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ABSTRACT

	Aims: This study aims to predict financial distress in hotel, restaurant, and tourism subsector companies listed on the Indonesia Stock Exchange using artificial neural networks (ANN) and to examine the influence of financial ratios—current ratio (CR), return on assets (ROA), earnings per share (EPS), debt-to-assets ratio (DAR), and shareholders’ equity ratio (SER)—on financial distress.
Population and Sample: The population consists of 23 hotel, restaurant, and tourism companies listed on the Indonesia Stock Exchange during 2018–2022. Training data were obtained from 40 public companies (20 bankrupt and 20 non-bankrupt) across various countries, while test data were drawn from the financial statements of the Indonesian companies in the selected subsector.
Methodology: The study employed a multilayer perceptron ANN with a backpropagation algorithm to predict financial distress. The ANN architecture was optimized using training and testing datasets, followed by logistic regression analysis to test the simultaneous and partial effects of the financial ratios on financial distress. 
Results: The ANN model achieved high prediction accuracy with an optimized 25-30-1 architecture. Results indicate that 15 companies are predicted not to experience financial distress, while 8 companies are predicted to face financial distress. Simultaneously, CR, ROA, EPS, DAR, and SER significantly affect financial distress. Partially, only ROA and SER have significant effects, while CR, EPS, and DAR do not significant. 
Conclusion: ANN provides an effective early warning tool to predict financial distress in hotel, restaurant, and tourism subsector companies. By monitoring ROA and SER in particular, companies can better anticipate financial difficulties and adopt appropriate financial strategies to reduce bankruptcy risk.
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1. INTRODUCTION

Tourism has long been known as a service industry where people carry out activities or vacations outside the home in various locations. Tourism is very important for a country, especially Indonesia. The number of foreign tourists visiting Indonesia has decreased since 2019. If the tourism sector declines, it will impact a country's economy. The decline in the number of foreign tourists worsens the conditions of the tourism sector because it has a direct impact on the occupancy rate of several hotels in Indonesia. Figure 1 shows the decline in the number of foreign tourists since January 2021, as obtained from the Indonesian Government. 

[bookmark: _ayp195cv39n5]Fig 1. Monthly Foreign Tourist Visits January 2019 – January 2022
Source: Foreign Tourist Visits Statistics 2022 (Kemenparekraf, 2021)

There are 35 hotel, restaurant, and tourism sub-sector public companies categorized under the trade, services, and investment sector listed on the Indonesia Stock Exchange up to 2021. A company that experiences losses for two years continuously shows that the company is not doing well; if ignored, the company will experience a worse event, namely, financial distress. Financial distress is a situation that must be reviewed by company owners and managers. If they are unresponsive to financial distress, it creates a risk of company bankruptcy. 

Financial ratio analysis shares the effects on the ongoing financial distress, so that if the financial report provides a profit, the company will perform well, and the adverse effect of financial distress will be minimized. If a company continues to have a negative earnings per share value continuously every year, it is likely that the company will face financial trouble or adverse outcomes, such as bankruptcy. The current ratio is included in the liquidity ratio, which shows how strong the company's ability is to pay current debts when they fall, because if the company cannot pay its obligations, it will cause the company to experience financial distress (Masita & Purwohandoko, 2020). Return on assets is a ratio that measures the level of return on assets used to obtain net income or net profit obtained by the company (Muzakir, 2021). The debt to assets ratio is included in the leverage ratio, the debt to assets ratio is the debt ratio used to assess the comparison between the amount of a company's debt and the amount of the company's assets (Atina & Rahmi, 2019). The shareholders’ equity ratio is included in the solvency ratio, and the shareholders’ equity ratio is used to measure the company's ability to pay all long-term and short-term obligations (Alamsyah et al., 2021).

One approach to prediction involves using artificial neural networks (ANN), supported by rapid advances in information technology, and ANN have also begun to use artificial intelligence technology to build early warning models for financial crises. A key benefit of an ANN is its ability to recall historical data and generate more precise decisions within a defined timeframe (Naidu & Govinda, 2018). The use of ANN as a prediction model is well known for its predictive accuracy.
Aydin et al. (2022) predicting financial distress in 240 companies (manufacturing, trade, and service sectors) listed on the Turkish Stock Exchange in 2015-2017 using ANN and decision trees. The research findings indicated that a high level of time-based prediction accuracy using ANN was greater than that using decision tree models in three different company sectors. In the manufacturing sector, ANN and decision trees were used in 93.10% and 84% of cases, respectively. In the trade sector, ANN and decision trees were used in 94.4% and 87.93% of cases, respectively. However, in the service sector, ANN and decision trees were used in 89.47% and 95.24% of cases, respectively. Loren et al. (2022) predicting the bankruptcy of 92 companies in the construction, property, and similar industries from to 2009-2019 listed on the Indonesia Stock Exchange using ANN, SVM, and CART, with a prediction period of three and five years before they are predicted to go bankrupt. ANN demonstrated the greatest accuracy levels of accuracy, compared to other prediction models, ANN consistently showed the highest accuracy across a five-year span.

Using an ANN, financial ratios can be used as a predictive tool for financial distress. The financial ratios used as input variables in the financial distress prediction process using the ANN used in this research are current ratio (CR), return on assets (ROA), earnings per share (EPS), debt-to-assets ratio (DAR), and shareholders’ equity ratio (SER). Sumani (2019) states that the DAR and ROA affect financial distress. The financial ratios that affect financial distress are the CR, ROA, and EPS (Santosa, 2017). The SER is utilized as a metric to predict financial distress through ANN as studied by Alamsyah et al. (2021) to see the company's performance in the future, so that the company can carry out early prevention so that it does not experience financial distress or even bankruptcy in the future. The purpose of this study is to determine the results of financial distress predictions using ANN in hotels, restaurants, and tourism sub-sector companies in Indonesia in 2018-2022 and the effect of CR, ROA, EPS, DAR, and SER on financial distress using ANN simultaneously and partially.

Financial distress or financial difficulties are financial or liquidity difficulties that may be an early sign of bankruptcy. Financial distress begins with difficulties in managing the company's cash flow, where the income obtained from the company's operational activities is insufficient to cover the burden of business, the number of operational activities financed by debt, and the firm’s default on obligations at the time of maturity and losses experienced by the company in the last few periods (Kristiana, 2021). Financial report analysis is needed to assess a company's performance and financial performance.

Kamaluddin et al. (2019) states that financial statements consist of financial information that must be published in the annual report for each company, and that financial statements consist of information about the financial results and financial condition of the business’s effectiveness, which shows the strength or weakness of a company. Financial statement analysis is a tool to identify financial statements and is not a mechanical way to divide an item from another item because it requires in-depth knowledge of financial aspects. A company can utilize financial statement analysis as an effective means of assessing the company’s condition and performance (Kisman & Krisandi, 2019). 

A financial statement analysis can be used to predict financial distress by examining a company's financial ratios. The analysis of a company’s financial statements enables managers to carry out three primary funcition, on evaluating current performance, monitoring and managing operations, and planning for the future outcomes (Petty et al., 2015). This financial ratio was obtained from financial statements. Financial ratios are ratio calculations using financial reports that serve as a measurement in evaluate the financial health of the company and the performance of an organization.

Gustian et al. (2020) states that an ANN is a system of interconnected processing units modeled after the human nervous system. It functions as an adaptive network capable of modifying its structure in response to both internal and external information flowing through it, allowing it to effectively address various problems. The solution to deal with data that cannot be separated linearly is to use an ANN multilayer perceptron. An MLP is a network that has more than one layer of connection points between the input and output (Robandi, 2021). An MLP has several neurons connected to other neurons by connecting weights.

A multilayer perceptron with the backpropagation algorithm is the one that is often used in prediction practice (Jencova et al., 2021). Backpropagation is an algorithm of the ANN multilayer perceptron. Alamsyah et al. (2021) suggested that the backpropagation ANN offers a reliable method for predicting financial distress. Before making predictions, the algorithm is capable of learning and identifying the underlying characteristics of companies experiencing financial distress through financial reports. Nurdini and Priyadi (2018) stated that in this multilayer perceptron ANN science, training data is used to understand the optimal weight with backpropagation rules, and test data are utilized to estimate the prediction error rate after determining the final model. Which is the object of research in the data testing process, namely the hotels, restaurants, and tourism-related companies listed on the Indonesia Stock Exchange. 

[bookmark: _hbkw5cq7uzr0]In predicting financial distress in a company, financial ratios are used as input and output parameters of this ANN process to determine whether the company has the potential to experience financial distress or not. Thus, we can find an early warning model for predicting financial distress. Without an algorithm, the prediction action will not work. Therefore, the first action taken is data training to train the algorithm model of the artificial neural network, and then data testing to see the performance results of the previously trained algorithm when using the latest data. The financial ratios used in this study as parameters for the financial distress prediction process using ANN were as follows:


[bookmark: _ehou0dm0sshq]One of the financial ratios used to predict financial distress using ANN is the CR. Several research using the CR as an input parameter for the process of predicting financial distress and bankruptcy or failure of a company or failure of a company using the ANN methor (Abidin et al., 2020; Al-Hroot et al., 2020; Alamsyah et al., 2021; Awalia & Kristanti, 2023; Nurdini & Priyadi, 2018; Ruan & Liu, 2021) The CR is a comparison of the amount of current assets with the amount of current debt. A low CR result describes the condition of the company’s inability to settle its maturing obligations. This study puts forward the following hypotheses are as follows:
H1: CR has a significant effect on financial distress.	


[bookmark: _kno619pgemh7]The ROA ratio is measures how well a company leverages its assets in operational performance to make a profit during a given period. If it is lower, the potential for financial distress is greater (Iswari & Nurcahyo, 2020). If a large ROA will make the company avoid financial distress, because of this large profit, the company can carry out various activities and business expansion. Therefore, a large ROA allows the company to avoid financial distress. This study assumes the following hypotheses:
H2: ROA has a significant effect on financial distress.


[bookmark: _a1jk9jjw1ajy]Companies that have negative EPS have sufficiently demonstrated concerns regarding the company’s financial conditions to experience financial distress; if not responded to properly, it will make investors cautious for the next year to carry out investments, and make the EPS result in an initial investment consideration. EPS is known as the earnings per share ratio and the book value ratio, used to determine the effectiveness of management in achieving shareholder profitability (Hantono, 2018). Thus, this study proposes the following hypotheses: 
H3: Earning per share has a significant effect on financial distress.


Abidin et al. (2020), Al-Hroot et al. (2020), Ruan & Liu (2021), and Awalia & Kristanti (2023) 
Several research used the DAR as an input parameter for predicting financial distress and bankruptcy or company failure using the ANN method (Abidin et al., 2020; Al-Hroot et al., 2020; Awalia & Kristanti, 2023; Ruan & Liu, 2021). The higher this ratio, the higher the assets financed by debt and the greater the likelihood that the company may encounter financial distress. If this ratio is greater, the firm faces increased risk when its management of debt obligations is ineffective, which will trigger a failure to pay debts at the beginning of financial distress. Thus the research hypothesis is as follows: 
H4: DER has a significant effect on financial distress.


SER is expressed as a percentage and is determined by dividing the total shareholders’ equity by the amount of a company’s assets, which shows how much of the company’s assets have been achieved by issuing equity shares as opposed to by taking on debt (Hayes, 2021). The lower the company’s level of indebtedness, the lower the possibility of defaulting on debt, so that the company avoids financial distress. SER assesses the proportion of assets obtained from investor funds rather than debt. the SER as an input parameter to predict financial distress and bankruptcy or company failure using the ANN method (Alamsyah et al., 2021). Therefore, this study proposes the following hypothesis:
H5: SER has a significant effect on financial distress.


2. methodology

The objective of this research is to examine financial distress in hotels, restaurants, and tourism-related companies listed on the Indonesia Stock Exchange between 2018 to 2022, totaling 23 companies. The primary object of this research is to predict whether a company is experiencing financial distress by employing a network that uses financial ratios as input variables. The data analysis process in this research uses an ANN model to predict financial distress for companies in the hotel, restaurant, and tourism subsectors in Indonesia. The multilayer perceptron ANN training process uses a backpropagation algorithm. 

Before carrying out the financial distress prediction process on the test data sample, it is necessary to first train the ANN model drawing on datasets from firms that have gone bankrupt as well as from companies reported to be in good financial standing. The company’s data is referred to as a training data sample. Researchers used data on 40 public companies (20 bankrupt companies and 20 non-bankrupt companies) in various countries that were reported as bankrupt and not bankrupt in the same year period, namely, 2022.

Before carrying out predictions, to design and train an ANN effectively, the dataset must be split into two distinct subsets: training samples and test samples. Once the network completes training and the learning phase ends, test samples are then employed to assess the network’s performance and accuracy. In prediction problems, training data is used to develop an experimental data model to evaluate the predictive power of the model. This ANN requires prior training before predicting financial distress. 

After performing the training method and obtaining a fixed weight value and achieving the desired error criteria, the next step is to test the model using test data. The data used as input is a calculation of a company’s financial ratio values in the hotel, restaurant, and tourism sub-sectors, which are the test data samples, namely CR, ROA, EPS, DAR, and SER. The stages in applying the test data to an ANN are as follows:
1. Enter the input values ​​of each company that become test data.
2. Predicting the output class of the test data, if the output result is equal to or close to 1, this means the company is likely to face financial distress conditions leading to bankruptcy. The output value is almost zero to zero, which means that the company is predicted to experience healthy conditions or not experience financial distress.

The next step was to test the hypotheses after implementing the findings of the prediction results. A logistic regression analysis was utilized in this research. The dependent variable used in the dummy variable describes whether the company is expected to face financial distress based on the outcomes of financial distress prediction through an artificial neural network; if it is predicted to experience financial distress, it is assessed as a dummy value of 1, and 0 if it is not predicted to experience financial distress. The independent variables used are five financial ratios used as input values ​​for the financial distress prediction process using an artificial neural network, namely CR, ROA, EPS, DAR, and SER. This comes from the problem and theories discussed in the research. The model for the logistic regression is as follows:

Information:
	= Log of the comparison of companies predicted to experience financial distress and   those not experiencing financial distress
β0		= Constants
β1		= CR Regression Coefficient
β2		= ROA Regression Coefficient
β3		= EPS Regression Coefficient
β4		= DAR Regression Coefficient
β5		= SER Regression Coefficient
X1		= CR
X2		= ROA
X3		= EPS
X4		= DAR
X5		= SER

3. results and discussion
3.1 DESCRIPTIVE STATISTICAL ANALYSIS

The data used are training data, namely 40 companies, with 20 companies each that did not report experiencing financial difficulties and experiencing financial difficulties. The analysis was conducted matching financial ratio results, including CR, ROA, EPS, DAR, and SER, between two groups of companies, namely those that report experiencing financial distress and not distress. Furthermore, for the test data, two tourism companies, restaurants, and restaurants were used.

Table 1. Descriptive Statistical

	Sample Companies Training Data (Bankrupt and Non-Bankrupt) [Data in decimal]

	Financial Ratio
	Total Data
	Min
	Max
	Mean
	Std. Dev

	CR
	200
	0.123
	131.148
	4.383
	14.258

	ROA
	200
	-3.243
	8.330
	-0.108
	0.798

	EPS
	200
	-367.662
	35,866.358
	299.838
	2,628.508

	DAR
	200
	0.008
	8.130
	0.973
	1.348

	SER
	200
	-3.393
	6.892
	0.333
	0.786

	Sample Company Training Data (Bankrupt)

	Financial Ratio
	Total Data
	Min
	Max
	Mean
	Std. Dev

	CR
	100
	0.123
	131.148
	6.354
	19.936

	ROA
	100
	-3.243
	8.330
	-0.347
	1.068

	EPS
	100
	-367.662
	9,733.761
	87.398
	975.605

	DAR
	100
	0.008
	8.130
	1.270
	1.754

	SER
	200
	-3.393
	1.971
	0.101
	0.793

	Sample Company Training Data (Non Bankrupt)

	Financial Ratio
	Total Data
	Min
	Max
	Mean
	Std. Dev

	CR
	100
	0.234
	12.916
	2.412
	1.834

	ROA
	100
	0.002
	1.300
	0.130
	0.154

	EPS
	100
	0.362
	35,866.358
	512.278
	3,583.981

	DAR
	100
	0.077
	4.269
	0.675
	0.628

	SER
	100
	-0.324
	6.892
	0.564
	0.711



Table 1 shows that the average financial ratio value between the two types of companies has significant differentiation. The average result of the CR in companies that are not bankrupt or experiencing financial distress is 2,412, compared to bankrupt companies of 6,354. A CR that is too large is not necessarily good because, in certain circumstances, it shows many unused company funds or low business activities, which can ultimately reduce the company's profit performance. ROA in the training data sample has a maximum value of 8.33 for companies that are not stated to be suffering from financial distress, and 1.3, for companies that are stated to be undergoing financial distress, meaning that if the ROA is large, the company will avoid financial distress, because with this large profit, the company can carry out various activities and business expansion; therefore, if the ROA is large, it allows the company to avoid financial distress. 

EPS in the training data sample has a maximum value of 35.866 for companies that are not stated to be subject to financial distress and 9.734 for companies that are stated to be affected by financial distress. It can be said that a high EPS value shows that the company's performance is growing well. The DAR in the training data sample has a maximum value of 0.675 for companies that are not stated to be in state of financial distress and 1.27 for companies that are stated to be facing financial distress, it can be said that if the company is funded almost entirely with debt, it will cause a risk of being overwhelmed in paying it in the future; if the situation is handled properly, there is no potential for financial distress. The SER in the training data sample has a maximum value of 0.564 for companies that are not declared to be affected financial distress and 0.101 for companies that are declared to be facing financial distress, and the smaller the SER, the greater the debt used by the company to pay for its assets. The outcome of the statistical analysis for the test data sample or companies in the tourism, hotel, and restaurant subsectors listed on the Indonesia Stock Exchange is listed in Table 2.

[bookmark: _3ga93oa8s71g]Table 2. Descriptive Statistics of Test Sample Data

	Sample Companies Training Data (Bankrupt and Non-Bankrupt) [Data in decimal]

	Financial Ratio
	Total Data
	Min
	Max
	Mean
	Std. Dev

	CR
	115
	0.296
	140.190
	4.722
	16.576

	ROA
	115
	-0.443
	2.524
	0.009
	0.247

	EPS
	115
	-245.524
	527.745
	1.344
	80.001

	DAR
	115
	0.007
	3.379
	0.910
	0.675

	SER
	115
	0.149
	0.999
	0.575
	0.219



In Table 2. The average value of the financial ratio between the training data sample (bankrupt and non-bankrupt companies) and the test data sample (hotel, restaurant, and tourism subsector companies listed on the Indonesia Stock Exchange). The biggest value found in the test sample is the CR value is 140,190, and the average result of the CR in the training data sample company is 4,383, compared to the test data sample company of 4,722. This indicates that the test data company sample has very good competence in meeting the company's short-term obligations compared with the training data company sample. The highest value in the test data sample ROA is 2,524, and the average value for the ROA of the test data company sample shows a large differentiation of 0.0009 compared to the training data company sample, which is -0.198. This indicates that the average training data company sample does not make a profit or gain compared with the test data company sample.

The highest value in the test data sample of the EPS value is 527,745, and the average EPS in the training data company sample has a greater differentiation value of 299,838 compared to the test data company sample, which is 1,344. This indicates that the training data sample company is increasingly profitable with these large earnings EPS, meaning that the company can provide more net profit for its shareholders. The highest value in the test data sample of the DAR value is 3,397, and the average DAR value in the test data company sample has a smaller differentiation value of 0.910 than the training data company sample of 0.973. This indicates that, on average, in the training data company sample in its business operations, most of the assets owned by the company come from debt; therefore, it will increase the company's responsibility is fulfill its debt payments and interest obligations.

The highest SER value in the test data sample is 0.999, and the average SER value in the two types of companies is quite significant. The average of this ratio in the sample of training data companies is much lower at 0.333, compared to the sample of test data companies at 0.575. This describes the total assets that will be obtained by shareholders in the bankrupt company when liquidation occurs is much lower compared to the non-bankrupt company.

3.2 FINANCIAL DISTRESS PREDICTION USING ARTIFICIAL NEURAL NETWORK

Before making predictions using an ANN, a data-training process is required. This study uses a multilayer perceptron artificial neural network, the architecture of which comprises an input layer, one or more hidden layers, and an output layer. This study used the backpropagation algorithm and the sigmoid activation function. The resulting output layer is 0 for companies that are reported to be not experiencing financial difficulties and 1 for companies that are said to be experiencing financial difficulties.

Table 3. Comparison between MSE and R Value in Training Model

	Number of Neurons in the Input Layer
	Number of Neurons in the Hidden Layer
	MSE
	R (%)

	[bookmark: _5ob3j3854bkw]25
	5
	0.0000587
	0.98378

	25
	10
	0.00000627
	0.99997

	25
	15
	0.0000061
	0.9999

	25
	20
	0.00000633
	0.9921

	25
	25
	0.0131
	0.9403

	25
	30
	0.00000569
	0.9999

	25
	40
	0.000752
	0.934

	25
	50
	0.00347
	0.9958



Based on Table 3, an optimized ANN architecture designed to accurately predict financial distress is the hidden layer contains zero neurons. This resulted in a nominal error value measured by an MSE of 0.00000569. The correlation coefficient results measured by R (%) were 99.99%. The total number of neurons that obtain the smallest error value from the process of using training data is 30, and it is said that the best ANN architecture for predicting financial difficulties is the 25-30-1 architecture. Here, the input layer contains 25 neurons, the hidden layer consists of 30 neurons, and the output layer as a single neuron. Figure 2 shows the visualization of the ANN model architecture with the best performance.

[image: ]
Fig 2: Results of training data to determine the best architecture

Figure 2 means that the best model data training process is the 25-30-1 architecture, because it obtains the lowest error results after 250 iterations. The length of time for the data training process was one second, the error value or MSE obtained was 5.69e-06 (0.00000569), and the iteration slope gradient was 9.55e-06 (0.00000955), respectively. After determining the appropriate architecture to obtain the correct weights and errors for the prediction stage, if it is in accordance with the predetermined architecture, then make predictions with test data samples using the predetermined architecture. The predictions made using the training results on the ANN architecture that was previously carried out in the data training process, namely, the number of input layer parameters of 25 neurons, the hidden layer has 30 neurons, and the output layer of one neuron. Table 4 presents the results of financial distress predictions for tourism, hotels, and restaurant companies.

Table 4. Results of Prediction Financial Distress
	No.
	Company Code
	Output Result
	Error Result
	Prediction Result

	1
	BAYU
	0.0013
	0.9987
	No Distress

	2
	DFAM
	0.4270
	0.5730
	No Distress

	3
	FAST
	0.7426
	0.2574
	Distress

	4
	ICON
	0.1541
	0.8459
	No Distress

	5
	INPP
	0.0023
	0.9977
	No Distress

	6
	JGLE
	0.9261
	0.0739
	Distress

	7
	JIHD
	0.1147
	0.8853
	No Distress

	8
	JSPT
	0.1356
	0.8644
	No Distress

	9
	KPIG
	0.0101
	0.9899
	No Distress

	10
	MAPB
	0.0556
	0.9444
	No Distress

	11
	MINA
	0.9927
	0.0073
	Distress

	12
	NASA
	0.2400
	0.7600
	No Distress

	13
	NATO
	0.0060
	0.9940
	No Distress

	14
	PANR
	0.7529
	0.2471
	Distress

	15
	PDES
	0.9803
	0.0197
	Distress

	16
	PGLI
	0.0029
	0.9971
	No Distress

	17
	PJAA
	0.9924
	0.0076
	Distress

	18
	PNSE
	0.9005
	0.0995
	Distress

	19
	PSKT
	0.2810
	0.7190
	No Distress

	20
	PSTP
	0.1577
	0.8423
	No Distress

	21
	PZZA
	0.0978
	0.9022
	No Distress

	22
	SHID
	0.6148
	0.3852
	Distress

	23
	SOTS
	0.0139
	0.9861
	No Distress



According to the analysis of financial distress predictions in tourism, hotel, and restaurant companies using artificial neural networks, it is estimated that 15 companies are expected to avoid financial distress in 20 or in the future because the results are close to or equal to 0, and 8 companies are expected to face financial distress in 2023 or in the future because the results are comparable or similar to 1. 

3.3 THE INFLUENCE OF SIMULTANEOUS FINANCIAL RATIOS ON FINANCIAL DISTRESS PREDICTION USING ARTIFICIAL NEURAL NETWORKS
3.3.1 [bookmark: _qq5rdypfp3ax]Model Feasibility Test (Hosmer and Lemeshow)
If the H-L goodness-of-fit statistic value is higher than 0.05, then the model is capable of predicting the observed of values accurately, indicating that it is acceptable, appropriate, and well aligned with research data.

[bookmark: _e72txk74vrdv]Table 5. Goodness of Fit Test Results

	H-L Statistic
	4.4323
	Prob. Chi-Sq(8)
	0.8162

	Andrews Statistic
	14.4198
	Prob. Chi-Sq(10)
	0.1547


		     
 Table 5 shows that the results of Hosmer and Lemeshow Statistics are 4.432 with a significant probability of 0.8162, which is more than 0.05. This means the model works well.

3.3.2 Coefficient of Determination
The R Square determination coefficient in this study uses McFadden R-squared, which is used to measure how strongly the independent variable can explain the dependent variable.

[bookmark: _l7fbdst4anvb]Table 6. Results of the Determination Coefficient Test (R square McFadden)

	McFadden R-squared
	0.145935
	Mean dependent var
	0.347826

	S.D. dependent var
	0.478365
	S.E. of regression
	0.446087

	Akaike info criterion
	1.207955
	Sum squared resid
	21.69033

	Schwarz criterion
	1.351168
	Log likelihood
	-63.45739

	Hannan-Quinn criter.
	1.266084
	Deviance
	126.9148

	Restr. Deviance
	148.6008
	Restr. log likelihood
	-74.30041

	LR statistic
	21.68604
	Avg. log likelihood
	-0.551803

	Prob (LR statistic)
	0.000601
	
	
	



Based on Table 6, the McFadden R-squared is 0.1450935, which indicates that the dependent variable, which is financial distress, is explained by changes in the independent variable of 14.59%, and the remaining 85.41% is explained by other variables not included in the model.

3.3.3 Classical Assumption Test
The multicollinearity Test was used to understand the relationship between the variables. Table 7 presents the results of the multi-collinearity test.

[bookmark: _jczoki7wd7jz]Table 7. Multicollinearity Analysis Results

	 
	FD
	CR
	ROA
	EPS
	DAR
	SER

	FD
	1
	-0.09317
	-0.16193
	-0.22405
	0.088053
	-0.24026

	CR
	-0.09317
	1
	-0.00625
	0.005152
	-0.29736
	0.389096

	ROA
	-0.16193
	-0.00625
	1
	0.747813
	-0.12943
	-0.09286

	EPS
	-0.22405
	0.005152
	0.747813
	1
	-0.28059
	0.077049

	DAR
	0.088053
	-0.29736
	-0.12943
	-0.28059
	1
	-0.39537

	SER
	-0.24026
	0.389096
	-0.09286
	0.077049
	-0.39537
	1



When conducting the Multicollinearity Test, it has a provision that if the correlation value is less than 0.90, then it is said that there is no problem in the research model. table 8, it shows that the values of all independent variables or financial ratios are less than 0.9, meaning that there is no correlation between the variables. This indicates that there were no multicollinearity symptoms in this study.

3.3.4 Simultaneous Statistical Test
This study uses the likelihood ratio (LR) statistical test, which focuses on understanding the influence of independent variables on the dependent variables used in the regression model. 

[bookmark: _b0tprnwn2ue5]Table 8. Likelihood Ratio Test Results

	McFadden R-squared
	0.145935
	    Mean dependent var
	0.347826

	S.D. dependent var
	0.478365
	    S.E. of regression
	0.446087

	Akaike info criterion
	1.207955
	    Sum squared resid
	21.69033

	Schwarz criterion
	1.351168
	    Log likelihood
	-63.45739

	Hannan-Quinn criter.
	1.266084
	    Deviance
	126.9148

	Restr. Deviance
	148.6008
	    Restr. log likelihood
	-74.30041

	LR statistic
	21.68604
	    Avg. log likelihood
	-0.551803

	Prob(LR statistic)
	0.000601
	
	
	


In Table 8, this means that the prob value is 0.000601, which is less than 0.05, so this means the independent variables together influence the dependent variable. This means that the hypothesis is accepted, which is that all the financial ratios used effect on the financial distress of companies in the hotel, restaurant, and tourism business listed on the Indonesia Stock Exchange. Thus, the CR, ROA, EPS, DAR, and SER have a simultaneous effect on predicting financial distress using ANN.

3.4 PARTIAL INFLUENCE OF FINANCIAL RATIOS ON FINANCIAL DISTRESS PREDICTION USING ANN 
A Partial Statistical Test is used to see how each financial ratio affected financial distress individually. Table 9 shows the result of the partial test.
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Table 9. Partial Test Results
	
	
	
	
	

	
	
	
	
	

	Variable
	Coefficient
	Std. Error
	z-Statistic
	Prob.  

	
	
	
	
	

	
	
	
	
	

	C
	0.971940
	0.829026
	1.172387
	0.2410

	CR
	-0.006687
	0.020579
	-0.324930
	0.7452

	ROA
	-17.23430
	7.228576
	-2.384190
	0.0171

	EPS
	0.004063
	0.005732
	0.708863
	0.4784

	DAR
	-0.447841
	0.384000
	-1.166253
	0.2435

	SER
	-2.461607
	1.182855
	-2.081073
	0.0374

	
	
	
	
	

	
	
	
	
	

	McFadden R-squared
	0.145935
	    Mean dependent var
	0.347826

	S.D. dependent var
	0.478365
	    S.E. of regression
	0.446087

	Akaike info criterion
	1.207955
	    Sum squared resid
	21.69033

	Schwarz criterion
	1.351168
	    Log likelihood
	-63.45739

	Hannan-Quinn criter.
	1.266084
	    Deviance
	126.9148

	Restr. Deviance
	148.6008
	    Restr. log likelihood
	-74.30041

	LR statistic
	21.68604
	    Avg. log likelihood
	-0.551803

	Prob(LR statistic)
	0.000601
	
	
	

	
	
	
	
	



Table 9 shows the partial influence of all independent variables on the dependent variable, explained as follows:
1 The effect of the CR on Financial Distress is -0.006687, and the significance value is 0.7452, which shows that the negative coefficient value and the CR significance value of 0.7452 are greater than the significance level of 0.05; thus, H1 is rejected. Therefore, the first hypothesis is rejected because the CR does not affect financial distress.
2 The effect of ROA on financial distress has a coefficient value of -17.23430 and a significant value of 0.0171, which is smaller than the significance level of 0.05; thus, H2 is accepted. This shows that the second hypothesis is accepted because ROA affects financial distress.
3 The effect of EPS on financial distress has a coefficient value of 0.004063 and a significant value of 0.4784, which is greater than the significance level of 0.05; thus, H3 is rejected. This shows that the third hypothesis is rejected because EPS does not affect financial distress.
4 The effect of the DAR on financial distress has a coefficient value of -0.47841 and a significant value of 0.2435, which is greater than the significance level of 0.05; thus, H4 is rejected. This shows that the fourth hypothesis is rejected, because DAR does not affect financial distress.
5 The effect of SER on financial distress has a coefficient value of -2.461607 and a significant value of 0.0374, which is smaller than the significance level of 0.05; thus, H5 is accepted. This shows that the second hypothesis is accepted because the SER has an effect on financial distress.

5.1 DISCUSSION

The results show that the CR, ROA, EPS, DAR, and SER have a simultaneous effect on financial distress. Companies must pay attention to the values of the CR, ROA, EPS, DAR, and SER obtained from the company's operations to obtain positive or increased profits and attract investors. Thus, the CR, ROA, EPS, DAR, and SER affect financial distress in companies in the hotel, restaurant, and tourism sectors on the Indonesia Stock Exchange. This means that this hypothesis is proven by the results of the hypothesis test.

This study found that the CR does not affect financial distress. In the analysis conducted, the CR had no effect on financial distress, with a coefficient value of -17.23430, a significance value of -0.006687, and a significance value of 0.7452. This matches the results of research by Karimah and Sukarno (2023) and Nugraha and Nursito (2021) which indicates that the CR has no significant effect on financial distress. The CR has no impact an financial distress. because the company has quite large short-term liabilities, and the company cannot pay its short-term liabilities until the due date, what was originally categorized as short-term debt becomes long-term. A high CR does not guarantee that a company will avoid financial distress, nor does a low CR necessarily indicate its occurrence.

In the analysis conducted, ROA influences financial distress with a coefficient value of -17.23430 with a significance value of 0.0171 because it is less than 0.05. This is in line with several research (Fitri & Syamwil, 2020; Iswari & Nurcahyo, 2020; Masita & Purwohandoko, 2020; Muzakir, 2021; Priyatnasari & Hartono, 2019; Santosa, 2017; Sumani, 2019). ROA directly affects a company's ability to manage debt and maintain cash flow, and low ROA is more susceptible to financial pressure that can cause financial distress. The company can gain profits and provide good information about the condition of the company, and this information can serve as a benchmark for the company to run its business.

The results of this research indicate that EPS do not influence financial distress. In the analysis conducted, EPS did not affect financial distress, with a coefficient value of -17.23430, a significance level of 0.004063, and a significance level of 0.4784. This does not match the findings by Santosa (2017),  and Masdupi et al. (2018), who state that EPS affects financial distress. EPS can be used to show a company's ability to provide net income for the current year, which is given to the parent company entities over a period. Companies that experienced negative EPS for two consecutive years were considered to have experienced financial distress. EPS focuses more on the company's ability to earn EPS, but does not always reflect the company's liquidity position or capacity to fulfill short-term liabilities. 

In the results of this study, it was found that the DAR does not affect financial distress. In the analysis conducted, the DAR has no influence on financial distress, with a coefficient value of  17.23430, a significance level of 0.004063, and a significance level of 0.4784. This is not in line with previous several research (Fitri & Syamwil, 2020; Iswari & Nurcahyo, 2020; Priyatnasari & Hartono, 2019; Sumani, 2019). This study suggests that an increase in this ratio corresponds to an increased financial risk, as it signifies that the company is using more debt to support an asset base. This is because the amount of the company's liabilities is large. Nonetheless, the firm holds a significant asset base, so the company can pay its liabilities with its own assets (Kismanah et al., 2021). This ratio has no impact on financial distress, because the lower the DAR, the greater the company's capacity to fulfill its liabilities, which means that only as the company’s assets decrease are they financed by debt.

The results of this study show that the shareholders’ equity ratio has an effect on financial distress. In the analysis conducted, the SER has an effect on financial distress, indicated by a coefficient of -2.461607 and a significant value of 0.0374. This is in line with the research by Kristian (2017) and Kristian and Siswanto (2021) are showing that variations in the SER affect the company’s exposure to financial distress. The higher the SER value, the more capital the company has to finance asset income, and it does not need to borrow to obtain assets for its business activities. The smaller the company's debt, the less likely it is to pay off debts; as a result, the company can reduce the risk of financial distress. This ratio reflects the proportion of equity the company has compared to the amount of assets or total liabilities.


4. Conclusion

The financial distress prediction results for Hotel, Restaurant, and Tourism subsector companies in 2023 using ANN show that eight companies are stated to be experiencing financial distress conditions and 15 companies are stated not to be experiencing financial distress. The CR, ROA, EPS, DAR, and SER ratio all have significant impact on financial distress in Hotel, Restaurant, and Tourism subsector companies during the 2018 to 2022 period. This study shows that the CR, EPS, and DAR do not have a partial effect on financial distress in the Hotel, Restaurant, and Tourism sub-sector companies in the 2018-2022 period. ROA and SER have a partial effect on financial distress in the Hotel, Restaurant, and Tourism sector from 2018 to 2022. Companies can carry out early predictions of financial distress to avoid bankruptcy in the future, one of which is the use of artificial neural networks. Restaurants, hotels, and tourism companies predicted to face financial distress can be more precise in determining their business strategies in running their operations, increasing sales and service, and managing finances carefully, one of which is to reduce debt to avoid financial distress. 
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