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Abstract
Clinical trial eligibility criteria define fine-grained characteristics of research volunteers for
various disease trials and hence are a promising data source for disease profiling. This paper
explores the feasibility of using disease-specific common eligibility features (CEFs) for
representing diseases and understanding their relatedness. We extracted disease-specific CEFs
from eligibility criteria on ClinicalTrials.gov for three illustrative categories – cancers, mental
disorders and chronic diseases – each including seven diseases. We then constructed disease-
specific CEF networks to assess the degree of overlap among the diseases. Using these
automatically derived networks, we observed several findings that were confirmed in medicine.
For example, we highlighted connections among schizophrenia, epilepsy and depression. We also
identified a link between Crohn’s disease and arthritis. These observations confirm the value of
using clinical trial eligibility criteria for identifying disease relatedness. We further discuss the
implications of CEFs for standardizing clinical trial eligibility criteria through reuse.
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Introduction
Randomized Controlled Trials (RCTs) provide the strongest evidence for medical practice.
As the central registry for RCT studies conducted in the United States of America,
ClinicalTrials.gov gives public access to rich clinical trial summaries. As of December 2012,
there were over 130,000 trials for about 5,000 diseases on the ClinicalTrials.gov repository,
with a few thousand trials for each common disease [1]. Online clinical trials have been
extensively used to accelerate trial recruitment and identify research gaps [2, 3].

Eligibility criteria are an important section of RCT summaries. They precisely specify the
characteristics and medical conditions that make a person appropriate (i.e., eligible) or
inappropriate (i.e., ineligible) for participation in a research study. According to informal
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observations, RCTs on the same or related diseases often include similar eligibility criteria.
Anecdotally, when designing a new RCT, some clinical investigators often identify an
existing RCT on the same disease, copy and paste the eligibility criteria section, and then
adapt them for the new study.

Therefore, this study contains two hypotheses: (1) disease-specific Common Eligibility
Features (CEFs), i.e., multi-word meaningful patterns, can be identified from multiple
studies on the same disease and used to profile the disease; and (2) we can understand
disease-relatedness by comparing disease profiles based on CEFs. Bhavani et al. constructed
a network of medication interventions extracted from depression trials from
ClinicalTrials.gov [4]. Using only the structured intervention field and one disease, i.e.,
depression, their study led us to envision the potential for using network analysis methods to
understand disease relatedness.

Aiming to analyze multiple diseases simultaneously using scalable methods on information-
rich, free-text eligibility criteria, we propose to profile each disease as a set of CEFs that can
be automatically mined from each disease’s corresponding free-text eligibility criteria and to
construct a disease-CEF association network to assess disease relatedness.

This study proves the feasibility of using free-text eligibility criteria to probe disease
relatedness. At the same time, it also complements existing eligibility criteria
standardization efforts, such as the “common core eligibility criteria” defined by the Clinical
Data Interchange Standards Consortium (CDISC), by defining disease-specific CEFs [5].

Materials and Methods
Identifying common diseases and disease categories

For illustration purpose, we selected common diseases from the following three disease
categories: mental disorders, cancers, and chronic diseases. To this aim, we relied on the
classification provided by the Centers for Disease Control and Prevention and the National
Institute of Neurological Disorders and Stroke. Mental disorders included epilepsy,
Huntington’s disease, Parkinson’s disease, stroke, Amyloid Lateral Sclerosis (ALS),
schizophrenia, and depression; cancers included breast cancer, prostate cancer, lung cancer,
colorectal cancer, liver cancer, pancreatic cancer, and skin cancer; chronic diseases included
diabetes, Crohn’s disease, chronic kidney disease (CKD), arthritis, obesity, atherosclerosis,
and hypertension.

Extracting disease-specific common eligibility features
The free-text eligibility criteria are complex, full of temporal constraints and disease-
associated traits. Automatically parsing eligibility criteria is a prerequisite for identifying
disease-specific CEFs. In the context of this paper, a CEF is a multiword meaningful textual
pattern in the free-text eligibility criteria that frequently appears within the clinical trials
associated with a specific disease (e.g., computer tomography scan, negative pregnancy test,
active malignancy).

Figure 1 shows the main steps in the proposed automated CEF extraction process. First,
given a target disease, all the clinical trials associated with it were retrieved in XML format
using a query by condition provided in the advanced search form on ClinicalTrials.gov [1].
For each disease, we considered only the trials labeled with one single condition, discarding
those trials studying multiple morbidities. Trials were included regardless of trial phase.

We used basic text processing techniques to parse the free-text eligibility criteria [6]. In
particular, each criterion was annotated with a part-of-speech (POS) tagger to identify the
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grammar role of each word. The text was then processed to remove special characters and
punctuation and to construct all possible n-grams (i.e., continuous sub-sequences of n
words). N-grams composed of only English stop words or irrelevant grammar structures
(e.g., adverbs, verbs, adjectives) were removed. We hypothesized that a meaningful CEF
would be composed of at least one noun so that all the n-grams without a noun were
automatically discarded.

Last, each n-gram was matched against the Unified Medical Languages System (UMLS)
Metathesaurus and retained only if it contained at least one UMLS-recognizable term. For
example, malignancy within the past 5 years was considered as a valid n-gram because at
least one term (e.g., malignancy) is present in the UMLS lexicon. Each n-gram term, (e.g., x,
y, z), found in the UMLS lexicon was also mapped to its normalized UMLS form, (e.g., x is
the normalized term for y), in order to reduce the sparseness of the semantic concepts. If
term y is found then it is considered as an appearance of term x (i.e., the normalized term).
Therefore, each trial associated with the focus disease was summarized by a set of UMLS
normalized n-grams representing the relevant concepts contained in the eligibility criteria.

We retained the n-grams appearing in at least 5% of the disease-associated trials as the
CEFs1. This list of CEFs was further processed to discard features mostly appearing as
substrings of longer features or sharing a similar semantic meaning (i.e., C-value analysis
[6]) as well as features appearing too frequently (i.e., tf-idf analysis [7]). The remaining
features represented the final list of CEFs associated to a particular disease, i.e., the disease
profile.

Constructing disease-CEF network and UMLS analysis
We constructed a network of 621 CEFs associated with at least one of the 21 common
diseases. Then we constructed disease-CEF networks for each disease-category. All
networks were visualized using Cytoscape’s Biolayout [8].

We also analyzed the distribution of UMLS semantic types over CEFs shared by all possible
subsets of disease combinations with varying sizes (i.e., 2, 3…7) respectively per category.
We then ranked the most frequently occurring UMLS semantic types per disease category
and report results for the top five types.

Results
Disease-specific clinical trials

We independently retrieved all clinical trials associated with each disease in the three
disease categories from ClinicalTrials.gov, excluding trials studying multiple morbidities.
Thus, we included a total of 13,905 cancer trials, 11,845 chronic disease trials and 5,027
mental disorder trials. The number of registered trials varied per disease, ranging from 4,223
trials for diabetes to 56 trials for Huntington’s disease.

The overall disease-CEF network
First, we analyzed the number of CEFs shared by at least two diseases within each disease
category. At most, a CEF can be shared by seven diseases per category. Figure 2 shows the
distribution of shared CEFs. Each bar refers to the number of CEFs per category shared by
2, 3…7 diseases, respectively. As it can be seen, there are 113 distinct CEFs shared by any
two cancers. For example, progesterone is shared by breast and skin cancers, whereas pelvis

1The 5% threshold was obtained after preliminary experiments. In fact, we detected that such value generally led to a good
compromise between number of common features and noise reduction.
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is shared between colorectal and pancreatic cancers. Overall, the cancer category contained
the largest number of shared CEFs with 23 features shared by all seven cancers.

Figure 3 shows the global disease-CEF network. Notice that CEFs successfully clustered
similar diseases (i.e., diseases belonging to the same category) together. Cancers are
clustered more tightly confirming that they share a greater number of CEFs than other
disease categories. Examples of CEFs shared among all seven cancers include: effective
contraception, MRI, brain metastasis, radio therapy, hypersensitivity, immunotherapy,
karnofsky, and uncontrolled hypertension. In contrast, features shared among the chronic
diseases were more general, e.g., pregnancy test, cancer, allergy, alcohol, pregnant and
medical condition.

Category-specific Disease-CEF networks
For a detailed analysis of each disease category, we visualized each category network –
cancers, mental disorders and chronic diseases. First, Figure 4 illustrates the cancer network.
The central cluster in the middle of the network represents the shared CEFs across the
cancers. The distance between any two diseases in the network is proportional to the number
of shared CEFs between the two diseases. Consequently, skin and breast cancers are closely
related cancers sharing several features exclusively, such as estrogen, tamoxifen,
trastuzumab, and progesterone. Lung cancer is also related to both skin and breast cancers
(Figure 4 – it is the next closest disease to the skin, breast cancer cluster) sharing several
features with them, e.g., adenocarcinoma and basal or squamous cell.

Second, Figure 5 illustrates the mental disorders network. In this case the center of the
network is sparser than in Figure 4 because there are fewer shared CEFs. Interestingly,
depression is located in the center of the network (in between schizophrenia and epilepsy)
meaning that depression has fewer unique features associated (i.e., most of the CEFs
associated with depression trials are also associated with trials for other mental disorders).
Among the seven mental disorders considered in this study, Huntington’s disease is the most
dissimilar, given its larger distance from other mental disorders.

As shown in Figure 5, and to a lesser extent Figure 3, depression shares many of its CEFs
with either epilepsy or schizophrenia. In fact out of the 25 depression CEFs shared with at
least one other mental condition, only five are not shared with either epilepsy or
schizophrenia. This means that depression CEFs overlap heavily with these two diseases.
For the sake of completeness, we also measured the percent of disease-specific CEFs shared
between each mental disorder, which is depicted in Figure 6.

We found that schizophrenia shared 70% of its features with other mental disorders followed
by depression with 56.82%. This means that, proportionally, schizophrenia studies contained
the least amount of schizophrenia-specific CEFs within the mental disorders category. Only
12 schizophrenia CEFs were not associated with other mental disorders, namely: clozapine,
diagnosis of schizophrenia or schizoaffective, dsm-iv diagnosis of schizophrenia, hepatitis,
history of neuroleptic malignant, iq, olanzapine, paliperidone, risperidone, axis diagnosis I,
behavior, and depot antipsychotic.

Last, the chronic disease network is shown in Figure 7. Obesity shares many CEFs with
other chronic diseases, which accounts for its less distinctive position in the network. Trials
for obesity, CKD, hypertension and diabetes are more closely related; conversely, arthritis
and Crohn’s disease are both separated from the main hub of chronic diseases. However, a
number of CEFs are shared between Crohn’s disease and arthritis (see the small cluster of
nodes between them in Figure 7), e.g., TB, prednisone, methotrexate, adalimumab, CRP,
infliximab.
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UMLS semantic type analysis
In this analysis, each CEF related to at least two diseases per category was mapped to the
UMLS lexicon. Table 1 shows the top five most frequent UMLS semantic types per disease
category ranked from most to least frequent. Overall, two semantic types appeared more
frequently in all disease categories: “pharmacologic substance” and “disease or syndrome”.
Therefore, those topics are commonly associated with a given disease regardless of disease
category. Moreover, not surprisingly, some UMLS semantic types only appeared frequently
among certain disease categories. For instance, “neoplastic process” occurred frequently in
cancers only while “mental or behavioral dysfunction” and “pathologic function” occurred
frequently only in mental disorders and chronic diseases, respectively. This indicates that
some UMLS semantic types are biologically related to the disease category while others are
common across all disease categories.

Discussion
Identifying relationships between diseases using CEFs

Using our disease-CEF network, we observed that biologically related diseases were often
clustered together, indicating that related diseases often contain similar eligibility criteria
features. For example in the cancer network, we found that skin and breast cancer were
clustered tightly to each other and to lung cancer. Studies show that breast cancer and
malignant melanoma (i.e., a form of aggressive skin cancer) are associated with each other
[9] and that breast cancer survivors are more likely to develop melanoma than cancer-free
controls [10]. Furthermore, breast and lung cancers are often studied together in research
studies because of the close connection between the two diseases [11]. Based on our
findings, we posit that the relatedness of diseases observed in our disease-CEF network may
allude to the biological and clinical similarity between the diseases and their manifestations.

A closer look at the chronic disease-CEF network shows that all 7 chronic diseases shared
only a few eligibility features. One of them was alcohol, which is most likely due to alcohol
abuse being a common comorbidity among many chronic diseases. Compared to the cancer
category, the number of shared CEFs across all chronic disorders was small. This suggests
that clinical trials for chronic diseases could be mimicking the highly diverse etiologies and
treatments for chronic conditions. We observed Crohn’s disease and arthritis to be separated
from the main hub of chronic diseases. However, they shared a mutual subset of features.
The features they shared were principally related to inflammation; for example, CRP (i.e.,
C-reactive protein) is part of the immune response, whereas other features referred to
medications that regulate the immune response (i.e., prednisone, methotrexate, adalimumab,
infliximab). In addition, our finding of a connection between Crohn’s disease and arthritis is
largely supported in the literature, partially due to their shared treatment options; but also
because inflammatory bowel disease (Crohn’s is a type of inflammatory bowel disease) and
arthritis are associated with each other [12].

We also found a large overlap between the disease-specific CEFs for depression,
schizophrenia and epilepsy. In fact, 80% of shared depression CEFs were also associated
with schizophrenia and epilepsy indicating that these three diseases may be inter-connected.
While Schmitz et al. failed to find a biological mechanism supporting a connection between
the three diseases, they concluded that both neurological and sociological variables appear to
link the diseases together [13]. This explains the inter-connectedness between the three
diseases observed in our disease-CEF network because eligibility criteria contain both
neurological and sociological variables (e.g., dsm-iv, willingness to consent).
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Implications for eligibility criteria standards development
We developed a method for extracting CEFs from free-text clinical trial eligibility criteria
that could be useful in standardization efforts. Standardization of criteria would enhance
automatic electronic eligibility determination methods for clinical trials. We demonstrate
that using CEFs is effective at stratifying common diseases into their respective categories
(i.e., cancers, mental disorders, chronic diseases) demonstrating its further utility for
studying disease relatedness.

Our method also complements the standardization efforts of CDISC, which is currently
developing standards for a set of “common core eligibility criteria” that occur across trials
regardless of disease type [5]. We focus on disease-specific CEFs, whereas CDISC
identifies disease-neutral core eligibility criteria. We propose using our method in
conjunction with theirs to achieve the common goal of standards-based eligibility criteria.
Identifying CEFs shared across diseases within a disease category could also benefit
protocol authors specializing within a certain disease area (e.g., oncology, psychiatry).

Limitations and future work
Using ClinicalTrials.gov as our sole data source presents two possible limitations: (1) trials
deposited there may contain disease indexing errors; and (2) eligibility criteria may be
incomplete or condensed for some studies, though these issues are common to any electronic
data source in use for medical knowledge discovery and should not prevent methodology
development. Despite these issues, we successfully utilized eligibility criteria from
ClinicalTrials.gov to study disease relatedness and used medical literature to validate our
findings. Also, we did not study pediatric diseases, e.g., autism, cystic fibrosis. Rather, we
limited ourselves to primarily adult disorders. In the future, we will expand our research to
cover all diseases and construct a comprehensive disease network.

Conclusion
We extracted disease-specific common eligibility features (CEFs) from ClinicalTrials.gov
and used them to construct disease-CEF networks for 21 diseases and observed several
interesting findings regarding relatedness between diseases. Some observed relationships
were generally confirmed in the medical literature. For instance, we found a connection
between schizophrenia, epilepsy and depression; similarly, we identified a link between
Crohn’s disease and arthritis, which is related to their mutual role in the inflammatory
response.
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Figure 1.
Block diagram for disease-specific CEF extraction

Boland et al. Page 8

Stud Health Technol Inform. Author manuscript; available in PMC 2013 October 21.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 2.
The distribution of CEFs shared within each category by the number of diseases in that
category.
Each category includes at most seven diseases
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Figure 3.
Disease-CEF network for 21 common diseases
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Figure 4.
Cancer network
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Figure 5.
Mental disorder network
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Figure 6.
Disease-specific CEFs shared among mental disorders
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Figure 7.
Chronic disease network
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Table 1

Top 5 UMLS semantic types per category; N is the number of unique CEFs per category associated with a
given semantic type

Cancers Mental Disorders Chronic Diseases

Unmapped
2
 (N=26) Pharmacologic Substance (N=8) Pharmacologic Substance (N=10)

Neoplastic Process (N=18) Disease or syndrome (N=6) Disease or syndrome (N=9)

Pharmacologic Substance (N=13) Finding (N=6) Unmapped (N=6)

Disease or syndrome (N=10) Diagnostic procedure (N=5) Pathologic function (N=5)

Therapeutic or preventive procedure (N=9) Mental or behavioral dysfunction (N=4) Therapeutic or preventive procedure (N=3)

2
‘Unmapped’ means that the feature was not mapped to a UMLS semantic type. An example is diagnostic and statistical manual of mental

disorder.

Stud Health Technol Inform. Author manuscript; available in PMC 2013 October 21.


