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Abstract

Diabetes mellitus is a complex metabolic disorder with diverse complications, which
motivates the use of advanced computational intelligence methods for modeling its
nonlinear dynamics. The goal of the current research is to obtain numerical solutions
to a diabetes mellitus model by employing log-sigmoid neural networks together
with both local and global search strategies. For this model, the genetic algorithm
(GA) serves as a global search method, while the sequential quadratic programming
approach is employed as a local optimizer. In this study, the problem is addressed
using a hybrid solution strategy, introducing a new aspect to the existing research on
diabetes mellitus modeling. The proposed model comprises five groups: susceptible,
exposed, infected without treatment, infected with treatment, and recovered
individuals. To compare the reliability, precision, and consistency of the proposed
technique, the log-sigmoid neural network optimized through GA and sequential
quadratic programming is compared with the Adam numerical solver. An absolute
error within very small ranges is achieved, demonstrating the solver’s proficiency. In
addition, 100 independent trials and a network of 5 neurons were employed to test
the validity of the proposed stochastic approach, together with statistical measures
including root mean squared error, Theil’s inequality coefficients, and mean absolute
deviation.

Keywords: Diabetes mellitus model; Log-sigmoid neural networks; Genetic algorithm;
Sequential quadratic programming

1. Introduction

Neural networks are representations of the neural circuits and neuronal activity found in
the brain that may simulate many biological systems and processes. The genetic algorithm
(GA) was developed based on the genetic evolutionary process observed in nature. It is a
conventional intelligent biomechanical algorithm with considerable global optimization
abilities. GA optimization may be used to train the neural network efficiently, and the
training algorithm can purposefully ignore certain outputs depending on the requirements.
Once the search problem has been encoded in a chromosomal fashion and a fitness metric
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has been selected to differentiate between excellent and
poor solutions, the GA can proceed through the following
stages to evolve optimal solutions: initialization, evaluation,
selection, recombination, mutation, and replacement.'
The GA is used in various fields to determine the most
effective way to solve problems, including fuzzy problems,
agriculture,” medical treatments,® the routing-allocation
model,’ and numerous others.5*

In recent years, sequential quadratic programming
(SQP) techniques for extensive nonlinear optimization
have made significant progress. The networks weights
can be learned using the SQP algorithm, a powerful and
precise solver for convergent optimization problems. In
this study, the design variable output from the GA serves
as the foundation for the SQP approach’s initial estimation.
Studies related to SQP are well-known in the scientific
literature for solving various problems.*!!

According to Wang,'> combining a GA with a common
local search method, such as SQP, can lead to a successful
and consistent solution of a problem. SQP requires fewer
calls for target and functional restrictions than GA. It may,
however, become distorted and stuck in local optima, as
the search method relies on gradient data. In contrast, the
GA adopts a wider approach and has a higher probability
of finding a global optimum throughout the whole process.
The results are then utilized in SQP and local searching."*""*

Furthermore, the log-sigmoid neural network
optimized through the GA and SQP (LSNN-GASQP)
framework seamlessly combines the adaptive learning
capability of neural networks, the global search efficiency of
evolutionary algorithms, and the fast convergence of local
optimization techniques. This hybrid methodology serves
as a powerful numerical strategy for tackling nonlinear,
stiff, and chaotic systems in applied mathematics, with
significant applications in infectious disease modeling,
fractional-order systems, and bio-mathematical dynamics.
This research explores diabetic mellitus (DM) using
LSNN-GASQP. DM, a metabolic disorder, is caused by
impairments in insulin secretion, action, or both. The
significance of gastrointestinal symptoms as a major
contributor to disease burden in DM is well known.'* People
with diabetes experience gastrointestinal symptoms, such
as bloating, nausea, diarrhea, constipation, and epigastric
fullness, more frequently. Depression is a common
complication in diabetic patients, and if left unidentified
and untreated, it can adversely influence the disease.”
Insulin resistance is closely related to obesity, and when
combined with relative insulin insufficiency, it can lead to
the development of type 2 DM."® Dry eye disease is a lesser-
known consequence of DM, although it is reported to
occur in 54.3% of cases in individuals with the condition."

Numerous ocular symptoms are also associated with DM,
including micro- and macrovascular diseases.”

Diabetic kidney disease, which eventually emerges in
approximately 50% of individuals with type 2 DM, is the
main factor contributing to the increased mortality risk
in diabetic patients.” To establish and sustain long-term
good metabolic control in DM patients, a combination of
lifestyle changes and prescribed medications is necessary.
Achieving near-normal glycated hemoglobin levels
significantly decreases the risk of macrovascular and
microvascular issues. There are currently several oral
and injectable medicines available for the treatment of
type 2 DM.?? Diabetic patients have been shown to benefit
from both aerobic and resistance-based exercises, which
increase glucose uptake and decrease insulin resistance.
Over the years, DM mechanics have been the focus of
intense research by several researchers.?*%

Recently, the scientific community has employed
stochastic computing frameworks and advanced neural
network architectures to address intricate nonlinear
problems in diverse scientific and technical fields.
For example, Sabir et al*® devised a neuro-swarming
methodology to address the Emden-Fowler nonlinear
model. Ali et al.”’ created an intelligent solver utilizing
evolutionary cubic splines for the nonlinear Painlevé-I
transcendent problem. Umar et al® proposed an
intelligent computational method for modeling the
nonlinear dynamics of human immunodeficiency virus
infection. Cui et al.” analyzed the bidirectional associative
memory neural network and introduced a scheme to
delay bifurcation. Ilyas et al.** developed a wavelet neural
network for the Falkner-Skan system in fluid dynamics.
Raja et al*! linked an artificial neural network with SQP
to investigate Troesch’s problem, whereas Ahmad et al.**
developed a comprehensive neuro-evolutionary solver for
the nonlinear corneal shape model.

This study aims to tackle the DM nonlinear model using
LSNN-GASQP-based stochastic numerical computation,
taking into account the significant reported results. The
advanced intelligent computer method offers several
distinct advantages over current studies on DM. LSNN-
GASQP surpasses prior models in anticipated efficacy
and precision, providing more reliable insights into
the processes of DM transmission. Our study leverages
cutting-edge breakthroughs in computational intelligence,
which significantly impact disease modeling and control,
offering a more nuanced understanding of this complex
epidemiological system.

In this study, we evaluated the solution of the system of
nonlinear DM model® using the capabilities of LSNN and
both local GA and global SQP optimum approaches. The
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following is a list of the key characteristics of the proposed

LNNGASQP:

(i) A novel use of LSNN is proposed to investigate the
DM model, utilizing the combination of GA and SQP
as global and local search techniques

(ii) The Adam numerical methodology with absolute
error analysis is used to compare the sustainability,
reliability, and effectiveness of the proposed paradigm

(iii) By applying the equations from the nonlinear DM
model to an activation function, the mean squared
error formulation of the fitness-based function is
transformed into LSNN-GASQP

(iv) Statistical analyses, including root mean squared
error, Theil's inequality coefficients, and mean
absolute deviation, are used to validate the accuracy
and reliability of the LINN-GASQP.

With the mathematical model described by Faisal et al.,*
which divides the human population into five groups, such
as the susceptible group S(t), the exposed group E(t), the
infected group without treatment I(t), the infected group
with treatment I.(t), and recovered individuals R(t). We
explored the dynamics of a DM model in the following
way, as shown in Equation (1):

S’(t)zv—(g +y/E(t)+a))S(t),

E(0)=(wE(t)+0)3(e) (€ +1)E() wi(1)
I'(t)=yxE(t)- (K+6+§+F1)I(t)),
()=(1-

The remainder of the research is presented in the
following manner: Section 2 outlines the proposed
structure for the deterministic integrator LSNN-GASQP,
while Section 3 highlights performance measurements;
Section 4 discusses the results, and Section 5 concludes the
study.

2. Methodology

The LSNN-GSQP system was designed to operate in two
phases: utilizing LSNN frameworks and introducing an
error-based fitness function. The necessary information
was provided to execute a GA and SQP combination,
maximizing the fitness value of the suggested technique.

2.1. Artificial neural network framework

This section describes the solution strategy for each class
of the SEII,R DM model. The mathematical equations are
provided in relation to Equation (1), utilizing continuous
LSNN mapping in accordance with the noted findings and
the n order derivatives as follows in Equation (2):

S(0)=21 s 2w, (1)1,
Et)=Y" a, Qu, (t)+r,,)
(1)=2" @, L, (1)+ ,)
I(t)= ch b @, (£)+1 )
(t) > (1) 41,

~:

()= (=2 EO)-(+ 1) 1,(0), ?
R(t)=61(t)-CR(t), (1) (t)=Z Q" (15 (1) +1, )

With initial conditions (S(0) = I, E(0) = L, 1(0) = I, (t) Z @, (t)
1,(0) =1, R(0) =I,). I)=%. (ﬂu(f)+ )

The purpose of this research is to apply LSNN-GASQP I"(t)= Z L9 ( e (E)+r c)
to a@dress the system of Eguation (1). Table 1 provides the I (t) Z (,U (t) o )
details on the parameters involved. Re Re
Table 1. Explanation of the diabetes mellitus model’s parameters
Variables Interpretation Values
v Population growth of the human species 1
¢ Rate of natural death 0.00123
v Contact frequency between susceptible and exposed groups 0.0009
(9] Frequency of contact between susceptible groups and those exposed to genetic effects 0.00005
K The rate of transmission from the infected population to the exposed population due to insulin use 0.0024
x The speed at which exposed people become infected people 0.004
0 The illness rate of the infected population turned into a population that recovered due to insulin 0.3
r, Death rate without meditation 0.00139
T, Death rate due to insulin-receiving treatment 0.00134
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Figure 1. Analysis of convergence based on performance measurements of mean absolute deviation (MAD), root mean squared error (RMSE), and Theil’s
inequality coefficient (TIC) using the log-sigmoid neural network-genetic algorithm-based sequential quadratic programming for the diabetes mellitus
model. Convergence analysis of MAD for the groups (A) S(t) and E(#), (B) I(t) and I (t), and (C) R(t). Convergence analysis of RMSE for the groups (D) S(¢)
and E(t), (E) I(t) and I (), and I (t), and (F) R(t). Convergence analysis of TIC for the groups (G) S(t) and E(t), (H) I(t) and I,(t), and (I) R(%).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.

The activation function in the model, denoted by the
notation Q, and b determines the number of neurons in
the network. W stands for the unknown (weights), written
as Equation (3):

W =[ Wy, W, W, W, W, | 3)
Where

W, = [ttt JWs = [ttt JW, = [t ]

Wi, =[a,T, Ky Ty, ],WR =[ ety 11y 1y |

and the components of weight are defined as follows in
Equation (4):

or

[ Sl’ rS,Z’“ S,b]

g = [arg ooty st 1o ph=lph ol ool ) 7

a,=[a, 2% Sb] M= [#El’luEZ’ ’ ’luEb] r=1r, SLRUTS rE,b]
[“11’“12’ "xlh] U= Lull’n”[z’ ’[’llb] "= "rl,b]

a;, :|:aIT,1’aIT,2"”’alr,b:l’luIT :I:IUIT,I’IUIT,Z’”"/JIT,I::I’

", _I:rl FEUAPTIE IT,b:|

‘XR = [“R,l’“R,Z’. ' ."xR,b]’ ‘uR: [‘uR,l"uR,Z’. ’ .’HR,b] "= [rR 1’ R 2’ N r?’b1
4

[ Il’ rI,Z’“

In the neural network approach, the activation function
is the log-sigmoid function. The log-sigmoid function

is defined mathematically as: Q(t): . The n™

—t
e +1
derivative of Q is also an activation function since Q is an
activation function. Thus, we have Equation (5):
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The fitness function for the DM model (Equation [1])
in terms of mean square is as follows in Equations (6)-(12):

Eppy =€, T€ +E +E, +E +é (6)

1w (e . . \2

€ :EZb:I(sb -v +(§ +yE, +co)Sb) (7)

(Eb l//E +a))S +(§ +1) be)z (8)

:_Zh I(Ib %E, + K+6+§+F ), )) (9)
‘—Zb (I ~(=2)E + (g i, )) (10)

6= (K -5l ¢k ) (an

1 Sy =1 +(E)y — L) + (), - L)

€= - RS BY 72 (12)

5/ +((I;)), —1,) +((R), —1)

Where

Hb=1,§=5§(t,),E=E(t, ), =i (t, i, =T, (1, ), k= &(z,)

and t, = hb.

The error optimization process for all DM model classes
is € +¢é,+¢,+¢,+¢é, and € . It is an error function
dependent on the initial state. To achieve the highest
network weights attainable, where €p,,,, —> 0, and for every
class, the approximate solution that coincides with the
accurate solution is: {S(t) - S(t), E(t) - E(t),I(t) -
I(t),1,(t) > I.(t),R(t) = R(t)}.

2.2. Learning process of GA-based sequential
quadratic programming

A thorough explanation of GASQP’s optimization of the
error-based Equation (6) characterizing the DM model

Table 2. Statistical measurements for the susceptible and exposed groups

Time (years) Susceptible group Exposed group
Minimum Median Semi-interquartile range Minimum Median Semi-interquartile range

0.0 7.73E-08 3.88E-07 5.54E-07 4.39E-09 2.31E-07 3.26E-07
0.1 1.45E-08 1.29E-06 1.56E-07 1.82E-09 2.00E-06 1.39E-06
0.2 2.03E-07 4.71E-06 2.79E-06 3.24E-08 5.10E-06 3.87E-06
0.3 5.08E-08 6.02E-06 4.22E-06 5.00E-08 3.54E-06 4.08E-06
0.4 1.36E-08 5.22E-06 4.11E-06 2.68E-08 2.48E-06 2.11E-06
0.5 2.10E-08 2.39E-06 2.20E-06 2.516E-08 9.59E-07 1.29E-06
0.6 2.29E-09 1.41E-06 1.83E-06 4.96E-08 2.47E-06 1.62E-06
0.7 2.38E-08 2.26E-06 2.12E-06 6.45E-09 1.82E-06 1.26E-06
0.8 5.11E-07 2.78E-06 1.55E-06 6.22E-08 1.84E-06 1.07E-06
0.9 4.70E-09 4.027E-06 2.40E-06 2.91E-08 3.57E-06 3.41E-06
1.0 1.36E-07 3.94E-06 2.01E-06 4.69E-08 2.27E-06 2.19E-06
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Table 3. Statistical measurements for the infected groups with and without treatment

Time (years)

Infected group without treatment

Infected group with treatment

Minimum Median Semi-interquartile range Minimum Median Semi-interquartile range
0.0 7.08E-11 1.88E-07 4.79E-07 5.88E-09 1.54E-07 2.90E-07
0.1 6.96E-09 7.46E-07 9.71E-07 1.21E-07 2.38E-06 1.36E-06
0.2 4.17E-09 1.04E-06 1.01E-06 1.32E-07 4.45E-06 4.11E-06
0.3 6.71E-08 1.62E-06 1.49E-06 3.68E-09 4.045E-06 3.97E-06
0.4 6.54E-08 2.16E-06 1.22E-06 1.01E-07 3.05E-06 3.13E-06
0.5 2.38E-08 2.73E-06 1.83E-06 9.14E-10 1.88E-06 2.10E-06
0.6 7.29E-08 2.17E-06 2.13E-06 9.45E-09 2.38E-06 2.17E-06
0.7 5.51E-10 1.40E-06 2.19E-06 3.79E-08 2.44E-06 1.62E-06
0.8 1.05E-08 8.08E-07 1.94E-06 3.44E-08 2.76E-06 2.34E-06
0.9 1.05E-08 1.317E-06 2.07E-06 1.61E-08 3.13E-06 3.31E-06
1.0 2.17E-10 7.70E-07 1.57E-06 9.06E-08 3.41E-06 3.02E-06

Table 4. Statistical measurements for the recovered group [MAD], root mean squared error [RMSE], Theil’s inequality

coeflicient [TIC]). For related operations, the following

Time (years) Minimum  Median Semi-interquartile range

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1.426E-12
1.205E-08
1.044E-08
2.309E-08
4.500E-09
3.521E-08
5.104E-08
1.426E-08
1.205E-09
1.044E-08

1.111E-08
1.619E-07
2.230E-06
2.100E-06
2.486E-06
2.315E-06
1.626E-06
1.114E-06
1.616E-06
2.232E-06
2.100E-06

1.408E-07
1.215E-07
1.487E-06
1.790E-06
1.851E-06
1.559E-06
1.183E-06
1.408E-06
1.215E-06
1.487E-06
1.795E-06

algebraic formulas are provided in Equations (13)-(15):

c=1

1 b
MAD, :Z; (1),

MAD; :%Zb: (9). —[51
MAD, =%§ (E). —(EJ

1.0 2.307E-09

is given. GA is employed as an optimization technique.
With the help of the best training strategy, GA is utilized \/

to provide precise population results for solving rigid
systems. To obtain the optimal system values in GA,
selection, crossover, reproduction, and mutation were

used. By combining SQP with local search methods, the \/1 b { NI
13 (2).-(2) |

performance of GAs is effectively improved. Examples
that use GASQP include the COVID-19 model, the
tuberculosis model,* the Lassa fever model,” the mosquito \/

model,®® the Thomas-Fermi system,” and singular
models.* The method was applied in the MATLAB
program (version R2025b) using GASQP hybridization to
determine the LSNN’s unknown weight for the DM model 1 Z;,: [(I ) [1 j JZ
T ). T
c=1 c

(14)

in Equation (1).

3. Performance grades

The nonlinear DM model outlined in Equation (1) was
computedusing performancegrades (meanabsolutedeviation
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Figure 2. Absolute error for the diabetes mellitus model using log-sigmoid neural network-genetic algorithm-based sequential quadratic programming.

(A) Absolute error for the groups S(1), E

(¢), and I(#). (B) Absolute error for the groups I.(t) and R(#).

Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.
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4, Results and discussion

—

+

(15)

This section provides a comprehensive review of the
results obtained in the DM model solution (Equation [1]).
A detailed examination using Adams’ numerical outcomes
validated the accuracy of the design using the LSNN-
GASQP technique. Additionally, graphical and numerical
statistics are presented to ensure the accuracy of the
proposed technique. The nonlinear differential equation of
the DM model (Equation [1]) has been adapted using the
data from Table 2.

$'(£)=1-(0.00123+0.0009E(¢)+0.00005)$(t)
E'(t)=(0.0009E(¢)+0.00005)S(t) - (0.00123 +1)
E(t)+0.00241(¢)
, 0.0024 +0.3+0.00123
1) :0'004E(t)_(+0.00139)1(t) J
L, (t)=(1-0.004) E(£) - (0.00123+0.00134) I (1))
R(t)=0.31(t)—0.00123R(t)

(16)

with initial conditions

$(0)=0.27100271
E(0)=0.35682023
1(0)=0.00180668
1,(0)=0.36133694
R(0)=0.00903342

The fitness function based on error for the DM model
(Equation [16]) is as follows in Equation (17):

Z[(

(Eb—(0.0009E +0.00005)S, +(0.00123 +1) E, —0.0024 )2

DMM

. e \2
~1+(0.00123+0.0009E, +0.00005)3, | +

+ Ib—O 004E + 00024+0 3+0.00123+0. 00139)1 ))

+(1,, ~(1-0.004)E, +(0 00123+0.00134)], ))

L,

(( ) —0.27100271)2

+ E —035682023) ( —000180668)

t
[k
+(R, —0.31, +0.00123R )2
((£)
(( (17)

+((1r), -0. 36133694) +((R) 0. 00903342)]
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Figure 3. Comparison of the log-sigmoid neural network-genetic algorithm-based sequential quadratic programming (LSNN-GASQP) and the Adam
numerical approach for the diabetes mellitus model. Comparison graphs for the groups (A) S(¢), (B) E(#), (C) I(¢), (D) I(t), and (E) R(¢).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.

The developing LSNN-GASQP hybrid approach
was employed in the DM model optimization process
throughout a large number of trials to determine the
appropriate weights for five neurons (100 iterations).
Figure 1 illustrates the best LSNN weights. The acquired
weight values were then entered into Equation (3), yielding
an approximate solution in numerical representations, as
shown in Equations (18)-(22):

4.4329 3.9499
S(t) = 1+ e*(OA697[+1.7645) 1+ e—(—o,3100r+0900)
49178814 3.201027 0.15267
1+ e—(—0.7374t+2356600) 1+ e—(—0A7234t+oA27551) - 1+ e—(—1.03531—2A601)
(18)
—0.75336 0.6402
E(t) = 1+ e—(1.170748t+0,9189) 1+ e—(0,30513r+1.708)
0.4615 1.164675 1.2997
1+ 67(70417016:70.170) 1+ e—(—0.817t—24597) 1+ 87(72A0774t73A00220)
(19)
0.135 0.26787
I(t) = 1+ e—(0A069t—0A990) - 1+ e—(0,2290r+0581)
1.365 0.4505 1.69511

—(0.4181¢-0.0043) —(0.6079t-1.262) —(0.441671¢-0.483)

1+e 1+e 1+e

(20)

0.2874 2.1238
IT (t) = 1+ e—(—1.26144t—1.9138) B 1+ e—(—1A659t—2A5013)
0.36199 0.71382 0.1081
1 +e—(0.43032t—1.9619) 1 +e—(0.80073t—0.463) B 1 +e—(0415353t—042088)
21
0.58233 0.4198
R(t)= 1 OO0 T (C0adn-02i53)
0.063 0.189 0.0292

~(0.2593t-0.07754) ~(~0.56570t-0.2702) - -(0.1749060¢-0.52807)

1+e 1+e 1+e

(22)

Figure 2 illustrates the absolute error for each class of the
DM model, comparing both techniques, which range from
10 to 107. The comparison of the results of the GA-SQP
and Adam numerical schemes is shown in Figure 3.
Optimal weights for the DM model are shown in Figure 4,
using LSNN-GASQP. A convergence analysis for the DM
model using an LSNN-GASQP is presented in Figure 1,
based on performance metrics including MAD, RMSE, and
TIC. Figures 5-7 show the convergence assessment for the
DM model using histograms of MAD, TIC, and RMSE,
respectively. Figures 8-10 show the boxplots of MAD, RMSE,
and TIC, respectively, using the LSNN-GASQP. Figure 1A-C
shows the MAD performance metric for each class, which
ranges from 107*to 10™*. RMSE performance metrics for
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Figure 4. Optimal weights for the diabetes mellitus model using the log-sigmoid neural network-genetic algorithm-based sequential quadratic
programming. Best weights for (A) S(), (B) E(t), (C) I(t), (D) I,(t), and (E) R(%).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.

each class are displayed in Figure 1D-F, with values ranging Figure 5 displays the MAD histogram values for all
from 107*to 10~ TIC performance metrics for all classes, classes, ranging from 10-°to 10~°. Figure 6 displays the TIC
ranging from 107"*to 1078, are shown in Figure 1G-1. histogram values for each class, which lie between 107
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Figure 5. Convergence assessment for the diabetes mellitus model using histograms of mean absolute deviation (MAD). Histogram depiction of MAD for

groups (A) S(1), (B) E(t), (C) I(1), (D) I (1), and (E) R(?).

Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.

and 107°. Figure 7 shows that the RMSE histogram values
for each class fall within the range 107 to 10~°. Figure 8
shows the MAD boxplot values for each class, ranging
from 10~°to 107, while Figure 9 shows that the boxplot of
RMSE values for all classes fall within the same range. The
TIC boxplot values for each class are shown in Figure 10,
with values ranging from 107" to 10~°. The LSNN-GASQP
solution was accurate and exact since all these statistical
variables were very close to zero. To further validate the
accuracy and precision of the LSNN-GASQP findings,
statistical data analyses were performed using the semi-
interquartile range (SIR), median (Med), and minimum

(Min) values. Tables 2-4 present statistics-based analysis of
each class for the inputs between 0 and 1 with a step size
of 0.1. These statistical results may not only demonstrate
the numerical accuracy of the proposed framework but
also prove its robustness and stability under various input
scenarios. The near-zero error measure and minimal
statistical spreads show that the technique performed
consistently and reliably throughout multiple trials. This
study demonstrates the hybrid LLNN-GASQP technique’s
generalization capacity and computational integrity,
confirming its efficacy as a robust stochastic optimization
framework for dealing with nonlinear dynamical systems.
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Figure 6. Convergence assessment for the diabetes mellitus model using histograms of Theil’s inequality coefficient (TIC). Histogram depiction of TIC for

groups (A) S(1), (B) E(t), (C) I(1), (D) I (1), and (E) R(¥).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.
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Figure 7. Convergence assessment for the diabetes mellitus model using histograms of root mean squared error (RMSE). Histogram depiction of RMSE

for groups (A) S(#), (B) E(t), (C) I(t), (D) L,(t), and (E) R(?).

Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.
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Figure 8. Convergence assessment for the diabetes mellitus model using boxplots depictions of performance metrics. Boxplot depiction of mean absolute
deviation (MAD) for groups (A) S(¢), (B) E(#), (C) I(t), (D) I(t), and (E) R(t).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.
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Figure 9. Convergence assessment for the diabetes mellitus model using boxplots depictions of root mean squared error (RMSE). Boxplot depiction of
RMSE for groups (A) S(t), (B) E(t), (C) I(t), (D) I,(t), and (E) R(t).
Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.
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Figure 10. Convergence assessment for the diabetes mellitus model using boxplots depictions of Theil’s inequality coefficient (TIC). Boxplot depiction of

TIC for groups (A) S(¢), (B) E(%), (C) I(t), (D) I(t), and (E) R(?).

Abbreviations: E: Exposed; I: Infected without treatment; I_T: Infected with treatment; R: Recovered; S: Susceptible.

5. Conclusion

The novel computing hybrid LSNN-GASQP paradigm
was used to solve the nonlinear DM model. SQP was
used as a framework for local search, while the GA was
used for global search. This prevented local minima
and facilitated rapid convergence with great precision.
This hybrid local optimizer utilizing a neural surrogate
was an effective technique for calibrating nonlinear
ordinary differential equations. The nonlinear differential
equations DM model was used to construct a log-sigmoid
fitness-based function, utilizing the mean squared error.
The recommended paradigms’ dependability, robustness,
and eflicacy were evaluated using the Adam numerical
technique and absolute error analysis. The performance
convergence criteria, calculated over 100 runs, comprised
mean square error, generations, iterations, time, fitness
evaluation, best global weight, and function counts,
demonstrating how the suggested solution meets the
rigorous specifications. The statistical analysis for 100
runs of the hybrid LSNN-GASQP used TIC, MAD, and
RMSE. Their results illustrate the algorithm’s precision to
within 4 to 12 decimal places, indicating both numerical
fidelity and durability rather than isolated success. Based
on the Min, Med, and SIR operators, statistical indicators
were employed to confirm the robustness of the
suggested LSNN-GASQP. Min indicates the optimal-case

errors across the iterations, Med represents the standard
error while mitigating outliers, and SIR illustrates the
variability surrounding the median. The minimal values
of Min, Med, and SIR summarized the performance of
LSNN-GASQP, indicating good accuracy, consistency,
and convergence.
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