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Abstract

Purpose: Robust prediction of progression on active surveillance (AS) for prostate cancer can
allow for risk-adapted protocols. To date, models predicting progression on AS have invariably
used traditional statistical approaches. We sought to evaluate whether a machine learning (ML)
approach could improve prediction of progression on AS.

Patients and Methods: We performed a retrospective cohort study of patients diagnosed

with very-low or low-risk prostate cancer between 1997 and 2016 and managed with AS at our
institution. In the training set, we trained a traditional logistic regression (T-LR) classifier, and
alternate ML classifiers (support vector machine, random forest, a fully connected artificial neural
network, and ML-LR) to predict grade-progression. We evaluated model performance in the test
set. The primary performance metric was the F1 score.

Results: Our cohort included 790 patients. With a median follow-up of 6.29 years, 234
developed grade-progression. In descending order, the F1 scores were: support vector machine
0.586 (95% CI 0.579 — 0.591), ML-LR 0.522 (95% CI 0.513 — 0.526), artificial neural network
0.392 (95% CI 0.379 — 0.396), random forest 0.376 (95% CI 0.364 — 0.380), and T-LR 0.182 (95%
Cl1 0.151 - 0.185). All alternate ML models had a significantly higher F1 score than the T-LR
model (all p<0.001).

Conclusion: In our study, ML methods significantly outperformed T-LR in predicting
progression on AS for prostate cancer. While our specific models require further validation,

we anticipate that a ML approach will help produce robust prediction models that will facilitate
individualized risk-stratification in prostate cancer AS.
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1. Introduction

The vast majority of patients undergoing screening for prostate cancer are diagnosed

with very-low- or low-risk, localized disease [1,2]. In these disease risk categories, active
surveillance (AS) has demonstrated excellent long-term outcomes [3,4] and is endorsed as
the preferred initial management by several guidelines [5-7].

The objective of AS is timely identification of potentially aggressive disease to allow

for a curative intervention, when necessary. Though variations exist in AS protocols,

this objective is generally achieved through serial assessments involving physician visits,
prostate specific antigen (PSA) testing, and repeat biopsies [8-10]. While the use of AS has
reduced overtreatment for indolent disease, a rigorous AS protocol can be time-consuming
for both the provider and patient and costly to the health-care system [11]. Furthermore,
risks of prostate biopsy include bleeding, lower urinary tract symptoms, urinary retention,
erectile dysfunction, and infection [12]. The infectious complications can be severe enough
to warrant hospitalization and data indicate that the rates of infection may be increasing over
time [13]. Finally, select men on AS may have anxiety related to the potential for deferred
intervention of a diagnosed malignancy [14].

To date, studies that have developed models to predict progression on AS have

invariably used traditional statistical approaches [8,15-17]. Recently, machine learning
(ML) approaches have gained interest in medicine as they have demonstrated superior
classification performance compared to traditional statistical approaches [18,19]. A robust
model predicting progression on AS may allow for more selective use of serial assessments
in those at lower risk of progression, and may reduce patient anxiety, potentially allowing
for greater adoption. Therefore, the objective of this study was to evaluate whether a ML
approach could improve prediction of disease progression on AS, compared to a traditional
statistical approach.

2. Materials and methods

2.1. Study design

Under the institutional review board—approved protocol, we utilized our previously
described database [20] to perform a retrospective cohort study of consecutive patients
diagnosed with very-low or low-risk (PSA <10 ng/ml, clinical stage up to T2a, and
International Society of Urological Pathology (ISUP) grade group 1 on diagnostic biopsy
[5-7]) localized prostate cancer between 1997 and 2016 and managed with AS at our
institution. While some patients meeting intermediate-risk criteria were managed with AS
during this time, we focused the model development in those in whom the model is most
likely to be used, namely those with very-low and low-risk disease. We excluded those
without a confirmatory biopsy.
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Our AS protocol has been previously described [20]; briefly, after protocol creation in 2008,
the standard follow-up schedule consisted of PSA and digital rectal exam every 4 months
for the first year, every 6 months for 2 years, and then annually thereafter. A repeat 12-core
biopsy was generally performed at 12 to 18 months after diagnosis, with subsequent biopsies
performed at the discretion of the treating physician. Before 2008, the treating physician
determined the follow-up schedule. All pathology was reviewed by Massachusetts General
Hospital genitourinary pathologists at time of initial consultation.

Model features

Features considered for inclusion in the models were characteristics measured at initial
prostate cancer diagnosis and comprised of age, year of diagnosis, family history of prostate
cancer, clinical tumor stage, PSA level, prostate volume based on transrectal ultrasound,
PSA density, diagnostic biopsy characteristics (total number of cores, number of positive
cores, maximum percentage of core involvement, and perineural invasion), and use of a
5-alpha reductase inhibitor for 26 months at the time of diagnosis. Additional features
considered were time between initial diagnosis and most recent biopsy, and number of
biopsies while on AS.

In those with a history of 5-alpha reductase inhibitor use for =6 months at the time of
diagnosis, we adjusted the PSA by multiplying by a factor of two [21], and the adjusted PSA
was used to estimate PSA density in these patients.

Given that study enrollment began prior to 2005, we anticipated a shift in grade
classification and therefore included an additional feature that dichotomized the year of
diagnosis into before 2005 vs. 2005 and after, as has been done previously [8].

We acknowledge the potential for multicollinearity among the features included. However,
the primary objective of this study was to optimize classification performance, rather than
inferring the relationship between individual features and the outcome, and ML models can
be robust despite the presence of multicollinearity [22].

2.3. Outcome

The outcome of interest was grade-progression, defined as the presence of any ISUP grade
group 2 or greater disease, on any subsequent biopsy.

2.4. Analysis

For this classification problem, we compared a traditional statistical approach, specifically
traditional logistic regression with an automated variable selection strategy (T-LR), as has
been used by others to develop models to predict progression on AS [8,15,16], with several
alternate ML approaches that have been frequently used in healthcare research. The alternate
ML models included support-vector machine, random forest, a fully-connected artificial
neural network, and a ML version of logistic regression (ML-LR). The details of these
models have been described elsewhere [23].
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The sample was initially split into a training and test set with a ratio of 80% vs. 20% using
stratified random sampling. The models were then developed in the training set, leaving an
independent test set to evaluate performance.

Although there are variations on the specific strategy for automated variable selection in
traditional statistical approaches [8,15,16], we a priori selected variables for inclusion in the
multivariable LR model using backward elimination with a cut-off value of p<0.10. For the
ML models, all features were included in model development.

The performance metrics of the final resulting models were compared in the test set. Given
the clinical priority of correctly predicting those with grade progression and the imbalanced
nature of the dataset, whereby a minority of patients were in the positive class (i.e. had
grade progression), the primary performance metric was the F1 score [24]. The F1 score is
the harmonic mean of the positive-predictive value, also known as precision, and sensitivity,
also known as recall, the formulas of which has been provided previously [24]. The F1
score can range from 0 to 1, with a value of 1 indicating perfect precision and recall. Other
performance metrics evaluated included sensitivity, specificity, positive predictive value,
negative predictive value, and the c-statistic. We constructed confusion matrices.

For the alternate ML models, we scaled continuous features in the training data to have a
mean of 0 and standard deviation of 1. We tuned hyperparameters to optimize the F1 score
using randomized search with 10-fold cross-validation. The hyperparameters considered and
selected are shown in the Supplemental Methods.

Confidence intervals (CI) were estimated using the jack-knife procedure [25]. We compared
the F1 score between the alternate ML and T-LR models using a one-way ANOVA with
Tukey’s Test.

All analyses were completed using Python (version 3.7) with modules from Scikit-learn and
Tensorflow 2.

3. Results

3.1. Cohort characteristics

Between 1997 and 2016, 1268 patients were managed with AS at our institution. Of these,
we excluded 273 who did not undergo a confirmatory biopsy and an additional 97 did not
meet very-low or low-risk criteria. Of the remaining 898 patients, we excluded a further
108 patients for missing data on prostate volume, total number of biopsy cores at diagnosis,
or use of 5-alpha reductase inhibitor at the time of diagnosis. Our final cohort consisted of
790 patients, details of which are provided in (Table 1). With a median follow-up of 6.29
(interquartile range 4.30-8.92) years, 234 patients were found to have grade progression.

The cohort was split into a training (80%) and test (20%) set and their characteristics are
shown in (Table 1).
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3.2. Traditional statistical approach

After applying backward selection, 4 variables were included in the final multivariable T-LR
model and these were age, PSA density, maximum percentage of core involvement, and time
between initial diagnosis and most recent biopsy.

3.3. Model performance

The F1 scores measured in the test set in descending order were: support vector machine
0.586 (95% CI 0.579 — 0.591), ML-LR 0.522 (0.513 — 0.526), 2-layer artificial neural
network 0.392 (95% CI 0.379 — 0.396), random forest 0.376 (95% CI 0.364 — 0.380), and
T-LR 0.182 (95% CI 0.151 — 0.185). All ML models had a significantly higher F1 score than
the T-LR model (all £<0.001, Fig. 1).

Other model performance metrics of sensitivity, specificity, positive predictive value,
negative predictive value, and c-statistic are shown in (Table 2).

Compared to the ML models, the T-LR model had the lowest sensitivity and negative
predictive value, but highest specificity and positive predictive value. The c-statistic of the
T-LR model was lower than the support vector machine and ML-LR, but higher than the
random forest and artificial neural network.

Confusion matrices are shown in (Fig. 2).

4. Discussion

Robust prediction of progression on AS for prostate cancer can allow for risk-directed
protocols, thereby reducing the burden and risks of AS, as well as potentially decreasing
patient anxiety. This is of increasing importance since AS is being used more frequently as
the initial management for localized prostate cancer [26]. ML methods have gained interest
in healthcare research as they have demonstrated superior classification performance to
traditional statistical approaches [18,19], but have not yet been studied in prostate cancer
AS. In this study, we developed and evaluated various models to predict progression on

AS and found that ML approaches outperformed a traditional statistical approach. These
findings emphasize the potential value of ML methods in developing robust AS prediction
models.

Several performance metrics have been proposed in the ML literature and the ideal metric
is based on the priority for accurately predicting either the positive or negative class and the
characteristics of the dataset [27]. We chose the F1 score as the primary performance metric
given the clinical priority for accurately predicting the positive class (disease progression)
and the known class imbalance in our dataset. While the alternate ML models had a

higher F1 score than the T-LR model, the T-LR model had the highest specificity and
positive predictive value. This can be explained by the model development process and

the characteristics of the AS population. The T-LR model was developed in a traditional
statistical approach to maximize overall accuracy. In the present study, a minority of patients
had disease progression, representing an unbalanced dataset, and therefore the T-LR model
overpredicted the negative class while underpredicting the positive (disease progression)
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class, as demonstrated in the confusion matrices. This resulted in the T-LR having relatively
higher specificity but lower sensitivity. In contrast, the ML models were developed with
clinical guidance to prioritize prediction of the positive class by tuning the hyperparameters
to optimize the F1 score, resulting in improved sensitivity.

The c-statistic is another metric that has been used to describe model performance. However,
the c-statistic places equal importance on the positive and negative classes [28] and therefore
these measurements can be overly optimistic in unbalanced datasets. Indeed, the c-statistic
for the T-LR model was superior to the random forest and artificial neural network, despite
the low sensitivity of the T-LR model. The support vector machine was the overall best
model by F1 score and c-statistic.

To date, studies that have developed models to predict progression on AS have invariably
used traditional statistical approaches. A study from Johns Hopkins developed a model

to predict grade reclassification in patients managed with AS for very-low- and low-risk
prostate cancer [8]. After applying a combination of forward and backward elimination,

the c-statistic for the final model was 0.757. A more recent study developed a prediction
model in those with grade group 1 disease from the Canary Prostate Active Surveillance
Study and validated the model in a cohort from the University of California, San Francisco
[16]. Variables in the final model were selected using forward selection and the c-statistic
was 0.70 in both the development and validation cohort. Other models have been developed
using similar traditional statistical approaches and resulting c-statistics [15,17].

Limitations of the models developed to date include the use of automated variable selection
strategies and T-LR, as well as difficulty in interpreting classification performance based

on the c-statistic. Disadvantages of automated variable selection strategies have been
described elsewhere [29]; briefly, concerns include potentially selecting variables that may
be unrelated to the outcome and inflating the association between each selected variable and
the outcome. A concern of T-LR is that there are underlying assumptions of the relationship
between the predictors and the outcome, which may not hold biologically [30].

More recently, ML methods are being used with increasing frequency in healthcare
research [23]. Advantages of ML models include the ability to learn complex, non-linear
relationships between predictors and the outcome, as well as being able to adjust the
coefficients of the parameters to optimize model fit in a process known as regularization
[30], with minimal human involvement. It should be noted that ML methods can be also
applied to logistic regression, as was done in this study, to optimize the performance of
this type of model. Despite the potential benefits of ML, traditional statistical methods may
perform as well as ML methods in some contexts [31,32], and these scenarios cannot be
predicted in advance.

While the performance of our ML models, as determined by the c-statistic, is in line with the
previous models that have been developed using a traditional statistical approach, it should
be noted that the c-statistic is dependent on the variables included in the model as well as the
characteristics of the population evaluated [33]. Therefore, it is difficult to directly compare
our c-statistic with those of others. Nonetheless, we did not achieve a robust prediction
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model to predict progression on AS within our sample and available data. Rather, our study
demonstrates the potential value of ML methods to improve predicting progression on AS,
compared to traditional statistical approaches.

This study is limited by the lack of MRI data. Although MRI has been shown to be of
potential value in selecting patients for AS, routine use is not yet endorsed and therefore
a model utilizing this data would limit generalizability. Nonetheless, it is anticipated that
combining MRI features through a convolutional neural network with clinical data would
augment the performance of a model predicting AS progression. Furthermore, although
model performance was evaluated on data that had not been used for model development,
external validation of our results is needed as it remains conceivable that T-LR may be
comparable to, or even outperform, ML methods in certain datasets, depending on the
features and their distribution.

Despite these limitations, our study is the first to evaluate ML methods to predict
progression on AS for prostate cancer. This study provides impetus to develop a robust
prediction model for progression on AS using ML methods in a larger sample size with
more features.

5. Conclusions

In this study, we demonstrate that a ML approach out-performs a traditional statistical
approach to predict progression on AS for prostate cancer. We anticipate that a robust model
for clinical use will be developed using ML methods in a large population with abundant
informative data.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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M Artificial neural network
0 Random forest
0.586 M Support vector machine

B Machine-learning Logistic

regression
M Traditional Logistic
regression
0.000 0.200 0.400 0.600
Fig. 1.

F1 scores of machine learning and traditional statistical models predicting progression on
active surveillance for prostate cancer.
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Support vector machine

Predicted: | Predicted: Predicted: | Predicted:
Yes No Yes No
Actual: TP=5 FN=42 47 Actual: TP=34 FN=13 47
Yes Yes
Actual: FP=3 TN=108 111 Actual: FP=35 TN=76 111
No [No
8 150 69 89
Random forest Artificial neural network
Predicted: | Predicted: Predicted: | Predicted:
Yes No Yes No
Actual: TP=19 FN=28 47 Actual: TP=19 FN=28 47
Yes Yes
Actual: FP=35 TN=76 111 Actual: FP=31 TN=80 111
No [No
54 104 50 108

Machine learning logistic regression

Predicted: | Predicted:
Yes No
Actual: TP=30 FN=17 47
Yes
Actual: FP=38 TN=73 111
No
68 90
Fig. 2.

Confusion matrices for models predicting progression on active surveillance for prostate
cancer. Abbreviations: FN: false-negative; FP: false-positive; TN: true-negative; TP: true-

positive.
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