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Abstract

This study aims to predict divorce risk using machine learning. Questionnaires were employed to
identify key factors influencing divorce decisions, categorized into health history, childhood history,
marriage history, child information, and child well-being. Three algorithms were tested: Random Forest
(RF), Gaussian Naive Bayes (GNB), and Support Vector Machine (SVM). As a result, RF was selected to
predict divorce likelihood due to its superior Gini Importance value. The analysis revealed that divorces
often occur within the first five years of encountering conflicts. Financial problems and infidelity
consistently emerged as the leading causes. Additionally, it was found that individuals not legally
registered for marriage tended to endure difficulties for a longer period, with divorce reasons being
primarily minor issues.

Addressing these issues early can reduce divorce risk, strengthen relationships, enhance family
stability, and contribute to societal well-being, and can also be applied to other social challenges.

Introduction marry, underscoring broader regional changes in societal norms

. . . . and relationship structures.
Since the 1970s, the divorce rate has been increasing globally

[1], and divorce has become a common and socially acceptable
form of terminating a nuptial relationship. However, the con-
sequences of divorce are impactful, especially for children of
divorced parents who are inevitably affected adversely [2]. The
children might be faced with the decision of residing with either
one of their parents or a relative, and this circumstance can re-
sult in psychological implications and increase the likelihood of
developing mental health conditions, such as mood and behav-
ioral disorders [3,4]. Across Asia, divorce rates have been on the
rise, reflecting shifts in traditional gender roles, where women
have historically been more dependent on men [5], Thailand
mirrors this trend, with its divorce rate steadily increasing since
2004 [6]. This pattern persists even as fewer people choose to

Machine learning was selected for its ability to address com-
plex social issues, such as criminal relationships [7], by uncover-
ing hidden patterns. It is used to better understand marriage
dynamics, uncover key reasons for divorce, and suggest practi-
cal solutions. Studies, those by Gottman et al. [8], have utilized
machine learning in divorce prediction, particularly through
frameworks like the Gottman couples’ therapy model. Their
longitudinal research, The Timing of Divorce [9], identifies that
most divorces occur within the first seven years of marriage.

However, this study extends its approach by focusing specifi-
cally on the first five years after marital problems arise, a critical
decision-making period. While Gottman’s work offers valuable
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predictions on outcomes, this research further enriches under-
standing by identifying the underlying causes of divorce, provid-
ing deeper insights for targeted interventions.

In summary, this research aims to address gaps in previous
studies by using machine learning to predict not only the out-
comes of divorce but also the critical decision-making period
within the first five years when confronted with a conflict. This
period is identified as being the most vulnerable for couples,
where key risk factors—such as infidelity, and financial insta-
bility—play a decisive role in separation. By combining a focus
on predictive modeling, this study seeks to provide a compre-
hensive tool for understanding and potentially mitigating the
causes of divorce, which could be extended to address other
social problems in the future.

Results
Designing and data collection

The problem of divorce in Thai Families has been increas-
ing since 2004 [6]. The consequences of divorce impact children
with psychological implications and mental health conditions,
such as mood and behavioral disorders. This report focuses on
individuals with divorce status who are of Thai nationality and
have at least one child in the marriage. The children are aged
three to eighteen years old providing a specific target popula-
tion for the analysis which enhances the study’s validity. The
population of mixed-status can be broken down into groups of
20 married participants, 17 divorced, 7 separated, 3 widowed,
and 5 single for a total of 52 people.

Interestingly, among the married participants, females were
the majority, accounting for 79% (41 participants), while males
comprised the remaining 21% (11 participants). This is deter-
mined to be factual as it is the actual status of the participants
instead of having a married status equaling “married” and all
other statuses equaling “divorced”. Additionally, all participants
were eighteen or over and had at least one child aged three
to eighteen. According to the machine learning process, the
experimental dataset must be transformed from text (answers
from the questionnaire) to numbers 0, 1, 2, 3, 4, and 5 by their
choices. These numbers do not represent scores but are simply
a way to transform the text responses into a numerical format
for machine learning purposes. The attribute “Divorce” is a class
for labeling the data.

Representing divorce or marriage by substituting those
whose status is married=0, divorced 72=1. This transformation
was performed to prepare the data for machine learning analy-
sis. The final dataset, after all substitutions, is shown in Supple-
mentary (Table S1).

The modeling development

This study recognizes the importance of hyperparameter
optimization in achieving the best performance and making an
accurate comparison of their relative performance. The results
are summarized in (Table 1).

In the competition to predict divorce likelihood, Random For-
est (RF), Gaussian Naive Bayes (GNB), and Support Vector Ma-
chine (SVM) emerged as the top contenders. Both RF and SVM
achieved an accuracy of 93.75%, outperforming other models
in minimizing errors, while GNB lagged at 81.25%. GNB was ul-

timately eliminated due to lower performance in accuracy, F1-
Score, and precision, along with the highest Root Mean Squared
Error (RMSE) at 43.30%. In addition, RF and SVM demonstrated a
more balanced F1-Score (0.94), indicating better equilibrium be-
tween correctly identifying divorced individuals (high recall) and
minimizing false positives (lower specificity) compared to GNB.
However, all models exhibited a bias towards the divorced class.

Evaluation

To evaluate the models’ performance, SVM achieved the
same accuracy as RF but showed a lower cross-validation score,
with RF scoring 80% and SVM scoring 75.28%, as shown in
(Table 1).

Accordingly, the Random Forest algorithm was chosen to
determine the likelihood of divorce due to its additional ad-
vantages. One notable feature of Random Forest is its ability
to compute feature importance using the Gini Importance [10]
metric. This is calculated from the feature_importances_ attri-
bute of the sklearn ensemble. Random Forest Classifier, were
the sum of all feature importance values equals 1.00. For the
impurity-based Feature Importance, the higher the value the
more importance the feature signifies. It can be seen that fea-
ture Q29-A01 has a Gini Importance value of 0.21, representing
the highest value of 20.93 % out of all features as shown in (Ta-
ble 2). Therefore, feature Q29-A01 is taken into consideration
for further study of divorce data.

Additionally, The Gini algorithm is used in the calculations to
select what qualifies as the classification criteria. If the Gini val-
ue is very high, this indicates that the data is mixed. If the value
is zero then the data is considered all in the same group (usually
found in leaf nodes). (Figure 1) shows the trend of those who
are divorced when answering question 29, The duration of the
problem before deciding to separate your partner with the op-
tion of the within 5 years shown as feature Q29-A01.

Deployment

For example, the tree structure of the Random Forest
algorithm has 9 nodes and has the following tree structure
(Figure 1). The tree structure of the Random Forest algorithm
represents the example 5-rule based as follows:

If the duration of the problem before deciding to separate is
<=5 years (node #0), then the couple divorces (node #8).

If the duration of the problem before deciding to separate
your couple is >5 years (node #0) and the primary cause of your
arguments is related to children (node #1), then the couple re-
mains married (node #7).

If the duration of the problem before deciding to separate
your couple is >5 years (node #0), the primary cause of your
arguments wasn’t related to children (node #1), and the fre-
quency arguments about nothing (node #2), then the couple
divorces (node #6).

If the duration of the problem before deciding to separate
your couple is >5 years (node #0), the primary cause of your
arguments wasn’t related to children (node #1), the frequency
arguments about something else (node #2), and get divorced
because a spouse cheating (node #3), then the couple divorces
(node #5).
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If the duration of the problem before deciding to separate
your couple is >5 years (node #0), the primary cause of your
arguments wasn’t related to children (node #1), the frequency
arguments about something else (node #2), and didn’t get di-
vorced because a spouse cheating (node #3), then the couple
remains married (node #4).

(Table 3) shows the questionnaire is related to various as-
pects of personal relationships and experiences and is indica-
tive of predicting or understanding divorce-related analysis and
outcomes. Out of sixty questions in the online questionnaire,
only twelve questions with forty-two features were related to
the likelihood of divorce, with a brief interpretation of each
question as follows:

Group A: The question group with the most significant im-
pact on the decision to divorce focuses on the period when cou-
ples first began encountering issues in their relationship, which
eventually led to divorce (Question 29). This question focuses
on the time it took for individuals, to indicate the level of toler-
ance and efforts for conflict resolution. The reasons for divorce
play a crucial role in influencing this decision-making process
(Question 30). This question explores the reasons for the deci-
sion to separate, shedding light on the key factors leading to
divorce or separation.

Group B: The question group related to the duration of mar-
ried life before divorce. This question seeks to understand the
duration of individuals’ current relationships, providing insights
into the stability and longevity of their partnerships (Question
26). Additionally, the frequent issues that couples argue and
what recurring topics of conflict contributed to their decision
(Question 28). This question delves into the reasons behind ar-
guments, highlighting potential stressors or issues.

Group C: The question group related to the reasons for
choosing a partner (Question 22). This question explores the
motivations and criteria for choosing a life partner, providing
insights into the factors of their marital decisions. The age at
which the first child was born (Question 32), and the age when
began to live with their couples (even if not officially married,
but cohabiting in the same household) focuses on understand-
ing the factors influencing relationship formation and the tim-
ing of significant life milestones before or during cohabitation
(Question 24).

Group D: Other questions, such as those about divorce stud-
ies and family dynamics, can be important considerations. The
number of previous partners (Question 25), the age of first sexu-
al intercourse (Question 12). This question seeks to understand
the age at which individuals had their first sexual experience,
which can be relevant in the context of relationships and sexual
history. The frequency of arguments with a partner (Question
27), reflects on communication and relationship quality. The
partner’s marital history (Question 17), can potentially influ-
ence their attitudes toward relationships based on their family
background. The number of children (Question 31), focuses on
aspects of the relationship and personal history that may play a
smaller role in the decision to divorce.

(Figure 2a-e) shows the relationship between the duration
of conflicts to divorce and other questions in several dimen-
sions, such as the duration of marriage, the reason for divorce,
and the reason for frequent arguments. Among the people who
divorced when they had a conflict within 5 years, 44% of mar-
riages ended within the first 5 years, 28% lasted 5-10 years, and
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24% extended beyond 10 years (Figure 2a)). Notably, 60% of
individuals without a marriage certificate reported marriage
durations exceeding 10 years, compared to only 4% of unregis-
tered marriages within the 5-year range (Figure 2b).

Divorce reasons varied significantly depending on the dura-
tion of the marriage. Within the first 5 years, primary causes,
including infidelity and financial issues, accounted for 46% of
divorces, while secondary causes such as family interference
and mental abuse contributed 38%. Minor causes, including
substance abuse and incompatibility, were reported in 16% of
cases (Figure 2c). In contrast, for marriages lasting 5-10 years,
primary causes dominated at 60%, with secondary and minor
causes contributing 20% (Figure 2d).

There is also interesting information in (Figure 2e), it pres-
ents the conflict of marriages ending in divorce across different
categories. For a group conflicted to divorce within 5 years, the
primary reasons for divorce were infidelity (25%) and financial
issues (21%), followed by extended family problems (12%) and
mental abuse (12%). Conflicts most often arose from infidelity
(25%) and financial issues (18%) with secondary causes includ-
ing work-related stress (11%), children (9%), and extended fam-
ily disputes (4%). In the 5 to 10-year group, all individuals had
been married for 5 to 10 years, possibly due to the small sample
size. However, infidelity was the leading cause of divorce (40%),
followed by financial issues (20%) and mental abuse (20%).
Therefore, in this group, conflicts seemed to stem from minor
issues. Among those without a legal marriage certificate, there
is no clear reason for divorce in this group. This aligns with the
frequent conflict, minor issues account for 29%, the same per-
centage as those who reported never arguing. Other causes,
such as financial issues, work-related problems, and alcohol-
related issues, each accounted for 14%.

Node #0
Q29-A01 Did it take less than
five years from the start of
the conflict to the divorce?

> 5 years <=5 years

Node #1
Q28-A05 Were the reasons
for your arguments
related to your child?

[DIVORCED)]

L]

NO v YES
Node #2
Q28-A01 Were your M:?QI;D]
arguments about nothing?
i / YES
-
Node #3
Q30-A03 Did you get Node #6
divorced because your [DIVORCED]
spouse cheated on you?
YES
Node #4 Node #5
[MARRIED] [DIVORCED]

Figure 1: Tree structure of random forest algorithm. One example
of the Random Forest algorithm tree structure with question
number 29 being the root node. Demonstrates the importance of
the duration of a couple of problems, with results showing that
duration within 5 years is a significant factor. This figure is covered
by the Creative Commons Attribution 4.0 International License.
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Duration from Conflictto Divorece
Marriage Duration C Divorce Reasons ® Within 5 years 5-10 years No Marriage Certificate
(Within 5 years) (Within 5 years) N Contribution N Contribution N Contribution
Marriage Duration
No Marriage Certficate -_— Wiltia 6 Yo 1 44% 0 0% 1 20%
5 -10 years 7 28% 2 100% 0 0%
Reasan More than 10 years 5 24% 0 0% 3 50%
TR 16% No Mariage Certficate 1 4% 0 0% 1 20%
i0yea _Total People 25 100% 2 100% 5 100%
24% Within 5 Divorce Reasons
years Main Msin Resson
44% Secondary | Reason Infidelity of a spouse 14 25% 2 40% 0 0%
Eason 46% Finance issues 12 21% 1 20% 0 0%
38% Secondary Reason
Extended Family 7 12% 0 0% 0 0%
Mentally Abused 7 12% 0 0% 0 0%
No longer love 5 1% 0 0% [ 0%
Physically Abused 2 4% 0 0% 0 0%
Minor Reason
DrugsiAlcohol/Cigarettes 5 1% 1 20% 0 0%
Sexual do not match 1 2% 0 0% 0 0%
mbiin 1 1 20! %
b Marriage Duration d Divorce Reasons ﬁ:, :‘,E;;ea 1 2: 0 cc: 2 ‘ﬁw,
(No Certificate) (5-10 years) Towl Ressons 57 100% 3 T00% 5 100%
Frequent Causes of Conflict
Main Causes
No Marriage Within 5 MinocRessan Infidelity of a spouse 14 25% 0 0% 0 0%
Certificate years 20% Minor issues 10 18% 2 100% 2 20%
20% Finance issues 8 14% 0 0% 1 14%
Secondary Causes
Work-related matters 5 1% 0 0% 1 14%
Main Child-related matters 5 0% 0 0% 0 0%
Secondary Resson Extended Family 2 4% 0 0% 0%
Reason 80% Other Causes
20% Alcohol 4 7% 0 0% 1 14%
Drugs 3 5% 0 0% 0 0%
Smoking 2 4% 0 0% 0 0%
Never argued 3 5% 0 0% 2 20%
Total Causes 57 100% 2 1003 T 100%

Figure 2: Relationship between marriage duration, divorce reasons, and causes of conflict. (A) Duration of marriage for individuals who
divorced within 5 years: 44% ended within 5 years, 28% lasted 5-10 years, and 24% lasted over 10 years. (B) Duration of marriage for
individuals who divorced without a marriage certificate, 60% lasted over 10 years. (C) Divorce reasons for individuals who divorced within 5
years: primary causes were infidelity and financial issues (46%), followed by family interference and mental abuse (38%), and minor causes
(16%). (D) Divorce reasons for individuals who divorced within 5-10 years, infidelity and financial issues accounted for 60%, with secondary
and minor causes at 20%. (E) Reasons for divorce, conflicts, and marriage duration based on the time from conflict to divorce: Individuals
who divorced within five years also reported conflicts occurring within the same period, while other groups tended to endure problems for
a longer duration. The primary reasons for divorce were infidelity and financial issues, which align with common causes of marital conflict.
Interestingly, the group who did not register their marriage experienced divorce due to only a few reasons. This figure is covered by the

Creative Commons Attribution 4.0 International License.

a b e
® o Total N Contribution
® Family Background 52 100%
Age of participants (years)
26-30 9 17%
31-35 5 10%
‘ 36-40 10 19%
41-45 1 21%
46-50 12 23%
More than 50 5 10%
[ Questionnaire ] -
Marital status
Married 20 38%
Divorce 17 33%
‘ Separated 7 13%
Single 5 10%
Widowed 3 6%
Occupation
| | | | [ Data Selection J Temporary Employee 12 23%
Freelance Career 1 21%
Not Working 8 15%
Private Company Employees 7 13%
‘ Farmer 74 13%
Government Officer 4 8%
State Enterprise Employees 2 4%
Business Owner 1 2%
[ Modeling ] Safary (TFIE]
Less than 15,000 40 7%
15,000 - 30,000 1 21%
‘ More than 100,001 1 2%
Highest education
Q Less Than Secondary School 13 25%
Bachelor's Degree 1" 21%
o [ Evaluation ] Junior High School or Equivalent 2 2%
High School or Equivalent 6 12%
Domicile
Other province (far from civilization) 41 79%
‘ Other province (the urban area) 8 15%
Bangkok and Perimeter City 3 6%
- Current of residence
First 5 year of the Other province (far from civilization) 26 50%
dcration of vl Deployment Bangkok and Perimeter City 17 33%
Other province (the urban area) 9 17%

Figure 3: The research workflow. The diagram shows the work process of the research. Starting from collecting data with questionnaires, and
entering into machine learning to improve quality and evaluate the results. (A) Population ratio from the personal information. This table
shows the characteristics of the participants, including age. Marital status, occupation, income, education, and hometown. (B) This figure is

covered by the Creative Commons Attribution 4.0 International License.
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Input Data: n =52

Split Data using
Random Stage

}

Training Data: 70% Testing Data: 30%
n= n=16

i

Adjust Data with
SMOTE to Reduce
Overfitting

H

Parameter Tuning
With GridSearchCV

f

Run with
Algorithms
| —
v v v
Gaussian Support
R;;(;grtn Naive Vector
Bayes Machine

I T J

Test Models with
Testing Data to
Evaluate Accuracy

Select Random
Forest as the Best
Model

Figure 4: Data transformation and modeling process. The figure
shows how machine learning works, with a comparison of the
accuracy of three algorithms. Random Forest, Support Vector
Machine, and Gaussian Naive Bayes. This figure is covered by the
Creative Commons Attribution 4.0 International License.
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Table 2: Gini importance of random forest Algorithm. This
table shows which question group had the highest proportion of
divorces. Question 29 had the highest proportion at 0.22,
followed by Question 30 at 0.21. This table is covered by the
creative commons attribution 4.0 International License.

Table 1: Results from All 3 types of Algorithms. This table
presents the performance metrics of three different machine
learning algorithms: Random Forest, Gaussian Naive Bayes, and
Support Vector Machine (SVM). This table is covered by the
Creative Commons Attribution 4.0 International License.

Questions Gini Importance Percentage
29 0.22 100%
- A01 0.21 97%
- A02 0.01 3%
- A03 0 0%
30 0.21 100%
- A03 0.09 44%
- A02 0.06 27%
- A06 0.02 10%
- A10 0.02 8%
- A01 0.01 4%
- A07 0.01 3%
- A04, AO5, A08, AD9 0 3%
26 0.15 100%
- A03 0.09 60%
- A01 0.04 27%
- A02 0.02 13%
28 0.12 100%
- A07 0.03 27%
- A03 0.02 20%
- A02 0.02 13%
- Al12 0.01 11%
- A01 0.01 10%
- A05 0.01 7%
- A09 0.01 6%
- A10 0 4%
- A06, Al11, A08, A13, AO4 0 3%
22 0.07 100%
- A4 0.02 25%
- A2 0.02 23%
- A3 0.01 18%
- A5 0.01 17%
- Al 0.01 16%
A group of low importance: 12, 17, 24, 25, 0.25 100%
27,31, 32.

Table 3: Grouping questions and their relationship to gini
importance. This table is covered by the creative commons
attribution 4.0 International License.

Group Questions details Gini percentage

Focuses on the onset of relationship issues and
A . 41.63
reasons for divorce.

B Examines marriage duration and recurring 26.51
conflicts before divorce. '

Explores partner selection, first sexual experience, and 16.87

cohabitation age.

. Support
Metric Random G"aussmn Vector
Forest Naive Bayes Machine
Accuracy 93.75% 81.25% 93.75%
Root mean squared error (RMSE) |  25.00% 43.30% 25.00%
Precision (weighted average) 0.94 0.81 0.94
Married (Class 0) 1 0.8 1
Divorced (Class 1) 0.91 0.82 0.91
Recall (weighted average) 0.94 0.81 0.94
Married (Class 0) 0.83 0.67 0.83
Divorced (Class 1) 1 0.9 1
F1-Score (weighted average) 0.94 0.81 0.94
Married (Class 0) 0.91 0.73 0.91
Divorced (Class 1) 0.95 0.86 0.95
Cross-Validation 80.00% 75.28% 75.28%

Covers less impactful factors like arguments, marital 13.99

history, children, and previous partners.
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Discussion

The Gaussian Naive Bayes algorithm was excluded due to
lower accuracy and higher RMSE, while Random Forest outper-
formed Support Vector Machine (SVM) in cross-validation. De-
spite this, SVM demonstrated strong class-separation capabili-
ties, making it valuable for future predictive tasks. The results
reveal that the duration of marital problems plays a critical role.
Our findings suggest that the first five years after encountering
marital issues appear to be a crucial decision-making window.
Couples who persevere through these challenges or find solu-
tions during this period, demonstrating patience, might have a
higher chance of staying together. Conversely, those contem-
plating divorce within this timeframe may be at a higher risk
of separation. For those experiencing problems within five to
ten years, the finances and infidelity of a spouse are important
compared to other periods. For individuals who have never reg-
istered their marriage, divorces may stem from minor issues
that can easily lead to separation, as they are not legally bound
to each other.

The results clearly show that the timeframe is the most sig-
nificant factor in the decision to divorce, and whether or not
to divorce depends on the problems faced. Although the first
five years were the most important period, not every couple di-
vorced within this time frame; some experienced divorce later,
depending on other factors. Thus, Infidelity and financial issues
are identified as the primary reasons that tend to have a greater
emotional impact than others, making it easier for people to
react strongly when considering divorce.

Consequently, the Random Forest model’s strong perfor-
mance in this study showcases the potential of machine learn-
ing to analyze relationship dynamics and identify hidden pat-
terns. However, it’s important to emphasize that these models
are tools to aid understanding, not replacements for human
expertise in navigating complex social issues. Lastly, the impor-
tance of addressing ethical concerns in Al research, such as data
privacy, potential biases, and algorithmic transparency [7]. Fu-
ture studies should address these concerns to ensure that pre-
dictive models are implemented responsibly, safeguarding in-
dividual rights while contributing to meaningful social insights.

Methods

In terms of data analysis, the Cross-Industry Standard Pro-
cess for Data Mining (CRISP-DM) is a widely used methodology
for data analyses that consists of six main phases: Business Un-
derstanding, Data Understanding, Data Preparation, Modeling,
Evaluation, and Deployment [11]. A summary of the working
process is shown in (Figure 3a) as follows:

Business understanding

The traditional Thai belief in monogamy regards marriage
as a lifelong commitment that has been challenged by various
factors influenced by global culture. Consequently, the trend of
divorce has been increasing in Thailand, challenging the Bud-
dhist way of valuing the sanctity of marriage as a vital aspect of
Thai society.

Data understanding

The research was conducted using questionnaires that col-
lect environmental data to determine the most significant fac-
tor to influence the decision to divorce. The questions are di-
vided into categories such as personal information, including
income and educational background, health history, childhood
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history, marital history, children’s well-being, and the residen-
tial environment.

All questionnaires used in this study have been validated by
the author’s university to ensure compliance with internation-
ally recognized human research ethical guidelines, including the
Declaration of Helsinki Belmont Report, CIOMS Guidelines, and
the International Conference on Harmonization in Good Clinical
Practice This validation ensures that the study adheres to ethi-
cal standards for human research, safeguarding the rights and
well-being of participants while maintaining the integrity of the
research process. By following these established guidelines, the
study upholds the highest standards of ethical conduct in hu-
man research (No. UTCCEC/Expedited007/2565).

The primary source for this study is an online questionnaire.
Krejcie and Morgan Tables [12] is used for sample size calcula-
tion which considers the proportion of traits of interest in the
population, the desired level of tolerance, and the confidence
level. The sample size of 60 surveys is relatively small, but it is
adequate to conduct initial analysis and explore the relation-
ship between predictor variables and divorce outcomes. The
sample size of 52 out of a population of 60 indicates a high re-
sponse rate, which is a positive aspect of the study. (Shown in
part of Figure 3b).

Data preparation

Data Preparation is the process of rationalizing and trans-
forming raw data into a form that is suitable for use in machine
learning. This is a crucial step as the quality and characteristics
of the data can greatly impact the accuracy and usefulness of
the results, with sub-processes as follows:

Feature selection

Feature selection to predict the likelihood of divorce is set
up based on several categories. Some questions that were not
related to the participants’ marital life were excluded, such as
personal history, health history, children’s information, etc. Un-
til only a set of 12 questions remained that matched the predic-
tion of divorce outcome as shown in the Supplementary Infor-
mation.

Data cleaning

It was necessary to directly ask the participants to confirm
relevant personal information such as marital status as well as
any complex cultural aspect to ensure the accuracy of the data.
By carefully cleaning and verifying the data, researchers can im-
prove the quality and reliability of the results and enhance the
validity of the study. The use of ordinal scale and nominal poly-
tomous scale questions allows for more nuanced responses and
provides more insightful data for analysis.

Data transformation

All questions and answers are converted to numeric code to
enable machine learning algorithms to understand and analyze
the format. For example, question 12 which asks, “How old were
you when you had your first sexual intercourse?” is converted
to Q12. The question has the following available responses:
Never had sex, under 20 years old, 20-25 years old, 26-30 years
old, and 31 years old and over, and these are converted to 1, 2,
3, 4, 5 accordingly. Furthermore, some data points that might
bias the model’s classification were modified or removed. For
example, answers stating Never divorced were excluded from
the features. Furthermore, certain data items were combined

www.joaiar.org



to facilitate processing. For instance, responses indicating less
than 1 year and between 1-5 years for questions 26 and 29 were
grouped.

Transforming questions with multiple answers into attri-
butes is a technique in machine learning. This process is called
one-hot encoding and involves creating a new binary attribute.
For example, question 22 asks “What were the reasons for de-
ciding to choose a spouse?” and the answers are Appearance,
Love, Financial, Character, and Family approval. These will be
transformed into attributes Q22-A1, Q22-A2, Q22-A3, Q22-A4,
and Q22-A5. For any positive selection by the participants, the
value will be substituted for 1 as an input and O for all others
when not selected.

As a result, all 42 features have a string of values that is ready
for analysis. Each row represents one participant response rep-
resenting a married couple. The columns represent questions
in order of attributes Q12, Q17, Q22-A1, Q22-A2, Q22-A3,
Q22-A4, Q22-A5, Q24, Q25, Q26-A01, Q26-A02, Q26-A03, Q27,
Q28-A01, Q28-A02, Q28-A03, Q28-A04, Q28-A05, Q28-A06,
Q28-A07, Q28-A08, Q28-A09, Q28-A10, Q28-A11, Q28-A12,
Q28-A13, Q29-A01, Q29-A02, Q29-A03, Q30-A01, Q30-A02,
Q30-A03, Q30-A04, Q30-A05, Q30-A06, Q30-A07, Q30-A08,
Q30-A09, Q30-A10, Q31, Q32, and Divorce.

Modeling

Three machine learning algorithms, namely Random Forest,
Gaussian Naive Bayes, and Support Vector Machine were uti-
lized to analyze the collected data. In the first algorithm, Ran-
dom Forest [18] each tree is trained on a bootstrapped sample
of the training data and a random subset of the features. The
trees are then combined through a majority vote or by averag-
ing their predictions. The process uses the Python scikit-learn
library sklearn. ensemble. Random Forest Classifier [16], which
subsequently utilizes the CART (Classification and Regression
Trees) algorithm very similar to C4.5, but it differs in that it sup-
ports numerical target variables (regression) and does not com-
pute rule sets. CART constructs binary trees using the feature
and threshold that yield the largest information gain at each
node [17].

Furthermore, the second algorithm, Gaussian Naive Bayes
classifier [22] uses the Python scikit-learn library sklearn .na-
ive_bayes. Gaussian NB [18]. The last algorithm is Support Vec-
tor Machines (SVMs) [24]. This research uses the Python scikit-
learn library sklearn. svm. SVC [19] by calling to set the kernel
type using the linear (x, x') method.

This study employed GridSearchCV [20] for hyperparameter
optimization, using accuracy as the key metric for model selec-
tion via 5-fold cross-validation. Different machine learning mod-
els were investigated:

The Random Forest model focused on the number of deci-
sion trees (1,000, 2,000, or 3,000), the maximum depth of each
tree (4, 8, or 16 levels), the minimum number of data points
required to split a node (2, 5, or 10), and the minimum number
of data points allowed in a final decision (leaf) of the tree (1, 2,
or 4). The Gini impurity and entropy criteria were evaluated for
the splitting function. Finally, it achieved the highest accuracy of
80% when using the entropy criterion for splitting data. This co-
incided with specific parameter settings: a maximum tree depth
of 4, a minimum of 0 data points for splitting nodes, a minimum
of 1 data point in leaves, and utilizing 2,000 decision trees.
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Hyperparameter tuning for the Gaussian Naive Bayes model
was achieved through which the var_smoothing parameter was
evaluated across values ranging from 1 (e”0) to 1e-7 or 1 (e”0)
to 1e-8 or 1 (e”0) to 1e-9. The Gaussian Naive Bayes model ex-
celled with a superior accuracy of 75.28%, obtained through a
variance smoothing parameter of 1 (e”0) to 1e-9.

The last one, the Support Vector Machine (SVM) classifier
investigation encompassed various kernel functions (linear, ra-
dial basis function (RBF), polynomial, sigmoid), the regulariza-
tion parameter (C) as (0.01, 0.1, 1, 10, or 100), gamma as (auto,
0.1, 1, or 10), and the inclusion of probability estimates (True or
False). The tuning showed that the classifier delivered the best
accuracy of 75.28%. The optimal configuration likely included
a linear kernel with a regularization parameter (C) of 1, using
gamma at 0.1, and probability estimates enabled and used RBF
kernels to employ in SVM applications.

Following hyperparameter optimization via GridSearchCV,
the three machine learning models were trained on the prepro-
cessed data to predict the likelihood of divorce.

Evaluation

To evaluate the performance of the models, this study con-
siders the following metrics: Cross-validation score, Accuracy,
Root Mean Squared Error (RMSE), Precision, Recall, and F1-
Score. These metrics provide a comprehensive evaluation of
model performance.

Deployment

Deployment is the final stage in the machine learning pro-
cess where a trained model is integrated into a real-world ap-
plication.
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