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ARTICLE INFO Abstract

Article history: Introduction/Main Objectives: The separation between spouses has been
Received 16 February, 2024 rising noticeably in recent years in Palangka Raya, particularly during the
Revised 22 November, 2024 COVID-19 outbreak. Background Problems: An analysis of time-to-event on
Accepted 10 December, 2024 those separations will be undertaken quantitatively using survival analysis by
Published 24 February, 2025 comparing the results yielded by Cox proportional hazards (PH) regression and
non-parametric Survival Support Vector Machine (SUR-SVM). Novelty: This
work suggests a feature selection method that looks for influencing elements
Keywords: related to the c-index by employing backward elimination. Research
Cox  Proportional  Hazard; Methods: This study's data came from Indonesia's Supreme Court webpage,
Feature Selection; Religious including a database of separation verdicts from the Palangka Raya Religious
Court; Separation;  Survival Court, spanning from April 2020 to March 2021. The response variables were
Support Vector Machine the time-to-separation (marriage length until separation) (t) and the censored
state of the occurrence (0). Finding/Results: Based on SUR-SVM, the factors
contributing the most to the separation are the absence of children, unsteady
employment of appellants, and finance motive as the primary reason. In terms
of concordance index and Akaike Information Criterion (AlIC), the SUR-SVM
outperformed the Cox proportional hazard model. These values of SUR-SVM
were 59.24 and 1899.78, respectively. SUR-SVM correctly classified 59.24%
of separations based on the chronological order of events.

1. Introduction

The COVID-19 outbreak spreading throughout the world has paralyzed various aspects of life, such
as social, economic, health, and many more. As of November 2022, there are currently more than 6
million cases of COVID-19 in Indonesia since the emergence of the first victim in March 2020 [1]. One
of the impacts felt by society as a result of the pandemic is couple’s hardship [2], [3]. Such problem
arises due to various factors, such as negative emotions due to financial difficulties, home confinement,
and even dissatisfaction with government policies [4]. Tensions and disputes which occur, notably in
vulnerable couples, will be more prone to enduring conflicts and could point to divorce or marriage
separation [5], [6]. Annual report of Religious Court of Palangka Raya showed that number of marriage
separation there indicated an upturn since COVID-19 outbreak in 2020.

Analysis of time-to-event situations might be undertaken quantitatively using survival analysis,
one of which is marriage separation. In Indonesia, separation for Muslim couples is generally
administered by a Religious Court situated in the regency or city capital [5]. Such cases could reach
thousands each year. Several survival studies on marriage separation were conducted by [7] and [8].
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Both found that separation was motivated by variety factors, ranging from socio-economic and cultural
ones [7], [8]-

Survival analysis on marriage separation is commonly dealt with censored data. The censored data
is a set of values whose occurrence status is unknown since the study ended before the failure occurred
[9]. As [7] and [8] revealed about separation, their dataset were classified to the right-censored like most
other events. Right censorship in separation occurs as the spouses return to living together eventually or
separation is not noticed by the end of the research.

Separation cases could generally be modeled using Cox proportional hazards (PH) regression [10],
[11]. Beyond its common use as a conventional method of survival analysis, this method has plenty
shortcoming yet. As the assumption of proportional across time for the hazard of two individuals fails
to be met, Cox PH regression is challenging to employ [12]. Likewise, if covariate dependencies occur,
another model is needed in the form of a non-parametric model which does not require these assumptions
[13]. Non-parametric methods have been used in many techniques, including Survival Support VVector
Machine (SUR-SVM).

The other study by Abdel Sater discover that numerous social and economic factors drastically
influence the survival time of a marriage. With respect to survival, having children decreases marriage
survival and a high level of education or a high income increases marriage survival. Applications of a
survival analysis model has great potential in social science settings. The model applied Support Vector
Machine as well to identify the influencing factor to the duration of marriage. The difference lies on the
absence of feature selection to seek for the factor that contributes more to the duration of marriage
among separated spouses[8].

A large number of couples registering for marital separation amid the COVID-19 outbreak
strengthens the need to analyze the characteristics of separated Muslim couples and the influencing
factors behind it. Such motives would be explained by comparing the result of two models, Cox PH and
SUR-SVM. This work also suggested a feature selection method that looks for influencing elements
related to the c-index by employing backward elimination. By doing so, it will enable to determine the
socio-economic factors motivating the separation among Muslim couples in early period of pandemic.

2. Material and Methods
2.1. Reference Review

SUR-SVM is a machine learning method which does not require proportional hazard assumption
to be fulfilled [11]. Besides, SUR-SVM is able to be conducted on high-dimensional data [14]. Because
separations were observed in numerous regions and were specifically linked to a number of
socioeconomic factors, it is therefore appropriate for these matters. Plenty of study demonstrated the
superiority of SUR-SVM over alternative methods. Studies applying several kinds of datasets
discovered that SUR-SVM performed considerably better than Cox PH [15]. Furthermore, recent work
on glioma dataset suggested that SUR-SVM topped Cox PH in terms of prediction [16]. However, our
motives to conduct this study based on the less number of application of SUR-SVM in social matters or
particularly law matters.

2.2. Kaplan-Meier Curve and Survival Model Assumption

To assess the survival rates of marital separation, one might utilize the Kaplan-Meier curve which
is related to the use of log-rank test. Another common use of the log-rank test is to see whether survival
curves for different categories in a variable differ from one another [17]. The following is the hypothesis

Ho : Survival curve categories do not significantly differ from one another
H: : Survival curve categories differ significantly from one another
where test statistic is expressed as

L (O, —-E )
Zzzz( .E ) "
|

1=1
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where O, — E, = Zn:(m,k —g,)and e, = % [iimlkj.
k=1 Zznlk I=1 k=1

1=1 k=1
Description :
o] : number of case in the I-th category
Ei . expected number of cases in the I-th category
mi  : number of cases in the I-th category bearing event at time tx
nk . number of at-risk cases bearing an instantaneous event in the I-th category before time tx
ex  :expected value in the p-th category at time tx

| : number of categories in a variable
If 2> ;(;’(L_l) , then Ho is rejected, indicating at least one difference in the survival curve for a variable
[11].

Besides testing on differences among categories, the Cox PH model should meet the proportional
hazard assumption, suggesting that the hazard ratio is independent of time [18]. Such test is relied on
Schoenfeld error calculated by

SF\)mk = ka - E(ka | R(t(mk))) (2)
and the conditional probability in Equation (2) is acquired from
(Z: )ka eXp(IBXi)
ieR(t
E Rt . )|=— = 3
(kal ((mk))) z exp(ﬂxi) ( )

ieR(t(mk))

where

SRk : Schoenfeld error of the m-th predictor for cases experiencing an event at time ¢
Zn . the value of the m-th predictor for cases experiencing an event at time t

Following that step is to generate a rank variable f. corresponding to its survival time. A value of 1
is assigned to the scenario where the event occurs for the first time, and so forth. Next, examine the
association between the Schoenfeld error and the ranking variable f; using the hypothesis, as follows:

Ho : p=0
Hi @ p#0
and below is the statistic test

corr; ¢z VN—2

Lo = >
\/1—(corrfr'5Rmk )

cov( f,,SR)

™ \/var( f,)var(SR,)
a clear association between the survival time rank variable and Schoenfeld error, the proportional hazard
assumption is not valid [19].

(4)

. Since there is

with corr, o . The decision is to reject Ho if [t | >t

(a/2,n=2)

2.3. Survival Function and Hazard Function

The survival function S(t) represents the likelihood that an item will endure or avoid an occurrence
or failure until a specific point in time. Given that T is the length of time till an event happens,
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S(t)=P(T>t)=["f(u)du=1-F(t) (5)

the function S(t) is calculated by applying equation (5). The hazard function h(t) calculates the
probability at which the event occurs during any given time point, which is given in Equation (6)

h(t):—al%s(t) (6)

As time goes on, the probability of occurrence of events will be higher [20]. Besides those two, there is
cumulative hazard function. Such function could be written as

t
H(t)= h(u)duor —H(t)=InS(t). (7)
The function H(t) could be interpreted as cumulative amount of hazard up to time t.
2.4. Cox Proportional Hazard Model

Cox Proportional Hazard model is a way to understand how predictors influence the survival

function of the event, such as marriage separation. Let Z denotes the predictors. [20] declared that Cox
regression can be expressed as

T
h(t|Z =z)=h,(t)exp(z"B) (8)
with

h(t\ 7= z) : hazard function

B : vector of coefficients of each predictor

z : vector of predictor

ho(t) : baseline hazard function

2.5. Survival Support Vector Machine

Survival Support Vector Machine (SUR-SVM) is machine learning model which employs a
prognostic index, unlike Cox model which relies on hazard function. The prognostic could be expressed
as the probability of the couple to reconcile due to mediation or others. Refer to [11], SUR-SVM has a
utility function u

u(x)=w'o(x) 9)

where w is vector of parameter and ¢ (x) is the transformation of predictor x. Besides, SUR-SVM has
an objective function, expressed in

m|n w w+7ZZkac§]k,y 0 (10)

J ok, j<k

and the constraint function is expressed in

wio(x,)- W([)( )>1 & Vi<k

(11)
(fjk >0;Vj <Kk.
Indicator vjj is a comparison between i-th case and j-th case which fulfills
L(t; <t,5, =1)
"ot <t,.8,=0)

with & in Equation (11) is the value of violations due to an error in ordering the occurence time-to-
event [21].
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2.6. Feature Selection and Goodness of Survival Model

Feature selection is a technique for identifying features that contain specific relevant predictors in
order to produce a more favorable model. One of these techniques is backward elimination. The
elimination is accomplished by modeling all predictors with Cox PH and SUR-SVM. After that, remove
one of the least significant factors and regress the remaining predictors using both models. Continue the
elimination process until every predictor gets an opportunity to be eliminated. The less contributing
predictor could be determined by having a higher c-index [17]. The collection of predictors with the
highest c-index is then used to re-model the Cox PH and SUR-SVM models. The concordance index,
often known as the c-index, measures the order of the prognostic function and the observed survival
time for both censored and uncensored data. A model with a higher c-index value represents a stronger
survival model [11]. The Akaike Information Criterion (AIC) is another metric used to assess the
goodness of a survival model. Model with lower AIC metric indicates better stability of survival model
[22].

2.7. Data and Variables

This study's data came from Indonesia's Supreme Court webpage, including a database of
separation verdicts from the Palangka Raya Religious Court which could be accessed in
https://putusan3.mahkamahagung.go.id/pengadilan/profil/pengadilan/pa-palangkaraya.html. Spanning
from April 2020 to March 2021, the time frame under observation was 1 year. There were 319 decisions
regarding separation released within observed period. The analysis for regression aim took several
variables into account. The response variables were the time-to-separation (marriage length until
separate) (t) and censored state of the occurence (¢). Summary of variables is shown in Table 1.

Table 1. Variable summary

Variable Explanation Scale
Survival time (t) Marriage length (time-to-separation), in years Ratio
Status (6) State of the occurence Nominal

0: not denounced to separation (censored)
1: denounced to separation

z1 Complainant's age at marriage Ratio

72 Complainant's level of school Ordinal
z3 Complainant's job status Nominal
74 Appellant's age at marriage Ratio

z5 Appellant's level of school Ordinal
26 Appellant's job status Nominal
z7 Number of kids Ratio

z8 Motive of separation Nominal

Refer to Table 1, variable z, and zs comprise identical four categories, those are elementary school,
junior high school, secondary school, and higher school. Variable z3 and zg comprise identical four
categories, including unskilled employees, skilled employees, semi-professionals, and working
professionals. Variable zg consists of five categories, those are leaving duties, disputes, economic
pressure, moral crises, and physical weaknesses.

2.8. Analysis Method

All categorical variables are converted to dummies using the number of categories (n)) — 1 before
being regressed. What is needed to do survival analysis on the separation dataset are explaining
descriptive statistics, analyzing the curve of Kaplan-Meier and log-rank test, testing proportional hazard
assumption, and analyzing survival and hazard curve. Afterwards, the data is being modeled using the
Cox PH and Survival Support Vector Machine. Then, the step is selecting significant predictors from
each survival method using feature selection. To seek for the better model, this work also provide
goodness-of-fit based on c-index and AIC.
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3. Results and Discussion

The number of separation cases filing by the Muslim couple in Palangka Raya Religious Court
during April 2020 — March 2021 was 319 cases. Of all 319 occurrences, 64 were censored and 255 were
uncensored. Marriage length (t) averages 10.26 years, with a median of exactly 9 years. The marriage
lasted the longest 37 years, while the shortest was 0 years. A discrepancy between the mean and median
revealed that the distribution of the marriage length of separated couples is asymmetric. The survival
probability of the marriage is shown in Figure 1.

Survival Probability

00 02 04 06 08

T T T T
0 10 20 30

Marriage Duration in Years
Figure 1. Survival probability of marriage of separated couples

Refer to Figure 1, the marriage length of separated couples indicated to decrease drastically at early
phase of marriage within 0 — 5 years and 5 — 10 years. The survival probability was indicated steady
after 25 years of marriage. It is coherent with the work of [23] noted that couple with longer marriage
life was more likely to maintain their harmonious household life rather than newly-wed couple. The
results of the log-rank test for each predictor are shown in Table 2, computed using Equation (1), where
significant predictor is in bold.

Table 2. Summary of log-rank test

Variable Log-rank Value d.f p-value
z1 19.1 1 0.001
22 14.8 3 0.002
z3 12.0 3 0.007
74 3.2 1 0.070
z5 4.0 3 0.300
26 0.8 3 0.900
z7 65.7 1 0.001
28 34 4 0.500

At a = 5%, Table 2 showed that four significant predictors, e.g. complainant’s age at marriage (z1),
complainant’s education (z2), complainant’s job status (z3), and number of kids (z7). It implied those
four variables have different survival curves between groups (categories). Henceforth, complainant’s
age at marriage and number of kids could cause significant differences to the survival probability of
marriage. It is relevant to the work of [11] which declared that some categories many socio-economic
determinant have were able to differ the survival curve between categories.

There were eight variables to identify whether they all had a substantial impact on how long the
problematic couples survive. The test result for the proportional hazard assumption, which was
determined using Equations (2), (3), and (4), is shown in Table 3. The significant predictor at o = 5% is
in bold.
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Table 3. Summary of proportional hazard assumption test

Variable Correlation (p) Chi-square p-value
z1 0.048 0.507 0.476
22 -0.176 7.471 0.006
z3 0.145 5.496 0.019
74 -0.007 0.014 0.904
25 -0.020 0.103 0.748
26 -0.022 0.136 0.712
z7 0.374 40.273 0.001
z8 -0.003 0.002 0.961

Table 3 displays complainant's education (z2), complainant's job status (z3), and number of kids
(z7), all in bold, with test results that contradict Ho of Equation (4). As a result, the proportional
assumption is not met. It shows a strong association between the Schoenfeld error and the survival time
ranking. In particular, SUR-SVM, a substitute means which dispenses with the proportional hazard
assumption, is required because all of the variables involved are necessary to represent survival time.
Having been calculated by using Equations (5) and (6), Figure 2 displays the cumulative survival
function and the cumulative hazard function.

1.0

Cumulative Marriage Length
Cumulative Hazard

00 02 04 06 0B

| | | | | | | |
0 10 20 30 0 10 20 30

Marriage Length Marriage Length
(a) (b)

Figure 2. Cumulative survival and cumulative hazard of marriage length

Figure 2(a) shows that spouses with O - 10 years of marriage are more likely to be separate than
they with longer marriages. The likelihood that a separated spouse will survive drops off significantly
between the ages of 0 and 10 years, beyond that, it appears to be more stable. Figure 2(b) shows a trend
that rises from left to right, similar to a staircase. That increase suggested that the likelihood of a pair
divorcing increased with the length of the marriage. It is similar to the study of [24] which revealed that
prolonged disputes and negative emotions within household life might contribute to elevated separation
rate. Table 4 shows parameter estimation from the Cox proportional hazard model applied to separated
couples' marital length data. The numbers which come after the dot (.) symbol in a variable, for instance
23.1, z3.2, etc., correspond to the category in a categorical variable.
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Table 4. Cox model parameter estimates

. Coefficient Hazard p- . Coefficient Hazard p-
Variable 1)) Ratio value Variable 1) Ratio value
71 0.001 1.00 093  2>3igher ey 0.95 0.85

school)
- z6.1
22,1 (junior ;59 114 058  (unskilled 0.313 1.37 0.27
high school)
employees)
z2.2 .
(secondary  0.667 195  oo1 2820klled e 1.55 0.12
employees)
school)
22.3 (higher g3 229 oo1 B3emi- 4,0 1.11 0.72
school) professionals)
23.1 (unskilled ;¢ 111 071 77 -0.643 0.52 0.01
employees)
23.2 (skilled ;g6 122 o047 Bileaving 00 0.63 0.66
employees) duties)
3.3 (semi- ) 149 157 011 8.2 (disputes) 0.331 1.39 0.75
professionals)
z8.3
z4 0.025 1.02 0.05 (economy 0.136 1.14 0.89
pressures)
25.1 (junior - 107 1.21 040 BAmoral ) 0.89 0.91
high school) crisis)
z5.2
(secondary 0.023 1.02 0.91
school)
Likelihood ratio test 131.7 df. =19 p-value = <0,01

As shown in Table 4, the likelihood ratio test yields a test statistic of 131.7 and a p-value less than
0.01 in order to assess the importance of the parameters jointly. The choice to reject Ho in cases where
at least one variable significantly affects the separation rate was suggested by the p-value. According
Table 4, the partial test on parameter found that three terms representing two variables were significant
to the separation rate, shown in bold. These variables are the complainant's level of schooling, which
includes secondary school and higher school, as well as the number of kids. The best Cox model based
on Equation (7) is

h(t|Z = z) = h, (t)exp(0.667z,, +0.8302z, , —0.643z2,)

A couple with more kids may have a lower hazard ratio, as indicated by the negative sign (-) for
the number of kids. Table 4's hazard ratio, particularly for the major predictors, can be understood as a
gauge of how these factors affect the rate of separation. For example, the number of kids hazard ratio
(represented by the * symbol) is 0.52. Increasing by one kid would presumably result in a 0.52-fold
decrease in the separation rate. Therefore, it is possible that couples who have more kids may have
longer marriages.

Conversely, the hazard ratio is roughly 2.29 for categorical factors such as the complainant's degree
from a higher school. Such figure implies that complainants who graduated higher school have
separation rate 2.29 times higher than they who graduated elementary school as the reference. Hence, it
can be said that the complainant’s level of school contributed statistically to the separation. The c-index
of the SUR-SVM model was 58.83, and the c-index of the Cox model was 23.22, according to an
algorithm that used the Kernel Radial Basis Function. After feature selection, the c-index of the SUR-
SVM and Cox-PH models is shown in Table 5.
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Table 5. Eliminated variables’ contribution to all models

Eliminated C-index of  C-index of Eliminated C-index of C-index of
Variable Cox PH SUR-SVM Variable Cox PH SUR-SVM
71 23.23 57.56 z5 23.25 58.73
72 24.31 58.63 26 22.62 58.30
z3 22.73 58.65 z7 22.48 56.76
74 23.64 57.66 78 23.48 58.00

As seen in Table 5, the number of children (z7) had the largest decrease in the SUR-SVM c-index.
Table 5 produces a difference of 2.07 between 58.83 and 56.76. It is thought to be the primary factor
affecting the order in which the prognostic index and survival time are related. Besides number of kids,
others contributing to the c-index of SUR-SVM are complainant's age at marriage (z1), appellant's age
at marriage (z4), reason of separation (z8), and appellant's job status (z6). Other predictors were not
considered since they had slight margin, not more than 0.5.

Additionally, Table 5 demonstrates that the number of kids had the most notable decline in the Cox
model c-index. Since there is notable difference between the final c-index and the overall c-index, the
number of kids has the most impact on the length of marriage. Afterwards, the selected features for
SUR-SVM model are complainant's age at marriage (z1), appellant's age at marriage (z4), appellant's
job status (z6), number of kids (z7), and reason of separation (z8), while the selected feature for Cox-PH
model is complainant's job status (z3), appellant's job status (z6), and number of kids (z7). Table 6 shows
an overview of both survival models' performance after applying the selected features.

Table 6. Performance metric of survival model

Predictors Selected Indices Cox-PH SUR-SVM
Al C-index 23.22 58.83
AlC 2361.13 2318.22
C-index 25.41 59.24

Feature selection AIC 2004.35 1899.78

According to Table 6, SUR-SVM's post-feature selection c-index is 0.41 higher than SUR-SVM's
c-index across all predictors, which generated results between 59.24 and 58.83. In other side, the Cox
model's c-index after feature selection is 2.19 times higher than the Cox model's c-index across all
predictors. As evidenced by the greater c-index and lower AIC of SUR-SVM, it suggests that SUR-
SVM is superior than the Cox model. Thus, 59.24% time-to-separation and a suitable prognostic
sequence could be obtained using the enhanced SUR-SVM model. It suggested that SUR-SVM correctly
classified 59.24% of separation situations as occurring in the correct order.

4. Conclusion

SUR-SVM underperforms semi-parametric Cox proportional hazard model in terms of quantifying
the relationship between the predictors and survival duration of dissolved Muslim couples. The result
demonstrated that the feature selection applied in both models was effective in optimizing the survival
model by eliminating less contributed predictors. Various socio-economic factors substantially
influenced the duration of marriage among separated Muslim couples in Palangka Raya, including the
number of kids, the appellant's employment, and the reason for separation. Future studies could compare
the length of marriages befor COVID-19 and its aftermath by applying machine learning techniques.
The challenge is lied on the exploring best machine learning method along with best feature selection
technique.
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