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Marital satisfaction is crucial for individual well-being and family stability.
Prior research has predominantly focused on Western contexts using
traditional statistical models, limiting the generalizability of findings across
cultures. This study addresses a significant gap by employing machine
learning algorithms Naive Bayes, support vector machine (SVM), random
forest (RF), and extreme gradient boosting (XGBoost) on a diverse dataset
comprising responses from 7,178 participants across 33 countries. Our
methodology includes a robust data preprocessing pipeline, feature selection,
and algorithm evaluation, emphasizing their practical application in
relationship interventions. Using predictors derived from Maslow's generic
needs, including love, respect, and pride in one's spouse, we demonstrate
that these factors are significant cross-cultural predictors of marital
satisfaction. Our results show that pride in spouse, love, and respect for
spouse are the most significant predictors of marital satisfaction across

cultures. This demonstrates the effectiveness of machine learning in
capturing complex relationships, offering more accurate predictions than
traditional methods. These findings suggest that fostering love, respect, and
sacrifice in early relationships can significantly enhance marital satisfaction
across diverse cultural contexts.
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1. INTRODUCTION

Marriage takes many forms in different societies, but most societies have identifiable patterns and
functions of marriage. It is a public commitment that legitimizes the sexual union of a husband and wife and
is essential for both public and private functions. Matrimony exists because couples have to make a public
commitment as a social contract to take on the responsibilities of the entire family, including raising children.
Marriage, the desires of partners and the expectations of society, is the foundation upon which a family is
formed. Family is responsible for raising dependent children into independent mature adults, which is crucial
to the functioning and sustainable development of a society. From a macro perspective, it is the most
important basic institution for the sustainable development of mankind.

Marital satisfaction plays a crucial role in determining the happiness and well-being of individuals
and families. A satisfying marriage contributes not only to the psychological and physical health of spouses
but also serves as a key factor in the stability of families and societies. Healthy marriages form the
foundation of stable families, which are central to sustainable development and the well-being of future
generations.
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At the micro level, marriage is the most important institution that influences the maturity of an
individual's personality. In addition, marriage helps to meet the generic needs of individuals and improve
their happiness and life satisfaction. From the perspective of physiological needs, marriage provides support
in terms of physical health [1] and mental health [2]. It provides a certain form of emational security [3] in
the form of spousal exclusivity, making the process of changing spouses more difficult and expensive,
insurance, and achieves better financial conditions through the pooling of resources and joint family
investment by couples [4]. From the perspective of love needs [5], marriage enables intimate unity into
oneness through sexual and emotional intimacy, and marriage can also meet a person's esteem needs [6] for
belonging, appreciation, and affirmation of their partner. Marriage enables a person to realize the need for
self-actualization, that is, to be proud of their partner's achievements after making sacrifices for the
partner [7].

Marital satisfaction, a measurement for evaluating a couple's relationship, is not only of great
importance for couple's relationship self-evaluation and intervention, but also could be a comprehensive
indicator to measure the health and sustainable development of society. Healthy families enable societies and
nations to achieve SDGs 4 [8], 5 [9], 8 [10], 11 [11], 12 [12], 17 [13], 1 [4], 2 [4], 3 [1], [2], 10 [4], and 16
[9]. A happy marriage not only allows couples to meet the needs of their spouse and prevent loneliness, it is
also highly resistant to divorce.

Marriage and family life are essential preconditions for all other social, economic, and national
goods. Unfortunately, issues such as family fragmentation, divorce, and cohabitation [14], [15] have seen
sustained growth in both Western [16] and Eastern [17] societies, including Malaysia. This highlights the
need to find universal solutions applicable across different cultural contexts. Divorce trends have changed
from unreasonable behaviors (e.g., addiction, abuse, and violence) [18] or women appearing to suffer
injustices to no-fault divorces (e.g., psychological and relational problems) [13]. Collectively, high divorce
rate poses a serious risk for the sustainable development of society.

Divorce and family breakdown, which contribute to poverty and social class inequalities, remain
widespread in Malaysia and show no signs of improving. Infidelity and incompatibility have replaced
unreasonable behaviors in the divorce trend. The negative economic and social consequences of divorce on
women and especially children have been well-documented. Many of the social problems are a result of the
youth grow up without the benefits of two caring parents [9]. Family breakdown costs U.S. citizens at least
$112 billion a year, or more than $1 trillion each decade. These costs come from expanded taxpayer spending
for antipoverty, education programs, and criminal justice, as well as from reduced taxes paid by individuals
who are more likely to grow up in poverty as adults, resulting in fewer opportunities and lower incomes.

There were many studies that tried to explore the causes of divorce and propose various solutions.
Findings were inconsistent and varying satisfactory result [19], [20] from these solutions has been shown.
For all that, divorce is continuing to deteriorate, especially with the burgeoning of 'divorce industry' [21].
Early diagnosis improves cancer outcomes, but it is difficult to cure cancer in the advanced stage. Likewise, a
marriage can be difficult to save when both partners have lost hope in the other and are on the verge of
divorce, but there is hope if it is detected early on. Therefore, rather than just understanding the reasons why
divorcees divorce, this study aims to examine what are the factors that can predict or explain marital
satisfaction for improving relationship quality to make a successful marriage.

While the importance of marital satisfaction is well-established in personal well-being and societal
stability, it is crucial to understand how these factors manifest across different cultural contexts, which is
often underexplored in current research. Most studies on marital satisfaction have been conducted in Western
countries, focusing on cultural norms specific to these regions. These studies primarily use traditional
statistical methods, which may not capture the complex dynamics of marital relationships across diverse
cultures. For example, many Western studies, focus primarily on predictors like communication patterns and
sexual satisfaction [22], which may not fully capture marital dynamics in non-Western societies. The findings
of these studies may not apply to non-Western contexts, creating a need for research that identifies universal
predictors of marital satisfaction that are relevant in diverse cultural settings.

Understanding variables that are applicable cross-culturally for marital satisfaction is arduous as
research on marital satisfaction and its related factors has been conducted mostly in Western countries [23].
Many proposed solutions are trying to solve the phenomenal symptoms or issues pertaining to a certain
culture that are not applicable across diverse cultures or regions [24]. While many Western dataset predictors
are applicable to other cultures, some predictors (e.g. "had anal sex") for predicting infidelity [25] and for
predicting sexual desire [26] are taboo in many traditional cultures and religions, including Malaysia. As
such, datasets available only in the West have limitations in generalizing results across different cultures.

While traditional statistical methods have been used extensively to study marital satisfaction, they
often fail to capture the complexities of relationships and the diversity of cultural contexts. Machine learning
presents a powerful alternative. By processing large, diverse datasets, machine learning models can uncover
patterns and predictors of marital satisfaction that may be overlooked by traditional approaches. However,
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the application of machine learning in cross-cultural marital satisfaction studies remains limited, highlighting
the need for further exploration.

With the increasing availability of digital data due to digitization, machine learning seems to be a
good match and an emerging tool to improve prediction performance. As such, a few machine learning works
have been employed [22], but if the input features are not relevant, the results will not be significant,
especially using personality traits to predict relationship quality [27], [28].

Given these limitations and to answer the question of whether satisfying marriages are both
culturally unique and universally applicable, we look for more universally accepted predictors like generic
needs [29]. Despite there has been debate regarding the validity of Maslow's needs due to their "hierarchical”
nature, the widespread prevalence and adoption of generic needs was evidenced by gallup world poll (GWP)
[30]. Rather than relying on traditional statistics [31], which are widely used in most marital satisfaction
studies, we respond to the royal society’s call to apply the potential of machine learning to new areas and fill
gaps in existing research [32]; we propose to use machine learning algorithms to investigate the generic
needs predictors on marital satisfaction.

This study aims to fill these gaps by applying four machine learning algorithms Naive Bayes,
support vector machine (SVM), random forest (RF), and extreme gradient boosting (XGBoost) to predict
marital satisfaction across 33 countries. The focus is on using generic needs, such as love, respect, and pride
in one’s spouse, as predictors of marital satisfaction. By identifying these universal predictors, the study
seeks to contribute to a deeper understanding of marital satisfaction that can be applied across diverse
cultural contexts.

This study contributes not only to the academic understanding of marital satisfaction across cultures
but also provides practical insights that could inform marital counseling and relationship interventions,
particularly in non-Western societies. These findings could also serve as a foundation for developing tools for
couples to assess and improve their relationships by focusing on key predictors such as respect, pride, and
spouse self-actualization.

The remainder of this paper is organized as follows: section 2 outlines the research methodology,
including data collection and preprocessing. Section 3 presents the results of applying machine learning
algorithms to the marital satisfaction dataset and discussing implications for future research. Finally, section
4 concludes the study by summarizing key findings.

2. METHOD

This study aims to develop a machine learning model that predicts marital satisfaction based on
generic needs across diverse cultures. The methodology involves four major stages: data collection,
preprocessing, model selection, and evaluation. By using machine learning algorithms on a dataset spanning
33 countries, this study seeks to identify universal predictors of marital satisfaction that apply across different
cultural contexts.

Existing research on marital satisfaction is predominantly based on Western-centric datasets, limit-
ing the generalizability of findings. This study seeks to overcome this limitation by utilizing a diverse dataset
containing responses from 7,178 participants across 33 countries. The goal is to build a machine learning
model that predicts marital satisfaction using generic needs (physiological, love, esteem, self-actualization,
and safety needs) as the primary features.

2.1. Data collection
The dataset used in this study was obtained from an open-access marital satisfaction dataset compris-
ing 7,178 participants from 33 countries [33]. This dataset was selected based on the following criteria:
— A large sample size to ensure statistical robustness in machine learning models.
— Diversity in terms of cultural and regional representation to capture cross-cultural predictors of marital
satisfaction.
— Inclusion of key variables related to both generic needs (physiological, love, esteem, self-actualization,
and safety) and marital satisfaction, providing a comprehensive basis for prediction models.

2.2. Pre-processing dataset

Before applying machine learning models, the dataset was subjected to a thorough preprocessing
pipeline to ensure data integrity and consistency. The step includes processes of cleaning, organizing, and
transforming the dataset. It addresses issues like anomalies and noisy data, missing and null values, outliers,
duplicate values, and improves the integrity, reliability, and quality of the data. This involved the following
steps:
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— Handling missing values: missing values for non-key variables (such as ‘religious affiliation’) were
replaced with a placeholder value "10" to represent “Other-very specific” without removing the data.

— Outlier treatment: out-of-range values in variables like 'physio’ (physiological needs) were identified and
replaced with the maximum permissible value in the dataset (e.g., replacing values of '6' with '5").
Similarly, the replacement for all out-of-range values for: lovel, love2, love4: 6 replaced with 4 and
lovel, love2, sact: 7 replaced with 5.

— Reversing scales: for variables with ordinal scales (e.g., 'physio’, 'love4’, and 'esteem"), the scales were
standardized so that higher values represented greater satisfaction or agreement. For example, scales were
reversed in some columns so that 1 indicated Strong Disagreement and 5/7 indicated Strong Agreement.
To ensure all categorical variables are properly encoded (factorized), the scaled ordinal data values in the
dataset were rearranged so that all columns agree in the same order to avoid inconsistency and confusion,
with "Very Disagreeing" being the lowest and "Strongly Agree" being the highest ordinal value. Smaller
numbers (1) indicate strong disagreement or lower satisfaction, while higher numbers (5/7) indicate
strong agreement or higher satisfaction. Thus, these columns of 'physio’, 'love4’, 'happy’, 'esteem?2’, 'love5’,
'loved’, 'esteeml’, 'sact’, 'love2', 'lovel’ have been reversed (in order of Very Dissatisfied (1) to Very
Satisfied (5)) to match the above, as well as 'safety’, 'scolll’, 'scoll2', 'scoll3', 'scoll4’, ‘icolll’, ‘icoll2,
‘icoll3', and 'icoll4' have been reversed (in order of Strongly Disagree (1) to Strongly Agree (7)). The
variables 'raf', 'rel', 'msl’, 'ms2’, and 'ms3' remain the same.

— Binary classification setup: the outcome variable marital satisfaction of ms1, ms2, and ms3 were 7 classes
labels ranging from "Yes" (7) to "No" (1). To simplify the analysis, the outcome variable (‘msl’, ‘'ms2’,
and 'ms3') representing marital satisfaction was transformed into binary classes: 1 (low satisfaction) and 0
(high satisfaction). This transformation helps in focusing the machine learning models on predicting
dissatisfaction in marriage, which is often more critical. Traditionally, in binary classification problems,
the positive class (1) is usually the class of interest (e.g., unsatisfactory marital satisfaction), while the
negative class (0) represents satisfactory marital satisfaction. This convention helps focus the analysis on
the minority class, which is often of greater interest in imbalanced datasets. Binary classes (mslr, ms2r,
and ms3r) were created by merging 7 to 5 into 0 and 4 to 1 into 1.

— Features or attributes names were shortened to acronyms or five-generic-need-based name.

2.3. Machine learning models

This study applied four machine learning algorithms Naive Bayes, XGBoost, SVM, and RF to pre-
dict marital satisfaction. Each algorithm was selected based on its ability to handle classification problems
and identify patterns in complex datasets:

— Naive Bayes: chosen for its simplicity and efficiency. As Naive Bayes assumes that all features are
independent, which is useful when there is minimal interaction between input features, the simplicity and
efficiency of Naive Bayes makes it ideal for a quick initial analysis of marital satisfaction. Its
probabilistic nature can help assess the likelihood of different levels of satisfaction based on the input
features.

— XGBoost: due to its gradient boosting framework that links multiple decision trees to produce an
effective learner, XGBoost’s high performance and feature importance insights are valuable for
understanding the complex factors that influence marital satisfaction. While it can be extensively tuned
via hyperparameters, we chose not to use hyperparameter tuning as it has been shown to perform well with
default settings [34].

— SVM: was selected for its ability to maximize the margin between distinct classes, thus generalizing
better on unseen data. As SVM employs regularization parameters to handle overfitting, particularly in
high-dimensional feature spaces, it is well suited to capture intricate relationships in high-dimensional
feature spaces related to marital satisfaction. Since SVM performed well, its default parameters were
used.

— RF: is a type of ensemble learning that combines multiple decision trees to reduce overfitting and
improve generalization. As an ensemble method, RF was used to handle non-linear relationships between
features while providing insights into feature importance. This was crucial for identifying which generic
needs had the most influence on marital satisfaction. Because RF performs well, its default settings can be
used without tuning hyperparameters [35].

2.4. Feature selection

The challenge of building a good model from data using machine learning lies in the complex bal-
ance between feature selection and model performance to reveal the unseen truth behind the dataset. By di-
agnosing and understanding the underlying causal relationships between relevant features and labels, the best
model with the most relevant feature combination generally can be found. Not only can model performance
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and accuracy be improved by adding key relevant features, but removing irrelevant features can also improve
accuracy, reduce noise to prevent overfitting, and reduce the computational cost of modeling.

Feature selection was performed to ensure that only the most relevant variables were included in the
model. The following steps were taken:
Correlation threshold: variables with a Spearman correlation coefficient (p) between -0.3 and 0.3 were
excluded from the analysis due to their weak correlation with marital satisfaction. However, 'physio’ and
'safety’ were retained for further analysis as they represent core components of generic needs.
Feature engineering: additional features were created to test their interaction effects. After careful
evaluation, the dataset was reduced to five key predictors: physiological needs, safety, love, esteem, and
pride in spouse, with the same number of records in the dataset are shown in Table 1.

Table 1. Selection of variables or features in the dataset (rearranged)

Variables Description

physio Respondent's material situation. Ranging from much better than average in my country (5) to much worse than
average in my country (1).

safety Respondent's belief about their ability to rely on pension and social benefits in old age, with options ranging from
‘Strongly Agree' (7) to 'Strongly Disagree’ (1).

lovel How much the respondent loves their spouse, with options ranging from "Yes" (5) to "No" (1).

esteeml Respondent's level of respect for their spouse, with options ranging from "Yes" (5) to "No" (1).

sact Respondent's level of pride in their spouse, with options ranging from "Yes" (5) to "No" (1).

ms2 Respondent's satisfaction with their husband or wife as a spouse, with options ranging from "Yes" (7) to "No" (1).

3. RESULTS AND DISCUSSION

The performance of the four machine learning algorithms Naive Bayes, XGBoost, SVM, and RF
was evaluated using the marital satisfaction dataset. Each model was assessed based on its accuracy,
precision, recall, F1 score, receiver operator characteristic area under the curve (ROC AUC) in Table 2 and
receiver operating characteristic (ROC) curve in Figure 1. The goal was to identify the model that best
generalized across different cultural contexts while maintaining low overfitting.

Table 2. Performance metrics of all models on marital satisfaction

Test data Train data
Algorithm ROC - ROC .
AUC Flscore Recall Precision Accuracy AUC F1score Recall Precision Accuracy
Naive Bayes 0.8306  0.8552  0.8607 0.8525 0.8607 0.8312 0.8558  0.8615 0.8532 0.8620
XGBoost 0.8265 0.8332  0.8545 0.8405 0.8545 0.8270 0.8340  0.8555 0.8412 0.8555
SVM 0.7443  0.8313  0.8565 0.8467 0.8565 0.7450 0.8320 0.8578 0.8472 0.8578
RF 0.7959  0.8375  0.8565 0.8428 0.8565 0.7965 0.8380  0.8572 0.8435 0.8572
Receiver Operating Characteristic (ROC) Curve
1.0 1
0.8 1
E 0.6
0.4
02
/z’ —— Naive Bayes (AUC = 0.83)
XGB (AUC = 0.83)
»* —— SVM (AUC = 0.74)
,// = Random Forest (AUC = 0.80)
0.0

0.2

0.4

False Positive Rate

0.6

Figure 1. ROC curve
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1.0
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To select an algorithm with good model generalization and low overfitting, the algorithm with the
smallest difference in accuracy between the training set and the test set should be preferred. When the
performance indicators on the training set and the test set are analyzed, the difference between the test set
accuracy and the training set accuracy of the four algorithms is almost the same, with none of the difference
exceeds two decimal places, indicating that the four machine learning algorithms have a small degree of
overfitting and good generalization ability. However, when there are more than two decimal places, the
difference between the test set accuracy and the training set accuracy of the RF algorithm is the smallest
among the four algorithms.

3.1. Performance comparison of algorithms

The four algorithms performed similarly in terms of best test accuracy, with the difference not
exceeding two decimal places. However, in terms of best test recall, the best test recall among the four results
was Naive Bayes. Naive Bayes stood out, with the highest test accuracy (0.8607), test precision (0.8525), test
recall (0.8525), test F1 score (0.8552), and test ROC AUC (0.8306). Although the Naive Bayes algorithm is
simple, it is effective in the context of the marital satisfaction dataset, indicating that it performed well in
predicting marital satisfaction across diverse cultures. This result suggests that the features in the marital
satisfaction dataset such as love, pride, and respect exhibit relatively independent relationships, making
Naive Bayes an effective model. Naive Bayes is superior to algorithms that can handle complex
relationships, indicating that its probabilistic nature allows people to clearly understand the impact of each
feature on the prediction.

RF also showed strong performance, with an accuracy of 85.65%, while XGBoost and SVM
achieved slightly lower accuracy rates of 85.45% and 85.65%, respectively. The differences between the
training and test accuracies for all models were minimal, indicating low overfitting in Table 2. Although the
SVM exhibits consistent performance metrics for both the training and testing datasets, the ROC AUC score
is relatively low among the four algorithms, which indicates that the model may not be able to distinguish the
classes effectively.

3.2. Key predictors of marital satisfaction

The key predictors identified by the models were pride in one's spouse, love, and respect for one's
spouse. These predictors were consistent across all four algorithms, emphasizing the significance of these
variables in determining marital satisfaction. Specifically, the feature importance analysis from the RF
algorithm highlighted that love and pride in one's spouse had the highest contribution to marital satisfaction.
This finding aligns with Maslow's hierarchy of needs, where love and esteem are central to fulfilling
relational satisfaction. Interestingly, physiological needs and safety, though part of the model, contributed
less significantly to the overall prediction. This may suggest that in the context of marital satisfaction,
emotional and psychological needs outweigh basic material needs.

3.3. Implications of the results

The findings suggest that machine learning can be a powerful tool in predicting marital satisfaction
across different cultural contexts. By identifying universal predictors such as love, pride, and respect, this
study offers insights into how marital satisfaction can be improved globally. Interventions aimed at fostering
mutual respect and pride in one's partner may prove to be effective strategies for improving marital outcomes
across diverse populations.

The implications of these findings extend beyond the academic field. In practical terms, these results
suggest that fostering love, mutual respect, and pride in one’s partner can significantly improve marital
satisfaction. This provides a potential framework for interventions aimed at strengthening marital
relationships, particularly in regions where traditional counseling methods may not resonate. Additionally,
the cross-cultural nature of this study shows that the predictors of marital satisfaction are not confined to
Western norms, but are applicable globally, thus contributing to the broader understanding of marital
dynamics across cultures.

3.4. Limitations and future research

Although this study provides valuable insights into predictors of marital satisfaction, it must be
acknowledged that it has several limitations. The dataset used in this analysis is cross-sectional and limited to
33 countries, which limits the ability to make causal inferences about the relationship between generic needs
and marital satisfaction worldwide. Future research should expand to more countries to validate the
predictors of love, pride, and esteem in marital satisfaction in a global context and explore the possibility of
incorporating additional features (more about spouse’s self-actualization) to further refine the prediction
model. Specifically, more attention should be given to the role of respect and pride in one's spouse as critical
factors in long-term marital satisfaction. Current literature has extensively explored predictors such as
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communication patterns, conflict resolution, appreciation, and sexual satisfaction, but respect, pride and self-
actualization remain underrepresented despite their potential impact on relationship dynamics.

Future studies should investigate how feeling proud of one’s partner and respecting their
achievements contributes to relational well-being across different cultures. Additionally, research should
examine the role of spouse self-actualization—the process by which one partner helps the other achieve
personal goals or ambitions—and its impact on marital satisfaction. Supporting a spouse’s self-actualization
may deepen emotional bonds and strengthen the relationship, especially in contexts where mutual growth is
valued. By exploring these less-studied dimensions of marital satisfaction, future research can offer a more
comprehensive understanding of the factors that promote long-lasting and fulfilling marriages across diverse
cultures.

4. CONCLUSION

This study successfully applied machine learning algorithms to predict marital satisfaction across 33
countries, providing robust evidence that generic needs—particularly love, respect, and pride in one's
spouse—are universal predictors of marital satisfaction. Among the algorithms tested, Naive Bayes exhibited
the best performance, highlighting the independence of the predictors within the dataset. These findings
emphasize that love, pride, and respect are central to marital satisfaction, regardless of cultural context.
Moreover, the results suggest that respecting one’s spouse at every stage of the relationship can serve as a
critical intervention to enhance marital satisfaction, particularly when challenges arise. Similarly, the study
underscores the importance of fostering pride in one’s spouse by supporting their goals and making sacrifices
to meet their needs, thereby strengthening the relationship.

These findings provide a comprehensive, cohesive, and cross-cultural framework for
conceptualizing love, respect, and pride as foundational components of a potential grand generic theory of
marital satisfaction. As the top three layers of Maslow's generic needs—Ilove, esteem, and self-
actualization—require interpersonal relationships for fulfillment, high marital satisfaction emerges as a vital
path for attaining these needs. Maturity of the heart, shaped through responsibility and relational growth, can
be nurtured more effectively within the context of marriage, fostering deeper emotional and relational
development.

While the body inevitably matures and declines, the human mind—especially in terms of intellect,
emotions, and will—often fails to reach its full potential. This lack of maturity and willpower frequently
leads individuals to prioritize short-term pleasures over long-term happiness, resulting in internal conflicts
that can cascade into interpersonal discord and societal challenges. Addressing this immaturity can have far-
reaching implications, extending beyond the personal domain to resolve broader social and relational
difficulties, from family dynamics to organizational and governmental interactions. By promoting personal
growth and maturity, this framework can serve as a foundation for addressing real-world problems rooted in
interpersonal conflicts and immaturity.

Future research on cross-cultural marital satisfaction should further investigate the role of generic
needs—especially love, respect, and pride—as universal predictors of marital satisfaction. Such research
could explore additional dimensions, such as the interplay between generic and specific needs, and how their
ratios vary across cultures. For instance, understanding how combinations of generic and specific needs
influence marital satisfaction could provide deeper insights into commonalities in human nature and
conditions across diverse cultural settings. These findings lay a foundation for empirical research aimed at
uncovering shared human experiences and fostering a unified understanding of relational dynamics.

This study also holds significant implications for improving marital quality and family well-being
through a focus on generic needs. The insights gained could guide policymakers in formulating evidence-
based strategies and future educational programs aimed at enhancing couple relationships. By prioritizing
healthy families, nations can advance strategic agendas aligned with the sustainable development goals
(SDGs), fostering societal stability and sustainable growth.
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