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ABSTRACT
	Modeling Financial Distress is an important and useful thing for the management of companies, investors and creditors, because Financial Distress is one of the initial indicators of a company experiencing bankruptcy. Previous research used Logistic Regression method and Linear Discriminant Analysis in modeling financial distress. Modeling Financial Distress that proposed in this study is the Multivariate Adaptive Regression Splines (MARS) method at sector basic industrial and chemical of manufacturing companies listed on the Indonesia Stock Exchange. The MARS method is more flexible than the parametric method such as Logistic Regression and Linear Discriminant Analysis, because MARS does not require assumptions that must be fulfilled. The classification accuracy of the MARS method will be compared with Logistic Regression and Linear Discriminant Analysis to get the best model. 
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1. PRELIMINARY
Indonesia's economy is likely to experience considerable fluctuations as a result of the fall in the currency against the US dollar. Manufacturing companies often feel the impact of these conditions, where most of the company's raw materials are imported from abroad. Rising raw materials due to the strengthening of the US Dollar, resulted in manufacturing companies experiencing many losses.
The basic industrial and chemical manufacturing companies are the most listed sectors on the IDX. In 2013 to 2014, the Basic and Chemical Industry companies suffered the most losses. In 2013 as many as 17 companies in this sector suffered losses and in 2014 there were 12 companies (Effendi and Titis, 2017). Continual loss, resulting in the company experiencing a financial crisis over time if it is not resolved it will have an impact on bankruptcy. In the situation like this the prediction of financial distress is very important, especially for interested parties such as company management, shareholders, creditors and investors. Financial Distress is a step in decreasing the company's financial condition before the company goes bankrupt (Widarjo and Setiawan, 2009).
Altman (1968) first proposed a financial distress model using discriminant analysis methods. Some researchers then developed financial distress modeling using logistic regression methods including research conducted by Platt and Marjorie (2006), Pasaribu (2008), Kamaludin and Karina (2011), Antikasari and Djuminah (2017) and Muflihah (2017) . Both of these methods are often also referred to as the classical method. These methods require assumptions that must be met related to the scale of data and distribution along with predictor variables.
In 1991 a new method was developed with a nonparametric approach. Friedman (1991) proposed a new method, namely Multivariate Adaptive Regression Spline (MARS). Mulyono (2004) in his research stated that this method was able to minimize errors in classification. Therefore, in this study financial distress modeling in the basic industrial and chemical industry manufacturing companies on the IDX uses the classical method of logistic regression and discriminant analysis and modeling using the MARS method. Then these three methods compare the accuracy of the predictions to get the best method. 

2. LITERATURE REVIEW
2.1 Logistic Regression
Logistic regression is a method used to analyze the relationship between predictor variables in the form of category or continuous data with response variables that are nominal or ordinal scale (Agresti, 1990). The logistic regression equation for k variables can be stated as follows:

Ln  = b0 +b1X1+b2X2+ ... +bkXk
(Ghozali, 2005)

2.2 Drisciminant Analysis
Discriminant analysis is a form of regression with non-metric or category response variables (Ghozali, 2005). Discriminant analysis is used in data that is divided into groups based on known variable characteristics. The purpose of discriminant analysis is to find out differences between groups (Hair, et al, 1995). The discriminant equation for k predictor variable is
Z = = b0 +b1X1+b2X2+ ... +bkXk

2.3 Multivariate Adaptive Regression Spline (MARS)
MARS is a method used to model the relationship between predictor variables and response variables with a nonparametric approach. This method was first proposed by Friedman (1991). The following is a general MARS equation (Friedman, 1991):


dimana:
a0 	= constants
am 	= coefficient of the m-function base
M 	= maximum base function ( nonconstant base function )
Km 	= degree of interaction
skm 	= value is ± 1
xv(k,m) 	= predictor / independent variable
tkm 	= knots value of the predictor / independent variable xv(k,m)

3. METHODOLOGY
This study uses financial report data from basic industrial and chemical manufacturing companies on the Indonesia Stock Exchange from 2013 to 2017. For model formation and prediction, the data is divided into two training data and testing data. Data from 2013 to 2016 are used as training data, while data for 2017 are used as testing data. Based on previous research, the predictor variable used was set at five variables, namely Net Working Capital to Total Assets (X 1 ), Retained Earning to Total Assets (X 2 ), Earning Before Interest and Tax to Total Assets (X 3 ) , Book Value of Equity Total Liability (X 4 ) and Sales to Total Assets (X 5 ). While the response variable is variable financial distress which consists of two categories namely distress (0) and non distess (1).
The analysis conducted in this study is financial distress modeling using logistic regression, discriminant analysis and MARS. Modeling with the highest predictive accuracy was chosen as the best method.
Due to logistic regression and discriminant analysis requires assumptions that must be met, and the existence of data outliers causes assumptions in the method not fulfilled, then outlier data is spent on both training and testing data. After the outlier data is released , the total training data is 85 data consisting of 24 diatress data and 61 non-distress data . While the data testing is 21 data with details of 2 diatress data and 19 non-distress data .  

4. RESULTS AND DISCUSSION
4.1 Modeling of Financial Distress of Manufacturing Companies Basic Industrial and Chemical Sector with Logistic Regression Method
The formation of models with logistic regression begins with testing the suitability of the model or the goodnese of fit using the value of -2 Likelihood Log and Hosmer and Lemeshow. Model match test results using -2 The Likelihood log is obtained by a value of -2 The Likelihood log has decreased convergently from the initial value of 67.003 to 49.091. While the results of testing with Hosmer and Lemeshow obtained a significance value of 0.195> 0.05. So that it can be decided that the model is suitable or feasible to use.
Table 1.  Hasil Uji Wald
	
	B
	S.E.
	Wald
	df
	Sig.
	Exp(B)

	Earning Before Interest and Tax to Total Assets (X3)
	50,913
	12,746
	15,956
	1
	0,000
	1,292 .1022

	Constant
	0,061
	0,383
	0,026
	1
	0,873
	1,063



Based on Table 1, it can be seen that the Wald test significance value on the variable variable Earning Before Interest and Tax to Total Assets (X 3 ) is smaller than 0.05. This shows that the variables that have a significant effect on financial distress are the Earning variable Before Interest and Tax to Total Assets (X 3 ) . Whereas the other four variables are Net Working Capital to Total Assets (X 1 ), Retained Earning to Total Assets (X 2 ), Book Value of Equity Total Liability (X 4 ) and Sales to Total Assets (X 5 ) have no significant effect so they are not included in the model. The financial distress models of basic industrial and chemical manufacturing companies are as follows:

Ln  = 0,061 + 50,913 Earning Before Interest and Tax to Total Assets
The Nagelkerke R Square value of the model is 65.8%, so it can be interpreted that with the model, the proportion of financial distress variants that can be explained is 65.8%.

4.2      Modeling of Financial Distress of Manufacturing Companies Basic Industrial and Chemical Sector withDiscriminant Analysis Method
In modeling using discriminant analysis, assumptions that must be met are needed, namely homogeneous variance.The homogeneous variance assumption test can be seen from the Box's M. statistical value. From the results of Box's M statistical p-value, it is known that the p-value is 0.155. This value is greater than the value of α (0.05), so it can be decided that the variance between groups is homogeneous.
To find out the accuracy of the model in distinguishing distress and non-distress companies , it can be seen in Chi Square test statistics . The value of p-value of Chi-Square test statistics is 0,000 (<0.05), meaning that there are significant differences between companies that experience distress and non-distress .
 
Table 2. Canonical Discriminant function Coefficients
	
	Function

	Earning Before Interest and Tax to Total Assets (X3)
	16,634

	(Constant)
	-0,768



If seen in Table 2, variables that have a significant effect on financial distress and enter into the model are only one variable, namely the Earning variable Before Interest and Tax to Total Assets (X 3 ) . So that the financial distress model in manufacturing companies in the basic and chemical industries on the IDX can be written as follows:
 
Z = -0,768 + 16,634 Earning Before Interest and Tax to Total Assets

The canonical correlation value is 0.63 and if squared to 0.3969. This shows that only 39.69% of the variance in financial distress variables is able to be explained by the discriminant model formed.

4.3      Modeling of Financial Distress of Manufacturing Companies Basic Industrial and Chemical Sector withMARS Method
The MARS model is obtained by trial and error , which combines the values ​​of Base Fuction (BF), Maximum Interaction (MI) and Minimum Observation (MO). The selected MARS model is the model that produces the minimum GCV value. After a combination of BF values ​​(10,15,20), MI (1,2,3) and MO (0,1,2,3), the best MARS model was obtained with a minimum GCV value of 0.07852, namely in combination BF = 15 , MI = 1 and MO = 2. The following is the MARS model for financial distress manufacturing companies in the basic and chemical sectors:
Y = 0,0419901 + 33,6521 * BF7 – 33,18 * BF9
Dimana: 
BF7 = max( 0, Earning Before Interest and Tax to Total Assets + 0.012);
BF9 = max( 0, Earning Before Interest and Tax to Total Assets - 0.014);

The MARS model has a R-Square value of 66.69%, meaning that 66.69% of the variance in the financial distress variable is explained by the MARS model.

4.4      Comparison of Logistic Regression Methods, Discriminant Analysis and MARS
In the previous discussion, the three methods have been used in modeling financial distress training data for basic industrial and chemical manufacturing companies on the IDX. The model produced by the three methods has similarities to the variables that enter the model or have a significant effect on the model, namely the Earning variable Before Interest and Tax to Total Assets (X 3 ) . This is in accordance with the results of Altman's study (1968) which states that theEarning variable Before Interest and Tax to Total Assets (X 3 ) has a dominant influence on financial distress . If seen from the value of R Square, the MARS method has the greatest R Square value compared to the other two methods. This means that the MARS method can better explain the variance that occurs in the financial distress variable . Furthermore, the three models are used to predict testing data (2017 data). The following is the prediction accuracy of the three methods both intraining data and testing data.
  
Table 3. Accuracy of Prediction of Training and Testing Data for Manufacturing Companies in Basic and Chemical Industry Sectors
	Metode
	Ketepatan Prediksi (%)

	
	Training
	Testing

	Regresi Logistik
	90,6
	95,2

	Analisis Diskriminan
	85,9
	52,4

	MARS
	91,8
	100



Based on the table it can be seen that the accuracy of the prediction of the MARS method is greater than the logistic regression method and discriminant analysis for both training data and testing data. Even on testing data, the MARS method is able to accurately predict all data with an accuracy value of 100%. While the prediction accuracy is the lowest, namely in the discriminant analysis method. The amount of data that is not balanced between groups of companies experiencing financial difficulties (Distress) with groups of companies that do not experience financial difficulties (Non Distress) in manufacturing companies in the basic industrial sector and chemistry, makes the logistic regression and discriminant analysis less sensitive in predicting. But in the MARS method, data imbalance conditions do not make the sensitivity decrease. Therefore, it can be decided that the MARS method is the best method compared to the logistic regression method and discriminant analysis in modeling financial distress in the basic industrial and chemical manufacturing companies on the IDX.    

5. KESIMPULAN
Pemodelan financial distress dengan menggunakan metode MARS memiliki ketepatan prediksi yang paling tinggi pada data training maupun data testing dibandingkan dengan metode regresi logistik dan analisis diskriminan. Ketidakseimbangan jumlah data pada masing-masing kelompok tidak membuat sensitivitas metode MARS berkurang. Sehingga bisa ditarik kesimpulan bahwa metode MARS merupakan metode terbaik dalam memodelkan financial distress pada perusahaan manufaktur sektor industri dasar dan kimia di BEI. Variabel yang berkontribusi besar dalam model yaitu Earning Before Interest and Tax to Total Assets (X3).
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