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Results

We outlined herein the concepts involved in using multiple ML approaches complemented with medical
expertise in identifying novel phenotypes and confirming established ones from large, complex, real-world
EHR datasets.

After the key steps in phenotyping, suitable informative and interactive data visualization with medical
iInterpretation of shared clinical characteristics is essential in identifying and validating phenotypes.

Introduction

e Over the past few years, the widespread use of electronic health records (EHRS) has resulted in the °
avallability of extensive real-world data elements representing a variety of clinical information across diverse
patient populations and therapeutic areas.!

e Machine learning (ML), that involves algorithmic modeling to extract general deductions from large and °
complex real-world datasets (like EHR), is being rapidly adopted into healthcare over the past few decades.?

Visualizations include 3D projection of the phenotypes along with radar plot and the corresponding clinical
characteristics representing each of the phenotypes.

e Traditionally, phenotyping in diseases was based on clinical features only. With the development of ML and °
advanced analytics, it is now possible to identify phenotypes, endotypes, immunotypes, regiotypes, and

theratypes from real-world EHR data.’ e Based on the use of clustering techniques on EHR data for a particular disease area, 10 phenotypes were

identified, out of which radar plots, 3D projection, and clinical characteristics of 3 representative
phenotypes have been illustrated. (Figure 2).

e Identification of such phenotypes is the essential first step towards precision medicine.?

Objective

e \We describe herein the application of various ML algorithms for large EHR datasets as a suitable
Improvement in identifying novel phenotypes and confirming existing ones in various disease areas.

Figure 2. 3D projection of disease phenotypes with radar plot and corresponding characteristics of 3
representative phenotypes represented through the clustering algorithms
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recruitment, external controls, and in designing pragmatic trials for innovative medicines),

e Evidence-based Clinical practice- by providing clinical support to healthcare professionals

(including applications in digital twin technologies). e Further differentiation between the identified phenotypes is performed using a dendrogram to visualize
hierarchy or clustering in data for the previously mentioned example on 10 clusters identified (Figure 3).

Figure 1. Framework phenotypes identification from EHR data with real-world applications. e Additionally, the dissimilarities between identified phenotypes can also be visualized using heatmaps.

Anonymized Patient Data Disease Phenotyping using Real-world . . e . -
: : : : " Figure 3. Dendrogram demonstrating the dissimilarities between the 10 phenotypes identified
available in EHR Machine Learning Approaches Applications g g g p yp
4.0 A
_ : : : : |
Patient Patient Pre-processing Clustiermg Persor_*la_llzed
Encounters Journey Algorithms Medicine i
Data available: Data over time: Supervised ML Unsupervised ML Better disease
Structured: Change in data points approaches: approaches: understanding 3.0 1
Demographics Hospitalizations e.g., missing value e.g., Bayesian Gaussian
Comorbidities Adverse Events imputation using mixture to identify Clinical companion 2.5 -
Imaging Death random forest various clusters Q|
Labs techniques like pertaining to each Application of Digital <
Treatments . . MissForest algorithm henotype twin in health 8 &0
Unified representation 9 P P win in heaitncare g -
Frocedures of medical data _ .
Fit-for-purpose Data Visualization & Clinical trial toolbox 1.5 -
Unstructured: NLP OMOP CDM dataset: Clinical Int tati .
nstructured: (conversion of data to ataset: Inical Interpretation (for fe?ster patient
F’hysmlan notes _ appropriate concept of Lex{cal methods recruitment, exter_nal 1.0 -
Discharge summaries standardized ontologies Lu.gllcal metho{_:is Deplcfyable ML CQntro|s__pragmgt|c
Reports e.g.. LOINC for labs) Clinical expertise algorithm across other trials for innovative —
EHR databases medicines, etc,) '
LOINC, Logical Observation Identifiers Names and Codes; ML, Machine learning; NLP, Natural Language Processing; OMOP CDM, Observational Medical 0.0

Outcomes Partnership Common Data Model.

ML In various steps towards identification of phenotypes
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e \arious ML algorithms used on EHR datasets enable various steps in the phenotyping process with °
applications across multiple therapeutic areas (Table 1).

The above visualizations, with medical expertise, help in robust identification, clinical interpretation,
validation, and differentiation between disease phenotypes based on clinically relevant characteristics.

e The EHR databases contain anonymized, structured and unstructured data. Application of machine °
learning techniques (e.g., NLP) for data enrichment of unstructured data (like physician notes, discharge
summaries, and reports) aid in better patient identification and feature extraction.

These identified phenotypes will find applications in disease research, clinical trials, and in informing
evidence-based clinical practice.

e Considering the large, fragmented, missing, and inaccurate data, characteristic of EHR, ML approaches
help in missing data imputation, hyperparameter tuning, high dimension data visualization and
dimensionality reduction, to create a “fit-for-purpose” dataset to be used for further processing.

Conclusions

Machine learning approaches used at various steps of the process when combined
with medical expertise can enable robust identification of novel, clinically-relevant

e \arious ML-based clustering algorithms form the basis of phenotyping in various diseases, that allow to ®
better visualize and understand the phenotypes identified.

phenotypes from real-world EHR data.

e Lexical and logical methods along with verification from medical experts at every step of the process

allows robust identification of phenotypes and in clinical validation of the final phenotypes identified. These phenotypes will find applications in disease research, in informing evidence-

based clinical practice, in supporting clinical trial recruitment, and in designing next
generation clinical trials for innovative medicines.
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