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Abstract 
 
Big data analytics is the use of advanced analytical techniques on a large dataset to extract meaningful information 
and knowledge for rational decision making on complex operational problems. Despite the conceptualized nexus 
between big data analytics and knowledge management, there is a lack of empirical evidence at the nexus of these 
two important concepts. This research aims to bridge the current gap by devising a model that delves into the direct 
influence of big data analytics on a firm’s operational performance and mediating effect of the knowledge 
management process (knowledge acquisition, knowledge dissemination, and knowledge application). The model is 
tested with data based on a sample of 84 manufacturing companies from Pakistan. The results reveal that the 
knowledge management process has a full mediating effect between big data analytics and operational performance. 
We contribute to the extant literature of big data analytics and operational performance by offering a more nuanced 
understanding of the different components of the knowledge management process. These findings provide strategic 
insights for the senior management on how to best capitalize on the benefits of big data analytics.    
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1. Introduction 

Supply chains (SCs) are deemed the arteries of today’s globalized economy. As such, supply chain management has 
become an essential area of research across all spheres of management (Ali & Gölgeci, 2021). However, 
contemporary supply chains are more extended and complex, necessitating more sophisticated communication, 
collaboration, and control mechanism than ever before (Iftikhar et al., 2021; Ali et al., 2021). In modern supply 
chains, components and commodities are being purchased from multiple continents, assembled in a different 
continent, and distributed worldwide. Take, for example, Apple, Dell, Samsung, and others. Further, firm’s 
operating in these complex supply chains generate a massive amount of structured and unstructured data. To process 
these big data, highly sophisticated methods are required since they cannot be processed through the traditional 
ones. The use of big data facilitates evidence-based decision making, instead of instincts or intuition driven 
decisions. Hence, over the past decade, big data analytics (BDA) has gained its importance not only among 
practitioners but also among academicians (Wamba et al., 2017).  
 
Despite several advances, yet the extant literature has explored the role of BDA in understanding disaster resilience, 
(Papadopoulos et al., 2017), supply chain resilience (Iftikhar et al., 2021), or sustainable performance (Raut et al., 

Proceedings of the Second Asia Pacific International Conference on Industrial Engineering and Operations Management 
Surakarta, Indonesia, September 14-16, 2021

© IEOM Society International 122

mailto:anas.iftikhar@unisalento.it
mailto:i.ali@cqu.edu.au
mailto:adeel.shah@iobm.edu.pk


2019). So far, the beneficial effects of BDA are not fully achieved because of the issue of data quality and the 
challenges of how data is acquired and analyzed. This further requires a diverse set of practices from different 
disciplines and by different actors. Without proper domain knowledge, the desired BDA result cannot be achieved. 
Because it is human knowledge that decides which information extracted from the big data needs to be used for 
decision making (Ferraris et al., 2019).  
 
In the dynamic marketplace where supply chains are competing with other supply chains, competitiveness is gained 
through the knowledge of SC partners. As a result, knowledge management (KM) has emerged as an important field 
of study within the supply chain management domain (Ali & Gurd, 2020). An important objective of knowledge 
management is to assure effective decision making through the knowledge generated by BDA (Sumbal et al., 2017; 
Ali et al., 2021). Technologically oriented organizations like Amazon, Facebook, and eBay efficiently use BDA to 
manage the conglomerate amount of knowledge to increase their revenues and enhance their operations (Davenport 
and Patil, 2012). The growing academic interest has been observed in big data analytics, however, to what extent the 
knowledge management process enables BDA to support firms in achieving their strategic plans (sustainability, 
resilience, operational performance) is an area that warrants further examination (Giannoccaro & Iftikhar, 2020). 
Prior research also highlighted the importance of studying the link between BDA and KM (Davenport, 2013) as well 
as BDA and firm performance (Ali & Gölgeci, 2019). The BDA in the literature is characterized by volume, 
velocity, variety, veracity, and value (Wamba et al., 2017), while KM by knowledge acquisition, knowledge 
dissemination, and knowledge application (Schoenherr et al., 2014). As a result, BDA is capable to identify hidden 
knowledge and generate new useful information for the decision makers (Ali, 2019; Ali & Aboelmaged, 2021). The 
KM attributes have been discussed in the literature to improve business efficiency and gain competitive advantage 
(Witherspoon et al., 2013).  While extant literature mentions the positive link between BDA and sustainable and 
resilience performance (Raut et al., 2019; Papadopoulos et al., 2017), the mechanism that supports the BDA towards 
positive effect on operational performance is not well understood. This research aims to examine this missing link, 
by investigating the intervening role of KM attributes (knowledge acquisition, knowledge dissemination, and 
knowledge application) between BDA and a firm’s operational performance.  
 
To achieve the aim of our research, first, we empirically test the direct effects of BDA in improving the firm’s 
operational performance. We have then tested the sequential mediating effects (indirect effects) of knowledge 
management components (knowledge acquisition, knowledge dissemination, and knowledge application) between 
BDA and the firm’s operational performance. An empirical analysis was performed by collecting data from an 
emerging economy, Pakistan, and analysis was performed through covariance-based structural equation modeling 
technique.  
 
The remainder of the paper is organized as follows. The research model along with the research hypothesis is 
proposed in Section 2, Section 3 discusses the methodology adopted, then Section 4 explicates the results of the 
empirical model and presents the theoretical, while conclusion including managerial is presented in section 5.     
 
2. Research Model and Hypotheses 

The proposed research framework, as given in Figure 1, is developed based on the knowledge based view (KBV) 
(Grant, 1996; Kogut and Zander, 1992), which assumes knowledge as a source of competitive advantage. Grant 
(1996) argued that knowledge energizes the KM process, and it complements different kinds of knowledge. In a 
similar vein, BDA possesses the capability to capture and utilize different kinds of knowledge from various sources 
and in various formats to produce meaningful knowledge for efficient decision making (Kitchin, 2013).  
 
We contend, based on the KBV theory above, that the knowledge management process is the missing link that may 
interfere between BDA and firm operational performance.  In an extended SC, there is an abundance of knowledge 
which is quite often a managerial challenge to efficiently handle (Nuruzzaman et al., 2018). Andersson et al. (2015) 
argued that firms with greater expertise in handling various types of knowledge are far more innovation oriented and 
may better maximize other internal resources and capabilities, like BDA. Further, the main reason behind 
empirically validating the above phenomena is that the earlier studies found an inconsistent result between 
information system (IS) and KM investments over the improved business and operational efficiency (Irani, 2010). 
Also, many studies are conducted in the developed countries, whereas less focus on emerging and developing 
countries is found. The focus of E&DE firms on IS and KM related investments is limited and not mature. Apart 
from the beneficial effects of BDA, its successful implementation is also a big challenge (Gandomi and Haider, 
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2015). Moktadir et al. (2018) mentioned that due to the lack of trained workforce, lack of technical infrastructure, 
data integration complexities, etc., firms cannot exploit the full potential of BDA in their business operations. 
 
To conceptualize the KM process, we draw on the three acknowledged aspects of knowledge acquisition, knowledge 
dissemination, and knowledge application (Gold et al., 2001). The knowledge acquisition process corresponds to the 
techniques directed at new knowledge creation to improve the core competencies (Lyles and Salk, 1996). 
Knowledge dissemination considers making acquired knowledge useful to the organization by converting implicit 
information into specific knowledge (Gold et al., 2001). This is particularly important in an SC relationship, given 
the diversity of complex information across the SC participants (Roy et al., 2004); whereas knowledge application 
refers to the process of utilizing the shared information to solve new problems and devise strategies (Schoenherr et 
al., 2014).  
 
Further, big data analytics enables a massive source of data/knowledge to be instantly stored in the main server, 
which is linked to different applications within a company. This big data can be used to make rational decisions and 
solve diverse operational hiccups. To use a specific set of information from the big data pool for a problem of 
nature, managers would need a structured knowledge management process—knowledge acquisition, knowledge 
dissemination, and knowledge application. Knowledge acquisition would enable the acquisition of a subset of data 
(from the main data pool) given the problem at hand such as supply-demand misalignment. Knowledge 
dissemination facilitates sharing the relevant information in a usable form. Knowledge application supports 
identifying the hidden trend and developing the required course of action. We, therefore, argue that the use of big 
data analytics through a structured knowledge management process would have much better implications for 
performance improvement.   
 
 
  
 
 
 
 
 
 
 
 

 
Figure 1. Proposed research model 

 
Thus, based on our above explanation, the following are the proposed hypotheses: 
H1. The BDA has a direct positive and significant relationship with Operational Performance. 
H2. The BDA has a significant positive impact on Operational Performance via knowledge acquisition, 
knowledge dissemination, and knowledge application (sequentially).  
 
3. Research Methodology 

3.1 Sample and Data Collection 

Consistent with the objective of this research, a quantitative method with an online survey questionnaire as the 
primary data collection tool was employed. A structured survey questionnaire was designed following the guidelines 
of Dillman (2011). The data for this research is collected from an emerging and developing economy (E&DE), 
Pakistan, to explore the role of BDA in enabling KM attributed to the firm’s operational performance. The E&DEs 
are more vulnerable to SC disruptions and adversity due to the political instability, hence are more conservative in 
resource allocation. This study on BDA and KM particularly from an E&DE makes it particularly relevant. The 
target population for our research is the full-time professionals having a minimum of 2-3 years of experience in 
Supply Chain Analytics/Business Analytics/Business Intelligence, currently working in Pakistan. The relevant 
experience was deemed necessary to assure the reliability of the responses. We approached the participants through 
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a professional networking platform LinkedIn and the university alumni database. In total, we asked 500 participants 
to fill the survey questionnaire and received 84 usable responses. The response rate in our case was (16.6 %), which 
is considered adequate to conduct statistical analysis (Han et al., 2017). As presented in the participant’s Table 1, the 
demographic details of the participants are fairly distributed.  
 

Table 1: Participant profile. 
 

Profile Number Percentage 

Gender Female 11 13% 
Male 73 87% 

Age 
25 - 34 58 69% 
35 - 44 20 24% 
45 - 54 6 7% 

Experience 
(years) 

3-5 53 63% 
6-8 9 11% 
9-11 5 6% 
More than 11 years 17 20% 

Firm Size 

500 - 1000 employees 20 24% 
Below 500 employees. 19 23% 
More than 1000 
employees. 45 54% 

Firm Sales 
(PKR) Million 

0 - 1000 18 21% 
1001 - 2000 11 13% 
2001 - 3000 16 19% 
> 3001 39 46% 

 
3.2 Construct Operationalization 

In this study, we adopted the established and validated measurement scales from the extant literature. We measured 
the constructs through five-point Likert scales, where 1 represents “strongly disagree” and 5 represents “strongly 
agree”. In Table 2, details of each construct with its measurement items are given. 
 

Table 2: Measurement Items 
 

Construct Measurement Item Reference 
Big Data 
Analytics 
(BDA) 

Our organization is capable of parallel computing to address 
voluminous data. 

Choi et al., 2018; 
Wamba et al., 2017 

Real-time assessment of data and information has helped the 
organization in better decision making. 
Our system is capable to handle semi-structured and unstructured 
data. 
Truthfulness and accuracy of data has helped our organization.  

Data driven intelligence has made decision making more effective. 

Our organization has good infrastructure and facilities. 
The interchange ability of services (cloud, mobile, and analytics) 
plays key role. 
Analytics personnel are proficient with programming, data 
management, new tools, etc. 

Knowledge 
Acquisition 
(KAQ) 

Our organization values employees’ attitudes and opinions. Darroch (2003). 
Our organization has well developed financial reporting systems. 
Our organization is quick to detect changes in customer preference 
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and their adoption. 
Our organization works in partnership with international 
customers. 
Our organization gets information from market surveys. 

Knowledge 
Dissemination 
(KD) 

Our organization actively arranges coaching and training sessions 
for knowledge transfer.  

Darroch (2003), Blome 
et al., (2014). (Ali & 
Gurd, 2020) Our organization regularly conduct departmental meetings to 

discuss market trend and developments. 
Our organization share important information with all employees 
through internal web portal, emails or other technological means. 
Our organization’s suppliers are able to share his expertise in new 
technology with us. 
Our organization conduct frequent meetings with their suppliers to 
develop new knowledge. 
In the buyer supplier relationship, our organization convert 
technical know-how of the supplier into our new products and 
processes.  

Knowledge 
Application 
(KAP) 

Our organization has developed processes for using knowledge to 
solve new problems. 

Schoenherr et al., 
(2014); Sangari et al., 
(2015); Tseng, (2014). Our organization has developed processes to locate and apply 

knowledge to changing competitive conditions. 
Our organization has methods to analyze and critically evaluate 
knowledge to generate new patterns and knowledge for future use. 
Our organization is equipped with the ability to apply knowledge 
to adjust strategic direction. 

Operational 
Performance 
(OP) 

We can earn our expected profit. Tseng, (2014); 
Chowdhury et al. (2019) Our return on investment is very high. 

We have satisfactory sales growth. 
We meet the expected quality of our supply chain partners. 
Our customer service level is very high. 
We can deliver products within the desired lead time. 

 
3.3 Measurement Model Evaluation 

To empirically validate the research model, this study adopted Covariance Based Structural Equation Modelling 
(CB-SEM). As suggested by Anderson and Gerbing (1988), this SEM technique uses two step approach, first by 
analyzing measurement and then the structural model. In this paper, we considered the following goodness of fit 
indices following Hair, Anderson, Tatham, and William (1998): root mean square error of approximation (RMSEA) 
and comparative fit index (CFI), TLI, NFI. We performed these analyses on AMOS software. 
 
We developed the path diagrams on AMOS as shown in Figures 2 and 3. Tables 4 – 6 mention the goodness of fit 
indices, where the chi-square (χ2 /df) = 1.729 (<3.0), CFI = 0.927 (>0.90), TLI = 0.911, IFI = 0.931, RMSEA = 
0.054. Therefore, we can conclude that in this collected dataset, the goodness of fit statistics has an acceptable level 
of values.   
 
To assess the construct reliability, we examine Cronbach’s alpha and composite reliability values. As mentioned in 
Table 3, Cronbach’s alpha ranges from 0.760 to 0.906 and composite reliability ranges from 0.839 to 0.934 which 
are well above the recommended values (Hair et al., 1998) The items were loaded to their respective constructs 
(Figure 2 and 3) with a factor loading of well above the recommended value (0.70), confirming unidimensionality of 
each construct (Hair et al., 1998). Besides, for convergent validity, we also examine the average variance extracted 
(AVE), which has a minimum cut-off requirement to be higher than 0.50 (Bagozzi and Yi, 1988; Hair et al., 2011). 
Our AVE values range from 0.502 to 0.780.  
 

Table 3: Measurement Model 
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Constructs Cronbach's 
Alpha 

Composite 
Reliability 

Average 
Variance 
Extracted 
(AVE) 

BDA 0.856 0.890 0.537 
KAP 0.906 0.934 0.780 

KAQ 0.760 0.839 0.512 
KD 0.892 0.917 0.650 

OPER 0.800 0.857 0.502 
 

Table 4: GFI Indices – Chi-Square 
 

Model NPAR CMIN DF P CMIN/DF 
Default model 89 596.353 345 .000 1.729 

Saturated model 434 .000 0   

Independence 
model 56 1832.979 378 .000 4.849 

 
Table 5: Comparative fit index 

 
 
 
 
 
 

 
 

Table 6: RMSEA index 
 

 
 
 
 
 
 

 
 
3.4 Hypothesis Testing 

Following the assessment of the measurement model, we test the hypothesis. We have presented the outputs from 
the AMOS software of both, the direct effect (H1) and the sequential mediation effect (H2), see Figures 2 and 3. 
Figure 2 shows that the direct effect of BDA on OPER is positive and significant (β=0.45; p<0.000). To test the 
sequential mediation (indirect effects), we performed bootstrapping with 2000 bootstrap samples using SEM. Figure 
3 presents (H2) the indirect effects of BDA on OPER through the knowledge management process (knowledge 
acquisition => knowledge dissemination => knowledge application) becomes insignificant with a substantial 
decrease in the magnitude of beta value (β=0.25; p=0.100).  
 
According to Baron and Kenny (1986) if the relationship between an independent variable and dependent variable is 
changed from significant to insignificant or vice versa as well the value of the path coefficient is reduced due to the 
mediator, then the model shows a full mediation effect. Since in our model, after introducing the three main 
components of the knowledge management process as mediators, the significant effect from BDA to OPER not only 
becomes insignificant but also the path coefficient reduced from β=0.45 to β=0.25. We can conclude that our model 

Model NFI 
Delta1 

RFI 
rho1 

IFI 
Delta2 

TLI 
rho2 CFI 

Default model .895 .844 .931 .911 .927 
Saturated model 1.000  1.000  1.000 

Independence model .000 .000 .000 .000 .000 

Model RMSEA LO 90 HI 90 PCLOSE 

Default model .054 .081 .106 .000 

Independence model .215 .206 .225 .000 
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has a full mediation effect. That is, the knowledge management process significantly mediates the relationship 
between BDA and OPER.  
 
 
 
 
 
 
 

Figure 2. Path diagram with a direct effect of BDA on OPER 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Path diagram with sequential mediation effect of Knowledge management process 
 

4. Discussion and Implications 

This is one of the first studies that examine how different components of knowledge management process in a 
supply chain mediate the relationship between BDA and OPER. Unlike the earlier research, whose focus was 
primarily on single KM capability within an enterprise (Ferraris et al., 2019; Cui et al., 2005), this research examines 
the critical components in the KM process from the SC perspective. The SCs generate tons of information in the 
form of big data analytics, therefore the unification of a large amount of data and dealing with it with precision is 
essential for an improved firm’s operational performance. It has been argued in the extant literature (Pauleen & 
Wang, 2017) that knowledge is one of the significant components behind big data theorization. Through this study, 
we empirically validate the prior research; that is, the knowledge management process plays a substantial role to 
exploit the full potential of big data analytics and achieve better firm operational performance.  
 
We argue in this research that the driving force behind the analysis of data is the human experience. It is at the 
discretion of human knowledge to determine how the information will be extracted and at which organizational level 
it needs to be applied. Therefore, we found that to fully benefit from the BDA, firms must also nurture and establish 
the KM process. In this disruptive and globalized SC, the key resource firms need to recognize is the managerial 
decision-making ability, accomplished through knowledge generated from big data analytics (Thomas and Chopra, 
2020). It is of utmost significance, to bring people with the domain knowledge together with the right data, but also 
need to include people with critical problem-solving abilities to efficiently leverage them. Thus, this approach will 
pave its way towards creating a data driven decision making culture.  
 
This research is specifically conducted in an emerging and developing economy, will be useful in policy making for 
BDA adoption. Through this research, we suggest to the top management of these economies that firms need to not 
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only develop BDA capabilities but also need to combine the domain expertise and knowledge, leading towards 
better decision making and performance. It has also been underlined from this research that firms need to develop 
KM capabilities to reap the benefits of these positive results.   
 
We have the following theoretical contributions in this study. First, we have tested an empirical validation between 
BDA adoption and the firm’s operational performance in an E&DE. Secondly, we also contributed to the literature 
of KM by empirically testing the critical components of the KM process in identifying the potential of BDA towards 
improved operational performance. We find out that the components of KM process (knowledge acquisition, 
knowledge dissemination, and knowledge application) are more effective in influencing BDA and operational 
performance. Finally, we also contributed from the KBV standpoint, where we theorize the components of KM 
process as the valuable bundle of resources that provides specific advantages to the firms. 
 
 
 
5. Conclusions 

In recent years we have seen the grown significance of BDA adoption among SCM professionals and academicians 
at the different organizational levels (Wang et al., 2016). In the current hypercompetitive environment, BDA has 
evolved into an advanced organizational capability that may lead to an improved demand prediction and firm 
performance (Arunachalam et al., 2018). So far, little knowledge exists that to what extent KM components 
complement the BDA adoption for an improved firm’s operational performance. 
 
In this paper, we focused on the relevance of the KM process to maximize the benefit of big data. Firms can harness 
a long-term competitive edge by developing and integrating resources and capabilities specific to big data use. Our 
findings show that, in addition to investing in BDA attainment, businesses must also instigate a structured 
knowledge management process to generate value. More specifically, we investigated that whether the relationship 
between BDA and OP is contingent on the KM process. We performed this study by conducting an empirical survey 
of 84 participants in Pakistan, particularly from an E&DE perspective. Our proposed model highlights that there is a 
full mediation effect of the KM process between BDA adoption and the firm’s OP.  
 
Future research may examine the dynamic capabilities and resources between the understudied concepts. This will 
lead to a deeper understanding of the underlying relationship mechanism. We also suggest future researchers study 
the extent to which the combined interplay of BDA and KM capabilities may affect SC resiliency and sustainability. 
We suggest studying this phenomenon considering different turbulence levels through an agent-based model, which 
is more suitable in resilience studies (Giannoccaro & Iftikhar, 2020). Further studies may also focus on the key 
resources valuable for maximizing the utility of big data, for instance how the new managerial skills, complex 
problem solving, critical thinking, and creativity may affect the managerial decision-making ability. As for the 
limitation, the result of this study is based on a limited sample size of 84 respondents from an E&DE. The result of 
this research is a part of our ongoing research project.  
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