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Abstract 

This study integrates Kaplan–Meier survival analysis with the Stochastic and Augmented Interpretable Health Analytics 

(SAIHA) framework to model long-term survival in pancreatic cancer, a malignancy characterized by late diagnosis, rapid 

progression, and poor prognosis. The Kaplan–Meier estimator was first employed to nonparametrically characterize empirical 

survival probabilities across the observed follow-up period, capturing censoring patterns and short-term mortality dynamics 

without imposing distributional assumptions. This step provided a transparent baseline representation of survival up to 

approximately four years post-diagnosis, where empirical data density remains sufficient for reliable estimation. To address the 

limitations of traditional Kaplan–Meier analysis in extrapolating beyond observed follow-up, the SAIHA framework was then 

applied using a Weibull survival model to propagate uncertainty, incorporate population heterogeneity, and generate 

probabilistic survival projections into the long-term horizon. The Weibull distribution was selected for its flexibility in modeling 

monotonic hazard functions commonly observed in aggressive cancers and for its interpretability within clinical contexts. 

Parameter uncertainty was explicitly modeled to reflect variability in disease progression and treatment response across patients. 

The combined model predicts a pronounced decline in survival beyond year four, with the most likely five-year survival 

probability estimated near 3% and a median six-year survival approaching 1.5%. These projections align with known 

epidemiological patterns of pancreatic cancer and underscore the persistent lethality of the disease despite advances in therapy. 

Importantly, the SAIHA framework provides full survival distributions rather than point estimates, enabling clinicians and 

researchers to assess uncertainty bounds and tail risks associated with long-term outcomes. Overall, the integrated Kaplan–

Meier–SAIHA approach extends classical survival analysis by combining empirical rigor with stochastic, distribution-aware 

forecasting. This methodology offers a robust and interpretable framework for high-risk clinical prediction, supporting more 

informed decision-making in oncology research, population health modeling, and precision medicine applications. 
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1. Introduction 

The Kaplan–Meier estimator calculates survival by multi-

plying the successive conditional probabilities of survival 

across time intervals [1]. For each interval, the survival 

probability is computed as the number of individuals who 

survive the interval divided by the number of individuals at 

risk at the beginning of that interval. Patients who die, with-
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draw, or are lost to follow-up are no longer considered ―at 

risk‖; such cases are treated as censored, meaning they are 

excluded from the denominator but included in the analysis up 

to the point of censoring. 

The estimator divides the observation period into intervals 

based on the distinct times at which events occur. It is par-

ticularly valuable in medical research for analyzing patient 

survival, time to disease recurrence, and treatment outcomes. 

By relying only on observed data, the Kaplan–Meier method 

provides a nonparametric estimate of the survival distribution 

without requiring additional assumptions about the underly-

ing hazard function. 

At each event's time, the probability of surviving that in-

terval is calculated, and these probabilities are multiplied (a 

cumulative product) across intervals to generate the overall 

survival function. Because it properly accounts for censoring, 

the method incorporates information from patients who re-

main alive or are lost to follow-up before the study ends. 

The graphical output of the Kaplan–Meier estimator is the 

Kaplan–Meier survival curve, which plots estimated survival 

probability over time. This curve is a step function that de-

creases at each observed event time and remains flat between 

events. It is one of the most widely used tools for visualizing 

time-to-event outcomes in clinical and epidemiological re-

search. 

 ̂( )  ∏ .  
  

  
/                      (1) 

where: 

   = number of deaths at time    

   = number of patients at risk just before    

Kaplan–Meier (KM) analysis produces a graphical output 

known as the Kaplan–Meier survival curve, which displays 

the estimated survival probability over time. This curve is 

commonly used to analyze time-to-event data, such as time 

until death, disease recurrence, or the occurrence of a clinical 

event. The KM curve represents the survival function as a 

stepwise function, decreasing at each event time and re-

maining flat between events. 

Comparison of survival curves across groups—such as 

treatment versus control—is typically performed using the 

log-rank test, a nonparametric statistical test designed to as-

sess whether differences between survival curves are statis-

tically significant [2]. Because of its simplicity and inter-

pretability, the Kaplan–Meier method is widely used in clin-

ical trials, epidemiological studies, engineering reliability 

analysis, economics, and social sciences. 

However, the method has several important limitations. 

First, it assumes independent censoring, meaning the reason a 

subject is censored must be unrelated to their risk of experi-

encing the event. Second, KM analysis does not incorporate 

covariates such as age, sex, comorbidities, or treatment type. 

For these reasons, multivariable approaches, most commonly 

the Cox proportional hazards (PH) model, are widely used to 

account for individual-level risk factors [3]. 

In the Cox Proportional Hazards model, the goal is not to 

model the actual distribution of survival times or to predict 

how long a patient will live. Instead, the model focuses on 

relative risk, estimating how the instantaneous likelihood of 

experiencing the event differs between individuals based on 

their covariates. The Cox model estimates the logarithm of the 

hazard, not survival time [4]. As a result, the model cannot 

determine how many months the event is delayed or acceler-

ated. Time-based predictions require alternative frame-

works—most notably the Accelerated Failure Time (AFT) 

model, which estimate survival time directly rather than the 

hazard [5]. The accelerated failure time (AFT) model has been 

proposed in [5] as an alternative to the Cox proportional 

hazards model. However, its parametric form requires speci-

fying a particular distribution for event times, which is often 

difficult to determine in real-world studies and can limit its 

practical applicability. 

In clinical medicine, understanding time-to-event outcomes 

such as time to death, readmission, or postoperative compli-

cations provides critical insight for healthcare deci-

sion-making, quality improvement, and resource allocation. A 

survival analysis allows healthcare leaders to evaluate not 

only whether an event occurs, but when it occurs, offering 

richer and more actionable information than simple event 

counts [6]. 

While the Kaplan–Meier estimator provides a nonpara-

metric, descriptive summary of the survival function, it treats 

the study population as a single homogeneous group and 

cannot adjust for confounding or prognostic variables. The 

Cox proportional hazards model extends survival analysis by 

relating the hazard (instantaneous event rate) to multiple 

explanatory variables, such as age, disease stage, biomarkers, 

or treatment modality [7]. This semi-parametric model pro-

duces adjusted hazard ratios, quantifies the independent in-

fluence of each covariate, and enables individualized survival 

predictions. 

Whereas KM analysis is ideal for visualizing unadjusted 

survival and comparing groups at the descriptive level, the 

Cox model offers deeper inferential and predictive power. It 

assumes that hazard ratios remain constant over time, the 

proportional hazards assumption and, when this assumption 

holds, provides a robust framework for evaluating risk factors 

in clinical and managerial epidemiology. Because the 

Kaplan–Meier method cannot extrapolate future survival or 

adjust covariates, the Cox PH model is indispensable when 

patient-level variability must be incorporated into survival 

predictions. 

The model assumes that the hazard function for an indi-

vidual i with covariate vector: 

   (             )                    (2) 

is given by: 

 (      )      ( )     (                         ) (3) 
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where h (t) is the baseline hazard function (the hazard for an 

individual with all covariates equal to 0), and each βⱼ repre-

sents the log-relative hazard for the corresponding covariate 

and is called covariate coefficient. 

One can see from (3) that the Cox method does not yield 

estimates of survival in time. What it does it only predicts the 

probability of one individual having probability to survive 

related to another patient. It represents the probability that a 

patient (or subject) with baseline characteristics (all covariates 

= 0, or reference category) survives beyond time  . 

Major covariates of the pancreatic cancer are given in the 

following table (Table 1): 

Table 1. Major covariates for pancreatic cancer. 

Demographic Factors Disease Characteristics Clinical Status and Comorbidities 

Age at diagnosis (years) 

Sex (male/female) 

Race/ethnicity 

Body mass index (BMI) 

Tumor stage (I–IV, or localized vs. regional vs. metastatic) 

Tumor size (cm) 

Lymph node involvement (positive/negative) 

Presence of metastasis (yes/no) 

Tumor grade (well, moderate, poorly differentiated) 

CA19-9 biomarker level (continuous or categorical) 

Genetic mutations (e.g., KRAS, TP53, CDKN2A) 

Performance status (ECOG score) 

Comorbidity score (Charlson Comor-

bidity Index) 

Diabetes status 

Smoking history 

Alcohol use 

 

Traditional statistical approaches, including the Kaplan–

Meier estimator and Cox proportional hazards model, have 

long served as the foundation of survival analysis. While these 

methods provide valuable insights, they rely on relatively 

simple quantitative structures and assume proportional haz-

ards or limited functional forms. Deep learning offers a 

powerful extension to these classical models by capturing 

complex, nonlinear relationships within high-dimensional 

clinical data [8]. 

Deep learning models such as deep neural networks 

(DNNs), convolutional neural networks (CNNs), and recur-

rent neural networks (RNNs) have been adapted to handle 

censored survival data through specially designed loss func-

tions, including variants of the Cox partial likelihood. These 

architectures are capable of integrating heterogeneous data 

sources, structured variables, medical images, genomic pro-

files, and longitudinal electronic health record (EHR) data 

within a unified modeling framework. By learning intricate 

patterns that are inaccessible to traditional models, deep 

learning enables more accurate estimation of risk and survival 

probabilities [9]. 

One prominent approach, DeepSurv, extends the Cox 

model by replacing its linear predictor with a deep neural 

network that learns nonlinear covariate effects. Other models, 

such as DeepHit, bypass proportional hazards assumptions by 

directly approximating the joint distribution of time and event 

type, allowing for flexible multi-event prediction. Long 

short-term memory (LSTM) networks further expand survival 

analysis by modeling temporal trajectories in laboratory val-

ues, vital signs, and treatment patterns. These temporal mod-

els capture patient-specific dynamics and provide individu-

alized survival predictions that adapt to evolving clinical 

conditions [10]. 

Despite their advantages, deep learning models in survival 

analysis face notable challenges. They require large, 

high-quality training datasets and careful handling of cen-

soring to avoid biased predictions. They are also less inter-

pretable than traditional survival models, which complicates 

their clinical adoption. Although techniques such as SHAP 

values, feature-attribution heatmaps, and attention mecha-

nisms improve transparency, interpretability remains a key 

limitation in real-world healthcare applications. 

Deep learning nevertheless represents a transformative step 

in survival prediction by bridging classical epidemiological 

methods with modern computational tools. By leveraging 

nonlinear modeling and multimodal data integration, these 

methods offer enhanced precision in estimating patient 

prognosis and supporting personalized treatment decisions. 

However, in many clinical domains—especially in rare or 

highly lethal diseases—available survival datasets are typi-

cally short and small, which severely limits the reliability and 

applicability of deep learning–based approaches. 

To address these limitations, this paper builds on classical 

survival analysis using the Kaplan–Meier estimator for em-

pirical survival characterization and the Weibull model for 

parametric hazard modeling and extends them through the 

novel SAIHA framework [11]. SAIHA is a stochastic and 

augmented approach specifically designed for small-sample 

survival prediction. By combining Kaplan–Meier–based 

empirical estimation with Weibull-based parametric ex-

trapolation and probabilistic data augmentation, SAIHA 

enables robust, interpretable, accurate, and distribu-

tion-aware survival forecasting even under severe data 

scarcity. 
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2. Pancreatic Cancer: Survival 

Prediction 

Pancreatic cancer remains among the most lethal malig-

nancies due to its late-stage diagnosis. A delay in diagnosis is 

often attributed to early symptoms being frequently over-

looked or misdiagnosed because of their subtle and vague 

nature. Clinical manifestations usually appear in late-stage 

disease progression; symptoms such as abdominal pain, un-

intended weight loss, jaundice, anorexia, and generalized 

weakness may develop [10]. 

The cancer is classified into four stages based on tumor size 

and spread: 

Stage I: Confined to the pancreas. 

Stage II: Spread to nearby tissues or lymph nodes. 

Stage III: Involves major blood vessels or extensive lymph 

node involvement. 

Stage IV: Metastasized to distant organs like the liver or 

lungs. 

Pancreatic cancer survival rates vary significantly by stage, 

underscoring the disease’s aggressive progression and the 

frequent occurrence of late-stage detection. According to the 

American Cancer Society [12], the relative five-year survival 

rate is approximately 44% for stage I, 15% for stage II, 7% for 

stage III, and just 3% for stage IV—emphasizing the critical 

importance of early diagnosis. In 2025, an estimated 67,440 

individuals in the United States will be newly diagnosed with 

pancreatic cancer, and approximately 51,980 are projected to 

experience disease-related mortality [13]. Despite modest 

improvements in overall survival—from 7% to 13% over the 

past decade, pancreatic cancer remains a pressing public 

health concern [14]. 

Early detection of cancer significantly improves patient 

survival. However, certain malignancies—most notably pan-

creatic cancer—are difficult to diagnose at an early stage due 

to subtle symptoms and rapid disease progression. This paper 

reviews state-of-the-art techniques in cancer survival predic-

tion and discusses how these methods can be applied to es-

timate overall survival in patients with pancreatic ductal ad-

enocarcinoma (PDAC). 

Given the complexity and sheer volume of contemporary 

clinical data, recent research emphasizes the value of machine 

learning (ML) approaches such as supporting vector machines 

and convolutional neural networks. Current studies report that 

PDAC survival rates remain exceptionally low, with ap-

proximately 41.7% survival at one year, 8.7% at three years, 

and only 1.9% at five years. Notably, some analyses indicate 

that stage at diagnosis shows limited correlation with overall 

survival, underscoring the heterogeneous and aggressive 

nature of the disease. 

The integration of ML algorithms has the potential to 

deepen our understanding of cancer progression and enhance 

prognostic accuracy. To be adopted in routine clinical practice, 

however, these methods require rigorous validation to ensure 

reliability and generalizability. Ultimately, ML-based tech-

niques aim to support classification, prediction, and risk es-

timation, thereby enabling more accurate assessments of 

patient status, guiding surgical and therapeutic decisions, 

optimizing resource allocation, and improving individualized 

treatment planning [15]. 

Pancreatic ductal adenocarcinoma is the most common 

type of pancreatic cancer, accounting for more than 90% of all 

cases. It originates in the cells lining the pancreatic ducts, 

which carry digestive enzymes from the pancreas to the small 

intestine. 

Key Points about PDAC Patients: 

Very aggressive cancer: PDAC progresses quickly and is 

often diagnosed at a late stage. 

Poor survival rates: Five-year survival is typically around 

2–10%, depending on stage and treatment. 

Symptoms appear late: Abdominal pain, weight loss, 

jaundice, or digestive issues usually occur only when the 

disease is advanced. 

Treatment complexity: Surgery, chemotherapy (e.g., 

FOLFIRINOX), and radiation may be used, but options de-

pend heavily on stage and tumor location. 

So, a PDAC patient simply refers to any patient who has 

been clinically diagnosed with pancreatic ductal adenocarci-

noma. 

Accurate survival predictions play a central role in clinical 

oncology, as they provide essential information on a patient’s 

condition, guide surgical decision-making, support the opti-

mal allocation of medical resources, and enable the design of 

individualized treatment plans. They also assist clinicians in 

selecting appropriate pharmacological therapies and improv-

ing overall patient management. Contemporary predictive 

models draw on a diverse range of features, including ge-

nomic and proteomic data, clinical variables, and histo-

pathological images. However, the reliability of these predic-

tions depends heavily on rigorous experimental design, the 

use of validated data sources, and careful analytical and sta-

tistical assessment. Weaknesses in any of these areas can 

directly compromise the accuracy of clinical decision-making 

[16, 17]. 

Machine learning (ML) methods have been increasingly 

employed to classify PDAC patients and estimate individu-

alized survival times. These approaches can stratify patients 

into low-, medium-, and high-risk categories and capture 

complex patterns underlying disease progression and treat-

ment response. By identifying informative features within 

large and heterogeneous datasets, ML tools provide capabili-

ties that exceed traditional analytic approaches and are par-

ticularly valuable for modeling highly aggressive cancers 

such as PDAC [18]. 

The expansion of big data in healthcare introduces signif-

icant cognitive and operational burdens for clinicians, in-

creasing the likelihood of diagnostic errors—especially when 

interpreting large volumes of imaging data. ML and deep 

learning systems can process such datasets more efficiently 

and with lower error rates, identifying subtle imaging patterns 
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that may escape human detection. These systems can support 

clinicians by highlighting suspicious regions, identifying 

potential malignancies, and offering preliminary diagnostic 

insights in circumstances where specialists are unavailable. 

Nevertheless, such systems are intended to enhance, not re-

place clinical expertise, and their deployment must be ac-

companied by appropriate safeguards and validation proce-

dures [19]. 

Predictive modeling techniques, including traditional mul-

tivariate regression, machine learning, and deep learning (DL), 

offer promising approaches for estimating PDAC survival 

outcomes. To achieve optimal predictive performance, these 

models require careful tuning, robust validation, and meticu-

lous feature engineering. 

As illustrated in Figure 3, survival prediction typically 

follows a structured workflow beginning with data acquisition, 

imaging analysis, and segmentation of MRI or CT scans into 

meaningful pixel classes. Subsequent feature extraction pro-

vides the basis for risk classification and survival estimation. 

Recent advances in deep learning have substantially improved 

both feature extraction and classification performance, mak-

ing DL-based systems increasingly prominent in PDAC sur-

vival prediction research. 

3. Data Description 

Data for this study were obtained from an epidemiological 

investigation of pancreatic cancer conducted in Brazil be-

tween 2000 and 2019. Pancreatic cancer represents a growing 

and serious public health challenge in Brazil, characterized by 

high lethality, late diagnosis, and marked regional disparities 

in incidence, mortality, and access to specialized care. Recent 

analyses indicate that incidence rates have been rising steadily, 

particularly in economically developed regions, while sig-

nificant inequities persist between patients treated in the 

public healthcare system and those receiving care in private or 

specialized centers. The increasing burden of pancreatic 

cancer among older adults is especially concerning in a rap-

idly aging country such as Brazil, highlighting the need for 

expanded diagnostic capacity, equitable resource allocation, 

and evidence-based health policies. Notably, the greatest 

increases in incidence were observed in states with lower 

Socio-Demographic Index (SDI) scores, suggesting consid-

erable inequalities in access to diagnostic services, cancer 

registries, and timely treatment [20]. 

The cohort examined in this study consisted of 326 patients 

diagnosed with pancreatic cancer during the study period. The 

broader regional analysis documented a significant increase in 

age-standardized incidence and mortality across all three 

countries included in the comparative study, although the 

magnitude and annual growth rates varied. In Brazil, inci-

dence rose from 5.33 per 100,000 inhabitants (95% Uncer-

tainty Interval [UI]: 5.06–5.51) to 6.16 per 100,000 (95% UI: 

5.68–6.53). 

While absolute rates were lower in China and in Brazilian 

states with the lowest SDI levels such as Pará and Maranhão, 

these areas experienced the highest annual increases, rein-

forcing concerns regarding underdiagnosis, delayed detection, 

and systemic inequities. 

No significant differences in incidence or mortality were 

observed between males and females. Mortality was substan-

tially higher among individuals aged 70 years and older, with 

death rates three to four times greater than those among indi-

viduals aged 50 to 69, underscoring the profound influence of 

age on disease outcomes [20]. 

Survival analysis using the Kaplan–Meier estimator re-

vealed a steep decline in patient survival over the follow-up 

period, consistent with the highly aggressive nature of pan-

creatic cancer. At one year, approximately 89% of patients 

remained alive, decreasing to 72.8% by the second year and 

47.8% by the third. By the fourth year, survival dropped 

sharply, with only 11.2% of the cohort still alive. This tra-

jectory underscores the poor long-term prognosis associated 

with pancreatic cancer and the urgent need for earlier detec-

tion, more effective therapeutic strategies, and improved 

health system capacity for disease management. 

Table 2. The Kaplan-Meier survival in years (1-4). 

Year Deaths Censored 

1 36 15 

2 50 9 

3 74 22 

4 92 20 

Using the Kaplan–Meier algorithm, the results are the fol-

lowing: 

Table 3. Kaplan-Meier Survival probabilities with years 1 to 4. 

Year Deaths Censored At Risk Survival probability Cumulative survival 

1 36 15 326 0.889571 0.889571 

2 50 9 275 0.818182 0.727830 
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Year Deaths Censored At Risk Survival probability Cumulative survival 

3 74 22 216 0.657407 0.478481 

4 92 20 120 0.233333 0.111646 

 

Year 1: As shown in Table 2. Kaplan-Meier Survival 

probabilities with years 1 to 4, at the beginning, 326 patients 

were at risk. During the first year, 36 died and 15 were cen-

sored (lost to follow-up or withdrew). The survival probabil-

ity for that year was 0.8896, meaning that 88.96% of those 

were at risk. survived the first year. Because this is the first 

period, cumulative survival is also 0.8896. 

Year 2: Now only 275 patients remain at risk after ac-

counting for deaths and censoring from Year 1. Fifty patients 

died and 9 were censored. The conditional survival within this 

second year was 0.8182 (≈ 82% of those still alive at the start 

of the year survived to the end). The cumulative survival 

probability after two years becomes 0.7278, indicating that 

about 73% of the original cohort remained alive after two 

years. 

Year 3: Among 216 individuals at risk, 74 died and 22 were 

censored. 

The conditional survival for the third year was 0.6574, and 

the cumulative survival dropped to 0.4785, meaning only 

47.85% of the original 326 patients were alive at three years. 

Year 4: Of the 120 remaining at risk, 92 died and 20 were 

censored. The conditional survival was very low (0.2333), 

and the cumulative survival probability fell sharply to 0.1116, 

showing that only about 11% of the original cohort survived 

to year 4. 

 
Figure 1. Kaplan-Meier curve for the survival rate from year 1 to year 4. 

The Kaplan-Meier curve depicts the survival rate from year 

1 to year 4, extracted from the Brazilian data. 

4. Deep Learning Analysis: LSTM 

Deep learning is a branch of artificial intelligence (AI) and 

machine learning that focuses on building computational 

models inspired by the structure and function of the human 

brain. These models, known as artificial neural networks, 

learn patterns from large amounts of data by adjusting con-

nections between layers of neurons. 

Unlike traditional statistical models, which rely heavily on 

handcrafted features, deep learning automatically discovers 

complex relationships within the data, making it especially 

powerful for tasks that involve vision, speech, language, and 
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unstructured information. 

The strength of deep learning arises from its multi-layered 

architecture, where each layer extracts increasingly abstract 

features. For example, in image analysis, the first layer may 

detect edges, the next shapes, and deeper layers recognize 

entire objects. This hierarchical learning process enables deep 

learning systems to achieve extraordinary accuracy in fields 

such as radiology, genomics, autonomous vehicles, fraud 

detection, and natural language processing. 

One of the key advantages of deep learning is its ability to 

learn directly from raw data. This reduces the need for manual 

feature engineering and allows algorithms to uncover patterns 

that humans may not even realize exist. However, this power 

comes with challenges. Deep learning models often require 

large datasets, significant computational resources, and 

careful tuning of hyperparameters. They can also behave like 

―black boxes,‖ making it difficult to interpret how decisions 

are made—a critical concern in healthcare, justice systems, 

and other high-stakes domains [21]. 

Despite these challenges, deep learning continues to 

transform modern technology. Breakthroughs such as con-

volutional neural networks (CNNs), recurrent neural networks 

(RNNs), and transformers have revolutionized image recog-

nition, speech translation, and large-scale language pro-

cessing. Deep learning’s ability to handle complexity makes it 

a cornerstone of today’s AI revolution and a driving force 

behind future innovations. 

In essence, deep learning represents the natural evolution of 

machine intelligence: systems that learn by example, improve 

with experience, and push the boundaries of what machines 

can understand and achieve. 

Long Short-Term Memory (LSTM) networks are a spe-

cialized form of recurrent neural networks (RNNs) designed 

to capture long-range dependencies in sequential data. They 

overcome the limitations of classical RNNs, specifically the 

vanishing and exploding gradient problems, a unique archi-

tecture built around a cell state, and a set of gates [22]. An 

LSTM unit consists of: 

1) Cell state 

2) Hidden state 

3) Input gate 

4) Forget gate 

5) Output gate 

6) Candidate memory 

All gates are computed using learned weight matrices and 

nonlinear activation functions. Figure 2 presents the predic-

tion generated by the deep-learning model (LSTM). The 

model produced a negative survival probability for year 5, 

which has no clinical or statistical interpretation. 

 
Figure 2. Kaplan–Meier survival estimates for years 1–4 alongside a 5-year prediction. 

This figure illustrates the Kaplan–Meier survival estimates 

for years 1–4 alongside a 5-year prediction generated by an 

LSTM neural network. Because the dataset consists of only 

four time points, the LSTM model lacks sufficient infor-

mation to generalize and extrapolate outside the valid proba-

bility range (0–1), producing a negative survival estimate at 

year 5. This output illustrates the constraints of applying deep 

learning to extremely limited data. 

This result occurs because the dataset is extremely small, 

only four annual observations, which provides insufficient 

information for a deep-learning model to learn meaningful 

temporal patterns. LSTM models require large, patient-level 
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longitudinal datasets to generate stable and valid predictions 

[22]. When trained on highly limited data, the model may 

extrapolate outside the valid probability range (0–1), resulting 

in nonsensical negative values. Therefore, this output should 

be interpreted solely as an illustration of the modeling pro-

cedure, not as a realistic survival estimate. The accuracy of 

LSTM models can be largely improved using PM Generative 

AI [23]. 

5. The Weibull Method 

The Weibull method is one of the most widely used para-

metric approaches in survival analysis, reliability engineering, 

and medical prognosis. The Weibull model provides a flexible 

quantified framework for describing how the probability of 

failure, death, or event occurrence changes over time. Its 

success comes from a rare combination of computational 

simplicity, biological interpretability, and exceptional pre-

dictive power. 

At the heart of the Weibull method is the survival function 

[24]: 

 ( )      ( (  ) )                  (4) 

the corresponding hazard function is: 

 ( )                                 (5) 

where: 

λ is the scale parameter, controlling how fast events occur, 

and 

k is the shape parameter, controlling how the hazard 

changes over time. 

This simple two-parameter structure allows the Weibull 

curve to model a wide range of real-world behaviors. When 

k<1, the hazard decreases over time (early high-risk situa-

tions), when k, the hazard is constant (equivalent to the ex-

ponential model); and when k>1, the hazard increases over 

time, which is exactly what is observed in many chronic dis-

eases such as cancer and cardiovascular conditions. 

In the Weibull survival model, the shape parameter k plays 

a central role in determining how risk evolves over time. 

When k>1, it indicates that the hazard rate is increasing with 

time, meaning that the longer a patient survives, the higher the 

instantaneous risk of experiencing the event (such as death) 

becomes. This behavior is expressed through the Weibull 

hazard function, which rises as a power of time when k>1. 

From a clinical perspective, k>1 is especially important 

because it reflects progressive diseases and aging-related 

processes, where risk naturally accelerates over time. Many 

chronic conditions—such as cancer, heart failure, and neu-

rodegenerative disorders—exhibit this pattern: early in the 

disease course, risk may be moderate, but as biological 

damage accumulates, vulnerability increases and outcomes 

worsen more rapidly. 

Geometrically, k>1 produces a survival curve with a 

downward convex shape, meaning survival declines slowly at 

first and then drops more steeply as time passes. This accel-

erating decline captures the real-world dynamic of worsening 

health and increasing frailty. Unlike constant-risk models, the 

Weibull with k>1 acknowledges that time itself becomes a 

driver of risk. 

 
Figure 3. Weibull curves with different k and λ. 
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Figure 3 shows several Weibull curves with different pa-

rameters k and λ. 

In summary, k>1 represents an accelerating hazard, a 

steepening survival decline, and a biologically realistic model 

of progressive risk. This is precisely why the Weibull distri-

bution is so powerful in medical prognosis and health predic-

tion. It can represent not just whether risk exists, but how that 

risk grows over time. 

The main reason the Weibull curve is one of the best tools 

for prediction is its ability to extrapolate beyond observed 

data using a biologically meaningful hazard structure. Unlike 

the Kaplan–Meier estimator, which is purely empirical and 

only valid where data exist, the Weibull model assumes an 

underlying continuous survival process. Once its parameters 

are estimated, it can generate stable predictions into the future, 

even when follow-up data are sparse. 

This makes the Weibull method especially valuable when: 

1) Long-term follow-up is limited, 

2) The sample size is small, 

3) Or future survival must be projected for planning, policy, 

or clinical decision-making. 

In the Weibull survival model, the shape parameter k de-

termines how risk changes over time. When k<1, the model 

describes a situation in which the hazard rate decreases with 

time. This means that the risk of experiencing the event (such 

as death, equipment failure, or disease progression) is highest 

at the beginning and then declines as time passes. Mathe-

matically, this behavior follows directly from the Weibull 

hazard function, which is a decreasing function of time when 

k<1. 

From a clinical and epidemiological perspective, k<1 rep-

resents early high-risk phenomena. This pattern is often seen 

in acute conditions, post-surgical complications, neonatal 

mortality, or early drug-treatment toxicity. Patients who sur-

vive the initial high-risk period tend to become progressively 

more stable, leading to a declining hazard over time. In reli-

ability engineering, this same pattern is known as ―infant 

mortality‖ failure, where defective units fail early while the 

remaining population becomes increasingly robust. 

Geometrically, k<1 produces a survival curve with a steep 

initial drop followed by a gradual flattening. Survival de-

creases rapidly at first and then levels off, reflecting the fact 

that early losses remove the most vulnerable individuals. This 

shape is fundamentally different from the accelerating decline 

seen when k>1. 

In summary, k<1 characterizes a decelerating hazard, an 

early high-risk phase, and a progressively stabilizing survival 

pattern. It is especially valuable for modeling acute medical 

events, early treatment effects, and short-term failure pro-

cesses where risk is front-loaded rather than cumulative. 

Because the model is continuous and smooth, the predicted 

survival curve avoids the artificial stair-step behavior of 

Kaplan–Meier and instead provides a realistic approximation 

of the true biological survival process. Another major ad-

vantage of the Weibull method is its interpretability. Each 

parameter has a clear meaning: 

1) The shape parameter k tells us whether risk is increasing, 

decreasing, or constant over time. 

2) The scale parameter λ tells us how quickly failures or 

deaths occur. 

This direct interpretability is critically important in medi-

cine and public health, where models must be understood, 

trusted, and justified, not merely optimized for numerical 

accuracy. A clinician can look at a Weibull fit and immedi-

ately understand whether disease risk accelerates or stabilizes 

over time. 

Compared with other parametric survival models, the 

Weibull model offers a unique balance: 

1) More flexible than the exponential model, 

2) More stable and interpretable than the log-normal, 

3) Less sensitive to estimation error than many mul-

ti-parameter models. 

In practice, the Weibull model often provides the best 

compromise between goodness-of-fit, stability, and predictive 

reliability. This is why it is widely used in cancer survival 

studies, device failure analysis, pharmacovigilance, and 

health-services research. In data science, the Weibull method 

plays a central role in: 

1) Survival-based machine learning, 

2) Deep learning survival hybrids, 

3) Synthetic data generation and augmentation, 

4) Extrapolation of Kaplan–Meier curves for decision 

support. 

When combined with empirical survival estimates, the 

Weibull curve serves as a bridge between empirical data and 

predictive modeling, allowing researchers to move from 

―what has been observed‖ to ―what is most likely to occur.‖ 

The Weibull method remains one of the most powerful and 

reliable tools in survival analysis because it unites theory, 

flexibility, interpretability, and predictive strength in a single 

mathematical framework. Its ability to model increasing, 

decreasing, or constant risk makes it universally applicable 

across medicine, engineering, and population health. Most 

importantly, the Weibull curve does not merely describe past 

data—it provides a scientifically grounded way to predict the 

future, which is the ultimate goal of quantitative healthcare 

and epidemiology. 

To find the best fit Weibull function, we can take the nat-

ural log twice of (4). 

  (    ( ))     ( )     ( )               (6) 

This represents a straight line. Using a linear regression, we 

calculate the intercept and the slope of the best-fit function 

that approximates the KM curve (Figure 4). 
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Figure 4. The Weibull curve (red) is the best Weibull approximate of the KM curve (red line). 

The figure illustrates the results of the Weibull optimization 

are presented in the following table:  

Table 4. Results of Weibull optimization. 

Parameters k and λ k=2.08 and λ=0.33 

Predicted survival rate at year 5 5.7% 

Predicted survival rate at year 6 1.5% 

Because k>1 (and large), this tells us 

1) The hazard increases with time (accelerating risk). 

2) The survival curve bends steeply downward, which is 

exactly what we see in the predictions between years 4- 

6. 

The fitted Weibull model (shape k=2.08, scale λ=0.33) 

predicts a steep decline in survival for pancreatic cancer, with 

survival falling from 16.6% at year 4 to 5.7% at year 5 and 1.5% 

at year 6, reflecting an accelerating hazard consistent with the 

highly lethal nature of this disease. 

6. Stochastic Continuation of Weibull 

Method 

To construct a stochastic continuation of the Weibull model, 

we employ the SAIHA (Stochastic and Augmented Inter-

pretable Health Analytics) framework developed by de Melo 

(2025) [11], in which the deterministic Weibull hazard is 

extended by introducing a random risk multiplier to capture 

population heterogeneity and uncertainty. While the standard 

Weibull model yields a single parametric survival curve, 

SAIHA produces a distribution of survival trajectories by 

propagating stochastic variability through the Weibull base-

line. 

SAIHA represents a modern and principled approach to 

predictive modeling in healthcare. Its central premise is that 

patients are not identical. This heterogeneity is captured 

through a risk multiplier R, defined as a random variable that 

represents unobserved clinical variability and augmented 

uncertainty. For each virtual patient j, a realization Rj is drawn 

from a specified distribution fR(r), allowing patient-specific 

stochastic scaling of the baseline hazard. Let us consider an 

example of a patient with pancreatic cancer. 

an individual-specific hazard: 

 (   )       (   )                     (7) 

The patient-specific risk multiplier is defined a 

      (                               

                  )  

and   (   ) is the baseline Weibull hazard. Then the indi-

vidual survival function becomes: 

 (   )     ,     (   )-                 (8) 

with   (   ) the cumulative baseline hazard. For Weibull 

  (   )   (   )  and the stochastic Weibull formula be-

comes: 

 (   )        (   (   )                    (9) 

Instead of just one curve, SAIHA constructs a large, aug-

mented population of size N: 
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Draw                    ( )  

For each synthetic individual j, define survival at time t: 

To compute the patient-specific risk multiplier Ri, both the 

covariate vector Xi and the corresponding regression coeffi-

cients β are required; the latter can be estimated from the 

study data via survival regression or obtained from published 

hazard ratios when sample size is limited. 

   ( )    (   ∣∣   )     (   (  )
 )          (10) 

This produces a distribution of survival probabilities at any 

fixed time t: 

*  ( )   ( )     ( )}                  (11) 

Let us see now the predicted values for years 5 and 6. (11) 

can be presented as a histogram and the maximum of it will 

correspond to the predicted value (Figure 5): 

        * ( )+ ( ) ≈0.03=3% 

 
Figure 5. Distribution of Individual year-5 Survival Probabilities. 

This figure illustrates that when the histogram of predicted 

survival values peaks at 0.03, it means: The most likely 

(modal) predicted survival probability at Year 5 is approxi-

mately 3%. 

This is the maximum posteriori (MAP) estimate of survival 

under your augmented model. In other words, among all 

simulated futures, 3% survival at Year 5 occurs most fre-

quently. Strong late-stage hazard acceleration and is fully 

consistent with the biological reality of pancreatic cancer, 

which has: 

1) Poor long-term prognosis 

2) Rapid progression after Year 3–4 

3) Very low 5-year survival rates in most cohorts 

The augmented survival distribution is sharply concen-

trated near 3%, indicating that the most probable 5-year sur-

vival for pancreatic cancer in this cohort is approximately 3%. 

Figure 6 shows the histogram corresponding to year 6. The 

median (1.59%) aligns closely with earlier deterministic 

Weibull prediction (~1.5%), confirming model coherence. 

The mean (2.81%) > median, indicating a right-skewed sur-

vival distribution driven by a small subset of lower-risk syn-

thetic individuals. The long right tail reflects population het-

erogeneity, which is precisely what SAIHA is designed to 

capture. The dominant mass near very low survival confirms 

the extreme lethality of pancreatic cancer by Year 6. 

This figure illustrates when the histogram of predicted 

survival values peaks at 0.015, it means: The most likely 

(modal) predicted survival probability at Year 6 is approxi-

mately 1.5%. 

 
Figure 6. SAIHA Stochastic Weibull Survival Distribution at Year 6. 

7. Discussion 

A central finding of this study is the systematic discrepancy 

between the deterministic Weibull prediction and the sto-

chastic SAIHA–Weibull prediction at Year 5. While the 

classical Weibull model extrapolated from the empirical 

Kaplan–Meier estimator yields a 5-year survival estimate of 

approximately 5.7%, the stochastic SAIHA continuation 
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produces a most likely (modal) survival near 3%. This gap is 

not a statistical artifact but a clinically meaningful conse-

quence of incorporating population heterogeneity and uncer-

tainty into the survival process. 

The deterministic Weibull model assumes a single, fixed 

hazard trajectory that represents an ―average‖ patient. Under 

this framework, all individuals are implicitly treated as iden-

tical once the parameters k and λ are estimated. In contrast, 

the SAIHA formulation introduces a random risk multiplier R 

that transforms the Weibull hazard into a distribution of pa-

tient-specific hazards. As a result, instead of producing one 

survival value at Year 5, SAIHA generates a full probability 

distribution of survival outcomes. The modal value of this 

distribution reflects the most probable survival scenario 

across a heterogeneous population rather than the survival of 

an idealized average patient. 

Clinically, this discrepancy is especially important for 

pancreatic cancer, a disease characterized by extreme bio-

logical heterogeneity and rapidly accelerating late-stage 

hazard. The deterministic Weibull estimate of 5.7% implic-

itly reflects an ―average-risk‖ patient, whereas the SAIHA 

modal estimate of 3% reflects the dominant survival regime 

actually experienced by the majority of patients. In this 

setting, the deterministic model can appear optimistically 

biased, while the stochastic model provides a more con-

servative and clinically realistic assessment of long-term 

survival. This distinction becomes critical in high-stakes 

clinical decision-making, treatment counseling, and 

health-system planning. 

Importantly, the observed discrepancy also highlights a 

broader limitation of purely parametric survival extrapolation 

under small or short follow-up datasets. When only a few 

early time points are available, the deterministic Weibull fit is 

highly sensitive to parameter estimation error and implicitly 

ignores unmeasured prognostic factors. By contrast, the 

SAIHA framework explicitly propagates parameter uncer-

tainty and latent heterogeneity forward in time, yielding sur-

vival predictions that are distribution-aware rather than 

point-estimate driven. The resulting lower most-likely sur-

vival at Year 5 should therefore be interpreted not as model 

pessimism, but as a statistically principled correction for 

hidden risk. 

Finally, the deterministic–stochastic discrepancy under-

scores the complementary role of classical and augmented 

survival modeling. The Weibull model remains essential for 

structural extrapolation, interpretability, and analytical 

tractability. However, SAIHA extends this structure into a 

probabilistic forecasting framework that better reflects re-

al-world clinical variability. In practice, reporting both the 

deterministic Weibull estimate and the stochastic SAIHA 

distribution provides a dual perspective on prognosis: the 

former representing the average-risk trajectory, and the latter 

representing the most probable and uncertainty-adjusted 

survival scenario. 

8. Conclusion 

This study demonstrates how classical survival analysis can 

be strengthened through a stochastic extension that remains 

interpretable and robust under data scarcity. By combining the 

empirical foundation of the Kaplan–Meier estimator with the 

parametric structure of the Weibull model, and extending both 

through the proposed SAIHA framework, we transform a 

single deterministic survival curve into a full probabilistic 

distribution of survival outcomes. 

Applied to pancreatic cancer, SAIHA reveals the profound 

late-stage lethality of the disease and quantifies survival un-

certainty in a distribution-aware manner. While the pure 

Weibull model provides an average 5-year survival estimate, 

the stochastic SAIHA continuation identifies the most likely 

survival regime and explicitly captures heterogeneity, yielding 

more conservative and clinically realistic risk projections. This 

distinction is critical for high-risk diseases where reliance on a 

single curve can lead to misleadingly optimistic conclusions. 

Importantly, SAIHA remains effective even when full co-

variate information is unavailable, as unmeasured heteroge-

neity is absorbed through a stochastic risk multiplier. This 

makes the framework particularly well-suited for small da-

tasets, rare diseases, and registry-level survival studies where 

deep learning methods are often infeasible. 

In summary, SAIHA provides a principled, interpretable, 

and distribution-aware extension of classical survival mod-

eling. By unifying Kaplan–Meier estimation, Weibull para-

metric extrapolation, and stochastic augmentation, it offers a 

powerful new paradigm for survival prediction and clinical 

decision support under uncertainty. 
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