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Abstract 

The widely known vocabulary gap between health consumers and healthcare professionals 

hinders information seeking and health dialogue of consumers on end-user health applications.  

The Open Access and Collaborative Consumer Health Vocabulary (OAC CHV), which contains 

health-related terms used by lay consumers, has been created to bridge such a gap. Specifically, 

the OAC CHV facilitates consumers’ health information retrieval by enabling consumer-facing 

health applications to translate between professional language and consumer friendly language. 

To keep up with the constantly evolving medical knowledge and language use, new terms need 

to be identified and added to the OAC CHV. User-generated content on social media, including 

social question and answer (social Q&A) sites, afford us an enormous opportunity in mining 

consumer health terms. Existing methods of identifying new consumer terms from text typically 

use ad-hoc lexical syntactic patterns and human review. Our study extends an existing method by 

extracting n-grams from a social Q&A textual corpus and representing them with a rich set of 

contextual and syntactic features. Using K-means clustering, our method, simiTerm, was able to 

identify terms that are both contextually and syntactically similar to the existing OAC CHV 

terms. We tested our method on social Q&A corpora on two disease domains: diabetes and 

cancer. Our method outperformed three baseline ranking methods. A post-hoc qualitative 

evaluation by human experts further validated that our method can effectively identify 

meaningful new consumer terms on social Q&A. 

Keywords 

Controlled vocabularies; Consumer health vocabulary; Consumer health information; Social 

Q&A; Ontology enrichment 
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1. Introduction 

Over the past two decades, a variety of controlled vocabularies and domain ontologies in 

biomedicine have been established to encode biomedical entities, terms, and their relationships 

[1]. Well-curated controlled vocabularies lay a solid foundation in various healthcare information 

systems such as electronic health records (EHRs) and clinical decision support systems [2]. For 

example, the International Classification of Diseases 9th Revision, Clinical Modification (ICD-9-

CM) is widely used to encode the diagnoses and procedures in healthcare administrative 

documents for billing purposes [3]. SNOMED CT is recommended for encoding problem lists in 

EHRs by the Meaningful Use Stage 2 of the Health Information Technology for Economic and 

Clinical Health (HITECH) Act [4]. RxNORM is a reference terminology that normalizes names 

of all clinical drugs available on the U.S. market with links to many of the drug vocabularies 

commonly used in pharmacy management [5]. Importantly, the Unified Medical Language 

System (UMLS), developed and maintained by the U.S. National Library of Medicine (NLM), 

has integrated more than 190 source vocabularies into its Metathesaurus (META). The UMLS 

has a high-level semantic network of 127 semantic types which represent the broad semantics of 

the concepts in the health domain [1]. The META’s source vocabularies include not only 

professional terminologies such as the ICD, SNOMED CT, and RxNORM, but also vocabularies 

used by healthcare consumers such as the Open Access and Collaborative Consumer Health 

Vocabulary (OAC CHV, “CHV” in short) [6]. The CHV was created to complement the existing 

scope of the UMLS, and to assist the needs for developing consumer-facing health applications. 

According to a recent Pew Research survey, 72% of the Internet users seek for health 

information online [7]. With the advent of Web 2.0, user-generated and experience-based health 

information emerges as collective wisdoms and important knowledge assets [8]. It is therefore 

important to understand the medical terms adopted by the health consumers when they describe 

their health issues on these platforms. These terms can thus be used to enrich the CHV and 

further strengthen its role in building consumer-oriented health applications, such as a consumer-

friendly clinical trial search engine.  

In contrast to medical terminologies that are primarily used by health professionals (e.g., 

SNOMED CT), the CHV represents lay people’s health-related terms and expressions that aim at 

bridging the vocabulary gap between consumers and professionals, and at facilitating 

information seeking needs of health consumers [6, 9, 10]. Plovnick and Zeng [11] showed that 
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consumers’ search queries, when reformulated with professional terms, can yield better retrival 

accuracy of health information. As the UMLS pulls together terms of the same meaning from 

different sources into a unified concept, it can facilitate query reformulation by mapping 

consumer terms to their corresponding professional terms. As in UMLS 2015AA version, 53.8% 

of the concepts in the CHV are covered in SNOMED CT. Nevertheless, controlled vocabularies 

need to be constantly updated with new entities to ensure domain completeness as the medical 

knowledge evolves [12]. As new health-related terms are consistently emerging and being 

adopted by health information consumers, the CHV should continue adding these new terms to 

satisfy their information and communication needs. The development of professional 

vocabularies (e.g., SNOMED CT) receives suffiicient support from teams of domain experts as 

well as professional organizations (e.g., SNOMED International and NLM). In contrast, the 

CHV employs an open-access and collaborative approach [13] to identify or extract lay people’ 

health-related terms from a variety of consumer-generated text corpora on various platforms such 

as PatientsLikeMe [14], MedHelp [15, 16], MedLinePlus [17, 18], and Wikipedia [19].  

The goal of our study is to develop a framework to identify new consumer health terms 

that are syntactically and contextually similar to existing CHV terms from Yahoo! Answers, a 

popular US-based social question and answer (Q&A) platform. Social Q&A is an online 

community-based question and answer service that allows its users to post their questions and 

answer others’ questions on a wide range of topics in everyday life. Yahoo! Answers also has a 

comprehensive list of topic categories devoted to health-related Q&As, which generate rich text 

corpora with consumer health terms. 

Recently, Chandar et al. [20] introduced a similarity-based method to identify potential 

new SNOMED CT terms in a text corpus of clinical trial eligibility criteria. We extend this 

similarity-based technique using additional linguistic and contextual features used in previous 

CHV studies (e.g., [18]) with a set of text mining techniques that includes term extraction, 

normalization, syntactic parsing, and clustering. Specifically, we propose a method and test it on 

the social Q&A data from Yahoo! Answers to identify new consumer health terms that can be 

potentially added to the CHV. We then assess the validity of our method through both a 

quantitative evaluation and an expert review. Our findings systematically addressed the 

following research questions:  
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RQ1: Do the existing CHV terms in the social Q&A text corpus exhibit good 

clustering characteristics based on syntactic and contextual features? 

RQ2: Can the proposed similarity-based technique identify consumer health terms 

that are syntactically and contextually similar to existing CHV terms in the text 

corpus? 

Health-related terms used by consumers could vary across disease domains. Thus, the 

current study focuses on analyzing Q&As related to diabetes and cancer. As a common chronic 

condition in the United States, diabetes can lead to an array of complications such as 

hypertension, stroke, and kidney disease [21]. Cancer, on the other hand, is the second leading 

cause of death in the United States, and has a major impact on society across the world [22]. 

Also a previous study found that the diabetes-related questions and answers posted on Yahoo! 

Answers has a reasonably good coverage of UMLS concepts [23]. In short, findings from our 

study will provide a foundation for developing automated and domain-agnostic methods to 

identify new consumer health terms from consumer-generated textual corpora.  

 

2. Related Work 

2.1. Corpus-Based Ontology Learning and Term Identification 

Domain-expert-driven ontology (or taxonomy) development involves iterative discussion 

and reconciliation, which is labor intensive and time consuming. On the other hand, the vast 

amount of data on the web present ample opportunities for semi-automated learning to ease the 

burden of ontology curators. Existing ontology learning methods can be broadly categorized as 

learning from structured data and learning from unstructured data. Unstructured data represents 

the majority of the user-generated content on today’s social networking platforms, online 

communities, and social Q&A sites, where consumers increasingly discuss and share their health 

issues [24]. Thus, we surveyed the ontology learning methods on unstructured data, which 

primarily include symbolic, statistical, and hybrid approaches. The symbolic approach uses 

linguistic patterns to identify entities and their relations; this approach usually favors accuracy 

over recall [19]. The statistical approach uses the frequency of noun or noun phrases in 

documents retrieved from the web to discover concepts [25]. In the biomedical domain, due to 

the semantic complexity of the biomedical text, biomedical ontology learning often employs a 

hybrid of statistical and symbolic methods [26]. For example, Lossio-Ventura et al. leveraged 



 6 
 

both linguistic and statistical approaches to identify biomedical entities from PubMed abstracts 

[27]. They further developed a supervised method that uses a set of statistical, lexical, and 

semantic features to predict the relations between the entities based on a manually annotated 

dataset. However, creating gold standard labeled datasets is laborious and subjective. Hoxha et 

al. [28] recently developed Ontofier, an unsupervised ontology learning framework that uses the 

agglomerative hierarchical clustering to learn domain taxonomies. They used agglomerative 

hierarchical clustering to produce a dendrogram (i.e., a tree diagram) that can be pruned to be a 

taxonomy with parent-child relations. They applied the framework on free-text clinical trial 

eligibility criteria and MEDLINE abstracts to build domain taxonomies of UMLS concepts. The 

limitation of their work is that only UMLS concepts were used to build the taxonomy and that 

the framework has only been tested on biomedical text corpora. Since the CHV does not have 

hierarchical relationships, we focused on methods that can effectively identify meaningful terms 

in text.  

2.2. CHV Development from Consumer-Generated Text Corpora 

Over the past few years, online health platforms have become increasingly popular for 

lay people to share experience, express concerns, and seek health information. These platforms 

have attracted more and more attention of researchers as a fertile ground to mine consumer terms 

[14-17, 19]. Zeng et al. [18] proposed a general term identification method for CHV 

development that incorporates collaborative human review and automated term recognition. 

They identified over 700 consumer terms from MedLinePlus query log files [29] using logistic 

regression and human review [18]. They also provided review criteria for determining whether a 

term is a valid CHV term, which we adapted in our study. Keselman et al. [17] mapped the 

consumer health terms extracted from MedLinePlus query logs to the UMLS concepts, and 

found that non-mapping concepts constituted a small proportion of consumer health terms, which 

may affect the process of building CHV. Later, Doing-Harris & Zeng-Treitler [14] created a 

computer-assistant update (CAU) system to identify new candidate CHV terms from text 

messages posted on a health-related social networking site, PatientsLikeMe.com. Recently, 

MacLean and Heer [15] trained a conditional random field (CRF) classifier on crowd-labeled 

datasets of discussion posts on MedHelp and user comments on CureTogether to identify 

consumer health terms. To simultaneously extract consumer and professional term pairs, 

Vydiswaren et al. [19] leveraged pre-defined lexical patterns such as “A, also known as B” to 
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automatically extract the synonymous pairs of terms A and B from Wikipedia, and labeled them 

as either consumer or professional terms. In another study, over 120,000 discussion messages on 

MedHelp were examined to identify consumer expressions that co-occurred with pre-selected 

terms associated with adverse drug reactions [16]. These studies often require labor-intensive 

manual reviews by domain experts or the crowd, and/or rely on ad hoc lexical syntactic patterns, 

limiting their scalability. 

2.3. Similarity-Based Term Identification 

Chandar et al. [20] tested the feasibility of a similarity-based approach to recommend 

concepts mined from a text corpus to a standard terminology. In their study [20], n-grams, 

extracted from a text corpus of over 180,000 clinical trial summaries on ClinicalTrials.gov, were 

represented by a set of features that characterize their syntactic and contextual information. In 

Chandar et al.’s study, the n-grams that can be covered by SNOMED CT were clustered into 

groups based on their linguistic, syntactic, and contextual similarity, while the n-grams that were 

not covered by SNOMED CT were ranked based on their distance to the nearest cluster. Each n-

gram was represented with: (1) capitalization features that capture the capitalization information 

of the n-gram, (2) syntactic features, i.e., Part-of-Speech (POS) tags of the n-gram, (3) prefixes 

and suffixes of the n-gram, and (4) the syntactic features, prefixes, suffixes of the tokens that co-

occur with the n-gram. The advantage of this approach is that rather than giving a binary 

decision on the inclusion of the new terms, it ranks the candidate terms based on their similarities 

to existing terms, thereby allowing terminology designers to choose the number of terms to 

review based on their affordable effort. In this work, we adapted Chandar’s method [20] to 

identify new consumer health terms from social Q&A data by adding a set of new features such 

as the C-value [30]. To match terms against the established UMLS vocabularies, we employed a 

fuzzy matching method that allows minor lexical variants to improve the recall of matching 

terms. We also strengthened the validation method. Specifically, instead of using the UMLS 

terms in the text corpus as the validation data in a single test, we created random samples of the 

CHV terms for training and testing in multiple tests. We employed a multidimensional validation 

method that uses the numbers of clusters and the top percentage of the ranking results as 

variables to test the validity and the robustness of our method on multiple datasets.  

 

3. Methods 
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3.1. Data Collection 

Yahoo! Answers is a social Q&A site, where people seek information through raising 

questions and receiving answers from others who are willing to share their information, 

knowledge, experiences, and opinions on a wide range of topics. A major motivation for 

consumers to post questions on a social Q&A site is that their searches on web search engines 

with short queries often fail to retrieve useful information for their specific problems [31]. Social 

Q&A sites such as Yahoo! Answers allow consumers to ask questions in full sentences using 

natural language. Such questions also tend to contain more context information, and more 

closely resemble open-domain language than texts written by professionals [32]. Meanwhile, the 

answers provided on the site are also mainly written in lay language. Therefore, the textual data 

on social Q&A sites can be a good source for mining consumer terms. As one question may 

receive more than one answer, we only used the questions and the “best answers” of the 

questions (as voted by users) to ensure the quality of the text corpus. 

Using the application program interface (API) of Yahoo! Answers, we collected a total of 

58,422 questions and their corresponding best answers (one for each question) in the diabetes 

category, and 81,433 questions and answers in the cancer category. Park et al. [23] recently 

assessed the UMLS terminology coverage in the same dataset but did not find a significant 

difference between the questions and the answers with respect to the frequently-used terms and 

semantic types. Therefore, we combined each question with its corresponding best answer as one 

document in the corpus. 

3.2. A Similarity-Based N-gram Model 

The key concepts in this paper and their definitions are described in Table 1. 

 
Table 1. The key concepts in this paper and their definitions 
Concept Definition 
Target 
vocabulary 

The vocabulary to which we would like to suggest new terms. In this study, 
our target vocabulary is the CHV. 

N-gram A contiguous sequence of n words in a sentence. In this study, we included up 
to 5-grams, since n-grams with n between 1 to 5 can cover over 99% of the 
terms of interest [33]. 

Seed term An n-gram extracted from the text corpus that can be found in the target 
vocabulary (i.e., CHV). 

Candidate 
term 

An n-gram that is not covered by the target vocabulary but could be potentially 
added to the target vocabulary. In order to qualify as a candidate term, an n-
gram may be subject to some constraints, e.g., occurring more than 5 times in 
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the corpus.  
Term context Either the entire sentence that contains the term, or a window of 10 words 

before or after the term in its sentence. 
 

Essentially, our method, simiTerm, consists of two major modules (Figure 1): (1) a 

candidate and seed terms extraction module; and (2) a similarity-based ranking module. In the 

first module, we applied natural language processing (NLP) techniques (e.g., sentence splitting, 

tokenization, Part-of-Speech tagging, fuzzy matching) to extract terms from the textual corpora, 

and constructed syntactic and contextual features for each term. We identified terms that can be 

matched to existing CHV terms as seed terms; and the rest as candidate terms. In the second 

module, we grouped the seed terms using the K-means clustering, and ranked the candidate 

terms based on their distance to the center of the nearest seed term cluster.  

           

Figure 1. The conceptual process of consumer term recommendation method simiTerm. 
 

3.3. Data Processing and Analysis Workflow  

Considering the huge volume of social Q&A datasets, we implemented our method on 

the Apache Spark platform, a widely used distributed computing framework [34]. Figure 2 

shows the workflow of simiTerm.  
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Figure 2. The workflow of data processing of simiTerm. 
 

3.3.1. Step 1: Candidate and Seed Terms Extraction 

We adopted the OpenNLP library [35], which has good performance for general purpose 

NLP tasks [36]. We first split the documents into sentences and extracted tokens from each 

sentence. To normalize lexical variations of a token (e.g., ‘calorie’ and its plural form ‘calories’), 

we used the LVG (Lexical Variant Generation) tool [37] to convert each token to its basic form. 

Then, we obtained a stream of tokens for the sentence in which the term appears. The n-grams 

were then extracted by iterating over the contiguous tokens (up to 5-grams were extracted). A 

stop words list can effectively exclude meaningless n-grams such as prepositions ‘of’, ‘on’, or 

the article ‘a’, ‘an’ and ‘the’. We excluded n-grams beginning or ending with a stop word or a 

digit. We also excluded symbols. We considered n-grams with the same string but different POS 

tags as different n-grams. We also excluded n-grams with term frequency less than 5 in the 

whole dataset.  

Next, we obtained a set of n-grams from the text corpus. To determine whether an n-gram 

is a seed term or not, we employed a fuzzy matching approach [38] to identify n-grams that exist 

in the CHV. We generated the basic form of each existing CHV term using same techniques 

described above. If an n-gram’s basic form is the same as any CHV term’s basic form, the n-

gram is recognized as a seed term; otherwise it is a candidate term. Figure S1 in the 

Supplementary Material illustrates an example of the fuzzy matching process. We use the 

notation “UMLS w/o CHV” to indicate that a term is in the UMLS but not in CHV. Only CHV 
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terms were considered as seed terms. The non-CHV terms, including UMLS w/o CHV terms and 

terms that are not in UMLS, were considered as candidate terms. 
 

 

3.3.2. Step 2: Feature Vector Construction 

We used a rich set of features to represent a term extracted from the textual corpus, 

including both linguistic and contextual features that have been shown to be effective for 

identifying new CHV terms [14-17, 19]. The linguistic features included POS tags, prefix/suffix, 

syntactic patterns (e.g., term “insulin receptor” matches the pattern “Noun+Noun”), 

capitalization status, and C-value [39]. We also used standard features, including term frequency 

(TF), document frequency (DF), and a number of task-specific features such as similarity to 

UMLS terms, similarity to CHV terms, and the UMLS semantic type (if any). Different from the 

linguistic features that characterize the term itself, the contextual features characterize the words 

in the context of the current term, including their semantic types and their POS tags. We describe 

the details of each feature below. 

Term frequency (TF): The number of occurrences of a term in the whole text corpus.  

Document frequency (DF): The number of documents that a term occurs in a text corpus. 

Both term frequency and document frequency indicate how often a term is used in a corpus. 

However, the document frequency emphasizes on how widely a term is used across documents. 

For example, common terms such as ‘diabetes’ are likely to occur more often across different 

documents than rare terms such as ‘Lantus.’  

 C-value: It combines linguistic and statistical information of a term [39]. C-value takes 

into account the length of the term and whether the term is nested by other terms or not. The C-

value of term a is calculated by 

               𝐶𝐶 − 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(𝑣𝑣) =  �
log2|𝑣𝑣| ∗ 𝑡𝑡𝑡𝑡(𝑣𝑣)                                                 𝑣𝑣 𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑡𝑡 𝑛𝑛𝑣𝑣𝑖𝑖𝑡𝑡𝑣𝑣𝑛𝑛

log2|𝑣𝑣| ∗ (𝑡𝑡𝑡𝑡(𝑣𝑣) − 1
𝑃𝑃(𝑇𝑇𝑇𝑇) ∗ ∑ 𝑡𝑡𝑡𝑡(𝑏𝑏))𝑏𝑏𝑏𝑏𝑇𝑇𝑇𝑇       𝑛𝑛𝑡𝑡ℎ𝑣𝑣𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑣𝑣          (1) 

where |a| is the number of words in a. tf(a) is the term frequency of term a. b is a term that 

contains term a. tf(b) is term frequency of term b. Ta is the set of terms that contain term a. P(Ta) 

is the number of terms in Ta.  

Similarity to seed/UMLS terms: The similarity between a term and a existing CHV 

term based on the Levenshtein distance (i.e., edit distance) [40], which is the minimum number 
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of single-character edits required to change one term into the other term. The similarity between 

term t and s is defined by 

                                                    𝑖𝑖𝑖𝑖𝑠𝑠(𝑡𝑡, 𝑖𝑖) = 𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑑𝑑,𝑑𝑑)
max(|𝑑𝑑|,|𝑑𝑑|)  (2) 

where s is the seed term that matches t. L-dist(t,s) is the Levenshtein distance (case ignored) 

between t and s. |t| and |s| are the number of letters t and s contain, respectively. Since we 

ignored the case when calculating the Levenshtein distance, if t and s are different in case, we 

applied 10% penalty on their similarity, considering that the difference in case status is less 

important than the difference in letters. Note that we also obtained the similarity between UMLS 

w/o CHV terms and n-grams with the same method, which is noted as UMLS similarity.  

Containing a seed/UMLS term: This Boolean feature indicates whether a term contains 

a seed/UMLS term or not. For example, the candidate term “blood pressure test” contains the 

CHV term “blood pressure.” It is thus more likely to be a CHV term than those that do not 

contain any CHV terms. The value of this feature is True if a term contains an existing 

UMLS/CHV term, otherwise False. 

Syntactic patterns: We first unified similar POS tags as one tag. For example, there are 

multiple tags for noun annotated by OpenNLP: NN (singular or mass noun), NNS (plural noun), 

NNP (singular proper noun), and NNPS (plural proper noun). We unified all these noun tags into 

‘N, noun’. We then used three dichotomous features to represent the syntactic structure of a noun 

phrase: (1) Noun+Noun, two or more contiguous nouns; (2) (Adjective|Noun)+Noun, adjective 

followed by a noun; (3) ((Adjective|Noun)+|((Adjective|Noun)*(Noun 

Preposition)?)(Adjective|Noun)*)Noun, a noun phrase including a preposition. Each syntactic 

pattern is treated as a sub-feature. If a term matches one of the patterns above, the value of the 

corresponding sub-feature is True, otherwise False. Note that POS tagging is done on the entire 

sentence that contains the term of interest. 

Capitalization patterns: Often if a letter in a term is capitalized, the term may be a 

special term (e.g., a drug name). We used three dichotomous features to represent this 

information: first letter of the first word capitalized, first letter of each word capitalized, and all 

the letters of all the words capitalized. If a term matches one of the capitalization patterns, the 

value of corresponding feature will be True, otherwise False. 

Prefixes/suffixes: In English, some prefixes and suffixes of a word have special 

meanings. For example, un-, dis- and anti- are commonly used as negative prefixes; –able and -
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ative are adjective suffixes; -iasis and -iatric are medicine related suffixes. We obtained a list of 

prefixes [41] and suffixes [42] provided by the NLM. Every prefix or suffix in the lists is 

considered as a sub-feature. Note that we matched only the longest prefix or suffix. If a term 

contains any of the prefixes or suffixes in one of its words, the corresponding sub-feature will be 

marked as True, otherwise False. 

POS context: We assume that two terms occurring in the similar syntactic context are 

more similar than those occurring in different syntactic contexts. We used the feature POS 

context to encode such information. We collected the POS tags of the words near a candidate 

term (the words within a window of 10 in the same sentence). Every POS tag is a sub-feature, the 

value of which is based on the occurrence of the respective POS tag in the contexts of the term of 

all the sentences that the term occurs. The formula for calculating the value of a POS context 

sub-feature is: 

pos_context(t)𝑝𝑝𝑝𝑝𝑑𝑑=𝑑𝑑𝑡𝑡𝑝𝑝𝑡𝑡 = (∑ 𝑐𝑐𝑝𝑝𝑐𝑐𝑐𝑐𝑑𝑑(𝑑𝑑𝑡𝑡𝑝𝑝𝑡𝑡)𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 )
𝑑𝑑𝑡𝑡(𝑑𝑑)   (3) 

where tf(t) is the term frequency of term t, type is a POS tag, count(type) is the number of words 

with the POS tag in the context of term t, and contexts are all the contexts of all the sentences in 

which term t occurs. Table S1 in the Supplementary Material shows the number of occurrences 

of the POS tags in the contexts of the two terms ‘sugar level’ and ‘glucose level.’ 

Seed term context: This feature is constructed based on the observation that people tend 

to use domain-specific words when describing their problems in a certain disease domain. For 

example, people may use multiple diabetes-related CHV terms such as ‘sugar blood,’ ‘HbA1c,’ 

‘glucose,’ ‘diet’ to describe their diabetes issue in a sentence. If a non-CHV term such as ‘calorie 

intake’ is frequently used along with a few CHV terms, it is more likely to be consumer health 

terms. To incorporate this assumption in our model, we added two sub-features: (1) stickiness to 

seed terms: the average number of CHV terms that co-occur with the candidate term in a 

sentence, and (2) distance to the nearest seed terms: the average number of words between the 

nearest seed term and a candidate term in a sentence. 

Semantic context: The feature semantic context is based on the assumption that if the 

semantic context of an n-gram is similar to that of a CHV term, the n-gram is similar to the CHV 

term. According to a recent work of ours [23], we used the 12 most frequent semantic types to 

construct 12 semantic context sub-features that can cover more than 80% of the UMLS terms in 

our dataset: “Amino Acid, Peptide, or Protein,” “Body Part, Organ, or Organ Component,” 
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“Disease or Syndrome,” “Finding,” “Medical Device,” “Organic Chemical,” “Pharmacologic 

Substance,” “Sign or Symptom,” “Therapeutic or Preventive Procedure.” “Finding,” 

“Pharmacologic Substance,” and “Disease or Syndrome.” The method for calculating these sub-

features is similar to that for the feature POS context features. We give a concrete example of the 

semantic context feature in Table S2 in the Supplementary Material. 

Our method can measure the similarity between the candidate terms and the seed terms 

based on their feature vectors. For the features with Boolean values, we converted True to 1 and 

False to 0. In addition, we rescaled the values of all the features into the range [0, 1]. For value x 

in feature f, 

                                                                             x′ = 𝑥𝑥−min(𝑡𝑡)
max(𝑡𝑡)−min (𝑡𝑡)

                  (4) 

where x is the original value, x' is the normalized value, min(f) is the minimum value of the 

feature f, max(f) is the maximum value of feature f. We alleviated the effect of the outliers by 

employing the z-score (also known as “standard score”), which is defined by 

                                                                     z = x−µ
𝜎𝜎

                 (5) 

where x is the feature value, 𝜇𝜇 is the mean and σ is the standard deviation of the vector. If the z-

score of an element x is greater 2.0 (i.e., it is greater than 97.5% of all the elements), we replaced 

it with (μ + 2.0 * σ). 

3.3.3. Step 3: Ranking Similarity of the Candidate Terms to the Seed Terms 

Before we devise an effective method for identifying consumer terms from text corpus, it 

is important to have a glance at the structural characteristics of the data. To visualize the data, we 

used the Principal Component Analysis (PCA) [43] to reduce the dimensionality of the data to 

three. To obtain similarities of the candidate terms to the seed terms, we first used K-means 

clustering [44] to group the seed terms, and then calculated the similarity of the candidate terms 

to these seed term clusters. 

Step 3.1: Clustering Seed Terms with K-means Clustering: K-means clustering 

partitions terms into k clusters based on their distance to each other in the feature vector space 

[44]. In simiTerm, we employed K-means++ to obtain an initial set of centers that is provably 

close to the optimum solution [45]. As K-means clustering may not converge, we set the 

maximum number of iterations of each experiment to be 1,000. We calculated the average size of 

the clusters and then excluded the clusters with a size below 10% of the average size. The terms 

in these clusters were assigned to the nearest cluster in the rest of clusters. 
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K-means clustering requires a user-specified parameter: k, the number of clusters. We 

used the evaluation results based on a held-out set of seed terms to find the optimal k when the 

margin of performance increase (i.e., recall, precision, and F-score) between two consecutive k 

values is insignificant.  

Step 3.2: Calculating the Similarity of a Candidate Term to the Clusters: For each 

candidate term, we used the Euclidean distance [46] between the candidate term and its nearest 

cluster center as the similarity score of the candidate term.  

Step 3.3: Ranking the Candidate Terms: We consider the average TF of the terms in a 

cluster as the importance of the cluster. Thus, we first ranked the candidate terms by the average 

TF of the clusters to which they belong, and then by their similarity scores. Note that in order to 

evaluate the similarity score based purely on the feature vector representation of the terms, we 

ranked the terms only by similarity score in the quantitative evaluation. 

3.3.4. Evaluation Approaches 

Our evaluation approaches consist of a quantitative evaluation and a qualitative 

evaluation. In the quantitative evaluation, we employed repeated random sub-sampling 

validation [47]. Our assumption is that existing CHV terms are contextual and syntactically 

similar in the text corpus. We randomly picked 70% of the seed terms as training data, and the 

other 30% of the seed terms with all the other candidate terms as validation data (see Figure 3). 

We clustered the training data with K-means clustering and assessed if the seed terms in the 

validation data can be ranked higher by our method than three baseline methods: random ranking, 

TF-based ranking, and C-value based ranking. We chose TF and C-value as baselines because 

prevoius studies on the development of CHV have used TF and/or C-value to determine the 

validiy of a term to be CHV term [18]. We computed three quality measures including recall, 

precision, and F-score, which are calculated using following formulae: 

recalln = # of seed terms in 𝑑𝑑ℎ𝑡𝑡 validation dataset in top n
total # of seed terms in validation dataset

 (6) 

 

precisionn  = # of seed terms in the validation dataset in top n
total # of terms in top n

 (7) 

 

F − 𝑖𝑖𝑠𝑠𝑛𝑛𝑒𝑒𝑣𝑣𝑐𝑐 = (1 + 0.52) 𝑝𝑝𝑝𝑝𝑡𝑡𝑐𝑐𝑑𝑑𝑑𝑑𝑑𝑑𝑝𝑝𝑐𝑐𝐶𝐶 ∗ 𝑝𝑝𝑡𝑡𝑐𝑐𝑇𝑇𝑟𝑟𝑟𝑟𝐶𝐶
(0.52∗𝑝𝑝𝑝𝑝𝑡𝑡𝑐𝑐𝑑𝑑𝑑𝑑𝑑𝑑𝑝𝑝𝑐𝑐𝐶𝐶)+ 𝑝𝑝𝑡𝑡𝑐𝑐𝑇𝑇𝑟𝑟𝑟𝑟𝐶𝐶

 (8) 
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where n is the top n terms in the ranked list of the validation data. Top n terms in the ranked list 

are predicted to be true (positive), while others are predicted to be false (negative). Seed terms in 

the top n terms were considered as true positives, while non-seed-terms in the top n terms were 

considered as false positives. We chose n from 0 to two times of the number of seed terms in the 

validation data. Specifically, we calculated the quality measures at every 5% increment of the 

number of the seed terms in the validation data. The coefficient 0.5 in F-score indicates our 

emphasis on precision over recall [48, 49]. We repeated this process (random split, clustering, 

and ranking) for 10 times, and calculated the average value of each quality measure. 

 

Figure 3. Random split of the terms in the quantitative evaluation. 
To assess the perceived quality of our method, we performed a manual review of a 

sample of recommended terms. Raters reviewed a sample of candidate terms suggested by our 

algorithm to assess whether these terms should be added into CHV, following the CHV 

development guideline [18]. Inter-rater agreement was assessed.  
 

4. Results 

4.1. Basic Characteristics of the Datasets 

From the diabetes Q&A dataset, a total of 28,780 n-grams were extracted. Out of the 

28,780 unique n-grams extracted, 7,374, (25.62%) n-grams are CHV terms, while only 2,465 

(8.56%) n-grams were identified as UMLS w/o CHV terms. From the cancer Q&A dataset, a 

total of 36,537 unique n-grams were extracted. Out of the 36,537 n-grams extracted, 8,879 

(24.3%) n-grams are CHV terms, 2,895 (7.92%) n-grams were UMLS w/o CHV terms. Table S3 

in the Supplementary Material gives the details of the n-grams extracted from the diabetes Q&A 

dataset. We also plotted the trend of TF for different types of n-grams from diabetes Q&A 

dataset ordered by TF in decreasing order in Figure S2 in the Supplementary Material.     
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For every n-gram, we constructed a feature vector with 313 features. Figure S3 in the 

Supplementary Material illustrates the 3D scatter plot of the data after the number of dimensions 

of the feature matrix of 7,374 seed term was reduced to three by PCA. As shown in Figure S3, 

the seed terms represented by the feature vectors can be clustered with clear boundaries. 
 

4.2. Quantitative Evaluation Results on the Diabetes Q&A Dataset 

We performed the quantitative evaluation of simiTerm on diabetes and cancer Q&A 

datasets separately. For the diabetes Q&A dataset, when the TF threshold “5” was used, there 

were 7,374 seed terms. As 30% of them were in the validation dataset (see Figure 3), there were 

2,212 (7,374*30%) seed terms and a total of 23,618 (28,780 – 7,374*70%) terms in validation 

dataset. The random ranking baseline is a randomly shuffled list of terms in the validation dataset. 

Therefore, the precision of this baseline is 9.78% (2,212/22,618). For the TF-based and C-value-

based ranking, we first ranked all the terms in the validation dataset by TF and C-value 

respectively, and then calculated the the recall, precision and F-score for every 5% increment of 

the number of seed terms in the validation dataset. We tested our method with k (number of 

clusters) from 5 to 200 with an increment of 5 (one grey line for each k in Figure 4). K-means 

clustering may produce different results with the same data and parameters due to the randomly 

initialized center points, we therefore ran K-means clustering algorithm 10 times for every k, 

calculated the recall, precision and F-score of each experiment, and took the average of these 

measures as the final result. Figure 4 (a), (b), (c) show that our method outperforms all three 

baselines. TF-based ranking is the best baseline, while the random ranking is the worst baseline. 

We obtained the best F-score at the threshold about top 50% of the total number of seed terms in 

the validation dataset. 

We further used a higher TF threshold “100” to test the robustness of simiTerm. As such, 

a total of 3,541 n-grams from diabetes Q&A dataset were included, in which 1,895 (53.52%) 

were identified as seed terms. Similarly, we analyzed the precision, recall, and F-score of 

simiTerm and three baseline ranking methods. As shown in Figure 4 (d), (e) and (f), simiTerm 

also outperformed all three baselines in all the experiments. Table 2 shows the three quality 

measures of simiTerm (k = 150, TF threshold = 5 or 100) comparing with the TF-based ranking 

baseline for the diabetes Q&A dataset. These results demonstrated that: 1) using a higher TF 

value as a filtering criterion can retain candidate terms of higher quality; and 2) simiTerm 
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consistently outperformed the baseline methods (thus robust) with candidate terms of different 

quality settings.  

In addition to the three baselines (i.e., TF-based ranking, C-value-based ranking, and 

random order), we also assessed if our selected features outperformed the Bag-of-Words (BoW) 

features using diabetes Q&A dataset. We aggregated all the sentences in which a term T occurs 

as a document D. All the terms with TF > 100 that co-occur with T in D formed the vector 

representation of T. We applied PCA to perform dimension reduction, keeping 95% of the 

variance among all the features. We then applied the same clustering algorithm on the terms 

represented with the BoW features. As shown in Figure S4 in the supplementary material, the 

clustering algorithm with BoW features performed worse than the TF and the C-value baselines 

and similar to the random-order baseline. Further, we did not consider a classification approach 

(e.g., Support Vector Machine and Random Forest), since it gives binary decisions and cannot 

rank the terms based on their similarities to the existing terms.  

Figure 4. Evaluation results of simiTerm on the diabetes Q&A dataset with three baselines: 
random-order-based ranking, TF-based ranking, and C-value-based ranking for three quality 
measures with two TF threshold values:  (a) recall, TF > 5; (b) precision, TF > 5; (c) F-score, 
TF >5, (d) recall, TF > 100; (e) precision, TF > 100; (f) F-score, TF > 100. The bright grey 
colors represent smaller k values while dark grey colors repersent larger k values. 
 
Table 2. The recall, precision and F-score of simiTerm (TF threshold: 100 or 5) and TF-based 
ranking (k: the number of cluster, which is 150) in the diabetes Q&A dataset. 
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% of total seed terms 50 75 100 125 150 175 200 

Recall 
(%) 

k=150, TF threshold = 
100 

31.4 41.5 49.1 57.5 69.3 79.0 83.8 

k=150, TF threshold = 
5 

22.4 27.7 31.4 34.3 36.9 39.4 42.4 

TF baseline 23.5 30.9 37.9 46.3 50.1 54.6 61.1 

Precision 
(%) 

k=150, TF threshold = 
100  

62.8 55.3 49.1 46.0 46.2 45.1 41.9 

k=150, TF threshold = 
5 

44.9 36.9 31.4 27.5 24.6 22.5 21.2 

TF baseline 46.9 41.2 37.9 37.0 33.4 31.2 30.5 

F-score 

k=150, 
TF threshold = 100 

.522 .520 .491 .479 .496 .493 .466 

K=150, TF threshold 
= 5 

.37 .35 .31 .29 .27 .25 .23 

TF baseline .391 .387 .379 .386 .360 .341 .339 

4.3. Quantitative Evaluation Results on the Cancer Q&A Dataset 

We also performed the quantitative evaluation on the cancer Q&A dataset. As shown in 

Figure 5, simiTerm also outperformed three baselines across all of our experiments. These results 

demonstrated the robustness of simiTerm on text corpora on a different disease domain. 

    

 

Figure 5. Evaluation results of simiTerm on the cancer Q&A dataset: (a) recall, TF > 100; (b) 
precision, TF > 100; (c) F-score, TF >100 in cancer Q&A dataset. 
 

4.4. Manual Review of the Recommended Diabetes-Related Consumer Health Terms 
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We first examined the characteristics of the clusters (k=150, TF threshold =100) 

generated by simiTerm on the diabetes Q&A dataset. For unigrams, prefixes and suffixes had 

great influence on the clustering results. For example, as shown in Table 3, all terms in Cluster 

99 have suffix ‘–ment’, while all terms in Cluster 106 have prefix ‘hypo-.’ We further found that 

simiTerm can effectively group terms with the similar meaning into the same cluster. For 

example, the terms in Cluster 113 are related to glucose, e.g., ‘glucose meter,’ and ‘glucose 

tablet.’ The terms in Cluster 8 are all related to blood sugar. Even though we did not emphasize 

the semantics of the terms in our set of features, our method could roughly cluster terms into 

semantically uniform groups.  

 

Table 3. Example terms in the clusters of diabetes-related terms when k = 150, TF threshold = 
100 were used in simiTerm. (K: cluster index; TF: term frequency; N: noun; A: adjective; V: 
verb). 

K Type Term (POS tag) TF  K Type Term (POS tag) TF 
99 chv equipment (N) 169 113 chv blood glucose level (NNN) 3419 
99 chv government (N) 326 113 umls glucose meter (NN) 1096 
99 chv experiment (N) 215 113 chv glucose control (NN) 247 
99 chv environment (N) 230 113 chv blood glucose (NN) 7993 
99 chv adjustment (N) 219 113 chv blood glucose meter (NNN) 404 
99 chv management (N) 540 113 chv glucose level (NN) 7809 
99 umls improvement (N) 281 113 chv glucose metabolism (NN) 157 
99 umls statement (N) 187 113 other glucose tablet (NN) 247 
99 chv element (N) 115 113 other control glucose level (VNN) 672 
99 umls assignment (N) 110 113 other raise blood glucose (VNN) 105 
106 chv hypoglycaemia (N) 197 8 chv high blood sugar level (ANNN) 334 
106 chv hypoglycemia (N) 5330 8 chv low blood sugar level (ANNN) 193 
106 chv hyperglycemia (N) 968 8 other good blood sugar (ANN) 119 
106 chv hypothyroidism (N) 1000 8 other high sugar level (ANN) 248 
106 other hypo (N) 1107 8 chv elevate blood sugar (ANN) 123 

 

In the manual review, two researchers JB and JH reviewed a sample of the top 500 

diabetes-related candidate terms suggested by simiTerm to assess whether these terms should be 

added into the CHV. The 500 terms consisted of 100 terms in each of the 1-gram, 2-gram, 3-

gram, 4-gram, and 5-gram category. An example sentence that contains each term was also 

presented to the raters. JH has extensive research experience in health communication and 

computer-mediated communication. JB has extensive research experience in social media 

analysis and biomedical ontologies. The manual review process started with a discussion of the 

review criteria for being a valid consumer term (e.g., noun phrases with independent semantics) 
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[18], as well as independent assessments of whether a term: 1—“should not be added to 

CHV,”  2—“possibly can be added to CHV,” or 3—“should be added to CHV.” Note that one of 

the review criteria in [18] is “N-grams representing existing UMLS medical concepts are 

considered to be CHV terms, but CHV terms may represent non-UMLS concepts.” Thus, we also 

provided the souce information of the term to the raters. The inter-rater reliability, i.e., Cohen's 

kappa, of the two raters on the 500 terms achieved .57, indicating “substantial” agreement [50]. 

Most of the disagreements are due to the fact that some of the CHV criteria in the development 

guideline are subjective [18]. For example, one of the review criteria is “CHV terms should be 

specific to the medical domain, for example, ‘Google’ and ‘Yahoo’ are general words, not CHV 

terms.” However, the terms ‘government’ and ‘management’, which are not strictly medical 

terms, are both CHV terms. Overall, our rater agreement level can be considered good and 

acceptable.  

For those terms that received different ratings from the two raters, we recoded the terms 

that received “1” and “2” as “1”, “2” and “3” as “3”. In summary, 325 (65%) terms should not be 

added to CHV, 5 (1%) terms could possibly be added to CHV, and 170 (34%) terms should be 

added to CHV. Figure 6 illustrates the results of the manual review stratified by term length. In 

particular, 3-grams in the sample contained more meaningful terms than terms of other length. 

Among the 170 terms that should be added to CHV, 131 (77%) were not covered by the UMLS. 

Table 4 lists the top 10 terms that “should be added to CHV” ranked by their similarities to 

existing CHV terms. N-grams such as ‘calorie intake,’ ‘WebMD,’ which were not frequent in the 

dataset but relevant to diabetes were ranked high. Interestingly, ‘Yahoo,’ ‘Google,’ ‘YouTube,’ 

‘WebMD’ were closest to the same cluster that contains the CHV term ‘Amazon.’ We were also 

able to identify important diabetes-related lay terms, such as ‘Mendosa’ (the lay term of 

‘Mendosa’s Glycemic Index Diet’), ‘med’ (the lay term of ‘medication’ or ‘medicine’), and ‘carb 

intake’ (the lay term of ‘carbohydrate intake’).  
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Figure 6.  Manual review results of top 500 suggested terms after conflict resolution. 
 
Table 4. Top 10 new diabetes-related consumer terms that were suggested by simiTerm to be 
added to CHV. 
Rank Term Already 

in the 
UMLS? 

Term 
Frequency 

Document 
Frequency 

Example 
CHV 
Terms in 
the Cluster 

Example Sentence 

1 room Yes 1,000 833 home, 
hospital, 
work, site 

I know for a fact 
that if I get blood 
draws done more 
than a week before 
my appointment, my 
doctor will not 
review them until I 
am in the examining 
room with her. 

2 lab Yes 1,550 1,141 level, blood, 
test, weight 

If blood draw it 
needs to go to the 
labs to be processed 
and takes a bit of 
time. 

3 calorie 
intake 

Yes 119 103 food intake, 
carbohydrate 
intake, sugar 
intake 

It does sound like it 
is your calorie 
intake, but that is 
not directly fixed by 
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drinking or eating 
sugar, you may 
need to increase 
how much you eat 
prior to a workout. 

4 carb Yes 12,532 5,731 food, water, 
sugar, 
carbohydrate 

You need to stick to 
low Glycemic Index 
carbs. 

5 issue Yes 2,913 2,407 life, day, 
year, hour, 
month 

That is a normal 
blood sugar, but 
there are other 
causes that explain 
your symptoms, 
such as an issue 
with the pituitary 
gland or diabetes 
inspidus, which is 
different from 
diabetes mellitus 
and has nothing to 
do with blood sugar 

6 spike Yes 1,328 1,018 change, 
sign, stress, 
energy 

It is normal for 
your blood sugar to 
spike after a meal. 

7 article Yes 816 680 change, 
sign, stress, 
energy 

One night I was 
reading a magazine 
in bed and it was an 
article about 
diabetes. 

8 range Yes 5,298 3,636 life, day, 
year, hour, 
month 

The best range is 70 
to 99 when waking 
up and 70 to 140 
after meals. 

9 WebMD No 223 191 Amazon, 
www 

WebMD might be a 
good place to start. 

10 bloodstream Yes 1,001 740 medicine, 
drug, pill, 
urine 

The endocrine 
system is a system 
of glands, each of 
which secretes a 
type of hormone 
directly into the 
bloodstream to 
regulate the body. 
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5. Discussion 

Existing term identification methods often rely on ad hoc pre-defined lexical syntactic 

patterns. In this study, we automated part of the CHV development process by applying a 

similarity-based text mining technique to identify terms on social Q&A that were syntactically 

and contextually similar to the existing CHV terms. Even though CHV can cover over a quarter 

of the extracted n-grams, there is still great potential to identify meaningful terms from UMLS 

w/o CHV and from the terms that cannot be covered by UMLS. The results indicated that most 

of the top ranked recommended terms are UMLS terms, confirming that consumers do frequently 

use UMLS terms that are not covered by CHV. Even though user-generated content on social 

media often contain sentences with grammatical errors and typos, our method simiTerm can still 

yield significant improvement over the baselines. Specifically, the fuzzy matching employed in 

simiTerm may have alleviated the problem of typos by using the root forms of the terms.  

As is presented in Figure 4, our method with a higher TF threshold values (i.e., 100) 

yielded better performance than a low TF threshold (i.e., 5). It may be because higher TF 

threshold can filter out those n-grams that are less frequently used by consumers and are thus 

more likely to be noisy terms. Therefore, in the manual evaluation, we applied TF threshold 100. 

From the manual review of the suggested terms, we found that some of the CHV review criteria 

of Zeng et al. [18] such as “CHV terms should be specific to the medical domain” are vague, 

leading to a certain level of disagreement among coders. This is not uncommon in manual 

annotation tasks and warrants further efforts in building a more objective CHV development 

guideline. We thus only consider the manual review as a way to assess the general 

appropriateness of the terms recommended by simiTerm. The final decision for including a new 

term in a controlled vocabulary should be made by terminology curators. As our method can 

rank the candidate terms based on their similarities to existing CHV terms instead of giving a 

binary decision for each term, the curators can decide on the number of terms for manual review 

based on the amount of effort they would like to make. Further, using Apache Spark, our method 

can scale up to large corpora. With a modular design, other researchers can modify individual 

modules to better meet the needs of their own tasks. To allow the broad community to contribute 

to the problem, we made our tool simiTerm publicly available in GitHub 

(https://github.com/henryhezhe2003/simiTerm). 
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It is also our hope that researchers can leverage the CHV to develop innovate user-

friendly health applications that benefit ordinary health consumers more broadly. For example, 

clinical trial recruitment is a critical issue in clinical research. The lack of enrollment or slow 

accrual is the major reason for withdrawing or suspending clinical trials. The clinical trial 

registry ClinicalTrials.gov was created by the NLM to disseminate the clinical trial opportunities 

and results. However, the trial descriptions in ClinicalTrials.gov are extremely difficult to read 

for ordinary people [51]. Existing clinical trial portals that use data from ClinicalTrials.gov, such 

as Antidote and Dory/TrialX, tend to improve trial search with locations or domain-specific 

questions. However, they still use the same trial descriptions provided by ClinicalTrials.gov 

without simplification. CHV can be utilized to simplify medical text such as trial descriptions 

and eligibility criteria by replacing professional jargons with lay terms. A consumer-friendly 

clinical trial search engine with simplified trial description may improve the understandability of 

trials and have an impact on trial recruitment. To achieve this goal, the CHV should be 

consistently expanded with new consumer-friendly terms. Our method automates the process of 

identifying these potential new consumer terms from social media, recommends top ranked new 

terms according to their similarities to existing CHV terms, and thus reduces the amount of 

manual work required. 

 

5.1. Limitations and Future Work 

Some limitations should be noted. First, social Q&A could be a good venue to observe its 

users’ natural expression of their health conditions but may not be generalizable to that of non-

users and to other online information sources. In future work, we will apply simiTerm to 

different textual datasets to identify new consumer health terms. Second, when applying the 

clustering method, ideally, one should use the optimal set of features. However, it is challenging 

to select an optimal set of features due to the complex nature of our task and the poor quality of 

the social media dataset. Our features were selected empirically, which may contain inherent 

biases and correlations. In future work, sophisticated feature selection methods such as 

regularized trees could be exploited to alleviate this limitation.  

 

6. Conclusions 
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In this study, we represented n-grams extracted from the social Q&A textual corpora with 

a set of linguistic and contextual features. We identified n-grams that are covered by the CHV. 

Based on these features, we generated a ranked list of new terms that are syntactically and 

contextually similar to the existing CHV terms on social Q&A. Our similarity-based method 

outperformed TF-based and C-value-based ranking baselines in identifying new CHV terms. 

According to the post-hoc qualitative evaluation by human experts, our method was shown to 

effectively identify useful consumer health terms from social questions and answers in Yahoo! 

Answers. 
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Table Captions 
 
Table 1. The key concepts in this paper and their definitions 
 
Table 2. The recall, precision and F-score of simiTerm (TF threshold: 100 or 5) and TF-based 
ranking (k: the number of cluster, which is 150) in the diabetes Q&A dataset. 
 
Table 3. Example terms in the clusters of diabetes-related terms when k = 150, TF threshold = 
100 were used simiTerm. (K: cluster index; TF: term frequency; N: noun; A: adjective; V: verb). 
 
Table 4. Top 10 new diabetes-related consumer terms that were suggested by simiTerm. 
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Figure Captions 
 
Figure 1. The conceptual process of consumer term recommendation method simiTerm. 
 
Figure 2. The workflow of data processing in simiTerm. 
 
Figure 3. Random split of the terms in the quantitative evaluation. 
 
Figure 4. Evaluation results of simiTerm on the diabetes Q&A dataset with three baselines: 
random-order-based ranking, TF-based ranking, and C-value-based ranking for three quality 
measures with two TF threshold values:  (a) recall, TF > 5; (b) precision, TF > 5; (c) F-score, 
TF >5, (d) recall, TF > 100; (e) precision, TF > 100; (f) F-score, TF > 100. The bright grey 
colors represent smaller k values while dark grey colors repersent larger k values. 
 
Figure 5. Evaluation results of simiTerm on the cancer Q&A dataset: (a) recall, TF > 100; (b) 
precision, TF > 100; (c) F-score, TF >100 in cancer-related Q&A dataset. 
 
Figure 6.  Manual review results of top 500 suggested terms after conflict resolution. 
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