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1. CERVICAL CANCER 2. ARTIFICIAL NEURAL NETWORKs (ANNs) 3. PROBLEMS

Cervical cancer Is the uncontrolled growth of || ANNs are computational models inspired by the || 1. Is it possible to employ artificial &:91. To Investigate the accuracy,

4. OBJECTIVES

abnormal cells in the cervix, the lower part of the || structure and functioning of the human brain, || intelligence (Al)-based techniques to convergence rate, efficiency, and

uterus connected to the vagina. It is mainly || designed to learn patterns from data and solve || analyze nonlinear differential models reliability of the Levenberg-Marquardt

caused by persistent infection with high-risk || complex problems. representing specific real-world algorithm in conjunction with artificial

human papillomavirus (HPV). < , Information scenarios? neural networks (LM-ANNSs) through
EeeTs Education S Technology 2. Do there exist Al technigues several analyses.

D edion wh_o_se accuracy, convergent rate, i\‘@ 2. To analyze the dynamical behaviors

Chemistry (8 Applications efficiency, and reliability can first of the cervical cancer compartments

| be analyzed and subsequently
Figure 2. ANNs’ applications. utilized for numerical simulations?

Figure 1. Origin of cervical cancer.
5. PARAMETERS & VARIABLES 6. MODELING 7. CERVICAL CANCER MODEL

with respect to variations Iin different
model parameters.

9. SCENARIOS

In this study, the proposed model is || [SE BT et T
A Rate of natural birth 0.1 Ws'(t) = A — PuW Wy — nWi a 0.1 07 01 07
Py Probability of HPV infection among women 1.6 @ W,'(t) = PyWW,, — P.Wy — Wy, 1 b g.i l13 8.1 8_;
n Rate of natural death 0.1 (4 — . C : - - :
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Wh (¢) Infected women with HPV Data Preparation Train Datasets Save Results d 0.1 0.6 0.1 1
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Wyc(t) Infected women with both HPV and cervical cancer model using Adam ' Setneural network ' dataset by using the ' results that satisfied ' | B AN 50 J R U 314 {0) 18 o1 @ 2\ [\ ] [0
1 Method. Designed architecture with1l5 _ | evenberg-Marquardt , required criteria and
scenarios, in which ~ hidden neurons by algorithm in performed numerical : w. W W
10. CONVERGENCE ANALYSIS each have four dividing the each conjunction with simulation using LM- Tle > 011 —— 782 —— 5674 -
In each plot the increase or decrease in Besg Validation Performance is 2.5016e-11 at epoch 46 cases. Generated data_se_t Into 70% artificial neural ANNS When. rgsults . ) . ) . )
| t th b f 10 — target dataset of _tran_wlng, 15% networks (LM-ANNS) did not satisfied 04 2 311215E-05 1.166905E-05 6.461823E-06
mean Squarg error§ .W. I e_ nu_m er o Validation each case of both valldatlc_)n, and 15% and performed criteria, gone to step 07 5 393860E-05 1 357581E-05 1416366E-05
epochs during training, validation and Test \_  scenarios. testing sets. \_ several analyses. /) 2 and started again. - - -
testing Is shown through convergence = —— 11 1.735863E-05 2.418634E-06 4.878643E-06
. . 07
curves which describes the convergence = 11. MEAN SQUARE ERROR 15  1.489013E-05 1.771900E-06 1.534676E-06
rate of the algorithm LM-ANNS. R o e BT 19 1.495027E-05 4.818158E-06 8.929983E-06
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15. HISTOGRAM ERROR 16. TIME SERIES ANALYSISS
The value of a gradient at one ws==me=mee=sy ememmswmen || A few bars with a very small ——Error Histogram with 20 Bins A significant overlap of training targets, training outputs, validation
3 % . ] Trainin . . . )
thousand epochs shows a slope of ™ e — " s errors (approximate to zero) 3097 m vaication | | | t@rgets, validation outputs, testing targets, and testing outputs on
the tangent at those points on A : N around the zero line indicate zao | | | (€ r€SPONSE curve w.r.t ime (t) with minimal errors indicates
which a high rate 0f Change mmmmmmmmmms  f———— that the used algorithm has high &2 7|| that the used s ")
occurred. Further, the value of mu = © "wi =5 7 T accuracy and efficient. i algorithm ~ LM- &
- - 10 1c < 100} ANNS is reliable g
at 1000 epochs defines the high . s = ommomnmmme e :
accuracy of algorithm LM-ANNs. ~ #Beie m | v e : I and effective.
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Dynamics of the proposed cervical cancer model’s compartments with respect to the parameter Py. 'Scenario | Case | Gradient | Mu |Scenario | Case | Gradient | Mu
T ATy T T = —o a  9.7974E-08  1E-09 a  9.5996E-08  1E-09
o ) ] est e s |. . b 3.7281E-07  1E-08 , b 8.0491E-08  1E-08

2 068002070972 %0000 g0000000000009 = | b | 2% L c  9.8562E-08  1E-08 c  9.5515E-08  1E-08
T Rooase” ooseseccocceseesesed X o) d  9.8088E-08  1E-08 d  82599E08  1E-08
oo e ® S % w77 7|l e The obtained results from all analyses showed the LM-ANNSs' effectiveness,

rvical cancer model’s compartments with respect to the parameter P,.

0.25 . 0.35 T

strong convergence rate, high accuracy, and reliabllity.

. 03 —_ =% |{ || ®* The numerical results defined that variations in model parameters significantly
| 025 o | influence the dynamics of the model compartments.
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19. FUTURE WORK

0.1 . . . . .
0.05 o | * The algorithm LM-ANNs will be implemented for the prediction of more complex
| , | | , L 80888886666666666666660600¢ ; | ~ S5B888e8833838338 nonlinear biological and epidemiological models.
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Time Time Time * The model’'s compartments dynamics are analyzed w.r.t remaining parameters.
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