D2/df is 2.5 in a small sample size (Tabachnick & Fidell 2013). According to 

Table 16, no multivariate outlier was detected from the research data collected from 

Australia. As to the data collected from China and USA, two extreme observations (i.e. 

CR13 and CR46) were identified as multivariate outliers, however, these observations 

should be also included in the data analysis as advised by Hair et al. (2006).  

6.2.3 Testing of assumptions underlying multivariate techniques 
 
In addition to screening missing data and outliers, testing the data for assumptions 

underlying multivariate techniques would demonstrate compliance of the analyses and 

results with the requirements of the underlying statistical theory. In this thesis, we mainly 

address the testing of assumptions underlying multivariate techniques from normality.  

The most essential assumption underlying multivariate techniques is normality that can 

be divided into univariate and multivariate normality (Tabachnick & Fidell 2013). 

However, only univariate normality was assessed in the study, as multivariate normality 

is difficult to test, and examining and achieving univariate normality are sufficient for 

most cases (Hair et al. 2006). Univariate normality refers to the normal distribution of 

one variable that can be assessed by graphical analyses or statistical tests (Tabachnick 

& Fidell 2013). By visually examining the normal probability plot for each latent 

variable, the data points almost located on a straight diagonal line as shown in Appendix 

F, presenting a normal distribution. While in statistical tests, kurtosis and skewness were 

used to measure the distribution of each latent variable for univariate normality. The 

results in Table 17 present that all values of kurtosis and skewness for the latent 

variables were with the accepted range of the recommended threshold value (i.e. the 

threshold value of skewness and kurtosis achieves ±2.0 (Muthén & Kaplan 1985)).   
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Table 17. Results of testing univariate normality in this research 
Country Latent Variable Min Max Mean Std. Deviation Skewness Kurtosis 
Australia CDS 2.00 5.00 3.4114 .63396 .167 1.124 

RES 1.00 4.33 2.8667 .79349 -.085 -.027 
RCCP 1.57 4.00 2.8229 .56134 .016 .389 
EACP 1.75 4.00 2.8636 .65795 .263 -.967 
CSP 3.00 4.83 4.1563 .48864 -.601 .520 
EIN 1.86 3.86 3.1558 .54871 -.675 -.165 
DC 1.25 4.75 3.0625 .93318 -.013 -.422 

China CDS 2.71 5.00 4.2442 .60569 -.425 -.665 
RES 1.00 5.00 3.7005 .77833 -.163 .293 
RCCP 1.43 5.00 3.6660 .79575 -.027 -.289 
EACP 2.25 5.00 3.9752 .68490 -.052 0.790 
CSP 2.83 5.00 4.1869 .62806 -.165 -.886 
EIN 2.29 4.86 3.6739 .57670 -.297 -.216 
DC 1.75 5.00 3.7159 .78921 -.134 .124 

USA CDS 2.29 4.57 3.3534 .64838 .092 .276 
RES 2.33 5.00 3.7675 .84681 -.124 -1.298 
RCCP 1.86 4.29 3.4060 .55601 -.758 .200 
EACP 1.50 4.75 3.3520 .72707 -.545 -.032 
CSP 2.33 4.50 3.5921 .53222 -.932 .426 
EIN 2.29 4.14 3.2707 .39076 -.292 .540 
DC 1.75 4.50 3.2763 .65648 -.458 .079 

 
The results of the data examination show that almost all of the collected data was free 

from univariate outlier and multivariate outlier and this data appeared a normal distribution. 

This data examination helps ensure the use of eligible data in further analysis as presented 

in the following section. 

6.2 Factors influencing data completeness in electronic medical records in 

USA 
 
In this section, we present the results based on the analysis of the data collected from 

USA and discuss our research findings. Note that this section has been published in the 

International Journal of Information Management (J-2). Some wordings in this section 

are revised and added for the coherence of the whole thesis, in order to improve the 

transition and flow between the sections. 
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6.2.1 Introduction 
  

Recent development in the effect of IT capabilities on organisational performance 

highlights the role of data quality. For instance, Mithas, Ramasubbu and Sambamurthy 

(2011) defined data management capability as the ability of firms to utilise their IT 

capabilities in order to achieve high-quality data that in return influences the firms’ 

performance. In order to improve data quality to increase the firms’ performance, there 

has been a large body of literature addressing factors influencing data quality (Al-

Hiyari, AL-Mashre & Mat 2013; Tee et al. 2007; Xu, Koronius & Brown 2003). Xiao, 

Xie and Wan (2009) proposed a conceptual model of the factors influencing enterprises 

to improve data quality. However, how these theoretical constructs can be utilised to 

understand the factors influencing data completeness as a dimension of data quality is 

not clear. This study aims to investigate the factors influencing data completeness in 

the context of electronic medical records (EMR). Xiao, Xie and Wan’s model (2009) is 

extended by adding ‘resources’ to the constructs of the conceptual model and through 

exploring the factors influencing data completeness in EMR. The extended model is 

then evaluated by a survey of seventy-six clinical practitioners who were working at 

healthcare settings in northern Nevada. 

As an example of the undefined processes on addressing data completeness of EMR, 

this study has been motivated by a case of diabetes management in 2015; hereafter to 

be referred as “diabetes case”. This case aimed at improving diabetes management for 

patients across thirty-six different medical clinics in Australia by continuously analysing 

daily generated EMR. Within these thirty-six clinics, an analytics infrastructure was 

implemented that linked the daily generated EMR of the diabetes patients. A centralised 

statistical engine then was conducting a weekly predictive analysis. On the physicians’ 

office computer, the system provided an application that was using the centralised 

weekly analysis to predict which patients were at risk of developing diabetes. However, 

the case failed to deliver its objectives. The source of this failure was traced to the data 

incompleteness of EMR being entered at clinics.  
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Data completeness, as an essential dimension of data quality, describes the extent to 

which all required data is available for a given task (Batini et al. 2009; Kwon, Lee & 

Shin 2014; Wang & Strong 1996). Problems associated with data incompleteness can 

have severe consequences in healthcare. It was reported a large healthcare consortium 

fined $2.5 million since they failed to turn over complete data on patient care to the 

state's Medicaid program (Terhune 2017). As noted in Royal Philips (2017)’s report, 

having incomplete data on patients’ records has posed the greatest threat to patient care 

in the United States.  

Although data completeness has been the subject of research in the last three decades, 

addressing data completeness for the quality of care is still a significant challenge in 

healthcare. The example of the undefined processes on addressing data completeness 

of EMR illustrated above also reveals that this data quality problem should be considered 

as priority at clinics. However, specific concepts pertaining to the factors influencing 

data completeness in EMR remain unclear (Liu et al. 2017). Because addressing data 

completeness in EMR presents unique challenges (e.g. lack of standardisation across 

different EMR system platforms (Kadhim-Saleh et al. 2013)), in this work drawn on 

the literature of data completeness in the context of EMR we are interested to study and 

better understand these factors. 

Prior work (Kwon, Lee & Shin 2014) examines the influence of data completeness on 

data usage experience, however, the current study aims to address the factors influencing 

data completeness, as a dimension of data quality, in the context of EMR. Data 

completeness problems can be due to missing values in a record and can also pertain to 

missing records for an entity (Liu, Li & Zou 2016). In this study, we are concerned with 

missing values in electronic medical records due to data misrepresentation made by 

individual clinical staff. Accordingly, the following research questions (RQs) guide this 

study:  

RQ 6: What are the factors that influence data completeness in electronic medical 

records?  
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RQ 7: What are the relationships between the factors that influence data completeness 

in electronic medical records? 

This research is an attempt to bridge the gap of exploring the factors influencing data 

completeness in EMR in the literature by extending the model of factor influencing data 

quality management (Xiao, Xie & Wan 2009). Our present work therefore makes both 

academic and practical contributions. The academic contribution includes an empirical 

study that assesses the conceptual model and identified the factors influencing data 

completeness in EMR and relationships between these factors. Furthermore, this study 

allows practitioners to pay attention to these factors and identify problem areas that 

need to be addressed in order to improve EMR data completeness.   

The remainder of this section is organised in the following ways: Section 6.2.2 outlines 

the theoretical support of data quality management and improvement. Section 6.2.3 

summarises a conceptual model of factors influencing data completeness in EMR 

together with hypotheses of the relationships between these factors; Section 6.2.4 

describes research method used to test the conceptual model; Section 6.2.5 presents the 

results of data analysis; Section 6.2.6 discusses the findings and the limitations of this 

study and future work; and Section 6.2.7 concludes the chapter. 

6.2.2 Literature review 
  

6.2.2.1 Definition of data completeness 

The definition of quality is described both as “fitness for use” and as “conformance to 

requirements” (De Feo & Juran 2017), which helps distinguish data quality and 

information quality (Tilly et al. 2017). For instance, Tilly et al. (2017) attempted to 

differentiate the two from definition of data and information, and indicated that data is 

objective to present a phenomenon unrelated to the information system while information 

is subjective to put the data into context using the information system that users can 

understand. This study focuses on data completeness that is an essential dimension of 

data quality (Ozmen-Ertekin & Ozbay 2012; Wang & Strong 1996), and thus, we draw 
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on the data quality literature to study and understand the factors influencing data 

completeness in EMR. 

Data completeness, depicting the extent to which all required data is available for a given 

task, can be also considered as ‘context specific’ (Batini et al. 2009; Kwon, Lee & Shin 

2014; Wang & Strong 1996). In this light, within the context of EMR, Weiskopf et al. 

(2013) divided the definition of completeness into four perspectives: documentation, 

breadth, density, and predictive as described in Table 18. In this study, we utilise these 

four perspectives to better understand and measure data completeness in EMR. We 

acknowledge the theoretical differences between data and information, however, to 

simplify the presentation and improve the readability of the work we do not differentiate 

between data completeness and information completeness. 

Table 18. Definition of EMR data completeness taken from Weiskopf et al. (2013) 
(pp. 831-832) 
Definition Description 
Documentation “a record contains all observations made about a patient” 
Breadth “a record contains all desired types of data” 
Density “a record contains a specified number or frequency of data points over time” 
Predictive “a record contains sufficient information to predict a phenomenon of interest” 

 

6.2.2.2 Theoretical support to factors influencing data completeness as a dimension of 

data quality 

Decades of empirical studies on factors influencing data quality have made substantial 

theoretical and empirical contributions to the development of conceptual models of data 

quality management and improvement. For example, Xu, Koronius and Brown (2003) 

reported a study on the identification of factors influencing data quality in accounting 

information systems. Thereafter, a body of empirical studies (e.g. Nord, Nord and Xu 

(2005), Xu (2009), Xu and Lu (2003), and Xu (2013)), have furthered the understanding 

of these factors based on Xu, Koronius and Brown’s model (2003). Similarly, a few 

researchers (e.g. Al-Hiyari, AL-Mashre and Mat (2013); Tee et al. (2007), Kokemueller 

(2011), Xiao, Xie and Wan (2009), and Wixom and Watson (2001)), empirically 
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validated their conceptual models of data quality management and improvement and 

examined the relationships between the factors influencing data quality. 

Rationales for the use of Xiao, Xie and Wan’s model 

The relationships between factors influencing data quality could help explain the 

underlying mechanisms to achieve high-quality data that allows us to potentially preserve 

data quality or systematically reduce bad quality data. Establishing the relationships 

between these factors is a significant enabler to guarantee data quality. The four conceptual 

models that have established the relationships between the factors influencing data 

quality (Al-Hiyari, AL-Mashre & Mat 2013; Kokemueller 2011; Tee et al. 2007; Xiao, 

Xie & Wan 2009) are suggested as a starting point to derive the conceptual model of 

factors influencing data completeness in EMR. Furthermore, commitment of top 

management and engagement of staff members play essential roles in the success of 

quality management (Ross 2017) and thus, both top management level (top management 

commitment) and staff member level (staff’s participation) should be considered when 

studying the factors influencing data quality (e.g. Al-Hiyari, AL-Mashre and Mat 

(2013) as well as Xiao, Xie and Wan (2009)). Meanwhile, the most frequently used 

factors in the four conceptual models cover human, managerial, and technical factors 

that influence data quality. 

Accordingly, Al-Hiyari, AL-Mashre and Mat (2013) as well as Xiao, Xie and Wan 

(2009) developed a more inclusive conceptual model for factors influencing data quality. 

However, Al-Hiyari, AL-Mashre and Mat (2013) utilised the data from the students’ 

perspective not from practice to test their model that may have an impact on the validity 

of the results. Therefore, we select Xiao, Xie and Wan’s model (2009) as our theoretical 

lens to understand the factors influencing data completeness in EMR. The five factors 

included in the model of factors influencing data quality management (Xiao, Xie & Wan 

2009) are top management support (TMS), capability on the regulation and process 

management (CRPM), business-IT alignment (BITA), staff participation (SP), and 

integration of information systems (IIS) factors as shown in Figure 6. 
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Figure 6. The model of factors influencing data quality management taken from 
Xiao, Xie and Wan (2009) 

 

6.2.3 Hypothesis development 
 
Drawn on the model of factors influencing data quality management (Xiao, Xie & Wan 

2009), due to significant impact of ‘resources’ on ‘organisational implementation 

success’ for improving data quality that reflects the ‘capability of regulation and 

process management’ in an organisation (Kokemueller 2011), ‘resources’ is added in 

the resulting conceptual model. Figure 7 presents the conceptual model being examined 

in this study, adopting solid lines to present the constructs with significant relations 

between these constructs in Xiao, Xie and Wan’s model (2009), in the EMR context. 

Furthermore, this figure uses dotted lines to highlight new factor and relationships added 

in the conceptual model of factors influencing data completeness in EMR, based on the 

existing empirical studies on data completeness in EMR. 

 

Figure 7. The conceptual model of factors influencing data completeness in EMR 
being examined in this study (Liu et al. 2018) 

 
The conceptual model entails human, managerial, and technical factors. Among of 

them, human factors pertain to clinic director and clinical staff; managerial factors 

include ‘resources’, ‘regulatory capability for EMR-enabled care processes’, and ‘EMR 
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alignment to care processes’, while technical factor refers to ‘EMR integration’. 

Furthermore, the conceptual model discusses the factors influencing data completeness 

in EMR both at top management level (‘clinic director’s commitment’) and staff 

member level (‘clinical staff’s participation’). At the same time, (i) the relationships 

between the factors and data completeness in EMR as well as (ii) the relationships 

between these factors are included in the conceptual model. Appendix C presents the 

definition of the constructs in the conceptual model. 

6.2.3.1 Relationship between clinic director’s support for EMR implementation and 

regulatory capability for EMR-enabled care processes  

Researchers have asserted that top management commitment contributes to the regulation 

formulation and process management for IS implementation, because decision makers’ 

attitude and knowledge about innovative IS and data quality initiatives determine the 

extent to which management support to these initiatives can be created (Kokemueller 

2011; Wixom & Watson 2001) as well as institutional and process design for embracing 

these initiatives can be driven (Xiao, Xie & Wan 2009). Similarly, regulatory capability 

of EMR-enabled care processes toward data completeness in EMR cannot overlook the 

support from clinic director. The following hypothesis was proposed. 

      Hypothesis (H1):A high level of clinic director’s support for EMR implementation 

is positively associated with regulatory capability for EMR-enabled care processes. 

6.2.3.2 Relationship between clinic director’s support for EMR implementation and 

EMR alignment to care processes 

The IS implementation includes a process of business-IT alignment in organisations 

and decision makers need to carry out decisions for achieving this alignment (Xiao, Xie 

& Wan 2009). Similarly, clinics also need to address alignment of EMR to care 

processes for EMR implementation. A good understanding and knowledge about EMR 

could drive clinic director to make commitment to communication between IT and 

clinical staff for EMR implementation as suggested by Gopalakrishna-Remani, Jones, 
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and Camp (2018). This alignment would further the use of EMR in clinics to address 

EMR data completeness. The following hypothesis was proposed. 

    Hypothesis (H2): A high level of clinic director’s support for EMR implementation 

is positively associated with EMR alignment to care processes. 

6.2.3.3 Relationship between resources and regulatory capability for EMR-enabled 

care processes  

Resources play an important role in IS implementation, because the implementation of 

IS is time-consuming and expensive (Kokemueller 2011; Wixom & Watson 2001). The 

project timeline is influenced by the amount of time and the people assigned to do the 

tasks related to IS implementation (Wixom & Watson 2001). Furthermore, EMR 

implementation requires large investment on technologies (Williams & Boren 2008). 

For clinics, without sufficient funding, human resources, and time for EMR implementation, 

the relevant activities are unlikely to conduct (Shaw 2014). Thus, EMR-enabled care 

processes could be limited that further affects EMR data completeness. The following 

hypothesis was proposed. 

    Hypothesis (H3): A high level of resources is positively associated with 

regulatory capability for EMR-enabled care processes. 

6.2.3.4 Relationship between resources and EMR alignment to care processes 

EMR alignment to care processes involves communication about EMR implementation 

between clinical and IT staff. Users’ requirements about EMR integrated into care 

processes are needed to capture by analysing the current system and interviewing users 

(Staff, Roberts & March 2016). Hence, a set of considerable resources are in need of 

being addressed for organising and supporting a network of users in the process of 

interviews (Kushniruk & Nøhr 2016). Resources could have an impact on the alignment 

of EMR to care processes. The following hypothesis was proposed. 

    Hypothesis (H4): A high level of resources is positively associated with EMR 

alignment to care processes. 
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6.2.3.5 Relationship between resources and EMR integration  

The EMR are scattered across clinical systems and repositories, providing an overview 

for a patient by integrating diverse data sources (Aanestad et al. 2017). This integration 

is dependent on supporting technologies such as data warehousing that to some degree 

determines the extent to which the data is aggregated from different systems (Narra, 

Sahama & Stapleton 2015). If a clinic with sufficient funding, IT professionals and time 

for EMR implementation, it could have better chance to address EMR integration that help 

aggregate complete data from various data sources. The following hypothesis was 

proposed. 

    Hypothesis (H5): A high level of resources is positively associated with EMR 

integration. 

6.2.3.6 Relationship between regulatory capability for EMR-enabled care processes 

and clinical staff’s participation  

Based on structured rules and procedures in the use of IS, individuals are required to 

follow a set of regulations and processes for addressing data quality (Xiao, Xie & Wan 

2009). Structured procedures of data collection could guide staff members in addressing 

EMR data completeness (Staff, Roberts & March 2016). Furthermore, clinics may 

emphasise the importance of EMR data completeness in training that could make staff 

members realise consequences of incomplete EMR data in patient care. Therefore, staff 

members would favorably follow the relevant policy and play their roles in addressing 

EMR data completeness. The following hypothesis was proposed. 

    Hypothesis (H6): A high level of regulatory capability for EMR-enabled care 

processes is positively associated with clinical staff’s participation. 

6.2.3.7 Relationship between regulatory capability for EMR-enabled care processes 

and EMR integration 

Structured regulation and process management contribute to IS integration in organisations 

(Xiao, Xie & Wan 2009). Within the context of EMR, a well-established system for 
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data quality management (e.g. establishing data quality goals in clinics) in EMR 

implementation could help aggregate quality data during EMR integration in order to 

deliver the corresponding data products for different use. With complete and detailed 

standard and process representations, IT professionals could better support EMR integration 

to address data completeness in EMR (Kelley et al. 2015). The following hypothesis 

was proposed. 

    Hypothesis (H7): A high level of regulatory capability for EMR-enabled care 

processes is positively associated with EMR integration. 

6.2.3.8 Relationship between regulatory capability for EMR-enabled care processes 

and EMR data completeness   

The implementation of innovative IS may change routine business processes, and if the 

management team can put change management programs in place and encourage 

organisational members to embrace these innovations, the implementation of IS could 

lead to a high level of data quality (Wixom & Watson 2001). Therefore, a structured 

process designed to deal with human factors through behavior change contributes to 

achieving the expected benefits of EMR implementation (e.g. collecting quality data) 

(Jawhari et al. 2016). The following hypothesis was proposed. 

    Hypothesis (H8): A high level of regulatory capability for EMR-enabled care 

processes is positively associated with data completeness in EMR. 

6.2.3.9 Relationship between EMR alignment to care processes and clinical staff’s 

participation  

Researchers indicate that organisations and individuals cannot fully realise the benefits 

of IT in the business unless and until IT and business closely tied (Gerow, Thatcher & 

Grover 2015). An effective understanding and communication between business and IT 

could improve staff members’ ability to apply IS (Xiao, Xie & Wan 2009). Similarly, 

the workflow of EMR integrated into the care processes could be better accepted into 
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clinics, and therefore, clinical staff are likely to use complete EMR data in care delivery 

(Herzberg et al. 2011). The following hypothesis was proposed. 

    Hypothesis (H9): A high level of EMR alignment to care processes is positively 

associated with clinical staff’s participation. 

6.2.3.10 Relationship between EMR alignment to care processes and EMR integration  

As noted in Xiao, Xie and Wan (2009), the alignment between IT and business showcases 

the capability of inter-departmental coordination and communication that promotes the 

integration of information systems. Within the context of EMR, first, the communication 

between IT and clinical staff has the potential to solve mismatch problems between 

EMR and care processes and consider opportunities for use of the EMR data in care 

(Cohen, Coleman & Kangethe 2016; Herzberg et al. 2011). Second, EMR fit to work 

requirements in care processes could well prepare data across systems and repositories 

to support clinical staff (Moon, Hills, & Demiris 2018; Schweitzer, Lasierra & Hoerbst  

2016; Sherer et al. 2015). Hence, EMR alignment to care processes influences EMR 

integration, including (i) communication between clinical and IT staff and (ii) EMR 

customisation in care processes. The following hypothesis was proposed. 

    Hypothesis (H10): A high level of EMR alignment to care processes is positively 

associated with EMR integration. 

6.2.3.11 Relationship between clinical staff’s participation and EMR data completeness  

It is reported that the insufficient knowledge about data entry could result in incomplete 

data during care delivery (Kelley et al. 2015). Additionally, if a staff member lacks the 

awareness about importance of addressing completeness at point of data recording, data 

delays or omission errors might occur due to human carelessness (Warsi, White & 

McCulloch 2002). Again, the time limitation for recording tasks puts staff members 

under pressure, resulting in more missing items during the data entry (Staff, Roberts & 

March 2016; Warsi, White & McCulloch 2002). Because the data may not be available 
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at the time where data needs to be entered in EMR, this unavailability of data will lead 

to data incompleteness. The following hypothesis was proposed. 

    Hypothesis (H11): A high level of clinical staff’s participation is positively 

associated with data completeness in EMR. 

6.2.3.12 Relationship between EMR integration and EMR data completeness   

The integration of data is one of the most common big challenges in data management 

for ensuring data quality (Lismont et al. 2017; Nam, Lee, & Lee 2018), because 

integration technologies could determine the extent to which the data can be aggregated 

from different systems (Xiao, Xie & Wan 2009). The EMR data is scattered across 

multiple clinical systems and repositories for patient-centred continuity of care 

(Aanestad et al. 2017). Data errors could occur if clinical systems and repositories are 

poorly integrated, thus reducing data quality in EMR (Carvalho et al. 2018). The 

following hypothesis was proposed.  

    Hypothesis (H12): A high level of EMR integration is positively associated 

with data completeness in EMR. 

6.2.3.13 Relationship between EMR integration and clinical staff’s participation   

EMR aggregate data across multiple clinical systems and repositories, allowing users 

to approach the integrated data from different sources simultaneously for decision 

making (Wu, Kao & Sambamurthy 2016). A high level of EMR integration could 

improve users’ understanding of EMR technology and its benefits, and these effective 

data practices promote further use of EMR in care delivery (Porcelli, Waitman & 

Brown 2010; Sherer et al. 2015). Accordingly, clinical staff are willing to participate in 

the tasks related to addressing data completeness, resulting in better data completeness 

in EMR. This study hypothesised: 

 Hypothesis (H13): A high level of EMR integration is positively associated 

with clinical staff’s participation. 
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Since the alignment of EMR to care processes includes communication between clinical 

and IT staff for EMR implementation, this implies that clinical staff involve in the 

process of EMR alignment to care processes. Thus, the conceptual model does not 

consider the influence of the construct clinical staff’s participation on the construct 

EMR alignment to care processes. 

6.2.4 Research method 
 

6.2.4.1 Operationalisation and measurement of constructs 

The constructs in the conceptual model of factors influencing data completeness in 

EMR were operationalised based on their measures in a questionnaire survey of clinical 

practitioners in north Nevada. Appendix C presents the definition of the measures under 

each construct and sources of survey questions.  

The initial survey instrument was designed and developed following the process 

suggested by MacKenzie, Podsakoff and Podsakoff (2011). The measure variables for 

each construct were extracted and revised based on Xiao, Xie and Wan’s model (2009) 

and the relevant literature on EMR, data quality, and data completeness (American 

Academy of Family Physicians 2017; De Feo & Juran 2017; Herzberg et al. 2011; Staff, 

Roberts & March 2016; Warsi, White & McCulloch 2002; Weiskopf et al. 2013; 

Wixom & Watson 2001; Wrightson 2010). To ensure that our results are specific to 

data completeness as opposed to data quality, the four definitions of data completeness 

(as presented in Table 18 including documentation, breadth, density, and predictive) as 

advised by Weiskopf et al. (2013) were utilised as the measure variables to construct 

data completeness in EMR. The instrument used in this study includes two parts. The 

first part contains a set of questions about the demographic information of participants 

and their organisations. The second part concerns the survey questions for the measures 

of the constructs based on a five-point Likert scale ranging from 1 (“Strongly disagree”) 

to 5 (“Strongly agree”). The five-point Likert scale was used to measure our constructss 

advised by Xiao, Xie, and Wan (2009), and we could also ascertain whether new 

relationships proposed between these constructs are supported in this study, compared 
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with Xiao, Xie, and Wan’s model (2009) (see Figure 6). The survey questions identified 

from prior studies (as shown in Appendix C) were revised through several iterations, 

based on the review by academics with specific expertise in data quality, EMR, 

information systems, software development and survey construction and the pre-test by 

physicians in clinics. These multiple iterations of instrument development assisted in 

the tasks of establishing the content validity for the survey. To reduce marginal error, 

some questions were reversely arranged (Wixom & Watson 2001; Xiao, Xie & Wan 

2009). All questions in the survey for the constructs are available in Appendix C and 

Appendix E. 

6.2.4.2 Research site and data collection 

We selected Nevada as our research site for two reasons. First, one of the coauthors of 

this paper works in Nevada that has a good opportunity to approach clinical practitioners 

(convenient sampling). Second, Nevada has a HealthInsight Regional Extension Center 

that provides education and technical assistance to physicians that allows them to 

improve the quality of care using EMR (National Center for Medical Records 2018). 

Hence, the clinical practitioners could have great potential to address data completeness 

in using EMR. We expect to gain insights of the factors influencing data completeness 

in EMR based on the viewpoints of clinical practitioners from northern Nevada.   

The data analysed in this study was collected in a medical informatics workshop (only 

one workshop) that was held at the University of Nevada Reno at the beginning of 

April, 2018 to improve data practices of using EMR during care delivery, involving 

medical professionals (physician, nurse, and administration staff) from various clinical 

centers across northern Nevada. The paper-based questionnaires (n = 96) were advertised 

and available to be picked up at the workshop to capture the participants’ experience of 

using EMR in their workplace. A brief description of the purposes of the survey and the 

instructions about completing the questionnaire was given to the participants before 

they answer the questions.  
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6.2.4.3 Data analysis 

The unit of data analysis is each questionnaire collected from the survey. In this study, 

the sample size for the data analysis was 76. The data provided was de-identified, and 

therefore, only the data related to the survey questions were imported, coded, and edited 

using SPSS for the data analysis. Because the responses were collected from those 

clinical practitioners who are interested in the topics related to EMR, this could result 

in bias in our sample.  

As noted in Haneem et al. (2019), the analysis of the collected data should start with 

preliminary analysis that includes a non-response bias test and common method 

variance (CMV) tests. As mentioned, a total of 96 paper-based questionnaires were 

distributed in the workshop and all the questionnaires were available to collect. 

Furthermore, the questionnaires were collected together when the workshop finished, 

and late responses did not exist as well. Hence, non-response was not likely to be a 

concern of this study. For CMV, because both independent and dependent variables 

were collected from the same respondents, it is important to examine the systematic 

error variance derived from measurement with the same source or method (Richardson, 

Simmering, & Sturman, 2009). More details about CMV tests are given in Section 6.2.5.1.    

The conceptual model was tested using Partial Least Squares (PLS) approach. This 

approach is appropriate for the present study because the PLS approach is useful in the 

context of small sample size and formative constructs (Hair et al. 2017; Wixom & 

Watson 2001). PLS handles both very small and very large samples easier than structural 

equation modeling (SEM), because PLS is not sensitive to sample size considerations 

(Hair et al., 2006). “(for PLS). Power analysis based on the portion of the model with 

the largest number of predictors. Minimal recommendations range from 30 to 100 cases 

(for covariance based SEM)” (Akgün et al., 2014, p.42) (Chin & Newsted, 1999, p. 314). 

Obviously, our sample size satisfies this recommendation. By using the tool smartPLS 

3.0, we conducted the reliability and validity test for the latent variables (constructs) in 

the conceptual model and tested the hypotheses. 
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6.2.4.4 Sample size 

A total of 96 questionnaires were returned. Because a valid questionnaire for further 

analysis was defined in this study as that each question in the questionnaire has a 

complete and sole answer, we discarded 20 responses that had more than one answer to 

one question and/or missing answers, resulting in 76 valid questionnaires. Table 19 

gives the demographics of the respondents in USA. As noted in Pedhazur and Schmelkin 

(1991), a sample size of 50 cases (participants) per factor was considered as the baseline 

for factor analysis, and our sample size of the study is well above this baseline. 

Table 19. Demographics of the USA respondents based on their characteristics 
Characteristic  Frequency Percent Characteristic  Frequency Percent 
Gender     Final degree     
     Male 42 55.3     Undergraduate 31 40.8 
     Female 34 44.7     Postgraduate 45 59.2 
Age        
     20 - 39 years   32 42.1    
     >= 40 years 44 57.9 Job position     
Years of experience         Physician 26 34.2 
     < 5 years 43 56.6     Nurse 28 36.8 
     >= 5 years 33 43.4     Administration staff 22 29.0 
Total  76 100.0 Total  76 100.0 

 

6.2.4.5 Control variable 

Since all practitioners were invited to answer the survey questions based in Nevada, 

USA and they are subject to the same regulations under the State health system and the 

EPIC EMR systems (Epic Systems Corporation 1979). Few differences occur between 

their practices and experience of using EMR that need to be controlled in the analysis. 

However, some respondents were clinical staff (including physicians and nurses), and 

the others were administration staff that may lead to dissimilarities in their answers. 

Given the influence of job position on perceptive data quality in Tee et al. (2007)’s 

study, we account for any difference in the factor influencing data completeness in 

EMR attributable to job positions. Accordingly, in this study we focus on the clinical 

staff’s perspective. 

6.2.5 Results  
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In order to assess the conceptual model, (i) the properties of the scales used to measure 

the variables in the model (e.g. the measurement model) and (ii) the strengths and 

directions of the relationships among the variables (e.g. the structural model) were 

analysed as suggested by prior literature (Anderson & Gerbing 1988; Wixom & Watson 

2001). This section outlines the results on the tests of the measurement model and the 

structural model. 

6.2.5.1 Measurement model 

To test the measurement model, convergent and discriminant validity for all scales were 

accessed in this study. While our survey instrument was drawn from several instruments 

and then revised through expert input and pre-test, it is the same as a new instrument 

that needs the examination of its unidimensionality. Unidimensionality means that all 

items contribute to measuring a single underlying trait (Gerbing & Anderson, 1988). 

We thus firstly examined the unidimensionality for these measures. Since PLS cannot 

directly measure unidimensionality, we carried out the scree test to identify the number 

of latent constructs on the dataset using SPSS (Thakurta, Urbach & Basu, 2018). Then 

we used smartPLS 3.0 with the number of iterations set as 300 to assess factor loadings 

for these measures. Table 20 presents the results on the factor analysis of these constructs. 

According to Hair et al. (2006), only variables with a factor loading equal to or greater 

than 0.5 are chosen in the measurement model. We therefore discarded three measures 

with a factor loading less than 0.5 (i.e. ‘PM3’, ‘SAW1’, ‘UFN1’, and ‘SAT’) to enhance 

the measurement model, resulting in 20 measure variables for further analysis. Appendix 

G also provides the results of scree test before and after revising the measurement model, 

indicating seven latent constructs recommended in the revised measurement model that 

are consistent with the number of the constructs proposed in the conceptual model. 

Furthermore, Harman’s single-factor test and full collinearity variance inflation factors 

(VIF) were carried out to examine the presence of CMV, as advised by Haneem et al. 

(2019). Harman’s single-factor test results showed the maximum co-variance explained 

by one factor exhibited 27.93% variance, which is less than 50%. Furthermore, we have 
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assessed a full collinearity test by PLS to generate VIFs for all latent variables in the 

conceptual model. As shown in Appendix H, most VIFs resulting from the full collinearity 

test are lower than 3.3 (the VIF of H11 was very closed to 3.3 and less than 5.0 that can 

be still acceptable (Kock 2011)), and the model can be considered free of common 

method bias (Kock 2015). Therefore, the traditional single-factor test and the full 

collinearity assessment reveal that CMV in this study was not an issue. 

Table 20. Results of factor analysis based in the data samples collected from USA 

Constructs Measure Variables Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

Clinic director's support for 

EMR implementation (CDS) 

Awareness (DAW) 0.781 1.418 DAW1 3.06 0.979 0.874 

  DAW2 3.24 0.845 0.821 

Attitude (DAT) 0.806 1.668 DAT1 3.39 0.998 0.691 

  DAT2 3.69 1.146 0.730 

Competency (DCY) 0.890 1.855 DCY1 3.52 0.906 0.742 

  DCY2 3.30 0.903 0.799 

  DCY3 2.96 0.910 0.657 

Resources (RES) 

  

 

  

Funding (FUN) 0.815 1.815 FUN1 3.96 1.228 1.000 

Human resource (HR) 0.501 1.074 HR1 3.80 0.979 1.000 

Time (TIM) 0.867 1.899 TIM1 3.65 1.102 1.000 

Regulatory Capability for 

EMR-Enabled Care 

Processes (RCCP) 

Data quality 

management (DQM) 

0.982 2.535 DQM1 3.67 0.673 0.560 

  DQM2 3.56 0.945 0.756 

  DQM3 3.67 0.727 0.591 

  DQM4 3.19 1.083 0.546 

Process management 

(PM) 

0.882 2.535 PM1 3.48 0.986 0.792 

  PM2 3.04 1.027 0.796 

  PM3 3.28 1.188 0.409 

EMR Alignment to Care 

Processes (EACP) 

Customisation (CUS) 0.944 1.653 CUS1 3.43 0.964 1.000 

Communication (COM) 0.850 1.653 COM1 3.04 0.672 0.749 

  COM2 3.50 0.947 0.806 

  COM3 3.26 1.049 0.753 

Clinical staff’s participation 

(CSP) 

Awareness (SAW) 0.944 3.050 SAW1 3.43 0.690 0.044 

  SAW2 3.65 1.012 0.863 

  SAW3 3.89 0.793 0.614 

Attitude (SAT) 0.457 - SAT1 3.50 0.720 1.000 

Competency (SCY) 0.780 2.236 SCY1 3.74 0.975 1.000 

Mental status (SMS) 0.626 1.588 SMS1 3.61 1.036 1.000 

  EMR integration (EIN) Ease of use (EOU) 0.518 1.111 EOU1 3.72 0.712 1.000 

Usefulness (UFN) 0.901 1.906 UFN1 3.17 0.746 0.193 

  UFN2 3.24 1.027 0.580 

  UFN3 3.09 0.708 0.782 

  UFN4 3.50 1.178 0.531 

Compatibility (CMP) 0.874 1.788 CMP1* 2.52 0.885 -0.919 
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Table 20. Results of factor analysis based in the data samples collected from USA 

Constructs Measure Variables Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

  CMP2 3.63 1.087 0.673 

Data completeness in EMR 

(DC) 

Documentation (DOC) 0.618 1.167 DOC1 3.35 0.756 1.000 

Breadth (BRE) 0.755 1.501 BRE1 3.24 1.027 1.000 

Density (DEN) 0.601 1.161 DEN1 3.26 0.782 1.000 

Predictive (PRE) 0.849 1.682 PRE1 3.24 1.098 1.000 

“*” means this measure was reverse coded. 

According to Freeze and Raschke (2007), reflective and formative measures should be 

treated differently. In the conceptual model, reflective constructs are ‘clinic director’s 

support to EMR implementation’, ‘clinical staff’s participation’, and ‘data completeness 

in EMR’. Because reflective measures are caused by the latent construct, their internal 

consistency and reliability can be tested using Cronbach’s α coefficient. To examine 

convergent validity for reflective constructs, three criteria suggested by Hair et al. 

(2006) were used in this study: (i) factor loading estimates should be at least 0.5 or 

higher; (ii) internal consistency reliability should be 0.6 or higher; and (iii) average 

variance extracted (AVE) should be 0.5 or higher. Given the results by Table 20 and 

Table 21, the reflective constructs in the measurement model was well above the recommended 

thresholds. 

Formative measures represent instances in which the indicators cause the latent 

construct, and internal consistency (reliability testing) is not appropriate for formative 

constructs (Freeze & Raschke 2007). In this study, formative constructs include 

‘resources’, ‘regulatory capability of EMR-enabled care processes’, ‘EMR alignment 

to care processes’ and ‘EMR integration’. While multicollinearity is desirable for reflective 

measures, excessive multicollinearity is a significant problem for formative measures 

that can destabilise the construct (Jarvis, MacKenzie, & Podsakoff 2003). To ensure 

that multicollinearity problem does not exist between indicators for the constructs, 

variance inflation factors (VIF) were tested as advised by (Cenfetelli & Bassellier 2009; 

Hair, Ringle & Sarstedt 2011; Baabdullah et al. 2019). All values extracted in this 

respect were noticed within their recommended level (VIF < 10) (Cenfetelli & Bassellier 

2009), as shown in Table 20. According to Cenfetelli and Bassellier (2009), the array 
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of formative measures employed to measure the construct should be evaluated to determine 

whether the chosen measures have any conceptual overlap; and bivariate correlation 

between formative measures and the construct should be reported. We thus examined 

the relevance of the measures on the formative constructs to the conceptual model by 

reviewing the relevant literature as advised by Wixom and Watson (2001). Table 20 

also reports the factor loading estimates for these formative measures.  

To examine discriminant validity of the measurement model, we used the criteria that 

the square root of AVE of the latent variable should be greater than the correlation 

coefficient of other latent variables (Fornell & Larcker 1981). Table 21 demonstrates 

that the revised construct measures have an adequate discriminant validity. 

Table 21. Convergent and discriminant validity of the measurement model based 
in the data samples collected from USA 
Construct Cronbach's α 

coefficient 

Composite 

Reliability 

AVE Factor Correlations 

CDS RES RCCP EACP CSP EIN DC 

CDS 0.769 0.863 0.679 0.824             

RES    0.498 N/A           

RCCP    0.607 0.423 N/A         

EACP    0.618 0.450 0.679 N/A       

CSP 0.729 0.845 0.654 0.589 0.364 0.799 0.722 0.809     

EIN    0.495 -0.005 0.680 0.451 0.739 N/A   

DC 0.668 0.801 0.508 0.713 0.259 0.715 0.614 0.707 0.581 0.777 

Note: The diagonal means the square root of AVE. AVE is irrelevant for formative construct (Xi & Hamari, 
2019). 

6.2.5.2 Structural model 

The test of the structural model includes the examination for the path coefficients, 

which represents the strengths of the relationships among the variables that should be 

significant. R2 value indicates the extent to which the variance in the dependent variable 

is predictable from the independent variable. Because no proper overall goodness-off-

fit measures exist for models estimated using PLS (Hair, Ringle, & Sarstedt 2011; 

Hulland 1999), both path coefficients (also loadings and significance) and R2 value 

explain how well the model is performing (Hair, Ringle & Sarstedt 2011; Hulland 1999; 

Wixom & Watson 2001). The results of the structural model are shown in Figure 8. 
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Note that “*” presents p-value < 0.05, “**” presents p-value < 0.01, and “***” presents p-value < 0.001. 

Figure 8. Results of the structural model based in the USA data samples 

The testing results for hypotheses in the structural model are as follows: if the item is 

significant at the level of 0.001, the hypothesis is strongly supported; if the item is 

significant at the level of 0.01, the hypothesis is still supported; when the level of 

significance for path coefficient (β) is greater than 0.05, the hypothesis will be rejected. 

From Figure 8, we can make the observations in Table 22. 

Table 22. Hypothesis results based in the USA data samples 

Hypothesis Support Result of this study compares with the literature  
H1: CDS → RCCP   YES CONSISTENT with (Kokemueller 2011; Nord, Nord & Xu 2005; Tee et al. 

2007; Wixom & Watson 2001; Xiao, Xie & Wan 2009; Xu, Koronius & 
Brown 2003; Xu 2013), in the EMR context 

H2: CDS → EACP YES CONSISTENT with (Gopalakrishna-Remani, Jones, & Camp 2018; Xiao, 
Xie & Wan 2009) 

H3: RES → RCCP NO NOT CONSISTENT with (Kokemueller 2011; Wixom & Watson 2001), in 
the EMR context 

H4: RES → EACP YES CONSISTENT with (Kushniruk & Nøhr 2016; Staff, Roberts & March 
2016) 

H5: RES → EIN NO NOT CONSISTENT with (Narra, Sahama & Stapleton 2015) 
H6: RCCP → CSP YES CONSISTENT with (Staff, Roberts & March 2016; Xiao, Xie & Wan 2009) 
H7: RCCP → EIN YES CONSISTENT with (Kelley et al., 2015; Xiao, Xie & Wan 2009) 
H8: RCCP → DC YES CONSISTENT with (Jawhari et al. 2016; Wixom & Watson 2001) 
H9: EACP → CSP YES CONSISTENT with (Gerow, Thatcher & Grover 2015; Herzberg et al., 

2011; Xiao, Xie & Wan 2009) 
H10: EACP → EIN NO NOT CONSISTENT with (Cohen, Coleman & Kangethe 2016; Herzberg et 

al, 2011; Moon, Hills, & Demiris 2018; Schweitzer, Lasierra & Hoerbst  
2016; Sherer et al., 2015; Xiao, Xie & Wan 2009) 

H11: CSP → DC YES CONSISTENT with (Kelley et al. 2015; Staff, Roberts & March 2016; 
Warsi, White & McCulloch 2002) 

H12: EIN → DC NO NOT CONSISTENT with (Aanestad et al., 2017; Carvalho et al., 2018; 
Xiao, Xie & Wan 2009) 

H13: EIN → CSP YES CONSISTENT with (Wu, Kao & Sambamurthy 2016; Porcelli, Waitman & 
Brown 2010; Sherer et al. 2015)  

 
The values of the coefficient of determination (R2) extracted from dependent constructs 

were relatively encouraging with the range from 0.332 to 0.776 as presented in Figure 

8. As hypothesised, ‘Clinic director’s support for EMR implementation’ had positive 
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and statistically significant relationship with ‘Regulatory capability of EMR-enabled 

care processes’ (β = 0.447, p < 0.001) and ‘EMR alignment to care processes’(β = 

0.517, p < 0.001), supporting hypotheses H1 and H2. ‘Resources’ was associated with 

‘EMR alignment to care process’ (β = 0.253, p < 0.05), supporting H4. However, there 

was no significant relationship between ‘Resources’ and ‘Regulatory capability of 

EMR-enabled care processes’ (β = 0.213, p > 0.05). Hence, H3 was not supported in 

this study. While ‘Resources’ had negative and significant effect on ‘EMR integration’ 

(β = -0.398, p < 0.001), H5 describes a positive relationship between ‘Resources’ and 

‘EMR integration’. Accordingly, H5 was not supported as well in this study. When 

‘Clinic director’s support for EMR implementation’ combined with ‘Resources’, they 

explained 44.9% of the variance of ‘EMR alignment to care processes’ and explained 

33.2% of the variance for the dependent construct ‘Regulatory capability of EMR-

enabled care processes’.  

‘Regulatory capability of EMR-enabled care processes’ had positive and significant 

relationship with ‘Clinical staff’s participation’ (β = 0.407, p < 0.001) and ‘EMR 

integration’(β = 0.693, p < 0.001), supporting hypotheses H6 and H7. ‘EMR alignment 

to care process’ contributed to ‘Clinical staff’s participation’ (β = 0.203, p < 0.001), while 

it had no significant effect on ‘EMR integration’ (β = 0.237, p < 0.05). Thus, H9 was 

supported and H10 was rejected in this study. The results also reveal that ‘EMR 

integration’ had positive relationship with ‘Clinical staff’s participation’ (β = 0.406, p < 

0.01), supporting H13. The three constructs ‘Regulatory capability of EMR-enabled care 

processes’, ‘EMR alignment to care process’, and ‘EMR integration’ explained 77.6% of 

the variance contained in the construct ‘Clinical staff’s participation’. When ‘Regulatory 

capability of EMR-enabled care processes’ combined with ‘EMR alignment to care 

process’ and ‘Resources’, they explained 57.8% of the variance contained in the construct 

‘EMR integration’. 

‘Data completeness in EMR’ was associated with ‘Regulatory capability of EMR-

enabled care processes’ and ‘Clinical staff’s participation’, because both paths had 

positive effects with path coefficients of 0.358 and 0.357 respectively, at the significant 
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level of 0.05. Hypotheses H8 and H11 were thus supported. Against expectations, H12 

was not supported because there was no significant relationship between ‘Data 

completeness in EMR’ and ‘EMR integration’ (β = 0.085, p > 0.05). When ‘Regulatory 

capability of EMR-enabled care processes’ combined with ‘Clinical staff’s participation’ 

and ‘EMR integration’, they explained 55% of the variance for the dependent construct 

‘Data completeness in EMR’. 

A body of literature indicated that power analysis and effective size play an important 

role in interpreting the explanatory power of a model (Cohen 1988; Hsu, Ray & Li-

Hsieh 2014). Thus, we performed a post hoc statistical power analysis using the 

Interaction software package (see www.danielsoper.com) to test whether or not our 

sample size in this study explained the proposed conceptual model with sufficient 

power. The results of power analysis show that our study had sufficient power with 

0.99 (above 0.80). That is to say, our sample size provided adequate power to test the 

conceptual model. Furthermore, the effect size was also used to measure the 

effectiveness of a model for explaining or predicting empirical observations, as advised 

by Hsu, Ray, and Li-Hsieh (2014). When PLS-SEM is used, the effect size defined for 

R2 has the relative magnitude (e.g. small = 0.1, medium = 0.25, and large = 0.36) (Cao, 

Duan, & Cadden 2019). In line with this, the effect sizes of EACP, EIN, CSP, and DC 

were large, and the effect size of RCCP was medium (see Figure 3). Accordingly, our 

conceptual model evaluated has medium and large influence compared to other possible 

influence of untested factors. 

6.2.6 Discussion 

 

In this section, we assessed the measurement model and the structural model for the 

proposed conceptual model based in the data samples collected from USA. This assessment 

assists in the tasks of answering our research questions.  

RQ6: What are the factors that influence data completeness in electronic medical 

records? 
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Findings: The factors that influence data completeness in EMR identified from the 

perspective of the clinical staff in Nevada USA are: ‘clinic director’s support for EMR 

implementation’, ‘resources’, ‘regulatory capability for EMR-enabled care processes’, 

‘EMR alignment to care processes’, ‘clinical staff’s participation’, and ‘EMR integration’.  

RQ7: What are the relationships between the factors that influence data completeness 

in electronic medical records? 

Findings: The relationships between the six constructs used to understand the factors 

influencing data completeness in EMR examined in this research are discussed below.  

Clinical director’s support for EMR implementation: Clinical director’s support is 

a key ingredient to enhancing regulatory capability of EMR-enabled care processes and 

EMR alignment to care processes, with the coefficient values of 0.447 and 0.517 

respectively. These findings imply that a higher level of clinic director’s support for EMR 

implementation increases the level of regulatory capability of EMR-enabled care 

processes and EMR alignment to care processes to address data completeness of EMR, 

based on the perspective of clinic staff in north Nevada. For example, if clinic directors 

have a good understanding and awareness of importance of EMR implementation and data 

completeness in EMR and put these initiatives in a high priority, a set of activities that 

support EMR-enabled care process could be successfully conducted. Furthermore, 

EMR alignment to care processes could receive enough support from clinic directors. 

Accordingly, data completeness in EMR could have better chances to address at clinics. 

While prior studies highlighted top management support to IS implementation for 

ensuring high-quality data (Kokemueller 2011; Nord, Nord & Xu 2005; Tee et al. 2007; 

Wixom & Watson 2001; Xiao, Xie & Wan 2009; Xu, Koronius & Brown 2003; Xu 

2013), we confirm this influence in the literature with the EMR context.  

Resources: Statistical results support the significant relationship between resources and 

EMR alignment to care processes with the coefficient value of 0.253. This finding 

clearly reveals that resources is the one of the factors influencing data completeness in 

EMR, from the clinical staff’s perspective in north Nevada. The possible explanation of 
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this outcome is the relatively better resources received in EMR alignment to care 

processes. The Health Information Technology for Economic and Clinical Health 

(HITECH) Act provides incentives to those providers who can achieve “meaningful 

use”5 of their data with health information technology in the United States (American 

Recovery and Reinvestment Act 2009). This creates an impetus for decision makers to 

adopt and implement a certified EMR and required resources could be better allocated 

in the relevant activities. With these efforts, IT and clinical staff have good opportunities 

to communicate about EMR implementation and EMR have great potential to fit into 

care processes. The finding of that resources contributes to EMR alignment to care 

process is consistent with prior studies (Kushniruk & Nøhr 2016; Staff, Roberts & 

March 2016). This paper demonstrates the role of this new factor in the conceptual model 

of factors influencing data completeness in EMR that was not included in the model of 

factors influencing data quality management (Xiao, Xie & Wan 2009).  

As for the role of resources in determining the level of regulatory capability for EMR-

enabled care processes and EMR integration, the empirical findings of this study reject 

the proposed causal paths (i) between resources and regulatory capability for EMR-

enabled care processes as well as (ii) between resources and EMR integration, with the 

coefficient values of 0.213 and -0.398 respectively. These findings indicate that resources 

is not the priority factor that influences regulatory capability for EMR-enabled care 

processes at clinics, based on the clinical staff in north Nevada. Note that the measures 

for resources only contained funding, human resources, and time for EMR implementation. 

However, from the clinical staff’s perspective regulatory capability for EMR-enabled 

care processes and EMR integration could be dependent on technical supporting 

(technical resources) that were not included in the measurement model. Thus, these 

findings are not consistent with results reported by multiple researchers (Kokemueller 

2011; Narra, Sahama & Stapleton 2015).  

 
5 Meaningful use is defined as “meaningful use of a certified EHR, the electronic exchange of health information to improve the 

quality of health care, and reporting on clinical quality and other measures using certified EHR technology”(American Recovery 

and Reinvestment Act 2009) .  
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Regulatory capability for EMR-enabled care processes: The empirical results of this 

study clearly indicate that regulatory capability for EMR-enabled care processes 

directly contributes to data completeness in EMR, with the coefficient values of 0.358. 

Furthermore, a higher level of regulatory capability for EMR-enabled care processes 

significantly facilitates clinical staff’s participation and EMR integration with the 

coefficient value of 0.407 and 0.693 respectively. The role of regulatory capability for 

EMR-enabled care processes is not only limited to improve clinical staff’s participation 

and EMR integration but also help determine data completeness in EMR that was not 

delineated in the model of factors influencing data quality management (Xiao, Xie & 

Wan 2009). These findings are consistent with a number of previous research (Jawhari 

et al. 2016; Kelley et al. 2015; Staff, Roberts & March 2016; Xiao, Xie & Wan 2009; 

Wixom & Watson 2001). It should be noted that the week R squared value for regulatory 

capability for EMR-enabled care processes (R2 = 0.332) suggests that other factors not 

included in the conceptual model affect this construct, which requires further investigations 

from clinical practitioners.  

EMR alignment to care processes: EMR alignment to care processes was found 

empirically significant in influencing clinical staff’s participation with coefficient value 

of 0.203, from the perspective of clinical staff in north Nevada. This finding 

demonstrates that a higher level of EMR alignment to care process facilitates a higher 

level of clinical staff’ participation in addressing data completeness of EMR. However, 

the empirical results of this study do not support the proposed relationship between 

EMR alignment to care processes and EMR integration. This outcome could be due to 

that from the viewpoints of clinical staff technical factors could have more effect on 

EMR integration. While EMR alignment to care processes focuses on (i) EMR 

customisation in clinics and (ii) communication between IT and clinical staff for EMR 

implementation that are related to human and managerial factors. Therefore, these 

findings are partly consistent with the findings reported by researchers (Gerow, Thatcher 

& Grover 2015; Herzberg et al. 2011; Xiao, Xie & Wan 2009) and not consistent with 

previously conducted studies (Cohen, Coleman & Kangethe 2016; Moon, Hills & 
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Demiris 2018; Schweitzer, Lasierra & Hoerbst 2016; Sherer et al. 2015). Note that the 

R squared value for EMR alignment to care processes (R2 = 0.449) also suggests that 

other factors influencing EMR integration not included in the conceptual model need to 

be explored in future studies.   

Clinical staff’s participation: As expected, the empirical results provide evidence to 

support the proposed relationship between clinical staff’s participation and data 

completeness in EMR with the coefficient value of 0.357. This finding demonstrates 

that a higher level of clinical staff participation is positively associated with data 

completeness in EMR. Our results are consistent with the findings of prior studies 

(Kelley et al., 2015; Staff, Roberts & March 2016; Warsi, White & McCulloch 2002) 

which state that clinical staff’s participation ensures EMR data completeness. 

Especially, Nevada has a HealthInsight Regional Extension Center that provides 

physicians with training and technical assistance in EMR for improving the quality of 

care (National Center for Medical Records 2018). This could allow clinical staff to 

enhance their awareness and competency of addressing data completeness when using 

EMR. It is evident in Table 20 that the respondents reported a relatively high level of 

awareness and skills to address EMR data completeness. Furthermore, the R squared 

value extracted from this dependent construct was found at 0.776, indicating that 

regulatory capability of EMR-enabled care processes along with EMR alignment to care 

process and EMR integration plays a significant role in determining clinical staff’s 

participation. 

EMR integration: The empirical findings of this study supported the hypothesised 

relationship between EMR integration and clinical staff’s participation with the 

coefficient value of 0.406. This finding confirms that a higher level of EMR integration 

promotes clinical staff’s participation toward EMR data completeness, which is 

consistent with prior research (Wu, Kao & Sambamurthy 2016; Porcelli, Waitman & 

Brown 2010; Sherer et al. 2015). However, this study does not support the hypothesis 

of the influence of EMR integration on data completeness in EMR. Prior literature 

indicates that the success of systems integration assists in the tasks of achieving high-
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quality data (Kokemueller 2011), while poor systems integration could result in data 

quality problems (e.g. incomplete data) (Yusof 2015). We note that from the perspective 

of clinical staff the system frequently reports error messages when using EMR. This 

may have an impact on our results about the relationships between EMR integration 

and data completeness in EMR. Thus, our finding about the influence of EMR integration 

on data completeness in EMR is not consistent with Aanestad et al. (2017), Carvalho et 

al. (2018), and Xiao, Xie and Wan (2009). Further verification of the answers to the 

survey questions related to EMR integration should be sought from the respondents.  

6.2.6.1 Implications for academics 

This study contributes to data quality management literature in at least three ways. First, 

while prior research has examined the factors influencing data quality (e.g. Kokemueller 

(2011) and Xiao, Xie and Wan (2009)), we show that the factors influencing data 

completeness are driven by data quality management theoretic constructs in the EMR 

context. The reliability and validity of the measurement model was demonstrated based 

on the empirical evidence in northern Nevada. According to the results, it appears that 

the measurement model cannot be used to determine the factors influencing EMR data 

completeness without some modification. However, our measurement model could 

serve as a reference model to evaluate data quality management and improvement.  

Second, we have discussed the hypotheses that are widely used in literature, but some 

of them have not been found significant in the context of this study. The possible 

explanation for these differences has been given in this study. Our research examines 

six constructs used to understand the factors influencing data completeness in EMR. 

Among of these factors, although only three items namely funding, human resources, and 

time for EMR implementation were adopted to measure the construct ‘resources’ in this 

study, we have demonstrated the new role of resources in addressing data completeness 

in EMR. Based on resource-based theory (Grant 1991), clinics may have their own 

resources that embrace competitive advantages over the others that do not have, to 
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address data completeness. This theoretical lens may offer interesting possibilities for 

reexamining the role of resources for EMR data completeness (e.g. Tee et al. (2007)).  

Last, we drew attention to the relationships between the factors that influence EMR 

data completeness. The results of this study reveal three new mechanisms of addressing 

data completeness in EMR: (i) a higher level of resources is positively associated with 

alignment of EMR to care processes; (ii) a higher level of regulatory capability of EMR-

enabled care processes is positively associated with data completeness in EMR; and 

(iii) a high level of EMR integration is positively associated with clinical staff’s 

participation, which were not included in Xiao, Xie and Wan’s model (2009). Although 

this study is limited to the context of EMR, the conceptual model may serve as the 

starting point for more extensive theorising of the factors influencing data completeness 

in other applications. 

6.2.6.2 Implications for practitioners  

This study also provides several take-away lessons for practitioners. First, our finding 

that clinic director’s support influences regulatory capability of EMR-enabled care 

processes and EMR alignment to care processes toward data completeness in EMR is 

consistent with previous studies (Kokemueller 2011; Nord, Nord & Xu 2005; Tee et al. 

2007; Wixom & Watson 2001; Xiao, Xie & Wan 2009; Xu, Koronius & Brown 2003; 

Xu 2013). This finding will be of interest to decision makers at clinics. The decision 

makers may find these results valuable in order to make their commitment to supporting 

EMR implementation toward data completeness in EMR such as improving the 

awareness of importance of establishing EMR systems with data completeness and the 

understanding of EMR benefits. Furthermore, we show that resources could be an 

alternative way to support EMR alignment to care processes based on the perspective 

of clinical staff in north Nevada. This outcome may assist the decision makers in 

designing a suitable strategy to allocate resources for EMR implementation toward data 

completeness. While our findings reveal that resources is neither significantly influencing 

regulatory capability of EMR-enabled care processes nor positively associated with 
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EMR integration. The possible reason for these findings is that other potential factors 

influencing regulatory capability of EMR-enabled care processes and EMR integration 

were not included in this study, which require further investigations with clinical 

practitioners.   

Second, this study indicates that regulatory capability of EMR-enabled care processes 

is positively associated with clinical staff’s participation, EMR integration, and data 

completeness of EMR, from the perspective of clinical staff in north Nevada. These 

findings are consistent with a number of studies conducted by researchers (Jawhari et 

al. 2016; Kelley et al. 2015; Staff, Roberts & March 2016; Xiao, Xie & Wan 2009; 

Wixom & Watson 2001), which are of relevance to those EMR managers who are 

pressurised to implement a certified EMR in clinics. These findings allow the EMR 

managers to realise the role of regulatory capability of EMR-enabled care processes 

(i.e. design, implement and improve a set of rules, standards, and procedures for EMR-

enabled care processes) in addressing data completeness in EMR. Furthermore, the 

clinical staff in north Nevada considered that EMR alignment to care processes (i.e. the 

customisation of EMR in clinics and/or the communication between clinical and IT 

staff for EMR implementation) contributes to their participation in addressing data 

completeness while EMR alignment to care processes is not significantly influencing 

EMR integration. This could be due to that EMR alignment to care processes is not on 

the priority list of the factors influencing EMR integration that seems more relevant to 

technical factors based on the viewpoint of clinical staff. The EMR managers may find 

our results useful in facilitating EMR alignment to care processes and engaging clinical 

staff in the process of EMR customisation at clinics in order to address problems of 

data completeness in EMR.   

Last, the empirical results imply that clinical staff participation increases data completeness 

of EMR which is in coherence with related studies (Kelley et al. 2015; Staff, Roberts 

& March 2016; Warsi, White & McCulloch 2002). We show that for the clinical staff 

in north Nevada their awareness of importance of EMR data completeness, knowledge 

and skills of using EMR, and focus on the tasks related to data management contribute 
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to EMR data completeness. Hence, an appropriate training pertaining to using EMR at 

clinics cannot be overlooked (Gagnon et al. 2016; Shaw 2014). Furthermore, the findings 

reveal that EMR integration facilitates clinical staff’s participation in addressing EMR 

data completeness while EMR integration fails to influence data completeness of EMR. 

The possible explanation of this outcome is that clinical staff in north Nevada 

considered that the EMR system frequently reports error messages that may reduce the 

influence of EMR integration on EMR data completeness. Because the extent to which 

EMR integration could ascertain how complete is the data in EMR and further clinical 

staff’ use of EMR for addressing data completeness, the EMR system vendors have to 

best overcome technical issues of EMR integration to meet data users’ requirements.  

As mentioned in the Introduction, the motivational case of this study is an unsuccessful 

implementation of analytics capabilities that was tried to be built into a set of linked 

clinics as data incompleteness of EMR being entered at clinics. For this case, if clinical 

staff are placed in the role of addressing EMR data completeness and/or clinics improve 

regulatory capability for EMR-enabled care processes, clinics will have better data 

completeness in EMR, based on the lessons learned from north Nevada. This study 

clearly indicates that (i) clinic director’s support for EMR implementation contributes 

to regulatory capability for EMR-enabled care processes; (ii) both clinic director’s 

support for EMR implementation and resources are positively associated with EMR 

alignment to care processes; (iii) the level of regulatory capability for EMR-enabled 

care processes influences the level of EMR integration; and (iv) when EMR alignment 

to care processes combines with regulatory capability for EMR-enabled care processes 

and EMR integration they play a significant role in determining clinical staff’s participation 

toward data completeness in EMR, from the perspective of clinical staff. Therefore, our 

empirical findings of this study allow clinical practitioners to identify which of these 

six areas that have not received enough attention that need to be addressed in order to 

improve data completeness in EMR at clinics. 
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6.2.6.3 Limitations and future work 

Although this study makes several significant contributions, the present work has 

several limitations. First, the current study focuses on data completeness that is one 

dimension of data quality, and our choice of constructs was restricted by our adherence 

to data quality literature as the theoretical lens. In order to simplify the presentation and 

improve the readability of the work we do not differentiate between data completeness 

and information completeness in this study. However, we acknowledge the theoretical 

differences between data completeness and information completeness. Researchers 

therefore are suggested to take the differences in the definition of data completeness 

and information completeness into account and redesign the present work for 

constructing different conceptual models. Given the importance of the construct ‘EMR 

alignment to care processes’ in this study (both two factors ‘clinic director’s support to 

EMR implementation’ and ‘resources’ influence ‘EMR alignment to care process’ 

toward EMR data completeness), more variables and survey questions should be added 

for this construct. Furthermore, the weak R squared values (e.g. RCCP and EACP) and 

eigenvalues suggest that there are likely other hidden constructs that influence data 

completeness in EMR which have not been measured and should be explored in future 

studies. Second, this study examines the factors that influence data completeness in 

EMR from the perspective of clinical staff. Our future study is to assess the conceptual 

model based on different viewpoints of data stakeholders of EMR. Third, the present 

work is conducted based on the data collected only from northern Nevada. This 

convenience sample of a limited group of clinical practitioners who volunteered to 

complete the survey could bias the results. Although we have further conducted a post 

hoc power analysis and checked effective size, and the results both indicated that our 

conceptual model has significant power to explain the factors influencing data 

completeness in EMR phenomenon, future research is encouraged to conduct larger 

studies that involve more clinical staff and across EMR systems and geographies, to 

better understand these factors. Since healthcare settings from different healthcare 

systems may deal with EMR data completeness differently, this may result in different 
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responses to our survey questions. Thus, there may be differences regarding the strength 

of relationships proposed for these antecedents in the conceptual model. Fourth, the 

model and the results are biased toward the assumption that the more data completeness 

in EMR the better it is. In this study we adopted the four perspectives (as presented in 

Table 18 including documentation, breadth, density, and predictive) of completeness as 

advised by Weiskopf et al. (2013) to measure data completeness in EMR. However, in 

practice, completeness is defined as fit for use. That is to say, necessary data for a given 

task is good enough for completeness. Researchers therefore should take specific 

context into account when studying data completeness. Fifth, because use of health 

insurance claims presents unique challenges to improve data quality (Tyree, Lind, & 

Lafferty, 2006) and we were interested in missing values in an electronic medical 

record, the conceptual model was only applied to the EMR data in this study. Hence, 

the conceptual models on the antecedents of data quality for billing data is out of scope 

of the current study. Sixth, the aim of this study is to investigate the antecedents of data 

completeness in EMR, which provides concepts and constructs for the factors 

influencing data completeness by using Xiao’s model only within a specific context 

(i.e. EMR). In order to generalize the findings, future studies with larger and more 

generic data would be required in different application domains. Last, in this study we 

utilized a five-point Likert scale to measure the constructs. Although the five-point 

scale has been successfully employed in a number of research (e.g. Dwivedi et al. 

(2013), Kapoor et al. (2014), Kim et al. (2009), Shareef et al. (2016), and Xiao, Xie, 

and Wan (2009)), there is a concern that the five-point scale is less balanced than the 

seven-point scale (Dwivedi et al., 2013; Kapoor et al., 2014). Taking the differences 

between five- and seven-point scales, authors recommend researchers in this area to re-

examine the conceptual model in this study and re-generate the results. Comparing the 

results from five and seven-point scales may provide some insights.  

6.2.7 Conclusion 
 
This section empirically evaluates a conceptual model of factors influencing data completeness 

in EMR that is proposed by extending the model of factors influencing data quality 
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management (Xiao, Xie & Wan 2009). While Mithas, Ramasubbu and Sambamurthy 

(2011) established the links between data management capability and firm performance 

through three important organisational capabilities (customer management capability, 

process management capability, and performance management capability), the link 

between data management capability and data quality as suggested by Mithas, Ramasubbu 

and Sambamurthy (2011) is simplistic and needs further investigations. Based on a 

questionnaire survey of clinical practitioners from northern Nevada, we examined a 

conceptual model of factors influencing data completeness as a dimension of data 

quality in the context of EMR and established the link between data management 

capability and data completeness. This chapter indicates that ‘clinic director’s support 

for EMR implementation’, ‘resources’, ‘regulatory capability for EMR-enabled care 

processes’, ‘EMR alignment to care processes’, ‘clinical staff’s participation’, and 

‘EMR integration’ are the factors influencing data completeness in EMR, that explains 

how data management capability influences data completeness. Our findings thus may 

allow clinical practitioners to enhance data management capability from these six areas 

and identify which of these areas need to be addressed in order to improve EMR data 

completeness. This enhancement may in return improve the quality of care at clinics. 

Furthermore, we also provide practical implications pertaining to the factors influencing 

data completeness in EMR for researchers, decision makers at clinics, EMR managers, 

and EMR system venders. 

In the next chapter, we give the results of data analysis from the perspective of clinical 

practitioners in China for the factors influencing data completeness in EMR.  
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Chapter 7 – Factors Influencing Data Completeness in Electronic 

Medical Records in China 
 
This chapter gives the results based on the analysis of the data collected from China for 

the factors influencing data completeness in EMR and discusses our research findings. 

Note that this section has been written in a journal paper that is submitted to the PAJAIS 

(J-3). Some wordings in this section are revised and added for the coherence of the 

whole thesis, in order to improve the transition and flow between the sections. 

7.1. Introduction 
 
Electronic medical records (EMR) integrate data from clinical systems and repositories, 

enabling clinical practitioners to access required data on the process and outcomes of 

patient care (Hertzum & Simonsen 2019). This aggregated data supports decision 

making, research, and planning that is increasingly seen as a promising vehicle to 

improve the quality of care (Huvila et al. 2018). For instance, as noted by Hydari, 

Telang and Marella (2018), EMR have led to a 27 percent decline in patient safety 

events in a panel of Pennsylvania hospitals over 2005–2012, which improve patient 

safety and suggest large-scale economic benefits. However, these advances of EMR in 

healthcare highlight the role of high-quality data, because poor data quality is the 

principal barrier to effective clinical decision making (Foshay & Kuziemsky 2014; 

Nsubuga et al. 2018). 

Data completeness, as one dimension of data quality, describes the extent to which all 

required data for a given task is available (Liu et al. 2017; Wang & Strong 1996). 

Dealing with incomplete data and explaining the processed missing data require more 

effort (Saggi & Jain 2018), hence data incompleteness is considered as the major 

impediment to the availability of data for reuse (Liu et al. 2018). Further, when 

incomplete data is initially generated at the point of care, it can affect accurate diagnosis 

for a patient’s condition. Berner et al. (2005) reported that a clinical diagnostic support 
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system made inappropriate recommendations about the risk of gastrointestinal bleeding 

in almost 77% of clinical encounters based on missing data. Thus, understanding the 

factors influencing data completeness is of primary importance to achieve high-quality 

data in EMR. 

Data completeness as a dimension of data quality in healthcare has only been reviewed 

partially in prior literature (Johnson et al. 2015; Mashoufi, Ayatollahi & Khorasani-

Zavareh 2018). However, a literature review that focuses on data completeness has 

recently been published (Liu et al. 2017). The existing study themes related to data 

completeness in the EMR context include: assessing completeness for data practices 

(Haskew et al. 2015; Hoffer et al. 2012), analysing the determinants contributing to data 

completeness (Puttkammer et al. 2016), and developing methods to improve data 

completeness (Rahimi et al. 2014). The identification of the factors influencing data 

completeness in EMR allows clinical practitioners to discover problem areas, while 

revealing the relationships between them could potentially help preserve complete data 

or systematically reduce missing data (Liu et al. 2018). Hence, establishing interactions 

between the factors that influence data completeness in EMR could reveal the underlying 

mechanisms to achieve complete EMR data for improving the quality of care. 

Surprisingly, few studies have empirically established relationships between the factors 

that influence data completeness in EMR.  

There has been a large body of literature addressing factors influencing data quality (e.g. 

(Al-Hiyari, AL-Mashre & Mat 2013; Nord, Nord & Xu 2005; Tee et al. 2007; Xu, 

Koronius & Brown 2003; Zellal & Zaouia 2015). Recent developments in that strand 

of literature propose the influence of data management on data quality (Kokemueller 

2011b; Xiao, Xie & Wan 2009; Xu 2013). For instance, Xiao, Xie and Wan (2009) 

proposed a conceptual model of the factors influencing enterprises to improve data 

quality through data management. However, how these theoretical constructs can be utilised 

to understand the factors influencing data completeness as a dimension of data quality 

is unclear.  
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In this study, we extend the model proposed by Xiao, Xie and Wan (2009) by adding 

“resources” as a new construct in the conceptual model of factors influencing data 

completeness in EMR. The extended model is then evaluated by a survey of clinical 

practitioners who were working at healthcare settings6 in China. Data completeness 

problems can be due to missing values in a record and can also pertain to missing 

records for an entity (Liu, Li, & Zou 2016). In this study, we look at data incompleteness 

as missing record (a row of the table), missing attribute (a column of the table), and 

missing value (a cell of the table) in EMR. Because defining data completeness 

addresses both as “fitness for use” and as “conformance to requirements” (De Feo & 

Juran 2017), in the EMR context, Weiskopf et al. (2013) defined data completeness as 

four perspectives: documentation, breadth, density, and predictive that elaborate the 

most frequently used situations in determining data completeness in EMR. These four 

perspectives thus are utilised to construct and measure EMR data completeness in 

general in the present work. Although theoretical differences exist between data and 

information, we do not differentiate between data completeness and information 

completeness to simplify the presentation and improve the readability of the work. 

Accordingly, this study aims to investigate the factors that influence data completeness in 

EMR and answer the following research questions (RQs):  

RQ 6: What are the factors that influence data completeness in electronic medical 

records?  

RQ 7: What are the relationships between the factors that influence data completeness 

in electronic medical records? 

This research contributes to the literature by conceptualising the factors influencing 

data completeness in EMR and establishing an empirical conceptual model to examine 

the relationships between the factors influencing data completeness. Meanwhile, the 

study also draws the attention of clinical practitioners to data completeness in EMR and 

 
6 Healthcare Settings refer to public, private, and clinical areas of traditional healthcare facilities such as hospitals, clinics, and 

nursing houses (The NOAH Professionalization Committee, 2018). 
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its determinants.  

The remainder of this chapter is organised as follows: the next section reviews the literature 

on the factors influencing data quality and positions the present study in the body of 

prior work; after that the hypotheses for the factors influencing data completeness in 

EMR are developed; then the method of operationalisation of the constructs, data 

collection, and analysis are followed; thereafter we present the results and discuss the 

findings; and the last section concludes the chapter. 

7.2 Theoretical background 

 

7.2.1 Definition of data completeness 
 
As mentioned in the Introduction, data completeness is an important dimension of data 

quality, and therefore, the data quality literature could serve as a starting point to construct 

a conceptual model of factors influencing data completeness in EMR. As noted in De 

Feo and Juran (2017), the definition of quality is described both as “fitness for use” and 

as “conformance to requirements”. This generic understanding of quality could serve as 

an analytical framework to distinguish data quality and information quality (Tilly et al. 

2017). For instance, Fox, Levitin and Redman (1994) differentiated the two from 

definition of data and information: data is believed to be the fact that result from the 

observation of physical phenomena, while information is considered to be the output 

from the data refined via some process. This study focuses on data completeness as a 

dimension of data quality, investigating the factors influencing data completeness in the 

EMR context.  

Data completeness is defined as the extent to which all required data for a given task  

is available (Liu et al. 2017; Wang & Strong 1996). In the context of EMR, Weiskopf 

et al. (2013) divided the definition of data completeness into four perspectives: 

“Documentation: a record contains all observations made about a patient; Breadth: a 

record contains all desired types of data; Density: a record contains a specified number 

or frequency of data points over time; and Predictive: a record contains sufficient 
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information to predict a phenomenon of interest” (Weiskopf et al. 2013) (pp. 831-832). 

In this study, we utilise these four perspectives to construct and measure data completeness 

of EMR as outlined in Appendix C. 

7.2.2 Related studies and rationales of using Xiao, Xie and Wan’s model 
 
Due to data completeness as a dimension of data quality, previous studies of factors 

that influence data quality could provide some theoretical perspective on developing a 

conceptual model of factors influencing data completeness in EMR. For example, Xu, 

Koronius and Brown (2003) identified the factors influencing data quality in accounting 

information systems and divided them into several groups. Thereafter, a number of other 

studies (e.g. Nord, Nord and Xu (2005), Xu (2009), Xu and Lu (2003), and Xu (2013)), 

improved the understanding of these factors based on Xu, Koronius and Brown (2003)’s 

model. A few researchers (e.g. Al-Hiyari, AL-Mashre and Mat (2013); Tee et al. (2007), 

Kokemueller (2011), Xiao, Xie and Wan (2009), and Wixom and Watson (2001)), also 

empirically validated their conceptual models of data quality management and improvement, 

and examined the relationships between the factors influencing data quality. 

The interactions between the factors influencing data quality assist in the tasks of 

explaining the underlying mechanisms to achieve high-quality data. This could help us 

potentially preserve data quality or systematically reduce poor-quality data. Accordingly, 

establishing relationships between the factors influencing data quality is a significant 

enabler to guarantee data quality that should be considered at first when studying factors 

influencing data quality (Liu, Talaei-Khoei & Zowghi 2018). There are four conceptual 

models that have established the relationships between the factors affecting data quality 

(Al-Hiyari, AL-Mashre & Mat 2013; Kokemueller 2011; Tee et al. 2007; Xiao, Xie & 

Wan 2009). These four conceptual models thus serve as a starting point that could help 

derive a conceptual model of factors influencing data completeness in EMR. Furthermore, 

as commitment of top management and engagement of staff members play an important 

role in the success of quality management (Sharma 2015), both top management 

commitment and staff’s participation could serve as the factors influencing data quality 



151 

(e.g. Al-Hiyari, AL-Mashre and Mat (2013) as well as Xiao, Xie and Wan (2009)). At 

the same time, the above mentioned four conceptual models frequently covered human, 

managerial, and technical factors that affect data quality. Human factors refer to 

personal cognition and capability on the tasks related to data quality management. 

Managerial factors concern the organisation and coordination of activities to achieve 

defined goals of data quality in organisations, while technical factors pertain to 

information systems and development technologies to support data quality management. 

Accordingly, Al-Hiyari, AL-Mashre and Mat (2013) as well as Xiao, Xie and Wan 

(2009) developed a more inclusive conceptual model for factors influencing data 

quality. However, Al-Hiyari, AL-Mashre and Mat (2013) utilised the data from the 

students’ perspective not from practice to test their model that may impact the validity 

of the results. Hence, Xiao, Xie and Wan’s model (2009) is selected as the theoretical 

lens to construct the model of factors influencing data completeness in EMR. The five 

factors included in the model of factors influencing data quality management (Xiao, 

Xie & Wan 2009) are top management support (TMS), capability on the regulation and 

process management (CRPM), business-IT alignment (BITA), staff participation (SP), 

and integration of information systems (IIS) factors as shown in Figure 6.  

 

Figure 6. The model of factors influencing data quality management taken from 
Xiao, Xie and Wan (2009) 

 

7.3 Conceptual model 
 
Drawn on the model of factors influencing data quality management (Xiao, Xie & Wan 

2009), a conceptual model of factors influencing data completeness in EMR is derived. 

Due to the important impact of resources on organisational implementation success to 

improve data quality that reflects the capability of regulation and process management in 
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organisations, this factor is added in the resulting conceptual model. Therefore, seven 

constructs included in the conceptual model are ‘clinic director’s support for EMR 

implementation’, resources’, ‘regulatory capability for EMR-enabled care processes’, 

‘EMR alignment to care processes’, ‘EMR integration’, and ‘Data completeness in EMR’. 
 
The conceptual model contains human, managerial, and technical factors. Among them, 

human factors involve clinic director and clinical staff; managerial factors refer to 

‘resources’, ‘regulatory capability for EMR-enabled care processes’, and ‘EMR alignment 

to care processes’, while technical factor pertains to ‘EMR integration’. Furthermore, 

the extended conceptual model covers the factors influencing data completeness in 

EMR both from ‘clinic director’s support for EMR implementation’ and ‘clinical staff’s 

participation’. In the meantime, this conceptual model considers: (i) the relationships 

between the factors influencing data completeness and data completeness in EMR, and 

(ii) the relationships between these factors. Appendix C presents definition of the constructs 

in the conceptual model.  
 

7.3.1 Clinic Director’s Support for EMR Implementation, Regulatory Capability 
of EMR-Enabled Care Processes, and EMR Alignment to Care Processes 
 
Previous research (Kokemueller 2011; Wixom & Watson 2001) clearly indicated that 

top management commitment facilitates regulation formulation and process management 

for IS implementation. Further, Xiao, Xie and Wan (2009) reported that attitude and 

knowledge of decision makers’ toward innovative IS and data quality initiatives could 

determine the extent to which management support to these activities can be carried out 

as well as institutional and process design for activities can be driven. Since IS 

implementation includes a process of business-IT alignment in organisations, top 

management level is needed to make decisions on relevant activities to achieve this 

alignment (Xiao, Xie & Wan 2009). Similarly, in the EMR context, regulatory 

capability of EMR-enabled care processes toward EMR data completeness cannot 

overlook clinic directors’ support. Meanwhile, a good understanding and knowledge 

about EMR could also drive clinic directors to make commitment to communication 
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between IT and clinical staff for EMR implementation (Gopalakrishna-Remani, Jones & 

Camp 2018).This alignment would further EMR implementation at healthcare settings to 

address data completeness. The following hypotheses were proposed: 

H1: A high level of clinic director’s support for EMR implementation is positively 

associated with regulatory capability for EMR-enabled care processes. 

H2: A high level of clinic director’s support for EMR implementation is positively 

associated with EMR alignment to care processes. 

7.3.2 Resources, Regulatory Capability of EMR-Enabled Care Processes, and 
EMR Alignment to Care Processes 
 

Resources has an impact on IS implementation, because the implementation of IS is 

time-consuming and expensive (Kokemueller 2011; Wixom & Watson 2001). The 

project timeline is influenced by the amount of time and the people assigned to complete 

the tasks regarding IS implementation (Wixom & Watson 2001). For healthcare settings, 

without sufficient funding, human resources, and time for EMR implementation, the 

activities related to institutional and process management for EMR-enabled care 

processes are unlikely to conduct (Shaw 2014). Since EMR implementation contains a 

process of EMR alignment to care processes and communication between clinical and IT 

professionals, users’ requirements about EMR integrated into care processes are needed 

to capture by interviewing users to analyse the current system (Staff, Roberts & March 

2016). Hence, a network of users should be organised and supported in the process of 

interviews, within a set of considerable resources (Li & Liu 2019). Furthermore, EMR 

are scattered across clinical systems and repositories that require large investment on 

technologies such as integration technologies (Nkanata, Makori & Irura 2018). EMR 

integration cannot ignore the role of resources. If a healthcare organisation with 

sufficient funding, IT professionals and time for EMR implementation, it will have 

better chance to address EMR integration that contributes to aggregating high-quality 

data from various data sources. The following hypotheses were proposed: 
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H3: A high level of resources is positively associated with regulatory capability 

for EMR-enabled care processes. 

H4: A high level of resources is positively associated with EMR alignment to care 

processes. 

H5: A high level of resources is positively associated with EMR integration. 

7.3.3 Regulatory Capability of EMR-Enabled Care Processes, Clinical Staff’s 
Participation, EMR Integration, and Data Completeness in EMR 
 

When using IS, individuals are needed to follow relevant regulations and processes for 

achieving high-quality data (Xiao, Xie & Wan 2009). In the EMR context, structured 

rules and procedures of using EMR (e.g. structured procedures of data collection) could 

guide staff members in addressing EMR data completeness (Staff, Roberts & March 

2016). Furthermore, emphasising the importance of EMR data completeness in training 

could allow staff members to pay attention to achieving complete EMR data in patient 

care. Because structured regulation and process management can facilitate IS integration 

in organisations (Xiao, Xie & Wan 2009), with complete and detailed standard and 

process representations, IT professionals would better support EMR integration to 

address data completeness in EMR (Kelley et al. 2015). Additionally, structured 

regulations and processes designed to deal with using EMR in care processes through 

behavior change contribute to achieving the anticipated benefits of EMR implementation 

(e.g. achieving high-quality data) (McCarthy & Eastman 2013). The following hypotheses 

were proposed: 

H6: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with clinical staff’s participation. 

H7: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with EMR integration. 

H8: A high level of regulatory capability for EMR-enabled care processes is 

positively associated with data completeness in EMR. 
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7.3.4 EMR Alignment to Care Processes, Clinical Staff’s Participation, and EMR 
Integration 
 

Xiao, Xie and Wan (2009) clearly indicated that an effective understanding and 

communication between business and IT could improve staff members’ ability to apply 

IS. In the EMR context, the workflow of EMR integrated into care processes could be 

better accepted in healthcare organisations so that clinical staff tend to gather and use 

complete EMR data during care delivery (Herzberg et al. 2011). Meanwhile, communication 

between IT and clinical professionals could have great potential to address (i) mismatch 

problems between EMR and care processes and (ii) clinical staff’ requirements for data 

use during care delivery (Herzberg et al. 2011). When EMR fit to work requirements 

in care processes, it could well prepare data for different use through integrating 

required data from multiple data sources (Sherer et al. 2015). The following hypothesis 

was proposed: 

H9: A high level of alignment of EMR to care processes is positively associated 

with clinical staff’s participation. 

H10: A high level of alignment of EMR to care processes is positively associated 

with EMR integration. 

7.3.5 Clinical Staff’s Participation and Data Completeness in EMR 
 

Researchers asserted that insufficient knowledge about data entry could lead to 

incomplete data in EMR (Kelley et al. 2015). If a staff member is not aware of the 

importance of data completeness during data entry, data delays or incomplete data may 

occur because of human carelessness (Warsi, White & McCulloch 2002). Again, the 

time limitation for recording tasks puts staff members under pressure, resulting in more 

missing items at point of data entry (Staff, Roberts & March 2016; Warsi, White & 

McCulloch 2002). Due to the data unavailability at the time where data needs to be 

recorded during care delivery, this will incur incomplete data entered in EMR. The 

following hypothesis was proposed: 
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H11: A high level of clinical staff’s participation is positively associated with 

data completeness in EMR. 

7.3.6 EMR Integration, Clinical Staff’s Participation, and Data completeness in 
EMR 
 

Integration technologies can help determine the extent to which how good is the data 

aggregated from multiple systems (Xiao, Xie & Wan 2009). Data errors may occur if 

clinical systems and repositories are poorly integrated, resulting in poor-quality data in 

EMR (Carvalho et al. 2018). Furthermore, effective data practices could motivate 

clinical staff to further use EMR in care processes (Bagheri, Ensan & Al-Obeidat 2018; 

Sherer et al. 2015). A high level of EMR integration could improve users’ understanding 

of EMR technology and its benefits. Accordingly, clinical staff are more likely to 

participate in the tasks related to addressing data completeness, resulting in better data 

completeness in EMR. The following hypothesis was proposed: 

H12: A high level of EMR integration is positively associated with data 

completeness in EMR.  

H13: A high level of EMR integration is positively associated with clinical 

staff’s participation. 

Due to the alignment of EMR to care processes that contains a process of communication 

between clinical and IT professionals for EMR implementation (implies that clinical 

staff participate in this alignment), the conceptual model does not hypothesise the 

influence of clinical staff’s participation on EMR alignment to care processes. 

Figure 7 presents the conceptual model being examined in this study. The solid lines 

indicate the constructs and significant relations between these constructs that have been 

validated in the model of factor influencing data quality management (Xiao, Xie & Wan 

2009). The dotted lines highlight new factor and new relationships added in the resulting 

conceptual model.  
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Figure 7. The conceptual model of factors influencing data completeness in EMR 
being examined in this study (Liu et al. 2018) 

7.4. Research method 
 

7.4.1 Measures of constructs and instrument development 
 
In this study, following the process of instrument development suggested by MacKenzie, 

Podsakoff and Podsakoff (2011), we developed the measures for all constructs in the 

conceptual model based on prior studies (American Academy of Family Physicians 

2017; De Feo & Juran 2017; Herzberg et al. 2011; Staff, Roberts & March 2016; Warsi, 

White & McCulloch 2002; Weiskopf et al. 2013; Wixom & Watson 2001; Wrightson 

2010). As mentioned, Weiskopf et al. ’s (2013) four perspectives (i.e. documentation, 

breadth, density, and predictive as presented in Table 18) that have elaborated the most 

frequently used situations in defining and measuring data completeness are adopted to 

construct ‘Data completeness in EMR’ as outlined in Appendix C. This allows the present 

work to better study and understand data completeness in EMR, addressing “fitness for 

use” and “conformance to requirements”. The definitions of these variables for each 

construct are presented in Appendix C. We designed a survey including two parts. The 

first part contains a set of questions about the demographic information of participants 

and their organisations. The second part concerns the measurement of our constructs 

based on a five-point Likert scale as follows: 1 = “Strongly disagree”, 2 = “Disagree”, 

3 = “Neutral”, 4 = “Agree”, 5 = “Strongly agree”. The survey questions extracted and 

revised from the relevant literature (as shown in Appendix C), and then further reviewed 
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and modified by academics with expertise in data quality, EMR, information systems, 

software development and survey construction. Furthermore, the survey instrument was 

pre-tested by physicians. The multiple iterations of instrument development help 

establish the content validity for the survey. To reduce marginal errors, some survey 

questions were reversely arranged (Wixom & Watson 2001; Xiao, Xie & Wan 2009). 

All survey questions for the constructs are presented in Appendix E.  

Since the instrument was developed originally in English (all authors are situated at a 

university in an English-speaking country), it was necessary to translate the questionnaire 

into Chinese. We followed an adequate translation procedure as summarised by Xu, 

Turel and Yuan (2012):  

(i) the first author’s native language is Chinese, and therefore, the author 

translated the questionnaire from English to Chinese first and another researcher 

outside the research group who is bilingual in English and Chinese reviewed the 

translation; 

(ii) thereafter we back-translated the questionnaire from Chinese into English; 

(iii) we repeated steps (i) and (ii) in order to achieve accuracy and consistency of 

the translation.  

7.4.2 Research sample and data collection 
 

Online questionnaire can be sent to participants via network that saves expenses for 

travel and long-distance telephone call. Administration of online questionnaire allows 

participants to provide complete answer to each question that is not possible in traditional 

paper-based instruments. Accordingly, we adopted this data collection approach in this 

study.  

Compared with other countries, China has a very large healthcare system (including 

32,120 hospitals, 946,490 community health centres, and 19,550 specialised public 

health institutions (National Health and Family Planning Commission of the People's 

Republic of China 2018)), in order to meet the requirements of the growing population 
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on healthcare. This enormous amount of healthcare consumption in China provides 

massive amount of healthcare data that has a great potential to identify determinants of 

patient outcomes and improve medical treatment (Li et al. 2017). Furthermore, the 

Chinese State Council issued its Guiding Opinions on Promoting and Regulating the 

Development of the Application of Healthcare Big Data, which has attached great 

importance to gathering and using healthcare data (Liu 2018). Addressing data quality 

problems of EMR is thus considered as a priority in Chinese healthcare organisations. 

We anticipated that we can learn important lessons from clinical practitioners in China 

about the factors influencing data completeness in EMR.  

We implemented the questionnaire in Chinese version using the wjx.cn platform. The 

final version of the questionnaire was available between March 23, 2018 and June 15, 

2018. Our target respondents were practitioners who have established EMR and/or are 

currently using EMR in their workplaces in China. We believed that the respondents 

targeted are a representative sample to understand the factors influencing EMR data 

completeness in the current study.    

We firstly sent the link of the questionnaire to three colleagues (Associate Professor Lin 

Liu from Tsinghua University, Dr Xiaohong Chen from East China Normal University, 

and Dr Bo Wei from Genowis Inc) who are working in China by emails. These three 

contacts for survey delivery were selected as they are known to the principal supervisor 

(knows their working background and has their contact details) and have the working/ 

research experience and networks with Chinese healthcare settings. An invitation letter 

with a brief description of the purpose of the survey and the instructions about completing 

the questions were given to these three contacts. Then this questionnaire was distributed 

by the selected contacts in their research or working groups via the WeChat app platform. 

The group members who viewed the invitation letter and considered that they were the 

targeted subjects of this study can complete the questionnaire online and forward the 

link to other colleagues and peers to participate.  
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7.4.3 Sample size 
 
Our research engaged a total number of 150 subjects in China in answering the online 

questionnaire, and 148 participants completed it (completion rate is 98%). No missing 

data occurred among these complete responses. Because 3 questionnaires answered 

from the practitioners whose workplace had not established EMR, finally the remaining 

145 responses were used for further analysis. The summarised characteristics of the 

participants are shown in Table 23.  

Table 23. Demographics of the Chinese respondents based on their characteristics 
Characteristic Frequency Percent Characteristic Frequency Percent 
Gender     Education Level     
Male 84 57.9 Undergraduate 93 64.1 
Female 61 42.1 Postgraduate 68 46.9 
            
Age     Job position     
20 - 39 years 42 29.0 Physician 24 16.6 
30 - 39 years 67 46.2 Nurse 14 9.6 
>= 40 years 36 24.8 Clinical director/manager 15 10.3 
      EMR program manager 41 28.3 
Years of experience     Software developer 24 16.6 
< 5 years 73 50.3 Others 27 18.6 
>= 5 years 72 49.7       
Total   145  100.0  Total   145  100.0  

 

According to Table 23, 57.9% were male and 42.1% were female; the average age of 

participants was between 30-39 years; half of participants (49.7%) had been establishing 

and/or using EMR for more than 5 years. 64.1% participants reported holding a bachelor’s 

degree, and 46.9% indicated gaining a higher qualification with postgraduate study. 

Regarding job positions of the participants, 16.6% worked as physician, 9.6% as nurse, 

10.3% as clinical manager or director, 28.3% as EMR program manager or personal 

who is familiar with EMR implementation, and 16.6% as software developer. The others 

are EMR users at healthcare settings such as pharmacists and medical technologists. 

7.4.4 Control variable 
 
In China, provinces, autonomous regions, and municipalities formulate and implement 
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regional health plans and establish medical institutions based on The National Planning 

Guideline for the Healthcare Service System (2015–2020) announced by the centre 

government (General Office of the State Council of the People's Republic of China 

2015). Thus, healthcare practitioners are subject to the regulations under the same 

healthcare service system. However, the functions of cities could determine the level of 

medical requirements. It was reported that a higher level of gross domestic product per 

capita of the city is positively associated with a higher level of requirements for 

healthcare products and services (Xu 2018). Regions could have different levels of 

healthcare development, resulting in dissimilarities in answers for the survey questions. 

We intended to gain insights into the factors influencing data completeness in EMR 

from clinical practitioners in developed regions in order to learn their experience of 

addressing data completeness in EMR. Furthermore, given the influence of job position 

on perceived data quality in Tee et al. (2007), we also account for any differences in 

answers on the factors influencing EMR data completeness attributable to job positions. 

Accordingly, this study focuses on the clinical staff’s perspective (including physicians, 

nurses and medical personnel who are using EMR during care processes) in developed 

regions (e.g. Beijing, Shanghai, Jiangsu, Zhejiang, Guangdong, Fujian, and Shandong 

(National Bureau of Statistics of of the People's Republic of China 2017)) in China. See 

Table 24. 

Table 24. Demographics of the Chinese respondents based on their workplace 
Province Frequency Percent Province Frequency Percent 
Beijing 62(29) 42.8 Jiangsu 8 5.4 
Fujian 2 1.4 Jiangxi 2 1.4 
Guangdong 34(16) 23.4 Liaoning 2 1.4 
Guangxi 5 3.4 Neimenggu 2 1.4 
Hainan 2 1.4 Shandong 3(2) 2.1 
Hebei 4 2.8 Shanghai 6(3) 4.1 
Henan 1 0.7 Shanxi 3 2.1 
Hubei 2 1.4 Xingjiang 1 0.7 
Hunan 1 0.7 Zhejiang 5(2) 3.4 
Total 113 78 Total 32 22 
Note that the number in the brackets presents the number of clinical staff identified in our sample. 
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7.5 Results 

 
The unit of data analysis is each questionnaire collected from respondents. This study 

collected a total of 145 valid responses for data screening and further analysis. All the 

questionnaires were de-identified, and the data from the questionnaires was arranged, 

coded, and imported using SPSS for statistical analysis. By using the tool smartPLS 

3.0, we also conducted the reliability and validity test for the latent variables (constructs) 

in the conceptual model (the measurement model) and tested the hypotheses (the 

structural model) for the data samples collected from China. 

7.5.1 Measurement model 
 

To test the measurement model, convergent and discriminant validity for all scales 

should be assessed. While our English version of survey instrument has been examined 

by using the data samples collected from USA, the Chinese version is the same as a 

new instrument and is needed to examine the unidimensionality. Unidimensionality 

means that all items contribute to measuring a single underlying trait (Gerbing & Anderson 

1988). We thus firstly examined the unidimensionality for the measures. Because PLS 

cannot directly measure unidimensionality, we carried out a scree test on the dataset using 

SPSS. We adopted the principal axis factoring using varimax rotation. The results of the 

scree test indicated seven underlying factors that exist in the conceptual model, as shown 

in Appendix I. 

Then we assessed the factor loading for each measure in the measurement model using 

smartPLS 3.0 with the number of iterations set as 300. According to Hair et al. (2006), 

only variables with a factor loading equal to or greater than 0.5 are chosen in the 

measurement model. The results of factor analysis shown in Table 25 suggested that all 

the measures should be remained.  

Since the responses were collected from those healthcare practitioners who volunteered 

to complete the survey in China, this could bias our sample. Further, the conceptual 

model of factors influencing data completeness in EMR contains reflective and formative 
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constructs, reflective and formative measures should be treated differently according to 

Freeze and Raschke (2007). In our conceptual model, reflective constructs are ‘clinic 

director’s support to EMR implementation’, ‘clinical staff’s participation’, and ‘data 

completeness in EMR’. As reflective measures are caused by the latent construct, their 

internal consistency and reliability are tested using Cronbach’s α coefficient. To examine  

Table 25. Results of factor analysis based in the data samples collected from 
China 
Constructs Measure Variables Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

Clinic director's 

support for 

EMR 

implementation 

(CDS) 

Awareness (DAW) 0.915 4.482 DAW1 4.44 0.639 0.976 

DAW2 4.44 0.669 0.978 

Attitude (DAT) 0.951 6.362 DAT1 4.52 0.671 0.902 

DAT2 4.00 0.816 0.891 

Competency (DCY) 0.940 3.195 DCY1 4.13 0.793 0.959 

DCY2 4.33 0.678 0.945 

DCY3 4.13 0.864 0.944 

Resources 

(RES) 

Funding (FUN) 0.923 2.963 FUN1 3.77 0.899 1.000 

Human resource (HR) 0.866 2.999 HR1 3.71 0.915 1.000 

Time (TIM) 0.936 2.669 TIM1 3.90 0.934 1.000 

Regulatory 

Capability for 

EMR-Enabled 

Care Processes 

(RCCP) 

Data quality 

management (DQM) 

0.979 3.284 DQM1 3.90 0.913 0.918 

DQM2 3.92 0.882 0.951 

DQM3 3.75 0.926 0.953 

DQM4 3.75 0.988 0.948 

Process management 

(PM) 

0.928 3.284 PM1 3.69 1.001 0.939 

PM2 3.58 0.997 0.959 

PM3 3.65 0.968 0.970 

EMR 

Alignment to 

Care Processes 

(EACP) 

Customisation (CUS) 0.848 1.965 CUS1 3.92 0.882 1.000 

Communication 

(COM) 

0.973 1.965 COM1 3.96 0.862 0.931 

COM2 4.04 0.816 0.960 

COM3 3.98 0.874 0.947 

Clinical staff’s 

participation 

(CSP) 

Awareness (SAW) 0.918 1.921 SAW1 4.23 0.731 0.909 

SAW2 4.23 0.731 0.940 

SAW3 4.35 0.683 0.834 

Attitude (SAT) 0.711 1.544 SAT1 4.52 0.610 1.000 

Competency (SCY) 0.800 2.242 SCY1 4.15 0.849 1.000 

Mental status (SMS) 0.745 1.961 SMS1 4.06 0.895 1.000 

 EMR integration 

(EIN) 

Ease of use (EOU) 0.857 1.427 EOU1 3.69 0.919 1.000 

Usefulness (UFN) 0.837 1.528 UFN1 4.10 0.799 0.930 

UFN2 4.12 0.758 0.904 

UFN3 4.25 0.622 0.936 

UFN4 4.21 0.667 0.910 
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Table 25. Results of factor analysis based in the data samples collected from 
China 
Constructs Measure Variables Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

Compatibility (CMP) 0.591 1.346 CMP1* 2.81 1.049 -0.863 

CMP2 2.96 1.427 0.848 

Data 

completeness in 

EMR (DC) 

Documentation 

(DOC) 

0.745 1.617 DOC1 3.77 0.921 1.000 

Breadth (BRE) 0.810 1.764 BRE1 3.75 0.837 1.000 

Density (DEN) 0.899 2.976 DEN1 3.79 0.825 1.000 

Predictive (PRE) 0.837 2.414 PRE1 3.87 0.841 1.000 

“ * ” means that this measure was reverse coded. 

convergent validity for reflective constructs, three criteria suggested by Hair et al. (2006) 

were adopted in this study: (i) factor loading estimates should be at least 0.5 or higher; 

(ii) internal consistency reliability should be 0.7 or higher; and (iii) average variance 

extracted (AVE) should be 0.5 or higher. Given the results by Tables 25 and Table 26, 

the reflective constructs in the measurement model were well above the recommended 

thresholds. 

Formative measures represent instances in which the indicators cause the latent construct, 

and internal consistency (reliability testing) is not appropriate for formative constructs 

(Freeze & Raschke 2007). In our conceptual model, formative constructs include 

‘resources’, ‘regulatory capability of EMR-enabled care processes’, ‘EMR alignment 

to care processes’ and ‘EMR integration’. While multicollinearity is desirable for 

reflective measures, excessive multicollinearity is a significant problem for formative 

measures that can destabilise the construct (Jarvis, MacKenzie, & Podsakoff 2003). To 

ensure that multicollinearity problem does not exist between the indicators for the 

formative constructs, variance inflation factors (VIF) were tested as advised by (Cenfetelli 

& Bassellier 2009; Hair, Ringle & Sarstedt 2011). All values extracted in this respect 

were noticed within their recommended level (VIF <10) (Cenfetelli & Bassellier 2009), 

as shown in Table 25. According to Cenfetelli and Bassellier (2009), the array of formative 

measures employed to measure the construct should be evaluated to determine whether 

the chosen measures have any conceptual overlap; and bivariate correlation between 

the measures and the formative construct should be reported. We thus examined the 
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relevance of the measures on the formative constructs to the conceptual model by 

reviewing the relevant literature as advised by Wixom and Watson (2001). Table 25 also 

reports the factor loading estimates for the formative measures.  

To examine discriminant validity of the measurement model, we utilised the criteria 

that the square root of AVE of the latent variable should be greater than the correlation 

coefficient of other latent variables (Fornell & Larcker 1981). Table 26 demonstrates 

that the revised construct measures have an adequate discriminant validity. 

Table 26. Convergent and discriminant validity of the measurement model based 
in the data samples collected from China 
Construct Cronbach's α 

coefficient 

Composite 

Reliability 

AVE Factor Correlations 

CDS RES RCCP EACP CSP EIN DC 

CDS 0.931 0.956 0.878 1.000       

RES    0.718 1.000      

RCCP    0.657 0.840 1.000     

EACP    0.695 0.793 0.798 1.000    

CSP 0.823 0.883 0.654 0.639 0.639 0.635 0.711 1.000   

EIN    0.608 0.637 0.640 0.716 0.589 1.000  

DC 0.841 0.894 0.680 0.504 0.546 0.664 0.698 0.543 0.762 1.000 

 
7.5.2 Structural model 
 

After examination of the measurement model, the assessment of the structural model 

was carried out with the results presented in Table 27. We used bootstrapping with 5, 

000 resamples to determine the significance of the paths within the structural model as 

advised by Hair, Ringle and Sarstedt (2011). The quality of the structural model was 

evaluated on squared multiple correlations (R2) as shown in Figure 9. 

Table 27. Hypotheses results based in the data samples collected from China 
No. Hypothesis Path coefficient (β) p - value T-Statistic Result 
H1 CDS -> RCCP 0.092 0.455 0.748 Not Support 
H2 CDS -> EACP 0.260 0.058 1.894 Not Support 
H3 RES -> RCCP 0.788 0.000 8.916 Support 
H4 RES -> EACP 0.607 0.000 5.134 Support 
H5 RES -> EIN 0.118 0.571 0.566 Not Support 
H6 RCCP -> CSP 0.192 0.350 0.935 Not Support 
H7 RCCP -> EIN 0.212 0.282 1.076 Not Support 
H8 RCCP -> DC 0.216 0.046 1.996 Support 
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Table 27. Hypotheses results based in the data samples collected from China 
No. Hypothesis Path coefficient (β) p - value T-Statistic Result 
H9 EACP -> CSP 0.449 0.044 2.019 Support 
H10 EACP -> EIN 0.490 0.000 3.733 Support 
H11 CSP -> DC 0.056 0.732 0.342 Not Support 
H12 EIN -> DC 0.569 0.000 4.260 Support 
H13 EIN -> CSP 0.153 0.230 1.199 Not Support 

 
Figure 9 indicates that all variances for the endogenous dependent variables are 

explained, which can be considered substantial (Thakurta, Urbach & Basu 2018). When 

‘Clinic director’s support for EMR implementation’ combined with ‘Resources’, they 

explained 73.3% of the variance of ‘Regulatory capability of EMR-enabled care processes’ 

and 66.0% of the variance for ‘EMR alignment to care processes’. The three constructs 

‘Regulatory capability of EMR-enabled care processes’, ‘EMR alignment to care 

process’, and ‘EMR integration’ explained 54.2% of the variance contained in the 

construct ‘Clinical staff’s participation’. ‘Regulatory capability of EMR-enabled care 

processes’ along with ‘EMR alignment to care process’ and ‘Resources’ explained 59.7% 

of the variance contained in the construct ‘EMR integration’. ‘Regulatory capability of 

EMR-enabled care processes’ together with ‘Clinical staff’s participation’ and ‘EMR 

integration’ explained 60.2% of the variance for ‘Data completeness in EMR’. 

 
Note that “ * ” presents p-value < 0.05; “ ** ” presents p-value < 0.01; and “ *** ” presents p-value < 0.001. 

Figure 9. Results of the structural model based in the data samples collected 
from China 

 

7.6 Discussion 
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In this section, we examined the proposed conceptual model from the perspective of 

clinical staff in developed regions of China. The results of data analysis reveal the 

factors influencing data completeness in EMR, which help answer our research questions: 

RQ6: What are the factors that influence data completeness in electronic medical 

records? 

Findings: The factors influencing data completeness in EMR identified from the 

perspective of the clinical staff in the Chinese developed regions are: ‘resources’, 

‘regulatory capability for EMR-enabled care processes’, ‘EMR alignment to care 

processes’, and ‘EMR integration’. 

RQ7: What are the relationships between the factors that influence data completeness 

in electronic medical records? 

Findings: The relationships proposed between the included factors influencing data 

completeness in EMR examined in the current section are presented below. 

Clinic director’s support for EMR implementation: The empirical findings of this 

study indicate that: (i) the proposed causal path between clinic director’s support and 

regulatory capability for EMR-enabled care processes is rejected (β = 0.092, p > 0.05); 

and (ii) the proposed causal path between clinic director’s support and EMR alignment 

to care processes is rejected (β = 0.260, p > 0.05). The possible explanation of this 

outcome is the relatively better commitment and support from top management level at 

healthcare settings in Chinese developed regions. Following the National Planning 

Guideline on the Healthcare Service System to achieve data sharing and interconnection 

by implementing EMR has attached much attention from clinic directors. Hence, clinic 

director’s support is very basic for EMR implementation and is not the prior factor 

affecting regulatory capability for EMR-enabled care processes and EMR alignment to 

care processes toward data completeness in EMR, from the clinical staff’s perspective. 

These findings are not consistent with (Gopalakrishna-Remani, Jones & Camp 2018; 

Kokemueller 2011; Wixom & Watson, 2001; Xiao, Xie & Wan 2009).   
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Resources: As for the role of resources, our results also provide strong evidence to 

support the causal relationships: (i) between resources and regulatory capability for 

EMR-enabled care processes (β = 0.788, p < 0.001) as well as (ii) between resources 

and EMR alignment to care processes (β = 0.670, p < 0.001). These results imply that 

resources determines regulatory capability for EMR-enabled care processes and EMR 

alignment to care processes toward data completeness in EMR from the clinical staff’s 

perspective in Chinese developed regions. If there are sufficient funding, human 

resources, and time for EMR implementation, regulatory capability for EMR-enabled 

care processes and EMR alignment to care processes will have better chance to be 

addressed at healthcare settings. These findings are consistent with Kokemueller (2011), 

Kushniruk and Nøhr (2016), Shaw (2014), Staff, Roberts and March (2016), and 

Wixom and Watson (2001), in the context of EMR. However, resources failed to 

contribute to EMR integration with the coefficient value of 0.118 at the significant level 

greater than 0.05. We noted that the measures of resources adapted from Wixom and 

Watson (2001) only contained three items (i.e. funding, human resources, and time that 

are available to complete the tasks related to EMR implementation), that concern 

managerial perspective, while EMR integration seems to rely heavily on technical 

support. This finding is not consistent with Nkanata, Makori and Irura (2018).  

Regulatory capability for EMR-enabled care processes: Our empirical results do not 

support: (i) the causal path proposed between regulatory capability for EMR-enabled 

care processes and clinical staff’s participation (β = 0.192, p > 0.05), and (ii) the causal 

path proposed between regulatory capability for EMR-enabled care processes and EMR 

integration (β = 0.212, p > 0.05). In this study, the respondents are highly educated, so 

for such respondents using EMR to achieve complete data can be considered as very 

basic. Table 25 also shows a stable high level of clinical staff’ participation in addressing 

data completeness of EMR. However, the responses on regulatory capability for EMR-

enabled care processes varied from one to another (i.e. higher standard deviations for 

the measures in the construct ‘regulatory capability for EMR-enabled care processes’ 

compared with other constructs as shown in Table 25). This implies that from the clinical 
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staff’s viewpoints the influence of regulatory capability for EMR-enabled care processes 

on their participation was not significant. Furthermore, EMR integration concerns more 

about technical support, while regulatory capability for EMR-enabled care processes is 

related to managerial perspective. These findings are not consistent with a number of 

prior studies (Kelley et al. 2015; Staff, Roberts & Mar 2016; Xiao, Xie & Wan 2009). 

However, the current study supports the hypothesis for the causal relationship between 

regulatory capability for EMR-enabled care processes and data completeness in EMR 

(β = 0.216, p < 0.05), that is not identified in the model of factors influencing data 

quality management (Xiao, Xie & Wan 2009). This finding clearly indicates that a 

higher level of regulatory capability for EMR-enabled care processes (i.e. the capability 

to design, implement and improve a set of rules, standards, and procedures for EMR-

enabled care processes at healthcare settings), is directly associated with higher level 

of data completeness in EMR, which is consistent with McCarthy and Eastman (2013).    

EMR alignment to care processes: Statistical results support the proposed relationship 

between EMR alignment to care processes and clinical staff’s participation (β = 0.449, 

p < 0.05), and the significant relationship between EMR alignment to care processes 

and EMR integration (β = 0.490, p < 0.001). These findings point out that EMR 

alignment to care processes is not only limited to facilitate clinical staff’s participation 

but also contributes to EMR integration toward data completeness in EMR, based on 

the viewpoints of clinical staff in Chinese developed regions. The EMR customisation 

and/or a good communication and understanding between IT and clinical staff on EMR 

implementation could help EMR embedded into care processes. In this light, EMR can 

be better accepted at healthcare settings and aggregate high-quality data from multiple 

data sources. These findings are consistent with the findings reported in the IS literature 

by multiple researchers (Herzberg et al. 2011; Sherer et al. 2015; Xiao, Xie & Wan 

2009).  

Clinical staff’s participation: Against expectation, in this study there is no significant 

relationship between clinical staff’s participation and data completeness in EMR (β = 

0.056, p > 0.05). We found that the endogenous that is explained in the dependent 
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variable ‘DC’ (R2 = 0.602) is relatively weaker than ‘RCCP’ and ‘EACP’ as shown in 

Figure 9. This implies some hidden factors that have more significant impact on data 

completeness in EMR not included in the conceptual model that should be further 

investigated (e.g. interviews with the clinical staff). This finding is not consistent with 

Kelley et al. (2015), Staff, Roberts and Mar (2016), and Warsi, White and McCulloch 

(2002). 

EMR integration: As expected, the empirical results of this study report a significant 

relationship between EMR integration and data completeness in EMR (β = 0.056, p > 

0.05). Our study demonstrates that a high level of EMR integration is positively 

associated with data completeness in EMR. For instance, if EMR systems that are 

integrated with multiple clinical systems and repositories are of high-quality (i.e. a high 

level of ease of use and/or usefulness), this will help provide complete data for users. 

This finding is consistent with a number of previous research (Carvalho et al. 2018; 

Xiao, Xie & Wan 2009). However, this research rejects the hypothesis for the relationship 

between EMR integration and clinical staff’s participation. As presented in Table 25, the 

respondents reported a high level of participation in addressing data completeness of EMR, 

which shows that data quality problems in EMR have received much attention from the 

clinical staff. While based on their responses, EMR integration was at a moderate level. 

This implies that other underlying factors play more important role than the quality of 

EMR integration in facilitating their participation. This finding is not consistent with 

Bagheri, Ensan and Al-Obeidat (2018) and Sherer et al. (2015). 

7.6.1 Implications for academic 
 

While previous studies have examined the factors influencing data quality (e.g. Xiao, 

Xie and Wan (2009)), we show that the factors influencing data completeness as a 

dimension of data quality can be driven by data quality management theoretical constructs 

in the EMR context. The reliability and validity of the measurement model was demonstrated 

based on the clinical staff’s perspective in the developed regions of China. The results 

imply that the measurement model cannot be used to determine the factors that influence 
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data completeness in EMR without some modification. However, our measurement 

model could serve as a reference model to evaluate factors influencing data completeness. 

The six constructs were used as the factors influencing data completeness in EMR to 

examine the factors influencing EMR data completeness. The hypotheses proposed for 

the relationships between these factors that are widely used in the literature, but some 

of them have not been found significant in the context of this study. The possible 

explanation for these differences is discussed in this paper. It is worth pointing out that 

resources added in the conceptual model is one of the key factors that determine 

regulatory capability for EMR-enabled care processes and EMR alignment to care 

processes toward EMR data completeness. While this study focuses on funding, human 

resources and time as resources for EMR implementation, we offer interesting 

possibilities for re-examining the role of resources (e.g. include other items to measure 

this construct) in influencing EMR data completeness. 

Additionally, we drew attention to the relationships between the factors that influence 

EMR data completeness. The results of this study reveal one new mechanism on the 

factors influencing data completeness in EMR: a high level of regulatory capability of 

EMR-enabled care processes is positively associated with data completeness in the 

context of EMR, which was not significant in the model of factors influencing data 

quality management (Xiao, Xie & Wan 2009). We believe that scholars who are 

working on extended studies on factors influencing data quality and ways of doing it 

may utilise the findings of our study with useful directions. This study may provide the 

foundation to a number of similar studies to theorise the deterministic factors that 

influence data completeness or other dimensions of data quality (e.g. accuracy and 

consistency) in multiple applications.   

7.6.2 Implications for practice 
 
Our study also has important implications for practice. First, our finding that sufficient 

resources for EMR implementation facilitate regulatory capability for EMR-enabled 

care processes and EMR alignment to care processes toward data completeness in EMR 
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will be of interest to decision makers at healthcare settings. This study may draw the 

attention of decision makers to develop suitable and efficient strategies on resources 

allocation for EMR implementation. Furthermore, in China, one of the unique challenges 

in healthcare service systems is uneven distribution of resources (General Office of the 

State Council of the People's Republic of China 2015). Resources tend to be concentrated 

in large and developed cities and a great gap in the distribution of resources exists 

between urban and rural regions. To this end, smart healthcare is proposed to provide 

advices on a priority of health problems and help determine which level of healthcare 

institutions should visit through using EMR data (Xu 2018). Accordingly, governments 

should provide resources and guidance to help healthcare settings upgrade their IT 

infrastructures for EMR implementation.  

Second, our finding that regulatory capability for EMR-enabled care processes can be 

a determinant of data completeness in EMR, is of relevance to EMR program managers. 

This calls for establishing, implementing and improving regulations and procedures on 

data quality management and process management for EMR-enabled care processes. 

Furthermore, the empirical results of this study demonstrate that a high level of EMR 

alignment to care processes is positively associated with a high level of EMR integration 

toward data completeness in EMR. While customisation of EMR configuration at 

healthcare settings has been emphasised in EMR implementation, the communication 

between IT and clinical staff for EMR implementation also plays an important role in 

EMR alignment to care processes. Thus, there is a need to enhance communication with 

clinical staff about the benefits and difficulties of implementing EMR and place them 

in the role of addressing EMR data completeness. 

Third, healthcare practitioners are reminded that the extent to EMR integration can 

ascertain how complete is the data in EMR. When EMR vendors are being sought, they 

should undergo a rigorous qualification and selection process to best overcome the 

technical problems related to EMR integration. Furthermore, EMR vendors must 

provide quality-assured EMR integration with a high level of ease of use, usefulness, and 

compatibility, in order to meet various data requirements in care processes and improve 
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the quality of the data aggregated from multiple data sources.     

7.6.3 Limitations and future work 
 

Although this study makes several significant contributions, the present work has 

several limitations. First, the current study focuses on data completeness that is one 

dimension of data quality, and our choice of constructs was restricted by our adherence 

to data quality literature. The differences in definitions of information completeness 

and data completeness could be taken into account to reconstruct conceptual models of 

factors influencing data quality in future studies. Furthermore, the weak eigenvalues 

for the dependent variables (e.g. ‘CSP’ and ‘DC’) suggest that there are likely other 

hidden constructs that influence data completeness in EMR which have not been 

measured and should be further explored.  

Second, this study only examines the factors that influence data completeness in EMR 

from the perspective of clinical staff in the developed regions of China. A relatively 

small group of clinical practitioners who volunteered to complete the survey could bias 

the results. The findings therefore require to be confirmed in larger studies involving 

more clinical staff and across EMR systems and regions or countries. In order to 

generalise the findings, future studies with larger and more generic data would be 

required in different application domains.  

Third, the results are biased toward the assumption that the more data completeness in 

EMR the better it is. However, in practice, data completeness is defined as fit for use. 

In other words, necessary data is available for a given task that is good enough for data 

completeness. Researchers thus should take specific context into account when studying 

data completeness.  

Last, because research use of insurance claims presents unique challenges to improve 

data quality (Tyree, Lind & Lafferty 2006) and we were interested in missing values of 

EMR, the conceptual model was only applied to EMR data. Hence, the conceptual 

models on the factors influencing data quality for billing data is out of the scope of this 
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study.  

7.7 Conclusion 
  

In this chapter, we empirically examined a conceptual model of factors influencing data 

completeness in EMR that extends the model of factors influencing data quality 

management (Xiao, Xie & Wan 2009). Based on a questionnaire survey of clinical 

practitioners in China, we identified the factors influencing data completeness as a 

dimension of data quality, in the context of EMR. Some of the proposed relationships 

between these factors that are widely supported in the IS literature were not significant 

in the context of this study. The possible explanation of these differences has been 

discussed in the present research. This study also provides implications related to the 

factors influencing data completeness in EMR for researchers, decision makers at 

healthcare settings, EMR program managers, and EMR system venders. 

The next chapter describes a cross-country comparison of the relationships between the 

factors included in the conceptual model, to address how these factors influence data 

completeness in EMR among Australia, China, and USA.   
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Chapter 8 – Factors Influencing Data Completeness in Electronic 

Medical Records: A Cross-Country Comparison 
 

In this chapter, we compare the strength of the relationships between the included 

factors by using surveys of clinical practitioners in Australia, China, and USA, and 

discuss our research findings. Note that this section has been written in a journal paper 

that is going to be submitted to a relevant journal (J-4). Some wordings in this section 

are revised and added for the coherence of the whole thesis, in order to improve the 

transition and flow between the sections. 

8.1 Introduction 
 
Recent advances in electronic medical records (EMR) in healthcare highlight the importance 

of high-quality data, because poor data quality can destabilise clinical decision-making 

that in return has an impact on the quality of care (Terry et al. 2019). This has led to 

increased attention to data quality in EMR. For instance, Liu et al. (2018) have proposed 

a conceptual model of factors influencing data completeness as a dimension of data 

quality in the EMR context, and have empirically evaluated these factors (Liu, Zowghi 

& Talaei-Khoei 2019). The scope of their study is limited to only surveying clinical 

practitioners in USA. A cross-country comparison of these factors is not available in 

the current literature. This study thus examines the dissimilarities in answers toward 

the factors influencing data completeness in EMR, based on the viewpoints elicited 

from clinical practitioners in Australia, China, and USA. We are interested in how the 

factors proposed in Liu et al.'s conceptual model (2018) influence data completeness in 

EMR between different cultures.  

National culture refers to “the values, beliefs and assumptions learned in early childhood 

that distinguish one group of people from another” (Newman & Nollen 1996). In 2001, 

Hofstede (2001) proposed five dimensions for national culture: power distance, uncertainty 

avoidance, individualism versus collectivism, masculinity versus femininity, and long-
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term versus short-term orientation. These dimensions are then widely applied in multiple 

study contexts, such as health information seeking and sharing (Li et al. 2018), and 

implementation of information systems (Ramesh et al. 2017). Among these dimensions, 

individualism/collectivism are particularly relevant to understanding the dissimilarities 

in answering the factors that influence data completeness in EMR among Australia, 

China, and USA because of the important role of the individualism/collectivism cultural 

dimension in data quality management (Shanks & Corbitt 1999). In this study, we take 

the concept of culture (specifically the individualism/collectivism dimension) into 

account, to understand how the clinical practitioners from Australia, China, and USA 

may deal with the factors influencing data completeness in EMR differently.  

Addressing data completeness for improving the cost, quality, and patients’ experience 

of healthcare is a significant challenge in healthcare (Liu, Zowghi & Talaei-Khoei 

2019). Understanding the factors influencing data completeness could be a starting 

point to address data quality in EMR. There has been a large body of literature about 

factors influencing data quality (Al-Hiyari, AL-Mashre & Mat 2013; Kokemueller 

2011; Nord, Nord & Xu 2005; Tee et al. 2007; Xu 2013; Xu, Koronius & Brown 2003). 

However, these studies have only partially looked at data completeness as a dimension 

of data quality. More recently, the studies focusing on the factors influencing data 

completeness in the EMR context have been carried out (Liu, Zowghi & Talaei-Khoei 

2019; Liu et al. 2018). Despite recent progress, one main limitation in the current 

literature is that examinations of the factors influencing data completeness in EMR tend 

to be limited to a single country. For example, Liu, Zowghi and Talaei-Khoei (2019) 

have empirically examined these factors in USA, and several investigations have been 

conducted to understand relevant determinants of EMR data completeness in Netherlands 

(Sollie et al. 2017) and in Australia (Taggart, Liaw & Yu 2015). However, none of these 

studies considered the role of culture in dealing with the factors that influence EMR 

data completeness. Since healthcare settings from different cultural backgrounds may 

address EMR data differently, this may lead to differences in the factors that influence 
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data completeness in EMR, which may have an impact on the strength of the proposed 

relationships among these factors and reveal new research findings.  

To fill this research gap, this study aims to examine how the factors proposed in Liu et 

al.'s conceptual model (2018) influence data completeness across different counties, 

using the context of EMR in Australia, China, and USA. These countries are selected 

as they are three important countries toward healthcare in the Asia-Pacific regions with 

very different cultures (individualism/collectivism). Accordingly, the following research 

question (RQ) guides this study: 

RQ8: Is there any difference in the relationships between the factors that influence data 

completeness in EMR among different cultures? 

As noted in Wang and Strong (1996), data completeness as an important dimension of 

data quality is defined as the extent to which all required data is available for a given 

task. Addressing data completeness in EMR presents unique challenges (Kadhim-Saleh 

et al. 2013) and thus, here we study the factors influencing EMR data completeness 

mainly drawn on the data completeness literature in the EMR context. Furthermore, 

because data completeness problems can be due to missing values in a record and can 

also refer to missing records for an entity (Liu, Li & Zou 2016), this study focuses on 

missing values in EMR due to data misrepresentation made by individual clinical staff. 

To address our research question, based on Liu et al.'s conceptual model (2018) that 

extends the model of factors influencing data quality management (Xiao, Xie & Wan 

2009), we compare the strength of the relationships between these factors by using 

surveys of clinical practitioners in Australia, China, and USA. 

Our study thus makes two important contributions. First, we provide new insights 

regarding how the factors proposed in Liu et al.'s conceptual model (2018) influence 

data completeness in EMR across different cultures. We will show that in a collectivistic 

culture such as China ‘resources’ may have a stronger influence on ‘regulatory 

capability of EMR-enabled care processes’ and ‘EMR alignment to care processes’ than 

in an individualistic culture such as Australia and USA. ‘EMR alignment to care 



178 

processes’ may also play a stronger role in facilitating ‘EMR integration’ toward EMR 

data completeness in a collectivistic culture. For healthcare settings in an individualistic 

culture such as Australia and USA, ‘regulatory capability of EMR-enabled care 

processes’ is more likely to drive ‘EMR integration’ toward EMR data completeness. 

Furthermore, the influence of ‘EMR integration’ on ‘clinical staff’s participation’ 

toward data completeness in EMR may be stronger in an individualistic culture.  

Second, this study draws attention of clinical practitioners to data completeness as a 

dimension of data quality in EMR, and our findings also give further implications on 

addressing data completeness in EMR from different cultures. Due to the stronger effect 

of resources and EMR alignment to care processes on addressing EMR data 

completeness in a collectivistic culture, healthcare settings in such a culture should: (i) 

ensure available resources for EMR implementation; and (ii) improve a system of rules, 

standards and procedures to better embrace EMR-enabled care processes. As for 

healthcare settings in an individualistic culture, (i) communication between IT and clinical 

staff for EMR implementation and (ii) relevant technical issues regarding EMR integration 

need to be addressed, in order to better facilitate clinical staff’s use of EMR for achieving 

complete data in practices. 

The remainder of this chapter is organised in the following ways: the next section 

outlines relevant theoretical background; thereafter we describe research method utilised 

to conduct this study; after that we present the results of data analysis and then discuss 

findings and limitations of this study and future work; and the last section concludes 

the paper.  

8.2 Theoretical background 
 

8.2.1 Factors influencing data completeness in EMR 
 

Liu et al. (2018) have proposed a model of factors influencing data completeness in 

EMR that could help explain the underlying mechanisms of achieving complete data in 

EMR, as shown in Figure 10. The six factors proposed in this conceptual model are: 
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clinical director’s support, resources, regulatory capability of EMR-enabled care 

processes, EMR alignment to care processes, clinical staff’s participation, and EMR 

integration. The definition for each factor (construct) is described in Appendix C.  

 
H1: A high level of clinic director’s support for EMR implementation is positively associated with 
regulatory capability for EMR-enabled care processes. 
H2: A high level of clinic director’s support for EMR implementation is positively associated with 
EMR alignment to care processes. 
H3: A high level of resources is positively associated with regulatory capability for EMR-enabled 
care processes. 
H4: A high level of resources is positively associated with EMR alignment to care processes. 
H5: A high level of resources is positively associated with EMR integration. 
H6: A high level of regulatory capability for EMR-enabled care processes is positively associated 
with clinical staff’s participation. 
H7: A high level of regulatory capability for EMR-enabled care processes is positively associated 
with EMR integration. 
H8: A high level of regulatory capability for EMR-enabled care processes is positively associated 
with data completeness in EMR. 
H9: A high level of alignment of EMR to care processes is positively associated with clinical staff’s 
participation. 
H10: A high level of alignment of EMR to care processes is positively associated with EMR 
integration. 
H11: A high level of clinical staff’s participation is positively associated with data completeness in 
EMR. 
H12: A high level of EMR integration is positively associated with data completeness in EMR.  
H13: A high level of EMR integration is positively associated with clinical staff’s participation. 

Figure 10. The conceptual model taken from Liu, Zowghi and Talaei-Khoei (2019) 

The conceptual model of factors influencing data completeness in EMR (Liu et al. 

2018) contains human, managerial, and technical factors. Human factors concern 
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personal cognition and capability on the tasks related to data quality management. 

Managerial factors refer to the organisation and coordination of activities to achieve 

defined goals of data quality in an organisation, while technical factors address 

information systems and development technologies to support data quality management. 

Among these constructs, human factors pertain to clinic director and clinical staff; 

managerial factors contain ‘resources’, ‘regulatory capability for EMR-enabled care 

processes’, and ‘EMR alignment to care processes’, while technical factor refers to 

‘EMR integration’. Figure 10 presents Liu et al.'s conceptual model (2018): the solid 

lines depict the relationships hypothesised between these constructs supported by Liu, 

Zowghi and Talaei-Khoei (2019), and the dotted lines indicate those relationships that 

are not significant in their study.  

By surveying the clinical practitioners in Nevada USA, Liu, Zowghi and Talaei-Khoei 

(2019) found that a high level of clinical director’s support is positively associated with 

regulatory capability of EMR-enabled care processes and EMR alignment to care 

processes. These findings are consistent with prior studies that highlighted the role of 

top management support in IS implementation for achieving high-quality data 

(Kokemueller 2011; van Laere & Aggestam 2016; Wixom & Watson 2001; Xiao, Xie 

& Wan 2009), in the EMR context. Their finding that resources has an impact on EMR 

alignment to care processes toward data completeness in EMR, is similar to the results 

reported by Staff, Roberts and March (2016) and Bhattacherjee et al. (2018). However, 

the influence of resources on regulatory capability of EMR-enabled care processes and 

EMR integration was not supported by Liu, Zowghi and Talaei-Khoei (2019).  

The findings of Liu, Zowghi and Talaei-Khoei (2019) that regulatory capability for 

EMR-enabled care processes contributes to clinical staff’s participation, EMR integration, 

and data completeness in EMR, are consistent with a body of research (Kelley et al. 

2015; Kokemueller 2011; Staff, Roberts & March 2016; Wixom & Watson 2001). They 

also showed that EMR alignment to care processes plays an important role in promoting 

clinical staff’s participation toward data completeness in EMR, which is in accordance 

with previous literature (Herzberg et al. 2011; Sherer et al. 2015; Xiao, Xie & Wan 
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2009). While their study rejected the hypothesis on the relationship between EMR 

alignment to care processes and EMR integration.  

In Liu, Zowghi and Talaei-Khoei (2019), clinical staff’s participation was found 

empirically significant in influencing data completeness in EMR, which is similar with 

the findings from prior literature (Kelley et al. 2015; Staff, Roberts & March 2016; 

Warsi, White & McCulloch 2002). Furthermore, EMR integration has a significant and 

positive relation with clinical staff’s participation toward data completeness in EMR. 

This finding is consistent with prior studies conducted by (Bhattacherjee et al. 2018; 

Melas et al. 2014; Sherer et al. 2015) who indicated that the extent to which EMR 

integration could determine staff’s participation in EMR-related activities. However, 

EMR integration failed to influence EMR data completeness in Liu, Zowghi and Talaei-

Khoei (2019).  

The most recent work (Liu, Zowghi & Talaei-Khoei 2019) has only focused on a single 

country (i.e. USA), and how these factors influence data completeness in EMR between 

different cultures is unclear.  

8.2.2 Role of culture in data quality 
  

According to Hofstede (2001), culture is defined as collective programming of the mind 

that differentiates the members between groups or categories, and is generally reserved 

for societies operationalised as nations. Hofstede (2001) proposed five dimensions for 

culture, including: power distance, uncertainty avoidance, individualism versus collectivism, 

masculinity versus femininity, and long-term versus short-term orientation. The concept 

of culture can be utilised to explain the mechanisms in societies about development and 

maintenance of value systems shared by major groups in the population, which can 

determine individual behaviour in social practice (Hofstede 2001). Healthcare settings, 

regardless of their country of origin, need EMR to carry out data sharing to improve the 

quality of care. However, clinical practitioners from different cultures may address the 

quality of EMR data differently, resulting in dissimilarities in addressing the factors 
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that influence data completeness in EMR. The concept of culture presents an important 

lens to study these differences.  

Among the five cultural dimensions, the individualism/collectivism dimension is 

selected in the present work to study how the factors influence data completeness in 

EMR across different countries. Individualism/collectivism concerns the relationships 

between members and collectives: members of an individualistic culture (e.g. Australia 

and USA) subordinate the interests of collectives to their own interests, while members of 

a collectivist culture (e.g. China) subordinate their personal interests to the interests of 

collectives (Hofstede 2001). Several studies have confirmed the importance of culture 

with respect to the individualism/collectivism dimension in quality management, as 

shown in Table 28. 

Table 28. Theoretical support on the effect of culture on quality management 
Cultural 
dimension 

Study context  Effect Literature support 

Collectivism implementation of total quality 
management  

+ Galperin and Lituchy (1999); 
Mohammad Mosadegh Rad 
(2006); Kaluarachchi (2010) 

customer orientation   + Lagrosen (2003) 
employee empowerment + Yoo, Subba Rao, and Hong, 

(2006) 
action programs + Vecchi and Brennan (2009) 

Individualism measurement, analysis, and knowledge 
management 

- Jung et al. (2008) 

process management and business 
performance 

+ Jung et al. (2008) 

engagement in quality practices - Vecchi and Brennan (2009) 
effectiveness of total quality 
management implementation 

+ Wahjudi et al. (2015) 

Note that “ + ” indicates the positive effect of culture on quality management and “ - ” indicates the 
negative effect of culture on quality management. 

According to Table 28, Galperin and Lituchy (1999) demonstrated that a firm in a 

collectivistic culture (e.g. Mexico) implements more elements of total quality management 

than a firm in an individualistic culture (e.g. Canada), and this influence also has been 

confirmed in the healthcare industry (Mohammad Mosadegh Rad 2006; Kaluarachchi 
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2010). Lagrosen (2003) showed that individualism/collectivism significantly influenced 

the acceptance of the values of quality management, such as a high level of attention to 

business relations with customers in a collectivistic culture. Yoo, Subba Rao and Hong 

(2006) indicated that collectivistic cultures have a significant and positive effect on 

employee empowerment for total quality management across the countries studied. Jung 

et al. (2008) revealed that individualism has a significant negative impact on measurement, 

analysis, and knowledge management, while it has a significant positive impact on process 

management and business performance toward quality management. Vecchi and Brennan 

(2009) found that organisations with collectivistic cultures are more likely to make their 

commitment to action programs, while organisations with individualist cultures display 

a significantly lower level of engagement in quality practices such as quality improvement 

and control programs, and continuous improvement programs. While Wahjudi et al. 

(2015) clearly pointed out that individualism improves the effectiveness of implementation 

of total quality management and collectivism does not necessarily support this implementation.  

Because quality management is successfully employed to overcome quality issues in 

conventional manufacturing, it can be used to address the processes that create the 

information products and implement data quality management in information systems 

(Wang 1998). The cultural perspective of quality management also can be applied to 

study and understand quality management of data (Shanks & Corbitt 1999). Furthermore, 

individualism/collectivism is relevant in the context of data quality management because 

successful implementation of data quality management requires the values of organisations 

and individuals changed to harmonize with the values of data quality management. In 

other words, “underlying the cultural transformation is an attention to data quality” 

(Johannesson 2016). For each country some values (of data quality management) may 

be easier to harmonise with the values that the national culture contains, and some may 

be more difficult (Lagrosen 2003). This could depend on how individuals deal with the 

relationships between collective interests and their personal interests that has an impact on 

organisational and individual behaviors and management practices. Therefore, different 

problems of addressing data completeness as a dimension of data quality may appear in 
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different nations. We are interested in how people in individualistic (e.g. Australia and 

USA) and collectivistic cultures (e.g. China) deal with the factors influencing data 

completeness in the EMR context.  

There is a paucity of studies that explore cross-cultural variations of addressing data 

completeness as a dimension of data quality in EMR. Few studies that have been carried 

out suggest that there may be cross-cultural differences regarding the factors influencing 

data completeness in EMR. Although various empirical studies have offered the findings 

of these factors (Liu, Zowghi & Talaei-Khoei 2019; Sollie et al. 2017; Taggart, Liaw 

& Yu 2015), it is not possible to draw any firm conclusions due to the lack of the 

observed results that can account for such cross-cultural differences. To this end, using 

(Liu et al. 2018), this study seeks to better understand how the proposed factors 

influencing data completeness in EMR differ within cultures. The individualism/collectivism 

cultural dimension is employed in the current work as a theoretical lens to study the 

cultural implications involved in dealing with the factors influencing data completeness 

in EMR in Australia, China, and USA. 

8.3 Research methodology 
 
This section describes how we compare the cultural differences in the relationships 

between the factors influencing data completeness in EMR. We first summarise the 

operationalisation of constructs and the instrument used in this study and then present 

our data collection procedures and the characteristics of our sample. Last, we outline 

the control variables for the comparison. 

8.3.1 Operationalisation of constructs and instrument 
 
As noted in the conceptual model of factors influencing data completeness in EMR (Liu 

et al. 2018), ‘clinic director’s support for EMR implementation’ measures awareness, 

attitude, and competency of clinic directors regarding EMR implementation and data 

completeness, and ‘Resources’ measures funding, human resource, and time for this 

implementation. ‘Regulatory capability for EMR-enabled care processes’ measures the 
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ability of healthcare settings regarding design, implementation, and improvement of 

EMR-related activities. ‘EMR alignment to care processes’ measures customisation of 

EMR at healthcare settings and communication between clinical and IT staff for EMR 

implementation. ‘Clinical staff’s participation’ measures awareness, attitude, competency, 

and mental status of clinical staff members toward data completeness in EMR. ‘EMR 

integration’ measures the quality of EMR integration with different clinical systems 

and repositories including ease of use, usefulness, and compatibility. Four perspectives 

of data completeness (i.e. documentation, breadth, density, and predictive) that have 

elaborated the most frequently used situations to define and measure data completeness 

in the EMR context as advised by Weiskopf et al. (2013) are utilised to measure ‘Data 

completeness in EMR’ in opposite to data quality. The details of the sources of these 

variables and survey questions are found in Liu et al.’s study (2019), which serve as the 

instrument used for collecting data from Australia and China in this study.  

The questionnaire begins with a cover letter that explains the purposes of the study, the 

ethical consideration of this research, and contact information of the research team and 

the Ethics Committee, which includes two parts. The first part contains a set of 

questions about the demographic information of participants and their organisations. 

The second part concerns the measurement of our constructs based on a five-point 

Likert scale as follows: 1 = “Strongly disagree”, 2 = “Disagree”, 3 = “Neutral”, 4 = 

“Agree”, 5 = “Strongly agree”. 

Furthermore, because we wanted to invite clinical practitioners in China to answer the 

survey questions and the instrument was developed originally in English, it was 

necessary to translate the questionnaire into Chinese. Thus, we followed an adequate 

translation procedure as summarised by Xu, Turel and Yuan (2012):  

(i) initially the first author whose native language is Chinese, translated the 

questionnaire from English to Chinese and another researcher outside the 

research group who is bilingual in English and Chinese reviewed the translation; 

(ii) then the questionnaire was back-translated from Chinese into English; and 
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(iii) we repeated steps (i) and (ii) to improve accuracy and consistency of the 

translation.  

8.3.2 Data collection and participants 

 
As mentioned in the Introduction, we select Australia, China, and USA as targeting 

countries in this study to compare the differences in dealing with the factors influencing 

data completeness in EMR, as they are three important countries toward healthcare in 

the Asia-Pacific regions with different cultures (individualism/collectivism).  

The Australian healthcare system provides a wide range of services for estimated 25.2 

million population, from primary healthcare to specialist services (Australian Institute 

of Health and Welfare 2018). Australia has 3.5 practising doctors per 1,000 population, 

11.5 practising nurses per 1,000 population, and 3.8 hospital beds per 1,000 population 

(Australian Institute of Health and Welfare, 2018). The Australian Government, state 

and territory governments and local governments share the responsibility for operation, 

management and funding of the healthcare system. Since digital technology enables to 

share a person’s health data between all the health practitioners involved in their care 

that leads to improved quality of care, the Australian Government has released digital 

health strategy and online health information initiative — My Health Record (Australian 

Institute of Health and Welfare, 2018). 

China has the arguably the largest healthcare system in the world (including 32,120 

hospitals, 946, 490 community health centres, and 19,550 specialized public health 

institutions (National Health and Family Planning Commission of the People’s Republic 

of China, 2018)), in order to meet the requirements of the growing population on 

healthcare. Similarly, the Chinese Government, local governments at all levels, health 

insurers, and individuals fund total health expenditure. However, China has several 

unique challenges in the healthcare system, such as a relatively low level of healthcare 

resources (institutions and practising doctors and nurses), in western areas (General 

Office of the State Council of the People’s Republic of China, 2015). Using shared 

personal health data is proposed to overcome these challenges (Xu 2018). Thus, the 
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Chinese healthcare service system has been establishing the databases including 

population information, electronic health records and electronic medical records to 

basically cover the national population (General Office of the State Council of the 

People’s Republic of China, 2015).  

The 50 state government organisations share roles with the federal government in 

funding, planning and management of the USA healthcare system through Medicaid, 

mental health services, public hospitals and health departments (Rice et al. 2013). It is 

worth mentioning here that the USA spends far more money on healthcare than any 

other countries, reaching $3.5 trillion or $10, 739 per person in 2017 (The U.S. Centers 

for Medicare & Medicaid Services 2018). For example, in order to increase economic 

efficiency by spurring technological advances in healthcare, the American Recovery 

and Reinvestment Act established financial incentives (more than $30 billion) for those 

physicians and hospitals who can achieve meaningful use of their EMR data in the USA 

(The Commonwealth Fund 2016). 

Based on the overview of healthcare systems summarised above, few differences occur 

between healthcare systems established in these three countries. However, countries such 

as Australia and USA are highly individualistic, while countries such as China are 

collectivistic (Hofstede 2001). Different cultural backgrounds may result in addressing 

data completeness in EMR differently. Accordingly, we conducted surveys among 

clinical practitioners in Australia and China to compare with the results generated in 

USA from Liu, Zowghi and Talaei-Khoei (2019).  

8.3.3 Research site and sample 
 

The online questionnaire was implemented using the Survey Monkey platform (for the 

English version) and the wjx.cn platform (for the Chinese version). The English version 

of the questionnaire was available between March 23, 2018 and January 22, 2019, and 

the Chinese version was available between March 23, 2018 and June 15, 2018.  
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To collect data from Australia, the online questionnaire was distributed via the professional 

social network LinkedIn within its 5 relevant user groups and via 2 activated healthcare 

forums in Australia. Meanwhile we invited 14 academics and practitioners who have 

experience and/or expertise in addressing data quality in EMR (1) introduced by the 

external supervisor Dr Amir Talaei-Khoei (he knows professionals on data quality in the 

Australian healthcare industry) (N = 7), (2) from the 24 publications identified in the 

literature survey presented in Section 2.1 (N = 3 but duplicated from the name list 

introduced by the external supervisor), and (3) from the staff list of the Faculty of Health 

at the UTS (N = 7) from the publications related to data quality in EMR via emails, and 

further invited 71 potential participants recommended by these contacts. We also went 

to three clinics in the city centre of Sydney to distribute the questionnaire. These clinics 

were selected for their vicinity to UTS and the contacted receptionists agreed to receive 

the questionnaires before we went to deliver these survey questions. We firstly 

introduced the purposes of this study to the receptionists and left the questionnaire 

together with the online survey link to them. Then the receptionists helped hand out these 

questionnaires to the clinical staff. The respondents were able to answer the 

questionnaires online in order to avoid identifying their name at any phase of the 

process of data collection. Our questionnaire also asked these participants to forward 

this link to their colleagues at other healthcare settings, in such a way that we could 

have better chances to recruit more participants.  

As for China, we firstly sent the link of the online questionnaire to Associate Professor 

Lin Liu from Tsinghua University, Dr Xiaohong Chen from East China Normal University, 

and Dr Bo Wei from Genowis Inc. These key contacts for survey delivery in China 

were selected because they are known to the principal supervisor and have the working/ 

research experience with Chinese healthcare settings that could help distribute the online 

questionnaire to their connections. Then the online questionnaire was released by the 

three contacts in their research or working groups via the WeChat app platform. The 

group members who viewed the invitation letter and considered that they are the 

targeted subjects of this study can complete the questionnaire online and forward the 
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link to other colleagues and peers to participate. These data collection approaches attracted 

a total of 226 participants to answer the survey questions (76 responses from Australia 

and 150 responses from China).  

In this study, a valid response for further data analysis should achieve the criterion that 

each question has a complete and sole answer. We therefore discarded 12 incomplete 

responses from the Australian sample, and removed 2 incomplete responses and 3 responses 

answered by the practitioners in which workplaces did not establish EMR from the 

Chinese sample, resulting in a total of 209 valid questionnaires (64 responses from 

Australia and 145 responses from China). Table 29 gives the demographic characteristics 

of the respondents in this study. 

According to Table 29, 51.2% were male and 48.8% were female; the average age of 

participants was 40-years old; half of participants (59.8%) had been establishing and/or 

using EMR for more than 5 years, and two participants had the experience of indirect 

using EMR. 8.6% participants did not report holding a degree, and 4.3% reported 

holding a PhD degree. Regarding job positions of the participants, 20.1% worked as 

physician, 22.5% as nurse, 8.6% as clinical manager or director, 22.5% as EMR 

program manager or personal who were familiar with EMR implementation, and 11.5% 

as software developer. Other job positions (14.8%) include clinical educator, clinical 

researcher, pharmacist, medical technologists, IT officer, and medical records officer. 

Table 29. Demographic analysis of participants for Australia and China 
Characteristic Australia China Subtotal 

(Percent) Frequency Frequency 
Gender Male 23 84 51.2 

Female 41 61 48.8 

Age 20-29 2 42 21.0 
30-39 27 67 45.0 
40-49 16 27 20.6 
>=50 19 9 13.4 

Experience of 
establishing and/or using 
EMR 

< 5 years 13 71 40.2 
5 – 10 years 10 43 25.3 
> 10 years 41 29 33.5 
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Table 29. Demographic analysis of participants for Australia and China 
Characteristic Australia China Subtotal 

(Percent) Frequency Frequency 
 Others 0 2 1.0 

Education Diploma 2 16 8.6 
Bachelor 25 79 49.8 
Master 33 45 37.3 
Doctor (PhD) 4 5 4.3 

Job position Physician 18 24 20.1 
Nurse 33 14 22.5 
Clinical manager/director 3 15 8.6 
EMR program manager 6 41 22.5 
Software developer  0 24 11.5 
Others 4 27 14.8 

Total 64 145 209 

 
8.3.4 Control variables 
 
The responses were collected from those clinical practitioners who volunteered to 

answer our surveys that could result in biases in our sample. Furthermore, some 

respondents were clinical staff (e.g. physicians and nurses), and others were technical 

professionals and administration staff that may lead to differences in their answers to 

the survey questions. It was reported that job position could have an impact on 

perceptive data quality (Tee et al. 2007), and therefore we used job position as a control 

variable in the data analysis and focused on the responses form clinical staff based in 

the datasets as advised by Liu, Zowghi and Talaei-Khoei (2019), to better study cross-

cultural differences in answering the factors influencing data completeness in EMR. 

It is worth noticing that China has a unique challenge in healthcare system that is a 

relatively low level of healthcare resources in western areas (General Office of the State 

Council of the People's Republic of China 2015). Since a higher level of gross domestic 

product per capita of the city is positively associated with a higher level of requirements 

for healthcare products and services (Xu 2018), different regions could have different 

levels of healthcare development that may result in dissimilarities in answers to the 

survey questions. We expected to gain insights on the factors influencing data 
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completeness in EMR from clinical practitioners in developed regions in China, 

compared with Australia and USA. Accordingly, this study is only interested in the 

perspective of clinical staff (n = 52) from Chinese developed regions (e.g. Beijing, 

Shanghai, Jiangsu, Zhejiang, Guangdong, Fujian, and Shandong (National Bureau of 

Statistics of of the People's Republic of China 2017).  

To address our research question, we first assessed the measurement model and the 

structural model based in the Australian dataset and the Chinese dataset, respectively. 

Given the path coefficients in the structural models, we then conducted cross-culture 

comparisons to examine the statistical difference in path coefficients between Australia, 

China, and USA (Liu, Zowghi & Talaei-Khoei 2019), following the procedures taken 

from Keil et al. (2000) (p. 315): 

   “ Spooled = √{[(N1 – 1) / (N1 + N2 - 2)] x SE1
2 + [(N2 – 1) / (N1 + N2 - 2)] x SE2 

2 

    t     = (PC1 – PC2) / [Spooled x √(1/N1 + 1/N2)] 

    where Spooled = pooled estimator for the variance 

             t     = t-statistic with N1 + N2 – 2 degrees of freedom 

             Ni    = sample size of dataset for culture i 

            SEi    = standard error of path in structural model of culture i 

            PCi   = path coefficient in structural model of culture i ” 

8.4 Data analysis and results 
 
The unit of data analysis was each questionnaire collected from respondents. All the 

questionnaires were de-identified, and the data from the questionnaires was imported, 

arranged, and coded using SPSS for statistical analysis. The conceptual model was 

tested using Partial Least Squares (PLS) approach, which is appropriate for the context 

of small sample size and formative constructs (Lange, Mendling & Recker 2016; 

Wright, Roberts & Wilson 2017). By using the tool smartPLS 3.0, we conducted the 

reliability and validity test for the latent variables (constructs) in the conceptual model 

with the number of iterations set as 300, to assess the measurement model. We then 

determined the significance of the paths in the structural model by bootstrapping with 
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5, 000 resamples as suggested by Hair, Ringle and Sarstedt (2011), before examining 

whether there are any statistical differences in the path coefficients in the structural 

models across countries. 

8.4.1 Measurement model 
 

To test the measurement model, convergent and discriminant validity for all scales were 

assessed in this study. We assessed factor loading for each measure in the measurement 

model by using PLS. As noted in Hair et al. (2006), only variables with a factor loading 

equal to or greater than 0.5 are chosen in the measurement model. The results of factor 

analysis for each national dataset shown in Table 30 suggested that for the Australian 

dataset the measure variables ‘SCY’ and ‘SMS’ should be eliminated to enhance the 

measurement model.  

Table 30. Results of factor analysis for the Australian and Chinese data samples 
Country Australia China Country Australia China 

Constructs Measure 

Variables 

Factor 

Loading 

VIF Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

Mean Standard 

Deviation 

Factor 

Loading 

Cl
in

ic
 d

ire
ct

or
's 

su
pp

or
t f

or
 E

M
R 

im
pl

em
en

ta
tio

n 
(C

D
S)

 

Awareness 

(DAW) 

0.849 2.57 0.915 4.482 DAW1 3.92 0.560 0.942 4.44 0.639 0.976 

DAW2 3.69 0.787 0.934 4.44 0.669 0.978 

Attitude (DAT) 0.930 4.02 0.951 6.362 DAT1 3.84 0.612 0.840 4.52 0.671 0.902 

DAT2 3.33 0.887 0.782 4.00 0.816 0.891 

Competency 

(DCY) 

0.878 2.19 0.940 3.195 DCY1 2.98 0.927 0.887 4.13 0.793 0.959 

DCY2 3.65 0.744 0.919 4.33 0.678 0.945 

DCY3 3.22 0.856 0.753 4.13 0.864 0.944 

Re
so

ur
ce

s (
RE

S)
 Funding (FUN)* 0.445 4.61 0.365 2.963 FUN1 3.06 0.925 1.000 3.77 0.899 1.000 

Human resource 

(HR) * 

0.287 3.55 0.375 2.999 HR1 2.84 0.731 1.000 3.71 0.915 1.000 

Time (TIM) * 0.403 3.12 0.354 2.669 TIM1 3.29 0.782 1.000 3.90 0.934 1.000 

Re
gu

la
to

ry
 C

ap
ab

ili
ty

 fo
r E

M
R

-

En
ab

le
d 

Ca
re

 P
ro

ce
ss

es
 (R

CC
P)

 Data quality 

management 

(DQM) * 

0.734 1.21 0.584 3.284 DQM1 2.78 0.673 0.672 3.90 0.913 0.918 

DQM2 2.98 0.787 0.917 3.92 0.882 0.951 

DQM3 3.02 0.860 0.845 3.75 0.926 0.953 

DQM4 3.14 0.722 0.867 3.75 0.988 0.948 

Process 

management 

(PM) * 

0.430 1.21 0.457 3.284 PM1 3.14 0.664 0.823 3.69 1.001 0.939 

PM2 2.67 0.816 0.819 3.58 0.997 0.959 

PM3 2.86 0.749 0.641 3.65 0.968 0.970 

EM
R 

A
lig

nm
en

t t
o 

Ca
re

 

Pr
oc

es
se

s (
EA

CP
) 

Customisation 

(CUS) * 

0.334 1.29 0.255 1.965 CUS1 2.67 0.864 1.000 3.92 0.882 1.000 

Communication 

(COM) * 

0.797 1.29 0.804 1.965 COM1 2.43 1.044 0.920 3.96 0.862 0.931 

COM2 3.22 0.757 0.636 4.04 0.816 0.960 

COM3 2.82 1.144 0.682 3.98 0.874 0.947 

Cl
in

ic
al

 st
af

f’s
 p

ar
tic

ip
at

io
n 

(C
SP

) 

Awareness 

(SAW) 

0.962 1.52 0.918 1.921 SAW1 4.39 0.777 0.922 4.23 0.731 0.909 

SAW2 4.27 0.940 0.968 4.23 0.731 0.940 

SAW3 4.12 0.973 0.891 4.35 0.683 0.834 

Attitude (SAT) 0.780 1.52 0.711 1.544 SAT1 4.31 0.616 1.000 4.52 0.610 1.000 

Competency 

(SCY) 

0.253 - 0.800 2.242 SCY1 4.00 0.693 1.000 4.15 0.849 1.000 
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Table 30. Results of factor analysis for the Australian and Chinese data samples 
Country Australia China Country Australia China 

Constructs Measure 

Variables 

Factor 

Loading 

VIF Factor 

Loading 

VIF Indicator Mean Standard 

Deviation 

Factor 

Loading 

Mean Standard 

Deviation 

Factor 

Loading 

Mental status 

(SMS) 

0.105 - 0.745 1.961 SMS1 3.49 0.703 1.000 4.06 0.895 1.000 

EM
R 

in
te

gr
at

io
n 

(E
IN

) 

Ease of use 

(EOU) * 

0.198 1.24 0.186 1.427 EOU1 3.06 0.925 1.000 3.69 0.919 1.000 

Usefulness 

(UFN) * 

0.860 1.10 0.784 1.528 UFN1 3.61 0.896 0.802 4.10 0.799 0.930 

UFN2 3.33 0.887 0.780 4.12 0.758 0.904 

UFN3 3.53 0.857 0.829 4.25 0.622 0.936 

UFN4 3.18 0.888 0.737 4.21 0.667 0.910 

Compatibility 

(CMP) * 

0.202 1.34 0.215 1.346 CMP1 3.10 0.700 0.683 2.81 1.049 -0.863 

CMP2 2.73 0.827 0.912 2.96 1.427 0.848 

D
at

a 
co

m
pl

et
en

es
s i

n 

EM
R 

(D
C)

 

Documentation 

(DOC) 

0.853 2.04 0.745 1.617 DOC1 2.94 1.121 1.000 3.77 0.921 1.000 

Breadth (BRE) 0.821 1.87 0.810 1.764 BRE1 3.33 0.952 1.000 3.75 0.837 1.000 

Density (DEN) 0.823 1.75 0.899 2.976 DEN1 3.41 0.963 1.000 3.79 0.825 1.000 

Predictive (PRE) 0.655 1.27 0.837 2.414 PRE1 3.24 1.031 1.000 3.87 0.841 1.000 

Note that factor weights are used for formative measures (with “ * ”). 

 
The conceptual model of factor influencing data completeness in EMR (Liu, Zowghi & 

Talaei-Khoei 2009) contains reflective and formative constructs. As such, reflective 

and formative measures should be treated differently (Henseler et al. 2012). The 

reflective constructs in the conceptual model include ‘clinic director’s support to EMR 

implementation’, ‘clinical staff’s participation’, and ‘data completeness in EMR’. The 

reflective measures are caused by the latent construct and their internal consistency and 

reliability can be tested using Cronbach’s α coefficient (Fan & Lederman 2018). To 

examine convergent validity for the reflective constructs, three criteria suggested by 

Hair et al. (2006) were adopted: convergent validity is adequate when (i) factor loading 

for each measured variable upon the relevant latent variable is greater than 0.5; (ii) 

internal consistency reliability should be 0.7 or higher; and (iii) constructs have an 

Average Variance Extracted (AVE) of at least 0.5. Given the results by Table 30 and 

Table 31, these reflective constructs were well above the recommended limits. 

Formative measures represent instances in which the indicators cause the latent 

construct, and internal consistency (reliability testing) is not applicable for formative 

constructs (Henseler et al. 2012). The formative constructs in the conceptual model are 

‘resources’, ‘regulatory capability of EMR-enabled care processes’, ‘EMR alignment 

to care processes’ and ‘EMR integration’. To ensure that multicollinearity problem does 
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not exist between the indicators for the formative constructs, variance inflation factors 

(VIF) extracted should be lower than 10 as advised by the literature (Cenfetelli & Bassellier 

2009). Furthermore, we examined the relevance of the measures on the formative 

constructs to the conceptual model by reviewing the relevant literature as advised by 

Wixom and Watson (2001) to ensure there are no conceptual overlap between the chosen 

measures, and reported bivariate correlation between the measures and formative construct 

as advised by Cenfetelli and Bassellier (2009), as shown in Table 31.  

 Table 31. Results of convergent and discriminant validity for the Australian and 
Chinese data samples 
Panel A: Convergent and discriminant validity based in the Australian dataset 
Construct Cronbach's 

α COEF 
Composite 
Reliability 

AVE Factor Correlations 
CDS RES RCCP EACP CSP EIN DC 

CDS 0.865 0.916 0.786 1.000 
      

RES 
   

0.411 1.000 
     

RCCP 
   

0.348 0.584 1.000 
    

EACP 
   

0.213 0.048 0.543 1.000 
   

CSP 0.739 0.867 0.767 0.187 0.007 -0.390 -0.523 1.000 
  

EIN 
   

0.553 0.284 0.565 0.299 -0.071 1.000 
 

DC 0.798 0.866 0.620 0.458 0.224 0.179 0.174 0.240 0.601 1.000 
Panel B: Convergent and discriminant validity based in the Chinese dataset 
Construct Cronbach's 

α COEF 
Composite 
Reliability 

AVE Factor Correlations 
CDS RES RCCP EACP CSP EIN DC 

CDS 0.931 0.956 0.878 1.000 
      

RES 
   

0.718 1.000 
     

RCCP 
   

0.657 0.840 1.000 
    

EACP 
   

0.695 0.793 0.798 1.000 
   

CSP 0.823 0.883 0.654 0.639 0.639 0.635 0.711 1.000 
  

EIN 
   

0.608 0.637 0.640 0.716 0.589 1.000 
 

DC 0.841 0.894 0.680 0.504 0.546 0.664 0.698 0.543 0.762 1.000 

 
To examine discriminant validity of the measurement model, we utilised the criteria 

that the square root of AVE of the latent variable should be greater than the correlation 

coefficient of other latent variables (Fornell & Larcker 1981). Table 31 demonstrates that 

the revised construct measures have an adequate discriminant validity. 

8.4.2 Structural model 
 
The test of the structural model includes the examination for the path coefficients and 

R2 values. Both path coefficients (presenting the significance of relationships between 

constructs) and R2 values (indicating the amount of variance in the dependent variable 

explained by independent variables) explain how well the model is performing (Wixom 
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& Watson 2001). Figure 9 and Figure 11 show the quality of the structural models 

evaluated with R2 values for the datasets collected from Australia and China, respectively.  

 

Note that “*” presents p-value < 0.05, “**” presents p-value < 0.01, and “***” presents p-value < 0.001. 

Figure 9. Results of the structural model based in the Chinese dataset 

 

 

Note that “*” presents p-value < 0.05, “**” presents p-value < 0.01, and “***” presents p-value < 0.001. 

Figure 11. Results of the structural model based in the Australian dataset 

Both figures indicate that all variances for the endogenous dependent variables in the 

structural models are explained, which can be considered substantial (Thakurta, Urbach 

& Basu 2018). When ‘Clinic director’s support for EMR implementation’ combined with 

‘Resources’, they explained 35.5% of the variance of ‘Regulatory capability of EMR- 

enabled care processes’ based in the Australian dataset and 73.3% based in the Chinese 

dataset; and they explained 4.7% of the variance for ‘EMR alignment to care processes’ 
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based in the Australian dataset and 66.0% based in the Chinese dataset. The three 

constructs ‘Regulatory capability of EMR-enabled care processes’, ‘EMR alignment to 

care process’, and ‘EMR integration’ explained 32.1% of the variance contained in the 

construct ‘Clinical staff’s participation’ based in the Australian dataset and 54.2% 

based in the Chinese dataset. ‘Regulatory capability of EMR-enabled care processes’ 

along with ‘EMR alignment to care process’ and ‘Resources’ explained 32.4% of the 

variance contained in the construct ‘EMR integration’ based in the Australian dataset 

and 59.7% based in the Chinese dataset. ‘Regulatory capability of EMR-enabled care 

processes’ together with ‘Clinical staff’s participation’ and ‘EMR integration’ explained 

44.9% of the variance for ‘Data completeness in EMR’ based in the Australian dataset 

and 60.2% based in the Chinese dataset.  

8.4.3 Cross-country comparison 

 
We also conducted a cross-country comparison to examine if there is any difference for 

path coefficients (β) between the responses collected from an individualistic society and 

a collectivistic society (Australia versus China, and USA versus China). The comparison 

was conducted following the formula of Keil et al. (2000), and the results are summarised 

in Table 32. 

Table 32 shows that the relationship between resources and regulatory capability of 

EMR-enabled care processes as well as the relationship between resources and EMR 

alignment to care processes are stronger at the Chinese healthcare settings than at the 

Australian and the USA healthcare settings. The regulatory capability of EMR-enabled 

care processes has a stronger impact on EMR integration at the Australian and the USA 

healthcare settings than at the Chinese healthcare settings. The relationship between 

EMR alignment to care processes and EMR integration is stronger at the Chinese 

healthcare settings than at the Australian and the USA healthcare settings. EMR 

integration and clinical staff’s participants have a stronger association at the Australian 

and the USA healthcare settings than at the Chinese healthcare settings. 
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Table 32. Test of differences between individualistic and collectivistic culture  
Hypothesis Comparison between China and Australia Comparison between China and Nevada, USA 

Australia China T-value 
(t1) 

Significant 
difference? 

Nevada, 
USA 

China T-value 
(t2) 

Significant 
difference? 

β value β value β value β value 

H1: CDS -> RCCP 0.130 N 0.092 N 0.23 bns 0.447 Y 0.092 N 2.12 Yes (sd) 

H2: CDS -> EACP 0.232 N 0.260 N -0.14 bns 0.517 Y 0.260 N 1.55 Yes (sd) 

H3: RES -> RCCP 0.531 Y 0.788 Y -1.98* Yes 0.213 N 0.788 Y -3.50 Yes (sd) 

H4: RES -> EACP -0.048 N 0.607 Y -3.39 Yes (sd)  0.253 Y 0.607 Y -2.16* Yes 

H5: RES -> EIN -0.088 N 0.118 N -0.76 bns -0.398 N  0.118 N -2.05 bns 

H6: RCCP -> CSP -0.273 N 0.192 N -2.13 bns 0.407 Y 0.192 N 1.02 Yes (sd) 

H7: RCCP -> EIN 0.640 Y 0.212 N 1.62 Yes (sd) 0.693 Y 0.212 N 2.10 Yes (sd) 

H8: RCCP -> DC -0.109 N 0.216 Y -1.70 Yes (sd) 0.358 Y 0.216 Y 0.70 No 

H9: EACP -> CSP -0.439 N 0.449 Y -3.45 Yes (sd) 0.203 Y 0.449 Y -1.09 No 

H10: EACP -> EIN -0.044 N 0.490 Y -2.25 Yes (sd) 0.237 N  0.490 Y -1.28 Yes (sd) 

H11: CSP -> DC 0.246 N 0.056 N 0.93 bns 0.357 Y 0.056 N 1.28 Yes (sd) 

H12: EIN -> DC 0.681 Y 0.569 Y 0.58 No 0.085 N 0.569 Y -2.54 Yes (sd) 

H13: EIN -> CSP 0.214 Y 0.153 N 0.43 Yes (sd) 0.406 Y 0.153 N 1.50 Yes (sd) 

bns = both paths are not significant in their structural model, sd = structurally different (i.e. one path is significant, and 

the other is not significant in the corresponding structural model).  

* p < 0.05, ** p < 0.01, *** p < 0.001. 

8.5 Discussion 
 
One of the concepts we examined was how the included factors in Liu et al.’s conceptual 

model (2018) influence EMR data completeness at healthcare settings from Australia and 

China. Comparison of the strength of relationships between these factors generated from 

our study with the results reported by Liu, Zowghi and Talaei-Khoei (2019) assists in 

answering our research question: 

RQ8: Is there any difference in the relationships between the factors that influence data 

completeness in EMR between different cultures? 

Findings: Yes, the relationships between the factors influencing data completeness in 

EMR differ within these cultures. To specify, there are significant differences between 

collectivistic and individualistic cultures in (i) the influence of resources on regulatory 

capability of EMR-enabled care processes as well as (ii) the influence of resources on 

EMR alignment to care processes. Furthermore, the relationship between regulatory 

capability of EMR-enabled care processes and EMR integration is stronger in an 
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individualistic culture (such as Australia and USA) than in a collectivistic culture (such 

as China). EMR alignment to care processes and EMR integration has a stronger 

relation in a collectivistic culture (such as China) than in an individualistic culture (such 

as Australia and USA), while EMR integration has a stronger impact on clinical staff’s 

participants in an individualistic culture (such as Australia and USA) than in a 

collectivistic culture (such as China). 

Statistical results support that the relationship between resources and regulatory 

capability of EMR-enabled care processes is stronger at Chinese healthcare settings than 

at Australian healthcare settings (t1 = -1.98, p < 0.05), from the perspective of clinical 

staff. However, this relationship was not supported by the clinical staff in Nevada, USA  

Liu, Zowghi & Talaei-Khoei 2009). Our study thus demonstrates a stronger association 

between resources and regulatory capability of EMR-enabled care processes from the 

perspective of clinical staff in in a collectivistic culture than in an individualistic culture. 

Furthermore, the empirical results of this study also reveal a stronger association 

between resources and EMR alignment to care processes from the clinical staff’s 

perspective in a collectivistic culture than in an individualistic culture (t1 = -3.39, 

structurally different; and t2 = -2.16, p < 0.05). The possible explanation of these outcomes 

is outlined below. 

Members of an individualistic culture value individual success and achievement, while 

members of a collectivistic culture may rely more on government of authorities because 

the context of collectivistic cultures emphasises “the centered effort involving all 

member of a group to tackle the same problem” (Hofstede 2001). In a collectivistic 

culture, EMR implementation is a collective issue, and members of such a cultural 

context are more likely to engage in collaboration and communication for this issue 

when their organisations call for performing EMR-related activities (Jaakko et al. 2010; 

Rezaian et al. 2018) (e.g. carrying out relevant strategies for EMR-enabled care 

processes at healthcare settings). Accordingly, with sufficient resources, EMR-related 

activities could be better accomplished. In an individualistic culture, organisations offer 

more incentives for individuals to conduct innovations (Taylor & Wilson 2012) (e.g. EMR 
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implementation). For instance, as mentioned, financial incentives are provided for those 

physicians and hospitals who can achieve meaningful use of EMR data in the USA (The 

Commonwealth Fund 2016). As such, healthcare settings could have great potential to 

receive better resources for performing EMR-related activities, and therefore, resources 

may not be considered as the prior factor that influences data completeness in EMR, 

from the clinical staff’s perspective in an individualistic culture such as Australia and 

USA. 

Our study provides evidence to support that regulatory capability of EMR-enabled care 

processes has a stronger association with EMR integration in an individualistic culture 

than in a collectivistic culture (t1 = 1.62, structurally different; and t2 = 2.10, structurally 

different). In a collectivistic culture, “the collectivist value pattern in more traditional 

societies sets a limit on possibilities for transferring technologies” (Hofstede 2001), 

and this negatively influences technical innovations in such a cultural context (Černe, 

Jaklič & Škerlavaj 2013). This may help explain why EMR integration was not 

significantly facilitated by the organisational government (e.g. carrying out relevant 

strategies to improve regulatory capability of EMR-enabled care processes at healthcare 

settings) in a collectivistic culture. However, individuals in an individualistic culture 

are more likely to be recognized and rewarded for achievement and success that fosters 

creativity and autonomy in innovation processes (Dubina & Ramos 2016). It is not 

surprising that in an individualistic culture more tolerant environments are provided in 

which technical innovations can be conducted (Černe, Jaklič & Škerlavaj 2013). In this 

light, improving regulatory capability of EMR-enabled care processes at healthcare 

settings may create a promising environment for facilitating EMR integration. 

Our empirical results show a significant difference in the relationship between EMR 

alignment to care processes and EMR integration between collectivistic and individualistic 

cultures (t1 = -2.25, structurally different; and t2 = -1.28, structurally different). EMR 

alignment to care processes involves a process of collaboration and communication 

between IT and clinical staff for EMR implementation. Support and collaboration 

highlighted in collectivism in the group facilitate technical innovations (e.g. EMR 
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integration) because such processes require collaboration and communication within 

the group (Černe, Jaklič & Škerlavaj 2013; Ramesh et al. 2017). While individualism 

that is characterized by the superiority of independence and loose ties among individual 

members might be detrimental to this alignment because it can weaken the collaboration 

required to address challenges and resistances in innovation processes (Edmondson & 

Nembhard 2009). Our findings are similar to previous studies (Černe, Jaklič & 

Škerlavaj 2013; Ramesh et al. 2017), pointing out that the influence of EMR alignment 

to care processes on EMR integration is stronger in a collectivistic culture such as China 

than in an individualistic culture such as Australia and USA.  

As to the influence of EMR integration on clinical staff’s participation, the statistical 

results of this study support that this influence is stronger in an individualistic culture 

than in a collectivistic culture (t1 = 0.43, structurally different; and t2 = 1.50, structurally 

different). As mentioned, members of an individualistic culture emphasise personal 

achievement and productivity. Because a high level of EMR integration could help 

clinical staff improve the quality and efficiency of care (Sherer et al. 2015), they 

probably rely more on applying such a technical innovation to achieve these objectives. 

On the contrary, members of a collectivistic culture are more likely to follow the 

government of authorities to address collective issues (Hofstede 2001; Wang & Zander 

2018), for example, conducting EMR-related activities called by their organisations and 

governments. Therefore, the relationship between EMR integration and clinical staff’s 

participation is stronger in individualistic cultures than in collectivistic cultures.  

8.5.1 Theoretical implications  
 

This study has several important implications for theory. First, using the conceptual 

model of factors influencing data completeness in EMR (Liu et al. 2018), we have 

examined these factors by surveying the clinical practitioners in Australia and China. 

From the perspective of clinical staff in Australia, the factors influencing data completeness 

in EMR are resources, regulatory capability of EMR-enabled care processes, and EMR 

integration. As to the clinical staff in the Chinese developed regions, resources, regulatory 
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capability of EMR-enabled care processes, EMR alignment to care processes, and EMR 

integration are the factors that influence data completeness in EMR. Although the 

priority of these factors is different between Australia and China, we demonstrate that 

the factors influencing data completeness as a dimension of data quality can be driven 

by data quality management theoretical constructs (e.g. Kokemueller (2011) and Xiao, 

Xie and Wan (2009)), in the EMR context.  

Second, to the best of our knowledge, the present work is the first to examine the effect 

of culture on dealing with the factors influencing data completeness in EMR and discuss 

the cultural differences in the relationships between these factors. The empirical results 

of this study show that resources may have stronger impact on regulatory capability of 

EMR-enabled care processes and EMR alignment to care processes in a collectivistic 

culture such as China than in an individualistic culture such as Australia and USA. We 

reveal that in individualistic cultures, regulatory capability of EMR-enabled care 

processes at healthcare settings seem to play more essential role in driving EMR 

integration toward EMR data completeness than at Chinese healthcare settings. While 

the influence of EMR alignment to care processes on EMR integration toward data 

completeness in EMR may be stronger at Chinese healthcare settings than at Australia and 

USA healthcare settings. Furthermore, EMR integration may have a stronger impact on 

clinical staff’s participation in addressing EMR data completeness in individualistic 

cultures (e.g. USA and Australia) than in collectivistic cultures (e.g. China). Thus, while 

job position could have an impact on responses about the factors influencing data 

completeness in EMR (Tee et al. 2007), the effects of these factors on data completeness 

in EMR may differ from national culture.  

8.5.2 Practical implications 
 

This study also has a number of implications for practitioners in healthcare sectors. 

Firstly, although our finding of this study that clinic director’s support was found not 

significantly influencing regulatory capability of EMR-enabled care processes and EMR 

alignment to care processes, this draws the attention of decision makers to realise their 
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important role in addressing data completeness of EMR. The clinical staff from 

Australia and China reported a relatively high level of top management support at the 

healthcare settings. For instance, clinic directors are aware of the importance of 

implementation of EMR and data completeness in EMR, have a good understanding of 

EMR benefits, and put relevant activities in a high priority. As such, healthcare settings 

could have better chance to address data completeness. Hence, when healthcare settings 

plan to implement and apply EMR, they should participate in EMR-related activities to 

learn more about its technical features and business value. International Healthcare 

Organisations and governments should also hold seminars and EMR-related activities 

(e.g. announcing the statistics of the status of EMR implementation and application) to 

provide up-to-date information for decision makers at healthcare settings and boost 

international or regional cooperation and exchanges on EMR.  

Furthermore, we demonstrate that resources could be an alternative way to facilitate 

regulatory capability of EMR-enabled care processes and EMR alignment to care 

processes at healthcare settings, and these effects are stronger in a collectivistic culture 

such as China than in an individualistic culture such as USA and Australia. This finding 

is also useful for decision makers in designing a suitable strategy to allocate resources 

for EMR implementation. When healthcare settings in a collectivistic culture carry out 

EMR implementation toward data completeness, money, people, and time should be 

available for EMR-related activities. It is worth mentioning that one of the unique 

challenges in the Chinese healthcare service system is uneven distribution of resources 

(General Office of the State Council of the People's Republic of China 2015). Resources 

tend to be concentrated in large and developed cities and a great gap in the distribution 

of resources exists between urban and rural regions. To this end, smart healthcare is 

proposed to provide advices on a priority of health problems and help decide which 

level of healthcare institutions should visit by using EMR data (Xu 2018). Thus, 

governments, in addition to investing in related EMR technologies and pilot test, should 

also provide training and technical support to healthcare settings for EMR implementation 
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toward data completeness. Moreover, International Healthcare Organisations and governments 

may provide guidelines for resources allocation on EMR implementation. 

Secondly, we show that the regulatory capability of EMR-enabled care processes and 

EMR alignment to care processes could have an impact on clinical staff’s participation, 

EMR integration, and data completeness in EMR, even though these influences differ 

from national culture. These findings allow EMR program managers who are pressurised 

to implement a certified EMR at healthcare settings, to pay more attention to the role 

of regulatory capability of EMR-enabled care processes and EMR alignment to care 

processes in addressing data completeness in EMR. In individualist cultures, the EMR 

program managers need to enhance communication and coordination within the 

healthcare setting, and place clinical staff in the process of EMR implementation to 

improve clinical staff’s understanding of EMR technologies and capture their data 

needs during care delivery. In collectivistic cultures, the EMR program managers should 

pay more attention to improving rules, standards and procedures for EMR-enabled care 

processes, to provide tolerant environments for addressing data completeness in EMR.  

Lastly, our findings suggest that clinical staff’s participation positively influences data 

completeness in EMR. Prior literature has clearly indicated the importance of staff 

members’ awareness, attitude, knowledge toward data quality and suggested that an 

appropriate training for addressing data quality cannot be ignored (Xiao, Xie & Wan 

2009). In addition, our study shows that the focus of staff members on EMR-related 

tasks plays an essential role in addressing data completeness in EMR. Further, this study 

indicates that clinical staff’s participation is better mediated by EMR integration in in 

an individualistic culture such as USA and Australia than in a collectivistic culture such 

as China. Hence, EMR vendors from individualistic cultures are required to best 

overcome the technical issues about EMR integration for driving clinical staff’s use of 

EMR in addressing data completeness. Our finding that EMR integration contributes to 

data completeness in EMR should be of interest to EMR vendors. When EMR integration 

addresses ease of use, usefulness, and/or compatibility among multiple clinical systems 

and repositories, this could provide quality-assured data for different use. Therefore, 
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EMR venders should take these three areas into account when carrying out EMR 

integration at healthcare settings. Based on the responses collected from Australia and 

China, EMR integration has not been fully addressed because clinical staff in both 

countries widely indicated that their EMR systems frequently report error messages. 

These issues thus require more efforts from EMR vendors to address. Accordingly, 

International Healthcare Organisations and governments may drive the establishment of 

relevant industrial standards and monitoring mechanisms for a certified EMR. This 

could help healthcare settings select an appropriate EMR vendor underwent a 

qualification and selection process and better deal with technical issues regarding the 

products and services that the EMR vendor provides.  

8.5.3 Limitations and future study 
 

Although this study makes several significant contributions, the present work has 

several limitations. First, this study focuses on data completeness that is one dimension 

of data quality, and our choice of constructs was limited by our adherence to data quality 

literature as the theoretical lens. To simplify the presentation and improve the readability 

of the work, data completeness and information completeness were not differentiated 

in this study. Researchers therefore should take the differences in data completeness and 

information completeness into account to investigate the relevant determinants in future 

studies. 

Second, given the importance of the construct ‘regulatory capability of EMR-enabled 

care processes’ and ‘EMR alignment to care processes’ in this study, more variables 

and survey questions should be added for the constructs. Furthermore, the weak R 

squared values (e.g. RCCP) and eigenvalues based on the analysis for the Australian 

sample suggest that other hidden constructs influencing data completeness in EMR have 

not been measured and should be further explored.  

Third, this study examines the factors influencing data completeness in EMR from the 

perspective of clinical staff. Our future study will examine these factors based on 

different viewpoints of data stakeholders of EMR. Further, the sample of a relatively 
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limited group of clinical staff who volunteered to complete the survey could bias the 

results. The findings therefore need to (i) be confirmed in larger studies that involve more 

clinical staff and across EMR systems and geographies, and (ii) be generalised with 

larger and more generic data in different application domains. 

Fourth, the model and the results are biased toward the assumption that the more data 

completeness in EMR the better it is. In this study we adopted the four perspectives (as 

presented in Appendix C including documentation, breadth, density, and predictive) of 

data completeness as advised by Weiskopf et al. (2013) to understand this concept. 

However, in practice, data completeness is defined as fit for use. In other words, 

necessary data for a given task is good enough for data completeness. Researchers thus 

should take specific context into account when studying data completeness.  

Fifth, as the use of health insurance claims presents unique challenges to improve data 

quality (Tyree, Lind & Lafferty 2006) and we were interested in missing values in an 

electronic medical record, the conceptual model was only applied to EMR data in this 

study. Hence, the conceptual model regarding the factors that influence data completeness 

for billing data for example is out of scope of the current study.  

Last, we largely ignored the issue of cultural variability within countries and instead 

focused on national culture and only one dimension of national culture proposed by 

Hofstede (2001) as has traditionally been done in prior culture comparison studies (e.g. 

Li et al. (2018) as well as Wang and Zander (2018)). However, we acknowledge that 

cultures do change in countries (Taras, Steel & Kirkman 2012) and this may result in 

different ways to look at and explain the cross-cultural variations of dealing with the 

factors influencing data completeness in EMR observed in this study. Accordingly, 

other theoretical perspectives in terms of culture (e.g. other cultural dimensions) also 

can be utilised to study and understand these differences in future studies.    

8.6 Conclusion 
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This study empirically evaluated a conceptual model of the factors influencing data 

completeness in EMR (Liu et al. 2018). By using a questionnaire survey of clinical 

professionals from Australia and China, we examined the six constructs that conceptualise 

the factors influencing data completeness as one dimension of data quality, in the EMR 

context. The empirical results suggest that the priority of these factors is different 

between Australia and China. Further, the path coefficients on the relationships 

proposed for these factors were compared with the results generated from USA by Liu, 

Zowghi and Talaei-Khoei (2019). Several relations between these factors differ 

significantly between individualistic and collectivistic cultures. Our findings also 

provide practical implications on addressing EMR data completeness from the six areas 

and help clinical practitioners to identity which of these areas have not received 

sufficient attention that should make more efforts for data quality improvement. Future 

studies are needed to investigate the hidden constructs identified in this study and 

generalise research findings with larger and more generic data across EMR systems and 

geographies and/or in different application domains.  
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Chapter 9 – Conclusion 
 
The first section of this chapter revisits an overview of this thesis. In the second section, 

we discuss the main findings and contributions of this research. In the third section, we 

present the limitations of the research. Last, we conclude this chapter by suggesting 

potential areas for further exploration. 

9.1 Overview    
 
In Chapter 1, the research topic was briefly introduced. We identified both theoretical 

and practical gaps that require further investigations on the factors influencing data 

completeness in EMR. Understanding these factors is a starting point to address data 

completeness issues in EMR, and this further calls for specific relationships between 

the factors. Accordingly, we proposed to develop a conceptual model of factors influencing 

data completeness in EMR in this thesis, to identify the underlying mechanisms to achieve 

complete EMR data.         

Chapter 2 presented a review of the literature published between 2011 and 2016 that 

spans data completeness in healthcare. This review provides the current state of the art 

of this field, with a description about forms of health records, definition and measure, 

and study themes investigated in the literature to address data completeness in healthcare. 

Furthermore, a systematic literature review was presented focusing on data completeness 

in electronic records that identified the challenges in addressing data completeness in 

electronic records, on the publication date from 2000 to 2017. This provided further 

insights on the relationships between the factors influencing data completeness in EMR, 

and presents a novel synthesis leading to a categorisation of factors influencing data 

completeness in electronic records faced by practitioners: human, managerial, technical, 

and external perspectives.  

Chapter 3 presented the research methodology used throughout the entire research. 

Both qualitative and quantitative approaches were employed to conduct this study. The 
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qualitative approach was applied to analyse the relevant literature, assisting in the tasks 

of ascertaining the research gaps and proposing the research questions. With the theoretical 

support, we developed the conceptual model of factors influencing data completeness 

in EMR, hypothesising the relationships between these factors. While the quantitative 

approach was utilised to empirically evaluate the conceptual model. This chapter thus 

included a description of the research design for the empirical evaluation, including 

participants sampling, instrument development, data collection, and data analysis. A 

questionnaire survey was administered among clinical practitioners in Australia, China, 

and USA to collect empirical data to assess the proposed conceptual model.  

Chapter 4 investigated the related studies of factors influencing data quality, providing 

the theoretical lens that helps us derive the conceptual model. Because data completeness 

is an essential dimension of data quality, the literature of data quality can be utilised to 

study data completeness. By studying prior models of factors influencing data quality, 

we proposed three dimensions that contribute to categorising the characteristics of these 

factors, including breadth, depth, and interaction dimensions. Based on the analysis of 

prior models within the proposed three dimensions, we selected the model of factors 

influencing data quality management Xiao, Xie and Wan (2009) as a starting point to 

construct our conceptual model, because developed a stronger conceptual model for the 

factors influencing data quality with richness and reach in breadth, depth, and interaction 

dimensions.  

Chapter 5 presented the development of the conceptual model of factors influencing 

data completeness in EMR and the corresponding hypotheses for the relationships 

between these factors. We extended Xiao, Xie and Wan’s model (2009) by adding a new 

factor and new relationships between the included factors with the supporting literature 

identified from Chapter 2. This conceptual model also aligns well with the three dimensions 

for studying the factors influencing data quality developed in Chapter 4. This chapter 

includes an operationalisation of the constructs based on their measurement in our 

research project and calls for collecting data and generating empirical results to accept 

or reject the hypothetical claims proposed in this chapter. 
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Last, we described how the data collected from the three countries was analysed. After 

the data examination, we removed 37 invalid responses based on our inclusion and 

exclusion criteria and remained a total of 285 responses for further analysis. We then 

assessed the measurement model and the structural model based upon the data samples 

collected from Australia (Chapter 8), China (Chapter 7), and USA (Chapter 6), 

respectively. Following the formula taken from Keil et al. (2000), we conducted a cross-

culture comparison to examine the statistical differences in path coefficients generated 

from the analysis of the data samples collected from the three countries (Chapter 8). 

Based on the results, we found that some of the proposed relationships between these 

factors that are widely supported in the IS literature were not significant in the context 

of this research. The possible explanation of these differences was discussed in Chapter 

6 and Chapter 7. Furthermore, the factors that significantly influence data completeness 

in EMR were identified for each of the three countries. We also took the concept of 

culture with respect to the individualism/collectivism dimension into account, to 

discuss the cultural differences in the relationships proposed for these factors across the 

three countries in Chapter 8. The next section discusses our research findings and relates 

them to the research questions outlined in Chapter 1.  

9.2 Findings and contributions of the research  
 

9.2.1 Findings for the research questions 
 
In Chapter 1, eight research questions were posed. The findings of the research project 

have enabled us to answer these research questions.  

RQ1: What are the forms of healthcare records investigated in the literature to address 

data completeness?  

The findings presented in Chapter 2 indicate that two main forms of healthcare records 

are investigated in the literature: paper-based records and electronic records. In the 

review of the literature on the publication date between 2011 and 2016, most studies 

concentrated on electronic form of healthcare records (e.g. EMR), and a few studies 
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investigated paper-based records or hybrid records. The distribution about the forms of 

healthcare records in this review is detailed in Table 4 of Section 2.1.3.1.  

RQ2: How has data completeness in healthcare records been defined and measured in 

the literature? 

In Chapter 2 the reviewed studies presented multiple ways to define data completeness 

in electronic records, each focusing on specific context or purposes. The most frequently 

mentioned method adopted to measure data completeness is a ratio scale. Table 5 in 

Section 2.1.3.2 gives the examples from the reviewed studies that have explicitly defined 

and measured data completeness for a dataset generated from healthcare records. 

The definition of data completeness in the reviewed studies differs from one another, 

mainly defined for different purposes. From a high-level viewpoint, data completeness 

implies that every instance of data in a dataset represents an entity in the real world. A 

more fine-grained definition of data completeness refers to a state where there is a non-

null value in every field of a dataset. The preferences for measures of completeness 

were on the ground of missing data by counting nulls or empties in a dataset.  

RQ3: What are the study themes of data completeness in healthcare records?  

The findings in Chapter 2 reveal three study themes related to data completeness: (i) 

design and development, (ii) evaluation, and (iii) determinants. Table 6 in Section 

2.1.3.3 elaborates the distribution of the study themes for data completeness in this 

review. The design and development theme includes: development of tools for data 

extraction, design of reminder systems, and construction of data repositories using 

semantic integrity. We found that ontologies show promising results in the development 

of automated methods to manage data and measure data completeness in healthcare 

records, to improve the quality of health services and patient safety.  

The evaluation theme addresses assessment of data completeness in healthcare records 

for different purposes. The assessment could be conducted for a single data source only 

one time, in different healthcare institutions, before and after data quality interventions, 
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during different time frames, and within a gold standard. Practitioners could encounter 

different challenges in assessing data completeness for healthcare records, and Table 7 

in Section 2.1.4.3 summarises the methods identified to address those challenges in this 

review. 

The determinants theme pertains to the factors that influence data completeness in 

healthcare records. In the literature review, we identified and conceptualised several 

determinants of data completeness in healthcare records, as shown in Table 8 of Section 

2.1.4.3. We noted that the majority of the reviewed studies have made their commitment 

to identifying the factors influencing data completeness, however, few investigated the 

relationships between these factors. This research gap motivated us to conduct this study.    

RQ4: What are the factors that influence data completeness in electronic records?  

The findings of the SLR focusing on data completeness in electronic records in Chapter 

2 disclose seventeen factors, including: (1) Knowledge, (2) Experience, (3) Training, 

(4) Consciousness, (5) Model of record keeping, (6) Workload allocation, (7) Man-hour 

limitation, (8) Human resource management, (9) Data collection methods, (10) Data 

field design, (11) User interface design, (12) Data conversion, (13) System configuration, 

(14) Climate environment, (15) Legal environment, (16) Ethical environment, and (17) 

Cooperative environment. These factors were further classified into four categories: 

human, managerial, technical and external factors, as shown in Table 10 of Section 

2.2.4. Furthermore, the SLR provided insights on the relationships between the factors 

influencing data completeness in EMR. 

RQ5: What are the structural characteristics of conceptual models for factors influencing 

data quality? 

Section 4.4 presents the findings concerning the structural characteristics, based on the 

analysis of related studies of factors that influence data quality. These characteristics 

were grouped into the breadth, depth, and interaction dimensions, as outlined in Table 

33. 
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Table 33. A summary of dimensions and characteristics of conceptual models 
for factors influencing data quality taken from Liu, Talaei-Khoei and Zowghi 
(2018) 
Dimension  Definition  Characteristic Definition 
Breadth the extent to which the factors 

affecting data quality were 
included in the conceptual 
model 

Human factors  personal cognition and capability on 
the tasks related to data quality 
management 

Managerial factors the organisation and coordination of 
activities to achieve defined goals of 
data quality in an organisation 

Technical factors information systems and development 
technologies to support data quality 
management 

Organisational 
factors 

attributes or properties (e.g. structure, 
location, size and industry) that has an 
impact on data quality in an 
organisation 

External factors the forces outside an organisation that 
have the potential to affect data 
quality 

Depth the extent to which the factors 
affecting data quality were 
studied from top down in 
organisations 

Staff member level staff members’ participation in data 
quality management 

Top management 
level 

top management commitment to data 
quality management  

Interaction the extent to which the 
relationships between data 
quality and the factors and the 
relationships between these 
factors were established 

With data quality the relationships between data quality 
and the factors 

Between the 
factors 

the relationships between the factors 
that affect data quality 

 

Using these three dimensions, we found that Xiao, Xie and Wan (2009) developed a 

more inclusive model for factors influencing data quality compared with other models. 

Accordingly, we selected the model of factors influencing data quality management 

(Xiao, Xie & Wan 2009) as our theoretical lens to derive a conceptual model of factors 

influencing data completeness in EMR.   

RQ6: What are the factors that influence data completeness in electronic medical records? 

The findings from Chapter 6 to Chapter 8 that present the results of the analysis of the 

data collected from Australia, China, and USA, address this research question. For USA, 

we identified the factors influencing data completeness in EMR were ‘clinic director’s 

support for EMR implementation’, resources’, ‘regulatory capability for EMR-enabled 

care processes’, ‘EMR alignment to care processes’, ‘EMR integration’, and ‘Data 

completeness in EMR’. As to China, the factors influencing data completeness in EMR 
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were ‘resources’, ‘regulatory capability for EMR-enabled care processes’, ‘EMR 

alignment to care processes’, and ‘EMR integration’. While in Australia, these factors 

were ‘resources’, ‘regulatory capability of EMR-enabled care processes’, and ‘EMR 

integration’.    

RQ7: What are the relationships between the factors that influence data completeness 

in electronic medical records? 

Chapter 6 to Chapter 8 presented the findings for addressing this research question from 

each of the datasets from three countries. The relationships between these factors are 

shown in Figure 8 of Chapter 6 for USA, in Figure 9 of Chapter 7 for China, in Figure 

11 of Chapter 8 for Australia.  

RQ8: Is there any difference in the relationships between the factors that influence data 

completeness in electronic medical records between different cultures? 

The findings summarised in Table 32 of Chapter 8 reveal several significant differences 

in the relationships proposed for the factors that influence data completeness in EMR 

between different cultures. There are significant differences between collectivistic and 

individualistic cultures in (i) the influence of ‘resources’ on ‘regulatory capability of 

EMR-enabled care processes’ as well as (ii) the influence of ‘resources’ on ‘EMR 

alignment to care processes’. Furthermore, the relationship between ‘regulatory capability 

of EMR-enabled care processes’ and ‘EMR integration’ is stronger in an individualistic 

culture (such as Australia and USA) than in a collectivistic culture (such as China). 

‘EMR alignment to care processes’ and ‘EMR integration’ has a stronger relation in a 

collectivistic culture (such as China) than in an individualistic culture (such as Australia 

and USA), while ‘EMR integration’ has a stronger impact on ‘clinical staff’s participation’ 

in an individualistic culture (such as Australia and USA) than in a collectivistic culture 

(such as China). 

9.2.2 Theoretical implications 
 
This research contributes to data quality management and information systems literature 
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in several ways. First, the literature review of data completeness in healthcare presented 

in Chapter 2 improves the understanding of data completeness in current state of the art 

for healthcare records. We have analysed and synthesised 24 studies to discuss different 

aspects of data completeness in healthcare, in the context of forms of health records, 

definition and measure, and study themes. Although prior reviews have been conducted 

to investigate data quality in healthcare, they only partially looked at data completeness 

as a dimension of data quality and this literature review focusing on data completeness 

in healthcare has been recently published (Liu et al. 2017).  

Second, this thesis also includes an SLR that focuses on data completeness in electronic 

records in Chapter 2. We have identified and conceptualised the factors influencing data 

completeness in electronic records that is not available in the existing literature. Focusing 

on the included empirical studies, we extracted seventeen factors from the literature 

through thematic analysis, and gave an initial explanation of these factors. Furthermore, 

we have presented a novel synthesis leading to a categorisation of the factors influencing 

data completeness in electronic records faced by practitioners: human, managerial, 

technical, and external factors. 

Third, in Chapter 4 we have developed breadth, depth, and interaction dimensions and 

nine characteristics under different dimensions for studying the factors influencing data 

quality and comparing related studies. These structural characteristics for the factors 

influencing data quality are lacking in the current literature. Additionally, the model of 

factors influencing data quality (Xiao, Xie & Wan 2009) was considered as a stronger 

guideline within breadth, depth, and interaction of factors influencing data quality, to 

suggest specific concepts for enhancing data quality. 

Fourth, in Chapter 5 we have constructed a conceptual model of factors influencing 

data completeness in EMR, developing the hypotheses for the relationships between 

these factors. There is a paucity of research to address this problem. The proposed 

conceptual model aligns well with breadth, depth and interaction dimensions to study 

the factors that influence data completeness in EMR. We thus extended the model of 
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factors influencing data quality management (Xiao, Xie & Wan 2009) by adding one 

new factor ‘resources’ and the relationships between the factors, in a new study context 

(i.e. data completeness in EMR). 

Fifth, while prior research has examined the factors that influence data quality (e.g. 

Kokemueller (2011) and Xiao, Xie and Wan (2009)), we have shown in Chapter 6 and 

Chapter 7 that the factors influencing data completeness can be driven by the data 

quality management theoretic constructs in the EMR context. The reliability and validity 

of the constructs in the conceptual model have been demonstrated based on the empirical 

evidence in USA and China. The results of this research indicate that the measurement 

model cannot be used to determine the factors influencing data completeness in EMR 

without some modification. However, this measurement model could serve as a reference 

model to evaluate data completeness management and improvement.  

Sixth, this research empirically examines six constructs used to understand the factors 

influencing data completeness in EMR. The priority of these factors is different among 

Australia, China, and USA. Although only three items namely funding, human resources, 

and time for EMR implementation were adopted to measure the construct ‘resources’ 

in this research, we have shown the new role of resources in addressing data completeness 

in EMR. Based on resource-based theory (Hitt, Xu, & Carnes, 2016), healthcare settings 

may have their own resources that embrace competitive advantages over the others that 

do not have, to address data completeness in EMR. This theoretical lens may offer 

interesting possibilities for reexamining the role of resources for data completeness (e.g. 

Tee et al. (2007)) in EMR. Although this study is limited to the context of EMR, the 

conceptual model of factors influencing data completeness in EMR may serve as a 

starting point for more extensive theorising of factors influencing data completeness in 

other applications. 

Seventh, in Chapter 6 and Chapter 7 we have discussed the hypotheses that are widely 

used in literature, but some of them have not been found significant in the context of 

this research. The possible explanation for these differences has been given in these two 
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chapters. We drew attention to the relationships between these factors. The findings of 

this research reveal new mechanisms for addressing data completeness in EMR. For 

USA, a high level of ‘resources’ is positively associated with ‘EMR alignment to care 

processes’; a high level of ‘regulatory capability of EMR-enabled care processes’ is 

positively associated with ‘data completeness in EMR’; and a high level of ‘EMR 

integration’ is positively associated with ‘clinical staff’s participation’, which were not 

included in Xiao, Xie and Wan’s model (2009). As to China, a high level of ‘regulatory 

capability of EMR-enabled care processes’ is positively associated with ‘data completeness 

in EMR’, that was not significant in Xiao, Xie and Wan’s model (2009). With respect 

to Australia, a high level of ‘resources’ is positively associated with ‘regulatory 

capability of EMR-enabled care processes’, and a high level of ‘EMR integration’ is 

positively associated with ‘clinical staff’s participation’, that were not presented in Xiao, 

Xie and Wan’s model (2009).  

Last, to the best of our knowledge, the present work is the first to examine the effect of 

culture on dealing with the factors influencing data completeness in EMR and discuss 

the cultural differences in the relationships between these factors. While job position 

could have an impact on responses about the factors influencing data quality (Tee et al., 

2007), the effects of the factors on data completeness as a dimension of data quality 

may differ from national culture in the EMR context. 

9.2.3 Practical implications  
 
This research also provides several take-away lessons for clinical practitioners in Australia, 

China, and USA, as discussed below.  

Clinic director’s support to EMR implementation  

Our finding that ‘clinic director’s support for EMR implementation’ influences ‘regulatory 

capability of EMR-enabled care processes’ and ‘EMR alignment to care processes’ 

toward data completeness in EMR will be of interest to decision makers at healthcare 

settings. The decision makers may find these results valuable in supporting EMR 

implementation toward data completeness in EMR. For instance, decision makers are 
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aware of the importance of implementation of EMR and data completeness in EMR, 

have a good understanding of EMR benefits, and put relevant activities in a high priority.  

Resources  

We show that ‘resources’ is an alternative way to facilitate ‘regulatory capability for 

EMR-enabled care processes’ and ‘EMR alignment to care processes’. These findings 

may assist the decision makers in designing a suitable strategy to allocate resources for 

EMR implementation toward data completeness, from the perspectives of funding, time, 

and human resources for EMR implementation.  

Regulatory capability of EMR-enabled care processes 

Our empirical results demonstrate that a high level of ‘regulatory capability of EMR- 

enabled care processes’ is positively associated with ‘clinical staff’s participation’, 

‘EMR integration’, and ‘data completeness in EMR’. These findings are of relevance to 

those EMR program managers who are pressurised to implement a certified EMR at 

healthcare settings. These findings allow EMR program managers to realise the role of 

‘regulatory capability of EMR-enabled care processes’ (i.e. design, implement and 

improve a set of rules, standards, and procedures for EMR-enabled care processes) in 

addressing data completeness in EMR. 

EMR alignment to care processes 

The empirical results of this study demonstrate that a high level of ‘EMR alignment to 

care processes’ is positively associated with ‘clinical staff participation’ and ‘EMR 

integration’ toward data completeness. While customisation of EMR configuration at 

healthcare settings has been highlighted in EMR implementation, the communication 

between IT and clinical staff for EMR implementation also plays an important role in 

this alignment. Hence, EMR program managers should pay attention to communication 

with clinical staff about the benefits and difficulties of implementing EMR and place 

clinical staff in the role of addressing data completeness.  
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Clinical staff participation 

The findings of this research also show that ‘clinical staff participation’ increases ‘data 

completeness in EMR’. We noted that for these clinical practitioners their awareness of 

importance of data completeness, knowledge and skills of using EMR, and focus on the 

tasks related to data management contribute to addressing data completeness in EMR. 

Hence, an appropriate training pertaining to using EMR at healthcare settings cannot 

be overlooked.  

EMR integration 

We remind clinical practitioners that the ‘EMR integration’ can ascertain how complete 

is the data in EMR. Thus, EMR vendors must provide quality-assured EMR integration 

with a high level of ease of use, usefulness, and/or compatibility, for addressing the 

quality of the data aggregated from multiple data sources. Furthermore, our findings 

also reveal that ‘EMR integration’ facilitates ‘clinical staff’s participation’ toward data 

completeness. Because the extent to which ‘EMR integration’ could determine clinical 

staff’ further use of EMR for addressing data completeness, EMR system vendors need to 

best address EMR integration in order to meet data users’ requirements. 

A cross-country comparison  

By comparing the statistical difference in path coefficients among Australia, China, and 

USA, this research also gives a number of implications for practitioners in healthcare 

sectors. First, we demonstrate that a high level of ‘resources’ is positively associated 

with ‘regulatory capability of EMR-enabled care processes’ and ‘EMR alignment to 

care processes’ at healthcare settings, and these effects are stronger in a collectivistic 

culture such as China than in an individualistic culture such as USA and Australia. 

When healthcare settings in a collectivistic culture carry out EMR implementation 

toward data completeness, money, people, and time should be available for EMR-

related activities. As mentioned, one of the unique challenges in the Chinese healthcare 

service system is uneven distribution of resources (General Office of the State Council 

2015). Resources tend to be concentrated in large and developed cities and a great gap 
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in the distribution of resources exists between urban and rural regions. To this end, 

smart healthcare is proposed to provide advices on a priority of health problems and 

help decide which level of healthcare institutions should visit by using EMR data (Xu 

2018). Thus, governments, in addition to investing in related EMR technologies and 

pilot test, should also provide training and technical support to healthcare settings for 

EMR implementation toward data completeness. Moreover, International Healthcare 

Organisations and governments may provide guidelines for resources allocation on 

EMR implementation. 

Second, we show that the ‘regulatory capability of EMR-enabled care processes’ and 

‘EMR alignment to care processes’ could have an impact on ‘clinical staff’s participation’, 

‘EMR integration’, and ‘data completeness in EMR’, even though these influences 

differ from national culture. There findings will be of interest to EMR program managers. 

In individualist cultures, the EMR program managers need to enhance communication 

and coordination within the healthcare setting, and place clinical staff in the process of 

EMR implementation to improve clinical staff’s understanding of EMR technologies 

and capture their data needs during care delivery. In collectivistic cultures, the EMR 

program managers should make commitment to improving rules, standards and procedures 

for EMR-enabled care processes, to provide tolerant environments for addressing data 

completeness in EMR.  

Lastly, our findings suggest that clinical staff’s participation is better mediated by EMR 

integration in in an individualistic culture than in a collectivistic culture. Accordingly, 

EMR vendors from individualistic cultures are required to make more efforts on dealing 

with the technical issues about EMR integration, in order to better drive clinical staff’s 

use of EMR in addressing data completeness. Meanwhile, International Healthcare 

Organisations and governments may promote the establishment of relevant industrial 

standards and monitoring mechanisms for a certified EMR. This could help healthcare 

settings select an appropriate EMR vendor underwent a qualification and selection 

process and better deal with technical issues regarding the products and services that 

the EMR vendor provides.  
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9.3 Limitations of the research 
 
Although this research makes several significant key contributions, like all other research 

it has several limitations. First, the present work focuses on data completeness as one 

dimension of data quality, and our choice of constructs was restricted by our adherence 

to data quality literature as the theoretical lens. In order to simplify the presentation and 

improve the readability of the current work we do not differentiate between data 

completeness and information completeness in this research. However, we acknowledge 

that theoretical differences exist between data completeness and information completeness. 

Researchers therefore are suggested to take the differences in the definition of data 

completeness and information completeness into account and reconstruct the conceptual 

models if needed.  

Second, given the importance of the construct ‘EMR alignment to care processes’ and 

‘regulatory capability of EMR-enabled care processes’ in this research, more variables 

and survey questions should be added for these two constructs in future studies. Furthermore, 

the weak R squared values (e.g. RCCP and EACP) and eigenvalues suggest that other 

hidden constructs influencing data completeness in EMR may not have been included 

and measured in this research, so they should be explored in future study.  

Third, this research only examines the factors that influence data completeness in EMR 

from the perspective of clinical staff in each of the three countries. Our data samples 

collected from USA only focused on northern Nevada. This convenience sampling of 

clinical practitioners who volunteered to complete the survey could bias the results. 

Furthermore, we only surveyed a relatively limited group of clinical staff in each of the 

three countries that may limit the generalisation of the findings.   

Fourth, the model and the results are biased toward the assumption that the better data 

completeness in EMR, the better quality in EMR. In this research we adopted the four 

perspectives (as presented in Table 18 including documentation, breadth, density, and 

predictive) of data completeness as advised by Weiskopf et al. (2013) to measure data 
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completeness in EMR. However, in practice, data completeness is defined based on the 

context of use. In other words, necessary data for a given task is good enough for data 

completeness. Researchers therefore should take specific context into account when 

studying data completeness.  

Fifth, because use of health insurance claims presents unique challenges to improve 

data quality (Tyree, Lind, and Lafferty, 2006) and we were interested in missing values 

in an electronic medical record, the conceptual model was only applied to the EMR 

data in this research. Hence, the conceptual models on the factors influencing data 

quality for billing data was deemed out of scope of the current study.  

Sixth, this research investigates the factors influencing data completeness in EMR, which 

provides specific concepts for addressing data completeness by using Xiao, Xie and 

Wan’s model (2009) only within a specific context (i.e. EMR). To generalise the research 

findings, larger and more generic datasets should be collected for assessing the conceptual 

model in different application domains.  

Last, we largely ignored the issue of cultural variability within countries and instead 

focused on national culture and only one dimension of national culture (i.e. individualism/ 

collectivism) proposed by Hofstede (2001) as have traditionally been done in prior cultural 

comparison studies (e.g. Li et al. (2018) as well as Wang and Zander (2018)). However, 

we acknowledge that culture does change in countries (Taras, Steel & Kirkman 2012) and 

this may result in different ways to look at and explain the cross-cultural variations of 

dealing with the factors influencing data completeness in EMR observed in this research. 

Accordingly, other theoretical perspectives in terms of culture (e.g. other cultural 

dimensions) can be utilised to study and understand these differences in future studies.    

9.4 Future work 
 
Our investigation of factors influencing data completeness in EMR serves as a starting 

point to address data completeness in EMR. These factors were driven by the previous 

data quality management theoretic constructs in the EMR context. Some weak R squared 
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values (e.g. RCCP and EACP) generated from this research suggest that other hidden 

constructs influencing data completeness in EMR not included in the conceptual model. 

Further clarification should be sought from the participants (e.g. conducting interviews) 

to identify potential factors. Furthermore, more measures for resources could be added 

to reexamine the role of resources in addressing data completeness in EMR. Although 

this conceptual model addresses the breadth, depth, and interaction dimensions to study 

the factors influencing data completeness, organisational and external factors under the 

breadth dimension that have not been included in this study could be considered and 

measured to improve the inclusiveness of the conceptual mode.  

For the data samples collected from USA, we only conducted a survey in Nevada. The 

convenience sampling of a relatively small group of clinical practitioners could limit 

the generalisation of our research findings generated for USA. Meanwhile, the sample 

size of the data collected from Australia and China just exceeded the sample baseline. 

Our findings thus need to be confirmed in larger studies that involve more clinical staff 

and across EMR systems and geographies. This research examines the factors influencing 

data completeness in EMR mainly from the perspective of clinical staff. Our future 

study is to assess the conceptual model based on different viewpoints of data stakeholders 

of EMR.  

In the cross-country comparison, we only employed the individualism/collectivism cultural 

dimension to study the differences in the relationships proposed for the factors influencing 

data completeness in EMR. According to Hofstede (2001), national culture includes 

five dimensions, which may help explain these differences. In future studies, these five 

cultural dimensions may be added and measured in surveys, to further confirm whether 

culture plays a significant role in addressing EMR data.  

We have identified the factors that significantly influence data completeness in EMR for 

each of the selected countries. Our findings reveal that the prior list of these factors differs 

from one to another country, which implies that different cultural backgrounds may result 

in addressing data completeness in EMR differently. Accordingly, these factors identified 
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could assist in the tasks of developing a checklist or a guideline to help clinical practitioners 

achieve complete data and address specific issues within EMR (e.g. country specific). 

The constructs of the conceptual model rely heavily on human and managerial factors 

and only contain a technical factor ‘EMR integration’. Digital transformation boosts the 

process of moving to fully electronic records and the integration of the physical and 

digital worlds through the incorporation of sensors and devices will foster the creation of 

new products and services in healthcare sectors. Clinical practitioners could meet new 

challenges in addressing data completeness in EMR. Data quality assessment and 

management computed into frameworks or architectures of EMR for monitoring data 

quality and filtering complete data from the routinely collected healthcare data will be 

research hot spots.  

In summary, in this thesis we have identified the factors influencing data completeness 

and the influence of these by using the context of EMR in Australia, China, and USA. 

Taking the individualism/collectivism dimension into account, we have discussed the 

cultural implications about the differences in the relationships between these factors. 

Both qualitative and quantitative approaches employed in the research have enabled us to 

develop a conceptual model of factors influencing data completeness in EMR and 

disclose the relationships between these factors, based on a considerable population of 

clinical staff in the three countries. 
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Appendix A. Data extraction form   
No.  
Title  
Author  
Publish year  
Source  
Healthcare records  
Definition of completeness  
Measure of completeness  
Study themes  
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Appendix C. The conceptual model specification with latent variables, observable variables and scales used in the survey questionnaire 
Construct  
(latent variable)  

Definition of the 
construct 

Measure variable 
(observable variable) 

Definition of the measure variables Sources of survey 
questions  

Indicator Questions in the survey 

Clinic director's 
support for EMR 
implementation 

upper 
management level 
in clinics 
understands the 
importance of 
EMR 
implementation 
and achieving data 
completeness in 
EMR and makes 
commitment to the 
relevant initiatives 
(Adapted from 
(Xiao, Xie & Wan 
2009)) 

Awareness Clinic director recognizes the 
importance of EMR implementation 
and EMR data completeness 
(adapted from (Kokemueller 2011; 
Nord, Nord, & Xu 2005; Tee et al. 
2007; Wixom & Watson 2001; Xiao, 
Xie & Wan 2009; Xu, Koronius & 
Brown 2003; Xu 2013)). 

Adapted from 
(Kokemueller 2011; 
Nord, Nord, & Xu 
2005; Tee et al. 2007; 
Wixom & Watson 
2001; Xiao, Xie & 
Wan 2009; Xu, 
Koronius & Brown 
2003; Xu 2013) 

DAW1 Upper management has been aware of 
the importance of establishing an EMR 
system.    

DAW2 Upper management has been aware of 
the importance of achieving complete 
data in EMR.    

Attitude Clinic director supports EMR 
implementation and puts achieving 
EMR data completeness in a priority 
(adapted from (Kokemueller 2011; 
Nord, Nord, & Xu 2005; Tee et al. 
2007; Wixom & Watson 2001; Xiao, 
Xie & Wan 2009; Xu, Koronius & 
Brown 2003; Xu 2013)). 

Adapted from 
(Kokemueller 2011; 
Nord, Nord, & Xu 
2005; Tee et al. 2007; 
Wixom & Watson 
2001; Xiao, Xie & 
Wan 2009; Xu, 
Koronius & Brown 
2003; Xu 2013) 

DAT1 Upper management has encouraged 
establishing an EMR system. 

DAT2 Upper management has put achieving 
complete data in EMR in a priority. 

Competency Competency of clinic director 
describes the knowledge about EMR 
and leadership skills for EMR 
implementation (adapted from (Xiao, 
Xie & Wan 2009)). 

Adapted from (Xiao, 
Xie & Wan 2009) 

DCY1 Upper management understands the 
capability of an EMR system. 

DCY2 Upper management has the knowledge 
of EMR benefits.  

DCY3 Upper management has made effective 
and rapid responses to provide relevant 
resources to establish an EMR system. 

Resources funding, human 
resource, and time 
required to 
successfully 
complete the tasks 

Funding Budgets are available to successfully 
complete the tasks related to EMR 
implementation (adapted from 
(Kokemueller 2011; Wixom & 
Watson 2001)). 

Adapted from (Wixom 
& Watson 2001) 

FUN1 Establishment of the EMR system was 
adequately funded.  
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Construct  
(latent variable)  

Definition of the 
construct 

Measure variable 
(observable variable) 

Definition of the measure variables Sources of survey 
questions  

Indicator Questions in the survey 

related to EMR 
implementation 
(Adapted from 
(Kokemueller 
2011; Wixom & 
Watson 2001)) 

Human resource People are available to successfully 
complete the tasks related to EMR 
implementation (adapted from 
(Kokemueller 2011; Wixom & 
Watson 2001)). 

Adapted from (Wixom 
& Watson 2001) 

HR1 Establishment of the EMR system had 
sufficient human resources to get the 
work done. 

Time Time is available to successfully 
complete the tasks related to EMR 
implementation (adapted from 
(Kokemueller 2011; Wixom & 
Watson 2001)). 

Adapted from (Wixom 
& Watson 2001) 

TIM1 Establishment of the EMR system was 
given enough time for completion. 

Regulatory 
capability of 
EMR-enabled care 
processes 

a clinic’s ability to 
design, implement 
and improve a set 
of rules, standards, 
and procedures for 
EMR-enabled care 
processes 
(Adapted from 
(Xiao, Xie & Wan 
2009)) 

Data quality 
management  

Data quality management concerns a 
set of interventions and activities for 
ensuring data quality in EMR 
implementation such as data quality 
planning, regulation and controls 
(adapted from (Nord, Nord, & Xu 
2005; Xu, Koronius & Brown 2003; 
Xu, 2013)). 

Adapted from (Nord, 
Nord, & Xu 2005; Xu, 
Koronius & Brown 
2003; Xu, 2013) 

DQM1 Data quality goals for establishing the 
EMR system have been defined.  

DQM2 Data quality policies for establishing the 
EMR system have been created. 

DQM3 Data quality standards for establishing 
the EMR system have been developed.  

DQM4 Data quality controls for establishing 
the EMR system have been conducted.  

Process management Process management refers to the 
sum total of the ways for ensuring 
data quality in data collection 
(adapted from (De Feo & Juran, 
2017)).  

Adapted from (Nord, 
Nord, & Xu 2005; Xu, 
Koronius & Brown 
2003; Xu, 2013) 

PM1 Standardized data collection procedures 
in care processes have been formulated.  

PM2 Adequate training has been provided in 
the data collection of care processes.  

PM3 A system of measuring the quality of 
routinely collected data in care 
processes has been established.  

EMR alignment to 
care processes 

EMR are 
embedded into 
care processes 
(Adapted from 
(Herzberg et al. 
2011; Xiao, Xie & 
Wan 2009)) 

Customization The workflow of EMR fits to care 
processes (adapted from (Bruland et 
al., 2014)). 

Adapted from (Bruland 
et al., 2014) 

CUS1 The workflow of the EMR system 
aligns with the routine care processes.  

Communication Communication and understanding 
between IT and clinical staff for 
EMR implementation work 
effectively (adapted from (Xiao, Xie 
& Wan 2009).  

Adapted from (Wixom 
& Watson 2001; Xiao, 
Xie & Wan 2009)  

COM1 IT professionals are capable of 
addressing data requirements of clinical 
staff in the care processes after 
communication with clinical staff. 

COM2 Clinical staff can gain a better 
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Construct  
(latent variable)  

Definition of the 
construct 

Measure variable 
(observable variable) 

Definition of the measure variables Sources of survey 
questions  

Indicator Questions in the survey 

understanding of functions of the EMR 
system after communication with IT 
professionals.  

COM3 IT professionals and clinical staff work 
as a team while implementing the EMR 
system and addressing incomplete data.  

Clinical staff's 
participation 

clinical staff 
understand the 
importance of 
achieving data 
completeness in 
EMR and make 
commitment to 
achieving 
complete data 
when using EMR 
(Adapted from 
(Xiao, Xie & Wan 
2009)) 

Awareness Clinical staff recognize the 
importance of achieving data 
completeness in EMR (adapted from 
(Xiao, Xie & Wan 2009)). 

Adapted from (Xiao, 
Xie & Wan 2009) 

SAW1 I am aware that incomplete data in 
EMR could result in poor clinical 
decision making.  

SAW2 I am aware that incomplete data in 
EMR could increase the risk of harm to 
the patients. 

SAW3 I aware that incomplete data in EMR 
could result in loss of revenue for the 
organization. 

Attitude Clinical staff support the activities 
related to data management in using 
EMR (adapted from (Xiao, Xie & 
Wan 2009)). 

Adapted from (Xiao, 
Xie & Wan 2009) 

SAT1 I am willing to follow instructions 
related to data management in care 
processes. 

Competency Competency of clinical staff 
describes the knowledge and skills to 
achieve complete data when using 
EMR (adapted from (Xiao, Xie & Wan 
2009)).  

Adapted from (Xiao, 
Xie & Wan 2009) 

SCY1 I have adequate knowledge and skills to 
record complete data when using the 
EMR system. 

Mental status Fatigue and tension could trigger 
human errors in achieving EMR data 
completeness (Warsi, White & 
McCulloch 2002; Wrightson 2010). 

Adapted from (Warsi, 
White & McCulloch 
2002; Wrightson 2010) 

SMS1 I have the ability to concentrate on my 
tasks to record complete data when 
using the EMR system. 

EMR Integration EMR are 
integrated across 
multiple clinical 

Ease of use The EMR is easy to use (Staff, 
Roberts & March 2016).  

Adapted from (Staff, 
Roberts & March 
2016) 

EOU1 The EMR system is easy to use. 
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Construct  
(latent variable)  

Definition of the 
construct 

Measure variable 
(observable variable) 

Definition of the measure variables Sources of survey 
questions  

Indicator Questions in the survey 

systems and 
repositories, 
providing 
integrated data for 
different use 
(Adapted from 
(Aanestad et al., 
2017; Xiao, Xie & 
Wan 2009)) 

Usefulness The EMR effectively integrates data 
from different data sources and 
addresses data needs as clinical staff 
arise (adapted from (Kokemueller 
2011; Wixom & Watson 2001)). 

Adapted from 
(American Academy 
of Family Physicians 
2017) 

UFN1 The EMR system is useful in capturing 
and tracking patients’ demographics. 

UFN2 The EMR system is useful in capturing 
and tracking patients’ medical histories. 

UFN3 The EMR system is useful in creating 
and tracking clinical documents and 
notes. 

UFN4 The EMR system is useful in presenting 
and recording patient-specific care 
plans. 

Compatibility The EMR overcomes numerous 
technical problems and works well 
across multiple clinical systems and 
repositories (adapted from 
(Kokemueller 2011; Wixom & 
Watson 2001)). 

Adapted from 
(American Academy 
of Family Physicians 
2017;Wixom & 
Watson 2001) 

CMP1 The EMR system frequently reports 
error messages. 

CMP2 The EMR system has the interface with 
external systems to capture clinical 
documents. 

Data 
Completeness in 
EMR 

the extent to 
which required 
data in EMR is 
available from four 
perspectives 
including 
documentation, 
breadth, density, 
and predictive 
(Used definitions 
of data completeness 
from (Weiskopf et 
al., 2013)) 

Documentation A record contains all observations 
made about a patient (used from 
(Weiskopf et al., 2013)). 

Adapted from 
(Weiskopf et al., 2013) 

DOC1 All observations made during a clinical 
encounter are recorded in the EMR 
system.  

Depth A record contains all desired types of 
data (used from (Weiskopf et al., 
2013)). 

Adapted from 
(Weiskopf et al., 2013) 

DEP1 All required types of data (e.g. 
diagnoses and laboratory results) are 
available in the EMR system. 

Density A record contains a specified 
number or frequency of data points 
over time (used from (Weiskopf et 
al., 2013)). 

Adapted from 
(Weiskopf et al., 2013) 

DEN1 All the values of patients' records in the 
EMR system are available as often as 
required.  

Predictive A record contains sufficient 
information to predict a phenomenon 
of interest (used from (Weiskopf et 
al., 2013)). 

Adapted from 
(Weiskopf et al., 2013) 

PRE1 The data available in the EMR system is 
sufficient to make a clinical decision for 
a patient. 

  



 
 

Appendix D: Invitation letter  
 

English version 

 

Invitation to participate in a survey: Data completeness in electronic medical records 

 

Dear ,  

 

My name is Caihua Liu and I am a PhD student from the Faculty of Engineering and 

Information Technology at UTS. My supervisors are Professor Didar Zowghi and Dr 

Amir Talaei-Khoei. I am conducting a study on data completeness in electronic medical 

records (EMR) and would require your assistance. The purposes of this study are to 

explore factors influencing data completeness in EMR and the relationships between 

these factors, and to develop strategies to achieve data completeness in EMR.  

 

I would like to invite you to participate in an online survey because of your expertise in 

establishing and/or using EMR. To answer the questions in this online survey would 

take no more than 15 minutes of your time.  

 

I hope that you can accept my request. The survey can be accessed using the following 

link:  

 

 

Yours sincerely, 

Caihua Liu 
 
NOTE:   

This study has been approved by the University of Technology Sydney Human Research Ethics Committee.  If you 

have any complaints or reservations about any aspect of your participation in this research which you cannot resolve 

with the researcher, you may contact the Ethics Committee through the Research Ethics Officer (ph: +61 2 9514 

2478 Research.Ethics@uts.edu.au), and quote the UTS HREC reference number. Any complaint you make will be 

treated in confidence and investigated fully and you will be informed of the outcome.   
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Chinese version 

 
邀请函 

 

主题： 邀请参与填写一份关于电子病历数据完整性的调查问卷 

 

您好！ 

 

我名叫刘彩华，是悉尼科技大学工程与信息技术学院一名博士在读研究生。我的导师是

Didar Zowghi教授。我目前正在进行关于调查影响电子病历数据完整性的研究, 需要您的

帮助。本次调研旨在找出影响电子病历数据完整性的因素，确定这些因素之间的关系以及寻

求获取完整数据的方法。 

 

您被邀请填写这份在线调查问卷，是因为您在建立和/或使用电子病历具有专业的知识和技

能。完成这份调查问卷不会超过 15分钟的时间。 

 

希望您能接受我的邀请。您可以访问此链接地址（https://www.wjx.cn/jq/21696522.aspx）填写

调查问卷。  

 

另外，如果您身边有医疗从业者（例如，医生和护士）或者为医疗行业服务的朋友或同行（例

如，电子病历开发专员），希望您能将此调查问卷转发给他们填写。非常感谢！ 

 

 

     此致 

敬礼！ 

                                                                                                                                 

刘彩华   

 

 

 

 

 

 

 

 

 

注意：本次调研已被悉尼科技大学人类研究伦理委员会（UTS HREC）批准。如果您对

本次调研（UTS HREC approval No. ETH17-2047）有任何意见或投诉，请通过以下方式

联系学校道德秘书处：电话+61 295142478 或邮箱 Research.Ethics@uts.edu.au。所有提交

的信息都将得到保密地处理和调查，并告知调查结果。 

https://www.wjx.cn/jq/21696522.aspx
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Appendix E: Questionnaire of the factors influencing data completeness 

in EMR 
English version 

 
 

INFORMATION SHEET AND CONSENT FORM 
Factors influencing data completeness in electronic medical records 

 UTS HREC approval No. ETH17-2047 
 
 

Hi, my name is Caihua Liu and I am a PhD student at the University of Technology Sydney. My 
supervisors are Professor Didar Zowghi and Dr Amir Talaei-Khoei. The purpose of this online survey is 
to explore factors influencing data completeness in electronic medical records (EMRs), the relationships 
between these factors, and strategies to achieve data completeness in EMRs. 
 
To answer the questions in this online survey would take no more than 15 minutes of your time. You can 
change your mind at any time and stop completing the survey without consequences. 
 
You will not be required to enter any personal information and when the data gathered from this survey 
is analyzed, it will be published in a form that will not identify you. If you have concerns about the 
research, please feel free to contact me by email at Caihua.Liu@student.uts.edu.au.  
 
This research project has been approved by UTS Human Research Ethics Committee. If you would like 
to talk to someone who is not connected with the research, you may contact the UTS Research Ethics: 
Research. Ethics@uts.edu.au and quote UTS HREC approval No. ETH17-2047. 
 

 
I have read the information above and agree to participate.   Yes               No 
 
 
 

DEMOGRAPHIC FORM 
 

The purpose of this study is to explore factors influencing data completeness in electronic medical 
records (EMRs), the relationships between these factors, and strategies to achieve data completeness in 
EMRs so that we can assist those who are interested in achieving complete data in EMRs. This 
demographic information is mainly for statistical purposes, and no identifying data will be collected. 
 
1. Gender:       Male                Female       
 
2. Age:          20 – 29            30 – 39              40 - 49              >=50  
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3. Years in experience of establishing and/or using EMR systems 
 
< 5 years                5 – 10 years              > 10 years                                                              
 
Other, please specify                                            
 
4. Final degree 
 
High school certificate       Diploma        Bachelor         Master           Doctor (PhD) 
 
5. Job position  
 
Physician                   Nurse                Clinic manager / director                      
 
Software developer           EMR program manager/ personal who is most          
                        .  familiar with EMR implementation                     
Other, please specify                                                                                                        
                                                          
6. Country of your current practice 
 
Australia                       China                           United States  
 
7. Type of your current practice  
 
Hospitals                      .Clinics                         Ambulatory Care Centres                     
 
Doctors’ Offices                 Nursing Homes                  Medical Laboratories 
 
Other, please specify                                             
 
8. Size of your current practice 
 
Small                          Medium                         Large  
 
Reference for size of practice 

Size Hospitals Clinics Nursing homes Ambulatory care centres Doctors’ offices 

Small ≤100 beds ≤ 3 nurses ≤ 3 nurses ≤ 3 physicians ≤ 3 physicians 

Medium  101–200 beds  4 – 7 nurses 4 – 7 nurses 4 – 7 physicians 4 – 7 physicians 

Large >200 beds ≥ 8 nurses ≥ 8 nurses ≥ 8 physicians ≥ 8 physicians 
 

Size Medical laboratories 

Small  26 – 100 patients per day 

Medium  101 – 300 patients per day 

Large  301 & above patients per day 
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Questionnaire  
Please fill this questionnaire based on your experience of establishing and/or using the current electronic medical record (EMR) system in your job position in the last 2 
years. Please use 'X' to give your answers. 
 
9. Has your organisation already established an EMR system in the workplace? If yes, please answer Question 9.1; if no, please answer Question 9.2. 
  9.1 How long has your organisation established an EMR system in the workplace?  
      < 0.5 year                       0.5 – 2 year                        > 2 years 
  9.2 Is your organisation currently transitioning from paper-based records to EMRs in the workplace? 

    Yes                             No  
 
To what extent do you agree or disagree with the following descriptions about factors that influence data completeness in EMRs? 
 

Description of factors influencing data completeness in 

EMRs 

Level of agreement 

Strongly 

agree 
Agree Neutral Disagree 

Strongly 

disagree 

Clinic director’s support for EMR implementation      

10. Upper management has been aware of the importance of 

establishing an EMR system.    
     

11. Upper management has been aware of the importance of 

achieving complete data in EMR.    
     

12. Upper management has encouraged establishing an EMR 

system. 
     

13. Upper management has put achieving complete data in EMR in 

a priority. 
     

14. Upper management understands the capability of an EMR 

system. 
     

15. Upper management has the knowledge of EMR benefits.       

Description of factors influencing data completeness in 

EMRs 

Level of agreement 

Strongly 

agree 
Agree Neutral Disagree 

Strongly 

disagree 

16. Upper management has made effective and rapid responses to 

provide relevant resources to establish an EMR system. 
     

Resources       

17. Establishment of the EMR system was adequately funded.       

18. Establishment of the EMR system had sufficient human 

resources to get the work done. 
     

19. Establishment of the EMR system was given enough time 

for completion. 
     

Regulatory capability of EMR-enabled care processes      

20. Data quality goals for establishing the EMR system have been 

defined.  
     

21. Data quality policies for establishing the EMR system have 

been created. 
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Description of factors influencing data completeness in 

EMRs 

Level of agreement 

Strongly 

agree 
Agree Neutral Disagree 

Strongly 

disagree 

22. Data quality standards for establishing the EMR system have 

been developed.  
     

23. Data quality controls for establishing the EMR system have 

been conducted.  
     

24. Standardized data collection procedures in care processes have been 

formulated.  
     

25. Adequate training has been provided in the data collection of 

care processes.  
     

26. A system of measuring the quality of routinely collected data in 

care processes has been established.  
     

EMR alignment to care processes      

27. The workflow of the EMR system aligns with the routine care 

processes.  

     

28. IT professionals are capable of addressing data requirements of 

clinical staff in the care processes after communication with 

clinical staff. 

     

29. Clinical staff can gain a better understanding of functions of the 

EMR system after communication with IT professionals.  

     

30. IT professionals and clinical staff work as a team while using 

the EMR system and addressing incomplete data.  

     

Clinical staff’s participation      

31. I am aware that incomplete data in EMR could result in poor 

clinical decision making.  
     

32. I am aware that incomplete data in EMR could increase the 

risk of harm to the patients. 
     

33. I aware that incomplete data in EMR could result in loss of 

revenue for the organisation. 
     

34. I am willing to follow instructions related to data management in 

care processes. 
     

Description of factors influencing data completeness in 

EMRs 

Level of agreement 

Strongly 

agree 
Agree Neutral Disagree 

Strongly 

disagree 

35. I have adequate knowledge and skills to record complete data 

when using the EMR system. 
     

36. I have the ability to concentrate on my tasks to record 

complete data when using the EMR system. 
     

EMR Integration       

37. The EMR system is easy to use.      

38. The EMR system is useful in capturing and tracking patients’ 

demographics. 
     

39. The EMR system is useful in capturing and tracking patients’ 

medical histories. 
     

40. The EMR system is useful in creating and tracking clinical 

documents and notes. 
     

41. The EMR system is useful in presenting and recording patient-

specific care plans. 
     

42. The EMR system frequently reports error messages.      

43. The EMR system has the interface with external systems to 

capture clinical documents. 
     

Data completeness in EMRs      

44. All observations made during a clinical encounter are recorded 

in the EMR system.  

     

45. All required types of data (e.g. diagnoses and laboratory results) 

are available in the EMR system. 

     

46. All the values of patients' records in the EMR system are 

available as often as required.  

     

47. The data available in the EMR system is sufficient to make a 

clinical decision for a patient. 
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Chinese version 
 

影响电子病历数据完整性的问卷调查 

填写须知 

欢迎参加“影响电子病历数据完整性”的问卷调查。该问卷旨在找出影响电子病历数据完整

性的因素，确定这些因素之间的关系以及寻求获取完整数据的方法，从而为那些致力于提高

电子病历数据完整性的个人与组织提供帮助。本问卷采用匿名形式，所有数据仅供学术研究

分析使用。 

非常感谢您能抽出宝贵的时间来填写问卷。 

 

1. 您已经阅读填写须知并同意填写问卷[单选题] * 

○我同意 

○我不同意  

 

一、填卷人基本信息 

 

2. 性别 [单选题] * 

○ 男 

○ 女 

 

3. 年龄 [单选题] * 

○ 20 - 29 岁  

○ 30 - 39 岁 

○ 40 - 49 岁 

○ >= 50 岁 

 

4. 建立或者使用电子病历系统的工作年限[单选题] * 

○ < 5 年  

○ 5 - 10 年  

○ > 10 年 
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5. 最高学历 [单选题] * 

○专科 

○本科 

○硕士研究生  

○博士研究生 

 

6. 工作岗位 [单选题] * 

○医生 

○护士 

○医疗机构管理者 

○软件开发专员 

○电子病历项目负责人或运营专员 

○其他 

 

二、所在工作单位基本情况 

 

7. 工作所在地 [单选题] * 

请选择（提供下拉菜单选择省） 

 

8. 单位类型 [单选题] * 

○医院 

○诊所 

○门诊中心 

○医务室 

○疗养院 

○医学检验中心 

 

9. 单位规模 [单选题] * 

○小型 
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○中型 

○大型 

 

填写参考： 

 

 

10. 您所在工作单位是否建立了电子病历系统？[单选题] * 

○ 是 （自动跳转至 11题） 

○ 否 （自动跳转至 12题） 

 

11. 您所在工作单位使用电子病历系统的时长为？[单选题] * 

○ < 0.5 年  

○ 0.5 - 1 年  

○ >= 2 年  

 

12. 您所在工作单位是否正在从纸质病历向电子病历转化 [单选题] * 

○ 是 

○ 否 

 

 

三、影响电子病历数据完整性的因素  

请您根据近两年来建立或者使用电子病历系统的经历，指出您同意与不同意下列关于影响电

子病历数据完整性因素表述的程度。 

 

13. 高层管理者意识到建立电子病历系统以及获取完整数据的重要性。[单选题] * 
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○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

14. 高层管理者鼓励建立电子病历系统并且把获取完整数据作为首要任务。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

15. 高层管理者了解电子病历系统的性能。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

16. 高层管理者了解电子病历系统的价值。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

17. 高层管理者对建立电子病历系统所需要的资源能快速有效地作出决策。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

18. 投入建立电子病历系统的资金充足。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

19. 投入建立电子病历系统的人员充足。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

20. 投入建立电子病历系统的时间充足。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

21. 在建立电子病历系统的过程中，已定义数据质量目标。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

22. 在建立电子病历系统的过程中，已制定数据质量政策。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

23. 在建立电子病历系统的过程中，已建立数据质量标准。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 
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24. 在建立电子病历系统的过程中，已执行数据质量控制。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

25. 已为医疗服务过程制定了标准的数据采集流程。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

26. 已为医疗服务过程提供了充分的数据采集培训。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

27. 已为医疗服务过程建立了一套数据质量评估的制度。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

28. 电子病历系统适用于常规的医疗服务过程。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

29. 通过与医护人员的沟通，信息技术人员能解决医疗服务过程的数据需求。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

30. 通过与信息技术人员的沟通，医护人员能理解电子病历系统的功能。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

31. 在使用电子病历系统的过程中，信息技术人员与医护人员能通过团队合作来解决数据

不完整的问题。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

32. 我意识到电子病历不完整的数据可能导致作出不准确的医疗决策。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

33. 我意识到电子病历不完整的数据可能会增加对患者的伤害。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

34. 我意识到电子病历不完整的数据可能对医疗机构造成经济损失。[单选题] * 
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○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

35. 我愿意在医疗服务过程中遵守相关操作说明，来获取完整的数据。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

36. 我具有使用电子病历系统的知识和技能，来获取完整的数据。 [单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

37. 在使用电子病历系统的过程中，我能够保持清醒的头脑并且专注于获取完整数据的工

作。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

38. 电子病历系统易于使用。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

39. 电子病历系统对于获取和跟踪患者的基本情况是有用的。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

40. 电子病历系统对于获取和跟踪患者的既往病史是有用的。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

41. 电子病历系统对于创建和跟踪患者的临床记录是有用的。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

42. 电子病历系统对于描述和记录针对患者的医疗服务计划是有用的。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

43. 电子病历系统很少出现报错提示。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

44. 电子病历系统允许自定义显示界面和图标。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 
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45. 电子病历系统可获取外部系统的临床记录。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

46. 在每一次临床访视中，所有需要记录的数值已采集到电子病历系统。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

47. 通过使用电子病历系统，可访问所有需要的数据类型。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

48. 每当需要时，可使用电子病历系统访问患者的所有数值。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

49. 电子病历系统可为患者的医疗决策提供充分的数据支持。[单选题] * 

○极不赞同 ○不赞同 ○一般 ○赞同 ○非常赞同 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

注意：本次调研已被悉尼科技大学人类研究伦理委员会（UTS HREC）批准。如果您对

本次调研（UTS HREC approval No. ETH17-2047）有任何意见或投诉，请通过以下方式

联系学校道德秘书处：电话+61 295142478 或邮箱 Research.Ethics@uts.edu.au。所有提交

的信息都将得到保密地处理和调查，并告知调查结果。 

 

谢谢您的参与！ 
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Appendix F: Normality test 
Appendix F. Normal Probability Plots for the Variables  
Pannel A: Normal probability plots for the latent variables (Australian data samples)  

  
Normal probability plot for the latent variable of clinic 

director’s support for EMR implementation 

Normal probability plot for the latent variable of 

resources 

  
Normal probability plot for the latent variable of 

regulatory capability for EMR-enabled care processes 

Normal probability plot for the latent variable of EMR 

alignment to care processes 

  
Normal probability plot for the latent variable of 

clinical staff’s participation  

Normal probability plot for the latent variable of EMR 

integration 

 

 

Normal probability plot for the latent variable of data 

completeness in EMR 
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Pannel B: Normal probability plots for the latent variables (Chinese data samples) 

  

Normal probability plot for the latent variable of clinic 

director’s support for EMR implementation 

Normal probability plot for the latent variable of 

resources 

  
Normal probability plot for the latent variable of 

regulatory capability for EMR-enabled care processes 

Normal probability plot for the latent variable of EMR 

alignment to care processes 

  

Normal probability plot for the latent variable of 

clinical staff’s participation  

Normal probability plot for the latent variable of EMR 

integration 

 

 

Normal probability plot for the latent variable of data 

completeness in EMR 
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Pannael C: Normal probability plots for the latent variables (USA dta samples)  

  
Normal probability plot for the latent variable of 

clinic director’s support for EMR implementation 

Normal probability plot for the latent variable of 

resources 

  
Normal probability plot for the latent variable of 

regulatory capability for EMR-enabled care processes 

Normal probability plot for the latent variable of EMR 

alignment to care processes 

  
Normal probability plot for the latent variable of 

clinical staff’s participation  

Normal probability plot for the latent variable of EMR 

integration 

 

 

Normal probability plot for the latent variable of data 

completeness in EMR 
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Appendix G: Results of scree test for the USA data samples 
 

Appendix G. Results of scree test based in the data samples collected from USA 

 
Eigenvalue plot for Scree test before modification of the conceptual model 

 

 
Eigenvalue plot for scree test after modification of the conceptual model 
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Appendix H: Results of full collinearity test for inner VIF value for the 
USA data samples 

Appendix H. Full collinearity test for inner VIF value for the USA data samples 
Hypothesis Input variable Output variable Inner VIF value 
H1 CDS RCCP 1.329 
H2 CDS EACP 1.329 
H3 RES RCCP 1.329 
H4 RES EACP 1.329 
H5 RES EIN 1.296 
H6 RCCP CSP 2.753 
H7 RCCP EIN 1.918 
H8 RCCP DC 2.912 
H9 EACP CSP 1.856 
H10 EACP EIN 1.973 
H11 CSP DC 3.447 
H12 EIN DC 2.318 
H13 EIN CSP 1.863 
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Appendix I: Results of scree test for the Chinese data samples 
 

KMO and Bartlett's Test 
Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .749 

Bartlett's Test of Sphericity Approx. Chi-Square 2429.436 

df 703 

Sig. .000 

 

 
Scree Plot for the Data Sample Collected from China 
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