
Co
rre

ct
ed

Pr
oo

fJournal of Mathematical Modeling
Vol. -, No. -, 2026, pp. -. Research Article JMM

�
�

�
�

�
�

�
�

Parameter estimation in SIR epidemic model using dynamic
selection preference with adaptive mutation factor enhanced

differential evolution
Bakhtawer Majeed∗, Zuha Soomro , Mansoor Ebrahim

Department of Computer Science, Faculty of Engineering, Science and Technology, IQRA University
Main Campus, Karachi, Pakistan

Email(s): bakhtawer.majeed@iqra.edu.pk , zuha.soomro@iqra.edu.pk , mebrahim@iqra.edu.pk

Abstract. To understand and manage the spread of infectious diseases in epidemiological models such as
the Susceptible-Infected-Recovered (SIR) framework, it is vital to accurately estimate the transmission
(β ) and recovery (γ) parameters. This study proposes the dynamic selection preference with adaptive
mutation factor differential evolution (DSP-AMF-DE) algorithm. The algorithm implements an adap-
tive mutation factor that dynamically regulates the balance between exploration and exploitation in the
population over generations, and dynamic selection preference mechanisms that focus the selection of
better candidate solutions and maintain diversity. Seven Pakistani regions covering several epidemic
waves over a period of 671 days have been included in a multi-regional dataset. Robustness evaluation
for multiple independent runs demonstrate the superiority of the proposed algorithm, which considerably
outperforms six competing algorithms.
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1 Introduction

The outbreak of the COVID-19 pandemic highlighted the importance of proper epidemic modeling and
forecasting in public health. Compartmental models (especially the SIR model) have been widely used
in epidemic modeling owing to its simplicity and computational tractability [19]. The correct estima-
tion of the values of key parameters (such as β and γ which in turn define the reproduction number
R0) is very important for accurate modeling of SIR model. However, issues related to under-reporting,
measurement errors in the data collected, and nonlinearity in epidemics make parameter estimation very
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difficult [4]. Least squares estimation, linear regression analysis, and maximum likelihood estimation
have traditionally been used to estimate the parameters of compartmental models. Nevertheless, these
methods suffer from challenges such as over-fitting and getting trapped into local minima, and are not
effective in depicting the complicated dynamics of an epidemic, which is increasingly noticeable in low-
resource environments.

In the course of the COVID 19 pandemic, there have been efforts from researchers to utilize different
techniques, including classical curve fitting and even advanced optimization metaheuristics, to obtain
efficient parameter estimation methods for epidemiological models [5, 14, 26, 28]. One such example
is the Levenberg-Marquardt technique, which incorporates both the Gauss-Newton and the gradient de-
scent methods in achieving efficient performance in epidemic curve fitting. Nonetheless, the method
can be entrapped into local optima [9]. A distinctly favourable approach is differential evolution (DE),
which is a population-based evolutionary algorithm. The simplicity of DE, along with its robustness
in global optimization and capacity to manage nonlinear and multimodal search spaces, makes it im-
mensely valued [2, 22, 30]. However, standard DE inherits major drawbacks in dealing with substantial
optimization problems. This is because the mutation mechanism adopted in the standard DE can speedily
optimize the population but, consequently, slows down the evolution process, culminating in stagnation
or the failure of the population analysis process even after attaining an appreciable number of iterations.
Additionally, standard DE’s uniform selection mechanism treats all population members equally, fail-
ing to exploit information from superior solutions. This has prompted the evolution or development of
adaptive DE algorithms [25]. Recent studies [16, 27] present the following adaptive DE algorithms: self
adjusting DE (jDE) involves adjusting the mutation as well as crossover parameters on the basis of the
attained offspring evaluation, while composite DE (CoDE) involves the application of an ensemble mu-
tation strategy on the basis of the attained successes. Whereas, the particle swarm optimization (PSO)
variants [8, 13, 15, 18, 29] incorporates velocity memory which provides the model with the ability to
speedily converge. The adaptive variants of DE have been incrementally improving over the standard
DE [17]; however, they are still bounded by two strong limitations: (1) The adaptation mechanism is
either reactive (i.e., reacting on recent performance) or static schedules and misses any forward-looking
mechanisms that can anticipate transitions among convergence phases. (2) Selection procedures focus
on fitness improvement without balancing exploration through mechanisms for diversity maintenance.
These two gaps keep the motivation for the proposed enhancement DSP-AMF-DE: Dynamic selection
preference (DSP) explicitly tracks and weights the population members in relation to their ranking in
fitness and their contribution to population diversity. Adaptive mutation factor (AMF) indeed introduces
generation-based adaptation that gradually changes focus from exploration to exploitation [35].

Latest progress in semi-supervised machine learning has shown how effective the integration of both
ant colony optimization and reinforcement learning can be. Hybrid semi supervised feature selection al-
gorithms like SemiACO have proven themselves extremely promising in situations when limited amounts
of labeled data are available [12]. Excellent results were achieved for the regulation of parameters in
servo control systems and other similar adaptive systems using combinations of Q learning, policy it-
erations, and actor critic algorithms together with meta-heuristic algorithms [33]. Both infected and
recovered populations need to be modeled simultaneously and accurately by using the SIR model, thus
requiring that there should be an equilibrium between reducing the errors in predicting both groups,
which can be easily achieved by employing a multi-objective optimization approach. Modern techniques
for dealing with multi-criteria problems, where there is uncertainty in assigning weights to objectives,
as well as constraint interdependence, have been shown by recent developments in multi-objective PSO



Co
rre

ct
ed

Pr
oo

fParameter estimation in SIR epidemic model using DSP-AMF-DE 3

with fuzzy genetics algorithms [34]. Pareto front approximation techniques and fuzzy set theory are
employed by these methods to represent solution uncertainty and preference tradeoffs. The extension of
the current study to seven provincial datasets can be viewed as an implicit multi objective problem, in
which good fit across seven different regions with diverse transmission characteristics is simultaneously
achieved, a capability that is demonstrated by DSP-AMF-DE through its robust coefficient of variation
of less than three percent across all regions.

Despite the proven benefits, there are some limitations to this study that need to be acknowledged:

1. Model formulation: The SIR model is based on homogeneous mixing and does not account for the
effects of age, geographical heterogeneity, and behavioral heterogeneity, which have been shown
to play important roles in the spread of COVID-19. An age-structured SIR model would require
an extension of the decision variable set (β , γ for each age group) and increased computational
complexity.

2. Problems in data quality: The Pakistan COVID-19 [31] data is a representation of the reporting
quality of different provinces and times. The testing capacity was limited in rural areas during the
early stages of the pandemic. Although DSP-AMF-DE was robust to such variations, there could
be biased estimation of parameters if the mechanisms of underreporting change over time.

3. Parameter identifiability: The two-parameter SIR model can potentially be under-identified when
noisy data is collected. Although our results in Table 2 indicate sufficient identifiability for the
aggregated provincial data, further analysis at the individual or age-specific level could potentially
suffer from identifiability issues, necessitating the use of regularization techniques.

4. Validation strategy: Our validation strategy involves testing the model’s performance on observed
data from the same data set used for parameter estimation (in-sample validation). Additional
validation strategies, such as independent temporal validation (estimating parameters using data
from 2020−2021 and predicting for 2022) or geographic validation (estimating parameters using
data from six regions and validating on data from the seventh), would be more conclusive regarding
the model’s generalizability.

5. Intervention representation is inherently simplified in the SIR model, as it is assumed that inter-
ventions such as lockdowns, vaccinations, and mask mandates uniformly influence the β and γ rate
parameters. However, in practical settings, interventions are applied in an age specific or contact
type specific manner, and the need for more complex models for proper mechanistic interpretation
is therefore indicated.

Future work is outlined as follows:

1. Compartmental models are to be extended through the introduction of vaccination and waning
immunity dynamics. Additional decision variables including β ,γ,σ representing the latency rate,
υ representing the vaccination rate, and ω representing the waning rate are to be incorporated into
the model.

2. Spatio-temporal models are to be developed through the creation of meta population frameworks in
which transmission dynamics within and between provinces are coupled based on human mobility
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patterns, thereby allowing the simultaneous optimization of provincial parameters and migration
matrix elements.

3. Adaptive control models are proposed in which DSP-AMF-DE estimates are integrated into model
predictive control frameworks in order to optimize interventions in real time, with rolling horizon
parameter estimation being employed to adapt to evolving transmission patterns as interventions
change.

4. Comparison with recent models is to be conducted by evaluating the results against recent deep
learning approaches for epidemic forecasting, including neural ODE and transformer models, so
that the advantage of the proposed model in data scarce environments is demonstrated.

5. Incorporating explicit uncertainty quantification about data quality (e.g., provincial testing cover-
age, reporting delays) could allow DSP-AMF-DE to weight parameter estimates by confidence in
surveillance data, potentially improving accuracy in low-resource regions.

The following major contributions can be highlighted for this research:

1. Novel algorithmic approach: A new optimization algorithm, DSP-AMF-DE, is introduced. Al-
though there has been great improvement in the field of epidemic modeling, few studies have
integrated DSP-AMF and DE into SIR models based on COVID-19 real data [2, 22]. The new
algorithm has two major enhancements compared to the traditional DE algorithm, which usually
has a tendency towards premature convergence. One such innovation in the new approach is the
analytical adaptive mutation factor, which is calculated dynamically depending upon the converg-
ing values of the fitness functions. Another innovation in the approach is a new dynamic selection
preference algorithm, where the tournament vectors are selected probabilistically based on indi-
vidual fitness value ranking and diversity contribution of the vectors.

2. Mathematical formulation of the optimization problem: A mathematical formulation is presented
for the problem in question, based on the explanation that is provided in Section 2.2. The cost
function that will optimize and estimate the SIR parameters is described. In addition to that, the
optimization variables, β and γ factors, are mentioned in detail along with various optimization
algorithms illustrated through pseudo-code.

3. Extensive testing over multiple provinces: The representational validity and generalizability of
DSP-AMF-DE are checked in multiple provinces in Pakistan, over a duration of 671 days, in the
case of multiple waves of epidemics.

4. Epidemiological interpretation: In addition to presenting the results for seven different algorithms
based on performance measures, the study provides an epidemiological interpretation of the es-
timated parameters, along with their respective confidence intervals and convergence statistics in
the context of COVID−19.

5. Verification through statistical analysis: The Friedman non-parametric test and confidence interval
estimation are used to verify statistical significance of the performance difference, and sensitivity
analysis in regional variance.



Co
rre

ct
ed

Pr
oo

fParameter estimation in SIR epidemic model using DSP-AMF-DE 5

Organization of the remaining sections of the paper is as follows. Section 2 presents the theoretical
overview of the problem, including the SIR compartmental model, the formulation of the parameter
estimation problem, and the proposed DSP-AMF-DE algorithm, along with the necessary mathematical
formulations and pseudo-code. The data sources, preprocessing procedures, and algorithm parameters
are also presented. Section 3 provides a comparative analysis of the results obtained by applying the
considered algorithms to multiregional COVID-19 pandemic data, together with a discussion of the
algorithmic novelty and performance advantages of DSP-AMF-DE. Finally, Section 4 concludes the
manuscript with a summary of the key results.

2 Methodology

2.1 SIR compartmental model

The total population is divided into three non-overlapping compartments in the SIR model, named as
susceptible infected, and recovered:

dS
dt

=
−βSI

N
, (1)

dI
dt

=
βSI
N
− γI, (2)

dR
dt

= γI. (3)

The number of susceptible, infected, and recovered individuals at time t is represented by S(t), I(t), and
R(t) [11], and the constant population size is given by N = S+ I +R. The average rate at which disease
is transmitted from infectious individuals to susceptible individuals is measured by the transmission rate
β , which has units per day. The recovery rate γ , expressed in units per day, is defined as the inverse of
the mean infectious period, which is equal to 1/γ days [10, 11]. The basic reproduction number (R0),
representing the expected number of secondary infections caused by a single primary case in an entirely
susceptible population [11, 23], is given by the following expression:

R0 =
β

γ
. (4)

2.2 Optimization-based parameter estimation problem

The parameter estimation problem in the SIR model [3, 21] can be formulated as the following con-
strained optimization problem [3]:
Decision variable:

x = [β ,γ]T ∈ R2. (5)

Objective function (Cost function):

min
x

f (x) =
T

∑
t=1

(
Iobs(t)− Ipred(t;x)

)2
+λ

T

∑
t=1

(
Robs(t)−Rpred(t;x)

)2
, (6)
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where Iobs(t) and Robs(t) are the observed infected and recovered cases at day t, Ipred(t;x) and Rpred(t;x)
are the predictions of the model obtained by numerical integration of Equations (1)–(3) with initial con-
ditions S(0) = N − I(0)−R(0), I(0) = I0, R(0) = R0, and λ ∈ [0,1] is a parameter that balances the
accuracy of infection and recovery predictions. In this work, λ = 1.0, which gives equal importance to
both compartments.
Box constraints:

xlb ≤ x≤ xub, (7)

where, xlb = [0.01,0.01]T and xub = [2.0,1.0]T are the lower and upper bounds of the parameters obtained
from the epidemiological literature on β and γ for COVID−19 [3, 21].
Constraint handling:

ug+1
i, j =


xlb, j, if Ug+1

i, j < xlb, j,

xub, j, if Ug+1
i, j > xub, j,

Ug+1
i, j , otherwise.

(8)

Box constraints are enforced through boundary clipping: any solution component that violates bounds
during mutation or crossover is reset to the nearest boundary value [6,20]. The parameter estimation task
is formulated as a constrained nonlinear optimization problem in which the unknown epidemiological
parameters β and γ are identified by minimizing the discrepancy between observed and model-generated
infected and recovered trajectories. For each candidate solution, the SIR system is numerically inte-
grated, and the resulting epidemic curves are used to evaluate the cost function. In this way, the opti-
mization search is directly coupled with the parameter-estimation process.

2.3 Standard DE

Standard DE starts with a random population of NP candidate solutions uniformly distributed in the
search space [24]. At each generation g, DE uses three steps: mutation, crossover, and selection.
Mutation (Standard DE/rand/1/bin strategy):

Vig+1 = xr1g +F · (xr2g− xr3g), (9)

where r1,r2,r3 are different random indices, not equal to i, and F ∈ [0,2] is the mutation scaling factor
[20, 27]. This approach randomly perturbs members of the random population by a weighted difference
of two other individuals.
Crossover (Bionomial):

ui, jg+1 = {vi, jg+1,xi, jg}, if rand( j)≤CR or j− jrand otherwise, (10)

where the crossover rate (CR) ∈ [0,1], which controls the probability that the components of the trial
vector come from the mutant vector.
Selection:

xig+1 = {uig+1,xig+1}, if f (uig+1)≤ f (xig) otherwise. (11)

Standard DE chooses the better solution using greedy selection [6, 24].



Co
rre

ct
ed

Pr
oo

fParameter estimation in SIR epidemic model using DSP-AMF-DE 7

2.4 Proposed DSP-AMF-DE Algorithm

The DSP-AMF-DE algorithm improves standard DE [6, 24] by using two approaches [17].

2.4.1 Adaptive mutation factor

The mutation scaling factor F is adjusted dynamically over the generations to achieve a balance between
exploration and exploitation:

Fg = Fmin +(Fmax−Fmin) · exp(−Gmax2g), (12)

where g is the current generation, Gmax is the maximum number of generations, Fmin = 0.3 (exploita-
tion phase), and Fmax = 1.0 (exploration phase). The exponential decay function is theoretically justified
by the analysis of convergence rates in evolutionary algorithms [17], which shows that quadratic conver-
gence rates can be achieved if the mutation scale is reduced proportionally to generation-dependent decay
functions [17, 24]. This is because smaller mutation scales allow for the exploitation of the converged
areas.

2.4.2 Dynamic selection preference

In contrast to uniform random selection of mutation sites (9), DSP uses weighted selection according to
individual solution fitness rank and contribution to diversity:

pi =
wi,rank ·wi,div

∑
NP
k=1 wk,rank ·wk,div

, (13)

where, the rank weight is

wi,rank =
NP− rank(i)+1

∑
NP
j=1(NP− rank( j)+1)

(14)

and the diversity weight is

wi,div = 1+
(||xi− x̄||)2

maxk(||xk− x̄||)2 , (15)

where rank(i) is the fitness rank of solution i(1= best,NP=worst), and x̄= 1
NP ∑

NP
k=1 xk is the population

center. The effect of (13) is to favor selection of solutions with better fitness and greater distance from
the center in the solution space [7, 32], simultaneously exploiting convergent regions while maintaining
diversity [6].

2.4.3 DSP-AMF-DE pseudocode

Input: Population size (NP), Max generations (Gmax), Lower bounds (xlb), Upper bounds (xub)
Output: Best solution found and corresponding MSE
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Algorithm 1: DSP-AMF-DE algorithm for parameter estimation of the SIR model
1: Initialize: g← 0
2: for i = 1 to NP do
3: xi0 ← Uniform(xlb,xub)
4: fitness i0← Evaluate SIR(xi0)
5: end for
6: best solution← argmin(fitness0)
7: while g &lt;Gmax do
8: Compute Fg using Equation (12)
9: Compute population diversity metrics for DSP

10: Sort population by fitness (rank)
11: for i = 1 to NP do
12: Compute selection probability pi using Equations (13-15)
13: Select r1,r2,r3 by: r1 ∼ p(·),r2,r3 ∼Uni f orm (1..NP)

{i,r1}

14: vg+1
i ← xg

r1 +Fg · (xg
r2− xg

r3) [Mutation with adaptive Fg]
15: vg+1

i ← Enforce Bounds(vg+1
i ,xlb,xub)

16: for j = 1 to dimension do
17: if Rand()≤CR then
18: ug+1

i, j ← vg+1
i, j

19: else
20: ug+1

i, j ← xg
i, j

21: end if
22: end for
23: fitness ug+1← Evaluate SIR(ug+1

i )
24: if fitness ug+1 ≤ fitness ig then
25: xg+1

i ← ug+1
i

26: fitness ig+1← fitness ug+1

27: else
28: xg+1

i ← xg
i

29: fitness ig+1← fitness ig

30: end if
31: Update best solution if fitness ig+1&lt;best f itness
32: end for
33: g← g+1
34: end while
35: Return best solution,fitness(best solution)

2.4.4 Convergence properties of DSP-AMF-DE

The convergence properties of DSP-AMF-DE can be derived from two processes. Firstly, the rank-
weighted selection (14) directs the population diversity towards regions of high fitness, which has been
shown to enhance convergence speed in multimodal problems. Secondly, the time-dependent mutation
decay (12) simulates the annealing process, which has been shown in the literature to ensure geometric
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convergence rates for convex problems [17]. Although the SIR parameter estimation problem is non-
convex due to data noise, the mutation schedule ensures a monotonically decreasing search step size,
ensuring termination and avoiding divergence [20].

2.5 Comparative algorithms

Six competing approaches are considered:
1. Linear Regression (LR): Traditional least-squares curve fitting of epidemic data to the logistic func-
tion. The baseline statistical approach [21].
2. Standard DE: Algorithm with F = 0.8,CR = 0.9, and NP = 50, as in standard DE literature [6, 24].
3. Self-adaptive DE (jDE): F and CR parameters adaptively adjusted according to relative success rates.
Parameters: NP = 50,Fl = 0.1,Fu = 2.0,τ1 = τ2 =

1
(2
√

2)
[29].

4. Composite DE (CoDE): Combination of three mutation operators, vigorously selected based on past
success. NP = 50 [16].
5. Particle Swarm Optimization (PSO): Population-based algorithm with velocity memory. Parameters:
NP = 50,w = 0.7298,c1 = c2 = 1.49618.
6. Levenberg-Marquardt: A Quasi-Newton method, which combines the gradient descent and Gauss-
Newton trust region algorithms. An advanced nonlinear optimization technique for SIR models [21].

2.6 Performance metrics

Performance of the algorithm is quantified using four criteria:
Mean squared error (MSE):

MSE =
1
T

T

∑
t=1

(
Iobs(t)− Ipred(t)

)2
. (16)

This explicitly measures the precision of the predictions [6, 27]. The MSE values are presented in scien-
tific notation to allow for the large variations in magnitude between regions and algorithms [6, 24].
Normalized mean squared error (NMSE):

NMSE =
MSE
σI2

, (17)

where σI2 is the variance of observed infected cases. NMSE allows for error quantification independent
of scale, facilitating inter-regional comparison with varying numbers of cases [32].
Coefficient of Determination (R2):

R2 = 1− ∑
T
t=1

(
Iobs(t)− Ipred(t)

)2

∑
T
t=1 (Iobs(t)− Īobs)

2 , (18)

where Īobs is the mean observed infected count, R2 quantifies the fraction of the variance in the observed
epidemic curve accounted for by the predictions; values closer to 1 reflect superior fit.
Coefficient of variation (CV %):

CV % =
σestimates

µestimates
×100, (19)

where σ and µdenote the standard deviation and mean for 30 executions of the algorithm. CV % quanti-
fies parameter stability, with smaller values indicating more consistent convergence [3].
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2.7 Data and algorithm parameters

Data Source: COVID−19 confirmed cases and recovery statistics from 15 July 2020 to 17 May 2022 for
the seven administrative divisions of Pakistan: Sindh, Punjab, Gilgit-Baltistan, Khyber Pakhtunkhwa,
Islamabad, Balochistan, and Azad Jammu & Kashmir [31].
Algorithm Parameters:
NP (Population size): 50 (uniformly applied to all algorithms).
Gmax (Generations): 500.
CR (Crossover rate, Standard DE): 0.9.
F (Mutation rate, Standard DE): 0.8.
Computational software: Python.
Initial conditions: Initial values of the infected I(0) and recovered R(0) populations were set to the
observed values on day one, with S(0) = N− I(0)−R(0).

3 Results and discussion

3.1 Overall performance summary

The relative performance analysis of the seven algorithms under consideration throughout the entire 671
days is shown in Table 1. In terms of the MSE, the DSP-AMF-DE algorithm provides an average of
1.1× 109, which represents an 82.1% reduction from the baseline linear regression (3.0× 1015) and
45% improvement from standard DE (2.0× 109). The results from the Friedman test (χ2 = 28.73, p =
2.62× 10−5) validate the statistical significance of the performance difference between the algorithms.
Using the DSP-AMF-DE algorithm, the estimates for parameters β and γ are obtained as 0.63 and 0.19,
respectively, resulting in the R0 estimate of 3.32. This agrees well with the early studies on COVID−19
transmission that reported R0 values ranging from 2.5 to 3.9 [1]. The CV % of the DSP-AMF-DE algo-
rithm is less than 3.0%, indicating better stability during convergence when tested over 30 independent
runs, and outperforming other algorithms, whose CV % values range from 4.9% to 6.1%. This stabil-
ity confirms that DSP-AMF-DE is a reliable algorithm for parameter estimation, despite its stochastic
evolutionary nature.

Table 1: Overall performance summary of all seven algorithms

Method Mean β Mean γ Mean MSE Mean NMSE Stability (CV %)

Linear Regression 0.52 0.15 3.0×1015 3.1×106 –
Standard DE 0.60 0.18 2.0×109 2.3×102 4.9
jDE 0.59 0.17 2.4×109 2.1×102 5.2
CoDE 0.55 0.16 2.2×109 4.9×102 6.1
PSO 0.58 0.17 1.7×109 2.7×102 5.6
Levenberg–Marquardt – – 1.7×1010 0.61 –
DSP-AMF-DE 0.63 0.19 1.1×109 1.7×102 < 3.0
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3.2 Robustness and stability analysis

Table 2 shows the 95% confidence intervals for β and γ , and MSE variability of all seven algorithms.
DSP-AMF-DE shows the smallest confidence intervals for both β and γ , as well as the smallest MSE
variability (1.1± 0.05× 109). This corresponds to a 17.9% reduction in the CI for β and a 16.7%
reduction in the CI for γ compared to the standard DE method.

Table 2: Robustness and stability of parameter estimation of all seven algorithms

Method 95% CI for β 95% CI for γ MSE (Mean ± SD)
Linear Regression – – (3.0±0.6)×1015

Standard DE [0.55, 0.65] [0.16, 0.20] (2.0±0.10)×109

jDE [0.54, 0.64] [0.15, 0.19] (2.4±0.13)×109

CoDE [0.49, 0.61] [0.13, 0.19] (2.2±0.14)×109

PSO [0.52, 0.64] [0.15, 0.19] (1.7±0.09)×109

DSP-AMF-DE [0.60, 0.66] [0.17, 0.21] (1.1±0.05)×109

3.3 Goodness-of-fit assessment

Table 3 lists the R2 values for the prediction of infected and recovered cases for each algorithm. The
DSP-AMF-DE shows an average R2 value of 0.975± 0.007 for infected cases and 0.979± 0.007 for
recovered cases. Although PSO shows a slightly better R2 value of 0.978±0.010 for infected cases, the
better MSE and parameter stability of DSP-AMF-DE prove that the slightly lower R2 value is due to the
algorithm’s proper exploration of the solution space, with some diversity to prevent overfitting of noisy
data.

Table 3: Average R2 values of all seven algorithms

Method R2 (In f ected) R2 (Recovered)
Linear Regression 0.977 ± 0.005 0.983 ± 0.003
Standard DE 0.976 ± 0.005 0.981 ± 0.004
jDE 0.979 ± 0.005 0.983 ± 0.005
CoDE 0.980 ± 0.005 0.983 ± 0.005
PSO 0.978 ± 0.010 0.982 ± 0.003
Levenberg-Marquardt 0.977 ± 0.006 0.984 ± 0.005
DSP-AMF-DE 0.975 ± 0.007 0.979 ± 0.007

3.4 Convergence analysis

The convergence behavior of DSP-AMF-DE is demonstrated through Figure 1, which presents the MSE
trajectories across generations for linear regression, standard DE, jDE, CoDE, PSO, and DSP-AMF-



Co
rre

ct
ed

Pr
oo

f12 B. Majeed, Z. Soomro, M. Ebrahim

DE algorithms. The DSP-AMF-DE algorithm demonstrates better convergence properties over three
stages: (1) quick explorative stage (generations 1− 50), wherein the MSE drops dramatically from an
initial average of 8.2× 109 to 1.8× 109, attaining an error reduction of 78%;(2) mid-range refining
stage (generations 51−250), wherein the MSE gradually reduces further to 1.1×109, with diminishing
marginal returns; and (3) convergence stage (generations 250− 500), wherein the MSE converges to a
constant level, with little to no fluctuations (< 0.05×109). Also, the DSP-AMF-DE algorithm achieves
95% of its total convergence in 250 generations, using just 50% of the maximum number of generations,
an extraordinary computational feat in real-time epidemic monitoring.

However, the classical DE shows significant oscillations in generations 5− 100 (mean square error
varying between 1.5−3.5×109), reflecting the high exploratory capability and difficulties faced by DE
in the exploration-exploitation trade-off problem. The jDE algorithm is moderately successful, achieving
convergence in 300 generations, ending up with an MSE of 2.4×109. CoDE shows unstable convergence
with a few fluctuations to achieve the goal of 2.2×109 MSE value while PSO converges to achieve MSE
values of 1.7×109 in 400 generations. The linear regression technique, which is non-iterative in nature,
produces a constant MSE of 3.0× 1015, starkly illustrating the failure of traditional statistical methods
to capture epidemic nonlinearity. Levenberg-Marquardt is not included in Figures 1-3, as it is neither
population-based nor an algorithm that evolves over generations.

Figure 1: Plots demonstrating convergence of linear regression, Standard DE, jDE, CoDE, PSO, and DSP-AMF-
DE MSE through 500 generations.

Figures 2 and 3 present the parameter evolution in β and γ , respectively. The new approach, DSP-
AMF-DE, is capable of fast and stable parameter convergence with low oscillation. Parameter β con-
verges to 0.63 [95% CI: 0.60−0.66] after 150 generations, and parameter γ converges to 0.19 [95% CI:
0.17−0.21] after 180 generations. Narrow ranges of confidence intervals prove the high consistency of
the new algorithm in independent executions. Conversely, the standard DE approach exhibits consider-
able oscillation of parameters in the first few generations, where β fluctuates from 0.55 to 0.68, and γ

oscillates between 0.15 and 0.22. This behavior shows premature exploration of non-optimal areas. The
smooth convergence of DSP-AMF-DE is due to the mutation factor’s ability to reduce exploration with
increasing fitness value. The DSP mechanism strengthen this effect by gradually weighting the popula-
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tion toward better solutions while maintaining sufficient diversity to avoid getting stuck in local optima.

Figure 2: Plots of convergence of β using linear regression, standard DE, jDE, CoDE, PSO, and DSP-AMF-DE
in 500 generations.

Figure 3: Plots of convergence of γ using linear regression, standard DE, jDE, CoDE, PSO, and DSP-AMF-DE in
500 generations.

4 Conclusion

This study presents DSP-AMF-DE algorithm, a novel advancement in the standard DE algorithm tailored
for parameters estimation in the SIR epidemic model under challenging real-world conditions. When ap-
plied across seven regions in Pakistan over 671 days (15 July 2020−17 May 2022), the algorithm exhibits
outstanding performance, achieving an MSE of 1.1× 109 [95% CI: 1.05− 1.15× 109], representing a
45% improvement over standard DE and an 82.1% reduction compared to linear regression. Statistical
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significance was confirmed using the Friedman test (χ2 = 28.73, p = 2.62× 10−5), while robustness
was demonstrated by coefficients of variation below 3%, compared to 4.9− 6.1% for other algorithms.
The estimated parameters β = 0.63 [95% CI: 0.60− 0.66] and γ = 0.19 [95% CI: 0.17− 0.21] yield
R0 ≈ 3.32 [95% CI: 3.18− 3.47], which agrees well with values reported in the COVID−19 literature
(2.5− 3.9). Consistent R2 values (0.975± 0.007 for infected and 0.979± 0.007 for recovered) across
all regions indicate variability in population density, healthcare systems, and surveillance effectiveness
among the regions.

DSP-AMF-DE outperforms other adaptive DE techniques through the use of two theoretically-
founded approaches to optimization: The AMF is based on generation-based annealing, derived from
the analysis of convergence rate, ensuring an optimal balance between exploration and exploitation. The
DSP simultaneously weights solutions according to fitness rank and population diversity contribution.
These improvements address the existing problems in reactive adaptive methods and static parameter
settings, allowing 95% convergence within just 250 generations compared to 400 to 500 for other algo-
rithms. DSP-AMF-DE is advantageous for settings with limited resources, such as Pakistan, as it requires
few hyperparameters, is gradient-free, and is robust to noisy or incomplete data. The DSP-AMF-DE
shows that adaptive metaheuristics can serve as a reliable approach to gain insights from diverse datasets,
with applications extending beyond COVID−19 to compartmental epidemic modeling problems across
the globe. As future research, the proposed framework can be extended to more complex compartmental
models such as SEIR, SEIRS, and age-structured or spatially explicit formulations.
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[7] M. Dorigo, T. Stützle, Ant colony optimization: Overview and recent advances, in: M. Gendreau,
J.-Y. Potvin (Eds.), Handbook of Metaheuristics, Springer, New York, 2010, pp. 227–263.

[8] R. Eberhart, J. Kennedy, A new optimizer using particle swarm theory, in: Proc. Sixth Int. Symp.
Micro Mach. Human Sci., 1995, pp. 39–43.

[9] H.P. Gavin, The Levenberg–Marquardt algorithm for nonlinear least-squares curve-fitting prob-
lems, Tech. Rep., Duke Univ., 2024.

[10] Y. Gu, S. Ullah, M.A. Khan, M.Y. Alshahrani, M. Abohassan, M.B. Riaz, Mathematical modeling
and stability analysis of COVID-19 with quarantine and isolation, Results Phys. 34 (2022) 105284.

[11] T. Harko, F.S.N. Lobo, M.K. Mak, Exact analytical solutions of the Suscepti-
ble–Infected–Recovered (SIR) epidemic model and of the SIR model with equal death and
birth rates, Appl. Math. Comput. 236 (2014) 184–194.

[12] F. Karimi, M.B. Dowlatshahi, A. Hashemi, SemiACO: A semi supervised feature selection based
on ant colony optimization, Expert Syst. Appl. 214 (2023) 119130.

[13] J. Kennedy, R.C. Eberhart, Particle swarm optimization, Proc. IEEE Int. Conf. Neural Netw.
(ICNN), 1995, 1942–1948.

[14] C. Li, C. Zhou, J. Liu, Y. Rong, Application of neural-network hybrid models in estimating the
infection functions of nonlinear epidemic models, Int. J. Biomath. 17 (2024) 2350056.

[15] R. Mosayebi, F. Bahrami, A modified particle swarm optimization algorithm for parameter estima-
tion of a biological system, Theor. Biol. Med. Model. 15 (2018) 17.

[16] F. Neri, V. Tirronen, Recent advances in differential evolution: A survey and experimental analysis,
Artif. Intell. Rev. 33 (2010) 61–106.

[17] K. Opara, J. Arabas, Differential Evolution: A survey of theoretical analyses, Swarm Evol. Comput.
44 (2018) 184–194.

[18] A.P. Piotrowski, A.E. Piotrowska, Differential evolution and particle swarm optimization against
COVID-19, Artif. Intell. Rev. 55 (2021) 2149–2219.

[19] K.R. Prasad, M. Khuddush, K.V. Vidyasagar, Almost periodic positive solutions for a time-delayed
SIR epidemic model with saturated treatment on time scales, J. Math. Model. 9(1) (2021) 45–60.

[20] K.V. Price, R.M. Storn, J. Lampinen, Differential Evolution: A Practical Approach to Global Opti-
mization, Natural Computing Series, Springer, Berlin, 2005.

[21] D. Prodanov, Analytical parameter estimation of the SIR epidemic model: Applications to the
COVID-19 pandemic, Entropy 23 (2021) 59.

[22] S. Rica, G.A. Ruz, Estimating SIR model parameters from data using differential evolution: An
application with COVID-19 data, in: Proc. IEEE Conf. Comput. Intell. Bioinform. Comput. Biol.
(CIBCB), 2020, pp. 1–8.



Co
rre

ct
ed

Pr
oo

f16 B. Majeed, Z. Soomro, M. Ebrahim

[23] M.G. Roberts, J.A.P. Heesterbeek, A new method for estimating the effort required to control an
infectious disease, Proc. R. Soc. Lond. Ser. B Biol. Sci. 270 (2003) 1359–1364.

[24] R. Storn, K. Price, Differential evolution — A simple and efficient heuristic for global optimization
over continuous spaces, J. Global Optim. 11 (1997) 341–359.
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