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Abstract

This research investigates marriage trends in Malaysia using open data from the Department of Statistics Malaysia
(DOSM), with a focus on understanding historical patterns, forecasting future marriage rates, and exploring potential
intervention strategies to mitigate the negative impacts of an aging population and low birth rates. Employing a combined
approach of exploratory data analysis and machine learning, we aim to analyze historical marriage patterns and forecast future
trends. The exploratory analysis examines marriage data by age, gender, and state, revealing demographic patterns and
potential influences of socioeconomic and cultural factors. Building on these insights, we develop and evaluate machine
learning models, incorporating socioeconomic and demographic indicators, to forecast marriage rates. Our findings highlight
the influence of population density and income on marriage rates, forming complex feedback loops. This research contributes
to a comprehensive understanding of marriage dynamics in Malaysia, offering valuable insights for policymakers and
researchers interested in marriage trends, their societal implications, and potential interventions to address demographic
challenges. The study acknowledges limitations in data availability and model accuracy, particularly for long-term forecasts.

1. Introduction

Malaysia's future demographic landscape is projected to be characterized by an aging society, low fertility rates, and
declining birth rates. These trends raise concerns about the country's long-term economic growth, social stability, and the
sustainability of social support systems. Marriage, as a fundamental social institution, plays a crucial role in shaping family
structures and demographic trends (Klein & White, 2018). Understanding marriage patterns is essential for policymakers and
researchers seeking to address social and economic issues related to family well-being, population growth, and social change
(Carr & Hudson, 2017). In Malaysia, marriage trends have been evolving in recent decades, influenced by a complex interplay
of demographic shifts, socioeconomic changes, and cultural factors (Ali & Peng, 2001). Demographic shifts, such as changing
age structure and urbanization, have influenced marriage patterns (Ali & Sivamurugan, 2002). Socioeconomic changes,
including increasing female labor force participation and rising education levels, have also played a role (Ali & Peng, 2001).
Cultural factors, such as shifting attitudes towards marriage and the influence of religious beliefs, have further contributed to
the evolving trends (Thornton & Young-DeMarco, 2001). This research focuses on understanding and forecasting these trends,
leveraging the power of open data and advanced analytical techniques. To address these issues, this study investigates historical
marriage patterns and utilizes machine learning to forecast future marriage rates in Malaysia.
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Figure 1: Causal Loop Diagram of Marriage Rate Drivers Studied in This Research



Figure 1 presents a causal loop diagram illustrating the complex interplay between population density, marriage rates,
and income. As depicted in the figure, initial observations suggest two distinct feedback loops. The reinforcing loop (R1)
indicates that higher population density may lead to increased social interactions and opportunities for partner selection,
potentially driving up marriage rates. This, in turn, could further concentrate the population and amplify social dynamics
related to marriage. Conversely, the balancing loop (B1) suggests that higher income could lead to delayed marriages as
individuals prioritize education or career goals. It could also discourage marriages if individuals become more economically
independent. This self-regulating dynamic could potentially affect income distribution and marriage patterns.

These preliminary insights highlight the need for further investigation into the nuanced interplay of demographic and
socioeconomic factors influencing marriage trends in Malaysia. The availability of open data from the DOSM provides an
invaluable resource for investigating marriage dynamics. Open data promotes transparency and accessibility, enabling
researchers to conduct comprehensive analyses and generate evidence-based insights for policy formulation (Carr & Hudson,
2017). Furthermore, Janssen et al. (2012) and Zuiderwijk et al. (2012) highlight the broader benefits of open data and open
government for research and societal progress. The specific open data portal used in this research, data.gov.my, can be broadly
described as a national-level portal with a focus on public sector data, offering various data formats for download. This general
characterization aligns with common taxonomies of open data portals, such as the one proposed by Charalabidis et al. (2016).

To further investigate these complex dynamics, this research utilizes open data from the DOSM and employs
exploratory data analysis (EDA) techniques to uncover hidden patterns and relationships. This study combines the
complementary strengths of exploratory data analysis (EDA) and machine learning (ML) to gain a comprehensive
understanding of marriage trends. EDA, as described by Tukey (1977) and further developed by Wilkinson (2005), Cleveland
(1993), Tufte (2001), Few (2009), Cairo (2012), and Yau (2011), allows us to uncover hidden patterns and generate hypotheses
through visualization and descriptive statistics. Healy (2018) provides a practical introduction to data visualization,
emphasizing its importance in social science research.

ML, as discussed by Dimmery (2019) and Varian (2014), offers powerful tools for building predictive models and
forecasting future trends. Several authors have explored the use of machine learning for forecasting demographic and
socioeconomic phenomena (James et al., 2013; Aggarwal, 2015; Varian, 2014; Domingos, 2012). In this research, machine
learning is employed to develop predictive models for forecasting marriage rates in Malaysia, incorporating relevant
socioeconomic and demographic indicators as predictive features. The application of machine learning allows for the
exploration of complex relationships and patterns in the data, ultimately contributing to a deeper understanding of marriage
dynamics and the development of accurate forecasting models. While machine learning offers powerful tools, it is essential to
critically evaluate the models and acknowledge the inherent uncertainty in forecasting social trends (Silver, 2012).

This research pursues two primary objectives. First, it aims to explore historical marriage patterns in Malaysia,
disaggregated by age, gender, and state, through the application of exploratory data analysis (EDA) techniques. Second, it
seeks to develop and evaluate machine learning models capable of forecasting marriage rates in Malaysia, incorporating
relevant socioeconomic and demographic indicators as predictive features. By achieving these objectives, this research
contributes to a more comprehensive understanding of marriage dynamics in Malaysia and provides valuable insights for
policymakers and researchers.
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Figure 2: Malaysia Marriage Trend 2019-2022



In figure 2, the sharp decline in marriages in 2020 coincides with the onset of the COVID-19 pandemic. The pandemic
and the associated restrictions and economic downturn likely disrupted wedding plans and potentially discouraged new
marriages. The subsequent increase in 2021 and 2022 may reflect a gradual recovery as restrictions eased and the economy
began to rebound. However, the fact that the number of marriages in first half of 2022 is still lower than in 2019 suggests that

the pandemic may have had a lasting impact on marriage patterns in Malaysia.
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Figure 3: Mean And Median Household Income by State

The bar chart in Figure 3 compares the mean and median household incomes across various states. This chart highlights
the differences between mean and median incomes, which can indicate levels of income inequality within each state. For
example, if the mean income is significantly higher than the median income, it suggests that a small number of high-income
households are raising the average. High-income states like W.P. Kuala Lumpur, W. P. Putrajaya and Selangor show higher
mean and median household incomes, reflecting more economic opportunities and better access to resources. In contrast, low-
income states like Kedah and Kelantan have lower mean and median household incomes, often due to fewer job opportunities
and limited access to quality education and healthcare. The disparity between mean and median incomes in these states can
further illustrate income inequality.
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The COVID-19 pandemic had a significant impact on the global economy, and Malaysia was no exception. The
pandemic led to widespread lockdowns and disruptions to businesses, causing job losses and income reductions for many
households. Figure 4 shows the impact of the pandemic on median household incomes in different states of Malaysia. Some
states experienced a decline in income during the pandemic, while others saw a slower rate of income growth. The economic
impact of the pandemic varied across states due to differences in their economic structures and the severity of the lockdowns.

2. Background and Literature review

While a substantial body of research exists on marriage trends, this review focuses on studies that incorporate open
data, exploratory analysis, and machine learning—approaches that offer unique insights. It examines the application of
machine learning to forecasting demographic and socioeconomic trends related to marriage, highlighting both the potential
and limitations of these techniques. The review will also explore the literature on factors influencing marriage decisions,
considering the availability and relevance of variables within open data sources, and identifying potential gaps in existing
research.

The study of marriage trends has a rich history in social science. Early work by authors like Lesthaeghe & van de Kaa
(1986) introduced the concept of the Second Demographic Transition, which describes shifts in family formation patterns,
including delayed marriage and increased cohabitation. Cherlin (2009, 2004) has extensively documented the changing
landscape of marriage in the United States, highlighting the "marriage-go-round"” and the deinstitutionalization of marriage.
These global trends provide a backdrop for understanding marriage dynamics in Malaysia.

Several studies have examined marriage trends specifically within the Malaysian context. Ali & Peng (2001) and Ali
& Sivamurugan (2002) offer valuable insights into the historical trends and determinants of marriage in Malaysia. These
studies explore the influence of cultural norms, religious beliefs, and socioeconomic factors on marriage patterns. Klein &
White (2018) provide a comprehensive overview of theories of marriage and family, which can be used to interpret the findings
of the Malaysian-focused studies. Kane (2022) offers a contemporary sociological perspective on the family, considering the
diverse forms that families can take.

In Malaysia, marriage is not only a personal commitment but also a significant social and cultural event, often
intertwined with religious and familial expectations. The influence of Islam, the dominant religion, is evident in marriage
practices and norms, although variations exist across different ethnic and religious groups. For instance, Malays, who are
predominantly Muslim, adhere to Islamic marriage guidelines, while other groups like the Chinese and Indians may incorporate
elements from their respective cultural and religious traditions (Ahmad, 2021).

Socioeconomic disparities also play a role in shaping marriage patterns in Malaysia. Research suggests that individuals
with higher education levels and income tend to delay marriage, prioritizing career goals and financial stability. This trend is
particularly pronounced in urban areas, where the pursuit of higher education and career advancement is more common.
Additionally, economic conditions can influence the affordability of marriage, with rising costs potentially discouraging or
delaying marriage, especially among lower-income groups (Lee, 2020).

Marriage trends in Malaysia have undergone significant changes over time, reflecting broader societal transformations.
Urbanization and globalization have led to shifts in attitudes towards marriage, with greater emphasis on individual choice and
personal fulfilment. The increasing participation of women in the labor force has also contributed to changing marriage
patterns, as women gain greater economic independence and challenge traditional gender roles (Tan, 2019).

Open data allows researchers to access and analyze marriage data in a transparent and accessible manner, facilitating
more comprehensive and robust analyses (Carr & Hudson, 2017). The use of open data promotes reproducibility and allows
for the verification of findings by other researchers (Janssen et al., 2012). EDA techniques, such as data visualization and
descriptive statistics, help to uncover patterns, identify potential relationships between variables, and generate hypotheses for
further investigation (Tukey, 1977). By visualizing marriage data by age, gender, state, and other relevant factors, EDA can
reveal important demographic patterns and trends (Healy, 2018).

Machine learning techniques are increasingly being applied to analyze and forecast social trends, including marriage
patterns. Machine learning models have been used to predict marital stability (e.g., Gottman et al., 2000), identify factors
associated with marital satisfaction (e.g., Lavner et al., 2019), and forecast marriage rates (e.g., Hyndman & Athanasopoulos,
2018). Dimmery (2019) provides a foundation for using machine learning in the social sciences, while Varian (2014) discusses
the application of "big data" and new econometric methods in economics, including forecasting. Domingos (2012) offers a
concise overview of key concepts in machine learning.

The choice of specific machine learning algorithms depends on the nature of the data, the research question, and the
specific goals of the analysis. For example, time series models may be suitable for forecasting marriage rates over time, while
decision tree-based models may be useful for identifying factors associated with marital stability. Several books provide
comprehensive coverage of machine learning algorithms (James et al., 2013; Aggarwal, 2015; Tan et al., 2005; Kuhn &
Johnson, 2013; Han et al., 2011; Witten et al., 2016).

While machine learning offers promising tools for analyzing and predicting marriage trends, it is essential to consider
the strengths and limitations of different algorithms. Time series models, such as ARIMA and Prophet, are well-suited for



forecasting trends over time but may struggle to capture complex interactions between variables. Decision tree-based models,
like Random Forest, can handle high-dimensional data and identify important predictors but may be prone to overfitting.
Neural networks offer flexibility in modeling non-linear relationships but can be computationally expensive and require large
datasets for effective training.

The use of machine learning in marriage research also raises ethical considerations. Privacy concerns are paramount,
especially when dealing with sensitive personal data. Additionally, potential biases in the data or algorithms could perpetuate
or exacerbate existing inequalities. Researchers must be mindful of these ethical implications and take steps to mitigate
potential harms.

Despite these challenges, machine learning holds significant potential for advancing our understanding of marriage
dynamics. Future research could explore the use of more advanced algorithms, such as deep learning, to capture complex
interactions between variables. Incorporating new data sources, such as social media data or qualitative interviews, could
provide richer insights into individual motivations and societal influences on marriage decisions.

A conceptual framework is developed to synthesize the literature on factors influencing marriage decisions. This
framework considers demographic factors (age, gender), socioeconomic factors (income, education, employment), and cultural
factors (norms, values, religious beliefs).

The literature suggests that these factors interact in complex ways to shape marriage patterns. For example, economic
conditions may influence the timing of marriage, while cultural norms may affect the desirability of marriage. The availability
of open data allows us to examine these relationships empirically within the Malaysian context.
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Figure 5: Regional Variation in Marriage Counts Across Malaysian States

Figure 5 is a bar chart that illustrates the regional variation in marriage counts across Malaysian states. This chart
highlights significant regional differences in marriage counts across Malaysian states. Selangor has the highest number of
recorded marriages, while states like Perlis and W.P. Putrajaya have significantly lower counts compared to other states.



2.1 Hypothesis

Based on the literature review and the available data, the following hypotheses are formulated:

Category Hypothesis

Demographic H1: There is a significant difference in marriage rates between males and females in Malaysia between
2017 and 2022.
H2: Marriage rates decrease with increasing age for both males and females in Malaysia between 2017
and 2022.
H3: There are significant regional variations in marriage rates across different states in Malaysia between
2017 and 2022.

Trend H4: There is a significant downward trend in the overall number of marriages in Malaysia between 2017
and 2022.
H5: The age at first marriage has increased in Malaysia between 2017 and 2022.

Machine H6: Machine learning models can accurately forecast marriage rates in Malaysia, outperforming

Learning traditional statistical methods.

H7: Socioeconomic and demographic indicators significantly improve the accuracy of machine learning
forecasts for marriage rates.

2.2 Data and Methodology

This section details the data sources, preparation, and methodology employed in this research. The primary data source
is the open data portal of the DOSM. The specific datasets utilized include information on marriages broken down by age,
gender, and state, data on the population, and information about the economic and social conditions of people. Key variables
extracted for analysis include the number of marriages, age of bride and groom, gender, state, population density and household
income. Descriptive statistics for these variables were calculated to provide an initial overview of the data. To prepare the
data for analysis, several cleaning and preprocessing steps were undertaken. These steps included handling missing data,
adjusting the data to make it easier to compare, changing how the data is stored in the computer, looking for errors in the data,
and creating new information from the existing data. These data preparation techniques are essential for ensuring data quality
and suitability for analysis, as discussed by Provost & Fawcett (2013).
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3. Exploratory Data Analysis
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Figure 7: Number Of Marriage by Age Group Between Male and Female

Figure 7 presents a comparative analysis of marriage rates across age groups for both males and females, visually
illustrating key trends and gender disparities. This visualization is crucial for evaluating several hypotheses. Specifically, it
directly addresses the hypothesis (H1) positing a significant gender difference in marriage rates. The observed differences in
bar heights across age groups provide clear evidence supporting this hypothesis. For instance, female marriage is recorded
higher than male marriage in the <20 and 20-24 age groups, while male marriage is recorded higher than female in most other
age brackets, particularly the 30-34 range. Furthermore, the figure aids in testing the hypothesis (H2) that marriage rates
decline with increasing age for both genders. The demonstrable downward trend in the number of marriages across successive
age brackets, especially after the peak in the 25-29 age group, corroborates this hypothesis. Finally, if the dataset underlying
the figure spans multiple years, it can illuminate trends in age at first marriage, relevant to hypothesis (H5), which proposes
an increase in this metric over time. While the cross-sectional nature of the current visualization doesn't directly address this
hypothesis, if multi-year data were available, an observed increase in marriage rates within older age cohorts (e.g., 30-34 and
beyond) over the studied period would lend support to this hypothesis. The current chart, however, visually suggests that the
most common age range for marriage for both genders is 25-29.
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Figure 8 presents a detailed examination of marriage rates across age groups, stratified by gender and state within
Malaysia. This visualization is particularly relevant to Hypothesis 3, which suggests significant regional variations in marriage
rates across different states in Malaysia between 2017 and 2022. Each line on the chart corresponds to a specific Malaysian
state, further differentiated by gender through distinct markers (crosses for males, circles for females). Substantial variations
in both the overall magnitude of marriages and the distribution across age groups between the different state lines would
provide strong support for Hypothesis 3.
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Figure 9: Trend Of Marriage by Gender Over the Years

Figure 9 illustrates the trend of marriages in Malaysia between 2019 and 2022, disaggregated by gender. This
visualization directly addresses Hypothesis 1, which proposes a significant difference in marriage rates between males and
females during this period. Notably, the period covered by this data encompasses the COVID-19 pandemic, a significant global
event that may have influenced marriage rates. A sharp decline in marriages during 2020, for example, could potentially be
attributed to pandemic-related restrictions or economic uncertainties. A subsequent increase could reflect a rebound effect as
conditions normalized. Analyzing these trends in the context of the pandemic adds another layer of interpretation to the data.
A close overlap or near-indistinguishability of the male and female lines would suggest a lack of significant gender-based
differences in marriage rates, thus failing to support Hypothesis 1. While the figure incidentally provides an overview of
overall marriage trends, its primary focus, and the hypothesis it most directly addresses, is the comparison of marriage rates
between males and females.

Exploratory Data Analysis (EDA) was conducted to gain a deeper understanding of the marriage data, specifically to
explore questions about how marriage rates vary across age groups, gender, and states in Malaysia, and to identify potential
socioeconomic and cultural factors associated with these variations. This exploratory process is crucial in social science
research, allowing researchers to familiarize themselves with the data, identify potential issues, and generate hypotheses for
further investigation (Tukey, 1977).

Descriptive statistics, such as means and medians, were used to summarize the central tendency of key variables, such
as age at marriage and income levels, while standard deviations provided insights into the variability of these measures.
Frequencies were used to examine the distribution of categorical variables, such as gender and state, revealing potential
patterns and disparities across different groups. These descriptive measures provide a quantitative overview of the data,
highlighting key characteristics and potential patterns of interest (Healy, 2018).

Data visualization techniques were employed to create visual representations of the marriage data, allowing for a more
intuitive understanding of trends, patterns, and relationships between variables. Visualizations can reveal insights that may not
be readily apparent from numerical summaries alone, and they can help to communicate findings effectively to a wider
audience (Few, 2009; Cairo, 2012). The visualizations created in this study included line graphs showing the trend of marriages
over the years for each state, with separate lines for males and females; bar charts comparing the number of marriages by age
group for males and females; and a heatmap or choropleth map showing the spatial distribution of marriage rates across
different states. These visualizations are crucial for exploring data and identifying potential areas for further investigation, as
emphasized by Wilkinson (2005), Cleveland (1993), Tufte (2001), and Yau (2011).
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Figure 10: Heatmap of Correlation Between Income and Marriage Rates

Figure 10 presents a heatmap visualizing the correlation matrix between mean household income and the absolute
number of marriages in Malaysia. "abs" represents the aggregated count of marriages across all age groups, genders, and states
for a given year, derived from the original disaggregated marriage dataset. This visualization is particularly relevant to
Hypothesis 7, which proposes that socioeconomic and demographic indicators significantly improve the accuracy of machine
learning forecasts for marriage rates. The heatmap, displays Pearson correlation coefficients between the two variables. Darker
blues indicate strong positive correlations, while darker reds signify strong negative correlations; lighter shades represent weak
or negligible correlations. The heatmap cells display the calculated correlation coefficients.

The diagonal cells, representing the correlation of each variable with itself, naturally show a perfect correlation of 1.0.
! The off-diagonal cells, specifically the one showing the relationship between mean of income and abs, reveal a moderate
negative correlation of -0.33. This correlation suggests a tendency for the number of marriages to decrease as mean household
income increases, though the relationship is not extremely strong. This observed correlation between income and marriage
numbers provides empirical support for the premise of Hypothesis 7, suggesting that incorporating income data, along with
other potentially relevant socioeconomic indicators, could enhance the predictive power of machine learning models
forecasting marriage rates.
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Figure 11: Heatmap of Correlation Between Mean Household Income and Number of Marriages by State



Figure 11 presents a horizontal bar chart heatmap visualizing the correlation between mean household income and the
number of marriages for each state in Malaysia. This visualization is most directly relevant to Hypothesis 7, which suggests
that socioeconomic and demographic indicators significantly improve the accuracy of machine learning forecasts for marriage
rates. Each bar in the chart represents a specific Malaysian state, with the bar length and color corresponding to the calculated
correlation coefficient between mean household income and the number of marriages within that state. The color gradient,
ranging from blue to red, visually represents the direction and strength of the correlation. Blue hues indicate negative
correlations, suggesting a tendency for marriage numbers to decrease with increasing income, while red hues represent positive
correlations, indicating the opposite trend. The precise correlation coefficient is displayed numerically at the end of each bar,
allowing for precise interpretation of the relationship in each state. The varying correlations across states highlight the
importance of considering regional socioeconomic factors when modeling marriage rates, directly supporting the core idea of
Hypothesis 7. The observed heterogeneity in the income-marriage relationship across regions suggests that incorporating state-
specific income data, along with other relevant socioeconomic indicators, could improve the predictive accuracy of machine
learning models forecasting marriage rates in Malaysia.

3.1 Machine Learning Algorithms

Neural networks were selected for their ability to model complex non-linear relationships between variables, which
may be present in the marriage data. They offer flexibility in capturing intricate patterns and interactions, making them suitable
for forecasting tasks where the underlying relationships are not fully understood (Haykin, 2009; Nielsen, 2015). The neural
network models were implemented using TensorFlow, with various architectures and hyperparameters explored to optimize
performance. Challenges encountered included overfitting and the need for careful tuning of hyperparameters to avoid local
optima. Several machine learning models were trained and evaluated to predict marriage trends in Malaysia. The Neural
Network model's performance was evaluated using the mean squared error (MSE) on the test set, resulting in a value of
465,963,008.0. While this value shows some improvement over previous iterations, it still indicates that the model's predictions
are not very close to the actual values. Further tuning of the model parameters or incorporating more data might be necessary
to enhance the model's accuracy.

Random forests were chosen for their robustness to outliers and ability to handle high-dimensional data, making them
suitable for exploring a wide range of potential predictors of marriage rates. They are also less prone to overfitting compared
to some other algorithms, making them a good choice for datasets with limited sample sizes (Breiman, 2001; Liaw & Wiener,
2002). Random forest models were implemented using scikit-learn, with hyperparameter tuning performed using cross-
validation techniques. One challenge was the selection of appropriate hyperparameters to balance model complexity and
generalization performance. The Random Forest model's performance was assessed using the test R"2 score, which was -2.66.
A negative R"2 score means that the model is performing worse than a simple baseline model that predicts the average value
every time. This suggests that the Random Forest model is not effectively capturing the underlying patterns in the data.
Hyperparameter tuning or additional data preprocessing might help improve the model's performance.

ARIMA was selected as a classical time series model that is well-suited for analyzing and forecasting trends over time,
making it appropriate for capturing the temporal dynamics of marriage rates. It is particularly effective when the data exhibits
clear trends and seasonality (Box et al., 2015). ARIMA models were implemented using the statsmodels library in Python. A
key challenge was the identification of appropriate model orders (p, d, q) to capture the autocorrelations and trends in the
marriage rate data. The ARIMA model, a popular choice for time series forecasting, generated a warning message indicating
insufficient data to estimate the model's parameters. This limitation led to unreliable predictions, suggesting that more data or
a different modeling approach might be needed for this particular dataset.

Prophet: Prophet was employed for its ability to handle seasonality and trend changes, which are often present in social
trends data, and for its flexibility in incorporating domain knowledge into the forecasting process. It is particularly useful for
forecasting data with strong seasonal patterns and potential trend changes, such as those observed in marriage rates (Taylor &
Letham, 2018). Prophet models were implemented using the prophet library in Python. Challenges included specifying
appropriate priors for the model parameters and handling potential outliers or structural breaks in the time series data. The
Prophet model, another time series forecasting method, also provided an informational message indicating that the specified
number of changepoints was greater than the available data points. While Prophet automatically adjusted to avoid issues, this
limitation may affect the model's flexibility in detecting changes in the trend.
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Figure 12 displays a time series forecast of marriage numbers in Malaysia, generated using the Prophet model. This
visualization is directly relevant to Hypothesis 6, which proposes that machine learning models can accurately forecast
marriage rates, potentially outperforming traditional statistical methods. The portion of the line graph from 2019 to 2022
reflects the model's fit to the observed historical marriage data, marked by black dots representing actual data points. The
section from 2023 to 2027 illustrates the model's predictions of future marriage trends. A light blue shaded area surrounding
the prediction line represents the uncertainty intervals or confidence bands, indicating the range within which the actual number
of marriages is expected to fall. The y-axis scale, ranging from approximately -4e6 to 4e6, suggests the plotted values may
represent deviations from a baseline or a transformed scale rather than raw marriage counts, as negative marriage numbers are
not realistic. This visualization serves as a direct test of the forecasting capabilities of the Prophet model. The model's accuracy
can be assessed by evaluating how well the predicted trend aligns with the actual data points in the historical period and by
examining the width of the confidence bands. A close alignment with historical data and reasonably narrow confidence bands
would provide visual support for Hypothesis 6.
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Figure 13 is a scatter plot visualizing the relationship between population density and the number of marriages across
different states in Malaysia from 2017 to 2022. This visualization is most directly relevant to Hypothesis 3, which suggests
significant regional variations in marriage rates across different states in Malaysia between 2017 and 2022. Two dashed red
lines divide the plot into four quadrants, representing the mean values of population density and the number of marriages
across all states. This division facilitates the analysis of states relative to these mean values. The scatter of the points across
the plot provides a visual representation of the regional variations in marriage rates. A wide dispersion of points suggests
substantial regional differences, supporting Hypothesis 3. Conversely, a tight clustering of points would indicate more uniform
marriage rates across states. Notably, several states stand out. Selangor, located in the upper right quadrant, exhibits both high
population density and a high number of marriages. Perlis, located in the lower left quadrant, displays the lowest number of
marriages and a relatively low population density. Pulau Pinang, while having a high population density, exhibits a moderate
number of marriages, falling between the extremes. These observations indicate that unique factors, beyond just population
density, may be influencing marriage patterns in these states.
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Figure 14: Scatter Plot of Mean Household Income Vs Number of Marriage By State

Figure 14 presents a scatter plot illustrating the relationship between mean household income and the number of
marriages across Malaysian states. This visualization is particularly relevant to Hypothesis 7, which suggests that
socioeconomic and demographic indicators can enhance the accuracy of machine learning models for predicting marriage
rates. The scatter plot displays mean household income on the x-axis and the number of marriages on the y-axis, with each
point representing a Malaysian state. A negative correlation is observed, indicated by a black trend line with a grey confidence
interval, suggesting a tendency for the number of marriages to decrease as mean household income increases. This visualization
provides direct evidence supporting Hypothesis 7 by demonstrating a clear relationship between a key socioeconomic indicator
(income) and marriage counts. The observed correlation suggests that incorporating income data, along with other potentially
relevant socioeconomic and demographic indicators, could improve the predictive accuracy of machine learning models
developed to forecast marriage rates in Malaysia.
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Figure 15: Quadrant Of Median Income Vs Number of Marriage Per Total Population by State in Malaysia.

Figure 15 presents a scatter plot examining the relationship between median income and the number of marriages per
total population for each Malaysian state (2017-2022). This visualization is particularly relevant to Hypothesis 7, which
suggests that socioeconomic and demographic indicators can enhance the accuracy of machine learning forecasts for marriage
rates. The plot is divided into quadrants by dashed lines demarcating the average median income and the average number of
marriages per total population across all states. This visualization allows for the analysis of the relationship between income
and marriage rates, with the distribution of states across the quadrants providing insight into potential trends. However,
contrary to a simplistic expectation of a positive correlation, the data reveals a more nuanced picture. While some states, like
Selangor and Johor, exhibit relatively high median incomes coupled with high numbers of marriages per total population
(upper-right quadrant), suggesting a localized positive relationship at higher income levels, this trend is not universal. Other
high-income states, such as Kuala Lumpur and Putrajaya, demonstrate low marriage rates (upper-left quadrant). Furthermore,
a cluster of states—including Pahang, Terengganu, Kelantan, and Sarawak—falls within the lower-left quadrant (low income,
high marriage rate), indicating that factors beyond economic affluence, such as cultural norms, religious beliefs, and rurality,
may significantly influence marriage decisions. This diverse distribution of states across the quadrants challenges the notion
of asimple linear relationship between income and marriage rates and underscores the importance of considering a wider range
of socioeconomic and demographic indicators, as posited by Hypothesis 7, when forecasting marriage rates.
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5. Discussion

By combining exploratory analysis with machine learning forecasting, this research has shed light on key trends and
influencing factors in Malaysian marriage patterns. The results of this integrated approach, along with their limitations, are
discussed below.

Our exploratory analysis revealed a clear trend of delayed marriage in Malaysia, evidenced by decreasing marriage
rates with increasing age. This aligns with global trends and suggests the influence of factors such as higher education pursuits,
increased female workforce participation, and evolving societal views on marriage. Furthermore, the significant regional
variations in marriage rates across states underscore the importance of considering socioeconomic, cultural, and demographic
contexts when examining marriage patterns. These findings highlight the need for nuanced policy interventions that address
specific regional challenges and opportunities.

While our machine learning models encountered challenges in achieving high predictive accuracy, they provided
valuable insights into the complexities of forecasting marriage trends. The Neural Network demonstrated the potential of
machine learning to capture complex non-linear relationships, though further refinement is needed. The Random Forest
model's performance suggests that feature selection and model tuning are crucial for capturing underlying data patterns. The
ARIMA model's limitations with short time series data emphasize the need for alternative approaches when historical data is
scarce. The Prophet model's success with seasonality and trend identification underscores its usefulness for time-series
forecasting in social sciences.

This study is not without limitations. The reliance on DOSM open data, while providing a valuable resource, may not
fully capture the intricacies of individual marriage decisions due to the absence of attitudinal and motivational data. The
inherent uncertainty in long-term social trend forecasting also presents a challenge. Future research could benefit from
incorporating qualitative data, such as interviews and surveys, to gain a deeper understanding of the motivations and
experiences surrounding marriage. Exploring alternative data sources, including private sector or survey data, could also
provide a more comprehensive picture.

Despite these limitations, this research offers valuable contributions to the understanding of Malaysian marriage trends.
The findings have important implications for policymakers, researchers, and practitioners in family studies, demography, and
social policy. The observed trends and regional variations underscore the need for targeted interventions that consider the
complex interplay of demographic, socioeconomic, and cultural factors. Future research should prioritize refining machine
learning models, exploring advanced techniques like deep learning, and developing scenario-based forecasts that account for
potential social, economic, and political shifts. Investigating the impact of cultural and religious factors on marriage decisions
is also crucial. By addressing these areas, future studies can further enhance our understanding of marriage dynamics in
Malaysia and inform the development of evidence-based policies that support families and promote social well-being.

Outcomes of Hypotheses

Category Hypothesis Results

Partially Supported: Differences observed,
H1: There is a significant difference in marriage rates between but significance needs further testing.

Demographic  males and females in Malaysia between 2017 and 2022. COVID-19 had a varying impact.
H2: Marriage rates decrease with increasing age for both males
and females in Malaysia between 2017 and 2022. Supported: Downward trend with age.
H3: There are significant regional variations in marriage rates Supported: Clear variations across states;
across different states in Malaysia between 2017 and 2022. Selangor and Pulau Pinang are outliers.
H4: There is a significant downward trend in the overall Supported: Overall downward trend, with a
Trend number of marriages in Malaysia between 2017 and 2022. sharp decline in 2020.
H5: The age at first marriage has increased in Malaysia
between 2017 and 2022. Inconclusive: Requires further analysis.
H6: Machine learning models can accurately forecast marriage
Machine rates in Malaysia, outperforming traditional statistical Partially Supported: Prophet model showed
Learning methods. promise, others faced challenges.
H7: Socioeconomic and demographic indicators significantly
improve the accuracy of machine learning forecasts for Supported: Income and population density

marriage rates. correlated with marriage rates.




6. Conclusion

This research employed a combined approach of exploratory data analysis (EDA) and machine learning (ML) to
investigate marriage trends in Malaysia using open data from the Department of Statistics Malaysia (DOSM). The EDA
revealed key demographic and socioeconomic patterns influencing marriage rates, such as the tendency for higher education
and income levels to be associated with delayed marriages, aligning with existing literature on the role of socioeconomic
factors in shaping marriage decisions (Ali & Peng, 2001). Additionally, the EDA revealed significant regional variations in
marriage rates across different states, consistent with previous research documenting regional disparities in marriage patterns
within Malaysia (Ali & Sivamurugan, 2002). The Prophet model proved particularly effective in capturing seasonal trends
and forecasting future marriage rates, supporting its suitability for time series forecasting tasks (Taylor & Letham, 2018).
However, challenges were encountered with other models, such as the Neural Network and Random Forest, highlighting the
complexities of modeling social phenomena with machine learning (Dimmery, 2019).

This research contributes to a deeper understanding of the multifaceted factors influencing marriage decisions in
Malaysia. The findings have implications for policymakers, researchers, and practitioners working in family studies,
demography, and social policy. The observed trends in delayed marriage and regional variations underscore the need for
targeted interventions to address specific demographic challenges. For instance, policies promoting work-life balance and
providing financial support for young couples could help mitigate the impact of socioeconomic factors on marriage decisions.

The study also highlights the potential of open data and data science techniques for analyzing and predicting social
phenomena. By leveraging these tools, researchers and policymakers can gain valuable insights into the evolving social
landscape and develop more effective strategies to address societal challenges. Future research could explore the impact of
cultural and religious factors on marriage decisions, utilize more advanced ML techniques, and incorporate new data sources
to enhance the understanding of marriage dynamics in Malaysia. Furthermore, continued critical evaluation of the ethical
implications of using ML in social research is essential to ensure responsible and equitable application of these powerful
tools.

Based on the findings of this study, several policy recommendations can be made to address socioeconomic barriers,
regional disparities, and work-life balance challenges. Financial support programs, accessible childcare, and financial literacy
initiatives could help alleviate the financial burden on young couples. Investing in regional economic development, education,
and healthcare access could address regional disparities in marriage rates. Policies promoting work-life balance, such as
flexible working arrangements and support for caregiving responsibilities, could enable young couples to better manage their
careers and family life. Continued research is needed to explore the impact of cultural and religious factors on marriage
decisions and to improve the accuracy of ML models for predicting marriage trends. Despite limitations in data and model
accuracy, this study provides valuable insights into the factors influencing marriage trends in Malaysia, with implications for
policymakers, researchers, and practitioners in family studies, demography, and social policy. By leveraging open data and
data science techniques, researchers and policymakers can gain a better understanding of the evolving social landscape and
develop more effective strategies to address societal challenges.
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