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ABSTRACT
Keywords: This study presents a comprehensive quantitative framework for the kinetic
Mathematical Modeling, Visual mathematical modeling and prediction of Visual Acuity (VA) loss dynamics, measured on
Acuity, Age-Related Macular the LogMAR scale, in patients suffering from chronic retinal and optic nerve diseases
Degeneration (AMD), LogMAR such as Age-Related Macular Degeneration (AMD), Glaucoma, and Diabetic Retinopathy.
Scale, Kinetic Differential The modelisformulated and evaluated using real-world compliant virtual patient cohorts
Equations. (N = 1333 across four disease groups). These synthetic cohorts are generated using

truncated multivariate normal distributions calibrated against published clinical
population statistics (e.g., AREDS and Beaver Dam Eye Study) to ensure physiological
and demographic fidelity. A system of non-linear kinetic ordinary differential equations is
developed to couple cellular-level photoreceptor apoptosis and cumulative pathological
stress withfunctional visual acuity via Fechner's psychophysical law. Model parameters
(B, H, 0, K) were calibrated using Non-linear Least Squares (NLLS) optimization against
simulated longitudinal clinical data (OCT-analogue photoreceptor density and
ETDRS/LogMAR visual acuity), with numerical integration performed via the 4th-order
Runge-Kutta (RK4) method; the baseline aging-apoptosis constant y, was fixed from
independent normative literature (Swanson & Horner) rather than jointly estimated,
owing to its weak practical identifiability over a 5-year observation window. Simulations
reveal a distinct cellular latency phase in which functional vision remains relatively
stable — adirect consequence of the logarithmic nature of visual perception — followed
by an abrupt, accelerating decline once a critical cell-loss threshold (30%-40%) is
breached. The model differentiates the slow, near-linear progression of dry AMD from the
rapidly accelerating trajectory of wet AMD and the intermediate-tempo course of
diabetic retinopathy, and reproduces the LogMAR-flattening effect of simulated anti-
VEGF therapy. Calibration against synthetic clinical data achieved R? values between
0.850 and 0.903 across all four disease groups (0.850 for dry AMD, 0.898 for wet AMD,
0.879 for glaucoma, and 0.903 for diabetic retinopathy; Table 1). Section 5.1 traces the
gap between this range and an initially targeted R* > 0.93 benchmark to a structural
identifiability issue between 8 and p. The model offers a quantitative starting point for
reasoning about therapeutic-window timing, though richer longitudinal data are needed
before its parameter estimates can be used clinically.

Introduction

Chronic retinaland optic nerve diseases — including Age-Related Macular Degeneration (AMD), Glaucoma, and Diabetic
Retinopathy —contribute substantiallytoirreversible visualimpairment[1]. Functionalvisualacuityrelies onthe structural
integrity of the entire optical pathway, spanning refractive media, the macular photoreceptor layer, and the optic nerve,
extendingthroughthe optictractstothe occipitalvisualpathway[2,3]. Transitioningfrom qualitative clinicalobservation to
precision medicine requires quantitative modeling to decipher the temporaldynamics of visual decay. Different ocular
pathologies exhibit distinct cellular mechanisms:

The major retinaland optic nerve diseases associated with progressive visualimpairmentinclude dry age-related macular
degeneration (AMD), wet AMD, glaucoma, and diabetic retinopathy. Dry AMD, particularly in its advanced form of
geographic atrophy, is driven by the accumulation of extracellular metabolic debris (drusen) between the retinal pigment
epithelium (RPE) and Bruch’s membrane. This accumulation contributes to progressive RPE cell death through
mechanisms involving apoptosis, necroptosis, and pyroptosis, followed by secondary degeneration of the overlying
photoreceptorsand underlying choriocapillaris, ultimately resultingina gradualloss of centralvision [4-7]. In contrast, wet
orneovascular AMD is characterized bychoroidalneovascularization (CNV),inwhichimmature and highly permeable blood
vessels breach Bruch’s membrane. The resulting vascular leakage can cause rapid fluid accumulation, subretinal
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hemorrhage, and subsequentfibrous scarring, leadingtoa more abruptdeclineinvisualfunction. Glaucomainvolves both
mechanical and vascular mechanisms, including mechanical stress associated with elevated intraocular pressure (IOP)
and microvascularischemia.These processescontribute to progressive apoptotic loss of retinal ganglion cells (RGCs) and
their axons at the optic nerve head, which clinically manifests as progressive visualfield loss [8,9]. Diabetic retinopathy,
meanwhile, develops primarily as a consequence of chronic hyperglycemia-induced microvascular injury, capillary
occlusion, and retinal ischemia. These pathological changes disrupt the blood-retinal barrier and contribute to macular
edema and retinal neurodegeneration, ultimately impairing visual function[10,11].

Research Objectives

Medical Objectives

Future research in ophthalmology should address several critical domains. First, predicting clinicaltrajectories requires
establishing temporaldecay rates for visual acuity, enabling forecasting of thresholds at which functional impairment
becomes clinically significant. Such predictive modeling would allow earlier intervention and more personalized patient
management. Second, evaluating therapeutic efficacy is essential, particularly through quantification of the impact of
interventions such as anti-VEGF injections [12] and intraocular pressure-lowering drugs [13,14]. These studies should
clarify the extent to which such therapies slow cellular degeneration and preserve visualfunction. Third, early biomarker
identification is a priority, focusing on the linkage between subclinical structural changes detected by optical coherence
tomography (OCT) and subsequent functional visual loss. Establishing reliable biomarkers would facilitate earlier
diagnosis, risk stratification, and monitoring of disease progression.

Mathematical Objectives
® Kinetic system formulation: non-linear ODEs governing photoreceptor density N(t) and pathological stress S(t).
@® Parameter calibration: estimating physiological constants via non-linear least squares against synthetic real-
world-compliant clinical data.
@® Stability and sensitivity analysis: evaluatingmodelbehavior near critical steady statesand parameter influence on
outcomes.

Mathematical Model Formulation & Development

The model integrates cellular degeneration kinetics with the psychophysical response of human vision through three
coupled statedescriptions: photoreceptor density N(t), cumulative pathological stress S(t), and visual acuity V(t), building
on prior computationalapproaches to photoreceptor degeneration modeling [15,16].

Photoreceptor Density Dynamics

Let N(t) denote the density of viable photoreceptors (cells/mm?) at time t [17]. Its rate of change is governed by baseline
aging apoptosis, disease-driven stress, and any therapeutic intervention:

dN/dt = -y, N(t) - BS(t) N(t) + a R(t) N(t) (1)

where v, is the baseline natural-aging apoptosis rate, B is the cellular vulnerability factor to pathological stress, R(t) is the
drug bioavailability function (e.g., anti-VEGF administration), and a is its efficiency coefficient.

Cumulative Pathological Stress Dynamics

Pathological stress S(t) aggregates metabolic waste and oxidative damage accrued from disease onset age t,, offset by
endogenous clearance:

dS/dt = y-90S(t) (2)

where p is the rate of stress accumulation and & is the endogenous clearance/detoxification rate of retinal tissue.

Derivation and Interpretation of Visual Acuity V(t)

Visual acuityis clinically quantified on the LogMAR scale, where lower values signify superior performance (0.0 LogMAR =
6/6 vision) [18]. In accordance with Fechner's Law of psychophysics, functional vision scales logarithmically with active
photoreceptor density:

V(t) = V,+kIn( N, /N(t)) (3)

with V, the initial baseline visual acuity and N, the initial baseline photoreceptor density; kis the transduction coefficient
mappingcellulardensitytovisualperception. Eq. 3is a standard simplification of Fechner's Law, but not the only plausible
mapping — and k was not itself fitted to direct structure-function data (Section 5.6), despite being one of the outcome's
strongest drivers (Section 5.4). A saturating Hill-type response is a natural alternative, V_Hill(t) = V0 + Vmax - K*n/ ( K*n +
N(t)"n ) where K is the density at half-maximalfunctionalloss, and n sets the steepness of the transition. Unlike Eq. 3, it
saturates at a finite floor acuity as N(t) > 0 instead of diverging — closer, perhaps, to the empirical floor seen in Figure 3.
Testing this against Eq. 3 would require paired structure-functiondata (OCT ellipsoid-zone width and ETDRS acuity) that go
beyond the synthetic cohorts used here; we leave the comparison, by AIC/BIC, to future work.
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Figure 1. Conceptual pathway of the coupled kinetic model: disease-driven pathological stress S(t) accelerates
photoreceptor/tissue loss N(t), which maps to functionalvisual acuity V(t) via Fechner’s psychophysical law;
simulated therapy R(t) acts to offset this loss

First Derivative: Rate of Clinical Acuity Loss

DifferentiatingV(t) (Eq. 3) withrespecttot, applyingthe chainrule tothe logarithm, and then substitutingthe untreated form
of dN/dt (R(t) =0) proceeds inthree explicit steps:

Step 1 (differentiate the log): dV/dt = k- d/dt[In(N,/N(t)] = -k -d/dt[In N(t)]

Step 2 (chainrule on In N(t)): dV/dt = -k - [1/N(t)] - (dN/dt)

Step 3 (substitute untreated dN/dtfrom Eq. 1, R(t)=0): dN/dt|_{R=0} = —(y, + B S(t)) N(t)

The factor N(t) appearingin both the numerator of dN/dt and the denominator of the Step 2 term cancels exactly, leaving
the finalresult:

dV/dt = —(k/N(t)) - (dAN/dt) = Kk (y, +B S(t)) (4)

Physical & clinical interpretation: while the instantaneous rate of visual loss dV/dt grows only linearly with stress S(t), the
cumulative LogMAR score V(t) does not grow exponentially in the strict sense (exponential growth requires dV/dt
proportionalto V, which Eq. 4 does not exhibit). Rather, the accelerationarises from the logarithmic singularity of Eq. 3 as
N(t) approacheszero: In(N,/N(t)) diverges steeply once photoreceptor density falls to critically low levels, eventhough the
underlying rate of cellular loss dN/dtis itself changing smoothly. This structural (not exponential) blow-up explains the
clinically observed "functional cliff": patients experience a sudden accelerationin perceived vision loss during advanced
degeneration despite smooth underlying cellular dynamics.

Research Methodology & Virtual Cohort Generation

It should be emphasized at the outset that the patient cohorts employed inthis study are entirely synthetic, constructed
virtually ratherthanderived from actualclinicalrecords. These cohorts were generated to statistically resemble real-world
populations, with physiological parameters sampled from truncated distributions aligned to published epidemiological
datasets such as AREDS and the Beaver Dam Eye Study. While this design ensures that the simulated populations reflect
realistic demographic and clinical characteristics, the individual disease trajectories, visit-level measurements, and
longitudinal outcomesremainsimulatedratherthanobserved. Consequently, althoughthe modelcan be evaluated under
conditions that mimic real-world statistics, genuine clinical validation requiresindependent testing against actualpatient
data, asoutlined under ExternalClinicalValidationin Section7. The virtualcohortscomprised approximately 1,000 patient
profiles distributed acrossthree disease groups—dryage-related macular degeneration (AMD), wet AMD, and glaucoma—
with each group containing about 333 individuals.

Physiological parameterswere drawnfrom truncated normaldistributions constrainedtoepidemiologicalranges, including
age between 55 and 85 years, baseline photoreceptor density between 120,000 and 180,000 cells/mm?, and baseline
LogMAR valuesbetween-0.10and 0.15. In the revised analysis, afourth cohort of approximately 333 patients with diabetic
retinopathy was added using the same sampling protocol, thereby expanding the total simulated population to 1,333
individuals across four disease categories. Longitudinal simulations were conducted by integrating the coupled ordinary
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differential equation system (Eqgs. 1-2) over a five-year horizon at monthly resolution using a fourth-order Runge-Kutta
scheme. This produced individualtrajectories of photoreceptor density and LogMAR visual acuity, with simulated clinic
visits and measurement noise introduced at six-month intervals. Noise was modeled as o = 2,500 cells/mm?for OCT-
analogue photoreceptor density and o = 0.03 for LogMAR acuity.

Model calibration was performed separately for each disease group using Non-linear Least Squares with a Trust-Region-
Reflective algorithmtoestimate the kinetic parametersf, y, 8, and k from noisy simulated data. The parametery,was fixed
ataliterature-derivedvalue from Swansonand Horner’s normative aging-decline data, asit proved weakly identifiable when
jointly estimated with f and p over the five-year window. Sensitivity analysis was conducted using a one-at-a-time global
perturbation of £20% on a representative dry-AMD patient to determine whichkinetic parameters most strongly influenced
the five-year LogMAR outcome. In the diabetic retinopathy extension, the untreated system (Egs. 1-2 with R(t)=0) was
reused without structuralmodification, with N(t) reinterpreted asfunctionalmacular or retinalganglion tissue density rather
than photoreceptordensity specifically. Ground-truth kinetic constantswere selected tolie betweenthe dry-AMD and wet-
AMD regimes, consistent with ETDRS natural-history dataindicatingthat diabeticretinopathy progresses morerapidly than
dry AMD but withoutthe acuteexponentialcollapse characteristic ofuntreated wet AMD. A synthetic cohort of 333 patients
was simulated with the same inter-patient heterogeneity and measurement-noise model as in Section 4. The refitted
parametersclosely matched the generatingvalues, confirming thatthe calibration pipeline generalizes to a fourthdisease
group without modification.

Simulated Photoreceptor / Retinal
Tissue Density Decline (RK4)

150000 ~ Dry AMD

— Wet AMD

125000 +

100000 A 30-40% loss thresholty Diabetic Reti

75000 -

50000 -

25000 -

Density N(t) (cells/mm?)

0
0

2 3 4 5
Time (years)

= -

Figure 2. RK4-simulated photoreceptor/retinal-tissue density N(t) for representative dry AMD, wet AMD, glaucoma, and diabetic
retinopathy patients (identical baseline N, = 150,000 cells/mmz). Wet AMD crosses the 30-40% structural loss threshold within
~1.2 years; diabetic retinopathy crosses it at ~2.1-2.6 years; dry AMD and glaucoma decline far more gradually

Predicted Visual Acuity Trajectories
(Four Disease Groups)

Diabetic Retinopathy
Wet AMD + anti-VEGF (R(t))

41 —— Dry AMD
= \Wet AMD
34 = Glaucoma P

Visual Acuity (LogMAR)

Time (years)

Figure 3. Predicted LogMAR visual acuity trajectories corresponding to Figure 2, illustrating the "functional cliff": untreated wet
AMD accelerates sharply past the light-perception floor (LogMAR = 2.9), while simulated anti-VEGF therapy (R(t) # 0) substantially
flattens the trajectory. Diabetic retinopathy (added in this revision) tracks between glaucoma and untreated wet AMD
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Discussion

Model Calibration Results

(Table 1) summarizes the NLLS-fitted disease-specific parameters and the resulting goodness-of-fit (Rz) against pooled
simulated clinical observations.

Table 1. NLLS-calibrated parameters and R*by disease group (y, fixed from literature). Values in red fall below the R*> 0.93
benchmark stated in the original manuscript abstract. The diabetic retinopathy row was added in this revision using the same
fixed y, and NLLS protocol as the other three groups

Disease Group B (fitted) | p(fitted) | O (fitted) | k(fitted) R?
Dry AMD 0.0765 0.6305 0.3477 0.8490 0.850
Wet AMD 0.3690 1.5257 0.2932 0.8691 0.898
Glaucoma 0.0992 1.3432 0.4674 0.6033 0.879
Diabetic Retinopathy 0.2050 0.9677 0.4263 0.7441 0.903

NLLS Calibration: Model Fit vs. Simulated Clinical Observations

Dry AMD (R? = 0.850) Wet AMD (Rz = 0.898) Glaucoma (R? = 0.879) Diabetic Retinopathy (Rz = 0.903)
0.6 4

7 = Fitted model ® 40 = Fitted model — Fitted model —— Fitted model
®  Synthetic clinical obs. ®  Synthetic clinical obs ®  Synthetic clinical obs. o o] e syntheticclinical obs,

0.8
0.6
0.4

0.2

0.0

0 1 2 3 4 5 Q 1 2 3 4 5 o 1 2 3 4 5 1] 1 2 3 4 5
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Figure 4. Calibrated model trajectories against representative synthetic clinical observations (6 -month visit
intervals) foreach of the four disease groups, including diabetic retinopathy (added in this revision)

Across the original three disease groups, calibration achieved R* between 0.85 and 0.90 — a reasonably strong fit, but
consistently below the R* > 0.93 reported inthe original manuscript abstract. The diabetic retinopathy group added inthis
revision falls in the sameband (R2 = 0.90), suggesting the same two limitingfactors apply rather than something specific to
AMD or glaucoma. Two contributing factors were identified in this reconstruction:

Structuralidentifiability

B and p enter the modelonly through the combined pathway B-S(t), and S(t) itself equilibrates toward p/3. Over a 5-year
window, this makes 8 and p partially confounded — the NLLS optimizer cantrade one against the other while preservinga
similar fit to N(t) and V(t) (visible in the larger relative errors on f and p versus & and k during calibration).

Measurement noise and visit sparsity

6-monthvisit spacing with realistic OCT/ETDRS measurement noise limits how tightly the kinetic constants can be pinned
down; denser sampling (e.g., quarterly visits) or a longer follow-up horizon would be expected to narrow this gap. Both
effectsare anormalfeature oftwo-compartment kineticmodelsfitted tosparse longitudinaldata rather than a flaw specific
to thisformulation, butthey meanthe>0.93figure should beread asan upper-boundtargetratherthanavaluereproduced
independently in this numerical verification. We tested this identifiability claim numerically. Using the dry-AMD fitted
parameters (Table 1) as ground truth, 60 synthetic patients were re-simulated under the same *20% inter-patient
heterogeneity and OCT/LogMAR noise model as in Section 4, then refit by NLLS. The correlation between the recovered B~
and p'was p = 0.69 at the original 6-month visit spacing and rose to p = 0.85 at 3-month spacing, while the coefficient of
variationon each parameter fellonly modestly (CVB:0.21->0.13; CVp:0.10-> 0.09). § and k, which do not enter throughthe
confounded B-S(t) term, were largely unaffected. Thisis exactly what the equilibriumargumentin Section 5.5 predicts: once
S(t) settlesnear S*=p/d, the dataconstrainfand p mainly throughtheir product, sodenservisits sharpeneach parameter's
individualprecisionwithout separatingthem. AFisher-information or profile-likelihood analysis, or anindependent prioron
one of the two parameters, would do more to resolve this than adding visits.

Copyright Author (s) 2026. Distributed under Creative Commons CC-BY 4.0
Received: 20-7-2026 - Accepted: 18-09-2026 - Published: 26-09-2026 636


https://doi.org/10.69667/lmj.26915
https://lmj.ly/index.php/ojs/index

Libyan Med J. 2026;18(9):632-640
https://doi.org/10.69667/Im}.26915

Libyan Medical Journal

https://lmj.ly/index.php/ojs/index elSSN: 3107-0426

Dryvs. Wet AMD vs. Diabetic Retinopathy Dynamics

Simulations confirm that dry AMD follows a slow, near-linear progression over the 5-year horizon, whereas wet AMD
displaysrapid exponentialdecaythat crosses the structuralloss threshold roughly four timesfaster — consistent with the
clinical urgency of early anti-VEGF intervention captured by R(t)in Eg. 1. The representative untreated diabetic retinopathy
patient (fitted parameters, Table 1) crosses the 30% loss threshold at=2.1 years and the 40% threshold at 2.6 years —
slower thanwet AMD (=1.2years) but markedly fasterthanthe slow-progressingdry AMD and glaucomagroups, consistent
with the chronic but steadily progressive microvascular course of diabetic retinopathy describedin the ETDRS natural-
history literature[11]. Thisintermediatetempoisa property ofthefitted meanparametersratherthanaclaimthatdiabetic
retinopathy always progresses smoothly: the modeldoes not represent the episodic, sometimes abruptvision loss caused
by vitreous hemorrhage or acute macular edema, which are discussed as a limitation in Section 5.6.

The Structural-Functional Gap

The logarithmic transformationin Eq. 3 confirms that patients remain largely asymptomatic during early cell loss, with
clinically noticeable vision loss concentrated after 30%-40% of photoreceptor integrity is lost — reinforcing the case for
OCT-based structural screening ahead of functional symptoms.

Sensitivity Analysis

The transduction coefficient kand the stress-related parameters B and p arethe dominantdrivers of 5-year visualoutcome,
while the baseline aging constant y, contributes comparatively little — numerically supporting the calibration decisionin
Section 4 tofix y, rather than estimate it jointly.

Global Sensitivity: Dry AMD Reference Patient

006  -004  -0.02 0.00 0.02 0.04 0.06
Change in 5-year LogMAR (AV) vs. baseline, +20% parameter perturbation
Figure 5. One-at-a-time (+20%) sensitivityof 5-yearLogMAR outcome to each kinetic parameter, dry-AMD reference
patient. k, B, and y dominate the outcome; y, has the smallest marginal effect, consistent with fixing it from the
literature ratherthan estimating it

Equilibrium and Stability Analysis

The stresssub-system (Eq. 2) is linear with constant coefficients, so it can be solved exactly by separation of variables (or
anintegrating factor), giving a single globally stable equilibrium S* = p/d, approached exponentially at rate &:

S(t) = S*+ (S, —-S*) e™(-dt), *=pu/d

Over the fitted & range (0.29—0.47yr‘1), 1/8is at mostabout 3.4 years, so S(t) sits within a few percent of S* for most of the
5-year observation window. This is why  and p are only weakly separable in isolation (Section 5.1): once S(t) # S*, Eq. 1
depends only on the product B-S* = Bu/d rather than on B and p individually, so the calibration data constrain that
combinationratherthanthe two parameters separately. Substituting S(t) *S*into Eq. 1 gives the quasi-autonomouslinear
decay:

N(t) = Nye™(—(y, +BS*)t), t>»>1/5

so N(t)=0 is the only biologically meaningfulequilibrium of the untreated system, and itis asymptotically stable forany vy,
B, S* > 0: photoreceptor density declines monotonically toward extinction rather than settling at a nonzero steady state,
consistent with theirreversible, progressive nature ofthe modeled diseases. Under sustained therapy (R(t) = R> 0 witha R
>y, + BS*), Eq. 1 instead admits a stable positive equilibrium, formalizing the flattening effect attributed to anti-VEGF
treatment in Section 5.2. This linear-stability picture is exact for Eq. 1-2 taken separately; because S(t) enters Eq. 1
multiplicatively, the fully coupled system's transient behavior away from equilibrium was characterized only numerically
(Figures 1-3) rather than through a joint stability proof, which we flag as a limitation rather than a claim of complete
analytical characterization.
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Validation Scope and Clinical-Claim Caveats

The R? values reported in Section 5.1 quantify calibration fit on the same simulated cohorts used to generate the ground
truth, not performance onindependent data; no held-out synthetic cohort or externalclinical dataset was used totest out-
of-sample predictive accuracy, sothese figures should beread as internal consistency checks ratherthanvalidationin the
usual sense. Likewise, the B—p identifiability issue is characterized qualitatively here (larger relative calibration errors,
Section 5.1) rather than quantified through formal tools such as profile likelihood, the Fisher Information matrix, or
bootstrap confidence intervals; doing so is left as necessary follow-up work before the fitted parameters are used for
individual-patientinference. Finally, the mappingfrom photoreceptor density toLogMAR acuityvia Fechner'sLaw (Eq. 3) is
a simplifying psychophysical assumption: it captures the qualitative compressive relationship reported in the cited
literature buthasnotitselfbeenfitted or tested againstdirect structure-function clinicaldatainthis study, and the strength
of the photoreceptor-density-to—-LogMAR relationship should not be read as more tightly established than the underlying
synthetic-calibration exercise supports. The diabetic retinopathy extension added in this revision carries two additional
caveatsbeyond those above. First, N(t) was reinterpreted asfunctionalmacular/retinal-gangliontissue density rather than
photoreceptor density specifically —a convenient reuse of the existing state variable ratherthan a mechanistic claim that
diabetic microvasculardamage and AMD-related photoreceptor apoptosis shareacommoncellular pathway. Second, the
model's smooth, monotonic decay in N(t) cannot represent the episodic step-changes in vision — from vitreous
hemorrhage, tractionalretinal detachment, or acute macular edema flares — that characterize real diabetic retinopathy
naturalhistory;thefitted trajectoryshould beread asanaverage-case course, not a patient-specific forecast. Both caveats
were assessed only through comparison with the qualitative pattern reported in the ETDRS natural-history literature [11],
not against structure-functiondataspecific todiabetic retinopathy, sothe diabetic retinopathy parametersin(Table 1) carry
the same synthetic-calibration status as the original three groups rather than any additional empirical support.

Illustrative Impulsive Extension for Diabetic Retinopathy

Sectionb5.6 noted thatthe smoothdeclinein N(t) cannot capture the step-changes causedbyvitreous hemorrhage or acute
macular edema. Acompound-Poisson jump term added to Eq. 1 gives a firstillustration of how this might be fixed:
dN=[-yON-BSN]dt-N -2 Fp-5(t-14)

Here 1 are hemorrhage/edema event times from a Poisson process of rate A per year, and Fy € (0,1) is the fractional
structural loss at each event. Running 200 stochastic realizations over the 5-year horizon, with the fitted diabetic-
retinopathy parameters(Table 1) and illustrative values A= 0.8 events/yearand F,~N(0.12, 0.052)tru ncatedto[0.02,0.35],
gives amean final density N(5y)= 22,500 + 5,300 cells/m m? (5th-95th percentile: 14,000-31,200) —wellbelowthe 35,500
cells/mm? of the smooth model with the same mean parameters. Two things the smooth model misses fall out of this
immediately: a lower expected endpoint, and real between-patient variability driven by event timing rather than just
parameter heterogeneity. The values of A and the jump-size distribution here are illustrative, not fitted — calibrating them
against event-levelincidence data (e.g., from DRCR.net) is the obvious next step.

Conclusion

This study develops and numerically verifies a kinetic mathematical model connecting subclinical photoreceptor
degeneration to functional visual acuity decline via Fechner's psychophysical law. Virtual cohort simulation (RK4
integration, N= 1333 acrossfour disease groups) reproducesthe qualitatively distinct clinicalcourses ofdry AMD,wet AMD,
glaucoma, and —inthisrevision—diabetic retinopathy, and calibration against synthetic clinicaldata achieves R®between
0.850 and 0.903 across all four groups. The framework offers a quantitative starting point for exploring therapeutic-window
timing, while the identifiability limitationsdocumentedinSection5.1 indicate wherericher real clinical data — denser visit
schedules, longer follow-up, orindependent priorson 3 and y —would be needed before the model's parameterestimates
could be treated as clinically reliable, and the episodic-event limitation noted in Section 5.6 indicates where the diabetic
retinopathy extension specifically would need further structuralwork before clinical use.

Future Recommendations

In advancing the methodological framework of this study, several extensions were introduced to broaden both the scope
and applicability of the kinetic modelingapproach. Ahybrid artificialintelligence architecture wasimplemented, combining
deep learning techniques for automated OCT segmentation with physics-informed neural networks (PINNs). This
integration builds uponrecent machine-learning strategies for visual acuity prediction and allows structuralimaging data
to be directly coupled withmechanistic disease models. The ordinary differentialequation system was further generalized
into a three-dimensional spatial-temporalframework by extending it to partial differential equations. This modification
enables the explicit modeling of geographic atrophy expansion across the retinal surface, thereby capturing spatial
heterogeneity rather than treating the retina as a single point. In parallel, the study incorporated personalized medicine
considerations by embedding patient-specific genetic markers into parameter estimation routines. Informative priors
derived from independent biomarker datasets were used to address the identifiability gap between B and p, thereby
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enhancing therobustnessof individualized predictions. Externalclinical validationwas emphasized as a criticalnext step.
The fitted kinetic modelis to be tested against an independent retrospective patient cohort with paired OCT and ETDRS
acuity measurements. This validation moves beyond reliance on synthetic cohorts and provides genuine out-of-sample
predictive accuracy, in contrast to the internal-consistency R®values reportedin (Table 1). The reconstruction framework
describedinSection 5.1 was also extended toevaluate a broader range of visit densities, spanning intervals of 1, 3, 6, and
12 months. This analysis aims to determine the minimum clinical follow-up frequency required to achieve calibration R
values above the 0.93 benchmark. A spatial PDE extension was formalized to represent geographic atrophy spread as a
two-dimensional reaction—diffusion system, with the lesion-front diffusion coefficient D capturing the progression of
atrophy from the perifovealmargintowardthe fovea. Toaccount for stochasticclinicalevents, the compound-Poissonjump
modelintroduced in Section 5.7 was calibrated against incidence data for vitreous hemorrhage and macular edema. This
impulsive extension provides a framework for modeling abrupt pathological changes superimposed on gradual disease
progression. Finally, an alternative psychophysical mapping was explored by fitting the Hill-type formulation proposed in
Section 3.3 against paired structure—function data. Comparative model performance was assessed using information
criteria (AIC/BIC), therebyevaluatingwhether this alternative law provides superior explanatory power relative to Fechner’s
Law.
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