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Abstract
Electronic phenotyping is the process of identifying patients with the same latent
health condition within a large population of patients based on their electronic
health records (EHR). In order to generate discriminative machine learning
models for phenotyping, there is a need to have large amounts of expert labeled
patient sets with the target condition. Generating these large sets of patients is
extremely time consuming as it requires groups of clinicians to manually review
patient charts. Using weak supervision provided by imperfectly assigned labels
and large amounts of patient data, it is possible to build models that perform as
well as models built using manually curated training sets. In the open-source
APHRODITE R package, we have operationalized two of the most popular
approaches that leverage weak supervision and made them available to the
Observational Health Data Sciences and Informatics (OHDSI) community and
their common data model.
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Introduction and background

Electronic phenotyping is the process of identifying patients with a medical condition or
characteristic of interest based on records contained in an EHR system or clinical data repository
using a defined set of data elements and logical expressions [1]. The goal of electronic
phenotyping is to build patient cohorts or to ascertain outcomes in cohorts. The process of
EHR-based phenotyping has evolved from using large sets of codes and rules manually curated by
medical professionals to using machine-learning driven methodologies that can process large
amounts of patient data with a wide variety of feature types and sources [2]. In order to avoid the
work of manually creating sets of patients with the target phenotype to use with supervised
learning approaches, we are turning to using weak supervision provided via cheaply acquired,
imperfect labels.
The main idea of learning with imperfect labels leverages the result that imperfectly labeled
data—used in larger amounts—can enable the learning of classifiers as good as those that can be
learned from perfectly labeled data. An imperfect labeling procedure is one that assigns a wrong
class label with a certain probability. Assuming a random classification noise (RCN) model [3],
the probability of flipping labels is characterized by a parameter, called the classification error rate
(τ). As derived in [4], [5] and used by [6], the amount of data needed for training a good model
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with noisy labels scales as 1/(1 − 2) , where τ is the classification error rate. For τ=0 we have data
with clean labels and τ=0.5 represents when the random flipping of labels destroys all signal in the
data, making any learning impossible.

In this work, we discuss APHRODITE [7], an electronic phenotyping R-package which combines
the ability of learning from imperfectly labeled data developed by Agaral et. al. as the XPRESS
framework [6] and the Anchor learning framework for improving selected features in the
phenotype models [8], for use with the OHDSI/OMOP CDM. The research contributions of this R
package are that it allows researchers to build phenotyping models without needing hand labeled
training data, allowing them to avoid relying too much on expertly curated gold standards. On the
operational front, the contributions of this package are that it allows for the potential redistribution
of locally validated phenotype models as well as the sharing of the workflows for learning
phenotype models at sites of the OHDSI data network.
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Framework evaluation

In order to evaluate the APHRODITE implementation of the XPRESS framework [6] and the
Anchor learning framework [8], we have selected myocardial infarction as our phenotype of
interest. Using the same manually curated evaluation gold-standard set from [6], we have built
‘noisy’ models using APHRODITE with 750, 1,500, and 10,000 cases and controls noisily
identified. We then compare the performance of these models in identifying the gold standard
patient set. Our first baseline comparison is how well the rule-based definition works (OMOP
definition) and how the customly deployed XPRESS framework performed in [6]. We also
evaluate the performance of APHRODITE models built following the Anchors and learn
paradigm.
Table 1. Performance assessment of classifiers trained with noisy labeled training data
OMOP definition [6]
XPRESS [6]
APHRODITE (750)
APHRODITE (1,500)
APHRODITE (10,000)
APHRODITE (Anchors)
APHRODITE (Anchors + features mod)

Cases
94
94
94
94
94
94
94

Cont.
94
94
94
94
94
94
94

Acc.
0.87
0.89
0.91
0.92
0.92
0.92
0.93

Recall
0.91
0.93
0.93
0.93
0.94
0.97
0.96

PPV
0.84
0.86
0.90
0.91
0.91
0.89
0.91

As Table 1 clearly shows, the machine learning models, rows 2 to 7, perform equally or better than
the rule-based definitions (row 1). The most important result here is that the models built by
APHRODITE perform equally or better than XPRESS, showcasing the power of our framework as
it does not need to be implemented from scratch at new sites, or have the data fit the original
XPRESS specifications. A mode detailed and through evaluation can be found in [7].
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Maximizing Impact

With the formation of partnerships like PCORnet (the National Patient-Centered Clinical Research
Network) which uses the Mini-Sentinel Common Data Model (CDM), and the OHDSI data
network which uses the OMOP CDM, there is an increasing need for accurate and fast methods
for electronic phenotyping. The patient network available in the common OHDSI CDM includes
over 100 databases, both clinical and claims, totaling over 650 million patients. APHRODITE was
developed to tap into this data network and alleviate the need to implement XPRESS or the
anchors and learn framework for site-specific studies. APHRODITE has been used in the
following scenarios: successfully phenotype patients with familial hypercholesterolemia in data
from two separate institutions [9], identify cases of metastatic prostate cancer [10], and to study
patient comorbidities [11], just to name a few. Addressing one of the biggest issues of machine
learning in healthcare, model portability across multiple institutions, a recent study has shown that
APHRODITE models show promise with regards to portability across institutions [12]. This study
develops and shares models across two USA institutions and one international with very
promising results, showcasing the power of noisy labeling for electronic phenotyping.
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