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Introduction

We aim to characterize the evolution in the effectiveness of treatment for different patient groups over the
course of the COVID-19 pandemic. In contrast to most existing studies!, we study the evolution of patient
trajectories based on unique sets of frequent comorbid conditions discovered from the data. Further, we
study the association between frequent co-morbid conditions to the length of stay (LOS) as a measure of
treatment efficacy, for poor COVID-19 related outcomes.

Methods

We conduct our study using a deidentified version of the STARR-OMOP dataset containing both structured
electronic healthcare records and free form clinical notes from two Stanford Hospitals. All data is represented
in the Observational Medical Outcomes Partnership (OMOP) Common Data Model (CDM). We include all
COVID-19 cases from February to September of 2020. We represent each patient stay in the hospital as
a sequence of sets over time (subsequently referred to as patient trajectory), in which each set represents
a snapshot of the patient state comprising diagnosis codes, drug orders and laboratory measurements ag-
gregated over time. Each patient state sequence is accompanied by visit level and patient level metadata
such as race, gender, timestamp and age. Each admission was assessed to determine if a poor COVID-19
related outcome occurred, which was true in the event of ventilator support, ICU admission or inpatient
death. To characterize baseline risk factors, we processed each patient’s clinical notes in the first 24 hours of
their visit. This included clinical and behavioral risk factors such as hypertension, coronary artery disease
(CAD), diabetes, medication record, smoker, hyperlipidemia and obesity. We processed the clinical notes
using the entity resolver model from SparkNLP framework to translate the clinical notes to another temporal
set-based data representation.

We used a frequent pattern mining method? to discover prominent combinations of baseline risk factors,
and diagnosis codes from each patient trajectory. Next, we searched each trajectory for matches with top-k
(k=30) frequent comorbidity patterns. Each patient trajectory was mapped to an time interval (such as
year-month combination). All patients that matched any frequent pattern were first grouped by the time
interval, followed by the matching pattern ids. Finally, we computed the median of LOS for each subgroup.

Results

We show descriptive statistics for our COVID-19 cohort in Figure 1(a). There were 454 total admissions,
with a mean age of 48.8 years, for 221 male and 233 female patients. The table contains number of admissions
for each of the poor COVID-19 related outcomes. Figure 1(b) shows the monthly ranking of baseline risk
factors extracted with NLP. Figure 1(c) compares the distribution of LOS over time for patients with a poor
COVID-19 related outcome to the rest of the cohort. Figure 2 visualizes the top-k (k=5) frequent co-morbid
conditions discovered from data and the associated LOS over time.

Discussion

Figure 1(b) and (c) shows the diversity in the presentation of COVID-19 patients in terms of their clinical
and utilization patterns. Specifically, using the information extracted from natural language clinical notes,
Figure 1(b) shows that “hypertension”, “diabetes” and existing “medications” were consistently among the
top-3 baseline risk factors observed. This establishes the motivation to study the combinations of morbidities
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Figure 1: (a) Summary statistics of the dataset (b) patient risk factors at time of admission over the course
of epidemic c)patient LOS for severe vs non-severe patients over time.
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Figure 2: Change in patient’s LOS from Feb-Sep 2020 shown for selected top comorbidity patterns.

and their role in poor COVID-19 outcomes as opposed to relying on univariate analysis. When examining
patients that experienced a poor COVID-19 related outcome, we found that the average LOS reduced after
June, while remaining consistent for admissions that did not experience a poor outcome. This finding suggests
that clinicians were able to identify effective treatments for severe COVID-19 cases (or at least for certain
class of severe patients) as the COVID-19 epidemic progressed. Figure 2 provides an in-depth analysis of
LOS for frequent comorbid patterns. We observe a consistent decrease in LOS for patients with (renal failure
and hypoxemia) and patients with (delirium and hypoxemia). The LOS decreased over time for patients
experiencing acute respiratory distress syndrome as well. However, patients experiencing (hyperlipidemia
and hypoxemia) observed an increased LOS after July 2020, indicating the severity of illness (and hence
efficacy of treatment) did not improve for this cohort.

Conclusion

Our temporal comorbidity analysis of COVID-19 patients from multi-modal data is complementary to what
has been reported for institutional cohorts across the US. Specifically, our study helps to identify subgroups
for which the effectiveness of the treatment improved and did not improve, and allows us to reason about
such observations in terms of evolution over the course of the pandemic.
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