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ABSTRACT  
In this study, we utilised multi-layer perceptron neural networks (MLPNNs) to assess the issue 
of school closures. Specifically, this study uses the MLPNN model to conduct learning 
assessments to identify schools that may suffer from poor management. The empirical findings 
are briefly summarised as follows: (1) The research shows that more than half of the private 
schools in this study will face bankruptcy. In Taipei City, out of the 23 existing private schools, 
only four operate normally, while the remaining 19 private vocational high schools require 
assistance. About 12 schools face severe problems in terms of poor management, accounting 
for 63% of the total, while seven schools had a prediction value below 50, indicating a severe 
problem. These schools have expressed an immediate need for government assistance. (2) 
According to the MLPNN model in this study, reducing the number of full-time teachers is a 
primary factor contributing to school closures. First, since full-time teachers are a fixed cost, 
the dismissal of teachers tends to be prioritised to bring down school management costs. This, 
in turn, reduces the teacher-student ratio. Other factors that contribute to school bankruptcy 
are dismissing staff and part-time teachers, reducing expenditure, and poor operational 
maintenance. When the above policies are implemented in schools with poor management, a 
vicious cycle is created, leading to the bankruptcy of schools. 
 
KEYWORDS: multilayer perceptron neural networks, predicting school closure; school 
closures, high education, population decline 
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1. INTRODUCTION 
 
The closure of schools in rural areas has become a common occurrence, primarily attributed to 
the significant rural-to-urban migration that has taken place over the last 50 years. This 
migration has been driven by the industrialisation of agriculture and the rapid consolidation and 
globalisation of industries. As a result, many schools established in the 1950s and 1960s have 
had to shut down (Collins et al., 2019; Egelund & Laustsen, 2006). 
 
In Taiwan, the educational landscape has undergone a transformation, compounded by a 
declining birth rate, which has had a severe impact on the viability and development of private 
secondary schools. Currently, Taiwan is home to approximately 513 public and private 
vocational high schools, with private institutions accounting for more than 50% of this total. 
Despite the challenges, these private schools continue to play a crucial role in the education 
market. 
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According to the Department for Education of Taiwan (2020), high school enrolment has 
plummeted, with a reduction of nearly 200,000 students over the past nine years, amid a falling 
birth rate. More than nine of these high schools have applied for suspension or bankruptcy. 
Additionally, high school vocational applications have closed down, with Taipei City 
accounting for only four schools. Furthermore, there has been a severe decline in the birth rate, 
and private high schools have borne the brunt of the situation, with many famous private schools 
having lost approximately half of their students in successive years. In the future, Taiwan’s low 
birth rate will impact the enrolment in vocational high schools. It is estimated that more than 
half of the private vocational high schools in Taipei City face closure in the next six years. In 
addition, an increasingly high number of private schools are closing down (Kuo, 2019). By 
2026, the Ministry of Education expects private school enrolment to fall to 200,000 students, 
down from about 230,000 last year, putting more than 30 of the nation’s 212 private schools at 
risk of closure. 
 
Numerous research endeavours have delved into examining the sociological mechanisms linked 
to the closure of schools, primarily prompted by shifts in demographics (Cedering and 
Wihlborg, 2020; Lehtonen, 2021; Lykke Sørensen et al., 2021; Villa and Knutas, 2020; Villa et 
al., 2021). However, high schools that have either closed or stopped enrolling students will 
directly affect students’ choice of schools, thus affecting their right to education (Cedering & 
Wihlborg, 2020; Engberg et al., 2012). Additionally, this will lead to the unemployment of 
teachers and abandoned schools (Kuo et al., 2015). Therefore, government units actively assist 
poorly run schools and implement strategies to improve school management. However, they 
have still been unable to effectively prevent the closure of schools. Therefore, we utilise multi-
layer perceptron neural networks (MLPNNs) to estimate the weights of the factors that affect 
schools and thus identify schools with the potential for crises. This will help the government to 
aid schools with real problems. 
 
The subsequent sections of this paper are structured in the following manner. The Literature 
Review section examines the conceptual framework and provides an overview of relevant 
policies. In the Research Methodology section, the MLPNN methodology is elaborated upon, 
while the Empirical Results and Analysis section presents the findings of the study. Lastly, the 
Concluding Remarks section presents the conclusions drawn from this research. 
 
2. MATERIALS AND METHODS 
 
Education is regarded as an industry, which indicates that there is a market for education. If 
there is a market, then competition exists in this market as well. Thus, schools must compete to 
survive. They compete in terms of their investment in school reform and by marketing and 
strengthening their organisation capabilities to enhance school competitiveness, reduce the 
opportunity for their elimination from the market, and facilitate sustainable management and 
development of the school (Bailey & Cooper, 2009; Connor, 1999; Kotler & Fox, 1985; Kuo 
et al., 2015). 
 
However, in the 21st century, it was discovered that the population has repeatedly hit new lows 
in recent years, resulting in the issue of structural changes in the population and a shortage of 
students, which has affected the existence of schools. Therefore, the low birth rate has become 
a trending global problem. In response to the declining birth rate and the reduction in national 
competitiveness, major advanced countries in the world have implemented relevant educational 
reforms (Fu & See, 2022; Fu et al., 2019; Gainey & Andressen, 2022), e.g., the transformation 
of schools into charter schools or international schools. These reforms have indeed been effective 
in improving the operation and competitiveness of schools (Booker et al., 2011; Fortson et al., 
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2012; Zimmer et al., 2012). However, these educational reforms take time and will not 
immediately improve school operations. 
 
In Taiwan, high school enrolment has plummeted by nearly 200,000 students over the past nine 
years amid a falling birth rate. The number of high school students in 2021 was 609,745, 
compared to 809,188 in 2011. The Ministry of Education stated that this figure is likely to fall 
even further, to 553,000 by 2026. The Ministry of Education data showed that more than 100 
private schools are at risk of closure over the next five years. Therefore, the government must 
help poorly run or problematic schools to address this problem. However, considering their 
reputation, these schools are typically unwilling to accept government assistance and choose to 
close down naturally, selling their assets, and creating new social problems. Therefore, 
identifying poorly run schools so that the government can actively assist in school operations 
is a topic of concern for the future. 
 
Employing the MLPNN model does not require any statistical assumptions about data 
distribution, and it has demonstrated strong performance in recent studies. Furthermore, it holds 
considerable promise for nonlinear mapping, adaptive learning, and addressing environmental 
challenges (Faridatul and Wu, 2018). With the MLPNN model's broad range of applications, 
various algorithms for managing it are documented in the literature. However, many of these 
algorithms are specifically tailored for their respective fields and problem applications 
(Abdollahi et al., 2022; Al-Dousari et al., 2023). 
 
Furthermore, with their remarkable ability to derive meaning from complicated or imprecise 
data, neural networks can be used to extract patterns and detect trends that are too complex to 
be noticed by either humans or other computer techniques (Maind & Wankar, 2014). Some 
examples of neural networks are a neural-network-based upright frontal face detection system 
(Rowley et al., 1998); multi-layer perceptron (MLP) neural networks, which have been widely 
used in automatic credit scoring systems with high accuracy and efficiency (Zhao et al., 2015); 
using an accurate and reliable neural network model tool to predict COVID-19 confirmed, 
recovered, and death cases (Namasudra et al., 2021); and 5G network simulation in smart cities 
using neural network algorithms (Mukherjee et al., 2021; Smys et al., 2021). 
 
Researchers have used neural networks with multi-layered perceptron, regression, and vector 
autoregression for forecasting in various fields. Hence, the assessment model utilised in this 
study will assist the government in providing aid to poorly managed schools. An advantage of 
this study’s MLPNN evaluation model is that it can effectively distinguish and predict poor 
management, thus helping to reduce the risk of school closures. 
 
School closures may not be an adequate solution when schools are poorly run. Further attention 
must be paid to the social problems that cause school closures. Therefore, this study utilises the 
MLPNN model to evaluate the business and management of schools in Taipei City to further 
identify and analyses problematic schools. Finally, this study can help the government to help 
poorly managed or problematic schools to manage their situation, thereby allowing them to 
maintain sustainable operations. 
 
3. RESEARCH METHODOLOGY 
 
This study seeks to identify poorly managed schools among senior high schools and vocational 
high schools in Taiwan. Therefore, this study employed the MLPNN model to evaluate the 
business and management of several schools and predict whether they are headed in a poor 
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management direction. Hence, this study’s model includes two parts: the MLPNNs analysis and 
ranking the weights derived from the MLPNN analysis. 
 
3.1 MLPNN method 
MLPNNs are the most commonly used feed-forward neural networks due to their rapid 
operation, ease of implementation, and minor training set requirements (Abushariah et al., 
2014; Kocyigit et al., 2008; Orhan et al., 2011; Subasi, 2007).  
An MLPNN typically comprises three sequential layers, namely the input  
(e.g., 𝑥𝑥 = 𝑥𝑥1, … , 𝑥𝑥𝑛𝑛), hidden (e.g., ∑), and output layers (e.g., y). Furthermore, in this context, 
"b" is used to denote bias vectors, which are usually set as b = 1. The symbol "a" represents the 
net input, and it corresponds to a fusion network that combines the features extracted from each 
input modality. As mentioned earlier, "∫" is the transfer function employed in the network. 
Figure 1 provides a visual representation of the ultimate configuration. During the learning 
process, the network dynamically adapts the weights of the inputs to calculate their updated 
values. 
 

 
 

 

 

Figure 1. Structure of the MLPNN model used in this study 
Source: https://zh.wikipedia.org 

 
The computation of MLPNN is given in Equation (1-2) as follows: 
 
𝑎𝑎𝑗𝑗 = 𝑏𝑏𝑗𝑗 + 𝑤𝑤1𝑥𝑥1 + 𝑤𝑤2𝑥𝑥2 + ⋯+ 𝑤𝑤𝑛𝑛𝑥𝑥𝑛𝑛 = 𝑏𝑏𝑗𝑗 + ∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑗𝑗𝑖𝑖𝑛𝑛

𝑖𝑖=1      , j=1, …, n                                              (1) 
 
𝑦𝑦𝑗𝑗 = 𝑓𝑓�𝑎𝑎𝑗𝑗� = 𝑓𝑓(∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑗𝑗𝑖𝑖𝑛𝑛

𝑖𝑖=1 )    , j=1, …, n                                                                                          (2) 
 
In the above equations, a is the linear combination of inputs 𝑥𝑥1, 𝑥𝑥2,…, 𝑥𝑥𝑛𝑛, b is the partial weight 
(bias), ∑ 𝑤𝑤𝑖𝑖𝑥𝑥𝑖𝑖𝑛𝑛

𝑖𝑖=1  the connection weight between the input 𝑥𝑥𝑖𝑖, f (𝑎𝑎𝑗𝑗) is the activation function, y 
is the output. The weights of the neural network are updated using a back propagation (BP) 
algorithm as shown in Equation (3). 
 
∑ 𝑤𝑤𝑖𝑖(𝑡𝑡 + 1) = 𝑤𝑤𝑖𝑖(𝑡𝑡) − 𝜀𝜀 𝜕𝜕𝐸𝐸𝑓𝑓

𝜕𝜕𝜔𝜔𝑖𝑖
(𝑡𝑡)𝑛𝑛

𝑖𝑖=1                                                                                               (3) 
 
In the above equation, ɛ is the learning rate, 𝐸𝐸𝑓𝑓is the error function. We used Equation (3) to 
calculate the new weights and re-estimate 𝑥𝑥𝑖𝑖 using the new weights. In this study, we used an 
MLPNN model with a single hidden layer comprising hidden neurons. 
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3.2 Model setup 
Defining the network architecture: First, we selected a group of possible functions for the 
learning training process of the neural networks. We defined a suitable network architecture to 
generate an effective learning model through the training process. 
 
Defining the learning target: A learning objective is important for neural network learning. It is 
a numerical value used to describe the quality of neural networks. By defining the correct 
learning objective, we generated a learning model that meets our requirements for the training 
process. 
 
Training using the numerical method: The actual training process utilised a specific numerical 
method to determine the best combination of weights for the defined network architecture and 
to create an index of the learning target that is as small as possible. Stochastic gradient descent 
(SGD) is typically used to optimise weight combinations and learning objectives. SGD can be 
viewed as a high-dimensional space with all weight combinations, taking a small step in the 
descending direction of each dimension at a time. After the same steps were implemented 
several times, we obtained an appropriate weight combination. 
 
3.3 Formatting of mathematical components 
Evaluate new weight values (∑ 𝑤𝑤𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖

𝑛𝑛
𝑖𝑖=1  𝑜𝑜𝑓𝑓 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡𝑖𝑖 𝑥𝑥𝑗𝑗𝑖𝑖  ) by estimating the Equation (3). 

Hence, the ‘rule of thumb’ for interpreting MLPNN grade results is as follows: 0 to 0.20 is not 
at all important, 0.21 to 0.35 is low importance, 0.36 to 0.67 is neutral, 0.68 to 0.90 is important, 
and 0.91 to 1.00 is considered very important (Taylor, 1990; Shavelson, 1998), the rank of 
MLPNNs weight results in Table 1. 
 

Table 1. The rank of new weight calculated 
No. New weight value Variable correlation degree 
1 0.91–1.00 Very important 
2 0.68–0.90 Important 
3 0.36–0.67 Neutral 
4 0.21–0.35 Low importance 
5 0–0.20 Not at all important 

Source: authors' compilation 
 
4. EMPIRICAL RESULTS AND ANALYSIS 
 
The empirical analysis in this study comprised two parts: the adoption of the MLPNN model to 
evaluate the business and management variables contributing to school closures, and the 
estimation of the new weights of the results. This was followed by using the new weights to the 
ranking the schools according to their potential for closure. 
 
4.1 Study objects 
This study is mainly applicable to private high schools in Taipei since the sample did not include 
any public schools. The main reason for this is that private schools’ budgets are determined by 
the number of students they have, unlike public schools, which receive government support. 
Therefore, when private high schools reduce the number of their students, their school 
operations are inevitably affected (by the reduction in tuition income). 
 
However, the sample included poorly managed schools. Therefore, we utilised the study sample 
to assess the risk of bankruptcy of private schools in Taipei City. Subsequently, we calculated 
the estimated value by differentiating the into two groups: normal schools (with normal 
operations and no financial crisis) and schools that had already undergone closure. 
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Additionally, after excluding newly established schools, the selected high schools that remained 
were transformational vocational high schools. The final sample consisted of 23 schools; their 
names and attributes are outlined in Table 2. 
 

Table 2. School names and attributes 
No. School name Attributes City name Situation 
1 Jin-Gwen High School Private Taipei Normal 
2 Tai-Bei High School Private Taipei Normal 
3 Jin-Ou Girls High School Private Taipei Normal 
4 You-De High School Private Taipei Normal 
5 Hu-Jiang High School Private Taipei Normal 
6 Yan-Ping High School Private Taipei Normal 
7 Qiang-Shu High School Private Taipei Normal 
8 Ta-Tung High School Private Taipei Normal 
9 We-Go High School Private Taipei Normal 
10 Blessed Imelda Girls High School Private Taipei Normal 
11 Tsai-Hsing High School Private Taipei Normal 
12 Shi-Xin High School Private Taipei Normal 
13 We-Sley Girls High School Private Taipei Normal 
14 Da-Cheng High School Private Taipei Normal 
15 Taipei Fu-Hsing Private High School Private Taipei Normal 
16 Da-Ren Girls High School Private Taipei Normal 
17 St. Bonaventure Girls High School Private Taipei Normal 
18 Hua-Xing High School Private Taipei Normal 
19 Dong-shan High School Private Taipei Normal 
20 Zhong-Xing High School Private Taipei Closure 
21 Lih-Ren High School Private Taipei Closure 
22 Dong-Shan High School Private Taipei Closure 
23 St. Francis High School Private Taipei Closure 

Source: authors' compilation 
 
4.2 Variable selection of the MLPNN model 
Before establishing an empirical model, we must list as many preliminary assessment factors 
for the case as possible. Thus, after referring relevant literatures (Lee & Teng, 2009; Huang, 
2013; Liu, Kuo, & Li, 2016; Prasetyia, 2019; Kuo, 2019) and the factors affecting school 
management efficiency may also connect the issues for school closure or bankruptcy, then we 
select the following five operational variables related to this issue as MLPNN learning values 
and a new weight value is estimated. 
 
In this paper, the including four input variables: teacher-student ratio(𝑿𝑿𝟏𝟏𝑖𝑖𝑖𝑖), the number of full-
time teachers(𝑿𝑿𝟐𝟐𝑖𝑖𝑖𝑖), the number of part-time teachers(𝑿𝑿𝟑𝟑𝑖𝑖𝑖𝑖) and the number of staff (𝑿𝑿𝟒𝟒𝑖𝑖𝑖𝑖). 
There is one output variable: (𝒀𝒀𝑖𝑖𝑖𝑖), total number of students , Ultimately, data were being were 
collected for five variables through eleven years (2011-2021). Finally, write it as Equation (4): 
 
𝒀𝒀𝒊𝒊𝒊𝒊(𝑜𝑜𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑡𝑡) = 𝑎𝑎𝑎𝑎𝑡𝑡𝑖𝑖𝑎𝑎𝑎𝑎𝑡𝑡𝑖𝑖𝑜𝑜𝑖𝑖 𝑓𝑓𝑖𝑖𝑖𝑖𝑎𝑎𝑡𝑡𝑖𝑖𝑜𝑜𝑖𝑖 (𝑿𝑿𝟏𝟏𝒊𝒊𝒊𝒊 × 𝒘𝒘𝟏𝟏,𝑿𝑿𝟐𝟐𝒊𝒊𝒊𝒊 × 𝒘𝒘𝟐𝟐,𝑿𝑿𝟑𝟑𝒊𝒊𝒊𝒊 ×𝒘𝒘𝟑𝟑,𝑿𝑿𝟒𝟒𝒊𝒊𝒊𝒊 × 𝒘𝒘𝟒𝟒 + 𝑏𝑏1) (4) 
 
The basic factors can be described as follows: 
(a) 𝒀𝒀𝑖𝑖𝑖𝑖(𝑂𝑂𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑡𝑡)：Total numbers of school students (school size) of school 𝑖𝑖. 

 
(b) 𝑿𝑿𝟏𝟏𝑖𝑖𝑖𝑖(𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡)：Teacher-student ratio (average number of students per teacher) of school 𝑖𝑖. 
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(c) 𝑿𝑿𝟐𝟐𝑖𝑖𝑖𝑖(𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡)：Total number of full-time teachers of school 𝑖𝑖(the number of full-time 
teachers that are willing to hire). 

 
(d) 𝑿𝑿𝟑𝟑𝑖𝑖𝑖𝑖(𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡)：Total number of part-time teachers of school 𝑖𝑖(the number of part-time 

teachers that are willing to hire). 
 

(e) 𝑿𝑿𝟒𝟒𝑖𝑖𝑖𝑖(𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖𝑡𝑡)：Total number of staffs of school 𝑖𝑖(the number of staffs that are willing to 
hire). 

 
Bias (b1): It defines the neuron's firing threshold in space and is used to increase or decrease 
the input value's influence. 
 
The new weight values are estimated through Equation (4), and it is substituted into Equation 
(5) to assess the predicted 𝒀𝒀�𝑖𝑖𝑖𝑖value of the school closures. We then analyse and find problematic 
schools. 
 
𝒀𝒀�𝑖𝑖𝑖𝑖 = 𝑓𝑓(𝑿𝑿𝟏𝟏𝒊𝒊𝒊𝒊 × 𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟏𝟏,𝐗𝐗𝒊𝒊𝒊𝒊 × 𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟐𝟐,𝑿𝑿𝟑𝟑𝒊𝒊𝒊𝒊 × 𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟑𝟑,𝑿𝑿𝟒𝟒𝒊𝒊𝒊𝒊 × 𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟒𝟒)                               (5) 
 
𝒀𝒀�𝑖𝑖𝑖𝑖：It is estimated the predicted value of the school closures. 
 
𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟏𝟏~𝒘𝒘𝐧𝐧𝐧𝐧𝐧𝐧 𝟒𝟒: The actual training process to find the best combination of new weights in the defined 
network architecture. 
 
4.3 Results of the MLPNN model explaining determinants affecting school closures 
We list the MLPNN model training architecture in Figure 2. The prediction accuracy of 96.1% 
after training with the MLPNN model is shown in Figure 3. 
 

 
Figure 2. The MLPNN model’s training architecture 

Source: authors' compilation 
 
 

 
Figure 3. Accuracy of training with the MLPNN model 

Source: authors' compilation 
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Table 3. Results of MLPNN model 
Variable Size of correlation  Interpretation  

𝑋𝑋1 0.3159 Neutral 
𝑋𝑋2 0.5994 Neutral 
𝑋𝑋3 0.0347 Not at all important 
𝑋𝑋4 0.1 Not at all important 

Source: authors' compilation 
 

 
Figure 4. Results of MLPNN model 

Source: authors' compilation 
 

1. Teacher-student ratio: (𝑿𝑿𝟏𝟏) 
Based on the empirical results shown in Table 3 and Figure 4, among the MLPNN model’s 
training variables, the effect of the teacher-student ratio was 0.3159, which indicates a neutral 
correlation. One of the main reasons for this result is the low birth rate problem in Taiwan. 
Therefore, when the number of students decreases, it increases the number of teachers assigned 
to each class. We observed that the misallocation of the resources for teachers and students as 
well as the cost per overestimate teacher reduces the operational efficiency of schools. 
Therefore, when a school is not operating efficiently, it will prioritise the dismissal of teachers, 
which reduces costs but lowers the teacher-student ratio. 
2. Total number of full-time teachers: (𝑿𝑿𝟐𝟐) 
According to the estimated results shown in Table 3 and Figure 4. We can observe that the total 
number of full-time teachers of the MLPNN model training variables is 0.5994. The result of 
the experiment is a neutral correlation. When the school is not operating well, it will prioritise 
dismissing teachers. Because teachers are a fixed cost, school management costs will be down. 
 
3. Total number of part-time teachers: (𝑿𝑿𝟑𝟑) 
According to the estimated results shown in Table 3 and Figure 4, the effect of the total number 
of part-time teachers among the MLPNN model training variables was 0.0347. The empirical 
results do not indicate a significant correlation. When a school is not operating well, it will 
prioritise dismissing part-time teachers. Although part-time teachers are not a fixed cost, school 
management costs will be down. 
 
4. Total number of staffs: (𝑿𝑿𝟒𝟒) 
According to the results shown in Table 3 and Figure 4, the total number of staff among the 
MLPNN model training variables was 0.1. This empirical result does not indicate a significant 
correlation. Since staff represents a fixed cost, when a school is not operating well, it will not 
need a lot of staff. Thus, so when the number of students decreases, the school will lay off too 
many staff. However, the cost of employees was initially low, leading to a lower level of school 
operation and management. 
 
We have a sufficient reason to believe that the teacher-student ratio and the total number of 
full-time teachers are crucial to a school’s operation and management. 



Mei-Mei LIN, Fu-Hsiang KUO 

284 

On the other hand, we substituted the estimated new weights in Equation (5) to calculate the 
range of predicted values for problem schools, which indicates whether there are problems in 
normal schools, thus helping to identify potential problem schools. According to the empirical 
results, the values for school closure ranged from 1.02 to 28.5. Thus, a predicted value below 
28.5 means the school is closed. 
 
We set the calculation of estimates along an ordinal five-point scale ranging from normal to 
severe and utilised different definitions based on the estimated value coefficient range results. 
Thus, we arranged the estimated values along a five-point ordinal scale, as presented in Table 
4, which represents the increasing severity of the issue, where one is normal and five is severe. 
 

Finally, we organised the predicted values as shown in Table 5. We found that there are a total 
of 19 private vocational high schools that require assistance in Taipei City, with nearly 12 
schools facing a severe problem of poor management, accounting for 63% of the total, and 
seven schools with a predicted value below 50, which is a serious issue. These problematic 
schools have expressed their need for government assistance. 
 

In contrast, we found that only four schools that are operating as normal, accounting for about 
20% of the total number of schools in Taipei City. Only one school had a predicted value that 
exceeded 100, indicating that these four schools do not need government assistance and are not 
affected by the low birth rate. 
 

Table 4. Weight value coefficient range definitions 
Grading scale Weight value Definition 

1 More than 81 Normal (0%) 
2 71-80 Mild (25%) 
3 51-70 Moderate (50%) 
4 29-50 Moderately severe (75%) 
5 Below 28.5 Severe (100%) 

Source: authors' compilation 
 

Table 5. School names and attributes 
No. School name Predicted value Degree of risk 
1 St. Bonaventure Girls High School 30.30 Moderately severe (75%) 
2 Qiang-Shu High School 30.35 Moderately severe (75%) 
3 Da-Cheng High School 31.20 Moderately severe (75%) 
4 Shi-Xin High School 37.40 Moderately severe (75%) 
5 Ta-Tung High School 42.30 Moderately severe (75%) 
6 You-De High School 42.97 Moderately severe (75%) 
7 Hu-Jiang High School 51.52 Moderately severe (75%) 
8 Blessed Imelda Girls High School 57.91 Moderate (50%) 
9 Tai-Bei High School 59.99 Moderate (50%) 
10 We-Sley Girls High School 60.20 Moderate (50%) 
11 Jin-Ou Girls High School 60.48 Moderate (50%) 
12 Da-Ren Girls High School 70.20 Moderate (50%) 
13 Jin-Gwen High School 70.99 Mild (25%) 
14 Hua-Xing High School 71.50 Mild (25%) 
15 Yan-Ping High School 74.31 Mild (25%) 
16 We-Go High School 83.81 Normal (0%) 
17 Tsai-Hsing High School 85.30 Normal (0%) 
18 Taipei Fu-Hsing Private High School 85.60 Normal (0%) 
19 Dong-shan High School 100.69 Normal (0%) 

Source: authors' compilation 
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5. CONCLUSIONS 
 
In this study, we utilised the MLPNN model to assess the problem of school closures. We 
conducted a learning assessment using the MLPNN model to identify which schools have poor 
management and may face bankruptcy. Accordingly, we recommended prevention mechanisms 
that the government should pay attention to regarding schools that may meet poor management. 
 
We found that more than half of the private schools in Taipei City may face bankruptcy. This 
is an indication of a serious problem. Further analysis of these findings revealed that, among 
the 23 schools in Taipei City, only four usually operate. The remaining 19 private vocational 
high schools require governmental assistance. Among these 19 schools, about 12 schools have 
severe cases of poor management, accounting for 63% of the total number of schools, and the 
other seven schools generated a predicted value below 50, which is considered a serious issue. 
These problematic schools have expressed their need for government assistance. 
 
Thus, when private schools face potential bankruptcy, they typically prioritise the dismissal of 
full-time teachers. Since these teachers are a fixed cost, reducing the number of full-time 
teachers will lower school management costs; however, this will also lower the teacher-student 
ratio. Other factors that contribute to poor management in these schools are the reduction of 
staff and part-time teachers, the reduction of expenditures and the lack of operational efficiency. 
This leads to a vicious cycle that increases these schools’ likelihood of bankruptcy. 
 
The conclusions and recommendations presented here are based on the models constructed, 
sample data collected, and research methodologies employed for this study. Hence, it is 
necessary to consider the current situation and changes in the environment that affect the 
different schools in the Taiwan District, so that any application based on this study’s findings 
can be further tailored to yield more accurate conclusions. 
 
REFERENCES 
 
Abdollahi, A., Liu, Y., Pradhan, B., Huete, A., Dikshit, A., & Tran, N. N. (2022). Short-time-

series grassland mapping using Sentinel-2 imagery and deep learning-based architecture. 
The Egyptian Journal of Remote Sensing and Space Science, 25(3), 673-685. 

Abushariah, M.A., Alqudah, A.A., Adwan, O.Y., & Yousef, R.M. (2014). Automatic heart 
disease diagnosis system based on artificial neural network (ANN) and adaptive neuro-
fuzzy inference systems (ANFIS) approaches. Journal of Software Engineering and 
Applications, 7(12), 1055-1075. 

Al-Dousari, A.E., Mishra, A., & Singh, S. (2023). Land use land cover change detection and 
urban sprawl prediction for Kuwait metropolitan region, using multi-layer perceptron 
neural networks (MLPNN). The Egyptian Journal of Remote Sensing and Space Science, 
26(2), 381-392. 

Bailey, M.J.H., & Cooper, B.S. (2009). The introduction of religious character schools: a 
cultural movement in the private school sector. Journal of Research on Christian 
Education, 18, 272-289. 

Booker, K., Sass, T., Gill, B., & Zimmer, R. (2011). The effects of charter high schools on 
educational attainment. Journal of Labor Economics, 29(2), 80-92. 

Cedering, M., & Wihlborg, E. (2020). Village schools as a hub in the community-A time-
geographical analysis of the closing of two rural schools in southern Sweden. Journal of 
rural studies, 80, 606-617. 



Mei-Mei LIN, Fu-Hsiang KUO 

286 

Collins, P.A., Allman, L., & Irwin, B. (2019). Exploring the perceived impacts of a public high 
school closure for urban live ability in a Canadian midsized city. Local Environment, 
24(8), 678-695. 

Connor, C.M. (1999). Marketing strategic: one school's success story. Independent School, 
Spring99, 58(3), 20-38. 

Department for Education. (2020). Republic of China Education Statistics. Taiwan: Ministry of 
Education. Retrieved from https://english.moe.gov.tw/mp-1.html. 

Egelund, N., & Laustsen, H. (2006). School Closure: What are the consequences for the local 
society?. Scandinavian journal of educational research, 50(4), 429-439. 

Engberg, J., Gill, B., Zamarro, G., & Zimmer, R. (2012). Closing schools in a shrinking district: 
Do student outcomes depend on which schools are closed?. Journal of Urban Economics, 
71(2), 189-203. 

Faridatul, M.I., & Wu, B. (2018). Automatic classification of major urban land covers based on 
novel spectral indices. ISPRS International Journal of geo-information, 7(12), 453. 

Fortson, K., Verbitsky-Savitz, N., Kopa, E., & Gleason, P. (2012). Using an experimental 
evaluation of charter schools to test whether nonexperimental comparison group methods 
can replicate experimental impact estimates. U.S. Department of Education, NCEE 2012-
4019. 

Fu, T. T., & See, K. F. (2022). An integrated analysis of quality and productivity growth in 
China’s and Taiwan’s higher education institutions. Economic Analysis and Policy, 74, 
234-249. 

Fu, T.T., Sung, A.D., See, K. F., & Chou, K.W. (2019). Do optimal scale and efficiency matter 
in Taiwan's higher education reform? A stochastic cost frontier approach. Socio-
Economic Planning Sciences, 67, 111-119. 

Gainey, P., & Andressen, C. (2022). The Japanese education system: globalization and 
international education. Japanese Studies, 22(2), 153-167. 

Huang, H.Y. (2013). Comparative Analysis of Public and Private High Schools Operating 
Performance: New Taipei School, Master Thesis of Asian University. Taiwan. 

Kocyigit, Y., Alkan, A., & Erol, H. (2008). Classification of EEG recordings by using fast 
independent component analysis and artificial neural network. Journal of Medical 
Systems, 32(1), 17-20. 

Kotler, P., & Fox, K.F. (1985). Strategic Marketing for Educational Institution (1st Ed.). 
Englewood Cliffs, NJ: Prentice Hall. 

Kuo, F.H. (2019). Applying the Mahalanobis model to predicting school closures: an example 
of Taipei City. International Journal of Education and Learning Systems, 4, 66-79. 

Kuo, F.H., Liu, H.H., & Li, L.H. (2015). The operating efficiency of public and private high 
schools-categorical variable model in DEA. Commerce & Management Quarterly, 16(2), 
245-267. 

Kuo, F.H., Liu, H.H., & Li, L.H. (2016). The operating efficiency of vocational and senior high 
schools in Xindian district of New Taipei City: Three envelopment models in DEA. 
International Business Research, 9(11), 116-125. 

Lee, Y.C., & Teng, H.L. (2009). Predicting the financial crisis by Mahalanobis–Taguchi 
system–Examples of Taiwan’s electronic sector. Expert Systems with Applications, 63(4), 
469-478. 

Lehtonen, O. (2021). Primary school closures and population development–is school vitality an 
investment in the attractiveness of the (rural) communities or not?. Journal of rural 
studies, 82, 138-147. 

Lykke Sørensen, J.F. L., Svendsen, G.L.H., Jensen, P.S., & Schmidt, T. D. (2021). Do rural 
school closures lead to local population decline?. Journal of rural studies, 87, 226-235. 

https://english.moe.gov.tw/mp-1.html


Management and Economics Review                                         Volume 8, Issue 3, 2023 
 

287 

Maind, S.B., & Wankar, P. (2014). Research paper on basic of artificial neural network. 
International Journal on Recent and Innovation Trends in Computing and 
Communication, 2(1), 96-100. 

Mukherjee, H., Ghosh, S., Dhar, A., Obaidullah, S. M., Santosh, K. C., & Roy, K. (2021). Deep 
neural network to detect COVID-19: one architecture for both CT Scans and Chest X-
rays. Applied Intelligence, 51(5), 2777-2789. 

Namasudra, S., Dhamodharavadhani, S., & Rathipriya, R. (2021). Nonlinear neural network-
based forecasting model for predicting COVID-19 cases. Neural Processing Letters, 1, 
1-21. 

Orhan, U., Hekim, M., & Ozer, M. (2011). EEG signals classification using the K-means 
clustering and a multilayer perceptron neural network model. Expert Systems with 
Applications, 38(10), 13475-13481. 

Prasetyia, F. (2019). The role of local government policy on secondary school enrolment 
decision in Indonesia. Eurasian Economic Review, 9(2), 139-17. 

Rowley, H.A., Baluja, S., & Kanade, T. (1998). Neural network-based face detection. IEEE 
Transactions on Pattern Analysis and Machine Intelligence, 20(1), 23-38. 

Shavelson, R.J. (1998). Statistical reasoning for the behavioral sciences (3nd ed.). Needham 
Heights, MA: Allyn & Bacon. 

Smys, S., Wang, H., & Basar, A. (2021). 5G network simulation in smart cities using neural 
network algorithm. Journal of Artificial Intelligence, 3(01), 43-52. 

Subasi, A. (2007). EEG signal classification using wavelet feature extraction and a mixture of 
expert model. Expert Systems with Applications, 32(4), 1084-1093. 

Taylor, R. (1990). Interpretation of the correlation coefficient: A basic review. Journal of 
Diagnostic Medical Sonography, 1, 35-39. 

Übeyli, E.D. (2009). Combined neural network model employing wavelet coefficients for EEG 
signals classification. Digital Signal Processing, 19(2), 297-308. 

Villa, M., & Knutas, A. (2020). Rural communities and schools–Valuing and reproducing local 
culture. Journal of rural studies, 80, 626-633. 

Villa, M., Solstad, K.J., & Andrews, T. (2021). Rural schools and rural communities in times 
of centralization and rural–urban migration. Journal of Rural Studies, 88, 441-445. 

Zhang, Y., Xu, Z., Sun, S., Zheng, S., & Jiang, Z. (2015). Investigation and improvement of 
multi-layer perceptron neural networks for credit scoring. Expert Systems with 
Applications, 42(7), 3508-3516. 

Zimmerman, D. W. (1997). A note on interpretation of the paired-samples t test. Journal of 
Educational and Behavioral Statistics, 22(3), 349-360. 


