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Purpose. The purpose of this paper is to examine the factors influencing intelligent capital on enterprise performance. Design/
Methodology/Approach. Based on dynamic panel data of listed companies in the Taiwan electronics industry from 2006 to 2017, we
used the GMM estimation method. Findings. The findings of this study indicate that human capital, innovation capital, process
capital, and customer capital all significantly improve enterprise performance through the mechanism of organizational learning.
Research Limitations/Implications. Future research on cross-country studies of various forms of electronics industry would be
worth conducting to determine regional differences in the development of electronics industry activities. Originality/Value. The
empirical results demonstrate that human capital, process capital, and customer capital exert a significant promoting effect on
enterprise performance, while innovation capital significantly inhibits improvement of enterprise performance.

1. Introduction

Our research focuses on the combination of cross-fields,
including psychology, management, and organizational
behavior to break the previous academically insufficient
knowledge areas. Our research purpose is mainly to examine
the factors influencing intelligent capital on enterprise
performance. Taiwan’s electronics industry needs to con-
tinuously transform its enterprises and generate perfor-
mance, and it needs to continuously improve its own
intangible asset capabilities.

With the rapid development of the knowledge economy
and increasingly intense market competition, enterprises
need to continually acquire new knowledge and skills
through organizational learning, thereby optimizing en-
terprise resource allocation and achieving profitable growth.
However, great differences exist among enterprises in or-
ganizational learning ability, which will influence the effect
of intellectual capital in creating value and promoting en-
terprise performance. As an important source for enterprises
to gain competitive advantages, intelligent capital has
constituted a topic of broad focus for scholars [1-6].

The economist Galbraith first proposed the concept of
intelligent capital in 1969. He asserted that intelligent capital
constituted an act of using brainpower, and not knowledge
only, which indicated that intelligent capital was a form of
value creation. Thus far, however, no consensus exists on the
definition of intelligent capital in the extant literature.
Guenther and Beyer [7] believed that intelligent capital is the
sum of all of the intangible assets of an enterprise, including
technology, customer information, trademark rights, ethics,
and corporate culture. Subramnniam and Youndt [8], on the
other hand, proposed that intelligent capital comprises all of
the knowledge that can bring a competitive advantage to
enterprises, and which can provide enterprises with methods
to accumulate and utilize knowledge. Iswati and Anshori [9]
contended that intelligent capital was the difference between
market value and book value, which was expressed as the
average of the five-year market value minus the average of
the book value.

Since entering the new economic era, many companies
have invested heavily in employee training, research and
development, customer information, data management, and
other key aspects. These forms of intelligent capital
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constitute strategic resources for enterprises and are also the
key for them to obtain sustained competitive advantages,
which directly affects enterprise performance. Indeed,
Ahmed [10], Chen et al. [11], and Sardo et al. [12] have
demonstrated a significant positive relationship between
intellectual capital and enterprise performance. However,
some scholars have reached the opposite conclusion. For
example, Firer and Mitchell Williams [13] reported a sig-
nificant correlation between physical capital and enterprise
performance but no empirical evidence of a significant as-
sociation between intelligent capital and enterprise perfor-
mance. Indeed, a consensus has not yet been attained
concerning the influence of intelligent capital on enterprise
performance, and the relationship between the two remains
to be elucidated.

In addition, the empirical results of Hsu and Fang [14],
based on data of the Taiwan integrated circuit design in-
dustry, show that intelligent capital is closely related to
organizational learning and plays an important role in
enterprise innovation performance through the mechanism
of organizational learning. Soo et al. [15] also reported that
intelligent capital would exert a positive impact on the in-
novation performance of enterprises through their ab-
sorptive capacity.

Most of the above researches utilized the least square
method to estimate the effect of intelligent capital on en-
terprise performance without considering the dynamic in-
fluence of enterprise performance. In fact, the corporate
performance of the current period is often related to that of
the previous period. Therefore, this paper takes listed
companies that are highly dependent on intelligent capital in
the Taiwan electronics industry as the research object. A
dynamic panel model is introduced to describe the dynamic
behavior of enterprise performance. In order to eliminate
the influence of endogeneity, the GMM method is used to
estimate model parameters, accurately evaluate the influence
of intelligent capital on enterprise performance, and em-
pirically test the mediating effect of organizational learning
on the influence of intelligent capital on enterprise per-
formance. We use learning theory. Organizational learning
can be achieved through (1) behaviorism, (2) cognitivism,
(3) constructivism, and (4) humanism to further achieve the
learning and sharing of knowledge throughout the
organization.

Our research contributions are mainly able to enhance
the sustainable operation and profitability of Taiwan’s
electronics industry in terms of company performance and
improve overall operating performance through the em-
phasis on intangible asset capabilities.

2. Theoretical Analysis and
Research Hypothesis

2.1. Intelligent Capital and Enterprise Performance. Salehi
and Zimon [16] refer to intellectual capital and board
characteristics as key factors in establishing value creation
and growth. According to knowledge management theory,
intelligent capital is the sum of knowledge resources that can
enable enterprises to realize the market value and asset
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appreciation. These knowledge resources are usually formed
in the production and management activities of enterprises.
Edvinsson and Malong [17] measured intelligent capital
from the three dimensions of human capital, structured
capital, and customer capital, among which structured
capital was subdivided into innovation capital and process
capital. Based on this perspective, intelligent capital is di-
vided into the following four basic elements: (1) human
capital, (2) innovation capital, (3) process capital, and (4)
customer capital. Salehi and Zimon [16] refer to assess the
impact of intellectual capital, such as human capital (HC),
structural capital (SC), relational capital (RC), and customer
capital (CC).

Human capital refers to the knowledge, skills, and ex-
perience of employees and managers. The accumulation of
human capital is a critical source of enterprise competi-
tiveness. The cognitive ability and adaptability of employees
enable them to master requisite professional knowledge and
skills and apply them to practical work in a timely manner.
In this way, human capital can improve enterprise pro-
duction efficiency, increase enterprise profits, and promote
the improvement of enterprise performance. Dalwai and
Salehi [18] refer to the influence of business strategy and
intellectual capital on firm performance. Therefore, the
following hypothesis is proposed:

Hypothesis 1A: human capital has a positive impact on
enterprise performance.

Innovation capital refers to the enterprise’s creativity,
innovation achievements, and the potential for devel-
oping new products. Business innovation can improve
production processes, shorten product production
cycles, and increase efficiency per unit of output.
However, in the short term, due to a large amount of
funds necessary for research and development (R & D)
activities and that the effect of R & D can be nonob-
vious, managers of enterprises generally tend to reduce
R & D expenditure, which is not conducive to the
improvement of enterprise performance. Therefore, the
following hypothesis is proposed:

Hypothesis 1B: innovation capital has a negative im-
pact on enterprise performance in the short term.

Process capital refers to the most effective working
methods and processes formed after the long-term
accumulation of knowledge invested by employees,
including enterprise procedures, norms, and infor-
mation systems. Process capital is conducive to en-
terprise information screening and organizational
decision-making, reduction of the probability of similar
misplacement, and augmentation of the efficiency of
the utilization of resources, so as to promote the im-
provement of enterprise performance. Therefore, the
following hypothesis is proposed:

Hypothesis 1C: process capital has a positive effect on
business performance.

Customer capital refers to capital implied in an en-
terprise’s reputation, customer satisfaction, and cus-
tomer loyalty. Mutual trust between enterprises and
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suppliers can effectively prevent the occurrence of
fraud and reduce transaction costs. In addition, close
cooperation between enterprises and banks can de-
crease the cost and risk of technological innovation. A
good relationship between enterprises and the gov-
ernment can also assist enterprises to obtain internal
resources and preferential policies, thus decreasing the
cost of acquiring scarce resources. Maintaining good
relationships with customers, suppliers, and govern-
ments facilitates reducing enterprise costs and im-
proving enterprise performance. Therefore, the
following hypothesis is proposed:

Hypothesis 1D: customer capital has a positive impact
on business performance.

2.2. The Mediating Role of Organizational Learning. Senge
[19] asserts that all enterprises are learning organizations,
but great differences exist in the breadth and depth of or-
ganizational learning, which will affect the functions of
intangible assets of enterprises, especially the role of intel-
ligent capital value based on knowledge. Organizational
learning can promote the transmission of explicit and im-
plicit knowledge, cultivate and develop enterprise capabil-
ities, promote technological innovation and management
innovation, reduce enterprise costs and obtain more profits,
and thus promote the improvement of enterprise
performance.

Overall, as an important intangible asset, intelligent
capital plays an essential role in improving enterprise per-
formance. Organizational learning broadens the knowledge
base of enterprises, assists enterprises to integrate resources
and augments the utilization efficiency of intangible assets,
and thus improves enterprise performance. Therefore, the
following hypotheses are proposed:

Hypothesis 2A: human capital will promote enterprise
performance through organizational learning

Hypothesis 2B: innovation capital will promote en-
terprise performance through organizational learning

Hypothesis 2C: process capital will promote enterprise
performance through organizational learning

Hypothesis 2D: Customer capital will promote en-
terprise performance through organizational learning

We can see from Figure 1 the relationship of the entire
learning organization theory to the electronic industry.

3. Study Design

3.1. Model Specification. Considering that enterprise perfor-
mance may have a certain dynamic hysteresis, that is, the
current enterprise performance will be affected by the previous
one [24-26] we are mainly looking at the data situation of this
issue and the situation of the next issue, there is no problem
with the sentence, [27], and the specific form is set as follows:

(1) Enterprise performance; intelligent capital (includ-
ing human capital, innovation capital, process cap-
ital, and customer capital), other control variables

affecting enterprise performance, individual non-
observed effect, and random disturbance term.

In addition, according to the above research hy-
pothesis, intelligent capital will have an impact on
enterprise performance through organizational
learning. In order to verify the existence of this
mechanism, the following model is constructed in
this paper:

(2) The intermediary variable is the proxy variable
reflecting organizational learning, and the interme-
diary effect of intelligent capital on enterprise per-
formance can be determined according to the sign of
the estimated coefficient and its significance.

Considering that explanatory variables in the dynamic
panel model contain lagged dependent variables, ex-
planatory variables will be correlated with random dis-
turbance terms, resulting in endogeneity problems. If the
OLS method is used to estimate directly, the estimated
coefficients obtained are both biased and inconsistent,
even if the in-group estimator (fixed-effects method) is
adopted. For panel data with a small number of indi-
viduals and a large number of periods, the consistent
estimator can be obtained by correcting the deviation. The
sample data in this paper, however, constitute short panel
data with a large number of individuals and a relatively
short number of periods.

To solve the endogeneity problem in dynamic panels,
Arellano and Bover [28] suggest the utilization of general-
ized moment estimation (GMM). However, the differential
generalized moment estimation method (DIF-GMM) still
possesses the problem of weak instrumental variables.
Therefore, Blundell and Bond [29] adopted the system
moment estimation method (SYs-GMM) to estimate the
dynamic panel model. Compared with DIF-GMM, SYs-
GMM is more efficient because it can use both the level value
of explanatory variables and the first-order difference value
as instrumental variables. The validity of the instrumental
variable requires the use of the Arellano-Bond test (AB test).
Only the existence of second-order autocorrelation in the
AB test can indicate that the instrumental variable is rea-
sonable and effective. It is also necessary to use the Hansen
test to assess the overidentification constraint of instru-
mental variables, and acceptance of the null hypothesis
indicates that the setting of instrumental variables is ap-
propriate. Considering the characteristics of the sample data
in this paper, we mainly use SYs-GMM to estimate model
parameters.

3.2. Variable Declaration. The empirical study of this paper
mainly involves the following four types of variables: (1)
explained variables, (2) core explanatory variables, (3) in-
termediary variables, and (4) control variables.

3.3. Model Setting and Variable Selection. In learning theory,
the difference between the market value of a firm and its
book value is highly correlated with smart capital [30, 31].
This chapter measures intelligent capital by four dimensions:
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FiGURE 1: Illustrative research summarizing the antecedents to learning organization in the electronics industry.

human capital, innovation capital, process capital, and
customer capital. By establishing the difference between
market value and book value and the regression equation of
intelligent capital, this paper comprehensively examines the
difference between the net value and value of intelligent
capital to the enterprise market. The existing research lit-
erature shows that the current market value and value
difference of the enterprise market are usually related to the
past. Therefore, this paper uses the dynamic panel model
including the lagging dependent variable to evaluate the

effect of intelligent capital on the difference between the net
market value and the value of the enterprise. Considering
that the explanatory variables in the dynamic panel model
contain hysteresis dependent variables, the explanatory
variables are related to the random disturbance terms,
resulting in endogeneity problems. If the OLS method is
used for estimation directly, even if the estimated coeflicients
obtained in the large sample case are biased inconsistently, in
order to solve the endogeneity problem existing in the
model, we use the GMM method to estimate.
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The setting of the empirical model in this chapter is
carried out according to the following operational
procedures:

3.3.1. Testing the Dynamic Relationship. It is necessary to
test the regression equation to prove that it is necessary to
add the lag term of the interpreted variable to the regression
model. For the related research and discussion of the dif-
ference between the net value and the value of the enterprise,
there are two reasons for adding the lag term of the de-
pendent variable in the regression model. First, because
the company’s net worth and value are usually related to the
past, if you do not consider the impact of the past on the
present, there will be a problem of missing variables, which
will bring the wrong form of the model. Second, if the GMM
method is used for estimation in subsequent evidence, and
the lag term of the explanatory variable is used as the tool
variable for estimation; the lag order of the dependent
variable is determined. The lag order of the dependent
variable is determined by the regression equation of the
following type:

Tobin Q; = ay + Z a, * TobinQ;,_, + Controls + ¢, (1)

it—p

where TobinQ_it represents the difference between the
company’s net worth and value in the current period.
TobinQ (i, t-p) represents the difference between the net
value and value of the enterprise in the first, second, and
third phases. Controls indicate the size of the enterprise.
Control variables include enterprise age, debt ratio, asset
growth rate, and director-supervisor ratio. In formula (1),
the intelligent capital variable is not added yet, and the
model estimates use three different methods: OLS, fixed
effect, and random effect.

3.3.2. Testing Endogenous Problems. The regression equa-
tion is used to illustrate the influence of the interpreted
variable on the explanatory variable, and the endogenous
problem existing in the model is determined. We are en-
dogenous in the process of studying the difference between
intelligent capital and enterprise value and value. In general,
the source of endogenous nature mainly includes the fol-
lowing three aspects.

First is the problem of missing variables. In order to solve
the endogeneity problem caused by missing variables, this
paper eliminates the influence of other factors on TobinQ by
adding control variables and adds the lag term of the de-
pendent variable to reduce the possibility of model mis-set.

Second is the problem of unobservable variables. Since
some influencing factors cannot be observed, this will also
bring endogenous problems to the model. But these un-
observable factors are usually some of the characteristics that
reflect the individual. In order to capture these unobservable
individual characteristics, the model is set to

TobinQ;, = a + fTobinQ;,_; + yX; +AZ; + 1 + &, (2)

where the individual heterogeneity variable #_i is in-
cluded, and the residual term is e_it, and there is a

correlation between the two. If the OLS method is used to
estimate formula (2), the estimation will be inconsistent
because of the endogeneity. Therefore, we finally solve the
effect of individual heterogeneity on the whole regression
through the fixed-effect method.

Third is the problem of two-way causality. While the
dependent variable can be interpreted by the independent
variable, the independent variable can also be interpreted by
the dependent variable, that is, there is a causal relationship
between the variables, which will lead to the endogeneity of
the model. The following equation clearly reflects the rela-
tionship between the independent variable and the depen-
dent variable lag term:

Xip = f(TObinQi,tfl’ ZipsMi» eif)’ 3)

where X, represents the explanatory variables, namely,
innovation capital, human capital, process capital, and
customer capital variables; TobinQ;, | represents the dif-
ference between the net value and the value of the enterprise
in the first period of the lag; Z;, represents the control
variable; and #; represents the individual heterogeneity of
the company. It is easy to know from equation (2) that
(TobinQ;; ;) can also be interpreted by the individual
heterogeneity #;, resulting in the explanatory variable in
equation (3) TobinQ;, , is associated with a random dis-
turbance term (¢;,), resulting in an endogeneity problem. If
estimates are made directly using OLS or fixed-effect
methods, consistent estimates cannot be obtained even in
large sample cases. To test for endogenous problems caused
by two-way causality in the model, we set the following
equation:

X;; = a+ B TobinQ;; , + Controls + ¢, (4)

where X, represents intelligent capital, including in-
novation capital, human capital, process capital, and cus-
tomer capital; TobinQ;, , represents the difference between
the company’s net value and value in the first period; and
Controls represents control variables. In this paper, formula
(4) is estimated by OLS, fixed-effect, random-effect, and
other methods to test whether there is an endogeneity
problem caused by two-way causality.

3.3.3. Model Construction and Parameter Estimation. In
view of the fact that the impact of intelligent capital on
TobinQ may be lagging behind, this paper adds the lag
term of human capital, innovation capital, process capital,
and customer capital in the regression equation. Mainly
this equation is setting and predicting, so it needs to be
judged.

Before using the GMM method to estimate the dynamic
panel model, it is also necessary to determine the lag order of
the intelligent capital affecting TobinQ. This paper first uses
OLS, fixed-effects, random-effects, and other estimation
methods to determine the lag order of human capital, in-
novation capital, process capital, customer capital, and other
intelligent capital variables. The specific regression equation
is set as follows:



TobinQ; = a + f TobinQ;, , +y Z Xipop +AZy + 1 + &
p

(5)

where TobinQ;, and TobinQ;,_;, respectively, represent
the difference between the net value and the value of the
current period and the lag period; X;,_,, indicates the lag 0-3
period; the intelligent capital variable, Z; represents other
control variables that affect the difference between the firm’s
net worth and value; #; represents the individual heterogeneity
of the firm; and ¢;, represents the random disturbance term.

For dynamic panel data, even within the group estimator
(fixed-effect method), it is inconsistent (Nickell, 1981). For
panel data with a small number of individuals and a large
number of periods, a consistent estimator can be obtained by
correcting the deviation. However, the sample data in this
paper belongs to short panel data with a large number of
individuals and a relatively short period of time. Therefore,
the system GMM method will be used for estimation.

Blundell and Bond [29] used differential GMM equa-
tions and horizontal GMM equations as an equation system
for GMM estimation, referred to as “system GMM.”
Compared with the differential GMM, the system GMM has
higher efficiency because it can simultaneously use the
horizontal value of the explanatory variable and the first-
order difference value as the tool variables. The equations of
the system GMM are shown in the following equations:

TobinQ; = a + fTobinQ;, | +yX;; +AZ; +1; + &4, (6)

ATobinQ; = a + fATobinQ;; | + yYAX; +AZ; + &, (7)

At the same time, the difference sequence
{ATobinQi’t_l,ATobinQi,t_z, . } and the horizontal se-
quence {ATobinQ,’)H, ATobinQ;,_,, .. } are used as a tool
variable of TobinQ;; ; to estimate equation (6) to obtain an
unbiased and consistent estimator.

The variables in the empirical study are divided into
three categories: explanatory variables, explanatory vari-
ables, and control variables.

(1) Explained Variable: Enterprise Performance. Smart
capital may exert both long- and short-term effects on
enterprise performance. In order to use a single performance
indicator to measure the short- and long-term impact, this
paper employs Tobin Q, which is derived from the time-
varying measurement method based on market value, to
determine the market value of enterprises. It is taken as a
measurement index of enterprise value and is obtained by
dividing the market value of assets by the book value of assets.

(2) Core Explanatory Variable: Intelligent Capital. This paper
reflects intelligent capital from four dimensions: human
capital, which is expressed by the logarithm of the number of
employees plus one; innovation capital, which is expressed
by the R & D intensity of the company, is the ratio of R & D
expenses to operating income; process capital, which is
measured by the added value of each employee in the en-
terprise, is the ratio of after-tax net profit to the total number
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of employees; and customer capital, which is represented by
the ratio of marketing expenses, that is, the ratio of mar-
keting expenses to operating income.

(3) Intermediary Variable: Organizational Learning. Based
on the research framework of Teece et al. [32], the stan-
dardized mean values of total assets, total profits, and
revenue growth rate were selected as measurement indica-
tors of organizational learning ability.

(4) Control Index. Factors affecting enterprise performance
other than intelligent capital are regarded as control vari-
ables. According to relevant literature of previous enterprise
performance theory, five variables are selected: (1) enterprise
scale, which is measured by the natural logarithm of total
enterprise assets; (2) the age of the enterprise, which can be
obtained by subtracting the date of establishment of the
company from the date of the financial statement at the end
of the current year; (3) the debt ratio, which is measured by
the percentage of the total liabilities of the enterprise in the
total assets of the enterprise; (4) the growth rate of assets,
which is measured by the growth rate of the original value of
fixed assets; and (5) the proportion of the board of super-
visors, which is measured by the percentage of the shares
held by the board of supervisors in the total number of
shares of the enterprise. By controlling these characteristic
factors, the influence of intelligent capital on enterprise
performance can be more accurately discerned.

3.4. Sample Selection and Data Sources. In this paper, listed
companies in the electronics industry in Taiwan are selected
as the research samples, and the period from 2006 to 2017 is
taken as the sample interval to investigate the influence of
intelligent capital on enterprise performance.

According to established practices of research meth-
odology, the research samples in this paper are processed as
follows: (1) sample companies with data missing are deleted;
(2) sample companies whose financial data are obviously
unreasonable are excluded; and (3) each variable is reduced
by 1% to decrease the bias resultant from outliers to the
estimated results. After screening the original samples in the
above steps, a total of 7,776 sample observations in 12 years
from 648 companies were finally obtained.

In terms of data sources, the financial data related to
enterprises, the data related to intelligent capital, and the data
of the board of directors are from the TE] Asia-Pacific Fi-
nancial Database or annual reports of shareholders’ meetings.

The descriptive statistical results of each major variable
are presented in Table 1.

4. Empirical Results and Analysis

4.1. Analysis of the Influence of Intelligent Capital on
Enterprise Performance

4.1.1. Overall Impact Analysis. The results of the sys-GMM
estimation formula (1) are shown in column (1) of Table 2.
The model passes the AB test and the Hansen test, indicating
that there is no problem of overidentification of
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instrumentals and that all instrumentals are both reasonable
and effective.

According to the results in column (1) of Table 2, the
estimated coefficients of human capital, process capital, and
customer capital are significantly positive at the statistical
level of 1%, indicating that improving the levels of human
capital, process capital, and customer capital can signifi-
cantly promote the improvement of enterprise performance.
Moreover, the estimated coefficient of innovation capital is
significantly negative at the statistical level of 1%, revealing
that the increase of innovation capital exerts a restraining
effect on enterprise performance in the short term. There-
fore, hypotheses 1A, 1B, 1C, and 1D are supported.

GMM estimators in the sample size are smaller when
there is a weak instrumental variable or a proclivity towards
bias exists. Consequently, the GMM estimation containing
the dependent variable lag of mixed estimation model
(POLS) and fixed-effect model (FE) estimators are com-
pared. In addition, the coefficient of the dependent variable
lag of GMM estimation only between two models corre-
sponding to the estimated coefficient afterwards is reason-
able. To this end, this paper reports the estimated results of
dynamic POLS and dynamic FE in columns (2) and (3) of
Table 2, respectively. Table 2 shows that the estimated co-
efficient of L. Tobin’s Q in column (1) lies between that of
L. Tobin’s Q in column (2) and that of L. Tobin’s Q in
column (3). This demonstrates that the results of sys-GMM
estimation in this paper have no significant deviation due to
the selection of instrumental variables.

4.1.2. Robustness Test. In order to ensure the reliability of the
estimated results, in addition to the measures of setting
control variables and eliminating endogenous problems, the
following robustness tests are carried out in this paper.

The first is to replace the human capital variable and
define it by the logarithm of the employees’ age. The second
is to replace the innovation capital variable by the ratio of R
& D expenditure to total enterprise assets. The third is to
replace the process capital variable, expressed by the pro-
ductivity of each employee, that is, the net operating income
divided by the number of employees, and then take the
logarithm. The fourth is to replace the customer capital
variable, measure the growth rate of marketing expenses,
and carry out a regression test on the benchmark model
again. The robustness test results of successively replacing
human capital, innovation capital, process capital, and
customer capital are shown in columns (1), (2), (3), and (4),
respectively, of Table 3.

As the results from Table 3 indicate, the instrumental
variables of the model are reasonable and effective, and there
are no excessive problems with identification. Moreover,
intelligence capital and the estimated coeflicient of control
variables and significant results are essentially identical to
those in Table 2. Specifically, human capital, process capital,
and customer capital are shown to improve business per-
formance, while innovation capital significantly inhibits
enterprise performance. Indeed, these research conclusions
remain robust.

4.2. Analysis of the Results of Different Industrial Chains.
The conclusions from the above analysis indicate that in-
telligent capital has a significant impact on enterprise per-
formance; however, this only reflects the average effect and
ignores the heterogeneous impact on enterprises in different
industrial chain links. Subsequently, this paper divides the
electronics industry into up-, mid-, and downstream en-
terprises from the perspective of industrial chains. Mid-
stream  enterprises comprise electronic parts and
optoelectronics and two other industries, and downstream
enterprises include computers and peripherals, electronic
channels, communication networks, information services,
other electronics, and five other industries. All sample en-
terprises were divided into three subsamples according to
the up-, mid-, and downstream, and the benchmark model
was regressed. The empirical results are presented in col-
umns (1), (2), and (3) of Table 4.

From the first (1) results listed in Table 4, human capital,
innovation capital, and flow of capital in 1% of the estimated
coefficient statistics level are significantly positive, and
customer capital in 1% of the estimated coefficient statistics
level is significantly negative. In other words, augmenting
the level of human capital, innovation capital, and the flow of
capital is beneficial for the improvement of upstream en-
terprise performance, whereas customer capital has no effect
on upstream enterprise performance. From the results of
column (2), human capital and the flow of capital in 1% of
the estimated coeflicient statistics level are significantly
positive, while innovation capital estimated coefficient is at a
statistically significant negative level. Moreover, 1% of the
estimated coefficient statistics level for customer capital
shows that it is beneficial, but this benefit is not statistically
significant. Human capital and the flow of capital impart
advantageous effects on the middle enterprise performance;
innovation capital has a negative effect on middle enterprise
performance; and customer capital exerts no impact on
middle enterprise performance. In addition, from the results
of column (3), human capital and the flow of capital in 1% of
the estimated coefficient statistics level is significantly
positive, and customer capital in 10% of the estimated co-
efficient statistics level is significantly positive. The inno-
vation capital estimates of the coefficient are negative but
insignificant. Furthermore, human capital, process capital,
and customer capital have a promoting effect on the per-
formance of downstream enterprises, but innovation capital
imparts no effect on the performance of downstream
enterprises.

In general, human capital and process capital have a
significant promoting effect on the performance of up-, mid-,
and downstream enterprises. The former has the greatest
influence on midstream enterprises, while the latter has the
greatest influence on downstream enterprises. Innovation
capital also imparts a significant promoting effect on the
performance of upstream enterprises and a significant
restraining effect on the performance of midstream enter-
prises. In addition, an increase in customer capital will sig-
nificantly improve the performance of downstream
enterprises and significantly reduce the performance of up-
stream enterprises.
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TaBLE 1: Descriptive statistics of each variable.

Variable types Variable name

Symbol

. Standard Minimum Maximum
Observations Average

deviation  value value
Explained variable Enterprise performance Tobin Q 7,608 1.124 0.668 0.370 4.720
Human capital Human 7,621 5.577 1.201 2.758 9.035
Explanatory Innovation capital Innovation 7,697 0.050 0.062 0.000 0.385
variable Process capital Process 5,904 6.575 1.249 2.063 9.582
Customer capital Customer 7,695 0.057 0.046 0.000 0.293
Intervening variable Organizational learning Learn 7,620 -0.0308  0.360 -0.906 1.963
Enterprise scale Scale 7,620 15.170 1.293 12.58 19.72
Enterprise age 7,621 3.011 0.438 1.601 3.815
Control variables Debt ratio 7,621 0.396 0.159 0.065 0.804
Asset growth rate Investment 7,621 0.038 0.397 -0.753 3.662
Proportion of directors and 7,620 0210 0120  0.045 0.605
supervisors
Note. The descriptive statistics in the table are the results of a 1% indentation of the sample data.
TaBLE 2: Benchmark regression results of smart capital on enterprise performance.
@) 2 ®3)
L. Tobin Q 0.2717** 0.593*** 0.267***
(0.022) (0.011) (0.014)
Human 0.425*** 0.133*** 0.152***
(0.071) (0.010) (0.024)
Innovation —2.618""" 0.416™"" —2.658"""
(0.958) (0.139) (0.424)
Process 0.247*** 0.123*** 0.123"**
(0.024) (0.006) (0.008)
Customer 4.025** 0.014 —-1.508"**
(1.551) (0.152) (0.393)
Scale —0.620%** —0.143**~ —0.214"**
(0.066) (0.011) (0.030)
Age -0.158 —-0.050"** —-0.240"*
(0.172) (0.015) (0.093)
Lev -1.253*** -0.120** -0.118
(0.328) (0.048) (0.092)
Investment 0.034 0.024 0.051"**
(0.050) (0.016) (0.016)
DS -1.501%** -0.007 -0.093
(0.548) (0.049) (0.132)
Estimation method SYS-GMM Dynamic POLS Dynamic FE
Observations 4604 4604 4604
AR(1) 0.000
AR(2) 0.784
Hansen 0.349

Note. ***, **, and * represent significance levels of 1%, 5%, and 10%, respectively. The values in brackets are the standard deviations of the estimated
coeflicients, and the estimated results of constant terms are not reported, the same as Table 3.

4.3. Test of the Action Mechanism of Intelligent Capital Af-
fecting Enterprise Performance. According to the above
theoretical analysis, intelligent capital may influence en-
terprise performance through the mechanism of organiza-
tional learning. In order to further elucidate the action
mechanism of intelligent capital on enterprise performance,
the sys-GMM method is used to estimate model (2). The
results of the empirical test of the mechanism of organi-
zational learning are presented in Table 5.

According to the estimated findings shown in Table 5,
the results of the AB test and the Hansen test reveal that
there is no overidentification problem with instrumental

variables, and the selected instrumental variables are both
reasonable and effective.

The results in column (1) of Table 5 show that the es-
timated coefficients of Human and Human_Learn are both
significantly positive at the 1% statistical level, indicating
that human capital significantly improves business perfor-
mance through organizational learning. The results in col-
umn (2) reveal that the estimated coeflicients of Innovation
and Innovation_Learn are significantly positive at the sta-
tistical level of 1%, showing that innovation capital has a
significant promoting effect on enterprise performance
through organizational learning. The results in column (3)
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TABLE 3: Robustness test results.

(1) (2) (3) (4)
L. Tobin’s Q 0.301*** 0.278*** 0.432*** 0.211%**
(0.029) (0.026) (0.018) (0.028)
hu3 0.149* 0.447*** 0.453*** 0.556***
(0.081) (0.073) (0.098) (0.087)
inl -1.315 —3.664"** -0.935* -2.105**
(0.929) (1.291) (0.547) (1.021)
pr3 0.260*** 0.282*** 0.374*** 0.269***
(0.033) (0.031) (0.075) (0.028)
cul 2.487** 3.501** 2.465*** 0.383***
(1.166) (1.429) (0.604) (0.117)
Scale -0.201***  -0.620***  —0.483*** —0.828***
(0.057) (0.060) (0.098) (0.092)
Age -0.295* -0.230 0.192 -0.027
(0.164) (0.163) (0.125) (0.185)
Lev -1.815***  —1.059*** —1.574*** —-1.579***
(0.205) (0.273) (0.255) (0.362)
Investment 0.049 0.069 0.255*** 0.076*
(0.052) (0.045) (0.053) (0.045)
DS -0.223 —1.885*** 0.019 —1.701***
(0.500) (0.492) (0.425) (0.658)
Observations 4584 4583 5895 4523
AR (1) 0.000 0.000 0.000 0.000
AR (2) 0.694 0.845 0.318 0.797
Hansen 0.655 0.618 0.159 0.158

TaBLE 4: Industrial chain heterogeneity test results.

TaBLE 5: Organizational development mechanism test results of
intelligent capital on enterprise performance.

1) (2) (3)
L. Tobin’s Q 0.449*** 0.219*** 0.317***
(0.011) (0.033) (0.025)
Human 0.276*** 0.438*** 0.362%**
(0.030) (0.114) (0.099)
Innovation 3.739%** —2.722%** -2.313
(0.606) (0.972) (1.483)
Process 0.166*** 0.151%** 0.172%**
(0.011) (0.034) (0.030)
Customer —5.637"** 0.111 3.399*
(0.431) (1.639) (1.791)
Scale —0.148*** —0.443%** —0.469***
(0.035) (0.116) (0.111)
Age 0.441*** -0.760*** —0.557**
(0.110) (0.229) (0.224)
Lev —2.007*** —1.507*** —1.389***
(0.150) (0.399) (0.270)
Investment 0.016 0.141* 0.084
(0.020) (0.072) (0.064)
DS 0.936*** —-0.240 -1.836"**
(0.172) (0.491) (0.592)
Observations 691 1973 1940
AR (1) 0.001 0.000 0.000
AR (2) 0.542 0.236 0.847
Hansen 0.285 0.200 0.778

reveal that the estimated coefficients of Process and Proc-
ess_Learn are both significantly positive at the 1% statistical
level, indicating that process capital significantly promotes
enterprise performance through organizational learning.
The results in column (4) demonstrate that the estimated

(1) (2) (3) (4)
L. Tobin’s Q 0.361***  0.363***  0.301*** 0.401***
(0.018)  (0.019)  (0.022)  (0.019)
Human 0.195***
(0.053)
Human_Learn 0.118***
(0.008)
Innovation 1.741%**
(0.575)
Innovation_Learn 10.590***
(0.665)
Process 0.169***
(0.016)
Process_Learn 0.044***
(0.006)
Customer 2.183***
(0.767)
Customer_Learn 6.014***
(0.405)
Scale -0.160*** -0.106** —0.216*** —-0.020
(0.054)  (0.047)  (0.046)  (0.045)
Age 0.368*** 0.215* 0.050 0.281***
(0.119) (0.119) (0.134) (0.107)
Lev —1.677*** =2.059*** —1.790"** —1.994***
(0.218)  (0.200)  (0.272)  (0.200)
Investment -0.004 0.120*** 0.004 0.130***
(0.039)  (0.045)  (0.043)  (0.048)
DS 0.440 0.873** 0.035 1.202***
(0.351)  (0.380)  (0.368)  (0.356)
Observations 5962 5990 4631 5975
AR (1) 0.000 0.000 0.000 0.000
AR (2) 0.721 0.687 0.779 0.956
Hansen 0.210 0.077 0.334 0.091

coefficients of Customer and Customer_Learn are signifi-
cantly positive at the 1% statistical level, indicating that
customer capital significantly improves business perfor-
mance through organizational learning. For these reasons,
the above empirical findings support hypotheses 24, 2B, 2C,
and 2D, that is, organizational learning plays a mediating
role in the influence of intelligent capital on enterprise
performance.

5. Conclusions and Future Research

To the best of our knowledge, this study is among the earliest
attempts to explain the intelligent capital on enterprise
performance. This paper takes listed companies in the
electronics industry in Taiwan from 2006 to 2017 as samples.
Financial data, intelligent capital data, and board and su-
pervisor data of the listed companies are manually collected
and collated. The influence of intelligent capital on enter-
prise performance is investigated, and the intermediary
effect of organizational learning is analyzed. The research
findings of this paper are as follows:

First, the human capital is shown to have a significant
positive impact on enterprise performance, indicating that
human capital constitutes a key driver of enterprise
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performance. Indeed, human capital of high-tech enterprises
in Taiwan has been highly valued by investors, which affects
the evaluation of enterprise performance by the capital
market. Innovation capital is also demonstrated to exert a
significant negative impact on enterprise performance,
which indicates that in the short term, the effect of enterprise
R & D is nonobvious. As a consequence, a large amount of
innovation capital investment cannot be supported, which
decreases enterprise performance. In addition, process
capital is shown to significantly improve enterprise per-
formance, indicating that the establishment of information
management systems and databases augments the enter-
prise’s asset utilization efficiency and reduces the enterprise’s
internal costs, thus enhancing enterprise performance. The
significant positive influence of customer capital on cor-
porate performance also indicates that maintaining a good
relationship between enterprises and their customers, sup-
pliers, banks, and governments is conducive to augmenting
their future profitability and thus improving corporate
performance.

Second, human capital and process capital impart a
significant promoting effect on the performance of up-, mid-
, and downstream enterprises. The former has the greatest
influence on midstream enterprises, while the latter has the
greatest influence on downstream enterprises. Innovation
capital also has a significant promoting effect on the per-
formance of upstream enterprises and a significant
restraining effect on the performance of midstream enter-
prises. Moreover, an increase in customer capital will sig-
nificantly improve the performance of downstream
enterprises and significantly reduce the performance of
upstream enterprises. This study argues that enterprises in
different industrial chains have varied technical levels,
added value, and profitability and have dissimilar require-
ments for various elements of intelligent capital, which
results in heterogeneous effects of various elements of in-
tellectual capital on the performance of upstream and
downstream enterprises.

Finally, organizational learning plays an important in-
termediary role in the relationship between intelligent
capital and enterprise performance. Human capital, inno-
vation capital, process capital, and customer capital all
significantly improve enterprise performance through or-
ganizational learning, which indicates that enterprises give
more focus to the value creation function of intellectual
capital through continuous organizational learning, which
results in increasing enterprise profits, cultivating compet-
itive advantages, and improving enterprise performance.
Therefore, enterprises should create a supportive and ef-
fective learning atmosphere for individuals, teams, and
organizations; stimulate the enthusiasm of employees for
learning; and improve their learning ability. Indeed, this
intellectual capital factor was demonstrated to significantly
promote the improvement of enterprise performance
through the intermediary mechanism of organizational
learning. Finally, the findings only reflect the setting of the
Taiwan electronics industry. Nevertheless, the number of
businesses involved in cross-country or cross-sectional
Taiwan electronics industry is increasing globally, such as in
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the USA, Japan, and Asia-Pacific. To address these inherent
limitations, future research on cross-country studies of
various forms of electronics industry would be worth
conducting to determine regional differences in the devel-
opment of electronics industry activities.

6. Managerial and Practical Implications

This study provides intelligent capital to enhance the value of
companies in the electronics industry. Intelligent capital is
often overlooked in management in many electronics in-
dustries in Taiwan, and it is a very important key factor in
improving the sustainable operation and performance of
enterprises. The most important managerial implication and
practical insight are developing positive and strong value-
based intelligent capital. We use the GMM dynamic method
to observe the changes of the entire intelligent capital of the
enterprise. Most of Taiwan’s electronics industry is mainly
based on foundry manufacturing, and electronics manu-
facturers often only see actual profits but do not see the
importance of intelligent capital [33].
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Our data come from this TE] database for listed companies
in Taiwan’s electronics industry.
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