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Abstract

Assessing the expertise of researchers has garnered increased interest recently. This
heightened focus arises from the growing emphasis on interdisciplinary science and
the subsequent need to form expert teams. When forming these teams, the coordi-
nators need to assess expertise in fields that are often very different from theirs.
The conventional reliance on signals of success, prestige, and academic impact can
unintentionally perpetuate biases within the assessment process. This traditional
approach favors senior researchers and those affiliated with prestigious institutions,
potentially overlooking talented individuals from underrepresented backgrounds or
institutions.

This paper addresses the challenge of determining expertise by proposing a
methodology that leverages the relevance of a researcher’s recent publication track
to the proposed research as a ”sensemaking” signal. We introduce a novel α−relevance
metric between the trained embedding over the titles and abstracts of a researcher’s
recent publications and the embedding of a call and show that high values of α−relevance
indicate expertise in the field of the call. By evaluating the α−relevance threshold,
we establish a robust framework for the assessment process. For the evaluation
process, we use (1) NIH grant-winning records and researchers’ publications ob-
tained from Scopus and (2) grant submissions dataset from a research university
and the corresponding researchers’ publications. Additionally, we investigate the
optimal time window required to capture the researcher’s expertise based on their
publication timeline. Considering the temporal relationship between grant win-
nings and publications, we identify the most informative time window reflecting
the researcher’s relevant contributions.

The data-driven methodology transcends traditional signals of success, promot-
ing a fair evaluation process of the researcher’s relevance to the proposed research.
By leveraging objective indicators, we aim to facilitate the formation of expert
teams across disciplines while mitigating biases in assessing expertise.
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1 Introduction

Identifying expertise, in research, in particular, is a challenging task that influences
careers, funding, and science itself. Often, expertise is equated with prestige. Yet,
the known Mathew effect, implying that prestigious scientists receive larger recog-
nition than their research alone merits, has been shown repeatedly [26, 36, 4, 15,
28].

Identifying experts and expertise is of interest at large. Expertise has been the
focus of much research in the social sciences and is often established using peer
evaluations and seniority, defined by years in the field [19, 8, 14]. Special recent
attention was given to expertise in the context of human-computer interactions and
collaborative work, as experts often require different design considerations [31, 38,
17, 29, 25], and identifying experts in organizations is important for collaborative
tasks [29, 21, 18]. The distinction between novices and experts is well established.
Yet, experts can also be differentiated and ranked. Measures to evaluate levels
of expertise in the workforce vary and include peer evaluation [19] and seniority,
measured in years [8].

In recent years, collaborative and interdisciplinary efforts are becoming popular
in research and science. Growing demand from funding agencies for interdisci-
plinary research contributes to the formation of collaborative research teams [22].
The expertise of team members was found to have a profound effect on the perfor-
mance and results of the team [7]. Hence, in forming such groups, it is important
to find highly proficient researchers in their field and considered experts. Recent
research evaluating the impact of millions of research teams found that teams com-
posed of senior, prominent researchers had a substantially higher impact than that
of heterogeneous teams [37]. However, following the seniority rule, or choosing
the highest impact researchers for the team, is a self-reinforcing feedback mecha-
nism: it will exacerbate the rich-get-richer phenomena, deprive young and minority
researchers of opportunities [20], and deepen the inherent bias in academia of fa-
voring researchers from prestigious institutions [35].

It is then imperative to devise a methodology to identify research experts that
will not rely on known biased characteristics. Yet, the ability to assess others’
quality of work decreased with the “intellectual distance” from it, even in one’s
own field [6]. Here, we suggest that when choosing a collaborator for a grant pro-
posal, researchers’ publication lists will be used to identify expertise in the field.
We devise a methodology that creates an embedding of a researcher’s publica-
tions and compare it to the suggested grant call. We devise a similarity measure,
α−relevance, that quantifies the similarity of the researcher’s embedded publica-
tions to the embedding of the proposed grant. We then show that α−relevance can
be used for signaling a researcher’s expertise.
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Academic papers are research products. A researcher’s productivity and suc-
cess in publishing papers, i.e., publish or perish, is critical to their success [11]. We
study the recent publication record to quantify signals of expertise. In most grant
proposals, a PI submits their recent publication record. A strong recency effect for
popularity has been previously found in many fields, among them in scientific pub-
lications [27]. We then further investigate the suitable time window for detecting
the proposed signal.

To evaluate the α−relevance metric and find the most relevant time window, we
measure the similarity of the embedding of the recent publication track record of
single-PI grant recipients with the grant proposal they won. We hypothesize that
people that win grant proposals have highly relevant papers in that field before the
grant submission. A grant is a signal of recognition awarded to a researcher whose
grant proposal was deemed excellent. An additional necessary condition is that the
committee recognizes the researcher as an expert in the field. When submitting
grants, it is typical for the funding agency to require the researcher to submit, in
addition to the proposal, a CV detailing the researcher’s academic achievements,
including a list of prior publications. The grant proposal reviewers are required to
evaluate the researcher’s expertise in the field in addition to evaluating the proposal.

Figure 1: Evaluation criteria for grant proposals

Figure 1 shows the evaluation instructions of a prestigious funding agency. The
last point in ”Criterion 2 - Principle Investigator” relates to the researcher’s prior
achievements in the field. The reviewer is asked to estimate the quality of the re-
searcher’s previous achievements, among them her prior publications in the grant’s
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field of research.
Our dataset comprises a database of winnings obtained from the National In-

stitutes of Health (NIH) from 1992-2021 and a database of submissions to various
funding agencies and their outcomes for all the researchers in a Research Univer-
sity (RU) from 2008 to 2022. Collecting the researchers’ publication records from
Scopus for the eight years before each grant submission, we perform a longitudinal
study to quantify the relevance of the researcher’s publication record in the years
prior to a grant submission date to that of the proposed grant.

Our experiments show that the high relevance of a trained embedding over the
titles and abstracts of the last four years of publications is a valid signal for expertise
in a field.

2 Signals of expertise

Social communities, whether in nature or humans, use different mechanisms to
signal each other their perspective rank and dominance [33, 39]. Like all life forms,
humans are looking for signals that help them to assess the relative ranking and
status of others in both their personal life, work environment, and, in essence, in all
social encounters [32, 23, 10, 13, 24]. Recently, Signal Theory has been suggested
as a mechanism to infer strangers’ expertise from signals in digital artifacts [31].
Digital artifacts are a form of digital representations of real personas, such as their
blog post, a self-description, or other information distilled, reported, or summarized
in an online profile. They further demonstrated the use of signaling theory as a
decision heuristic in the ’people sensemaking’ process [31].

The use of signals to infer the status of scientists and their publications has been
the focus of much research [16]. Within these signals are their overall publication
record, awards, and prizes, as well as status signals such as the department or the
university they belong to. The known Mathew effect relates to the effect of such
signals, claiming that highly reputed scientists, whether because of their publication
track record, prizes, or their university’s prestige, receive disproportionately more
citations than those with low reputations [26]. However, somewhat contradicting
results were found in a more recent study that examined the signaling mechanisms
for the quality of a publication [34]. They suggested that such attribution exists but
might be more prominent during the review process. The importance of citation
counts and their signaling power has also been the focus of much debate [5, 1].

Here, we suggest that a measure of the relevance of the recent publications of a
scientist to a grant proposal is a signal that can be used to infer their expertise in the
field.
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3 Data

We collected several datasets of grant submissions, grant wins, and the grant au-
thors’ publication lists. Two grants were collected. One is of winning submissions
made to NIH grant proposals, and the second is of submissions made by a research
university’s scientists and their outcomes. In addition, we have the publication
record of all scientists in our datasets. The datasets differ in the information we
have for the grants and the submissions: The Research University (RU) dataset
contains precise submission dates but lacks information on grant call release and
expiration dates. The NIH dataset provides grant call release and expiration dates
but does not contain proposals’ submission dates. Furthermore, the call for submis-
sion period varies across calls in the NIH dataset, ranging from several months to
over three years.

We detail here the process of obtaining the various datasets.

3.1 NIH winnings related datasets

We have obtained expired funding opportunities from the NIH website and con-
ducted scraping to retrieve the short description of the grant calls, as this infor-
mation is not provided by default in the exported report of funding opportunities.
After retrieving the expired funding opportunities, we used the NIH’s reporter API
to retrieve the winning applications for each opportunity. The dataset of winning
applications comprises detailed information about the winning principal investiga-
tors (PIs). Each row in the dataset provides comprehensive details, including the
full names of the winning team, the awarded amount, the affiliated organization,
the city and country of affiliation, the proposal’s abstract, and other pertinent infor-
mation.

Following that, we employed Elsevier’s Scopus API to access the publications
of successful PIs. The first step in this procedure entailed retrieving the Scopus ID
for each PI. For this purpose, we executed a query using the PI’s first name, last
name, and country of affiliation. The query response potentially yielded multiple
Scopus ID candidates for each PI. To identify the most suitable candidate, we at-
tempted to associate it with the affiliated organization name as provided in the NIH
winning applications. This method proved successful in only 48% of the cases.
To improve the results, we conducted a refined search by modifying the affiliation
name. Specifically, we removed terms such as ’university’ and ’of’ from the affil-
iation name. This adjustment resulted in an additional 3% of successful retrievals.
For the remaining 49% of Scopus IDs, we employed an alternative approach. We
selected the ID corresponding to the city where the affiliated organization was lo-
cated. This method allowed us to retrieve the Scopus IDs for nearly half of the cases
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where the previous affiliation-based method was unsuccessful. To validate the ef-
fectiveness of this alternative method, we randomly sampled some of the retrieved
IDs and found that it yielded positive results. However, it is important to note that
due to the inability to validate all of the IDs manually, bias may be introduced into
the retrieved data through this approach.

In conclusion, the outcome of this process revealed a total of 21,641 distinct PIs
associated with 42,304 winning submissions across 5,785 grant calls and a total of
2,740,592 publications published by the winning PIs up to the retrieval point. It is
worth noting that a PI can secure multiple victories, and the distribution of repeated
wins by PIs can be visualized in Figure 2. For the experiments conducted here forth,
we used the details of 10,810 single-winning PIs and their first recorded win within
the examined period.

Figure 2: The frequency distribution of the number of repeated wins among PIs in the
acquired winning submissions from the NIH
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3.2 RU datasets

The second dataset was collected at a research university. It contains the univer-
sity’s scientists’ grant submissions to various funds between 2008-2022 and their
outcomes. The dataset contains 7258 proposals that 783 individual researchers sub-
mitted. Out of these, 2402 proposals were approved, and 4856 were rejected. The
number of collaborative teams was relatively low, with only 86 being awarded a
grant and 149 being denied. Similar to the NIH datasets construction, we also ob-
tained for each PI their publications from 1999 to 2021 using Scopus, a total of
21799 publications for all these researchers. The researchers’ publication record
was obtained to its fullest.

4 Methodology

The methodology used in this study aims to investigate the similarity between re-
searchers’ papers and the grant calls to which they submitted proposals. We conduct
a longitudinal study that evaluates for each researcher the similarity between her
publication record in the years before submitting the grant proposal and the grant
itself.

To that end, we employ a cross-referencing approach by comparing papers’
titles, abstracts, and keywords (when available) with the corresponding elements of
a grant call. Each paper’s vector representation, defined below, is compared to the
corresponding grant’s representation using cosine similarity.

To represent the papers and the grants, we used two Transformers Embedding
methods: SPECTER - Document-level Representation Learning using Citation-
informed Transformers [9] and Sentence-BERT [30].

SPECTER builds on SciBERT [2], an adaptation of the original BERT [12]
architecture to the scientific domain. SPECTER adds a relatedness signal into the
embedding representation by designing a loss function that trains the Transformer
model to learn closer representations for papers based on their citation patterns.
That is, a paper will be closer to the papers it cites or that are citing it than to
papers with which it has no citing relations. SPECTER’s advantage is that it only
requires the title and abstract of the given input paper at the inference stage and
does not need the relevant citation information about it. SPECTER produces word
embedding also for new papers that have yet to be cited, which allows us to work
with it as we consider recent scientific papers.

As we use the title and abstract of each paper, we also use Sentence-BERT [30],
a popular embedding commonly used for short texts and embedding sentences of
up to 128 tokens.

We evaluated these two transformers against a classical method - Latent Dirich-

7

Zeevi and Mokryn: Research Expertise by a Signal of Recent Publications' Relevance

Published by The Open Repository @ Binghamton (The ORB), 2023



let Allocation (LDA) [3]. When using transformers, we encoded the grant calls and
papers text without preprocessing but with a separation token (’[SEP]’) between
the title and abstract. In contrast, when using LDA, we preprocessed the data by
removing stop words and punctuation and performing lemmatization to reduce the
dimensionality and focus on the keywords in the text.

To identify topics with LDA, we assembled all publications and grant calls into
one corpus. We then used LDA to identify the latent topics in the corpus by opti-
mizing the topic coherence measure. For each document in the corpus, we created
a sparse vector representation that held for each identified topic the probability that
the paper belonged to that topic.

By generating a vector representation using either transformer models or LDA,
we could analyze similarity measures between the researcher’s publications before
the submission date and the grant.

In our suggested work, we hypothesize that a researcher’s recent publication
record in a field can be used as a signal for their expertise in the field. To that
end, we examine their track record before being awarded a grant and compare the
similarity of their publications in the years before being awarded the grant with the
grant itself, i.e., the grant call for proposals.

5 Results

Here, we explore the resemblance between researchers’ recent publications and the
grant they won. We hypothesize that in the part in which the reviewer evaluates the
researcher’s expertise in the field, after finding the researcher’s proposal exciting
and relevant, the reviewer uses the researcher’s recent publication list as a signal
of established expertise in the field. Other expertise signals might be used, such
as the institution’s prestige, the researcher’s citation track and seniority, prizes and
previous wins, and more. Here, we suggest that the relevance of the recent works is
also a ’makesense’ signal of expertise and can be used in cases where other signals
are missing.

As a preliminary step, we examine the degree of similarity between the re-
searcher’s proposal for the grant and their previous publications over the NIH dataset,
where the proposal is available. Figure 3 shows the α-correlation between re-
searchers’ publications in the years before the submission and their winning grant
proposal. Here, we find for each researcher the publication most similar to their
grant proposal in the years prior to the grant release date. This indicates whether
the proposal is based on any of their recent works. We see that, on average, a re-
searcher’s proposal is similar to some of the papers in her recent publication record.
The longitudinal study shows that, on average, the proposal is more similar to one of
the researcher’s very recent papers. The SPECTER transformer gives better results,
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Figure 3: The α-relevance between a winning NIH grant proposal and the yearly most
similar paper of the PIs who won that grant, in each of the years before the grant release
date, denoted with ’t′. Calculated separately for each researcher and the NIH grant they
won. Y-axis denotes the percentage of winning researchers with that similarity.

even when looking for cosine similarity as high as α = 0.7.
We then disregard the researcher’s proposal and will examine how her publica-

tion record correlates with the grant call itself.
We find similar results when performing the longitudinal study against the grant’s

call for proposal rather than the researcher’s proposal. Figure 4 depicts the results
for the most similar paper for both datasets. In the RU dataset, we included only
winnings of grants indicated as competitive by the University’s research authority.
We find that, on average, more than 50% of the researchers that won a grant had at
least one publication that was highly relevant to the grant call in the four years be-
fore the grant release date. This finding shows that recent relevance can be used as a
signal of expertise in the field and can be accepted as a signal in the ’sensemaking’
process when looking for experts in the field.

We examine the correlations when considering the grant release and expiration
date. Some grant calls are open for up to six years. For all grants that were open for
three or more years, i.e., their expiration date is at least three years after their release
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(a) NIH dataset (b) RU dataset

Figure 4: The α-relevance between a grant call for papers and the winning PIs’ most similar
paper in each of the years before the grant release date, denoted with ’t′. Calculated sepa-
rately for each researcher and the grant they won. Y-axis denotes the percentage of winning
researchers with that similarity. Panel (a) depicts the findings for the NIH dataset and panel
(b) for the 438 researchers who won competitive grants in the RU dataset.

date, we examined the correlation between a researcher’s most relevant paper in
each year and the grant. However, here we also examine the years between the
grant release date and the expiration date. We do not have the winning time in the
NIH dataset, and the review period differs greatly across grants, ranging between
six to 20 months. Figure 5 shows the similarity between grants and the winning
PIs’ most relevant paper each year, from eight years before the release date up to
the release year and the three years the call was still open. There is a clear trend
of higher similarity in the years since a grant is released, indicating that researchers
are more focused on that field during these years. This might indicate that grants
drive interest, although more evidence is needed to determine that.

5.1 Relevance and productivity

We continue to examine the percentage of relevant publications for each researcher
before winning the grant against their productivity. Here, we follow an aggregated
view. We use the SPECTER transformer with various similarity measures in all the
experiments reported here.

In a preprocessing step described in Algorithm 1 we calculate the cumulative
cosine similarity counts and the total number of publications for each researcher
who has won a grant, starting from the grant’s release date. The information is
accumulated in a reverse order, as seen in Algorithm 1 lines 6 and 7. For example,
the calculation for the year prior to the release contains the percentage of α-relevant
papers of the researcher in that year, and the calculation for the two years before the
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Figure 5: The α-relevance between the NIH grant call and the most similar paper each year
of the PIs who won that grant, for 6805 single PIs. The longitudinal study examined this
similarity for the eight years before the grant release date, denoted with t, and the three
consecutive years in which the call is still open. Calculated separately for each researcher
and the NIH grant they won. Y-axis denotes the percentage of winning researchers with
that similarity.

grant release date corresponds to the aggregated percentage of α-relevant papers in
these two years.

Figure 6 shows the accumulated α = 0.7 relevance ratio of researchers’ publica-
tions to the grant in the years before the grant’s release date. That is, the percentage
of papers the researchers published in the x-years before the grant release date that
are very relevant to the call they won. As the information was accumulated over
time, we could plot histograms for up to six years before the selected date and ob-
serve changes in the distribution. Here, we are looking for high-relevance values.
On average, we see that only a small fraction of the winning researchers focus more
than half of their research papers specifically on the subject of the grant. Thirty
percent of the researchers do not have any paper that is α = 0.7 relevant to the
grant they have won during any of the six years prior to the grant. We then relax the
requirement to having a similarity of α = 0.5 and calculate the aggregated number
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Algorithm 1 Alpha-relevance vs. productivity

1: α[K][6] = 0
2: published[K][6] = 0
3: y0 ← Grant release date
4: for j in range [0, 6] do
5: for each researcher k in K do
6: y ← y0 − j
7: if j ̸= 0 then
8: α[k][j]← αk[j − 1] + AlphaSim(pk,y, gk)
9: published[k][j]← published[k][j − 1] + count(pk,y)

10: else
11: α[k][j]← AlphaSim(pk,y0 , gk)
12: published[k][j]← count(pk,y0)
13: end if
14: end for
15: end for

of α = 0.5 relevant papers winning scholars published in the topic of the grant they
won in previous years. Figure 7 depicts the percentage of PIs with that number of
relevant publications in the x-years prior to the grant release date, aggregated the
same way as before. For visual clarity, outliers with more than 40 relevant publica-
tions were omitted from the graph. We can see that less than 1% of the researchers
do not have any α = 0.5 relevant papers in the four years before the grant release
date, and it is typical to have between two to 25 relevant publications in the four
years before winning the grant.

Table 1 summarizes the percentage of researchers with α-relevance of 0.7 and
0.5, respectively, at year i, i ∈ [1 . . . 5] before their grant submission.

Table 1: The percentage of researchers with α-relevance of 0.7 and 0.5

One year Two years Three years Four years Five years
prior to prior to prior to prior to prior to

release date release date release date release date release date
α−relevance = 0.7 59.84% 70.24% 74.68% 77.20% 78.73%
α−relevance = 0.5 91.07% 97.08% 98.61% 99.18% 99.63%
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Figure 6

5.2 Is α−relevance a fair signal?

We have established that people that win grant proposals have highly relevant pa-
pers in their recent publication track. However, is it a fair signal? it is plausible that
grant winnings are biased. Would it bias this signal as well? We hypothesize that
the signal is fair, as it does not predict winnings, but relevance to a field. To check
whether the signal is fair, we examine the recent α−relevance of PIs whose grant
proposals were rejected. We hypothesize that PIs would submit to opportunities
that match their expertise, hence that we would identify high expertise also in the
population of PIs whose grant proposals were rejected.

Figure 8 shows the α-relevance between a grant call for papers and the PIs’
most similar paper each year before the grant release date, for PIs whose proposals
won and PIs whose proposals were rejected. The analysis was performed using PIs
who submitted proposals to a list of competitive grants. The relevance of the signal
of the recent publications is high in both cases, showing that our hypotheses hold,
and the α-relevance is a fair signal of relevance and expertise.

Interestingly, we see that on average, the relevance of papers of PIs that won
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Figure 7

the grant is a bit higher. The relevance declines faster, on average, for PIs whose
proposals were rejected.

6 Discussion and Conclusions

Departing from seniority, impact, and prestige signals of expertise, we explored the
problem of determining expertise using ’makesense’ signals as part of the decision-
making process. This decision-making process is part of the job of PIs constructing
multidisciplinary teams and of research authorities and institutes who are asked
to form these teams or recommend participants. We suggest using a researcher’s
recent publications’ relevance as a signal for this process. To that end, we inves-
tigated the recent publication relevance of PIs who won grants to the grant’s call.
Our longitudinal study established that the researcher’s very recent history suffices
for establishing the signal. We devised a metric, α-relevance, between a PI’s recent
publications and a grant call. A high α-relevance measure is an indication of ex-
pertise in the area of the grant. A sensitivity test showed that when the SPECTER
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(a) Relevance of papers of PIs whose proposals
won

(b) Relevance of papers of PIs whose proposals
were rejected

Figure 8: RU dataset: The α-relevance between a grant call for papers and the PIs’ most
similar paper each year before the grant release date, denoted with ’t′. Calculated separately
for each researcher and the grant they won. Y-axis denotes the percentage of winning
researchers with that similarity. Panel (a) depicts the α-relevance for PIs whose proposals
won and Panel (b) depicts the α-relevance for PIs whose proposals were rejected.

transformer trained over scholar data was used to create the embedding, a cosine-
similarity of α = 0.5 over the recent four years of a scientist’s publications estab-
lishes a strong signal, and it holds for scholars of different productivity levels. A
team leader can use this measure to find collaborators in unknown fields.

One of the ways to depart from the current hierarchical structures of academia is
to enlarge the set of signals used to determine expertise. In this work, we explore the
relevance of recent publications as a signal in this process and show that it is valid
and can be used successfully to signal expertise for either prolific or less prolific
scientists. We showed that the signal is strong also for PIs whose proposals were
rejected, although on average, their papers were slightly less relevant and they had
highly relevant papers for less years before the grant proposal date. In our work, we
did not consider traditional signals, such as citation counts, institutions, awards, or
other known impact measures, known for increasing the inherent bias in academia.

In summary, we showed that an α−relevance metric of over 0.5 between the
trained SPECTER embedding over the titles and abstracts of a researcher’s recent
publications and the embedding of a call is a fair signal of expertise in the area
described by the call.
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