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1 INTRODUCTION
Longitudinal electronic health records (EHR) are rich data sources
that can be used to examine changes in clinical measures over time
and relationships with clinical outcomes. Machine learning (ML) al-
gorithms can be applied to learn patterns from EHR data to identify
relationships between an individual’s trajectory and clinical presen-
tation and to make predictions. While methods do exist to analyze
temporal patterns in EHR data, as evident in recent examples[2, 3],
few studies use temporal patterns for ML applications[1].

2 OBJECTIVE
The primary objective of this work was to propose a novel model to
generate reusable clinical profiles from EHR datasets that include
temporal patterns and can be leveraged in ML applications.

3 METHODS
Our approach uses temporal abstraction to represent patterns of
laboratory results (temporal patterns) and their relationship to
clinical actions (procedures and drug prescriptions) and outcomes.
The model to generate clinical profiles uses co-occurrence counts of
temporal patterns to build a vector space. We apply this approach
to create a clinical profile from de-identified EHR data from a large
academic medical center. In particular, we select patients with an
intensive care unit (ICU) admission due to an asthma event. We
then demonstrate an application of the profile to determine what
changes in laboratory tests following a procedure or medication
treatment (i.e., temporal patterns), may be estimators of fatality.

4 RESULTS
We generated a clinical profile from 507 patients with no more than
one ICU admission event, asthma listed as an admission reason,
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and with at least one asthma medication prescription recorded. De-
mographic measures, laboratory values, medication prescriptions,
procedures, diagnoses, and one clinical outcome (death), were used
to generate a clinical profile. Among this patient population, 190
died. We then demonstrate one application of the clinical profile
to provide a ranked list of temporal patterns associated with event
mortality. In particular, we observe changes in laboratory tests
following a procedure or medication prescription (i.e., temporal
patterns) that may be estimators of fatality. We provide a sorted list
of temporal patterns according to their mutual information scores.

5 DISCUSSION AND CONCLUSION
We proposed a new model to generate clinical profiles containing
temporal patterns from EHR datasets that are reusable by others and
can be used with ML approaches to assess clinical outcomes. Highly
scored temporal patterns we identified warrant further investiga-
tion into their therapeutic relevance. One area we have not yet
explored is the use of existing biomedical evidence to understand
the role of drug and disease mechanisms in clinical presentation.
Ontological analyses of clinical profiles with such evidence will of-
fer new research opportunities to discover underlying relationships
between clinical presentation and drug/disease mechanisms.
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