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Abstract. One of the adaptive methods in nonparametric regression that is able to accommodate interactions between predictor variables is the Multivariate Adaptive Regression Spline (MARS) method. MARS modeling has been developed based on the types of response variables involved in regression modeling, one of which is categorical (qualitative) response variables. The MARS method with categorical responses (both binary and order) can be used as a modern statistical classification method, where the classification in MARS by using ordinal logistic regression approach. Estimation of function in ordinal logistic regression is assumed smooth based on the ordinal MARS model, namely as the MARS ordinal logit model. The development of previous studies only discussed binary responses, while for cases with responses of more than two categories, the MARS method was needed that could analyze ordinal responses. This study estimates the parameters for an ordinal category response using ordinal logistic nonparametric regression model based on MARS. This study aims to estimate the cumulative probability of ordinal logistic nonparametric regression model using the MARS estimator. Maximum Likelihood Estimation (MLE) method is used to obtain parameter estimation. The distribution of the ordinal scale response variable with three categories in the MARS model is multinomial distribution, that the log-likelihood function of the ordinal response random variable will be maximized to obtain the parameter value.
INTRODUCTION

Nonparametric regression is a modelling approach for describing relationship between the response variable and the predictor variable that does not assume a certain pattern. In the nonparametric regression approach, the model estimation form of the relationship pattern is determined based on the existing pattern in the data [1]. A lot of nonparametric regression methods (approaches) that provide flexibility in parameter estimation have been developed so far, including the spline approach consisting of truncated spline, Multivariate Adaptive Regression Spline or MARS, penalized spline and smoothing, local linear; local polynomials and kernels. The nonparametric regression approach mentioned above develops a method that considers the flexibility, model goodness and better interpretation, one of which is the spline method. 
Splines are widely developed because they have excellent flexibility and interpretation among other nonparametric regression methods or approaches. A spline is one type of polynomial cut, namely a polynomial that has segmented properties [2]. Given this segmented property, splines are able to provide more flexibility than ordinary polynomials. Nonparametric regression problems that are often encountered in the use of multi predictor data are cases of high dimensionality (curse of dimensionality). Powerful method that is able to overcome high-dimensional cases is MARS [3]. 
[bookmark: _Hlk116743651]The MARS method is an adaptive approach that combines truncated spline regression and Recursive Partitioning Regression (RPR), first introduced by Friedman in 1991. The truncated spline method requires the predictor variable to be on a continuous scale so that it allows many knots to be generated, while the predictor variable in the MARS method could be in the form of a categorical or continuous scale. Another advantage of MARS is that it is able to accommodate interactions between predictor variables expressed in basis functions. It is match for cases of high-dimensional data [4]. The MARS method is able to accommodate additive effects and interactions between predictor variables in data modeling. MARS gives better estimator or approaches the regression curve shape of the response and predictor relationship patterns that do not follow a certain form, compared to using only an additive model [5]. This is in accordance with [6] which states that the MARS method is able to obtain good predictive results for the shape of the regression curve from the unknown pattern relationship between the response and the predictor.
[bookmark: _Hlk116743663]The MARS method with categorical responses useful as a modern statistical classification method, where the classification in MARS is based on a logistic regression approach [6]. Logistic regression is an analysis used to perform the relationship between categorical response variables and categorical and continuous predictor variables [7]. The logistic regression equation is obtained from the form of the estimated probability function of a successful event or certain event occurring, which is then carried out on this opportunity function by transforming the logit to a logit link function form. This link logit function is the MARS model, or is referred to as the MARS logit model. Researchers [8] have studied MARS with binary category responses in modeling the case of poor households in Kalimantan, while researchers [9] have studied MARS with category responses on modeling students' graduation into accelerated classes. The two studies compared the MARS method with other modeling methods, both of which concluded that the MARS method was better in modeling and classification.
The development of categorical MARS research only achieves responses with binary categories, while research on ordinal category responses has never been developed. This study aims to estimate the parameters of the uniresponse and cumulative probability ordinal logistic nonparametric regression model with the MARS estimator. Maximum Likelihood Estimation (MLE) method used for estimating the parameters model.

MATERIALS AND method



Ordinal logistic regression is a regression analysis used to analyze the relationship between predictor variables and response variables, where the response variable is polychotomous with an ordinal scale [10]. The model that can be used for ordinal logistic regression is the cumulative logit model, where in this model there is the ordinal nature of the response as outlined in the cumulative probability. Thus, the cumulative logit model is a model obtained by comparing the cumulative probability that is the probability less than or equal to r response variable category on p predictor variables expressed in vector X, or can be written as [10]. 

Cumulative probrabilty  stated as follows [10]:

           			    			         (1)

With  : predictor variable of observation i (i=1,2,…,n) for each p predictor variable, while r = 1,2,….r is the response variable category.

Estimation of ordinal logistic regression parameters is done by parsing them using the logit transformation , described as follows [10]:

 		   			         (2)

with value  for each k = 1,2,….,p in each ordinal logistic regression model is the same.
For example, if there are 3 response categories, namely r = 0,1,2 then the cumulative probability of r category response is described as follows [10]:

   				   			         (3)

 				   			         (4)
Based on Equations (3) and (4), the cumulative probability of each category of response variables is obtained, namely:

  			                			         (5)		


             	         (6)

If Equation (2) is applied to 3 response categories, namely r = 0.1,2 then the cumulative logit model for each response category can be described as follows:

	        (7)
In this study, the link logit function of ordinal logistic regression is used as the basis for classification in MARS. The next discussion focuses on MARS.

According to Friedman (1991), the MARS model is obtained from the forward and backward stepwise algorithms as follows,

 	 						       (8)
with,

   :  parent base function (constant)

  :  coefficient of basis function m
M	:  number of base functions (nonconstant basis function)

  :  degree of interaction

  :  the value is 1 or -1 if the data is to the right of the knot point or the left of the knot point. 


If  , so  


If  , so  


 :  predictor variable,  



	    :  knots value of predictor variable ,  

RESULT AND DISCUSSION

Given predictor variable data  and one response variable , ,  indicates the number of predictor variables and  indicates the number of observations. If the relationship between the predictor variable and the response variable is expressed in a regression function   whose form is unknown and can be approximated by a nonparametric regression model, then in general the relationship can be expressed in the form of a nonparametric regression equation [11]:

  					                       (9)
with   is an unknown regression function,  is the random error on the observation i which independent of each other. Equation (9) for data of two predictor variables and one response variable , , then it can be written:
  							       (10)
If the response variable data scale is ordinal category, then the approach method used is the Ordinal Logistics Regression method. Equation (10) can be expressed in the form of a cumulative logit model as follows:
		            		       (11) 
r = 0, 1, 2 is the response variable category.	
If the number of response variable categories is 3, then the model formed is:


 	           		       (12)

For example, the response variable is the incidence of diabetes mellitus with categories:
0 : normal
1 : pre-diabetes
2 : diabetes
Then:

so,
							       (13)
Then from Equation (13) we get:
						  		       (14)

						 		       (15)
where
								                                    (16)
To get value , then from Equation (16) substituted into Equation (14):
							 (17)

To get value , then from Equation (16) substituted into Equation (15) so that it can be obtained:
						   	          			       (18)

To get value , then from Equation (17) and (18) then obtained:



					        	       (19)		
If the estimator used in the logistic regression model is Multivariate Adaptive Regression Spline (MARS), then the MARS logit model with 3 ordinal categories of response variables (Y=1,2,3) refers to Equation (12) then applies:

	 	     	       (20)


For , then it can be written:
				      	                     (21)

Thus, the response variable of the 3 category ordinal scale follows the multinomial distribution Y∼M(1;π_1,π_2 ) with the probability density function (pdf) as follows:
				                     (22)

To estimate the parameters of , then use the Maximum Likelihood Estimation (MLE) method with the following steps:
1. Take n random samples
				           (15)
Where 

2. Determine the Likelihood and In-Likelihood Functions



										   	                      (23)

3. Maximize 
a. Necessary conditions





		                     (24)

b. Enough conditions
			           	           		        	       (25)
 must be negative definite, where  is a Hessian matrix.

Newton Raphson Iteration         		       (26)
									           		       (27)

Based on the results of Newton Raphson iteration, the , dan  value is obtained.
CONCLUSION

The distribution of the ordinal scale response variable with three categories in the MARS model is multinomial distribution, that the log-likelihood function of the ordinal response random variable will be maximized to obtain the parameter value. Parameter estimation of , dan  value can be obtained from:
Newton Raphson Iteration         		       
where 									           		       
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