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Abstract: This paper examines how an organisational learning culture impacts organisational agility
by developing a model based on dynamic capabilities. The model treats agility as a dynamic capa-
bility and explains how an organisational learning culture (OLC) triggers a chain reaction through
its influence on organisational agility (OA) that ultimately results in company growth. This paper
also investigates the role of big data capabilities in transferring learning outcomes into dynamic
capabilities. The model is tested through data collected from a survey of 138 Australian companies.
Partial least squares structural equation modeling is adopted to empirically demonstrate how agility
fully mediates the impact of the learning culture on growth. In addition, this paper further sheds
light on the moderating role of big data competencies on the effects of OLC on OA. After presenting
the results with implications to theory and practice, the paper ends with suggestions for future stud-

ies.
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1. Introduction

Recent times have observed an increased interest in the potential of key technologies
such as big data in enabling organisational agility (OA) within complex, dynamic, and
innovative business environments [1-3]. OA differs from organisational change in that
the former shows how leaders can become proactive and transform themselves when
faced with unpredictability, while the latter deals with leaders driving top-down change
[4]. Hence, OA is conceptualised as a dynamic capability that operates at the organisa-
tional level to enable an organisation to cope in uncertain environments [5]. In addition,
agility is seen as a crucial capability to detect and seize competitive opportunities to gen-
erate innovations [6]. Indeed, a recent investigation of Amazon’s global growth is linked
to its agility capability [7]. In summation, OA helps leaders and managers to build an
ability to sense environmental changes and proactively respond to them [8]. That is why
agility is a desirable goal for any innovative organisation.

OA requires a shift from managerial control mindsets to “managing by all” (p. 118
[9]). Hence, managers are expected to care about their employees and empower them to
build firm-level capabilities to deliver agile capacity to firms [10,11]. This mindset, how-
ever, does not happen by itself. Managers should further embrace a learning culture at
the organisational level [5], where this so-called organisational learning culture (OLC) is
considered “a collection of organisational conventions, values, and practices that encour-
age employees in an organisation to develop critical skills, knowledge, and competence
through continuous learning processes” (p. 584 [12]). Indeed, given such an intuitive sig-
nificance of the concept of OLC and OA in delivering better performance outcomes for
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firms, there has been a complementary surge in research on the topic [5,8], though it seems
the resultant impacts of OA and OLC on firm performance are not so clear [13,14].

For instance, earlier studies have recognised that an effective OLC can incur some
positive performance implications for organisations [15]. However, when investigating
firm performance from both the financial and non-financial perspectives, some found a
direct and positive link between the OLC and organisational differences between the two
[16]. Here, there appeared to be no direct link between the OLC and financial performance
instead of occurring through non-financial performance vis-a-vis employee, customer,
and supplier performance [16]. This is something more recent work has also come to find
in the sense of employee empowerment mediating the impact of the OLC on organisa-
tional performance [17]. Conversely, a study [16] found that a direct impact could be ob-
served between the OLC and financial performance. More recent findings also provide
some insight into the complexity of understanding the organisational implications of an
effective OLC by demonstrating an indirect link through various other cultural norms,
including innovation culture (when it comes to innovation performance) [18,19] and dig-
ital culture (when it comes to sustainability performance) [20], to name a few. Indeed, such
a challenge is compounded when introducing the notion of OA, particularly as it is char-
acterised as a kind of organisational capability [21]. As will become evident throughout
this work, shining a light on the link between organisational capabilities, learning culture,
and organisational performance remains an open task and one which we endeavour to
key into with the help of big data as a complementary phenomenon.

To help deal with these challenges, this paper adopts the notion of firm growth as a
performance metric. This choice helps us avoid the pitfalls associated with the adoption
of financial and non-financial metrics and also induces the notion of time, a contributing
factor in the issues associated with differing financial performance implications [16]. In
addition, this paper draws on dynamic capabilities theory, a widely used organisational
theory reflecting the firm capabilities used in transformation [8], to help make sense of the
complex nature of the relationships between knowledge-based and capability-based con-
structs [15]. More specifically, we adopt a hierarchical stance to dynamic capabilities,
where lower-order (ordinary) capabilities help organisations perform day-to-day func-
tions whilst higher-order (dynamic) capabilities help induce change in an organisations’
resource base [8,21]. This hierarchy ultimately helps us to demonstrate how OA, as a
higher-order dynamic capability, presents a valuable capability in achieving a sustained
competitive advantage [22].

In adopting this perspective, we also recognise that dynamic capabilities are insuffi-
cient on their own; thatis, to understand how they impact firm performance, the influence
of lower-order capabilities should also be considered as a “dynamic bundle” [23,24].

To this end, we introduce big data capabilities (BDC), or digital technologies to man-
age large volumes of data [25], as a lower-order capability that helps shed some more light
on the ambiguous relationship among OLC, OA, and organisational performance. Recent
studies have demonstrated the link between digital technologies and dynamic capabilities
needed for agility [2], perhaps more so in the context of agility in particular [3,26]. How-
ever, these studies do not consider distinguishing how the specific technologies might
have varying impacts. Such an omission puts a damper on the understanding of how or-
ganisations can generate technology-related strategies with the aim of building agility
[26]. In this paper, we delve into big data technologies, though as described next, making
sense of their use in practice, particularly in grasping their place in an organisation’s re-
source pool, leaves much to be desired.

The results appear to be mixed when it comes to contemporary work that investigates
the interaction of big data capabilities and dynamic capabilities. For instance, some au-
thors specifically refer to BDC as a dynamic capability in and of itself, having a significant
influence on how organisations maintain the capability to adapt to changing circum-
stances [27]. Others suggest that BDC is a function of better management practices [28,29],
while others view BDC as a lower-order capability [30,31]. Again, relying on dynamic
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capabilities theory, the expectation is that BDC can behave in an additive (complemen-
tary) fashion. BDC enables the transformation of organisational culture into actionable
capabilities for ongoing organisational renewal, thus also acting as a conduit that can link
the knowledge-based construct of OLC to higher-order dynamic capabilities.

Based on this, our contribution to the theory is twofold. First, we shed some more
light on the nature of the interaction effects between OLC, OA, and firm-level perfor-
mance by introducing the notion of “growth”, which induces a time-based perspective.
Secondly, we key into discussing the complex and ambiguous nature of interactions be-
tween knowledge-based and capability-based phenomena with a firm-level performance
by introducing a dynamic bundle consisting of OLC, OA, and BDC. Thus, our intention is
to contribute toward a more nuanced understanding of the relationship between
knowledge-based and capability-based phenomena and ultimately provide some insights
for the practical adoption of big data technologies to put OA and OLC to work in organi-
sations.

In order to achieve this, the paper is structured as follows. Section 2 focuses on the
extant literature and develops hypotheses to link the organisational learning culture and
growth performance through OA’s mediating impact. Section 3 describes the data and the
research method, whilst Section 4 presents the analysis results, followed by a discussion
in Section 5. The paper ends with the contributions to the literature, a summary of the
limitations, and some suggestions for future research.

2. Literature Review and Hypotheses Development
2.1. Organisational Learning Culture

Organisational culture refers to a pattern of shared assumptions, beliefs, and expec-
tations that guide members’ interpretations and actions [11,32]. It also plays an essential
role in shaping the managerial stance and appropriate organisational responses [33].
Thus, scholars have been interested in measuring culture’s impact on company perfor-
mance. However, different organisational values generate disparate behaviours with var-
ying organisational outcomes [11,30].

This study focuses on one type of culture, namely OLC, for two reasons. First, we
define agility as a dynamic capability where learning is central in identifying problematic
routines and adapting to changing market conditions [8,21]. Leaders need to build a mo-
tivational environment where human capital selects, acquires, transforms, and utilises
knowledge for innovative purposes [34]. Second, organisational knowledge is initiated in
ideas formed in individuals’ minds and developed through communities of interaction
[35]. These interactions are highly influenced by embedded culture in an organisation that
fosters creativity and flexibility among employees [36]. As Fishbein and Ajzen [37] dis-
cussed, beliefs serve as the informational base driving attitudes, intentions, and behav-
iours in consecutive order.

A company with a more robust learning culture is better positioned to perceive mar-
ket changes and learn from experience [38]. When the OLC improves, it is observed that
employees are motivated to acquire, distribute, integrate, create, and transfer information
and knowledge [39]. Having an OLC also positively influences organisational innovation,
success, and sustainability [12]. Thus, it seems there are many reasons for managers to
build a learning culture in their organisations.

Organisations that encourage a positive learning culture are more likely to promote
knowledge sharing and improve productive job performance [39]. In addition, when
shared norms and cultures are strongly enforced among members, it helps to encourage
greater strategic alignment and goal attainment and generate innovations and agility [40].
Thus, the OLC could connect training and learning to share, acquire, and exchange ideas
internally and externally, eventually leading to enhanced innovative, operational, and fi-
nancial performance [12,41,42]. Thus, as shown in Figure 1, this study hypothesises the
following:
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Hypothesis 1 (H1). The higher the OLC at a company, the greater its growth is.

Big Data
Capabilities

Organizational
Learning

Figure 1. Research model. Note: The mediating hypothesis (H2) is shown with a dotted line.

2.2. The Mediating Effect of Organisational Agility

Adaptability is an organisation’s readiness or mode, the top management’s strategic
inclination, or the propensity to initiate or conduct agility-related activities [43]. To some
degree, it is a reactive aspect in its emphasising adjustment. However, organisations need
to build capabilities, forming the basis for organisational agility [8]. This is because it
should not be fair to expect a behaviour without a capacity for that behaviour [29,37].

Organisational agility is the firm’s capability to sense the changes of the environment
and respond to them to achieve sustainable competitive advantages that will help them
survive in highly dynamic environments [5]. As discussed in the introduction, OA fits the
definition of dynamic capabilities, being one of a firm’s abilities to build, integrate, and
reconfigure internal and external competencies in rapidly changing environments [8].

Creating new knowledge, skills, and processes to survive and become adaptable
could be achieved through numerous activities such as risk-taking and experimentation
[8,43]. Leaders could create a learning culture where individuals can feel free to improvise,
experiment, and learn by trial and error [10]. Then, the learning culture results in a mental
orientation and attitude that triggers an action or behaviour, such as adopting and using
cloud technologies [44,45].

Sambamurthy et al. [6] stated that OA comprises three dimensions: (1) customer agil-
ity, (2) partnering agility, and (3) operational agility. Customer agility (CA) refers to inte-
grating customers in the exploration and exploitation of innovation opportunities, hence
helping to leverage the voice of customers to gain market intelligence. Partnering agility
(PA) can tap into different stakeholders’ assets, knowledge, and competencies, such as
suppliers and distributors, to explore and exploit innovation opportunities. In this way,
partnering agility helps to learn from business partners to enhance its response to the
market. Operational agility (OpA) comprises an ability to accomplish speed, accuracy,
and cost economy to exploit innovation opportunities. In other words, operational agility
allows rapid process redesigns to exploit dynamic marketplace conditions.

Overall, OA’s dimensions indicate how learning is key in agility. The adaptive pro-
cess relies on a transformation from new knowledge, information, innovation, and learn-
ing. The top leader initiates this transformation, since ideas have to be advanced into the
operational system through an “adaptive space” [2]. An OLC triggers this adaptive space
or environment, since the development of an OLC can positively impact employee moti-
vation to transfer learning and develop a positive adaptive attitude to change. Consider-
ing that actions will occur if a capability exists in an organisation, it is natural to expect
that the accumulation of adaptability capacity eventually produces agility at the organi-
sational level. Once companies have better agility, they can improve their productivity,
adapt to threats, and introduce engagement and innovations that result in higher firm
performance. In particular, the relationship between OA and growth has been the focus
of researchers for years [7,45]. Hence, this study postulates the following:




Sustainability 2021, 13, 13024

50f21

Hypothesis 2 (H2). As an adaptability-prone capability in a company, organisational agility me-
diates the relation between OLC and growth performance.

2.3. Big Data Capabilities: Moderator of the Relationship between OLC and OA

The information systems literature offers several studies indicating how information
technology (IT) capabilities leverage IT systems to become agile [45]. In the same vein,
digital technology capabilities could increase the exploitation of digital technologies for
the benefit of organisational flexibility [26,46]. Digital technologies encompass a wide
range of advances, some with highly limited applications such as 3D printing and others
with a wide range of applications across industries such as big data. A wide range of af-
fordances arises from digital technologies with numerous opportunities for companies
[47,48]. Exploiting technologies entails improving and strengthening OA to sense the
value of opportunities and facilitate their implementation within companies. Recent stud-
ies explored how individual digital technologies, such as big data, affect firms’ agility and
performance [49,50]. Following the empirical works [6,45] that have shown the positive
impact of IT competencies on shaping organisational agility and resulting in high firm
performance, this study treats big data competencies as a moderating factor in the rela-
tionship between the OLC and OA.

Big data refers to vast volumes of data. It could be treated as a general-purpose tech-
nology which can change all aspects of production, consumption, and services by varying
degrees of innovation [25]. Thus, company-level competencies (or capabilities) in under-
standing and using big data technologies could bring company growth by introducing
new products, process innovations, cost reductions, and other innovations [51]. Recent
research [27,28] treats BDC as a dynamic capability affecting how organisations maintain
the capability to adapt to changing circumstances. Mikalef et al. [31] argue that BDC, a
lower-order capability, constitutes the routines or better management practices. Thus,
BDC can behave in an additive fashion and transform an organisational culture into ac-
tionable capabilities for ongoing organisational renewal [30]. Hence, we purport that BDC
could link the knowledge-based construct of an OLC to higher-order dynamic capabilities.
Consequently, the study hypothesises the following:

Hypothesis (H3): BDC positively moderates the impact of the OLC on OA.

3. Research Design

The following figure visualises the research study design (See Figure 2). Steps 1, 2,
and 3 in the research method diagram have been mentioned in the previous parts, while
steps 4 and 5 will be described in more detail in the following sections.
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Figure 2. Research method diagram.

3.1. Measures

Multi-item scales for OLC and OA were adopted from prior studies to measure the
constructs and test the hypotheses mentioned above. Growth and big data competency
were measured by asking the respondents directly, as shown in Appendix A. Each con-
struct was measured using a 6-point Likert scale ranging from “strongly disagree” (1) to
“strongly agree” (5).

In this paper, the OLC is an independent construct. A scale consisting of 6 items was
adapted from the Dimensions of the Learning Organisation Questionnaire (DLOQ) [52].
One sample item is “In my organisation, people help each other learn.”

To measure the companies” OA, an OA scale (6-point Likert scale) consisting of 3
dimensions—OpA, CA, and PA, each having 2 items—was adapted from Felipe et al. [5]
and Sambamurthy et al. [6]. Some examples of the performance scale items are as follows:
“Often rethinks their business model and creates their digital attack businesses” (OpA);
“Thinks end-to-end about where digital efforts can produce a step-change in value for
customers” (CA); and “Has an open structure for collaboration, and different organisa-
tions and processes for radical and incremental projects” (PA).

To measure the BDC, we asked the respondents to evaluate their companies’ level in
understanding big data analytics strategically and operationally on a 6-point Likert scale,
ranging from “strongly disagree” (1) to “strongly agree” (5). Finally, for measuring organ-
isational growth, we asked the respondents to rate the revenue growth performance of
their businesses over the last 3 years, on a 5-point Likert-type scale, including “0% or less”
(1), “1-5%" (2), “6-10%" (3), “11-20%" (4), and “over 20% (5)”. Hence, this study utilised
perceived growth (PG) as its performance measure.

Although not the focus of our study, turnover value was included as a control varia-
ble, as it may potentially mitigate any spurious interpretations of the findings. The re-
spondents chose 1 of the 5 turnover values their company achieved in 2016: “less than
AUD 10 million”, “AUD 10.1-100 million”, “AUD 101-250 million”, “AUD 251-500 mil-
lion”, and “over AUD 500 million”, where m refers to million. Then, their answers were
coded as a 5-point Likert scale ranging from “less than AUD 10 million” (1) to “over AUD
500 million” (5).

Even though the extant literature suggests that the firm size or other characteristics
can be involved as control variables for firm-level analyses, international business and
marketing studies are prone to endogeneity issues [53]. Specifically, many researchers em-
phasise the routine consideration of endogeneity in international studies [54,55].
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Moreover, some researchers even argue that PLS-SEM does not allow endogeneity to be
addressed [56,57]. According to Hult et al. [54], between 2008 and 2017, none of the 43
reviewed PLS-SEM articles published in the Journal of International Marketing, International
Marketing Review, and the Journal of International Business Studies—the three highest-
ranked international marketing journals—tested for endogeneity. Since our study was
conducted on a national sample (i.e., Australian companies), and we used the PLS- SEM
technique, endogeneity was not an issue for our research.

3.2. Sampling

The research design included a sample of Australia’s leading 247 companies whose
leaders belonged to a professional organisation called the “CEO Circle.” This group or-
ganises confidential networking for individuals working in CEO and C-level roles [58].
Since our study focused on leadership perspectives regarding culture, agility, and growth
of firms, the “CEO Circle” provided access to individuals in CEO, C-level, and managing
director roles across a diverse cross-section of organisations within Australia.

First, the CEO Circle member managers were contacted by telephone, and the aim of
our study was explained to them. Of the 247 firm managers contacted, 223 agreed to work
with this study, and eventually, 185 completed the questionnaire. The original data col-
lection took place in 2016, and it included extra subsections covering strategy-focused
questions. The initial data analysis was published as an executive report in 2017 [58]. This
study derived from the survey by dropping the disruptive technology strategy section
and focusing on questions related to organisational learning culture, agility, growth, and
big data capabilities (see the survey questions in Appendix A).

After removing the surveys that had no growth data, the study ended with usable
data from 138 companies. The respondents were 77 CEOs (56%), 21 C-Level executive
directors (15%), and 40 other non-executive and business unit heads. In terms of turnover,
31% (43) of the firms had an annual turnover of over AUD 500 million, while 24% (34) had
between AUD 10.1 and 100 million, 19% (26) had between AUD 101 and 250 million, 14%
(19) had between AUD 251 and 500 million, and 11% (16) had less than AUD 10 million.
Our study represents a wide range of small, medium, and large companies. Moreover, 18
of the participant firms (13%) were operating in the manufacturing industry, while 18
(13%) were in finance and insurance, 14 (10%) were in retail, 12 (9%) in were ICT and
technology, 12 (9%) were in accounting services, 11 (8%) were in health, and the rest (53
companies) were in other sectors.

3.3. Assessment of Common Method Variance

In order to test for common method variance (CMV), we used Harman's single factor
[59] by exploratory factor analysis (EFA) with all variables loaded onto a single factor
without a rotation. The new common latent factor explained only 21.73% of the variance,
significantly less than the cut-off value of 50%.

Kock [60] suggested that a model with greater than 3.3 variance inflation factors
(VIFs) signals a CMYV issue. The results of our VIF analysis (as seen in Table Al in Appen-
dix B) show that the VIF values ranged between 1.054 and 1.712 (i.e., the values were lower
than the proposed threshold of 3.3). Accordingly, our model did not seem to be affected
by common method bias.

4. Analysis and Results

The partial least squares structural equation model (PLS-SEM) technique was used
to estimate the measurements and structural parameters [61]. We used the PLS-SEM tech-
nique to test our model based on several considerations. First, the PLS method can operate
under a limited number of more discrete or continuous variables. Based on the fact that
our sample was composed of 138 companies, PLS required the estimates to be more
closely tied to the data than covariance structure analysis [62]. Finally, the innate ability
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to model second-order and other variables [63] was another reason for using this tech-
nique.

PLS is a structural equation modeling instrument that estimates the loadings and
weights between items and constructs and produces standardised regression coefficients
(i.e., b-coefficients) for the paths amongst the constructs. The analysis of a PLS model is
composed of two phases:

(1) The analysis of the validity and reliability of the measurement model;
(2) The structural model tests.

This order certifies that the construct measures are valid and reliable before conclud-
ing the relationships among those constructs [61].

4.1. Measurement Validation

We estimated a null model with no structural relationships to assess the psychomet-
ric properties of the measurement instruments. Following Kleijnen et al. [64], this study
used reflective indicators for all our constructs and estimated a null model with no struc-
tural relationships. We evaluated the reliability using composite scale reliability (CR),
Cronbach’s alpha, and the average variance extracted (AVE). Even though some scholars
do not consider Cronbach’s alpha necessary for Confirmative Factor Analysis (CFA),
Cronbach’s alpha reveals if the items of each factor are coherent within the factor or the
latent variable. Thus, CFA is more related to validity, whereas Cronbach’s alpha is more
related to reliability. Hence, the author of [52] strongly recommended reporting
Cronbach’s alpha values for SEM analysis. For all measures, the PLS-based CR was well
above the threshold value of 0.70, Cronbach’s alpha went beyond the threshold value of
0.60, and the AVE exceeded the 0.50 threshold value (see Table 1). In addition, we evalu-
ated the convergent validity by inspecting the standardised loadings of the measures on
their respective constructs and found that all measures exhibited standardised loadings
that exceeded 0.60.

Table 1. Measurement model (reflective factors).

Constructs Items  Loadings AVE CR a
OLC_1 0.741 0.542 0.876 0.85
OLC_2 0.727

OLC_3 0.672

OLC OLC.4 0776
OLC5 0748
OLC 6 0748
OpA_1 0884 0779 0876 0716
OpA OpA2  0.881
A CA_1 0842 0741 0851  0.659
CA2 0879
A PA_1 0842 0717 0835  0.606
PA2 0832

Moreover, as a second-order variable, OA was estimated through a secondary factor
analysis yielding three latent constructs: OpA, CA, and PA. Each of the three constructs
had two indicators. Figure 3 shows the standardised regression loadings of those three
given constructs, exceeding a standardised loading of over 0.60. This result suggests that
OA, as a three-construct second-level variable, was significantly predicted by the OpA,
CA, and PA.
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B =0.87

R2=0.82 R2=0.81 RI=0.75

Figure 3. Second-order factor analysis of organisational agility.

We next assessed the discriminant validity of the measures. Table 2 shows the corre-
lation among all variables, excluding the secondary data on firm performance, that pro-
vided further discriminant validity evidence. To fully satisfy the requirements for discri-
minant validity, the AVE for each multi-item construct should be expected to be greater
than the squared correlation between constructs [62]. Such results suggest that the items
shared more common variance with their respective constructs than those shared with
other constructs. In the model, none of the inter-correlations of the constructs exceeded
the square root of the AVE of the constructs. Moreover, as mentioned before, a VIF anal-
ysis (see Table Al in Appendix B) showed that our VIF values ranged between 1.054 and
1.712. This result also provides empirical support regarding discriminant validity, imply-
ing no multi-collinearity.

Table 2. Discriminant validity.

1 2 3 4 5 6 7
1 BDC -
2 CA 0.554 0.861
3 OpA 0.647 0.743 0.883
4 OLC 0.448 0.555 0.485 0.736
5 PA 0.554 0.682 0.669 0.618 0.847
6 PG 0.253 0.366 0.262 0.283 0.297 -
7 T 0.123 -0.003 0032 -0244 -0.137 -0.188 -
CR 0.851 0.876 0.876 0.835
fot 0.649 0.745 0.839 0.604
AVE 0.741 0.779 0.542 0.717

Note: Values on the diagonal denote the square root of the AVE (in bold); BDC = big data capabili-
ties, PG = perceived growth, T = turnover, CR = composite reliability, o« = Cronbach’s alpha.

4.2. Hypothesis Testing

The PLS approach [65] and the bootstrapping resampling method were employed
using SmartPLS 3.0 software to estimate the main interaction and indirect effects and test
the proposed model’s hypotheses and predictive power. To determine the statistically sig-
nificant links, the t-statistics were calculated for all coefficients, based on their stability
across the sub-samples. The path coefficients and their associated t-values demonstrated
the direction and impact of each hypothesised relationship. Following the suggestion of
Chin et al. [66], a hierarchical approach for testing the hypotheses was employed. A model
with indirect (mediation) effects in addition to the main effects (and covariates) was as-
sessed, after which the interaction effects were added.
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Table 3 shows the hypotheses, including the paths, betas, significance levels, and re-
sults. The findings provided no empirical evidence supporting a direct relationship be-
tween the OLC and PG, thus rejecting H1. The results also show that the OLC was posi-
tively and significantly related with OA (3 = 0.425 p < 0.01), and OA was positively and
significantly associated with PG (3 = 0.304 p < 0.01). Hence, the question arises about the
indirect effect of the OLC on PG through OA (see H2), which will be examined in the
mediation test.

A two-step construction procedure was employed to address the hypotheses con-
cerning BDC’s moderating effects (i.e., H3) [66]. The PLS approach allows for explicit es-
timation of the standardised latent variable scores after saving the obtained results [67].
Here, each item of the OLC and BDC was standardised. Following this procedure, the
standardised question items were multiplied. As shown in Table 3, the results demon-
strated a positive interaction effect between the OLC (3 =0.13, p <0.01) and OA, support-
ing H3.

Table 3. Path results.

Relationships Path Coefficient () Hypotheses Results
OLC > PG 0.056 H1 Not Supported
OLC > OA 0.425 **

OA > PG 0.304 **

T > PG 0.163 **

OLC *BDC > OA 0.123 ** H3 Supported

Note: BDC = big data capabilities, PG = perceived growth, T = turnover. ** p <0.01.

In order to see how the relationship between the OLC and PG differed due to the
BDC, we also conducted a simple slope analysis (see Figure 4). The graphic shows how
the relationship between OA and OLC differed due to the BDC level. The association be-
tween the OLC and OA became stronger when the BDC was higher. Accordingly, we pro-
vided further empirical evidence in support of the moderator role of BDC.

Moderating Effect 1

1.00
0.75 4
0.50 4

025 4

OA

0.00 1
-0.25 1
-0,50 1

-0.75 1

-1,00 -0.75 -0.50 -0.25 0.00 025 0.50 075 1,00
oLC

— BDC at-1 SD BDC at Mean BDC at+1 SD

Figure 4. Simple slope analysis.
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4.3. Structural Model

In order to validate the PLS-SEM approach, various quality scores, such as the coef-
ficient of determination (R?) [66] and standardised root mean square residual (SRMR) [67],
were considered. The R? values of the endogenous constructs were used to evaluate the
model fit and indicate how well the data points fit a line or curve. As suggested by Chin
[66], the categorisation of R? values was small (0.02 <R?<0.13), medium (0.13 <R?<0.26),
or large (0.26 < R?). The endogenous constructs’ R? statistic values were used to assess the
model fit [67]. Table 4 shows the R? values as the fit measures of the structural model.
According to the main effect model outcomes, OA performance (R? = 0.393) had a large
effect, while PG (R?=0.151) had a medium effect. Caused by BDC’s interaction effect, the
R2 for PG’s value in the final model was 0.151, again reflecting a medium effect size. The
R? for OA’s value was 0.582, again reflecting a large (but this time higher) effect size (see
Table 4).

Table 4. Structural model.

Fit Measures = Endogenous Constructs Main Effect Model Final Model
Rz OA 0.393 0.582
PG 0.151 0.151
SRMR 0.076 0.072

Note: PG = perceived growth.

Though the model fit criteria (SRMR, NFI, d_ULS, d_G, and Chi_square) for PLS-
SEM are early and often not useful for PLS-SEM, we also reported these key criteria in this
study. This shows that the SRMR was 0.076 in the main effect model, while it was lower
in the final model (SRMR: 0.072). Although the Normed Fit Index (NFI) is commonly used
to evaluate the model fit for SmartPLS, it is not available for second-order PLS models.
Hence, we did not involve that index value. As a result, the developed model seemed to
have an overall model fit based on these criteria, even though those explications were
difficult to comprehend for the applied subject. Therefore, we can conclude that the de-
veloped structural model had good predictive power and was satisfactory, as shown in
Figure 5.

H, Indirect effect (OLChas an effect on growth via
Agilityli= 0,007
% ofthe total effectdusto Agility=77.7%

Full mediation

Agility

Big Data
Capabilities

-

R<=0.582

0.304%*

Organizational
Learning
Culture

0056

Hy

Figure 5. Structural model results. Note: *** p <0.001; ** p < 0.01.
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4.4. Mediation Test

Tests of mediation were conducted by investigating the significance of the indirect
paths that arose from the independent to the dependent variables, using the bootstrapping
procedures associated with SmartPLS. While examining the mediating effects, past stud-
ies have underlined the bootstrapping approach as being superior to the alternative meth-
ods of testing indirect effects, such as the Sobel test, regarding power and type I and II
error rates [68]. The significance of the indirect effects was analysed both in the absence
of the intervening variable(s) (total effects and denoted C paths) and with their existence
(direct effects and denoted C’ paths). Baron and Kenny’s [69] procedure for testing medi-
ation was followed. Moreover, the effect ratios were calculated to demonstrate the total
effect explained by the indirect effects via the mediator(s). This ratio seemed to be a pref-
erable (quantitative) way to describe the mediated effects, overwhelming the full or partial
mediation dichotomous distinction, provided that no suppression effects were present in
the model [70]. The analyses were potentially facilitated by maximizing the effect sizes
between the intervention and controls.

Table 5 shows the mediation analyses’ results for exploring OA’s role as the mediator
between the OLC and PG. The results show that OA fully mediated the effect of the OLC
on PG, with 78% of the total effect (effect ratio of 0.78) being explained by OA. Accord-
ingly, H2 was supported.

Table 5. Tests of mediation in the structural model.

Relationships = Total Effect C Path Total Effect C'Path
From To Estimate Estimate
OLC PG 0.252 % 0.056 0.777

Effect Ratio

Note: PG = perceived growth. * p < 0.05.

5. Discussion

Knowledge is arguably one of the most important resources organisations have un-
der their control, not the least when adapting to (or inducing) changes in the marketplace
[71]. Thus, effectively creating and disseminating this knowledge throughout an organi-
sation is a core capability for sustained competitive advantage [72]. However, this is not
straightforward, as such a capability often needs to be built, nurtured, and ultimately em-
bedded into the way an organisation conducts its business [8] (i.e., organisations should
hold a learning culture if they are to survive in the long term).

Our results support the premise that an OLC is a key yet insufficient ingredient in an
organisation’s pursuit of continuous growth. Like others (e.g., [73]), we found that the
value of holding an OLC only came into play through the development of dynamic capa-
bilities. Then, the OLC ultimately led to organisational performance, thus providing fur-
ther evidence to support the viewpoint of learning mechanisms, such as the OLC, giving
rise to higher-order dynamic capabilities [40]. However, when it comes to an understand-
ing of the foundations (such as BDC) that support this process of capability building, our
results pose some interesting conclusions.

In our case, BDC presented themselves as enablers for successfully transforming an
effective learning culture into actionable capabilities for inducing and adapting to change.
The results suggest that, aside from being an important precursor for dynamic capabili-
ties, BDC hold additive (complementary) qualities by bolstering the knowledge creation
and dissemination activities stemming from an OLC, which are then used to help with
strategic choices in maintaining evolutionary fitness. This resembles a so-called “dynamic
bundle” [23] that helps to further explicate the still ambiguous role (and interdependen-
cies) of lower-order capabilities (BDC) and higher-order dynamic capabilities (OA),
though it also includes a knowledge-based element of the OLC, thus further demonstrat-
ing a successful integration of disparate views on organisations [73].
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Such a bundle of capabilities, culture, and learning mechanisms also helps demon-
strate how capabilities can be embedded and modified through an organisational culture,
something that remains difficult to grasp [74]. As is still the case, (learning) culture seems
to be one of the most challenging themes for agile organisations [75], particularly when
shifting from an exploitative mode of operation to one that is more exploratory [38]. Often,
this shift would involve introducing conflicting goals, values, and practices that would
have to coexist depending on the strategy being adopted. Our study, like most, reinforced
the power of an effective learning culture in leveraging change. However, we also demon-
strated how BDC can potentially resolve (or leverage) such an organisational paradox.
Indeed, how BDC should be adopted in times of learning or organisational change to cope
with these conflicting themes is still a key question involving a wide range of contingen-
cies, including, for instance, environmental dynamism and technological change [76,77].
Though our data could not directly substantiate this impact, we provided preliminary
insight into this as a platform for future studies.

6. Conclusions

This paper observes the relationships among the OLC, OA, BDC, and growth perfor-
mance. The search for how agility delivers better firm performance has recently been a
popular topic [26]. However, agility does not occur in a vacuum; rather, it is a product of
the company culture. Thus, our study offers a model to explain how the OLC triggers a
chain effect through its influence on OA, resulting in company growth (behaviour) per-
formance. Consistent with the hypotheses developed in the model, we showed the posi-
tive relationship between the OLC and growth performance only through full mediation.
Hence, we could confidently highlight that the OLC did not generate growth, strengthen-
ing the argument that managers should generate a learning culture to embed attitudes for
behavioural change.

This paper considered OA as a desired dynamic capability for companies striving for
survival in turbulent environments based on dynamic capabilities theory. Another inter-
esting finding indicated the key role of BDC in amplifying the impact of the OLC on OA.
These findings pointed out that firm leadership should facilitate an effective learning en-
vironment and build big data competencies through the efficient use of technologies to
survive the stringent competition and perform well. Thus, this paper highlighted that
building capabilities in organisations, including OA and BDC, could enrich each other
and build a solid base to deliver successful organisational growth.

6.1. Implications for Theory

Our study contributes to dynamic capabilities theory in two main ways. First, con-
sidering that dynamic capabilities theory is instrumental in understanding organisational
performance [8,29,71], our data explains how OA as a dynamic capability affects organi-
sational performance by transferring the OLC into growth (i.e., a construct we adopted to
help counter the ambiguous outcomes from financial and non-financial performance met-
rics). Second, taking on the complex and ambiguous role of BDC in fostering a more re-
sponsive and flexible organisation, we demonstrated how BDC can act as part of a com-
plementary “dynamic bundle” [23,24], shedding light on the interaction effects between
knowledge-based phenomenon (OLC), lower-order capabilities (BDC), dynamic capabil-
ities (OA), and firm-level performance. Indeed, the influence of learning in the dynamic
capabilities schema is not so straightforward and leaves much room for refinement [78].
In line with others [73], we observed that the OLC acted as a precursor for and facilitator
of organisational renewal, going back to the fundamental notion of building dynamic ca-
pabilities through learning [40]. What is interesting here is the fact that BDC (characterised
as a lower-order capability) appeared to bolster the efficacy of a learning culture in ena-
bling ongoing organisational renewal, leading to firm-level growth. Thus, BDC did not
appear to be a substitute for the OLC and did not disrupt the efforts of a learning culture
in building dynamic capabilities. Generally, learning from big data poses significant




Sustainability 2021, 13, 13024

14 of 21

challenges for organisations, not the least being when it comes to making sense of the
learning this technology can bring [76]. Mastering this capability requires a conscious ef-
fort for learning in new and flexible ways [76]. Thus, perhaps “learning to unlearn” [79]
becomes a characteristic of such a capability. This finding brings it further to the notion of
second-order capabilities [79], the likes of which do not necessarily work to keep the or-
ganisation running efficiently (like lower-order capabilities would typically be regarded
as performing) but rather help the organisation build first-order dynamic capabilities
themselves. Because this runs somewhat counter to the idea of BDC as dynamic capabili-
ties [27], it would be interesting to observe the interaction effects of BDC on the relation-
ship between dynamic capabilities and firm-level performance outcomes to help provide
some more insight into this phenomenon, perhaps proving a fruitful notion for further
research.

6.2. Implications for Practice

Concerning practical implications, this study proposes two contributions. First, man-
agers should empower their employees by OA and BDC, with the knowledge that their
most important tool to fight dynamic market pressures is, to a large extent, linked to their
ability to make effective use of big data. Managing data will improve leadership by bring-
ing workforces on board and equipping them with the necessary capability sets [36,80].
This study clearly shows how big data competencies helped to utilise the OLC to become
effective in OA.

A second practical implication involves the importance of culture for leadership.
Leaders should consider understanding, building, and sustaining a learning culture as
part of their leadership roles. They should be better trained in building healthy cultures
and aligning culture and strategy [81]. An abundance of research in leadership and organ-
isational culture [36,50,74] clarifies that building strong cultures can play a significant role
in the innovativeness of organisations. Therefore, overlooking organisational cultures can
cost organisations and their employees, customers, and stakeholders.

A final remark to managers and leaders within companies is that OA is built over a
strong learning culture, so they should consider how to flourish this dynamic capability
within their company environments. They might try different structures and human re-
source practices to build a strong learning culture [81]. They should also find ways of
improving their agility by emphasising the performance of different agility dimensions
such as customer, operational, and partnering agility. Understanding nuanced infor-
mation in each agility dimension could help efficient technology management to create
their competitive advantage.

6.3. Limitations and Suggestions for Future Research

A few limitations should be noted, along with questions for future research. First,
since using cross-sectional data is one of the significant limitations of this research, ques-
tions are raised about the causal direction and purpose of the relationship among the con-
structs. Even though surveying is considered a standard method for research in the busi-
ness environment, the method used (only questionnaire) may not provide objective
measures and results about the flow of knowledge. For example, it is unclear how the
agility within customer relationships, operations, and partnership relationships is a dy-
namic phenomenon in the management context. Due to cross-sectional data and restricted
time issues, scholars should collect longitudinal data.

Second, and probably foremost, the data are self-reported. Even though organisa-
tional researchers are not fond of using self-reports, they cannot do without them, as the
practical usefulness of those measures makes them virtually essential in many research
contexts [82]. Indeed, self-reports are not as limiting as once commonly asserted [83]. The
extant literature provides evidence regarding the more precise estimates of self-reports
than the behavioural measures [84]. For instance, using self-reported and perceptual indi-
cators versus objective ones is a rising issue in performance measurement.
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Many studies have provided empirical evidence supporting a strong correlation be-
tween objective and self-reported performance measures [85]. The present results provide
evidence of relationships among the variables. Moreover, to go beyond the hesitations
regarding self-reported measures for perceived growth, we also attempted to gather ob-
jective measures for growth. However, only 44 of 138 companies publicly shared actual
growth data. Hence, we decided to check our results by conducting the same tests on the
sample of 44 firms. The results obtained from this smaller sample were very similar to the
previous ones, except for the moderating effect of BDC (See Table A2 in Appendix B).

Third, this study considered turnover a control variable, while many other factors
such as firm size or human resource practices [14] might play a role in growth. Future
studies could enrich the investigation to determine the significant factors that might in-
crease our understanding of the interplay among the OLC, OA, and growth.

Moreover, the sample size was also limited (n = 138). However, since our initial sam-
ple comprised 247 companies whose top managers were members of the CEO Circle in
Australia, we gathered data from 57% of our initial sample, proving a good ratio. Moreo-
ver, we chose the CEO Circle to reach out to senior executives who could direct us in the
right direction for the macro-level leadership topics under investigation in this research.

Fourth, our study was conducted in Australia, and it was hard to generalise. Future
studies could conduct comparative studies and gather large datasets to allow comparisons
and the deriving of theoretical and practical lessons regarding the relationship between
the OLC, OA, BDC, and growth.

Finally, this study explored OA’s mediating role as a three-dimensional composite
construct, composed of operational agility, customer agility, and partnering agility, on the
relationship between the OLC and growth. There is still a lack of consensus regarding the
content of OA in the management literature. Different dimensions could be related to OA
as a multifaceted concept, thus proving to be an interesting future research topic. Indeed,
two findings of this study point out promising future study avenues. First, our finding
that the OLC did not directly affect growth is a research question that could prove intri-
guing for researchers. More studies should conduct empirical studies to cross-examine
the explanatory power of OA as a dynamic capability in strengthening the benefits of dig-
ital technologies such as big data. Second, this study demonstrates that BDC influences
the impact of the OLC on OA as a complementary bundle consisting of lower-order capa-
bilities, higher-order (dynamic) capabilities, and the knowledge-based construct of the
OLC. Further research is encouraged to examine the contingencies surrounding their re-
lationships to draw a more fine-grained picture of how individuals use big data to trans-
late organisational culture to a dynamic capability for ongoing organisational change
based on innovations.
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Appendix A. Questionnaire

1  What is your current position in your company or your last executive position?

CEO

Other C-Level Executive
Business Unit Head
Non-Executive Director
Senior Executive

O OO OO0

2 Organisational name of your company:

3 Industry category (select one)

1.  Agricultural, Forestry, and Fishing 10.
2. Mining and Metals 11.
3. Manufacturing 12.
4.  Utilities 13.
5. Construction 14.
6. Retail 15.
7.  Hospitality 16.
8. Transport 17.
9.  ICT and Technology 18.

4  What is your organisational size by annual turnover?

Less than AUD 10 million
AUD 10.1-100 million
AUD 101-250 million
AUD 251-500 million
Over AUD 500 million

O O OO0O0

Finance and Insurance
Property

Government
Education

Health

NGO

Other (please specify)
Consulting Services
Industrial Services

5 During the last 3 years, how much, on average, has your organisation’s business

grown annually in Australia?

0% or less
1-5%
6-10%
11-20%
Over 20%

6  Organisational learning culture.

O O OO0O0

Strongly Disagre Slightly

Mv O isati
y Organisation Disagree e Disagree

Slightly
Agree

Strongly

Agree Agree

Has the necessary network
of leaders to build a
learning culture

Views all staff as
entrepreneurs

Encourages open and
honest communication

Has built a network of
innovation resources
internally and externally

Actively encourages and
rewards people who
generate or drive new ideas
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Encourages learning and
self-improvement in its
people and allows
sufficient freedom for this

7  Organisational agility.

Strongly Disagre Slightly Slightly
Disagree e  Disagree Agree

Strongly

My O isati
y Organisation Agree

Agree

Operational agility
Often rethinks their
business model and create
their digital attack
businesses

Targets information
technology internally and
externally to mine for a new
project, ideas, design, and
delivery platforms

Collaborative agility
Frequently tests and refines
or prototypes products and
strategies in close

cooperation with customers
Thinks end-to-end about
where digital efforts can
produce a step change in
value for customers

Partnering agility
Has an open structure for

collaboration and different
organisations and processes
for radical and incremental
projects

Secures their place in a
network of companies,
institutions, and customers
to interact and create

mutual value

8  Expected share of an organisation’s overall growth that will result from digital efforts
in the next 3 years.

Do Not

<4% 5-9% 10-14% 215%
Know

Expected share of overall growth from digital programmes
Creating a new business or exploring
new profit pools

Building competitive advantage in an
existing business

Improving existing business and
keeping pace with competitors
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Cutting costs to improve operating
margins

Overall expected growth

9  Big data capabilities.

My Organisation St.rongly Disagree S!ightly Slightly Agree Strongly
Disagree Disagree  Agree Agree
Has a good
understanding of big
fata’s impact, both
strategically and
operationally
Appendix B. Supporting Statistical Analyses
Table Al. VIF values.
OA PG
BDC 1299
OLC*BDC 1054
OLC 1306 1712
OA 1712
PG

Note: OLC = organisational learning culture; OA = organisational agility; BDC: big data
capabilities; PG: perceived growth.

Table A2. Path result for the smaller sample.

Relationships Path Coefficient ()
OLC > PG 0.056
OLC > OA 0.246 *
OA > G 0.275*
T > G 0.087
OLC * BDC > OA 0.092

Note: OLC = organisational learning culture; OA = organisational agility; OpA = operational
agility; CA = customer agility; PA = partnering agility; BDC: big data capabilities; G: perceived
growth; T: turnover. * p < 0.05.
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