In with the old, in with the new: Machine Learning
for Time to Event Biomedical Research
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Abstract —

Objective: The predictive modeling literature for biomedical applications is dominated by biostatistical methods for
survival analysis, and more recently some out of the box machine learning approaches. In this paper we show a presentation
of a machine learning method appropriate for time-to-event modeling in the area of prostate cancer long term disease
progression.

Materials and Methods: Using XGBoost adapted to long term disease progression, we developed a predictive model for
118,788 patients with localized prostate cancer at diagnosis from the Department of Veterans Affairs (VA). Our model
accounted for patient censoring.

Results: Harrell’s c-index for our model using only features available at the time of diagnosis was 0.757 95% CI [0.756,
0.757].

Discussion: Our results show that machine learning methods like XGBoost can be adapted to use accelerated failure time
with censoring to model long term risk of disease progression. The long median survival justifies and requires censoring.
Conclusion: Overall, we show that an existing ML learning approach can be used for accelerated failure time (AFT)

outcome modelling in prostate cancer, and more generally for other chronic diseases with long observation times.

I. INTRODUCTION

Historically, predictive models have been dominated by classical statistical approaches. In recent years, access to an increasing
volume and diversity of biomedical data, as well as advances in computational capabilities have generated significant interest in
application of machine learning (ML) for biomedical research[1]. Machine learning techniques offer several advantages over
statistical approaches: they can account for large numbers of independent variables and multiple outcomes, making fewer

assumptions regarding the shape of the predictor and hazard functions. Machine learning approaches also have drawbacks when



they do not include censoring information. For chronic diseases with long observation timeframes, loss to follow-up is of serious
concern. Statistical approaches account for these situations by capturing the observation window and censoring time. In this paper,
we present a domain-aware predictive modeling approach based on XGBoost[2] for prostate cancer disease progression using

machine learning that considers time-to-event with censoring for a direct comparison with traditional biostatistical approaches.

II. RELATED WORK

Prostate cancer is the leading malignancy in male veterans[3] and the second in United States males[4]. Annually, over 13,000
new cases are diagnosed in the veteran population[3]. Fortunately, 80% of new prostate cancer diagnoses are non-metastatic. In
this population, treatment options to improve long-term survival and maximize quality of life are extremely complex[5], and there
is significant need for data driven predictive models to inform the course of therapy. Over the years, several models of prostate
cancer survival have been developed to address the need for survival prediction tools, nomograms, and calculators available to
both patients and physicians. The Memorial Sloan Kettering nomograms[6] are widely used in the prostate cancer community and
were built using data from 10,000 prostate cancer cases. The PREDICT prostate[7] tool used multivariate Cox models applied to
10,089 non-metastatic prostate cancer cases in England and externally validated on 2,546 cases in Singapore. These tools were
mostly developed using traditional biostatistical approaches that have dominated predictive modeling since the 1980s. Recently,
the availability of the MIMIC dataset[8] has resulted in more machine and deep learning approaches being used out of the box for
biomedical predictive modeling[9]. However, adapting machine and deep learning techniques to time to event with censoring has
not received as much attention from the research community, and methods for doing so are still being investigated[10]. Outcome
modeling with random survival trees (RSF)[11] is a machine learning non-parametric alternative to the traditional Cox proportional
hazards model. Due to the nature of the random forest it is based on, RSF is more sensitive to unbalanced datasets, such as those
used for this analysis, compared to XGBoost. DeepSurv[12] is an implementation of a Cox proportional hazards model using a
deep neural network. [13] discusses adapting generative adversarial networks for time to event modeling with censoring. In [14]
the investigators used XGBoost without time to event with censoring for mortality prediction 10 years after diagnosis in a 76,693
patient cohort recruited as part of a multicenter project in the US. The studies discussed in this section also focus on a singular

outcome (mortality).

[II. METHODS

This study has been approved by the VA Central Institutional Review Board (IRB).

A. Cohort selection



Our cohort consisted of patients with localized prostate cancer at diagnosis from the Department of Veterans Affairs (VA)
Corporate Data Warehouse (CDW) cancer registry. We defined localized prostate cancer using the tumor, node, metastases (TNM)
staging system: having clinical NO and M0. We included only patients with a Gleason score clinical between 6 and 10, and restricted
our study to individuals with a baseline prostate specific antigen (PSA) between 1 and 100. We also excluded patients without a

biopsy confirmed diagnosis and those who had another primary cancer either before or after the prostate cancer diagnosis.

B. Predictors

The 13 predictors measured at or before primary prostate cancer diagnosis, fell in two categories: (i) A set of independent variables
abstracted from the CDW cancer registry characterizing patient demographics (age at diagnosis, race, ethnicity) and disease staging
(Gleason score clinical, AJCC stage group , SEER summary stage and a computed stage value from the registry (TNM) variables);
(i1) Prostate specific antigen (PSA) values, aggregated into minimum, maximum, average, density, standard deviation values across
the 5-year period prior to diagnosis. In addition, we included the last PSA before diagnosis adjudicated over the last year, the

penultimate PSA over the last 5 years, and their rate of change.

C. Outcome

The outcome was a composite in days from primary diagnosis, consisting of cancer related death from the National Death Index
as well as registry documentation, a PSA> 50, and inpatient and outpatient ICD codes indicative of metastatic disease. In our
dataset more than half of the population was censored, therefore we could not calculate a median survival/disease progression, and

we reported survival in 5 year intervals.

D. Censoring

We censored all patients one year after their last PSA value or 12/31/2017, whichever came first.

E. Computational methods
We used a well-known machine learning algorithm, XGBoost[15] adapted for accelerated failure time[2]. The modification uses
XGBoost to fit a good tree ensemble t(x). It expresses the AFT model of the form:

In (Y) = 1(x) + noise,
where Y is the output label, x is the input feature vector. Since the noise is a random variable, the goal of xgboost is maximizing
In(Y) by fitting a good tree ensemble t(x). Unlike traditional survival analysis methodologies that compute a hazard ratio, our

machine learning algorithm calculated time to event survival. The model training and 5-fold cross validation used 80% of the



dataset. The remaining 20% was used solely for independent testing of the trained model to compute the performance metrics. We
performed grid search to determine the max_depth, learning_rate, aft loss_distribution_scale , min_child weight, n_estimators

hyperparameters needed for the model. Our step by step methodology followed the approach detailed in[16].

F. Explainability

For improving the explainability of the machine learning approach, we derived feature importance measures using a tree solution
for SHAP (SHapley Additive explanation)[17], a method that is both consistent and accurate[ 18]. The SHAP value of each feature
for each prediction is the marginal contribution of that feature to the output. In addition to averaging these contributions for all
patients in our dataset, we also generated instance level predictions for two scenarios: a patient with more aggressive disease at

diagnosis and one with lower grade disease.

G. Metrics
To determine the discrimination power of our algorithms, we used two metrics: the modified Harrell’s c-statistic, and the accuracy.
We modified the Harrell’s c-statistic calculation[19] to use the time to event survival predictions generated by our model instead

of the risk to generate the list of concordant pairs and ties.

IV. RESULTS
A. Cohort selection

Figure 1 below shows the cohort selection procedure.

Figure 1: Cohort selection

B. Population

Table 1 shows the population demographics in detail. Our cohort is dominated by 55-74 year olds, consistent with previous
studies and current screening guidelines. The dates of diagnosis span a period of 14 years from 2002 to 2016. Our population
consists of a higher percentage of African Americans compared to the VA overall[20]. The Gleason scores, stage, and PSA at
diagnosis are consistent with localized disease. More than 50% of the population is outcome-free at 5 years with 14.19%
observed outcome-free 10 years after diagnosis.

Table 1: Population demographics



Train-validation set
(n=94,608)

Test set
(n=24,180)

Demographics

Age at diagnosis
Patient count (% of total)

Race
Patient count (% of total)

Ethnicity
Patient count (% of total)

African-American
East Asian

South Asian
Polinesian/Hawaian
White
Other/Unknown

Hispanic or Latino

5745 (6.07%)
36323 (38.39%)
39674 (41.93%)
12866 (13.59%)

27239 (28.79%)
185 (0.19%)
28 (0.02%)
153 (0.16%)

63903 (67.54%)

3100 (3.27%)

5268 (5.56%)

1540 (6.36%)
9231 (38.17%)
10134 (41.91%)
3275 (13.54%)

7038 (29.1%)
47 (0.19%)

5 (0.02%)
36 (0.14%)
16264 (67.26%)
790 (3.26%)

1318 (5.45%)

Not Hispanic or Latino 89340 (94.43%) 22862 (94.54%)
 Stagingvariables |
T-stage
Patient count (% of total)
1A 726 (0.76%) 188 (0.19%)
1B 419 (0.44%) 119 (0.49%)
1C 64691 (68.37%) 16597 (68.63%)
1 335 (0.35%) 79 (0.32%)
2A 10087 (10.66%) 2549 (10.54%)
2B 4230 (4.47%) 1115 (4.61%)
2C 8588 (9.07%) 2167 (8.96%)
2 3749 (3.96%) 936 (3.87%)
3 1598 (1.68%) 385 (1.59%)
4 181 (0.19%) 44 (0.18%)
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, missing | 40%) 1(0%)
Gleason score
Patient count (% of total)
6 38937 (41.15%) 9919 (41.02%)
7 39828 (42.09%) 10332 (42.72%)
8 9223 (9.74%) 2280 (9.42%)
9 6078 (6.42%) 1509 (6.24%)




10 542 (0.57%) 140 (0.57%)

PSA at diagnosis
mean (std) 9.777 (10.844) 9.706 (10.733)

Outcome

Composite outcome
Patient Count (% of total)

<5 years 5545 (5.86%) 1419 (5.86%)
5-10 years 2501 (2.64%) 632 (2.61%)
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, >10years | 594(0.62%) 144(0.59%) |
Censoring
Patient Count (% of total)
<5 years 39766 (42.03%) 10197 (42.17%)
5-10 years 32768 (34.63%) 8331 (34.45%)
>10 years 13434 (14.19%) 3457 (14.29%)

C. Performance metrics
The model shows robust performance from the validation to the test dataset. The test c-index is 0.757, with a narrow confidence
interval. Table 2 shows the accuracy and c-index metrics on the validation and test datasets.

Table 2: Performance metrics

Validation | Validation Test Test
accuracy c-index accuracy c-index

[95% CI] [95% CI] [95% CI] [95% CI]

0.889 0.764 0.891 0.757
[0.888, [0.759, [0.890, [0.756,
0.889] 0.768] 0.891] 0.757]

D. Explainability
Figure 2 shows the average impact of the independent variables on model output magnitude. The Gleason score is the most

important overall feature, and the Hispanic/Latino ethnicity has the lowest impact.

Figure 2. SHAP predictor importance (average impact on model output magnitude)



At an individual patient level, the feature importance varies, as shown in Figures 3a and 3b. For a hypothetical patient 1 (Figure
3a), with more aggressive disease at diagnosis, the higher Gleason score, PSA and stage reduce the survival time (f(x)) from the

average (base value).

Figure 3a. Instance level predictor importance for hypothetical patient 1 with more aggressive disease at diagnosis- Hypothetical

patient 1 timeline

Figure 3a. Instance level predictor importance for hypothetical patient 1 with more aggressive disease at diagnosis- Outcome

prediction

Figure 3b. Instance level predictor importance for hypothetical patient 2 with less aggressive disease at diagnosis-Hypothetical

patient 2 timeline

Figure 3b. Instance level predictor importance for hypothetical patient 2 with less aggressive disease at diagnosis Outcome

prediction

For hypothetical patient 2 (Figure 3b) with less aggressive disease at diagnosis, the age, Gleason score, stage, minimum, maximum
and average PSA values before diagnosis drive an increase in the survival, while the last PSA and the standard deviation of the

PSA values contribute to a reduction.

V. DISCUSSION

Overall, we show an approach that uses an existing machine learning method adapted for accelerated failure time with censoring
to model long-term risk of disease progression. In our study, 14% of the population is censored more than 10 years after diagnosis
indicating that loss to follow-up is an important consideration. Especially when they align more closely with traditional
biostatistical methods, the value proposition of machine learning over other approaches are multifold. First, unlike Cox, we are not
making any assumptions regarding the contributions of predictors in our survival function over time. Secondly, machine learning
algorithms like XGBoost are well-suited computationally for problems with large numbers of predictors. Our model was
intentionally simpler with only 13 predictors, but our methods are scalable to problems with hundreds of independent variables.
Machine learning approaches also provide better incorporation of interaction terms: while they can be included in regression, this
process is cumbersome as the range of possibilities is broad, even for pairwise interactions. Additionally, having the capability to

analyze the predictor importance, will allow us to factor in these hundreds of predictors across the entire electronic health record.



Since SHAP values depend on the choice of predictors, their degree of collinearity and ultimately the type of machine learning
algorithm, correctly contextualizing the predictor importance given the clinical problem, will allow us to find the most relevant
ones.

The predictor importance plots in Figures 2, and 3 highlight another benefit of machine learning models. Whereas in traditional
regression models, the coefficients for each feature are static, our modeling paradigm allows for recommendations tailored to the
individual patient. Traditional biostatistical approaches try to account for more personalized predictions using subgroup analysis,
capability also accounted for by our machine learning approach that generates the decision tree splits as part of the algorithm
training.

Our c-statistic is lower than other studies of long term outcomes for prostate cancer patients: 0.84[7] and 0.8[14]. We hypothesize
this is due to a number of factors including (1) our prediction happens at the time of diagnosis not accounting for any treatment
modalities that could significantly impact disease progression, as reported in other studies[14][21]. The long follow-up time creates
a long window of opportunity for patients with similar profiles at diagnosis to follow different treatment arms, and therefore have
different outcomes; (2) our intent was to build a simple model using a large cohort with long follow-up times, that would enable
clinicians to make informative decisions with the limited data available to them at the time of diagnosis. Consequently, we used a
small set of predictors compared to other studies[14], not accounting for the medical history, physical activity or socio-economic
status; (3) unlike other studies that focus on a single outcome, mortality (cancer related or all-cause), we used a composite that
consists of cancer mortality and metastatic disease. In our scenario two patients with similar profiles at diagnosis, could have
significant times to outcome if one is missing an ICD code indicating metastasis; (4) our dataset includes patients diagnosed over
aperiod of 14 years, time in which coding standards changed for our independent and dependent variables; (5) training also suffered
from class imbalance problems because the cohort who had the outcome before censoring was about 10% of the total number of
patients.

VI. CONCLUSION

Machine and deep learning methodologies that can capture the full complexities of datasets are both needed and underrepresented
in the literature and current biomedical practice. Our methods scale to complex problems with thousands of predictors and are
applicable to a variety of chronic conditions with long observation periods, for which loss to follow-up is an important
consideration. In the current data-rich biomedical environment, domain-specific computational methods such as machine and deep

learning that scale to large longitudinal datasets hold the promise for future discoveries.
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Figure legend
Figure 1: Cohort selection
Figure 2. SHAP predictor importance (average impact on model output magnitude)

Figure 3a. Instance level predictor importance for hypothetical patient 1 with more aggressive disease at diagnosis- Hypothetical
patient 1 timeline

Figure 3a. Instance level predictor importance for hypothetical patient 1 with more aggressive disease at diagnosis- Outcome
prediction

Figure 3b. Instance level predictor importance for hypothetical patient 2 with less aggressive disease at diagnosis-Hypothetical
patient 2 timeline

Figure 3b. Instance level predictor importance for hypothetical patient 2 with less aggressive disease at diagnosis Outcome
prediction



