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Abstract
Drawing from tenets of the resource-based theory, we propose and test a model that
examines the relationship between the application of big data analytics (ABDA) and
organizational performance (OP) in small and medium enterprises (SMEs). Further,
this study examines the mediating role of knowledge management practices (KMP) in
relation to the ABDA and OP. Data were collected from respondents working in SMEs
through an adapted instrument. This research study adopts the Baron–Kenny approach
to test the mediation. The results indicated that the ABDA had a positive and significant
impact on OP. Also, KMP had partially mediated the relationship between ABDA and OP
in SMEs. The dataset was solely comprised of SMEs from Pakistan administered Kashmir
and may not reflect the insights from other regions. Hence limits the generalizability
of the results. Findings highlight both strategic and practical implications related to
decision making in organizations for top management, particularly in developing
countries. This study attempts to contribute to the literature through novel findings
and recommendations. These fallouts will help the top management during the key
decision-making process and encourage practitioners who seek competitive advantage through enhanced organizational performance in SMEs.
Keywords: Application of big data analytics, Knowledge management practices,
Organizational performance, SMEs

Introduction
Over the past decade, the application of big data analytics (ABDA) has been widespread
research interest among researchers and practitioners [1]. According to contemporary
studies, across a wide range of industries, the ABDA is a key driver of organizational
success [2]. Furthermore, there is rapid progress in the acknowledgment by the executives about the potential benefits linked with the ABDA [3–5]. The annual public and
private investment in the application of big data analytics has highly increased up to billions of dollars across the globe [6–8]. Due to high strategic and operational potential,
the ABDA can improve the efficiency and effectiveness of business and act as a gamechanger [1, 9]. High-performing organizations consider the ABDA as a critical differentiator and significant factor for their growth [10–13].
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The experts of big data analytics [14], provided deep data-driven insights [3], about the
competitive advantages gained by organizations [15–18]. Notably, big data analytics is
considered the “fourth paradigm of science” by a few scholars and practitioners [19, 20].
Likewise, [21] argued that big data analytics is a “new paradigm of knowledge assets”,
and the next innovative, competitive, and productive frontier [22]. High-performing
organizations consider the ABDA a key to growth and critical differentiator [1, 10, 12,
23].
Despite this prevalent importance and research interest, examining the relationship
between the application of big data analytics and organizational performance (OP)
through empirical studies remained scarce [24–27]. There is significant evidence that big
data has been incorporated into the academic world but little has been done to link it
to knowledge management practices (KMP) e.g. [28–30]. So far, very few rigorous and
larger-scale studies have been conducted to examine how the ABDA can enhance OP
[23]. Moreover, to reveal the insights about this research gap it is required to empirically
explore the link between the ABDA and KMP [31].
To address this gap in literature we proposed a model drawing from the tenets of
the resource-based theory [32] explaining, how the link between the elements of an
organization like data, analytical tools, knowledge management practices creates value,
increases efficiency and eventually effect the organizational performance. Organizations
can get a competitive advantage through efficient usage of their resources [33, 34] but
all resources are not of equal value. In practice, it is difficult to understand the relation
between successful strategies and sources of advantage [32]. To get a competitive advantage, it is necessary to identify, understand, and classify the core competencies. Therefore, this study aims to examine the relationship between the ABDA, KMP and OP in
SMEs.
This study contributes to the existing literature in three folds. First, we examine the
effect of the ABDA on OP which has been neglected in previous studies. Second, we
explore the mediating effect of KMP on the relationship of the ABDA and OP, which will
improve the capability and efficiency of managing knowledge assets [35, 36]. Third, the
vast majority of the literature related to big data and knowledge management addresses
the context of advanced countries only, whereas, the theoretical and practical implications of these factors linking organizational performance in developing countries
like Pakistan has highly been ignored.

Literature review and hypotheses development
Big data analytics

Big data analytics refers to an assortment of a large volume of data and technology
which is gathered from different sources, and make it possible for a business to gain an
edge over their rivals through enhanced business performance [37]. Goes [38] defines
the concept of big data as huge volumes of numerous observational data used in the
decision-making process. Schroeck and Shockley [12] described big data (BD) as realtime information, media data nontraditional form, IT-driven data, social media, and
huge volume data. While ‘Variety’ and ‘Volume in Big Data’ have got significant consideration [14, 39]; whereas many studies highlight the vital roles of Veracity, velocity [6,
40, 41]. Here it is pertinent to mention that analytical skills and tools are the essential
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‘components’ for big data analytics (BDA) [17, 42]. Sun and Xu [43] defines big data analytics as the procedure of accumulating, consolidating, scrutinizing, and exploiting large
sets of data from heterogeneous and autonomous resources, to determine patterns and
other expedient information to make improved managerial decisions.
Furthermore, Cao and Chychyla [44] describes BDA as the technique of determining
and accomplishing considerable measures from big data to backing decision-making.
BDA contains various tools to inspect data that organizations acquire from internal and
external resources to identify substantial patterns. According to McAfee and Brynjolfsson [45] BDA is a prospective value-creator that several enterprises are adopting for
getting assistance in the decision-making process. Big data analyst requires competencies to find out implications, and develop intuitions [14, 46]. Effective execution of BDA
required appropriate analytical tools for scrutinizing [44]. The BDA addresses the latest
systematic procedures for solving complications of business, which was not possible earlier due to the scarcity of data or analytical tools [17, 47].
Knowledge management practices

Knowledge management practices facilitate the systematic procedure of knowledge
creation, acquisition, conversion, and application [48–50]. KMP involve the acquisition, storage, distribution, and application of knowledge [51]. Nonaka and Takeuchi
[52] described that knowledge creation is an essential part of KM theories and practices
involving four stages of conversion containing tacit and explicit knowledge. Bock and
Kim [53] considered that knowledge is the power that helps in solving organizational
problems. KMP is the process of acquisition, conversion, evaluating, retrieving, and
sharing the knowledge resources for improved and effective organizational performance,
and stimulates growth and competitive advantage [54]. Organizations have great concerns about creation and management of knowledge for the enhancement of their business performance.
Organizational performance

Organizational performance refers to the capability related to the accomplishment of its
goals and stakeholders’ expectations along with market survival [55, 56]. It can also be
defined as the process of analyzing and measuring the organization’s outcome against
its objectives and goals, which involves a comparison of real results with desired results
[57, 58]. The OP involves actual productivity or outcomes of the organization compared
with the desired outcome or objectives. Teece [59] emphasized that higher performance
is contingent on the capability of the organization to cope with innovation, protect, and
use intangible knowledge assets in a way that they will give benefits to the organization.
Furthermore, OP can also be defined as the process of making sure that the organizational resources are being properly used and involves all the actions or activities performed by the managers of different levels in organizational hierarchy, in order to
measure the extent to which an organization has achieved its objectives [57, 58].
Application of big data analytics and organizational performance

A large number of different analytical software tools are available in the market
which can be used by the application of big data analysts to improve organizational
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performance and to make better business decisions which leads an organization towards
success. A firm needs to get an analytical insight into a huge volume of data to apply
big data analytics which will certainly help an organization to improve business performance [19, 60]. The famous example which will support this argument is “Amazon”,
which is a firm generating 35% of purchase from personal recommendations to customers based on big data analytics [61].
The ABDA is a prospective value-creator for business [45, 62] and the effective implementation of big data analytics involves essential expertise for handling big data, extract
what does data means, and develop insights from the use of data [14, 63]. The 91% of
the companies are investing in big data analytics as compared to the previous year’s 85%
indicated by the latest study on Fortune 1000 companies [64, 65]. The ABDA is considered as a tool for the perfect management of organizational assets and monitoring of
business process [66, 67]. It strengthens the supply chain, improves the industrial automation and manufacturing [68], and enhances the business transformation [1, 69].
Columbus [70] described that “87% of businesses consider the ABDA a tool to achieve
competitive advantage in coming 3 years and 89% believe that risk of losing market share
for companies not using big data analytics is higher than companies using it. The ABDA
is not only a technological advancement but also an entirely operational paradigm [71].
Business decision making based on data and information rather than intuition [11, 72].
Likewise, by adopting analytical approach organizations can get a competitive advantage
and can accomplish their objectives in a better way [73].
The ABDA is positively related to successful customer’s deployment and superior
organizational performance [74]. There is a significant impact of the quality of analytic
tools on data and or information authenticity, business decision making process that
leads to OP [75]. Moreover, BDA is used to differentiate between high and low performing organizations, consequently those firms who use big data analytics become
proactive and future-oriented and reduce their customer acquisition cost by 47% and
increase their firm revenue about 8% [76]. In recent years, due to the ability of 5–6%
advanced efficiency and profitability, the ABDA has got vital consideration on the corporate agenda [65]. Therefore, BDA can construct the benefits for any organization by
improving its performance (financial performance, marketing performance, partnership
performance) and competitive advantage [1, 2, 12, 65, 77, 78]. Hence, the ABDA can lead
to improving organizational performance [79].
H1 There is a positive relationship between application of big data analytics and
organizational performance.

Application of big data analytics and knowledge management practices

Big data analytics refers to the strategy of analyzing a large volume of data gathered from
diverse sources in an unstructured, semi-structured, or structured form by using different analytic techniques. In a study [80] described the big data in term of Volume, Velocity, and Variety, whereas, knowledge has been divided into different categories like tacit,
explicit (knowledge expressed and recorded as words, numbers, codes, formulas, and
musical notations), implicit (gained through incidental activities), complex, and simple
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[52, 81–83]. The Important feature of the BD collected from a wide variety of sources is
that it can be helpful to discover hidden knowledge and generate new knowledge which
in turn gives an output in the form of enhanced knowledge management (knowledge
acquisition, knowledge conversion, knowledge application) through data analytics. The
data collected through various sources in the structured, semi-structured, and unstructured form, if properly analyzed can help the organization to generate valuable knowledge for improved organizational decision making [84, 85]. Big data analytics provide
managers a valuable perception of their business activities and application of acquired
knowledge through BDA can lead an organization towards value-driven decisions [2,
86].
Knowledge management practices effectively and efficiently create knowledge with the
help of the application of big data and analysis techniques. Different indications from
literature suggesting the fact that the use of big data processing and its analysis can harness greater value for organizations in developing knowledge management [22, 87].
Before finding out how this big data is transformed into knowledge, it should be comprehended further. It is created from the use, analysis, and productive utilization of data and
information and there are explicit knowledge and tacit knowledge [52, 82, 83, 88]. To
generate more values in any aspect of their business, BD can help organizations and if an
organization intends to get analytical insights into large volumes of data, the ABD technology may leverage the business aptitude extracted from the data to enhance organizational performance [18, 19, 89, 90]. Big data analytical applications create meaningful
information (organize or structure) which has a greater impact on the firm for observing
trends and patterns. Some actionable knowledge is generated by feeding such information into business intelligence tools to interpret the data through the analysis performed
by data analysts. Such similarities provide better insights into the relationship between
big data and knowledge management [31]. Therefore, the knowledge which is generated
through performing analytics on big data gives escalation to effective and efficient decision making which indicates that there is a relationship between KMP and ABDA [88,
91]. This leads to the next hypothesis, that;
H2 There is a positive relationship between application of big data analytics and
knowledge management practices.

Knowledge management practices and organizational performance

The effective utilization of natural resources and tangible assets is not sufficient to
achieve enhanced performance, but another essential factor is effective knowledge management practices Lee and Sukoco [92]. Knowledge is an asset which linked with the
overall organizational performance [93, 94]. Knowledge management is a process which
reflects strategies for acquisition and creation of knowledge, either externally or internally, sharing the preserved knowledge within the firm, and the application of knowledge
[51, 95, 96]. Organizations are utilizing the KMP and moving towards knowledge-driven
systems to improve their competitiveness and values [97–101].
Karimi and Javanmard [102] emphasize the utilization and management of knowledge
within an organization. For this purpose, first, it is essential to understand the nature
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of knowledge. Tacit knowledge and explicit knowledge are two fundamentals of knowledge [96, 103]. According to Davenport and Prusak [104], tacit knowledge is difficult
to understand and transfer to another person. It is evaluated in the form of competencies, expertise, and concepts that individuals may possess mentally. Furthermore, Coulson-Thomas [105], added that this type of knowledge is difficult to transfer, because
one of the means of transferring this knowledge, is transmission to other people in the
organization through experience, practice, feelings, and attitudes with others. Whereas,
explicit knowledge is easy to understand and transfer because it can be articulated easily, expressed, and recorded as words, numbers, codes, formulas, and notation [106,
107]. Explicit knowledge expressed using common language and codes. It is completely
moveable and easy to share [108]. Tacit knowledge, on the other hand, is subjective and
informal [52, 109]. In knowledge-intensive growing organizations tacit knowledge continuously getting attention from human resource professionals [110].
It is accepted reality that organizations used to achieve the goals through effectiveness
and efficiency [57, 111, 112]. Therefore, organizations have to explore and understand
the process of knowledge sharing to better deal with knowledge management [113].
Certainly, in the literature of knowledge management, the significance of knowledge
sharing linked with organizational performance is extensively recognized [114–116]. In
a study, Bock and Kim [53] stated that one of the most important functions of knowledge management is the encouragement of knowledge sharing, which is fundamental to
knowledge creation and innovation that enables better utilization of current knowledge
[52, 107]. Field managers and researchers had given importance to study knowledge
sharing and transfer [117] and the connections between knowledge management and
organizational performance [118, 119]. In another study, Bose [120] found that the relation of KMP and OP “financial performance, marketing performance, partnership performance” is highly associated with the organizational ability to accurately identify the
effectiveness of knowledge management to acquire a market position. Therefore, proper
utilization of knowledge results in better OP [121]. Furthermore, it is now believed that
KMP can lead to better OP along with the much-needed innovation [122, 123]. Therefore, based on these evidences, our next hypothesis is;
H3 There is a positive relationship between knowledge management practices and
organizational performance.

The mediating role of knowledge management practices

The identification of the similarities and synergies among the emerging field of big data
analytics and highly established field of knowledge management is the objective of this
research study. To enhance maximum efficiency by managing available knowledge assets
is the basic purpose of knowledge management practices [35]. Nowadays, one of the
critical success factors is the organizational ability to transform the data and information
for knowledge-based decision making in all sectors [72]. In a study Chen and Mao [124]
argued that to improve OP, enterprises can generate knowledge by using BDA. In other
words, to gain competitive advantage, enhancing organizational performance, and capturing more market share, the ultimate goal is to create more organizational knowledge
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by implementing ABDA. Big data analytics can be utilized to generate new knowledge
and discover hidden knowledge for better decision making that leads to enhanced organizational performance [125]. Big data analysts can help in better knowledge management, which results in a successful business [31]. Thus, it leads to the next hypothesis;
H4 Knowledge management practices mediates the relationship between big data analytics and organization performance.

Method
Sample and data collection

Various types of SMEs are currently working in Pakistan. The literature describes small
and medium enterprises as informal businesses possessing flexible structures, reactive nature, and resource limitations [127, 128]. Eventually, it is accepted that small
enterprise is not a slightly big business [129], with strategic orientation and organizational size being important factors impacting its behavior and performance [130], and
reaction to extremely formalized market intelligence data [128]. These businesses are
supported by innovative techniques and tools for data storage and consumption. To
make sure the wide range of small and medium enterprises representing this study, the
second author personally collected data through simple random sampling. The target
respondents encompassed business owners, executives, managers, and other relevant
employees who can respond to big data analytics and knowledge management practices. 230 questionnaires were distributed. The response rate was moderately encouraging, with a total of 210 questionnaires filled and returned. This response rate might look
extraordinary, but in a country like Pakistan, if you are enthusiastic and have motivation
with good personal references, this response rate is not unusual.
Measure validation

The instrument used a 5 point Likert scale for data collection, with 1 representing
“strongly disagree “and 5 representing “strongly agree.”An 11-item scale developed by
Thirathon and Wieder [131] was adapted to measure the big data analytics with an alpha
reliability of 0.89. Knowledge management practices were measured by using an adapted
21-item scale developed by Gold and Malhotra [98] with an alpha reliability of 0.97. The
organizational performance was also measured with an adapted 10-item scale developed
by Emden and Yaprak [132] with an alpha reliability of 0.94.
Descriptive statistics

Figures 1 and 2, are depicting the descriptive statistics of the sampled data, e.g. age of
SMEs, and sector of production. After the exclusion of missing data, a total of 210 questionnaires has been considered for further analysis.
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Fig. 1 Age group of SMEs
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Fig. 2 Nature of SMEs (Source: Data collected from 210 SMEs)

Table 1 Kurtosis and skewness
Mean

SD

BDA

2.9351

.64316

KM

3.7472

.90344

OP

3.6210

.93805

Skewness

Std. error
of skewness

− .262

.168

− 1.222

− .518

.168

− .251

Kurtosis

.168

BDA Big data analytics, KM knowledge management, OP organization performance

Std. error
of kurtosis
.334

.150

.334

− 1.146

.334

Table 2 Kolmogorov–Smirnov and Shapiro–Wilk tests
Kolmogorov–Smirnov
Statistic

N

Shapiro–Wilk
Sig.

Statistic

N

Sig.

BDA

.127

210

.000

.968

210

.000

KM

.220

210

.000

.799

210

.000

OP

.103

210

.000

.937

210

.000

BDA Big data analytics, KM knowledge management, OP organization performance
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Table 3 Reliability analysis
Name of variables

No of items

Cronbach’s
alpha

Big data analytics

11

.89

Knowledge management

21

.97

Organization performance

10

.94

Table 4 Correlation analysis
Variables

Big data analytics

Knowledge
management

Big data analytics

1

Knowledge management

.726**

1

Organization performance

.587**

.740**

Organization
performance

1

**Correlation is significant at 0.01 levels, N: 210

Analysis and results
Normality test

The normality of data was analyzed based on the value of Skewness and Kurtosis
(Table 1). The values of skewness and kurtosis between − 2 to + 2 are considered acceptable for the normality of data [133].
Further, to confirm the normal data distribution analysis were done through Kolmogorov–Smirnov and a Shapiro–Wilk test. Table 2 depicting that static values of all variables
in both tests were significant at a 95% confidence interval for the mean, which revealed
that data was normally distributed. Parametric tests must use if data shows the normal
distribution.
Reliability analysis

The Cronbach’s alpha values of all variables were within an acceptable range, as Cronbach’s alpha was 0.89 for the application of big data analytics, 0.97 for the knowledge
management practices, and 0.94 for the organizational performance which were above
the recommended value of .70 [134–136]. Thus, based on results, it was concluded that
adaptive instruments had good reliability (Table 3).
Correlation analysis

The correlation Table 4 shows the level of association and direction of the relationship among the variables. The highest value of correlation coefficient (r = .740, p < .01)
between knowledge management practices and organizational performance, followed
by, between the application of big data analytics and knowledge management practices
(r = .726, p < .01) and finally between the application of big data analytics and organizational performance (r = .587, p < .01). Results of correlation analysis revealed that all
variables were significantly correlated and no multi-co-linearity problem. According to
Hair et al. [137] pointed out that the correlation coefficient (r) must not go beyond .90 to
get rid of the multicollinearity problem.
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Fig. 3 Details from Baron and Kenny’s [126] mediation model

Table 5 Regression of Big data analytics on organization performance
through knowledge management (steps according to Baron and Kenny [126])
Unstandardized coefficients
Step dependent/
independent variables

Standardized coefficients
B

Standard error

Beta

t

Significance
level

Durbin Watson

.587

10.446

.000

1.744

.726

15.215

.000

1.506

.740

15.884

.000

2.243

.104

1.543

.124

2.229

Step 1. Dependent variable: organization performance
(Total effect)
Big data analytics

.856

.08

R = .587, R2 = .344, F(1, 208) = 109.127

Step 2. Dependent variable: knowledge management
Big data analytics

1.019

.067

R = .726, R2 = .527, F(1, 208) = 231.492

Step 3. Dependent variable: organization performance
Knowledge management

.769

.048

R = .740, R2 = .548, F(1, 208) = 252.289

Step 4. Dependent variable: organization performance
(Direct effect)
Big data analytics

.152

.098

R = .744, R2 = .553, F(2, 197) = 128.171

Regression analysis

Regression analysis were used to test all the hypothesis from H1 to H4. Therefore, to
test the mediating role of knowledge management practices between the relationship
of application of big data analytics and organizational performance, we employed [126]
four-step process depicted in Fig. 3. Results of basic linear regression in step 1 and step
2, whereas multiple regression in step 3 and step 4 as suggested [126, 138], are reported
in Table 5. H1 suggested that there is positive effect of the application of big data analytics on organizational performance. Step one of Table 5 sought to determine if the
application of big data analytics was a significant predictor of organizational performance or not. When organizational performance was regressed on the application of
big data analytics, as displayed in Table 5, application of big data analytics demonstrated
a direct effect on organizational performance (β = .587, p < .01), and accounted for 34%
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of the total variance of organizational performance. F (1, 208) = 109.128 is greater than
the table value of F, and also the value of Durbin-Watson (1.744) is supporting H1. So,
hypothesis 1 has accepted. In the second step as depicted in Table 5, it was sought to
determine the relationship between application of big data analytics and knowledge
management practices. When knowledge management practices were regressed on the
application of big data analytics, it was found a positive relationship where (β = .726,
p < .01). However, the application of big data analytics accounted for 52% of the total
variance of knowledge management practices. F (1,208) = 231.492 is greater than the
table value of F. Also value of Durbin-Watson (1.506) supports H2. In the third step
as depicted in Table 5, we sought to understand the relationship between knowledge
management practices and organizational performance. After regressing organizational performance on knowledge management practices, it was found a positive relationship, where (β = .740, p < .01), however, it is noted that knowledge management
practices accounted for 54% of the total variance of organizational performance. Also,
F (1, 198) = 252.289 is greater than the table value of F and also the value of DurbinWatson (2.243) support H3. So, our hypothesis no. 03 has also accepted. The purpose
of the first 03 steps is to establish the existence of zero-order relationships among the
variables. Although this is not always true researchers usually conclude that if any single
non- significant relationship found, mediation may not be possible [139]. Hypothesis 04
suggests the mediating role of knowledge management practices exists in the relationship between the application of big data analytics and organizational performance. Step
four of Table 5, shows the direct effect of the application of big data analytics on organizational performance, after controlling the mediating variable, (β = .104, p > .01). This is
a considerable reduction from the total effect of 0.587. Furthermore, after controlling
mediator (knowledge management practices), big data analytics accounted for 55.3% of
the total variance of organizational performance which is higher than before controlling
knowledge management practices. Hence, hypothesis 4 has accepted.

Discussion and conclusion
In this study, drawn from the assumptions of the resource-based theory, a model was
purposed and tested intended to explain the relationship between the application of big
data analytics and knowledge management practices to determine organizational performance. The major purpose of this study was to evaluate the impact of the application of big data analytics on organizational performance through the mediating role of
knowledge management practices. To test the mediating relationship, four steps method
presented in research [126] is used in this study. Researchers usually conclude that if any
single non-significant relationship found, mediation may not be possible [139].
Significant and positive results are found in all the steps. In first step, the impact of
application of big data analytics on organizational performance is found positive and significant. This finding is in line with the previous literature. For example, in a study, Ji-fan
Ren and Fosso Wamba [140] also acknowledged the positive impact of the application
of big data analytics on organizational performance. Likewise, in the second step, the
impact of the application of big data analytics on knowledge management practices is
found positive and significant. This outcome is also in line with the findings of the previous study [141]. Similarly, in the third step, the impact of knowledge management
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practices on organizational performance is found positive and significant. This finding is
also supported by previous literature, for example in a study [142] found that knowledge
management practices have a positive and significant impact on organizational performance. Furthermore, in step 04 the mediating role of knowledge management practices
between the relationship of application of big data analytics and organizational performance is found positive and significant. Here, after controlling mediator (knowledge
management practices), application of big data analytics accounted for 55.3% of the total
variance of organizational performance which is higher than before controlling knowledge management practices. Also, there is a considerable reduction from the total effect
of 0.587. According to [126] in step 04, when the effect of the mediator on the dependent variable is controlled, if the result depicts the reduction in correlation between independent and dependent variables, there is partial mediation.
Therefore, it infers that knowledge management practices partially mediates the relationship between the application of big data analytics and organizational performance.
This insight is a unique contribution in existing literature, which is drawn from the consolidated model based on the relationship of application of big data analytics, knowledge
management practices, and organizational performance.
Theoretically, this research study advances the literature on organizational performance by explaining the mediating role of knowledge management practices between
the relationship of the application of big data analytics and organizational performance.
From this study, several key findings emerged that are important for theory, research,
and practice. Hence, in addition to the direct relationship between the application of big
data analytics and organizational performance, this study suggests that knowledge management practices play a partial mediating role, which is a unique finding of this study
and has never been tested before in the big data and organizational performance literature, in the context of SMEs in any developing country. Therefore, vital contribution of
this empirical study in literature is to identify the mediating effect of knowledge management practices in the relationship between the applications of big data analytics and
organizational performance.
Theoretical implications

Based on the existing literature, organizations are highly concerned to identify and recognize the practices that can enhance their performance and provide them with a competitive advantage [143]. Hence, enthusiastically following the adaption along with the
implementation of innovative techniques and activities, such as application of big data
analytics is becoming essential as enterprises are facing internal and external pressures
to get involved in such activities. As hypothesized, big data analytics was statistically significant in explaining organizational performance, both with and without the mediating
role of knowledge management practices. Our research helps to uncover how big data
analytics can contribute to organizational performance, by demonstrating the important
role of knowledge management practices. Big data analytics is conducive to the deployment of knowledge management activities, which results in a significant contribution
through enhanced organizational performance. This implies that the positive effect of
the application of big data analytics on organizational performance will robust when the
organizations facilitate knowledge management activities.
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Managerial implications

This study recommends several suggestions for researchers, practitioners, managers,
and decision-makers. First, the key drivers (i.e. application of the big data analytics and
knowledge management practices) of organizational performance are identified. Understanding these vital factors will help decision-makers to devise strategies and overcome
the performance-based challenges. Big data was acknowledged by Davenport and Patil
[14] as the next big thing in the twenty-first century. Whereas, Cao and Chychyla [44]
explained big data analytics as the technique to determine and manage valuable information, patterns, or conclusions from big data to support managerial decisions. Therefore,it
infers that big data analytics can present the insights after mining the hidden patterns
to support innovation, more appropriate and real-time decisions, value creation, and
subsequent improvement in organizational performance [22]. Thus, both practitioners
and academics continue to motivate studies on big data analytics which has high operational and strategic potentials in transforming business. Furthermore, these insights can
help decision-makers to successfully promote knowledge management practices in their
organizations, and increase their commitment to utilize big data and knowledge management practices, which are essential factors for organizational success. Finally, this
study identifies the effects of big data analytics on organizational performance as a competitive advantage for SMEs. Hence, this study adds valuable knowledge for managers
related to the successful implementation and benefits of big data analytics and knowledge management.

Limitations and future research directions
The main limitations of this study are the use of the cross-sectional method of data collection, as well as only a uni-level model, is proposed and tested. Multi-level modeling
can produce better insights into the phenomenon and recommended in future research.
Moreover, longitudinal study and or data collected in time lags will give more deep
insights and generalizable results. So, while testing this proposed model these methods
are recommended in future research. Another limitation of this research study is only
one mediator in it i.e. knowledge management practices. The possible area of future
research can be the study of other mediators in this context. Furthermore, exploring the
role of moderators’ e.g. managerial commitment in this context may add value in study
and result in novel insights. Though, this study entails vital insights about two significant
measures of organizational performance (i.e. application of big data analytics and knowledge management practices) in SMEs by testing the proposed framework, it is recommended to study whether the proposed framework differs in other sectors as well as in
different contexts or not. Therefore, a comparative study of the proposed framework in
other countries and organizations may produce better insights about different key factors that also influence organizational performance.
Abbreviations
ABDA: Application of big data analytics; BD: Big data; KMP: Knowledge management practices; OP: Organizational performance; SMEs: Small and medium enterprises.
Acknowledgements
Not applicable.

Page 13 of 17

Shabbir and Gardezi J Big Data

(2020) 7:47

Authors’ contributions
In this study, MQ was the main contributor in all phases from start to end except for data collection. BG was assisting
MQ during all phases of this study. Moreover, BG had a vital contribution to data collection and drafting of the article. All
authors read and approved the final manuscript.
Funding
We (MQ & BG) are not in receipt of any research funding for this study.
Availability of data and materials
The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable
request.
Competing interests
The authors (MQ & BG) declare that they have no competing interests. Where MQ is Muhammad Qasim Shabbir and BG
is Syed Babar Waheed Gardezi.
Received: 5 November 2019 Accepted: 21 June 2020

References
1. Wamba SF, et al. Big data analytics and firm performance: effects of dynamic capabilities. J Bus Res.
2017;70:356–65.
2. McAfee A, et al. Big data: the management revolution. Harvard Bus Rev. 2012;90(10):60–8.
3. Boutin X, Clemens G. Defining ‘Big Data’ in Antitrust. 2017.
4. Sagiroglu S, Sinanc D. Big data: a review. In: 2013 international conference on collaboration technologies and
systems (CTS). IEEE. 2013.
5. Wang G, et al. Big data analytics in logistics and supply chain management: certain investigations for research and
applications. Int J Prod Econ. 2016;176:98–110.
6. Gandomi A, Haider M. Beyond the hype: big data concepts, methods, and analytics. Int J Inf Manage.
2015;35(2):137–44.
7. Rossino A. Federal spending on cloud and Big Data are on the rise. 2015.
8. Einav L, Levin J. Economics in the age of big data. Science. 2014;346(6210):1243089.
9. Kubina M, Koman G, Kubinova I. Possibility of improving efficiency within business intelligence systems in companies. Procedia Econ Finance. 2015;26:300–5.
10. Deloitte Consulting, L, B. by Deloitte, Deloitte B. Global human capital trends 2014 engaging the 21st century
workforce. London: Deloitte University Press; 2014.
11. LaValle S, et al. Big data, analytics and the path from insights to value. MIT Sloan Manage Rev. 2011;52(2):21.
12. Schroeck M, et al. Analytics: the real-world use of big data. IBM Glob Bus Serv. 2012;12:1–20.
13. Dubey R, et al. The impact of big data on world-class sustainable manufacturing. Int J Adv Manuf Technol.
2016;84(1–4):631–45.
14. Davenport TH, Patil D. Data scientist. Harvard Bus Rev. 2012;90(10):70–6.
15. CGMA. From insight to impact: unlocking opportunities in Big Data. Atlantic City: CGMA Atlantic City; 2013.
16. Chen H, Chiang RH, Storey VC. Business intelligence and analytics: from big data to big impact. MIS Q.
2012;36:1165–88.
17. Davenport T. Big data at work: dispelling the myths, uncovering the opportunities. New York: Harvard Business
review Press; 2014.
18. Wang Y, Kung L, Byrd TA. Big data analytics: understanding its capabilities and potential benefits for healthcare
organizations. Technol Forecast Soc Chang. 2018;126:3–13.
19. Strawn GO. Scientific research: how many paradigms? Educause Rev. 2012;47(3):26.
20. Agrawal A, Choudhary A. Perspective: materials informatics and big data: realization of the “fourth paradigm” of
science in materials science. Appl Mater. 2016;4(5):053208.
21. Hagstrom M. High-performance analytics fuels innovation and inclusive growth: use big data, hyperconnectivity
and speed to intelligence to get true value in the digital economy. J Adv Anal. 2012;2:3–4.
22. Manyika J, et al. Big data: the next frontier for innovation, competition, and productivity. 2011.
23. Thirathon U. Performance impacts of Big Data analytics. In: PACIS. 2016.
24. Chen X, Siau K. Effect of business intelligence and IT infrastructure flexibility on organizational agility. 2012.
25. Roos J, Edvinsson L, Dragonetti NC. Intellectual capital: navigating the new business landscape. Berlin: Springer;
1997.
26. Wedel M, Kannan P. Marketing analytics for data-rich environments. J Mark. 2016;80(6):97–121.
27. Mikalef P, et al. Big data analytics capabilities: a systematic literature review and research agenda. Inf Syst e-Bus
Manage. 2018;16(3):547–78.
28. Kaivo-Oja J, et al. The effects of the internet of things and big data to organizations and their knowledge management practices. In: International conference on knowledge management in organizations. Springer. 2015.
29. Ferraris A, et al. Big data analytics capabilities and knowledge management: impact on firm performance. Manage
Decis. 2019;57:1923–36.
30. Sumbal MS, Tsui E, See-to EW. Interrelationship between big data and knowledge management: an exploratory
study in the oil and gas sector. J Knowl Manage. 2017;21:180–96.
31. Sumbal MS, Tsui E, See-to EW. Interrelationship between big data and knowledge management: an exploratory
study in the oil and gas sector. J Knowl ManageJ Knowl Manage. 2017;21(1):180–96.

Page 14 of 17

Shabbir and Gardezi J Big Data

(2020) 7:47

32. Barney J. Firm resources and sustained competitive advantage. J Manage. 1991;17(1):99–120.
33. Barney JB, Clark DN. Resource-based theory: creating and sustaining competitive advantage. Oxford: Oxford
University Press on Demand; 2007.
34. Grant RM. The resource-based theory of competitive advantage: implications for strategy formulation. Calif Manage Rev. 1991;33(3):114–35.
35. Inkinen HT, Kianto A, Vanhala M. Knowledge management practices and innovation performance in Finland. Baltic
J Manage. 2015;10(4):432–55.
36. Popovič A, et al. The impact of big data analytics on firms’ high value business performance. Inf Syst Front.
2018;20(2):209–22.
37. Kude T, Hoehle H, Sykes TA. Big data breaches and customer compensation strategies: personality traits and social
influence as antecedents of perceived compensation. Int J Oper Prod Manage. 2017;37(1):56–74.
38. Goes PB. Editor’s comments: big data and IS research. MIS Q. 2014;38(3):3–8.
39. Hashem IAT, et al. The rise of “big data” on cloud computing: review and open research issues. Inf Syst.
2015;47:98–115.
40. Beulke D. Big data impacts data management: the 5 Vs of big data. 2011. http://davebeulke.com/big-data-impac
ts-datamanagement-the-five-vs-of-big-data.
41. Gentile B. Top 5 myths about big data. ashable. Consultado el. 2012.
42. De Mauro A, Greco M, Grimaldi M. A formal definition of Big Data based on its essential features. Libr Rev.
2016;65(3):122–35.
43. Sun J, et al. Leverage RAF to find domain experts on research social network services: a big data analytics methodology with MapReduce framework. Int J Prod Econ. 2015;165:185–93.
44. Cao M, Chychyla R, Stewart T. Big Data analytics in financial statement audits. Account Horiz. 2015;29(2):423–9.
45. McAfee A, Brynjolfsson E. Big Data: the management revolution: exploiting vast new flows of information can radically improve your company’s performance. But first you’ll have to change your decision making culture’. Harvard
Bus Rev. 2012;90:60–8.
46. Stubbs E. Big data, big innovation: enabling competitive differentiation through business analytics. Hoboken:
Wiley; 2014.
47. Parmar C, et al. Robust radiomics feature quantification using semiautomatic volumetric segmentation. PLoS ONE.
2014;9(7):e102107.
48. Scarbrough H, Swan J. Explaining the diffusion of knowledge management: the role of fashion. Br J Manage.
2001;12(1):3–12.
49. Cameron Cockrell R, Stone DN. Industry culture influences pseudo-knowledge sharing: a multiple mediation
analysis. J Knowl Manage. 2010;14(6):841–57.
50. Costa V, Monteiro S. Key knowledge management processes for innovation: a systematic literature review. VINE J
Inf Knowl Manage Syst. 2016;46(3):386–410.
51. Alavi M, Leidner DE. Knowledge management and knowledge management systems: conceptual foundations
and research issues. MIS Q. 2001;25:107–36.
52. Nonaka I, Takeuchi H. The knowledge-creating company: how Japanese companies create the dynamics of innovation. Oxford: Oxford University Press; 1995.
53. Bock GW, Kim Y-G. Breaking the myths of rewards: an exploratory study of attitudes about knowledge sharing. Inf
Resour Manage J (IRMJ). 2002;15(2):14–21.
54. Gupta B, Iyer LS, Aronson JE. Knowledge management: practices and challenges. Ind Manage Data Syst.
2000;100:17–21.
55. Griffin JM, Ji X, Martin JS. Momentum investing and business cycle risk: evidence from pole to pole. J Finance.
2003;58(6):2515–47.
56. Richard PJ, et al. Measuring organizational performance: towards methodological best practice. J Manage.
2009;35(3):718–804.
57. Ho L-A. What affects organizational performance? The linking of learning and knowledge management. Ind Manage Data Syst. 2008;108(9):1234–54.
58. Chung R-G, Lo C-L. The relationship between leadership behavior and organizational performance in non-profit
organizations, using social welfare charity foundations as an example. J Am Acad Bus. 2007;12(1):83–7.
59. Teece DJ. Strategies for managing knowledge assets: the role of firm structure and industrial context. Long Range
Plan. 2000;33(1):35–54.
60. Saltz JS. The need for new processes, methodologies and tools to support big data teams and improve big data
project effectiveness. In: 2015 IEEE international conference on big data (Big Data). IEEE. 2015.
61. Wills MJ. Decisions through data: analytics in healthcare. J Healthc Manage. 2014;59(4):254–62.
62. Goel P, Datta A, Mannan MS. Application of big data analytics in process safety and risk management. In: 2017 IEEE
international conference on Big Data (Big Data). IEEE. 2017.
63. Schoenherr T, Speier-Pero C. Data science, predictive analytics, and big data in supply chain management: current
state and future potential. J Bus Logist. 2015;36(1):120–32.
64. Kiron D, Prentice PK, Ferguson RB. The analytics mandate. MIT Sloan Manage Rev. 2014;55(4):1.
65. Akter S, et al. How to improve firm performance using big data analytics capability and business strategy alignment? Int J Prod Econ. 2016;182:113–31.
66. Davenport TH, Barth P, Bean R. How big data is different. MIT Sloan Manage Rev. 2012;54(1):43.
67. Russom P. Big data analytics. TDWI Best Pract Rep Fourth Quart. 2011;19(4):1–34.
68. Wilkins ML. Computer simulation of dynamic phenomena. Berlin: Springer Science & Business Media; 2013.
69. Gardner J. On moral fiction. Open Road Media. 2013.
70. Columbus L. Making analytics accountable: 56% of executives expect analytics to contribute to 10% or more
growth in 2014, Forbes. 2014.
71. Braganza A, et al. Resource management in big data initiatives: processes and dynamic capabilities. J Bus Res.
2017;70:328–37.

Page 15 of 17

Shabbir and Gardezi J Big Data

(2020) 7:47

72. Provost F, Fawcett T. Data science and its relationship to big data and data-driven decision making. Big data.
2013;1(1):51–9.
73. Kiron D, et al. Analytics: the widening divide. MIT Sloan Manage Rev. 2012;53(2):1.
74. Germann F, et al. Do retailers benefit from deploying customer analytics? J Retail. 2014;90(4):587–93.
75. Wieder B, Ossimitz M, Chamoni P. The impact of business intelligence tools on performance: a user satisfaction
paradox? 2012.
76. Liu Y. Big data and predictive business analytics. J Bus Forecast. 2014;33(4):40.
77. Liberatore M, Luo W. ASP, the art and science of practice: a comparison of technical and soft skill requirements for
analytics and OR professionals. Interfaces. 2013;43(2):194–7.
78. Moffitt KC, Vasarhelyi MA. AIS in an age of Big Data. J Inf Syst. 2013;27(2):1–19.
79. Bange C, Janoschek N. Big Data analytics 2014-towards a data-driven economy. 2014.
80. Laney D. 3D data management: controlling data volume, velocity and variety. Stamford: META Group; 2001.
81. Zander U, Kogut B. Knowledge and the speed of the transfer and imitation of organizational capabilities: an
empirical test. Organ Sci. 1995;6(1):76–92.
82. Gao F, Li M, Clarke S. Knowledge, management, and knowledge management in business operations. J Knowl
Manage. 2008;12(2):3–17.
83. van den Berg HA. Three shapes of organisational knowledge. J Knowl Manage. 2013;17(2):159–74.
84. Piai S, Claps M. Bigger data for better healthcare. IDC Health Insights. 2013.
85. Roosan D, et al. Big-data based decision-support systems to improve clinicians’ cognition. In: 2016 IEEE international conference on healthcare informatics (ICHI). IEEE. 2016.
86. Waller MA, Fawcett SE. Data science, predictive analytics, and big data: a revolution that will transform supply
chain design and management. J Bus Logist. 2013;34(2):77–84.
87. Gupta B, Iyer LS, Aronson JE. Knowledge management: practices and challenges. Ind Manage Data Syst.
2000;100(1):17–21.
88. Erickson S, Rothberg H. Big data and knowledge management: establishing a conceptual foundation. Electron J
Knowl Manage. 2014;12(2):101.
89. Dhar V. Data science and prediction. Commun ACM. 2013;56(12):64–73.
90. Zikopoulos P, Eaton C. Understanding big data: analytics for enterprise class hadoop and streaming data. New
York: McGraw-Hill Osborne Media; 2011.
91. Murdoch TB, Detsky AS. The inevitable application of big data to health care. JAMA. 2013;309(13):1351–2.
92. Lee LT-S, Sukoco BM. The effects of entrepreneurial orientation and knowledge management capability on organizational effectiveness in Taiwan: the moderating role of social capital. Int J Manage. 2007;24(3):549.
93. Assudani RH. Catching the chameleon: understanding the elusive term “knowledge”. J Knowl Manage.
2005;9(2):31–44.
94. Moustaghfir K. The dynamics of knowledge assets and their link with firm performance. Meas Bus Excell.
2008;12(2):10–24.
95. Sabatier PA, et al. Swimming upstream: collaborative approaches to watershed management. Cambridge: MIT
Press; 2005.
96. Nonaka I, Toyama R. The knowledge-creating theory revisited: knowledge creation as a synthesizing process. In:
Edwards JS, editor. The essentials of knowledge management. Berlin: Springer; 2015. p. 95–110.
97. Rivard S, Raymond L, Verreault D. Resource-based view and competitive strategy: an integrated model of the
contribution of information technology to firm performance. J Strateg Inf Syst. 2006;15(1):29–50.
98. Gold AH, Malhotra A, Segars AH. Knowledge management: an organizational capabilities perspective. J Manage
Inf Syst. 2001;18(1):185–214.
99. Mills AM, Smith TA. Knowledge management and organizational performance: a decomposed view. J Knowl Manage. 2011;15(1):156–71.
100. Zack M, McKeen J, Singh S. Knowledge management and organizational performance: an exploratory analysis. J
Knowl Manage. 2009;13(6):392–409.
101. Rastogi PN. Knowledge management and intellectual capital—the new virtuous reality of competitiveness. Hum
Syst Manage. 2000;19(1):39–48.
102. Karimi F, Javanmard M. Surveying the infrastructure and capabilities for knowledge management Implementation
in Supply Chain. JIM QUEST. 2014;10(1):75–82.
103. Polanyi M. The logic of tacit inference. Philosophy. 1966;41(155):1–18.
104. Davenport TH, Prusak L. Working knowledge: how organizations manage what they know. Cambridge: Harvard
Business Press; 1998.
105. Coulson-Thomas C. The knowledge entrepreneurship challenge: moving on from knowledge sharing to knowledge creation and exploitation. Learn Organ. 2004;11(1):84–93.
106. Davidson C, Voss P. Knowledge management: an introduction to creating competitive advantage from intellectual
capital. Madison: Tandem Press; 2002.
107. Nonaka I. A dynamic theory of organizational knowledge creation. Organ Sci. 1994;5(1):14–37.
108. Nonaka I. Models of knowledge management in the West and Japan. 1991.
109. Polanyi M. Personal knowledge, towards a post critical epistemology. Chicago: University of Chicago; 1958.
110. Singh SK. Knowledge management practices and organisational learning in Indian Software Company. Int J Bus
Innov Res. 2009;3(4):363–81.
111. AL-TIT A, Hunitie M. The mediating effect of employee engagement between its antecedents and consequences.
J Manage Res. 2015;7(5):47–62.
112. Zelbst PJ, et al. Impact of RFID on manufacturing effectiveness and efficiency. Int J Oper Prod Manage.
2012;32(3):329–50.
113. Alavi M. Systems for managing organizational knowledge. 2000.
114. Hansen MT. The search-transfer problem: the role of weak ties in sharing knowledge across organization subunits.
Adm Sci Q. 1999;44(1):82–111.

Page 16 of 17

Shabbir and Gardezi J Big Data

(2020) 7:47

115. Dyer JH, Nobeoka K. Creating and managing a high-performance knowledge-sharing network: the Toyota case.
Strateg Manage J. 2000;21:345–67.
116. Vaccaro A, Parente R, Veloso FM. Knowledge management tools, inter-organizational relationships, innovation and
firm performance. Technol Forecast Soc Change. 2010;77(7):1076–89.
117. Wasko MM, Faraj S. Why should I share? Examining social capital and knowledge contribution in electronic networks of practice. MIS Q. 2005:35–57.
118. Lee H, Choi B. Knowledge management enablers, processes, and organizational performance: an integrative view
and empirical examination. J Manage Inf Syst. 2003;20(1):179–228.
119. Ho C-T. The relationship between knowledge management enablers and performance. Ind Manage Data Syst.
2009;109(1):98–117.
120. Bose R. Knowledge management metrics. Ind Manage Data Syst. 2004;104(6):457–68.
121. Almatrooshi B, Singh SK, Farouk S. Determinants of organizational performance: a proposed framework. Int J
Product Perform Manage. 2016;65(6):844–59.
122. Del Giudice M, Maggioni V. Managerial practices and operative directions of knowledge management within
inter-firm networks: a global view. J Knowl Manage. 2014;18(5):841–6.
123. López-Nicolás C, Meroño-Cerdán ÁL. Strategic knowledge management, innovation and performance. Int J Inf
Manage. 2011;31(6):502–9.
124. Chen M, Mao S, Liu Y. Big data: a survey. Mobile Netw Appl. 2014;19(2):171–209.
125. Bange C, Janoschek N. Big Data analytics 2014-towards a data-driven economy’, viewed 27 November 2014. 2014.
126. Baron RM, Kenny DA. The moderator–mediator variable distinction in social psychological research: conceptual,
strategic, and statistical considerations. J Pers Soc Psychol. 1986;51(6):1173.
127. Wincent J. Does size matter? A study of firm behavior and outcomes in strategic SME networks. J Small Bus Enterp
Dev. 2005;12(3):437–53.
128. Donnelly C, et al. Digital loyalty card ‘big data’ and small business marketing: formal versus informal or complementary? Int Small Bus J. 2015;33(4):422–42.
129. Welsh JA, White JF. Converging on characteristics of entrepreneurs. In: Frontiers of entrepreneurship research;
1981. p. 504–15.
130. Coviello NE, Brodie RJ, Munro HJ. An investigation of marketing practice by firm size. J Bus Ventur.
2000;15(5–6):523–45.
131. Thirathon U, Wieder B, Ossimitz M. Impact of big data analytics on decision making and performance. In: International conference on enterprise systems, accounting and logistics. 2017.
132. Emden Z, Yaprak A, Cavusgil ST. Learning from experience in international alliances: antecedents and firm performance implications. J Bus Res. 2005;58(7):883–92.
133. George D, Mallery P. SPSS for Windows step by step: a simple guide and reference, 17.0 update. 10th ed. Boston:
Allyn & Bacon; 2010.
134. Gliem JA, Gliem RR. Calculating, interpreting, and reporting Cronbach’s alpha reliability coefficient for Likert-type
scales. In: Midwest research-to-practice conference in adult, continuing, and community….. 2003.
135. Streiner DL. Starting at the beginning: an introduction to coefficient alpha and internal consistency. J Pers Assess.
2003;80(1):99–103.
136. Leung S-O. A comparison of psychometric properties and normality in 4-, 5-, 6-, and 11-point Likert scales. J Soc
Serv Res. 2011;37(4):412–21.
137. Hair JF, Black WC, Babin BJ, Anderson RE. Multivariate data analysis: International version. New Jersey: Pearson;
2010.
138. MacKinnon DP, et al. A comparison of methods to test mediation and other intervening variable effects. Psychol
Methods. 2002;7(1):83.
139. MacKinnon DP, Fairchild AJ, Fritz MS. Mediation analysis. Annu Rev Psychol. 2007;58:593–614.
140. Ji-fan Ren S, et al. Modelling quality dynamics, business value and firm performance in a big data analytics environment. Int J Prod Res. 2017;55(17):5011–26.
141. Emadzade MK, Mashayekhi B, Abdar E. Knowledge management capabilities and organizational performance.
Interdiscip J Contemp Res Bus. 2012;3(11):781–90.
142. McKeen JD, Zack MH, Singh S. Knowledge management and organizational performance: an exploratory survey.
In: System sciences, 2006. HICSS’06. Proceedings of the 39th annual Hawaii international conference on, IEEE.
2006.
143. Chiou TY, Chan HK, Lettice F, Chung SH (2011) The influence of greening the suppliers and green innovation on
environmental performance and competitive advantage in Taiwan. Transportation Research Part E: Logistics and
Transportation Review 47(6):822–836.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Page 17 of 17

