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Abstract

Objective—Disease-specific vocabularies are fundamental to many knowledge-based intelligent 

systems and applications like text annotation, cohort selection, disease diagnostic modeling, and 

therapy recommendation. Reference standards are critical in the development and validation of 

automated methods for disease-specific vocabularies. The goal of the present study is to design 

and test a generalizable method for the development of vocabulary reference standards from 

expert-curated, disease-specific biomedical literature resources.

Methods—We formed disease-specific corpora from literature resources like textbooks, 

evidence-based synthesized online sources, clinical practice guidelines, and journal articles. 

Medical experts annotated and adjudicated disease-specific terms in four classes (i.e., causes or 
risk factors, signs or symptoms, diagnostic tests or results, and treatment). Annotations were 

mapped to UMLS concepts. We assessed source variation, the contribution of each source to build 

disease-specific vocabularies, the saturation of the vocabularies with respect to the number of used 

sources, and the generalizability of the method with different diseases.

Results—The study resulted in 2588 string-unique annotations for heart failure in four classes, 

and 193 and 425 respectively for pulmonary embolism and rheumatoid arthritis in treatment class. 

Approximately 80% of the annotations were mapped to UMLS concepts. The agreement among 

heart failure sources ranged between 0.28 and 0.46. The contribution of these sources to the final 

vocabulary ranged between 18% and 49%. With the sources explored, the heart failure vocabulary 

reached near saturation in all four classes with the inclusion of minimal six sources (or between 

four to seven sources if only counting terms occurred in two or more sources). It took fewer 

sources to reach near saturation for the other two diseases in terms of the treatment class.
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USA.liqin.wang@utah.edu (L. Wang). 
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Conclusions—We developed a method for the development of disease-specific reference 

vocabularies. Expert-curated biomedical literature resources are substantial for acquiring disease-

specific medical knowledge. It is feasible to reach near saturation in a disease-specific vocabulary 

using a relatively small number of literature sources.
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1. Introduction

Disease-specific ontologies are knowledge bases intended to structure and represent disease-

relevant information including disease etiology, diagnosis, treatment and prognosis. The 

availability of these ontologies could facilitate cross-disciplinary exchange and sharing of 

domain-specific knowledge. Disease-specific ontologies are also essential in supporting a 

variety of domain-specific computer applications, such as natural language processing, 

cohort selection, and clinical decision support [1,2]. For example, Haug et al. initiated a 

pneumonia-specific ontology, which supported the development of a clinical diagnostic 

modeling system [3]. Malhotra et al. constructed an Alzheimer's disease ontology and 

applied it to text mining on electronic health records [4].

However, the lack of comprehensive disease-specific ontologies hinders the development of 

such applications. BioPortal [5], an open repository of biomedical ontologies, currently 

hosts up to 467 ontologies in various domains. However, among those ontologies less than 

1% are disease-specific. Therefore, methods are needed to help develop disease-specific 

ontologies that can be made available to the community. A long-term goal of our research is 

to enable a platform that supports large-scale development of such ontologies.

Creating disease-specific ontologies is still a labor-intensive process. One of the main 

challenges is the knowledge acquisition, i.e., comprehensively ascertaining domain-specific 

concepts and relationships in the ontologies [6,7]. In knowledge engineering, domain experts 

are often used as the sources for acquiring medical knowledge. However, they are scarce and 

expensive. Another challenge is that while existing large terminologies, such as Disease 

Ontology [8] and Systematized Nomenclature of Medicine Clinical Terms (SNOMED CT) 

[9], can be used as sources of concepts for disease ontologies, the relationships between the 

concepts are primarily hierarchical, with little non-hierarchical relations between diseases 

and their signs and symptoms, diagnostic procedures, and treatments. Therefore, it is not 

feasible to extract a comprehensive set of disease-related relationships from those 

terminologies.

A promising alternative to address disease-ontology development challenges is to learn 

ontologies from textual data [7,10]. The learning can be separated into multiple levels: 

learning terms, synonyms, concepts, relations, axioms and rules [7,10]. At the term level, for 

instance, Riloff proposed a corpus-based approach for building domain-specific semantic 

lexicons [11]. At relationship level, Sanchez and Moreno studied methods that learn non-

taxonomic relationships from web documents [12]. Particularly for developing disease-
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specific ontologies, the learning is primarily focused on using narrative text sources, such as 

the biomedical literature, to automatically identify disease-relevant concepts and relations. 

The relationships include the taxonomy backbone (i.e., is-a relations) and non-hierarchical 

relations (e.g., treats, causes). Most hierarchical relations between biomedical concepts are 

well represented in large domain ontologies and terminologies, such as SNOMED CT and 

the Unified Medical Language System (UMLS). However, important gaps still exist in 

regards to non-hierarchical relations. Learning these relations is an active subject of research 

interest [13–17].

The goal of the present study is to design and test a generalizable method for the 

development of vocabulary reference standards from expert-curated, domain-specific 

documents, such as textbooks, and clinical guidelines. The vocabularies and analyses 

established will be used to help the development and testing of automated disease-specific 

knowledge acquisition algorithms.

In the process of developing reference vocabularies, the number and types of sources that are 

needed to maximize the number of concepts retrieved are unknown. One source is unlikely 

to provide all concepts and relations about a disease and it is not feasible to manually extract 

concepts from all literature sources available. Therefore, in present study, we investigate the 

number of sources that are needed to obtain saturation for a disease-specific vocabulary. We 

assessed the feasibility of acquiring disease-specific concepts and relationships in the classes 

of causes and risk factors, sign and symptoms, diagnostic tests and results, and treatments by 

manually annotating terms from a representative and diverse set of popular knowledge 

sources in cardiology. Last, we then tested the generalizability of our methods with two 

additional diseases in treatment class.

2. Methods

In the present study, a disease-specific vocabulary is understood to be a list of concepts that 

are semantically related to a disease or syndrome. We focused on gathering disease-related 

concepts into a collection rather than identifying their taxonomic structure [18]. The 

framework for acquiring disease-specific vocabulary is displayed in Fig. 1. This is an 

iterative process with the goal of reaching near saturation which in this study is defined as 

finding <5% new concepts with the introduction of a new resource. We first formed a corpus 

with a collection of textual biomedical literature documents on the topical disease. Then, we 

initiated the iterative process by selecting one source from the corpus. The following step is 

annotation and adjudication, where the documents were annotated using eHOST, an open 

source annotation tool [15], by medical experts based on an annotation guideline. Any 

conflicted annotations were adjudicated by consensus between experts. Annotations were 

then mapped to equivalent UMLS concepts or, if these were unavailable, assigned to local 

codes. Subsequently, we annotated each additional source, assessing the saturation of the 

vocabulary after each new source was included. The iteration ended when the vocabulary 

reached near saturation. More details are provided in the following sections.
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2.1. Selection and preparation of knowledge sources

There are a large number of textual resources available that provide disease-specific medical 

knowledge, such as textbooks, online evidence-based documents, journal articles, medical 

records, etc. When choosing source documents, we prefer those that are expert-curated, 

knowledge-dense, and evidence-based. As a starting point, the following types of knowledge 

sources were chosen: regularly updated textbooks, evidence-based synthesized online 

sources, clinical practice guidelines, and disease-specific journal articles. Medical textbooks 

provide a comprehensive and general overview of select diseases from their diagnosis to 

treatment. Two decades ago, Curley investigated physician's preferences for acquiring 

medical knowledge and found that among the many resources textbook and journals were 

most frequently used [19]. Nowadays, they are still among the conventional sources used by 

medical students to obtain medical knowledge. Another kind of source, clinical practice 

guidelines, have been made available for many medical domains and are used to “assist 

practitioner and patient decisions about appropriate health care for specific clinical 

circumstances. [20] They typically focus on therapeutic guidance. Due to the high demand 

for speed in answering daily clinical questions, online, point-of-care, evidence-based 

products have become available and have gained wide acceptance from healthcare 

professionals. Examples of these products include Clinical Evidence, DynaMed, 

InfoRetriever, PDxMD and UpToDate [21].

We consulted domain experts to choose one or two examples of each type of source 

mentioned above. For heart failure, a total of seven source documents were chosen (see 

Table 1): Braunwald's heart disease (Braunwald) [22], Harrison's principle of internal 

medicine (Harrison's) [23], UpToDate®, DynaMed™, American College of Cardiology 

Foundation (ACCF)/American Heart Association (AHA) guidelines for the management of 

heart failure (ACC guideline) [24,25], European Society of Cardiology (ESC) guidelines for 

the diagnosis and treatment of acute and chronic heart failure (ESC guideline) [26], and 

ACC/AHA key data elements and definitions (ACC key data elements) [27]. The publication 

date, popularity (number of citations), and the sections of each of the sources used in this 

study are further specified in Table 1. In the same way, we formed corpus for two other 

conditions. For pulmonary embolism, the initial corpus includes a clinical guideline [28], 

chapters from a textbook (Braunwald) [22], four articles from UpToDate®, and one 

document from DynaMed™. For rheumatoid arthritis, the corpus includes four articles from 

UpToDate®, one document from DynaMed™, and one chapter from Harrison's.

2.2. Annotation scheme

As we examined those expert-curated, disease-specific documents, we found that their 

content covers different aspects of a disease including etiology, diagnosis, treatment/

prevention, and prognosis. To maintain feasibility for the annotation tasks, we provided a 

more granular classification, and restricted the annotations to four class types: causes or risk 
factors, signs or symptoms, diagnostic tests or results, and treatment; other classes were 

excluded from this annotation task, such as comorbidities and complications. Table 2 gives 

more detail about the definitions and examples for these annotation classes.
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2.3. Annotation and adjudication

Annotation is a process to identify salient terms from a collection of narrative documents 

and assign them to a proper class, while adjudication is a process to resolve conflicting 

results between annotators. We used eHOST [32] for both processes. Besides annotation, 

eHOST supports dictionary export, pre-annotation, and measurement of inter-annotator 

agreement (IAA).

Initially, we developed an annotation guideline (available in the online supplement) with 

rules and classes. Before the actual annotation task, annotators went through a training 

process, and annotated a sample collection of documents. The degree of IAA between the 

two annotators was calculated using F-measure where we treated one annotator as the 

subject and the second annotator's results as if they were a gold standard [33]. Text 

annotation can be seen as an information retrieval task therefore normal Kappa statistics 

cannot be calculated without a negative case count. Annotators iteratively annotated sample 

documents until the IAA score reached substantial agreement (IAA between 0.6 and 0.8) 

[34]. Then, annotators began working on the same set of documents from the corpora. 

Disagreements were resolved through a consensus process between two annotators. 

However, for the diseases in which the annotators reached almost perfect agreement (IAA 

greater than 0.8) on the first document, we proceeded to the subsequent documents with only 

one annotator per document.

We also used pre-annotation to improve the annotation quality and efficiency as suggested in 

previous studies [35,36]. Annotators were firstly assigned a small set of documents to 

annotate. After adjudication, we extracted a list of terms as a dictionary from these 

documents. Next, the subsequent documents were automatically pre-annotated with the 

dictionary compiled from previously adjudicated annotations. With these pre-annotated 

documents, annotators could modify or delete pre-annotations, or add missed occurrences of 

terms.

2.4. Mapping annotations to UMLS concepts

The annotation texts contain various lexical variations such as abbreviations/acronyms (e.g., 

“EF” for “ejection fraction”), synonyms (e.g., “alcohol consumption” and “alcohol intake”), 

compound terms (e.g., “cardiac catheterization and revascularization”, “coronary or 
peripheral vascular disease”), and modifiers (e.g., “daily serum electrolytes”), which make it 

difficult to compare the annotations among the sources. To address this issue, we sought to 

map all the annotations from these source documents to standard terminologies, including 

SNOMED CT, Logical Observation Identifiers Names and Codes (LOINC), RxNorm and 

Medical Subject Headings (MeSH). This was expected to facilitate an analysis of the 

vocabulary sets obtained from different sources and used to form a final vocabulary. The 

terms that did not correspond to entries in standard terminologies may, in the future, be used 

to enhance existing terminologies. The UMLS Metathesaurus is the largest thesaurus in the 

biomedical domain. It has integrated hundreds of source terminologies, and provides cross-

mapping to different source terminologies. We mapped the annotations to UMLS concepts 

while restricting the source terminologies to the four mentioned above. The 2014AB version 

was used in this study.

Wang et al. Page 5

Artif Intell Med. Author manuscript; available in PMC 2017 September 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Concept mapping can be a subjective task. Lexical variations increase the complexity of the 

mapping. For some terms it may not even be possible to find mappings from the UMLS 

Metathesaurus. In order to reduce the subjectivity of the mapping and to make the mapping 

process more reliable and reproducible, we set up several mapping rules (see Table 3). For 

example, we restricted the semantic types for mapped concepts to the treatment and 

diagnostic tests or results classes. For terms with modifiers (e.g., daily serum electrolytes), 

we used a post-coordinated mapping approach that we removed the modifier (e.g., daily) and 

assigned the core term (e.g., serum electrolytes) with equivalent UMLS concept unique 

identifier (CUI). Compound terms (e.g., atrial and ventricular arrhythmias) were extended 

and mapped to multiple terms.

The mappings were automatically processed by MetaMap [37] and followed by manual 

verification and selection of concepts. Mapping rules were applied for some special cases 

(see examples in Table 3). The annotations that were not mappable to any targeted 

terminologies in any form were temporarily assigned local codes in order to support the 

analysis (e.g., atrial fibrillation surgery → atrial fibrillation surgery - Local Code: 

T0000001). The manual verification and selection were mainly done by one investigator 

(LW), with some assistance from a cardiologist (BEB). We also tested the agreement of the 

mappings by comparing the mapping results against mappings from another individual (JS) 

on 237 randomly sampled terms. The agreement of the mappings between these two 

individuals in terms of F-measure [33] was 0.84.

2.5. Saturation assessment

A natural process to build a vocabulary from a corpus (or knowledge sources) is to add all 

the acquired vocabulary from it at once. However, in order to answer our research question, 

we analyzed the accumulation process of the acquired vocabulary where we take the sources 

one by one, and determine whether, at a certain point, the vocabulary reaches some level of 

saturation. The accumulation rate of the vocabulary is calculated by the ratio of the number 

of new concepts from the last included source divided by the total number of concepts from 

all included sources (see Formula (1)). We considered a concept to be new when its code 

(either a UMLS CUI or temporary assigned code) did not appear in the vocabulary from 

previous documents. We chose 5% as an arbitrarily threshold to determine near saturation, 

i.e., a small number of new concepts are added by including new sources.

(1)

where Si is the ith entered source.

The accumulation rate is the key factor used in this study to determine whether a vocabulary 

has reached near saturation or not. However, the rates can be affected by the order in which 

sources are included. Supposing that most of the concepts from one entered source have 

been presented in the existing vocabulary, the accumulation rate could drop significantly; 

however the rate could increase again if a subsequent source has substantially different 
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vocabulary from others. To adjust for this situation, we determine the order of the sources in 

a given corpus by maximizing or minimizing the accumulation rate at each step. In another 

words, at each accumulation step the next incoming source is determined by selecting the 

source that can achieve the highest or lowest accumulation rate among the remaining 

sources. This method helps determine the lower bound and/or upper bound of the number of 

sources for reaching near saturation for a disease-specific vocabulary with the corpus 

explored. When the order of the sources changes, the number of sources for reaching near 

saturation falls in that range.

Although all the chosen sources are expert-curated and the annotation was done by medical 

experts, it does not guarantee all acquired relations are clinically-valid. For example, 

annotating conclusion sentences from a single clinical trial study could bring relations that 

are not clinically-valid into the vocabulary. We believe that terms that only occur in one 

source should be treated as less valid than those that occur in multiple sources. To address 

this issue, we include an analysis based on the concepts that appear in two or more sources 

which we called core concepts.

The saturation measurement is source-dependent. If the sources consistently overlap, then a 

smaller number of input sources are needed in order to reach a saturated status. Therefore, 

we use F-measure to measure the agreement of the chosen sources to indicate the degree of 

the source variety.

3. Results

For heart failure, two annotators reached substantial agreement on the first set of documents 

and therefore both were involved in the annotation and adjudication on the seven source 

documents. The annotation process resulted in 2588 string-unique annotations, which were 

mapped to 1648 concepts. The majority of these annotations (N =2109, 81%) was mapped to 

1232 UMLS concepts with the sources restricted to SNOMED CT, LOINC, RxNorm, and 

MeSH. The remainder were mapped to 416 local terms. For the other two conditions, two 

annotators reached perfect agreement in the first documents, and therefore, the subsequent 

documents were processed with only one annotator per document. For pulmonary embolism, 

we retrieved 193 string-unique annotations related to treatment, which were mapped to 96 

concepts (83% were mapped to UMLS concepts). Similarly, for rheumatoid arthritis, we 

obtained 425 string-unique annotations, which were mapped to 279 concepts (83% were 

mapped to UMLS concepts). Independent of the diseases and class types, we obtained 3142 

string-unique annotations, which mapped to 2049 concepts. On average, each concept had 

1.5 corresponding terms or synonyms.

3.1. Concepts distributed by sources and classes

Fig. 2 shows the number of unique concepts per class across seven knowledge sources 

related to heart failure. Among the seven sources, Braunwald had the largest number of 

concepts in the classes of signs or symptoms, diagnostic tests or results, and treatment, while 

the ACC guideline had the largest amount of concepts in the class of causes or risk factors. 

Fig. 2 also shows the number of acquired concepts along with the size of each document 

based on word count. Harrison's is the smallest corpus, containing 10,560 words, and from 
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which we obtained 298 concepts, while Braunwald is the largest corpus (98,306 words) and 

from which we obtained 810 concepts. However, the size of the documents was not 

proportional to the number of obtained concepts. For example, UpToDate is almost twice as 

large as ACC key data elements and ESC guideline (20,661 vs. 9344 and 10,452 words); 

however, it provided a slightly smaller vocabulary of concepts (380 vs. 386 and 481 

concepts).

Table 4 shows the contribution of each knowledge source to individual classes as well as the 

final heart failure vocabulary. The contribution of the seven knowledge sources ranged 

between 13–63% for the individual classes and between 18–49% for the final vocabulary. 

Among the seven sources, ACC guideline had the best contribution to the class of causes or 
risk factors, while Braunwald had best contribution to the other three classes. Some concepts 

were assigned to multiple classes, which explains why the sum total of the four classes is not 

equal to the total number of the vocabulary. For example, "hypertension" was assigned to the 

class of causes or risk factors and diagnostic tests or results in a different context.

3.2. Distribution of concept occurrence

Fig. 3 shows the log-log-scale distribution of the number of heart-failure concepts by 

concept frequencies. 747 concepts (45% of the total) were annotated only once in the entire 

corpus, and 247 concepts (15% of the total) were occurred twice, however, some concepts 

were annotated much frequently, such as one concept was annotated 471 times. Overall, the 

log-log-scale distribution appears approximately linear. Table 5 lists a small set of concepts 

that frequently occurred in the corpus, where the frequency of concept is measured by the 

occurrence of the corresponding annotations over the corpus.

3.3. Variety of the sources

Table 6 shows the agreement of concepts among the seven sources. The overall agreement 

between source pairs ranged from 0.28 to 0.46. From Table 6, ACC key data element 

consistently had lower agreement with other sources. Sources from the same category (e.g., 

textbook), such as Braunwald and Harrison's, did not show a stronger agreement than 

sources from different categories.

3.4. Concept accumulation by classes

With the explored corpus, Fig. 4A shows the minimum accumulation of heart failure 

concepts with the inclusion of additional sources. The accumulation curves of all four 

classes appear approximately linear. The number of concepts per class ranged from 170 

concepts in signs or symptoms to 445 concepts in diagnostic tests or results. Fig. 4B shows 

the maximum accumulation of heart failure concepts. The accumulation curves of all four 

classes increase quickly with the inclusion of the first set of sources, but reach a plateau 

around the inclusion of the sixth source.

Fig. 4C and D show the accumulation rates with the inclusion of new sources (percent of 

identified concepts that are new) with two different orders of sources, where the 4C achieved 

the minimal accumulation rates and 4D achieved the maximum accumulation rates. The 

curves in Fig. 4C decline at the beginning, however, stay flatten around 20% accumulation 
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rate since the inclusion of the fourth sources, and even increase slightly with the introduction 

of the sixth or seventh sources. We found that Braunwald is the last source in the minimum 

accumulation, which contained almost half amount of the concepts in the final vocabulary. 

The curves in Fig. 4D decline steeply with the inclusion of the second and third sources and 

are flatten after the inclusion of the fourth source. Although the number of concepts per 

class is different (from Fig. 4A), the accumulation rates are similar for all classes. After the 

sixth source, very few concepts are added to the vocabularies.

Fig. 5A and B show the minimum and maximum accumulation of the number of core 

concepts (i.e., concepts occur in two or more sources) respectively to the inclusion of 

additional sources. Fig. 5C and D are the corresponding analysis of the accumulation rates. 

Based on these two figures, the heart failure vocabulary reaches near saturation by using 

between four to seven sources regardless of the order the sources. Comparing the minimal 

accumulation rates between 4C and 5C, the accumulation rates in 5C decline faster with all 

four classes, and reach the 5% threshold after adding the seventh source, while in 4C, the 

accumulation rates never reach the 5% threshold. The accumulation rates of all four classes 

in 5D decline slightly faster than the rates in 4D, and reach the 5% threshold after adding the 

fourth source comparing sixth source in 4D. This confirms that concepts that are used more 

often can be gathered with fewer knowledge sources. Table 7 provides sample terms that 

occurred in one and multiple sources for each class.

3.5. Concept accumulation by conditions

A similar decline in the benefit of reviewing additional sources was seen in the other two 

diseases studied. Fig. 6A shows the maximum accumulation of treatment concepts along 

with increase of corpus size. For different diseases, the number of retrieved treatment 

concepts varies. From Fig. 6B, we found that the accumulation rates of heart failure 

decreased to the 5% threshold after adding the sixth source, while it only took three sources 

for rheumatoid arthritis to reach the threshold and four sources for pulmonary embolism.

Fig. 7A and B show the minimum and maximum accumulation rates of core treatment 
concepts per condition along with the addition of new sources. Based on these two figures, 

heart-failure treatment vocabulary of core concepts reached near saturation by using between 

three and seven sources; rheumatoid arthritis used between two and three sources; and 

pulmonary embolism used between two and four sources. All three conditions reached near 

saturation with a relatively small number of sources regardless of the order of sources.

4. Discussion

In this study, we assessed the feasibility of obtaining a near-saturated disease-specific 

vocabulary using a diverse set of expert-curated textual knowledge sources. We also 

estimated the number of sources needed to reach near saturation with four disease concept 

classes (i.e., causes or risk factors, sign or symptoms, diagnostic tests or results, and 

treatment) with heart failure. We tested the generalizability of the method with two other 

conditions, i.e., pulmonary embolism, and rheumatoid arthritis.
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From the study, we found that regardless of the difference of the total number of acquired 

concepts, the vocabularies of four concept classes reached near saturation at similar pace. 

For the four concept classes explored on the heart failure condition, the vocabularies took six 

sources to reach near saturation with the best order of sources. However, when order 

changes, they may require more sources to reach near saturation. When considering only the 

core concepts, three conditions all achieved near saturation with much fewer sources 

regardless of the order of sources. Overall, the results support the conclusion that it is 

feasible to obtain near-saturated reference standards for disease- specific vocabularies of 

core concepts using a relatively small number of knowledge sources. If choosing 

preferentially the sources with big contribution, the vocabularies of all concepts can also 

achieve near saturation with a relatively small number of sources.

The main contribution of the study lies in two aspects. First, the findings of this study are 

important for the development of disease-specific reference vocabularies. Developing 

reference standards usually involves substantial manual knowledge acquisition effort. The 

results of our study provide an estimate for the optimal number of text sources that can be 

used to find a balance between cost and saturation. Second, the method proposed in the 

present study provides an underlying approach for the development of disease-specific 

vocabularies. This includes the selection of sources, the guideline for annotation, the rules 

for mapping, and saturation assessment. Our approach is designed to be efficient as the 

method is able to determine a stopping point where a vocabulary has reached near 

saturation. Since the method had similar results in different conditions and concept classes, 

it is expected that the method and results will generalize to other conditions. We intend to 

use this approach to develop other disease-specific vocabularies and use them as reference 

standards for the development and testing of automated methods to generate disease-specific 

concept vocabularies. Xu et al. provides an example of such an automated method that could 

benefit from our reference standards [17]. Their method used known disease-drug pairs to 

learn patterns from biomedical text, enabling an automated, large-scale extraction of drug-

disease treatment pairs. The reference standards can also be used to assess the performance 

of the automated systems by comparing the automated generated concepts to those manually 

extracted disease-specific vocabularies.

Seven authoritative sources that are frequently used by clinicians were chosen for heart 

failure. No previous study has investigated these sources regarding their contribution to a 

specific topic and the overlap among the sources. From our results, the agreement scores of 

the concepts among the seven sources ranged from 0.28 to 0.46, which indicates that these 

sources did not strongly overlap. The study results also suggest that specialized textbooks 

(e.g., Braunwald for heart failure) should be used as a starting point for building domain-

specific vocabularies, as they appear to provide the broadest contribution to the vocabulary 

compared to other sources. However, the results discourage using textbooks as the only 

source, as even the lengthiest textbook (Braunwald) only captured half of the domain 

concepts represented in the final vocabulary. The use of multiple and diverse sources is 

critical to construct a comprehensive vocabulary. When applying our method to other 

conditions, we recommend that the most optimal approach is to start the annotation with 

comprehensive textbooks on topical disease, followed by relevant and most-updated clinical 
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practice guidelines, and then topic summary articles from evidence-based synthesized online 

resources such as UpToDate.

The annotation process was sometimes complex and subjective. For example, for heart 

failure, it was difficult to discriminate between the treatment of its symptoms and treatments 

directed toward the causes and risk factors (e.g., hypertension, diabetes mellitus). A large 

portion of each source document was dedicated to discussing the treatment of the causes and 

risk factors of heart failure. Discriminating among these relationships is necessary to 

correctly associate diseases with their concepts.

Mapping annotations to standard terminologies or local terms is an essential step for 

saturation assessment. Without mapping, it may require to annotate a larger corpus to reach 

near saturation, however, which may only lead to more terms with all kind of varieties. After 

the mapping, we identify many terms (N = 364) that were not available in standard 

terminologies. These unmapped concepts could be used to enhance existing standard 

vocabularies. Another interesting finding is that almost half amount of concepts annotated 

only once in the corpus (see Fig. 3). Based on a manual review on the concepts with 

different occurrences, concepts that occurred only once or came from a single source (see 

Table 7) show less clinical relevance to the topic condition. In order to build a disease 

ontology with strong evidences, we may exclude those concepts. Besides, this distribution of 

concept occurrence over the corpus (see Fig. 3) almost follows a Zipf distribution. This 

could be possibly used for ranking strength of the relations of the concepts to the disease.

Our study has a few limitations. First, although the final vocabulary reached near saturation, 

we believe many disease-specific concepts are still missing. For example, “Angiotensin-

convertingenzyme inhibitor” (ACE Inhibitor) – a class of drugs for treating heart failure, is 

present in the acquired vocabulary. But not all the drugs under this class were explicitly 

presented in the source documents. When experts mentioned the ACE inhibitor in those 

source documents, they were probably referring to the entire class of the drugs. These kinds 

of missing concepts could be inferred from relationships in existing standard terminologies, 

such as RxNorm and SNOMED CT. Second, the actual coverage of the final vocabulary is 

unknown. Assessing the actual coverage of a vocabulary is difficult because perfect 

reference vocabularies are not available. Third, the near saturation was reached with an 

optimal order of the sources. However, when the order of sources changed, the vocabulary 

may not be saturated. The upper bound of the number of sources for near saturation was not 

detected with a small number of sources explored in this study. However, for the vocabulary 

of core concepts is sufficient to reach near saturation with a relatively small number of 

sources regardless of the order of sources.

5. Conclusions

We provided an underlying approach for the development of disease-specific reference 

vocabularies focused on the concept classes of causes and risk factors, signs and symptoms, 
diagnostic tests and results, and treatment. Our findings show that expert-curated sources, 

such as textbooks, clinical guidelines, evidence-based summaries, and journal articles, are 

substantial sources for disease- specific medical knowledge. Their contribution to the 
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vocabulary varies substantially for a specified condition. While the numbers of sources for 

reaching near saturation can vary modestly for different conditions, a relatively small 

number of text sources are sufficient to obtain a near-saturated vocabulary of sound disease- 

specific concepts. In the future we intend to develop automated techniques to extract 

disease-specific vocabularies from large corpora. The reference standards developed in the 

present study will be used to assess the performance of the automated vocabulary extraction 

system.

Data availability

The extracted heart-failure-specific vocabulary, comprising 1648 concepts in the aspect of 

causes and risk factors, signs or symptoms, diagnostic tests or results, and treatment, is 

available at http://purl.bioontology.org/ontology/HFO. The rheumatoid arthritis vocabulary 

contains 279 concepts in the aspect of treatment and is available at: http://

bioportal.bioontology.org/ontologies/ RAO, while pulmonary embolism vocabulary with 96 

concepts is available at: http://bioportal.bioontology.org/ontologies/PE. The hierarchical 

relationships in these vocabulary are obtained from the UMLS.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig.1. 
Workflow for building near-saturated, disease-specific reference vocabularies from 

biomedical literature resources.
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Fig.2. 
Distribution of heart failure concepts extracted from different knowledge sources for signs or 

symptoms, causes or risk factors, diagnostic tests or results, and treatment. The numbers in 

the rectangles represent the corpus size (word count) of each source
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Fig.3. 
Log–log scale plot of the distribution of the number of heart failure concepts by concept 

occurrence.
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Fig.4. 
(A) Number of heart failure concepts per class with the addition of new sources in minimum 

accumulation; (B) number of heart failure concepts per class with the addition of new 

sources in maximum accumulation; (C) minimum accumulation rates of heart failure 

concepts per class with the addition of new sources; (D) maximum accumulation rates of 

heart failure concepts per class with the addition of new sources.
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Fig.5. 
(A) Number of heart-failure core concepts (occurred in two or more sources) with the 

addition of new sources in minimum accumulation; (B) number of heart-failure core 

concepts with the addition of new sources in maximum accumulation; (C) minimum 

accumulation rates of heart-failure core concepts per class with the addition of new sources; 

(D) maximum accumulation rates of heart-failure core concepts per class with the addition 

of new sources.
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Fig.6. 
(A) Number of treatment concepts per disease with the addition of new sources; (B) 

accumulation rates of treatment concepts per disease with the addition of new sources.
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Fig.7. 
(A) Minimum accumulation rates of core treatment concepts per disease with the addition of 

new sources; (B) maximum accumulation rates of core treatment concepts per disease with 

the addition of new sources
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Table 1

Textual knowledge sources for extracting heart-failure-related concepts used to build a disease-specific 

vocabulary.

Sources Types Published/updated by No. of citations Included chapters/articles

Braunwald Textbook 2011 4917 Chapter 26–34, excluded all the figures and 
references

Harrison's Textbook 2011 9851 Chapter 234, exclude all the figures and 
references

UpToDate® Evidence-based systematic 
online journal reviews

Dec 2013 N/A The first three articles retrieved with the 
query of heart failure in adult [29-31]

DynaMed™ Evidence-based systematic 
online journal reviews

Feb 2014 N/A The first document retrieved with the 
querying of “heart failure”, include 
following sections: causes and risk factors, 
history and physical, diagnosis, treatment, 
and prevention and screening.

ACC guideline Clinical practice guidelines 2009; 2013 1334; 535 For 2009 version, we include all the 
recommendations which are in bold, and all 
the tables. For 2013 version, all the content 
is included except the figures and references.

ESC guideline Clinical practice guidelines 2012 1951 Included following chapters: 3–5, 7–10, 12–
14.

ACC key data 
elements

Conclusive journal articles 2005 134 Section III. Heart failure clinical data 
standard elements and definitions
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Table 2

Annotation scheme, definitions and examples.

Classes Description Examples

Causes or risk factors Merges two overlapped subclasses: causes and risk 
factors, where causes refer to concepts or terms that 
can directly cause heart failure and risk factors are 
those factors associated with an increased risk of 
heart failure.

In industrialized countries, coronary artery disease (CAD) 
has become the predominant cause in men and women and is 
responsible for 60-75% of cause of heart failure.
Hypertension contributes to the development of heart failure 
in 75% of patients.

Signs or symptoms Groups medical signs and symptoms. In addition it 
includes the physical examination for which would 
usually result signs or symptoms.

The cardinal symptoms of heart failure are fatigue and 
shortness of breath.
Nocturnal cough is a common manifestation of this process 
and a frequently overlooked symptom of heart failure.

Diagnostic tests or 
results

Includes phrases that describe procedures, panels, 
and measures that are done to a patient or a body 
fluid or sample in order to discover, rule out, or find 
more information about a medical problem.

A routine 12-lead ECG is recommended.
A chest X-ray provides useful information about cardiac size 
and shape.

Treatment Includes phrases that describe procedures, 
interventions, and substances given to a patient in an 
effort to resolve a medical problem.

Dietary restriction of sodium (2-3 g daily) is recommended 
in all patients with the clinical syndrome of heart failure and 
either preserved or depressed ejection fraction.
Diuretics are the only pharmacologic agents that can 
adequately control fluid retention in advanced heart failure.
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Table 3

Rules for mapping the annotations to UMLS concepts.

Mapping rules Example

1. Map the terms to concepts that convey the term 
specific meaning within the context of the original 
sentence.

Sentence: “History of exposure to cardiotoxic substances through substance abuse: 
cocaine, amphetamine, ephedrine, other (specify).” (from ACC key data elements)
Cocaine (Class: causes or risk factors) →Cocaineabuse (UMLS CUI: C0009171)
Sentence: “Mechanical circulatory support in chronic heart failure evolved as a means of 
supporting patients awaiting transplantation, and this indication provided successful 
transition to heart transplantation and enhanced post-transplantation outcomes.” (from 
Branwald)
Transplantation (Class: treatment) → Heart transplantation (UMLS CUI: C0018823)

2. Separate terms into two or multiple terms when 
they contain “and” or “or” and the combined terms 
cannot be mapped to the target terminologies.

Weight gain or loss → weight gain (UMLS CUI: C0043094); weight loss (UMLS CUI: 
C0043096)
Mitral, aortic, tricuspid, and/or pulmonic valve surgical replacement→ Replacement of 
aortic valve (UMLS CUI: C0003506); Replacement of mitral valve (UMLS CUI: 
C0026268); Replacement of tricuspid valve (UMLS CUI: C0190119); Replacement of 
pulmonary valve (UMLS CUI: C0190129).

3. Restrict UMLS terminology sources to 
SNOMED CT, LOINC, RxNorm, and MeSH for 
concept mapping. For terms that can be mapped to 
multiple UMLS concepts, choose the concept that 
contains the target sources (example a). Terms that 
can be mapped to UMLS concepts, but not to one 
of the target sources should be left unmapped 
(example b).

For example, (a) Abdominal fullness was mapped to Abdominal bloating (UMLS CUI: 
C1291077) instead of Fullness abdominal (UMLS CUI: C0235318) because the 
C1291077 has source of SNOMED CT.
(b) Acute dyspnea was left unmapped instead of mapping to acute dyspnea (UMLS CUI: 
C0743323) because C0743323 is not contained in the target sources.

4. Use semantic types to choose a proper mapping 
when terms can be mapped to multiple concepts.

For diagnostic tests or results, preferred semantic types are: Laboratory procedure, 
Laboratory or test result, e.g., Blood urea nitrogen → Blood urea nitrogen measurement 
(UMLS CUI:C0005845)
Atrial fibrillation → ECG: atrial fibrillation (UMLS CUI: C0344434) For treatment, 
preferred semantic types are: pharmacologic substance, therapeutic or preventive 
procedure, e.g., Digitalis → Digitalis preparation (UMLS CUI: C0304520) 
Yoga→Yoga (UMLS CUI: C1883583)

5. Map term to the UMLS concept as close in 
meaning as possible.

Chest radiograph → Plain chest X-ray (UMLS CUI: C0039985) Salt restriction → Low 
sodium diet (UMLS CUI: C0012169)

6. Map terms with modifiers (e.g., daily, severe) by 
post-coordinating multiple UMLS concepts.

History of Chagas disease → Chagas disease (UMLS CUI:C0041234) + medical history 
(modifier) Daily serum electrolytes→ Serum electrolytes measurement (UMLS CUI: 
C0587355) + daily (modifier)

Artif Intell Med. Author manuscript; available in PMC 2017 September 07.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Wang et al. Page 25

Ta
b

le
 4

C
on

tr
ib

ut
io

n 
of

 e
ac

h 
kn

ow
le

dg
e 

so
ur

ce
 to

 th
e 

fo
ur

 c
la

ss
es

 a
nd

 th
e 

fi
na

l h
ea

rt
-f

ai
lu

re
 v

oc
ab

ul
ar

y.

So
ur

ce
s

C
la

ss
es

C
au

se
s 

or
 r

is
k 

fa
ct

or
s(

N
=4

35
)

Si
gn

s 
or

 s
ym

pt
om

s 
(N

 =
 2

33
)

D
ia

gn
os

ti
c 

te
st

s 
or

 r
es

ul
ts

 (
N

 =
 5

90
)

T
re

at
m

en
t 

(N
=4

77
)

F
in

al
 v

oc
ab

ul
ar

y 
(N

 =
16

48
)

H
ar

ri
so

n'
s

71
(1

6%
)

79
 (

34
%

)
75

 (
13

%
)

77
 (

26
%

)
29

8 
(1

8%
)

U
pT

oD
at

e
11

0(
25

%
)

45
(1

9%
)

12
0(

20
%

)
11

6(
24

%
)

38
0 

(2
3%

)

A
C

C
 k

ey
 d

at
a 

el
em

en
t

12
6 

(3
0%

)
47

 (
20

%
)

11
5(

19
%

)
10

0(
23

%
)

38
6 

(2
3%

)

E
SC

 g
ui

de
lin

e
81

(1
7%

)
54

 (
23

%
)

20
5 

(3
5%

)
15

4(
32

%
)

48
4 

(2
9%

)

D
yn

aM
ed

16
2 

(3
7%

)
55

 (
24

%
)

11
8(

20
%

)
14

8(
31

%
)

47
4 

(2
9%

)

A
C

C
 g

ui
de

lin
e

19
4(

45
%

)
63

 (
27

%
)

14
6(

25
%

)
17

8(
37

%
)

56
5 

(3
4%

)

B
ra

un
w

al
d

15
0 

(3
4%

)
14

7(
63

%
)

29
8(

51
%

)
23

9 
(5

0%
)

81
0(

49
%

)

Artif Intell Med. Author manuscript; available in PMC 2017 September 07.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Wang et al. Page 26

Table 5

Top 5 frequently occurring heart failure concepts in four classes.

Classes UMLS CUl/code Concept Frequency

Signs or symptoms C0013404 Dyspnea 136

 C0268000 Body fluid retention 55

 C0018810 Heart rate 48

 C0546817 Fluid overload 47

 C0015672 Fatigue 46

Causes or risk factors C0020538 Hypertension 133

 C0027051 Myocardial infarction 133

 C0004238 Atrial fibrillation 132

 C0010054 Coronary arteriosclerosisDiabetes mellitus 123

 C0011849 Diabetes mellitus 92

Diagnostic tests or results C0428772 Left ventricularejection fraction 219

 C0232174 Cardiac ejection fraction Brain 195

 C1095989 natriuretic peptide measurement 134

 C0022662 Kidney function tests 110

 C0013516 Echocardiography 82

Treatment C0003015 Angiotensin-converting enzyme inhibitors 471

 C0001645 Adrenergic beta-antagonists 402

 C0012798 Diuretics 313

 C0521942 Angiotensin II receptor antagonist 250

 C1167956 Cardiac resynchronization therapy 215
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Table 7

Examples of heart-failure terms of four class types that occurred in one, two, three and seven sources.

Examples Terms from 1 source Terms from 2 sources Terms from 3 sources Terms from 7 sources

Signs or symptoms Narrow pulse pressure;
Jaw pain;
Mottled skin;
Presyncope;
Purple-blue nail bed

Exercise intolerance;
Abdomen distended;
Abdominal pain;
Apex beat displaced;
Ventricular filling pressure 
increased

Reduced exercise 
tolerance;
Early satiety;
Respiratory distress;
Dyspnea on exertion;
Hypoxia

S3–third heart sound;
Orthopnea;
Fatigue;
Dyspnea;
Angina pectoris

Causes or risk 
factors

Deep vein thrombosis;
Dysglycemia;
Collagen diseases;
Cilostazol;
Egg consumption

Hyperlipidemia;
Chronic kidney failure;
Pulmonary arterial 
hypertension;
Viral myocarditis

Fabry disease;
Angina, unstable;
Familial cardiomyopathy;
Beriberi;
Rheumatic fever

Coronary arteriosclerosis;
Myocardial ischemia;
Myocardial infarction;
Diabetes mellitus;
Hypertension

Diagnostic tests or 
results

Measurement of liver 
enzyme;
Blood cell count;
Hemoglobin Alc 
measurement;
Indirect bilirubin 
measurement;
Oral glucose tolerance test

Blood pressure 
monitoring;
Myocardial biopsy;
ECG: left 
ventricularstrain;
Pharmacologic and 
exercise stress test;
Prolonged QRS duration

Cardiovascular monitoring;
Cardiopulmonary exercise 
test;
ECG: atrial fibrillation;
calcium measurement;
Blood pressure monitoring

Maximum oxygen uptake;
Radionuclide 
ventriculography;
Fluid overload;
Magnetic resonance 
imaging;
Left ventricular ejection 
fraction

Treatments Alcohol deterrents;
Sheng-Mai San;
Dietary supplementation;
Repair of pulmonary valve;
Genetic counseling;
Cell therapy

Ablation of 
atrioventricular node;
Epoprostenol;
Pericardiectomy;
Weight reduction regimen;
Hydralazine hydrochloride

Mitral valvuloplasty;
Implantation of ventricular 
assist device;
Fluid intake restriction;
Implantation of CRT-D;
Pneumococcal vaccination

Angiotensin II receptor 
antagonist;
Inotropic agent;
Heart transplantation;
Diuretics;
Angiotensin-converting 
enzyme inhibitors
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