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Abstract 

Prostate cancer progression is a complex and heterogeneous process that cannot be fully captured by deterministic models or by 

reliance on a single biomarker such as prostate-specific antigen (PSA). While PSA is widely used in clinical practice, it provides 

an incomplete and sometimes misleading representation of the underlying tumor dynamics, particularly in cases of low PSA but 

significant disease burden or during treatment response. In this study, we utilize anonymous clinical data from prostate cancer 

patients and propose a stochastic modeling framework to characterize the temporal evolution of prostate cancer as a complex 

process, incorporating both deterministic biological mechanisms and stochastic variability across patients. The proposed model 

introduces a latent disease state representing tumor burden, which evolves according to drift and diffusion components reflecting 

tumor growth, treatment effects, and intrinsic biological uncertainty. In addition to PSA, key clinical variables such as Gleason 

grade group, disease stage, and treatment exposure are integrated into the model to enhance its clinical interpretability and 

predictive capability. Numerical simulations demonstrate that the stochastic framework captures clinically meaningful behaviors, 

including heterogeneous progression trajectories, treatment-induced declines in PSA, and divergence between observed PSA 

levels and true disease burden. Unlike traditional survival or regression-based approaches, the model provides a full probability 

distribution of disease states over time, allowing for uncertainty quantification and personalized risk assessment. The results 

suggest that incorporating latent-state stochastic dynamics can significantly improve the understanding and prediction of prostate 

cancer progression, offering a foundation for next-generation decision-support systems in precision oncology. 
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1. Introduction 

Prostate cancer remains one of the most prevalent malig-

nancies among men worldwide and continues to present sig-

nificant challenges in diagnosis, monitoring, and treatment. 

Clinical decision-making has traditionally relied on prostate-

specific antigen (PSA) as a primary biomarker for disease de-

tection and progression assessment. While PSA is widely ac-

cessible and clinically useful, it is increasingly recognized that 

PSA alone provides an incomplete and, in some cases, mis-

leading representation of the underlying tumor dynamics. PSA 

levels may remain low or within normal ranges even in the 

presence of clinically significant disease, thereby obscuring 

early progression and delaying intervention. 

De Melo and St.Rose demonstrated that tumor progression 
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may occur even under relatively low levels of PSA, highlight-

ing a critical limitation of PSA-driven clinical assessment [1]. 

Specifically, they showed that relying solely on observed PSA 

values can lead to inaccurate evaluation of disease burden, as 

PSA reflects only a partial and indirect manifestation of the 

underlying biological processes. This discrepancy is particu-

larly evident in heterogeneous patient populations, where var-

iations in tumor biology, treatment response, and individual 

physiology lead to divergent trajectories that are not ade-

quately captured by deterministic or single-variable models. 

These findings underscore the need for modeling approaches 

that move beyond observable biomarkers and incorporate hid-

den or latent disease states. 

Traditional modeling approaches in prostate cancer, includ-

ing regression-based methods, Kaplan–Meier survival analy-

sis, and Cox proportional hazards models, typically assume 

that patients with similar observed characteristics share simi-

lar risk profiles. However, such approaches fail to account for 

intrinsic stochasticity, unobserved heterogeneity, and tem-

poral variability in disease progression. As a result, they often 

provide population-average estimates that lack the granularity 

required for personalized medicine. Moreover, these models 

do not explicitly represent the dynamic evolution of disease 

over time, nor do they quantify uncertainty in a probabilistic 

framework. 

Researchers from the Allied Health Program at Norfolk 

State University have recently extended classical survival 

analysis approaches, including Kaplan–Meier estimation and 

Weibull parametric models, through stochastic expansion 

techniques. Their work demonstrated that deterministic sur-

vival curves, while effective for population-level summaries, 

fail to capture the variability and uncertainty inherent in indi-

vidual patient trajectories. By incorporating stochastic pertur-

bations and latent-state representations into these frameworks, 

they derived survival distributions that more accurately reflect 

heterogeneous disease progression and patient-specific risk 

profiles [2]. 

In this paper, we discuss a new model for prostate cancer 

that incorporates both deterministic components, representing 

tumor growth and treatment effects, and stochastic compo-

nents, capturing biological variability and uncertainty. In ad-

dition to PSA, clinically relevant variables such as Gleason 

grade group, disease stage, and treatment exposure are inte-

grated into the model to enhance its interpretability and clini-

cal relevance. 

From a practical perspective, the proposed framework ena-

bles several clinically actionable outcomes. It allows for pa-

tient-specific prediction of disease trajectories, early identifi-

cation of discordance between PSA levels and true disease 

burden, and improved risk stratification for progression and 

treatment response. The model can be used to simulate indi-

vidual patient scenarios under different treatment strategies, 

thereby supporting personalized treatment planning and adap-

tive monitoring protocols. Furthermore, because it produces 

full probability distributions rather than point estimates, it pro-

vides clinicians with quantitative measures of uncertainty, 

which are critical for informed decision-making. 

Importantly, the methodology is designed to be applicable 

to real-world clinical data and can be implemented in retro-

spective and prospective clinical studies. It can be integrated 

with routinely collected clinical variables and longitudinal 

PSA measurements, making it suitable for validation in clini-

cal cohorts and potential incorporation into decision-support 

tools used in practice. 

By explicitly modeling latent disease dynamics and their 

probabilistic evolution, the proposed framework provides a 

more comprehensive representation of prostate cancer pro-

gression. It enables the identification of clinically meaningful 

scenarios in which disease advancement occurs despite low 

PSA levels [1]. It yields more robust prediction and risk strat-

ification. Ultimately, this approach lays the foundation for ad-

vanced decision-support systems that incorporate uncertainty, 

heterogeneity, and latent-state reconstruction, moving toward 

more precise and personalized medicine in prostate cancer 

care. The method is a clinical decision-support tool that en-

hances existing tests, rather than replacing them. 

By explicitly modeling latent disease dynamics and their 

probabilistic evolution, the proposed framework provides a 

more comprehensive representation of prostate cancer pro-

gression. It enables the identification of clinically meaningful 

scenarios in which disease advancement occurs despite low 

PSA levels, as observed in [1], and supports more robust pre-

diction and risk stratification. Ultimately, this approach lays 

the foundation for advanced decision-support systems that in-

corporate uncertainty, heterogeneity, and latent-state recon-

struction, moving toward a more precise and personalized 

medicine in prostate cancer care. 

The findings of this study have important implications for 

clinical practice and policy development in prostate cancer 

screening. In 1994, the United States approved the Prostate-

Specific Antigen (PSA) test as a screening tool for prostate 

cancer. It did so despite the test's inherent weakness: not being 

prostate cancer specific. Subsequent randomized trials yielded 

conflicting results as to its benefits. Medical guideline organ-

izations are concerned that PSA screening results in the diag-

nosis and treatment of clinically indolent prostate cancer. 

Nevertheless, PSA screening is prevalent in North America 

and Europe with PSA screening increasing in other regions [3]. 

Prostate cancer is the most common nonskin cancer in men 

in the US, with an estimated 299 010 new cases and 35 250 

deaths in 2024. Prostate cancer is the second most common 

cancer in men worldwide, with 1 466 680 new cases and 396 

792 deaths in 2022 [4]. The most common type of prostate 

cancer is adenocarcinoma (≥99%), and the median age at di-

agnosis is 67 years. 

More than 50% of prostate cancer risk is attributable to ge-

netic factors; older age and Black race (annual incidence rate, 

173.0 cases per 100 000 Black men vs 97.1 cases per 100 000 
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White men) are also strong risk factors. Recent guidelines en-

courage shared decision-making for prostate-specific antigen 

(PSA) screening. At diagnosis, approximately 75% of patients 

have cancer localized to the prostate, which is associated with 

a 5-year survival rate of nearly 100%. Based on risk stratifica-

tion that incorporates life expectancy, tumor grade (Gleason 

score), tumor size, and PSA level, one-third of patients with 

localized prostate cancer are appropriate for active surveil-

lance with serial PSA measurements, prostate biopsies, or 

magnetic resonance imaging, and initiation of treatment if the 

Gleason score or tumor stage increases [4]. 

Approximately 1.5 million new cases of prostate cancer are 

diagnosed annually worldwide. Approximately 75% of pa-

tients present with cancer localized to the prostate, which is 

associated with a 5-year survival rate of nearly 100%. Man-

agement includes active surveillance, prostatectomy, or radia-

tion therapy, depending on risk of progression. Approximately 

10% of patients present with metastatic prostate cancer, which 

has a 5-year survival rate of 37%. First-line therapies for met-

astatic prostate cancer include androgen deprivation and novel 

androgen receptor pathway inhibitors, and chemotherapy for 

appropriate patients [4, 5]. 

Complex genetic and epigenetic mechanisms are involved 

in the development and progression of prostate cancer. Mi-

croRNAs (miRNAs) are short noncoding RNAs that regulate 

protein expression at the post-transcriptional level by target-

ing mRNAs for degradation or inhibiting protein translation. 

In the past two decades, the field of miRNA research has rap-

idly expanded, and emerging evidence has revealed miRNA 

dysfunction to be an important epigenetic mechanism under-

lying a wide range of diseases, including cancers [6]. 

Angiogenesis, increased glycolysis, and cellular adaptation 

to hypoxic microenvironment are characteristic of solid tu-

mors, including prostate cancer. These representative features 

are the cornerstone of cancer biology, which are well corre-

lated with invasion, metastasis, and lethality, as well as likely 

with the success of prostate cancer treatment (e.g., tumor hy-

poxia has been associated with resistance to chemotherapy 

and radiotherapy). It is well established that prostate cancer 

cells also metabolically depend on enhanced glucose transport 

and glycolysis for expansion, whereas growth is contingent 

with neovascularization to permit diffusion of oxygen and glu-

cose [7]. 

Cancer aggressiveness and severity are fundamental yet 

distinct concepts in oncology, each describing different di-

mensions of disease behavior and clinical impact. Aggressive-

ness refers to the intrinsic biological properties of a tumor—

how rapidly it grows, its capacity to invade surrounding tis-

sues, its likelihood of metastasizing, and its ability to adapt to 

environmental stressors. In contrast, severity reflects the over-

all clinical burden of disease on the patient, incorporating fac-

tors such as tumor size, anatomical spread, systemic effects, 

and implications for morbidity and mortality. While aggres-

sive tumors often lead to severe disease, the two are not syn-

onymous; for example, a biologically aggressive tumor de-

tected early may have low clinical severity, whereas a less ag-

gressive tumor diagnosed at an advanced stage may present 

with high severity [8]. 

At the cellular and molecular level, tumor aggressiveness is 

driven by features such as high proliferative capacity, ge-

nomic instability, and resistance to programmed cell death. A 

key hallmark is metabolic reprogramming, particularly the 

Warburg effect, in which cancer cells preferentially utilize 

glycolysis over oxidative phosphorylation even in oxygen-

rich conditions. This metabolic shift supports rapid energy 

production and biosynthesis, enabling sustained tumor growth. 

Moreover, increased glycolytic activity contributes to acidifi-

cation of the tumor microenvironment, promoting tissue inva-

sion and impairing immune responses, thereby reinforcing ag-

gressive behavior [9]. 

Adaptation to hypoxia is another defining characteristic of 

aggressive tumors. As proliferating cancer cells outgrow their 

blood supply, regions of low oxygen tension emerge, leading 

to stabilization of Hypoxia-inducible factor 1-alpha. This tran-

scription factor activates genes involved in angiogenesis, glu-

cose transport, and metabolic adaptation, allowing tumor cells 

to survive and thrive under adverse conditions. Hypoxia-

driven pathways are also closely associated with treatment re-

sistance, particularly to radiotherapy and certain chemothera-

peutic agents, further linking biological aggressiveness to 

poor clinical outcomes. 

Angiogenesis plays a complementary role by enabling tu-

mors to expand beyond diffusion limits and facilitating meta-

static spread. The newly formed vasculature, although often 

disorganized and inefficient, provides essential nutrients and 

oxygen while also contributing to an uneven microenviron-

ment that fosters continued hypoxia and selection of more ag-

gressive cell populations. This dynamic interplay between hy-

poxia, angiogenesis, and metabolism exemplifies how intrin-

sic tumor biology drives aggressiveness. 

In clinical practice, aggressiveness is typically assessed us-

ing histopathological grading systems and molecular markers, 

whereas severity is evaluated through staging systems that de-

scribe the extent of disease dissemination. Severity encom-

passes not only tumor burden but also its physiological conse-

quences, such as organ dysfunction and systemic complica-

tions. Increasingly, integration of molecular, metabolic, and 

microenvironmental indicators, such as glycolytic activity, 

hypoxia-associated signaling, and angiogenic profiles is en-

hancing the ability to distinguish between tumors that are bi-

ologically aggressive and those that are clinically severe. Un-

derstanding this distinction is critical for optimizing prognosis 

assessment and tailoring therapeutic strategies [10]. 

Prostate cancer cells are highly adaptive and exhibit re-

markable metabolic and phenotypic plasticity that enables sur-

vival under diverse and often hostile microenvironmental con-

ditions. Unlike many tumors that rely predominantly on gly-

colysis, prostate cancer cells can efficiently reprogram their 

metabolism to utilize alternative energy sources such as lipids 
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and amino acids, allowing them to persist even under low-glu-

cose conditions. 

In response to stressors such as hypoxia, nutrient depriva-

tion, and therapeutic interventions, these cells activate key 

regulatory pathways, including AMPK signaling, autophagy, 

and androgen receptor–mediated mechanisms, to maintain en-

ergy balance and promote survival. This adaptive capacity not 

only supports continued proliferation but also facilitates the 

emergence of more aggressive and therapy-resistant pheno-

types. Consequently, prostate cancer progression is driven not 

merely by uncontrolled growth but by a dynamic evolutionary 

process in which cells continuously adjust to environmental 

pressures, underscoring the importance of targeting adaptive 

mechanisms rather than single metabolic pathways in thera-

peutic strategies [11]. 

The incidence of prostate cancer (PC) has risen annually. 

PC mortality is explained by the metastatic disease (mPC). 

There is an intermediate scenario in which patients have non-

mPC but have initiated a metastatic cascade through epithe-

lial-mesenchymal transition. There is indeed a need for more 

and better tools to predict which patients will progress in the 

future to non-localized clinical disease or already have mi-

crometastatic disease and, therefore, will clinically progress 

after primary treatment. Biomarkers for the prediction of mPC 

are still under development; there are few studies and not 

much evidence of their usefulness [12]. 

2. Methodology 

Early detection of prostate cancer is critical for improving 

clinical outcomes because the disease often progresses silently, 

with few or no symptoms in its initial stages. When identified 

early, before the tumor has spread beyond the prostate, treat-

ment options such as surgery or radiation therapy are signifi-

cantly more effective and can lead to high survival rates. Early 

detection also enables better risk stratification, allowing clini-

cians to distinguish between indolent tumors that may require 

active surveillance and aggressive forms that demand imme-

diate intervention. From a biological perspective, detecting 

the disease at an early stage reduces the likelihood that cancer 

cells have developed adaptive mechanisms, metastatic poten-

tial, or resistance to therapy. Consequently, timely screening 

and monitoring not only improve patient prognosis but also 

reduce the complexity and cost of treatment, making early de-

tection a cornerstone of effective prostate cancer management. 

In a 1D, Fokker–Planck model for prostate cancer, the la-

tent disease state or a biomarker such as PSA can be expressed 

as: 

𝑑𝑋𝑡 = 𝑓(𝑋𝑡 , 𝑡) 𝑑𝑡 + 𝑔(𝑋𝑡 , 𝑡) 𝑑𝑊𝑡             (1) 

where f(𝑋𝑡,t) denotes the deterministic drift component gov-

erning the average progression of disease over time, g(𝑋𝑡,t)g 

denotes the diffusion component accounting for stochastic 

variability and hidden heterogeneity, dt is an infinitesimal 

time increment, and 𝑊𝑡 is the increment of a standard Wiener 

process. A Wiener process 𝑊𝑡 is a stochastic process with the 

following properties: 

1) Starts at zero: W0=0 

2) Independent increments: Changes over non-overlapping 

time intervals are independent. 

3) Gaussian increments: 

𝑊𝑡+Δ𝑡 − 𝑊𝑡 ∼ 𝒩(0, Δ𝑡)  

4) Continuous but nowhere smooth: The path is continuous, 

but it is not differentiable (it looks jagged at every scale). 

Wt can be viewed as: a random walk in continuous time, 

representing unpredictable fluctuations with no trend (mean = 

0). The clinical meaning is that 𝑓(𝑋𝑡 , 𝑡)  is what expected in 

the disease progression including treatment while 

𝑔(𝑋𝑡 , 𝑡) 𝑑𝑊𝑡 represents random deviations from the expecta-

tion. The with corresponding Fokker–Planck equation 

𝜕𝑝(𝑥,𝑡)

𝜕𝑡
= −

𝜕

𝜕𝑥
(𝑓(𝑥, 𝑡)𝑝(𝑥, 𝑡)) +

1

2

𝜕2

𝜕𝑥2 (𝑔2(𝑥, 𝑡)𝑝(𝑥, 𝑡)) (2) 

Here, f(x,t) is the drift term, meaning the average direc-

tional change of disease burden or PSA over time, and g(x,t) 

is the diffusion term, meaning the random variability caused 

by patient heterogeneity, measurement noise, treatment re-

sponse variability, and unobserved biology. In prostate cancer 

modeling, PSA has often been used as a proxy variable, alt-

hough reviews note that PSA alone is imperfect and that PSA 

doubling behavior can be more informative than absolute PSA 

by itself. 

For prostate cancer, there is no single universal pair of func-

tions 𝑓(𝑥, 𝑡) and g (𝑥, 𝑡). They depend on what state variable 

represents. If x(t) is PSA, then a simple and clinically inter-

pretable starting point is 

𝑓(𝑥, 𝑡) = α𝑥 − β𝑢(𝑡)𝑥,   𝑔(𝑥, 𝑡) = σ𝑥  

This says PSA tends to grow at intrinsic rate α, treatment 

u(t) reduces it with effectiveness β, and uncertainty scales with 

disease magnitude through multiplicative noise σx. That form 

is attractive because untreated growth, treatment suppression, 

and increasing variability in advanced disease are all repre-

sented compactly. Earlier stochastic PSA studies after radio-

therapy modeled the time-dependent density of PSA and ex-

plicitly discussed treatment-related parameters and patient-

specific sensitivity, which supports using drift as the biologic-

treatment trend and diffusion as uncertainty/heterogeneity. 

If x represents latent tumor burden rather than PSA directly, 

then a better choice is often 

𝑓(𝑥, 𝑡) = 𝑟𝑥 (1 −
𝑥

𝐾
) − 𝜂𝑢(𝑡)𝑥,   𝑔(𝑥, 𝑡) = 𝜎𝑥   (3) 

where r denotes the intrinsic tumor growth rate, K is the car-

rying capacity (carrying capacity K is the maximum tumor 
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burden that the biological environment can sustain), u(t) rep-

resents treatment intensity over time, η is the treatment effec-

tiveness coefficient, and σ characterizes stochastic variability 

arising from biological heterogeneity and unobserved factors. 

In this formulation, the drift term captures logistic tumor 

growth modulated by treatment effects, while the diffusion 

term reflects multiplicative noise, allowing variability to scale 

with disease burden. This representation is consistent with the 

biological understanding that both progression and uncer-

tainty tend to increase as tumor burden grows. Substituting (3) 

into (2) yields: 

𝜕𝑝(𝑥,𝑡)

𝜕𝑡
= −

𝜕

𝜕𝑥
[(𝑟𝑥 (1 −

𝑥

𝐾
) − 𝜂𝑢(𝑡)𝑥) 𝑝(𝑥, 𝑡)]  + 

1

2

𝜕2

𝜕𝑥2
[𝜎2𝑥2𝑝(𝑥, 𝑡)]                        (4) 

where the first term describes deterministic tumor growth 

modulated by treatment, and the second term captures state-

dependent stochastic variability in disease progression. 

Example: 

Figure 1 shows stochastic trajectories of latent tumor bur-

den. Each colored curve represents an independent realization 

of the stochastic process governed by the equation: 

𝑑𝑋𝑡 = [𝑟𝑋𝑡 (1 −
𝑋𝑡

𝐾
) − η𝑢(𝑡)𝑋𝑡] 𝑑𝑡 + σ𝑋𝑡  𝑑𝑊𝑡𝑑𝑋𝑡  

illustrate variability in tumor evolution across hypothetical pa-

tients. The solid thick line denotes the corresponding deter-

ministic trajectory obtained by setting the stochastic term to 

zero. Prior to treatment initiation (dashed vertical line at t=15), 

tumor burden increases approximately according to logistic 

growth. After treatment onset, the trajectories exhibit a pro-

nounced decline due to the treatment effect term 𝜂𝑢(𝑡)𝑋𝑡 . 

The spread among stochastic paths reflects intrinsic biological 

variability and uncertainty in disease progression, with larger 

dispersion observed at higher tumor burden levels due to mul-

tiplicative noise. This figure highlights how stochastic model-

ing captures heterogeneous progression patterns and demon-

strates that individual trajectories may deviate substantially 

from the average deterministic trend. 

Let us consider now the following example when 

𝑋(𝑡) = [𝑍(𝑡), 𝑃𝑆𝐴(𝑡), 𝐺, 𝑆, 𝑢(𝑡)]  

where 

Z(t) is the latent tumor burden, PSA(t) is observed PSA, G 

is grade group, S is stage, and u(t) is treatment intensity. In 

this example, G and S are fixed patient characteristics, u(t) 

changes when treatment starts, Z(t) follows a stochastic dif-

ferential equation and PSA is linked to latent burden through 

an observation model. 

Figure 1 depicts stochastic tumor burden trajectories illus-

trating heterogeneous disease evolution and treatment re-

sponse. The plot shows multiple simulated tumor burden tra-

jectories (colored lines) generated using a stochastic modeling 

framework, capturing variability across a patient cohort. The 

solid blue curve represents the deterministic (average) trajec-

tory, which smooths out individual fluctuations and fails to 

reflect underlying heterogeneity. Tumor burden increases 

over time due to disease progression until the initiation of 

treatment (indicated by the vertical dashed line), after which 

all trajectories exhibit a general declining trend, though with 

significant variability in peak magnitude, timing, and rate of 

response. This spread highlights the importance of modeling 

stochastic dynamics rather than relying on a single average 

pathway. The figure demonstrates how ensemble-based ap-

proaches, such as SAIHA or PM GenAI, provide a more real-

istic representation of system behavior by generating distribu-

tions of possible outcomes, enabling improved risk assess-

ment, early detection of aggressive progression patterns, and 

more informed, personalized intervention strategies. Recent 

advances in computational medicine have led to the develop-

ment of integrative frameworks such as Stochastic Artificial 

Intelligence Hybrid Architectures (SAIHA) and Precision 

Medicine Generative Artificial Intelligence (PM GenAI), 

which aim to combine mechanistic modeling, data-driven 

learning, and probabilistic reasoning for complex disease 

analysis. SAIHA frameworks integrate deterministic biologi-

cal models with stochastic processes and machine learning 

components to capture both known physiological mechanisms 

and intrinsic variability across patients. Similarly, PM GenAI 

approaches leverage generative modeling techniques to recon-

struct latent disease states, simulate patient-specific trajecto-

ries, and support predictive inference under uncertainty. 

These frameworks are particularly relevant to prostate can-

cer, a disease characterized by significant biological heteroge-

neity, nonlinear progression dynamics, and incomplete ob-

servability through clinical biomarkers such as prostate-spe-

cific antigen (PSA). Traditional statistical models, including 

regression-based approaches and survival analysis, often fail 

to capture these complexities, as they rely on population-level 

assumptions and do not explicitly model latent disease evolu-

tion or uncertainty over time. 
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Figure 1. Stochastic trajectories of latent tumor burden under logistic growth with treatment intervention. 

Figure 2 shows Histopathological grading of prostate can-

cer according to the Gleason scoring system and correspond-

ing tumor aggressiveness. The figure illustrates representative 

microscopic glandular architectures across Gleason Grade 

Groups 1 through 5, progressing from benign and well-differ-

entiated tissue (left) to highly malignant and poorly differen-

tiated tissue (right). In low-grade disease (Grade 1, Gleason 

score 3+3=6), glands are small, uniform, and closely packed, 

reflecting well-preserved normal structure. As grade increases 

(Grades 2–3, Gleason scores 3+4=7 and 4+3=7), glandular or-

ganization becomes increasingly irregular, with greater spac-

ing, structural distortion, and darker cellular features, indicat-

ing intermediate aggressiveness. 

In high-grade disease (Grades 4–5), glandular architecture 

is largely lost. Grade 4 tumors (Gleason score 4+4=8 or 5+3=8) 

show poorly formed or fused glands, while Grade 5 tumors 

(Gleason scores 4+5, 5+4, or 5+5=9–10) exhibit complete ab-

sence of gland formation, with sheets of undifferentiated can-

cer cells occupying the tissue. The arrow indicates increasing 

tumor aggressiveness from left to right, corresponding to loss 

of differentiation and structural organization. 

This grading system provides a critical measure of tumor 

aggressiveness and is widely used in clinical decision-making. 

In the context of the present study, Gleason grade serves as a 

key parameter influencing the drift term in the stochastic 

model of tumor progression, with higher grades associated 

with accelerated growth dynamics and reduced treatment re-

sponsiveness. 

 
Figure 2. Histopathological grading of prostate cancer. 

Figure 3 depicts the effect of Gleason grade on stochastic 

tumor progression and treatment response. The figure illus-

trates simulated tumor burden trajectories Z(t) for prostate 

cancer patients stratified by Gleason grade (Grades 1–5), re-

flecting increasing levels of clinical aggressiveness. Each 
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curve represents a stochastic realization capturing the dy-

namic evolution of tumor burden over time under biological 

variability. Lower-grade tumors (Grades 1–2) exhibit slower 

growth, lower peak tumor burden, and more rapid decline fol-

lowing treatment, indicating less aggressive disease dynamics 

and better therapeutic response. In contrast, higher-grade tu-

mors (Grades 4–5) demonstrate accelerated growth, higher 

peak burden prior to intervention, and a more prolonged decay 

phase, reflecting increased resistance and persistence. 

The vertical dashed line marks the initiation of treatment, 

after which all trajectories show a downward trend, though 

with grade-dependent differences in response rates and resid-

ual burden. Notably, intermediate Grade 3 exhibits transi-

tional behavior, highlighting the continuum between indolent 

and aggressive disease. This figure emphasizes that tumor 

progression is not adequately captured by a single determinis-

tic trajectory; instead, stochastic modeling reveals clinically 

meaningful heterogeneity across risk groups. Such represen-

tations align with SAIHA (Stochastic Artificial Intelligence 

for Hazard Analysis) and PM GenAI (Principal model Gener-

ative Artificial Intelligence) frameworks, enabling probabilis-

tic forecasting, improved risk stratification, and more person-

alized treatment planning based on underlying disease dynam-

ics rather than average population behavior [13]. 

Cancer stage is usually based on three components: 

1) T (Tumor) → size and local extent of the primary tumor 

2) N (Nodes) → whether cancer has spread to nearby 

lymph nodes 

3) M (Metastasis) → whether cancer has spread to distant 

organs 

 
Figure 3. Gleason grades and progression dynamics. 

Figure 4 illustrates the multistep process of cancer dissem-

ination. The primary tumor originates in the prostate (left), 

where malignant cells proliferate locally. In step (1), tumor 

cells invade surrounding tissue and enter the lymphatic system, 

leading to metastasis to regional lymph nodes (LNs). 

Within the lymph nodes, cancer cells may adapt to the mi-

croenvironment and evade immune surveillance [14]. In step 

(2), tumor cells disseminate from lymphatic or vascular path-

ways into the systemic circulation, reflecting the spread of 

cancer cells beyond the primary site. This process involves 

complex biological mechanisms, including immune tolerance, 

cellular plasticity, and interaction with the tumor microenvi-

ronment. In step (3), circulating tumor cells establish second-

ary tumors in distant organs such as the lungs, liver, and bone, 

which is a common metastatic site in prostate cancer. 

Higher Gleason grades are associated with stronger pro-

gression dynamics in the deterministic component of the 

model; individual stochastic realizations may show partial 

overlap or temporary reversals due to random fluctuations 

[15]. Thus, Grade 5 is expected to exhibit greater progression 

on average, even if a single simulated Grade 4 trajectory oc-

casionally exceeds a Grade 5 trajectory. 

This stage represents advanced disease, characterized by 

widespread tumor burden and significantly reduced prognosis. 

The arrows indicate the directional progression from localized 

disease to systemic dissemination. This multistage process un-

derlies the concept of cancer staging, where early stages cor-

respond to localized tumors and advanced stages involve re-

gional and distant metastases. In the context of the present 

study, disease stage reflects the extent of dissemination and 

directly influences the dynamics of tumor progression mod-

eled through the latent-state framework. 
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Figure 4. Schematic representation of prostate cancer progression from primary tumor to metastatic disease. 

Figure 5 shows effects of tumor grade (G) and clinical stage 

(S) on stochastic tumor progression under treatment. It illus-

trates trajectories of latent tumor burden Z(t) governed by a 

stochastic differential equation with logistic growth, treatment 

suppression, and multiplicative noise. Each curve represents a 

representative realization for a patient profile with increasing 

disease severity: low grade/low stage (blue), medium 

grade/medium stage (green), and high grade/high stage (red). 

The vertical dashed line indicates the onset of treatment at 

t=15. 

 
Figure 5. Stochastic tumor burden trajectories across three TNM-related stages of prostate cancer. 

2.1. Latent Reconstruction of Prostate Cancer 

Severity 

Prostate cancer progression is governed by complex biolog-

ical processes that are only partially observable through clini-

cal measurements such as prostate-specific antigen (PSA). 

While PSA remains a cornerstone biomarker, it often fails to 

accurately reflect the underlying tumor burden, particularly in 

heterogeneous patient populations and under treatment. In this 

study, we introduce a latent-state framework for reconstruct-

ing prostate cancer severity from observed clinical data. The 

proposed approach models disease progression as a stochastic 

process governed by a latent tumor burden, whose dynamics 

are inferred from noisy and incomplete observations. 

By integrating clinical variables such as Gleason grade and 

disease stage with stochastic modeling techniques, including 

Fokker–Planck dynamics, the framework captures both deter-

ministic progression and intrinsic variability. Numerical sim-

ulations demonstrate that latent reconstruction reveals clini-

cally meaningful patterns of disease evolution that are not ap-

parent from PSA alone. The results highlight the potential of 

latent-state approaches for improving risk stratification, early 

detection of progression, and personalized treatment planning 

in prostate cancer. 

Prostate cancer is one of the most prevalent malignancies 

worldwide and remains a major challenge in clinical oncology. 

Disease monitoring and treatment decisions are largely guided 
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by prostate-specific antigen (PSA), a biomarker that reflects 

tumor activity. However, PSA is an indirect and often imper-

fect measure of disease severity. In many cases, tumor pro-

gression may occur despite low or stable PSA levels, while 

treatment-induced changes in PSA may not correspond to ac-

tual changes in tumor burden. 

This limitation reflects a fundamental issue: clinical obser-

vations provide only a partial and noisy projection of the un-

derlying biological state. The true disease severity, defined by 

tumor burden, aggressiveness, and extent of spread is not di-

rectly observable. Instead, it must be inferred from available 

data, which are subject to variability, measurement error, and 

biological heterogeneity. 

In previous work, we demonstrated that deterministic sur-

vival models such as Kaplan–Meier and Weibull approaches 

fail to capture the variability inherent in-patient trajectories. 

By introducing stochastic expansion techniques, we showed 

that survival outcomes are better represented as distributions 

rather than single curves, thereby accounting for heterogeneity 

and uncertainty. These findings motivate the need for models 

that explicitly incorporate latent disease states and stochastic 

dynamics. 

We define prostate cancer severity through a latent variable 

Z(t), representing the underlying tumor burden. The observed 

PSA is treated as a noisy measurement of this latent state: 

𝑃𝑆𝐴(𝑡) = 𝜅𝑍(𝑡) + 𝜖(𝑡),  

where ϵ(t) represents noise measurement and unobserved var-

iability. The full patient state is represented as: 

𝑋(𝑡) = [𝑍(𝑡),PSA(𝑡), 𝐺, 𝑆, 𝑢(𝑡)],  

where G is the Gleason grade, S is the clinical stage, and u(t) 

represents treatment exposure. The latent tumor burden 

evolves according to a stochastic differential equation: 

𝑑𝑍𝑡 = [𝑟𝑍𝑡 (1 −
𝑍𝑡

𝐾
) − η𝑢(𝑡)𝑍𝑡 + γ𝐺𝐺𝑍𝑡 + γ𝑆𝑆𝑍𝑡] 𝑑𝑡 + σ𝑍𝑡  𝑑𝑊𝑡 .  

2.2. Inverse Problem Solution 

We are solving an inverse problem: 

𝑃𝑆𝐴(𝑡) ⇒ 𝑍(𝑡)  

given: 

G,  S,  u(t), model parameters 

The latent disease state Z(t) represents tumor severity and 

evolves according to stochastic dynamics. Observed PSA 

measurements provide indirect information about this latent 

state through a noisy observation model. Clinical variables, 

including tumor grade G and stage S, are treated as fixed co-

variates that modulate the progression dynamics via the drift 

term. Treatment exposure u(t) acts as a time-dependent con-

trol input. Model parameters govern growth, variability, and 

observation scaling, and are estimated from data. The latent 

reconstruction framework provides several important insights: 

1) Decoupling observation from reality: PSA reflects only 

a projection of tumor burden and may underestimate true 

disease severity. 

2) Role of grade and stage: Higher Gleason grade and ad-

vanced stage increase progression dynamics, even when 

PSA is similar. 

3) Heterogeneity of progression: Patients with identical in-

itial conditions may follow significantly different trajec-

tories due to stochastic effects. 

4) Treatment response variability: The same therapy may 

produce different outcomes depending on latent state 

and disease characteristics. 

Simulation results demonstrate that higher-grade and 

higher-stage disease leads to faster progression, higher tumor 

burden, and reduced treatment responsiveness. These differ-

ences are not fully captured by PSA trajectories alone. That is 

why this is a latent reconstruction problem. If Z(t)evolves over 

time and depends on the previous state, we could set up a dif-

ferential equation like: 

𝑑𝑍(𝑡)

𝑑𝑡
= α1 ⋅ 𝑃𝑆𝐴(𝑡) + α2 ⋅ 𝐺 + α3 ⋅ 𝑆 + α4 ⋅ 𝑢(𝑡)  

Where the rate of change of Z(t) depends on PSA(t), G, S, 

and u(t). This type of model could represent a dynamic system 

where these variables influence the evolution of Z(t) over time. 

Now, to reconstruct Z(t) from the known variables (PSA, 

grade G, stage S, and u(t)), we need to invert the model. 

Given the inverse problem structure, we would typically 

aim to minimize the error between the observed or expected 

Z(t) and the model’s prediction. Let’s assume we have some 

observations 𝑍̂(𝑡) (the measured or target data for Z(t)): 

𝒥(𝑍) = ∑ (𝑍(𝑡) − 𝑍̂(𝑡))
2

𝑡 + λ ⋅ (𝑟𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛)  

where: 

𝑍̂(𝑡) is the observed (or known) value of Z(t), 

𝜆 is a regularization parameter to control the complexity of 

the solution (useful to avoid overfitting), 

The regularization term could be something like 

∫ 𝑍 ’(𝑡)2𝑑𝑡, which enforces smoothness of the reconstructed 

Z(t). 

Let's make a practical example where we reconstruct Z(t) 

using Grade 4 (G = 4) and Stage 2 (S = 2) as inputs. We'll 

assume a simplified linear relationship for the reconstruction 

of Z(t) based on the given variables PSA(t), G, S, and u(t)u. 

The goal will be to estimate Z(t) from observed data using a 

linear regression model. 
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The figure shows the comparison between the true values 

(blue curve) and the predicted values (red dashed curve) of 

Z(t), which is reconstructed based on the given variables: 

Grade 4 (G = 4), Stage 2 (S = 2), PSA(t) (a time-dependent 

biomarker), and u(t) (a time-dependent control or intervention 

variable). The graph displays the results over a time range 

from t = 0 to t = 10. 

The close alignment between the true and predicted values 

suggests that the linear regression model successfully esti-

mates Z(t) from the provided input variables, even though 

some noise is present in the synthetic data. The small discrep-

ancies observed between the true and predicted curves indi-

cate the presence of noise and the model's effort to generalize 

from it. 

 
Figure 6. Comparison between the true latent disease state Z (solid blue line) and the model-predicted latent state (red dashed line) over time 

for a representative patient profile with Gleason Grade Group 4 and clinical Stage 2 prostate cancer. The latent variable Z(t) represents the 

underlying tumor burden, which is not directly observable in clinical practice but is inferred through the proposed stochastic modeling frame-

work using PSA levels and additional clinical covariates. 

3. Discussion 

In this study, we aimed to estimate and reconstruct the la-

tent variable Z(t) from observed variables such as PSA(t), 

Grade (G), Stage (S), and u(t). We focused on using a linear 

regression model to explore how these variables interact and 

contribute to the estimation of Z(t). The primary method em-

ployed in this study was a linear regression model, which as-

sumes a linear relationship between Z(t) and the observed var-

iables PSA(t), G, S, and u(t). This approach was effective in 

providing a first approximation of Z(t), with reasonable per-

formance based on the available data. The linear model al-

lowed us to observe the relative contributions of PSA(t), 

Grade (G), Stage (S), and u(t) to Z(t), offering clear interpret-

ability in terms of the model coefficients. 

While the linear regression model proved to be useful in 

capturing the relationships between the observed variables 

and the latent variable Z(t), its assumptions of linearity present 

a limitation. In real-world applications, especially in medical 

and biological contexts, the relationships between variables 

are often more complex and non-linear. This means that while 

the linear regression model can serve as an initial model, it 

may not fully capture the underlying dynamics when the data 

relationships are non-linear or more intricate. 

Despite the limitations, linear regression offers a number of 

advantages. First, it is simple to implement, interpret, and 

computationally efficient, making it a good choice for model-

ing relationships when the underlying structure is relatively 

straightforward. In this study, the linear regression model 

helped identify how each of the observed variables (PSA(t), 

G, S, and u(t)) influenced the reconstructed Z(t), providing in-

sights into the importance of each factor. 

The transparency of the model's coefficients also made it 

easier to understand the relative contribution of each input 

variable. For instance, we were able to quantify how Grade (G) 

and Stage (S) affected Z(t), as well as how PSA(t) and u(t) 

contributed to its variation over time. These insights are valu-

able in contexts where interpretability and explainability are 

crucial, such as in clinical decision-making. 

Although the linear regression model was a useful tool in 

this context, it has notable limitations. The assumption of lin-

earity may not be appropriate for more complex data, and in 
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cases where interactions between the variables are non-linear, 

the model could produce biased or suboptimal estimates of 

Z(t). In real-world datasets, especially those from clinical set-

tings, the relationships between variables are often influenced 

by factors that are not captured by simple linear models. 

Additionally, linear regression may not adequately handle 

interactions between the variables without further model spec-

ification. For example, if the effect of PSA(t) on Z(t) is not 

constant across different stages (S) or grades (G), a more ad-

vanced model might be needed to better capture such interac-

tions. 

Furthermore, in situations where the data contains noise, 

outliers, or missing values, linear regression may be sensitive 

to these issues. While standard regression techniques are ro-

bust to certain types of noise, more sophisticated methods 

such as regularization or other machine learning approaches 

might be necessary to improve model accuracy and generali-

zability in real-world applications. 

In addition to the well-known limitations of linear regres-

sion models, namely their inability to capture nonlinear dy-

namics, temporal dependencies, and stochastic variability, the 

present results highlight the advantages of the proposed sto-

chastic framework for assessing prostate cancer progression. 

Unlike regression-based approaches that provide static, popu-

lation-level estimates, the model developed in this study ena-

bles dynamic, patient-specific tracking of disease evolution 

through a latent state representation. This allows for a more 

realistic characterization of tumor progression as a time-de-

pendent and probabilistic process, which is essential for cap-

turing the heterogeneity observed in clinical populations. 

A key implication of this work concerns the limitations of 

prostate-specific antigen (PSA) as a sole biomarker. As 

demonstrated in both prior studies and our simulation results, 

PSA levels do not always reliably reflect the underlying tumor 

burden, particularly in cases where disease progression occurs 

despite relatively low or stable PSA values. The proposed 

model addresses this limitation by integrating PSA with addi-

tional clinical variables and embedding them within a latent-

state framework, thereby providing a more comprehensive 

and biologically meaningful representation of disease status. 

Furthermore, the results support the clinically established 

association between Gleason score and tumor aggressiveness. 

Higher Gleason grade groups were consistently associated 

with more rapid increases in the latent disease state Z(t), indi-

cating more aggressive progression dynamics. This correla-

tion, as reproduced by the model, reinforces its biological 

plausibility and clinical relevance. By explicitly incorporating 

Gleason grade alongside disease stage and treatment exposure, 

the framework captures key determinants of progression that 

are not adequately represented in simpler models. 

Overall, these findings suggest that the proposed approach 

offers a powerful tool for assessing prostate cancer progres-

sion, with potential applications in risk stratification, treat-

ment planning, and longitudinal patient monitoring. By mov-

ing beyond single-marker analysis and deterministic assump-

tions, the model provides a pathway toward more accurate and 

personalized clinical decision-making under uncertainty. 

4. Conclusion 

This study demonstrates that linear regression can serve as 

a practical and interpretable approach for estimating and re-

constructing latent variables such as Z(t)Z(t)Z(t) from observ-

able clinical measures including PSA(t), Grade, Stage, and 

treatment exposure u(t)u(t)u(t), providing a transparent map-

ping between inputs and the inferred disease state that is val-

uable in clinical settings where interpretability is critical. 

However, the linearity assumption imposes inherent limita-

tions, particularly given that prostate cancer progression in-

volves complex, nonlinear, and patient-specific biological in-

teractions; consequently, linear models may fail to capture 

subtle dependencies, interaction effects, or threshold behav-

iors, and may be affected by multicollinearity and sensitivity 

to outliers, limiting their robustness and generalizability. De-

spite these constraints, the results highlight the usefulness of 

linear regression as an efficient and accessible baseline for la-

tent state estimation, upon which more advanced methods can 

be developed. Future work should therefore explore more 

flexible modeling strategies, including nonlinear approaches 

such as kernel methods, generalized additive models, and ma-

chine learning techniques (e.g., neural networks and tree-

based ensembles), alongside regularization methods such as 

LASSO or ridge regression to improve stability and prevent 

overfitting. Moreover, embedding these approaches within 

stochastic or state-space frameworks would allow for im-

proved modeling of temporal dynamics and uncertainty in dis-

ease progression, ultimately supporting the development of 

more accurate, interpretable, and personalized decision-sup-

port tools for prostate cancer management. 
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