


Handling Informative Dropout in Prostate Cancer Clinical Studies by Joint Modelling of PSA and Survival

Abstract
Biologically and clinically, prostate cancer is significantly heterogeneous; still, much of the existing empirical research on prognosis proceeds within the tandem static, two-stage paradigm, which conceptualises prostate-specific antigen (PSA) as a static baseline variable and neglects its dynamic relationship to survival. The current study remedies these problems by employing the integrated joint model approach to model the dynamic relationship between the trajectory of PSA severity and time-to-event outcomes. For this study, a retrospective design included a sample of 300 prostate cancer patients; the study used models for overall PSA severity, the Cox model for overall survival, and the joint model approach with shared random effects to handle informative censoring. The descriptive analysis showed equal proportions across cancer stage categories and overall PSA severity. For the overall model, a modest change in population-averaged PSA was observed, yet significant individual heterogeneity remained. For overall survival outcomes, only the Gleason score was a significant predictor (HR=0.847; 95% CI:0.732-0.980). Kaplan-Meier curves also showed significant visual separation in overall survival by overall PSA categories. Nevertheless, in the overall joint model analysis, the trajectories for overall PSA showed significant predictive relationships beyond overall static clinicopathological factors. The originality of this research study lies in its approach to effectively integrate dynamic biomarker models and overall survival models to strategically eliminate bias, as found in static and Two-Stage models. Generally, this study provides strong support for specific clinician recommendations on the use of dynamic biomarker models to predict prostate cancer outcomes within the context of evidence-based oncology practice.
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Introduction
Prostate cancer remains a widespread cancer among men both globally and locally, and is also a noteworthy source of morbidity and mortality due to cancer (Ahad et al., 2024; Aziz et al., 2025; Bosson-Amedenu et al., 2025; Ayiah-Mensah et al., 2025; Miao et al., 2025). Also noteworthy is the prostate cancer that has high biological variability that may range from indolent cancers that grow very slowly or from highly aggressive forms of prostate cancers associated with fast progression and short survival times (Novysedlak et al., 2025; Kania et al., 2025; Fu et al., 2025; Salamanca et al., 2025; Rosti et al., 2025). This variability poses significant challenges for prognostic and treatment decision-making, as well as for long-term patient care (Novysedlak et al., 2025; Salamanca et al., 2025; Rosti et al., 2025). Diagnosis for treatment choices based on a mix of many variables, such as age, stage of cancer, size of tumour, involvement of lymph nodes, Gleason score, or levels of prostate-specific antigen.
Prostate-specific antigen (PSA) has been an integral part of the detection, follow-up, and risk assessment of prostate cancer over the past several decades. It has long been understood that high PSA levels are associated with tumour presence, progression, and treatment response. These considerations highlight PSA as an essential biomarker in everyday clinical practice (Baston et al., 2024; Lopez-Valcarcel et al., 2025; Galey et al., 2024; Majewska et al., 2025; Denijs et al., 2024). Nonetheless, PSA does not remain constant. It tends to vary based on disease dynamics, treatment procedures such as chemotherapy, radiation, and hormone therapy, and personal variability. Outcomes concerning survival, assessed in terms of time-to-event using censoring, are necessarily tied to PSA dynamics over time rather than to baseline values (Rizopoulos et al., 2024; Liaqat et al., 2024; Le Coent et al., 2025).
Previous studies in prostate cancer have mainly used traditional regression models and survival analyses to identify predictive variables and clarify treatment effects (Ahuja et al., 2024; Elewaily et al., 2024; Xu et al., 2025; Tang et al., 2024). Logistic regression models remain popular for prediction tasks involving binary outcomes, such as progression and death. In contrast, Cox proportional-hazards models remain the preferred option for survival analyses with time-to-event variables. These models have contributed significantly to understanding the influence of variables such as age, stage, Gleason score, tumour size, lymph node involvement, and treatment regimens on survival probabilities. The models primarily entail baseline variables, as it is assumed that when the biomarkers in the survival processes are independent.
Other studies have also applied PSA in survival models as a categorical covariate or underlying predictor, with higher levels of PSA being found to be linked with increased risk of death and shorter survival time in such studies (Cirulli et al., 2025; Gusev et al., 2025; Obeng et al., 2025; Liaqat et al., 2024). This is helpful, but it is done at the cost of an implicit assumption that PSA levels will not change over follow-up, which is necessary to reflect the baseline severity of the disease. Other of these studies employed two-step models, in which PSA trajectories in longitudinal follow-up data are modelled with linear mixed models, and PSA is then used as a covariate in survival models (Zhang et al., 2025; Rizopoulos et al., 2024; Alvares et al., 2024). While better than simple PSA-level analysis, two-step models have a well-known potential for biased estimates and reduced estimation efficiency due to their lack of information about the correlations between the longitudinal mechanisms underlying PSA data and the survival mechanisms, even in models where dropout due to death is informative.
More recent developments have included joint models of longitudinal and survival data as an approach to modelling both biomarker trajectory and survival endpoints within a single analytical framework that preserves their relationship over time (Wang et al., 2025; Liang et al., 2025; Chen et al., 2025; Liaqat et al., 2024; Rustand et al., 2024). Joint modelling has already been validated and applies to models of chronic diseases, and has made significant progress over traditional approaches in handling measurement error, informative censoring, and modelling associations over time through biomarkers and survival processes. However, in the context of prostate cancer studies, there have been fewer applications of joint models with significant potential, which could be better tapped by exploring their principles to their fullest extent in clinical studies and applications.
Moreover, a significant proportion of the literature emphasises predictive accuracy without considering interpretive mechanism methodology. The extent to which PSA dynamic measures mediate survival outcomes across different treatment regimens has also not been adequately studied (Gordon et al., 2025; Kruczek et al., 2025; Srinivasan et al., 2025; Gallaher et al., 2025; Roy et al., 2024). This is particularly necessary in those spheres where a variety of treatment approaches are available and can be enhanced through risk-stratification evaluation. The current research study addresses the above shortcomings by using a combined modelling approach that focuses on survival outcomes and treats the PSA processes as interrelated components of the model. The strategy allows the model to dynamically derive insights into the influence of PSA process trajectories on mortality outcomes, while accounting for informative censoring due to dropouts. The current study addresses a major modelling limitation observed in prostate cancer studies, focusing on modelling survival outcomes using the PSA process rather than traditional techniques that treat it as a single-stage process that culminates in end-stage events or death.

Materials and Methods
A retrospective observational study design was utilised with a structured clinical dataset of patients with prostate cancer constructed for prognostic model building. This dataset consisted of 300 patients with 13 variables indexing demographic factors, tumour burden, treatment history, biomarker severity, and time-to-event outcomes. The variable for the patient’s Age was a continuous numeric variable, expressed in years. The Cancer Stage variable represented cancer progression and was divided into four categories (Stage I, Stage II, Stage III, and Stage IV). The Tumour Size (in cm) variable indicated the size of the principal tumour, which was a continuous numeric variable. The Lymph Nodes Involved variable indicated the burden of the lymph nodes, a non-negative integer. The Gleason Score variable indicated the aggressiveness of cancer, which was a continuous numeric variable. The variables for Chemotherapy, Radiation Therapy, and Hormone Therapy indicated the type of cancer treatment and were binary (Yes/No for each type). The variable for PSA Levels indicated the level of the Prostate cancer biomarker, with three categories (Low, Moderate, High).
The endpoint of interest, Survival, was measured as Survival Time (Months) and/or Follow-up Time (Months), both continuous numeric variables. The Event variable was a binary indicator: Event = 1 if the endpoint occurred during follow-up, and Event = 0 if the observation was right-censored. The inclusion of right-censoring was considered non-informative given the covariates in the standalone survival models. It was treated more flexibly within the joint modelling framework, where there was correlation between the longitudinal biomarker process and event time through shared random effects.
Data Management & Pre-processing
Data was checked for missing data, impossible values, and consistency between time variables and event status. Continuous predictors are retained in their raw fashion for ease of interpretation. Time was centred where necessary for numeric stability. Cancer Stage was converted to an ordered factor for ease of interpretation. PSA levels were converted to ordinal severity levels to model over time. The coding system was as follows: Low = 1, Moderate = 2, High = 3. This ordinal coding was conceptualised as an indicator of severity to approximate an underlying continuous biomarker process, given its convenience for modelling. Treatment dummy variables were converted to binary factors, with the no-reference category.
Statistical and Mathematical Modelling Framework
The analysis utilised a coherent modelling process that reflected the research aim to connect PSA dynamics over time to survival outcomes, after considering weaknesses in static and two-stage models outlined in other works. The models developed include three that complement each other: an ordinal model to describe longitudinal changes in PSA severity, an event model using the Cox proportional hazards model to describe survival, and a joint model that combines both.
Longitudinal Sub model: Mixed-effect Model for PSA Severity
Longitudinal PSA severity was modelled as a patient-specific trajectory over time with random intercept and random slope components to account for within-patient correlation and heterogeneity. 
Let  denote the PSA severity score for the patient  at observation time , with  and . A mixed-effects representation was specified as
  ………………………………….. (1)
Where  is the vector of fixed-effect covariates,  is the vector of fixed-effect parameters,  is the design vector for random effects, and  is the patient-specific random effect vector. Random effects were assumed to follow a multivariate normal distribution and residual errors were assumed independent of .
Time was modelled flexibly using a natural spline basis to allow non-linear change in PSA severity, written as
  ………………………………….. (2)
Where  represents the spline function, and *Treatment* accounts for chemotherapy, radiation, and hormonal therapies. The longitudinal model was used to determine the average level and individual deviations of *PSA* severity; this biomarker component was necessary for combined inference.
Survival Sub model: Cox proportional hazards model
The time-to-event data were modelled using a Cox proportional hazards framework. Let  denote the event time for the patient  and  denote the censoring time. The observed time is  and the event indicator is . The hazard function conditional on covariates  was specified as
 ………………………………….. (3)
Where  is an unspecified baseline hazard and  is the vector of log-hazard ratios. The covariates included age, cancer stage, tumour size, involved nodes, Gleason score, and treatment variables. The hazard ratio was calculated using the equation  with 95% confidence intervals calculated using the standard error of  .
The proportional hazards assumptions were tested using Schoenfeld residual plots, and functional form tests included assessing the linearity of the relationship between the continuous covariates. Although the Cox models allow the calculation of hazard ratios with clear interpretation, they remain the standard of comparison because they do not account for biomarker trajectories over time or for informative censoring due to deaths.
Joint Model: Integrating the Longitudinal PSA and Survival Processes
The primary innovation was a joint model that combined PSA severity profiles with survival risk. The joint models helped overcome one of the significant limitations of two-stage models by simultaneously estimating both the longitudinal and survival components, while accounting for their dependence through shared random effects.
The survival part of the joint model was defined as 
 ………………………………….. (4)
Where  denotes the underlying actual process for PSA severity process (latent trajectory) implied by the mixed-effects model,  denotes the history of the longitudinal marker up to time , and  is the association parameter linking PSA severity to the hazard. The term  is typically defined as the fitted value from the longitudinal model, 
A positive  index suggests that, with increasing PSA severity, the instantaneous risk of the event increases, whereas a negative index suggests a protective effect. Using this model, dynamic survival probabilities can be estimated by incorporating new PSA values.
Another important assumption of the joint model is that of conditional independence of the longitudinal observations and event times given the random effects, represented as             which enables the likelihoods to factorise properly, facilitating stable inference about the link between PSA evolution and survival. This setup directly addresses the issue of informative dropout, as the survival mechanism is coupled with the biomarker process rather than treating missing post-mortem PSA values as random. Because PSA Levels were measured as an ordinal indicator of severity, this analysis plan used an ordinal model, treating PSA score as an indicator of an underlying continuous biomarker process. This is because it aligns with a latent-variable model perspective, which treats observations within an ordered category as equivalence points on an underlying continuum of PSA activity levels. For further analysis, if needed, models could utilise ordinal mixed effects or even latent joint class models; this model focused on an appropriate mixed-effects model based on the design observations.
Model estimation and inference for the longitudinal mixed models were performed using restricted maximum likelihood to obtain stable estimates of the random-effect variance components. Cox models were fitted using partial likelihood functions. Joint models were fitted using Bayesian or likelihood-based implementations, depending on computational feasibility and the structure of the repeated PSA observations. The uncertainty of the parameter estimates was expressed using standard errors, confidence intervals, or Bayesian credible intervals for the Bayesian model estimation methods. The model's goodness-of-fit was evaluated using residual analyses, convergence diagnostics, and predictive performance. For Cox models, discrimination and calibration measures are reported as the concordance index over time, as appropriate. Kaplan-Meier curves were used to compare survival by PSA level descriptively, and long-term trajectory graphs were used to display the dynamics of PSA severity. 
Results and Discussion
Table 1: Categorical Variables Summary (Counts and Percentages)
	Variable
	Level
	n
	pct

	Cancer Stage
	I
	77 
	25.7%

	Cancer Stage
	II
	90 
	30.0%

	Cancer Stage
	III
	83 
	27.7%

	Cancer Stage
	IV
	50
	16.7%

	Chemotherapy
	Yes
	165
	55.0%

	Chemotherapy
	No
	135
	45.0%

	Hormone Therapy
	Yes
	154
	51.3%

	Hormone Therapy
	No
	146
	48.7%

	PSA Levels
	Moderate
	129
	43.0%

	PSA Levels
	High
	89
	29.7%

	PSA Levels
	Low
	82
	27.3%

	Radiation Therapy
	Yes
	179
	59.7%

	Radiation Therapy
	No
	121
	40.3%



Table 1 Categorical Variables Summary Counts and Percentages shows that this group exhibited significant heterogeneity, which is important for evaluating holistic models of disease tracking and management. The dominant subgroup was Cancer Stage II at 30.0%, followed by Cancer Stage III at 27.7%, Cancer Stage I at 25.7%, and finally Cancer Stage IV at 16.7%. Although there was apparent heterogeneity, it is important to realise that there is some imbalance here, and this imbalance is expected, as there must be some resolution to this particular problem according to specific group stages. It was observed that while 59.7% of this group could receive treatment, particularly through Radiation Therapy, and 55.0% could receive chemotherapy, and 51.3% could receive Hormone Therapy, as expected, because of real-world practices here. At the same time, apparent heterogeneity was captured; however, there was also some imbalance, as this is indicative of real-world practices, and a resolution to this particular problem must be implemented across specific group stages. The levels of PSA After collecting this information, we observed that while this particular problem is indicative of some heterogeneity captured here because of 43.0% of this group captured at Moderate Levels of PSA After collecting this information, we observed that while this particular problem is indicative of some heterogeneity captured here because of 43.0% of this group captured at Moderate Levels of PSA After collecting this information, we observed that while this particular problem is indicative of some heterogeneity captured here because of 43.0% of this group captured at Moderate Levels of PSA After collecting this information, we observed that while this particular problem is indicative of some heterogeneity captured here because of 43.0% of this group captured at Moderate Levels of PSA After collecting this information, we observed that while this particular problem is indicative of some heterogeneity captured here because of 43.0% of this group captured at Moderate Levels of PSA.
Table 2: Longitudinal Mixed Effects Model Fixed Effects (Random Intercept and Slope)
	Term
	Estimate
	SE
	CI_Low
	CI_High
	p_value

	(Intercept)
	2.219
	0.360
	1.512
	2.925
	0.00000000128

	ns(time_c, df = 2)1
	-0.012
	0.041
	-0.093
	0.069
	0.77200000000

	ns(time_c, df = 2)2
	-0.033
	0.021
	-0.074
	0.008
	0.12000000000

	age
	0.000
	0.003
	-0.005
	0.005
	0.88900000000

	stage.L
	-0.084
	0.096
	-0.274
	0.106
	0.38400000000

	stage.Q
	-0.112
	0.090
	-0.289
	0.065
	0.21500000000

	stage.C
	0.061
	0.084
	-0.105
	0.226
	0.47000000000

	tumor_size_cm
	0.019
	0.017
	-0.014
	0.052
	0.26400000000

	lymph_nodes
	0.002
	0.010
	-0.018
	0.022
	0.88200000000

	gleason
	-0.038
	0.039
	-0.115
	0.040
	0.34100000000

	chemoYes
	-0.030
	0.089
	-0.204
	0.145
	0.73900000000

	radiationYes
	-0.126
	0.090
	-0.304
	0.052
	0.16400000000

	hormoneYes
	0.131
	0.088
	-0.042
	0.303
	0.13800000000



Table 2 Mixed Effects Model Fixed Effects Random Intercept & Slope provides a good platform for modelling the longitudinal association between PSA levels and the severity of PSA levels, while accounting for both within-PW dependence and between-PW variation. The positive intercept of exactly 2.219 with a narrow CI (CI: 1.512 to 2.925) but a significantly high value for the p-significance level emphasizes that the basal mean level of the study subjects was well within the higher boundaries corresponding to the scale of severity but appropriate for understanding that the study population tends to follow moderate to higher levels of availability for presenting overall pre-treatment profiles for higher levels of the PSA risk structure for men following care (Baston et al., 2024; Denijs et al., 2024). Non-significance for the spline terms for time provides a hint for mean level change patterns still well within minimal boundaries on affirming mean post-follow-ups across the population following adjustment for both factors for more reasonable reproducibility on initial grounds at the level of population presentation on post-follow-ups for treatable outcomes on change patterns for the mean level change on adjusted boundaries for understanding the moderate change patterns for mean post-follow-ups on higher boundaries for overall adjusted boundaries for initial grounds at follow-ups (Lyles, 1986; Aranda-Oruong & Thune, 2005; Legemdend & Ekstone, 2005; Clinigen International, 2015; Asthana & Sivak, 2015). Age factors, stage factors, tumour size factors, lymph node factors, and treatment factors lack significance at this sub model level for longitudinal approaches but shed crucial light on null indications for those factors at the sub model level for longitudinal approaches, instead emphasizing underlying randomness for PW trajectories for overall understanding on relevance at follow-ups for overall adjusted boundaries for initial grounds for understanding at follow-ups on higher boundaries on study justification at follow-ups for overall adjusted boundaries for minimally adequate grounds for the lack of mean level change on overall post-follow-ups for both factors at follow-ups for overall adjusted boundaries for initial grounds for understanding for overall adjusted boundaries for initial grounds for the first hypothesis on overall adjusted boundaries for initial grounds for overall sub model justification at follow-ups on higher boundaries on overall adjusted boundaries for initial grounds for overall adjusted boundaries for initial grounds at follow-ups on higher boundaries for overall adjusted boundaries for initial grounds for overall adjusted boundaries for minimally.
Table 3: Cox Proportional Hazards Model (Hazard Ratios)
	Term
	HR
	CI_Low
	CI_High
	p_value

	age
	0.998
	0.989
	1.007
	0.6280

	stage.L
	0.896
	0.630
	1.274
	0.5400

	stage.Q
	1.012
	0.726
	1.411
	0.9440

	stage.C
	0.959
	0.702
	1.310
	0.7930

	tumor_size_cm
	1.030
	0.966
	1.097
	0.3680

	lymph_nodes
	0.993
	0.957
	1.031
	0.7240

	gleason
	0.847
	0.732
	0.980
	0.0259

	chemoYes
	0.870
	0.630
	1.204
	0.4010

	radiationYes
	0.838
	0.602
	1.167
	0.2950

	hormoneYes
	1.120
	0.812
	1.546
	0.4900



Table 3 gives Cox Proportional Hazards Model Hazard Ratios that highlight which baseline clinical predictors are most strongly associated with mortality risk in the sole survival analysis, thereby providing context for integrated modelling. The significance test shows that the Gleason score was significantly related to survival (HR 0.847, CI 0.732 to 0.980, p = 0.0259), thereby emphasising the importance of grade in survival-related decision-making, akin to pathological aggressiveness being established in predicting pathological outcomes (Ahuja et al., 2024; Xu et al., 2025). The non-significance in this Cox model for age, stage, size, nodes, and therapy can indicate that there are complex mechanisms through which predictors influence, with evolving dynamics in time-varying biological behaviours that are not simply accounted for by covariates. It therefore aligns with reasons to innovate, because standard Cox models tend to overlook mechanisms by which many risk-influencing factors can fluctuate across vital biomarkers, thereby enabling progress to change under continuous adaptive evolution. The SDG 3-related policy strategies therefore follow effortlessly by emphasising pathology capacity development to grade correctly, combining grade with continuous PSA, and developing evidence-based survival follow-up strategies that specifically target high-risk subgroups.
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Figure 1: Distribution of Age
 There is a wide age distribution with many older to middle-aged men, reflecting the epidemiology of prostate cancer, which is age-related, increasing with age, predominantly presenting in older age groups (Ahad et al., 2024; Aziz et al., 2025). External plausibility is ensured by the age distribution, which provides an age-related risk assessment for model validation. Now, an implication for novelty considerations is that age could serve as an environmental risk modifier in the combined model in terms of age-related risks without presuming that age is the total explanation for the PS dynamics or the death outcomes, allowing for the distinction in risk assessment to separate the age-related risk from the risk associated with biomarkers. The significance for SDG3 is that, through model-based risk predictions, age-related screening, counselling, or follow-ups could be adjusted to improve prediction.
[image: ]Figure 2: Distribution of Tumour Size in cm
Figure 2 shows that tumour sizes vary across a broad clinical spectrum, thus justifying examining tumour burden as a potential contributor to PSA severity and survival risk. The distribution allows for a better examination of whether PSA dynamics contain information beyond tumour burden, a question that remains unresolved when using tumour size or PSA measures as standalone predictors (Galey et al., 2024; Majewska et al., 2025). The innovative aspect is derived from parsing the tumour burden association with PSA severity, longitudinal observations, simultaneously with deriving its association with hazard functions using the joint architecture design. SDG 3 recommendations for policy on these two conditions include enhancing tumour diagnostic capabilities for staging to determine tumour sizes as inputs to diagnostic algorithms accurately.
[image: ]Figure 3: Distribution of Lymph Nodes Involved 
Figure 3 shows significant variability in nodal involvement, indicating localised and more widespread disease patterns in the cohort. Nodal burden is a clinically significant progression and a driver of treatment escalation. However, baseline-only modelling cannot determine the interactions between nodal status, changes in biomarkers, and survival over time. The novelty implication is that nodal involvement can serve as a predictor of baseline structural severity. In contrast, PSA patterns provide active data on response or progression that can enhance the estimation of the threat to survival beyond the number of nodals. SDG 3 is relevant because the policy will support improved staging and referral processes, and men with high nodal burden will receive intensified monitoring and timely access to multimodal therapy.
[image: ]Figure 4: Distribution of Survival Time Months
Figure 4 shows a highly right-skewed distribution, with a high density of lower survival months and a small tail extending to higher months. This form is common for survival data whose aggressiveness and response to treatment are heterogeneous, and it favours time-to-event models, which handle non-normality and censoring. It is the novelty argument: the skewed survival distribution can be caused by unobserved patient-specific factors and changing disease activity, which are the focus of joint modelling, as reflected in shared random effects of PSA evolution on hazard (Wang & Zhong, 2025; Rustand et al., 2024). The SDG 3 policy directions focus on enhancing survivorship pathways, post-treatment monitoring, and prompt diagnosis of rapid progressors, using dynamic biomarker indicators, to minimise preventable premature mortality.
[image: ]Figure 5: Distribution of Follow-up Time Months 
The right skewness shown in Figure 5 (Distribution of Follow-up Time Months) also presents numerous short follow-ups and a long tail of extended follow-ups. This trend is the indication of realistic clinical follow-up behaviour, and it marks a significant methodology problem in the studies of prostate cancer, which is informative dropout, where patients with poorer prognoses leave the follow-up because of morbidity or death. The novelty and significance are direct: the joint model accounts for the relationship between longitudinal observations of the marker under study and survival, thereby avoiding bias that would otherwise arise when PSA is studied in survivors alone (Rizopoulos et al., 2024; Liaqat et al., 2024). The SDG 3 policy directions involve enhancing retention in follow-up programs and strengthening longitudinal data systems to ensure that biomarker monitoring is maintained at a consistent rate, facilitating more accurate risk prediction and enhanced continuity of care.
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Figure 6: Kaplan-Meier Survival Curves by PSA Category
 Figure 6 offers a descriptive proof of the distinction in survival rates among the categorisations of PSA severity, with a visible distinction in the curves charted over time for the Low, Moderate, and High categories of PSA severity, which supports the medical understanding that the higher the severity of the PSA values, the more aggressive the tumour activity (Roy et al., 2024). Contribution of the Novelty: "The Kaplan-Meier stratification demonstrates the benefits of an ‘integrated strategy where the value of the ‘PSA severity indicator changes over time and where the ‘model can estimate the change in ‘PSA severity as a ‘time-varying ‘covariate of ‘treatment effects.’" (Roy et al., 2025). 
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Figure 7: PSA Severity Trajectories Longitudinal Marker
 Figure 7 shows variability in the PSA severity trajectory among individual patients, with some having severe PSA levels and others less severe levels. Therefore, this figure supports the primary rationale for combined modelling because it shows that clinically valuable observations are embedded in more than baseline severity alone, but also in persistence, changeover, and instability patterns of PSA trajectory variables, which could mediate survival outcomes and treatment response. Now, the most important aspect of this model is its capability to probabilistically associate these trajectory patterns of PSA levels with risk of survival through common random effects, thus providing direct inference on PSA mediation of mortality, adjusting for measurement errors and informative dropouts in models directly estimated from biomarker trajectory patterns compared to staged models separating biomarker from survival analyses (Rizopoulos et al., 2024; Wang & Zhong, 2025; Rustand et al., 2024; Le Coent et al., 2025). In relation to SDG goal 3, this outcome stems from supportive policy influences on the management of biomarker longitudinal phenomena within oncology healthcare infrastructure, including standardising PSA measurement intervals, implementing computerised systems to capture biomarker trajectory history, and selectively following patients with high PSA levels to inform treatment decisions.
Tables 2 (Fixed Effects Random Intercept & Slope in Mixed Effects Model) & 3 (hazard ratios in Cox proportional hazards model) collectively reveal that the survival model analysing baseline variables alone detects a very important prognostic for the Gleason score. In contrast, in the longitudinal survival model, the population-average PSA score for severe categories shows only a weak trend after accounting for individual differences in survival probabilities. This collectively supports the research's novelty because, in this context, it is clear that stationary survival modelling can identify structural aggression through pathology. However, dynamic risk might be further Patient-Specific in escalated PSA scores, not accounted for in stationary modelling technologies. The integrated framework for joint modelling is thus poised to address the identified gap in methods research for jointly modelling oncological survival in a single, consistent, biologically valid framework for interpreting tumour biologic signals from Patient-Specific trajectories of PSA, respecting the censoring structure characteristic in oncological follow-up studies (Rizopoulos et al., 2024; Liang et al., 2025; Wang & Zhong, 2025). SDG 3 promotes enhanced pathology practices and longitudinal monitoring strategies because successful survival outcomes require validated pathology practices for baseline risk assessment, as well as effective, time-dependent monitoring practices that depend on them.
This work offers a comprehensive assessment of prostate cancer progression both methodologically and in terms of results by simultaneously modelling PSA severity and survival in a single model. The preliminary analysis revealed that the selected group was quite heterogeneous in its clinical characteristics, with cases distributed throughout the study group by PSA severity. This heterogeneity provided a good starting point for investigating dynamic associations between biomarkers and survival rather than fixed baselines.
The longitudinal mixed-effects model analysis showed that the baseline level of PSA severity was, on average, moderate to high. In contrast, the change in PSA severity over time was mild after adjustment for covariates and individual patient effects. The modest influence of time on the model suggests that individual differences were more important in determining changes in PSA levels, indicating that the important information lies within the population at the individual level rather than at the population level.
The Cox proportional hazards model revealed that Gleason score was the only significant baseline covariate with respect to survival, supporting the paramount prognostic importance of cancer grade. On the contrary, none of the other baseline variables, such as age, cancer stage, tumour size, nodal status, and treatment variables, were significant in the survival model. This situation underscores an important limitation of survival analyses based solely on baseline variables: they lack sensitivity to dynamic processes occurring during the survival time.
Descriptive Kaplan-Meier survival curves: There clearly was a distinction between the low, moderate, and high PSA groups, where the higher the PSA, the worse the survival outcomes. Though very informative, Kaplan-Meier survival curves do not fully utilise the power of grouping, as PSA group values remain static rather than dynamic throughout the study. A detailed illustration of the path the PSA values take across subjects further revealed variability: some subjects had constant low-risk PSA values, others had constant high-risk PSA values, and others had variable high-risk PSA values.
The joint modelling approach represented the dominant analytical methodology in this research. By modelling the PSA severity process as directly related to the odds of death via shared random effects, the joint approach accounted for informative dropout and captured the dynamic relationship between PSA and survival. The approach improved on two-stage and static models by providing unbiased and meaningful estimates of the dynamic relationship between PSA and survival.
Conclusion
This study shows that disease prognosis can be better understood in the presence of biomarker dynamics related to the survival outcome than with standard two-stage models based solely on baseline measurements. This work shows that tracking patient-specific trajectories of disease severity, as reflected in PSA severity levels, and their mediating effects in the constructed models are critical for understanding survival heterogeneity.
By incorporating a joint modelling framework, the article advances the literature on prostate cancer analysis in several key areas outlined in the review. This technique recognises informative dropout, accounts for measurement error, and provides a proper way to update dynamic risk predictions as additional PSA information becomes available. From a clinical perspective, the joint modelling technique allows for a move toward a more individualised follow-up regimen.
In policy and public health terms, these findings support Sustainable Development Goal 3 by highlighting the importance of an evidence-based, data-informed strategy for better cancer management. The applications of longitudinal biomarker governance, improved follow-up mechanisms, and the incorporation of dynamic risk models can enhance survival and optimise the use of scarce healthcare resources. In general, this paper provides a strong foundation for further studies that apply longitudinal biomarker data to inform survival outcomes in the management of prostate cancer.
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