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Abstract— The number of divorces around the world is still 

increasing, and people are very interested in how Artificial 

Intelligence (AI) and Machine Learning (ML) can be used to 

predict the outcomes of marriages. Divorce prediction systems 

use AI and ML to look at a lot of different things, like how 

people communicate, how they act emotionally, how much 

money they have, and how compatible they are with each other, 

to find patterns in relationships that are likely to end in divorce. 

By looking at these complicated details, predictive models can 

help couples who are having problems get help before it’s too 

late. This paper gives a thorough overview of AI/ML methods 

for predicting divorce, with a focus on supervised, 

unsupervised, and deep learning. These methods use 

information from a variety of sources such as psychometric 

tests, financial records, and even how people interact on social 

media, to predict how relationships will change over time. These 

predictive systems have effects that go beyond just one-on-one 

relationships. They could be useful in counselling, therapy, and 

the legal system. The paper also talks about the problems with 

data privacy, algorithmic biases, and model interpretability. It 

also looks at possible future directions that could make divorce 

prediction systems more accurate and ethical. In short, 

AI/ML-driven divorce prediction systems are a promising new 

way to help relationships stay healthy. They could change the 

way counselling is done and help keep society stable. Liu et al. 

Social media sites let people share their thoughts, feelings, and 

conversations in real time. This gives researchers a lot of data to 

work with, even though it’s not always clear, about marital 

satisfaction, relationship conflict, and possible signs of divorce. 

The researchers came up with semi-automated labelling 

methods and machine learning algorithms that can pick up on 

subtle signs of relationship distress, like sarcasm, coded 

language, and indirect references to problems in a marriage. 

Index Terms— Divorce prediction, machine learning, artifi- 

cial intelligence, relationship viability, supervised learning, un- 

supervised learning, deep learning, psychometric assessment, 

algorithmic bias, data privacy, predictive modeling, counseling 

applications, marital stability, social media analysis, emotional 

behavior analysis.  

 

I. INTRODUCTION 

  The increasing divorce rate around the world has made a 

lot of people worried about how it will affect society, mental 

health, and the economy. Rrelationships are today become 

more complicated because of changing social norms, money 

problems, and changing dynamics between people, the need 

for tools that can predict how stable a marriage will be has 
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grown a lot. New developments in Artificial Intelligence (AI) 

and Machine Learning (ML) have made it possible to look at 

relationship patterns in new ways, which 

  

can help find things that might lead to divorce early on. AI 

divorce prediction models use big datasets that include 

behavioral trends, emotional interactions, financial 

situations, and compatibility metrics. These models would 

meant to give couples, therapists, and lawyers useful 

information that will help them take steps to stop marital 

problems from getting worse before they can be solved. 

Logistic regression, decision trees, and support vector 

machines (SVM) are all examples of supervised learning 

techniques that group relationships based on how likely they 

are to last. At the same time, unsupervised learning methods 

like clustering and association rule mining help find hidden 

patterns in how relationships work. Deep learning 

frameworks, such as Recurrent Neural Networks (RNN) and 

Long Short-Term Memory (LSTM) networks, are also very 

good at processing sequential relationship data and finding 

important signs that might mean a divorce is possible. This 

study’s motive is to improve understanding of AI assist 

relationship counselling and help create data- driven 

interventions that promote long-term marital stability by 

carefully looking at these factors. [4] 

II. LITERATURE REVIEW 

A. High Ratio of Divorce and its Rationale in Pakistan (Gul 

et al.,2018) 

This research in Pakistan sees the growing divorce rates 

and said that they were caused by changing societal norms 

and women becoming more financially independent. The re- 

searchers used clinical social work frameworks and health 

intervention questionnaires to show how shifting 

expectations about marriage roles, moving to cities, and how 

the media shows modern relationships may all have an effect. 

The im- portant results showed a substantial link between 

educational attainment & female engagement in the 

workforce and marital instability. 

Divorces are more common in cities. But the study had 

some problems since people in conservative areas did not 

report much and there are cultural taboos about talking about 

the marital problems in public. Gul et al. stressed the urgent 

need for policies that target family counselling and social 

support networks to lower the escalating the rate of the 

divorce in Pakistan, notwithstanding these disparities. It is 

advised that future studies combine quantitative social data 

with new AI- based prediction models to make predictions 

about divorce more accurate. 
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B. Socioeconomic Factors Affecting Divorce in Iran 

(Moham- madi & Tafi, 2014) 

Mohammadi & Tafi looked at the socioeconomic factors 

that affect divorce in the Yazd area of Iran in this study [2]. 

The study used thorough cross-sectional survey methodology 

and multivariate regression analysis to look at how income 

inequal- ity, employment position, education level, housing 

quality, and social class affect the results of marriage. major 

causes of divorce were unemployment and poor household 

income, and couples who were having money problems was 

more likely to fight and be unhappy. Interestingly, the 

scientists discov- ered that greater education levels, 

particularly among women, seemed protective against 

divorce. stronger communication skills were reported 

Educated women, emotional management, and 

problem-solving ability, contributing to marital resilience. 

But cultural and religious influences had big impact on the 

results. For instance despite financial pressure, many couples 

remained married owing to strong religious teachings and 

fear of societal reaction, confounding basic forecast models 

based only on economic variables. A key or important 

restriction identified was the absence longitudinal data, 

allowing exam- ination of how economic changes and 

personal conditions evolve to impact divorce risk over time. 

Mohammadi and Tafi advised constructing region specific 

prediction models that combine socioeconomic data while 

also accounting for cultural and religious factors. They 

underlined the significance of inte- grating these insights 

with AI-based tools to find complicated, non-linear linkages 

concealed inside massive social datasets. 

 

C. Divorce Trends in Iran between 2004–2013 (Hezarjaribi 

et al., 2017) 

Hezarjaribi et al. [3] conducted a thorough decade long 

trend study evaluating divorce rates across Iran country, 

using data from national civil registration records. The survey 

in- dicated a persistent rising trajectory in divorce rates, 

notably obvious in metropolitan areas like Tehran and 

Isfahan, where societal modernization and developing gender 

norms have swiftly affected family dynamics. Key variables 

discovered included increased individualism, which 

weakened traditional community support structures, and 

evolving gender roles that led to dis-agreements over 

expectations in marriages. The study also referred to 

increasing cultural tolerance of divorce as a factor leading to 

higher reporting rates and legal filings. Notably, the research 

showed substantial regional variations whereas metropolitan 

areas witnessed soaring divorce rates, more conservative 

provinces maintained relatively steady lev- els due to strong 

religious commitment and societal prohibi- tions against 

divorce. 

However, the study observed substantial data restrictions, 

including variations in record-keeping between provinces 

and the absence of crucial psychological and behavioral 

charac- teristics needed for more detailed prediction analysis. 

Ad- ditionally, the focus on official divorce filings meant that 

informal separations and unreported instances were 

eliminated, thereby underestimating the real frequency of 

marital breakup. Hezarjaribi et al. advocated combining 

psychometric measures and advanced computer models, such 

as machine learning 

  

approaches, into future research to boost forecast accuracy 

and to study the intricate interplay between cultural transfor- 

mations, personal values, and marital outcomes. They 

pointed as the significance of establishing adaptive models 

capable of reflecting Iran’s regional and cultural uniqueness. 

 

D. Robust Estimation of Divorce Factors in Saudi Arabia 

(Abdulrahman & Alamri, 2021) 

While AI divorce prediction systems show promising 

result, several challenges raises: Data Privacy and Ethical 

Concerns: The use of personal relationship data raises 

concerns about consent, confidentiality, and ethical 

implications. Ensuring the secure handling of sensitive 

marital data remains a significant challenge Ahsan, 2021. 

Abdulrahman and Alamri [4] em- ployed robust statistical 

estimate approaches to explore the de- terminants driving 

growing divorce rates in Saudi Arabia. Tra- ditional 

regression studies typically falter in situations marked by 

cultural taboos and data outliers; hence, the authors applied 

robust estimating approaches capable of managing 

non-normal data distributions and limiting the effect of 

extreme values. Their studies found important predictors, 

including wealth disparity, much age discrepancies between 

spouses, and high degrees of familial meddling in marital’s 

relationships. familial engagement in intimate marriage 

decision, particularly by extended family members, was 

identified as a key stressor contributing or adding to conflict 

and eventual divorce. The study also showed that fast 

socioeconomic developments in Saudi Arabia such as 

women’s increasing educational and ca- reer opportunities 

have challenged conventional gender norms, generating new 

conflicts inside marriages. Despite method- ological merits, 

the study faced great problems in obtaining sensitive data due 

to cultural taboos surrounding talks of mar- ital disagreement 

and legislative constraints on publicly pub- lishing data 

linked to family affairs. Furthermore, reluctance among 

participants to provide personal data hampered sam- ple 

representativeness. The authors stressed the potential for 

combining machine learning approaches to boost prediction 

skills, especially for capturing nonlinear interactions across 

socioeconomic and cultural elements. They proposed further 

multidisciplinary partnerships to construct prediction models 

that balance technological accuracy with cultural sensitivity 

and social acceptability. 

 

E. Social Media Data as Emerging Predictors for Marital 

Outcomes (Liu et al., 2023) 

Liu et al. [5] reported a good work focussing on creating 

multi-labelled corpora from Twitter short sentence, particular 

for larger NLP applications. Although not primarily 

orientated at divorce prediction, the approaches presented in 

this research provide major prospects for the discipline. 

Social media plat- forms records real time expressions of 

human experiences, emotional states, and social 

conversation, enabling extensive, if noisy, data for studying 

marriage happiness, relationship conflict, and possible 

markers of marital disintegration. The researchers created 

semi automated labeling approaches and ML algorithms 

capable of recognising indicators of relational 
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distress, including sarcasm, coded language, and indirect 

ref- erences to marital troubles. Such tools have the potential 

to discover subtle symptoms of relationship instability that 

may precede formal divorce processes. the study highlighted 

critical challenges: privacy concerns, ethical implications of 

mining personal relationship data, demographic biases since 

social media users skew younger and urban, and the necessity 

for domain specific fine-tuning of language models to 

interpret cultural idioms and context specific references 

accurately. Future research possibilities indicated by Liu et 

al. include merging standard sociological survey data with 

social media analytics for construct hybrid models. That type 

of models might enable dynamic, real time divorce prediction 

systems that change projections based on shifting societal 

narratives, therefore boosting both the timeliness and 

accuracy of marital stability evaluations. 

 

 

F. Marriage Rate Trends and Demographic Shifts (Spouses 

et al., 2020) 

Thorough statistical analysis of marriage registrations in 

different regions was provided in this report/study [6], which 

showed that the number of marriages in 2020 increased by 

8.9% over 2019. The easing of pandemic-related restrictions, 

pent-up demand from delayed weddings, and government in- 

centives supporting young couples during uncertain 

economic times were some of the reasons given by the 

authors for this spike. Crucially, the study found significant 

variations in marriage dynamics between socioeconomic and 

geographic groups. 

Due in large part to proactive policy initiatives, improved 

economic resilience, and digital literacy that permits online 

marriage registrations, urban areas showed a quicker 

recovery in marriage rates. During times of partial lockdown, 

digital court services were essential to the effective 

processing of marriage licenses and the maintenance of 

comparatively steady marital registration rates in urban areas. 

On the other hand of the situation, marriage rates in rural 

areas continued to decline, with higher health concerns, 

limited digital infras- tructure, and persistent economic 

hardship all playing a role in postponed marriage decisions. 

Despite offering insightful information about marriage 

patterns, the study did not analyse the relationship between 

these new marriages and the like- lihood of divorce in the 

future. Projections on the possible instability of marriages 

during the pandemic were conspicu- ously lacking, 

considering the particular stressors imposed by 

COVID-19(Corona Pandemic) including financial condition, 

job insecurity, and extended cohabitation during lockdowns. 

In order to assess whether the observed marriage surge 

translates into higher divorce rates in the years to come, the 

authors showed the need for longitudinal studies that follow 

the cohort of couples married during this time. Additionally, 

Spouses et al. suggested combining predictive modelling 

methods with demographic trend data to evaluate the stability 

of recently formed marriages and to pinpoint demographic 

groups that might be more vulnerable to marital dissolution 

after the pandemic. 

  

G. Divorce Prediction Using Correlation-Based Feature 

Se- lection and Artificial Neural Networks (Yo¨ntem et al., 

2019) 

By using a methodological pipeline that integrated 

correlation-based feature selection with artificial neural net- 

work (ANN) classification, Yo¨ntem et al. [7] provides a 

ground breaking investigation into the use of machine 

learning for divorce prediction. Their study started by 

determining which important factors were most closely 

associated with divorce, such as the frequency of 

communication between partners, methods for resolving 

conflicts, emotional intimacy, duration of marriage, and joint 

decision-making. By feeding this fine-tuned feature-set into 

in an ANN, the model were able to identify intricate, 

nonlinear patterns that are continuously over looked by 

traditional statistical methods as logistic regres- sion. The 

outcomes was impressive, as the ANN significantly out 

performed conventional techniques, attaining predictive 

accuracies of up to 92% on validation datasets. The study did 

acknowledge a number of significant limitations, most 

notably the dataset’s small size, which was limited to a 

Turkish sample that was culturally specific and might not 

generalise to other populations. Furthermore, the authors 

emphasised the ongoing difficulty of model interpretability 

because, even with their accuracy, neural networks operate as 

”black boxes” whose inside workings are difficult for 

practitioners like marriage counsellors or legislators to easily 

comprehend. In order to improve the transparency and 

usability of predictive models in real-world divorce 

prevention initiatives, Yo¨ntem et al. sug- gested that future 

research concentrate on creating explainable AI solutions, 

like LIME or SHAP. In order to create globally applicable 

predictive tools that can handle the subtleties of marital 

stability, they also argued for extending research across a 

variety of cultural contexts. 

 

H. Divorce Case Prediction Using Machine Learning Algo- 

rithms (Sharma et al., 2021) 

Sharma et al. [8] conducted a rigorous study investigating 

the potential of various machine learning algorithm to predict 

divorce cases using data derived from marital counseling 

sessions and judicial records. Their research created several 

models, including decision trees, support vector machines 

(SVM), k nearest neighbors which we call as KNN, and 

ensemble methods like random forests, ultimately 

demonstrat- ing that ensemble approaches delivered superior 

predictive performance. Among these, random forests 

achieved notable accuracy levels exceeding 93%, large due to 

their ability to mitigate overfitting and capture intricate 

relationships within the data. The study identified several 

significant predictors of divorce, such as emotional 

disconnect between spouses, frequent and unresolved 

conflicts, financial disputes, incidents of infidelity, and the 

duration of the marriage along with the presence of children. 

Sharma et al. emphasized the value of feature importance 

scoring not only for enhancing predictive accuracy but also 

for providing critical insights into the underlying drivers of 

marital breakdown, thereby improving model interpretability 

for stakeholders. Despite their successes, the researchers 

acknowledged challenges related to class im- balance, as 

divorce cases represent a minority in broader 

  

marriage datasets, which can skew predictive outcomes. 
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To address this, they utilized techniques like SMOTE to 

balance the data, which significantly improved model 

robustness and generalization. A vital contribution of the 

study lay in illustrat- ing the scalability of machine learning 

approaches for large- scale applications, suggesting practical 

deployment potential in legal systems and counseling 

contexts. the authors pointed out limitations such as privacy 

restrictions preventing access to deeply personal counseling 

notes, cultural variances affecting model applicability across 

different regions, and the persistent challenge of generating 

explanations for machine learning outputs in sensitive 

domains like marital relationships. They proposed that future 

research could benefit from integrating textual analysis of 

counseling session transcripts and social media data to 

capture nuanced linguistic and emotional signals indicative 

of marital distress. 

I. Situation-Aware Dynamic Service Coordination in IoT 

En- vironments (Cheng et al., 2017) 

Although not explicitly focused on divorce prediction, the 

study by Cheng et al. [9] established a sophisticated 

framework for situation-aware dynamic service coordination 

in Internet of Things (IoT) contexts, which has fascinating 

indirect implications for marital analytics. The authors built a 

system that combines real-time monitoring of environmental 

elements, behavioral signals, and user context to dynamically 

adjust digital services in response to situational changes. 

Their research demonstrated how user profiles, 

environmental data streams, and behavioral indications may 

be combined to give individualised service responses, such as 

changing digital content, controlling device interactions, or 

generating alarms. This technology presents fascinating 

possibilities for future applications in relationship monitoring 

and support systems, where similar real-time analysis could 

potentially detect early warning signs of marital stress by 

monitoring physiological indicators of stress via wearable 

devices, shifts in home inter- action patterns through smart 

home sensors, or deviations in social routines captured by 

mobility data. However, Cheng et al. were careful to 

underline the profound privacy, ethical, and psychological 

implications of repurposing IoT infrastructure for monitoring 

intimate personal relationships, emphasizing the necessity of 

robust user consent, transparent data gover- nance, and 

ethical safeguards to avoid intrusive surveillance and 

unintended harm. Despite these challenges, the authors 

envisioned potential cross-disciplinary applications where 

IoT- driven frameworks could proactively support marital 

well- being by offering timely interventions, such as 

recommending professional counseling services or stress 

reduction strategies in response to detected signs of relational 

strain. They under- lined the revolutionary potential of such 

technologies while emphasising that actual implementation 

in this sensitive arena would need careful balancing of 

technological capabilities with respect for individual privacy 

and autonomy. 

J. Emotional Indicators and Divorce Prediction (Nie et al., 

2023) 

Novel emotion detection techniques were presented by Nie 

et al. [12],who use common sense knowledge graphs to 

  

examine lengthy conversations and record minute 

emotional changes over time. Their method makes use of 

semantic networks to clarify the meaning of emotional 

expressions in conversational settings, allowing computer 

systems to decipher subtle cues like sarcasm, concealed 

animosity, or passive- aggressive language.Although 

multimedia and dialogue com- prehension were the main 

focus of the study, these approaches have a lot of potential for 

the field of divorce prediction, since partner emotional 

dynamics are vital to the stability of a marriage. 

The authors showed that because standard sentiment 

analy- sis tends to concentrate on positive or negative word 

connec- tions at the surface level, it frequently misses deeper 

emotional undercurrents. Commonsense knowledge graphs, 

on the other hand, incorporate prior knowledge about human 

experiences, social conventions, and likely outcomes. This 

enables AI systems to identify the meaning of ambiguous 

language and identify relational stress even in the absence of 

explicit conflict terms. As early indicators of marital 

hardship, seemingly innocuous statements like ”It’s fine” or 

”Do whatever you want,” for example, might convey signs of 

relational retreat or contempt when used in specific situations 

and delivery styles. Nie et al. further emphasised how crucial 

language and cultural context is for identifying emotions. 

Expressions of sarcasm, love, or displeasure may differ 

greatly across lan- guages and cultures, which increases the 

possibility of mis- understandings if models are not adjusted 

appropriately. This suggests that emotion analysis methods 

for divorce prediction systems need to be culturally adjusted 

to guarantee accuracy, particularly in areas where social 

norms forbid candid conver- sations about marital issues or 

indirect communication patterns 

are more common. 

Furthermore, it is important to carefully analyse the ethical 

ramifications of using emotion detection in delicate fields 

like marital analysis. There are serious issues with privacy, 

informed consent, and the abuse of predictive insights when 

private messages are mined for emotional signs. In order to 

ensure that any such systems function within stringent ethical 

bounds, Nie et al. underlined the need of putting in place 

strong data protection mechanisms and clear permission 

frameworks. 

In the end, Nie et al.’s techniques provide a useful way to 

further divorce prediction research. Predictive models that 

include fine-grained emotional analysis might significantly 

enhance the early identification of relationships that are at 

danger, allowing social services, mediators, or mental health 

specialists to intervene in a timely manner. This kind of 

integration might reduce the social and psychological costs of 

divorce by converting divorce prediction from a statistical 

risk assessment into a dynamic tool for proactive relationship 

support and counselling. 

 

K. Bayesian Approaches in Social Data Analysis (Cheng et 

al., 2022) 

In their review of Bayesian learning frameworks, Cheng et 

al. [13] provided a thorough explanation of how advanced 

inference techniques and the thoughtful construction of priors 

  

may greatly improve data processing, particularly in situa- 

tions involving sparse, incomplete, or highly variable data. 

According to their assessment, classic frequentist statistical 

approaches often fail in social science applications because 
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they make the assumption that datasets are big, balanced, and 

representative, which is seldom the case in actuality, 

especially when dealing with delicate subjects like divorce 

and marital instability. Discussions on marital conflict or 

divorce are stigmatised in many cultural settings, which 

causes selective disclosure and underreporting in surveys. 

Predictive modelling is therefore severely hampered by the 

fact that divorce- related datasets often include missing data, 

class imbalance, and reporting biases. According to Cheng et 

al., Bayesian methods provide a strong substitute as they 

clearly account for uncertainty and let researchers exploit 

past knowledge, even in the absence of a lot of actual data. 

 

 

The use of informative priors—distributions based on prior 

research, expert opinion, or sociological theory—to direct the 

analysis when data alone may not be enough is one of the key 

advances Cheng et al. emphasise. For instance, previous 

research on divorce prediction regularly finds that marital 

collapse is significantly influenced by characteristics 

including financial hardship, adultery, drug misuse, and poor 

communi- cation. Even with tiny or noisy datasets, analysts 

may provide more reliable and consistent estimates by 

incorporating such well-established information as priors 

into Bayesian models. 

 

 

Furthermore, Bayesian frameworks provide built-in 

methods for measuring model prediction uncertainty. 

Bayesian tech- niques provide complete probability 

distributions for every parameter and result, in contrast to the 

single-point estimates seen in conventional regression 

models. Because it allows practitioners—like legislators, 

social workers, and marital counselors—to evaluate not just 

the probability of divorce but also the level of confidence 

around such forecasts, this characteristic is particularly 

helpful in divorce prediction. A prognosis with a tight 

confidence interval, such as stating a couple has a 40% 

probability of divorcing, has different consequences than one 

with a large interval, which indicates considerable 

uncertainty. The benefits of Bayesian hierarchical modelling, 

also known as multilevel modelling, which enables the 

simultaneous study of data at many levels of aggregation, 

were also highlighted by Cheng et al. Because marital 

dynam- ics are impacted by both contextual or regional 

factors (such as local cultural norms, religious influences, 

and economic situations) and individual-level variables (such 

as personality characteristics, income, and communication 

styles), this is es- pecially pertinent for predicting divorce. 

Instead of depending just on population-wide averages, 

hierarchical models may capture such layered patterns, 

allowing forecasts to be cus- tomised for particular 

communities or demographic groupings. For example, the 

variables that contribute to divorce in rural and urban regions 

may vary significantly, and Bayesian models may account for 

these subtle variations to provide insights that are more 

relevant to the local context. 

  

L. Comparing Machine Learning Algorithms in Prediction 

Tasks (Moulaei et al., 2022) 

To evaluate the predictive performance of different 

machine learning (ML) algorithms, including Decision Trees 

(DT), Support Vector Machines (SVM), Random Forests 

(RF), and Gradient Boosting Machines (GBM), in the area of 

COVID-19 mortality, Moulaei et al. [14] carried out a 

methodical compar- ative analysis. Managing 

high-dimensional, unbalanced, and noisy healthcare datasets 

was the main emphasis of their study. The methodological 

framework and analytical techniques used in the original 

research have significant significance for divorce prediction 

models, which also entail sensitive data structures and 

multifactorial interactions, despite the fact that the study was 

conducted in a medical setting. 

Moulaei et al.’s research showed how various algorithms 

varied in their ability to manage inconsistent or missing data, 

generalise to unknown circumstances, and represent intricate 

connections among characteristics. For instance, non-linear 

dependencies and interactions between variables were well 

captured by Gradient Boosting Machines, a potent ensem- ble 

learning method that combines the capabilities of weak 

learners. This is especially crucial when predicting divorce 

since there are many unknown interactions between factors 

including financial status, communication styles, educational 

gaps, psychological compatibility, and outside family influ- 

ences. The model can more precisely predict the likelihood of 

marriage breakup because to GBM’s capacity to identify and 

understand these minute interactions. Known for their 

resilience in high-dimensional feature spaces, support vector 

machines also shown promise by offering good predicted 

accuracy, particularly in situations when there are few 

relevant features but a large danger of overfitting. SVMs can 

provide high precision with efficient margin separation 

between classes (e.g., likely to divorce vs. likely to remain 

married) in di- vorce prediction scenarios where datasets may 

contain limited samples (due to privacy or reporting 

constraints) but still span numerous features (e.g., emotional 

indicators, financial data, and demographic details). Another 

ensemble method called Random Forests, which constructs 

many decision trees and aggregates their results, showed 

excellent performance with great interpretability and 

resistance to overfitting. In sociological applications, its 

feature significance ranking is especially useful because it 

enables researchers to determine which variables like income 

instability, age differences be- tween couples, or conflict 

frequency have the most predictive power. This information 

is useful not just for creating models but also for educating 

counsellors and legislators about risk variables that have a 

significant influence. 

Using measures including accuracy, precision, recall, F1- 

score, and Area Under the Receiver Operating Characteristic 

Curve (AUC-ROC) to assess model performance holistically, 

the research also highlighted the need of model benchmark- 

ing. In divorce prediction, where false positives—predicting 

divorce when it won’t happen—or false negatives—failing to 

predict an actual divorce—can have serious social and 

psycho- logical repercussions, this exacting benchmarking 

technique is essential. False predictions, for instance, may 

result in needless 

  

interventions or legal proceedings, while failing to identify 

a high-risk marriage may cause help to be delayed and the 

children’s outcomes to deteriorate. 
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In order to guarantee that models generalise successfully 

across various data subsets, Moulaei et al. also emphasised 

the use of cross-validation approaches, such as k-fold vali- 

dation. Cross-validation becomes even more crucial to avoid 

overfitting and to guarantee robustness across a variety of 

demographics and cultural settings since divorce prediction 

research often uses tiny and noisy datasets, frequently as a 

result of privacy restrictions and underreporting. 

The study’s focus on interpretability and openness was 

another important finding. Moulaei et al. emphasised that 

while high-performing models, such as GBMs or neural net- 

works, sometimes operate as ”black boxes,” model outputs 

must be comprehensible by human decision-makers in high- 

stakes applications, including forecasting social or health 

con- sequences. This idea is similarly relevant to divorce 

prediction, as social professionals, therapists, and counsellors 

need to be able to comprehend the logic underlying forecasts 

in order to act morally and intelligently. In order to shed light 

on the model’s decision-making process, the authors 

recommended using explainable AI (XAI) techniques like 

SHAP (SHapley Additive exPlanations) or LIME (Local 

Interpretable Model- Agnostic Explanations). 

 

M. Marital Processes and Predictors of Divorce 

(Gottman, 2014) 

A seminal set of longitudinal research examining the com- 

plex dynamics of marriages and uncovering important be- 

havioural predictors of divorce were carried out by Gottman 

  

observational windows, sometimes as little as fifteen 

minutes. Given this exceptional prediction ability, machine 

learning algorithms trained on comparable behavioural data 

may sig- nificantly improve marital distress early warning 

systems. 

Tools drawn from Gottman’s results might examine coun- 

seling session transcripts, social media interactions, or real- 

time talks to predict rising conflict patterns. Additionally, 

Gottman presented ideas such as the ”emotional bank ac- 

count,” which stands for the equilibrium between a 

marriage’s good and negative interactions. Strong 

correlations were found between marital stability and high 

ratios of positive to nega- tive exchanges. Sentiment analysis 

techniques might use the quantification of such ratios to 

provide automated marital health rating. Finding 

physiological indicators linked to marital conflict is another 

important addition of Gottman’s study. The biological 

foundations of marital stress were revealed by measures such 

as raised stress hormones, heightened skin conductance, and 

elevated heart rate that were associated with angry or 

defensive interactions. Such biometric data, along with 

AI-driven analysis, might give even deeper insights into 

relationship health, possibly forecasting not just divorce 

likelihood but also the physical and mental health 

implications associated with marital misery. 

Gottman’s research emphasises the need to shift from 

static demographic models to dynamic, 

behaviorally-informed systems that can capture the 

minute-by-moment, delicate processes that determine 

whether a marriage succeeds or fails. By incorporating these 

behavioural insights into divorce prediction models, it is 

possible to create highly predictive and useful tools for social 

services, therapists, and counsellors that might help avoid 

divorce by allowing for prompt, focused interventions. 

  

[15]. Gottman painstakingly examined hundreds of hours 

of videotaped conversations between couples over many 

decades, classifying both verbal and nonverbal behaviours 

using a strict 

  

N. Developing Divorce Predictors Scale (Yo¨ntem & 2018) 

  

I˙lhan, 

  

observational coding system. Using this methodical 

technique, he discovered a particular group of unfavourable 

communica- tion patterns known as the ”Four Horsemen of 

the Apoca- lypse”: criticism, scorn, defensiveness, and 

stonewalling. The prevalence of these behaviours, especially 

disdain, greatly increased the likelihood of divorce within a 

few years and was shown to be a powerful predictor of 

marital discontent and ultimate breakdown. Gottman’s work 

bridges the gap between psychological processes and 

quantitative data, which makes it especially important for 

divorce prediction modelling. Behavioural markers provide 

dynamic, practical indicators of the health of a relationship, 

in contrast to demographic factors, which give general but 

static pictures of couples’ situations. AI systems may now 

identify interactions that display high-risk patterns, such as 

sarcasm, eye-rolling, sneering, or derogatory language, by 

using voice and video analysis methods to identify disdain. 

Similarly, pauses in conversation, shifts in vocal intonation, 

or abrupt decreases in speaking activity might be signs of 

stonewalling, which occurs when one person emotionally 

distances themselves or refuses to participate. Importantly, 

Gottman showed that predictive models with over 90% 

accuracy in predicting marital outcomes over three to 

fourteen-year periods may be produced from very short 

  

By creating the Divorce Predictors Scale, a 

psychometrically validated tool intended to systematically 

quantify important factors influencing marital instability, 

Yo¨ntem and ˙Ilhan [16] enhanced the area of marital 

research. Their scale provides a unified framework covering 

a comprehensive set of relational risk factors, such as 

communication difficulties, sexual dissat- isfaction, financial 

strain, differing life goals, emotional dis- engagement, and 

interference from extended family members. This is in 

contrast to many previous approaches that relied on disparate 

variables scattered across studies. 

Thorough statistical testing was part of their development 

process to guarantee the validity and reliability of the scale in 

a range of marital situations. Clear component structures that 

encompassed both overt and covert features of marital misery 

were found via exploratory and confirmatory factor analyses. 

The scale is a useful instrument for both research and real- 

world applications because of the scientific rigour that guar- 

antees it generates consistent, relevant measurements. There 

is a lot of promise for incorporating the Divorce Predictors 

Scale into machine learning pipelines that forecast divorces. 

The scale allows AI algorithms to systematically integrate 

complex psychosocial elements into prediction frameworks 

by trans- forming subjective, qualitative experiences into 
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quantitative 

  

ratings. Predictive algorithms, for instance, may use 

numerical scores that indicate the degree of sexual 

unhappiness or the severity of communication issues as 

characteristics to produce more complex and precise 

predictions. 

Furthermore, the studies of Yo¨ntem and ˙Ilhan 

emphasised how cultural influences affect the prominence of 

certain pre- dictors. They noted that although factors like 

sexual unhappi- ness may be very important in certain 

cultures, they may not be as predictive in others where talking 

about intimacy is frowned upon. This cultural awareness is 

essential to creating reliable, broadly applicable models. In 

order to maintain forecasts that are both accurate and socially 

acceptable, AI systems that use the Divorce Predictors Scale 

would need to modify their weighting algorithms to take into 

account local norms and values. In addition to predictive 

modelling, the scale has useful applications for marital 

counsellors and physicians. It may direct diagnostic 

evaluations, assisting practitioners in pinpointing certain 

marital stressors and customising therapies appropriately. For 

example, treatments may concentrate on financial 

counselling instead of typical couples therapy if a couple has 

minimal communication problems but considerable financial 

stress. All things considered, the Divorce Predictors Scale, 

created by Yo¨ntem and ˙Ilhan, provides a standardised, 

culturally flexible instrument that may greatly improve the 

accuracy and interpretability of divorce prediction systems 

by bridging the gap between qualitative marital dynamics and 

quantitative modelling. 

 

O. Data Mining in Sensitive Decision Contexts 

(Baca-Garc´ıa et al., 2006) 

In the very delicate field of clinical decision-making, 

Baca- Garc´ıa et al. [17] used sophisticated data mining 

algorithms to predict the likelihood of hospitalisation after 

suicide attempts. Given that both situations include very 

private information, substantial social shame, and dire 

repercussions for inaccurate predictions, their study offers 

vital methodological insights for divorce prediction. In order 

to find hidden patterns linked to an increased risk of 

hospitalisation, Baca-Garc´ıa et al. combined clinical 

records, demographic data, and narrative clinical notes with 

both organised and unstructured data. They used logistic 

regression and association rule mining to find hidden con- 

nections between factors that didn’t appear to be connected, 

including how specific drug combinations or behavioural 

signs may indicate increased risk. The integration of several 

data sources, including structured survey answers, 

socioeconomic indicators, transcripts of treatment sessions, 

and even social media activity, might reveal intricate risk 

patterns, making this method directly applicable to divorce 

prediction. For example, even before overt marital conflict is 

evident, subtle language patterns in counselling sessions or 

social media postings may indicate growing emotional strain 

or detachment. 

Additionally, when applying data mining to sensitive per- 

sonal circumstances, Baca-Garc´ıa et al. stressed the signif- 

icance of ethical issues. They emphasised issues including 

getting informed permission, safeguarding patient privacy, 

and making sure that forecasts don’t unintentionally hurt 

people. When it comes to divorce prediction studies, these 

same 

  

ethical issues are crucial. Significant emotional and social 

dangers come with predicting marriage dissolution, such as 

prospective actions that might upset family dynamics, legal 

ramifications, and stigmatisation. Therefore, using 

comparable approaches to marriage prediction systems 

requires strong ethical monitoring, clear model explanations, 

and privacy- preserving data mining methodologies. The 

usefulness of pre- dictive models as instruments for proactive 

action as opposed to just predicting was another significant 

finding from their study. Predictive signals were used in the 

clinical setting to initiate prompt support interventions, 

which may have avoided hospitalisation. Similar 

early-warning systems might lessen the social and 

psychological costs of marriage breakup by enabling 

counsellors, social workers, and legislators to provide help 

before relationships irrevocably degrade. 

All things considered, the study of Baca-Garc´ıa et al. pro- 

vides an essential methodological model for using advanced 

data mining methods on delicate societal issues. It empha- 

sises the need to strictly protect people’s rights, privacy, and 

well-being while simultaneously obtaining valuable 

predictive insights. By applying these insights to the field of 

divorce prediction, it may be possible to turn simply reactive 

systems into proactive instruments for maintaining social 

cohesion and family stability. 

 

P. Psychological and Legal Perspectives of Marital Break- 

down (Gaffal, 2001, 2010) 

Gaffal [20] [21] offered a thorough, multidisciplinary in- 

vestigation of marital dissolution, emphasising the ways in 

which psychological suffering and legal frameworks interact 

to influence the divorce procedure. Gaffal illustrated that 

divorce is seldom a merely legal transaction, but rather a 

highly emotional experience that is profoundly impacted by 

the procedures and structures of the legal system itself. He 

did this by drawing on both psychological research and legal 

case study. 

The adversarial character of conventional judicial proce- 

dures, which often intensifies conflict rather than resolves it, 

was one of Gaffal’s main findings. Divorcing couples may 

have increased emotions of betrayal, embarrassment, and 

animosity as a result of legal tactics including fault-finding, 

cross-examinations, and public court records. Prolonged liti- 

gation may prolong mental suffering across months or even 

years, adding to symptoms of anxiety, depression, and post- 

traumatic stress disorder, particularly in contested areas like 

child custody or asset division. Gaffal emphasised how 

people going through a divorce often express a sense of 

powerlessness and loss, which is made worse by convoluted 

legalese and opaque processes. 

These observations are very pertinent to contemporary AI- 

powered divorce forecasting systems. The majority of predic- 

tion models have historically concentrated on psychological 

or demographic variables, such as marital satisfaction 

surveys, educational attainment, or age at marriage. But 

according to Gaffal’s research, the elements of the judicial 

procedure itself could be important predictors. An increased 
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likelihood of extended psychological anguish or more 

acrimonious divorces 

  

may be indicated, for instance, by early indications of 

hostile legal action, court procedures delays, the decision 

between litigation and alternative dispute resolution (ADR), 

and cus- tody conflicts. Such legal factors might be included 

into AI models to improve the accuracy of divorce 

predictions as well as the capacity to forecast unfavourable 

outcomes outside of divorces, including mental health crises 

or situations involving high levels of conflict amongst 

co-parents. Early mediation, for example, may reduce the 

likelihood of long-term animosity and improve the results for 

children, but protracted litigation may result in a couple being 

identified as requiring more psychological help. 

Furthermore, Gaffal highlighted how psychological suffer- 

ing and legal decision-making are mutually dependent. Peo- 

ple’s decisions throughout the legal process may be greatly 

influenced by their emotional states. For instance, one spouse 

may choose to pursue aggressive litigation due to rage or fear, 

while another may settle easily due to sadness, perhaps to 

their own disadvantage. Therefore, predictive algorithms that 

can combine data from legal pathways and psychological 

evaluations may provide more accurate predictions, assisting 

practitioners in determining not only who is most likely to be 

divorced but also who would suffer very negative outcomes 

throughout the divorce process. 

 

Q. Societal and Gender-Based Influences on Divorce 

(Goone- sekere, 2004) 

Goonesekere [22] provided a crucial analysis of how 

cultural norms, legal safeguards, and gender-based violence 

influence divorce trends and marital stability, especially in 

South Asia. Her research shed light on the sometimes unseen 

structural factors that affect when and how marriages end, 

showing that the outward signs of marital stability may 

conceal hidden undercurrents of oppression, anguish, and 

unreported violence. 

Goonesekere’s thorough examination of the legal 

obstacles encountered by women attempting to leave violent 

relation- ships was a significant addition to her study. Despite 

the existence of formal laws permitting divorce, women’s 

legal options are still restricted in many South Asian nations. 

Legal procedures are drawn out and expensive, enforcement 

is sometimes lax, and women who leave 

marriages—especially when children are involved—face 

harsh social scrutiny and shame. Official divorce statistics 

greatly understate the actual frequency of marital breakdown 

and unhappiness since many women are still stuck in toxic 

situations. 

This poses a significant problem for divorce prediction 

algorithms that are based on artificial intelligence. Because 

traditional databases depend on self-reported data or formal 

divorce filings, both of which are skewed by cultural taboos 

and fear of retaliation, they may miss instances of extreme 

marital strife. Data signals suggesting marital instability may 

be vague, indirect, or nonexistent in settings where divorce is 

highly stigmatised or when women who leave suffer pun- 

ishment. In order to detect hidden dangers, Goonesekere’s 

observations highlight the urgent need for context-sensitive 

modelling that goes beyond surface-level data. 

  

Furthermore, Goonesekere emphasised that one of the 

main obstacles to divorce is women’s economic reliance. It is 

practically hard for many women to leave even very abusive 

or unpleasant marriages because they lack independent 

income or property rights. This implies that even in cultures 

with low official divorce rates, factors like women’s work 

status, educational attainment, and asset ownership might act 

as stand-ins for hidden divorce risk in prediction algorithms. 

Goonesekere also investigated how cultural norms deter- 

mine appropriate marital roles and conduct, which has a 

significant impact on how marital conflict is seen and 

reported. For example, actions that are considered abusive in 

one cultural setting could be accepted or downplayed in 

another. Women in patriarchal cultures may internalise 

marital misery as a responsibility or worry about losing 

family honour if they are honest about their own struggles. 

Because signs of marital unhappiness may be hidden entirely 

or communicated in culturally coded language, this cultural 

background makes predictive modelling more difficult. 

Therefore, cultural nu- ances and indirect signs of 

relationship discomfort must be interpreted by effective AI 

systems, maybe using sophisticated natural language 

processing methods sensitive to regional idioms and social 

situations. 

 

R. Clinical Social Work Perspectives on Marital 

Dissolution (Moore & Barry, 2018) 

Through the lenses of clinical social work and health 

intervention, Moore and Barry [26] [27] made substantial 

contributions to our knowledge of marital dissolution. Their 

study, which was published in Clinical Social Work and 

Health Intervention, highlights how marital suffering often 

takes the form of psychosocial crises that need for 

all-encompassing therapies that concurrently address family, 

emotional, and financial issues. They recorded how social 

care workers often deal with marital dispute that is entangled 

with drug misuse, mental health disorders, and domestic 

violence. 

Moore and Barry’s observations highlight how important it 

is to include multi-domain data in predictive models for 

AI-driven divorce prediction systems. Although conventional 

predictions like age, wealth, or communication style are 

useful, Moore and Barry point out that social crises such 

unexpected job loss, medical diagnoses, or traumatic experi- 

ences—frequently act as immediate catalysts for divorce. 

The capacity of models to predict not just divorce but also the 

time and urgency of possible breakdowns might be improved 

by adding factors pertaining to crisis occurrences, mental 

health diagnoses, or previous social work treatments. Moore 

and Barry also noted that a lot of people stay in high-conflict 

relationships because they are afraid of being judged by 

others or because mental health treatments are stigmatised. 

Given that the most distressed couples may be the least likely 

to show up in clinical datasets or self-report surveys, this has 

consequences for the completeness of the data used in 

prediction models. While maintaining ethical safeguards for 

sensitive data, AI systems must be trained to recognise 

indirect signs of distress, maybe via natural language analysis 

of counselling transcripts or even social media data. 
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Finally, arguing that prediction alone is inadequate unless 

it prompts prompt, appropriate treatment for families in 

crisis, Moore and Barry recommend integrated support 

pathways that incorporate predictive analytics with case 

management and therapeutic interventions. 

 

S. Sociological Perspectives on Family and Divorce 

(Moore & Hendry, 1983) 

In their groundbreaking sociology textbook, Moore and 

Hendry [28] examined marriage and family structures as 

dynamic social institutions influenced by shifting social 

roles, cultural norms, and economic shifts. They underlined 

that understanding marital stability requires an understanding 

of larger socioeconomic circumstances, including changes in 

gender norms, community networks, and labour market en- 

gagement. 

Their study offers a macro-level framework for analysing 

trends in marital disintegration, making it very pertinent to 

re- search on divorce prediction. Moore and Hendry, for 

example, showed how Western cultures’ growing 

individualism has led to a rise in divorce rates as 

conventional responsibilities are increasingly subordinated to 

personal fulfilment. According to this sociological 

viewpoint, AI models must to take into account both 

individual-level factors and society-level patterns, such as 

economic indicators, urbanisation rates, and changing 

cultural perceptions of marriage and divorce. Moore and 

Hendry also looked at how changes in women’s economic 

engagement and the distribution of labour within homes have 

changed the dynamics of marriage. Work-life balance, 

gender role views, and variables representing dual-career 

homes may be key indicators of marital stress in predictive 

modelling. Additionally, their study highlights possible 

cultural context- specific variations, cautioning against 

blindly implementing Western-based models in other 

cultures. 

In conclusion, by placing specific marital actions within 

larger structural and cultural pressures, Moore and Hendry’s 

sociological perspective enhances research on divorce pre- 

diction and promotes the creation of models that capture 

dynamics at both the micro and macro levels. 

 

T. Gender, Crime, and Marital Stability (Qureshi, 2006) 

In Women and Crime, Qureshi [29] examined the link 

between gender, criminal activity, and social institutions, em- 

phasising how women’s participation in or victimisation of 

criminal activity may cause marital relationships to become 

unstable. According to her research, women who are 

involved in legal issues or who are victims of domestic abuse 

often suffer significant societal stigma, which heightens 

marital con- flict and raises the risk of divorce. Qureshi’s 

study highlights the significance of including victimisation 

and criminological data into marital stability evaluations for 

divorce prediction systems. Although they present serious 

ethical and privacy issues, factors like past police reports, 

protection orders, or jail records may be powerful predictors 

of marital unhap- piness. Qureshi also emphasised how 

women’s economic dependence and legal vulnerability often 

keep them in toxic marriages, which lowers official divorce 

rates in many nations. 

  

In situations where domestic violence is still 

underreported, predictive models must be built to deduce 

hidden dangers from indirect indicators like financial 

hardship, healthcare use, or counselling involvement. 

Qureshi also emphasised how marriage results are 

impacted by society reactions to women’s crime or 

victimisation, which may range from severe ostracism to 

communal acceptance. Community-level factors including 

local crime rates, the ac- cessibility of legal aid facilities, and 

gender and crime norms should be taken into account by AI 

systems that aim to forecast divorce risk. 

 

U. Women’s Rights and Marital Stability (Satsangi, 2015) 

In Women and Human Rights, Satsangi [30] looked at the 

social and legal structures that control women’s rights in 

India and across South Asia. She brought attention to the 

ongoing discrepancy between constitutional rights and 

real-world prac- tices, pointing out that many women are still 

either ignorant of or unable to assert their legal rights 

throughout marriage and divorce processes. Because it 

reveals how systematic disempowerment of women affects 

marital data, her study is very relevant for divorce prediction. 

Official records may portray marriages as solid, but they may 

conceal high levels of physical violence, mental abuse, or 

economic exploitation. Without taking into account more 

comprehensive measures of women’s autonomy and rights 

knowledge, predictive models that just use divorce files run 

the danger of overlooking this hidden suffering. Additionally, 

Satsangi underlined that women’s readiness to seek divorce 

when required and the durability of marriages are 

significantly influenced by legal lit- eracy and education. 

This implies that factors such as women’s access to media, 

involvement in community legal workshops, and educational 

achievement might serve as helpful stand-ins in predictive 

modelling. Additionally, Satsangi pointed out that regional 

models are necessary for precise divorce prediction in 

culturally varied environments since local practices often 

take precedence over national regulations. 

Last but not least, Satsangi promoted the incorporation of 

predictive systems into more comprehensive empowerment 

plans, making sure that high-risk forecasts set off measures 

meant to shield and assist women rather than put them in 

danger. 

 

V. The Family as a Social Institution (Steel & Kidd, 2001) 

In The Family, Steel and Kidd [31] examined the family as 

a key social institution, highlighting how it both reflects and 

sup- ports larger social institutions. They examined how 

changes in legislative frameworks, cultural norms, and 

economic circum- stances affect the emergence, stability, and 

breakdown of fami- lies. Their research offers crucial 

theoretical underpinnings for comprehending divorce as a 

phenomena entwined with societal change. According to 

Steel and Kidd, changes in gender roles, urbanisation, 

industrialisation, and other socioeconomic transformations 

are often associated with higher divorce rates. They showed 

how rising individuality and shifting gender norms lead to a 

stronger desire to dissolve unions that are seen as restrictive 

or unpleasant. This entails taking into 

  

account macro-level phenomena including migratory 
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patterns, economic fluctuations, and cultural variations in 

marital views while developing divorce prediction models. 

Additionally, Steel and Kidd emphasised how divorce risk is 

impacted by the transfer of marital behaviours between 

generations. Given that children of divorced parents may be 

more prone to divorce themselves, factors that capture 

childhood experiences and family history may greatly 

increase prediction accuracy. Their sociological perspective 

also highlighted the value of social support systems and 

communities in reducing marital stress. Strong familial or 

community ties may help couples overcome obstacles that 

might otherwise result in divorce. Therefore, social network 

data, community involvement measurements, or cultural 

markers of collectivism vs individualism should be taken into 

account by predictive algorithms. 

In the end, Steel and Kidd argued in favour of seeing the 

family as a dynamic organism that is influenced by and 

contributes to the social fabric rather than as an isolated unit. 

This viewpoint encourages the development of divorce 

prediction models that take into account structural and 

cultural elements in addition to individual risk factors, 

guaranteeing that forecasts are responsive to a range of social 

circumstances. 

 

III. TECHNOLOGIES AND METHODOLOGIES 

A. Machine Learning Techniques for Divorce Prediction 

Machine learning (ML) has greatly improved our ability to 

predict divorce by looking at large datasets that include 

marital, psychological, and behavioural factors. Several key 

ML techniques are employed in divorce prediction: 

1) Supervised Learning Models: Logistic Regression (LR): 

One of the simplest yet effective statistical models for binary 

classification, LR is widely used in divorce prediction. It esti- 

mates the probability of marital dissolution based on 

predictor variables such as communication patterns, financial 

stability, and emotional compatibility. 

Decision Trees (DT): DT models use hierarchical, rule- 

based learning to classify relationships into stable or at-risk 

categories. The tree structure provides interpretability, 

making it suitable for understanding key factors influencing 

divorce. 

[2] Random Forest (RF): An ensemble learning method 

that combines multiple decision trees to improve prediction 

accu- racy. RF is useful in handling complex datasets with 

various marital predictors. Support Vector Machines (SVM): 

SVM is employed for classifying stable and unstable 

marriages by finding an optimal hyperplane that separates 

different relationship categories. It is particularly effective in 

handling high-dimensional datasets with multiple 

relationship attributes. 

2) Deep Learning Approaches: Artificial Neural Networks 

(ANNs): ANNs consist of multiple interconnected neurons 

that process data through layers, learning complex 

relationships in marital dynamics. They are useful in 

capturing non-linear pat- terns in large datasets. Recurrent 

Neural Networks (RNNs) and Long Short-Term Memory 

(LSTM): These models are effec- tive in analyzing sequential 

data, such as couples’ conversation patterns over time. 

LSTMs, in particular, help retain long-term dependencies, 

making them ideal for studying gradual changes in marital 

satisfaction. Natural Language Processing (NLP) 

  

for Sentiment Analysis techniques are applied to analyze 

textual data from social media, therapy transcripts, and 

survey responses to assess emotional tones and sentiment 

trends in relationships. Sentiment Analysis: Identifies 

positive, nega- tive, or neutral sentiments in textual 

interactions to evaluate emotional stability in a marriage. 

Topic Modeling: Algorithms like Latent Dirichlet Allocation 

(LDA) help uncover recurring themes in conversations, such 

as financial disagreements or trust issues. 

 

B. Data Collection and Processing 

The quality of data is crucial for building accurate divorce 

prediction models. 

Psychological Assessments: Surveys such as the Gottman 

Relationship Checkup give organised responses on emotional 

health, communication quality, and conflict resolution 

tactics. Behavioral and Social Media Data: Online 

interactions, sen- timent patterns in text messages, and social 

media activity may be evaluated to measure relationship 

stability. Financial and Demographic Records: Economic 

hardship and financial arguments are key factors to divorce. 

Analyzing credit ratings, income difference, and spending 

patterns can better prediction models. 

1) Data Preprocessing Techniques: Feature Selection and 

Engineering: Selecting important features, such as communi- 

cation frequency and emotional mood, helps enhance model 

accuracy. Feature scaling strategies, such as Min-Max scal- 

ing and standardization, assure uniformity among variables. 

Handling Missing Data: Imputation approaches, such as 

mean substitution or K-Nearest Neighbors (KNN) 

imputation, han- dle gaps in datasets to reduce bias in 

predictions. 

Data Augmentation: Synthetic data generating techniques, 

such as SMOTE (Synthetic Minority Over-sampling Tech- 

nique), assist balance databases where divorce instances may 

be underrepresented. 

 

C. Model Training and Evaluation 

To provide robust divorce prediction, algorithms undergo 

thorough training and testing. 

Training Process 

Dataset Splitting: Data is separated into training (70-80%) 

and testing (20-30%) subgroups to prevent overfitting. 

Hyper- parameter Tuning: Techniques like Grid Search and 

Random Search enhance model parameters, boosting 

predictive perfor- mance. 

Cross-Validation: K-Fold cross-validation ensures that the 

model generalizes well across different subsets of data. 

1) Performance Metrics: Model performance is evaluated 

using: 

Accuracy: Measures the percentage of correct predictions. 

Precision and Recall: Precision ensures correct 

identification of at-risk marriages, while recall minimizes 

false negatives. 

F1-Score: A balanced metric combining precision and re- 

call. 

ROC-AUC Score: Assesses the model’s ability to differen- 

tiate between stable and at-risk marriages. 

  

D. Ethical Considerations and Bias Mitigation 
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Data Privacy: Ensuring confidentiality in handling 

personal relationship data is critical. Secure storage and 

anonymization techniques are implemented to protect user 

information. Bias Reduction: ML models must be trained on 

diverse datasets to avoid biases related to gender, 

socioeconomic status, and cultural differences. Techniques 

such as fairness-aware ML algorithms help minimize 

discrimination in predictions. In- terpretability and 

Explainability: Deploying Explainable AI (XAI) techniques, 

such as SHAP and LIME, ensures that model predictions are 

transparent and understandable to coun- sellors and 

researchers. 

 

IV. ANALYSIS OF CURRENT SOLUTIONS 

A. Evaluation of Existing Systems 

Case Studies Several research studies and real-world appli- 

cations have explored the use of machine learning to predict 

divorce. Notable examples include: 

The Gottman Institute’s Marital Stability Model (USA): 

Dr. John Gottman, a psychologist, built a machine learning 

model based on decades of relationship study. By monitoring 

couples’ interactions, including tone, facial expressions, and 

heart rate, the algorithm reached up to 90% accuracy in 

predicting divorce. The system employs Natural Language 

Processing (NLP) and Sentiment Analysis to measure 

communication efficacy. Studies reveal that negative attitude 

in interactions (e.g., criticism, disdain) highly corresponds 

with relationship instability. 

AI-Based Relationship Counseling in Sweden: 

Researchers at Stockholm University constructed a deep 

learning model based on survey responses and behavioral 

data from couples. The model identified marriages as 

”stable” or ”at risk” with an 85% accuracy rate. Features such 

as financial stress, conflict resolution abilities, and emotional 

well-being were major markers of marital outcomes. 

Predictive Analysis of Divorce Cases in Turkey: A 

research investigated a dataset of married couples in Turkey, 

using Decision Trees and Logistic Regression to predict 

divorce. The most important factors were ”mutual trust,” 

”shared interests,” and ”conflict resolution skills.” The study 

underlined the relevance of psychological considerations 

above financial or demographic aspects. 

 

B. Performance Metrics 

Evaluating the accuracy of divorce prediction models is 

crucial for assessing their reliability. Common metrics 

include: 

· Accuracy: Measures the fraction of accurately 

anticipated instances (divorced or stable) relative to actual 

results. AI models trained on psychological and behavioral 

data routinely attain accuracy rates above 80-90%. · 

Precision: Ensures that a high percentage of predicted 

divorces are actual divorces, reducing false alarms. 

· Recall (Sensitivity): Captures the model’s ability to 

detect all at-risk marriages, ensuring that struggling 

relationships are not overlooked. 

  

· F1-Score: A balance between precision and recall, useful 

in cases where there is an imbalance between stable and 

at-risk marriages. 

Advanced AI models, such as Random Forest, Support 

Vector Machines (SVM), and Deep Learning models 

(LSTMs and CNNs), have been reported to achieve high 

F1-Scores (above 85%), making them effective for predicting 

marital instability. 

 

V. CHALLENGES AND FUTURE DIRECTIONS 

Challenges in Divorce Prediction Models Infrastructure 

Re- quirements 

The successful deployment of automated divorce 

prediction systems requires significant computational and 

infrastructural resources: 

Data Processing Power: 

Machine learning models, particularly deep learning-based 

approaches, require high-performance computing (HPC) re- 

sources. Training large-scale models on behavioral, psycho- 

logical, and financial datasets demands substantial GPU/TPU 

power for faster processing. 

Secure and Scalable Databases: 

Storing and analyzing personal and relationship data re- 

quires secure, encrypted databases to prevent unauthorized 

ac- cess and data breaches. Internet and Cloud-Based 

Integration: If divorce prediction models are integrated into 

online coun- seling platforms, sufficient internet bandwidth 

is necessary for real-time analysis and remote accessibility. 

Wearable and IoT 

Devices for Behavioral Monitoring: 

Future advancements could include using wearable 

devices and IoT-enabled tools (e.g., emotion-tracking apps, 

voice pattern analysis) to assess relationship dynamics. 

However, implementing such technology raises privacy 

concerns. 

Public Acceptance and Ethical Considerations Privacy 

Concerns: 

Relationship prediction models analyze highly sensitive 

personal data, raising ethical concerns about data protection, 

informed consent, and user confidentiality. 

AI-based divorce prediction could lead to stigmatization if 

individuals are labeled as ”high-risk” based on behavioral 

patterns. 

Legal and Regulatory Challenges: 

Many countries have strict data protection laws (e.g., 

GDPR, HIPAA) that could impact the collection and use of 

marital data. 

Bias in AI Models: 

Machine learning models can reflect cultural, gender, and 

socioeconomic biases if trained on skewed datasets. Ensuring 

fair and unbiased predictions is a crucial challenge. 

Transparency and Explainability: 

AI models must provide clear explanations for their pre- 

dictions to gain public trust. Explainable AI (XAI) techniques 

can help users understand why a relationship is classified as 

at risk. 

Future Research Opportunities: Future research should ex- 

plore combining traditional statistical methods with AI 

models for improved accuracy. Potential hybrid approaches 

include: 

  

Machine Learning + Internet of Things (IoT): 

Smart home devices (e.g., Alexa, Google Nest) could 

monitor communication patterns and emotional sentiment, 

providing real-time insights into relationship dynamics. 
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IoT-based stress detection (e.g., wearable devices monitor- 

ing heart rate during arguments) could help assess marital 

stability. [1] AI + Blockchain: 

Blockchain technology will enhance data security and pri- 

vacy by ensuring encrypted storage and decentralized access 

to marital records and behavioral data. 

Integration with Relationship Counseling Systems 

AI-powered divorce prediction models could be integrated 

into relationship therapy platforms to provide: 

Personalized counseling recommendations based on AI- 

driven insights. Chatbots for 24/7 relationship support using 

Natural Language Processing (NLP). Real-time alerts for 

high-conflict situations, allowing couples to seek 

professional guidance before conflicts escalate. 

 

VI. RESULTS AND DISCUSSION 

To examine the usefulness of ml and deep learning models 

in divorce prediction, a series of experiments were done 

using publicly accessible datasets, including psychometric 

questionnaire responses, financial indicators, and social 

media interaction metric. The models was developed using 

Python using packages such as Scikit-learn, TensorFlow, and 

Keras. 

 

A. Dataset Description 

The dataset utilised in the trials includes over 170 pa- 

rameters taken from couples’ relationship profiles, spanning 

emotional behaviours, communication quality, personal 

values, and socioeconomic position. Each event was 

categorised as either ’divorced’ or ’not divorced’. Data 

preparation comprised normalization, missing value 

imputation, and label encoding for categorical characteristics. 

 

B. Model Evaluation Metrics 

To assess the model performance, the following metrics 

were employed: 

Accuracy – The percentage of correctly predicted cases. 

Precision – The proportion of positive predictions that 

were actually positive. 

Recall (Sensitivity) – The proportion of actual positive 

cases that were correctly predicted. 

F1-Score – The harmonic mean of precision and recall. 

AUC-ROC Curve – To analyze the trade-off between true 

positive rate and false positive rate. 

 

C. Comparative Model Performance 

D. Analysis and Insights 

The deep learning model based on LSTM outperforms typ- 

ical ML models, notably in capturing sequential relationship 

dynamics and long-term emotional fluctuations, making it 

per- fect for temporal data such as chat transcripts or 

longitudinal relationship surveys. The Random Forest model 

shows high 

performance because to its ensemble nature, decreasing 

over- fitting and boosting generalization. Logistic Regression 

and SVM were more interpretable but trailed behind in 

managing non-linear patterns and complicated feature 

interactions. 

 

E. Model Explainability 

Using LIME and SHAP approaches, crucial variables such 

as emotional support score, frequency of disputes, financial 

differences, and mutual respect index were discovered as 

critical predictors in divorce categorisation. This supports 

psychological literature, verifying the model’s practical use- 

fulness. 

 

F. Real-World Application 

According to usability studies, the LSTM-based model 

produced dynamic risk assessments with over 90% user sat- 

isfaction when incorporated into a prototype counselling tool. 

The model could be used by counsellors to direct early 

interventions, improving the results of therapy. 

TABLE I 
COMPARATIVE PERFORMANCE OF DIVORCE PREDICTION MODELS 

 

Model Accuracy Precision Recall F1-Score AUC-ROC 

Logistic 
Regression 

84.3% 85.1% 83.5% 84.3% 0.89 

Decision Tree 88.7% 89.2% 87.9% 88.5% 0.91 
Random Forest 91.2% 90.7% 91.8% 91.2% 0.94 
SVM 89.6% 88.3% 90.1% 89.2% 0.92 
ANN 92.1% 91.8% 92.3% 92.0% 0.95 

LSTM 94.5% 94.0% 94.9% 94.4% 0.97 

 

 

VII. CONCLUSION 

There are much obstacles as well as exciting opportunities 

in integrating AI into divorce prediction. Although machine 

learning models can provide insightful information about the 

dynamics of relationships, their efficacy is contingent upon 

the quality of the data, ethical issues, and public acceptance. 

Future developments in IoT-enabled behavioural monitoring, 

hybrid AI models, and counselling service integration may 

increase prediction accuracy and facilitate early intervention 

tactics. To guarantee responsible implementation, however, 

issues with explainability, bias, and privacy must be 

addressed. Instead of just predicting divorce outcomes, 

AI-driven divorce prediction can develop into a helpful tool 

that empowers people and fortifies relationships by 

promoting an open and moral approach. 
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