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. Figure 1. Attrition flow and number of covariates populated for dataset a) institutional and professional medical claims — private
I n trO d u Ctl O n source 14, b) professional medical claims — private source 34, ¢c) Ambulatory EMR — private source 42

A. PS 14 — Institutional & Professional Medical Claims

1 month continuous
enrollment pre- and post-
index (N=10,634)

Chemotherapy-induced thrombocytopenia is a frequent challenge in the management of cancer patients and can limit the ability to maintain : :
effective dosing and treatment duration?. In this study, we assess real-world rates of chemotherapy-associated thrombocytopenia, measure "
the impact on patient dosing, and explore the potential of machine learning methods, using commonly available clinical variables, to predict |
development of this common, potentially treatment-limiting side effect.

Age >=18
(N=10,633)

Total Populated

Total Patients (N=7,164) Covariates: (N=2,188)

No Rx of Gemcitabine, Taxane or PARPi (N=3,469)

B. PS 34 — Professional Medical Claims

: : 1 month continuous
Total patients in each i i Age >=18 . _ Total Populated
I\/I et h O d S dataset (N=11,809) ?nnJgJ(ITNe:; 8;2) and post (N=7,963) Total Patients (N=2,461) Covariates: (N=1,765)
Data Sources Machine Learning Prediction of Thrombocytopenia Events No Rx of Gemcitabine, Taxane or PARPi (N=5.502)
This retrospective cohort study was conducted in US Feature Engineering: Covariate pipelines were set up for
professional and institutional medical claims sources and a US supervised learning C. PS 42 — Ambulatory EMR
ambulatory practice electronic medical records source from the Patient demographics of Age at Index, gender, race, and
HealthVerity® Marketplace platform of data suppliers from ethnicity, using OneHotEncoder on all nominal variables i
y® P P PP y J Total patients in each 1 month continuous Age >=18 Total Populated

enrollment pre- and post- Total Patients (N=455)

Diagnosis covariates were defined as the existence of a dataset (N=12,999) index (N=9,170) (N=9,151)
patient record prior to the index date for groups based on 3
digit ICD10 and their descendants (e.g., A0O.xx)

Medication covariates were defined as the existence of a
patient record prior to the index date for groups based on

1/1/2015 — 12/31/2018 Covariates: (N=2,599)

Data Transformation and Analysis

Data was transformed into the OMOP Common Data Model, No Rx of Gemcitabine, Taxane or PARPi (N=8,696)

version 5 . . . : )
RxNorm ingredients and their descendants, including
Analyses were conducted using the SHYFT Quantum V6.7.0 HCPCS J-codes
solution and Python v3.6 Table 1. Average model accuracy on training data set for each analytic method

Lab test covariates were defined as the existence of a

Inclusion Criteria LOINC codes
Cohort: Patients with 21 diagnosis of a female genitourinary Modeling Methods: Classification models used included Logistic

(fGU) cancer (ICD10: C51.xx-c58.xx or ICD9 equivalent) Regression, Gaussian Naive Bayes, Multi-level Perceptron, K- Logistic Regression 93.45% 0.70% 97.43% 0.38%
Nearest Neighbor, Linear Discriminant Analysis, Support Vector Naive Bayes 87 23% 0.77% 91.25% 0.56%
Machine, Decision Tree, Random Forest, Gradient Boosted

Classifier, and XG Boosted Classifier. Models were scored on
Machine Learning: first diagnosis of thrombocytopenia accuracy and AUC-scores K-Nearest Neighbor 89.16% 0.65% 95.81% 0.49%
(TCP, ICD10: D69.3-6 or ICD9 equivalent) or first diagnosis

Index date;:

Incidence Rate: first diagnosis of a fGU cancer Multi-level Perceptron 84.54% 7.04% 97.25% 0.23%

of a fGU cancer in patients lacking a TCP diagnosis Measures of Association: Features were tested for collinearity Linear Discriminant Analysis 94.58% 0.67% 97.24% 0.51%
_ and excluded from the data frame if Pearson Correlation and S Ve e 94.47% 0.64% 95.75% 0.41%

Age 218 at index Variance Inflation Factor scoring, with respective exclusionary
. Decision T 93.23% 0.79% 96.03% 0.29%
>6-month pre- and post-index continuous enroliment thresholds of >0.8 and >5.0 respectively R 0 : ° O
.. i ) .. Random Forest 94.79% 0.80% 97.38% 0.33%

Training and Validation: To test for overfitting, a 4:1

Incidence Rate at Risk: training/testing split was employed on each data set using cross- Gradient Boosted 95.52% 0.76% 97.39% 0.40%
' validation scoring with a K-fold of 10 XG Boost 95.61% 0.78% 97.43% 0.35%

Numerator: Number of patients with the first TCP diagnosis in

the dataset occurring after the index fGU cancer diagnosis Feature Importance: Relative feature importance was extracted

_ _ _ from the ensemble models and the top 1% and top 10% were
Denominator: Person-years at risk from index date to the used to validate the models between datasets. Features Table 2: Model accuracy and AUC-score on validation data set for each analytic method

Incident TCP diagnosis or death or end of patient observation importance was also tested using Recursive Feature Elimination

Logistic Regression 92.25% 88.79% 97.87% 74.93%
Naive Bayes 86.41% 86.83% 91.49% 78.33%
Multi-level Perceptron 57.53% 68.74% 97.49% 75.15%
Res u I tS K-Nearest Neighbor 88.33% 81.01% 96.34% 54.37%
Linear Discriminant Analysis 94.17% 89.36% 97.45% 74.71%
Support Vector Machine 93.96% 89.36% 96.37% 54.39%
Attrition flow for each dataset's cohort is shown in Figure 1. The incidence rate for all f{GU patients was in line with prior work (0.03-0.06 per Decision Tree 02.379% 50,769 06.34% 7 300
person-year @ risk in medical claims and 0.01 per person-year @ risk in EMR)3456, Among treated patients the proportion diagnosed with ' ' ' '
TCP was in line with other prior publications (29-34% in medical claims, 48% in EMR). The TCP incidence rate among treated fGU patients Random Forest sl e e R
was also in line with expectations (0.06-0.07 per person-year @ risk in medical claims and 0.03 per person-year @ risk in EMR). Gradient Boosted 94.94% 91.01% 97.70% 75 68%
Overall model performance was highest in the institutional and professional medical claims and lowest in the ambulatory EMR dataset XG Boost 90-10% o1.05% 98.05% 75.86%
(Table 1 & 2). This is likely in part because the EMR had fewer patients with recorded injectable treatments and high-grade TCP diagnoses.
The best performing models were from the class of ensemble methods, especially Gradient Boosted Classifier and XG Boosted Classifier. - > ROC-AUC plots for logist _ 0 the t Table 3. Top feat hoth dical clai 4 EMR
Out of the approximately 60,000 variables possible, only 1,700 — 2,500 were populated in any given data set. The top 1% of variables ¢ |gture 'f q _t tp O1s tptr tpglsllc rggresfsmn_ US'?g de_z olp dat © t. OSFE t(—?at_ureis ?‘Crf’f.ss ° rr;led |cat_c aln:js an
across each of three models were blended in to a single model and showed strong performance across all three datasets (Figure 2, Table ela_ ures tor ? aset a) 'n154' g |ona; an prcl) eszl_on? Tn_e ca a af_sde =- ot tIS |ce} S|gn|b|candce, Ol S rt?‘ 10 and ¢
3). These models showed a 46% improvement in accuracy and 274% improvement in AUC score when compared against previously claims —=private source 24, ) pro essional medical claims = contigence Intervals are based on 10gIstic fegression rom
private source 34, c) Ambulatory EMR - private source 42 Quantum, run on the professional and institutional medical

presented algorithms?2.

claims dataset (PS 14)

to improve the management of chemotherapy-associated thrombocytopenia through both active management of dose-adjustment as well as
potential use of point-of-care predictive algorithms. Future work will focus on hyperparameter tuning, expanding the clinical domains for

covariates to procedures, and exploring deep learning approaches to further test and validate the predictive modeling. Digestive Organ Cancer 0.0125 1.3572 1.0682 1.7252

Polyp 0.0081 0.6244 0.4395 0.8824

Other Female Genitourinary

0.0276 1.1719 1.0181 1.3502
Cancers

Secondary Cancer <0.0001 2.7577 2.3258 3.2685
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Conclusion
Age 0.0062 0.9892 0.9816 0.997
Overall the study identified real-world rates of thrombocytopenia consistent with previous publications34°. Results also indicate opportunities Ovarian Cancer <0.0001 2.056 1.7723 2.3864
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