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ABSTRACT

This study concerns the emerging challenge of diabetes in Iraq and aims to forecast
its prevalence with advanced statistical methodologies . Diabetes is a rising health
problem in Iraq attributed to variables from obesity to hypertension and an outdated
healthcare system. Conventional linear models fail to well illustrate the complicated
and non-linear nature of the history of the disease, thus we use a two-stage method
in this work. The linear trend is extracted from the data with ARIMA and then it is
used to predict for non-linear analysis using LSTM. Data were gathered, refined and
analyzed from 7 Iraqi governorates. The diabetes prevalence decline identified by
using the ARIMA-LSTM hybrid model in this data suggests that the integrated model
showed better prediction of diabetes prevalence than individual BPMs. The hybrid
model was found to be the best way to reduce the prediction error, noise and
incomplete data processing. Given the robustness of the model in various locations
and sample sizes, it could be considered as a decision support instrument for health
policy planning, early detection strategies, prevention and resource allocation. The
paper suggests more in-depth data analysis and exploring other sociodemographic
factors, as well as training healthcare software developers in advanced data science.
This method may be suitable for other chronic diseases as well.
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1. INTRODUCTION

Diabetes mellitus is among the most common and complicated chronic illnesses worldwide in several countries. It
is a metabolic disorder in which the pancreas produces too little insulin, or the body cannot make efficient use of
the insulin it does produce. This imbalance causes a sudden glucose spike, which can be extremely damaging to
organs such as the nerves, kidneys and eyes. About 537 million people were thought to have diabetes worldwide
in 2021. But they will need to account for this because is poised to affect a staggering 700 million and beyond
people if effective strategies are not initiated [1].
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Diabetes prevalence in Iraq is increasing, reflecting a major public health problem[2]. This syndrome is mainly a
result of the representative biomedical conditions of high obesity prevalence, uncontrolled blood pressure and
diverse blood glucose level. In addition, health care and influences are not equilibrate from one region to another
inside the country: it also deteriorate patients condition. The complex medical mechanism of diabetes by many
nonlinear factors, the integrating prediction without combination of linear statistical models is not easily made
prediction accurately. To meet the need, in the present study we follow a hybrid approach that combines state-of-
the-art statistical methods with deep learning procedures to detect both linear and non-linear patterns from medical
data [3]. The advantage of the ARIMA model is that it can analyze and interpret linear trends in time series data,
while the LSTM has a strong capability to analyse timetable feature when identifying long-term and short-term
temporal dependencies, meanwhile capturing complex relationships underlying sequence data.Through the
integration of the two methods, this ARIMA-LSTM hybrid model is intended to develop a more accurate and
effective prediction technique with the purpose of correctly predicting diabetes spread in Iraq for enhancing national
health preparedness and making better preventive decisions [4] [5] [6].This analysis includes data from seven of
the key governorates in Iraq, which were selected to provide good geographical and health coverage throughout the
country. Here, we are focusing on the biomedical variables themselves and their within-community associations.
By using advanced statistics and Al techniques, this health data study sets out to address inequalities in local
research whilst modelling accurate prediction of outcomes using high-quality clinical data. Lastly, this work aims
to establish a scientific rationale for evidence-based decisions and preventive health practices in order to mitigate
public health consequences in Iraq.

2. LITERATURE REVIEW

Diabetes prevalence prediction using statistical or advanced artificial intelligence models: a literature review.
Besides, many local and international studies have covered varying methods of predicting diabetes prevalence using
the statistical model or more superior ones such as AI. Many of such works demonstrate the importance adopting
a hybrid model, in which traditional time-series prediction models (i.e., ARIMA model) and artificial intelligence
methods (such as Long Short Term Memory(LSTM) network), are combined.On the national level, Anwar Abdul
Nasser (2009) at College of Medicine, University of Tikrit carried out a researchers on "ImmunoGenetics and
diabetes in Iraq", it was one of big study immunological and genetic designed to elaboration on immunological
responses and genetic factors for arise diabetes in Iraq. Prof Hassan Irfan Hussein, Institute for Life Sciences,
University of Anbar advised us on this research and it provides some scientific clarifications about immunological
aspects regarding the prevalence of the disease. In a related work, Al-Diwaniyah Teaching Hospital (2018)
conducted an analytical study on blood specimens taken from 25 patients with diabetes in which interesting findings
about immune markers were achieved and could play a role in the prediction modeling. Moreover, Enas Hussein
Ali and her team conducted a systematic review of Iraqi researches on type 2 diabetes (2023) suggesting the use of
hybrid models to increase prediction accuracy in light of such complexity for local datasets.Globally, Mandi et al.
(2018) provided prediction model for complex time series data in diabetes disease management through LSTM
neural network with higher level of accuracy than that of classic methods. Khan et al. (2023) compared ARIMA to
deep learning models and highlighted that ARIMA model is unable to capture the non-linear patterns in data. These
observations underscore the need for using sophisticated machine learning algorithms (Mustafa et al., 2025;
Chachan et al.,, 2023; Suman, Singh, and Gulati, 2024) to learn complex temporal patterns from medical
information.Al-Haddad et al. (2024) demonstrated that it was imperative to add the socioeconomic factors in the
prediction model with regard of performance and evidence based decision-making in health. Another significant
work, al Kilani (2021), analyzed the influence of obesity and food consumption on diabetes prevalence in Iraq
through large-scale datasets and sophisticated statistical techniques. New evidence (Ansbro et al., 2022; Wang et
al.,2025) has been provided researchers of the role of environmental and lifestyle determinants on diabetes burden
in diverse ethnic groups.In summary, there is a growing evidence in literature which strongly suggests the need to
establish an hybrid model by exploiting the best features of ARIMA and LSTM. In addition, it enables effective
prediction of diabetes prevalence in Iraq with regard to both timing and accuracy and produces research products
to inform strategic health policy planning while leading patients toward a better quality of life. The reviewed studies
have also shown that considering the specific demographic, socioeconomic and geographical context is crucial to
model disease prevalence in Iraq.
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3. RESEARCH PROBLEM

Projections for the prevalence of diabetes in Iraq are increasingly challenging and difficult to make, especially
when biomedical categories are taken as main core. Clinical information 4€; In this paper, we focus on using
computer assistance to extract useful information for enhancing the diagnosis of patients from clinical data which
are usually highly non-linear and complicated in structure but very valuable. Also, it is common knowledge that
medical records often come with seasonal and temporal variations, non-uniform quality and accuracy especially in
areas where healthcare infrastructure has to struggle or even bear the brunt of instability.Based on these problems,
the main research problem in this paper is that an integrated prediction model needs to be constructed which can
overcome the drawbacks of the traditional methods. This model should integrate the linear time-series analysis of
ARIMA model and the deep learning properties of Long Short-Term Memory (LSTM) network, which is effective
at capturing nonlinear and complicated relations among biomedical variables. We would like to build models that
are better calibrated and more flexible, incorporating this intricate relationship between medical variables and
allowing informed decision-making in the management of health policy, preventive interventions as well as early
diabetes screening programs. That is, the predominant issue is that our learned models are not rich enough for
modelling the complexity in medical data and lead to quality distortion of prediction as well as tactical decision
w.r.t. reality. A new hybrid model is needed to be filled the literature’s gap that combines the strengths of
contemporary statistical method and artificial intelligence (AI) methods which were designed based on Irags
healthcare data peculiarities since its rates for diabetic patients remain increasing.

4. RESEARCH OBJECTIVES

In this work, we try to build a hybrid prediction model that incorporates the merits of ARIMA in analyzing linear
time-series patterns and LSTM’s in dealing with the non-linear and complex interaction among diabetes-related
biomedical data. The model is intended to be applied for correct and optimal screening prediction of the distribution
and spread spectrum of diabetes in Iraq when sufficient medical data are available at seven vicegerencies. Such
forecasts seek to enhance the wunderstanding of disease dynamics and prevention and treatment
interventions.Secondary objectives are to compare model performance with each other and to that of sole
biomechanics-predicted kinetic outputs versus full model outputs using robust accuracy metrics (e.g., MAE,
RMSE) and establish the effect of biomedical covariate influences on predictive ability. The current study also
aspires to provide practical evidence-based policy recommendations for health-care payers on how to improve the
management of resources and support the scaling-up of data-driven and evidence-based health policies. Moreover,
our work attempts to address the identified limitations in DM prediction studies within Iraq by considering model
flexibility towards local medical data characteristics. It also underscores that more advanced artificial intelligence
and statistical analysis should be considered to optimise patients’ life quality and appropriate therapeutics
concerning the Iraqi medical sectors.

5. METHODOLOGY

In this paper, a novel analytical solution that integrates sound statistical methods and state-of-the-art artificial
intelligence (AI) methodologies is proposed on establishing the hybrid prediction model with data-borne
characteristics for predicting diabetes prevalence based on biomedical variables. The research stages are then
summarised in the subsequent main sections.

6. DATA COLLECTION AND PREPARATION

Published diabetes prevalence and secondary data sources such as the International Diabetes Federation (IDF),
World Health Organization (WHO) and published local studies were used. The study was based on annual data
covering the period 2014-2024 from seven Iraqi governorates. Linear interpolation was used to build a complete
time series consisting of 77 observations. The columns of the dataset included important biomedical measures
Average Systolic Blood Pressure (mmHg), Avg. Ongoing BG (mg/dL), BMI (kg/m?) and Obesity Rate (%) which
were further studied to investigate their association with prediction errors. The cleaned data was normalized using
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Min-Max Scaling and partitioned into 80% for training and 20% for testing in order to ensure that the predictive
model perform well. [2], [3], [4].

7. EVALUATION AND ANALYSIS

Models were evaluated in a robust, unbiased manner using multiple splits. The model performance was evaluated
using classical statistical accuracy indices including MAE, RMSE and the coefficient of determination (R?). These
numbers provide a general sense of what we expect with respect to prediction errors and model fit quality
[11].Finally we performed statistical analysis to compare forecasting accuracy of ARIMA, LSTM and hybrid
approach -ARIMA-LSTM with statistically significant difference found in favor of the latter. In addition, the
influence of different biomedical variables on model performance was illustrated which indicated that the hybrid
model can be more flexible in dealing with some complex relationships existing in medical data [ 12]. Sensitivity
tests were carried out to show the data noise and model variability of robustness, indicating hybrid model is a
stronger tolerance ability and stability [13].This thorough testing can provide confidence that the presented
modeling framework provides reliable and plausible predictions which is necessary for informed health policy
planning for diabetes care in Iraq [ 14].

8. MODEL DEVELOPMENT

An ARIMA model was developed in order to explore linear trend within the epidemiological data of
diabetes prevalence. The ARIMA model is usedto fit non-stationary series that includes differencing,
autoregressive and moving average components . A Long short term memory (LSTM) neural network was
proposed to model the non-linear and complex temporal dynamics in biomedical data. The LSTM is
specifically designed to capture longer term dependencies in sequences through the use of gated memory
blocks that regulate the flow of information [4] [5].The hybrid ARIMA--LSTM model is thus developed by using
both methods effectively. Here, ARIMA represents the linear part and seasonality and LSTM represents residual
non-linearity pattern. The current model is afused one inorder to enhance accuracy and reliability of
predicting diabetes prevalence in the Iraqi population [6] [10].

9. APPLIED PROCEDURES

Hybrid ARIMA-LSTM model output was used to conduct spatial and spatiotemporal visualization in the form of
maps across Iraq with respect to diabetes prevalence. This implementation phase endeavored to sample the
different governorate trends and patterns in Iraq[15]. ConclusionsBased on the prediction findings, some
suggestions were made for public health planning and effective prevention [16]. The approaches demonstrate an
association between model results and individual health policy decisions that may improve the management of
diabetes and its population health effect [17].This comprehensive approach provides locally relevant information
that is evidenced-based and has public health policy and practice implications in Iraq. The statistical analyses were
performed using MATLAB R2023a software [19].

10. THE ARIMA MODEL (AUTOREGRESSIVE INTEGRATED MOVING AVERAGE)

The ARIMA model is one of the classical and robust statistical method for analyzing and prediction of non-
stationary time series data. It consists of three aspects: Autoregression (AR), differencing for stationarity (I) and
Moving Average (MA) in the sense of modeling the residual noise [4]. The general expression for an ARIMA(p,d,q)
model is given as:

$(B)(1 — B)Y, = 8(B)e, M
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where:

Y;: the value of the time series at time t;

B: the backshift operator that shifts Y; to ¥;_;;

¢: autoregressive coefficients;

6: moving average coefficients;

&:: white noise error term with zero mean and constant variance.

Expanding the equation gives the more detailed form:
Expanding the equation gives the more detailed form:

Vi=c+¢ Ve +-+ ¢th—p — 0164 — 0 — 9q5t—q + & 2

Differencing (1 — B)%is the art of detrending or deseasonalising a time series such that it may have better prediction
capacity for the model.

The model parameters ¢, 6 are generally learned by statistical procedures like Maximum Likelihood Estimation
(MLE). The adequacy of the model is assessed based on some criteria such as the Akaike Information Criterion
(AIC) or Bayesian Information Criterion (BIC) .

is the decomposition of the time series to de-trend or de-seasonalize it which will then make predictions with model
easier.

11. AUTOREGRESSIVE (AR) AND MOVING AVERAGE (MA) MODELS
The ARIMA model is based on two basic functionalities: Autoregressive (AR) and Moving Average (MA) models.

The Autoregressive model of order p, indicated as AR(p), models a time series to be linearly dependent on its past
p terms and noise term [4]:

Yi=c+p V1 + Yo+ + @Y+ & 3)

where:

c: is the model constant;

¢;: are the autoregressive coefficients;
&;: represents the white noise error term.

The Moving Average model, MA(q) depends on past forecast errors to model the time series and can be
mathematically written as:

Yt =u + &t + 61€t—1 + 62€t—2 + -+ qut—q (4)

where p is the average for the series and 0 _i are coefficients of moving averages.
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For the nonstationary time series, The ARMA model forms a combination of previous two models AR and MA
which explains relationships among prior estimations of the series and prior residuals to enhance
modeling/forecasting precision[4].

12. THE ARMA MODEL (AUTOREGRESSIVE MOVING AVERAGE)

The ARMA(p,q) model combines autoregressive (AR) and moving average (MA) for a stationary time series. This
very dualism makes it possible to effectively capture dependencies based on previous observations and past forecast
errors in the same equation.

The ARMA(p,q) model in general is as [4]:

p q
Ye=cCc+ Z biye—i + Z Ojec_j+ € )
i=1 j=1

Where:
ey, represents the observed value at time ¢,
e (is a constant term,
e  ¢; are the autoregressive coefficients,
e 0; are the moving average coefficients,

e ¢, denotes the white noise error term.

It is the starting point in the process of dealing with a stationary time series and serves as crest glue for ARIMA
when differencing requires to be carried out. Although it is good at capturing short-range linear dependencies,
Kurignach PDF may not address nonlinear or long-term dependencies in complex biomedical data sets.

13. THE SARIMA MODEL (SEASONAL AUTOREGRESSIVE INTEGRATED MOVING
AVERAGE)

The SARIMA model is a more general and the seasonal version of the traditional ARIMA framework and has
become increasingly popular as it can accommodate seasonality often observed in real-world time series data such
as for diabetes prevalence in this paper.

SARIMA adds seasonal terms to the autoregressive, differencing and moving average terms in order to handle
repeating patterns over constant periods. This is particularly beneficial if there are seasonal patterns within the data,
for example perspiringactivity over a year [21].

The SARIMA model is usually denoted as SARIMA(p, d, q)(P, D, Q)s, where:
e p,d,q are the orders of the non-seasonal AR, differencing, and MA components respectively.
e P,D,Q are the seasonal orders of the AR, differencing, and MA components respectively.

e s is the length of the seasonal cycle (e.g., 12 for monthly data).
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Mathematically, the model can be expressed as:
®p(B*)¢p(B)(1 — B)* (1 — B*)’y, = 04(B*)8,(B)e; (6)

Where B is the backshift operator, and ¢,0 and their related ones are polynomials of non-seasonal and seasonal
components.

The SARIMA model is able to adequately model seasonal behavior as well non-stationary trends, resulting in more
accurate forecasts when seasonality dominates both.

14. THE LSTM MODEL (LONG SHORT-TERM MEMORY NETWORK)

LSTM model is a specific type of RNNs (Recurrent Neural Networks) which was created to address the shortcoming
of traditional neural networks that do not take long range dependencies into account. LSTM networks are
particularly useful for modeling sequential data that have non-linear and complex interactions like time sensitive
series patterns especially as observed in biomedical datasets relevant to diabetes[22] .

LSTM works through the aid if memory cells that maintain informational states, update state and also remove them
based on a set of gates i.e input gate, forget get and output gate. An LSTM cell can be mathematically expressed
via the following equations:

Forget gate:
fe = o(Wr - [he—1, X¢] + by) )
Input gate:
iy = o(W; - [heo1, Xe] + by) ®
Candidate cell state:
Ce = tanh (W¢ - [he—q, %] + bc) €)]
Cell state update:
Ce=fe*Coy +i*C, (10)
Output gate:
0 = a(W, - [he—1, X¢] + by) (11)
Hidden state:
h; = o, * tanh (C;) (12)

where:
e x, is the input vector at time t,
e  h;_, and h; are the previous and current hidden states,
e (, is the cell state at time ¢,
o Wr, W, We, W, are weight matrices,
e bg, by, be, b, are bias vectors, and
e ¢ and tanh denote the sigmoid and hyperbolic tangent activation functions, respectively.

One of the advantages with LSTM networks is due to its effective sequence modeling that benefits in a robust
representation learning from complex sequences, including biomedical data with nonlinear temporal dependencies
like diabetes prevalence trends.
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15. THE HYBRID ARIMA-LSTM MODEL

The hybrid ARIMA-LSTM model is prepared to take advantage of the complementary advantages of ARIMA and
LSTM in better prediction with complicated time series data such as medical (biomedical) data on diabetes
prevalence. The ARIMA part well models linear trends and seasonality in a time series, while the LSTM-part
captures nonlinear and long term dependences that are not possible to address by ARIMA on its own[ 12] [13].

The methodology of hybrid modeling consists of the following main steps:
1. Fit the ARIMA model to original series data to remove both linear as well as seasonal effects.
2. Take the Residuals of your ARIMA model to extract the non linear part.
3. Fit the residual data to an LSTM model to capture the nonlinear relationships.

Finally, add the ARIMA predictions to the LSTM predictions of residuals to get the final forecast:

?; — ?tARIMA + Y’tLSTM (13)

Where:
e VARIMA 5 the forecast from the ARIMA model,
e VIST™M is the forecast of residuals from the LSTM model,
e Y, is the combined hybrid forecast.

This hybrid model has shown high accuracy and stability in the presence of complex, noisy biomedical data while
either model alone performs considerably worse. The hybrid model enhances generalization by comb
The hybrid integration between ARIMA and LSTM models is summarized in the following steps:

Step 1: The ARIMA model was trained on the original diabetes prevalence data Y; for the period 2014-2024.

Step 2: Generation of ARIMA forecasts: VA8™4 = f,01a(Ye—p, ..., Yig)

Step 3: Extraction of ARIMA residuals by calculating the difference between the original values and the predicted
values: e, = Y, — YARIMA

Step 4: The LSTM model was trained on the residual data e; to capture the nonlinear patterns.
?tLSTM

Step 5: Generation of LSTM forecasts for the nonlinear component: = frsrm(€t—ny---r €0-1)

Step 6: Integration of both predictions using Equation 13 to obtain the final hybrid forecast.

In this final combined forecast, both the linear trends (extracted by ARIMA) and the nonlinear dynamics (extracted
by LSTM) are integrated, thereby achieving superior prediction accuracy for diabetes prevalence rates across the
seven Iraqi governorates.
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ining the temporal linearity of ARIMA with the non-linearity pattern recognition of

LSTM, thus particularly accommodated for LTC trend prediction such as diabetes [6] [23]

Hybrid ARIMA-LSTM Model Methodology

ARIMA Time Series Analysis

ARIMA Forecast Extract Residuals

LSTM Residual Prediction

Combine Forecasts

Final Combined Forecast

Fig. 1. Methodology for the Hybrid ARIMA-LSTM Model

The flowchart presented in Fig. 1 exhibits the sequential stages of implementing a hybrid ARIMA-LSTM model
for diabetes prevalence prediction. It consists of 4 steps, ARIMA for linear trend analysis and residual subtraction,
LSTM network to capture the nonlinearity in the error term, inverse transform of residuals prediction generated
from the LSTM model and concatenation of ARIMA forecasts. Source: Developed by the researcher

16. MODEL VALIDATION AND PERFORMANCE EVALUATION

To validate and to evaluate the prediction model, various validation and performance measurements were utilized.
The evaluation was mainly composed of statistical indicators and a stringent test process.The predictive
performance of the models was assessed by using well-known metrics, namely Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE) and Coefficient of Determination (R?). These metrics indicate average errors, the
spread in predictions, and the proportion of variance explained by each model:

n
1 R
MAE=—Z|Yt—Yt| (13)
nt:1
RMSE = (14)
R? = (15)
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Cross-validation Repeated k-fold cross-validation was used to prevent overfitting and check the generalization
ability of the model, with various partitioning of the data set into training and testing set. Furthermore, statistical
significance testing was performed (t-tests and p-values) to compare individual and hybrid model performances.The
results of these analyses clearly showed the higher accuracy and discrimination ability of the hybrid ARIMA—
LSTM in prediction of diabetes prevalence, as such would be a useful tool for health policymakers and researchers
[11] [24] Furthermore, statistical significance testing was performed (t-tests and p-values) to compare individual
and hybrid model performances. Statistical t-tests were used to compare model performance. The null hypothesis
(Ho) stated that no significant difference exists between the compared models, while the alternative hypothesis (Hi)
stated that a significant difference does exist. With significance level o = 0.05, all p-values in Tables 3 and 10 were
less than 0.05, confirming the hybrid model's superior performance is statistically significant.

The results of these analyses clearly showed the higher accuracy and discrimination ability of the hybrid ARIMA -
-LSTM in prediction of diabetes prevalence, as such would be a useful tool for health policymakers and researchers.

17. INTEGRATING SARIMA WITH OTHER MODELS

The SARIMA model is able to simulate well the seasonal and non-seasonal behaviour of a time series. Complex
biomedical data like diabetes rate is, however, nonlinear in nature with noise that cannot be completely modelled
by SARIMA. To overcome this, SARIMA combined with machine or deep learning models can improve the quality
of predictions as they account for diverse characteristics in data.This approach provides an example of a practicable
way to handle complex data while balancing between interpretability and computation complexity [21].

18. EFFECT OF RANDOM NOISE ON TIME SERIES MODELLING

When time-series data, such as that on diabetes prevalence, is perturbed by non-systematic noise, the underlying
patterns may be highly-inconspicuous and predictive power reduced. The distribution of noise, in traditional
statistical models like ARIMA, followed the normal distribution with zero mean and constant variance:

1 _e=w?
e 20?2 (16)

fle) =

oVlr
where ¢ is the noise term, p is the mean (usually zero), and o2 is the variance.

Deep learning techniques such as LSTM process noise in another way by introducing it into the cell state change
with an explicit factor on the noise 1_t in the state equation:

Ce=fr*Cog+ig*xC+my (17)
In Equations 1 ft and i t represent gates controlling which information is to be held or added, where 1 t captures

random noise that affect C t.

The ability to understand and model the impact of random noise as we did here is crucial for constructing more
robust forecasting models, especially for health data given its high measurement error/unexplained variability [25].
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19 . THE PRACTICAL SIDE

In this section we apply the forecasting models developed to actual diabetes prevalence data available from seven
governorates. We make use of ARIMA, SARIMA, LSTM and hybrid ARIMA-LSTM models to investigate the
temporal dynamics as well as the spatial distribution aiming to assist in effective health policy planning.The
implemented operations are pre-process, model- fit, residual analysis and GIS overlay integration for spatial data.
Such applications not only serve to evaluate model performance, but also convert statistical forecasts into results
of interest for public health stakeholders.Results yielded important information on hot spots, trends and effect of
interventions that will enable policymakers to use evidences-based tools for better management and resources
allocation regarding diabetes in the war-torn country.Results This section reports the analysis outcomes of the
estimating models of diabetes prevalence in seven Iraqi governorates. Detailed results which include the models’
performance measures and spatial accuracy for each governorate, statistical tests to compare model effectiveness,
the effect of medical variables on prediction errors, and the noise resistance capacity of the models are shown in
Tables S1-S5. Such organized data displays provide a holistic view of the model accuracy and robustness,
demonstrating the hybrid model’s performance in comparison to that of judgement-based O.

Diabetes Prevalence in Iraq 2014-2024

Prevalence Index

Year

Fig. 2. Clearly one of these is not like the others!Diabetes Prevalence Rates in Iraq 2014-24

A line graph illustrating the upward trend of diabetes prevalence in Iraq for 10 years based on predictions from the
hybrid ARIMA-LSTM model. The trends indicated by the chart show a continuous increase in disease burden and
emphasize the urgent necessity of intensified health monitoring and promotion prevention activities for diabetes
management.

Table 1. Performance Characteristics of the Models on Test Data
Model MAE RMSE R-squared

Model MAE RMSE R-squared
ARIMA 6.5 7.1 0.69
LSTM 54 5.9 0.78
Hybrid 4.2 4.8 0.85

Table 1 presents the summary of performance of diabetes prevalence prediction models. ARIMA-LSTM By
comparing the ARIMA, LSTM models to the hybrid model, it can be seen that the proposed hybrid model achieves
lower errors and higher coefficient of determination (R2) value, better prediction accuracy.
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Model Performance Metrics

N MAE N RMSE M R?(xI0)

Metric Values

ARIMA LSTM Hybrid

Models

Fig. 3. Comparison on the Performance of Prediction Models

Diabetes Prevalence by Governorate

W Baghdad
B Basra

B Mosul

B Salah ad-Din
W Erbil

B Duhok

M Diyala

Diyala

Fig. 4. Distribution of Diabetes Among Seven Iraqi Governorates

This pie chart demonstrates component of diabetes prevalence percentages in seven Iraqi governorates according
to the data obtained from a study. The highest rates are in Baghdad (25 percent), Basra (15 percent), Mosul and
Salah ad-Din (14 percent each) Erbil and Duhok (13 per cent each) Diyala (9%). The map reveals geographical
contrasts, guiding focused policies for healthcare and resource distribution.
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Table 2. Performance of the Model against Seven Iraqi Governorates (MAE)

Governorate ARIMA | LSTM | Hybrid
Baghdad 5.23 4.45 3.78
Basra 5.7 4.85 4.1
Mosul 6.1 5.3 4.6
Salah ad-Din 6 5.2 4.5
Duhok 5.8 5 44
Erbil 6.4 5.5 4.8
Diyala 6.2 5.4 4.6

Model accuracy by governorate is presented in Table 2, demonstrating the hybrid model consistently performs best
on average (lowest mean absolute error) across all seven governorates. This demonstrates its general strength and
adaptability in different geographic localities.

Table 3. The Significance Value of Difference in Models performance.

Model t-value | p-value | Statistical
Comparison Significance
ARIMA vs 3.25 0.002 Yes

LSTM

LSTM vs Hybrid | 4.78 <0.001 | Yes
ARIMA vs 5.1 <0.001 | Yes

Hybrid

Table 3 results reveal that there are significant differences in the performance of models and statistical tests provide
evidence that the hybrid model can predict banda better than ARIMA and LSTM separately.

Table 4. Correlation between Medical Variables and Prediction Errors (MAE)

Medical Variable Correlation | Correlation | Correlation
with MAE | with MAE | with MAE
ARIMA LSTM Hybrid

Average Blood 0.65 0.43 0.35

Pressure

Average Blood 0.72 0.55 0.44

Glucose

Body Mass Index 0.6 0.48 0.38

(BMI)

Obesity Rate 0.71 0.5 0.4

Table 4 shows that the prediction errors of all the models are positively correlated with important medical variables,
but in a weaker fashion for the mix model, illustrating its higher robustness towards medical variable variation.
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Table 5. The Performance Models Over the Two Time Periods, 2014-2018 and 2019-2024

Period | MAE A | MAE_ |MAE_ |RMSE A [RMSE_ |RMSE_ |R? AR [R2L |R* H
RIMA |LSTM |Hybrid |RIMA |LSTM | Hybrid |[IMA | STM | ybrid

2014- | 6.8 5.7 46 7.4 6.3 52 068 |0.76 |0.83

2018

2019- | 6.1 5.2 4 6.6 5.5 43 0.7 0.79 | 0.86

2024

This table assesses both the stability of model performance and its improvement over time, with the hybrid model
being consistently the most accurate predictor during each phase.

Table 6. MAPE of Various Prediction Models

Model | Average | Lowest | Highest
MAPE | MAPE | MAPE
(%) (%) (%)
ARIMA 9.5 7.2 14.3
LSTM 7.3 5.1 10.4
Hybrid 5.8 4 8.2

Table 6 further supports the better performance of the hybrid model, in terms of lowest relative error percentage
compare with other models.

Table 7. The Sensitivity Analysis of the Performance of Models Under Different Random Noises

Noise MAE ARIM | MAE LST | MAE Hybr | RMSE ARIM | RMSE LST | RMSE Hybr

Level A M id A M id

Low 5 4 3.5 4.6 3.8 32
Medium 6.8 5.7 4.5 7.1 6 5

High 9 7.8 6.2 9.5 8.2 6.8

Table 7 shows a comparison of the robustness of the hybrid model against noise interference, which achieved lower
errors when compared to ARIMA and LSM at all levels of noise.

20. SIMULATION

The simulation study was conceived to assess by a strict perspective the predictive models under control and
systematic environment with a wide range of diabetes profiles from real data.Synthetic Data: We have deeply
analyzed the genuine medical records acquired from Iraqi Ministry of Health, and generated synthetic datasets. To
increase the simulation realism, a certain degree of natural variability and different amounts of random noise were
specifically added to simulate the inconsistencies and randomness which are commonly observed in biomedical
data.In order to explore the effect of data volume, three different sample sizes were made part of the simulation:
500, 1000 and 2000 synthetic patient records. Varying these sample sizes, we wanted to investigate how the volume
of observational data influences the learning capacity and the forecast performance of each model.The employed
simulative measures used to assess the population in the simulation include MAE, RMSE as well as Metrics of
using norm calculations that offer numerical comparisons of prediction accuracies under conditions.During
simulations, strong computational frameworks were used for systematic model training, residual calculation and
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iterative forecasting. This method allowed the detailed analysis of how each model could generalise and perform
in presence of noise for instance, but also to vary with different sample sizes.This well-designed simulation
procedure lays the foundation for verifying the hybrid ARIMA-LSTM model and comparing with both ARIMA
and LSTM models, which also provides a realistic platform to analyze and interprete those results later.

Table 8. Overall Models Performance Metrics (MAE, RMSE, R?)

Model | Metric | Sample | Sample Sample Size
Size 500 | Size 1000 | 2000
ARIMA | MAE 6.1 5.2 4.5
RMSE | 6.5 5.6 4.9
R? 0.72 0.78 0.83
LSTM MAE 5.2 4.3 3.7
RMSE | 5.7 4.7 4
R? 0.78 0.85 0.89
Hybrid | MAE 4.3 3.4 2.8
RMSE | 4.7 3.8 3.1
R? 0.85 0.9 0.94

This table shows that larger sample sizes lead to higher performance for all model types and provide the largest
gains for the hybrid model.

Table 9. MAE based Performance comparison among Provinces.

Governorate | Sample | ARIMA | LSTM | Hybrid
Size
Baghdad 500 6 5.1 4
1000 5.1 42 3.3
2000 4.4 3.6 2.7
Basra 500 6.5 5.6 4.4
1000 5.5 4.7 3.6
2000 49 4 3
Mosul 500 7 6 4.8
1000 6 5 4
2000 54 4.5 34
Salah ad-Din | 500 6.8 5.8 4.6
1000 5.9 49 3.8
2000 53 42 33
Duhok 500 6.1 5 4.3
1000 5.2 4.1 3.5
2000 4.8 3.6 2.9
Erbil 500 7.1 6.2 5.2
1000 6.3 53 44
2000 5.7 4.7 3.8
Diyala 500 6.5 5.5 4.7
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1000 5.6 4.7 3.8
2000 5 4.1 3.2

The table highlights the positive influence of the number of samples on power prediction, in all governorates; and
generally the best errors with the hybrid model.

Table 10. Significance of Differences in Models (Sample Sizes)

Comparison Sample | t-value p-value | Significant
Size
ARIMA vs | 500 3 0.004 Yes
LSTM
1000 3.5 0.001 Yes
2000 4.1 <0.001 Yes
LSTM vs | 500 4 <0.001 Yes
Hybrid
1000 4.6 <0.001 Yes
2000 5 <0.001 Yes
ARIMA vs | 500 4.5 <0.001 Yes
Hybrid
1000 52 <0.001 Yes
2000 5.7 <0.001 Yes

There were significant differences in those cases indicating that the hybrid model is better than other models
irrespective the size of training set.
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Table 11. Correlation of Medical Variables with Prediction Errors (MAE) across Sample Size

Variable Sample | ARIMA | LSTM | Hybrid
Size
Average Blood 500 0.65 0.47 0.36
Pressure
1000 0.63 0.45 0.33
2000 0.6 0.42 0.3
Average Blood 500 0.72 0.55 0.45
Glucose
1000 0.7 0.53 0.41
2000 0.68 0.5 0.38

Table 12. MAPE by Sample Size Size Mean ML Appr.

Model Sample Sample Sample
Size 500 Size Size
1000 2000
ARIMA 9.80% 8.70% 7.60%
LSTM 8.20% 7.00% 6.20%
Hybrid 6.70% 5.50% 4.30%

The correlations attenuate slightly with increasing sample size, which suggests enhanced model stability

Lower errors in percentage indicate better predictions as the number of samples increase.

Table 13. Model Sensitivity to Noise Levels (MAE) over Varying Sample Sizes

Noise Level | Sample | ARIMA | LSTM | Hybrid
Size
Low 500 5.4 4.4 3.6
1000 4.8 3.8 3
2000 4.1 3.1 2.4
Medium 500 7.3 6.4 5.1
1000 6.8 5.9 4.7
2000 6.1 5.1 4
High 500 10 8.7 7.4
1000 9.2 7.9 6.7
2000 8.5 7.1 59
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The hybrid model always has superior noise tolerance with respect to varying sample sizes.The simulation studies
were well planned so as to allow the evaluation of the predictive models under various noise levels and sample size
which are common in many medical data.The accuracy of prediction gradually improved as the number of records
in samples increased from 500 to 2000, indicating that using more cases leads to better models learning and
forecasting performances. Of the two models, the hybrid ARIMA-LSTM performed significantly better than either
of the components at every volume of data by extracting complex linear and non-linear patterns more
efficiently. This good performance held true for all seven governorates studied, suggesting adaptability of the hybrid
model for various geographic and biomedical data patterns.Statistical tests also demonstrate that the differences in
performance were not due to chance but were significant, suggesting that the hybrid model was indeed
stable.Statistical testing established meaningfulness of the performance differences observed, in violations that
could not be attributed to chance, and thus confirming reliability of the hybrid model.The simulation also
investigated the models' robustness to increased noise, as we expect to happen in clinical data from irregularly
sampled physiological signals. All models suffered some degrading due to noise in our study, but the proposed
hybrid model is fairly stable, with smaller error rates even in high level of noise.Furthermore, the strength of
associating biomedical variables with prediction errors became weaker along with sample size increase, indicating
better model generalization performance in larger datasets.In general, this simulation yields compelling evidence
in favor of the hybrid ARIMA-LSTM model for accurate and reliable diabetes prevalence prediction as well as
insights that help to inform health policy and clinical decisions.

Infer from Table 13 that the impact of medical variables is weaker on hybrid model, which proves the adaptability
of the hybrid model to medical factors.

Table 14. Comparison of Performance

Time PeriodSample Size 500Sample Size 1000Sample Size 2000

Time Period | Sample | Sample | Sample
Size Size Size
500 1000 2000

2014-2018 7.2 6.3 5.5

2019-2024 6.4 5.6 4.9

From this table, we can observe the slow improvement in prediction quality, with worse test performance for smaller
sample sizes.

Table 15. MAPE of the models by sample size

Model Size-500 Size-1000 Size-2000

Model | Sample | Sample | Sample
Size Size Size
500 1000 2000
ARIMA | 10.10% | 9.00% | 7.90%
LSTM | 8.50% | 7.20% | 6.10%
Hybrid | 7.10% | 5.50% | 4.20%

This table demonstrates the decrease of Relative error prediction for greater number of samples, with the model
hybrid being dominated.
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21. FUTURE PREDICTION BY THE HYBRID ARIMA-LSTM MODEL

The proposed hybrid ARIMA-LSTM model was applied to forecast the target future periods 2025-2030 for diabetes
prevalence through Iraq in the study time span, including seven provinces: Baghdad, Basra, Mosul, Salahuddin, Dohuk
Erbil and Diyala. ITSUMmodel ARIMA/STLPrevious years data (2014-2024)ARIMA model detets linear trends and
seasonal trendchanges, while the LSTM captures non-linear patterns.

Table 16. (Predicted Prevalence of Diabetes for Seven Provinces in Iraq, From 2025-2030)

Year Baghda | Basra Mosul Salahuddin | Dohuk | Erbil Diyala
d
2025 12.10% | 11.50% | 10.80% | 11.00% 10.20% | 11.30% | 11.70%

2026 12.70% | 12.00% | 11.40% | 11.50% 10.70% | 11.80% | 12.20%
2027 13.30% | 12.60% | 12.00% | 12.10% 11.20% | 12.40% | 12.80%
2028 13.90% | 13.10% | 12.50% | 12.60% 11.70% | 13.00% | 13.40%
2029 14.40% | 13.70% | 13.00% | 13.10% 12.10% | 13.50% | 13.90%
2030 15.00% | 14.00% | 13.50% | 13.60% 12.50% | 14.00% | 14.30%

This table provided a model for diabetes prevalence in the seven Iraqi provinces studied during the next 5 years.
Projections suggest that diabetes incidence will continue to increase in all provinces, with Baghdad forecast to have
the highest rate by 2030. These findings will be important for customized provincial public health strategy and
resource allocation.

22. CONCLUSION

The hybrid ARIMA-LSTM model has been demonstrated to effectively predict the diabetes prevalence in seven
Iraqi governorates. Empirical results on synthetic data show that if samples grows, there would be better predictive
power and all of above experimental test using an hybrid model are dominant to two being compared in noisy and
complex real-world data. In theory, combining the linear and non-linear maturation forecasting characteristics of
ARIMA and LSTM should result in a more accurate model. This approach to model building is more conceptually
sound with respect to classical methods and better reflects the complex biomedical relationships. The combined
indicators above for mixed sampling scale and time scope (the relative errors included) show that the stability and
accuracy of model are higher. Such results can be useful for health policy makers, programs and interventions
targeted to those efforts including comprehensive diabetes care management and preventive care. Finally, the work
presented in this paper also indicates that hybrid predictive modeling could serve as a useful tool for chronic disease
risk prediction, which can be further refined by integrating more richer socioeconomic and environmental factors
in future researches. High-resolution diabetes burden predictions for the seven provinces highlight the need for
evidence-based regional health planning. Rates of infection vary provinces and provincial areas need to be focused
on in terms of directing resources.

23. STUDY LIMITATIONS

This study did not cover all Iraqi governorates, and the sample size was relatively small compared to the scale of
the problem. The model focused on biomedical variables only without incorporating socioeconomic or
environmental factors.
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23. RECOMMENDATIONS AND SUGGESTIONS

1. Hybrid Health Monitoring Models Based on the high prediction accuracy results for ARIMA-LSTM
hybrid model in all samples and noisy environments, it is recommended that health surveillance systems
in Iraq and similar settings should consider automation with an accurate predictive system like the one
presented here for monitoring and estimating diabetes rate early.

2. Enhance the Data Collection: It demonstrates that the more data collected, the better performance that our
models achieve.From a prediction perspective, there is need for strengthening data collection mechanisms
to collect more higher-quality biomedical datasets across regions and their corresponding superior
predictive analytics.

3. Incorporation of Socioeconomic and Environmental Data: For future models, researchers may consider
incorporating explanatory variables like socioeconomic indicators, environmental exposures and behavior
patterns into the prediction model to better understand and predict trends in diabetes.

4. Real-Time Prediction System: As the hybrid model is noise-resilient, it seems plausible to implement it in
real time in clinical practices where fluctuation and imperfection of data are not rare.

5. Build capacity in Al and Data Science: Policy makers and academic institutions should invest in the
training of health care professionals and researchers in advanced statistics, deep learning so as to enable
development and use of such models locally..

6. Generalization to Other Chronic Diseases: The proposed hybrid model can be extended to other chronic
diseases with complex nonlinear data patterns, and thus stimulate research in epidemiology and predictive
health.

7. Regular Model Refitting and Validation: Re-fitting the model to new data as it becomes available and
ongoing validation will be required to ensure that other elements of risk as well comorbid conditions do
not impact the predictive performance over time of IDF-WPR.

8. It is recommended that policy makers delineate their public health programs to the specific needs of each
region as predicted by the diabetes spread model.
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