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Abstract 
How do data analytics increase firm performances? What organizational 
processes of data analytics matter for outcomes? This study empirically ex-
amines these questions by using RIETI Data Analytics Survey regarding data 
utilization, and finds following three imprecations. First, strategies for data 
analytics promote data analytics competencies of organization and human re-
sources, and these competencies promote quality of datasets, resulting in in-
crease of firm performances. Second, non-listed firms and non-manufacturing 
firms are likely to achieve outcomes of data analytics compared to listed firms 
and manufacturers. Third, strategies for data analytics tend to enhance prod-
uctivities for existing products and customer relations, but not for new prod-
uct/service developments. 
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1. Introduction 

Interest in the relationship between data analytics and firm performance has 
grown rapidly since the 2010s.1 The reason is that there are many cases where 
data analytics has been highly effective in key innovation and marketing activi-
ties, including product development, sales channel development, and customer 

 

 

1In the literature, the use and application of data is typically referred to as “data analytics,” and an 
organization’s ability to use and apply data is referred to as its “data analytics competency” or “data 
analytics capability.” The term “big data analytics” is sometimes used, but an attempt to define the 
distinction between normal datasets and “big data” is rarely made. Therefore, in this paper, we use 
the term “data analytics” generically, without addressing whether a firm’s datasets qualify as “big 
data” or not. 
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management. Data analytics also contributes to improving internal operational 
efficiency, such as in human resource management and decision-making (e.g., 
Ghasemaghaei et al., 2018). Almost inevitably, many firms worldwide have launched 
strategic initiatives on data analytics (Mikalef et al., 2019). 

However, when it comes to data analytics capabilities and the initiatives based 
on those capabilities, there is still a strong sense of uncertainty as to what path-
ways will ultimately lead to sales and profit (Wamba et al., 2019; Mikalef et al., 
2019). This leaves corporate executives asking themselves: is our data analytics 
capability lacking; is our organizational structure flawed; or is the problem with 
the data itself? As a result, they may not be able to find appropriate solutions and 
may be forced to operate inefficiently without obtaining sufficient benefits from 
their data investments. 

In light of the above issues, the purpose of this study is to quantitatively ana-
lyze the relationship between the formulation of a strategy for data analytics by a 
firm and the subsequent penetration and results of data analytics in that firm. 
The paper examines this research question using the Research Institute of 
Economy, Trade and Industry’s 2020 Questionnaire Survey on Data Analytics 
(hereinafter, RIETI Data Analytics Survey). This survey was conducted as part of 
a research project by the RIETI, titled “Research on Systems and Management 
for Global Promotion of Data and AI Analytics—Toward Establishment of a 
Global Data Supply Chain.” 

In most firms, a vision (the image of what the firm wants to be, the direction it 
aims to take, etc.) and a mission (action guidelines for the entire firm, etc.) are 
set as upper-level management concepts and, then, lower-level strategies (man-
agement strategy, business strategy, intellectual property strategy, etc.) are for-
mulated as measures to realize them. In this study, we are interested in strategies 
for data analytics and organizational responses that are at a level lower than 
these strategies. In other words, we assume that a strategy for data analytics will 
be formulated and, then, the organization will be reorganized and developed, 
knowledge will be acquired, human resources will be trained, and their capabili-
ties will built as needed in accordance with that strategy. Progress on these initi-
atives will then lead to the achievement of specific business objectives. 

The RIETI Data Analytics Survey used in this study asked for responses on a 
five-point Likert scale regarding the progress on strategies and the management 
related to data analytics. We also obtained information on each firm’s perfor-
mance results. This method allowed us to statistically analyze the relationship 
between strategy formulation and outcomes. Further, we proposed two related 
estimation models and six hypotheses and verified them using multiple regres-
sion analysis. 

This article is organized as follows. Hypotheses development with brief litera-
ture review is described in Section 2. This research generates six hypotheses to 
examine and two estimation models in Figure 1 and Figure 2. Next, dependent, 
independent and control variables are discussed in Section 3. The basic estima-
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tion equation is also expressed. In Section 4, the results of multiple regression 
analyses are showed with five tables, examining six hypotheses. In Section 5, this 
article concludes with a summary of the results, their academic contributions, 
and future challenges. 

2. Prior Research, Hypotheses Development, and Estimation  
Models 

Here, we review the empirical research on the relationship between data analyt-
ics and firm performance in recent years, and then generate our estimation 
models and hypotheses. 

Many prior studies suggest that the effectiveness of data analytics can only be 
realized when it is deeply integrated into the business strategy (e.g., Wamba et 
al., 2019; Wamba et al., 2017). In particular, the commitment of management is 
important, as it ensures that an organizational structure for evidence-based deci-
sion-making is established and in-house data analytics literacy is improved (Co-
luccia et al., 2020; Santoro et al., 2021). This leads to an improvement in the 
skills and knowledge of the personnel responsible for data analytics within the 
organization (Ghasemaghaei et al., 2018). 

Similarly, according to Ferraris et al. (2019), data analytics is most effective 
when combined with in-house knowledge management. They cite the impor-
tance of strategically considering what type of knowledge should be supple-
mented and strengthened within the company and how it should be used to 
guide optimal decision-making before proceeding with the deployment of inter-
nal systems within the organization. 

As described above, previous researches have shown the strong interest in the 
relationship between data analytics and firm performancesince the 2010s. How-
ever, when it comes to data analytics capabilities and initiatives based on those 
capabilities, there is still a strong sense of uncertainty as to what pathways will 
ultimately lead to sales and profit (Wamba et al., 2019; Mikalef et al., 2019). 
Therefore, firm executives could not figure out appropriate processes on data 
analytics and utilization, resulting in the lack of sufficient benefits from their 
data investments. 

In this regard, Ren et al. (2017) examine the relationship of two distinct as-
pects of data analytics with firm performance: the organizational deployment of 
information systems to handle the data (system reliability, convenience, flexibil-
ity, speed of response to requests, control of personal information, etc.); and the 
quality of the data itself (completeness, accuracy, compatibility with various data 
formats, etc.). Their results show that both aspects have a positive impact on 
firm performance, but the organizational deployment of information systems 
has a greater effect, which in turn encourages the improvement of the quality of 
the data itself. 

Based on the above discussion, we propose the following two hypotheses. 
Hypothesis 1: The formulation of a strategy for data analytics will lead to the 
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deployment of a data analytics system and the acquisition of relevant skills and 
knowledge. 

Hypothesis 2: The deployment of a system for data analytics and the acquisi-
tion of relevant skills and knowledge will lead to the qualitative improvement of 
the data. 

In addition, the promotion of data analytics strategies improves the perfor-
mance of the firm in the market. For example, according to Raguseo and Vitari 
(2018), promoting data analytics improves a firm’s position against competitors 
in the markets it participates in. In particular, it has a strong positive effect on 
customer satisfaction. Similarly, data analytics has the potential to make a firm’s 
position more advantageous, particularly in highly competitive industries (Müller 
et al., 2018; Song et al., 2018). 

Song et al. (2018) examines data analytics and firm performance in the B2C 
online market. Their results show that the promotion of data analytics is partic-
ularly effective in highly competitive industries, especially for firms with a wide 
variety of products. 

Based on the above discussion, we posit two more hypotheses. 
Hypothesis 3: The qualitative improvement of data will lead to the realization 

of positive outcomes from data analytics. 
Hypothesis 4: The formulation of a strategy for data analytics will lead to posi-

tive outcomes from data analytics. 
The model shown in Figure 1 summarizes the previous research and the pro-

posed hypotheses. Specifically, the hypotheses are structured according to the 
following process: formulating a data analytics strategy leads to system deploy-
ment and the acquisition of skills and knowledge, which in turn leads to the qua-
litative improvement of the data. The ultimate result of this process will be posi-
tive outcomes in business activities. 

Hitherto, we have developed a set of hypotheses and an estimation model 
based on the assumption that changes in the external environment will lead to 
the formulation of a strategy to promote data analytics, followed by the deploy-
ment of an organizational structure and the acquisition of skills and knowledge 
on data analytics. We also assume that the quality of the data will improve as a 
result of the progress of these factors, ultimately leading to better firm perfor-
mance. 

However, under this structure, it is impossible to determine what business ac-
tivities data analytics is effective for and, conversely, what business activities it is 
not effective for. In some firms, specific data analytics objectives may only be-
come clear after the organizational structure for data analytics, skills and know-
ledge, data quality, etc. are in place. We therefore modified Hypotheses 3 and 4 
in Figure 1 to consider this process. The revised estimation model is shown in 
Figure 2. Specifically, in the part of Figure 1 that refers to outcomes, we replace 
“outcomes” with “objectives” (Hypothesis 5) and attempt to ascertain the status 
of achievement of the objectives (Hypothesis 6). 
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Figure 1. Estimation model (1) (Created by author). 

 

 
Figure 2. Estimation model (2) (Created by author). 

 
Hypothesis 5: Progress in the formulation of a strategy for data analytics, 

deployment of a system, acquisition of skills and knowledge, and qualitative im-
provement of the data will lead to the clarification of the specific objectives of 
data analytics. 

Hypothesis 6: Progress in the formulation of a strategy for data analytics, 
deployment of a system, acquisition of skills and knowledge, and qualitative im-
provement of the data will lead to positive outcomes from data analytics by meet-
ing the specific objectives of the data analytics. 

3. Variables and Estimation Equation 

Variables 

From estimation models (1) and (2), the dependent and independent variables 
are related in complex ways and vary depending on the hypothesis. Therefore, 
here, we first identify these variables and then the control variables, followed by 
the estimation equation. 

1) Dependent and independent variables 
The RIETI Data Analytics Survey included a question asking how much progress 

the responding firms had made in their data analytics efforts as of the end of 
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March 2020.2 This question covered 19 initiatives related to data analytics, and 
responses were given on a five-point scale: “strongly agree,” “agree,” “neutral,” 
“disagree,” and “strongly disagree.” The 19 items were divided into four catego-
ries: “Strategy and policy (formulation of data analytics strategy)” (three items), 
“Implementation systems and tools (deployment of systems)” (six items), “Skills, 
knowledge, and talent (acquisition of skills and knowledge)” (four items), and 
“Data (qualitative improvement of data)” (six items). 

The responses to these four item groups were set as the dependent or inde-
pendent variables for Hypotheses 1 and 2. Specifically, “data analytics strategy” 
was only an independent variable, while “deployment of systems” and “acquisi-
tion of skills and knowledge” were set as dependent variables in Hypothesis 1 
and independent variables in Hypothesis 2. In addition, “qualitative improve-
ment of data” was set as a dependent variable for Hypothesis 2. 

In Hypotheses 3 and 4, all four groups were set as independent variables, 
while the results of the responses regarding the outcomes of data analytics to 
date were set as dependent variables. For the questions about the outcomes of 
data analytics, the responding firms answered using a five-point scale, ranging 
from “No results have been achieved yet” to “Concrete results (sales, cost reduc-
tions, etc.) have been achieved in multiple businesses.” 

For the dependent variables of Hypotheses 5 and 6, we used the results of a 
survey conducted in fiscal year 2019 on the objectives of the responding firms’ 
data analytics and the status of their achievements. The respondents were asked 
to respond to each of eight items, including “organizational reform and man-
agement strategy formulation” and “human resource development and capacity 
building,” on a four-point scale (“not an objective,” (if an objective) “did not 
achieve the objective,” “achieved the objective,” or “achieved or exceeded the 
objective”). For Hypothesis 5, we applied binomial logistic regression with “ob-
jective or not” as the dependent variable. Furthermore, for Hypothesis 6, we set 
up an ordinal logit with “the extent to which the objective was achieved” as the 
dependent variable. Since eight items were prepared, estimates were made for 
each one. 

2) Control variables 
Factors that could affect the dependent variable were net sales, R&D expendi-

tures (total), industry (manufacturing industry dummy), whether the company 
is listed (listed dummy), number of patents held in Japan, and whether there is a 
person in charge of data analytics company-wide (person in charge dummy). 

The RIETI Data Analytics Survey also asked the responding firms whether 
they had received data held by other institutions and whether they had imple-
mented projects under a partnership agreement. We added this as a control va-
riable based on the assumption that firms with this experience are more likely to 
advance their data analytics strategies and human resource development on an 
extrinsic basis. 

 

 

2For detailed descriptive statistics, see Watanabe et al. (2021). 
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The above variables are summarized in Table 1. 
3) Estimation equation 
The basic estimation equation is expressed as follows: 

1performance α β data γ εi i k i ik X
=

= + × + +∑               (1) 

Subscript i represents each responding firm in the data set. α, β, and γ are the 
parameters to be estimated and ε is the error term according to ( )2

ε0,δN . De-
pendent variable performance is as described above. The method of analysis is 
ordinary least squares (OLS) regression. 

4. Results 

Table 1 shows the estimation results for Hypothesis 1. Models 1-1 and 1-2 present 
the results with system deployment as the dependent variable and Models 1-3 
and 1-4 the results with skill and knowledge acquisition as the dependent varia-
ble. The four statistical significance levels are indicated in the notes of the table. 

The formulation of strategies for data analytics significantly contributes to the 
deployment of systems and the acquisition of skills and knowledge. However, 
the significance levels and coefficients are higher for those firms who put forth 
strategies to collaborate with external organizations rather than those opting for 
a company-wide collaborative strategy. 

Among the control variables, negative statistical significance is seen for some 
of the listed and manufacturing industry dummies. In other words, it is easier 
for unlisted firms than listed firms and for non-manufacturing firms than for 
manufacturing firms to deploy data analytics systems and acquire skills and 
knowledge. 

Next, the results of testing Hypothesis 2 are shown in Table 2. The statistical 
significance levels show that the greater is the progress in system deployment 
and the acquisition of skills and knowledge, the greater is the qualitative im-
provement of the data. System deployment, in particular, has a significant im-
pact. The listed and manufacturing industry dummies show a tendency similar 
to Hypothesis 1. 

Next, the verification results of Hypotheses 3 and 4 are shown in Table 3. 
These results are key for understanding whether data analytics leads to positive 
outcomes and show that progress, in the formulation of a strategy for data ana-
lytics, the deployment of a system, acquisition of skills and knowledge, and qua-
litative improvement of the data tend to improve the outcomes of data analytics. 

Interestingly, the results of Model 3 - 6 show that, when all four item groups 
are entered into the estimation formula, only data improvement is statistically 
significant at 0.1%. The magnitude of the coefficients suggests that the outcome 
of data analytics in a firm may be greatly influenced by how efficiently the 
process proceeds from one step to the next, from strategy formulation through 
the qualitative improvement of the data. Given that many firms are currently 
halfway through this process, continued efforts are important. 
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Table 1. Estimation results for Hypothesis 1. 

System deployment Model 1-1 Model 1-2 

Net sales 
0.000 0.000 

(0.000) (0.000) 

R&D expenses 
0.000 0.000 

(0.000) (0.000) 

Listed dummy 
−0.169** −0.062 

(0.069) (0.056) 

Manufacturing industry dummy 
−0.257*** −0.219*** 

(0.081) (0.065) 

Number of patents held 
0.018 0.003 

(0.036) (0.029) 

Person in charge dummy 
0.461*** 0.121** 

(0.066) (0.057) 

Presence of data acquisition project 
0.679*** 0.404*** 

(0.094) (0.078) 

Strategy 1: Actively promote analytics  
0.149*** 

 
(0.048) 

Strategy 2: Coordinated analytics  
throughout the company 

 
0.124* 

 
(0.059) 

Strategy 3: Analytics in cooperation  
with external organizations 

 
0.251*** 

 
(0.033) 

Observations 487 

Adjusted R2 0.209 0.232 

*p < 0.1, **p < 0.05, ***p < 0.01 
  

Values in parentheses: SE 
  

Created by author 
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Continued  

Acquisition of skills and knowledge Model 1-3 Model 1-4 

Net sales 
0.000 0.000 

(0.000) (0.000) 

R&D expenses 
0.000 0.000 

(0.000) (0.000) 

Listed dummy 
−0.311*** −0.201** 

(0.080) (0.069) 

Manufacturing industry dummy 
−0.218** −0.189** 

(0.093) (0.081) 

Number of patents held 
0.081** 0.064* 

(0.041) (0.036) 

Person in charge dummy 
0.586*** 0.253*** 

(0.075) (0.070) 

Presence of data acquisition project 
0.710*** 0.441*** 

(0.108) (0.096) 

Strategy 1: Actively promote analytics 
 

0.232*** 

 
(0.060) 

Strategy 2: Coordinated analytics  
throughout the company 

 
0.063 

 
(0.061) 

Strategy 3: Analytics in cooperation  
with external organizations 

 
0.214*** 

 
(0.041) 

Observations 487 

Adjusted R2 0.201 0.221 

*p < 0.1, **p < 0.05, ***p < 0.01 
  

Values in parentheses: SE 
  

Created by author 
  

https://doi.org/10.4236/ojbm.2023.113057


D. Kanama 
 

 

DOI: 10.4236/ojbm.2023.113057 1043 Open Journal of Business and Management 

 

Table 2. Estimation results for Hypothesis 2. 

Qualitative Improvement  
of data 

Model 2-1 Model 2-2 Model 2-3 Model 2-4 

Net sales 
0.000 0.000* 0.000 0.000** 

(0.000) (0.000) (0.000) (0.000) 

R&D expenses 
0.000 0.000* 0.000 0.000** 

(0.000) (0.000) (0.000) (0.000) 

Listed dummy 
−0.187** −0.062 0.000 −0.010 

(0.075) (0.054) (0.058) (0.052) 

Manufacturing industry  
dummy 

−0.326*** −0.133** −0.195*** −0.130** 

(0.088) (0.064) (0.067) (0.061) 

Number of patents held 
0.069* 0.055* 0.019 0.035 

(0.039) (0.028) (0.030) (0.027) 

Person in charge dummy 
0.428*** 0.084 0.074 0.019 

(0.071) (0.054) (0.058) (0.052) 

Presence of data acquisition  
project 

0.504*** 0.002 0.075 −0.051 

(0.101) (0.077) (0.081) (0.073) 

System deployment 
 

0.751*** 
 

0.516*** 

 
(0.036) 

 
(0.048) 

Acquisition of skills and  
knowledge 

  
0.607*** 0.296** 

  
(0.034) (0.042) 

Observations 487 

Adjusted R2 0.245 0.237 0.222 0.272 

*p < 0.1, **p < 0.05, ***p < 0.01 
    

Values in parentheses: SE 
    

Created by author 
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Table 3. Estimation results for Hypotheses 3 and 4. 

Objective of data analytics Model 3-1 Model 3-2 Model 3-3 Model 3-4 Model 3-5 Model 3-6 

Net sales 
0.000*** 0.000*** 0.000** 0.000*** 0.000*** 0.000*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

R&D expenses 
0.000** 0.000*** 0.000*** 0.000*** 0.000*** 0.000*** 

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Listed dummy 
−0.132 −0.001 −0.021 0.043 0.012 0.055 

(0.126) (0.119) (0.118) (0.119) (0.113) (0.113) 

Manufacturing industry  
dummy 

−0.038 0.033 0.168 0.125 0.255* 0.235* 

(0.147) (0.137) (0.138) (0.137) (0.132) (0.133) 

Number of patents held 
0.068 0.029 0.025 −0.008 −0.012 −0.020 

(0.064) (0.060) (0.060) (0.060) (0.057) (0.057) 

Person in charge dummy 
0.597*** 0.180 0.250* 0.215* 0.211* 0.110 

(0.118) (0.121) (0.117) (0.118) (0.110) (0.116) 

Formulation of a strategy for  
data analytics 

 
0.563*** 

   
0.142* 

 
(0.067) 

   
(0.088) 

System deployment   
0.643*** 

  
0.001 

  
(0.075) 

  
(0.119) 

Acquisition of skills and  
knowledge 

   
0.568*** 

 
0.155* 

   
(0.066) 

 
(0.095) 

Qualitative improvement  
of data 

    
0.764*** 0.551*** 

    
(0.068) (0.109) 

Observations 459 

Adjusted R2 0.066 0.191 0.195 0.197 0.267 0.274 

*p < 0.1, **p < 0.05, ***p < 0.01 
      

Values in parentheses: SE 
      

Created by author 
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Next, we examine the results of testing Hypothesis 5. As noted earlier, there 
are eight dependent variables; hence, the results of each estimation are compara-
ble. At a first glance, the statistically significant relationships appear compli-
cated. The relationships that stand out are those between “data analytics strate-
gy” and “organizational reform and management strategy formulation,” and 
between “acquisition of skills, knowledge, and talent” and “human resource de-
velopment and capacity-building.” There is a statistically significant relationship 
between these strongly related items, and the results confirm the reliability of the 
estimation. However, none of the relationships reached a high significance level. 

Finally, we present the results of testing Hypothesis 6. While the hypothesis 
somewhat complicated, some of the results are clearer than for the other hypo-
theses. 

The variables to focus on here are “productivity improvement and efficiency,” 
“improvement of existing products,” and “CRM.” All these dependent variables 
are business objectives primarily targeted by existing businesses or existing cus-
tomers. The introduction of strategies for data analytics and the qualitative im-
provement of data contribute strongly to the achievement of those objectives. 

By contrast, the coefficient on “development of new products” is relatively 
small and statistically insignificant. These results suggest that, as of fiscal year 
2019, corporate efforts for data analytics do not contribute much to new product 
development, but are effective in improving productivity, products, and cus-
tomer relationships in existing businesses. 

5. Conclusion and Future Challenges 

5.1. Summary of the Results and Their Academic Contributions 

As previous studies indicate, interest in the relationship between data analytics 
and firm performance has grown rapidly since the 2010s. However, when it 
comes to data analytics capabilities and initiatives based on those capabilities, 
there is still a strong sense of uncertainty as to what pathways will ultimately 
lead to sales and profit (Wamba et al., 2019; Mikalef et al., 2019). Hence, we used 
the RIETI Data Analytics Survey to examine the relationship between the for-
mulation of a strategy for data analytics in a firm and the subsequent penetration 
and results of data analytics in that firm. As a result, clarified the following three 
points: 

First, in the two estimation models, the formulation of a strategy for data ana-
lytics leads to the deployment of a data analytics system and the acquisition of 
the relevant skills and knowledge. In addition, the deployment of data analytics 
systems and the acquisition of skills and knowledge lead to improving the qua-
litative improvement of the data, which ultimately leads to the achievement of 
positive outcomes from data analytics. 

This is consistent with many prior studies (e.g., Wamba et al., 2019; Wamba et 
al., 2017) suggesting that data analytics is most effective when it is deeply inte-
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grated into business strategy. It is also consistent to a certain extent with pre-
vious studies that report that commitment, especially at the management level, is 
important; specifically, when this commitment is secured, systems are success-
fully deployed within the organization and employees’ skills and knowledge re-
lated to data use are improved (e.g., Coluccia et al., 2020; Santoro et al., 2021; 
Ghasemaghaei et al., 2018). 

Building on the literature, this study makes a new contribution to the litera-
ture; namely, to connect the effects of data analytics to firm performance, it is 
necessary to go through the process indicated in the estimation models. This can 
be confirmed by the fact that, as shown in Model 3 - 6 in Table 4, as well as in 
Table 5, it is difficult to achieve significant effects by only promoting the dep-
loyment of a data analytics system. 

Second, it is easier for unlisted firms than listed firms and for non-manufacturing 
firms than for manufacturing firms to deploy data analytics systems and acquire 
skills and knowledge. As such, this means that listed firms in the manufacturing 
industry are the least likely to reap the benefits of data analytics. We could not 
find any clear prior research on this issue, which made it difficult to interpret. 
Intuitively, one would imagine that the large size of listed manufacturing com-
panies, their complex decision-making structures, and the fact that they have 
many independent business units could hinder the penetration of processes 
throughout a company. However, additional research would be needed to con-
firm this intuition. 

Finally, the corporate efforts for data analytics do not contribute much to new 
product development, but are effective in improving the productivity, products, 
and customer relationships of existing businesses. This point is easy to under-
stand for many businesses. Data analytics is still in its infancy and the idea of 
“start with what you can do first” is still prevalent in this field. Therefore, it is 
easier to experiment with data analytics to refine and improve existing business-
es with clear issues than to develop new products that are strongly exploratory. 
Conversely, it would not be an exaggeration to say that, if it becomes possible to 
utilize data analytics in new product development, this would mean that the pe-
netration of data analytics has progressed considerably. 

5.2. Future Research Directions 

Finally, we discuss future research directions for this line of research, which is 
still in its early stages, meaning there are many issues to explore. The most sig-
nificant issues are as follows. 

The first point is to examine the process that leads to positive outcomes from 
data analytics. The two processes shown in this paper were constructed by in-
corporating new knowledge into limited previous research, meaning many other 
processes are possible. This naturally includes processes in the opposite direc-
tion; that is, the idea is that if progress is made in the qualitative improvement of 
the data, the deployment of in-house systems and securing of human resources  
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Table 4. Estimation results for Hypothesis 5. 

Objective of data analytics 

Organizational  
reform and 

management 
strategy  

formulation 

Human  
resource  

development 
and capacity 

building 

Productivity 
improvement 

and  
efficiency 

Improvement 
of existing 
products 

Net sales 
0.000 0.000 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

R & D expenses 
0.000 0.000 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

Listed dummy 
0.460** 0.273 0.251 0.057 

(0.219) (0.213) (0.247) (0.218) 

Manufacturing industry  
dummy 

0.518** −0.009 0.592** 0.455* 

(0.258) (0.249) (0.290) (0.258) 

Number of patents held 
0.032 0.063 0.059 0.157 

(0.115) (0.110) (0.140) (0.113) 

Person in charge dummy 
−0.227 0.086 −0.296 −0.017 

(0.224) (0.214) (0.248) (0.222) 

Formulation of a strategy  
for data analytics 

0.361** 0.131 0.390** 0.283* 

(0.169) (0.162) (0.183) (0.168) 

System deployment 
−0.069 0.076 0.155 0.086 

(0.230) (0.222) (0.257) (0.230) 

Acquisition of skills and 
knowledge 

0.420** 0.394** −0.213 0.176 

(0.186) (0.179) (0.212) (0.185) 

Qualitative improvement  
of data 

0.065 0.042 0.426* 0.389* 

(0.206) (0.201) (0.232) (0.209) 

Observations 467 

Cox-Snell R2 0.099 0.102 0.118 0.129 

*p < 0.1, **p < 0.05, ***p < 0.01 
    

Values in parentheses: SE 
    

Created by author 
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Continued  

Objective of data analytics 
Development 

of new  
products 

Analysis  
of industry  
or market 

CRM 

Building 
partnerships 
with other 

organizations 

Net sales 
0.000 0.000 0.000 0.000* 

(0.000) (0.000) (0.000) (0.000) 

R & D expenses 
0.000 0.000 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

Listed dummy 
−0.086 0.136 0.063 0.069 

(0.217) (0.215) (0.222) (0.230) 

Manufacturing industry 
dummy 

0.469* 0.433* 0.348 0.379 

(0.256) (0.254) (0.260) (0.265) 

Number of patents held 
0.153 0.138 −0.085 0.071 

(0.114) (0.111) (0.120) (0.118) 

Person in charge dummy 
0.025 −0.081 0.072 0.122 

(0.220) (0.220) (0.223) (0.224) 

Formulation of a strategy  
for data analytics 

0.243 0.432*** 0.353** 0.433* 

(0.167) (0.167) (0.169) (0.176) 

System deployment 
0.208 0.290 0.000 0.257 

(0.228) (0.228) (0.233) (0.234) 

Acquisition of skills and 
knowledge 

0.256 −0.048 0.016 −0.064 

(0.182) (0.183) (0.187) (0.186) 

Qualitative improvement  
of data 

0.155 0.039 0.502** 0.239 

(0.207) (0.206) (0.211) (0.215) 

Observations 467 

Cox-Snell R2 0.095 0.082 0.116 0.117 

*p < 0.1, **p < 0.05, ***p < 0.01 
    

Values in parentheses: SE 
    

Created by author 
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Table 5. Estimation results for Hypothesis 6. 

Achievement of objectives 

Organizational 
reform and 

management 
strategy  

formulation 

Human  
resource  

development 
and capacity 

building 

Productivity 
improvement 

and  
efficiency 

Improvement 
of existing 
products 

Net sales 
0.000 0.000 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

R & D expenses 
0.000 0.000 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

Listed dummy 
0.320* 0.258 0.460** 0.019 

(0.199) (0.204) (0.199) (0.202) 

Manufacturing industry 
dummy 

0.242 −0.103 0.413* 0.464* 

(0.233) (0.241) (0.234) (0.238) 

Number of patents held 
0.072 0.065 0.109 0.105 

(0.099) (0.103) (0.100) (0.101) 

Person in charge dummy 
−0.146 0.199 −0.133 0.102 

(0.200) (0.204) (0.201) (0.202) 

Formulation of a strategy  
for data analytics 

0.415*** 0.124 0.392*** 0.207 

(0.153) (0.156) (0.153) (0.155) 

System deployment 
−0.118 0.123 0.005 0.056 

(0.206) (0.211) (0.207) (0.209) 

Acquisition of skills and 
knowledge 

0.405** 0.394** −0.101 0.031 

(0.165) (0.168) (0.165) (0.165) 

Qualitative improvement  
of data 

0.198 0.170 0.678*** 0.673*** 

(0.187) (0.192) (0.190) (0.193) 

Observations 456 

Cox-Snell R2 0.136 0.110 0.154 0.155 

*p < 0.1, **p < 0.05, ***p < 0.01 
    

Values in parentheses: SE 
    

Created by author 
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Continued  

Achievement of objectives 
Development 

of new  
products 

Analysis  
of industry  
or market 

CRM 

Building 
partnerships 
with other 

organizations 

Net sales 
0.000* 0.000* 0.000* 0.000 

(0.000) (0.000) (0.000) (0.000) 

R&D expenses 
0.000* 0.000** 0.000 0.000 

(0.000) (0.000) (0.000) (0.000) 

Listed dummy 
-0.138 0.306 0.115 0.165 

(0.204) (0.201) (0.201) (0.229) 

Manufacturing industry 
dummy 

0.335 0.422* 0.163 0.276 

(0.238) (0.235) (0.237) (0.268) 

Number of patents held 
0.143 0.109 -0.030 0.105 

(0.101) (0.100) (0.101) (0.116) 

Person in charge dummy 
0.120 -0.003 0.147 0.266 

(0.204) (0.201) (0.201) (0.222) 

Formulation of a strategy  
for data analytics 

0.187 0.295** 0.364** 0.455*** 

(0.158) (0.154) (0.154) (0.177) 

System deployment 
0.153 0.300 -0.031 0.284 

(0.210) (0.207) (0.209) (0.231) 

Acquisition of skills and 
knowledge 

0.257 0.040 0.027 -0.063 

(0.167) (0.165) (0.165) (0.182) 

Qualitative improvement  
of data 

0.329* 0.243 0.659*** 0.419** 

(0.192) (0.188) (0.191) (0.213) 

Observations 456 

Cox-Snell R2 0.143 0.132 0.167 0.166 

*p < 0.1, **p < 0.05, ***p < 0.01 
    

Values in parentheses: SE 
    

Created by author 
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with skills and knowledge will lead to the formulation of a company-wide strat-
egy for data analytics. This reverse process may be more natural in the Japanese 
manufacturing industry, which still has a bottom-up culture. If this were the 
case, it is natural that this hypothesis could not be developed by previous studies 
in top European and American journals. This calls for a redesign of our study 
using the dataset for a hypothesis-discovery approach rather than a hypothe-
sis-testingones. 

The second point is to deepen and refine the interpretation of the estimation 
results. Few qualitative studies supplement the interpretation of the estimation 
results in this study. Therefore, it is not possible to ascertain whether there is a 
discrepancy between our statistical analysis and the actual perceptions in the 
field and, if so, what discussions are lacking. To translate the results of this study 
into not only academic but also practical contributions, it is necessary to incor-
porate activities such as interviews and workshops on an ongoing basis. 

Third, although this paper adopts a hypothesis-testing approach, it rather at-
tempts to understand the actual situation under investigation. Furthermore, the 
estimation results should have been tested with a robustness check to enhance 
the credibility of the results. Therefore, to make a deeper contribution to the li-
terature, it would be necessary to determine what academic and theoretical is-
sues are at stake based on prior theoretical research and the underlying concepts, 
and conduct more elaborate hypotheses development and testing. 
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