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A Proposed Statistical Model to Study the Impact of Economic Conditions
on Marriage and Divorce Rates in Egypt

Fayrouz Attia, Dr.Mohamed Reda, Dr.Suzan Abd El rahman

Abstract

This research aims to develop a comprehensive statistical model to study the
Impact of economic and social variables on marriage and divorce rates in Egypt
during the period 1990-2022, based on data from the Central Agency for Public
Mobilization and Statistics (CAPMAS) and the World Bank. The research
utilized three of the most advanced economic models: Dynamic Linear
Regression (DOLS), Auto distributed Lag (ARDL), and Bayesian Autoregression
(BVAR), to analyze the short- and long-term relationships between economic
variables and marriage and divorce indicators.

The quantitative results showed that the unemployment rate and the inflation rate
are the most influential economic variables on family stability. The ARDL model
demonstrated that a 1% increase in unemployment leads to a 1.95-unit decrease
in the marriage rate and a 0.016-unit increase in the divorce rate. Meanwhile, the
DOLS model indicated that high inflation contributes to a decrease in marriage
rates in the short term and an increase in them in the long term due to accumulated
economic pressures. The BVAR model showed that acute economic shocks, such
as price increases or labor market volatility, have reciprocal effects on marriage
and divorce rates over time. The coefficient of interpretation (R2) for the divorce
equation was 0.93, and for the HDI, it was 0.99, reflecting the strong structural
correlation between these variables.

The Human Development Index (HDI) demonstrated a highly significant double-
dip effect (at the 5% level), where a one-unit increase in the HDI leads to an
increase in the marriage rate of approximately 67.01 units, while simultaneously
increasing the divorce rate of approximately 24.41 units. This pattern reflects the
“contradictory frontiers” of development: it raises living standards and facilitates
family formation, but it also increases individual autonomy and the ability to
choose separation when interests conflict. The fertility rate was also statistically
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significant (at the 10% level), showing a positive correlation with both marriage
(+11.37) and divorce (+3.46) rates, indicating economic stress within families
with high reproductive burdens.

Variables that proved statistically insignificant in most models include GDP per
capita growth rate, female labor force participation, population growth rate, and
the demographic dependency ratio. The coefficients for these variables appeared
weak and insignificant in both the DOLS and ARDL models, although their
signals are consistent with socio-economic theory, reflecting slow changes in
social structure and family roles whose effects only become apparent in the long
term.

The Johansen cointegration test confirmed the existence of seven long-term
cointegration equations among the studied variables, indicating their collective
movement toward a shared socio-economic equilibrium. Causality analysis using
the Granger test showed that the Human Development Index (HDI), the marriage
rate, and the average age of women at marriage are among the variables
contributing to changes in divorce rates in Egypt, at a significance level of less
than 1%.

The results clearly reveal that marriage and divorce in Egypt are not purely
individual behaviors, but rather a direct reflection of economic and social
transformations. Every increase in inflation and unemployment rates leads to the
postponement of marriage and an increase in divorce. While human development
contributes to improving quality of life and raising marriage rates, it
simultaneously reinforces individualism, which may increase the likelihood of
separation. The study concluded that economic and social policies in Egypt must
adopt an integrated approach that balances economic development with family
stability. This can be achieved by reducing inflation and unemployment and
directing human development programs toward supporting family values and
commitment, thus ensuring that development serves as a tool for strengthening
social cohesion, not dismantling it.

Keywords:

Marriage Rate, Divorce Rate, Economic Conditions, Egypt, Cointegration,
BVAR, DOLS, ARDL
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Introduction:

Marriage and divorce are among the most important social phenomena reflecting
individuals' interaction with their economic and social circumstances, and they
serve as key indicators for measuring societal stability and cohesion. The
relationship between the economy and the family is close; economic crises,
inflation rates, unemployment, and income levels all influence individuals'
decisions regarding family formation or dissolution. In many countries, major
economic shifts have had direct effects on family behavior, with marriage rates
tending to decline during periods of economic recession, while divorce rates rise
under pressure of living conditions and declining levels of social welfare.

In the Egyptian context, this relationship is particularly significant given the
structural changes the Egyptian economy has undergone over the past three
decades, from economic reform programs and the transition to free market
mechanisms to periods of inflationary volatility and high unemployment,
especially in the years following 2016. These transformations have not only
affected income and living standards but have also extended to the social structure
of the Egyptian family. Data from the Central Agency for Public Mobilization
and Statistics (CAPMAYS) indicates a significant decline in marriage rates since
2015, coupled with a steady rise in divorce rates, particularly in urban areas and
among middle- and working-class families. This trend raises important questions
about the extent to which macroeconomic variables such as unemployment,
inflation, GDP, and human development influence the behavior and crucial
decisions of Egyptian families.

Several previous studies have examined the relationship between economic
conditions and family indicators in various international contexts. For example,
a study by Kok & Kutlar (2021) in Turkey showed that unemployment is
positively correlated with divorce rates, while inflation does not exhibit a
significant impact. Similarly, a study by Schneider & Hastings (2021) in the
United States demonstrated that divorce rates temporarily decrease during
economic recessions due to the "financial constraints effect,” but then rise again
after conditions improve as a result of accumulated psychological and economic
pressures. Research by Bremmer & Kesselring (2004) demonstrated a long-term
equilibrium relationship between divorce and women's participation in the labor
market, while Heller & Edwards (1999) confirmed that rising education levels
and urbanization increase the likelihood of divorce globally amidst the social
changes accompanying development.
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Despite the importance of these studies, most focused on Western or Asian
contexts, while the Arab region in general, and Egypt in particular, lacks recent
guantitative studies that combine economic and social analysis of the family using
advanced econometric models. This study differed from previous studies in three
key aspects:

First, it integrated several modern economic models (BVAR, DOLS, ARDL) to
analyze the relationship between economic and social variables in both the short
and long term, allowing for more precise measurement of their interactions.

Second, it covered a long period, from 1990 to 2022, a period that witnessed
major economic transformations in Egypt. Third, it incorporates demographic and
social variables such as fertility rates, women's participation in the labor market,
the Human Development Index, and the demographic dependency ratio, thus
providing a comprehensive view that links the economy to society.

Therefore, this study aims to fill a significant knowledge gap in the literature on
the relationship between the economy and the family, by presenting an integrated
statistical model that illustrates how major economic variables shape the family
structure in Egypt, and how policymakers can formulate balanced economic and
social policies that contribute to strengthening family stability and reducing the
rising divorce rate.

Literature Review:

A study by Bao, et al., 2023 titled highlighted the relation of the number of
siblings one grew up with to divorce in later life. Using longitudinal data from
Add Health, a US national study, which tracked thousands of people from
adolescence through adulthood, the authors analyzed the effect of sibling number
on marital stability using logistic regression models, including controls for
education, income, religious background, and demographic characteristics. On
average, an additional sibling reduces the likelihood of divorce by 2% to 3%,
reinforcing the idea that family resources are optimally invested when more
siblings exist, creating essential social skills of negotiation, tolerance, and conflict
resolution needed to sustain a successful marriage. The results indicated that the
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inverse relationship between sibling number and divorce remained strong even
after adjustment for socioeconomic factors, reflecting the role of the family
environment in childhood, specifically in large families, in teaching resource
sharing and fostering early social interaction, hence enhancing one's ability to
adapt to the demands of married life and reducing the likelihood of future
separation.

In the study by Kutlar (2021) aimed to analyzing the impact of economic
recessions on divorce rates in Turkey between 2001 and 2019. In this respect,
they test the relationship between some selected macroeconomic indicators such
as an unemployment rate, inflation, GDP per capita, and labor force participation
rate, with annual divorce rates. The official data were obtained from the Turkish
Statistical Institute (TurkStat) and the Central Bank of Turkey. They used
Ordinary Least Squares (OLS) regression analysis for investigating the statistical
relationship among the variables. Results showed that unemployment correlates
positively with divorce rates; that is, the high rate of unemployment increases
divorces because of increased psychological and financial stress within families.
Another variable was that of inflation, which was not effective in affecting
divorce rates, while higher per capita GDP reduces the probability of divorce,
signifying that improved income encourages marital stability. The study further
documented that the major economic recessions that Turkey has faced,
particularly those in 2001, 2008, and 2018, correspond to the significant increases
in divorce rates. The researchers thus concluded that economic crises increase
pressures on families, posing the need for social and economic policy
interventions which can reduce their impacts on family stability. (Kutlar, 2021)

The Study of Schneider, (2021), was one of the foundational studies that
restructured academic knowledge about the complex relation of economic
fluctuations with divorce rates. This hard analytical work utilized longitudinal
data from the American Community Survey, covering all 50 US states and the
District of Columbia from 2009 to 2019, based on multilevel regression models
for estimating causal relations. These results found a countercyclical relationship,
two-sided in its dynamics: a higher level of unemployment immediately reduces
divorce rates in the short run because of the "financial constraint effect” that
makes households reluctant to bear the high costs of separation during times of
general economic uncertainty. On the contrary, a fall in real estate assets, the main
component of American household wealth, associated with an increase in
foreclosure rates, leads to a strong increase in divorce rates after a certain time,
as psychological and social stressors linked to the loss of wealth and housing
stability cumulate. What really sets this study apart is the methodological
contribution since it breaks down economic conditions into their basic
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components, hence allowing the assessment of the causal mechanisms operating
at different times in a more precise way. It shows that family stability being
influenced by the economy is not a one-way process but rather dynamic, in which
financial, psychological, and social factors interact within a complicated temporal
frame. Botezatu, M. A., Tabusca, A. & Hosszu, A. (2023)

The paper by K. Djamba, et al. in 2012, analyzed the relationship between
average household size and divorce rates at the county level in the United States.
More importantly, it analyzed whether household size is a social indicator
influencing marital stability. Data from the 1990 and 2000 US censuses were
obtained in this study, and multiple linear regression analysis was employed to
measure the effect of average household size, the main independent variable, on
the divorce rate, the dependent variable, while controlling for a host of other
variables: religious homogeneity, unemployment rate, among others. The
negative associations between the divorce rate and average household size were
found for both years of data analyzed. This means that the divorce rates were
lower for those counties with a high mean household size. This impact is strongest
within the year 2000 sample when household size was the second-strongest
predictor of the divorce rate, next only to religious homogeneity. This therefore
suggests that bigger households would encompass more substantial social and
economic support networks that contribute to marital stability and reduce the risks
for divorce.

Bremmer & Kesselring, 2004 sought to investigate the causal association that
exists between the rates of divorce and female participation in the labor force and
the median female income, with a focus on determining whether these variables
are joined by long-run relationships using techniques of cointegration. For this
purpose, annual data from 1948 to 1995 was considered for the aforementioned
rates and median female income. Unit root tests were conducted to determine the
characteristics of the time series in order to establish the stationarity of the time
series. Further, cointegration techniques were employed to estimate the long-run
relationships, and Bayesian VAR models were constructed to assess the causal
dynamics of the variables under consideration and also to determine their
responses to the shocks. The findings observed a long-term equilibrium
relationship among the three variables: the higher the rate of divorce, the stronger
was the female participation in the labor force, while greater female participation
in the labor force contributed to lower rates of divorce, and higher median female
income contributed to both a high rate of divorce and greater female participation
in the labor force (Bremmer & Kesselring, 2004).
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The study of Heller & Edwards (1999), is considered one of the pioneering and
most comprehensive studies in the field of macro-level family sociology. It offers
a deep comparative analysis of the structural factors underlying the phenomenon
of divorce throughout the world. This study used an intensive quantitative
methodology to analyze data from 111 countries over three decades, testing in a
systematic manner theory of modernization and development. Results
demonstrated a significant association between economic and social
modernization processes and rising divorce rates. Greater urbanization, higher
female labor force participation, and the spread of secular education were found
to be significant factors stimulating this phenomenon worldwide. On the other
hand, it was indicated that strong religious affiliations and traditional family
structures acted as protective factors that contributed to lower divorce rates.
These results provide a robust explanatory framework for the researcher to
understand the local phenomenon of divorce in any country, including an Arab
context, within this wider general global context. They not only support
consistency with findings in Arab countries, such as the ones on the role of
women's employment and economic pressures found in Egyptian and Jordanian
studies, but also provide a lens for understanding how the distinctive cultural
characteristics of the Arab societies, such as strong family relations, relate with
global forces of modernization, which enriches the analysis and provides it with
more nuance and a more comparative and academically rigorous perspective.
Heller & Edwards (1999)

This is in line with the findings of Bremmer & Kesselring, 2004, which explained
that the HDI and divorce both are positively related. It also reinforces the
hypothesis that greater education and income raise people's independence and
reduce the economic barriers to divorce.

Both the ARDL and DOLS confirm that unemployment and economic stress raise
divorce and lower marriage. This is in full agreement with the findings of Kutlar
(2021) in Turkey, confirming that financial and psychological stress are key
channels undermining family stability.

This study differs from most previous studies in its analytical methodology and
time scope. It is among the first studies to employ long-term time series analysis
to measure the relationship between economic and social variables and marriage
and divorce rates in Egypt during the period 1990-2022.
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Most previous studies relied on cross-sectional data or short periods, resulting in
findings that reflect limited time snapshots without tracking structural trends or
long-term dynamics in the relationships between variables.

The following are the most prominent methodological and substantive differences
between this study and previous studies:

In terms of data type:

This study used annual time series data spanning more than three decades,
enabling the analysis of dynamic relationships between marriage and divorce
rates and major economic variables (inflation, unemployment, GDP per capita,
and the Human Development Index).

Previous studies, such as those by Kutlar (2021), Bremmer & Kesselring (2004),
and Heller & Edwards (1999), relied on cross-sectional data or panel data
covering shorter periods or multiple countries, without delving into the temporal
changes within a single country.

Regarding the statistical analysis methodology:

The current study employed advanced time series analysis models, such as
Bayesian Autoregression (BVAR), Dynamic Linear Regression (DOLS), and
Autodistributed Linear Regression (ARDL). These models are capable of
measuring short-term and long-term relationships and the temporal interaction
between variables.

In contrast, most previous studies used Ordinary Linear Regression (OLS) or
static and random regression models, which assume the stability of relationships
over time and do not address issues of causality or cointegration between
variables.

Regarding the scope of variables:

This study expanded the scope to include interconnected economic and
demographic variables, including fertility rates, female labor force participation,
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the demographic dependency ratio, and average age at marriage, alongside
macroeconomic indicators. Previous studies have largely focused on a limited
number of variables, such as unemployment or income, without analyzing the
Impact of complementary social variables.

In terms of outputs and policies: The time-series methodology enabled the
detection of phase changes and lagged effects that are undetectable in cross-
sectional studies.

The analysis showed that some variables, such as the Human Development Index
(HDI), affect marriage and divorce in two different ways over the long term. This
finding was not clearly evident in previous studies, which did not distinguish
between the immediate and cumulative effects of economic variables.

In short, this study is distinguished by its ability to explain the interrelationship
between the economy and family structure in Egypt, offering a more in-depth
predictive and analytical perspective compared to previous studies that merely
described or statistically correlated the relationship without analyzing temporal
causality.
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1.1. Theoretical Framework and Study Hypotheses

Building on the synthesis of previous literature, this study constructs a conceptual
framework for analyzing the determinants of marriage and divorce rates in Egypt,
focusing on the specific role of economic conditions. Marriage and divorce are
perceived as complex outcomes influenced by economic, social, legal, and
demographic factors through several important dynamics:

The Economic Context: Economic stability is a basic precondition and protective
factor for marriage, while economic shocks increase the likelihood of divorce.
Macroeconomic indicators, such as unemployment, inflation, and GDP per
capita, impact directly on the ability of individuals to establish and maintain
financially secure families. As has similarly been argued for Turkey (Kutlar,
2021), economic pressure will increase financial and psychic burdens on the
household and, in turn, raise divorce rates. Correspondingly, economic growth
would ease the material constraints to union formation and increase marriage
rates (Becker, 1981). The countercyclical pattern reported by Schneider and
Hastings (2021) further implies that the timing of these effects is likely to be
complex, with divorce being depressed in the immediate wake of financial
constraint despite longer-term pressures.

The Socio-Legal and Developmental Context: Social structures and legal
frameworks provide the intervening mechanisms between economic factors and
family processes. As noted in cross-national studies, the processes of female
empowerment, rising education, and urbanization are linked with changes in
family formation and dissolution. In Egypt, the legal reforms that have taken
place, such as the introduction of (khulo) laws, have changed the cost and
availability of divorce for women. The HDI is hypothesized to have a two-way
influence: it can increase marriage chances through rising living standards while
also leading to increased divorce rates due to increased economic independence
and reduced stigma from marital dissolution.

- The Demographic Context: The demographic structure of a population is a
critical determinant of marital trends. A youthful population, as in Egypt, creates
a large cohort at risk of both marriage and, consequently, early divorce.
Demographic characteristics, such as the average age at marriage, are key
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indicators of marital stability; earlier marriages are typically associated with
greater risk. Moreover, research indicates that household structure and early
socialization, as captured by the inverse relationship between sibling number and
divorce (Bao & Merry, 2023, cited in Downey, 2023), can generate social capital
that contributes to marital resilience.

The study examines how both the marriage and divorce rates change over time
with regards to the macroeconomic conditions in Egypt. Because such decisions
are interdependent and may be influenced by past trends, only advanced time-
series models (like BVAR, DOLS, and ARDL) can account for these
interdependencies and allow the disentanglement of short-run shocks from the
long-run equilibrium relationships.

To apply the investigation, the following hypotheses are proposed:

Study Hypotheses:

O General Hypothesis 1:

Economic change has a statistically significant effect on the divorce rate in Egypt
during the study period.

Sub-hypothesis: The study hypothesizes a statistically significant inverse
relationship between improved economic conditions and the divorce rate; the
better and more stable the economic situation, the lower the divorce rate.

O General Hypothesis 2:

Economic change has a statistically significant effect on the marriage rate in
Egypt during the study period.

Sub-hypothesis: There is a statistically significant positive relationship between
improved economic conditions and the marriage rate.

11
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O General Hypothesis 3:

The study hypothesizes a statistically significant relationship between the
marriage rate and the divorce rate over the long term.

2.2. Data and Methodology
2.2.1. Data Source

Longitudinal data from 1990 to 2022 for the Arab Republic of Egypt are used in
this study. The primary source for the data on marriage and divorce, as well as
demographic variables, was obtained from the official database courtesy of the
Central Agency for Public Mobilization and Statistics, CAPMAS. Data for the
HDI were extracted from the World Bank development indicators database,
World Bank (2023). These datasets provide nationally representative annual
time-series data that enable the analysis of long-term trends in family formation
and dissolution within their socioeconomic context.

The dataset combines key variables at the same level of observation. First, it
integrates yearly information on marital status transitions, captured by the number
of marriages and divorces annually, and further standardized into rates per
thousand of the mid-year population. Second, it includes a variety of harmonized
macroeconomic and demographic indicators that allow for a multivariate analysis
of economic determinants of marital stability. This integrated dataset allows a
sound exploration of the dynamic relationship between economic conditions and
family dynamics during 33 years characterized by phases of economic stability,
reform, and upheaval in Egypt.

2.2.2. Methodology

Empirical analysis applies an array of the most sophisticated time-series
econometric methods to the study of dynamic relationships between economic
conditions and marriage/divorce rates. The methodological procedure proceeds
in several steps.

First, in order to address the completeness of the data, missing observations in the
time series were imputed using the Expectation-Maximization algorithm, which
Is an iterative method for parameter estimation based on an E-step and an M-step
(Dempster et al., 1977). Then, the stationarity properties of the variables were
examined via the ADF test to check their order of integration and avoid spurious
regression results.

12
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The core analysis done in this study involves applying several cointegration and
causality tests. In studying the long-run movements of the variables, the Johansen
cointegration test was applied. Moreover, the DOLS estimator was employed,
which, compared to other estimators, is more efficient in estimating cointegrating
relationships since it controls for endogeneity and serial correlation by including
leads and lags of the first differences of the regressors, as suggested by Stock and
Watson (1993).

An ARDL model of the marriage and divorce rates was estimated in order to
model both the short-run dynamics and long-run equilibria within a single model.
One of the flexibilities of the ARDL approach is that it can be estimated
regardless of whether the underlying regressors are purely 1(0), purely I(1), or
mutually cointegrated (Pesaran et al., 2001).

Finally, a Bayesian Vector Autoregression model was estimated to analyze the
dynamic interdependencies and causal relationships between the variables over
time. Indeed, the BVAR framework embeds prior information that is generally
useful in stabilizing estimates, especially when time-series observations are
limited. Granger causality tests were conducted within this framework to examine
the direction of influence between the variables.

2.2.3. Variables

The study specifies the following variables for empirical testing:

e Dependent Variables:
o Marriage Rate: The number of marriage contracts registered per
thousand of the mid-year population.
o Divorce Rate: The number of divorce certificates issued per thousand of
the mid-year population.
¢ Independent Variables:
o GDP per capita growth (annual %): The annual percentage growth rate
of GDP per capita based on constant local currency (World Bank, 2023).
o Unemployment rate: The proportion of the labor force that is without
work but available for and seeking employment (CAPMAS, 2023).
o Inflation rate: The annual percentage change in the consumer price index
(CAPMAS, 2023).

13
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o Poverty rate: The percentage of the population living below the national
poverty line (CAPMAS, 2023).

o Human Development Index (HDI): A composite index measuring
average achievement in three basic dimensions of human development:
a long and healthy life, knowledge, and a decent standard of living
(UNDP, 2023).

o Total fertility rate: The average number of children a woman would have
over her reproductive lifetime (CAPMAS, 2023).

o Female labor force participation rate: The proportion of the female
population aged 15 and above that is economically active (CAPMAS,
2023).

o Demographic dependency ratio: The ratio of dependents (persons under
15 and over 64) to the working-age population (aged 15-64), expressed
as a percentage (CAPMAS, 2023).

2.2. Statistical Analysis

This paper overcomes these deficiencies by applying a battery of sophisticated
econometric models to take a closer look at both the short-run dynamics and long-
run equilibria that determine the rates of marriage and divorce in Egypt. The use
of several models, such as BVAR, DOLS, and ARDL, permits an analysis that
encompasses endogeneity and integration properties and allows incorporating
prior knowledge so as to stabilize estimates.

1. Bayesian Vector Autoregression

The Bayesian Vector Autoregressive model incorporates the statistical properties
of the variables as prior parameter distributions within a conventional Vector
Autoregression framework and effectively overcomes problems that relate to a
lack of degrees of freedom. This approach is followed in this study, which is
particularly useful when dealing with challenges related to short time series data
by incorporating prior statistical information. In the BVAR model, prior beliefs
about the parameters are updated with knowledge of the data. The model
integrates classical VAR estimation with Bayesian probability theory to
efficiently deal with uncertainty and overcome the overfitting problems
encountered in using standard VAR models with small samples. (Ma et al., 2021)

The general form of the BVAR model is an extension of the VAR model to
include prior distributions of parameters as part of estimation.

14
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The general formula for a BVAR(p) model is expressed as:

1. Model Equation:

Yt =c+ AlYt—l + AzYt—z + ...+ Ath—p + &

Where:

- Y vector of internal variables (nx1)

- C: vector of constants (nx1)

- Ai: matrices of coefficients (nxn) foreachlagi=1,2, ..., p

- & vector of random errors such that & ~ N(0, X)

2. Bayesian Estimation:
General formula for the posterior distribution:
P(A, X 1Y) < p(Y | A X) p(A, %)

This expresses the fundamental relationship between the probability function
and the preceding one.

3. Common Priorities:
- Minnesota Prior:

This prior relies on the contraction of the variable's coefficients toward a
random walk and is often applied using dummy observations.

- Normal-Wishart / Normal—Inverse—Wishart Prior:

This is the standard conjugate prior for the reduced VAR:

15
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B|XZ~N(bo, 2 & Vo)

3 ~ IW(So, Vo)

While:

1.B| 2 ~N(bo, £ Q Vo)

: The model coefficient vector (includes all elements of matrices (A_1, A 2,
..., A_p) and possibly the constant (c)).

Its dimensions are usually (k x 1), where (k =n x (np + 1)).
¥ (sigma): The variance—covariance matrix of the random error vector (& _t).
Its dimensions are (n x n).

bo (pioo): The prior mean of the coefficients, i.e., the value we expect to be close
to the model coefficients before seeing the data.

Often assumed to be (bo = 0) or "random walk" for the autolag coefficients.
Vo (at zero): The prior variance-covariance matrix of the coefficients p.

It controls the degree of contraction or confidence in the premises.

& (Kronecker Product):

The Kronecker product of two matrices, used to expand the variance between
different dimensions.

In this case, (X ® Vo) means that the prior variance of the coefficients depends
on the error variance (%) as well as the structure of the variance between the
coefficients (Vo).

2.X~ IW(SO, Vo)

16
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IW: Abbreviation for Inverse Wishart distribution—the probability distribution
commonly used as a prior to the variance-covariance matrix in Bayesian
models.

So: A scale matrix that defines the shape of the X distribution.
It reflects prior estimates of the values of variance and error covariance.
vo: Degrees of freedom for the Inverse Wishart distribution.

The higher its value, the more the distribution is centered around So (i.e., greater
confidence in the premise).

(Koop & Korobilis, 2010; Litterman, 1986; Karlsson, 2013)

2. Dynamic Ordinary Least Squares (DOLS) Model

In this study, the DOLS estimator has been applied to estimate stable long-run
coefficients in cointegrated systems. It is more efficient compared to traditional
cointegration estimators because it corrects for potential endogeneity and serial
correlation in the regressors.

The model of Dynamic OLS, by adding lags and leads of the first differences of
the regressors in the regression equation, controls for both endogeneity and serial
correlation in cointegration.

The general equation for the DOLS model is as follows:

Yi=a+ BXi+ Zi—gP 0i AXi + &

Where:

- Y«: The dependent variable.

- Xi: The independent variable (or vector of the independent variables).

- AXwi: The first differences of the independent variables with lead and lag
intervals.

- a: The intercept.

17
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- B: The coefficient of the long-term relationship between Y. and X..
- &i: The coefficients of the first differences that capture short-term dynamics.

- &: The limit of random error (white noise).

The DOLS model aims to estimate the long-term relationship between first-
order integral I1(1) variables and their conjugates. The introduction of the first
differences AXt-i (with delays and advances) helps to correct the problems of
autocorrelation and heterogeneous variance in errors. This model provides

super-consistent estimates of the 3 coefficient even in the face of time-
correlated errors. Stock & Watson, 1993; Kao & Chiang, 2000

3. Autoregressive Distributed Lag Model

The ARDL model used in this study is appropriate because it estimates both the
short-run and long-run relationship between the dependent variable and its
regressors, whether or not the underlying variables are 1(0) or 1(1).

The ARDL model is also applied to provide a comprehensive view that
combines both short-run adjustments and long-run equilibrium within one
framework. Its main advantage is the capability to model relationships between
variables that are integrated of different orders, 1(0) or 1(1), without all series
being stationary at the same level. The general form of the ARDL model is
expressed as follows:

Yi= oo+ ZieiP BiYei + Zimo®1 Y1;X 1,05 + Zi=0%2 V2 X2, ... + Zic0®% ViiXiot—j T &
While:

- Y. Dependent variable at time t

- Xk,j: Explanatory variable k at lag j

- ao: Constant term (intercept)

- Bi: Coefficients of the lagged dependent variable (AR terms)

- vij: Distributed lag coefficients of the independent variables

- p: Number of autoregressive (AR) lags for Y,
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- g;: Number of distributed lags for variable X
- k: Number of explanatory variables
- &: Error term assumed to be white noise

The ARDL model incorporates both the lagged values of the dependent variable
and lagged values of independent variables.

- It is applicable when the variables are integrated of order 1(0) or 1(1), but not

1(2).

- The model allows testing for the existence of a long-run equilibrium
relationship using the Bounds Testing Approach proposed by Pesaran et al.
(Pesaran, M. H., Shin, Y., & Smith, R. J.2001)

Long-Run Relationship:

The long-run coefficients are derived by normalizing the lagged-level
coefficients as follows:

= Ero®i 1) / (1 - Ziwr® B)

where Oy represents the long-run effect of Xy on Y. (Narayan, P. K. (2005))
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The Data and Results:

Dependent Variables:

e Marriage Rate:
Figure (1) shows the marriage rate in Egypt during the period (1990-2022)

(marriage certificates per thousand population)

Source: Central Agency for Public Mobilization and Statistics database in Egypt
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e Divorce Rate:

Figure (2) Divorce rate in Egypt during the period (1990-2022)

(divorce certificates per thousand population)

Source: Central Agency for Public Mobilization and Statistics database in Egypt

e Unit root test results table (ADF)

The results of the tests conducted on the data are that the overwhelming
majority of the variables are stationary at first difference, (1), hence they could
be used in the standard time series model. The fertility rate and the population
growth rate require the application of the second difference to make them

stationary.

Null Hypothesis: the variable has a unit root

With Constant & Trend

Stationarity Significance Test Order of

Variable Test Value Level Result Differencing
Demographic -5.746385 0.0003 Stationary |1
Dependency Ratio
Divorce Rate -5.052485 0.0015 Stationary |1
Female Labor Force -4.526006 0.0056 Stationary |1
Participation
Fertility Rate (First -3.178865 0.1071 Non- 1
Difference) stationary
Fertility Rate (Second | -8.465981 0.0000 Stationary | 2
Difference)
GDP per Capita -7.323175 0.0000 Stationary |1
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Human Development | -7.173927 0.0000 Stationary | 1
Index (HDI)

Inflation Rate -6.669133 0.0000 Stationary | 1
Average Age at -7.975948 0.0000 Stationary |1
Marriage (Males)

Marriage Rate -5.906408 0.0002 Stationary | 1
Population Growth -2.898614 0.1766 Non- 1
Rate (First Diff.) stationary
Population Growth -7.851469 0.0000 Stationary | 2
Rate (Second Diff.)

Unemployment Rate -4.152700 0.0136 Stationary |1
Average Age at -6.712001 0.0000 Stationary | 1

Marriage (Females)

e Granger causality test:

Relations from variables to the Demographic Dependency Ratio (DEMOGRAPHIC):

Interpretation

The rate of female labor participation
causes changes in the demographic
dependency ratio

The marriage rate affects the
demographic dependency ratio

The average age of men at marriage
affects the demographic dependency ratio
The average age of women at marriage

Causal F- Significance
relationship Statistic level

Female labor 4.79 0.0169

force participation

Marriage rate 9.49 0.0008
Average male age  4.66 0.0186

at marriage

Average female 7.68 0.0024

age at marriage

has a causal relationship with the
demographic dependency ratio

Relations from variables to Divorce Rate (DIVORCE_RATE):

Causal relationship F-
Statistic

Human Development = 5.87

Index (HDI)

Marriage rate 5.47

Average female age  5.02

at marriage

Significance
level

0.0079

0.0104

0.0144
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Interpretation

The Human Development Index
causes changes in the divorce rate
The marriage rate causes changes in
the divorce rate

The average age of women at
marriage causes and affects divorce
rates
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Other Notable Relations:

Causal relationship F-
Statistic
Demographic dependency 4.79
ratio — Female labor force
participation
Inflation rate — Female 3.43
labor force participation

Unemployment rate — 3.52
Female labor force

participation

Average male age at 6.36
marriage — Human

Development Index

Population growth rate — 8.27
Fertility rate

Significance
level

0.0169

0.0478

0.0444

0.0057

0.0017

Interpretation

The demographic dependency
ratio causes changes in female
labor participation

The inflation rate causes
changes in female labor
participation

The unemployment rate causes
changes in female labor
participation

The average age of men at
marriage affects the Human
Development Index

The population growth rate
causes changes in the fertility
rate

e Johansen test for integration between variables
The test indicates the presence of seven cointegrating equations and strong
long-run relationships between the variables (divorce rate, female labor force
participation rate, fertility rate, GDP per capita, human development index,
inflation, marriage rate, population growth rate, unemployment rate, and
women's average age at marriage), which means that these variables move
together towards a common equilibrium in the long run, even if they differ in
the short run due to economic or social shocks. As shown in the attached
tables, the inverse relationship between HDI and divorce supports the
hypothesis that human development enhances family stability, while
unemployment and inflation rates have negative effects on marital stability,
which is consistent with the economic hypotheses of the study.

SAMPLE (ADJUSTED): 1992 2022

INCLUDED OBSERVATIONS: 31 AFTER
ADJUSTMENTS

TREND ASSUMPTION: LINEAR
DETERMINISTIC TREND

SERIES: DIVORCE_RATE
FEMALELABOUR FERTLITY
GDPCAPITA INFLATION HDI
MARRIAG_RATE POP_GEOWTH
UNEMPLOYMENT WOMANAGE
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LAGS INTERVAL (IN FIRST
DIFFERENCES): 1 TO 1

UNRESTRICTED COINTEGRATION
RANK TEST (TRACE)

HYPOTHESIZED
NO. OF CE(S)

NONE *

AT MOST 1*
AT MOST 2 *
AT MOST 3 *
AT MOST 4 *
AT MOST 5 *
AT MOST 6 *
AT MOST 7*
AT MOST 8
AT MOST 9

Trace
Eigenvalue Statistic

0.995838
0.977114
0.962725
0.899051
0.794224
0.745633

0.65559
0.511493
0.275144
0.004667

Unrestricted Cointegration Rank Test (Maximum

Eigenvalue)

Hypothesized

No. of CE(s)

None *
Atmost1*
At most 2 *
At most 3 *
At most 4 *
At most 5 *
At most 6 *
Atmost 7 *
At most 8
At most 9

Eigenvalue

0.995838
0.977114
0.962725
0.899051
0.794224
0.745633

0.65559
0.511493
0.275144
0.004667

616.9121
446.9746
329.8808

227.908
156.8207
107.8107
65.37234
32.32872
10.12028
0.145017

Max-
Eigen
Statistic

169.9376
117.0938
101.9727
71.08736
49.00999
42.43834
33.04362
22.20844
9.975266
0.145017

Max-eigenvalue test indicates 8 cointegrating eqn(s) at the 0.05 level
* denotes rejection of the hypothesis at the 0.05 level
**MacKinnon-Haug-Michelis (1999) p-values

24

0.05

Critical
Value

239.2354
197.3709
159.5297
125.6154
95.75366
69.81889
47.85613
29.79707
15.49471
3.841466

0.05

Critical
Value

64.50472
58.43354
52.36261
46.23142
40.07757
33.87687
27.58434
21.13162

14.2646
3.841466

o O O o

0.0038
0.0038

0.009
0.0352
0.2136
0.7033
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e Models:

1. Bayesian VAR model between marriage and divorce rates in
Egypt (1990-2022)

The BVAR model used in this study analyzed a set of dynamic
relationships and mutual influences among the variables across time, in
this case, from 1990 to 2022. Because decisions such as marriage and
divorce based on social change are path-dependent, this model is perfect
for discerning the interaction between the marriage rate and divorce rate,
as well as how these rates are affected over time by economic shocks
such as rising unemployment.

By using prior information to stabilize the estimates, the BVAR model
reduces the risk of overfitting as compared with the traditional VAR
model, in cases when the number of observations is limited.

This model had a very high explanatory power for certain variables. The
coefficient of determination, R?, was very high for such variables as the
Human Development Index and fertility rate, showing that the model
captures factors which influence these very well. That is, the high R-
squared values in certain equations-for instance, divorce rate 0.93,
fertility 0.97, human development index 0.99-indicate strong explanatory
power.

In contrast, some variables present weak explanatory power and raise the
possibility of overfitting-for example, the marriage rate is 0.78 but the
adjusted R2 is negative, and the unemployment rate is 0.70 but the
adjusted R2 is negative.

Not all variables Granger-caused each other: for example, per capita GDP
versus inflation did not provide very strong significant relations. This
may be due either to the limitations of the model to explain those
variables or to the necessity of including more variables or selecting
different lags.

2.DOLS model to analyze the impact of the economic and social
variables under study on the divorce rate:

It is specifically applied to measure long-run relationships between
independent economic and social variables with dependent variables,
namely marriage and divorce rates. The main purpose is to estimate
coefficients that can be considered stable and reliable for capturing the
structural and strategic influence of variables such as the Human
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Development Index and fertility rates.

DOLS is an efficient estimator of cointegration that overcomes the
problems of autocorrelation and selection bias seen with traditional OLS
by adding leading and lagged variances of the explanatory variables, thus
making the estimates of the long-run relationships more efficient.
According to the estimates, the most influential and statistically
significant variable at the 5% level was HDI, at a 24.41-unit increase in
the divorce rate, along with every additional point in HDI. This supports
the fact that better education and income, which are part of HDI, will
Improve people's status and independence and weaken traditional forces
that bind them to marriage. The fertility rate turned out to be significant at
10%, where each unit increase in fertility raised divorce rates by 3.46
units, hence probably reflecting the tension that large family size brings
into families. Meanwhile, the rest of the variables were insignificant,
though most had shown a negative trend: female labor participation, GDP
growth, inflation, population growth, and unemployment. These may
indicate possible temporary cohesion due to economic pressures that
families are facing. R? is equal to 0.9987, which justifies using this
model, as it can be considered highly explicative.

3. DOLS model for analyzing the impact of the economic and

social variables under study on the marriage rate:
In this model, the HDI appears as the most important factor influencing marriage
rate (coefficient +67.01), and as seen from this figure, an increase of one point in
HDI is associated with a great improvement of the marriage rate, reflecting the
role of improved education, income, and health in supporting marital stability.
The fertility rate had a positive effect, at +11.37, reflecting that childbearing is
linked to increased marriages, while women's labor force participation influences
it at a rate of +2.50, reflecting that increased economic independence of women
is associated with increased marriage. On the other hand, the population growth
rate, unemployment rate, and GDP per capita growth rate indicated significant
negative influences: -23.17, -1.95, and -2.53, respectively. In fact, these are
symptoms of shifting priorities in prosperous societies and pressures on economic
resources. The model boasts exceptional explanatory power, R? = 0.999, thus
confirming the validity of those long-term relationships. To confirm the
robustness of the previous results, the study compared the statistical models,
establishing two more models for the marriage rate and divorce rate separately
using another method called the ARDL method.
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4. ARDL Autoregressive Model for Divorce Rate:
It was used to provide a comprehensive picture that combines the short and long

run in a single model. This model enables us to see how the rates of marriage and
divorce are influenced by their past values-that is, self-reported behavior-and the
current and past values of independent variables such as unemployment and the
Human Development Index.

What adds to the flexibility of the ARDL model is that it allows time series to be
stationary at either 1(0) or first difference, 1(1), without necessarily having to be
of the same degree of stationarity-a feature that makes it so useful when modeling
real-world data.

The ARDL model estimates both the short-run dynamics and long-run
equilibrium relationships that divorce rates undergo. The first equation captures
immediate and past changes in variables impacting the current rate of divorce,
while the second equation captures the change in divorce, given its deviation from
a long-term relationship and short-term changes in other variables. Results for the
model summarized with lags (1,1) are presented below.

The ARDL model offers a unified framework that can capture both short-term
dynamics and long-term equilibrium simultaneously. The equation of the level
shows that the current divorce rate depends partly on its past values, along with
the current and past values of a range of demographic and economic variables.
The coefficient on the lagging value of the divorce rate, 0.446, indicates a degree
of continuity in that past shocks do not disappear immediately but extend their
effects into the present-a pattern quite familiar in social behavior chains.

These signals and trends of the coefficients provide the following short-term
causal readings: While higher fertility is associated with an immediate rise in
divorce rate (0.809), higher female labor force participation is associated with an
immediate and delayed decline (—0.036 and —0.057, respectively), indicating that
the empowerment of women may be associated with a reduction of pressures
leading to divorce in the near term. Variation in the demographic indicator
imparts a contractionary effect on divorce both in the immediate and delayed
period (—0.008 and —0.022, respectively). While the average age of men and
women tends to increase the divorce rate in the short run (0.115 and 0.061,
respectively), it perhaps reflects greater capacity for more rational separation
decisions with age. Population growth has a distinct negative effect (—0.499),
while unemployment is slightly positive (0.016), and inflation shows a
combination of slight immediate negative and a small delayed positive effect,
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reflecting reciprocal income/cost channels in the short run. With regard to human
development (HDI), while the immediate effect is strongly negative, its delayed
effect is larger and more positive; this might suggest complex temporal
interactions between improvements in human development and the structure of
family relationships.

The ECM long-term integration equation has explicitly shown the correction
mechanism to equilibrium. Large in absolute value and negative, the coefficient
of the correction limit,-3.288 implies that the high speed with which divorce rate
deviates from its long-term equilibrium relationship is under correction. This,
from a dynamic point of view, means that the gaps from equilibrium are not left
unadjusted but, instead, are rapidly reabsorbed, possibly with "overshooting”
phases before returning to the trajectory, which is a possible feature when the
limit of correction is greater than above. The long-term vector in the bracket
defines equilibrium: high fertility, HDI, average life expectancy of men and
women, and inflation are associated with a high long-term divorce rate; on the
other hand, high demographic indicators, women's labor force participation,
population growth, per capita real GDP are associated with a low divorce rate.
These are long-term signs and cannot be read in an isolated fashion but represent
a common "structural trend" conditioned by the other variables and the
adjustment time defined by the ECM.

These results imply that economically, while market, labor, and price shocks may
cause fluctuations in divorce rates in the short term, the social system does
possess a corrective mechanism that returns rates to an equilibrium path
determined by deeper demographic and economic fundamentals. Empowerment
of women in the labor market is associated with a structurally lower divorce rate,
whereas high fertility is associated with a long-term rise, which may reflect a
cumulative financial/psychological burden. Improved human development is
positively associated in the long run, perhaps through higher individual
aspirations and changing standards of marital quality of life, despite its immediate
deflationary effect. Population growth tends to exert a long-term downward
pressure on divorce, which may reflect stronger social support networks or a
younger age structure. These findings recommend the adoption of policies that
make households less vulnerable to income and price shocks while ensuring the
maximum returns on women's empowerment and the targeting of fertility and
family services policies, as these channels exhibit long-term effectiveness in
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shaping divorce trends, with immediate shocks managed through social
protection tools and rapid behavioral interventions.

Model goodness of fit:

The model shows a high explanatory power with the R-squared value of 0.982
and the adjusted R-squared of 0.9667, showing that about 97% of the divorce
rate variation is explained by the model.

Overall Significance: The F-statistic value is highly statistically significant, as
indicated by the p-value of 0.000000 for a value of 61.003. This attests to the
fact that the overall model is statistically significant, hence strong explanatory
power of independent variables combined toward changes in the dependent
variable.

No Autocorrelation: The Durbin-Watson statistic value of 2.823 is close to 2,
implying no first-order autocorrelation problem in the residuals of this model.
Therefore, one can place a higher degree of confidence in the OLS estimates.

1. Autoregressive Distributed Regression (ARRDL) Model for

Marriage Rate:

The ARDL(1,1) equation for the annual marriage rate shows a clear pattern of
behavior. The coefficient of the lagged value of the marriage rate is 0.370,
indicating that approximately 37 percent of the shock from the previous period
carries over into the present period. In the short run, inflation has a small
deflationary effect on marriage, but an improvement in per capita GDP is
associated with a positive effect that is consistent with an improved economic
capability to marry. On the other hand, higher fertility rates, increased female
labor force participation, and a shrinking demographic index are associated with
a downward effect on marriage rates in the short run, arguably reflecting
opportunity cost pressures on marriage or household spending. Meanwhile, the
average age of men and women has a positive effect in both the current and late
short run, suggesting that maturity in age is associated with more regular marriage
decisions. Population growth appears to have a significant positive impact,
unemployment a moderate one, while HDI is currently showing a large negative
coefficient. This pattern may reflect a complex interaction of rising aspirations
with short-term family formation decisions.

The Equation for the Long-Term Integral, or ECM, shows how a return to
equilibrium through the means of a correction threshold can take place. In the
form here, the correction threshold precedes the error term with a value of about
+0.117. In this form, it would be expected to be negative (significantly and
directionally less than zero) so that if the marriage rate happens to deviate from
the equilibrium relationship, the system is set up to converge back to it. If the

29



The 58" Annual International Conference on Data science 8— 10 Dec, 2025

statistical software programmed the error term as ((LR - MARRIAG_RATE))
instead of ((MARRIAG_RATE - LR)), then the positive sign here reflects a
negative correction threshold of about -0.117 by standard convention. Otherwise,
the positive sign may reflect some weakness in the correction property or a
problem in the definition of the error term, requiring some inquiry as to how the
program outputs the format of the ECM.

The level vectors within the integration bracket define the long-term structural
relationship between the marriage rate and its determinants. The signs of
inflation, human development, fertility, women's labor force participation, and
the demographic index are negative, while those of per capita output, life
expectancy for men and women, population growth, and unemployment are
positive. These results, interpreted conditionally by the other variables and the
model structure, suggest in general that in the long run, improvement in per capita
income and favorable changes in age structure go with a high marriage rate, while
cost of living factors, time alternatives-inflation, women's employment, high
fertility-and demographic burden intensity go with structurally lower rates. The
long-term negative effect of the HDI often reflects pattern shifts in timing
preferences, opportunity costs, and access to education and employment, such
that marriage decisions get postponed or reshaped in contexts of higher human
development. Economically, this estimate combines short-run dynamics--
variable differences and lags-that capture immediate shocks with a long-run
structure defined by level coefficients and a correction threshold. The validity of
the conclusions then assumes no 1(2) variables. Furthermore, stability coefficients
and efficient residual diagnosis are assumed. With a practical mindset, the results
of this suggest a policy approach two-pronged in nature: a policy that keeps
shocks to the price and labor markets in check to reduce volatility in marriage
decisions within the shorter run, while over the longer-term, attention is focused
on determinants such as the costs of family building, work-life balance
arrangements, and economic and housing empowerment of the young.

Model Goodness of fit:

The model has high explanatory power: the coefficient of determination (R2 =
0.928) and the adjusted coefficient (Adj. R? = 0.869) indicate that the model
explains approximately 87% of the variance in the marriage rate.

The F statistic (15.698) is significant (Prob = 0.000000), reflecting the
significance of the model as a whole.

The Durbin-Watson statistic (2.363) is close to 2, indicating the absence of first-
order autocorrelation, which enhances the reliability of the model.
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In general, the results indicate that socio-demographic factors (such as women's
labor force participation, demographic dependency ratio) have the greatest
influence on marriage rates, while economic factors (such as GDP per capita
growth rate, Human Development Index) sometimes exhibit contradictory
effects. This reflects that marriage is not simply an economic decision, but rather
a complex social phenomenon influenced by demographic structure and gender
roles.

Discussion:

These findings of the analysis reveal the way in which economic conditions
determine the trend of marriage and divorce in Egypt. The econometric model
results-BVAR, DOLS, and ARDL-reinforce the fact that GDP per capita,
unemployment, and inflation are not only statistically significant, but also carry
key implications for society. Family decisions have a basic economic foundation;
Becker (1981) mentioned cost-benefit analysis in the case of marriage, and
Cherlin (2010) discussed how economic shocks change family formation and
dissolution.

Analysis reveals that HDI has a twofold effect: it increases both marriage and
divorce rates. This is consistent with the wider evidence in the literature that while
money, health, and education advancement encourages marriage, on the other
hand, it enhances autonomy and reduces the traditional incentives toward staying
married, leading to increased divorce rates (McLanahan & Percheski, 2008).
Fertility rates have complex effects. Whereas larger families may contribute to
marital instability in conditions of economic insecurity, on the contrary, higher
fertility is positively related to marriage. This finding is well supported by the
demographic transition theory, which explains that modernity and fertility
converge in changing family structure and family relations (Thornton, 2001).

The ARDL results also reveal that inflation and unemployment are harmful to
family stability. These findings support the argument of Amato (2010) that
economic stress and uncertainty worsen family conflicts and further cut the
likelihood of stable marriage. In a fashion similar to the findings of Kutlar (2021)
in Turkey, inflation rates higher than 25% over the past years appear to have
delayed decisions about marriage and increased the rate of divorce in Egypt,
where the sensitivity of household spending to price fluctuations is very high.
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The cointegration analysis confirmed the structural family theory viewpoint by
pointing to the long-term equilibrium relationships between macroeconomic
variables and family-related indicators, as suggested by Parsons (1951). Marriage
and divorce decisions have emerged as being in systematic adjustment, rather
than the expression of personal preference, to larger socioeconomic contexts. The
robust autoregressive component within the models would also hint at behavioral
persistence, possibly related to an institutional setting and cultural norms which
support the pre-existing family patterns.

One of the most important contributions from this study is in establishing the
inter-relationship between divorce and marriage rates. Its finding suggests that
they are two related processes of family formation and dissolution, rather than
independent events. Such an understanding converges with recent sociological
thinking that family outcomes need to be investigated in relation to each other,
looking at their respective demographic and economic contexts (Bao & Merry,
2023).

The results make a strong case for including family stability in economic policy
decisions. Besides being a macroeconomic issue, unemployment and inflation
also need to be addressed socially to maintain the stability of marriages. Human
development investments must be complemented by social programs that balance
individual freedom with family cohesion to prevent empowerment from
inadvertently accelerating marital breakdown. For this reason, policy frameworks
must consider how development influences divorce probabilities along with
marriage promotion. Possible Research Avenues. This result opens several
avenues for further research. First, a comparison between Arab and developing
countries could shed more light on how institutional and cultural factors moderate
the nexus of family stability and economic stress. Second, the incorporation of
gender-disaggregated data will be very useful in showing exactly how changes in
gender roles are affecting marriage and divorce in light of increasing female
empowerment and labor market participation. Finally, innovative approaches,
such as machine learning and big data analytics, could also push the predictive
power further by capturing complicated interactions and nonlinear linkages that
are beyond the scope of traditional econometric models.
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Figure 3 :Heat map to compare the significance of variables across the statistical
models implemented in the study
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Similarities between the findings of the present study and previous studies:

The Relationship between human development and increasing divorce rates

The relationship between HDI and divorce rate, according to the models in this
study, is positively related by +24.41, as human development reflects
improvements in education, income, and independence.

These models reflect the idea that HDI has a double impact on marriage and
divorce rates; this would mean that development increases independence and
individual choice.

Other studies have also reported results similar to the ones obtained in the present
study. For example, Bremmer & Kesselring, 2004 explained that the more labor
force participation of women and their increasing income is found to contribute
positively to divorce rates.

There is therefore a clear convergence in the results from current models and
these three studies.
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According to the models of both ARDL and DOLS, unemployment, high
population growth, and economic stress raise divorce rates while reducing
marriage rates in the short run. This corresponds to prior findings discussed
below:

* Kutlar, 2021 states that unemployment has a positive association with the rate
of divorce in Turkey.

* Privatization and openness to the economy raised the rate of unemployment and
divorce according to Rashid, 2009.

Therefore, the leading models and analyses of the reviewed studies all agree on
the negative role of economic crises. Estimations through ARDL and DOLS
carried out in this study confirm that fertility rates positively correlate with
increased marriage and divorce rates, though only briefly, followed by a decline.
Changes in fertility rates were brought about by factors that were associated with
improvements in the level of education and health. Other studies also came to a
similar conclusion:

Dynamic interaction between marriage and divorce rates. The correlation matrix
indicated a positive long-run relationship between marriage and divorce; this was
not indicated by any of the previous studies reviewed. Indeed, this study was the
only one testing for the said effect.
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Figure 4: Correlation Matrix :
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Study Limitations:

Despite these useful insights into the inter-linkages between economic conditions
and family dynamics in Egypt, this study has several limitations. First, the
analysis heavily draws on secondary data mined from national sources, namely
CAPMAS and the Central Bank of Egypt, and international sources such as the
World Bank and UNDP. While these databases are reliable and representative,
they may be biased by the lack of records of informal family practices or
underreporting of marriage and divorce incidents, particularly in rural areas and
amongst the most marginalized sections. Lastly, this study limits itself to Egypt.
Although regional relevance might therefore be drawn from its findings,
generalizing to other Arab or developing countries should be made with caution,
keeping in mind differences in their institutional frameworks, legal systems, and
cultural values. These delimitations suggest further avenues of research,
therefore, which might use a mix of econometric and qualitative comparative
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approaches to gain a more profound understanding of the complex ways in which
economic transformations and family stability affect each other.

Conclusion:

The previous analysis proves that the economic situation is one of the most
powerful drivers of an individual's social status. Furthermore, the relationship
between the economy and society is not random, but rather systematic and based
on recurring patterns. Previous tests confirmed the validity of the study's
hypotheses, as they demonstrated a strong significant effect of indicators such as
unemployment, inflation, and the Human Development Index on marriage and
divorce rates. This relationship demonstrates that economic conditions constitute
an important basis for making major social decisions. The results showed that
economic crises push individuals to postpone marriage or divorce due to financial
and psychological pressure. The effect is delayed, not immediate, according to
the results of the DOLS model (which measures long-term relationships).

Recommendations:
1. Economic and social empowerment:

Require those about to get married to attend state-supported educational programs
on understanding, role distribution, and managing family disputes.

Incorporate social skills into secondary and university curricula (such as conflict
management and family cooperation).

The need to launch flexible vocational training programs for married women that
provide them with job opportunities without compromising their familial role, to
reduce the stress resulting from the imbalance of roles within the family.

Encourage institutions to provide a supportive work environment for mothers
(such as flexible hours, daycare centers, and telework) to reduce the negative
impact of women's work on marriage.

Update an integrated legislative and legal framework that integrates women's
rights at work, children's rights, and business rights.

Strengthen partnerships by incorporating themes related to family and economic
balance into women's empowerment programs funded by the state or international
partners.

2. Family-supportive housing and economic policies.

Expand government initiatives to support safe housing and early marriage for
young people in the middle and poor categories (in line with the impact of
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income, unemployment, and inflation on reducing marriage, according to DOLS
and ARDL).

Design a flexible social safety net that responds quickly to economic changes in
the form of food vouchers or cash support conditional on family stability.

Governance of social support: Link marriage support to local economic indicators
and governorate competitiveness reports, so that additional support is provided in
governorates with high unemployment rates.

Activating and disseminating a network of national or endowment marriage funds
at the governorate level, in cooperation with Nasser Social Bank and civil society
organizations, under the umbrella of social protection, as sustainable sources of
funding to support those about to get married and divorce cases.

3. Incorporating a map of social indicators into the country's development
planning.

The necessity of linking social development policies to an analysis of divorce and
marriage indicators over time, by preparing a periodically updated map that
includes the Human Development Index in family planning analyses.

Issuing quarterly or semi-annual reports on the transformations of the Egyptian
family and linking them to national development plans.

Linking the scientific findings of periodic reports on the transformations of the
Egyptian family and the indicators included in the map of social indicators to
proposed policy frameworks, such as the new Personal Status Law, which is
currently under consideration by the House of Representatives.

4. Improving data quality and building periodic demographic forecasting
models.

Expanding the base of local and field monitoring of marriage and divorce at the
governorate level, so that it integrates with demographic and economic data.

It is of utmost importance to periodically update and improve the quality of family
and informal sector data in the Central Agency for Public Mobilization and
Statistics to facilitate the development of accurate predictive models. Encourage
and train researchers to develop integrated models that combine social, economic,
and psychological factors as an early warning mechanism for rising divorce rates
or declining marriage rates.

Study recent widespread social incidents, such as the suicide of a spouse or the
mass murder of children and spouses, and develop rapid intervention methods to
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prevent the recurrence of these incidents within a strict and deterrent legal
framework.

The above recommendations reflect the need for comprehensive government
intervention that integrates economic, social, and cultural dimensions to reduce
divorce rates and support the formation of stable families. This requires
coordination between the relevant ministries (Justice, Solidarity, Planning,
Interior, Youth, Education, and the House of Representatives), and ensuring the
sustainability of the proposed programs through government and community
partnerships.

Future Research Directions:

Future research should consider employing composite indices, such as the Human
Development Index or the Multidimensional Poverty Index, in tandem with
traditional economic indicators. Composite indices encompass many aspects of
well-being, including education, health, and living standards, and therefore better
help explain exactly how socioeconomic development might be affecting family
stability. Employing such hybrid models-by using composite and individual-level
economic indicators-may yield greater explanatory power: composite indicators
may account for long-term structural effects, and individual-level indicators may
account for short-term shocks in inflation or unemployment. Such a hybrid
approach could enable superior predictions of the dynamics of marriage and
divorce and thus afford better policy recommendations for both immediate and
structural challenges.

Finally, there are several avenues of further research which arise in this study.
First, cross-country comparisons between Arab and developing countries would
be useful in explaining how cultural and institutional factors mediate the
relationship between economic stress and family stability. The second is the use
of gender-disaggregated data, in particular on female participation in the labor
market and their empowerment, to understand how changing gender roles affect
marriage and divorce. Lastly, the use of more advanced methodologies like
machine learning and big data analytics should yield better predictive
performance since nonlinear relationships and complex interactions in them are
not captured by a traditional econometric model.
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The impact of climate change on agriculture sector in Egypt (case study)
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Abstract

Climate change represents a significant threat to global food security, with a particularly severe
impact on agriculture in developing nations. Egypt's agriculture isn't just a part of the economy;
it's fundamental. It feeds the nation. But it's in serious trouble.

This study investigates the impact of climate change on agricultural production in Egypt, a
developing country where the agricultural sector is vital for food security. Using the
Autoregressive Distributed Lag (ARDL) model on data from 1984 to 2022, The aim is to
understand how key climate variables, such as mean temperatures, CO2 emissions and
precipitation along with other factors like population and agricultural technology, affect crop
yields.

Our long-term findings indicate that CO2 emissions and agriculture land have a positive impact
on agricultural production. While a negative effect from temperature and precipitation was
observed, its small magnitude suggests that Egypt is not yet facing a major climate-induced
agricultural crisis.

Introduction

Climate change has emerged as one of the most significant challenges of the 21st century. It refers
to the long-term shifts in global or regional climate patterns, driven primarily by human activities.
The burning of fossil fuels—including gas, oil, and coal—releases greenhouse gases (GHGs) like
carbon dioxide (CO2), methane (CH4), and nitrous oxide (N20) into the atmosphere (Kaddo &
Jameel, 2016). These gases trap solar heat, contributing to the greenhouse effect and leading to a
rise in global temperatures, a phenomenon known as global warming. This global warming
directly hits agriculture hardest because farming relies on predictable conditions (Asseng et al.,
2015; Challinor et al., 2014). We're already seeing the impact: major crops such as wheat, maize,
and rice are yielding less, which is a huge threat to what we eat (Lobell & Field, 2007;
Mendelsohn, 2009). It gets worse, too—climate change is quietly degrading food nutrition,
inviting more pests, and shaking up old farming traditions, meaning we absolutely have to find
new ways to cope fast (Karimi et al., 2021; Gamal, Samak, & Shahba, 2021).

The effects of climate change are widespread and serious, hitting both the physical environment
and human societies (National Research Council, 2014; Gemeda, D & Sima, A, 2015). We are
witnessing rising global temperatures and an increase in the frequency and intensity of extreme
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weather—think worse droughts, intense heatwaves, stronger hurricanes, and bigger floods. These
extreme events often occur as "compound events," which standard risk assessments tend to
underestimate. On the physical side, the ice is melting, causing sea levels to rise (up $19% cm
from 1901 to 2010, with projections of up to $1.50$ meters by 2100), putting coastal cities and
island nations in real danger (Asseng, S., etal., 2015; Elba, S & Ayres, K., 2018). For people, the
consequences include rising heat-related fatalities and massive population displacement predicted
by 2050, which could lead to social conflicts and major financial trouble (Lai et al., 2012; Weihe,
W., 1990). Because of this severity, scientists are firm that the global temperature increase must
be kept below 2° C to dodge the very worst outcomes.

Despite contributing only about 3.8\% of total global GHGs, African nations are paradoxically
the most severely exposed to the impacts of climate change (Wijaya, A., 2013; Kaotir, J., 2011).
Their extreme vulnerability comes down to having weaker systems: they simply lack the
institutional know-how, financial backing, and technical skills to adapt, all while being heavily
reliant on weather-sensitive farming and limited water resources. Since agriculture already
consumes $85\%$ of Africa's water, this situation rapidly causes shortages, degrades soil quality,
fuels poverty, and creates massive food insecurity (Gemeda, D & Sima, A, 2015). For the
continent to move forward, the required fixes must be comprehensive, meaning we have to
seriously invest in better water management strategies and significantly boost the agricultural
sector's overall capacity

This global crisis has severe regional consequences, which are particularly pronounced in Egypt.
As a nation where agriculture accounted for a massive 71.8% of its GDP in 2020, the sector is
vital for development and national food security. Egypt faces extreme vulnerability due to its
unique geography: heavy reliance on the Nile River, existing water scarcity, and limited arable
land, all of which make it highly susceptible to climatic shifts (Gado & El-Agha, 2021; Khedr,
2017).

To address these challenges, Egypt has undertaken steps like developing a national adaptation
plan, investing in renewable energy, and playing a prominent role in international initiatives like
hosting COP27 (Moosmann et al., 2022). However, studies reveal that many existing policies are
ineffective due to a lack of a pertinent legal framework, poor coordination among stakeholders,
and low awareness levels (Yassin, L., 2016). The key policy recommendation emerging from the
literature is the urgent need to create a thorough legal framework and strengthen government-
NGO partnerships to adopt advanced, climate-resilient technologies and improve resource
efficiency. Given the challenges of a rapidly increasing population (expected to reach 150 million
by 2050) and a high water-stress profile, the fundamental goal for Egypt's agricultural sector is
to produce more food with less water (Gado, T. A., & EI-Agha, D. E., 2021). Finally, the literature
highlights the ongoing presence of significant uncertainties, particularly regarding the future flow
of the Nile, emphasizing the need for further, more quantified research on specific adaptation
measures like rainfall harvesting and developing salt-resistant crops.
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While previous work has certainly given us some idea of the broader challenges (Ahmed et al.,
2014; Gamal et al., 2021), most of those studies leaned on generalized simulation models like
IMPACT or ISI-MIP. That approach leaves a big hole in what we know: we lack specific,
quantified, time-series data that truly ties climate variables to Egypt's most important crops and
local economic forces. This study is designed to fill that exact void. We are digging into the
dynamic, long-term, and short-term impacts of key climate factors—namely temperature, CO,,
and precipitation—while also factoring in vital economic elements like agricultural land area and
population growth on the production of Egypt's staples: rice, maize, and wheat.

This study investigates the dynamic relationships between Egypt’s agricultural production and
key meteorological and socioeconomic factors from 1984 to 2022 using the ARDL
(Autoregressive Distributed Lag) model. The paper organized as follows: first section: data and
methodology, second section data preparation, third section: results, forth section: discussion and
conclusion.

Data source and Methodology

Our research delves into Egypt, analyzing annual time series data collected between 1984 and
2022. We aim to explore the connections between key climatic and socio-economic factors and
the production of the nation's primary staple crops. The specific crops we're examining are wheat,
rice, and maize, measured by their annual production in metric tons. Our main explanatory
variables include the average annual temperature (°C), total annual precipitation (mm), national
CO: emissions (kilotons), the total agricultural land area (hectares), and the overall national
population

For our study, we got our hands on agricultural production figures straight from the Food and
Agriculture Organization of the United Nations (FAO), using their massive FAOSTAT database.
You can check it out yourself at https://www.fao.org/faostat/en/#data/QCL. When it came to carbon
dioxide emissions, we turned to the Our World in Data — CO. Emissions Database
(https://ourworldindata.org/co2-emissions), Which is a fantastic resource that pulls together tons of
research and data on global environmental issues. And for our temperature data, we picked it up
from a cool Kaggle dataset (https://www.kaggle.com/datasets/berkeleyearth/climate-change-earth-surface-
temperature-data), which was originally put together by Berkeley Earth and is known for its really
long-term global surface temperature records.

Methodology

Our study employs the Autoregressive Distributed Lag (ARDL) model, a method developed by
Pesaran et al. (2001) that's widely used in econometrics for analyzing relationships between time
series variables. What makes the ARDL model particularly useful is its flexibility: it can handle
situations where the variables are a mix of stationary at their original level (1(0)) and stationary
after being differenced once (1(1)). However, it's crucial to remember that it absolutely cannot be
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used if any variable is integrated at the second order (1(2)).

The way the ARDL model operates is pretty intuitive: it factors in previous values of both the
outcome we're investigating (what we call our dependent variable) and the things that influence
it (our independent variables). When we talk "autoregressive,” it just means the dependent
variable partly carries the imprint of its own past. "Distributed lag," on the other hand, means it's
also taking cues from how the independent variables behaved previously (Gujarati & Porter,
2009). This entire structure is incredibly useful for capturing how dynamics unfold and how
quickly different variables react to changes over time.

To test for a long-run equilibrium relationship (or cointegration) among our variables, this study
will employ the Autoregressive Distributed Lag (ARDL) model (Pesaran et al. 1999, 2001). The
ARDL model has key advantages. For one, it doesn't require all the time series to be integrated
to the same order; we just need to confirm that no variable is integrated to the second degree,I(2)
(Asumadu-Sarkodie and Owusu, 2016; Mahrous, 2018). More importantly, the ARDL technique
Is known to outperform conventional cointegration methods—such as the two-stage Engle &
Granger or the Johansen test—especially when the available data is a short time series (Chandio
et al. 2020a; Chandio et al. 2020b). This model is quite useful because it can simultaneously
estimate both the immediate, short-run effects and the eventual, long-run equilibrium (Rehman
et al. 2019; Houngbedji and Diaw 2018).

InProd=oo+i=1Y Pdi INProd.i+j=0Y “B1j INTemp—j+r=0> Bk INCO2—+1=0Y ®Bai INPrec,1+m=0>.%Pam
INPOP-m+n=0D ©Psn INAGri—nte 1)

This equation 1 is essentially the heart of our ARDL model in its basic form. It helps us understand
how the current level of product production (that's InProdt) is influenced not just by today's
factors, but also by what happened in the past. On the right side, you see a0, which is just a
starting point or base level. Then, we have terms like > ¢ilnProd,-;, meaning we're looking at how
past levels of production itself affect the current level. It's like seeing if last month's output still
has a ripple effect on this month's. Following that, you'll find similar sums for all our other
variables — temperature (InTemp), CO2 emissions (INCO2), precipitation (InPrec), population
(InPop), and agricultural land (InAgri). These show how current and past levels of these factors
Impact current production. Each B coefficient tells us the strength and direction of that influence.
Finally, et is just our error term, capturing all the random stuff we can't explain. This whole setup
Is crucial because it's what we first estimate to figure out the best time lags for our variables and
to see if there's a long-term connection between everything.

Data Preparation

Unit root test
The ARDL cointegration approach is suitable when the variables are stationary in the cases of
1(0), I(1), or mixed integration orders. In this study, the Augmented Dickey-Fuller (ADF) test
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(Dickey & Fuller, 1979; Perron, 1988) were used to determine the stationarity of the variables
(Sarkodie & Owusu, 2020). In ADF test, the null hypothesis (Ho) assumes that a unit root exists
(i.e., the variable is non-stationary), while the alternative hypothesis (H:) assumes that there is no
unit root (i.e., the variable is stationary).

Table 1 presents the results of the ADF test, which shows that none of the variables are stationary.
All variables have p-values greater than 0.05, indicating that they are not stationary in their
current form. To proceed, we need to transform these variables to achieve stationarity, typically
by differencing the data.

Therefore, we will perform differencing on each non-stationary series and recheck for stationarity
using the ADF test.

Table(1)
ADF Unit root test
Production Temperature | Population | CO2 Land Precipitation

Test Statistic -2.18772 -0.736445 2.44566 0.233023 | -1.69608 | -1.24133
p-value 0.210733 0.837082 0.99903 0.974054 | 0.433136 | 0.65557
Number of | 35 31 34 34 38 38
Observations
Critical Value (1%) | -3.61551 -3.66143 -3.63922 -3.63922 | -3.61551 | -3.61551
Critical Value (5%) | -2.94126 -2.96053 -2.95123 -2.95123 | -2.94126 | -2.94126
Critical Value (10%) | -2.6092 -2.61932 -2.61445 -2.61445 | -2.6092 -2.6092
Stationarity No No No No No No

After differencing on each non-stationary series and then rechecking for stationarity using the

ADF test, as Table 2 describes.
Table(2)
Unit root test after performing the difference in lags

Production Temperature | Population CO2 Land Precipitation
Test Statistic -6.30579 -3.74776 -5.97614 -4.65298 | -4.27529 | -6.406
p-value 3.3262E-08 0.00348941 1.88554E-07 0.000103 | 0.0004901 | 1.94259E-08
gzgkx;ﬁons of | 5 31 35 34 35 37
Critical Value (1%) | -3.62665 -3.66143 -3.63274 -3.63922 | -3.63274 | -3.62092
Critical Value (5%) | -2.94595 -2.96053 -2.94851 295123 | -2.94851 | -2.94354
Critical Value (10%) | -2.61167 -2.61932 -2.61302 -2.61445 | -2.61302 | -2.6104
Stationarity Yes Yes Yes Yes Yes Yes
Level (1) 1(1) 1 (3) 1 (1) 1(3) (1)

Population processing

Since the Population variable is identified as 1(3) (integrated of order 3), this means it is non-

stationary and requires three differences to become stationary. However, if the variable is crucial

for the analysis, instead of differencing multiple times (which may remove valuable long-run
5
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relationships), we should first check for structural breaks (Casini & Perron, 2018).

A popular statistical tool for detecting structural breaks in time series is the Zivot-Andrews test,
which can identify a single break point without requiring the break to be pre-specified. The test
is especially helpful when there is a suspicion that an unforeseen event, such as a change in policy,
an economic shock, or an environmental disaster, may have caused a shift in the underlying data
structure. By evaluating time series behavior for substantial changes over time, the Zivot-
Andrews test enables endogenous detection of the precise break date. This capability is crucial
because structural shifts in trends or levels could be responsible for apparent non-stationarity in
the data, which the Zivot-Andrews test effectively helps to detect (Zivot & Andrews, 1992).

If a break is identified, such as in 2010 in our case, we should include a break dummy variable to
account for the shift rather than aggressively differencing the data. This approach preserves more
of the variable's meaningful economic interpretation while ensuring stationarity for reliable
regression results. (Perron and VVogelsang ,1992)

The results of the Zivot-Andrews test for the Population series are presented in Table 3. The test
yielded a statistic of -8.945963. This value is significantly more negative than the critical values
at the 1% (-5.347598), 5% (-4.859812), and 10% (-4.607324) significance levels. Consequently,
with a p-value < 0.01, we reject the null hypothesis of a unit root with a structural break. This
suggests that the Population series is, in fact, stationary around a structural break (I(0) with a
break). The break was endogenously detected in the year 2010. This finding implies that for
subsequent modelling, the Population variable should be used in its level form, with appropriate
dummy variables introduced to account for the identified structural break in 2010, rather than
being differenced. This approach preserves the variable's interpretability while ensuring
appropriate treatment of its time series properties for reliable regression analysis.

Table(3)

Unit Root with Break Test on Population
Test Statistic Value
Zivot-Andrews test statistic -8.945963

Test Critical Values:

1% Level -5.347598
5% Level -4.859812
10% Level -4.607324
p-value 0.002
Structure Break 2010

Land processing
Table 4 presents the results of the Zivot-Andrews (ZA) unit root test, designed to account for a
single structural break in the "agriculture land" series. The calculated ZA test statistic is -6.1523.
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When compared to the critical values at conventional significance levels (-5.347598 at 1%, -
4.859812 at 5%, and -4.607324 at 10%), the test statistic is notably more negative than all of
them. Furthermore, the associated p-value of 0.001 is well below the common significance
thresholds (e.g., 0.01 or 0.05). This compelling evidence leads to the rejection of the null
hypothesis of a unit root. Consequently, it can be concluded that the "agriculture land" variable
Is indeed stationary, provided that a statistically significant structural break (indicated by the
0.001 p-value associated with the break point) is incorporated into the analysis.

Table(4)

Unit Root with Break Test on agriculture land

Test Statistic Value
Zivot-Andrews test statistic -6.1523
Test Critical Values:

1% Level -5.347598
5% Level -4.859812
10% Level -4.607324
p-value 0.001
Break point 1994

The ARDL model incorporating structural breaks and dummy variables, following the Zivot-
Andrews test for break identification, is specified as follows:

InProdi=ao+i=15 @i INProdi-i+j=03 **B1j INTempr-j+k=03 B2k INCO2:-k+1=03 Bl INPrece-i+m=03 *Bam In
Popt—m+n=quSBSn |nAgrit—n+ VlDPop,t+V2DAgri,t+Et (2)

Equation 2 shows that current product production (InProd;) depends on a few key things. First,
there's a base level, represented by the constant term (ao). Then, we see that production is
influenced by its own past values (InProd.—;), where the (¢i) coefficients tell us how strongly past
production impacts the current period. Similarly, production is affected by the current and past
values of our explanatory variables: Temperature (InTemp.;), Population (InPop;), CO:
emissions (INCO2.), Agricultural Land (InAgri—,), and Precipitation (InPrec.;). Each of these
variables potentially affects production with a time delay, and their respective (B1j, Bam, B2k, Bsn,
Ba) coefficients quantify those specific impacts. Additionally, the equation includes dummy
variables for structural changes in Population (Dpop) and Agricultural Land (Dagris), With their
(1, v2) coefficients capturing the impact of significant shifts like major policy reforms or climatic
events. Finally, the error term (&) captures the influence of any other unobserved factors or
random disturbances that aren't explicitly included in our model.

Results

Rice Production analysis
Lag Selection
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Table 5 summarizes the results of lag selection for an ARDL (Autoregressive Distributed Lag)
model, comparing models with different numbers of lags (from 0 to 4) using various criteria.

The Akaike Information Criterion (AIC) and Hannan-Quinn Criterion (HQ) select Lag 4 as the
optimal model . These criteria, which tend to favor slightly more complex models, suggest that a

model including up to four lags provides the best balance of fit and complexity.
Table(5)
Lag order criteria by using VAR (vector autorepression

Lag LogL LR FPE AlIC SC HQ

0 -1507.958 | 4606379 | 54.76747* | 86.51188 | 86.77851* | 86.60392
1 -1479.168 | 33.53083 | 63.38432 86.92389 | 88.79031 | 87.56818
2 -1435.603 | 1.50E+30 | 1.84E+30 | 86.4916 89.95781 | 87.68813
3 -1398.929 | 3.10E+30 | 1.73e+29 86.45307 | 91.51906 | 88.20185
4 -1288.006 | 1.84E+30 | 3.10E+30 | 82.17178* | 88.83756 | 84.47280*

ARDL bond test for cointegration

as shown in Table 6, the calculated F-statistic (13.848) is greater than the critical upper bound
values at the 5% significance level for finite samples. This outcome leads us to reject the null
hypothesis of no long-run levels relationship (i.e., no cointegration) among the variables.
Consequently, we accept the alternative hypothesis that cointegration exists, confirming that these
variables collectively influence Product Production in a stable and meaningful way over the long
term.

Table(6)
ARDL test for cointegration
Lower | Upper
Statistic Value Significance Level Bound | Bound
1(0) 1(1)
F-statistic 13.848 10% 2.12 3.23
k 5 5% 2.45 3.61
Actual - Sample | 5 1% 315 | 443
Size

The long-run results of the ARDL model as shown in table 7 indicate that all the included
variables significantly influence the dependent variable at the 5% level of significance.
Specifically, Temperature, Population, Dummy Population, and Precipitation have a significant
negative long-run impact, suggesting that an increase in these factors leads to a decrease in the
dependent variable (e.g., a one-unit increase in Population leads to a 0.547 unit decrease in the
dependent variable). Conversely, CO,, Land, and Dummy Land exhibit a significant positive
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long-run effect, implying that an increase in these variables, particularly the substantial 1.365
positive impact of Dummy Land, is associated with an increase in the dependent variable. The
constant term is also positive and highly significant, representing the baseline long-run level of
the dependent variable when all other predictors are zero.

Table(7)

Long-run relationship parameters from ARDL model
Variable Coefficient Std. t-Statistic | Prob.

Error

TEMPERATURE -0.405233 | 0.178699 | -2.27 0.025
POPULATION -0.547321 | 0.1240 -4.41 0.0000
Rt ATION 0.17864 | 0061352 | -291 | 0.004
COo2 0.365072 0.14751 | 2.47 0.015
LAND 0.112348 0.030744 | 3.65432 0.0009
DUMMY LAND 1.3651 0.171885 | 7.94 0.0000
PRECIPITATION -1.320858 | 0.672931 | -1.96 0.05
¢ (constant) 0.45 0.12 3.75 0

The short-run ARDL model estimation as table 8 illustrates, based on 36 observations from 1984
to 2022, reveals significant short-term dynamics and a highly significant error correction
mechanism. The Error Correction Term (CointEq(-1)) is -0.851367 and is highly significant (Prob
= 0.0000), indicating that 85.14% of the deviation from the long-run equilibrium in the previous
period is corrected within the current period, suggesting a very fast speed of adjustment. Most

differenced A independent variables are statistically significant, with ACO, and ALAND having
a positive short-run impact (coefficients 0.725 and 0.432651, respectively), while

ATEMPERATURE, APOPULATION, ADUMMY POPULATION, and APRECIPITATION
show a significant negative short-run relationship with the dependent variable. Furthermore, the
Constant (C) is highly significant (p=0.0000), and the single non-differenced variable,
{DUMMY _LANDY}, also has a significant positive short-run effect (p=0.0325)

Table(8)

Short-run estimation of parameters from ARDL models (36 observation from 1984 to 2022)
Variable Coefficient Std. t-Statistic Prob.

Error

C (Constant) 10.30578 | 1.214764 | 8.49 0
CointEq(-1) -0.851367 | 0.102914 | -8.27 0
ATEMPERATURE | -0.465264 | 0.14601 | -3.19 0.0016
APOPULATION -0.56432 0.154401 | -3.65489 0.0245
D(DUMMY
POPULATION) -0.201019 | 0.096181 | -2.09 0.0389
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ACO2 0.725 0.1705 4.25 0.001

DUMMY_LAND 1.530431 | 0.716658 | 2.14 0.0325
APRECIPITATION | -0.341748 | 0.126131 | -2.71 0.0076
ALAND 0.432651 |[0.17012 | 2.54321 0.0145

Impulse Response

When we look at the Impulse Response graphsl, the most glaring takeaway is the sheer
volatility caused by "heat shocks." For rice crops in the Nile Delta, timing is everything; a
sudden heatwave during the critical flowering stage doesn't just damage the current harvest—it
leaves a lasting scar. Interestingly, the data shows that production doesn’t simply "snap back"
once the weather cools down. Instead, we see a lingering "hangover effect" where it takes
roughly three to four years for the soil's moisture balance and plant health to fully stabilize. This
tells us that one extreme summer creates a ripple effect of economic hardship for farmers that
lasts far beyond a single season.

The role of CO, emissions introduces a bit of a paradox. Initially, the curve shows a slight
upward "bump," which points toward the “carbon fertilization effect"—a phenomenon where
higher carbon levels briefly act as a growth stimulant. However, this gain is deceptive and
short-lived. As time goes on, the benefits of carbon are quickly wiped out by the overwhelming
negative pressure of rising temperatures. Ultimately, any growth boost from CO;, is a temporary
illusion, completely overshadowed by the broader realities of a warming climate.

Finally, the population shock curve brings to light the heavy, permanent cost of urban
"encroachment" on Egypt’s agricultural heartland. As population density spikes, we see a
steady, downward pull-on rice yields. This isn't just a matter of higher demand; it’s the physical
loss of fertile "old lands" in the Delta to concrete and new infrastructure. Unlike weather
patterns that might fluctuate, the impact of population growth is "sticky" and irreversibly
negative. It serves as a stark reminder that unless land-protection policies become a priority,
rice production faces a structural decline that climate adaptation alone won't be able to fix.
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Impulse Response Analysis (Rice Production)
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Figure (1)
Impulse Response for Rice Production

Stability check

The stability of the short-run and long-run coefficients in the ARDL model is crucial for ensuring
the reliability of its results. To evaluate this, the study applies the cumulative sum (CUSUM) test,
as shown in figure 2, as proposed by Brown et al. (1975). The CUSUM line remains within the
5% significance boundaries throughout the period from 2008 to 2022, as shown in the figure,
confirming the absence of significant structural breaks in the model. This stability highlights the
robustness and good fit of the ARDL model for analyzing the relationships among the variables.
The results validate the model's specification, making it suitable for understanding the dynamics
of the dependent and explanatory variables over time.

The CUSUM (Cumulative Sum of Recursive Residuals) plot for the stability of coefficients in
the ARDL model provides evidence of coefficient stability over the sample period from 2008 to
2022. The blue line, representing the cumulative sum of recursive residuals, remains within the
5% significance bounds throughout the entire period. This indicates that there are no significant
structural breaks in the relationships between the dependent and independent variables included
in the model. While the CUSUM line rxhibits minor fluctuations, with an upward trend between
2008 and 2012 and a slight downward trend from 2019 to 2022, these variations remain well
within the critical bounds, suggesting that the changes in the coefficients are not statistically
significant.

11
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Figure(2)
plot of CUSUM for coefficients’ stability of ARDL model. Source: authors’ estimates from datal984-2022.

Maize Production analysis

Lag selection

The VAR Lag Order Selection Criteria table 9 provides essential information for determining the
optimal lag length for the Vector Autoregression (VAR) model. The table includes various
statistical criteria such as the Log-Likelihood (LogL), Likelihood Ratio (LR), Final Prediction
Error (FPE), Akaike Information Criterion (AIC), Schwarz Criterion (SC), and Hannan-Quinn
Criterion (HQ). Among these, the AIC, FPE, and HQ criteria suggest that Lag 4 is the best choice,
as it has the lowest values (AIC = 9.378966, FPE = 0.004215, HQ = 11.67999). On the other
hand, the SC criterion favors Lag 0, as it has the smallest SC value (12.05513). The LR test
statistic also indicates a significant improvement at Lag 4 (48.86102), further supporting its
selection. Since the AIC and FPE criteria are commonly used for VAR model selection, Lag 4
appears to be the most suitable choice for capturing the dynamic relationships among the variables

in this study.
Table(9)
Lag order criteria by using VAR (vector autorepression)
Lag LogL LR FPE AIC SC HQ
- * *
0 200.299 NA 0.005307 | 11.7885 12.05513* | 11.88054
1 180.039 32.41575 | 0.01348 12.68793 14.55435 | 13.33222
2 141.031 49.03903 | 0.01374 12.51603 15.98223 | 13.71256
3 99 6387 37.84396 | 0.017681 | 12.20793 17.27392 | 13.9567
- * * *
4 14.1319 48.86102 | 0.004215* | 9.378966 16.04474 | 11.67999

ARDL bond test for cointegration

The F-statistic of 7.524 obtained from the ARDL Bounds Test for cointegration as table 10
illustrates is contrasted with the critical bounds at various significance levels. The actual sample
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size is 38 observations, and the value of k = 7 indicates that the model has 7 independent variables.
The crucial values for the boundaries test at the 10 percent significance level are 2.12 (lower limit,
1(0)) and 3.23 (upper bound, I(1)). The boundaries are 2.45 and 3.61 at 5 percent and 3.15 and
4.43 at 1 percent. At all conventional levels, the calculated F-statistic of 7.524 definitely above
the upper bound (10 percent , 5 percent, and 1 percent ). Thus, we infer that there is a long-term
cointegrating link among the variables and reject the null hypothesis that there is no level
relationship, or cointegration.

Table(10)
ARDL test for cointegration

Lower | Upper

Statistic Value Significance Level Bound | Bound
1(0) 1(1)

F-statistic 7.524410 | 10% 2.12 3.23

k 7 5% 2.45 3.61

Actual Sample

. 38 1% 3.15 4.43
Size

The long-run coefficients as table 11 shows, derived from the ARDL model clearly delineate the
sustained influences of the predictors on the dependent variable. Variables exhibiting a
statistically significant negative long-run impact include Temperature (-0.124, p=0.0001),
Population (-0.118, p=0.0090), Precipitation (-0.668, p=0.0005), and most notably, the Dummy
Population (-0.811, p=0.0001). This suggests that a permanent increase in any of these factors
will ultimately lead to a decrease in the maize production with the Dummy Population variable
indicating a substantial negative shift in the equilibrium level. Conversely, CO, (0.751, p=0.0020)
and Land (0.067, p=0.0170) exert a significant positive long-run influence, implying they
contribute to an increase in the dependent variable over time. The single largest positive long-run
impact is attributed to the Dummy Land variable (1.449, p=0.0001), signifying a major positive
adjustment to the long-run equilibrium. Overall, the results confirm a robust, highly significant,
and mixed set of long-run relationships.

Table(11)

Long-run relationship parameters from ARDL model
Variable Coefficient | Std. Error t-Statistic | Prob.
TEMPERATURE -0.123669 | 0.019311 -6.40365 | 0.0001
POPULATION -0.117989 | 0.043176 -2.73280 | 0.0090
CO2 0.750886 0.228527 3.285771 | 0.0020
LAND 0.066528 0.027029 2.461369 | 0.0170
PRECIPITATION -0.668421 | 0.182871 -3.65515 | 0.0005
DUMMY_POPULATION | -0.811328 | 0.14822 -5.47345 | 0.0001
DUMMY_LAND 1.448962 0.325167 4.456321 | 0.0001

The short-run ARDL model estimation as shown in table 12, covering 36 observations from 1984
to 2022, is characterized by a highly significant and rapid error correction mechanism, with the
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ECMC(-1) coefficient of -0.755433 (Prob. 0.0000) indicating that approximately 75.54% of the
previous period's disequilibrium is adjusted in the current period. All differenced variables and
dummy variables show a statistically significant short-run impact on the dependent variable. The
variables exhibiting a positive short-run relationship are ACO,, ALAND, and the
DUMMY _LAND variable, indicating that positive changes or the presence of these factors
immediately contribute to an increase in maize production. In contrast, ATEMPERATURE,
APOPULATION, APRECIPITATION, and theDUMMY_POPULATION variable all
demonstrate a significant negative relationship, meaning that an increase or the effect of these
factors leads to an immediate decrease in the dependent variable.

Table(12)

Short-run estimation of parameters from ARDL models (36 observation from 1984 to 2022)
Variable Coefficient Std. t-Statistic | Prob.

Error

ATEMPERATURE -0.234512 0.0811 -2.8916 0.0034
APOPULATION -0.198743 0.0631 -3.1491 0.0011
ACO2 0.604189 0.2081 2.9038 0
ALAND 0.112348 0.0461 2.437 0.0126
APRECIPITATION -0.745321 0.0763 -9.7683 0
DUMMY_POPULATION | -1.102349 0.305872 | -3.604561 | 0.0013
DUMMY_LAND 1.309487 0.28756 | 4.553214 0
c 5.432198 0.490128 | 11.08543 0
ECM(-1)* -0.755433 0.0606 -12.4698 0

Impulse Response

The Impulse Response Analysis for maize production as figure 3 illustrates a striking look at how
sensitive this crop is to the volatile climate in Egypt. When you look at the graph, the most
immediate "dip"” follows a shock to temperature. Because maize is primarily a summer crop, it is
forced to grow during the hottest months of the year, and the IRF curve shows that a single season
of extreme heat creates a negative ripple effect that lasts for several years. It doesn't just recover
instantly; the downward trend suggests that heat stress might be damaging the overall quality of
the soil or the traditional seed cycles that farmers rely on, making it harder for production to
"bounce back™ to its previous levels.

Furthermore, the response to CO, emissions and population growth in the graph reveals a long-
term struggle for maize. While there is a tiny, temporary boost often associated with the "carbon
fertilization" effect, it is quickly overwhelmed by the negative pressure of a growing population.
As the population shock hits, the graph shows a persistent decline in maize production, likely
because fertile lands are being paved over for housing, leaving less space for this essential feed
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crop. Unlike wheat, which shows a bit more resilience, the maize IRF curve remains "suppressed"
for a longer period, suggesting that without a major shift toward heat-resistant varieties, maize
production will remain in a state of constant recovery from these environmental and social shocks.

Impulse Response Analysis (Maize Productior
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Figure (3)
Impulse Response for Maize Production
Stability check

The CUSUM of Squares plot (Figure 4) is a crucial diagnostic tool used to test the stability of the
variance of residuals in the ARDL model over the sample period from 1984 to 2022. The solid
blue line, which represents the cumulative sum of squared recursive residuals, remains well
within the 5% significance boundaries (the dashed lines) throughout the entire period. This
indicates that there are no significant instabilities or structural breaks in the variance of the
residuals, meaning the model does not suffer from heteroskedasticity. This outcome, along with
a stable CUSUM plot for the coefficients (as typically performed alongside this test), strengthens
confidence in the model's specification and overall reliability.
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Figure(4)
plot of CUSUM for coefficients’ stability of ARDL model. data1984-2022.

Wheat Production analysis

Lag selection

Based on the data in Table 13, selecting Lag 2 is a well-supported decision.

The Akaike Information Criterion (AIC) and the Final Prediction Error (FPE), both of which are
reliable criteria for selecting the optimal lag length, point to Lag 2 as the best choice, as it has the
lowest value for each (AIC = 11.56684 and FPE = 0.005129). This indicates that Lag 2 provides
the best balance between model fit and forecast accuracy. Additionally, the Likelihood Ratio (LR)
statistic of 53.73297 at Lag 2 is statistically significant, which confirms that adding this second
lag provides a meaningful improvement to the model.

While the Schwarz Criterion (SC) and the Hannan-Quinn Criterion (HQ) both favor Lag 0, this
iIs @ common occurrence. SC and HQ tend to be more conservative, preferring simpler, more
parsimonious models to avoid overfitting. Given the strong support from the AIC, FPE, and LR
statistics, choosing Lag 2 is a defensible decision for capturing the dynamic relationships among
the variables in this study.

Table(13)
Lag order criteria by using VAR (vector autorepression)
Lag LogL LR FPE AIC SC HQ
- * *
0 2145392 NA 0.006059 | 11.92104 | 12.18227* | 12.01313
1 177.4057 60.21645 | 0.005859 | 11.85977 | 13.68838 | 12.50444
- * * *
2 135 9865 53.73297* | 0.005129* | 11.56684* | 14.96283 | 12.76408

ARDL bond test for cointegration

A significant indication of cointegration between the variables in the model is suggested by the
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results of the ARDL test for cointegration, as shown in table 14. For all significance levels, the
F-statistic of 22.31591 is substantially more than the upper bound critical values (10 percent , 5
percent, and 1 percent). In particular, the upper bound is 3.23 at the 10 percent significance level,
3.61 at the 5 percent level, and 4.43 at the 1 percent level. We reject the null hypothesis that there
IS no cointegration since the F-statistic (22.31591) is greater than all of these crucial values,

suggesting that the variables in the model have a long-term relationship.
Table(14)
ARDL test for cointegration

Lower | Upper

Statistic Value Significance Level Bound | Bound
1(0) 1(1)

F-statistic 22.31591 | 10% 2.12 3.23

k 7 5% 2.45 3.61

Actual Sample

. 38 1% 3.15 4.43
Size

The long-run results in table 15 from the ARDL model on wheat production indicate a clear and
statistically significant divergence of effects across the predictor variables. Factors exerting a
negative long-run influence on wheat production include Temperature, Population, Precipitation,
and the Dummy Population variable, suggesting that permanent increases in these factors are
detrimental to long-term output. Conversely, CO,, Land, and the Dummy Land variable show a
significant positive long-run relationship with wheat production, implying that these factors or
shifts are crucial for sustained increases in production. Specifically, the strongest negative
pressure is associated with Population, while the largest positive contributor appears to be Land.
The constant term also provides a highly significant positive baseline for long-term production

Table(15)

Long-run relationship parameters from ARDL model
Variable Coefficient | 20" t-Statistic | Prob.

Error

TEMPERATURE -0.183108 0.05167 -3.54321 0.0010
POPULATION -0.706717 0.22920 -3.08354 0.0046
CO2 0.381349 0.08193 4.65431 0.001
LAND 0.853302 0.39889 2.139167 0.0413
PRECIPITATION -0.050178 0.01554 -3.228215 0.0021
DUMMY
POPULATION -0.196607 0.04353 -4.516245 0.001
DUMMY LAND 0.773502 0.32982 2.34521 0.03215
c 5.54326 0.66787 8.299953 0.001

Table (16) presents the short-run dynamic estimation results from the ARDL model, revealing
17
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several statistically significant relationships between production and the explanatory variables.
The error correction term (ECM(-1)) is negative and highly significant (-0.82563; p < 0.01),
confirming the presence of a strong adjustment mechanism where deviations from the long-run
equilibrium are corrected by approximately 82% annually—indicating a relatively fast return to
equilibrium after shocks. Temperature has a negative and statistically significant effect on
production in the short run (f = -0.2114; p = 0.0029), suggesting that increases in temperature
reduce output, likely due to adverse impacts on agricultural productivity. Similarly, population
negatively influences production (f = -0.1752; p = 0.001), which may reflect pressure on
resources or labor inefficiencies. In contrast, CO: emissions exert a positive and significant
influence on production (# = 0.5826; p < 0.01), potentially indicating the role of industrial
activity. Land and precipitation also positively contribute to production, with coefficients of
0.1053 and 0.7195 respectively, both statistically significant at the 5% level or better, reflecting
their importance in agricultural output. The dummy variables for population and land shifts are
also significant, with DUMMY _POPULATION negatively affecting production (5 = -1.1585; p
=0.0007) and DUMMY _LAND having a strong positive impact (5 = 1.2549; p <0.01), indicating
structural changes or policy shifts during the period studied. Overall, the model highlights both
climatic and socio-economic factors as crucial short-run determinants of production in Egypt.

Table(16)

Short-run estimation of parameters from ARDL models (36 observation from 1984 to 2022)
Variable Coefficient Std. t-Statistic | Prob.

Error

ATEMPERATURE -0.211384 0.06948 | -3.04213 0.0029
APOPULATION -0.175219 0.04812 | -3.64081 0.001
ACO2 0.582617 0.12731 | 4576234 |0
ALAND 0.105342 0.04126 | 2.552874 | 0.0134
APRECIPITATION 0.719453 0.08672 | 8.296102 | 0

DUMMY_POPULATION | -1.158473 | 0.30199 | -3.83517 | 0.0007

DUMMY_LAND 1.254892 0.28371 | 4422981 | O
c (Intercept) 5.365219 0.48316 | 11.10453 | 0
ECM(-1)* -0.82563 0.06442 | -12.8162 |0

7 The Impulse Response

The Impulse Response Analysis for wheat, as figure 5 shows, offers a compelling look at how

Egypt’s most vital strategic winter crop responds to sudden environmental and social shifts. When

we look at the graph, the impact of temperature shocks is immediately apparent. As a winter crop,

wheat is particularly vulnerable to unseasonable heatwaves during its sensitive growing phases.
18
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We see a sharp, initial dip in production following a heat spike, but wheat shows a surprising
ability to stabilize and return to its equilibrium much faster than summer crops like maize. This
suggests that while wheat isn't immune to climate volatility, the traditional winter farming cycles
in Egypt possess a built-in resilience that helps the system correct itself once conditions
normalize.

Beyond the weather, the graph reveals a troubling and deep-seated connection between wheat
yields and population shocks. Every time the population curve spikes, wheat production comes
under sustained downward pressure. This isn’t just an abstract statistical trend; it reflects the
boots-on-the-ground reality of urban "encroachment™ eating away at the fertile land of the Nile
Delta. Interestingly, while climate variables eventually level off, the population impact remains
"sticky" and persistent. It serves as a reminder that as the demographic burden grows, the land
available for our most important food staple is being permanently squeezed.

Even with the minor positive "bump™ linked to CO, emissions—which is likely the "carbon
fertilization effect” in action—the overall takeaway remains one of caution. Any benefits from
increased carbon are fleeting at best, while the destructive forces of heat stress and land loss are
clearly the dominant factors shaping the future of Egyptian wheat.

Impulse Response Analysis (Wheat Production)
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Figure (5)
Impulse Response for Wheat Production

Stability check

The CUSUM of Squares plot as figure 6 shows, presented above evaluates the stability of the
ARDL model by assessing the consistency of the residual variance over time. The blue line
represents the cumulative sum of squared residuals, while the two dashed lines mark the 5%
critical boundaries. Throughout the sample period (1984-2022), the plot shows that the CUSUM
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of Squares remains well within the confidence bounds, indicating no structural instability in the
variance of the residuals.

This result confirms that the model's error variance is statistically stable, suggesting that the
ARDL estimates are robust over time. The absence of abrupt deviations or crossings beyond the
critical thresholds reinforces the reliability and validity of the model’s long- and short-run
estimations, and confirms that no significant shifts in the error structure have compromised the
model's predictive consistency.

1,0
0,8
0,6
0,4
0,2
0,0
—0,2

-0,4
02 04 06 08 10 12 14 16 20

—— CUSUM of Squares 5 % Significance

Short-run etsimation of parameters’ stability model

Figure (6)
plot of CUSUM for coefficients’ stability of ARDL model. datal984-2022.

Discussion and Conclusion

Our primary goal in this study was clear: we wanted to rigorously figure out both the long-term
and immediate impacts of key climate and socio-economic factors on Egypt’s overall agricultural
production (1984-2022) using the Autoregressive Distributed Lag (ARDL) modeling framework.
This approach is robust for analyzing time series data and allows us to capture dynamic
relationships while carefully checking for major "structural breaks," which is crucial for reliable
findings.

Long-Run Impacts on Agricultural Production

Temperature (Negative Impact): Temperature emerged as a statistically significant, yet deeply
concerning, factor. These findings are powerfully backed by existing research, including reports
of similar negative effects in Turkey (Dumrul and Kilicarslan, 2017) and Bangladesh (Chandio
et al., 2022).
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Population (Negative Impact with Structural Break): Population showed a significant negative
long-run impact. This outcome is consistent with research showing that current yield trends won't
be enough to feed the world's growing population by 2050 (Ray et al., 2013), and specific findings
that Egypt's population growth is already leading to consumption rates that far outstrip local
production (Ahmed and Elasraag, 2023).

Agricultural Land (Strong Positive Impact): Agricultural land turns out to be incredibly important
for boosting farm output. This resonates with other research that found positive impacts from
secure land ownership (Mdoda and Gidi, 2023) and consolidated land use (Nsanzimana and
Nsabimana, 2018).

CO; Emissions (Positive Impact): Our results show a statistically significant positive link in the
long run.. This finding echoes similar observations in Bangladesh (Chandio et al., 2020) and other
studies (Kim, 2020; Yang et al., 2020).

Precipitation (Negative Impact): Finally, our analysis showed that Precipitation has a strong,
statistically significant negative impact on agricultural production in the long run. This finding
matches observations by Alahmadi & Rahman (2019), underscoring the vital need for advanced
water management and drainage to deal with shifting weather patterns.

Short-Run Dynamics and Adjustment to Equilibrium

Shifting from the long-term view, our short-run ARDL results give us some really important
insights into those immediate, year-to-year changes:

« Temperature and Population continue to have a strong and significant negative impact even
in the short run, highlighting just how susceptible agricultural systems are to sudden heat
stress and immediate resource strain.

« The CO, fertilization effect also remains significant in the short run, reinforcing its
immediate growth-enhancing effect. However, this short-term boost must be balanced
against the long-term climate risks caused by those same emissions.

. Land use maintains a strong positive short-run relationship, amplified by the significant
dummy, strongly suggesting that specific policy interventions have immediately enhanced
land's contribution to production.

« Precipitation keeps its negative short-run impact (0.342), stressing the immediate need for
effective water management.

Conclusion and Policy Implications

Our findings unequivocally show that rising temperatures represent a serious, long-term threat to
Egypt's agricultural output, consistently affecting staple crops like rice, maize, and wheat.
Population growth, along with the significant structural shift we identified in 2010, also exerts
considerable negative pressure on productivity, stressing the vital need for smart resource
management. Conversely, agricultural land use consistently stands out as a strong positive driver.
Ultimately, these results underscore the complex interplay between climate variables and
agricultural productivity, making it clear that well-informed policies are essential to skillfully
balance environmental sustainability with the twin goals of food security and robust economic
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growth. Our findings offer critical guidance for policymakers, agricultural stakeholders, and
climate strategists alike:

1.

Prioritize Climate Adaptation: Investments in heat-resilient crops and highly efficient
irrigation technologies are absolutely necessary to mitigate the confirmed long-term
negative impact of rising temperatures.

Strengthen Land Policy: Leverage the positive structural effects confirmed in this study by
ensuring careful land conservation and secure land rights to maximize the contribution of
arable land.

Address Policy Gaps: Our findings reinforce the urgent need to move beyond policy
announcements toward effective implementation, including creating a thorough legal
framework and strengthening government-NGO partnerships to adopt advanced, climate-
resilient.

Recommendations for Future Research

Building on what we've learned, we see several exciting paths for future research:

e Zooming In on Data: Future studies could really benefit from using more frequent

data — think quarterly or even monthly. This would help us catch those subtle short-
term changes and seasonal patterns in farming output that our yearly data might be
missing.

Broadening Our View of Factors and Complex Relationships: Future research could
really deepen our understanding by bringing in more socio-economic elements. This
might include things like farmers' access to credit, how quickly new technologies are
adopted, or the stability of specific agricultural policies. Exploring these using
advanced, non-linear ARDL methods could paint a much more complete picture of
what truly drives agricultural productivity.

Uncovering More Hidden Shifts: If we have enough data and a long enough time series,
investigating the possibility of multiple structural breaks using tests like Bai-Perron
could offer even deeper insights into complex long-term dynamics, going beyond the
single break we've already identified.

Looking Beyond Our Borders: Finally, it would be incredibly valuable to conduct
comparative studies with other countries in the Middle East and North Africa (MENA)
region. Many of them face similar climate and population challenges, and cross-country
comparisons could reveal invaluable policy lessons and broader regional strategies for
making agriculture more resilient.
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Abstract

This study explores the drivers of Egypt's national competitiveness by
analyzing the 12 fundamental pillars and assessing their impact on global
ranking. Utilizing a quantitative methodology, including Augmented
Dickey-Fuller (ADF) tests, correlation matrices, and OLS regression, the
research identifies human capital (Health and Skills) as the primary engine
of Egyptian competitiveness, maintaining a superior growth trajectory. The
analysis reveals a strong and significant negative correlation between
economic quality, enterprise conditions, and global rank, confirming that
structural reforms are key to enhancing competitive positioning. The study
concludes that the high multicollinearity among pillars necessitates
integrated reform policies that balance macroeconomic growth with
institutional development.
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94 5.61 9.77 7.90 7.92 6.65 6.44 12.47 | 12.26 6.65 7.69 7.90 8.73 2011
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s pE 2.71- 3.15- 4.12- 0.789 0.77- oeYlg el | 10
e pé 2.71- 3.15- 4.12- 0.188 2.3- Sl ol (wly | 11
JER 0.002 A | 12
s pE 2.73- 3.18- 4.2- 0.103 2.71- sl &y | 13
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