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Abstract—Monitoring the vital status of an aging population 

especially those with chronic diseases can potentially reduce the 

multiple emergency room visits and hospitalizations if patients 

and care providers are provided with information that might help 

them make informed decisions on appropriate cause of actions. 

This process can be enabled by utilizing temporal abstraction and 

deriving temporal patterns in order to understand the underlying 

temporal relationships on vital status in data collected from 

patients participating in telehealth programs in combination with 

other data sets in order to get a complete patient flow. Such 

discovery can highlight when an elderly patient is at risk of an 

adverse event and this is information that can be utilized for 

provision of appropriate care for the patient.   

This paper demonstrates application of a method for deriving 

temporal patterns from patient's physiological data thereby 

quantifying the many states a patient can transition to before, 

during and after an adverse event. With this approach, it is 

possible to quantify patients with vital scores based on their 

physiology.  

 

Keywords—Temporal Mining, Telehealth, Tele-Medicine, 

Temporal Analysis, Patient Scoring, Pattern Recognition 

 

I.  INTRODUCTION  

 
The costs of lengthy hospital admissions and multiple 

emergency room visits (ER Visits) for patients with conditions 
such as heart failure (HF) and chronic obstructive pulmonary 
disease (COPD) can place a significant burden on healthcare 
systems Ward et al., [1]. A report generated from National 
Ambulatory Care Reporting System (NACRS) in Canada shows 
that in 2014-15 the leading medical conditions for which 
patients were admitted to the emergency departments (EDs) 
were COPD, HF and Pneumonia [2].  In 2012, it was noted in 
[3] that the direct costs associated with caring for patients with 
such conditions was estimated at over $50 billon in USA. In 
addition, Gorst et al. indicated that escalation of COPD and HF 
has a direct link with an aging population. In Canada, it is 
estimated that by 2036, 1 in 4 Canadians will be a senior aged 
65 and over and 85% of that population will have some type of 
chronic condition [1].  To this respect, there is a need for an 
effective management of chronic conditions like COPD or HF 

which can be facilitated through remote patient monitoring 
services in telehealth [3]. Remote Patient Monitoring (RPM) is 
such an approach that is considered to have potential to improve 
the quality of life and continuity of care for patients diagnosed 
with cardiac conditions as well as lead to reduction in healthcare 
costs through a decrease of avoidable emergency room visits and 
hospital admissions [3]. Such a process can greatly benefit from 
effective collection and analysis of physiological data captured 
from elderly patients especially those with chronic conditions 
such as the HF and COPD. In particular, remote collection and 
analysis of patient’s data could aid in effective decision making 
as a proactive and earlier warning of the need for intervention. 
As noted in our earlier works resulting from research on 
predictive analytics utilizing RPM data in [4] and [5], use of 
RPM in provision of care for patients was recognized by several 
healthcare organizations to have great potential.  

Our research utilized predictive modeling to determine key 
factors that are significant determinants of hospitalization and 
multiple ER Visits [4]. The results showed that gender, past 
medical history and vital status are key factors to hospital 
admissions and ER Visits. Men were more likely to have 
hospital admissions compared to women and that the probability 
of presence of past medical history was statistically significant 
for seniors aged 65 and over. Additional models that included a 
flag to indicate the period before during or after an adverse event 
showed SpO2 and pulse rate as significant predictors of an 
adverse event [5]. However, it was not clear how the time flag 
impacted the predictive model and further analysis was required 
to understand the patterns before, during and after an adverse 
event.  As such, more research is needed to fully understand the 
temporal patterns among variables before, during and after a 
hospital admission or an ER visit.   

This paper facilitates this process by investigating the use of 
temporal abstraction and pattern recognition models to fully 
quantify the temporal patterns exhibited in patients’ data before, 
during and after an adverse event. We demonstrate application 
of a temporal pattern recognition and mining algorithm for 
discovery of temporal patterns on data captured from elderly 
patients who participated in an ethics approved RPM pilot 
project described in [4] [5]. Details on this application are 
provided in section II while results are presented in section III 
and the conclusion is presented in Section IV.  



II. METHODS 

A. Overview of TPRMine 

As part of this research a mathematical formulation of data 
streams was completed by utilizing the state model developed 
and detailed in [6]. Using this approach, a problem space is 
modelled as a finite state machine representation whereby for a 
given timeframe, a time series data segment transitions from one 
state to another based on some associated weights. 
Representation of time series data with weights is a form of 
dimension reduction strategy and in Markov chains this weight 
is normally based on some probability distribution as noted in 
[6]. For a given time segment the adoption of hidden markov 
modes (HMMs) generates the sets of probable states that a time 
series dataset can transition to and the inferred paths of such 
transitions. States themselves are unique and can be inferred 
from the data or predefined per data domain [7].  

When processing data captured from elderly patients who 
have been diagnosed with COPD or HF, there are several 
questions that may arise: what are the most frequent transitions 
and paths leading to this transition in any period of time and, 
with multiple time series data sets, are there any hidden 
relationships among these state transitions? 

To answer these questions, this paper adopts the Temporal 
Pattern Recognition and Mining (TPRMine) algorithm detailed 
in [8] to process data captured from elderly patients.  

TPRMine enables a scaled approach to processing high 
frequency time series data streams with predefined data 
windows. As patient physiological data streams are generated 
approx. every second, processing of temporal windows over 
some length of time i.e. hours can derive hierarchies of 
information which would be instrumental to building a 
knowledge base about the underlying patients.   

This research premise is that understanding the various 
factors contributing to lengthy hospitalization and multiple ER 
visits could aid in cost-effective management in the delivery of 
services leading to potential improvement on quality of life for 
elderly patients. 

Utilizing the TPRMine algorithm is accomplished in a step wise 
manner as presented in Figure 1 where output from each step is 
provided as input to subsequent steps. 

In the first step, temporal data windows were formulated by 
dividing the input data streams into unique groups such that each 
group is termed as a unique problem space with its own 
characteristic. This paper utilized preprocessed data comprised 
of averages of a patient weight, pulse, SpO2, minimum and 
maximum blood pressure. Each of these data sets were captured 
remotely and due to the limitation of the data capture process, 
the data is sporadic and infrequent.  

With TPRMine, 3 temporal data windows are derived based 
on 3 different events identified from this data. Day before, day 
of and day after an ER visit. Each of these three data sets are 
then supplied as input to the subsequent steps. The next step 
utilizes the data driven clustering detailed in [8] in order to 
derive the number of temporal states that a patient may transition 
to in each of the 3 data sets. 

Figure 1: TPRMine Process Flow  

 

The resulting states are then fed to HMM for determining the 
probability of transitioning from one state to the next and 
predicting the next probable state. Additionally, the clusters and 
the cluster centroids form the transaction sets for input to 
frequent pattern mining and association rules generation. 
Moreover, the clusters and cluster centroids form the 
information needed for deriving patient scores by integration of 
clinical context for abstracting physiological data as described 
next. 

B. Temporal Abstraction with Clinical Context 

The second step of the TPRMine algorithm generated data 

driven clusters. A quantification of the variability of those 

clusters was completed by using a clinical abstraction score 

thereby determining if a cluster is normal or abnormal. As 

clusters are the derived states, subsequently, this process 

identifies normal and abnormal states. 

This process is completed by adopting the temporal 

abstraction criteria detailed in Baker, et al., [9] where by a 

physiological feature such as SpO2 is categorized into 3 groups; 

normal, abnormal and danger. Baker et al. (2012) recommended 

this abstraction for use on data captured from patients aged 16 

and over [9]. 

 Within TPRMine, a ranking mechanism is adopted to 

quantify the risk of SpO2 with three colors Red, Green and 

Yellow, each representing the abstracted group. In particular, 

normal is scored at risk 0 and quantified with green color, 

abnormal is represented in yellow and a risk score 1 and danger 

is represented with red which indicates risk score 2.  

Using this classification, there are 3 derived risk scores that 

can be associated with a state. A similar scoring mechanism was 

detailed in McGregor et al. where researchers utilized 4 

different data streams and assigned 4 levels based on some 

quantified threshold to each raw data streams separately [10]. 

 



In this paper, a score is assigned based on a combination of the 

elements in a cluster (state) and not to raw data streams.  

As a state can contain multiple data streams, the scoring 

per state can simultaneously incorporate all the underlying 

context in the data. Note that this is a scalable approach where 

different rules can be integrated based on the physiological data 

streams utilized. Risk scores form the vital scores assigned to a 

patient such that if a patient happens to transition to a specific 

state, then the patient vital score is taken as the risk score in that 

particular state.  

 

III. RESULTS 

The three temporal windows are provided as input to 
TPRMine thereby generating data driven clusters associated 
with the data processed.  The results are presented in Table 1 
whereby there are a total of 9 states (s1-s9) generated from a day 
before   and Day of an ER visit, while a day post ER has 8 states 
(s1-s8). The cluster means of each of the derived states per data 
set is also presented in Figure 2.  

 

Figure 2: Data Driven Clusters Derived from 3 Temporal 
Periods Before During and After an Adverse Event 

Next, the probability of transitioning from one state to the next 

in the sequence of before, during and after a hospital admission 

or an ER visit was determined.  Figure 3 shows 3 periods of time 

before, during and after a visit to ER and the associated 

transition matrix.  

 After the abstraction, quantification of the states identified 
for each of the periods, before, during and after an ER Visit was 
performed. The results are shown in Figure 3 where TPRMine 
identifies that there are 9 states that a patient can transition to 
during the period before an ER visit. Using the temporal 
abstraction applied to the SpO2 data, states that are normal, 
abnormal or danger are easily identified. In the period 1, day 
before an ER Visit there are 3 normal states (green), 5 abnormal 
states (yellow) and 1 danger state (red) as presented in Figure 4. 

Figure 3: Transition Matrices on 3 Periods Before, During 

and After an Adverse Event  

 

Figure 4: Temporal Abstraction on Derived States  

 

 To demonstrate the results of TPRMine algorithm on the 
actual patients within the three periods, 3 patients are randomly 
selected. Figure 5 shows the temporal transition of the three 
patients in the day before the ER visit. Figure 6 presents the same 
patients during the day when ER Visit happened and Figure 7 
shows the same 3 patients the day after the occurrence of an 
adverse event. Within each of the unique time periods, frequent 
patterns were then generated forming a knowledge base for 
retrospective analysis. 

 

 

 



Figure 5: State Transitions by 3 Patients on Day before ER 
Visit. The Y-Axis is states in the period, X-Axis is the unit time of each 

transition and the red line is the state characterized as a danger state. 

 

Figure 6: State Transitions by 3 Patients on Day of ER Visit.  

The Y-Axis represents the states in the period and the X-Axis represents 
the unit time of each transition. The red line indicates the state that is 
characterized as a danger state. 

 

Figure 7: State Transitions by 3 Patients on Period Post ER 
Visit. The Y-Axis represents the states in the period and the X-Axis 
represents the unit time of each transition. The patients do not transition 
to a danger state in the Period Post ER Visit. 

IV. CONCLUSION 

This paper demonstrates that clinical application of TPRMine to 

data captured from elderly patients receiving care using a RPM 

program allows discovery of difference in patterns leading to 

and after an adverse event such as the visit to an ER. Temporal 

windows are formulated as input to TPRMine which then 

generates knowledge about 3 unique periods of time. The results 

demonstrate the potential to (a) quantify the number of states a 

patient diagnosed with COPD or HF can transition to before, 

during and after an adverse event, (b) identify the probability of 

transitioning from one state to the next and the many paths 

possible based on the HMM principles and (c) frequent patterns 

generated within each period of time can inform retrospective 

analysis and future knowledge discovery.  
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