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ABSTRACT 
 
This study aims to predict the level of compliance with corporate governance 
practices based on TWSE- and TPEx-listed companies covered by the Corporate 
Governance Evaluation from 2016 to 2019. A total of 6,027 listed companies were 
utilized by the multilayer perceptron network and sigmoid activation function to 
build the Backpropagation Neural (BPN) network models of Corporate 
Governance Evaluation (CGE) results. The results show that LNSIZE, followed by Q 
and ROA significantly influence the CGE results while LEVERAGE and SECTOR do 
not have meaningful influence. Furthermore, the CGE has a generally positive 
relationship with LNSIZE and ROA, a generally negative relationship with 
LEVERAGE, and both a positive and negative relationship with SECTOR and Q. 
 
Key words: Corporate governance evaluation, backpropagation neural network. 
 
JEL classification: D21; D82; G39. 

 
 
INTRODUCTION 
 
As a result of recent high-profile scandals around the world 
and financial collapse of major corporations, the issue of 
corporate governance has received much attention. Most 
countries have reacted to these issues by adopting a 
number of regulatory changes and among the most 
important of these changes is the enhancement of the 
quality of compliance with mandatory corporate 
governance requirements. 

A robust corporate governance implementation better 
mitigates conflicts of interest between shareholders and 
managers (Jensen, 1986) and better controls shareholders 
and outside minority shareholders (La Porta et al., 2000) as 
well as shareholders and stakeholders (Jensen, 1986). 
Furthermore, excluding lower capital costs (Pham et al., 
2012; Claessens and Yurtoglu, 2013; Opanyi, 2019), bank 
loan spreads (Shen et al., 2015), and credit spreads (Devalle 
et al., 2017), it is also expected that quality governance and 
advantageous market conditions would reflect positively on 
market value per share (Masulis et al., 2011), competitive 
positions (Songling et al., 2018), overall firm value (Chi, 

2009), and ultimately, analyst recommendations (Luo et al., 
2015). Consistent with this view, Classens and Yurtoglu 
(2013) also ascertain that corporate governance fosters a 
stable and efficient financial system by boosting investor 
confidence and reinforcing market integrity and efficiency, 
thus stimulating economic growth and financial stability. 

More specifically, effective corporate governance is one of 
the most vital elements in establishing a balance between 
individual and communal interests in order to alleviate 
agency problems. The study by Lu and Abeysekera (2014) 
supports this argument by adding that large-sized firms are 
subject to more intense public scrutiny, and thus will 
disclose more information to minimize the agency costs and 
policy interventions. Another reason for the adoption and 
implementation of sound corporate governance practices is 
that firms need external financing. Therefore, Grossman 
and Hart (1982) deem the financial leverage to play a big 
role in moderating the agency problem of shareholders-
managers and to achieve the maximization of shareholder 
wealth.   High-technology   companies   especially   rely   on  
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public capital markets as the main sources of corporate 
financing; hence, a quality corporate governance 
framework is necessary for convincing market participants 
(Chi, 2009). For the reasons above, the positive impact of 
firm performance on corporate governance is widely 
accepted among governments, practitioners, and 
academicians (Ueng, 2016; Dzingai and Fakoya, 2017). 

Given the influential role of the implementation of 
effective governance, this study aims to determine the 
effectiveness of the Backpropagation Neural (BPN) network 
in predicting the Corporate Governance Evaluation (CGE) 
results, based on companies listed on the Taiwan Stock 
Exchange Corporation (TWSE) and the Taipei Exchange 
(TPEx). As BPN outperforms other classifiers in regards to 
prediction accuracy (see Chi and Tang, 2005; Tang, 2010, 
for example), a multilayer perceptron network and sigmoid 
activation function were applied to construct the BPN 
networks to predict the extent of compliance with 
corporate governance. The results showed that LNSIZE, 
followed by Q and ROA were the most powerful predictors 
of CGE results. Moreover, there is evidence that the BPN 
model can be used to accurately estimate corporate 
governance quality and disclosure compliance of 
corporations through data on finance and marketing 
information as well as firm-specific information, specifically 
firm size, financial leverage, industry sector, firm valuation, 
and financial performance. 

The remainder of this study is structured as follows: 
sampling procedure and data; description of the research 
methods; presentation of the results of the empirical 
analysis; and finally conclusion. 
 
 
SAMPLE SELECTION AND DATA COLLECTION 
 
This section addresses two topics. First, sample selection is 
explained. Then the data collection is reported. 

The Enron debacle, followed by other scandals from 
corporations such as Nissan Motor Corporation, Sumitomo 
Corporation, and a growing list of public companies that 
have manipulated disclosed earnings, has greatly shaken 
public confidence and is frequently cited as a reason for 
addressing the issue of corporate governance. Due to the 
lack of trust in corporate governance, credit worthiness has 
lowered and the cost of capital for companies has increased. 
Moreover, in the wake of the recent accounting scandals and 
corporate mismanagement, there have been calls for 
standard setters and regulators in Taiwan to provide an 
overall evaluation of corporate governance practices in the 
local market, relative to international standards. Therefore, 
the Taiwan Stock Exchange Corporation (TWSE) founded 
the Corporate Governance Center on October 25, 2013, to 
promote corporate governance, advance corporate 
development, and to work in the investors’ best interests. 
The Corporate Governance Evaluation System, under the 
watch of the Financial Supervisory Commission (FSC) as 

well as the Corporate Governance Center and related NGOs, 
was consequently established and evaluations have been 
carried out annually since 2014. 

The Corporate Governance Evaluations are carried out 
every year on the basis of the corporate governance 
practices which include corporate governance information 
from the Market Observation Post System (MOPS) website, 
annual reports, official information on company websites, 
corporate governance incidents throughout the year, 
information on operations, information in various meetings 
(shareholders, board, independent directors), various 
supervisory records (FSC, TWSE, TPEx), and information 
entered by companies on the self-evaluation website. 

To assess the level of compliance with corporate 
governance practices of all TWSE- and TPEx-listed 
companies, the Corporate Governance Evaluations 
enumerated more than 85 Corporate Governance 
Evaluation Indicators which were grouped into four broad 
categories: protecting shareholder rights and interests and 
treating shareholders equitably (20% of the Indicators); 
enhancing board composition and operation (35% of the 
Indicators); increasing information transparency (24% of 
the Indicators); and putting corporate social responsibility 
into practice (21% of the Indicators). 

All TWSE- and TPEx-listed companies other than those 
with inadequate data (listed for less than 1 year during the 
evaluation period) or met certain regulatory circumstances 
were evaluated by the Corporate Governance Evaluation 
System. The first (2014) and second (2015) Corporate 
Governance Evaluation results only revealed the companies 
ranked in the Top 20% and 50% of TWSE/TPEx listed 
companies, respectively. Starting from 2016, the listed 
companies were instead divided into seven groups 
depending on the evaluation scores, specifically the top 5%, 
6% to 20%, 21% to 35%, 36% to 50%, 51% to 65%, 66% to 
80%, and 81% to 100%. Therefore, the evaluation results in 
which the companies were divided into seven groups are 
incorporated into the study. Given these criteria, 3,337 
TWSE- and 2,679 TPEx-listed companies covered by the 
third (2016) ~ sixth (2019) Corporate Governance 
Evaluation System were included in this research. The 170 
financial institutions (136 TSWE-listed and 34 TPEx-listed 
companies) were eliminated from the dataset as they were 
subject to additional reporting regulations which would 
likely bias the results due to their financial characteristics. 
An additional 3 companies were excluded as they omitted 
data required for empirical analyses and/or had 
discrepancies that could not be resolved. After the 
screening process, a final sample of 6,027 (3,338 TWSE- 
and 2,669 TPEx-listed companies) listed companies is 
available for this for the empirical analysis, including 279 
top 5%, 863 top 6% to 20%, 899 top 21% to 35%, 918 top 
36% to 50%, 921 top 51% to 65%, 914 top 66% to 80%, 
and 1,233 top 81% to 100% listed companies. This is 
shown in Tables 1 to 2. 

Data on finance and market information were primarily  
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Table 1: Summary of sample selection criteria- TWSE-listed companies. 
 

 TWSE-listed companies (n=3,358) 

top 5% 6 ~ 20% 21 ~ 35% 36%~ 50% 51 ~ 65% 66 ~ 80% 81 ~ 100% 

Initial sample 184 536 525 521 519 520 696 

Less: Financial institutions 35 67 25 4 3 0 2 

Less: Unresolved discrepancies 
and no accounting information 

0 1 1 0 0 0 1 

Total distinct sample 149 468 499 517 516 516 693 

Grand total 3,358 

 
 
 

Table 2: Summary of sample selection criteria- TPEx -listed companies. 
 

 TPEx -listed companies (n=2,679) 

top 5% 6~ 20% 21 ~ 35% 36 ~ 50% 51 ~ 65% 66 ~ 80% 81~ 100% 

Initial sample 137 409 404 407 407 398 541 

Less: Financial institutions 7 14 4 6 2 0 1 

Less: Unresolved discrepancies 
and no accounting information 

0 0 0 0 0 0 0 

Total distinct sample 130 395 400 401 405 398 540 

Grand total      2,669 

 
 
retrieved from the Taiwan Economic Journal (TEJ) database. 
Where the required information was not available from 
these data sources, it was augmented by the information 
taken from annual reports, the TWSE, the TPEx, and 
Compustat Global Data. This study develops a conceptual 
BPN model to explain the cross-sectional variation in the 
implementation of corporate governance practices and 
disclosure of information among the listed companies in 
Taiwan. Model classification and prediction are performed 
in year Y-1, that is, the fiscal year preceding the 
announcement of evaluation results, in order to facilitate 
isolation of the inputs contributing to the decision made in 
the subsequent year (see Daily, 1995, for example). 

The data set in this study is composed of 268 companies 
that are categorized as the top 5% highest quality of 
corporate governance companies, 846 top 6% to 20%, 898 
top 21% to 35%, 920 top 36% to 50%, 922 top 51% to 
65%, 925 top 66% to 80%, and 1,237 top 81% to 100%. 
Moreover, 51.26% of the companies in this study are among 
the lowest levels of corporate governance quality of public 
companies in Taiwan (top 51%-100% companies). The 
stratified K-fold cross-validation is employed and each fold 
contains roughly the same proportions of the seven groups 
of companies. Ten-fold cross-validation is the most widely 
used in data mining and machine learning (Aksu, & Dogan, 
2019), and thus the sample is randomly divided into 10 
equal-sized subsamples (10 fold). Of the 10 folds, a single 
fold is retained as the validation data for testing the model, 
and the remaining 9 folds are used as training data. The 
cross-validation process is then repeated 10 times, with 
each of the 10 folds used exactly once as the validation data. 

Finally, the results for all of the folds are computed in order 
to determine which model comes out best on average over 
the ten different test sets. 
 
 
METHODOLOGY 
 
Input variables  
 
A transparent and accountable corporate governance 
structure is influenced by a variety of considerations. Based 
on a detailed survey of the existing theoretical and 
empirical literature, the present study considers five 
potential input variables that are likely to affect the extent 
of compliance with corporate governance practices. They 
are firm size, financial leverage, industry sector, firm 
valuation, and financial performance. 

Firm size (NLSIZE) is determined by taking the natural 
log of the company's total assets. NLSIZE in this framework 
is expected to be positively correlated with the quality of 
corporate governance for the reason that the cost of 
complying with the governance rules and regulations is 
naturally a smaller proportion of the profits for a large-
sized firm, but following non-compliance with rules and 
regulations, a large-sized firm is exposed to greater levels of 
media inquiry as compared with a small-sized firm. Another 
explanation for this positive relationship is that a small-
sized firm disproportionately suffers additional compliance 
regulations relative to a large-sized firm which could have a 
considerable effect on its compliance and implementation 
level (Lama, 2012). 
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This study measures financial leverage (LEVERAGE) as 
total liabilities divided by total assets. Previous studies have 
observed that agency costs are higher for companies with 
proportionally more debt in their capital structures, 
suggesting a positive relationship between the extent of 
voluntary corporate governance disclosure and financial 
leverage (see Elfeky, 2017). Alkhatib (2012) finds adherent 
evidence that highly leveraged firms disclose more 
information than fewer leverage firms to satisfy 
stakeholders’ disclosure requirements. Thus, this study 
expects a positive relationship between LEVERAGE and the 
quality of corporate governance performance. 

This study assigned a dichotomous dummy variable for 
the industry sector (SECTOR). SECTOR is coded as “one” 
when the firm’s TEJ Industry Classification Code is M2300 
and “zero” if otherwise. Akdogan and Boyacioglu (2001) 
indicate that industry is a strong and critical driver of the 
level of compliance with corporate governance practices. 
Important industries, especially those involving technology, 
require equity financing. Therefore, effective corporate 
governance and an obligation of corporate disclosure and 
transparency are necessary conditions for economic 
development. The study by Schilling (2003) supports this 
argument by stating that corporate governance quality is 
strongly influenced by investor expectations in different 
industry sectors. Thus, this study examines whether or not 
certain industry sectors systematically outperforms the 
dataset in their level of compliance with corporate 
governance practices. 

Ammann et al. (2011) and Ueng (2016) demonstrate that 
good governance practices result from better firm 
performance and illustrate that good governance practices 
are gaining recognition as a decisive element in driving firm 
value which ultimately leads to sustainable growth (Li et al., 
2015). Additionally, Dzingai and Fakoya (2017) also support 
the fact that many believe that a firm’s willingness to 
divulge information is related to the firm’s performance. In 
other words, firms tend to be more forthcoming when they 
are performing well, and less so when they are performing 
poorly. On a similar note, Shehata (2014) and Ueng (2016) 
state that managers in profitable firms are more motivated 
to disclose detailed information about their firms in order 
to maintain their positions and remuneration while those in 
non-profitable firms may disclose less information to 
conceal the reasons for losses or declining profits. Given 
these relations, a positive co-movement between a firm’s 
valuation and the quality of governance practices is to be 
expected. In this study, a firm's valuation is measured by 
Tobin’s Q (Q), which is the sum of a firm's market 
capitalization and the book value of its debt divided by total 
assets. 

This study uses return on assets (ROA) to measure 
financial performance. As mentioned above, Ueng (2016) 
states that managers in profitable firms are more liberal 
with releasing information to maintain their positions and 
status. Another study by Dzingai and Fakoya (2017) also 

reveal the same phenomenon that highly profitable 
companies are more prone to revealing more information to 
outside investors. To summarize, a positive association 
between the financial performance of a firm and the quality 
of its governance practices is expected. 
 
 

Output variable 
 

The Corporate Governance Evaluation (CGE) results 
conducted by the Securities and Futures Institute (SFI), an 
official institute in Taiwan, which is endorsed by the TWSE 
and the TPEx Exchange are used as a proxy in this study to 
represent the market's assessments of the completeness, 
clarity, transparency, and reliability of the corporate 
governance policies. The CGE provides a thorough measure 
of public information quality for several seasons. Firstly, it 
gauges all dimensions of corporate governance rather than 
focusing on single instances such as earnings forecasts. 
Secondly, it measures the more qualitative dimensions of 
corporate governance. Thereafter, it is determined via a 
rigorous process by the Ranking Committee which is 
composed of experts from the accounting profession, 
industry, and academia. Lastly, all the contents are derived 
with reference to international standards and more 
importantly, take into account Taiwanese legislation and the 
needs of the Taiwanese market. 
 
 

The backpropagation neural network 
 

The Backpropagation Neural (BPN) network has emerged 
as a powerful statistical modeling technique. The BPN 
network has been applied to accounting and finance 
applications for example stock price and market-related 
studies (Soni, 2011; Chaudhuri and Ghosh, 2016; Liu et al., 
2016), business failure prediction (Jang et al., 2019), 
business analytics and operations (Krausa et al., 2020), 
bankruptcy prediction (Bredart, 2014) and managerial 
forecasting studies (Oreski and Oreski, 2014; Serrano, 
2020). This study thus uses a BPN network to predict the 
Corporate Governance Evaluation results of TWES- and 
TPEx-listed companies. 

The BPN network provides a robust approach to 
approximating real-value, discrete-value, and vector-value 
target functions. The BPN network can be used to solve 
problems that are not possible for traditional mathematical 
approaches. One of the major strengths of the BPN network 
is that they require less time to be constructed than 
conventional statistical models because it can construct a 
highly accurate mathematical model of the system without 
detailed knowledge of the system (Abiodun et al., 2018). 
Parisi and Laborde (2001) concurs with these findings and 
find adherent evidence that the application of the BPN 
network is about 20 times faster than the numerical 
integration of a differential equations system. In addition, 
the   BPN   network   is   capable   of   correctly   forecasting  
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Table 3: Univariate statistics. 
 

Panel A: Descriptive statistics 

 
Mean Std. Min. 

25th 

percentile 
Median 

75th 

percentile 
Max. 

CGE 3.505 1.869 1.000 2.000 3.000 5.000 7.000 

NLSIZE 15.448 1.471 11.936 14.434 15.218 16.196 22.945 

LEVERAGE .402 .180 .005 .263 .402 .530 .977 

SECTOR .499 .500 .000 .000 .000 1.000 1.000 

Q 1.218 1.142 .030 .700 .920 1.360 37.760 

ROA 6.558 7.860 -80.940 2.490 6.320 10.760 80.990 

  

Panel B: Correlations  

 CGE NLSIZE LEVERAGE SECTOR Q  ROA 

CGE 1 0.249** 0.002 0.043** 0.083**  0.212** 

NLSIZE 0.308** 1 0.405** -0.086** -0.232**  0.133** 

LEVERAGE 0.016** 0.428** 1 -0.097** -0.261**  -0.133 

SECTOR 0.043** -0.083** -0.102** 1 -0.098**  0.035** 

Q 0.101** -0.146** -0.248** -0.059** 1  0.459** 

ROA 0.162** 0.132** -0.090** 0.040** 0.183**  1 
 

Panel A provides the descriptive statistics for CGE, NLSIZE, LEVERAGE, SECTOR, Q, and ROA. Panel B provides the Pearson (below diagonal) and 
Spearman (above diagonal) correlations of CGE, NLSIZE, LEVERAGE, SECTOR, Q, and ROA. CGE represents the ranking results of the Corporate 
Governance Evaluation, where category top 5%, which indicates the highest quality of corporate governance, is assigned a value of 7, category 6% to 
20% a value of 6, category 21% to 35% a value of 5, category 36% to 50% a value of 4, category 51% to 65% a value of 3, category 66% to 80% a value of 
2, and category 81% to 100%, representing the lowest quality of corporate governance, a value of 1. NLSIZE is measured by the natural log of the firm’s 
total assets. LEVERAGE is measured by the ratio of the total liabilities to total assets. A dummy variable of industry sector (SECTOR) is coded one when 
the firm’s TEJ Industry Classification Code is M2300, otherwise zero. Q equals the sum of the firm’s market capitalization and the book value of its debt 
divided by total assets. ROA is the measure of financial performance. ** Significant at the 0.01 level. 

 
 
untrained output values (Krausa et., 2020). Even if nothing 
is known about the underlying mathematical functions, 
relating the dependencies of the parameters of the BPN 
network can be used to extract knowledge from the data 
pool produced by high-throughput experiments (Chaudhuri 
and Ghosh, 2016). 

Currently, the BPN network is successfully and 
extensively applied to prediction tasks in accounting and 
financial problems because of their ability to classify and 
represent non-linear relationships in the dataset (see Chi 
and Tang, 2005; Tang, 2010). Bredart (2014) and Liu et al. 
(2019) provide evidence indicating that the BPN network 
could bring strong improvements in terms of prediction 
accuracies ranging from 5-50% when compared with linear 
parametric techniques such as regression-based models. 
Therefore, after determining the input variables, this study 
develops a BPN network model to explain the cross-
sectional variation in the extent of compliance with 
corporate governance practices. 
 
 
EMPIRICAL FINDINGS 
 
Univariate statistics 
 
Panel A of Table 3 provides an overview of the input and 

output variables studied. The means (medians) for the CGE 
dummy and SECTOR dummy are 3.505 (3) and 0.499 (0), 
respectively. Meanwhile, the results (not reported) 
demonstrate that 47.3% of the non-high technology firms 
were evaluated as the “top 5% to 50% CGE companies”; 
while 51% of high technology firms were ranked as the “top 
5% to 50% CGE companies”. Our findings support our 
previous postulate that high technology firms outperform 
their non-high technology counterparts in their level of 
compliance with corporate governance practices due to 
their need for equity financing. 

NLSIZE ranges from 11.939 to 22.945, with a mean and 
median of 15.448 and 15.218, and a standard deviation of 
1.471. LEVERAGE has a minimum value of 0.005, a 
maximum value of 0.977, an average (median) value of 
0.402 (0.402), with a standard deviation of 0.180. Q ranges 
from 0.030 to 37.760, with a mean and median of 1.218 and 
0.920, and a standard deviation of 1.142. ROA has a 
minimum value of -80.940, a maximum value of 80.990, an 
average (median) value of 6.558 (6.320), with a standard 
deviation of 7.860. 

Table 3, Panel B, provides the estimated results obtained 
from the tests of Pearson and Spearman correlations for a 
given panel dataset. The empirical result demonstrates 
positive correlations between CGE and NLSIZE (r=0.30, ρ= 
0.249),  CGE  and  LEVERAGE  (r=0.016, ρ=0.002),  CGE  and  
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Table 4: Parameter estimation of the input variables of CGE results for TWES- and TPEx-listed companies. 
 

 

Predictor 

Predicted 

Hidden Layer 1 Hidden Layer 2 Output Layer 

H(1:1) H(1:2) H(1:3) H(1:4) H(1:5) H(1:6) H(2:1) H(2:2) H(2:3) H(2:4) H(2:5) [CGE=1] [CGE=2] [CGE=3] [CGE=4] [CGE=5] [CGE=6] [CGE=7] 

   
  I

n
p

u
t 

L
ay

er
   

(Bias) 1.497 1.223 -0.267 -0.273 -0.415 -0.610             

LNSIZE -1.303 -1.333 0.147 0.775 0.158 0.955             

LEVERAGE 0.391 -0.139 -0.908 -0.186 -0.491 0.184             

SECTOR -0.431 -0.625 0.169 0.099 -0.194 0.017             

Q -0.078 -0.453 0.338 1.161 0.405 -0.614             

ROA -0.578 0.875 -0.118 0.968 0.004 0.322             

                    

   
   

In
p

u
t 

L
ay

er
 1

 

 

(Bias)       -0.459 0.083 -0.063 0.069 -0.487        

H(1:1)       -1.414 1.521 -1.198 0.778 0.235        

H(1:2)       -0.820 1.370 -1.508 0.663 0.412        

H(1:3)       -0.218 -0.229 0.551 -0.933 -0.032        

H(1:4)       0.969 -1.551 0.724 -1.569 -1.197        

H(1:5)       -0.158 0.444 0.433 -0.414 -0.173        

H(1:6)       0.879 -0.285 0.395 -0.104 -0.714        

                    

   
 I

n
p

u
t 

L
ay

er
 2

 

 

(Bias)            -0.533 -0.414 0.229 0.272 0.160 0.583 -0.275 

H(2:1)            -1.095 -1.098 -0.630 -0.208 0.507 0.196 1.439 

H(2:2)            0.810 0.851 0.250 0.222 -0.390 -0.703 -1.416 

H(2:3)            -0.671 -1.571 -0.806 0.156 0.361 0.926 1.423 

H(2:4)            1.052 1.019 0.347 -0.523 0.372 -0.582 -1.234 

H(2:5)            0.401 -0.343 -0.463 -0.203 -0.257 -0.171 -0.362 

 
 
SECTOR (r= 0.043, ρ=0.043), CGE and Q (r=0.101, 
ρ= 0.083), and CGE and ROA (r=0.162, ρ=0.212) at 
1% level of significance. 

These results are consistent with our conjecture 
that corporate governance effectiveness is more 
pronounced in firms with a higher firm size than 
firms that are comparably smaller. Firms that 
maintain good governance structures are shown to 
utilize more financial leverage. Moreover, high 
technology firms require more equity financing 
which results in better governance structures. Firms 
with good governance structures are likely to have a 
higher valuation due to efficient management or 
similar efficiency improvements. Finally, the results 

also support our postulate that firms with higher 
financial performance are more likely to divulge 
information and maintain good governance 
structures. 
 
 
Result of the BPN model 
 
The current study randomly partitions the dataset 
into training (56.7%), testing (22.1%), and holdout 
(21.3%) subsets to evaluate the BPN models for 7 
CGE results. The BPN network employs the training 
and testing subsets to construct the model and to 
find errors in efforts to prevent overtraining during 

training. The holdout subset is used to validate the 
predictive performance of the BPN network (IBM, 
2020). 

A multilayer perceptron (MLP) network that this 
study utilizes estimates that the best number of 
hidden layers is two. The training and testing 
datasets are distributed into their respective six and 
five synapse layers of the first and second hidden 
layers. 

Table 4 shows that for the training and testing 
datasets in the hidden synapse layers H (1:1) and H 
(1:2), the CGE result has inverse relationships with 
LNSIZE, SECTOR, and Q. For instance, a one-unit 
increase  in  LNSIZE  will  yield an expected decrease 
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Table 5: Sensitivity analysis of input variable importance. 
 

Variable Importance Normalized Importance 

LNSIZE 0.437 100.00% 

LEVERAGE 0.086 19.78% 

SECTOR 0.047 10.72% 

Q 0.248 56.69% 

ROA 0.183 41.84% 

 
 
in the CGE result of 1.303 and 1.333 in the H (1:1) and H 
(1:2) synapse layers, respectively. Similarly, in the same 
synapse layers, a one-unit increase in SECTOR and Q will 
yield an expected decrease in the CGE result of 0.431 and 
0.625, and 0.078 and 0.453, respectively. On the contrary, 
the CGE result has positive relationships with LNSIZE, 
SECTOR, and Q in the H (1:3) and H (1:4) synapse layers of 
the BPN network. A one-unit increase in LNSIZE, SECTOR, 
and Q will yield an expected increase in CGE of 0.147 and 
0.775 and 0.169 and 0.099 and 0.338 and 1.161, 
respectively. Specifically, the LEVERAGE is inversely related 
to CGE in four synapse layers H (1:2) to H (1:4) of ANN but 
has a strong influence on CGE in H (1:3) and H (1:5) 
synapse layers. Moreover, the ROA has a positive 
relationship with H (1:1) to H (1:6) synapse layers except in 
the case of H (1:1) and H (1:3) synapse layers. 

The nodes of the second hidden layer are a function of the 
nodes in the first hidden layer. Furthermore, each response 
is a function of the nodes in the second hidden layer (IBM, 
2020). For instance, the H (1:2) and H (1:6) synapse layers 
of the first hidden layer contribute -0.820 and -0.879 to the 
H (2:1) synapse layers of the second hidden layer for the 
training and testing datasets, respectively. The H (1:2) and 
H (1:6) synapse layers of the first hidden layer contribute 
1.370 and -0.285 to the H (2:2) synapse layers of the second 
hidden layer, respectively. The H (1:2) and H (1:6) synapse 
layers of the first hidden layer contribute -1.508 and 0.395 
to the H (2:3) synapse layers; 0.663 and -0.104 to the H 
(2:4) synapse layers; and 0.412 and -0.714 to the H (2:5) 
synapse layers of the second hidden layer, respectively. 
Specifically, for the training and testing datasets, the H (1:1) 
and H (1:5) synapse layers have a higher contribution to H 
(2:2) compared to H (2:1) and H (2:3) to H (2:5). Moreover, 
the H (1:3) and H (1:4) synapse layers have a greater 
contribution to the H (2:4) as compared with H (2:1) to H 
(2:3) and H (2:5). 

The H (2:1) to H (2:5) synapse layers of the hidden layer 2 
are similar in regards to synaptic weights to the output 
layers. For instance, the H (2:1), H (2:3) and H (2:5) synapse 
layers for the second hidden layer have negative weights to 
output units [CGE=2] and [CGE=3]. Only H (2:2) and H (2:4) 
synapse layers contribute positive weights to the above two 
output units [CGE=2] and [CGE=3] whereas all synapse 
layers in the hidden layer 2 provide negative weights to 
output units [CGE=6] and [CGE=7] except in the case of H 
(2:1) and H (2:3) synapse layers. 

Sensitivity analysis  
 
The BPN network performs the sensitivity analysis which 
serves to investigate the changes in the output variable 
(CGE) to determine the importance of the input variables 
based on the training and testing datasets. Table 5 shows 
that the CGE results are predominantly determined by 
LNSIZE (0.437) followed by Q and ROA with 0.248 and 
0.183, respectively. LEVERAGE and SECTOR with 0.086 and 
0.047, respectively, do not have considerable influence in 
determining the CGE results. 
 
 
CONCLUSIONS  
 
Corporate governance has become a critical issue in 
financial regulations over the past two decades and has 
once again become extremely pertinent to the recent global 
financial crisis. Using TWES- and TPEx-listed companies 
from the Corporate Governance Evaluation results, a 
multilayer perceptron network and sigmoid activation 
function were applied to construct the BPN networks based 
on the CGE to investigate corporate governance quality and 
disclosure compliance in Taiwan. 

The BPN networks estimated that the CGE has a generally 
positive relationship with LNSIZE and ROA and a generally 
negative relationship with LEVERAGE. Moreover, the CGE 
has both a positive and negative relationship with SECTOR 
and Q. 

LNSIZE significantly influenced the CGE results while Q 
and ROA also played major roles in determining CGE 
results. However, LEVERAGE and SECTOR do not have a 
meaningful influence on CGE results. This BPN model 
allows for the data on finance and marketing information as 
well as firm-specific information, specifically firm size, 
financial leverage, industry sector, firm valuation, and 
financial performance, to estimate corporate governance 
quality and disclosure compliance of corporations. 
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