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Motivation
.« Venous Thromboembolism (VTE) is a

. frequent, yet fatal complication in patients
with active cancer, especially while they are

receiving chemotherapy.

Accurate stratification of the VTE risk among
patients with cancer may allow clinicians to
improve clinical outcome while minimizing
side effects due to overtreatment.

A major challenge with accurately identifying
patients at high risk for cancer-associated
VTE lies in the heterogeneity of the VTE

risk across diverse patient
subpopulations.

Our goal is to address the heterogeneity in
cancers and improve the prediction
accuracy of cancer-associated VTE across
diverse patient groups defined by cancer

types and demographics.

Patient Analysis Cohort

* 16,833 ambulatory patients with cancer

aged 18-80, who were treated and followed
up at Dana-Farber Cancer Institute (DFCI)

since June 1, 2015.

None of these patients had an acute VTE
episode in the six months leading up to their

treatment.

lll. Prediction of

time-to-cancer
associated VIE

We utilized Cox Proportional
Hazard model and DeepSurv
(Katzman et al., 2018).

We also plotted performance of
Khorana score, the most widely
utilized risk stratification tool for
VTE (Khorana et al. 2008).

We considered two feature sets:
generic (clinical and treatment
features without cancer groups,
age, ethnicity, and sex) and
personalized (all clinical and
treatment features).

Overall, a configuration with more
features (i.e., personalized feature

set) provides a better performance; -

but no single model
configuration was universally
beneficial to all groups we
considered.

|. Heterogeneity of cancer-
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predicting VTE risks as well as serve a
more diverse group of cancer patients.



