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Abstract--The recent volatility of business environment has 

increased the importance of firms that could foster innovation 
and influence other firms to bring competitive advantage to their 
surrounding regions. Therefore, it is becoming increasingly 
important for policy makers to identify such firms to maximize 
the effects of subsidies aimed at stimulating regional economy. 
The purpose of this research is to build practical prediction 
models of influencers of corporate performance by extracting 
features of firms that have impact on surrounding firms' 
corporate performances. Firms are defined as influencers of 
corporate performance when increase in the revenue of 
surrounding firms were observed in the fiscal year after their 
own revenue increased. Interfirm relationships of firms located in 
Aichi prefecture that Teikoku Databank, Ltd. possesses is used as 
the target of this research. Interfirm networks are formed to 
calculate network indices such as network centralities and 
participation coefficient. Those network indices are used as 
features for building prediction models classifying the 
influencers. As a result, the f score over 0.7 was realized. Network 
index such as betweenness centrality contributed significantly on 
the prediction models. This paper contributes to explaining the 
implication of the index in propagation of corporate performance 
within an interfirm network. 

I. INTRODUCTION 

A. Background 
Total performance and capability of a group of firms in 

regional economies are emphasized more than a performance 
of a single firm that hold the biggest economic presence in the 
region. Large influential firms have been contributing to the 
local economy by creating job opportunities and paying tax to 
the local government. However, the recent volatility of 
business environment has made it difficult for such large firms 
to maintain the level of its contributions to the local economy. 
Also, it is becoming crucial for firms to adopt the notion of 
open innovation and foster innovations that can create 
sustainable competitive advantage [1]. Taking these situations 
into account, the role of inter-firm relations has been increasing 
among firms in recent years.  

Inter-firm relations forged by transaction relations are one 
of corporate assets that have significant impact on corporate 
performance. Dyer et al. argued that the performance of an 
individual firm is often related to the positioning of the firm in 
the network of relationships between its relational firms [2]. 
Therefore, finding business partners which allow one to adapt 
to the structural change of the industry and enhance its 
competitive advantage in their industry are becoming 
increasingly strategically crucial [3]. Transaction relations are 

also important source of knowledge for small and medium size 
firms [4]. There have been efforts to visualize and 
quantitatively analyze interfirm networks and one of them is 
the development of Regional Economy Society Analyzing 
System (RESAS). RESAS was developed by the Headquarters 
for Overcoming Population Decline and Vitalizing Local 
Economy in Japan to provide visualized data of regional 
economies to regional governments so that they could utilize 
the data to design effective regional policies [5]. RESAS 
enables regional policy makers to observe structural views of 
regional economy data from four perspectives. Four major 
functions of RESAS are visualization of industrial maps, 
sightseeing maps, population maps and prefecture comparison 
maps. Those maps visualize the size, distribution and 
competitiveness of regional economies using various 
indicators. 

As it was with RESAS, the concept of regional cluster has 
been widely used when analyzing regional transaction 
networks. The concept of cluster proposed by Porter 
recognized a cluster as a group of industries linked by 
specialized customer-supplier relationships or interrelated by 
specific technologies or skills [6]. The basic theory of clusters 
suggests geographic concentration in certain locations brings 
about a degree of competitive advantage to interrelated firms 
and industries [7]. Clusters have also been widely adopted as a 
policy tool for local economic development. It was based on 
the belief that they provide the foundation for economic 
prosperity of regional economies [7]. Policy makers have 
regarded regional clusters as an important perspective since it 
also focuses on vertical relationships between dissimilar firms 
unlike traditional sectorial approach, which only focuses on 
horizontal relationships and competitive interdependence [8]. 
In recent years, the locus of innovation is found within the 
networks of inter-organizational relationships especially in 
fields of rapid technological development [9]. From their 
contributions to regional economies, inter-firm networks in 
regional clusters have been subjects of research from the past. 
Saxenian analyzed production networks of computer system 
firms and suppliers in Silicon Valley during the early 90s and 
concluded that inter-firm networks spread the risks of 
developing new technologies and foster reciprocal innovation 
among specialist firms [10]. A later study by Kajikawa et al. 
analyzed inter-firm networks of eight regional clusters in Japan 
by conducting multi-scale analysis of the networks. The 
method proposed by Kajikawa et al. enabled a detailed analysis 
of inter-firm networks in regional clusters [11].  

Those researches however, lack the viewpoint on 
propagation of corporate performance within inter-firm 
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1) Prediction model： 
Model = ( , )  was built in order to predict 

influencers within regional networks. ∶=  denotes the 
influencers where  takes a value over 0.5 when a company is 
estimated as an influencer. Logistic regression was used for this 
experiment and it assumes a following model: 

             = ( ) ≔ ( )                   ∶= ( + +. . . + )           (1) 

where : = ( , , . . . , ) is a  dimensional vector and this 
accounts for the network indices of a firm. : = ( , , . . . , ) is a  dimensional vector that accounts 
for the weight of network indices. A positive value of  
indicates that network index  contributes positively in 
influencing surrounding firms. On the contrary, a negative 
value of  indicates that company feature  contributes 
negatively in influencing surrounding firms. 

Network index  were normalized using following 
equation: 

 = ′ −
 (2) 

where ′  denotes the original value of each company’s 
network index.  is the mean of the network index and  is the 
standard deviation of the network index. 

Four network indices chosen for the experiments were 
closeness centrality, betweenness centrality, eigenvector 
centrality and participation coefficient. Closeness centrality 
measures how many steps a firm has to take to access every 
other firm within the inter firm network. Betweenness 
centrality of a firm measures the number of shortest paths that 
pass through a firm. Eigenvector centrality is a measure that 
takes surrounding firms’ centralities into account. Participation 
coefficient Pi is defined as  

 = 1 −  (3) 

where  denotes the total degree of node i.  is the number 
of modules and  the number of links of node i to nodes in 
module s. Pi takes the value of 0 to 1 and it takes the value of 0 
if all of the links of node i are within its own module and takes 
the value of 1 if links are spread uniformly across all modules 
in the network [14]. Other network centralities such as degree 
centrality and PageRank could be used for the experiments but 
those indices were excluded considering multicollinearity. 

2) Training and test data for each prediction model 
Four types of training and test data were prepared for each 

experiment. For Experiment 1 and Experiment 2, positive 
influencers were regarded as positive examples. Firms that 
were considered as growing firms in the period of 2011 to 2012, 
but didn’t have over half of its surrounding firms as growing 
firms from 2012 to 2013 were regarded as negative examples. 
The difference in the data used for the experiments was made 
by changing the threshold used to classify firms as growing 
firms. In Experiment 1, firms that had over top 10% growth 
rate were considered as growing firms. In experiment 2, firms 

that had over top 20% growth rate were considered as growing 
firms. 

Similarly, for Experiment 3 and Experiment 4, negative 
influencers were regarded as positive examples. Firms that 
were considered as shrinking firms in the period of 2011 to 
2012, but didn’t have over half of its surrounding firms as 
shrinking firms from 2012 to 2013 were regarded as negative 
examples. In Experiment 3, firms that had under top 10% 
negative growth rate were considered as shrinking firms. In 
Experiment 4, firms that had under top 20% negative growth 
rate were considered as shrinking firms. 

C. Using different training data to predict influencers 
After building prediction models for each kind of 

influencers, we conducted experiments where we used 
classifiers for predicting negative influencers to predict positive 
influencers and vice versa. We used classifiers used in 
Experiment 4 to predict positive influencers and classifiers 
used in Experiment 2 to predict negative influencers. The 
experiments were done to quantitatively verify that positive 
influencers and negative influencers possess similar network 
positions within interfirm network. 

III. RESLULT 

Aichi prefecture's gross domestic products is the third-
largest in Japan after Tokyo and Osaka. The sheer economic 
size of its city attracts many leading firms in manufacturing 
industries creating a favorable business environment for 
subcontractors that supply products to final assemblers. 
Nagoya, being the home of Japan's most valuable company, is 
Aichi prefecture’s ordinance-designated city. The existence of 
Toyota and their relating companies has defined Nagoya's 
industrial structure today. Companies such as Denso, Toyota 
Industry Corporation, Toyota Tsusho Corporation and Aishin 
Seiki are some of Toyota related firms that exceed 1 trillion 
yen in company value as of January 2016. There are countless 
other subsidiary companies and subcontractors that make up 
the Toyota empire in Aichi prefecture. Table 1 shows the 
number of firms and transactions that were used for the 
experiments. 

TABLE I.  NUMBER OF COMPANIES AND TRANSACTIONS FROM 2011 TO 
2013 

 2011 2012 2013 

Number of firms 52997 53121 53175 

Number of transactions  133003 133948 135341 
 
We first looked at the capital size and industry type of firms 

in the dataset of 2012. Financial information of some firms was 
not included in the dataset and such firms were excluded from 
the analysis below. Table 2 shows the range of capital of firms 
in the dataset. The largest group is a group of firms that have 
10 million to 30 million yen capital. According to the Ministry 
of Economy, Trade and Industry in Japan, firms that have 
capital of less than 300 million and have less than 300 workers 
are considered as small and medium size firms in Japan. Over 
95% of the firms in the dataset meet the criteria in terms of its 
capital size. 
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TABLE II.  NUMBER OF FIRMS IN EACH RANGE OF CAPITAL IN 2012 
Range of capital [JPY] in 2012 Number of firms 
Under 10 million 18537 
10 million - 30 million 23438 
30 million - 100 million 5409 
100 million - 300 million 812 
300 million - 500 million 329 
500 million - 1 billion 182 
1 billion - 5 billion 387 
5 billion - 10 billion 77 
10 billion - 50 billion 84 
over 50 billion 23 

 
Industry type of firms in the dataset is shown in Table 3. 

The majority of the firms in the dataset engage in construction, 
wholesale, retail and manufacturing industry. Those industries 
account for 78% of the firms in the dataset.  

TABLE III.  INDUSTRY TYPE OF FIRMS IN THE DATASET 
Industry type Number of firms 
Construction 15180 
Wholesale and Retail 13818 
Manufacturing 10799 
Service 7205 
Transportation and 
Telecommunication 2246 
Real estate 1394 
Agriculture 174 
Finance 166 
Mining 51 
Public sector 38 
Electricity, Gas and Water 17 
Forestry and Hunting 6 
Fishery 3 

 
A. Predicting positive influencers 

Thresholds in Table 4 were used to define growing firms 
and positive influencers in experiment1 and experiment2. In 
Experiment 1, firms were considered as growing firms from 
2011 to 2012 if the revenue growth rate exceeded 0.279. 
Similarly, firms were considered as growing firms from 2012 
to 2013 if the revenue growth rate exceeded 0.245. Firms that 
met this criterion had the top 10% growth rate in the respective 
year. As a result, there were 1323 positive examples and 1435 
negative examples. In Experiment 2, firms were considered as 
growing firms from 2011 to 2012 if the revenue growth rate 
exceeded 0.125. Similarly, firms were considered as growing 
firms from 2012 to 2013 if the revenue growth rate exceeded 
0.100. Firms that met this criterion had the top 20% growth rate 
in the respective year. There were 3039 positive examples and 
2366 negative examples for Experiment 2. 

TABLE IV.  THRESHOLDS AND NUMBER OF POSITIVE AND NEGATIVE 
EXAMPLES IN EXPERIMENT 1 AND EXPERIMENT 2 

  Experiment 1 Experiment 2 
αpos 0.279 0.125 
βpos 0.245 0.100 

Positive 
examples 1323 3039 
Negative 
examples 1435 2366 

Table 5 below shows the performance of each model 
evaluated by precision, recall and f-value. The score of each 
evaluation measure is an average score of five-fold cross-
validation. Experiment 2 had a higher f-value of 0.719 and 
Experiment 1 scored a f-value of 0.683, but its precision was 
0.687 and exceeded that of Experiment 2.  

TABLE V.  PERFORMANCE OF EXPERIMENT 1 AND EXPERIMENT 2 

 Experiment1 Experiment2 

Precision 0.687 0.660 

Recall 0.679 0.789 

F-value 0.683 0.719 
 
Table 6 shows the weight of network index on each 

experiment. For both Experiment 1 and Experiment 2, 
betweenness centrality had the largest negative weight of -
2.062 and -1.975. Eigenvector had the largest positive weight 
of 0.256 and 0.189 in Experiment 1 and Experiment 2 
respectively. 

TABLE VI.  WEIGHT OF NETWROK INDEX IN EXPERIMENT 1 AND 
EXPERIMENT 2 

 Experiment 1 Experiment 2 

Closeness centrality -0.850 -0.656 

Betweenness centrality -2.062 -1.975 

Participation coefficient -0.169 -0.074 

Eigenvector centrality 0.256 0.189 
 

B. Predicting negative influencers 
Thresholds in Table 7 were used to define shrinking firms 

and negative influencers in Experiment 3 and Experiment 4. In 
Experiment 3, firms were considered as shrinking firms from 
2011 to 2012 if the revenue growth rate was under -0.188. 
Similarly, firms were considered as shrinking firms from 2012 
to 2013 if the revenue growth rate was under -0.178. Firms that 
met this criterion had the top 10% negative growth rate in the 
respective year. As a result, there were 1690 positive examples 
and 1507 negative examples. In Experiment 4, firms were 
considered as shrinking firms from 2011 to 2012 if the revenue 
growth rate was under -0.086. Similarly, firms were considered 
as shrinking firms from 2012 to 2013 if the revenue growth rate 
was under -0.080. Firms that met this criterion had the top 20% 
negative growth rate in the respective year. There were 3664 
positive examples and 2508 negative examples for Experiment 
4. 

TABLE VII.  THRESHOLDS AND NUMBER OF POSITIVE AND NEGATIVE 
EXAMPLES IN EXPERIMENT 3 AND EXPERIMENT 4 

 Experiment 3 Experiment 4 

αneg -0.188 -0.086 
βneg -0.178 -0.080 

Positive 
examples 1690 3664 
Negative 
examples 1507 2508 
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Table 8 below shows the performance of each model 
evaluated by precision, recall and f-value. The score of each 
evaluation measure is an average score of five-fold cross-
validation. Prediction model in Experiment 4 performed better 
than that of Experiment 3 with f-value of 0.751. The model in 
Experiment 3 underperformed that of Experiment 4 with f-
value of 0.706. Precision and recall in Experiment 4 were 
higher than that of Experiment 3 with 0.684 and 0.832 
respectively. 

TABLE VIII.  PERFORMANCE OF EXPERIMENT 3 AND EXPERIMENT 4 

  Experiment 3 Experiment 4 

Precision 0.678 0.684 

Recall 0.737 0.832 

F-value 0.706 0.751 
 
Table 9 shows the weight of network index for the 

prediction models in each experiment. For both Experiment 3 
and Experiment 4, betweenness centrality had the largest 
negative weight of -1.215 and -1.237. Eigenvector had the 
largest positive weight of 0.281 and 0.331 in Experiment 3 and 
Experiment 4 respectively. 

TABLE IX.  WEIGHT OF NETWORK INDEX IN EXPERIMENT 3 AND 
EXPERIMENT 4 

  Experiment 3 Experiment 4 

Closeness centrality -0.808 -0.697 

Betweenness centrality -1.215 -1.237 

Participation coefficient -0.148 -0.115 

Eigenvector centrality 0.281 0.331 

C. Using different training data to predict influencers 
In this experiment, thresholds for Experiment 2 were used 

to determine growing firms and positive influencers. Table 10 
shows the result of the experiment where we used classifiers 
for predicting negative influencers to predict positive 
influencers. The score of evaluation measures of the 
experiment was compared with that of Experiment 2. For this 
experiment, precision, recall and f-value were 0.644, 0.811 and 
0.718. In Experiment 2, those scores were 0.660, 0.789 and 
0.719. 

TABLE X.  PERFORMANCE OF THE EXPERIMENT TO PREDICT POSITIVE 
INFLUENCERS USING CLASSIFIERS FOR PREDICTING NEGATIVE INFLUENCERS 

 

Prediction of positive influencers 
using classifiers for predicting 
negative influencers Experiment 2 

Precision 0.644 0.660 
Recall 0.811 0.789 
F-value 0.718 0.719 
 
Thresholds for Experiment 4 were used to determine 

shrinking firms and negative influencers. Table 11 shows the 
result of the experiment where we used classifiers for 
predicting positive influencers to predict negative influencers. 
The score of evaluation measures of the experiment was 
compared with that of Experiment 4. For this experiment, 

precision, recall and f-value were 0.697, 0.794 and 0.743. In 
Experiment 4 those scores were 0.684, 0.832 and 0.751. In both 
of the experiments above, classifiers were able to predict 
influencers with same level of performance. 

TABLE XI.  PERFORMANCE OF THE EXPERIMENT TO PREDICT NEGATIVE 
INFLUENCERS USING CLASSIFIERS FOR PREDICTING POSITIVE INFLUENCERS 

 

Prediction of negative influencers 
using classifiers for predicting 
positive influencers Experiment 4 

Precision 0.697 0.684 

Recall 0.794 0.832 
F-value 0.743 0.751 

IV. DISCUSSION 

A. Predicting positive and negative influencers 
In both of the experiments for predicting positive and 

negative influencers, there was an experiment where it had the 
f-value of over 0.7. In addition, the rankings of weights of 
network indices in prediction models were equivalent in all of 
the experiments. As a result of the experiments, betweenness 
centrality had the largest negative weight followed by closeness 
centrality in all of the prediction models. Eigenvector centrality 
on the other hand was the only network index that had a 
positive weight in all of the prediction models. These results 
mean that firms that had low betweenness centrality, closeness 
centrality and participation coefficient were more likely to be 
classified as influencers. This indicates that influencers in the 
experiments are locally connected firms in the network. The 
positive weight of eigenvector centrality suggest that firms 
identified as influencers had transaction relations with firms 
that have high network centralities. There are several possible 
explanations for these findings. 

First, we paid attention to the difference in the number of 
transactions influencers had in the inter-firm network. The 
average number of transactions of each firm is equal to the 
degree so we calculated average degrees of positive examples 
and negative examples in Experiment 1. The average degree of 
positive examples, the influencers, in Experiment 1 was 3.135 
and average degree of negative examples was 9.008. 
Difference between positive examples and negative examples 
in average degree differ in each experiment but there was a 
significant gap in average degree in all of the experiments. In 
most cases in inter-firm networks formed by transaction 
relations, degrees of firms correlate with size and influence of 
firms. Therefore, firms that have high degrees are usually 
highly influential in local economies. Similarly, firms with low 
degrees are usually small in size and not as influential. Also, 
degrees have strong correlation with other network centralities 
such as betweenness centrality and closeness centrality. To sum 
up, it could be inferred that firms identified as influencers in 
the experiments were relatively small firms that placed orders 
to large firms. In a typical supply chain network, small firms 
that have transaction relations with large influential firms are 
usually located in second tier of the pyramid acting as a bridge 
between top tier firms and the firms below. However, the 
subject of this research is an inter-firm network that take 
transaction relations outside of a single value chain network 
into account and we cannot conclude that influencers are 
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typical second tier firms in a certain supply chain network. 
There is also a possibility that influencers that were identified 
in the experiments are companies that are located in a different 
value chain network that purchase products from large 
influential firms and provide different range of products to their 
own network. Taking this into account, there are several 
possible explanations to the content of transactions. First 
possible case is where the large firms are providers of 
equipment and facilities that are required to produce products 
that influencers make. Another case is where influencers that 
belong in wholesale and retail industry are purchasing goods 
from large firms. We could not conduct further research to 
confirm these hypotheses because the names of individual 
firms were anonymized in the provided dataset. However, it 
could be possible for future studies to inquire our data provider 
to conduct interviews with firms that were regarded as 
influential firms in this research. 

However, if influencers hold characteristics stated above, it 
would be difficult to conclude that there was a propagation of 
corporate performance from influencers to surrounding firms. 
If influencers were small firms, influencers are unlikely to be 
holding big enough transactions to have significant impact on 
its surrounding large firms. Then, what is more likely to be 
actually happening? One possibility is that influencers’ 
industries were growing as a whole or there was an increase in 
the revenue growth for a group of companies related to a 
particular large firm. Also, it might also be the case that small 
and medium size firms just happened to have transaction 
relations with few growing large firms and there was not a 
propagation of corporate performance. Large firms have 
hundreds of transactions within an inter-firm network. 
Therefore, an existence of growing large firm could potentially 
trigger large number of such coincidence and create an 
imbalance in the datasets. 

On the other hand, it is extremely rare for large firms with 
such characteristics in Japan are managing the level of growth 
set as thresholds for the experiments. Therefore, it is more 
likely that small and medium sized firms with high network 
centralities are realizing the high level of growth and the 
growth is supported by high performing small sized firms. In 
this scenario, it is more likely that propagation of corporate 
performance was observed in the experiments that we 
conducted. Considering the argument above, it could be 
concluded that there is a distinct relationship between a firm’s 
network position and its influence to other firms in terms of 
corporate performance.  

B. Prediction of influencers using different training data 
Result of predicting influencers using different training data 

is shown in Table 10 and Table 11. For the experiment that 
used growing firms as training data to predict negative 
influencers, the performance of the model was slightly under 
the baseline that used growing firms as training data to predict 
positive influencers. It was the same case for predicting 
positive influencers using shrinking firms as training data. This 
is an expected outcome and it quantitatively shows that positive 
influencers and negative influencers share similar position in 
the targeted interfirm network. This finding suggests that 
network positions are crucial element in measuring a firm’s 

influence over its surrounding firms. The result also implies 
that shrinking firms have the potential to positively influence 
surrounding firms’ performance once they succeed in 
improving their own performance. We prepared different 
prediction models for predicting positive and negative 
influencers for this experiment, but this result implies that 
influencers could be predicted using a single model. 

However, network indices that were used for prediction 
models such as closeness centrality and betweenness centrality 
have high computational cost. Therefore, we should design 
features that have lower computational cost for future studies to 
make the prediction models more practical. Furthermore, the 
dataset that was used for the experiments were limited to 
company data from 2011 to 2013. The dataset is limited and 
prediction models used for the experiments have not been 
tested in a different period of time. Also, we have only made 
prediction models for Aichi prefecture alone. We can further 
investigate the robustness of the prediction models by changing 
the time range and regions of study. We are aiming to complete 
these studies in our future studies. 

The experiments of this research had practical implications 
to policy makers of the government that are seeking to make 
data oriented decisions to assist firms that can maximize the 
effect of the limited subsidies available. Using the prediction 
models in the experiments, policy makers can conduct analysis 
on other regions with appropriate datasets. It is also possible to 
easily renew the prediction models each year with new datasets, 
since the models are trained using a survey data that is 
collected every year by Teikoku Data Bank, Ltd.  

V. CONCLUSION 

The purpose of this research was to build practical 
prediction models of influencers of corporate performance by 
using network features of firms in inter-firm network. Features 
that were used to build prediction models were network index 
that explain positioning of firms within interfirm network 
connected by transactin relations. We prepared different 
classifiers for predicting positive and negative influencers that 
propagated its own corporate performance to their surrounding 
firms. Teikoku Databank, Ltd provided data that was used to 
conduct the experiments to detect influencers. Firms that had 
their headquarters located in Aichi prefecture were chosen for 
the experiments. We looked at corporate performance during 
the period of 2011 to 2013. The prediction of influencers were 
regarded as a machine learning problem. Logistic regression 
was used as a classifier and different thresholds were used in 
each experiment to create positive and negative examples. 
There was a model for detecting postive and negative 
influencers that recorded f-value of over 0.7. The result of the 
experiment implies that the prediction models built in this 
research could be adopted for practical use. In all of the 
prediction models, betweenness centrality had the largest 
negative weight and eigenvector had the largest positive weight. 
This indicates that firms that propagate their own corporate 
performance to surrounding firms share common network 
positioning whether they are growing or shrinking in terms of 
revenue. 
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The result of this research has practical implications on 
policy makers and top managements of companies. Prediction 
models could be adopted by RESAS to assist policy makers to 
make decisions on formulating regional policies. Top 
management of firms can refer to the list of influencers that 
were predicted by our prediction model when forming new 
transaction relations with other firms and decide to form 
relationships with firms that can potentially bring positive 
influence to their own firm.  
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