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ARTICLE INFO ABSTRACT

Mortality forecasting is important for population policy and public health, particularly in the 
context of pandemics and aging populations. This study addresses this need by proposing 
a novel hybrid modeling framework that combines generalized estimating equations based 
on quasi-likelihood method and autoregressive integrated moving average models to predict 
mortality rates across Organization for Economic Cooperation and Development countries. 
The suggested method provides for parameter estimate in correlated panel data, notably lon-
gitudinal data, and precise temporal prediction of important predictors. The study, which ex-
amined the drivers of particular mortality, non-communicable diseases, accidents and other 
external causes of death, employed a large dataset covering 33 years from 1980 to 2013.
The prediction performance of the model was high with an average determination coefficient 
R² of 0.928 across countries, indicating an excellent model fit. The approach was shown to be 
reliable out of sample with forecasts produced for the years 2014 and 2023. The methodology 
offers a statistically interpretable alternative to black-box machine learning methods, and fills 
a gap in the literature where generalized estimating equations and autoregressive integrated 
moving average models have been utilized mostly in isolation.
In this research we combine the two methodologies to provide a clear and powerful method 
for predicting mortality rates. It may be a useful tool for governments, insurance companies, 
and healthcare planners to prepare for demographic shift. This can allow people to make in-
formed decisions and prepare for what lies ahead.
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INTRODUCTION

Mortality is a critical indicator of both demographic 
and public health dynamics. In particular, the SARS-CoV-2 
pandemic [1,2], which causes severe respiratory compli-
cations, continues to increase mortality worldwide [3-7]. 
Accurate modeling and forecasting of mortality trends are 
vitally essential for informing health policy, social plan-
ning, and economic stability worldwide.

Different modeling techniques have been used to inves-
tigate mortality in many studies [8-23]. In recent years, arti-
ficial intelligence (AI) techniques, such as machine learning 
and deep learning, have been popular for modeling in many 
fields [5, 24]. However, statistical approaches such as gen-
eralized linear models (GLMs), Generalized Estimating 
Equations (GEEs) [25] and time-series models such as 
Autoregressive Integrated Moving Average (ARIMA) [26] 
are still widely trusted and used for their interpretability 
and suitability for interdisciplinary data [2, 8, 27- 40].

GEEs, proposed by Liang and Zeger [25, 41, 42], are 
increasingly popular in diverse fields such as public health, 
social sciences, econometrics, etc. [43-45]. One key advantage 
of GEEs is their robustness to violations of classical statistical 
model assumptions, such as “normality” and “homogeneity 
of variance”. The GEEs method combines the flexibility of 
the GLMs method [46] with the “quasi-likelihood” estima-
tion theory [47], whereas the GLM approach is based on the 
“maximum likelihood” (ML) theory [48], enabling efficient 
modeling of within-cluster correlations through a “working 
correlation matrix” [25, 8, 43, 46, 49-58]. 

While GEEs and ARIMA models have each been 
widely applied to model and forecast mortality [59-74], 
studies integrating both within a single hybrid framework 
remain scarce, particularly for mortality forecasting across 
countries. Moreover, although machine learning meth-
ods are powerful, they often suffer from a lack of inter-
pretability. This study addresses that gap by proposing an 
ARIMA integrated GEEs hybrid model that leverages the 
strengths of both methods for panel mortality data predic-
tion in the Organization for Economic Co-operation and 
Development (OECD) countries.

In this study, we employ symmetric and asymmetric 
continuous distributions (e.g., normal, gamma, and inverse 
Gaussian) within the GEE framework, along with different 
link functions. Model selection is guided by the quasi-likeli-
hood-independent model criterion (QIC) and its corrected 
version (QICC). For the aim of forecasting, ARIMA mod-
els are used to project significant major causes of mortality 
between 2014 and 2023. These projections are then inte-
grated into the GEEs framework, establishing a novel hybrid 
strategy for the mortality estimation of the OECD countries.

Recent applications of GEEs and ARIMA models in a 
variety of domains, such as traffic safety [61], child obe-
sity [64], energy forecasting [66], and clinical trials [63], 
demonstrate their versatility. However, few of these stud-
ies specifically address mortality or the use of GEEs and 

ARIMA methods for the aim of forecasting separately. This 
emphasizes the novelty and practical value of the proposed 
ARIMA integrated GEE hybrid approach in this study. 
Details of these studies and further studies in the literature 
are presented as follows;

Iqbal et al. [59] proposed a novel GLM approach using 
the Poisson regression model based on homogeneously 
weighted moving average (HWMA) and double HWMA 
charting schemes to monitor count manufacturing pro-
cesses. Kim and Ha [60] suggested a control chart for 
highly related explanatory factors and a binary response 
by employing Bayesian variable selection, principal com-
ponent analysis, a neural network regression model, and 
a deep learning regression model. They expressed that the 
deep learning control chart outperforms the GLM with 
probit and logit link functions, and also neural network 
control charts in keeping tabs on both simulated and real 
binary response data. 

Jamal et al. [61] used three years of Saudi Arabian rural 
highway crash data to recommend statistical monitoring 
for real-time highway safety surveillance using Poisson, 
negative binomial, and Conway–Maxwell–Poisson (CMP) 
count regression models. They determined the CMP model 
as the most suitable crash model, showing that road type 
and surface conditions greatly affect collisions. Foster et 
al. [62] extended the Tweedie GLM for the summation of 
a Poisson number of gamma random variables, includ-
ing both a composite link and a covariate-dependent 
mean-variance link, and also applied their proposed model 
to Southeast Australian fish trawl survey data.

Fernández et al. [63] modeled the arthritis clinical trial 
dataset using the ordered stereotype model and the GEE 
approach as a comparison to fill a gap in ordinal response 
variable modeling. He et al. [64] examined obesity in 
Chinese children before and after the COVID-19 epidemic 
to help combat childhood obesity via the GEE approach 
and demonstrated that ethnic minorities, less daily physical 
activity, lower sleep duration, and longer screen time were 
positively linked with obesity. Finally, they expressed that 
the COVID-19 epidemic has increased childhood obesity, 
which may be due to weight-related changes. 

Tang et al. [65] utilized machine learning and finance to 
investigate optimal financial investment matching and reduce 
investor information asymmetry. They determined that 
investor personalities affected model-predicted investment 
returns and transaction volumes using the ARIMA model 
through the particle swarm algorithm, and so they evalu-
ated investor trading behavior. Phyo et al. [66] forecasted 
energy and meteorological data of four Jeju Island locations 
by comparing five ML regressors, an ARIMA model, and a 
Voting Regressor (VR) approach. They concluded that the 
VR approach performed effectively in energy forecasting. 
Martino et al. [67] introduced fuzzy transform-based sea-
sonal forecasting and applied this novel method to the daily 
weather data of Naples, Italy, from 2003 to 2015 to predict 
mean, max., and min. Temperatures. Furthermore, they 
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applied this method to the Liguria weather station “Chiavari 
Caperana” daily mean temperature data. They showed that 
their solution outperforms the average seasonal variation, 
ARIMA, and fuzzy transformations in both situations.

Ye and Kerr [68], Makinde et al. [69], Ghoshal [70], 
Barbiellini Amidei et al. [71], Kuo et al. [72], Allain and 
Collins [73] investigated the relationships between mor-
tality from liver cirrhosis and alcohol consumption in the 
United States of America (USA); daily incidence and mor-
tality belonging to the COVID-19 pandemic in African 
countries, surgery volumes and mortality before and after 
the COVID-19 in Massachusetts, specific causes of mortal-
ity and the effect of COVID-19 in Veneto Italy, the ambient 
environment and COVID-19 cases in Lima, ethnic groups 
and park equity in Miami USA by the GEEs approach and 
ARIMA models. Also, Beard et al. [74] provided a detailed 
overview for comparing the GLM and GEEs approaches, 
and also ARIMA models with other models. 

While these studies demonstrate the flexibility of the 
hybrid GEE-ARIMA models individually, our research dis-
tinguishes itself by combining these methods within a sin-
gle coherent structure tailored to the longitudinal mortality 
analysis. The following point headers that summarize the 
key contributions of this study are as follows:
1.	 To apply the GEE approach to the longitudinal mortal-

ity data, benefiting from its robustness to distributional 
assumptions.

2.	 To incorporate various disease categories as explana-
tory variables to examine mortality patterns across the 
OECD countries.

3.	 To identify the best GEE model based on the smallest 
QIC value.

4.	 To forecast statistically significant independent vari-
ables (as major causes of mortality) using the ARIMA 
model for each OECD country.

5.	 To observe a general decrease in mortality of the OECD 
countries, except for certain disease categories such as 
nervous system and psychiatric disorders.

6.	 To propose an original hybrid forecasting approach 
based on the integration of the GEE and ARIMA 
models. 
The organization of this study is as follows: The materi-

als and methods part of this study are presented in the next 
section. Empirical results from this study, the discussion, 
and also conclusion are given in this study, respectively.

MATERIALS AND METHODS

This section details the collected dataset, the proposed 
architecture for mortality prediction, and the evaluation 
metrics used to compare model performance. We also pres-
ent the configuration details for the GEE and ARIMA mod-
els. A flowchart of the study is shown in Figure 1.

Figure 1. The hybrid GEE–ARIMA modeling framework.
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Dataset
In this study, we obtained the dataset from the OECD.

Stat [https://stats.oecd.org/] website for the OECD coun-
tries. This longitudinal dataset includes “mortality rates 
per 100,000 population” as the dependent variable, and 
also deaths from “non-communicable diseases”, and also 
“external causes”, and “accident falls” as independent 
variables for Australia, Austria, Belgium, Canada, Chile, 
Denmark, France, Hungary, Iceland, Ireland, Italy, Japan, 
Netherlands, New Zealand, Norway, Poland, Portugal, 
Spain, Sweden, Switzerland, United Kingdom (UK), and 
USA as the OECD countries included in the study between 
1980 and 2013.

The selection of OECD countries was based on the con-
sistency, availability, and reliability of longitudinal health 
and demographic records across these nations. The study 
period from 1980 to 2013 was chosen due to the com-
pleteness of time-series data for both mortality rates and 
cause-specific death indicators. The selected independent 
variables, namely, non-communicable diseases, external 
causes, and accidental falls, were determined based on their 
statistical significance in prior exploratory analyses and 
their policy relevance in public health. The forecast years 
of 2014 and 2023 were selected to evaluate the model’s abil-
ity to make prospective mortality predictions beyond the 
observed range.

To provide a quick overview of the data distribution, 
Table 1 presents the descriptive statistics of mortality rates 
for several OECD countries included in the study. The 
table reports the mean, minimum, and maximum values 
calculated for neoplasm and the mean for diseases of the 
circulatory system, mental and behavioral diseases, diabe-
tes mellitus, and diseases of the respiratory system over the 
1980–2013 period.

Generalized Estimating Equations Approach
The GEEs approach proposed by Liang and Zeger [25] is 

considered as an extension of the generalized linear models 
(GLMs) approach introduced by Wedderburn [47] based 
on the quasi-likelihood estimation method as an appro-
priate alternative to the ML approach by avoiding distribu-
tional assumptions [46]. The most essential feature of the 
GEE approach is that a regression model can be obtained 
by using a link function to relate the independent variables 
to the mean structure of the dependent variable. For the 
longitudinal data structure, the GEEs also include relation-
ships between within-cluster repeated measurements in the 
model [46]. The GEEs approach is analyzed in three parts 
for the longitudinal data as follows in Eqs (1)-(12): 
1. 	 Let yij be a continuous or discrete response variable for 

the ith subject on the jth independent variable (i = 1, ..., 
K; j = 1, ..., ni), and xij denotes the p × 1 dimensional 
covariates vector. Moreover, yi = (yi1, yi2, yi3, ..., yini)’ 
indicates the response vector with the mean vector 
noted by μi = (μi1, μi2, μi3, ..., μini) where μij is the corre-
sponding jth mean [75]. The conditional expected value 
(mean) of each dependent variable, E(yij | xij) = μij, is 
assumed to rely on the independent variables through a 
known g(.) link function:

	 	 (1)

where β is a p × 1 dimensional regression parameters vector. 
2.	 The conditional variance of each dependent variable yij 

is assumed to rely on the known variance function of 
the conditional mean v(.):

	 	  (2)

where ϕ is the scale parameter which might be required 
to be estimated [75]. It is worth noting that v(.) and ϕ are 

Table 1. Summary statistics of major causes of mortality by some OECD countries

Country Neoplasm
Mean

Neoplasm
Min

Neoplasm
Max

Diseases of the 
Circulatory 
System 
Mean

Mental and 
Behavioral 
Diseases 
Mean

Diabetes 
Mellitus
Mean

Diseases of the 
Respiratory 
System 
Mean

Australia 259.8 174.5 229.1 400.3 140.2 55.1 123.4
Austria 234.4 210.1 259.8 390.2 138.4 52.3 118.5
Belgium 211.6 185.3 236.2 410.5 145.3 50.7 126.2
Canada 204.4 180.2 230.6 402.2 143.6 54.2 121.7
Chile 181.2 160.1 202.3 412.1 129.9 58.8 119.8
Denmark 199.3 180.2 215.6 420.6 130.0 51.1 130.1
France 217.3 196.1 237.4 408.8 148.2 49.9 134.0
Hungary 263.9 240.0 284.4 452.7 160.7 60.2 128.5
Iceland 172.9 155.0 190.1 384.5 126.8 47.6 117.3
Ireland 215.3 190.5 237.2 395.0 135.9 53.3 120.9
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dependent on result distributions. If yij is a continuous vari-
able, then v(μij) = 1, and ϕ is the error variance; if yij is a 
count variable, then v(μij) is equal to μij and thus, ϕ = 1.

In this study, normal, gamma, and inverse Gaussian 
distributions from symmetric and asymmetric continuous 
distributions are investigated using various link functions, 
parameter estimation methods, and working correlation 
matrices for the mortality of the OECD countries’ longi-
tudinal data by the GEEs approach. Detailed information 
about these distributions from the exponential family can 
be found in the following references [33, 61, 76-82].
3.	 The within-subject conditional relationships between 

the repeated measurements for the response variable yij 
observed at time tij are determined by the parameter α. 
Moreover, the variance-covariance matrix for yi is noted 
by Vi(α) and estimation of the parameters vector β in 
the GEEs approach depends on it as follows:

	 	 (3)

where Ai = diag{v(μij)} is a diagonal matrix consisting of 
diagonal elements of the variance function of the condi-
tional mean v(μij), Ri(α) is a ni × ni dimensional correlation 
matrix known as the “working correlation matrix”. Here, 
the term “working” is utilized to stress that Vi is only an 
approximate approach to the genuine mentioned covari-
ance . The estimation of α is used an iterative 

fitting process based on the Pearson residuals  

computed via the current value of β [83]. Further, the scale 
parameter ϕ is estimated as follows:

	 	 (4)

where  and p denote the total number of obser-
vations and the dimension of covariates, respectively.

According to Liang and Zeger [25], GEE possesses the 
desirable property of asymptotic consistency in estimat-
ing the parameter vector β, even in situations where the 
assumed “working” correlation structure Ri(α) is misspeci-
fied. This is achieved by resolving the following estimating 
equation:

	 	 (5)

where Di is .  is asymptotically regularly distributed 
under mildly irregularity conditions, with a mean of β0, and 
a covariance matrix computed using the sandwich estima-
tor as follows:

	 	 (6)

with

	 	 (7)

where  with  is an estimator of 
the variance-covariance matrix of yi by replacing β, α, and 
ϕ via their consistent estimates [49, 75, 83, 84]. This “sand-
wich” estimator is robust since it remains consistent even 
when the correlation structure is incorrect.

In the GEEs approach, determining the working cor-
relation matrix effectively will increase the reliability of the 
estimate of the parameter vector , in order to best deter-
mine the structure of the actual relationships between the 
repeated measurements for the response variable [49]. For 
this aim, in this study, five different working correlation 
matrices are investigated to determine the relationships 
between the repeated measurements for the “mortality 
rates” of the OECD countries from 1980 to 2013 as follows: 

Independent correlation matrix [49, 83, 85]:
R = I

	 	 (8)

Exchangeable correlation matrix [49, 83, 85]:
R = α

	 	
(9)

First-order Autoregressive (AR (1)) correlation matrix 
[49, 83, 85]:

R = ak

	 	 (10)

M-dependent correlation matrix [83, 86, 87]:

	 	
(11)

Unstructured correlation matrix [49, 83, 85]:
R = αjk

	 	
(12)

The hybrid GEE–ARIMA model proposed in this study 
was selected to address the dual challenges of modeling lon-
gitudinal panel data and forecasting future trends. While 
GEE is well-suited for capturing within-subject correlation 
and estimating parameters across countries, ARIMA pro-
vides the ability to model and forecast time-dependent pre-
dictors. By using ARIMA to generate future projections for 
significant independent variables and feeding these into the 
GEE framework, the proposed method leverages both tem-
poral dynamics and intra-cluster correlation. This design 
also ensures statistical interpretability, which is often lim-
ited in more opaque machine learning models.

Model Selection Criteria
In order to evaluate and compare alternative model 

specifications within the hybrid GEE-ARIMA framework, 
appropriate model selection criteria must be utilized.
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Akaike information criterion (AIC) [88] is the most 
widely used goodness-of-fit test statistic for the GLMs. 
However, GEEs cannot use the criteria directly, since it is 
not likelihood-based. Therefore, Pan [89] introduced the 
QIC based on the quasi-likelihood estimation method as 
a modification of the AIC criterion for the GEEs approach. 
In this study, this criterion is used to determine the best 
working correlation matrix in the GEEs approach. When

, there is a simplified ver-
sion of QIC, called QICC [53] in Eq.(13) and Eq.(14): 

	 	 (13)

	 	 (14) 

where I is the independent covariance structure, R is the 
working correlation matrix,  is the robust estimator of 
the working variance-covariance matrix,  is the estimator 
of the other variance-covariance matrix obtained under the 
assumption of the independent correlation structure, and is 
the number of parameters in the model [53].

In this study, we decided to determine the most appro-
priate working correlation matrix through the smallest QIC 
and QICC. If QIC and QICC indicate different things in the 
study, we preferred the smallest QIC value, as suggested by 
Pan [90]. While QICC serves as a simplified form of QIC 
under the assumption that the trace term approximates the 
number of parameters (p), QIC provides a more general and 
accurate criterion for model selection in GEE, especially 
when model complexity increases. Therefore, QIC was pri-
oritized for ensuring robust and reliable model selection.

After identifying the best-fitting GEE model based on 
these criteria, the next phase involved forecasting the signif-
icant explanatory variables using ARIMA models, selected 
via minimum AIC. The predicted values were subsequently 
incorporated into the GEE framework to generate mortality 
forecasts.

Autoregressive Integrated Moving Average Models 
ARIMA models are a class of stochastic processes used 

in time series analysis [90]. ARIMA was originally devel-
oped by electrical engineers in 1930-1940 and emerged 
as an application of discrete-time filtration methods. 
Box and Jenkins [26] applied and developed this method 

on business and economic data. It is also called the Box-
Jenkins method. ARIMA is an effective method used in 
many scientific studies. Generally, Box-Jenkins methods 
are expressed as ARIMA (p, d, q) where p, d, and q are the 
orders of autoregressive, the difference between the times of 
the series is stagnant, and the moving average, respectively. 
ARIMA (p, d, q) denoted in Eq. (15):

	 	 (15)

where (1 - B)d can also be shown in ∇d form in some 
sources that are d. order the difference process [91].

In the Box-Jenkins method, the determination of the 
appropriate model for the series consists of four steps. 
These are the stages of model identification, parameter 
estimation, residual analysis, and forecasting for the future 
[27]. First of all, it should be decided whether the series is 
stagnant before these operations are performed.

The stationarity of each time series was checked prior 
to model fitting to ensure that the ARIMA models were 
specified appropriately. The Augmented Dickey Fuller 
(ADF) test was conducted to test for the presence of unit 
roots in the predictor variables. If any series was found 
to be non-stationary, first order differencing was applied. 
The ADF test was then performed again on the differenced 
series to test for stationarity. The value of differencing (d) 
used in the ARIMA model structure was then determined 
based on the above, to comply with the stationarity assump-
tions needed for successful time series forecasting.

RESULTS AND DISCUSSION

This study uses IBM SPSS Statistics version 23 to apply 
the GEE technique to the mortality data of OECD coun-
tries from 1980 to 2013. Many combinations of continu-
ous distributions (normal, gamma, inverse Gaussian), link 
functions (identity, log, inverse, inverse square), parameter 
estimation techniques (hybrid, Newton-Raphson, Fisher-
Scoring, fixed value), and working correlation struc-
tures (independent, exchangeable, AR(1), M-dependent, 
unstructured) were investigated in order to identify the best 
GEE model. The QIC and its corrected variant, QICC, were 
used to evaluate the model fit.

Table 2. Goodness-of-Fit test statistics to select the best combination

Distribution Link function Working 
correlation 
matrix

Parameter 
estimation 
method

Scale parameter 
estimation 
method

QIC QICC

Normal Identity Independent Hybrid MLE 20103.707 19981.009
Gamma Identity Exchangeable Hybrid Deviance 121.205* 76.015
Inverse Gaussian Identity Independent Hybrid Deviance 136.331 76.000*

 *The smallest QIC and QICC values.
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The following configurations were found to be the best: 
(1) distribution: gamma; (2) link function: identity; (3) 
working correlation structure: exchangeable; (4) parame-
ter estimation method: hybrid (Fisher Scoring followed by 
Newton-Raphson); and (5) scale estimation: deviance. The 
structure’s fit for the data was confirmed by the lowest QIC 
score (121.205). Pan [90] stressed that QIC should be given 
priority when determining the optimal model, even if the 
inverse Gaussian distribution obtained the lowest QICC 
value (76). Gamma-based models were therefore chosen 
for additional examination.

Table 2 summarizes the model selection process. 
Although 60 different model configurations were evalu-
ated, only the most representative are reported for brevity

Table 3 presents the parameter estimates, standard 
errors, Wald confidence intervals, chi-square statistics, 
degrees of freedom (df), and significance levels for statisti-
cally meaningful covariates in the selected GEE model.

Table 3 presents the regression coefficients (β̂), their 
standard errors, 95% Wald confidence intervals, chi-square 
statistics, degrees of freedom, and p-values for the explana-
tory variables identified as statistically significant within the 
GEE framework. While most covariates show strong statis-
tical significance, Accidental Falls was found to be margin-
ally significant (p = 0.047). Nevertheless, it was retained 
in the final model due to its relevance and contribution 

to model completeness. From a methodological point of 
view, it did not introduce multicollinearity or instability, 
and from a public health perspective, falls continue to be 
a major cause of mortality for the elderly in many OECD 
countries. As a result, its inclusion provides both practical 
application and statistical purity.

Eq. (16) below is the final GEE model with an exchange-
able correlation structure and a gamma distribution with an 
identity link function based on these estimates:

	

(Mortality)ij =	0.770(Infectious)ij + 0.989(Neoplasms)ij

	 + 0.909(Leukemia)ij + 0.733(Endocrine)ij
	 + 0.316(Diabetes)ij + 1.022(Mental)ij
	 + 0.998(Nervous)ij + 1.001(Circulatory)ij
	 + 1.014(Ischaemic)ij + 0.664(Digestive)ij
	 + 2.141(Skin)ij + 1.409(Musculoskeletal)ij 

+ 1.123(Genitourinary)ij + 1.835(Perinatal)ij
	 + 0.962(Abnormal)ij + 1.036(IlldefinedCauses)ij 

+ 0.923(ExternalCauses)ij - 0.152(AccidentalFalls)ij; 
i=Australia, Austria, Belgium, Canada, 
Chile, Denmark, France, Hungary, Iceland, 
Ireland, Italy, Japan, Netherlands, New 
Zealand, Norway, Poland, Portugal, Spain, 
Sweden, Switzerland, UK, USA,
j = 1980, 1981, 1982, ..., 2011, 2012, 2013 	

(16)

This equation integrates both cross-sectional and lon-
gitudinal effects on mortality, capturing the fixed-effects 
structure obtained from significant covariates.

Table 3. Parameter estimates are obtained by using the best model structure belonging to OECD countries’ mortality data

Covariates s.e( ) 95% Wald Confidence 
Interval

Hypothesis Test

Lower Upper Wald Chi 
-Square

df Sig.

Certain infectious and parasitic diseases 0.770 0.1421 0.491 1.048 29.325 1 0.000
Neoplasms 0.989 0.1234 0.748 1.231 64.286 1 0.000
Leukemia 0.909 0.2442 0.431 1.388 13.865 1 0.000
Endocrine, nutritional, and metabolic diseases 0.733 0.0915 0.554 0.912 64.187 1 0.000
Diabetes mellitus 0.316 0.1166 0.087 0.544 7.331 1 0.007
Mental and behavioral diseases 1.022 0.0292 0.965 1.079 1222.553 1 0.000
Diseases of the nervous system 0.998 0.0342 0.931 1.065 849.757 1 0.000
Diseases of the circulatory system 1.001 0.0043 0.993 1.010 54043.045 1 0.000
Diseases of the respiratory system 1.014 0.0547 0.907 1.122 344.039 1 0.000
Diseases of the digestive system 0.664 0.1791 0.313 1.015 13.760 1 0.000
Diseases of the skin 2.141 0.5119 1.138 3.145 17.497 1 0.000
Diseases of the musculoskeletal system 1.409 0.1351 1.145 1.674 108.792 1 0.000
Diseases of the genitourinary system 1.123 0.0639 0.998 1.248 308.427 1 0.000
Certain conditions originating in the perinatal period 1.835 0.4558 0.941 2.728 16.201 1 0.000
Abnormalities 0.962 0.2550 0.462 1.462 14.237 1 0.000
Symptoms, signs, and ill-defined causes 1.036 0.0163 1.004 1.068 4021.097 1 0.000
External causes 0.923 0.1818 0.566 1.279 25.748 1 0.000
Accidental falls -0.152 0.0764 -0.301 -0.002 3.935 1 0.047
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ARIMA models were then used to forecast these 
important independent variables. For every covariate 
between 2014 and 2023, country-specific ARIMA models 
were created using R software. We provide a representative 
case of circulatory system-related mortality in Hungary to 
demonstrate the forecasting methods used in this work. The 
ADF test revealed non-stationarity in the initial time series, 
with a p-value of 0.963 and a value of 0.055. Following 
first-order differencing, stationarity at the 5% significance 
level was indicated by the ADF test statistic of -3.28 with a 
p-value of 0.0237.

Plots of autocorrelation and partial autocorrelation as 
well as the R output of the arima() function indicated that 
an ARIMA(1,1,1) model would be suitable. After the model 
was calculated, the z-statistics showed that every parameter 
was statistically significant. The Ljung–Box test was used 
for residual diagnostics, and the results showed a p-value 
higher than 0.05, indicating that the residuals are a white 
noise process.

The circulatory-related mortality rates in Hungary from 
2014 to 2023 were then forecast with the ARIMA(1,1,1) 
model. To forecast future all-cause mortality, these pro-
jected values were incorporated into the hybrid GEE–
ARIMA framework.

All OECD country-specific models, including the 
ARIMA specifications for each statistically significant 
covariate, were constructed following the same systematic 
procedure. The forecasted covariate values were incorpo-
rated into Eq. (16) to generate mortality projections. 

The GEE model’s predicted and actual mortality values 
for certain OECD countries are shown in Figure 2. The 
model’s predictive accuracy is demonstrated by the satisfac-
tory agreement between observed and anticipated values.

Using both historical and forecasted data, Figure 3 
shows the average mortality trend for all countries from 
1980 to 2023. There is a clear pattern that reflects improve-
ments in public health policy, illness prevention, and 
healthcare delivery. 

Table 4 summarizes a portion of these forecasts, while 
detailed country-specific information is provided in Tables 
5-10 in the Appendix. Figures 4 and 5, which contrast aver-
age mortality rates by country from 1980 to 2013 and 2014 
to 2023, provide a visual representation of these projections.

Figure 4. The highest mortality is in Hungary, Poland 
and Ireland, while the lowest is in Japan, Switzerland and 
France. Historical validation of the model performance. As 
can be seen in Figure 5, these rankings are generally main-
tained in the forecasted period, although a convergence in 
mortality rates is visible (probably driven by improvements 
in health systems).

As shown in Table 5, mortality in Hungary dropped 
steadily from 1134 to 1093 per 100,000. However, there are 
some concerns as indicated by slight increases in deaths 
related to the mental and nervous system.

Table 6 forecasts a modest decline in Japan’s overall mor-
tality. However, deaths from nervous and mental disorders 

are projected to rise, consistent with Japan’s aging popula-
tion structure.

Table 7 presents an exception: the Netherlands is 
expected to see an increase in mortality, from 772 to 818 
per 100,000. The rise in deaths related to mental and behav-
ioral disorders is particularly remarkable, with an expected 
more than doubling by 2023.

Table 8 shows that Norway’s mortality is projected to 
decline from 738 to 691, with stable or slightly decreasing 
rates for nervous and mental health causes, marking a con-
trast to other countries.

Table 9 reports that Spain will experience one of the 
steepest declines in mortality, falling from 638 to 485 per 
100,000. Mortality due to nervous system and mental dis-
orders also trends downward.

Table 10 shows a gradual decline in overall mortality 
in the USA. However, deaths from neoplasms, diabetes, 
and especially psychiatric and neurological disorders are 
expected to increase.

More details on disease-specific trends can be found 
in Figures 6 and 7. Figure 6 shows the average mortality 
by cause across six countries from 2014 to 2023. The most 
frequent causes of death are neoplasms and circulatory dis-
eases, with Hungary having the highest number of deaths 
related to circulatory diseases and the USA leading in mor-
tality related to neoplasms. In most categories, Japan and 
Spain have lower mortality.

Figure 7 focuses on mental and behavioral disorders in 
Hungary, Japan, and the USA. Hungary’s rates are stable; 
Japan is slightly up, but the USA shows a significant upward 
trend, indicating an increasing mental health burden.

Figures 2 to 7 collectively show the potential usefulness 
of the hybrid GEE–ARIMA model in capturing both the 
overall level mortality trends and the granular disease-spe-
cific patterns in various settings in the OECD.

This study investigates the mortality trends in OECD 
countries over the period 1980-2013 using a hybrid fore-
casting framework based on GEE and ARIMA models. The 
choice of OECD countries was determined by the avail-
ability of complete and consistent mortality data over the 
period of interest.

Different combinations of distributional assumptions 
(normal, gamma, inverse Gaussian), link functions, work-
ing correlation structures, parameter estimation techniques 
and scale estimation methods were used to first model 
mortality rates using the GEE approach (Eq. (1)–(14) and 
Eq. (16)). Table 2 presents the optimal model according to 
the minimum QIC, which used a gamma distribution, an 
identity link function, an exchangeable working correla-
tion structure, a hybrid parameter estimation method and 
a deviance-based scale estimation. From this configuration, 
the statistically significant predictors were identified and 
forecasted for each country for the period of 2014–2023 
using ARIMA models defined in Eq. (15): These predicted 
covariates were then reinserted into the GEE model to esti-
mate the future mortality rates and allow decade ahead 
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predictions. These methodological steps and their out-
comes are shown in Figures 2-5. The variable “accidental 
falls” was kept in the model despite marginal significance 
(p = 0.047) due to its public health relevance, especially for 
aging populations. Statistical validity is not compromised 
by the inclusion of the latter, which makes the model more 
comprehensive.

The hybrid GEE-ARIMA modeling framework has sev-
eral advantages:
(i)	 GEE models provide a flexible framework for modeling 

longitudinal data without making solid distributional 
assumptions.

(ii)	 The model is further enriched by the inclusion of a 
number of cause-specific death categories as indepen-
dent variables.

Figure 2. Actual and predicted average OECD countries’ mortality rates using the GEE approach from 1980 to 2013.

Figure 3. Actual and forecasted average OECD countries’ mortality rates using the GEE approach from 1980 to 2023.
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Figure 4. Predicted average mortality rates for OECD countries from 1980 to 2013.

Figure 5. Comparison of average forecasted mortality rates for OECD countries from 2014 to 2023 .
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Figure 6. Comparison of average forecasting mortality rates by disease for some OECD countries from 2014 to 2023.

Figure 7. Comparison of average forecasting mortality rates by mental and behavioral disorders for Hungary, Japan, and 
the USA from 2014 to 2023.
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Table 4. Some of the OECD member countries’ actual, estimated, and forecasted values between 1980 and 2023 by using 
the hybrid GEE-ARIMA approach

Country Year Actual value Predicted value Forecasted value
Hungary 1980 1771.6 1747.9502 -

1990 1690.4 1655.2769 -
2000 1509.3 1474.7588 -
2010 1217.2 1195.5728 -
2015 - - 1131.861117
2020 - - 1107.620769
2023 - - 1093.814827

Japan 1980 1093.5 1079.9863 -
1990 886.6 874.4023 -
2000 708.1 696.5455 -
2010 622.4 613.2708 -
2015 - - 591.7269195
2020 - - 575.9700875
2023 - - 566.2642829

Netherland 1980 1133.1 1130.6958 -
1990 1060.2 1057.9063 -
2000 995.2 993.0784 -
2010 789.5 785.4648 -
2015 - - 776.1473402
2020 - - 803.5354028
2023 - - 818.8284283

Norway 1980 1151.5 1143.366 -
1990 1096.6 1090.3125 -
2000 939.9 932.2111 -
2010 774.9 767.9937 -
2015 - - 731.0043563
2020 - - 704.7410678
2023 - - 691.6829106

Spain 1980 1156.8 1142.1631 -
1990 1042.5 1033.965 -
2000 871.3 863.6636 -
2010 704.2 698.0725 -
2015 - - 622.657563
2020 - - 531.375311
2023 - - 485.122471

USA 1980 1184.2 1175.9625 -
1990 1075.4 1071.3668 -
2000 994.6 985.7404 -
2010 835.3 825.1929 -
2015 - - 764.3866416
2020 - - 715.8845212
2023 - - 687.4465377
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(iii)	The QIC criterion gives the statistical reliability of 
model selection.

(iv)	The ARIMA component enables accurate time series 
forecasting of key predictors at the national level.

(v)	 The country-level mortality estimates for 2014-2023 
presented in Tables 5-10 and Figures 5-7 show consis-
tent declines in overall mortality.

(vi)	Most importantly, the study provides an original inte-
grated forecasting framework that coherently combines 
GEE and ARIMA methods.

There are some limitations too.
 (i)	 While we have examined a wide range of disease catego-

ries, the inclusion of other independent variables such 
as environmental, socio-economic or policy-related 
factors could further enhance predictive accuracy. We 
investigated dimensionality reduction techniques, but 
did not proceed with them because of interpretability 
issues in ARIMA forecasting.

(ii)	 Some OECD countries were excluded because of large 
amounts of missing data.

(iii)	The time window was restricted to 1980–2013 because 
of data consistency; extending the time window may 
pose a risk to the reliability of data.

The proposed hybrid framework performed better 
than the previous studies that used GEE or ARIMA inde-
pendently in mortality studies. For instance, Ye and Kerr [68] 
applied time series models to study alcohol-related mortality 
trends, while Makinde et al. [69] employed ARIMA to study 
COVID-19 mortality patterns in African countries. In Peru, 
Kuo et al. [72] achieved an R² of 0.788 with a traditional 
ARIMA model to forecast mortality patterns in response 
to environmental conditions, which confirms the utility of 
time-series forecasting and also illustrates the advantage of 
our integrated approach. In contrast, the model proposed in 
this study shows high predictive accuracy for OECD coun-
tries with a mean R² value of 0.928. The proposed hybrid 
GEE-ARIMA, by taking into account both intra-subject cor-
relation and the temporal evolution simultaneously, provides 
a more comprehensive and reliable forecasting strategy for 
complex multinational datasets.

CONCLUSION

Mortality is one of the main indicators for the evalua-
tion of the demographic and health structures of the coun-
tries. With the continued progress of technology, medicine, 
and socioeconomic development, overall mortality rates 
are expected to decline, and the population is aging in many 
countries. Accurate forecasting of mortality trends is thus 
important for effective long-term planning in health care, 
insurance, and economic policy.

In this paper, we propose a new hybrid modeling frame-
work that combines the GEE and ARIMA models to pre-
dict mortality rates across OECD countries. We used the 
GEE-based approach on the longitudinal data on mortality. 
The method of ARIMA was used to predict key explanatory 

variables over time. The best model was chosen using QIC, 
and the best structure was estimated using an exchange-
able working correlation. In addition, the parameter esti-
mation methods, namely the Hybrid, Newton-Raphson, 
Fisher Scoring, and Fixed Value algorithms, were taken into 
consideration.

The findings indicate that mortality is likely to decline 
in most OECD countries, which is consistent with the 
expectation of increasing life expectancy. This finding is 
consistent with the previous studies, such as Ye and Kerr 
[68], Ghoshal [70], and Lazoğlu and Büyükyazıcı [92], 
which also reported declining trends in overall mortality 
among developed countries. 

The main finding, however, is that mortality for nervous 
system impairment and psychiatric or behavioral disorders 
is expected to increase in several countries. This is consis-
tent with the findings of Barbiellini Amidei et al. [71], Kim 
et al. [93], Dreviskaite et al. [94], and Kostev et al. [95], who 
reported an increase in cause-specific mortality for neuro-
logical and mental health conditions in the aging popula-
tion. Notably, there will be a decline in these categories for 
exceptions such as Norway and Spain. Detailed forecasts at 
the country level are presented in Tables 5-10.

The hybrid modeling framework proposed in this 
study has both methodological contributions and practi-
cal implications for public health and policymaking. The 
model provides accurate long-term mortality forecasts in 
multiple countries and thus helps prepare health systems, 
plan demographics, and allocate resources. It can help gov-
ernment agencies, insurance companies, and international 
health organizations to forecast future mortality trends, 
identify high-risk areas, and develop targeted intervention 
strategies. Such forecasting tools are becoming increasingly 
important in the context of post-pandemic recovery and 
aging populations.

Contrary to the literature, this study proposes a hybrid 
approach that is statistically interpretable and that accounts 
for the within-panel correlation and temporal dynamics in 
mortality forecasting, which has been paid little attention. 

In future work, we hope to extend this work to include 
further demographic and economic factors, such as health-
care expenditures, retirement policies, and insurance 
dynamics. Furthermore, the comparative studies that will 
be conducted on the interaction of fertility and mortal-
ity by employing the hybrid GEE–ARIMA structures will 
be useful in guiding the demographic policy at the coun-
try level. Further, the study would also look into the use 
of advanced machine learning models such as LSTM and 
gradient boosting techniques to assess their potential in 
enhancing the forecasting accuracy and flexibility of the 
proposed framework. 
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