
Gaps within the Biomedical Literature: Initial Characterization 
and Assessment of Strategies for Discovery

Yufang Peng1, Gary Bonifield2, and Neil R. Smalheiser2,*

1School of Information Management, Nanjing University, Nanjing, China

2Department of Psychiatry, University of Illinois at Chicago, Chicago, IL 60612 USA

Abstract

Within well-established fields of biomedical science, we identify “gaps”, topical areas of 

investigation that might be expected to occur but are missing. We define a field by carrying out a 

topical PubMed query, and analyze Medical Subject Headings by which the set of retrieved 

articles are indexed. Medical Subject headings (MeSH terms) which occur in >1% of the articles 

are examined pairwise to see how often they are predicted to co-occur within individual articles 

(assuming that they are independent of each other). A pair of MeSH terms that are predicted to co-

occur in at least 10 articles, yet are not observed to co-occur in any article, are “gaps” and were 

studied further in a corpus of 10 disease-related article sets and 10 related to biological processes. 

Overall, articles that filled gaps were cited more heavily than non-gap-filling articles and were 

61% more likely to be published in multidisciplinary high-impact journals. Nine different features 

of these “gaps” were characterized and tested to learn which, if any, correlate with the appearance 

of one or more articles containing both MeSH terms within the next five years. Several different 

types of gaps were identified, each having distinct combinations of predictive features: a) those 

arising as a byproduct of MeSH indexing rules; b) those having little biological meaning; c) those 

representing “low hanging fruit” for immediate exploitation; and d) those representing gaps across 

disciplines or sub-disciplines that do not talk to each other or work together. We have built a free, 

open tool called “Mine the Gap!” that identifies and characterizes the “gaps” for any PubMed 

query, which can be accessed via the Anne O’Tate value-added PubMed search interface (http://

arrowsmith.psych.uic.edu/cgi-bin/arrowsmith_uic/AnneOTate.cgi).
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Introduction

Although no single theoretical framework covers all types of scientific discoveries, several 

scholars have pointed out that new discoveries often involve new combinations of existing 

concepts or ideas (Swanson and Smalheiser, 1997; Chen et al, 2009; Uzzi et al, 2013; 

reviewed in Chen, 2013). For example, published articles often present pre-existing text 

terms (Packalen and Bhattacharya, 2015), Medical Subject Headings (MeSH terms) 

(Theodosiou et al, 2011; Mishra and Torvik, 2015) or citations to journals (Uzzi et al, 2013) 

that are combined in novel ways not seen before. It is not clear whether articles that combine 

novel pairs of MeSH terms will necessarily result in more impactful or important research as 

assessed by (say) patents or citations. However, pairs of MeSH terms have a certain appeal 

as an objective measure of information flow, since one can examine the overall number of 

new MeSH pairs that appear over time within a given field of investigation, as well as 

attempt to predict which new MeSH pairs are most likely to appear.

In previous investigations, we have studied the potential benefit of identifying disparate 

areas of scientific investigation which are disconnected – that is, they reside in two different 

sets of articles that do not share authors, and are poorly cross-cited or co-cited – yet they 

contain information that, when connected, leads to promising and testable new hypotheses 

(Swanson and Smalheiser, 1997; Torvik and Smalheiser, 2007; Smalheiser et al, 2009). The 

presumption is that connections between disparate areas of investigation are likely to be 

overlooked (due to lack of reading widely enough by scientists), neglected (e.g. because they 

do not correspond to existing mainstream topics), or disfavored as implausible or 

meaningless (e.g., one might not expect much insight to emerge from connecting studies of 

in vitro fertilization and handgun safety) (Swanson, 1986).

Here, we consider the natural history of un-connected topics of investigation that reside 

WITHIN a single well-established field of study. MeSH term pairs that have expected co-

occurrences of 10 or more within a given field, but do not co-occur in any articles in that 

field, are defined as “gaps”. That is, we seek to bridge a set of articles that are indexed by 

MeSH term 1, and those that are indexed by MeSH term 2, all within the larger set of 

articles represented by a topical PubMed query. Such gaps are less likely to represent 

neglected or overlooked relationships, and in fact, some of the un-connected topics might 

represent low-hanging fruit that investigators will explore with high priority in the near 

future.

In the present paper, we have identified gaps from a variety of topical PubMed queries, 

comprising 10 disease-related article sets and 10 related to biological processes. The gaps 

have been characterized in terms of 9 different features at one initial time window (1987–

2005). We then identified articles appearing in the same field in the subsequent five year 

time window (2006–2010), and looked at those that did vs. did not fill one or more gaps 

(that is, articles dual-indexed with both MeSH terms of the gap). We hoped to learn how 

gap-filling articles differ from those that do not fill gaps. Moreover, comparing different 

gaps among each other, we assessed whether we can identify features which correlate with 

the likelihood that the gap will be filled in the second time window, and with the number of 

articles that fill that gap.
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Materials and Methods

A total of 20 PubMed queries was carried out using the PubMed eUtils API, representing 10 

diseases and 10 biological processes (Table 1). These were chosen to cover a wide range of 

topical areas, pathologies and tissue systems, and were divided into two time slices. The first 

time slice consisted of articles with publication dates 1987–2005 inclusive (we did not 

include articles earlier than 1987 because the number and indexing of Medical Subject 

Headings (MeSH terms) has evolved substantially over time). The second time slice 

consisted of articles with publication dates 2006–2010 inclusive, i.e., the five year period 

following the first time slice. As shown in Table 1, the number of articles in the first time 

slice ranged between 7,000 and 50,000, and the new articles appearing in the second time 

slice increased the overall size of each literature by 1.25-fold to 2-fold.

For each set of articles retrieved from each PubMed query (which will be referred to as the 

query set, the retrieval set, or the topical literature), in the first time slice, we extracted all 

MeSH terms (ignoring subheadings) and all pairs of MeSH terms co-occurring in the same 

article. For MeSH terms that occurred in at least 1% of the articles in the query, we 

computed the co-occurrence of MeSH term pairs that would be expected if each MeSH term 

is assigned to articles independently, at random. Those MeSH term pairs that had expected 

co-occurrences of 10 or more (i.e., Frq (query AND MeSH1) * Frq (query AND MeSH2) / 

number of articles ≥ 10), but an observed co-occurrence of 0, were defined as “gaps”. (Note 

that although articles published before 1987 were not included in the first time slice, no 

MeSH term pair was counted as a gap if one or more articles published before 1987 were 

indexed by both of the MeSH terms. Thus, gaps reflect the entire MEDLINE literature from 

its beginnings through the end of 2005.)

Counting citations

To compute citations for articles published in the second time slice, we used the title, 

publication date and DOI when available to identify the Google Scholar (GS) record and to 

extract the listed Google Scholar citations as of November 2016. Of 2,418 gap-filling 

articles, 6 were not found in Google Scholar; for those, we used their citations in PubMed 

Central instead.

Within each query, each gap was characterized according to different features:

1. The expected number of co-occurrences within the query set;

2. The expected number of co-occurrences within MEDLINE as a whole (using the 

frequencies of each MeSH term within all of MEDLINE in the baseline 2015 

release);

3. The observed number of co-occurrences within MEDLINE as a whole (baseline 

2015);

4. The article odds ratio (= observed / expected number of co-occurrences within 

MEDLINE as a whole; Smalheiser and Bonifield, 2016).
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5. The author odds ratio. This is computed as the observed / expected number of 

co-occurrences within the body of articles written by an individual author, 

summed over all authors publishing in MEDLINE (Smalheiser and Bonifield, 

2016).

6. The pR score. This is an innovative measure of semantic similarity between the 

articles within the query set indexed by the first MeSH term vs the articles 

indexed by the second MeSH term (Torvik and Smalheiser, 2007). The 

Arrowsmith two-node search interface (http://arrowsmith.psych.uic.edu/cgi-bin/

arrowsmith_uic/start.cgi; Smalheiser et al, 2009) is utilized to carry out two 

separate PubMed searches, [query AND MeSH term 1] vs. [query AND MeSH 

term 2]. In both cases, the MeSH terms are searched without expansion to 

retrieve related terms. Arrowsmith software computes the words and phrases that 

are in common to the titles of articles in the two queries (ie., the B-terms), and 

uses a quantitative model (Torvik and Smalheiser, 2007) to estimate the predicted 

relevance of each B-term for linking the two queries in a meaningful way. The 

percentage of B-terms that are predicted to be relevant is the pR score. We have 

hypothesized that the pR score may provide a metric to measure the overall 

implicit information shared by two sets of articles defined by PubMed topical 

queries (Torvik and Smalheiser, 2007). Because the two-node search only gives 

meaningful results when the two queries are of sufficient size, we only calculated 

pR scores when the geometric mean of Frq (query AND MeSH1) and Frq (query 

AND MeSH2) ≥ 2% of the total number of articles in the query.

7. The Common Neighbors (CN) score. This is calculated for each query by 

making a network graph of all MeSH terms that occurred in at least 1% of the 

articles in the query, where each MeSH term is a node, and nodes are linked if 

they co-occur in at least one article in the query. For each MeSH term pair that 

represents a gap, we calculate the number of common neighbors. Python2.7 and 

the Networkx-1.10 framework package were used for this and the next feature.

8. The Adamic-Adar (AA) score (Adamic and Adar, 2003). This is a normalized 

CN score in which the contribution of each common neighbor is divided by the 

log number of links that it has. The formula is SAA(u,v)= 

 where  denotes the set of neighbors of u.

9. The MeSHSim score. This is a measure of similarity between the two MeSH 

terms according to path distance on the MeSH hierarchy. We used the R package 

by Zhou et al, 2015, using headingSim with parameters headingSim (mesh1, 

mesh2, method=“SP”, frame=“node”).

The outcomes analyzed for each gap in this study were:

1. Number of articles appearing in the second time slice which were indexed by 

both MeSH terms comprising the gap. We refer to such articles as those which 

fill the gap.

Peng et al. Page 4

Front Res Metr Anal. Author manuscript; available in PMC 2017 December 19.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

http://arrowsmith.psych.uic.edu/cgi-bin/arrowsmith_uic/start.cgi
http://arrowsmith.psych.uic.edu/cgi-bin/arrowsmith_uic/start.cgi


2. Presence or absence of articles appearing in the second time slice which fill the 

gap, scored 0 or 1, regardless of the exact number of articles.

3. Citations per gap (CPG). For each gap, we computed the square root of the 

arithmetic mean of the number of citations across all articles filling that gap. 

(Since citations follow a power law approximately, the square root was taken to 

make the data distribution more quasi-normal.)

4. Maximum citation per month (MCM). For each gap, we identified the article 

having the maximum number of citations, and normalized that to citations per 

month, by dividing by the number of months from its publication date to 

November 2016.

Note that in a few cases, the same gap appeared in more than one query, and was processed 

separately (since some of the feature scores are query-specific).

For each query, to compare gap-filling vs. non-gap-filling articles, the PMIDs corresponding 

to each set of articles were entered into our value-added PubMed search interface Anne 

O’Tate (http://arrowsmith.psych.uic.edu/cgi-bin/arrowsmith_uic/AnneOTate.cgi; Smalheiser 

et al, 2008). We extracted the top 20 journals, MeSH terms, and author names for the articles 

that did, vs. did not, fill at least one gap. We also tabulated the percentage of articles that 

were published in a multidisciplinary high-impact journal (defined as either Science, Nature, 
Proc. Natl. Acad. Sci. USA, Cell, New England Journal of Medicine, the Lancet, or JAMA). 

Finally, to compare citations of gap-filling vs. non-gap-filling articles, for each of the 20 

queries, we randomly chose non-gap-filling articles (the number to equal the gap-filling 

articles for that query). That is, an equal number of gap-filling and non-gap-filling articles 

were compared for each query.

Results

Prevalence and fate of gaps across queries

Gaps – defined here as pairs of MeSH terms that never co-occurred within any article in the 

query set despite an expected co-occurrence of 10 or more based on their individual 

frequencies – were surprisingly prevalent within the PubMed query sets. The number of 

gaps ranged widely from 10 to 889 across different queries (Table 2). This variability was 

only partially accounted for by differences in the sizes of the query sets, since queries ranged 

from 0.13 to 2.78 gaps per 100 articles (Table 2). Nonetheless, the mean number of gaps per 

query was 261, representing a great number of potential “loose ends” that one might 

potentially attempt to tie up in the near future!

In fact, across all queries, 30.7% of the gaps present at the end of 2005 were filled by one or 

more articles published during the subsequent five year period of 2006–2010. The high rate 

at which gaps were filled suggests that they do not generally represent neglected back-waters 

or research dead-ends. We compared articles that do vs. do not fill gaps in the second time 

slice, to see which types of journals they were published in. We found that the vast majority 

of gap-filling articles appeared in journals sharing the topical scope of the top 20 journals 

where non-gap-filling articles appeared, and only about 10% of the journals were topically 
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divergent. For example, for the acute myocardial infarction query, 27 of the 30 articles that 

filled gaps were published in cardiology journals; plus one published in a psychiatry journal, 

one in an oncology journal, and one in a toxicology journal. Similarly, on average, the top 20 

MeSH terms indexing the gap-filling articles shared 12 MeSH terms with the top 20 MeSH 

terms that indexed the non-gap-filling articles. Moreover, there was some overlap of authors 

between the two sets: Across all queries, an average of 1.45 author names (listed on 2 or 

more gap-filling articles) were also in the top 20 author names in the list of those publishing 

non-gap-filling articles.

Impact of gap-filling articles

Gap-filling articles were more highly cited, overall, than non-gap-filling articles (65.11 vs. 

52.44 citations on average), a difference that was highly significant and consistent across the 

dataset as a whole (nonparametric two-tailed Mann-Whitney U test, p = 4.11 × 10−14; 

unpaired two-tailed t-test performed on square roots of citations, p = 7.82 × 10-11). Thus, 

insofar as citations are indicative of scientific impact, gap-filling articles were more 

prominent than a random cross-section of articles published on the same topics.

Perhaps most tellingly, gap-filling articles were significantly more likely to appear in the 

most prestigious, multidisciplinary high-impact journals (defined here as including Science, 
Nature, Proc. Natl. Acad. Sci. USA, Cell, New England Journal of Medicine, the Lancet, 
and JAMA). Overall, 3.34% of gap-filling articles were published in high-impact journals 

compared to 2.08% of non-gap-filling articles (3.34 ± 3.19 SD vs. 2.08 ± 1.22, N = 20, p = 

0.016 by paired two-tailed t-test; p = 0.0026 by sign test). Stated another way, gap-filling 

articles are 61% more likely to appear in high-impact journals than non-gap-filling articles 

(3.334/2.08 = 1. 606). The set of gap-filling articles is enriched in findings deemed 

particularly novel and significant at the time of publication (i.e., as assessed by reviewers 

and editors of high-impact journals). Together, these findings suggest that most of the gap-

filling articles reside in, and may help redirect, the mainstream of the field.

Features of gaps in disease vs. biological processes query sets

The 10 disease query sets and 10 biological processes query sets were comparable in terms 

of number of articles per query. The number of gaps, and the percentage of gaps filled in the 

second time slice, were not significantly different between the two types of queries. 

However, the disease-related vs. biological processes article sets differed significantly in 

their structure. For example, the biological processes queries had almost twice the number of 

MeSH pairs per article as the disease queries (Table 2), suggesting that they are more 

topically diverse. The article odds ratios of the gaps found in the disease query sets were less 

than half the mean value in the biological processes queries (Table 3). The MeSH terms 

comprising disease gaps had significantly lower similarities as judged by author odds ratios, 

CN and AA network scores, and MeSHSim as well (Table 3). Interestingly, the distribution 

of pR scores was nearly the same in the two types of queries (mean = 0.252, SD = 0.082 vs. 

mean = 0.254, SD = 0.086; Table 3). Yet only 56% of the disease gaps were bridging MeSH 

terms that were frequent enough to calculate pR scores (see Methods), whereas 72% of 

biological processes gaps were scored. We had not initially anticipated that these parameters 

would differ across the board so strikingly, especially since both article sets are biomedical 
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in nature. This finding presumably reflects the fact that biological processes are studied 

across multiple model systems and multiple levels of integration (from molecules to 

organisms), whereas the disease-related studies are more narrowly focused on humans and 

issues such as diagnosis, pathogenesis and treatment. In any case, this led us to analyze the 

features of gaps within the article sets both separately and as a combined dataset.

Supplementary Table 1 shows the nonparametric Spearman rank correlation rho values for 

the features and outcomes all considered pairwise, for the combined dataset and separately 

for disease and biological processes queries. (Note that Pearson linear correlation values are 

not appropriate here since many of the features and outcomes are not normally distributed.) 

Considering, first, how different gap features are correlated among themselves, it is apparent 

that the CN and AA scores are almost perfectly correlated (0.994), suggesting that they are 

redundant, whereas the MeSHSim score shows a very low correlation with any other feature 

(<0.20), suggesting that that it measures a very different and non-redundant type of MeSH 

term similarity. The article odds and author odds show an intermediate correlation (0.5-0.6) 

as expected (Smalheiser and Bonifield, 2016), indicating that they are related but that each 

gives information on its own. The article odds measures how often the two MeSH terms co-

occur in MEDLINE as a whole (not just within the given query), relative to what is expected 

by chance, whereas the author odds measures how often the two MeSH terms co-occur in 

the body of articles written by the same individual, relative to the level expected by chance.

Gaps are heterogeneous

We identified several types of gaps that arise from different scientific scenarios, each 

associated with a different combination of features:

1. Gaps arising as a byproduct of MeSH indexing. A lack of co-occurrence of 

two MeSH terms could potentially be a trivial consequence of MeSH indexing 

rules. For example, few articles are indexed with both “Fatal Outcome” and 

“Mortality”, despite the very similar nature of these two MeSH terms. This is 

because MEDLINE indexers are instructed to index an article with “Fatal 

Outcome” if it is concerned with death of an individual, whereas an article is 

indexed with “Mortality” if it discusses death at a population level. Another 

example is “Tumor Cells, Cultured” vs. “Cell Line, Tumor”. These are closely 

related; in fact, they are adjacent on the MeSH hierarchy and have a very high 

MeSHSim score = 0.92, but the former concept is used to index articles that 

describe culturing tumor cells acutely whereas the latter term is used if the tumor 

cells are established as a cell line. Across the combined dataset of 5221 gaps, 

only 3 gaps had MeSHSim scores above 0.9, and all were examples of MeSH 

indexing rules.

2. Gaps that lack biological meaning. Another reason that two MeSH terms might 

not co-occur within the same article is because there is truly no meaningful 

relationship between them. For example, separate articles on suicide discuss 

“Suicide, Assisted” and discuss the enzyme “Thymidine Kinase”, but arguably 

there is no information gain from combining these apparently unrelated concepts. 

Note that the article odds is very low for this gap (= 0), as is the author odds (= 
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0.063). The pR score for these two MeSH terms is only 0.045, similar to the 

value observed when pairs of MeSH terms are chosen at random (Torvik and 

Smalheiser, 2007). Gaps of this nature are much less likely to be filled during the 

second time slice: Across the combined dataset, 862 gaps satisfied the criteria 

(article odds <0.2, author odds <0.5, pR <0.2), of which only 9.3% were filled 

during the second time slice, with a mean of 1.27 articles per filled gap 

(compared to 28.2% across all other gaps with a mean of 1.89 articles per filled 

gap). Using stricter criteria (article odds <0.1, author odds <0.2, pR <0.2), there 

were 71 gaps of which only 2.8% were filled (by one article each).

3. Gaps that represent “low hanging fruit”. Conversely, a gap may represent 

“low hanging fruit” – pairs of MeSH terms that have not previously been studied 

together yet both lie at the research frontier of the field. For example, “Angina, 

Unstable” and “Heart Rupture, Post-Infarction” did not co-occur in any article 

within the acute MI literature by the end of the first time slice, but these two 

topics did co-occur within Medline as a whole as often as expected by chance 

(i.e., article odds = 1.06), and they had an extremely high author odds score (= 

36.42), indicating that the same investigators had a strong tendency to discuss 

both topics (albeit in different articles). Two articles in the second time slice 

were indexed by both of these MeSH terms, and the concepts were explicitly 

related to each other (i.e., heart rupture was a complication of unstable angina-

associated infarction). Across the combined dataset, we observed 185 gaps 

satisfying the criteria (article odds >1, author odds >1), of which 47.6% were 

filled during the second time slice, with a mean of 3.4 articles per filled gap.

4. Gaps in communication. A final (and perhaps the most interesting) reason that 

gaps may exist in the first time slice is because the two MeSH terms are 

associated with different disciplines, groups of investigators, geographical 

regions, or other sub-groups of the field that are either not aware of each other, or 

do not collaborate together. For example, in the apoptosis query set, the pair of 

MeSH terms “Liver Neoplasms” and “Neurons” remained unfilled in the second 

time slice, and have very low article odds (= 0.0065) and low author odds (= 

0.40). Nevertheless, since liver cells and neurons share many biochemical and 

cellular pathways, it is plausible that they share information that might be useful 

to bridge. Note that the pR score for this pair is 0.499, similar to the highest 

values observed for pairs of article sets that are closely topically related (Torvik 

and Smalheiser, 2007). Such a gap may be intrinsically promising, yet remain 

unexplored during the second time slice, due to reasons that may be cultural or 

pragmatic rather than scientific. Across the combined dataset, we observed 45 

gaps satisfying the criteria (article odds <0.2, author odds <0.5, pR >0.35), of 

which 22.2% were filled during the second time slice, and a mean of 1.2 articles 

published per filled gap (compared to 25.1% filled across all other gaps, and 1.85 

articles published per filled gap). Thus, this type of gap is not entirely neglected, 

but the number of articles published per gap is relatively low, especially 

compared to the “low hanging fruit”. As indicated above, the influence of pR 

was restricted to the diseases queries: 36.4% of gaps fulfilling the criteria for this 
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type were filled during the second time slice, and a mean of 1.2 articles 

published per filled gap, in contrast to the biological processes queries where 

only 8.7% of these gaps were filled and 1.0 articles per filled gap.

Table 4 shows the gaps of this type within the biological processes queries. Most of these 

gaps are bridging very different disciplines (e.g., Infertility, Male::Saccharomyces 

cerevisiae) and –at first glance, at least – might be thought to share no interesting 

information, except that their high pR score points to interesting information that might 

possibly have been overlooked.

Features that correlate with the likelihood that a gap will be filled in the near future

Putting aside the heterogeneity of gaps, we next analyzed how individual gap features were 

predictive of gap-filling across the combined queries and in disease-related vs. biological 

processes queries. We were able to identify certain gap features that correlated with the 

likelihood that a given gap will be filled in the next five years, and with the number of 

articles filling the gap during that period. The best single predictor overall was the article 

odds, rho = 0.35 (0.38 in disease queries, 0.32 in biological queries). Stated another way, 

MeSH pairs which have co-occurred frequently elsewhere in MEDLINE are also the most 

likely to appear in the given query literature in the near future. This is likely to reflect gaps 

that are “low hanging fruit”. Other individual features that correlated with the subsequent 

number of gap-filling articles in the disease queries were pR (= 0.34); CN/AA (= 0.34); 

observed co-occurrence in Medline (= 0.32); and author odds (= 0.23). The rho correlations 

were generally lower in the biological processes queries (observed co-occurrence in Medline 

(= 0.27); CN/AA (= 0.24); author odds (= 0.10), pR (= 0.02)).

In order to see which features were most important after holding all other factors constant, 

and to see which combinations of features were most predictive across all gaps, we used the 

Weka 3.8.0 software environment (Frank et al, 2016) to explore multiple linear regression 

models. Features that had skewed distributions were converted to square root values to 

improve quasi-normality, and the software was set to adjust for feature scaling and 

collinearity. Cross-validation (10-fold) was applied to avoid overfitting. The goal was not to 

optimize model predictive performance, but to understand the relative weights and 

independent influences of each feature. As shown in Table 5, over the entire dataset of 20 

queries, the pR score was the most important predictor of the number of gap-filling articles 

that will appear in the second time slice, followed by the article odds. The relative 

importance of features was the same in both groups for classifying gaps simply as filled or 

not filled in the second time slice (0 vs. 1), regardless of the number of articles (data not 

shown). Relative importance of features was also the same when gaps whose article odds = 0 

were removed from the set (i.e., by definition, none of those can have publications in the 

second time slice; not shown). A random forest model with the same features produced 

about the same performance as the multiple linear regression model (not shown).

As suspected, the fitted regression models were quite different for the disease queries vs. the 

biological processes queries (Table 6 vs. Table 7). Interestingly, both article odds and pR 

scores were the top two predictors in both groups, although pR was far more important in 

the disease queries whereas article odds dominated in the biological processes queries. The 
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MeSHSim score had an appreciable negative weight in the disease queries only, whereas the 

author odds ratio had an appreciable negative weight only in the biological processes 

queries. The network similarity scores (Common Neighbors, CN, and Adamic-Adar, AA) 

contributed significantly when examined as single features in both sets of articles (Table 5, 

cf. Kastrin et al, 2016) but had little effect in the fitted models; that is, their influence could 

be “explained away” by the influence of other correlated features.

Relation of gap features to subsequent citations

Surprisingly, none of the features that were examined showed any large rank correlations 

with the number of citations garnered by gap-filling articles, either measured as an average 

of the articles filling a particular gap, or the paper having the maximum number of citations 

(Supplemental Table 1). This lack of correlation was observed for both disease-related 

queries and biological processes queries (Supplemental Table 1) and for the subset of “low 

hanging fruit” (not shown). Normalizing the number of citations by topic (i.e., dividing the 

citations for each gap by the mean number of citations observed for gaps in that query) did 

not affect these negative results. Thus, although gap-filling articles as a group tended to 

garner more citations than non-gap-filling articles, we were not able to identify features that 

predicted which gaps, once filled, were more likely to be highly cited. These findings are 

possibly limited by the fact that only one time slice and duration were examined, and some 

transformational research may only garner citations after substantial time has passed (e.g., 

van Raan, 2004).

Discussion

The present paper identified and characterized “gaps”, i.e., pairs of MeSH terms that never 

co-occurred within any article in a given topical biomedical literature, despite an expected 

co-occurrence of 10 or more based on their individual frequencies. Ten disease queries and 

ten biological processes queries were conducted in PubMed to generate a test bed in the 

range of 7,000 – 50,000 articles each for study. We found that each query set (containing 

articles through 2005) is associated with multiple gaps. As a whole, these are relatively 

dynamic, since almost a third of them were filled within the next five years by the 

publication of one or more articles that were dual indexed with both MeSH terms. The gap-

filling articles are published in journals that are topically similar to non-gap-filling articles, 

are more highly cited than non-gap-filling articles on the same topic, and are 61% more 

likely to be published in multidisciplinary high-impact journals.

Gaps fell into several categories that have very different origins, characteristic features, and 

implications for scientists. A total of 9 gap features were employed to characterize gaps, 

which were used to divide them into several categories:

a. Gaps arising as a byproduct of MeSH indexing rules that constrain dual indexing 

of very similar MeSH terms. The signature of these infrequently observed gaps 

was a very high MeSHSim score, which measures path closeness on the MeSH 

hierarchy.

b. Gaps that lack any obvious biological meaning. Such gaps had very low scores 

on multiple features.
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c. Gaps that represent “low hanging fruit”. Such gaps had relatively high article 

odds scores, meaning that the pair of MeSH terms has previously been well 

studied in other fields and is now poised to contribute to the given query 

literature. This gap category appears to be most likely to generate gap-filling 

articles in the next five years.

d. Gaps in communication. These have not been brought together in any article 

because the two MeSH terms are associated with different disciplines, groups of 

investigators, geographical regions, or other sub-groups of the field that are either 

not aware of each other, or do not collaborate together. Such gaps had low article 

odds (that is, they had not been well studied together anywhere in MEDLINE) 

and low author odds scores (that is, the same investigators had rarely written on 

both topics, even in separate articles), yet such gaps showed evidence that the 

MeSH terms generate some useful information when brought together, as 

reflected by high implicit similarity pR scores (Torvik and Smalheiser, 2007). 

We have hypothesized that the pR score measures the amount of implicit 

information shared between two MeSH terms (Torvik and Smalheiser, 2007), and 

a high pR score ought to imply that significant new knowledge can be gained 

from bridging the two MeSH terms (Swanson and Smalheiser, 1997). Thus, in 

contrast to “low hanging fruit”, the “gaps in communication” may point to 

discoveries that involve more unexpected or surprising new connections.

Although this initial categorization of gap types appears to hold generally, the relative 

prevalence of different types of gaps varied extensively across biomedical article sets on 

different topics which are structured in different ways (e.g., some are topically narrow and 

focused, others are a mix of separate communities). Multiple linear regression modeling was 

carried out to learn which gap features, if any, correlated with the number of gap-filling 

articles appearing in the next five years. However, we learned that fitting a single 

quantitative model was of limited value, because of the heterogeneity in types of gaps and 

types of queries. For example, the pR score was the strongest predictor of gap-filling articles 

when tested in disease-related query sets, yet the article odds ratio was a much stronger 

predictor in biological processes query sets. When considering all gaps as a single 

collection, the features studied here explained only about 16% of the variability in the 

number of articles published in the second time slice (Table 5).

The initial study reported here provides the starting point for much further research. For 

example: What is the function and relative importance of articles that fill gaps – that is, 

articles newly combining MeSH terms that are both already well represented in a field – 

relative to articles that introduce MeSH terms appearing in the disciplinary field for the first 

time, and relative to articles that are indexed by MeSH terms which are entirely novel and 

newly added to the MeSH hierarchy?

• How important are different types of gaps, particularly “low hanging fruit” vs. 

“gaps in communication”, for driving the mainstream of a field in new 

directions? Which types of gaps, if any, are most likely to lead to findings that 

transform a field radically?
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• Which types of gaps, once filled, will be associated with articles that are cited 

highly? None of the gap features that we examined were useful in predicting the 

number of citations that a gap-filling article will garner, but we only examined 

the set of gaps as a whole. This analysis needs to be repeated using a larger 

dataset of queries that examines different types of gaps separately.

• As well, when comparing gap-filling vs. non-gap-filling articles on the same 

topic, it will be interesting to see how they compare on other features that reflect 

research strategies and approaches, such as journal, country of origin, size of 

collaborative author team, extent of interdisciplinarity (Larivière et al, 2015), and 

so on.

• The present study only examined one five year follow-up time slice (2005–

2010). However, that time frame was chosen rather pragmatically. It will be 

worth examining gaps filled during the next five years (2010–2015) to see if the 

results are similar. Also, the time of delay in filling a gap is itself a feature that 

may have significance.

• What is the significance of gaps that have never co-occurred in any articles in 

MEDLINE to date, i.e., those whose article odds = 0? Filling such gaps requires 

truly novel combinations of MeSH terms. Although most of these gaps may not 

be biologically meaningful, those that do bridge useful information may have the 

potential to be especially surprising and innovative.

• Finally, there are inherent limitations to the use of MeSH terms for identifying 

gaps, due to their manual assignment to articles, partial redundancy in some 

cases, granularity, incomplete coverage, relatively slow updating of new terms 

into the hierarchy, restriction to articles indexed in MEDLINE, and so on. The 

Arrowsmith project (Torvik and Smalheiser, 2007; Smalheiser et al, 2009) 

employed shared title words and phrases, rather than shared MeSH terms, for 

bridging pairs of articles, for these and other reasons. It will be worth exploring 

how gaps identified using pairs of title terms (or pairs of terms appearing in 

abstract or full-text) will compare to those identified using pairs of MeSH terms.

Implementation

To provide a public test bed for studying gaps, we have implemented a tool called “Mine the 

Gap!” as part of the Anne O’Tate suite of value-added PubMed search tools (accessible with 

no login or passwords at http://arrowsmith.psych.uic.edu/cgi-bin/arrowsmith_uic/

AnneOTate.cgi). The user carries out any topical PubMed query, after which a panel of 

options are displayed on the left hand of the page. One of these, the “Mine the Gap!” tool, 

identifies and characterizes the gaps with regard to a number of features (especially, article 

odds and author odds scores) and displays them in ranked form on the website. Optionally, 

the user can then click a button to automatically carry out Arrowsmith two-node searches on 

each gap, calculate the pR scores, and view the resulting output from each two-node search 

if desired. The dataset can be re-ranked on the website or exported as a comma-delimited 

text file for further study by informaticians, domain scientists or policy researchers.
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The master sheet of gaps, features, and outcomes is attached to this article as Supplementary 

Table 2, and the list of gap-filling and non-gap-filling articles with their citations is attached 

as Supplementary Table 3.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Table 1
Article sets obtained by querying PubMed

Shown are 10 disease-related and 10 biological processes queries. Each term was entered verbatim into 

PubMed (except for apoptosis[ti] where the term was restricted to the title field only, to keep the number of 

articles in the same range as the other queries). The first time slice is 1987-2005 and the second time slice is 

2006-2010 inclusive. Unless otherwise noted throughout, t-tests were unpaired, 2-tailed, not assuming equal 

variance.

PubMed query #articles
1st time slice

#articles
2nd time slice

fold
increase

diseases

acute myocardial infarction 33839 14567 1.430

alcoholism 31004 9412 1.304

AD 36807 18442 1.501

autism 7464 7478 2.002

colon cancer 46470 19990 1.430

cystic fibrosis 19395 7344 1.379

lupus 29735 11619 1.391

multiple sclerosis 23374 13438 1.575

schistosomiasis 7863 2412 1.307

suicide 28543 12059 1.422

mean 26449.4 11676.1 1.474

SD 12309.69 5310.90 0.203

biological processes

alternative splicing 15616 6229 1.399

apoptosis[ti] 38518 21408 1.556

bacterial evolution 16140 15812 1.980

endocytosis 31775 16475 1.518

hyperpolarization 7534 2050 1.272

ion transport 31391 14749 1.470

meiosis 14067 5367 1.382

microtubules 16072 6765 1.421

protein aggregation 31932 13721 1.430

working memory 11792 9534 1.809

mean 21483.7 11211 1.524

SD 10745.55 6120.56 0.214

t-test 0.350 0.858 0.602
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Table 4

Gaps across disciplines in biological processes article sets showing some of their relevant features.

query Gaps Article Odds Author Odds pR

apoptosis Liver Neoplasms::Neurons 0.0065 0.4047 0.499

apoptosis Lung Neoplasms::Neurons 0.0524 0.3859 0.462

apoptosis Colonic Neoplasms::Neurons 0.0214 0.4958 0.451

apoptosis Leukemia::Neurons 0.0175 0.3992 0.424

apoptosis Leukemia::Rats, Sprague-Dawley 0.0276 0.4482 0.415

bacterial_evolution Bacterial Typing Techniques::Mitochondria 0.0143 0.4193 0.414

meiosis Infertility, Male::Saccharomyces cerevisiae 0.0465 0.3794 0.411

meiosis Genes, Plant::Spermatogenesis 0.0529 0.4472 0.411

meiosis Genes, Fungal::Infertility, Male 0 0.3626 0.403

working_memory Magnetic Resonance Imaging::Rats, Inbred Strains 0.077 0.377 0.398

meiosis Genes, Plant::Testis 0 0.273 0.388

meiosis Schizosaccharomyces::Swine 0.1713 0.4477 0.388

ion_transport Cystic Fibrosis::Rats, Wistar 0.0389 0.3808 0.386

meiosis Chromosome Aberrations::Gene Expression Regulation, Fungal 0.1012 0.4564 0.375

working_memory Rats, Inbred Strains::Verbal Learning 0.0091 0.2497 0.375

meiosis Follicle Stimulating Hormone::Saccharomyces cerevisiae 0.0195 0.264 0.372

meiosis Genes, Plant::Spermatozoa 0 0.2596 0.366

working_memory Macaca mulatta::Reading 0 0.4729 0.362

working_memory Rats, Wistar::Verbal Learning 0.031 0.2003 0.357

meiosis Genes, Fungal::Swine 0.083 0.4871 0.356

working_memory Rats, Sprague-Dawley::Verbal Learning 0 0.2442 0.355

protein_aggregation Coronary Disease::Rats, Wistar 0.0482 0.4354 0.351
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Table 5
Multiple linear regression to predict the number of gap-filling articles appearing in the 
second time slice in the combined dataset

Shown are feature weights and performance values for 10-fold cross-validation of the entire set of 5221 gaps 

over 20 queries. Note that features having skewed distributions were converted to square root values to 

improve quasi-normality. Also note that the CN feature was removed as being redundant with AA (see text).

Weights of each feature:

 0.0338 * sq exp query +

 −0.0011 * sq exp all +

  0.0125 * sq cooccur all +

  0.4686 * sq article odds +

 −0.1208 * sq author odds +

  0.7056 * pR +

  0.0045 * AA score +

 −0.1124 * MeSHSim +

 −0.3392

Correlation coefficient 0.4174

Kendall’s tau 0.3207

Spearman’s rho 0.4001

Mean absolute error 0.4066

Root mean squared error 0.5463

Relative absolute error 85.0147 %

Root relative squared error 90.8695 %
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Table 6
Multiple linear regression to predict the number of gap-filling articles appearing in the 
second time slice in the 10 disease queries only

As in Table 5 but only for the 2800 gaps in the 10 disease related queries.

Weights of each feature:

  0.0301 * sqrt exp query +

 −0.0034 * sqrt exp all +

  0.0222 * sqrt cooccur all +

  0.3411 * sqrt article odds +

  1.0526 * pR +

  0.0048 * AA score +

 −0.2386 * MeSHSim +

 −0.4493

Correlation coefficient 0.4712

Kendall’s tau 0.3593

Spearman’s rho 0.4465

Mean absolute error 0.3636

Root mean squared error 0.4923

Relative absolute error 82.8104 %

Root relative squared error 88.1807 %
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Table 7
Multiple linear regression to predict the number of gap-filling articles appearing in the 
second time slice in the 10 biological processes queries only

As in Table 5 but only for the 2421 gaps in the 10 biological processes queries.

Weights of each feature:

 −0.0058 * Expected Query +

  0.0771 * sqrt exp query +

  0.0001 * Expected All +

 −0.004 * sqrt exp all +

  0.7522 * sqrt article odds +

 −0.366 * sqrt author odds +

  0.53  * pR +

  0.0009 * AA score +

 −0.3088

Correlation coefficient 0.4059

Kendall’s tau 0.3036

Spearman’s rho 0.3805

Mean absolute error 0.4491

Root mean squared error 0.5894

Relative absolute error 86.3533 %

Root relative squared error 91.3554 %
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