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ABSTRACT 
 
Despite the rising interests in the use of big data analytics (BDA), it is unclear whether the use of BDA is 
beneficial to product innovation. Building on the Resource-Based View, this study aims to examine the rela-
tionship between BDA and product innovation performance. Conducting survey from 163 firms, this study 
provides compelling evidence indicating that the use of BDA has a significant positive impact on firms’ product 
innovation. This study discusses theoretical implications for advancing BDA research and suggests actionable 
steps for managers to get benefits from using BDA. 
 

Introduction 
 
The recent emergence of big data analytics (BDA) has been heralded as the next revolution that will transform 
the way firms’ business operations are conducted and, eventually, bring the firms benefits (Mikalef et al., 2020; 
Wamba et al., 2017; Akter et al., 2016). As a result, there is much attention from practitioners and academics 
on the value that firms can create through the use of BDA (Mikalef et al., 2018). While BDA have the potential 
to significantly create business value, like with all innovations, many firms have encountered many challenges 
in identifying the merits and limits of BDA. One of the most critical challenges for firms is making sense of 
and responding to BDA (Crittenden et al., 2019). 

Specifically, most previous studies have focused on the role of BDA in driving firm performance in 
many aspects, such as profitability, market share, customer retention, and financial performance (Mikalef et al., 
2019; Raguseo and Vitari, 2018; Wamba et al., 2017). However, they have paid less attention to whether firms 
can rely on BDA to enhance product innovation performance, and particularly how firms transfer their existing 
technology-specific know-how to product innovation development (Crittenden et al., 2019). Thus, the use of 
BDA is critical for firms to understand its merits and limits as well as to find the growth opportunities. Accord-
ingly, it is important to assess how firms use BDA to enhance product innovation performance.  

We aim to contribute to BDA research as follows. Because the literature is limited in answering 
whether firms can extract value from their BDA in the product innovation development (Caesarius and Hohen-
thal, 2018), this study extends previous research to address this critical question. Using survey and archival data 
of firms with longitudinal design, we find that firms can rely on BDA to enhance product innovation perfor-
mance, over time. In this way, the findings add to the understanding of the importance of BDA for product 
innovation outcomes.  

In the following sections, we first discuss theoretical background and hypotheses development. Next, 
we describe research method, followed by analyses and results of this study. Finally, we present the findings 
and conclude with a discussion and implications for both academics and practitioners.  
 

Theoretical Background 
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We draw on the resource-based view (RBV) to explain the relationship between BDA and product innovation 
performance. 

RBV is useful in understanding innovation-related performance through the theoretical perspectives 
of organizational resources (Barney, 2001). RBV portrays technology competence as intangible resources de-
rived from combinations of internal investments and external appraisals, which create difficult-to-replicate 
knowledge assets (Teece, 1998). Given its prominent role, prior studies have examined various types of tech-
nology competence, including the use of marketing analytics, social media analytics, and BDA (e.g., Mikalef 
et al., 2019; Stieglitz et al., 2018; Germann et al., 2013). For the purpose of this study, we mainly focus on 
BDA, which refer to the collection of data, analytical tools, computer algorithms and techniques to derive 
meaningful insights and patterns from the collected large data sets (Mikalef et al., 2020).  

According to prior studies, strengths in such intangible resource assets grows overall BDA of a firm 
and this can lead to competitive advantages and ultimate performance superiority (Mikalef et al., 2018; Barney, 
2001). BDA thus play important roles in affording a firm’s competitive advantage as an imperfectly imitable 
and non-substitutable resource. In addition, the use of BDA enables firms to achieve heterogeneity and hence 
afford higher value and awareness in securing sustainable advantages. In this study, we particularly focus on 
the impact of BDA on firms’ product innovation performance, defined as the extent to which firms can achieve 
their stated objectives of product innovation development (Liu and Atuahene-Gima, 2018). 
 

Hypothesis 
 
Previous studies have provided empirical evidence of the effect of BDA on various indicators of firm perfor-
mance. For example, using data from two Delphi studies and 152 online surveys of business analysts in the 
U.S., Akter et al. (2016) confirm that the value of BDA has a significant impact on firm performance. Wamba 
et al. (2017), using an online survey to collect data from 297 Chinese IT managers, demonstrate that BDA has 
a direct impact on firm performance. Drawing on the resource-based view, Raguseo and Vitari (2018) find that 
the business value achieved from investments in BDA leads to superior financial performance of a firm. Using 
survey data from 175 chief information officers and IT managers working in Greek firms, and three case studies, 
Mikalef et al. (2020) show that BDA is crucial to firm performance. 

We propose that the positive effect of BDA will enhance product innovation performance for firms, 
over time. First, the literature suggests that through focused deployment of BDA, firms are able to sense emerg-
ing opportunities and threats, generate critical insight, and adapt their operations based on trends observed in 
the competitive environment (Mikalef et al., 2019). As a result, the major competitive differentiator that BDA 
provides lies in the fact that it facilitates better informed decision-making (Mikalef et al., 2019; Abbasi et al., 
2016). The increased interest in BDA has been particularly evident in firms operating in complex and changing 
environments (Hajli et al., 2020; Constantiou and Kallinikos, 2015). Managers nowadays are basing their deci-
sions more and more on real-time insight generated from BDA, and are directing a growing number of initiatives 
in this direction (Jabbar et al., 2020). Several research studies demonstrate that BDA can offer substantial value, 
when applied to problems of specific domains such as product innovation (Johnson et al., 2017), service provi-
sion (Lehrer et al., 2018), and business model innovation (Ciampi et al., 2021). As echoed by a study of the 
MIT Sloan Management Review indicates that BDA can be a source of innovation, with those companies that 
are leaders in adoption being more likely to deliver new products in comparison to the laggards (Ransbotham 
et al., 2017). Overall, BDA can be expected to have a positive effect on product innovation performance. 

Second, as firms can learn innovative knowledge from multiple sources, BDA can exert a positive 
effect on product innovation performance. Firms can learn innovations from observing the strategic moves of 
their counterparts (Obal, 2013). They can also learn from their own successful and failed innovation experiences 
to accumulate innovative knowledge (Eggers and Kaul, 2018; Kapoor and Adner, 2012), which in turn guides 

Volume 11 Issue 4 (2022) 

ISSN: 2167-1907 www.JSR.org 2



future product innovation development and helps them through using BDA more effectively to enhance product 
innovation performance. With more innovative knowledge accumulated over time, firms can be more capable 
of applying their BDA to adjust their product innovation development operations.  

Third, researchers argue that knowledge is an important asset that helps firms develop innovation and 
gain competitive advantage (Eggers and Kaul, 2018; Rehm and Goel, 2015; Kapoor and Adner, 2012). From a 
marketing perspective, De Luca and Atuahene-Gima (2007) argue that firms need to see beyond the technology 
and focus on how to manage their knowledge to gain superior product innovation. Examining innovation suc-
cess from a strategic decision making perspective, Zhou and Li (2012) point out that knowledge plays an im-
portant role in driving product innovation success. We then take the perspective that using BDA helps firms to 
benefit their product innovations because the essence of BDA is to turn the vast amount of raw data into mean-
ingful and actionable information (Mikalef et al., 2020; Raguseo and Vitari, 2018), in which BDA can help 
firms turn it valuable knowledge for product innovation development. 

Accordingly, we expect that firms that employ BDA are more likely to achieve better product innova-
tion performance, over time. Therefore, we hypothesize the following: 

Hypothesis: BDA has a positive effect on firms’ product innovation performance, over time.  
 

Methods 
 
Sample and Data Collection 
 
To test our hypothese, we used the data set of respondents from China Credit Information Service (2017), a 
leading business database in Taiwan, which lists firms, their financial data, and contact information. Accord-
ingly, we obtained the initial sample frame of 500 firms. 

To correctly collect the data, we contacted new product development (NPD) manager of each firm by 
telephone to determine whether the firm had used BDA in its product innovation process. Since the unit of 
analysis refers to the project level, we then asked NPD managers to identify one recently completed product 
innovation project (within the past three years) for which they had the best knowledge to respond to the items 
as they related to that particular project. This resulted in a target population of 359 firms, which were asked to 
participate in this study. 

To reduce the potential for common method bias associated with single sourcing (Podsakoff et al., 
2003, p. 898), we measured the different variables by obtaining different data from multiple respondents in each 
firm. Specifically, chief information officers (or similar personnel) were asked to provide information regarding 
BDA, while NPD managers provided information for product innovation performance. Importantly, to corrob-
orate the reliability of some survey measures, we also collected archival data related to each firm’s product 
innovation performance. 

In early-2022, we obtained archival data of product innovation performance and control variables (firm 
size, firm age, and R&D intensity), and also asked chief information officers to rate BAD and NPD managers 
to rate product innovation performance and the control variable. After matching the various data sets, we suc-
cessfully obtained the matched 163 firms. 

We compared participating and nonparticipating firms in terms of firm size, firm age, and R&D inten-
sity and found no significant difference (p < 0.05), suggesting non-response bias is not a major concern (Arm-
strong and Overton, 1977). 
 
Measurement 
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We measured the perceptual items with a seven-point scale. For items adapted from the literature and written 
in English, a double-translation method was used to translate them into Chinese. This process included: (1) our 
initially translating the items into Chinese; (2) two other academics then translating the Chinese version back 
into English; and (3) this translation being checked by a third academic to ensure conceptual equivalence. 

To measure BDA, we adapted the 12 items from Johnson et al. (2017), which reflects a firm captures 
data and derives insights by using BDA approaches.  

For product innovation performance, we adapted from De Luca and Atuahene-Gima (2007) that meas-
ure the extent to which in the last three years firms have achieved the product development performance objec-
tives. Further, we follow Kostopoulos et al. (2011) to measure product innovation performance by using ar-
chival data as the percent change in the ratio of the annual sales from Y0 to Y1 that originated from the particular 
new product development project, such that we obtained the data (2017) in 2018 and the data (2020) in 2021. 
Specifically, we measured product innovation performance as (annual saley2020 – annual saley2017)/annual saley2017 
× 100. The variable was expressed as a percentage going from zero to 100%. This type of variable has been 
widely used in previous innovation studies (Berchicci 2013; Laursen and Salter, 2006). 

Finally, we included four control variables based on their relevance to firm characteristics. Firm size 
was measured as the number of employees. Firm age was measured on the number of years the firm had been 
established. Following Marano and Kostova (2016), we controlled R&D intensity using the ratio of R&D ex-
penditures to sales. Finally, prior innovation performance was controlled because if firms have good innovation 
performance in past years, they more likely to achieve higher product innovation performance (Cheng and Shiu, 
2020). A two-item scale adapted from Yanadori and Cui (2013) measures prior innovation performance. 
 
Construct Reliability and Validity 
 
We used the MPlus Exploratory Structural Equation Modeling technique to examine the internal consistency 
of the scale because it combines exploratory factor analysis and confirmatory factor analysis (CFA) in one 
procedure and avoids the problems related to the traditional two-step process (Muthén and Muthén, 2017).  

We first conducted a CFA to verify that the indicators reflected their intended latent variables. We 
then assessed the overall model fit using the goodness-of-fit index (GFI), comparative fit index (CFI), and 
normed fit index (NFI) based on the chi-square statistic, and evaluated these fit indexes with the cutoff value 
of 0.90 recommended by (Hair et al., 2019). We also used the root mean square error of approximation 
(RMSEA) with the cutoff value of 0.08, recommended by Hu and Bentler (1999), to assess the potential lack 
of model fit. The fit statistics indicate our model fits the data well (x2/d.f. = 1.94, p < 0.001; GFI = 0.93, CFI = 
0.94, NFI = 0.93, RMSEA = 0.04).  

The results indicate that convergent validity is met (Hair et al., 2019; Fornell and Larcker, 1981). As 
shown in Table 1; (1) all standardized factor loadings of the latent variables on their indicators are significant 
(p < 0.01) and well above the recommended value of 0.65, between 0.70 and 0.85; (2) the composite reliability 
of all constructs (ranging from 0.81 to 0.95) exceeds the 0.80 threshold; and (3) average variance extracted 
(AVE) ranges from 0.57 to 0.68, exceeding the 0.50 threshold.  

The results also indicate that discriminant validity is achieved. As shown in Table 2, all diagonal ele-
ments representing the square root of the AVE are greater than the highest shared variance (Fornell and Larcker, 
1981). In addition, the value of the unconstrained model is significantly lower than that of the constrained model 
for all possible pairs of constructs, with all chi-square differences ranging from 26.31 to 47.29 (p < 0.001), 
which supports discriminant validity (O’Leary-Kelly and Vokurka, 1998). Table 2 shows descriptive statistics, 
correlations, and the square root of AVEs of constructs. 
 

Results 
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Our hypotheses testing relies on hierarchical multiple regressions. Before testing the moderating effects, we 
mean-centered the variables that constitute the interaction terms (Aiken and West, 2011). To check for multi-
collinearity, we assessed the diagnostic statistics of the variance inflation factor (VIF) of the variables and find 
VIF values ranging from 1.02 to 1.23. We further calculated the model-dependent VIF values of the full regres-
sion models and obtained 1.33 and 1.39, respectively (Craney and Surles, 2002). All the VIF values of the 
variables included were below their corresponding model-dependent VIF values, suggesting that the independ-
ent variables in our models have better explanatory power than that when regressing any variable on the re-
mainder of the independent variables. Thus, multicollinearity is not a serious concern in our study. 

Table 3 reports the estimated effects on product innovation performance. Model 1 contains the effects 
of the control variables. Model 2 tests the direct effects of BDA in addition to the control variables. We use 
Models 2, 4, and 6 to discuss the hypotheses. 

In Hypothesis, we expect that BDA enhances firms’ product innovation performance over time. Model 
2 reveals that BDA is positively related to product innovation performance (β = 0.32, p < 0.001), in support of 
Hypothesis. 

We also used the archival data of product innovation performance to test the hypotheses. The results 
shown in Table 4 are highly consistent with those presented in Table 3 of the survey data in terms of Hypothesis 
(Model 2, β = 0.32; p < 0.001). 
 
 
 
 

Discussion 
 
Drawing on the RBV, we show that BDA leads to positive product innovation performance. As such, this study 
contributes to the research fields of big data in following aspects. First, it contributes to big data literature by 
extending the growing research on BDA to the context of product innovation. The predominant view in prior 
research is that BDA plays an important role in determining firm performance (Mikalef et al., 2019; Wamba et 
al., 2017; Akter et al., 2016). However, researchers have devoted limited efforts to examining whether firms 
can use BDA to enhance product innovation performance (Crittenden et al., 2019). This study thus augments 
extant big data literature through confirming that firms can utilize their BDA to enhance product innovation 
performance. 

Second, the deployment of BDA presents critical challenges for firms. This new emerging technique 
has been undergoing fundamental changes, and the transition is far from accomplishment. Managers, thus, must 
adjust their existing data analytics strategies to adapt to this ongoing developing technique. Our findings suggest 
that managers can enhance product innovation by using BDA. Specifically, managers of BDA can use a moun-
tain of data about market information in order to find the correlations that allow managers to develop deep 
market insights and make relatively accurate predictions on product innovation development. Therefore, em-
ploying BDA is a valid strategic choice for managers to create points of difference from competition. 
 

Limitations and Future Research 
 
This study has several limitations, which in turn suggest fruitful directions for future research. First, future 
research could study whether our results will hold in other types of innovation such as service innovation or 
organizational innovation. 

Second although our sample size and the ratio of sample to variables are comparable with those of previous 
BDA research (e.g., Mikalef et al., 2019), our sample size may raise concerns about the generalizability of the 
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findings. Future research should use larger samples to help verify the relationship among the focal constructs 
of this study. 

Finally, we acknowledge that our measurement of BDA (based on informants’ knowledge) has limitations. 
Although the measurements are reasonable and have been used in prior research (e.g., Gupta and George, 2016), 
further research should use finer-grained measurements to reexamine our findings. For example, tapping into 
objective sources of BDA measures would help validate our findings. 
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