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Abstract
Extant research shows that big data analytics (BDA) capability is often employed as a part 
of organizational resources to enhance firm performance. Drawing upon the resource-
based view, dynamic capabilities, and contingency theory, this study endeavors to examine 
the alignment between BDA capability and a specific type of procurement strategies (i.e., 
supplier development) and its impact on firm performance. The study extends the BDA 
capability research by investigating the direct impact of BDA capability on supplier devel-
opment and firm performance, respectively, and by exploring both mediating and moderat-
ing effects on the relationship between supplier development and firm performance. The 
main results show that a firm’s BDA capability has not only a direct positive significant 
impact on supplier development, but also a direct positive significant impact on its busi-
ness performance. More importantly, the results indicate strong moderating and mediating 
effects of BDA capability on supplier development, which in turn affects the improvement 
of firm performance. Theoretical and managerial implications along with future research 
directions are provided in the end.

Keywords Big data analytics · Supplier development · Firm performance · Supply chain 
management

1 Introduction

The 21st-century global economy is exhibiting an unprecedented rate of change due to 
rapid technology and societal development. This fast-changing business environment 
compels management to frequently revisit and adjust firm strategies to survive and thrive. 
Being able to take advantage of emerging technologies effectively and to gain access to the 
abundant information regarding the changing market is a critical capability of achieving 
success in this dynamic global arena. Extant research indicates that when facing the current 
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competitive and changing business environment, leaders are more likely to conduct the 
strategy setting and decision making through a data-driven process (Davenport 2006). The 
new world competition is no longer between organizations, instead, it is about the rivalry 
among supply chains (Trkman 2010).

The recent explosion of the vast amount of digital information, the so-called “big data”, 
such as the infinite amount of facts, opinions, conversations, videos, pictures, product 
information, ratings, references, and trends, has started to exert an increasingly signifi-
cant impact on people, government, education, healthcare, and business (Chen et al. 2012; 
McAfee and Brynjolfsson 2012). The growing movement of digitization of many business 
activities also leads to the steady cost reduction associated with storing, processing, and 
transmitting big data. Organizations, who never thought that they would be affected by 
big data, are now facing the challenges of understanding the phenomenon and learning 
to apply the technology to translate the massive influx of data into operational insights 
(Kache and Seuring 2017; Loebbecke and Picot 2015; McAfee and Brynjolfsson 2012).

Nevertheless, the attitude towards using big data in decision making across industries 
varies considerably (McAfee and Brynjolfsson 2012). Results of business performance 
augmentation from the investment in technology, building up new capabilities, and intelli-
gent application of big data analytics (BDA) have appeared to be mixed. Big data executive 
survey 2017 (NewVantage Partner 2017) revealed that among the Fortune 1000 companies, 
less than half of them still have not started any big data projects to improve financial per-
formance, while a quarter of them have yet seen any value in boosting revenue or decreas-
ing the cost with their investment. A similar 2018 survey (NewVantage Partner 2018) dis-
closed that although the majority of the big firms have invested in BDA, about one third 
have not seen any measurable results.

Major challenges to developing business strategies to harness the value of big data 
were addressed in Opresnik and Taisch (2015) and Mishra et al. (2017). Kache and Seur-
ing (2017) found four supply chain level challenges that prevent firms from rendering the 
full benefits of big data capabilities; namely, governance and compliance, integration and 
collaboration, IT capabilities and infrastructure, information and cyber security. Mishra 
et al. (2018) classified six research streams on BDA in the supply chain context, most of 
which are technique based (e.g., clusters 2, 3, 5 & 6). The paper suggested future BDA 
research lies in assessing the ability of BDA to enhance firm performances (e.g., efficiency 
and effectiveness). Rialti et al. (2019) examined four clusters of research related to big data 
capabilities in the supply chain management domain. They argued that the majority of the 
research is either theoretical or qualitative, and call for “quantitative research on the phe-
nomenon”. Similarly, Arunachalam et al. (2018) found that there is limited empirical study 
examining the result of business performance through managing the supply chain using 
BDA capability.

As the supply chain is a broad term suggesting the assimilation of various organiza-
tions and business activities, including coordinating materials, information, and financial 
flows, for satisfying the customer demands, discussing the management of supply chain 
needs an explicit reference. Some studies focused on the search for optimal supply chain 
decisions with inventory discounts, bidding, or lost sales with uncertain demands (Kate-
hakis and Smit 2012; Puranam and Katehakis 2014; Katehakis et  al. 2015). While oth-
ers investigated the relationship between lean issues and supply chains (Zhou and Ji 2015; 
Zhou 2016). Wamba et  al. (2015) recommended future studies should answer questions 
such as how big data and predictive analytics can be used to improve collaborative perfor-
mance among partners in a supply chain network. In the review of BDA research, Nguyen 
et al. (2018) suggested several research gaps existed in some supply chain functions such 
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as procurement. Based upon the resource-based view (RBV) and contingency theory, the 
alignment between BDA capability and business strategy, and the effect on firm perfor-
mance are examined (Akter et al. 2016; McAfee and Brynjolfsson 2012). Moreover, some 
empirical studies assessed BDA capability as a moderating effect (Akter et al. 2016; Dubey 
et al. 2018, 2019; Shirish 2018), others explored the mediating effect of BDA capabilities 
from either a dynamic capability perspective (Wamba et al. 2017) or a big data strategy 
standpoint (Shirish et al. 2018).

In this study, we aim to investigate the relationship between BDA capability, sup-
plier development, and firm performance. Drawn on resource-based view (Barney 1991), 
dynamic capabilities theory (Teece et  al. 1997), and contingency theory (Venkatraman 
1989), this study examines the role of BDA capability and assesses how a firm’s BDA 
capability, supplier development activities, affect firm performance. The objective of this 
study is three-fold. First, based on the strategic significance of procurement function, par-
ticularly the strategic orientation and operational aspect of supplier development to the 
whole supply chain performance, this study examines how a firm’s supplier development 
may affect its firm performance. Secondly, as the importance of big data rises in supply 
chain management, this study explores the direct impact of BDA capability of a firm on 
both its supplier development and firm performance. Thirdly, to gain a better understand-
ing on how the alignment between a firm’s BDA capability and supplier development 
may affect business performance, the paper further investigates the roles (moderating and 
mediating) of BDA capability on the relationship between supplier development and firm 
performance. In summary, the study tries to answer the following main research ques-
tions: a) is there any direct link between BDA capability with firm performance? b) how is 
BDA capability associated with supplier development? c) how is the interaction between 
BDA capability and supplier development associated with firm performance? And d) how 
is the mediating effect of BDA capability on supplier development associated with firm 
performance?

The remainder of the paper is structured as follows. In the second section, the theo-
retical background and the proposed hypotheses are discussed. In the third section, the 
research methodology employed in the paper is discussed. Model results and analysis are 
presented in section four. Lastly, the paper concludes with discussions of theoretical and 
managerial implications, along with the suggestions of future research.

2  Theoretical underpinning and hypotheses development

2.1  Supplier development, resource‑based view, and firm performance

Nowadays, procurement in the supply chain has evolved from the routine and opportun-
istic-oriented administrative purchasing function to an integrated and long-term focused 
value-creating process (Knoppen and Saenz 2015). The purchasing value concerning the 
cost of goods sold accounts for approximately 50–80% in manufacturing firms, and the 
amount of service purchased has also been increasing exponentially (Ellram et al. 2007; 
Luzzini and Ronchi 2016). Many companies have recognized the essential role of overall 
procurement in achieving competitive advantage due to increased outsourcing decisions. 
Procurement in supply chain management is viewed as a firm’s unique resource for sus-
taining competitive advantage (Barney 2012). Procurement strategy and how to effectively 
work with suppliers can impact a firm’s competitiveness (Chiou et al. 2011; Li et al. 2012).
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A key component of procurement strategy is supplier development. Watts and Hahn 
(1993) defined supplier development as “a long-term cooperative effort between a buying 
firm and its suppliers to upgrade the suppliers’ technical, quality, delivery, and cost capa-
bilities, and foster ongoing improvement”. Krause and Ellram (1997) stated that supplier 
development refers to “any effort of a buying firm with its supplier(s) to increase the per-
formance and/or capabilities of the supplier and meet the buying firm’s short-and/or long-
term supply needs.” Regardless the precise definition, supplier development encompasses 
choosing the right suppliers and proactively managing these suppliers in a long-term man-
ner, aligning the strategic orientation and the performance of these suppliers to the buying 
firm’s strategy in its market and value proposition (Knoppen and Saenz 2015). Krause and 
Ellram (1997) found that majority of buying firms that involved in supplier development 
regard their suppliers as essential partners, and emphasize on some critical elements than 
firms who were not involved in supplier development.

Ample research has investigated the relationship between supplier development and 
buying firm’s business performance (Ağan et  al. 2016; Carr and Kaynak 2007; Li et  al. 
2003; Sánchez-Rodríguez et al. 2005); yet the results are mixed. For instance, Humphreys 
et  al. (2004) studied supplier development on the buyer’s performance among 142 elec-
tronic manufacturing companies. Some specific factors of supplier development, such as 
supplier’s strategic goals, effective communication, long-term commitment, and supplier 
evaluation, were discussed for their potential effects on the buying firm’s performance, 
which includes market share and cost reduction. Supplier development is found to signifi-
cantly and positively impact performance outcomes. Srinivasan et al. (2011) investigated 
the buyer–supplier partnership quality. Interestingly, their results indicate that in the pres-
ence of high demand and supply-side risks, the link between buyer–supplier’s relationship 
quality and buyer’s performance is strengthened; in the presence of high environmental 
uncertainty, this link is weakened, suggesting that the impact of supplier development on 
performance may not always be significantly positive.

A case study of a UK manufacturing organization revealed that supplier development is 
crucial and strongly affects the operational and business performance of the organization 
(Dey et al. 2015). This conclusion was also reached by several earlier studies (Hartmann 
et al. 2012; Kannan and Tan 2002, 2006). Nonetheless, other researches do not appear to 
share the same view (Rozemeijer 2008; Luzzini and Ronchi 2016). For instance, Luzzini 
and Ronchi (2016) explored the purchasing function’s contribution to business perfor-
mance and found that the external practices for relationship management with suppliers, 
such as supplier development, exert no effect on business performance. Thus, they suspect 
that the positive effect of supplier development on performance might only occur for a few 
categories of purchases, not necessarily within the entire supply base. Evidently, a unified 
conclusion regarding the relationship between supplier development and business perfor-
mance has not been reached.

In this study, we attempt to empirically test the relationship between supplier develop-
ment and firm performance. Supplier development is drawn upon the resource-based view 
(RBV) (Barney 1991, 2012; Barney et al. 2001) where resources can be viewed as either 
human capital (i.e. experience, judgment, relationships of individual managers and work-
ers, physical capital, property, plant, and equipment) or organizational capital (i.e. organi-
zational structure, planning processes, controlling and coordinating systems (Barney 1991; 
Größler and Grübner 2006). Thus, we propose the following:

Hypothesis 1 Supplier development is positively associated with firm performance.
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2.2  Big data analytics capability, dynamic capabilities, and firm performance

The widespread adoption of digital technologies and the creation of an increasingly mas-
sive amount of data have led to the emergence of big data analytics (BDA) (Manyika et al. 
2011; Purcell 2013). The implications of BDA capability in businesses, government organ-
izations, and academic institutions have attracted growing attention among corporate lead-
ers, government officials, and academic scholars (Chen et al. 2012; Gandomi and Haider 
2015; McAfee and Brynjolfsson 2012). Big data analytics (BDA) is defined as a complex 
process combining big data and business analytics for managing, processing and analyzing 
high-volume, velocity, and a variety of information assets in order to gain insights (Russom 
2011; Wang et al. 2016). Using BDA as an advanced tool is expected to measure more pre-
cise trends, provide more accurate predictive models, and optimize business processes than 
taking the traditional analytics approaches, particularly in the field of logistics and supply 
chain management, where data-driven decision-making is a key component of most job 
descriptions (Hazen et al. 2016; Wamba et al. 2015).

The capability of using BDA in supply chain management is described as “the abil-
ity of organizations to collect and organize supply chain data from heterogeneous systems 
distributed across organizational boundaries, analyze it either batch-wise, or real-time, 
or near real-time, and visualize it intuitively to create proactive supply chain system and 
support decision making” (Arunachalam et  al. 2018). This capability is measured by an 
organization’s capacity not only in generating, visualizing, integrating, managing and ana-
lyzing data, but also in having a data-driven culture (Rozados and Tjahjono 2014). Top 
performing organizations such as Amazon and Walmart have embraced BDA technology 
and invested substantially in acquiring the BDA capability to help manage supply chain 
and achieve a decisive competitive advantage.

Dynamic capabilities refer to “the firm’s ability to integrate, build, and reconfigure 
internal and external competencies to address rapidly changing environments” (Teece et al. 
1997). According to Baker et  al. (2011), while the resource-based view is a static view 
of the firm resources, the dynamic capabilities explain that internal technological, organi-
zational, and managerial processes enable firms to generate economic rents in settings of 
rapid change. From a theoretical standpoint, dynamic capabilities theory is employed as 
the overarching theory in understanding how BDA capability is associated with firm per-
formance, as in most of the other research work (Côrte-Real et al. 2017; Dubey et al. 2019; 
Rialti et al. 2019; Shirish et al. 2018; Teece et al. 1997; Wamba et al. 2017). Thus, we posit 
the following:

Hypothesis 2 Big data analytics capability is positively associated with firm 
performance.

2.3  Big data analytics capability and supplier development

One of the critical areas where the incorporation of BDA becomes a hot topic is procure-
ment because of its strategic importance (Wang et  al. 2016). Some research has tried to 
understand the different dimensions of the concept and to capture BDA’s potential benefits 
(Chen et al. 2012; Wamba et al. 2015; Wang et al. 2016). For instance, some studies on 
BDA in strategic sourcing focus on collaboration and supplier relationship management, 
including the decisions regarding cost, quality, delivery, as well as some strategic dimen-
sions and capabilities of the suppliers (Choi 2013; Choi et al. 2018; Huang and Handfield 
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2015; Kaur and Singh 2018; Singh et al. 2018). Others look into BDA’s application in sup-
plier network development and attempt to capture changes on demand patterns, sourcing 
strategies, and operating cost for deciding the number, the locations, and the configuration 
of the supplier network (Prasad et al. 2016; Soleimani et al. 2014; Wang et al. 2016; Zhao 
et al. 2017). Operational benefits for tactical decision making in managing supply risk and 
supplier performance have also been examined (Kabak and Burmaoglu 2013; Souza 2014).

Results from the literature demonstrate that BDA can support supplier management 
decisions by providing in-depth information on organizational spending pattern, on trends 
and events through monitoring publicly available news or social media channels associated 
with suppliers, and on all forms of supplier data across global organizations. These may 
include factors such as quality, delivery, guarantee, and timeliness to aid in choosing the 
right suppliers; creating and optimizing complex distribution network; assessing and man-
aging supply risk in a real-time fashion; and continuously monitoring supplier performance 
(Wang et  al. 2016; Tiwari et  al. 2018). Thus, cost-savings and performance-enhancing 
opportunities for organizations can be identified and implemented. It can be postulated that 
the firm’s BDA capability can act as an enabler of supplier development, which encom-
passes the method of supply selection, the ongoing supplier relationship management, the 
recognition of the importance of various suppliers, the alignment of supplier’s strategic 
orientation with that of the buying firm, as well as monitoring suppliers’ operational per-
formance (Burt et al. 2003; Paik et al. 2009). Therefore,

Hypothesis 3 Big data analytics capability is positively associated with supplier 
development.

2.4  Contingency theory, moderating effect, mediating effect, and firm 
performance

Six types of strategic alignment are developed in the contingency theory (Venkatraman 
1989), they are “Fit as Moderation”, “Fit as Mediation”, “Fit as Matching”, “Fit as Covari-
ation”, “Fit as Profile Deviation”, and “Fit as Gestalts”. The first three types are dealing 
with two predict variables situation, “Fit as Matching”, unlike “Fit as Moderation” and “Fit 
as Mediation”, is “a measure of fit between two variables developed independently of any 
performance anchor (Venkatraman 1989, p. 430). Thus, in this study, we explore “Fit as 
Moderation” and “Fit as Mediation” between BDA capability and supplier development, 
and the effects on firm performance.

A basic moderating effect can be viewed as an interaction between an independent vari-
able and a factor that specifies the appropriate conditions for its operation, and a mod-
erator influences the strength of a relationship between two other variables (Baron and 
Kenny 1986; Venkatraman 1989). A number of research papers consider various factors, 
such as supply base complexity (Jeble et al. 2018), organizational flexibility (Dubey et al. 
2018), flexible orientation and control orientation (Dubey et al. 2019), and big data culture 
(Wamba et al. 2017; Dubey et al. 2019), as the moderating variable and examine the inter-
action between BDA capability and a certain variable on firm performance.

Some research work also investigates the alignment between BDA capability and 
business strategy built upon the resource-based view and contingency theory (Akter 
et  al. 2016; McAfee and Brynjolfsson 2012). In this study, we explore the align-
ment between BDA capability and supplier development as a procurement strategy, 
and its impact on firm performance. We examine whether BDA capability serves as a 
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moderating variable in the relationship between supplier development and firm perfor-
mance, in addition to its respective direct effect on supplier development and firm per-
formance, as this research question has never been answered in the previous literature. 
Based on the contingency theory (i.e., Fit as Moderation) and BDA capabilities litera-
ture, we propose the following:

Hypothesis 4 The relationship between supplier development and firm performance is 
positively moderated by big data analytics capability.

It is speculated that the relationship between supplier development and firm perfor-
mance may be enhanced by the presence of BDA capability, or weakened by the lack of 
it. A mediating effect of a given variable can be accounted for the relationship between a 
focal independent variable as a predictor and the criterion; a mediator explains the rela-
tionship between the two other variables (Baron and Kenny 1986; Venkatraman 1989). 
Thus, if BDA capability may serve as a full mediator, then its presence will cause the 
impact from supplier development on firm performance to disappear unless the mediat-
ing role is partial. This is to suggest that when a firm encounters challenges in supplier 
development, with all information digitally reachable and communicated in its supply 
chain system, the firm will seek to improve its BDA capability to serve its operations, 
and that enhanced supplier development will, in turn, help boost firm performance.

Past research on BDA capability includes investigating different mediating variables, 
such as top management commitment (Gunasekaran et al. 2017), offensive data strategy 
(Medeiros et  al. 2020), and their mediating effects on the relationship between BDA 
capability and firm performance. Drawing from McAfee and Brynjolfsson (2012) and 
Akter et al. (2016), we investigate the mediating effect of big data capability and pro-
pose the following:

Hypothesis 5 The relationship between supplier development and firm performance is 
positively mediated by big data analytics capability.

In summary, based on the extant literature, it can be argued that BDA capability not 
only impacts supplier development as well as the firm performance directly, but may 
also serve as a moderator and/or a mediator of the relationship between supplier devel-
opment and firm performance. The research model (based on Akter et al. 2016; McAfee 
and Brynjolfsson 2012; Venkatraman 1989) of the study is proposed in Fig. 1.

Fig. 1  Research model
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3  Research methodology

3.1  Sample and data collection

Research data were gathered from 500 Chinese manufacturing firms in various indus-
tries, such as automotive, machinery, computer and electronics products, aerospace, and 
technology, etc. Geographically, these companies are located in more than seven prov-
inces, covering both inland and coastline regions in China. These manufacturing firms 
are engaging in major supply chain/supplier development activities and BDA related 
practices, which provide us with a good setting to explore the research questions on 
firms’ BDA capability, supplier development, and firm performance.

A survey was designed and developed based upon an extensive review of related 
literature in supplier development and BDA capability. The first construct of supplier 
development intents to collect data on firms’ supplier development practices, and the 
items were developed based on Freeman and Cavinato (1990) and Anderson and Katz 
(1998). Big data analytics capability focuses on the dimensions of firms’ ability to uti-
lize big data analytics in their operations, which were developed based upon Akter et al. 
(2016). Firm performance was drawn from Cao and Dowlatshahi (2005) and the refer-
ences cited therein. The survey also collected demographic information of the respond-
ents, including industry, annual sales, number of employees and these items are used as 
control variables (based on Gu et al. 2014) in the study. A full list of variables used in 
this study is provided in the appendix.

To ensure adequate levels of discrimination among the choices provided to respond-
ents, seven-point Likert-type scales, with 1 (denotes “Strongly Disagree”) to 7 (denotes 
“Strongly Agree”), were employed to measure responses to questions in the first three 
components of the survey. The implementation of these scales is an effort to guide 
respondents to make an exclusive and definitive choice. A thorough review on the survey 
questions was made with both industrial practitioners and academic scholars who are 
familiar with the subjects. Based upon the received comments, a few rounds of revisions 
were conducted to improve the survey’s readability and validity. The survey was ini-
tially written in English and then translated into Chinese. Both versions were reviewed 
and verified by fields’ experts to insurance the accuracy and uniformity. The survey was 
typed into a commercial survey website and then distributed to target respondent com-
panies via emails, along with a description of the purpose of the study. The total time 
for data collection lasted 8–10 weeks, during which time several waves of emails were 
sent to the respondent companies to remind them to complete the survey. After several 
rounds of careful screening to eliminate returned surveys with missing data, 108 usable 
questionnaires were retained, which represents an effective response rate of 21.6%.

To ensure the target personnel involved in the study has sufficient and accurate 
knowledge on the procurement operations and big data/information technology of the 
firms, the survey questionnaires were directed to mid-level to high-level managers who 
are in charge of such functions. As a result, the majority of the personnel who partici-
pated in the survey were in managerial positions in the respondent firms, which include 
25% purchasing manager/director, 18.52% vice present/executive officer, 12.96% opera-
tions manager, and 9.25% materials manager. In addition, 12.04% of respondents indi-
cated their position is a buyer. These respondents are trusted to have the necessary expe-
rience and knowledge of their companies, especially in the interested research areas in 
this study.
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The key descriptive data obtained from the survey with respect to respondents’ back-
ground information is reported in Table 1. These data include the number of employees, 

Table 1  Descriptive statistics of 
company profile

Variable Count Percentage Cumulative 
percentage

Job title
Purchasing manager/director 27 25.00 25.00
Materials manager 10 9.26 34.26
Buyer 13 12.04 46.30
Purchasing agent 15 13.89 60.19
CEO 2 1.85 62.04
Operations manager 14 12.96 75.00
VP, executive officer 7 6.48 81.48
Other 20 18.52 100.00
Total 108 100.00
Number of employees
 < 50 22 20.37 20.37
50–99 19 17.59 37.96
100–199 26 24.07 62.04
200–299 6 5.56 67.59
300–399 10 9.26 76.85
400–499 3 2.78 79.63
 >  = 500 22 20.37 100.00
Total 108 100.00
Type of industry
Machinery manufacturing 8 7.41 7.41
Industrial manufacturing 5 4.63 12.04
Computer and electronic prod-

ucts manufacturing
7 6.48 18.52

Electrical manufacturing 14 12.96 31.48
Automobile 4 3.70 35.19
Industrial manufacturing other 10 9.26 44.44
Aerospace 1 0.93 45.37
Technology/software 17 15.74 61.11
Service/other 42 38.89 100.00
Total 108 100.00
Annual sales (US$ million)
 < 1 26 24.07 24.07
1 to < 2 8 7.41 31.48
2 to < 5 12 11.11 42.59
5 to < 10 12 11.11 53.70
10 to < 15 17 15.74 69.44
15 to < 20 2 1.85 71.30
20 to < 50 14 12.96 84.26
 >  = 50 17 15.74 100.00
Total 108 100.00
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type of industries, annual sales, and job title. In terms of the size of participating firms, 
24.07% of respondents have 100 to 199 employees, which represent the largest portion of 
the surveyed companies. 20.37% of the respondents have more than 500 employees, and 
another 20.37% of all respondents have less than 50 employees. In addition, 2.78% of the 
respondents have employees between 400 and 499, which is the smallest fraction of all 
survey participants. Hence, the study includes companies with a relatively wide scope of 
sizes.

As for the firms’ operating industry, 38.89% of the respondents indicated they are in ser-
vice/other industry, 15.74% of the respondents are in technology/software, and 12.96% of 
the surveyed firms are in electrical manufacturing. Particularly, a large part of the respond-
ents operates in varied manufacturing industry with a combined number of 40.74%. These 
results show that the research covers a variety of companies that practice in different indus-
tries. Lastly, as for the annual sales of these firms, 24.07% answered that their annual sales 
are less than $1 million, which is the largest segment of the respondents. 15.74% of the 
surveyed firms’ annual sales are either larger than $50 million, or between $10 million to 
$15 million. And the smallest group, or 1.85% of all respondents, suggested their annual 
sales are between $15 million to $20 million.

Following Flynn et  al. (1994), a non-response bias test was conducted by comparing 
the data collected from early and late respondents and the results show that there was no 
statistically significant differences for any of the constructs either at the p = 0.01 level or at 
p = 0.05 level. Additionally, demographic information between the survey respondents with 
that of non-respondents was compared using chi-square suggested by Kim et al. (2012) and 
no bias was observed.

3.2  Construct reality and validity

Both exploratory factor analysis (EFA) and confirmatory factor analysis (CFA) were 
employed to assess the construct validity. EFA determines factors drawing upon the raw 
data (Hensley 1999), while CFA is rather theoretically driven and often used to examine a 
priori hypotheses (Kline 1998). According to Doll and Torkzadeh (1998), for a construct 
to achieve uni-dimensionality applying EFA, each item of the construct needs to have load-
ings on its first factor to be larger than 0.3. The EFA results presented in Table 2 show high 
loadings for all scaled items (well above 0.3—the threshold value) and thus meeting the 
uni-dimensionality requirement.

We performed three separate CFA measurement models for supplier development, BDA 
capability, and firm performance using Stata 15. As shown in Table 3, the values of Cron-
bach’s Alpha, loading, composite reliability, and average variance extracted (AVE) are all 
above their respective cutoff points (i.e., 0.7, 0.7, 0.7, and 0.5). As such, the results indicate 
that the requirements of reliability and convergent validity are satisfied in the study.

To achieve discriminant validity, this study should meet the following requirement: The 
values of the square root of the average variance extracted (AVE) of constructs need to be 
greater than those of the inter-construct correlations (Chin 1998). Table 4 compares the 
values of the AVE values with those of the inter-construct correlations and results show the 
value of the square root of each construct is greater than any inter-construct correlations 
between the three constructs, thus indicating an adequate construct discriminant validity.

To avoid the threat of common method bias associated with the use of perceptual meas-
ures, we provided clear and concise survey questions, ensured respondents’ anonymity and 
confidentiality, and distributed survey questions pertaining to the same construct in various 
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sections of the survey (Podsakoff et al. 2003; Sharma et al. 2009). Furthermore, to detect 
common method bias, we compared two models: the first model includes the theoretical 
factors while the second includes a method factor (Williams et al. 1989; Podsakoff et al. 
2003). The results of the model comparison show minimal reductions in NNFI (0.015), 
CFI (0.017), and RMSEA (0.03). The common method factor accounts for only 4% of the 
variance, which is well within the acceptable threshold (Williams et al. 1989). As a result, 
common method variance does not appear to be a problem in the study.

Next, to verify if there exists an endogeneity, we employed Durbin-Wu-Hausman 
(DWH) test (Durbin 1954; Wu 1973; Hausman 1978) to examine the endogeneity of the 
constructs using two-stage least-squares of Stata 15 by running an IV Regression. Results 
of DWH tests indicated that neither BDA capability (Chi-square = 1.473, p value = 0.259) 
nor supplier development (Chi-square = 1.263, p value = 0.218) shows any obvious sign of 
endogeneity.

Table 2  Exploratory factor 
analysis results

Variable Supplier devel-
opment

Big data analytics 
capability

Firm performance

SD1 0.797
SD2 0.659
SD3 0.714
SD4 0.636
BDAC1 0.876
BDAC2 0.818
BDAC3 0.882
BDAC4 0.867
BP1 0.874
BP2 0.954
BP3 0.925
BP4 0.942

Table 3  Construct reliability and validity

Construct Cronbach’s alpha Loading Composite reli-
ability

Average 
variance 
extracted

Big data analytics capability 0.884 0.904 0.919 0.739
Supplier development 0.704 0.725 0.763 0.625
Firm performance 0.943 0.951 0.959 0.853

Table 4  Average variance extracted and inter-construct correlations

Construct Big data analytics capability Supplier development Firm performance

Big data analytics capability 0.739 (sqrt = 0.860)
Supplier development 0.265 0.625 (sqrt = 0.790)
Firm performance 0.641 0.213 0.853 (sqrt = 0.924)
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Lastly, we also rendered several commonly used fit indexes in Table 5 to evaluate the 
model fit. These include root mean square error of approximation (RMSEA), comparative 
fit index (CFI), goodness of fit index (GFI), chi-square, and chi-square/degree of freedom 
(df). Results in Table 5 show that these fit indexes meet all the recommended values for 
both saturated and estimated models pertaining to model fit and hence represented a good 
model fit in this study. Next, we are ready to further investigate the proposed model and 
provide computational results along with discussions.

4  Results and analysis

To test the proposed hypotheses, Structural Equation Modeling (SEM) was developed via 
Stata 15. For the first three direct-effects hypotheses  H1,  H2, and  H3, computational results 
including path coefficient values, z-scores and, p-values are reported in Table 6.

The first hypothesis examines the relationship between supplier development and firm 
performance, and a positive association was proposed. The path coefficient β = -0.025 with 
a z-score of -0.10 and a p-value of 0.917 from the SEM analysis suggested such a posi-
tive association between them is not significant. As a result, hypothesis 1 was not sup-
ported. The second hypothesis predicts a positive relationship leading from BDA capability 
to supplier development in the organization. The SEM results showed that the path coef-
ficient between BDA capability and supplier development is positive and significant with 
β = 0.189, z = 2.68, and p = 0.007, indicating a strong support for  H2, that is BDA capability 
is positively associated with supplier development in the organization. Next, hypothesis 3 
investigates the relationship leading from BDA capability to firm performance and a posi-
tive association was expected. Based on the SEM analysis, the path coefficient between 
BDA capability and firm performance is positive and significant with β = 0.276, z = 2.29, 
and p = 0.022. Hence  H3 also receives a solid support and proves that BDA capability 
exerts positive significant effects on business performance.

To summarize, hypotheses 2 and 3 are robustly supported by the path analysis results, 
which demonstrate that: a) BDA capability has direct positive significant effects on 

Table 5  Fit indexes

Values Chi-Square Chi-Square/df GFI CFI IFI RMSEA

Recommended values  < 3.0  > 0.90  > 0.90  > 0.90  < 0.06
Saturated model 115.323 1.517 0.945 0.933 0.926 0.057
Estimated model 115.323 1.281 0.957 0.950 0.942 0.053

Table 6  Summary of direct-effect results

* p < 0.05

Hypothesis Proposed Path Path coefficient (β) z-score p-value

H1 Supplier development ( +)  Firm performance − 0.025 − 0.10 0.917
H2 Big data analytics capability ( +)  supplier develop-

ment
0.189 2.68 0.007*

H3 Big data analytics capability ( +)  Firm performance 0.276 2.29 0.022*
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supplier development; and b) BDA capability also has direct positive significant effects 
on firm performance. Hence, it can be concluded that BDA capability is indeed associ-
ated with improved levels of both supplier development and business performance of an 
organization. Importantly, these results first echo previous literature pertaining to the influ-
ence of the BDA capability on firm’s supplier development and performance (Huang and 
Handfield 2015; Wang et al. 2018; Zhao et al. 2017; Singh et al. 2018.) More importantly, 
these findings suggest that investing in the BDA capability is a viable strategy for firms to 
compete effectively in today’s dynamic environment.

Interestingly, hypothesis 1 did not receive empirical support from the results, indicating 
that there does not exist a positive direct association between supplier development and 
firm performance. This finding is in line with those from earlier studies (Srinivasan et al. 
2011; Luzzini and Ronchi 2016) that also indicated that the direct association between 
supplier development alone on business performance is not significant. In fact, supplier 
development activities should be synchronized with important endeavors in other func-
tional areas, such as operations, quality assurance, marketing, information technology and 
systems, etc., so as to generate measurable impacts on business performance. Indeed, infor-
mation technology such as BDA is often viewed as an enabler to the supply chain manage-
ment practices in firms (Burt et al. 2003; Paik et al. 2009; Chen et al. 2015; Hamister et al. 
2018). Therefore, it is meaningful to examine whether BDA has an impact on the interface 
of supplier development and firm performance.

To test hypothesis 4 that examines the mediating effect of BDA capability on the rela-
tionship between supplier development and firm performance, a four-step procedure was 
followed based on Baron and Kenny (1986) and Hayes (2017):

Step1: Confirm the significance of the relationship between IV (i.e., supplier develop-
ment) and DV (i.e., firm performance).

Step 2: Confirm the significance of the relationship between IV (i.e., supplier develop-
ment) and the mediator (i.e., BDA capability).

Step 3: Confirm the significance of the relationship between the mediator (i.e., BDA 
capability) and the DV (i.e., firm performance) in the presence of the IV (i.e., supplier 
development).

Step 4: Confirm the insignificance (the meaningful reduction in effect) of the relation-
ship between the initial IV (i.e., supplier development) and the DV (i.e., firm performance) 
in the presence of the mediator (i.e., BDA capability).

Results of the four-step mediation testing are summarized in Table  7. Observe that 
all four steps are supported by the coefficient in the predicted directions. Specifically, in 
Table 7, Step 1 shows there is a significant association between supplier development and 
firm performance (β = 0.121, z = 2.06, and p = 0.043). Next, Step 2 and Step 3 also confirm 
the significant relationships between supplier development and BDA capability (β = 0.619, 
z = 2.37, and p = 0.018); and between BDA capability and firm performance (β = 0.267, 

Table 7  Mediation results

p < 0.05

Mediation 
test steps

Relationship β z-score p-value

Step 1 SD – > BP 0.121 2.06 0.043*
Step 2 SD – > BDAC 0.619 2.37 0.018*
Step 3 BDAC – > BP with SD 0.267 2.40 0.016*
Step 4 SD – > BP with BDAC -0.025 -0.10 0.917
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z = 2.40, and p = 0.016) in the presence of supplier development, respectively. Lastly, in 
Table 7, Step 4 proves that the insignificant relationship between supplier development and 
firm performance (β = -0.025, z = 0.17, and p = 0.863) when BDA capability is present.

Based on these results, it can be concluded that there exists a full mediation effect of 
BDA capability on the relationship between supplier development and firm performance 
(c.f. Baron and Kenny 1986), which provides robust support to Hypothesis 4. While the 
direct impact from supplier development on firm performance is not observable, its influ-
ence on the performance is significant with the existence of BDA capability in an organi-
zation. Better supplier development practices, along with the assistance of a firm’s BDA 
applications, could improve a firm’s performance. This finding strengthens the notion that 
BDA capability is a key enabler to supply chain management practices (e.g., supplier devel-
opment) by previous studies (Chen et al. 2015; Hamister et al. 2018). The major takeaway 
of the finding is that firms not only need to invest in BDA capability but also to implement 
it in such a way that creates synergy resulting in firm performance improvement.

Next, it is also interesting to verify if there is a moderating effect of BDA capability on 
the relationship between supplier development and the performance of a firm. To this end, 
the hierarchical multiple regression method was exercised to explore such a moderation 
effect. To detect the moderation effect, it is necessary to examine two conditions: whether 
Model 1 (without the interaction term) and Model 2 (with the interaction term) are both 
significant; and whether Model 2 accounts for significantly more variance than Model 1 
(Hayes 2017). Computational results of these two steps were reported in Tables 8 and 9 
respectively.

Firstly, Table  8 provides the ANOVA results of the two hierarchical multiple regres-
sion models. In particular, Model 1 is significant (p = 0.039) with F (2, 105) = 3.348, while 

Table 8  ANOVAa

a Dependent Variable: BP
b Predictors: (Constant), BDAC, SD
c Predictors: (Constant), BDAC, SD, SD_BDAC

Model Sum of squares df Mean square F Sig

1 Regression 14.543 2 7.272 3.348 .039b

Residual 228.045 105 2.172
Total 242.588 107

2 Regression 25.346 3 8.449 4.045 .009c

Residual 217.242 104 2.089
Total 242.588 107

Table 9  Model summary

a Predictors: (Constant), BDAC, SD
b Predictors: (Constant), BDAC, SD, SD_BDAC (Interaction Term)

Model R R square Adjusted 
R Square

Std. Error of 
the Estimate

Change Statistics

R square change F change df1 df2 Sig. F change

aa1 0.245a 0.060 0.042 1.47372 0.060 3.348 2 105 0.039
2 0.323b 0.104 0.079 1.44529 0.045 5.172 1 104 0.025
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Model 2 is also significant (p = 0.009) with F (3, 104) = 4.045. These results confirm that 
the first condition was successfully satisfied. Secondly, results in Table 9 show that Model 
2 with the interaction between BDA capability and supplier development truly accounts 
for significantly more variance than the case of only BDA capability and supplier devel-
opment,  R2 change = 0.045, p = 0.025. These outcomes indicate that there is a significant 
moderation between BDA capability and supplier development on firm performance. 
Hence, H5 received a solid support. The result is in consonance with the contingency the-
ory aforementioned. It implies that the relationship between supplier development and firm 
performance is amplified by the existence of a firm’s BDA capability. The finding further 
pinpoints the fact that it is crucial for firms to invest the BDA capability and that it is 
also important for a firm to align it well with supplier development practices to ultimately 
achieve firm performance.

5  Conclusion

This study aims to contribute from a novelty angle and deliver original results to the 
research on the relationship between BDA capability, supplier development, and firm 
performance. It is a fresh attempt to investigate the possibly influential role and potential 
impacts of BDA capability in supply chain management. The new findings fill the existing 
gap regarding how BDA capability should be addressed in the research framework of sup-
ply chain management, particularly in the supplier development area. Through an empirical 
survey, comprehensive data from manufacturing firms operating in a variety of industries 
in a transition economy is carefully collected and thoroughly analyzed. Research hypoth-
eses are developed and tested using structural equation modeling, which assesses the fac-
tors that affect firms’ BDA capability, supplier development practices, and their respec-
tive impacts on firm performance. The rise of big data in recent years provides firms with 
unprecedented challenges and opportunities to use related resources to create, maintain, 
and further enhance their competitiveness in the supply chains. The findings of this study 
offer several timely implications to researchers and practitioners in the new data-driven 
business environment.

5.1  Theoretical contributions

This paper extends the existing studies on harvesting the value of BDA capabilities in sup-
ply chain management. Built upon the resource-based view, dynamic capabilities, and con-
tingency theory, it stresses the role of BDA capability and gauges how such a capability 
may affect the improvement of a firm’s supplier development and business performance. 
The results show that a company’s BDA capability has not only a direct positive significant 
impact on its supplier development practices, but also a direct positive significant impact 
on its business performance. It therefore contributes to the knowledge by offering com-
pelling empirical evidence on how the firm’s BDA capability affects and improves these 
areas. Second, the result suggests that the direct association between supplier development 
and business performance is not observable. This is in line with the outcomes from some 
earlier studies (Srinivasan et al. 2011; Luzzini and Ronchi 2016) and asserts the fact that 
supplier development practices would need the support and participation of other activities 
such as operations, marketing, and information technology within a firm to materialize its 
impact on firm performance.
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Third, the study untangles the complex relationship among a firm’s BDA capa-
bility, its supplier development, and business performance. Specifically, it discovers 
the potential effect from the moderating and mediating role of BDA capability to the 
interface of supplier development and firm performance. The findings show that BDA 
capability has a full mediation effect on the relationship between supplier development 
and firm performance. These are new and important contribution and they support the 
notion that while the supplier development activities do not have direct influence on 
firm performance, with the assistance of a firm’s BDA applications, better supplier 
development practices could help to enhance a firm’s performance. The results support 
our theorizing, which stresses that BDA capability is instrumental in supplier develop-
ment in the organization.

Lastly, the study also detects a significant moderating effect between BDA capabil-
ity and supplier development on the level of firm performance. The existence of BDA 
capability makes the relationship between supplier development and firm performance 
more evident and stronger. The results are in line with the contingency theory and 
highlight the antecedent role of BDA in improving firms’ supplier development as well 
as their business performance. As such, they successfully contribute to this strand of 
research by providing a deeper understanding of the role big data plays in supply chain 
management.

5.2  Managerial implications

The findings of the study deliver several important insights for management. First, the 
obtained results in general provide strong support to the notion that management and 
firms need to develop a proactive attitude toward BDA in order to take progressive 
actions in their organizations to realize the potential benefits. Managers should strive 
to gain a clear understanding of big data, make a relevant investment, and develop a 
concrete plan of big data implementation.

Secondly, the research framework in this study sheds light on where firms should focus 
on BDA to enhance their capability. In particular, our study shows that BDA capability is 
an important player to enhance the transparency and visibility of information, resource, 
and decisions within and across firms. Managers should consider using various analytical 
tools and programs, such as information and cost-sharing, just-in-time, real-time data shar-
ing, and cross-organizational programs to facilitate supplier and/or vendor management. 
Existing information technology should be extended to big data-supply chain systems for 
increased utilization and expanded advantages. This observation also indicates that BDA 
infrastructure is of paramount importance in enhancing firms’ BDA capability. These find-
ings should be useful to supply chain managers.

Thirdly, our findings indicate that though the direct impact from supplier development 
on firm performance is not evident, its influence on firm performance is more tangible and 
amplified with the existence BDA capability. Hence, managers should understand that 
BDA capability is a key enabler to business and supply chain management process (Hamis-
ter et al. 2018) and they should consider invest in and align it well with supplier develop-
ment practices. With the assistance of a firm’s big data applications, better supplier devel-
opment practices could improve a firm’s performance. Managers should develop effective 
supply chain strategies to harness their BDA capability and intelligence to enhance firm 
performance to achieve and sustain competitive advantages.



167Annals of Operations Research (2021) 302:151–172 

1 3

5.3  Limitations and future research

There are some inherent limitations in this study that should be noted. Firstly, cross-sec-
tional data is collected to test the model and related hypotheses, which captures the percep-
tion and status of the constructs at a point in time. It does not seize the continuous process 
of the development of the capability in BDA, supplier development, and firm performance 
over time. Therefore, it would be informative to extend this research endeavor to a longi-
tudinal study to better understand the mechanism of the effects in these areas. Secondly, 
in this study a single respondent is designed and implemented. As pointed out in previous 
research (Flynn et al. 2018; Ketchen et al. 2018), the potential for bias is an issue for all 
single respondent survey research. It would be proper to include different respondents to 
improve the quality and reliability of the research data. Thirdly, the sample of this study is 
fetched from companies in a single country, regional sampling could limit the generality 
of the research results. Although China is the biggest transition economy, the firms in this 
country would possess geographical, cultural, and developmental differences and might not 
represent their counterparts in other countries or regions. It may be beneficial to extend 
current research to other countries and regions or other transition economies so as to fur-
ther validate and generalize the results. Finally, as the relationship between supplier devel-
opment and firm performance presents mixed results from this and previous work, we also 
call for future studies to examine the consistency of research findings of the relationship 
between supplier development and firm performance using either a meta-analysis method 
or a bibliographic literature review.

Appendix

See Table 10.
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