
A high-throughput feature 

engineering approach for 

phenotyping in OMOP

INTRO:

In order to quickly discover new phenotypes, we

leveraged state-of-the-art phenotype definitions

as the gold standard to train ML models for

predicting pairs of concepts that could

potentially belong together to the same

phenotype.

METHODS:

We created a training set (see Table.1) with
positive and negative pairs of concepts
extracted from the gold standard, then applied 3
distinct techniques to generate 21 features for a
machine learning (ML) group to use for
training. Our extensible feature engineering
pipeline was designed to run on various data

sources.

1. Lexical features

Measure the degree to which the two 

concepts are lexically similar, see Fig.1

2. Data-driven features

• co-occurrence matrix

Compute the relative frequency of two events 

co-occurring within the specific time window, 

see Fig.2

3. Knowledge-based features

• semantic similarity

Compute the likeness of their meaning or 

semantic content, see Fig.3

RESULTS:

• The high-throughput feature engineering 

approach provides ready-to-use features 

for similar ML problems. In addition, the 

feature pipeline can be run on OMOP directly 

or other data sources with minor tweaks.

• The feature importance scores show that 

knowledge representation is more significant 

than data driven and lexical features in terms 

of the prediction power for this specific ML 

problem.
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Example
Concept_1: Acute systolic heart failure  
Concept_2: Acute diastolic heart failure
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Acute Heart Failure

Acute Heart Disease
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Fig.3 Semantic similarity

Table.1 Data source

Fig.1 Levenshtein_ratio

𝑅𝑎𝑡𝑖𝑜 =
𝑙𝑒𝑣𝑒𝑛𝑠ℎ𝑡𝑒𝑖𝑛_𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑐𝑜𝑛𝑐𝑒𝑝𝑡_1,𝑐𝑜𝑛𝑐𝑒𝑝𝑡_2)

𝑚𝑎𝑥(𝑙𝑒𝑛(𝑐𝑜𝑛𝑐𝑒𝑝𝑡_1),𝑙𝑒𝑛(𝑐𝑜𝑛𝑐𝑒𝑝𝑡_2))

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝐶, 𝐷) =
2 ∗ 𝑙𝑒𝑛(𝐴,𝐵)

(𝑙𝑒𝑛(𝐴,𝐶) + 𝑙𝑒𝑛(𝐴,𝐷))
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Fig.2 Co-occurrence matrix in 180 days

Lexical Features Data-driven Features Knowledge-based Features

levenshtein_distance cooccurrence_visit distance_indicator

levenshtein_ratio cooccurrence_60_days information_content

jaro cooccurrence_180_days semantic_similarity

jaro_winkler cooccurrence_360_days lin_measure

fuzz_partial_ratio cooccurrence_lifetime jiang_measure

lifetime_cooccur_embedding_cosine relevance_measure

5_year_cooccur_embedding_cosine information_coefficient

visit_cooccur_embedding_cosine graph_ic_measure

Table.2 Available features
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