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INTRODUCTION:

This proposal will strengthen our understanding of advanced prostate cancer and help prevent
skeletal-related events (SRE’s)—defined as pain or fracture due to metastatic cancer. From the
patient’s perspective, SRE’s adversely affect functional independence and quality of life. From the
payer’s perspective, these complications are not only quite common, but also disproportionately
expensive to treat. The investigators will develop clinical decision support tools designed to
estimate the likelihood of survival, disease progression, and skeletal related events, at several time-
points useful for medical and surgical decision-making in an effort to deliver more focused
Precision Medicine to men living with advanced prostate cancer. Given that prognostic indicators,
treatment protocols and survival estimates vary considerably by oncologic disease, it is beneficial
to develop disease-specific survival models. This would allow for the inclusion of prognostic
information unique to men with metastatic prostate cancer, such as the prostate specific antigen
concentration at the time of diagnosis of metastatic bone disease (proximal PSA), and the change
in alkaline phosphatase concentration over time, or alkaline phosphatase velocity (APV). Our
purpose was to determine whether it was possible to develop models capable of estimating the
likelihood of survival post-treatment for skeletal related events (SRE) at timepoints relevant to men
with metastatic bone disease due to prostate carcinoma. These models will be validated, and
formatted for use online (www.pathfx.org) as well as integrated within the electronic health record.

KEYWORDS:

Prostate Cancer, Precision medicine, bone metastases, Bayesian belief network, BBN, random
forest, Least Absolute shrinkaae and Selection Operator, LASSO

. ACCOMPLISHMENTS:

What were the major goals of the project?

The major aims are to;
SAL: Model Development and validation (24 mos);
Major Task 1: Identify and Validate Data set
Major Task 2: Develop appropriate analytic models designed to estimate study outcomes;
SA2:Model Implementation and validation across datasets (24-36 mos)
Major Task 1:Model Implementation using PATHfx framework with online functionality

To achieve the main goals of the study there are several key elements that must be achieved in the
process. 1) Regulatory approval (complete) 2) Set up contracts for analytics vendor (complete) 3)
Develop the 3 main models prior to implementation and external validation (BBN, RF,
LASSO)(complete) 4) Model refinement (complete) 5) Disseminate project findings (finalizing)




What was accomplished under these goals?

e Local Regulatory approval obtained (USUHS): 1/22/2018

e Secondary (HRPO) Regulatory Approval Obtained: 3/14/2018 (HRPO Log Number A-
20109)

e Analytics vendor (Perduco) and contract initiated and API user manuals developed

Initial data models created; we have written the modeling/validation/Ul code using prior data

and are preparing various packages in R that will be used on the backend analysis.

API framework updated and improved PATHfx online functionality.

Publication of results is peer reviewed journal (in review)

Implementation on PATHFx API and user interface completed.

For each time point (12, 24, 26, 48, 60, and 120 months), feature directionality graph was

completed using the Lime package in R open software. Graph shows positive and negative

influence of included variables (see 12 months graph below).
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Fig. 6. This figure illustrates the directionality (to support or contradict the outcome of interest) of each level of the
model features, ranked by average weight of feature level across all cases. Blue horizontal bars (positive feature
weight) are associated with feature subcategories that confirm or support the outcome of interest (Survival12Months).

Top positive influence on survival includes younger age and lower proximal PSA values. Red horizontal bars (negative
feature weight) are associated with feature subcategories that contradict or refute the outcome of interest. Top negative

influence on the outcome includes No treatment, quick rising type APV, and older age.




What opportunities for training and professional development has the project provided?

Nothing to Report

How were the results disseminated to communities of interest?

- Peer Reviewed paper has been submitted to Journal of Bone and Joint and currently in
review.

What do you plan to do during the next reporting period to accomplish the goals?

e Final Report — nothing further to report

4. IMPACT:

What was the impact on the development of the principal discipline(s) of the project?



What was the impact on other disciplines?

e This tool can be more broadly adopted to other cancer types and new models can be
developed using similar techniques. It can be used as a working example of machine
learning in health care. Second, it broadens the scope of PathFx to include additional
cancer types to apply to a wider range of patients/providers.

What was the impact on technology transfer?

Nothing to Report

What was the impact on society beyond science and technology?

We continue to disseminate information and update the International Bone Metastasis Registry,
which will guide data collection efforts in patients with metastatic bone disease due to prostate
cancer.




5. CHANGES/PROBLEMS:

Changes in approach and reasons for change
- Nothing to Report.

Actual or anticipated problems or delays and actions or plans to resolve them

- No additional issues are anticipated
- Final Review and publication of project findings will proceed.

Changes that had a significant impact on expenditures

- none

Significant changes in use or care of human subjects, vertebrate animals, biohazards,
and/or select agents

Significant changes in use or care of human subjects

e Not applicable

Significant changes in use or care of vertebrate animals
-N/A

Significant changes in use of biohazards and/or select agents



- N/A

6. PRODUCTS:

o Publications, conference papers, and presentations

Journal publications.

e None yet to report. Publication pending submission in Journal of Bone and Joint.

Books or other non-periodical, one-time publications.

Nothing to Report

Other publications, conference papers and presentations.

Nothing to Report- no recent conferences due to COVID 19 travel/meeting restrictions.

o Website(s) or other Internet site(s)

e www.Pathfx.org



o Technologies or techniques

Nothing to Report

o Inventions, patent applications, and/or licenses

Nothing to Report

° Other Products

7. PARTICIPANTS & OTHER COLLABORATING ORGANIZATIONS

Name: Jonathan Forsberg, MD PhD
Project Role: Principle Investigator
Researcher Identifier (e.g. ORCID ID):
Nearest person month worked: 12
Contribution to Project: Project oversight.

Name: Jennifer Cullen
Project Role: co-Principle Investigator

Nearest person month worked: 12
Contribution to Project: revisions to IRB protocol, training of team to perform QA/QC on data
for this study.

Name: Yongmei Chen

Project Role: Principal Biostatistician
Nearest person month worked: 12
Contribution to Project: QA/QC for data fields.

Name: Claire Kuo

Project Role: Data Analyst

Nearest person month worked: 12
Contribution to Project: QA/QC for data fields

Name: Clare Grazal

Project Role: Data analyst

Nearest person month worked: 12

Contribution to Project- Data analytics and modelling.

Name: Michael Wiley

Project Role: Program Manager

Nearest person month worked: 3

Contribution to Project- Program and financial management




Has there been a change in the active other support of the PD/PI(s) or senior/key
personnel since the last reporting period?

Nothing to Report

What other organizations were involved as partners?

Nothing to Report
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Development of clinical decision support tools for patients with advanced prostate cancer
Clinical Research Intramural Initiative program- Precision Medicine Award; Log# DM 160500

Co-Pls: Forsberg, Jonathan / Cullen, Jennifer

Org: Uniformed Services University of the Health Sciences

Award Amount: $666,352

Study/Product Aim(s): In this study, three clinical decision
support tools will be developed for use in men with prostate
cancer. Each will estimate the likelihood of survival, disease
progression, and skeletal related events, at multiple time-
points useful for medical and surgical decision-making.
These models will be validated, and formatted for use online
(www.pathfx.org) as well as integrated within the electronic
health record. These tools will benefit tailored decision
making and contribute to the goal of precision medicine.

Approach: This protocol will leverage a large, existing military
cohort to apply Bayes’ conditional probability theorem to
develop prostate cancer-specific clinical decision support
tools, using patient clinical and treatment characteristics to
predict key study outcomes, including overall survival and
metastasis bone.

PATHFX*
The upgraded PATHFx v3.0_

New Validated Models in 2019

Open source architecture powered by the
International Bone Metastasis Registry

FULLTEXT: External Validation of PATHFx Version 3.0 in Patients Treated jcally and Nonsurgically for Symptomatic Skeletal Metastases, Clinical Orthopaedics and
Related 478(4):808-818, APRIL 2020

Accomplishment: Updated PATHfx user interface.

Timeline and Cost

Activities cYy| 17 } 18 | 19 |20 |Total
Aim 1: Identify and Validate Data set *
Aim 1: Develop Models
Aim 2: Model Implementation and Validation -
Manuscript Preparation and summary findings h
Estimated Budget ($K) $257K [$262K | $147K | $666K

Goals/Milestones

CY17 Goals

v" Obtain regulatory compliance; complete

v Identify and Validate Data set- Identified

CY18 Goals

v" Update web U/I for PATHFx updated modelling- complete

v Develop data models (BBN, LASSO, RFP)- complete

CY19 Goals

v Implement modelling and update to PATHFx 3.0 framework -
complete

v Complete external validation dataset/collaborators) - complete

v Update models based on external validation- complete

v Present preliminary analysis at national meetings — N/A due to
COVID 19

CY20 Goals

v Publish conclusions — publication in review

v Create API for future collaborations


http://www.pathfx.org/

Appendix 1: Publication draft

Estimating 10-Year Survival in Patients with Bone Metastases due to Prostate Cancer:

Toward a Disease-Specific Survival Estimation Tool

Ashley B. Anderson, MD, Resident?, Clare Grazal, MS, Bioinformatician?, Rikard Wedin, MD,
PhD, Associate Professor®, Claire Kuo, MS, MPH, Biostatistician®, Yongmei Chen, MS, MD,
Biostatistician*, Bryce R. Christensen, MD, MBA, Resident®, Jennifer Cullen, MPH, PhD,

Epidemiologist*, and Jonathan A. Forsberg, MD, PhD, Professor?, Orthopaedic Oncologist®

!Division of Orthopaedics, Department of Surgery, Uniformed Services University, Walter Reed
National Military Medical Center, 8901 Rockville Pike, Bethesda, MD 20889; 2The Henry
Jackson Foundation for the Advancement of Military Medicine, 6720A Rockledge Dr, Suite 100
Bethesda, MD 20817; ®Department of Molecular Medicine and Surgery (MMK), K1,
Orthopaedics, Karolinska Institutet, A2:07 171 76, Stockholm, Sweden; “Center for Prostate
Disease Research, Department of Surgery, Uniformed Services University, Walter Reed National
Military Medical Center, 6720A Rockledge Dr, Suite 300, Bethesda MD 20817; °Department of
Internal Medicine, San Antonio Military Medical Center, 3551 Roger Brooke Dr, San Antonio,
TX 78219; ®Department of Orthopaedic Surgery, The Johns Hopkins University Hospital, 601 N.

Caroline St., Baltimore MD 21287

INTRODUCTION
In the United States, prostate cancer is the most common diagnosed malignancy and the second

leading cause of cancer death in men.>? The clinical treatment decision-making process is



challenging because prostate cancer is a complex disease. Several tumor markers and biomarkers
are associated with prognosis. For example, proximal prostate-specific antigen (PSA) (defined as
the most recent value measured at least 6 months before developing metastasis) <10 ng/mL is an
independent predictor of metastasis-free survival among men with biochemical recurrence after
undergoing radical prostatectomy.® In addition, the change in alkaline phosphatase concentration
over time, alkaline phosphatase velocity (APV), is a prognostic biomarker associated with
overall survival in men with castration-resistant prostate cancer.*® Metwalli et al° found that
higher APV was also an independent predictor of overall survival, as well as for bone
metastasis—free survival in patients with castration-resistant prostate cancer, where APV >50
(upper quartile) is “quick rising”, APV of 0 is “no rising”, and all other APV values are “slow
rising.” High APV (uppermost quartile of velocity) is also predictive of distant metastasis—free
survival in patients who have undergone radical prostatectomy and experienced biochemical
recurrence.* Despite their association with survival, these biomarkers have not been used as part
of a cohesive or otherwise multivariable survival model.

The approach to treating men with metastatic bone disease due to prostate cancer requires
balanced consideration of clinical benefits, life expectancy, comorbidities, quality of life, and the
risk of adverse effects. Clinical practice guidelines® published recently by the Musculoskeletal
Tumor Society recommend that physicians consider using clinical support tools, such as
PATHFx (www.pathfx.org), to estimate a patient’s survival trajectory by estimating survival
after treatment for a skeletal-related event (SRE), which is defined as pathologic fracture; spinal
cord compression requiring surgical treatment; or nonsurgical treatment, including radiotherapy,
cryotherapy, or radiofrequency ablation. PATHFx currently estimates the likelihood of survival

at 1, 3, 6, 12, 18 and 24 months after surgical or nonsurgical intervention or an SRE.”! Its use



supports shared decision making by ensuring treatment strategies align with each patient’s
personal survival trajectory and functional goals.

In April 2019, the U.S. Food and Drug Administration released guidelines to regulate
machine learning—based technologies used in patient care.!® To ensure models remain relevant,
these guidelines emphasise the importance of a clinical support tool’s lifecycle. Although
PATHFx has been externally validated in several centers worldwide, continual advances in the
treatment of patients with advanced cancer require that the models be updated regularly. For this
reason, we updated the six PATHFx models using recent data obtained from patients undergoing
contemporary systemic therapy, including targeted agents, and immunotherapy.* Validation data
for this study were derived from the International Bone Metastasis Registry, which helps ensure
that the updated models are applicable to various patient populations worldwide. This
commitment to lifecycle management ensures that PATHFx remains applicable as treatment
philosophies change and new therapies become available, thereby providing clinicians with the
most current, broadly applicable tool to estimate survival in this patient population.

Currently, the PATHFx tool groups cancer diagnoses according to historical data on
survival rates. Because prognostic indicators, treatment protocols, and survival estimates vary
widely by cancer type, it may be beneficial to develop disease-specific survival models. Such
models would make use of prognostic information unique to men with metastatic prostate cancer,
such as proximal PSA and APV.

Our primary purpose was to develop models to estimate the duration of survival after
treatment for skeletal-related events (SRES) in men with metastatic bone disease due to prostate

cancer. Such models could inform the PATHFx clinical decision support tool, which currently



groups cancer types according to historical survival data. Our secondary purpose was to

determine disease-specific factors that should be included in an international cancer registry.

METHODS

Guidelines

This retrospective prognostic classification study followed the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis guidelines® and the
Guidelines for Developing and Reporting Machine Learning Predictive Models in Biomedical

Research.16

Data Source and Patient Selection Criteria

The study population comprised 29,000 men enrolled in the institutional review board-approved
Center for Prostate Disease Research (CPDR) Multicenter National Database Program.!” We
reviewed the records of men who sustained a SRE due to metastatic prostate cancer and
subsequently required treatment with radiotherapy or surgery between 1989 and 2017. There
were 1,404 men with prostate cancer that metastasised to bone in the data set. Of these, 438
patients had sufficient information to calculate APV, defined as the slope of the linear regression
line of alkaline phosphatase values obtained after the diagnosis of metastatic bone disease,

plotted against time in years.

Outcome
We developed six models designed to estimate the likelihood of survival at 1, 2, 3, 4, 5, and 10

years after treatment of an SRE.



Demographic, clinical, and pathologic features

Consistent with previous methods of using APV as a prognostic feature, and because of the
strong skew and non-normality of the APV distribution, APV was binned into the uppermost
quartile (“quick-rising”) of all observed values and then compared with the lower 3 quartiles
combined (“slow-rising”) and zero value (“no-rising”).*® Proximal PSA, defined as PSA
concentration at the time of diagnosis of metastatic bone disease, was missing in 11% of these
records. Data for all other features were complete. For each consecutive time point, the number
of patients decreased because of censoring. Patient demographic and clinical data extracted for
analysis were as follows: self-reported race (black or white/other), presence of comorbidities, age
at first known bone metastasis, proximal PSA, APV values, method of local treatment of the
primary tumor (radiotherapy or surgery), adjuvant therapy (radiotherapy, chemotherapy, and
hormonal therapy) and date of death.

Categorical and continuous features included in the models and the proportions of
missing data are listed in Tables 1 and 2. We used Bayes factor (BF) analysis to compare the
cohorts. BF analysis considers the strength of evidence supporting or contradicting the study
hypothesis. The analysis is categorised by the following: BF >100 indicates strong supporting
evidence for the alternative hypothesis; BF <100 indicates strong supporting evidence for the
null hypothesis; and BF of approximately 0 indicates no probable difference between the 2

groups. 1819

Model Development



We selected gradient boosting machine (GBM) modeling because it is a decision tree machine
learning technique that builds an ensemble of shallow and weak trees or learners in succession
(rather at than all at once as in random forest machine learning), so each tree learns and improves
from the previous iteration. GBM modeling trains models in a gradual, additive, and sequential
manner, which strengthens the final product.22?! The final model is built on the strength of
previous, smaller predictors.

We used Python, version 3.7.4 (Python Software Foundation, Beaverton, OR) to develop
the models. For each model, we split the data 80/20 into train and test groups and a further 80/20
split of the train group into train and validation sets stratified by the binary outcome feature
across all groups. Data were shuffled to create random order before splitting into listed groups.
Because the number of patients at each time point differed, the exact number of records in the
train, validation, and test groups vary by time point and cohort. Data types were changed to
integer, float, and object as applicable. Missing data were imputed using the multiple imputation
by chained equations algorithm from the Iterativelmputer package. Our data were preprocessed
to scale using the MinMaxScaler package of sklearn.preprocessing. Six GBM models were
created, 1 for each of the 6 survival time points, using the train set and the

GradientBoostingClassifier package in sklearn.ensemble.

Feature Selection
Because of our limited data set, we made all categorical features binary. This allowed for a more
transparent analysis of results. The features included in the model were further characterised for

magnitude and direction of each feature’s association with the outcome (patient survival) using



the local interpretable model-agnostic explanations (LIME) package in R software for the

models.??

Model Regulation

GBM models continue improving to minimise error at the risk of overfitting. For internal
validation, we used a cross-validated grid search to direct our choice of parameters using
GridSearch CV within sklearn.model_selection package (Python Software Foundation). Our
scoring measure of interest was the AUC. For each model, we selected parameters that produced
the highest AUC in the validation set. Parameters of interest were learning rate, number of
estimators, maximum depth of tree, minimum number of samples per node to be considered for
splitting, minimum number of samples required in a terminal node, and subsample percentage

included for each tree.

Performance Assessment

We created predictive values for each model by using each corresponding test set. First,
calibration plots were used to visualise the concurrence of the predicted probabilities with the
observed frequencies in the data set. Then, discriminatory ability was determined by estimating
the AUC. Next, Brier scores were used to determine overall accuracy of the predictions. The
Brier score measures distance between the actual outcome and the predicted probability assigned
to the outcome for each observation, where the best possible Brier score for accuracy is 0 and the
worst is 1.2%% Finally, we determined whether the models possessed clinical utility by using

decision curve analysis?®>?%, as described previously in this patient population.'*



RESULTS

Participants

Continuous and categorical features for the train and test sets are listed in Tables 2 and 3,
respectively. As expected, we found no difference between continuous features in the train and
test sets (BF of approximately 0) (Table 1). When comparing categorical features, we found no
difference between the 2 groups (BF of approximately 0) for treatment type and survival (yes/no)

at any time point (Table 2).

Model Development and Validation

The AUC was between 0.73 and 0.86 for all 6 models (Table 3). Brier scores were <0.20 and
demonstrated the model’s predictions were accurate. The relative influence table for the 6
models in Figure 1 shows the degree of influence for each feature on the overall model. Proximal
PSA and patient age at the time of first-known SRE consistently had the most influence across
all models. Treatment method and APV became increasingly influential with the later time

period models.

Global Application (Model-Level Interpretation)

In earlier survival estimate models, proximal PSA and age at diagnosis had more influence on
the outcome variable. Notably, APV was an important feature at all time points; quick-rising
APV was more influential in later survival estimate mode. Unexpectedly, the method of treating
the primary disease also had strong influence; however, treatment-naive status was more

influential on survival than was radiotherapy and/or chemotherapy.



Local Application (Patient-Level Interpretation)

To trust and apply models correctly, clinicians must be able to interpret them at the patient
level.22 The positive and negative directionality of each model is shown in Figure 1. Overall,
features positively associated with survival were younger age at metastasis diagnosis, proximal
PSA <10 ng/mL, slow-rising APV, no-rising APV, radiotherapy treatment, and hormonal or
chemotherapy treatment (Figure 1). Features negatively associated with survival were older age
at metastasis diagnosis, proximal PSA >10 ng/mL, quick-rising APV values, and being
treatment-naive (Figure 1). The patient-level interpretations were consistent with global-level

model application.

Clinical Utility

Decision curve analysis showed that physicians may achieve better outcomes by using the 6
models described above, rather than assuming all will survive, or none will survive for 1, 2, 3, 4,
5, and 10 years, respectively (Figure 2). Decision curve analysis measures the net benefit of
using a clinical support tool across different threshold probabilities defined as the point of
equipoise when considering 2 courses of treatment (e.g., nonsurgical vs. surgical for short-term
survival estimates, less invasive vs. more invasive for longer-term estimates). Low-threshold
probabilities are associated with healthier patients, whereby physicians have a low threshold to
offer surgery. In contrast, high-threshold probabilities are associated with patients in which

surgery carries greater risk.

DISCUSSION



The duration of survival for prostate cancer patients with metastatic bone disease is difficult to
predict. We successfully developed models to estimate survival in patients with prostate cancer
who have metastatic bone disease to help clinicians navigate treatment algorithms. Previous
studies have shown that APV is predictive of distant metastasis—free survival.*>2" In this study,
we showed that machine learning—based models can predict survival in prostate cancer patients,
and that these models improve in both discriminatory ability and accuracy with the addition of
APV data. Specifically, the patient’s primary disease treatment type and APV became
increasingly influential in the later time period models. Although further external validation
studies are required, these data justify inclusion of these models in the PATHFx tool, an open-
source clinical decision-making support tool for survival estimation (https://www.pathfx.org).’

Patient race and ethnicity may provide important information on genetic and
socioeconomic factors pertaining to disease.?®?® Race was self-reported by patients at the time of
enrollment and divided into 2 broad categories (white/other or black). Using the CPDR database,
Cullen et al® found self-reported black race was not a predictor of poorer overall survival among
participants in the CPDR Multicenter National Database Program undergoing active
surveillance, despite race-based differences in baseline clinical risk characteristics.

Although PATHFX is validated, it does not offer disease-specific estimates of survival.l*
The prostate cancer—specific models at 1 and 2 years can be compared directly with the PATHFx
1- and 2-year models in terms of discriminatory ability (AUC) and accuracy of prediction (Brier
score). The new 1-year prostate disease—specific model we developed (AUC = 0.85; Brier score
= 0.07) was superior to the PATHFx (version 3.0) 1-year model (AUC = 0.78; Brier score =
0.18). However, the 2-year prostate disease—specific model (AUC = 0.80; Brier score = 0.17)

was no better than the PATHFx 2-year model (AUC = 0.82; Brier score = 0.12). Based on this



direct comparison, the 1-year prostate disease—specific model could be used independently to
accurately determine survival duration in men with metastatic prostate cancer. However,
predictive algorithms continue to improve with exposure to more data.®! Therefore, we believe
there is room for improvement by incorporating additional PATHFx variables, such as
hemoglobin concentration and absolute lymphocyte count.

Although the classification ability of the prostate-specific models derived in this study is
no better than that of the current PATHFXx tool,'* we have developed 4 additional models that
estimate survival at 3, 4, 5, and 10 years. Validation statistics and decision curve analysis
indicate that these models are suitable for clinical use. Incorporating these prostate cancer—
specific models into the PATHFx clinical support tool is part of our continued responsibility to
provide accurate estimations of survival to help clinicians and patients navigate complex
treatment algorithms. Unlike traditional statistical decision rules, the accuracy of machine
learning—based models can be improved over time with better machine learning methods, more
data, changes in practice, changes in the patient population, and/or better understanding of
disease processes.®!

When evaluating the results of this study, its limitations must be considered. It is possible
that other statistical techniques could be used to develop similar prognostic models for prostate
cancer. Our author group has extensive experience using various machine learning techniques.
Some techniques are prone to overfitting and produce overly optimistic results. Therefore, we
implemented GBM with hyperparameter tuning to mitigate the risk of overfitting. Our study was
limited by missing data, which can result in incomplete codification of train data and overfitting;
however, we mitigated these effects by using a “holdout” validation set. Despite these results,

external validation studies are necessary before these models can be recommended for use in



other patient populations. Beyond APV, there may be other laboratory-related features to
consider in the model; however, the data are not complete in the CPDR database. The number of
features available for the model was a limitation. Only 31% of the CPDR data had APV data, so
we restricted the data set to the 438 records with APV values. Nevertheless, we anticipate that
the models will continue to improve as more data become available. Although the addition of
APV to the models improved performance, we may see continued improvement in model
performance by including additional demographic and laboratory-based patient data. For
example, Stattin et al*? found that a panel of kallikrein marker (human kallikrein-related
peptidase 2 [hK2] and total, free, and intact PSA) is strongly predictive of distant metastasis in
men with modestly elevated PSA. As these data are collected and added to national and
international prostate cancer registries, we could continue to augment the models for survival
estimations. Additionally, different mechanisms exist to measure and categorise APV, and
previously determined*®2’ cut points were used in this analysis.

By including disease-specific information such as APV, we developed a tool that helps
predict survival duration in men with metastatic bone disease due to prostate cancer. Although
external validation studies are required to support its use in other patient populations, these data
justify inclusion of these models in the PATHFX tool. In addition, data used in the GBM model,
including APV and proximal PSA, should be included in the International Bone Metastasis

Registry.
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Table 1. Continuous variables contained within the train and test sets

Variable by Median (IQR) P value* Bayes
Time Point Whole Train Set Test Set Factor
Cohort

Proximal PSA
1-Year 33.4(200) | 38.6(202) | 23.7(153) 0.37 0.15
2-Year 35.7(205) | 30.5(147) 51.7 (294) 0.59 0.14
3-Year 36.7 (211) | 34.0(205) 46.2 (238) 0.38 0.15
4-Year 36.8(217) | 36.8(232) 37.4(202) 0.43 0.15
5-Year 39.6 (236) | 42.8(232) 31.5(242) 0.54 0.14
10-Year 42.8(252) | 44.5(275) | 40.7 (131) 0.21 0.17

Age
1-Year 71.0(12.7) | 71.1(12.6) | 70.1(12.9) 0.41 0.19
2-Year 71.0(12.7) | 71.2(12.6) | 70.6(12.4) 0.96 0.13
3-Year 71.0(12.7) | 71.0(12.9) | 71.1(11.7) 0.95 0.13
4-Year 71.0(12.8) | 71.0(12.7) | 71.6(13.4) 0.32 0.22
5-Year 71.0(12.9) | 70.8(12.7) | 71.5(13.1) 0.46 0.18
10-Year 71.0(13.0) | 70.8(12.6) | 72.5(13.7) 0.21 0.32

PSA, prostate-specific antigen.

“P values determined using Pearson’s chi-squared test.




Table 2. Categorical variables contained within the train and test sets

Variable by Time Point | Whole Cohort Train Set Test Set P Bayes
value® | Factor
Comorbidity Yes No Yes No | Yes | No
1-Year 145 293 118 232 27 | 61 0.68 0.20
2-Year 144 286 112 232 32 | 54 0.49 0.26
3-Year 143 283 119 | 221 | 24 | 62 | 0.26 0.39
4-Year 139 278 115 | 218 | 24 | 60 | 0.36 0.31
5-Year 137 265 108 | 213 | 29 | 52 | 0.81 0.20
10-Year 127 246 103 195 24 | 51 0.78 0.21
Hormone
therapy/chemotherapy
1-Year 282 156 222 | 128 | 60 | 28 | 0.48 0.25
2-Year 276 154 230 | 114 | 46 | 40 | 0.03 2.55
3-Year 272 154 217 123 | 55 | 31 | >0.99 0.19
4-Year 266 151 213 | 120 | 53 |31 | 0.98 0.19
5-Year 260 142 208 | 113 | 52 | 29 | >0.99 0.19
10-Year 243 130 197 | 101 | 46 | 29 | 0.52 0.27
Treatment-naive
1-Year 88 350 76 274 | 12 | 76 | 0.12 0.63
2-Year 87 343 66 278 | 21 | 65| 0.35 0.28
3-Year 87 339 69 271 18 | 68 | >0.99 0.16
4-Year 86 331 66 267 20 | 64 0.51 0.23
5-Year 82 320 66 255 16 | 65 0.99 0.16
10-Year 77 296 60 238 17 | 58 0.75 0.19
Radiotherapy
1-Year 68 370 52 298 16 | 72 0.55 0.19
2-Year 67 363 48 296 19 | 67 0.09 0.76
3-Year 67 359 54 286 13 | 73 0.99 0.14
4-Year 65 352 54 279 11 | 73 0.59 0.17
5-Year 60 342 a7 274 13 | 68 0.89 0.15
10-Year 53 320 41 257 12 | 63 0.76 0.17
APV of 0
1-Year 188 250 154 196 34 | 54 0.43 0.28
2-Year 183 247 142 202 41 | 45 0.34 0.34
3-Year 180 246 149 191 31 | 55 0.24 0.44
4-Year 176 241 144 189 32 | 52 0.47 0.27




5-Year 172 230 138 | 183 | 34 | 47 | 0.97 0.20
10-Year 156 217 123 | 175 | 33 | 42 | 0.77 0.22
Quick-rising APV
1-Year 111 327 86 264 | 25 | 63 | 0.55 0.22
2-Year 109 321 90 254 | 19 | 67 | 0.52 0.22
3-Year 109 317 82 258 | 27 |59 | 0.21 0.44
4-Year 108 309 88 245 | 20 | 64 | 0.73 0.19
5-Year 106 296 87 234 | 19 | 62 | 0.60 0.21
10-Year 103 270 86 212 | 17 | 58 | 0.35 0.32
Slow-rising APV
1-Year 139 299 110 | 240 | 29 | 59 | 0.88 0.19
2-Year 138 292 112 | 232 | 26 | 60 | 0.78 0.19
3-Year 137 289 109 | 231 | 28 | 58 | >0.99 0.18
4-Year 133 284 101 | 232 | 32 | 52| 0.22 0.46
5-Year 124 278 96 225 | 28 | 53 | 0.50 0.26
10-Year 114 259 89 209 | 25 | 50 | 0.66 0.23
Black
1-Year 92 346 77 273 | 15 | 73 | 0.38 0.25
2-Year 90 340 74 270 | 16 | 70 | 0.66 0.18
3-Year 90 336 65 275 | 25 | 61 | 0.06 1.16
4-Year 88 329 72 261 | 16 | 68 | 0.71 0.18
5-Year 83 219 70 251 | 13 | 68 | 0.32 0.30
10-Year 78 295 64 234 | 14 | 61 | 0.71 0.19
White or other race
1-Year 346 92 273 77 73 | 15 | 0.38 0.25
2-Year 340 90 270 74 70 | 16 | 0.66 0.18
3-Year 336 90 275 65 61 | 25 | 0.06 1.16
4-Year 329 88 261 72 68 | 16 | 0.71 0.18
5-Year 319 83 251 70 68 | 13 | 0.32 0.30
10-Year 295 78 234 64 61 | 14 | 0.71 0.19
Survival duration
1-Year 405 33 324 26 81 7 | >0.99 0.10
2-Year 330 100 264 80 66 | 20 | >0.99 0.16
3-Year 269 157 215 | 125 | 54 | 32 | >0.99 0.19
4-Year 223 194 178 | 155 | 45 | 39 | >0.99 0.19
5-Year 181 221 145 | 176 | 36 | 45 | >0.99 0.20
10-Year 71 302 57 241 | 14 | 61 | >0.99 0.16

“P values determined using Pearson’s chi-squared test.




TABLE 3. Summary of the accuracy (AUC) and discriminatory ability (Brier score) of the
predictive model at each time period.

Model AUC (95% CI) Brier Score (95% CI)
1-Year 0.76 (0.61-0.91) 0.07 (0.02-0.12)
2-Year 0.73 (0.60-0.85) 0.17 (0.12-0.22)
3-Year 0.86 (0.79-0.94) 0.19 (0.16-0.21)
4-Year 0.82 (0.73-0.91) 0.20 (0.18-0.22)
5-Year 0.79 (0.69-0.89) 0.19 (0.15-0.23)
10-Year 0.79 (0.65-0.93) 0.14 (0.09-0.19)

AUC, area under the receiver operating characteristic curve; CI, confidence interval.



FIGURE LEGENDS

Figure 1 A-F. This figure shows both the relative influence of each feature and whether the
feature has a positive or negative association with survival. The directionality (to support or
contradict the outcome of interest) of each level of the model features is ranked by average
weight of feature level across all cases. Blue bars (positive feature weight) are associated with
features that are associated with survival; red bars (negative feature weight) represent features

that are negatively associated with survival at (A) 1 year, (B) 2 years, (C) 3 years, (D) 4 years,

(E) 5 years, and (F) 10 years.
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Figure 2 A-F. Decision curve analyses of each of the 6 models designed to estimate patient
survival at (A) 1 year, (B) 2 years, (C) 3 years, (D) 4 years, (E) 5 years, and (F) 6 years after
treatment or surgery for skeletal-related events due to bone metastasis from prostate cancer.
These results suggest that all the models (dotted line) should be used rather than assuming all
patients (continuous line) or no patients (thick continuous line) will survive longer than the

period of each predictive model.
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