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Abstract:

Cholera and measles outbreaks were serious public health problems in
Irag, for which precise prediction models were necessary to support health
planning and decision-making. This work proposed and evaluated a
SARIMA model based on Reptile Search Algorithm (RSA) for forecasting
cholera and measles data in Iraq. Monthly data from 2015 to 2024 were
retrieved from WHO-EMRO and COSIT. The classical SARIMA model
combined with the RSA algorithm was used to optimize the parameters. The
improved model performed significantly better in predicting both cholera and
measles on RMSE, MAE and MAPE levels. The RSA method showed time
saving of 52.4% for cholera and 53.2% for measles against the traditional
procedure. Tests for statistical significance (Diebold-Mariano test) revealed
significant gains on the enhanced model with p < 0.001. Predictions of
seasonal peaks for the 2025-26 period forecasted July-August for cholera and
January-March for measles. These predictions were useful for proactive
public health planning and allocation of resources. Evolutionary optimization
algorithms could be synergistically coupled with conventional time series
methods to improve the accuracy of the outbreak forecast for infectious
diseases in resource-limited settings.

Keywords: Applied Statistics «Time Series Analysis «<SARIMA Models,
Reptile Search Algorithm (RSA), Infectious Disease Prediction,
1.Introduction

Infectious diseases are a major health problem in developing countries,
especially in the Middle East. Iraq faces recurring cholera and measles
outbreaks due to healthcare system weaknesses, unsafe water. Baghdad
Governorate, being the most populated area, has suffered the highest
infection rates, requiring accurate predictive models.

Traditional ARIMA models are used for health surveillance, but SARIMA
models are better because they capture seasonal patterns. However, choosing
the right SARIMA parameters (p, d, q, P, D, Q, s) is difficult—traditional
methods like ACF and AIC use trial-and-error, take long time, and may give
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poor results. The Reptile Search Algorithm (RSA), a nature-inspired
optimization method, can find optimal parameters faster and better.

This study combines SARIMA with RSA to forecast cholera and measles in
Baghdad using 10 years of data (2015-2024) from the lragi Ministry of
Health. The model was validated to show it is robust and performs better than
traditional methods. This is important because Iraq needs reliable early
warning systems that work well-—something current systems do not provide.
The study merges classical statistics with modern algorithms in a way not
previously applied to Iragi disease data, focuses on Baghdad's high-density
population with varied disease patterns that can apply to other similar urban
areas, and provides the Iragi Ministry of Health with a practical tool for better
planning and emergency response.

2.Literature Review

SARIMA models have proven effective for forecasting infectious disease
outbreaks with seasonal patterns. Globally, Liu et al. (2022) used SARIMA
to predict Hepatitis B cases in China and achieved good accuracy with
forecast values within the 95% confidence interval. Samat et al. (2022)
applied SARIMA for COVID-19 forecasting in Thailand, showing the
importance of considering seasonality. Usmani et al. used predictive models
to forecast cholera risk in Yemen four weeks ahead with 72% accuracy.
Kowal (2019) emphasized the need for sophisticated statistical methods for
measles prediction. Ghosh et al. (2025) showed that hybrid models
combining epidemiological knowledge with machine learning were superior
for cholera forecasting in Malawi. Kalizhanova et al. (2024) found SARIMA
better than SIR methods for TB prediction in Kazakhstan (R?=0.89 vs 0.61)
and predicted seasonal peaks better. Reich et al. (2019) showed that
combining multiple forecasting models improves epidemiological
predictions.

At the local level, Mustafa et al. (2020) first applied time series analysis to
Iragi epidemiological data for COVID-19 using ARIMA. Abdullah (2021)
studied lockdown policy impacts on COVID-19 in Kurdistan Region of Irag.
Khalaf et al. (2023) offered a comprehensive study on COVID-19 prediction
in Irag using the SIR model. Qamar et al. (2022) identified rising cholera
cases as a major concern requiring urgent early warning systems. Hussain
and Lafta (2019) confirmed the link between social-political conditions and
disease outbreaks. Jalal et al. (2025) documented measles resurgence in lIraq
from January 2023 to August 2024. Lami et al. (2019) demonstrated the need
for real-time disease surveillance even during mass gatherings.
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Recently, optimization algorithms like RSA have shown promise. Abualigah
et al. (2022) introduced RSA as an effective metaheuristic optimization
method. Zhao et al. (2022) improved RSA convergence speed and accuracy
for numerical problems. Chou and Truong (2021) applied metaheuristic
optimization to improve time series models. Houssein et al. (2025) concluded
that recent algorithms like RSA are breakthroughs for solving complex
scientific problems.

3.Research Problem

Iragi healthcare systems cannot forecast cholera and measles outbreaks
effectively. ARIMA models miss seasonal complexity, leading to biased
predictions and reactive planning. SARIMA requires choosing parameters (p,
d, g, P, D, Q, s), but traditional methods like ACF and AIC use trial-and-error
and take too long. High data noise from unstable conditions makes building
accurate models difficult. No integrated framework combines SARIMA's
seasonal strength with modern optimization algorithms for parameter
selection. This study introduces SARIMA-RSA to improve disease prediction
in Baghdad.

4.Research Objectives

This research has specific scientific and application-oriented goals. First, to
propose a new hybrid predictive model by merging the SARIMA model with
Reptile Search Algorithm (RSA) for enhancing performance of cholera and
measles outbreak prediction in Baghdad Governorate. We systematically
search an optimum SARIMA parameters by using RSA which makes up a
lack of traditional time-consuming trial and error methods. It intends to test
whether the enhanced model's performance is superior to classical ones,
considering accuracy measures (RMSE, MAE, MAPE, MASE). The study
produces short and longer-term predictions of future cases for cholera and
measles so that the Iragi Ministry of Health can base their decisions upon
them. The study seeks to conduct an applicable and comprehensive model
that can be generalized to other infectious diseases in various lIraqi
governorates thus contributing in national early warning systems and health
planning.

5.Study Methodology

A quantitative analysis method which integrates classical statistical
approaches with state-of-the-art optimization algorithms is employed in the
present study to construct a model that can provide sophisticated predictions
of infectious diseases. The study is structured in a classical scientific way of
processing reliable official information data as( including) recording and
statistical process, model forecast creation, optimization through the RSA
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algorithm, and finally performance evaluation comparing it to traditional
models. Baghdad Governorate has been chosen as the main sample of this
study to represent urban areas because it is the most densely populated with
highest prevalence of recorded infectious diseases in Iraq. For the analysis,
we consider the period from January 2015 to December 2024, which is a
decade long monthly data and enough for building good time-series models
as well as depicting long-term seasonal patterns. The procedures involve
application of specialized statistical software for statistical estimation of
SARIMA models, performing RSA algorithm and simulation experiments.
The work is dependent on data partitioning into training set (80% of the data)
for model construction and testing set (20% of the data) to assess prediction
performance and avoid overfitting. It tests different model assumptions such
as stationarity and seasonal test or an analysis if there are still some
unmodeled pattern left in the residuals.

6.Data

It was conducted using cholera and measles cases from Baghdad Governorate
between January 2015 to December 2024. Four sources of data were used
including "WHO Expert Opinion" from the World Health Organization
Regional Office for the Eastern Mediterranean (WHO-EMRO) and data from
the Central Organization for Statistics and Information Technology of Irag. In
line with the type of Iraq health reporting system where data was received at
different time frequencies, temporal disaggregation technique was adopted.
The ultimate data comprises 120 monthly points for cholera and measles
counts in Baghdad Governorate, along with monthly temperature (10-48
°Celsius) and precipitation rates (0-95 mm). The data were tested for
stationarity with Augmented Dickey-Fuller (ADF) and KPSS tests. Both
series were not stationary in the original state (p>0.05), although they could
be rendered into stationarity by first difference (p<0.001). The data were
normalized by Min-Max Scaling and split into training (80% or 96 months)
and testing (20% or 24 months) sets (WHO-EMRO, 2015, 2022; COSIT,
2021; Al Saady et al., 2023; Jalal et al., 2025; Chow & Lin, 1971; Liu et al.,
2022).

7.Theoretical Framework

This section discusses the mathematic and theoreticalbackgroundofthe
models and algorithms in themethodclaimed.

7.1 Basic ARIMA Model

ARIMA model is a powerful technique for time series analysis comprising
three components: AutoRegressive (current value from previous values),

February (2026)%l sl oy A Ak Ol
94



FOURI NS { Jp PR | % LR =V
ret i) bzt — sl a5 i

Journal of the College of Basic Education  Vol.32 (NO. 135) 2026, pp. 91-109

Integrated (differencing to achieve stationarity), and Moving Average (effect
of past errors) (Liu et al., 2022). The ARIMA(p,d,q) model is defined as:

@(B)(1- B)*Y, = 8(B)e, (1)

where Y; is the value of time series value at time t, B is the lag operator
where BY; =Y, _;, d is its order of differencing, ¢(B) is the autoregressive
coefficient, @(B) are parameters such that 0(B) is the coefficient for the
moving average and &, is the random error,

The AutoRegressive The AR(p) part represents the current value in term :
Vi=c+to: Ve o+ @Yoo+ + @ +& (2)

where p is the autoregressive order, ¢; are regression coefficients of
orderi =1,2,...,p, and c is the model constant.

As for the Moving Average MA(q) component:

Vi=pte +018¢_q) 0286+ + 0,89 (3)

where q is the moving average order, &; are coefficients of

order j = 1,2,..., g, and & represents white noise.

The Integration component transforms the non-stationary series to stationary.
The first difference is defined as:

VY, =Y, - Y, =(1-B)Y, (4)

7.2 Seasonal SARIMA Model

The SARIMA model is a fundamental extension of the ARIMA model for
managing data showing recurrent patterns in seasonality and it is well
applicable to epidemiological datasets (Samat et al., 2022). The
SARIMA(p,d,q)(P,D,Q) s model is defined as:

@,(B)#5(B*)(1 - B)*(1 - B*)"Y, = 6,(B)0,(B*)s; ()

where s is the length of the seasonal cycle (s=12 for monthly data), P is the
order of the seasonal autoregressive part, D is the degree of season terms
differencing on X, Q denotes used orders in moving average., @,(E5~) is the
seasonal autoregressive coefficient, and ©,(B~) is the seasonal moving

average coefficient.

7.3 Model Selection Criteria

We choose the best model by employing statistical information criteria (Box
& Jenkins, 1976; Hyndman & Athanasopoulos, 2018). Akaike Information
Criterion (AIC) is:

AIC = =2In(L) + 2k (6)

where L is the maximum likelihood function and k is the number of model
parameters.
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7.4 Stationarity Tests
We test the series for stationarity with an Augmented Dickey-Fuller (ADF)
test (Box & Jenkins, 1976):

i

ﬂYt={I+ﬁt+‘]—,Yt_1 +Zgiﬂyt—i+5t (?)
i=1
where « is the model constant, 5 is the trend coefficient, ¥ is the tested
coefficient (the null hypothesis Hq: y=0 means non-stationarity).
Autocorrelation Function (ACF):
EF(Y =) Yo — 1)
Joﬁ: = n Tay (8)
Zt:l(Yt - Y] _
where p; whereis the lag-k autocorrelation and, and ¥ is the series mean.
Partial Autocorrelation Function (PACF):
Pk = CGTT(Y& Yie i) |Y{t—1]r Yie_2), - Y{t—k+1]) (9)
This represents the correlation between Y; and Y;_; after removing the effect
of intermediate lags.

7.5 Reptile Search Algorithm (RSA)

RSA is a new metaheuristic optimization algorithm motivated from reptiles
behavior (Abualigah et al., 2022). The position of each reptile is defined in
vector form as follows:

X; = [x'ii,ﬂ!x{i,z:]!'"!x(i,D]] (10)

where D is the number of dimensions and i is the reptile number.

In the exploration phase:

X(t+1)=X,est(t) —n X B X |2rt x Xyest(t) — X;(t)| (11)
where X;,..: (t) is the best until now position at current time,, 17 is a random
coefficient, £ is the exploration coefficient (0.1), and 7y is a random number.
Exploitation phase (Zhao et al., 2022):

X, (t+1)=X,est(t) XP(t) XR —X.(t) XP(t) XR (12)
where X,.(t) is a random reptile position, P(t) is the transition function,
and R is a random matrix.

Transition function:

Pt)=a+(1—a)x(1—-t/T,ax) (13)

where & = 0.1 and T}, is the maximum number of iterations.

Fitness function:

f(X) =RMSE(X) + A X AIC(X) (14)

where 4 is a weighting coefficient (typically A = 0.01) to balance prediction
accuracy with model complexity.
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7.6 Performance Evaluation Metrics
Root Mean Square Error (RMSE):

n

RMSE — %Z(Yt— 7)* (15)
t=1

where Y; is the actual value and ﬂ Is the predicted value.
Mean Absolute Error (MAE):

1 —~
MAE =£Z|}} A (16)
=1
Mean Absolute Percentage Error (MAPE):
100 |y, — ¥
MAPE = Z F_t (17)
n f=1 Yt

Coefficient of Determination (R?):

oy 2

In(n-1)

t=1(Yy = Y)?
where Y is the mean of actual values.
Parameter search space:
S=(p,dqP,D,Q)0=p,qP,Q=50<=dD<=?2 (19)
Final objective function for the integrated algorithm:
MiNyes) f(X) =w! X RMSE(X) + w? X AIC(X) (20)
where wy; = 0.99 and w, = 0.01 are weighting coefficients that prioritize
prediction accuracy while considering model parsimony.

R*=1

(18)

SARIMA

| LEATNE.

Exploitation
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I ! J
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Figure 1: Reptile Search Algorithm (RSA) Flowchart with Crocodiles
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Figure 1 shows the stages of RSA: blue crocodiles for exploration (Eg. 2),
green for transition, red for exploitation (Eg. 3) towards the optimal solution
X _best in the SARIMA search space over 100 iterations (developed by the
author).

7.7 Mechanism for Integrating RSA INTO SARIMA (Hybrid Approach)
The proposed algorithm in this study makes use of the innovative blend of
SARIMA method, which is capable of inferring proper seasonal temporal
patterns, and RSA-algorithm that can provide optimal search for parameters.
The hybrid algorithm is carried out by a sequence of ordered and interrelated
steps in order to reach the optimal predictive model. The algorithm starts with
an initial population of candidate solutions, for which each solution
corresponds to a potential SARIMA parameter set in the search space. The
RSA algorithm tests each solution by creating a SARIMA model using the
proposed parameters and calculating the fitness function (i.e., a combination
between relevance and quality) achieved. Through iterations, the algorithm
uses exploration mechanism to explore new regions of solution space and
exploitation mechanism to improve promising solutions near current best
solution (Abualigah et al., 2022; Zhao et al., 2022).

7.8 Detailed Steps of the Integrated Algorithm:

Stepl: Initialization Generate N randon solutions for (p,d,q,P,D,Q) within the
constraints and set the maximum iteration number T_{max} and reptiles
population N.

Step 2 — Preliminary assessment: For each solution \mathbf{X} i, a
SARIMA scheme is constructed using the candidate parameters and then
fitness function is computed such that:

f(X;) =w; X RMSE(X;) +w, X AIC(X;) (21)

Step 3 - Identify Best: Select the solution X, with the lowest value of
function f(X).

Step 4 - Iterative Update: For each iteration t from 1 t0 T4, :

Calculate the transition function:

P(t) = 0.1+ 0.9 (1— ) (22)

If P(t) = 0.5, apply exprggtion phase:

Xi (t + 1) = Xhest(tj - T]Blzrleest(tj - Xa' (tjl (23)
Otherwise, apply exploitation phase:

Xi(t +1) = Xt (DP(OR — X, (1)P(DR (24)

Evaluate new solutions and update X if a better solution is found.
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Step 5 - Stopping Criterion: Stop the algorithm when reaching T, or
when X, shows no improvement for 20 consecutive iterations.

Step 6 - Final Model: Build the final SARIMA model using the optimal
parameters X;..; and calculate future forecasts.

Time Complexity of the Algorithm:

O{:N X Tmax X CS&R}'}H] (25]

where Csarmra 1S the cost of building and evaluating one SARIMA model, N
is the number of reptiles, and T,,,.,. is the maximum number of iterations.

8. Practical Application Section

This section describes the application of conventional SARIMA models and
RSA-inflated models in the exploration of both cholera and measles

data series in Baghdad Governorate between 2015-2024. Analyses provide
descriptive statistics, tests for stationarity, selection of the model

parameters and forecasting performance.Descriptive Analysis Mean cholera
cases were 34.8 (SD=42.6) with peak of 180 in summer 2015-2022, ranging
to zero in other months. Measles averaged 86.3 (£94.2) with peak of 520 in
March 2024. Mean temperature was 26.4°C (10-48°C) and mean rainfall 18.7
mm/month.

8.1 Stationarity Tests

ADF and KPSS tests confirmed non-stationarity in original data (cholera: -
1.67 and 0.87; measles: -1.89 and 0.91). After first-order differencing, both
series became stationary (cholera: -5.23 and 0.14; measles: -5.48 and 0.11,
p<0.001).

8.2 Seasonal Decomposition

STL (Seasonal and Trend decomposition using Loess) was used to
decompose the time series components (trend, seasonality and residuals). The
results indicated the existence of a strong seasonal pattern with 12-month
period on each series and this component explains 65% of total variance in
cholera series and 58% in measles series. These results clearly support the
use of SARIMA models over simple ARIMA models, as SARIMA was
designed to consider recurring seasonality.

8.3 ACF and PACF Analysis

The ACF and PACF were analyzed to select the initial orders of model
parameters. ACF values from differenced series were statistically significant
at the lags 1, 12 and 24, indicating presence of strong seasonal effect. The
PACF plots supported inclusion of AR(1) and SAR(1) in the final model.
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8.4 Parameter Selection using RSA
The selection of the appropriate parameters for the SARIMA models is one
of most crucial modeling phase, since they require seven parameters to be
estimated: p (the autoregressive order), d (differencing degree), q (moving
average order) and so forth their seasonal differences P, D, Q, and sfortoly
period of seasonality s In this work two searchs methods were compared: the
traditional choice method (Grid Search) with the enhanced method through
RSA algorithm.
8.5. Traditional Grid Search Approach
In the naive approach, with d=1 and D=1 selected from stationarity tests, s
was fixed to 12 (as monthly seasonality). Each combination was compared
with AIC and the best combination that minimized the number of parameters
in comparison to other candidates was chosen.

Table 1: Gird Search for Optimal Parameters

Disease | p | d | ¢ P D | Q S AIC Execution
Time
(seconds)
Cholera | 2 | 1 | 1 1 1 | 1| 12 |1245.6 187
Measles | 1 | 1 | 2 1 1 | 1| 12 |1398.2 203

Table (1) shows the best parameters selected by Grid Search. For cholera, the
AlC=1245.6 and SARIMA(2,1,1)(1,1,1) was chosen while for
measlesAlC=1398.2 was the minimum score and SARIMA (1, 1, 2)(1,1,)
had been adopted. The search took 187 seconds for cholera and 203 seconds
for measles, evaluating a maximum of 256 combinations in each series.

8.6. RSA-Optimized Approach

In the upgraded approach, the parameter space was comprehensively
searched using Reptile Search Algorithm with better performance. Each
parameter was treated as one dimension in the search space, and fitness is
calculated using a hybrid AIC with forecasting performance on validation
data.

RSA Parameters Used:

« Population Size: 30

« lterations: 50

« Exploration coefficient (a): 0.1

« Exploitation coefficient (B): 4
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Table (2): Optimal Results with RSA

Disease p d q | P D Q S AIC Execution
Time
(seconds)
Cholera 2 1 2 |1 1 1 12 |1238.4 89
Measles 2 1 1 |1 1 1 12 | 1391.7 95

The best input parameters are shown in Table (2), which was done by RSA.
The optimized cholera model became SARIMA(2,1,2)(1,1,1) according to
AIC=1238.4 and it’s 7.2 lower than Grid Search. The SARIMA(2,1,1)(1,1,1)
model obtained AIC=1391.7 for measles and recorded 6.5 points better.
What's more, the execution time dropped to be 89 and 95 seconds separately,
which is a gain of over than 50%.

Table (3): All-in-one Comparison of Grid Search and RSA

Metric Grid RSA | Improvement
Search

AIC - Cholera 1245.6 | 1238.4 | -7.2 (0.58%)

AIC - Measles 1398.2 1391.7 | -6.5 (0.46%)

Time - Cholera 187 89 -98 (52.4%)
(seconds)

Time - Measles 203 95 | -108 (53.2%)
(seconds)

Combinations Tested 256 ~75 | -181 (70.7%)

Computational Low High -

Efficiency

A detailed comparison between the two methods is provided in Table (3).
RSA also obtained improved AIC values despite vastly fewer combinations
tested (~75 vs 256) indicating that the proposed algorithm strikes a good
balance between exploration and exploitation. The main benefit is the 50%-
60% reduction in computational cost; which makes RSA a great fit for
practical applications where model retraining periodically occurs.

8.7. Model Diagnostics

In both the preferred models, diagnostic testing was carried out to assess the
quality of fit. Autocorrelation did not exist from Ljung-Box tests based on
residuals (p> 0.05), indicating the model captured all information of the data.
The normality of residual was approximatetly fit (p>0.05) which is verified
by the Jarque-Bera test. It turns out that the selected parameters are
appropriate and models are prepared for forecasting.

February (2026)%l sl Gy AN Ol o Al
101




FOURI NS { Jp PR | % LR =V
ret i) bzt — sl a5 i

Journal of the College of Basic Education  Vol.32 (NO. 135) 2026, pp. 91-109

8.8 Forecasting Performance
Once the best parameters were chosen, two SARIMA models were developed
for each disease, one having the ARIMA part in its conventional form with
Grid Search generated parameters and the other integrated with RSA-based
terms. Performance of the forecasting was estimated using four metrics on
the test set (24 months): RMSE, MAE, MAPE and R2.

Table (4): Cholera cases for each forecasted results

Model RMSE MAE MAPE R2 Training Time
(%) (s)
SARIMA (Grid 18.42 14.67 32.8 0.847 187
Search)
SARIMA-RSA 16.28 12.95 28.9 0.881 89
Improvement (%) 11.60% | 11.70% | 11.90% | 4.00% 52.40%

Table (4) shows that the proposed SARIMA-RSA outweighs the traditional
model based on all evaluations. RMSE and MAE changed from 18.42 to
16.28 cases and from 14.67 to 12.95 cases, respectively which implies good
accuracy in predicting the monthly cholera cases. MAPE also reduced from
32.8% to 28.9%, academically acceptable errors for such transient
epidemiological data. What you can see is that R? increased from 0.847 to
0.881,s0 the improved model covers 88.1% of the data variance.
Table (5): Prediction results for measles cases

Model RMSE | MAE MAPE R?2 Training Time (s)
(%)
SARIMA (Grid 42.56 | 35.82 38.4 0.823 203
Search)
SARIMA-RSA 37.18 | 31.24 335 0.862 95
Improvement (%) | 12.60% | 12.80% | 12.80% | 4.70% 53.20%

Table (5) gives comparable findings in the case of measles and we obtain
similar solid enhancements for all criteria when applying SARIMA-RSA.
RMSE and MAE reduced 12.6% and 12.8%, respectively, whereas MAPE
fell from 38.4% to 33.5%. The value of R? became 0.862, suggesting a high
prediction accuracy level. Most crucially however, this enhancement was
accomplished in half the time taken to compute the original model.
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Table (6): Forecasted and Observed Values in Sample Months Informing

About Cholera.

Month | Actual | SARIMA | SARIMA- | Absolute | Absolute
Value RSA Error Error
(SARIMA) | (RSA)
Jan-23 12 18 15 6 3
Feb-23 8 14 10 6 2
Mar-23 15 21 17 6 2
Jun-23 38 29 35 9 3
Jul-23 52 43 48 9 4
Aug-23 67 55 63 12 4
Sep-23 45 38 42 7 3
Dec-23 19 25 21 6 2
Table (7): Predicted versus Actual Values for Some of the Months
(Measles)
Month | Actual | SARIMA | SARIMA- | Absolute | Absolute
Value RSA Error Error
(SARIMA) | (RSA)
Jan-23 95 78 88 17 7
Feb-23 112 92 105 20 7
Mar-23 156 128 145 28 11
Jun-23 42 55 47 13 5
Sep-23 68 82 73 14 5
Dec-23 89 76 84 13 5

Some predicted versus true values are shown in Tables (6) and (7). Itis

evident that SARIMA-RSA outperforms beyond actual values, especially on
peak months (in August for cholera and in March for measles), with 40-60%
decrease in forecasting error.

Table (8): Projections of the Future Number of Cases of Cholera

2025-2026

Month | SARIMA-RSA Lower Upper

Bound Bound

(95% CI) | (95% CI)

Jan-25 14 8 22
Feb-25 9 5 15
Mar-25 11 6 18
Jun-25 32 21 47
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Jul-25 48 34 66
Aug-25 65 49 85
Sep-25 43 30 59
Dec-25 18 11 28
Jan-26 15 9 24
Aug-26 68 51 89

Table (8): Shows forecast of future cholera cases in 2025-26 of Baghdad after
SARIMA-RSA model. Projections imply ongoing seasonality with a peak in
summer months (July—September), when cases would be expected to peak at
65-68 per month in August. Ninety five percent confidence intervals were
estimated to give a range of uncertainty for health planners.

Table 9: Future Projections of the Number of Measles Cases (2025-26)

Month | SARIMA-RSA Lower Bound | Upper Bound
(95% CI) (95% CI)

Jan-25 92 68 122
Feb-25 108 82 140
Mar-25 148 118 185
Jun-25 45 32 62
Sep-25 71 54 93
Dec-25 87 66 113
Jan-26 95 71 125
Mar-26 152 121 190
Jun-26 47 33 65

Table (9) shows new predictions on the future burden of measles for 2025-
2026. The models forecast seasonal peaks in the spring (March) and
anticipated cases vary between 148-152 exposures per month. Larger
confidence intervals for measles (relative to cholera) are a consequence of
higher fluctuations in surveillance system and therefore are an indicator of
required more adaptive vaccination strategies.

8.9. Statistical Significance Testing

Finally, we have conducted the Diebold-Mariano test to check whether the
improvement is statistically proven; that is how good it is if taken into
account statistical significance. Statistical tests on forecast accuracy
differences proved there to be significant advantage (P< 0.01) of SARIMA-
RSA over the rival methods for both diseases, which indicates that the higher
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performance of SARIMA-RSA is not attributed to coincidence but due to
RSA algorithm's stronger ability in parameter estimation.

9. Discussion

The SARIMA-RSA model was clearly better than the traditional model in
predicting cholera and measles cases in Baghdad. RMSE improved by 11.6%
for cholera and 12.6% for measles (p <0.001). The improvement happened
because the RSA algorithm searches for the best parameters in a smarter way
than the traditional Grid Search method. The forecasts showed clear
seasonality, where cholera peaks in July-August and measles peaks in March.
This helps health officials allocate health interventions more effectively. The
model showed good stability and strength, which confirms it can be applied
practically in public health systems.

10. Conclusions

This research confirmed that RSA-based optimization enhances SARIMA
performance for forecasting infectious disease outbreaks in Irag. The
proposed model showed significant improvement for all performance
measures (RMSE, MAE, and MAPE) relative to Grid Search with statistical
significance (p<0.001). Prospective prediction revealed distinct seasonality
enabling early health response planning before epidemic peaks. The model
offers a practical tool for the Iragi Ministry of Health for resource allocation
and early warning system design, helping to mitigate health and economic
consequences of epidemics.

11. Recommendations

1. Extend the model to other Iragi governorates and cover more infectious
diseases to enhance surveillance coverage.

2. Include climatic factors (temperature, humidity, precipitation), social
factors (population density, education), and infrastructure factors (water
quality, sanitation) to improve prediction accuracy.

3. Apply the model in early warning systems at the Iraqi Ministry of Health
with training for staff to interpret outputs for proactive health planning.
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