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RESULTS

 Treatment patterns are important for identifying eligibility
for further treatments like chimeric antigen receptor T-cell
(CAR-T) therapy.?

However, because many hematological oncology
treatments delivered in practice do not precisely match
treatment guidelines, researchers cannot rely on
guidelines alone to identify treatment patterns and detect
switches in therapy observed in real-world data.

RESEARCH OBJECTIVES

To explore whether unsupervised machine learning may be
useful for identifying treatment patterns for patients with
diffuse large B-cell ymphoma (DLBCL).

METHODS

Data: TriNetX Research Network electronic health records
datasets (2007-2022)

Sample: 176,437 DLBCL drug records from 17,873 DLBCL
patients, excluding:

* Patients with no encounters after October 18, 2017.

* Time between first and last DLBCL diagnoses is less
than 30 days.

* No diagnoses earlier than the patient’s first DLBCL
diagnosis.

* Neither label use nor off-label use of drugs is for DLBCL
or non-Hodgkin lymphomas.

DLBCL drugs administered in visits not associated with
DLBCL or associated with neoplasms other than
ymphomas.

List of Drugs: National Comprehensive Cancer Network
(NCCN) and American Cancer Society (ACS) guidance and the
literature.

Identifying Treatment: For each patient, drugs delivered
with no more than a 5-day gap between each other were
grouped into multi-drug treatment regimens.

Multiple Correspondence Analysis (MCA): MCA was used to
identify “dimensions” comprising weighted combinations of
multiple co-occurring drugs, reducing the dimensionality of
raw drug data to be used in clustering.?

Mini-Batch K-Means Clustering: Treatments were clustered
on their MCA dimensions.3 Suitable for large datasets.
Optimal Number of Clusters: Number of clusters was chosen
to minimize the Bayesian Information Criterion (BIC).
Sensitivity Analyses: Varied “Gap” days for combining drugs
into treatments, number of MCA dimensions for clustering,
and criterion for determining the optimal number of clusters.

Exhibit 1. Examples of MCA Dimensions
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111490392 0.05204345 -1.0775513| -6.9501691  -5.372204 7.07108849 /11611069003 0.17211992
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Exhibit 5. Examples of Clusters
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Exhibit 6. Treatments of the same
“line” clustered together.
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t 7. Example of an Individual Patient Treatment Flow
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Exhibit 2. MCA Reduced 30 Single Drugs to 23
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Exhibit 3. Examples of MCA Factor Maps
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* Generalizability (only multi-center datasets)
e The results need further confirmation from clinicians

Potential left and right censoring issues
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