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progression-free survival (PFS) and overall survival (OS). Machine learning (ML) models
(Support Vector Classifier, Random Forest, and LGBM Classifier) were developed to predict
single organ-specific toxicities and to identify good and poor responders based on 7-month
PSA levels, PFS and OS. We compared ML model performance when trained only on
baseline factors (static models) with those integrating variables generated by vital sign
and blood test monitoring within 3 and 7 months from treatment start (dynamic models).
Results: Dynamic model failed to improve the prediction of single organ-specific toxicities.
Univariable Cox analysis revealed that the development of hematological, liver, and kidney-
related toxicity, as well as the development of electrolyte disturbances within 3 or 7 months,
was associated with shorter PFS (p = 0.011, 0.007, 0.174, and 0.02, respectively) and /or OS
(p =0.001, 0.099, 0.012, and 0.001, respectively). In multivariable Cox analysis, increasing
alkaline phosphatase levels (HR = 1.93, p = 0.009), decreasing albumin (HR = 1.92, p = 0.008)
and development of hyponatremia (HR = 1.79, p = 0.033) were associated with a shorter
OS. The combination of static and dynamic variables significantly improved the ability of
ML models to identify poor responders (shorter PFS: AUC range 0.91-0.94 vs. 0.79-0.89).
Conclusions: The integration of conventional prognostic factors with the detection of sig-
nificant changes in vital signs and blood tests occurring early during systemic treatment in
patients with de novo mHSPC may enhance patient stratification and improve prediction
of survival outcomes. Multicenter validation studies are needed to confirm these results.

Keywords: prostate cancer; hormone-sensitive; machine learning; prognostic; blood tests;
toxicity; mHSPC; ARPIL; adverse events

1. Introduction

Prostate cancer (PC) is the second most common solid cancer in men [1] and is associ-
ated with a favorable prognosis in localized forms. However, in the case of metastatic PC,
the five-year survival rate drops significantly to approximately 32% [2]. Novel standard-
of-care options for metastatic hormone-sensitive PC (mHSPC), including combinations
of androgen deprivation therapy (ADT), androgen receptor pathway inhibitors (ARPI),
and/or docetaxel, have significantly improved patient prognosis [3], but a subgroup of
these patients still show an aggressive and rapidly progressive disease course, highlighting
the need to accurately predict disease progression and treatment response for optimal
individualized patient care.

In patients with mHSPC, several clinical and demographic factors may influence
prognosis and/or help to predict treatment response. These prognostic factors are typically
assessed at diagnosis and guide clinicians in predicting disease trajectory and tailoring
treatment. Specifically, disease burden (first introduced in the CHARTEED trial as disease
“volume” [4]) correlates with survival outcomes and benefit from specific treatments [5,6].
Moreover, patients with de novo mHSPC exhibit worse outcomes compared to those with
metachronous metastases [7]. Finally, younger age (<75 years old) [8] and higher BMI [9]
have also been associated with improved overall survival (OS) and higher benefit from
ARPIs [10].

Further prognostic insights can be gleaned during the early phases of systemic treat-
ment. For instance, PSA levels < 0.2 ng/mL after seven months of ADT are predictive of
improved outcomes, as shown in the SWOG9346 [11] and CHARTEED [12] studies. Similar
findings have been reported for PSA < 0.1 ng/mL at six months in LATITUDE [13] and
for deep PSA declines (reduction of >90% from baseline or to <0.2 ng/mL) in patients
receiving ADT plus apalutamide in TITAN [14].
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However, further dynamic changes occur during the first months of treatment for
mHSPC, including changes in blood tests and vital parameters. Beyond PSA dynamics,
early changes in physiological and laboratory parameters, including those reflected by
treatment-related adverse events (AEs), may provide further insight into patient biology.
These AEs, often related to systemic hormonal and chemotherapeutic impact, include
fatigue, anemia, cardiovascular effects and more [15-17]. ARPIs further enhance the risk
of cardiovascular and neurological AEs and are also associated with the risk of devel-
oping electrolyte disturbances, increased transaminase levels, and skin reactions [18-23].
Hematological and mucosal toxicities, alongside neuropathies, are linked with docetaxel
treatment [4,24].

The variability and underreporting of early AEs onset across trials complicate efforts
to both predict their occurrence and to assess their potential prognostic relevance. However,
the advent of fully digitalized electronic medical records has made it easier to systematically
capture real-world patient data and monitor even subtle changes in vital signs, laboratory
results, and biometrics.

The integration of machine learning (ML) models into real-world cancer research
enables efficient analysis of high-dimensional data, transforming it into actionable clinical
insights [25]. This approach has been explored in various aspects of PC diagnosis and
management [26], and was recently employed in a groundbreaking integrated way to
predict treatment response in patients treated with immune checkpoint inhibitors in clinical
trials for all cancers, through the SCORPIO ML system [27].

To our knowledge, this study is the first to systematically evaluate whether dynamic
changes in routine laboratory markers and vital signs during the first seven months of
treatment in de novo mHSPC can: (1) predict or anticipate the onset of organ-specific toxic-
ities and (2) refine prognostic predictions beyond established baseline clinical parameters.
We estimate risk and incidence of clinically meaningful parameter shifts and assess their
prognostic value using both traditional Cox models and machine learning algorithms, with
the aim of improving risk stratification and informing therapeutic decision-making.

2. Materials and Methods

This is a single-center retrospective study analyzing data extracted from electronic
medical records of patients who consecutively presented with de novo mHSPC and initiated
first-line therapy at the Oncology Institute of Southern Switzerland between the years 2014
and 2023.

Every patient either signed an informed consent for data collection or was deceased
at the time of data analysis. The study was in the scope of a retrospective data collection
protocol approved by the local ethics committee and was conducted in accordance with the
1964 Helsinki Declaration and its later amendments or comparable ethical standards.

A comprehensive summary of the methodologies employed is presented in Figure 1.

We included patients with de novo metastatic PC who received first-line treatment
with either ADT monotherapy or ADT in association with docetaxel and/or an ARPI,
with available data on their laboratory test results at diagnosis and within seven months
from treatment start. Detailed inclusion and exclusion criteria can be found in Methods
S1and S2.

2.1. Clinical Measurements and Variable Definition

To identify factors potentially influencing survival outcomes in Cox analyses and ML
models and to detail the clinical changes happening within the early phases of systemic
treatment for mHSPC, we collected a comprehensive set of demographics, clinical, and
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laboratory parameters, as detailed in Method S3. Patient clinical and laboratory data were
collected from treatment initiation to seven months after ADT start.

Early changes in the collected vital and blood test parameters were automatically
detected and classified by our IT platform based on the Common Terminology Criteria
for Adverse Events version 5.0 (CTCAE v5.0), which grades events on a severity scale
from Grade (G) 1 to G4. GO defined values within the normal range. Values not classified
as events under CTCAE v5.0 were categorized as either normal (G0) or abnormal (>G0),
depending on whether they fell within or outside the normal ranges.

For certain variables (e.g., hypertension), we implemented a modified CTCAE v5.0
grading system. This adaptation allowed for streamlined, automated grading based solely
on objective clinical and laboratory measures, while excluding clinical insights and patient-
reported severity, which were not consistently available across all patients. Variables
associated with broader AE categories (i.e., hematological toxicity, liver toxicity, kidney-
related toxicity, electrolyte disturbances) were further grouped to facilitate comprehensive
reporting and robust evaluation of their potential prognostic impact.

When Cox regression or machine learning analyses required comparisons between
two groups based on the same variable, we considered GO versus G1-4 (event did not occur
vs. any-grade event occurred).

A detailed description of early monitoring-derived variables, their grading system,
and monitoring procedures is provided in Method S4.
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Figure 1. Summary of the study design and analysis. ADT, androgen deprivation therapy; ALP,
Alkaline Phosphatase; ARPI, androgen receptor pathway inhibitor; BMI, body mass index; CTCAE
v5.0, Common Terminology Criteria for Adverse Events version 5.0; ECOG, Eastern Cooperative On-
cology Group; GGT, Gamma-glutamyltransferase; ISUP, International Society of Urological Pathology;
LGBM, Light Gradient Boosting Machine; mHSPC, metastatic hormone-sensitive prostate cancer; OS,
overall survival; PFS, progression-free survival; PSA, prostate-specific antigen; ROC-AUC, receiver
operating characteristic and area under the receiver operating characteristic curve.



Cancers 2025, 17, 3806

50f18

2.2. Study End Points and Outcomes

Our primary objectives were to compare Progression-Free Survival (PFS) and OS
between patients that, within seven months from hormonal treatment initiation, did or did
not develop the selected early changes in vital parameters or blood exams. Additionally, we
aimed to develop multiple ML models that further integrated established clinical prognostic
data with the variables generated by the monitoring of outpatient vital signs and blood
exam results collected within the first 7 months of treatment initiation. These models were
designed to predict the occurrence of a PSA reduction to a value of <0.2 ng/mL within the
first 7 months of treatment, as well as to predict PFS and OS outcomes. Specifically, we
aimed to predict the probability of each patient falling into the best quartile or the worst
quartile of PFS and OS (Results S7).

Secondary objectives were to compare the incidence of the selected early changes in
vital parameters or blood exams between different clinically-defined subgroups of our
patient population and assess the performance of ML algorithms in integrating baseline
demographic, clinical, and blood exam data to predict the development of early vital
parameters and blood exam changes or adverse events.

The decision to assess variable changes within seven months from treatment initiation
was based on the proven reliability of the same time point in assessing treatment response
and prognosis for mHSPC patients, as demonstrated by the well-established use of PSA
measurements at seven months as a validated surrogate marker [12].

The employed definitions of 7-month PSA, PFS, and OS [28,29] are provided in
Method S5.

Data sources and extraction process are described in Method Sé.

2.3. Statistical Analyses

We employed Pearson’s chi-square test to examine associations between cate-
gorical variables, comparing patients that received different mHSPC treatment regi-
mens (ADT monotherapy, ADT + ARPI, and ADT + docetaxel &+ ARPI). The association
between variables and OS or PFS was depicted using Kaplan-Meier survival curves, and
group comparisons were made using the log-rank test. Patients without a documented
event were censored at their last follow-up. All statistical comparisons were made with
two-tailed tests.

We performed univariable analyses using Cox proportional hazards models, incor-
porating early monitoring-derived variables (Method S4). Variables showing significance
(p < 0.10) in univariable analyses were included in the multivariable Cox model. This less
restrictive significance level is a conventional approach for variable selection in prognostic
models, aimed at preventing the premature exclusion of potentially important covariates.
To address immortal time bias, we conducted landmark analyses at 6 and 7 months from
the start of treatment for both PFS and OS. Cox regression analyses should be deemed
exploratory; their p-values are not corrected for multiple testing and should be interpreted
accordingly. The results are presented as hazard ratios (HR) with 95% confidence intervals
(CI95%). All statistical analyses were carried out using Jamovi software version 2.7.6.
Detailed statistical procedure is provided in Method S7.

2.4. Model Development and Evaluation

Data preprocessing is detailed in Method S8. To adjust for censoring in the
dataset, a Kaplan-Meier estimator was used to compute inverse probability of censor-
ing weights (IPCW).

Three machine learning models were chosen for training: Light Gradient Boosting
Machine (LGBM) Classifier [30], Support Vector Classifier (SVC), and Random Forest
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(for both SVC and Random forest models, the Scikit-learn library [31]). These models were
selected due to their complementary strengths in handling diverse types of data and their
ability to capture complex patterns: LGBMClassifier: Effective in handling large datasets
with missing values and features of varying importance; SVC: Robust in high-dimensional
spaces and effective in separating non-linear relationships; Random Forest: Known for its
interpretability and capacity to handle overfitting via ensemble learning.

The models were trained using GridSearch with Cross-Validation (from Scikit-learn
library [31]) to optimize hyperparameters and improve model stability. 10-Fold Stratified
Cross-Validation was utilized, ensuring that the proportion of classes was preserved across
folds. This method provided robust estimates of model performance and minimized biases
introduced by class imbalance.

After completing the training and hyperparameter tuning process, the models were
evaluated on an unseen test set, which comprised 20% of the original dataset. The per-
formance of the models was assessed using the area under the Receiver Operating Char-
acteristic (ROC-AUC) curve, the Precision-Recall (PR-AUC) curve, and the Brier score to
evaluate probabilistic accuracy. To ensure the reliability of Brier scores, all models were
calibrated prior to evaluation.

Missing data handling is detailed in Method S9.

The description of the calibration process is available in Method S10. To ensure reliable
probabilistic predictions, all models were calibrated using scikit-learn’s CalibratedClassi-
fierCV with isotonic regression. We used a 5-fold cross-validation within the calibration
process to help prevent overfitting and ensure robust generalization of calibrated probabili-
ties to unseen data.

The complete dataset will be provided upon reasonable request (Method S11).

3. Results
3.1. Study Population Characteristics

During the study period, a total of 363 patients with de novo mHSPC were included
with a median follow-up of 69.5 months. Table 1 presents the baseline demographic and clin-
ical characteristics at the time of treatment initiation (T0), distinguishing between patients
treated with ADT, ADT + ARPI, and docetaxel-based regimens (either ADT + docetaxel or
ADT + ARPI + docetaxel). Among the patient cohort, 245 (67.5%) received ADT monother-
apy, 82 (22.6%) received ADT + ARPI, and 36 (9.9%) were treated with a Docetaxel-based
combination (of which 11 received ADT + docetaxel + one ARPI). As expected, patients
receiving ADT + docetaxel &= ARPI had higher rates of high-volume disease according
to CHAARTED criteria (p < 0.01) and younger median age at diagnosis (p < 0.01). The
relatively high number of patients treated with ADT alone reflects the historical nature
of the dataset, which includes patients diagnosed as early as 2014, a period preceding
the widespread adoption of ARPIs and consistent with the scientific evidence available at
that time.
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Table 1. Baseline clinical patient characteristics. Comparison between patients that received androgen
deprivation therapy (ADT) monotherapy versus ADT plus an androgen receptor pathway inhibitor
(ARPI) versus ADT plus docetaxel plus/minus an ARPL p-values are calculated using Pearson’s
chi-square test. Abbreviations: CI, Confidence Interval; ISUP, International Society of Urological

Pathology; PSA, prostate-specific antigen; IQR, interquartile range.

ADT ADT

Variable Total Population ADT + ARPI + Docetaxel p-Value
+ ARPI

Overall patients 363 245 (67.5%) 82 (22.6%) 36 (9.9%)
CHAARTED
High volume 205 (56.5%) 124 (50.6%) 51 (62.2%) 30 (83.3%) p<0.01
Low volume 158 (43.5%) 121 (49.4%) 31 (37.8%) 6 (16.7%)
Age at diagnosis 75, 77, 76, 66, <0.01
(median, IQR) - 67-82 69-83 67.0-81.0 63-72 p=t
Age at diagnosis
>70 years old 246 (67.8%) 176 (71.8%) 57 (69.5%) 13 (36.1%) p <0.01
<70 years old 117 (32.2%) 69 (28.2%) 25 (30.5%) 23 (63.9%)
Baseline PSA 70 100.0, 38.0, 60.0, <0.01
(median, 95% CI) 26-330 32.0-438 18.0-156 13-209 p=>
ISUP grade group
5 203 (55.9%) 114 (46.5%) 63 (76.8%) 26 (72.2%) - 0.30
<5 42 (11.6%) 29 (11.8%) 9 (11.0%) 4 (11.1%) p=5
Unknown 118 (32.5%) 102 (41.6%) 10 (12.2%) 6 (16.7%)
7-month PSA
>0.2 129 (35.5%) 87 (35.5%) 29 (35.3%) 13 (36.1%) <0.01
<0.2 72 (19.8%) 21 (85.7%) 42 (51.2%) 9 (25.0%) p=t
Unknown 162 (44.6%) 137 (55.9%) 11 (13.4%) 14 (38.9%)

3.2. Incidence of Early-Onset AEs According to the Treatment Regimen

Results S1 presents a comparison of the incidence of events, defined by vitals or blood
exam changes within the first seven months of systemic treatment, between patients who
were treated with different drug regimens.

Data availability is reported in the table. Notably, it was possible to assess the inci-
dence of hematological toxicities, electrolyte imbalances, and liver- and kidney-specific
toxicities in approximately 70% of the patient cohort. For all defined events, except for
the development of hypo-/hypermagnesemia and the elevation in blood GGT levels, data
were available for at least 50% of the patients.

A higher incidence of hematological toxicities (p < 0.01), specifically neutropenia
(p <0.01) and anemia (p < 0.01), was observed in the docetaxel-treated group, while elec-
trolyte disturbances (p = 0.87), as well as liver (p = 0.36) and kidney toxicity (p = 0.30) did
not show significant differences between treatment groups. Patients receiving docetaxel
further experienced higher incidence of decreased albumin levels (p = 0.03) and increased
creatinine (p = 0.01) during the first seven months of treatment.

3.3. Integrating Baseline Clinical Factors with Baseline Blood Exams and Vitals Data to Predict
Early Onset Biochemical Alterations

Results S2 summarizes the performance of LightGBM models to predict the develop-
ment of any of the early monitoring events of the prespecified categories (hematological
toxicity, liver toxicity, kidney-related toxicity, electrolyte disturbances, any abnormality)
using two different data sources: one containing only the traditional baseline prognostic
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clinical data (baseline clinical model) and the other including also baseline vital parameters
and laboratory values (baseline combined model). Overall, the addition of vitals and blood
test data to the model allowed for a higher performance (compared to clinical data alone)
in predicting the development of any significant biochemical alteration within 7 months
from ADT start (AUC = 0.71 vs. 0.59).

However, both clinical and combined models failed in predicting organ-specific toxici-
ties with very limited AUC improvements (AUC < 0.70) (Results S2).

3.4. Impact of Early-Onset Biochemical Alterations on Survival Outcomes

In univariate Cox regression analysis (Table 2), patients who developed any-grade
hematological toxicity within the first seven months of treatment had significantly shorter
survival outcomes compared to those who did not. Specifically, this was associated with
worse PFS (median: 12.4 vs. 23.4 months; HR: 1.56, 95% CI: 1.18-2.08; p = 0.0018) and
OS (median: 23.2 vs. 43.7 months; HR: 1.72, 95% CI: 1.27-2.34; p < 0.001). Similarly, the
development of electrolyte disturbances was associated with worse survival outcomes,
including shorter PFS (median: 15.4 vs. 22.8 months; HR: 1.47, 95% CI: 1.09-1.99; p = 0.011)
and OS (median: 26.7 vs. 44.4 months; HR: 1.73, 95% CI: 1.24-2.40; p = 0.001). Finally,
liver-related toxicity was associated with a reduced PFS (HR: 1.31, 95% CI: 0.98-1.75;
p = 0.073), but its association with OS was not statistically significant (HR: 1.30, 95% CI:
0.95-1.78; p = 0.099). Kidney-related toxicities were not significantly associated with PFS
(HR: 1.28, 95% CI: 0.90-1.82; p = 0.174), but their development was predictive of a shorter
OS (median: 25.9 vs. 41.5 months; HR: 1.60, 95% CI: 1.11-2.30; p = 0.012).

In the multivariable OS cox analysis (Results S5), ALP level increase (HR: 1.93, 95%
CI: 1.18-3.17; p = 0.009), decreased albumin levels (HR: 1.92, 95% CI: 1.18-3.13; p = 0.008),
and the development of hyponatremia (HR: 1.79, 95% CI: 1.05-3.04; p = 0.033) remained
independent prognostic factors for worse survival. Conversely, achieving a 7-month
PSA < 0.2 ng/mL was strongly associated with longer survival (HR: 0.15, 95% CI: 0.07-0.30;
p < 0.001). Kaplan-Meier curves describing PFS and OS in patients experiencing changes
in selected biochemical parameters within the first 7 months of treatment are shown in
Results S3 and S4, and the results of multivariable analyses are detailed in Results S5.

Table 2. Results of Univariable Cox Analyses of Progression-free Survival (PFS) and Overall Survival
(OS) in the Overall Population. Univariable Cox regression analysis comparing patients who devel-
oped any-grade event within one of the established major categories to those who did not experience
the event.

. Median PFS o
Variable [months, 95% CI] HR (95% CI) p Value
Electrolyte
disturbances =
0 22.8[19.2-39.3] p =001l
1 15.4 [10.1-21.3} 1.47 (1.09-1.99)
Hematologycal
toxicity _
0 23.4[19.2-32.9] p =002
1 12.4[9.7-20.2] 1.56 (1.18-2.08)
Liver toxicity
0 20.5 [17-26.6] p =0.0073

1 15[10.4-22.4] 1.31 (0.98-1.75)
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Table 2. Cont.

. Median PFS o
Variable [months, 95% CI] HR (95% CI) p Value
Kidney-related
toxicity _
0 20.5 [17-26.9] p=0.174
1 15.4 [9.7-23.4] 1.28 (0.90-1.82)

. Median OS o
Variable [months, 95% CI] HR (95% CI) p Value
Electrolyte
disturbances -
0 44.4[35.4-63.9] p=0.001
1 26.7 [19.8-35.7] 1.73 (1.24-2.40)
Hematological
toxicity _
0 43.7 [38-54.7] p=0.001
1 23.2[18.5-34.4] 1.72 (1.27-2.34)
Liver toxicity
0 39.3 [31.9-48.1] p =0.099
1 32.1[19.8-43.9] 1.30 (0.95-1.78)
Kidney-related
toxicity -
0 41.5[34.4-48.1] p=0012
1 25.9 [18.2-39.3] 1.60 (1.11-2.30)

3.5. Integrating Clinical Prognostic Factors with Early Monitoring Data into ML Models to
Predict Survival Outcomes

Three ML models—LGBM Classifier, SVC, and Random Forest (RF)—were developed
to predict the probability of each patient to experience a 7-month PSA decrease to values
below 0.2 ng/mlL, as well as the probability of falling within the best or worst quartiles
of PFS and OS based on the general population’s distribution. The performance of these
models, evaluated on three different data sources (Clinical, Monitoring, and Combined), is
summarized in Table 3.

Dynamic models integrating clinical features with longitudinal laboratory and vital
sign monitoring data demonstrated superior performance in predicting shorter PFS (bottom
quartile) compared with models relying solely on clinical variables. Specifically, models
based on the combined dataset achieved ROC-AUC values ranging from 0.91 to 0.94,
versus 0.79-0.89 for the clinical-only datasets, with consistently low Brier scores (0.12-0.14).

For the prediction of longer OS (top quartile), models incorporating monitoring
data achieved good discriminative ability, with the monitoring-only dataset yielding
the best results (ROC-AUC = 0.79, 0.83, and 0.80 for LGBM, SVC, and RF, respectively).
The combined dataset further improved performance relative to clinical-only models
(ROC-AUC range = 0.69-0.86 vs. 0.61-0.71).

Conversely, the predictive performance of models for 7-month PSA response, higher
PFS (top quartile), and lower OS (bottom quartile) was substantially lower across all
algorithms and data sources, indicating limited discriminative ability in these subsets.
Nonetheless, models trained on the combined dataset maintained low Brier scores (<0.20)
across all tasks, except for those predicting 7-month PSA response.



Cancers 2025, 17, 3806

10 of 18

Table 3. Performance of machine learning models in predicting clinical outcomes. This table reports
the performance of LightGBM (LGBM), Support Vector Classifier (SVC), and Random Forest (RF) in
predicting: (1) 7 month PSA < 0.2ng/mL, and (2) membership in the best (higher 25%) or worst (lower
25%) quartiles of progression-free survival (PFS) and overall survival (OS). Models are trained on
three data sources: baseline clinical variables (“Clinical”), monitoring-derived features from routine
laboratory tests and vital signs (“Monitoring”), and their combination (“Combined”). Discrimination
was assessed using the area under the receiver operating characteristic curve (ROC AUC), while
probabilistic accuracy was evaluated using the Brier score. Higher ROC AUC indicates better
discrimination; lower Brier scores indicate more accurate and better-calibrated probabilities. As a rule
of thumb, Brier scores below ~0.20 generally reflect useful probabilistic performance for binary clinical
predictions (lower is better), though the meaningful threshold depends on outcome prevalence and
case-mix. Abbreviations: LGBM, Light Gradient Boosting Machine; SVC, Support Vector Classifier;
RF, Random Forest; PSA, Prostate-Specific Antigen; PFS, Progression-Free Survival; OS, Overall
Survival; ROC AUC, Area under the Receiver Operating Characteristic curve.

LGBM LGBM

Target Dataset ROC Brier SVC ROC SVC Brier RF ROC RF Brier

AUC Score AUC Score
AUC Score

PSA 7 months < 0.2 Clinical 0.62 0.24 0.54 0.26 0.58 0.27
PSA 7 months < 0.2  Monitoring 0.60 0.27 0.60 0.26 0.60 0.27
PSA 7 months < 0.2 Combined 0.68 0.24 0.63 0.26 0.67 0.25
Higher 25% PFS Clinical 0.68 0.14 0.64 0.14 0.68 0.16
Higher 25% PFS Monitoring 0.54 0.16 0.51 0.15 0.57 0.15
Higher 25% PFS Combined 0.54 0.15 0.54 0.14 0.53 0.14
Lower 25% PFS Clinical 0.89 0.19 0.79 0.18 0.86 0.16
Lower 25% PFS Monitoring 0.80 0.17 0.84 0.13 0.85 0.15
Lower 25% PFS Combined 0.94 0.14 0.91 0.14 0.92 0.12
Higher 25% OS Clinical 0.68 0.12 0.61 0.12 0.71 0.14
Higher 25% OS Monitoring 0.79 0.10 0.83 0.09 0.80 0.12
Higher 25% OS Combined 0.69 0.12 0.80 0.11 0.86 0.11
Lower 25% OS Clinical 0.54 0.21 0.62 0.22 0.62 0.22
Lower 25% OS Monitoring 0.69 0.21 0.71 0.22 0.71 0.19
Lower 25% OS Combined 0.67 0.19 0.66 0.19 0.59 0.19

SHAP summary plots for selected models are presented in Results S6. Across models
predicting PFS, features with the largest contributions included liver and hematologic toxi-
cities, electrolyte disturbances, increased serum ALP, and decreased albumin, together with
ISUP grade group and 7-month PSA. For OS, the models highlighted similar contributors,
with ISUP grade group, electrolyte disturbances, increased ALP, liver toxicity, and elevated
CRP showing the strongest impact on predicted shorter survival.

Figure S1 shows representative patients from the cohort with different baseline char-
acteristics and outcomes. Each feature’s contribution varied in direction and magnitude
based on its value and the values of other features, demonstrating the model’s complexity
in predicting treatment response and survival for each patient.

4. Discussion

To the best of our knowledge, this is the first study to comprehensively assess early
variations in vital parameters and blood test results during systemic treatment in a real-
world cohort of patients with de novo mHSPC. It also evaluates their prognostic role using
both classical statistical methods and ML systems. Finally, we present the first prognostic
ML model based on established prostate cancer-specific prognostic features, incorporating
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a comprehensive view of vital parameters, blood tests, and their dynamic modifications
within the first seven months of treatment.

Changes in key blood tests, such as PSA, within the first seven months of treatment
are well-established prognostic biomarkers for these patients [12]. While we hypothesized
that other dynamic changes in non-cancer-specific parameters might offer additional prog-
nostic value, possibly also reflecting treatment-related toxicities, we acknowledge the valid
concern that such associations could represent statistical correlations rather than direct
biological causality. We therefore selected this specific timeframe to develop an automated
model that detects and grades deviations from baseline in vital signs and blood test values,
recognizing that the ability of machine learning to identify complex relationships is key to
uncovering potentially non-intuitive prognostic signals.

We developed the first ML model, trying to offer an individualized risk assessment
for the probability of developing some specific AEs (hematological, kidney, hepatic and
electrolyte disorders) defined by variations of blood tests during the first seven months of
treatment. In this context, however, when looking at each single organ-specific AE, models
that used both clinical and vitals/laboratory variables showed reduced prediction accuracy
compared to those that employed only clinical and demographic factors. Overall, the ML
models’ performance was low with both training datasets. These findings highlight the
intrinsic complexity of predicting organ-specific toxicities and suggest that unmeasured
biological, clinical, or treatment-related factors likely contribute to these events beyond
the variables captured in our dataset. They also underscore the need for a more refined
selection of baseline features to improve future toxicity prediction efforts.

Our univariable Cox analysis revealed that the development of hematological, liver
and kidney-related toxicity, as well as the development of electrolyte disturbances within
the first seven months of systemic treatment for mHSPC, was associated with significantly
shorter PFS and/or OS.

As patients receiving docetaxel had higher rates of hematological toxicities, the ob-
served association with survival outcomes may reflect the selection of patients with more
widespread and aggressive PC.

To account for such potential confounders, we looked at single factors correlating
with survival outcomes in multivariable Cox analysis that also considered 7-month PSA
levels. Ultimately, only increasing ALP levels, decreasing albumin, and hyponatremia
development were associated with a shorter OS.

Within published studies, elevated serum ALP represents a biomarker for bone
disease progression with an established role in predicting PC progression and patient
survival [32-34]. Similarly, low serum albumin values are an established negative prog-
nostic factor in patients with cancer [35,36] and PC specifically [37,38], underscoring the
reliability of our dataset to capture significant factors influencing disease progression
and survival outcomes. When looking at other blood test values, a limited amount of
data is available regarding the predictive and prognostic role of their baseline value and
their variation during hormonal treatments for mHSPC. For hyponatremia development,
its role in prostate cancer is understudied. Evidence from other malignancies suggests
that hyponatremia may reflect more aggressive tumor biology or uncontrolled disease
growth, but its precise significance in de novo mHSPC remains unclear. In the Swedish
AMORIS study [39] baseline sodium values did not correlate with PC mortality. In that
study, patients with localized PC were mostly included. It is reasonable to assume that
the development of hyponatremia in the early phases of treatment for mHSPC represents
a distinct phenomenon, which we showed has significant prognostic value in our cohort.
However, that is likely to represent a marker of adverse disease biology or treatment-related
stress rather than a causal driver of poor survival.
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Our study also explored the potential prognostic and predictive value of significant
variations in vital signs during the early phase of treatment. However, the availability of
these parameters from outpatient visits was highly limited, leading to substantial missing
data that weakened their statistical power and precluded any meaningful association with
treatment response or survival outcomes. In a recent study, we had previously demon-
strated that the development of clinically significant hypertension was an independent
predictive and prognostic factor in a real-world population with de novo mHSPC [40].
However, in that study the grading system strictly followed the CTCAE v5.0 system, which
included and mainly relied on the introduction of new antihypertensive drugs. In the
present study, we could not account for such information in order to allow the IT system
to generate an automated grading system based on outpatient blood pressure measure-
ments only, and this adapted definition of hypertensive toxicity did not show significant
correlations with survival outcomes. This highlights the need to capture hypertensive drug
introduction to better identify this frequent AE development and exploit its prognostic
and predictive role. Given the extent of missing data in our cohort, the impact of vital sign
fluctuations warrants a dedicated prospective investigation in future studies.

Finally, in this study, we provide an mHSPC-specific ML platform to predict patient
outcomes. Our model integrates well-established clinical predictive and prognostic factors,
such as age, Gleason Score, disease burden, and PSA, with a wider range of vital parameters,
blood test results, and patient characteristics, allowing for a comprehensive characterization
of each patient. Furthermore, we account for the described dynamic changes that occur
during the first seven months of systemic treatments. By incorporating all these features
into our ML models we could generate individual prognostic scores for every patient. This
results in the first-of-their-kind comprehensive ML-based prognostic models for mHSPC,
demonstrating promising results.

Notably, models incorporating changes in blood tests and vital parameters recorded
during the first seven months of treatment exhibited significantly higher accuracy in pre-
dicting the probability of patients to be within the bottom quartile of PFS, compared to
models based solely on prognostic baseline clinical features. SHAP summary plots from
our ML models indicate that the early emergence of hematologic and hepatic toxicities,
electrolyte abnormalities, rising serum ALP, and declining albumin levels contribute ad-
ditional prognostic information beyond established baseline predictors of poor outcome.
These dynamic on-treatment changes appear to reinforce, and in some cases amplify, the
prognostic signals identified in our traditional statistical analyses.

Our findings suggest that monitoring vital parameters and blood test results during
the first seven months of treatment for mHSPC provides significant predictive information
and plays a critical role in identifying patients at higher risk for poor survival outcomes,
while clinical data remain strong indicators of favourable prognosis. Overall, our ML
models employing dynamic monitoring-derived variables consistently demonstrated an
improved performance in prognosticating 7-month PSA, PFS, and OS, underscoring the
value of early monitoring in refining the prediction of clinical outcomes in mHSPC patients.

Our observations collectively suggest that predicting toxicities and parameter changes
in de novo mHSPC is challenging and often imprecise, even when considering clinical data
and treatment regimens. However, detecting these changes and integrating them into ML
models can help improve the identification of patients at risk at very early progression
and death and predict poor 7-month PSA responses. This highlights the value of real-time
biochemical monitoring for the early detection of variations in vital parameters and blood
test results during systemic treatments.

These results emphasize the potential of early monitoring data to improve patient
outcome prediction. Therefore, the implementation of standardized and structured data col-
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lection systems within hospital settings should be encouraged. Improved data integration
would enable more accurate and timely prognostic modelling, ultimately supporting more
personalized treatment decisions and optimized patient management in clinical practice.

Future work should also consider integrating additional variables into these models.
Tumor genomic features and derived classifiers have only recently shown for the first
time their predictive applications for patients with mHSPC. The 22-gene mRNA-based
Decipher genomic classifier demonstrated significant predictive value in identifying pa-
tients with de novo mHSPC who derived overall survival benefit from the addition of
docetaxel to ADT [41]. The same classifier was further coupled with a PTEN mRNA score,
improving the predictive ability to identify this subpopulation of STAMPEDE that ben-
efits from docetaxel [42]. Retrospective single-center analysis suggested that testing for
alterations in genes associated with the “aggressive variant” molecular subtype, when
integrated with clinical factors such as the CHAARTED volume criteria, could help identify
those patients most likely to benefit from the addition of ARPI to ADT [43,44], Incorpo-
rating molecular data into ML frameworks may improve the ability of these models to
capture inter-patient tumor heterogeneity and enhance the accuracy of survival predictions,
potentially introducing predictive applications.

A direct comparison between the performance of our models and that of established
genomic classifiers like Decipher is not possible within the scope of this study. However,
our approach offers a distinct potential advantage: it relies on inexpensive, serially collected,
and readily available clinical data, making it highly accessible in any clinical setting. In
contrast, genomic classifiers, although increasingly informative, remain limited by higher
costs, variable availability across institutions, and longer turnaround times. Future studies
could explore how our data-driven prognostic scores could be integrated with genomic
information. This could create a multi-modal approach where our model serves as an initial,
routine risk stratification tool, with more complex genomic tests reserved for specific, high-
stakes clinical decision points. However, real-world feasibility and resource availability
should be taken into consideration when defining research priorities in this setting.

While our models are exploratory, they raise important questions about potential
changes to clinical management. If validated in prospective studies, the integration of
dynamic biochemical monitoring could, for instance, lead to more frequent monitoring for
patients identified as high-risk during the initial phase of therapy. Furthermore, the early
detection of a high-risk trajectory could one day serve as a trigger to consider treatment
intensification or enrollment in clinical trials for novel therapies, moving towards a more
adaptive and personalized treatment approach.

Thus, larger studies and prospective validation within clinical trial cohorts are needed
to further assess the potential of our ML models in predicting adverse events and survival
outcomes in patients with mHSPC.

Limitations and Future Perspectives

The main limitations of our study include its retrospective single-center nature, rela-
tively small sample size, and treatment heterogeneity. The significant amount of missing
data for some follow-up laboratory parameters (up to 30% for certain toxicities) is also a
key limitation. This is common in retrospective real-world studies where lab tests are not
performed on a fixed schedule as in clinical trials. We chose not to exclude these patients to
maximize the cohort size and maintain a representative real-world population, but this may
have introduced bias and reduced the power of our analyses on specific toxicities. Moreover,
the reported data were limited to what was recorded during oncological outpatient visits.

A key characteristic of our cohort is the high proportion of patients (67.5%) treated
with ADT monotherapy, including a majority with high-volume disease. This reflects the
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historical nature of our dataset, which includes patients diagnosed before the widespread
adoption of upfront treatment intensification. While this allowed us to evaluate biomarkers
in a heterogeneous treatment landscape, it is a significant limitation. The prognostic power
of the variables identified in our study might differ in a contemporary cohort of patients
uniformly treated with more effective combination therapies (e.g., ADT plus an ARPI).
The natural history of the disease is altered by modern treatments, and it is plausible that
the impact of certain biochemical alterations on survival is modulated by the efficacy of
the systemic therapy. Therefore, the generalizability of our findings to current clinical
practice is limited, and our models urgently require validation in cohorts treated according
to the present-day standard of care. To partially mitigate the baseline and treatment-
related differences among our patients, we applied multivariate Cox models adjusting
for established prognostic factors and employed machine-learning models with feature-
attribution analyses, allowing us to evaluate the independent contribution of monitoring-
based events despite underlying heterogeneity.

In addition to the small sample size, the exploratory nature of our study involved
numerous statistical comparisons, and we did not apply a formal correction for multiple
testing. This increases the risk of Type I errors (false-positive findings), and thus the
significance of individual associations should be interpreted with caution.

A further limitation of this study is the presence of missing laboratory and vital-
sign data, which may have reduced statistical power for certain variables and introduced
potential selection bias despite the use of multivariate adjustment and ML models capable
of handling incomplete data.

Furthermore, while we explored several machine learning models to assess the robust-
ness of our findings, applying multiple algorithms to a dataset of this size increases the
risk of identifying spurious associations. These models should be considered exploratory,
and their performance requires validation in larger, independent cohorts. We chose to
employ a disease-specific model in a selected population of patients with de novo mHSPC
to minimize possible confounding factors such as population heterogeneity, prior treatment
exposure, and potential tumor biological evolution.

Lastly, while we did not account for all patient comorbidities, we attempted to mini-
mize this bias by restricting the cohort to patients with an ECOG Performance Status of
0-1, ensuring a relatively homogeneous population in terms of baseline functional status.

5. Conclusions

Our findings reveal, for the first time, that the integration of established prognostic
factors with the detection of significant changes in vital parameters and blood tests occur-
ring early during systemic treatment in patients with de novo mHSPC enhances patient
stratification and improves prediction of survival outcomes.

Moreover, we show for the first time the feasibility of employing these data to generate
ML models to predict treatment response and survival outcomes in patients with de
novo mHSPC.

Our results, despite their retrospective nature and the small sample size, should
be regarded as hypothesis-generating and encourage further similar research on larger,
multi-centric datasets.
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