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Article Info ABSTRACT

Article history: Diabetes Mellitus (DM) 1s a high-risk metabolic disease with increasing
prevalence in Indonesia, requiring an effective classification model based on
significant risk factors. This study uses Nonparametric Ordinal Logistic
Regression based on the Multivariate Adaptive Regression Spline estimator
(NOLR-MARS). Unlike conventional parametric ordinal regression, this model
does not assume a fixed functional pattern but rather determines the form of
the relationship based on data patterns through basis functions, making it more
flexible in handling complex predictor variable interactions. Using 664 records
Diabetes Mellitus; from the Non-Alcoholic Fatty Liver Disease (NAFLD) cohort, we explore the
MARS; relationship between metabolic factors, included age, sex, Body Mass Index
Nonparametric Regression; (BMI), LDL cholesterol, and hypertension—and DM risk. This NOLR-MARS
Ordinal Logistic Regression mtegration addresses the nonlinear relationship while maintaining the ordinal
nature of DM stages, a combination often overlooked in traditional models.
Based on Generalized Cross Validation (GCV) selection, the best model
achieved 74.929% accuracy for in-sample data and 80.309% for out-sample data.
Furthermore, a sensitivity of 70% and a specificity of 92.86% were obtained for
stage 2 DM. Factors such as age, BMI, LDL cholesterol, and hypertension
significantly influenced DM status. The results showed that the NORL-MARS
model had good predictive performance. The novelty of this study lies in the
integration of the MARS estimator into an ordinal logistic regression framework
for more granular DM risk assessment. Although this model shows potential as
a screening tool in high-risk metabolic cohorts, further clinical application
requires external validation to ensure broader generalizability.
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1. INTRODUCTION

Indonesia is currently transitioning from infectious to non-communicable diseases (NCDs), which account
for 70% of global deaths, primarily in low- and middle-income countries [1]. Diabetes mellitus (DM) is the most
prevalent and deadly NCD, caused by the body's inability to use sulin efficiently for blood sugar regulation [2],
[3]. The prevalence of DM is rising globally and in Indonesia, which ranked seventh worldwide with 10.7 million
patients in 2019 and a projected 16.6 million cases by 2045 [4], [5]. Since DM is preventable through lifestyle
changes, studying its risk factors is essential [6].

Approximately 90% of global cases are Type II DM [7], influenced by non-modifiable factors like age and
gender, as well as modifiable factors including abnormal lipid metabolism, high cholesterol, obesity, and
hypertension [3], [8]. Several statistical approaches have been used to model DM risk factors. Various statistical
approaches have been employed to model the risk factors associated with DM. Several studies, such as those by
[71, [91, [4], [10], [11] analyzed factors associated with type-2 DM, which showed that age, BMI, family history,
physical activity, and diet had a significant association with the risk of type-2 DM. Other studies by [12], [13], [8]
concluded that blood pressure, hypertension, and cholesterol were significant causal factors influencing the risk
of DM. Methodologically [14] employed bi-response logistic and probit regression, while others like [15], [16].
utilized standard logistic regression. Beyond parametric methods, research using nonparametric approaches has
also been conducted, such as [17] using local linear estimation and [18] using Chi-Square tests. In terms of
classification, [19] applied Smooth Support Vector Machine (SSVM), while [20] implemented Neural Networks
and Multiple Regression.

These studies mostly use parametric regression methods, such as logistic regression. This approach often
struggles to capture complex, non-linear relationships and interactions between predictors, despite the
foundational ordinal regression theories established by McCullagh [21]. To address these limitations,
nonparametric regression is proposed as an alternative. Nonparametric regression is an approach that does not
assume a specific relationship pattern between the response variable and the predictor [22], [23]. In a
nonparametric regression approach, the shape of the estimated relationship pattern model 1s determined based
on patterns in the data [24], [25]. The ability of nonparametric regression to find the shape of the regression
curve pattern is supported by the presence of parameters in each type of nonparametric regression
method/approach, which makes regression curve pattern estimation more flexible [26], [27]. This flexibility is
essential for metabolic data where the risk factor interactions are often high-dimensional and non-linear.

One of the estimation methods in the nonparametric approach 1s the Multivariate Adaptive Regression
Spline (MARS), This estimation method is able to produce good prediction results when handling data that
exhibits behavioral changes within certain sub-intervals, indicating changes in the data's behavioral pattern [28],
[29], [30] and is able to handle high-dimensional and complex data interactions [28], [31], [32] In addition, MARS
also accommodates interactions between predictor variables expressed in basis functions and classifies categorical
responses [28], [33], [34]. Several studies related to MARS estimation have been conducted by [35] to develop
a flowing bottom-hole pressure (FBHP) estimation model. In addition [36], [37], [38] also conducted research
with MARS. The models produced by MARS in these studies have been well verified and validated, showing
high accuracy and stability in various applications.

Although several previous studies have used regression methods to analyze DM risk factors, and others
have applied the MARS method in different contexts, no study has combined these two methods to predict DM
risk factors using MARS. This study is the first to combine ordinal logistic regression with MARS basis functions
for diabetes risk prediction. The data structure in this study has a response variable with an ordinal scale, this is
very suitable for analysis using the MARS method. Preserving the ordinal structure 1s clinically vital, as it allows
for a more granular assessment: a patient in the Stage-2 DM category requires significantly more intensive clinical
intervention than one in the pre-DM or Stage-1 stages, a distinction that binary classification models often
overlook. MARS uses logistic regression techniques for classification [29], [34]. In this study, we proposes a
Nonparametric Ordinal Logistic regression model based on the MARS estimator (NORL-MARS) for ordinal
DM status with three categories. Early prediction using this robust model is essential to help reduce healthcare
costs and increase the effectiveness of prevention efforts. This approach aligns with the increasing global burden
of non-communicable diseases, demanding more effective management strategies to reduce social and economic
mmpacts.

2. RESEARCH METHOD
2.1 Dataset and Research Variables

The data used in this study are secondary data taken from the  website:
https://www.kaggle.com/datasets/utkarshx27/non-alcohol-fatty-liver-disease This dataset was selected because
NAFLD and DM share a common pathophysiological mechanism rooted in insulin resistance and metabolic
syndrome [39]. Clinical evidence suggests that NAFLD is a strong predictor for the development of DM [40],
[41], making this cohort highly relevant for modeling metabolic risk factors. However, it is explicitly
acknowledged as a methodological constraint that while NAFLD is a validated predictor of DM, findings from
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this cohort may not generalize to populations without hepatic metabolic dysfunction. External validation in
dedicated diabetes screening cohorts 1s essential before clinical deployment.

The research dataset consists of DM status (Y) as an ordinal response variable, categorized into three levels
based on HbA 1c¢ thresholds: pre-DM (<5.8%), stage-1 DM (5.8% - 6.4%), and stage-2 DM (26.5%). These stages
were explicitly mapped based on the clinical diagnosis and metabolic profiles established in the original NAFLD
study. The initial data extraction yielded 1,876 subjects who met the inclusion criteria for metabolic monitoring.
Then, we provide data on age (X;) as an interval variable (years); gender (X,) as a nominal variable with 1 for
male and 2 for female; BMI (X3) in kg/m’ and LDL cholesterol (X,) in mg/dL as ratio variable; and hypertension
status of users (X5) as an ordinal variable with 1 as pre-hypertension, 2 for stage-1 hypertension and 3 for stage-
2 hypertension as variables considered to affect DM status. For the MARS algorithm, categorical predictors such
as gender and hypertension status were processed using dummy coding to allow the model to capture non-linear
interactions between specific categories.

Preprocessing involved standardized procedures to ensure data integrity. From the 1,876 extracted records,
63.8% (n=1,198) were removed due to missing values in critical laboratory or anthropometric fields, resulting in
678 complete cases. Subsequently, outliers were identified and removed using the Interquartile Range (IQR)
method with a standard 1.5xIQR multiplier threshold. This threshold was selected to strike a balance between
preserving natural clinical variation and eliminating biologically implausible values, such as extreme physiological
readings likely resulting from recording errors which could otherwise disproportionately distort the spline-fitting
process in the MARS algorithm. This step removed an additional 2% (n=14) of records, resulting in a final
analytical sample of 664 patients. Continuous predictors (Age, BMI, LDL) were then standardized using Z-score
transformation to ensure statistical stability.

The NOLR-MARS model estimation was analyzed using R Studio (version 2024.12.0+467 "Kousa
Dogwood") with the 'earth’ package. The dataset was split into 598 patients (90%) as in-sample data and 66 patients
(10%) as out-sample data. Given the specific nature of the cohort (n=664), this single holdout split was deemed
sufficient to maintain a representative number of subjects in the test set for all three DM stages, while bootstrap-
based uncertainty estimates were calculated to ensure the robustness of the accuracy metrics. Although the dataset
shows a higher prevalence of stage-2 DM, no class-weighted loss functions or resampling were applied to preserve
the natural clinical distribution. To mitigate potential bias toward the majority class, model performance was
evaluated using stage-specific sensitivity and specificity (one-vs-rest), which provides a more granular assessment
of the model's ability to distinguish between each progression stage regardless of class frequency.

Table 1. Dataset of DM Cases
Patient DM Status Age Gender BMI LDL Cholesterol Hypertension

Number Y) X,) (X,) (X,) X,) Status (X )
1 1 47 2 25.91 144 2
2 1 33 1 31.02 102 1
K 1 35 2 34.95 81 2
664 3 55 2 42.04 170 3

2.2 Ordinal Logistic Regression

Ordinal Logistic Regression (OLR) 1s a technique that looks at the association between predictor and
response variables when the response variable is polychotomous and has an ordinal scale [42], [43]. The
cumulative logit model is suitable for OLR, as it accounts for the ordinal nature of the response by representing
it through cumulative probabilities. Consequently, it compares the cumulative probability of being less than or
equal to a given response variable category based on predictor variables expressed in vector form X yields the
cumulative logit model, or can be written P = (Y < r|X;) which is written in equation (1) [44].

P
p= (Y < 7”|Xi) — n(xl-) — ( exp(ﬁOr + Zk:1 kaik) )
1+ exp(.BOr + Z;z;:l .kaik)
where P is the cumulative probability that the DM risk (Y) falls in category r or lower, given the predictor X;,
X; = (%11, %2, *+, Xim) represents the vector of predictor variables for observation (i = 1,2,---,n), while r =
1,2,-+-, R 1s the response variable category. The logit transformation 1s applied to process OLR parameters to
estimate them P = (Y < r|X;) described in equation (2) [44]:

(1)

P(Y <7|X)
1-P(Y <rlX)

P
gr(x) = Bor + Z BrXik
k=1

9,(x) = logitP(Y < r|X;) =In
2
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where the value ), for each k = 1,2, -+, p in each OLR model 1s the same. The model in Equation (2) follows
the proportional odds assumption, also known as the parallel lines assumption. This assumption implies that the
relationship between each predictor (x;;) and the cumulative odds is the same across all response categories (7).
Consequently, the slope coefficients () remain constant, and only the intercept values (S, )vary for each
threshold, representing the point where the response shifts from one category to the next. For example, if there
are three response categories, namely r = 1,2,3 then the cumulative probability of r category response is
described as equation (3) and (4) [44],

- _( exp(Bor + Xh_, Bixu) ) :
P=(<1x) = (1 +exp(Bor + X2 _, Bixue) Y
B _ exP(ﬁoz + ZZ=1 ﬁkxik) )
P=( <2|x) = (1 i exp(ﬂoz +ZZ=1ﬂkxik) W

The cumulative probability of each category of response variables is derived using Equation (3-4),
specifically explained in equations (5-6),

P =Y =1lx;) = my(x) )
P = (Y, = 2|x;) = my(x) = P(Y < 2|x;) = P(Y; = 1]x;) ©)
By applying Equation (2), the cumulative logit model for the three response categories can be formulated, with

the detailed expression shown in Equation (7).

. P(Y < 1|x) P(Y <1|x)
Gix) = ln<1 —P(Y < 1|x)> B 1“( ¥ > 1lx) >
=ln< PAY = 1x) ):ﬁ + B Xy + BoXo + -+ BpX
P(Y =2|x) + P(Y = 3|x) 01 AL T etz PP )

. P(Y < 2|x) P(Y < 2|x)
5() =ln<1—P(YS2|x)>= ((Y>2|x))

=1n(P(Y=1|x)+P(Y=2|x)>=ﬁ BX 4 B+t B

P(Y=3|X) 02 141 242 p4p

As shown in Equation (7), the model maintains the same slope coefficients Sy for both logits, which satisfies the
proportional odds assumption. The only difference between the equations lies in the threshold intercepts o1
and fy,. In this study, the linear predictor ZZ=1 Brxy i the OLR model is replaced by the MARS basis
functions. Therefore, the integration of NOLR-MARS allows the model to capture non-linearities and
interactions between metabolic risk factors through the basis functions within the logit link framework.

2.3 Multivariate Adaptive Regression Splines (MARS)

The problem of nonparametric regression often encountered when using multi-predictor data 1s the high-
dimensional case (curse of dimensionality) [22], [23]. One method that can overcome high-dimensional cases is
Multivariate Adaptive Regression Splines (MARS), an adaptive approach that combines truncated spline
regression and Recursive Partitioning Regression (RPR) [28], [29] . While RPR models are not continuous at
the knot, MARS overcomes this by creating a continuous knot model that distinguishes between linear and
composite functions [24], [33]. This study utilizes the quantile method to determine knot points based on data
density, effectively placing knots even in sparse regions to minimize overfitting and reduce the risk of
unrepresentative knots compared to a greedy approach [45], [46].Furthermore, the forward step in the MARS
method produces more representative knot points, thereby accelerating the search for the optimal basis function
without reducing model accuracy [47], with the model function written in Equation (8).

M Km
f(x) = ﬁo + Z .Bm l—[[skm- (xv(k,m) - tm)] (8)
m=1 k=1

where £, 1s the intercept and £, is the coefficient of the m-th basis function. The value M indicates the maximum
number of basis functions used in the model, while K,,, denotes the degree of interaction for the m-th term. The
term Sy, 1s a directional indicator which takes the value of either 1 or -1, depending on whether the data is to
the right or left of the knot point. Furthermore, X, m) represents the predictor variable, and iy, is the
corresponding knot point of Xy m).
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The smallest GCV (Generalized Cross Validation) 1s produced by the best model and is represented in
equation (9):

ASR IR — fu)]

GCV(M) = 7= P )
O

where, y; denotes the response variable, and fM (x;) 1s the estimated value of the response variable using M basis
functions. The term C (M ) = C(M) + dM refers to a complexity measure that adjusts based on the number of
basic functions, where d is a constant representing the value added when each basis function reaches optimization.

If more than one model has a minimum GCV, the next step is to use the criteria for the maximum Rggyqre
value and the highest classification accuracy value. Rggyqre formula is presented in equation (10)

L Z(e) —fe)
square — - 2
e (f) = F(x)

where, n is number observations, with f(x;) is response observation value to 1, f (x;) 1s predicted response value

(10)

to i, and f(x;)is average response value to Z Since traditional R? is only applicable to continuous linear regression,
Pseudo — R? is employed here to evaluate the goodness-of-fit for the ordinal categorical response. This metric,
combined with GCV, ensures that the selected NOLR-MARS model achieves an optimal balance between
complexity and predictive accuracy.

Additionally, Equations (7) and (8) are integrated into the NOLR-MARS model. For simplicity, the term
H:=Ml [Skm. (xv(k‘m) - tm)] 1s denoted as the basis function By, (x). By replacing the linear predictor in the
cumulative logit model with these MARS basis functions, the equations for the three ordinal categories can be
formulated in equation (11) [44].

M
PY <1
G = (1= p2y) = fur + Z B B ()

11)
P(Y <2)

H) = (=) = e + i B B ()
m=1

where By; and Sy,are the threshold intercepts that satisfy the proportional odds assumption. If there are three
response categories, namely r = 1,2,3, then the cumulative probability of the 7; category response 1s described
in equation (12),
exp(Bor + Z%:l Bin B (X))
1+ exp [.801 + Zrn;lz=1 ﬁm Bm(x)] (12)
exp(ﬁoz + Z%:l Bm Bm (x))
1+ exp [ﬁoz + Z%:l ﬂm Bm(x)]

If there are three response categories, the cumulative probability for each category is first computed using
Equation (12). The probability for each specific category is then derived from these cumulative probabilities and
expressed individually in Equations (13-15). Finally, the cumulative logit formulation for these three categories
is presented in Equation (16).

P(Y <1|x) =

P(Y <2|x) =

exp(Bor + Tin=1 Bm B (%))

= ) = = 13
PO =100 =) = T o (s + 2t o B O] "
exp( +Z%= m Bm (X))
P(Y, = 2Jx) = my(x) == 1 fxf‘&oz = Z“;i . B(m)(x)] — 1y (%) (14)
P(Y; =3|x) = m3(x) = 1 —my(x) — m5(x) (15)
Formy(x) = P(Y = 1); my(x) = P(Y = 2); m3(x) = P(Y = 3), then it can be written,
M
nl _

lnm_ﬁm +mZ=1.BmBm(x) y
Ty + T, - 1o

1HT :ﬁoz + mzzl ﬁm Bm(x)
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2.4 Metrics Evaluation
From the final model formed as in Equation (11), then a confusion matrix is created by applying each model
to predict the test data. From the confusion matrix, the classification performance obtained from each model 1s
then measured in the form of accuracy, sensitivity, and specificity. If the three measurements are close to 100%,
then it can be stated that the classification has been done well [48]. The confusion matrix 1s presented i Table
2.
Table 2. Confusion Matrix 3x3

Observation Prediction Total
V1 Y2 V3
V1 ni EV) Nny3 ny
V2 Ny Nao Nys3 n;
V3 N34 URY) N33 ns

The confusion matrix in Table 2 can yield three measures of model strength: accuracy, sensitivity, and
specificity. Validation is carried out using testing data information to determine whether the strength of the
NOLR-MARS model can predict data outside the model. The maximum value of accuracy is 100%. The
accuracy calculation algorithm when classifying data with multiple classes (multi-class) 1s presented in equation
(17).

Ny + Ny +1
Accuracy(%) = % x 100% (17)

The ability of a classification system to recognize and categorize positive data into the positive class 1s known

as sensitivity. Specificity is the degree of reliability of the model to detect negative labeled data correctly [49].

Since the response variable consists of three ordinal categories, sensitivity and specificity are calculated for each

category individually using a one-vs-rest approach, ensuring a detailed evaluation of the model’s performance

across all DM statuses. The sensitivity and specificity formulas used for each category are presented in equations
(18-20) [25],

LS

n
=21 %100%

Sensitivity, =-————
Nyp+Np +Ny3 My

Category 1 s Ngp + Npz + N3y + N33 (18)
Specifity, = %X 100%
T Mgy g3+ Ngy + Ngz + Npy + gy
e Na2 Ny2
SenSltlUltyyz = m = o X 100%
< . 21 22 23 2
Category 2 L Nqyq + Ny3 +Ngq + N33 (19)
Specifity,, = X 100%
2 Nyg + g3+ Ngg + N33+ Ny + N3,
e N33 N33
Sensttlvltyyz = m = Tl_ X 100%
31 32 33 3
ategory ¢ Ny +ny,+ny,y+n ¢
Category 3 Specifity,, = 11 12 21 22 % 100% (20)

Ny1 + Ny +Npq + Nyp + N3 +Np3

3. RESULT AND DISCUSSION
3.1 Characteristic of Data

The descriptive statistic table between the variables age, BMI, and LDL cholesterol viewed from the DM
status variable can be seen in Table 3.

Table 3. Descriptive Statistics of Age, BMI, and LDL Cholesterol Based on DM Status

Variable Status Total Minimum Maximum Mean Variance
Pre-DM 267 18 61 42.007 93.113
Age Stage-1 DM 165 27 65 47.927 108.861
Stage-2 DM 232 31 71 51.418 75.751
Pre-DM 267 18.12 40.27 30.621 16.944
BMI Stage-1 DM 165 20.29 41.23 31.848 21.814
Stage-2 DM 232 23.92 56 34.002 29.027
LDL Pre-DM 26? 31.2 186 121.38 892.89
Cholesterol Stage-1 DM 165 58 202 1«1_<2.1§ 1368.84
) Stage-2 DM 232 79 291 153.76 1286.51

Table 3 presents the descriptive statistics of age, BMI, and LDL cholesterol stratified by DM status. The
data reveals a clear positive monotonic trend, where the mean values of age, BMI, and LLDL cholesterol escalate
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in tandem with the severity of Diabetes Mellitus. Notably, Stage-2 DM patients exhibit the highest mean values
for both BMI and LDL cholesterol, suggesting a significant increase in these metabolic parameters as the disease
progresses. Furthermore, due to the variance in LDL levels which peaks at Stage-1 DM (1368.84), it can be stated
that the data is heterogeneous. This heterogeneity necessitates a non-linear modeling approach to effectively
capture the complex and non-linear risk patterns that standard parametric models typically assume away.
Additionally, the distribution of nominal gender variables and ordinal hypertension status is further detailed in
the contingency table presented in Table 4, providing a comprehensive overview of the patients' clinical
characteristics.
Table 4. Contingency Table of Gender and Hypertension Status Variable

DM Status

Variabl Total
ariable Pre-DM Stage-1 DM Stage-2 DM ©
Male 98 (31.8%) 80 (25.9%) 131 (42.49) 309
Gender . - o o0q = arr
Female 169 (47.6%) 85 (23.9%) 101 (28.5%) 355
. Pre-Hypertension 74 (58.3%) 31 (24.4% 29 (17.3%) 127
IS-Ithuesrrcnsmn Stage-1 Hypertension 179 (46.5%) 87 (22.6%) 119 (30.9%) 385
Stage-2 Hypertension 14 (9.29%) 47 (31%) 91 (59.8%) 152

Table 4 illustrates the distribution of gender and hypertension status across the DM categories. The analysis
reveals a distinct associative pattern where the severity of hypertension aligns with the progression of DM stages.
Specifically, while pre-hypertension is more prevalent in the pre-DM group, a significant shift is observed as
patients progress; stage-2 DM patients are more likely to exhibit stage-2 hypertension, suggesting a co-dependent
escalation of vascular and metabolic risks. Gender distribution also shows a higher proportion of females in the
pre-DM category, though the overall sample remains relatively balanced. These findings indicate that
hypertension status, more significantly than gender, serves as a progressive indicator of diabetes severity within
the studied population.

3.2 Estimation Process

Parameter estimation is carried out for the NOLR model, which is applied to the DM risk case. In obtaining
the best MARS model, the lowest GCV value is determined. The basic function (BF) is a function that 1s defined
in each region. The basic function (BF), which 1s frequently used, is two to four times the number of predictor
variables. Five predictor variables are thought to have an impact on DM status in this study. As a result, 10, 15,
and 20 BF will be merged to produce variables. The maximum interaction (MI) is the number of interactions
that can occur in the model. MI of 1, 2, and 3 were used in this study. This investigation employed MI of 2 and
3 [29], [31]. If the MI used is 2, there can be mteraction between variables in the model of up to 2. Likewise, if
the MI used is 3, there can be interaction between variables in the model of up to 3. Minimum observation (MO)
1s the number of observations between the minimum knots. The MO used in this study are 0, 1, 2, and 3 because
above that value, the GCV increases. To obtain the NOLR-MARS model, in-sample data from 598 patients
(90%) were used, while out-sample data from 66 patients (10%) were used to evaluate the model that had been
formed. The combined results of BF, MI, and MO in this research have been shown in Table 5.

Table 5. Combination of Pruning MARS in The Case of DM Status Model

1\11\323:; BF MI MO R? Gev
(L] 10 9 I 05070779 0.0593525
2, 10 9 9 0.5077737 0.0523679
(. 10 9 3 0.5004933 0.0524664
4 10 3 i 0.5099973 0.0521997
5] 10 3 9 0.5085140 0.0523119
6, 10 3 3 0.5003989 0.0594682
7. 15 9 I 0.5079772 0.0523595
8] 15 9 9 0.5077737 0.0523679
[0, 15 9 3 0.5004233 0.0524664
[10,] 15 3 i 0.5171671 0.0521098
[ 15 3 9 0.5156834 0.0522931
2 15 3 3 0.5003989 0.0524682
13 920 : I 0.5079779 0.0523525
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Model BF MI MO R? GCV
Number
[14,] 20 y 2 0.5077737 0.0523679
[15,] 20 2 3 0.5004233 0.0524664
[16,]* 20 3 1 0.5171671 0.0521008
[17,] 20 3 2 0.5156834 0.0522231
[18,] 20 3 3 0.5003989 0.0524682

According to Table 5, the best MARS model was chosen with GCV values of 0.0521008 and an R2 value
of 51.71671%. The best MARS model is represented by model number 16, which originally had BF = 20, MI =
3, and MO = 1. However, after performing basis function pruning to optimize model performance and reduce
complexity, the final model included 12 active basis functions. This pruning was done based on the Generalized
Cross-Validation (GCV) score, which showed that the model with 12 active basis functions had the lowest GCV,
thus ensuring the best balance between predictive accuracy and model complexity. The best MARS model
obtained, after pruning, is written in equation (21):

f(x) =11.716 + 0.4542BF, — 0.01699BF, — 2.065BF; + 1.706BF, + 1.046BF; (18)
+0.03262BF, + 0.06025BF, — 0.1526BF3 — 0.03189BF;, + 0.05801BF;,
with,
BF; = h(X; — 52); BFs = h(Xs = 3); BFy = h(Xs = 1);
BF, = h(54 — X,); BFs = h(X; — 30.12)BF;; BF,, = h(51 — X,)BF,,BF,;
BF; = h(56 — X,); BF, = h(X, — 51)BFs; BF;; = h(51.8 — X3);
BF, = h(X; — 55); BFg = h(94 — X,)BF,; BF,, = h(X, — 102)BF,

In interpreting the optimal NOLR-MARS model, we analyze the basis functions through the lens of
cumulative logits. For instance, Equation (22) defines BF, as a piecewise linear spline denoted by the hinge
function /x:

This basis function identifies a mathematical nodal point at age 55, acting as a non-linear threshold. In the
context of the cumulative logit link function, the coefficient for BF, (1.706) signifies that for patients older than
55, each additional year of age increases the log-odds of transitioning to a more severe DM stage by 1.706. This
corresponds to an odds ratio of exp(1.706) = 5.51, indicating a sharp increase in the risk profile—a nuance that
standard linear models, which assume a constant risk across all ages, fail to capture. Biologically, this threshold
at b5 aligns with the physiological decline in msulin efficiency [50], [51]. While traditional models suggest a
gradual risk increase, the NOLR-MARS model mathematically demonstrates that the risk increases abruptly after
the age of 55, providing more precise clinical insights. Higher-order interactions are further captured through the
following product basis functions in equation (23)

BFg = h(94 — X,)BF, (20)
BFy = h(Xs = 1)
The basis function BFs is active if the patient has LDL cholesterol less than 94 mg/dL and a pre-
hypertension history. Fach one-unit increase in BFg increases the odds of transitioning to a higher DM stage by
a factor of exp(0.1526) = 1.1649, assuming that other basic functions (BF) included in the model remain
constant. BFg represents the interaction between two predictor variables: LDL cholesterol and hypertension
status, with a mathematical knot identified at 94 mg/dL. Cholesterol management is a complex issue in the human
body, as elevated LDL cholesterol contributes to the development of metabolic conditions such as DM, while
hypertension further complicates the risk of progression to more severe stages of DM. The average value of
cholesterol and LDL cholesterol levels in the diabetes group is higher than in the non-diabetes group [52], [53].

Thus, stage-2 diabetes 1s associated with low cholesterol absorption and increased cholesterol synthesis [54].

BF,, = h(X, — 102)BF,
BF, = h(X, — 51)BF; 21
BFs = h(Xs = 3)

Similarly, the BF 15 coefficient is active if the patient has LDL cholesterol levels greater than 102 mg/dL, an
age greater than 51 years, and a history of stage-2 hypertension. Each one-unit increase in BF12 increases the odds
of transitioning to a higher DM stage by a factor of exp(0.05801) = 1.0597, assuming that other basic
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functions (BF) in the model remain constant. BF 1, represents the interaction of three predictor variables: LDL
cholesterol, age, and hypertension status. A study with DM patients in Benghazi showed that DM patients had a
history of hypertension, which was associated with advanced age and being overweight [55]. In addition,
hypertension is prevalent in stage-2 DM, suggesting that insulin resistance may play an essential role in the
pathogenesis of hypertension [6].

In the best MARS model, there are 4 (four) predictor variables that influence the risk of DM, namely age,
BMI, LDL cholesterol and hypertension status. Then, Equation (11) and Equation (21) give the following
representation of equation (25-26) of the logit link function,

§1(x) = 0.88748 + 0.4542BF, — 0.01699BF, — 2.065BF; + 1.706BF, + 1.046BF; (22)
+ 0.03262BF¢ + 0.06025BF, — 0.1526BFg — 0.03189BF;, + 0.05801BF;,
§,(x) = 1.66579 + 0.4542BF; — 0.01699BF, — 2.065BF; + 1.706BF, + 1.046BF; 93)
+ 0.03262BF; + 0.06025BF, — 0.1526BFg — 0.03189BF;, + 0.05801BF;,
‘We derive the estimated probability models as follows using the estimated models in Equation (25) and
Equation (26). The estimated probability models for each DM status are presented in Equations (27-29).

exp(g: ()

mx)=———-—"= (24)
! 1+ exp(gl(x))
Probability of Stage-1 DM Status
exp( g.(x
() = p(ng ) 95
1+ @xp(g2 (x))
Probability of Stage-2 DM Status
1
m3(x) = (26)

1+ exp(gz(x))

In this study, we only provide one example of model interpretation discussion using one of the test results,
a H3-year-old patient with a body mass index of 45.04, LDL cholesterol of 212 mg/dL and stage-2 hypertension
status. Meanwhile, the same computing process is applied to different testing data. Furthermore, we obtain the
following values for the estimated probability models,

exp(—1.6181)
T () = e (—1e1sD) - V1054 @

exp(—0.8398)
= = 0.301686 98
m2() = I exp(=0.8398) @)

m3(x) =1 —m(x) — m,(x) = 0.532874 (29)

Based on Equations (30-32), a 53 years old patient with a BMI of 45.04, LDL of 212 mg/dL, and stage-2
hypertension shows the highest probability for stage-2 DM (53.29%). Consequently, the patient was diagnosed
with stage-2 DM diagnosis, based on the maximum likelihood in the m-sample data. The NOLR-MARS
framework 1s mathematically justified by its ability to capture complex non-linear thresholds and high-order
interactions such as those identified in the Basis Functions which standard parametric models often fail to detect.
Model robustness is further validated in Table 5, where Model 16 emerged as optimal, achieving the lowest GCV
(0.0521008) and a high Nagelkerke Pseudo-R’ of 51.71671%. This Pseudo-R® value is specifically utilized as a
measure of goodness-of-fit for ordinal outcomes, indicating that the selected predictors explain a substantial
portion of the model's deviance. These metrics, alongside strong out-sample accuracy, confirm the model’s
superior performance in capturing intricate DM risk patterns compared to traditional linear methods.

3.3 Evaluation of Classification

Classification accuracy measurement plays an important role in evaluating the performance of the NOLR-
MARS model produced. A model with high classification accuracy lies in its ability to measure how well the
NOLR-MARS model can classify the observed data. This provides a measure of goodness of fit and helps assess
the predictive power of the model.

The classification value between the actual observation value and the anticipated value derived from the
developed model is then determined. The ability of a system or process to classify data accurately is known as
classification accuracy. NOLR-MARS classification accuracy can be assessed using a confusion matrix made up
of actual observations and anticipated outcomes. Table 6 describes the confusion matrix.
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Table 6. Confusion Matrix and Accuracy

Prediction
Data Observation Pre-DM Stage-1 Stage-2 Total Accuracy
DM DM
Pre-DM 268 62 2 332
In-san]ple Stage-1 DM 25 98 5 128 74.92%
Stage-2 DM 36 20 82 138
Pre-DM 27 3 2 32
Out-sample Stage-1 DM 3 19 2 24 80.30%
Stage-2 DM 1 2 7 10

The performance of the NOLR-MARS model is evaluated through two data partitions: in-sample data for
model construction and out-sample data for evaluating the developed model, using a confusion matrix to
determine its classification accuracy, providing a measure of goodness of fit and predictive power [56]. As shown
i Table 6, the model demonstrates high diagnostic consistency, where the in-sample results reflect a strong
goodness-of-fit in capturing complex metabolic patterns during the calibration phase. More importantly, the
sustained accuracy in the out-sample phase serves as a critical measure of the model's generalizability, confirming
that the identified basis functions are robust and not prone to overfitting when applied to unseen clinical data.

This predictive performance offers a significant advantage over established benchmarks, such as standard
Logistic Regression [16] and bi-response probit models [14], which typically struggle with the non-linear
thresholds and high-order interactions mherent in diabetes progression. By replacing the traditional linear
predictor with MARS-based basis functions, the NOLR-MARS framework maintains its superior predictive
power while preserving the essential ordinal structure of the disease stages. To ensure a balanced detection of
chronic disease stages, further evaluation of sensitivity and specificity is presented in the following tables 7.

Table 7. Sensitivity and Specificity

Data Status Sensitivity hi:ﬁiﬁ?:;;% Specificity C()nﬁd%l:;eo)l nterval
Pre-DM 59.82% (54.55% - 65.09%) 77.06% (72.54% - 81.58%)
In-sample Stage-1 DM 76.56% (69.21% - 83.91%) 82.55% (75.97% - 89.13%)
Stage-2 DM 59.42% (51.23% - 67.61%) 98.49% (96.46% - 100%)
Pre-DM 50.94% (33.61% - 68.27%) 88.23% (77.07% - 99.39%)
Out-sample Stage-1 DM 79.17% (62.919% - 95.43%) 88.1% (75.83% - 100.00%)
Stage-2 DM 70% (41.64% - 98.36%) 92.86% (79.39% - 100.009%)

The balance between sensitivity and specificity in Table 7, alongside their reported confidence intervals,
further validates the model's reliability for clinical screening. The narrow confidence intervals in the in-sample
data reflect the model’s high precision, while the relatively wider intervals for the out-sample data, particularly in
Stage-2 DM are primarily attributed to the smaller sample size, yet still maintain a consistent performance trend.
The inclusion of these uncertainty ranges provides a transparent assessment of the model's stability across
different DM stages. This performance is clinically essential to minimize false negatives, which in diabetes
screening can lead to delays in diagnosis and unchecked hyperglycemia. Unlike local linear nonparametric
approaches that often show weaker interaction capture in high-dimensional metabolic data [17], the NOLR-
MARS model effectively manages this complexity through its 12 pruned basis functions. The robustness of the
MARS algorithm in capturing non-linear patterns has been well-documented in various high-complexity modeling
studies, where it consistently demonstrates superior predictive performance compared to traditional regression
models. This proven mathematical flexibility further justifies its application in clinical modeling, particularly for
capturing the intricate metabolic thresholds found in DM progression [57], [58].

Clinically, the proposed framework addresses the limitations of standard screening by providing a robust,
non-linear approach to capture complex risk patterns. It offers a significant improvement over black-box
ensemble structures through its mathematical interpretability [59], allowing clinicians to trace the logic behind
each risk prediction. However, it is important to emphasize that since this study utilizes a NAFLD-origin cohort,
the primary threat to external validity remains its generalizability. Specifically, this introduces a potential selection
bias, as patients with NAFLD may exhibit more advanced metabolic dysfunction compared to the general
population. Furthermore, the cohort's temporal window (1997-2014) represents a limitation, as it may not fully
capture contemporary lifestyle shifts or the most recent diagnostic evolutions in diabetes management. Therefore,
future research is highly recommended to validate this framework using modern, primary, general population
Diabetes Mellitus datasets to confirm these non-linear metabolic patterns across broader and more current
clinical settings.
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4. CONCLUSION

This study integrates the Multivariate Adaptive Regression Splines (MARS) into an Ordinal Logistic
Regression framework (NOLR-MARS) to model complex diabetes mellitus (DM) risk stages. By replacing the
linear predictor with 12 pruned basis functions (GCV=0.0521) and training on 598 in-sample subjects, the model
effectively captures nonlinear metabolic interactions and high-order thresholds, specifically involving age, BMI,
LDL cholesterol, and hypertension. Methodologically, this approach achieved a robust 80.3% predictive accuracy
when tested on 66 out-sample subjects, demonstrating its superiority in handling metabolic data complexity
compared to traditional parametric methods. Based on these findings, we recommend that the Indonesian
Ministry of Health pilot NOLR-MARS-based risk stratification in community health centers (Puskesmas) serving
populations with high metabolic syndrome prevalence to prioritize early intervention resources. A significant
limitation of this research is the reliance on a NAFLD-specific cohort, which serves as a primary constraint on
the model's generalizability. Therefore, while these findings provide a rigorous mathematical basis for clinical
screening, future work must prioritize external validation using primary, general population datasets to confirm
the model’s broader clinical applicability. In the spirit of open science, the research code and a simplified dataset
are available upon request to facilitate replication and further development.
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