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Abstract—Treatment recommendations in clinical practice
guidelines (CPG) are supported by evidence from research studi-
esthat utilize populations with highly selective sociodemographic
and comorbid characteristics. When physicians are treating
complicated patients, who do not wholly align with guideline
recommendations, they need to determine the applicability of a
study to their clinical population. We have designed the Study
Cohort Ontology (SCO) and used it to build a knowledge graph
(KG) exposing study populations in the CPGs published by the
American Diabetes Association (ADA).

I. FROM TABLE TO KNOWLEDGE GRAPH

CPGs exhibit an implicit evidence model since guideline
recommendations are based on evidence from clinical trials
and observational case studies, referred to here as research
studies.

Our knowledge representation approach exposes descrip-
tions of study populations, which are often reported in the
first table of research studies, hence referred to as Table
1s. We analyzed research studies from the Pharmacologic
Interventions and Cardiovascular Complications chapters of
the ADA Standards of Care 2018 CPG!, for patterns across
Table 1s. SCO is designed to be an extensible, domain-agnostic
ontology, and we reuse terms from existing biomedical on-
tologies, as much as possible. We do not introduce any new
properties, instead we utilize the properties provided by the
mid-level SemanticScience Integrated Ontology (SIO).

As seen in figure 1, Table 1s are comprised of study arms, a
group of study subjects who receive an intervention or are
put on a control regime, whose subject characteristics are
aggregated and reported via descriptive statistic measures. Our
KGs model and support these Table 1 components, and do so
while mitigating the variance in Table 1 structures.

Through the declarative specification of study populations in
our KG using the Resource Description Framework (RDF), we
address three scenarios of clinical relevance (1) study match:
determine if a study population is similar to a given patient;
(2) study limitation: expose population underrepresentations;
and (3) study quality evaluation: analyze Table 1s to check for
conformance to required best practices. Further, we generate
cohort similarity visualizations, to overlay patient records

Ihttps://diabetesed.net/wp-content/uploads/2017/12/2018-ADA-Standards-
of-Care.pdf
3https://www.nejm.org/doi/full/10.1056/nejmoa0801317

Table 1. Baseline Characteristics of the Patients.
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Fig. 1. An annotated example of Table 1 from a clinical trial “Telmisartan,
ramipril, or both in patients at high risk for vascular events™3cited in the
cardiovascular complications (Chapter 9) of the ADA CPG

against those of study arms, to depict cohort similarity, at a
glance.

II. CONCLUSION AND FUTURE WORK

The reporting styles of population descriptions vary on a
per study basis, and we have seen variances in table formats,
row and column headers, etc. Moreover, often the content in
Table 1s requires contextual understanding for disambiguation,
which is present in other sections in research studies, such
as study methods and study design in the respective paper.
To address these scalability and automation challenges, we
plan to combine Natural Language Processing and Semantic
techniques to build an ontology-driven parsing and clean-up
of extracted Table 1 content and to identify study data of
relevance to incorporate into our Table 1 KGs.

Our semantic solution ultimately supports physicians in their
decision-making of determining study applicability, and serves
as an attempt to make scientific study data more accessible.
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