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Abstract

Science funders are increasingly requiring evidence of the broader impacts of even basic
research. Initiatives such as NIH’s CTSA program are designed to shift the research focus
toward more translational research. However, tracking the effectiveness of such programs
depends on developing indicators that can track the degree to which basic research is influ-
encing clinical research. We propose a new bibliometric indicator, the TS score, that is rel-
atively simple to calculate, can be implemented at scale, is easy to replicate, and has good
reliability and validity properties. This indicator is broadly applicable in settings where the
goal is to estimate the degree to which basic research is used in more applied downstream
research, relative to use in basic research. The TS score should be of use for a variety of
policy analysis and research evaluation purposes.
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Introduction

Every year, the U.S. National Institutes of Health spends about $40B to promote the NIH
mission of “turning discovery into health”. Much of this money supports upstream basic
research, with the goal of building up the scientific basis for the development of new drugs
and medical treatments as well as other means of promoting health. However, there have
been longstanding concerns about the challenge of translating this basic research into
improved health outcomes (Zerhouni 2005; Williams et al. 2015). While there have been
significant advances in basic biomedical knowledge, concerns have been raised that this
knowledge—primarily generated in academic research labs—is not being integrated effec-
tively into the clinical research system, potentially slowing the discovery and commerciali-
zation of new drugs and treatments.

Recognizing this challenge, countries across the globe have instituted programs
that aim to facilitate the movement of promising basic research from the laboratory
bench to the bedside (Butler 2008; Bliimel 2017). In 2005, the US NIH announced the
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establishment of the Clinical and Translational Science Award (CTSA) program (Zer-
houni 2005). As NIH director Zerhouni said when announcing the program, the goal is
to “ensure that extraordinary scientific advances of the past decade will be rapidly cap-
tured, translated, and disseminated for the benefit of all Americans.” In 2010, the UK
increased the budget of the Medical Research Council (MRC), with the aim of increas-
ing support for translational research (Medical Research Councils UK 2017). This was a
part of the MRC’s Translational Research Strategy that was announced in the same year
(Lander and Atkinson-Grosjean 2011; Bliimel 2017). Similarly, the £27 million Scot-
tish Universities Life Sciences Alliance Assay Development Fund (SULSA), established
by the Scottish Funding Council, has the aim of unlocking the translational potential
of biology to address industry needs (McElroy et al. 2017). In 2013, the EU created
the European Infrastructure for Translational Medicine (EATRIS), a network of Euro-
pean biomedical translation hubs incorporating over eighty academic research centers
(EATRIS ERIC n.d.; Bliimel 2017). Similar movements exist in Asian countries as well.
In 2002 Japan established the Translational Research Informatics Center, later renamed
the Translational Research Center for Medical Innovation, to facilitate the translation
of findings from basic medical research to clinical practice (Translational Research
Informatics Center 2003; Fukushima and Kimura n.d.). In Korea, the concept of trans-
lational research was introduced in the 2000s and the Ministry of Health and Welfare
started supporting translational research in 2005 (Kim 2013). China’s National Center
for Translational Medicine and several other institutions provide facilities and funding
opportunities specific to translational research (Williams 2016).

The NIH CTSA program, as one example, supports a network of medical research insti-
tutions—called CTSA hubs—that provide a variety of services in support of translational
research, with significant flexibility across centers in the mix of services provide. These
services include providing: shared research infrastructure, collaboration tools (such as web-
based systems for data sharing or finding experts), education and training in translational
research (such as developing a master’s degree in translational research, or providing train-
ing programs for clinical researchers), administrative support (such as streamlining IRB
approvals or contract negotiations), as well supporting pilot programs to help researchers
collect preliminary data, with different CTSA hubs putting greater or lesser emphasis on
one or another of these services. Notably, the CTSA program allows significant flexibility
in the design and implementation of their centers. This design flexibility and the resulting
variation among CTSA hubs provides a valuable opportunity to expand our understanding
of how specific aspects of these centers contribute to the goal of advancing translational
research. Similarly, the introduction of such programs across the globe provides opportuni-
ties for cross-national studies comparing programs and outcomes. However, such evalu-
ations are hampered by difficulties in developing useful measures for estimating impacts.
While the ultimate goal is to have translational research programs (as a whole) improve
overall health, policy researchers also need more proximate outcomes to see the impact of
funding initiatives on the types of science being conducted (Myers forthcoming). Since the
process of translating fundamental science into improved treatments and health outcomes
often spans decades (Williams et al. 2015), it is important to also gather shorter-term indi-
cators tracking the movement of basic research portfolios. For example, we may want to
assess if basic research advances produced by a single lab or a larger group of researchers
associated with a CTSA hub are used primarily by other basic researchers or by clinical
researchers and observe how this balance between basic and clinical use changes over time
or across programs with different components. Hence, although the goal of the CTSA and
similar programs is converting fundamental biomedical research funding into improved
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health outcomes, scientific publications are often used as a more proximal indicator of the
impact of the funding program (Smith et al. 2017; Luke et al. 2015; Hutchins et al. 2019).

The goal of this paper is to describe a newly developed measure of the degree to which
a basic science publication is “translational”, defined as the extent to which it is used by
downstream clinical research, relative to its use by basic research. The downstream clin-
ical use of basic research is a critical first step in the translational process, providing a
foundation for subsequent clinical research, with the ultimate goal being successful clinical
research leading to new drugs and treatments that improve community health. The measure
we propose has several advantages (cf. Trochim et al. 2011): it is designed to capture the
short-term use of basic research in downstream clinical research, relative to its use in other
basic research; its operationalization and interpretation are straightforward; it can be used
stand alone or to complement other metrics of translational impact; and it can be general-
ized to other settings (e.g., to capture the use of basic research in physics or chemistry
by engineering sciences) to estimate broader impacts of scientific findings in a variety of
fields.

In the rest of the paper we discuss the concept of translational research and prior work
on tracking translational research, describe the proposed measure and illustrate the estima-
tion process by calculating the measure for a sample of papers funded by a CTSA hub and
then provide several indicators for testing the reliability and validity of the measure.

The concept of translational research

Policymakers have argued that the remarkable advances in basic biomedical research have
not led to significant increasese in new medicines and treatments, and many pointed to a
“valley of death” as the core reason for this phenomenon. As a result, the concept of trans-
lational research attracted the interest of the biomedical research community, as a means
to bridge the gap between basic science research and clinical science research (President’s
Council of Advisors on Science and Technology 2012). Having started to gain popularity
in the 1990s (Lander and Atkinson-Grosjean 2011), translational research has been pro-
moted over the past couple of decades as a potential tool to speed up the process of mov-
ing basic science research innovations into clinical interventions and acceptance (Fishburn
2013; Stevenson et al. 2013).1

Translational research also helps connect the scientific research entreprise with soci-
etal needs. Translational research responds, in part, to demands that the scientific commu-
nity justify the substantial contribution of public funds to research and respond to chang-
ing public concerns (Bliimel 2017). Translational research can be seen as a response to
this desire for societal impact from basic science and it aims to produce knowledge that
benefits patients and ultimately society as a whole (Bliimel 2017). The goal of transla-
tional research is to create research outcomes that are closely related to patient needs and

! One specific example of translational research is a study by Bhat et al. (1997) that found binding of fusion
genes (BCR-ABL) and certain type of protein (c-CBL) only occurs when phosphate (PO,*") is added to
acid (amino tyrosine) on a protein. Their finding was applied in treating genetic abnormality in chromo-
some 22 of leukemia cancer cell and led to the invention of Tasiga® (Sampat and Pincus 2015). Another
example of translational research is a study by Garg and Hassid (1990). They found that proliferation of cell
lines developed from disaggregated mouse embryos (BALB/c 3T3) are more active when muscle smoother
is not present (CGMP-independent mechanism). Their finding was applied in solving respiratory failure
problem and this led to the invention of INOmax® (Sampat and Pincus 2015).
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translate discoveries in the laboratory into new therapies and improved community health
(Fishburn 2013; Surkis et al. 2016). The concept and definition of translational research
are provided by institutes such as NIH, National Academy of Medicine [formerly the Insti-
tute of Medicine (IOM)], and the Translational Research Working Group of the National
Cancer Institute (NCI). They all share similar themes reflecting the goals of reducing the
time for and increasing the efficiency of the transfer of fundamental scientific research into
clinical research by bridging the gap between the bench and the bedside (Rubio et al. 2010;
Han et al. 2018).

Scholars and practitioners sometimes characterize translational research as consisting
of multiple stages. One approach divides translational research into two stages (Drolet and
Lorenzi 2011; Han et al. 2018; Rubio et al. 2010; Kim 2013; National Library of Medicine
2017). The first stage (T1) involves transferring results from early-stage basic research into
clinical research and the second stage (T2) captures the use of research outcomes from
clinical studies into actual practice and diffusion into local communities (Rubio et al. 2010;
Woolf 2008). In this paper, we will follow this approach, and to signify this two-part stag-
ing, we will designate the stages as 2ST1 (two stage time 1) and 2ST2 (two stage time 2).
A second approach views translational research as a four-stage process: diagnosis or treat-
ment (T1), evidence-based research (T2), clinical practice (T3) and verification for actual
practice (T4) (Lander and Atkinson-Grosjean 2011; Weber 2013). A third approach, origi-
nally from reports from NCATS and Institute of Medicine and used by Surkis et al. (2016),
breaks the process into five steps: basic biomedical research (TO), translation to humans
(T1), translation to patients (T2), translation to practice (T3) and translation to communi-
ties (T4). Trochim et al. (2011) summarize these various stage models, highlighting that
they share a common framework of tracing the process from basic science research to
health practices, and also that these processes are not linear, but contain a variety of feed-
back loops. Here we are focusing on the stages related to research activities and the move-
ment of information from basic to clinical research (e.g., 2ST1 in the two-stage approach).
While the second stage (2ST2) is clearly critical for the ultimate improvement of commu-
nity health, the bulk of the research funding in the area of translational research focuses on
2ST1 (Woolf 2008). And, consistent with Trochim et al.’s (2011) process marker model,
we are developing an indicator that can provide a marker for the movement of knowledge
from basic research to clinical research. One advantage of Trochim et al.’s process marker
model is that it is operationally tractable, emphasizing the development of clearly opera-
tionalized markers capturing movement along a particular part of the process, as well as
focusing on not just movement but also volume of flows.

As it generally takes many years to go from scientific discoveries to products in the
market (Morris et al. 2011; Contopoulos-Ioannidis et al. 2008), more proximate measures
of the translation process are needed. Patents are one potential measure that can serve
as an indicator of successful translation, but the lag time for patents to issue along with
uncertainty about which patents will be used commercially complicate use of this meas-
ure. On the other hand, it takes much less time for publications describing novel research
to appear, with more than 80% of publications being published within 6 years from the
year of the funding directly related to that publication (Ihli 2016). This makes publication-
related measures attractive for the near-term evaluation of grants that support translational
research. Although publications have less commercial value than patents and drugs, they
can be used to understand the dissemination of research and their forward citation data can
be used to understand their usage across academic disciplines (Llewellyn et al. 2019) and
by firms (Narin et al. 1997; Chen and Hicks 2004). Because of these desirable characteris-
tics, several attempts have been made to develop an index measuring translational features
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of publications using bibliometric information (e.g., Weber 2013; Han et al. 2018; Surkis
et al. 2016; Fontelo and Liu 2011). However, thus far, no measure has acquired broad con-
sensus within the research community. Hence, we propose a novel index that measures
translational features of publications, and which, we believe, has the potential to be used
widely.

Tracking translational research

NIH has supported translational research through the CTSA program for over 10 years
(Weber 2013). As these efforts are ongoing and represent a substantial investment, it is
important to assess their effectiveness. Several studies have assessed various aspects of the
CTSA program (e.g., Liu et al. 2013; Knapke et al. 2015; Schneider et al. 2017; Llewellyn
et al. 2018; Kim 2019). Some studies focus on research productivity and the schol-
arly impact of publications. Schneider et al. (2017), for example, used bibliometric tools
to measure the impact of articles that CTSA hubs published. They found the six CTSA
hubs they analyzed experienced an increase in publications and forward citations. Another
example is Llewellyn et al. (2018), which looked at articles citing CTSA hub awards. They
found publications supported by CTSA hubs are cited more than papers not from CTSA
hubs that are matched on characteristics such as publication year, disciplines, etc. and this
relationship strengthens when a publication is from a multi-institutional CTSA hub. Liu
et al. (2013) find that the CTSA grant had a positive impact on the number of patients
enrolled in clinical trials. CTSA grants are also associated with the probability of receiving
subsequent NIH grants (Knapke et al. 2015).

These and other studies examine important aspects of the CTSA program, but do not
directly assess whether it pushed the research community to focus more on translational
research. Fewer studies have addressed this question directly. One study is by Weber
(2013), who used Medical Subject Headings (MeSH) to divide publications into three
groups [publications on animals (group A), publications on cells (group C), and publica-
tions on humans (group H)], and tracked the location of groups of publication in the space
spanned by these three poles over time. If a group of publications (e.g. those related to the
topic “Cloning, Organism”) moved toward the H pole over time, this set of publications
was classified as becoming more translational. Weber (2013) also introduced the concept
of “generations” of translation lag. An article on animals or cells is classified as a first-gen-
eration article if it was cited directly by a group-H paper, as a second-generation article if
it was cited by another animal or cell paper that was itself cited by a group-H paper and so
on. For the citation data, Weber used PubMed Central (PMC). However, as he notes, PMC
only includes a subset of the papers in PubMed and hence undercounts citations. To correct
for this, Weber calculates a ‘corrected citation count’ by weighting the citations in PMC by
the representativeness of PMC (as a share of PubMed) for each class of papers (Human,
Animal, Cellular). Weber notes that while other databases, which may have broader cov-
erage, are available, such as Web of Science, Scopus or Google, PMC has the advantage
that it is freely available, and also linked directly to PubMed and to the MeSH terms. He
also shows that the distributions across MeSH categories is similar for Web of Science and
the corrected PMC data, suggesting that WoS and PMC would generate similar results.
Han et al. (2018) provide another example using MeSH keywords for the classification of
translational work. They classified a publication as “primary translational research” if the
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publication type was in one of the clinical science fields (Han et al., 2018, p. 5). The
authors also introduced a category named “secondary translational research” and classified
a paper into this group if a paper was not associated with clinical research but got citations
from papers that deal with clinical issues (Han et al. 2018). This category of secondary
translational research is similar to our TS score, discussed below. Using this approach, they
showed that 13.4% of CTSA supported articles published in the field of behavioral and
social science could be classified as (primary or secondary) translational research.

In some studies, methods not related to MeSH keywords were used for the classifica-
tion of translational publications. For example, Fontelo and Liu (2011) introduced a web
application filter that can be used to retrieve articles that have potential clinical applica-
tions. They created this filter by manually reviewing words and phrases that frequently
appear in articles published in clinical and translational science journals. A study by Grant
et al. (2000) looked at the citation links between publications and clinical guidelines.
They assumed that publications cited by guidelines for clinical practice have an impact
on the field of health. Based on the type of journal in which an article was published, they
classified cited publications as (1) clinical observation, (2) basic, (3) clinical mix, or (4)
clinical investigation. Their result showed that publications in the “basic” category are not
often cited (only 8% were cited) by clinical guidelines. Similarly, Williams et al. (2015)
traced the backward citation networks associated with two recent important advances in
drug development: ipilimumab in oncology and ivacaftor for cystic fibrosis (Williams et al.
2015). They show that such networks are broad, spanning a large number of authors and
institutions and many decades, suggesting that translation is a complicated process that
requires aggregating multiple pathways of information flows. An alternative approach was
developed by Surkis et al. (2016), who developed a checklist that can be used to manu-
ally categorize publications into a specific stage in the five-stage process of translational
research (TO to T4). Then, they used this manually labelled data as training data for a
machine learning algorithm to categorize publications within these five stages. Due to the
low frequency of T1, T2, T3 and T4 articles relative to TO articles (in their schema), they
combined T2 with T3 articles and T4 with TS articles during the classification. The authors
reported good performance and reliability in all groups of articles, with the machine learn-
ing models closely matching manual coding of articles from each of the three stages.

Recently, Hutchins et al. (2019) used machine learning to predict the future use of a
research publication in clinical trials or guidelines. Their machine learning model incor-
porates 22 features such as MeSH terms in the focal paper (building from Weber 2013),
categorized into Human, Animal and Molecular/Cellular using fractional counts, plus
additional MeSH terms representing Chemical/Drug, Disease, and Therapeutic/Diagnostic
Approaches, as well as forward citations per year from Web of Science and data on the
MeSH terms of the citing papers (max, mean, and standard deviations for each MeSH cat-
egory). They developed a labelled training dataset (using forward citations in the 5-20 year
post publication window, as the measures tend to stabilize by this point) to predict “cited
by clinical articles or not”. They tested a variety of machine learning algorithms (logis-
tic regression, Support Vector Machines, Random Forest, Neural Networks, Maxent, Lib-
Linear) and found that the Random Forest method has the best predicting capabilities.
They showed that their model predicted use in clinical research at least as well as expert

2 Examples include clinical study, clinical trial, phase 1 clinical trial, phase 2 clinical trial, phase 3 clinical
trial, phase 4 clinical trial, controlled clinical trial, practice guideline, observational study and randomized
controlled trial.

@ Springer



Scientometrics (2020) 125:2349-2382 2355

judgements of whether the paper “could ultimately have a substantial positive impact on
human health outcomes”, which suggests that such bibliometric measures are promising
as early indicators of the translationalness of the research. They also found that even limit-
ing the training data to only 2 years of post-publication information produced reasonably
accurate predictions of a binary clinical research citation outcome. Finally, they found that
among those articles that are cited in clinical research, the clinical papers citing higher
predicted Approximate Potential to Translate (APT) score publications were more likely to
have positive clinical outcomes and were more likely to move to the next stage in clinical
development, suggesting that such bibliometric predictors of citation by clinical research
may be a valid indicator for research with high translation potential. Hutchins et al. also
note the need for more research that estimates how early citation patterns predict future use
of research papers by clinical research. Fortunately, Hutchins et al. scaled their measure to
the whole of PubMed and made the APT and related indicators available on their iCite web
page (https://icite.od.nih.gov/analysis), which can become a valuable resource for scholars
in this area. We will use this dataset to help validate our measure below.

Together these prior studies illustrate a growing interest in measuring and understand-
ing the conduct of translational research. They show the research assessment community
exploring a variety of different approaches from labor-intensive small-scale studies to
automated machine learning strategies and they highlight the challenges associated with
developing measures that can be feasibly calculated and widely used among the research
evaluation and science policy communities. Although a variety of approaches have been
developed, there is no single consensus indicator to measure the translational feature of
research articles (Bliimel 2017; Surkis et al. 2016). Thus, when a researcher wants to con-
duct research on the change of translational features of research, they can either select an
existing measure or develop a novel measure that fits the context of the planned research
well (Trochim et al. 2011). To help offer a viable alternative, we propose a new measure
called the TS score that we argue has a variety of strengths for capturing the translational
nature of basic research.

A new measure: the TS score

To measure how translational a publication is, we propose a new index that is related to the
share of forward citations from clinical science that a non-clinical article receives (cf. Han
et al. 2018). Like Han et al.’s secondary translational research measure, we are using cita-
tions by clinical research papers as evidence of use of the basic research. However, rather
than a binary (cited by a clinical journal or not), or a count variable (number of times
cited in clinical journals), we use the share of citations by clinical journals. Using the share
allows us to capture the relative emphasis of the knowledge in the paper in influencing
clinical versus basic research. As we will show below, this method also has the advantage
of generating a stable indicator that reflects the fundamental characteristics of the paper in
terms of its relative value to clinical research, which has advantages for evaluation or pre-
diction (Hutchins et al. 2019).

This measure aligns with the method of using disciplines of journals of the citing article
to characterize features of the cited article (Qin et al. 1997; Grant et al. 2000). To construct
the TS score, we categorized journals into four groups: clinical science (Clinical), non-
clinical science (Non-Clinical), multidisciplinary (Multi), and non-science and engineering
(Non-S&E). This categorization is done using Web of Science Categories (WOSC) and
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Fig. 1 Classifying publications into the ones with and without translational feature based on journal disci-
pline of forward citing publications

the NSF classification of fields of study (National Science Foundation 2018). In the Web
of Science, each journal is assigned up to five WOSCs based on the topics covered by the
journal. Each WOSC can be matched with the NSF classification of fields of study using
name similarity. After the name matching, we classified the Web of Science category of
journals into clinical science and non-clinical science (see “Appendix” for the concord-
ance). Specifically, when a field was listed in the science and engineering section (e.g., bio-
medical engineering) we classified it as non-clinical science, and when the field was listed
in the health section (e.g., pediatrics), we classified it as clinical science. This is similar to
Weber’s classification of articles into Human versus Cellular or Animal (see Weber 2013;
Hutchins et al. 2019), although we use a binary rather than triangular classification. As
a journal can have up to five WOSCs, a journal could have a mix of non-clinical science
WOSC:s and clinical science WOSCs. For the purpose of the TS score, we classified a jour-
nal as a clinical journal if the journal had only clinical WOSCs. The fields that were not
listed under science and engineering or health were classified into either Multidisciplinary
science (e.g., Science, Nature) or Other Science (e.g., social science), and these are also
included in the denominator (see Eq. (1)).

Following, for example, Hutchins et al. (2019), we use Web of Science to gather citation
data, in part because of the broad coverage and because of the journal field codes. Other
citation data could also be used, such as Scopus, Google Scholar, or PubMed Central.
Among Web of Science, Scopus and Google Scholar, prior work suggests that the correla-
tions in citations are extremely high. Martin-Martin et al. (2018) collected the article level
citation counts for a sample of over 2000 highly cited papers spanning 252 Google Scholar
subject categories. Their data shows that the correlations among In(1+x) citation counts
across WoS, Scopus and Google Scholar range from 0.88 to 0.98 (based on a data table
in the supplemental materials, calculations by authors). Field by field analyses reported in
Martin-Martin et al. (2018) show that these correlations are especially high (0.98 or above)
in fields such as Basic Life Sciences, Biomedical Sciences and Immunology/Microbiology,
in other words, in the basic biomedical research fields used in our sample. PubMed Central
could also be used as a source for citations, although it would require an adjustment to
account for the lower coverage (Weber 2013). Weber notes that PMC has much more lim-
ited coverage, although it has the advantage of being freely downloadable. It is also linked
to the NLM journal coding, which could be used to categorize citations for calculating the
TS score. Hence, given the very high correlations in citation counts across different data-
bases, we suspect that the TS score would be robust to the use of other sources of citation
data (cf. Weber 2013). The main requirement is some field-coding of the journals (which
WoS, Scopus, GS and PMC all provide).

To calculate the TS score, we begin with a corpus of publications (for example, all the
publications from a given CTSA hub). Once we have the journal classification system, two
steps are required to calculate the new measure. Figure 1 illustrates these steps.

Step one requires collecting from this corpus all the non-clinical publications, catego-
rized as such by following these journal groupings. This process allows us to select from
our corpus the set of papers published in non-clinical (basic) science journals (for example,
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Publication A in Fig. 1). As the second step, we then collect and categorize all the forward
citations to these non-clinical science journal publication. Each of those forward citations
can be classified into coming from clinical (e.g., Publication B) or non-clinical journals
(e.g., Publication C). Using this set of categorized citations, the Translational Science
score (TS score) is calculated using the simple equation shown below.

Number of forward citations received from clinical science

TS =
score Total forward citations received M

Hence, for each publication, we calculate an individual TS score that captures the transla-
tionalness of the science in the focal paper.

Using the portion of cross-stage citations builds on the approach that Luke et al. (2015)
used. In their study on the cross-disciplinary collaboration of an individual CTSA receiv-
ing institution, Luke et al. (2015) introduced the cross-disciplinary density ratio, a meas-
ure calculated by dividing the density of cross-disciplinary collaboration by the density
of within-disciplinary ties. However, their focus was not on articles but on the compo-
sition of research teams. Our method is also related to Hutchins et al. (2019), who used
the field coding of citing articles to help categorize focal papers as higher or lower on
translationalness.

The intuition behind the TS score is that if an article published in a basic science jour-
nal is reporting on translational science, it is likely that it receives a larger portion of for-
ward citations from clinical science journals. In other words, this research spans the 2ST1
stage (from basic to clinical research). One could use this measure at the paper, individ-
ual, research organization, or whole field level, to see how, for example, changes in fund-
ing might affect the degree of translational research in some population (cf. Myers forth-
coming; Kim 2019). For example, Kim (2019) uses this measure to estimate the impact
of CTSA awards on the degree of translation among Carnegie R1 (doctoral—very high
research activity) universities in the US.

Verification tests on the measure

When a new measure is developed, we need to assess how credible the measure is. In par-
ticular, we want to test its reliability and validity. We begin with a discussion of reliability,
and then discuss several validity tests for the TS score.

Reliability tests

One way of estimating the reliability of a measure is to test its stability over time (Golaf-
shani 2003). As the estimate is calculated at the paper level, it should not be vulnerable to
various exogenous shocks that might change the direction of the researcher’s or univer-
sity’s publication focus over time. In other words, while a particular researcher or institu-
tion might become more or less translational over time (for example, due to her institution
receiving a CTSA grant), an individual paper contains an inherent amount of translational-
ness, and that is what is being captured by the TS score. Hence, we checked whether the
TS score remains stable once a minimal number of forward citations have been included
in the estimate (to reduce the volatility due to sampling error) (Hutchins et al. 2019). We
observe the accumulation of citations over time (each year) and examine the stability of
the TS score. An alternative would be to track on a citation by citation basis as opposed to
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a yearly basis. However, this puts an additional burden on the data collection, and so we
adopted the simpler approach described here. To estimate the stability (and the speed of
convergence), we took the following steps to determine when the TS score stabilizes.

1. Check the TS score of each publication by year and observe how many years are needed
for the TS score to stabilize, which we call the stabilizing year.

2. Calculate the updated TS scores of each publication-group by year (i.e., N years) for the
years after the stabilizing year (calculated in step 1), which we name TS scores after
N-year.

3. Extract groups of papers with a certain number of forward citations in a reference start-
ing year (i.e., the year in which it had acquired, for example, 1 through 10 citations)
and calculate the TS scores of each publications-group. This group of TS scores will be
named as TS scores at starting year.

4. Check the correlation of TS scores at starting year (acquired in step 3) and TS scores
after N year (acquired in step 2). Using a correlation cutoff of 0.7 for inter-temporal
stability, if the correlation is larger than 0.7 for all TS scores at starting year to TS scores
after N-year pairs, we can consider the TS score stable from the starting year. While
the cutoff of 0.7 is arbitrary, it is analogous to a commonly used threshold for reliability
using Cronbach’s alpha (Lance et al. 2006). We also discuss the reliability using cutoffs
of 0.8 and 0.9.

We illustrate the stability of the TS scores using a sample of 286 non-clinical publica-
tions that were published in 2003 and acknowledged NIH grants with a PI from Emory
University. The cumulative counts of total forward citations and forward citations from the
clinical science journals that occurred between 2004 and 2015 were used to calculate the
TS scores. Figure 2 shows the variations in TS scores by year for 24 selected publications,
to illustrate some of the observed patterns. These 24 publications are examples of those
that received forward citations for almost all years (11 or more years) during the period of
interest.> Several patterns of change in the TS score over time are visible in Fig. 2. Some
publications have stable TS scores from the beginning until the end (e.g., ID 272, ID 415),
some papers fluctuate in the early years (e.g., ID 24, ID 269), some publications start with
very low TS scores but exhibit increasing TS scores as time passes (e.g., ID 36, ID 195)
and some publications start with high TS scores in the early years and show decreases over
time (e.g., ID 13, ID 267). In fact, one strength (but also possible weakness) of the TS
score is that it can increase or decrease over time, which gives the possibility of using the
indicator to estimate either the short-term or long-term impact of a paper on future clinical
research (similar to Weber 2013). In contrast, binary measures (e.g., Han et al. 2018) can-
not go back down once the paper has been cited by a clinical paper. However, despite this
variation, we observe that, in almost all cases, the TS scores for these 2003 cohort publica-
tions are fairly stable after 2007, which is marked as the vertical line in each graph. These
results suggest that, at least for this sample, the TS score of a publication tends to stabilize
within 4 years after a paper is published. This means that we should wait at least 4 years
to classify a basic science publication into one with high or low translational features. This
can provide a guideline for researchers who want to use this indicator in their research.
Further research is needed to assess how robust this 4-year threshold is across different

3 More examples are available on request.
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Fig.2 Change in TS score by year for 24 non-clinical publications

populations of basic research papers. Furthermore, it might be interesting to estimate if
this threshold varies systematically by the characteristics of the publications or research-
ers. For example, is it the case that stability is reached sooner (or later) for interdisciplinary
papers, or those that span organizations, or those by larger teams, or papers published in
high impact factor journals? Hence, there are many opportunities to develop this TS score
in order to further calibrate the measure.

Table 1 shows the results of step 2 through step 4 of the reliability test, broken out
by the number of citations the paper received in the reference starting year. By starting
year, we mean the year by which the paper had accumulated N citations (with N varying
from 1 to 10).* If we look at the case of publications with only one forward citation in

4 In other words, if the paper was published in 2003, and had 3 cites in the first year (2004), it would
appear in the 3 cite row, and the correlations are for the scores for the years 4 +in the future from 2004. If
in the following year, it had reached 8 citations, then it would reappear in the 8 cite row, with a starting year
of 2005, and the columns representing 4 +years from 2005. This means that the same paper can appear in
multiple rows (but not generally every row), and also that a paper can drop out of the table if it acquires a
total of 11 +cites. Hence, the Ns can fluctuate up and down across the rows.
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Table 1 Correlations between the TS score of the starting point and the TS scores after four or more years,
by number of citations in the starting year

Forward citation  Correlation between TS scores at the start and corresponding years Sample size
counts at starting

year After 4 years After 5 years After 6 years After 7 years After 8 years

1 0.730 0.721 0.634 0.589 0.550 63
2 0.661 0.504 0.533 0.512 0.462 62
3 0.794 0.799 0.770 0.732 0.727 71
4 0.690 0.707 0.637 0.645 0.622 81
5 0.786 0.745 0.789 0.793 0.808 69
6 0.836 0.792 0.785 0.770 0.743 59
7 0.827 0.807 0.800 0.810 0.812 74
8 0.904 0.891 0.879 0.874 0.849 50
9 0.878 0.865 0.853 0.833 0.831 64
10 0.915 0.923 0.918 0.931 0.937 55

its starting year, 63 cases in our sample, the correlations of the TS scores at the starting
point and 4 years and 5 years after the starting point are 0.730 and 0.721, respectively.
However, the correlation between the starting point’s TS scores and 6 years after the
starting point is 0.634, which is below the 0.7 threshold. Furthermore, the correlation
value stays below 0.7 if we increase the post year to 7 or 8. Hence, having only one
forward citation in the initial period does not provide a stable TS score, which is not
surprising. This is also the case for the publications with two citations. The correlations
are smaller than the 0.7 threshold for all starting point and post starting point pairs. For
citations with three citations, the correlation values are all larger than 0.7, but for four
citations, the correlation values are smaller than 0.7 in most pairs. By the time we get
to papers with 5 initial citations, the reliability is consistently above the 0.7 threshold.
This suggests that one could also use the reference starting year citations, with a floor
of at least 5 citations, to get a fairly reliable initial indicator of future translational-
ness. In other words, although it, in general, takes 4 years for the indicator to stabilize
(see Fig. 2), once the paper has accumulated at least 5 citations (possibly in the first
year), the TS score is fairly stable, which may allow use of the TS score even before
4 years of data have accumulated. For the TS score, even 3 or 4 initial citations seems to
be sufficient for a moderately strong estimate of the future translationalness. Similarly,
Hutchins et al. (2019) tested their model using data in a +5 to +20 year window, and
found that collecting data from a +7 year window from the publication date allowed
for the most reliable estimator of their Approximate Potential to Translate (APT) score.
But, importantly, they also found that using only a +2 year window of citation data fed
into the model (trained on the 5-20 year citation window) gave quite good predictive
performance.

Hence, similar to other citation-based indicators of translationalness (e.g., Hutchins
et al. 2019), the TS score seems quite reliable, even with only very modest initial infor-
mation (5 initial citations). If a higher threshold of reliability is desired, 7 initial cites
produces an estimate with correlations of 0.8 or above from +4 to 48 years, and 10
initial cites produces correlations above 0.9 (Lance et al. 2006). And, with a longer time
series (4 years or more), the results seem quite stable. This suggests that this relatively
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Fig.3 The dTS score, classifying publications into those with and without translational feature based on
citing papers’ first author’s affiliations

simple score can be a reliable estimate of the relative use of basic research findings by
clinical research publications.

Validity tests

In addition to establishing the reliability of a measure, it is also important to assess its
validity [i.e. whether an indicator is measuring what it is intended to measure (Golafshani
2003)]. In the case of the TS score, we used multiple approaches to evaluate the extent
to which it captures the degree to which a basic research publication is being translated
into later stage clinical research and/or practice. These include calculating an alternative
department affiliation based translational score, and calculating the TS scores of publica-
tions associated with other indicators of translation (e.g. articles that resulted in a patent;
were cited by patents; or led to the development of a new drug). We also compare the TS
score to Hutchins et al.’s (2019) APT and to the percent of human MeSH terms in the focal
publication (building from Weber 2013).

Publication classified based on the affiliation of the first author

The proposed TS score is based on the classification of the disciplines of journals (into
clinical and non-clinical science journals). If an alternative forward-citation-based transla-
tion score has similar values (a high correlation with the original TS score), our confidence
in the validity of the measure will increase. A variety of prior research has examined cita-
tions outside the category an article was published in, mainly for assessing the multidisci-
plinarity of articles (e.g., Morillo et al. 2001; Ortega and Antell 2006; Porter and Chubin
1985). One of the approaches adopted in these studies is using the first author’s affilia-
tion to categorize papers into different disciplines (Ortega and Antell 2006). This approach
relies on the long-standing norm in the life sciences that first authors of publications are
likely to have the largest contribution to the paper (Carpenter et al. 2014, p. 1162).°> Draw-
ing on the same set of articles, we calculated a new translational science score, which we
label “dTS” [department-based Translational Science] score using the discipline classifi-
cation of the first author’s affiliation (clinical vs non-clinical basic science). We then use
this dTS to help assess the validity of our original TS score measure. For creating the dTS
measure, we re-classified forward citing publications using the first author’s affiliation
(rather than the journal’s subject code), such that those with lead authors in clinical sci-
ence departments are classified as clinical science publications and classify forward citing
articles as non-clinical publications otherwise. Figure 3 depicts the process of classifying
publications based on the first author’s affiliation.

5 To the extent that this is not true, then our measure will include greater measurement error, biasing the
correlations toward zero and hence giving us a more conservative test of the validity of our TS score.
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This validity test involves the following steps:

1. Select a sample of publications for the analysis. We use all journal articles that were
published in a non-clinical science journal in 2003 that acknowledge any NIH grant that
has a PI from Emory University. This yields a sample of 114 articles (with between 10
and 42 citations).

2. Gather the bibliometric information of the articles that cited the publications in this
sample. This yields a total of 2089 forward citing articles.

3. Classify disciplines of forward citing publications based on the affiliation of the first
author.’ There were approximately 2000 unique affiliations, each of which was classified
manually.

4. For each article, calculate the share of forward citing publications that have the first
author’s affiliation classified as a clinical department (based on Eq. 1).

Several difficulties complicate the process of manually classifying author affiliations and,
in general, we used classification rules that erred on the conservative side (i.e., not classify-
ing as clinical unless there was clear information suggesting such a classification).” This
approach would tend toward lower values for the dTS scores. One could use other methods
that were more liberal in classifying papers as translational on this dTS score. However,
given that the address formatting details of different authors/institutions/journals citing the
paper are likely unrelated to the degree of translationalness of the focal paper, any errors are
unlikely to systematically affect the analysis. This difference between the efforts involved
in the coding process in the dTS score versus the TS score highlights one advantage of the
original TS score. For the TS score, the journal classifications already exist in the bibliomet-
ric databases, and these can be readily converted to clinical versus non-clinical fields, while
department descriptions are not standardized and require time-consuming hand coding, or
sophisticated computerized text processing methods to scale up the measure.

Table 2 compares summary statistics for two different approaches, one using the journal
classification of forward citing articles (TS score) and the other using the affiliations of first
authors in forward citing articles (dTS score). We can see that, even with the conservative
classification rule, the value of the dTS score based on first author’s affiliation (second row)
is larger than the TS score calculated based on journal classification (first row). A total of

® For simplicity, we ignore additional “co-first authors”. We do not expect there are a large share of such
cases, and, furthermore, if the co-first authors are in the same department, or even in the same class of
departments (clinical vs non-clinical), the results would be unchanged if we included them.

7 There were some issues to consider when classifying publications into clinical papers and non-clinical
papers, which led to doing the classification manually. First, the department information did not exist in
some listings (e.g., Univ St Andrews, St Andrews KY 16 9ST, Fife, Scotland; RAND Corp, Santa Mon-
ica, CA 90401 USA). In these cases, these were coded as missing. Second, the order that university name,
department or school name and city are listed were different between articles. Though the department infor-
mation was listed second in most cases, it was listed first in some cases, later in other cases. Third, the
details of the affiliation were different across publications. For instance, some publications provided very
detailed information (e.g., Sch Med & Dent, Dept Biostat & Computat Bio) whereas some publications
only provided information at the school level (e.g., Sch Life Sci & Technol). To be conservative on classify-
ing a publication into clinical papers, we classified the publications into a clinical article only if there was
clear and sufficient information on the discipline. For instance, we did not classify a publication as clinical
if the most detailed information of the first author’s affiliation is “School of Medicine”. This is because, in
many universities, the School of Medicine is composed of departments conducting basic science work (e.g.,
Department of Microbiology) as well as clinical work. Therefore, we classified a publication as a clinical
paper only if the sub-division of the school is listed and it is closely related to fields of clinical research
(e.g., Department of Pediatrics).
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Table 2 Descriptive statistics for and correlation between translationalness scores calculated with different
methods

Approach of classifying discipline of Mean StdDev Min Max  Correlation with TS score
forward citing article based on journal classifica-
tion

TS score: based on journal classification 0.092 0.119 0 0.553 -
dTS score: based on first author affiliation 0.172  0.164 0 0.684 0.748

The number of observations is 114 for both groups
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Fig.4 Distribution of translational science scores calculated using different methods

81 out of 144 articles (71.1%) in the sample had larger translational science scores when
the first author’s affiliation-based approach was used. Figure 4 shows the distribution of
translational science scores calculated using the two different approaches. We can see that
the dTS scores, calculated using the citing paper’s first author’s affiliation, have a larger
mean value and are more dispersed. However, and most importantly for our purpose, the
correlation between the two scores is 0.75, suggesting that these two indicators are closely
related. The similarity between the scores calculated using these two different approaches
provides some evidence of the validity of our TS score based on journal classification.

TS scores of publications that result in patents

In addition to testing if the TS score is correlated with other ways of measuring the trans-
lationalness of specific publications, we can also calculate TS scores for papers that other
evidence suggests are translational in nature. To the extent that these papers have high TS
scores (or higher TS scores than other papers without this external evidence of translation),
this would support the validity of the TS score. We focus initially on publications cited by
one or more patents, because the citation of a journal article by a patent suggests that the
publication is relevant to potentially commercializable inventions (Narin et al. 1997; Roach
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and Cohen 2012; Meyer 2000). Indeed, unlike journal to journal citations, which serve a
wide variety of purposes, patent to journal citations play a specific legal role, highlighting
the importance of existing knowledge to a new invention. For this reason, a patent’s cita-
tion of a basic science publication may well represent direct knowledge-transfer from basic
research to technological outcome (Meyer 2000; Huang et al. 2015; Sung et al. 2015).
While patent examiners do add citations to patents, Cotropia et al. (2013) found that 94%
of the non-patent literature (NPL) citations are added by the applicant. Hence, this analysis
can serve as an additional measure of the validity of the TS score as an indicator of the
eventual contribution to 2ST?2 translation.

US patents list citations to NPL on their front pages and the citation link between pub-
lications and patents can be identified using the NPL list (Meyer 2000). Drawing on this
evidence of patenting and translation of research, we can test the validity of the proposed
TS score using publication-patent citation links, using both a prospective approach and a
retrospective approach.

Prospective approach of publication: patent citation analysis As a first step to test the
validity of the TS score using a prospective approach to publication-patent citation analysis,
we selected a group of basic science publications. As in the reliability test above, we used
a set of 286 non-clinical articles published in 2003 that received support from NIH and
had a PI affiliated with Emory University. We then searched the DOI of these 286 articles
in LENS.ORG (https://www.lens.org).® The Lens database returned information on 217 of
the articles, a retrieval rate of 76%. Not all publication information is retrieved, as the Lens
database does not cover all scholarly databases, but only covers three datasets (PubMed,
Crossref and Microsoft Academics).” These papers were then checked to see if any of these
were cited by a patent or published patent application (for this discussion, we will say cited
by a “patent” for simplicity).

Among the total sample of 217 publications, 144 publications (66%) did not receive any
patent citation, while 73 publications (34%) had at least one citation from a patent. Fol-
lowing the reliability results above, for this analysis, we calculated the 2007 TS score, in
other words 4 years after publication. The findings are nearly identical if we use a TS score
calculated on 2019 data (16 years after publication). The average (2007) TS score of the
publications with at least one patent citation (0.157) is higher than those without any pat-
ent citations (0.110). A two-tailed ¢ test also shows that the difference in mean TS scores is
statistically significant (r=2.12, p=0.035). This result provides additional support for the
validity of the TS score as a measure of the translational features of publications.

To further calibrate the TS score, we compare these results with the results from using
Hutchins et al.’s (2019) APT, which is a prediction of the likelihood of being cited by clini-
cal articles (taking binned values between 5% and 95%). We also tested a measure based

8 LENS.ORG is an open public website managed by Cambia, an independent non-profit organization, that
provides linkages between scholarly works, patents and biological sequences (LENS.ORG n.d.). Its patent
database covers patent datasets from the USPTO, European Patent Office, WIPO and IP Australia and its
scholarly dataset includes PubMed, Crossref and Microsoft Academics (LENS.ORG n.d.). With the collab-
oration with NIH Pubmed and Crossref teams, the Lens links publications’ Digital Object Identifier (DOI)
with NPL in their patent database. Hence, using the DOI of publications, we could check if the publications
were cited by patents or not.

® Using Pubmed ID instead of DOI for the search may give a higher retrieval rate. However, it would then
be more difficult to track the forward citation links of publications to patents with only Pubmed ID but
without the DOL.
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Table 3 Probit regression results for being cited by a patent, by TS, APT and Percent Human MeSH scores

(¢)) @ 3 “

PatentCite PatentCite PatentCite PatentCite
TS 1.156%%* 0.645
(0.555) 0.612)
APT 1.0827%#% 0.903%#%*
(0.391) (0.426)
Pct Human MeSH —-0.174
(0.465)
_cons — 0.574%** — 0.643%** — 0.404%** — 0.691%**
(0.115) (0.120) (0.100) (0.129)
Obs 217 217 217 217
Pseudo R? 0.016 0.028 0.001 0.032

Standard errors are in parenthesis
***p<0.01; *¥p<0.05; *p<0.1

on the share of human MeSH terms in the focal paper (building from Weber’s triangle of
biomedicine).10 In the same way as for the TS score, we calculated the difference in APT
and percent human MeSH terms for papers that were cited and not cited by patents for
this same sample of 2003 publication year papers. The results show that the APT is also
higher for papers that are eventually cited by patents (0.256) than for those not cited by
patents (0.166), (r=2.88, p=0.004). The correlation between the 2007 TS (4 year win-
dow) score and the APT is 0.37 (p<0.001), suggesting that these indicators are related,
but also that they capture somewhat distinct aspects of the paper’s translational character-
istics. For the percent human MeSH terms, there is no difference between the patent cited
and not patent cited publications (0.098 vs 0.109, respectively, t=0.36, p=0.72), suggest-
ing that this measure does not capture this aspect of translation (being used by a patented
invention). Table 3 shows probit regression models predicting citation by a patent for the
three measures.'! The table shows that TS and APT each independently predicts patent
citation, while percent human MeSH does not predict citation by a patent. We also tested
(not shown) percent Animal and percent Molecular/Cellular and these also did not predict
patent citation (either individually or in combination with Human). If both TS and APT
are included, only the APT measure is statistically significant, likely due to the high col-
linearity between the two measures. However, we cannot reject the null hypothesis that
the effects are equal between these two measures (chi-square =0.09, p=0.77). All of these
results are very similar if we use a binary version of the TS score (Han et al. 2018), based
on the 2007 (+4 years after publication) TS score (TS >0 vs TS =0) (results available from
contact author).

Hence, we find that the TS score is a significant predictor of the publication being
cited in a patent document. We also find that it is significantly correlated with the recently

10 Both of these measures are available from the iCite website (https://icite.od.nih.gov/analysis). It is not
clear what data window is used for calculating the APT scores published on the website. The data were
downloaded June 18, 2020.

' The inferences from a linear probability model are the same (results available from contact author).
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Table 4 Summary of TS scores
of publications cited by Emory
University NIH funded patents,
2001-2015

Group Obs Mean StdDev Min Max

All publications 68 0.135  0.163 0 0.624

Publications with more 66 0.140  0.163 0 0.624
than 5 forward citations

developed Hutchins APT (based on a machine learning algorithm using a combination of
forward citations, MeSH keywords in the focal paper and MeSH keywords in the citing
papers). We also find that while each predicts being cited in a patent document, when we
use both in the same model, only the APT is still statistically significant, although a chi-
square test shows that we cannot reject the null hypothesis that the effects for each measure
are equal. These results show that the TS score can predict one dimension of translation,
the research being used in a patent (Narin et al. 1997). In addition, these analyses provide
an additional validation for the Hutchins APT, showing that it not only predicts being cited
in clinical literature, but that it also predicts being cited by a patent document. The percent
human MeSH terms, however, does not predict being cited by a patent (and is also uncor-
related with TS score, r=0.03). These results suggest that forward citation based measures
(TS, APT) are reasonable indicators of future use of the publication by patented inventions.
The percent human MeSH terms in the focal publication, however, is not a good predictor
of this indicator of translationalness, although as Weber (2013) shows, it is useful for track-
ing trends in translationalness over generations of citations.

Retrospective approach of publication: patent citation analysis For an additional valid-
ity test of the TS scores, we used a retrospective approach to examine publication-patent
linkages. Here, we started with a group of patents and gathered the publications cited in
those patents, and then checked to see if they had above average TS scores. To do this analy-
sis, we gathered the following information:

1. Using the patent ID—NIH project ID link CSV file downloaded from NIH RePORTER,
we collect the patents issued during 2001-2015 that acknowledge any NIH project with
an Emory University affiliated PI (List 1).

2. Using PatentsView (2018)’s “otherreferences” file, we extracted bibliometric informa-
tion (e.g., author, title, journal names) for “Non-patent citations” from List 1 patents
(List 2).

3. Using this bibliometric information, we manually search Google Scholar and Web of
Science to get their DOIs (List 3).

4. Find the List 3 publications that are from basic science journals, our population of inter-
est (List 4).

5. Using Web of Science, collect the DOIs of publications citing the basic science papers
in List 4 (List 5).

6. Calculate TS scores of focal publications in List 4 using the Web of Science Category
classifications of List 5 citing publications.

The result from Step 1 produced a sample of 177 patents (List 1). This group of pat-
ents had a total of 186 non-patent citations (List 2), of which 88 were scholarly publica-
tions (List 3). Among 88 scholarly publications, 68 of them were published in basic sci-
ence journals based on our classification rule using the Web of Science category and NSF
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Classification of fields of study (List 4) (see above). These 68 basic science publications
received 29,503 forward citations (List 5), which were divided into clinical publications
and non-clinical publications based on the Web of Science category and NIH classification
of fields of study. Table 4 shows the summary of all basic science publications (sample
size 68) and a subset of publications that received more than five forward citations, where
we have more confidence in the reliability of the estimated TS score (sample size of 66).
One problem with this test is that while we know the average TS score for this sample
of papers cited by patents, we need some way of calibrating whether this is higher than
a typical basic science paper. As a comparison, we calculate the average TS score for all
basic science articles published during 2001-2015 with support from NIH grants that have
PIs affiliated with one of the 115 Carnegie R1 universities. We can think of this as an
estimate of the baseline translationalness of the overall population of NIH funded basic
research. The mean values on the TS score for the patent-cited basic research publications
(0.135 for all and 0.140 for publications with more than 5 cites) were larger than the aver-
age value for the whole group of publications, which was 0.117. However, we cannot reject
the null hypothesis in a one-tailed test (»=0.18 for all publications and p=0.13 for those
with more than 5 citations). Hence, we find additional evidence consistent with the claim
that TS scores capture the translational character of publications, using a retrospective test,
although we cannot rule out that the difference is due to chance.

This test also gives information on the broader population of biomedical research. We
see that among all Carnegie R1 universities, NIH funded basic research has a mean TS
score of 0.117. In other words, at the base rate, about 10% of forward cites to NIH funded
basic research conducted at major research universities are due to the research being cited
in clinical research journals. This analysis also demonstrates that the TS score can be
scaled up (covering not just one university in 1 year, but can be readily calculated for all
research universities over a 15 year period). This also highlights the ready interpretability
of the TS score, since it is simply the share of total citations that are from clinical research
journals.

Several examples of the TS scores of publications that led to a drug One strong indica-
tor of whether a publication is translational is checking if the publication contributed to the
development of a drug. Several scholars have focused on this characteristic of publications
and tried to find articles that result in drugs (Williams et al. 2015; Sampat and Pincus 2015;
Li et al. 2017). For instance, Sampat and Pincus (2015) used a machine learning technique
to match publications, patents and drugs. They found about half of new molecular entities
(NME) approved by the FDA between 2000 and 2009 are associated with publications from
NIH-funded Academic Medical Center projects. Another study by Li et al. (2017) linked
publications with patents associated with approved drugs. They found that approximately
5% of NIH grants result in publications that are cited by patents related to drugs in the
market.

If the TS scores of basic science publications from the above-mentioned studies turn out
to be high, this can be an additional sign that the measure is valid. Full lists of the publica-
tion—drug pairings were not included in the previous studies. However, the supplementary
material of Sampat and Pincus (2015) included some examples of publications that led to
newly developed drugs. In particular, they provided a list of 15 publication-patent-drug
link examples. With this information, we calculated the TS scores of the four publications
on the list that were published in non-clinical science journals based on our classification
criteria. Table 5 shows the TS scores for these publications. We can see that, in general,
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Table 5 TS score of non-clinical Brand

D Cited articl TS s
science publications that resulted g tecariere seore
in drugs Tasigna  Nilotinib Hydro- ~ Bhat et al. (1997) 0.552

chloride Monohy-

drate
Entereg  Alvimopan Bagnol et al. (1997) 0.528
Inomax  Nitric Oxide Garg and Hassid (1990)  0.345
Velcade Bortezomib Rock et al. (1994) 0.149

Table recreated from a table in supplementary appendix of Sampat
and Pincus (2015)

the TS scores of these publications are high, with the largest value of 0.552. The average
TS score of these four publications, which were translated into drugs, is 0.394. This value
is much higher than the mean value of the total population of NIH funded basic research
papers, which is 0.117. In fact, even with n=4, the difference is statistically significant in
a one-tailed test (p=0.03). Though the number of publications analyzed is very small, this
finding provides additional support for the validity of our proposed TS score.

Conclusion

In recent years, encouraging the efficient movement of biomedical research “from bench to
bedside” has been a priority of science funding agencies and policymakers. As a result, a
variety of policy initiatives have been launched and a substantial investment has been made
to increase the translational character of basic science. These efforts have occurred in an
environment where there has also been increased interest in developing indicators that can
track the broader impacts of basic research. While moving basic science to clinical practice
is often a long and complex process (Williams et al. 2015), there is also a strong interest in
focusing on the early steps in the process, when basic research is integrated into ongoing
clinical research (2ST1 in the Weber (2013) classification). We focus on this meaning of
translational science, recognizing that this is only an early stage in the process of improv-
ing overall clinical practice and community outcomes. To get a clearer lens on this process,
we need a proximate measure that is simple to calculate; captures the idea of translational
at the 2ST1 stage; and that is reliable and valid.

We propose a novel measure, the TS score, to assess the translationalness of a non-
clinical publication and provide evidence that this measure meets these desired criteria.
The measure is calculated using the share of clinical forward citations among all forward
citations a non-clinical article receives. This measure is based on the assumption that if
a non-clinical article is cited by an article in a clinical science journal, a knowledge flow
from basic science to clinical science is taking place. The measure borrows concepts from
and builds upon previous studies using journal discipline of forward citing articles (Qin
et al. 1997), distinguishing basic science research and clinical science (Grant et al. 2000;
Narin et al. 1976), and using cross-disciplinary density ratios (Luke et al. 2015; Porter and
Chubin 1985).

The TS score has a variety of attractive features. First, the measure (percent of cita-
tions that are from clinical journals) is relatively simple and easy to understand, which may
make it especially useful for policy discussions involving those who are not specialists in
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bibliometrics. Potential users only need to know the concept of forward citation and the
classification of journals (clinical vs non-clinical basic science) based on fields of study.
Second, the measure is relatively easy to implement (as it does not require any hand cod-
ing of documents nor calibrating and evaluating among machine learning algorithms). In
this way it is similar to Weber’s triangle of biomedicine indicator (which is based on cat-
egorization of MeSH keywords associated with the focal document). Also, the calculation
process for the TS score could be automated easily given the classification of journals into
clinical and non-clinical groups. And, the classification rules can be easily described (e.g.,
“Appendix” in this article) allowing others to exactly replicate the scores, or to modify the
measure for their own purposes. The TS score may also have low susceptibility to gam-
ing, as it is a function of future citations (not any characteristic of the focal paper/author).
As Hutchins et al. argue regarding their APT, another indicator that depends heavily on
the information found in forward citations, since such indicators depend on the aggregated
behavior of the scientific community, it is very difficult for the focal authors to significantly
manipulate the final score (Hutchins et al. 2019). If gaming was a significant concern (for
example if the TS score became an evaluation metric for individual researchers or research
centers), the TS score could be further refined by excluding self-citations.

One limitation of the measure is that it depends on forward citations, a limitation shared
by other forward citation-based measures such as Hutchins” APT or Han’s secondary trans-
lational research measure. This results in some time lag in order to estimate the measure
reliably (we estimate about 4 years from publication for the TS score). Furthermore, calcu-
lating the measure requires a citation database that allows the coding of journals by field.
We used Web of Science, as this is commonly used in bibliometric analyses. However,
Google Scholar or Scopus would likely give similar results, as the correlations among cita-
tion counts for each of these databases is extremely high (Martin-Martin et al. 2018). Pub-
Med Central could also be used although the coverage is significantly less than these other
citation databases (Weber 2013).

Trochim et al. (2011) argue for a process marker model for evaluating the rate and vol-
ume of translational research. They argue that such markers have the following advantages:
they are pragmatic, conceptually clear, replicable, independent of debates of the scope of
‘translational’ research, and applicable both prospectively and retrospectively. Such mark-
ers also provide the basis for generating hypotheses on what characteristics change the
values on the marker, as well as allowing for studying translational research while focus-
ing on some rather than other particular markers. The TS score benefits from all of these
strengths. Hence, the TS score we propose here follows the call for developing markers that
can be used to examine the drivers of the rates and volumes of translation outcomes (Tro-
chim et al. 2011).

Preliminary assessments presented suggest the measure is both reliable and valid. The
reliability tests showed that if a publication receives only five or more forward citations,
the TS score of the publication tends to reaches a stable value. This suggests that the score
is capturing an inherent feature of the publication, the relative degree to which it is useful
for clinical research (relative to basic research). Results from the validity tests that com-
pared the TS score with a dTS score calculated using the citing publication’s first author’s
departmental affiliation showed a correlation of approximately 0.75 between these two
measures, with the TS score being much easier to calculate. Comparing the TS score to
Hutchins’ APT shows a correlation of 0.37, with each of these predicting the probability of
the publication being cited in a patent document, and, again, the TS score is substantially
simpler. Similarly, the TS scores of publications cited in patents or leading to new drugs
are higher than the general population of NIH-funded basic research publications (although
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the differences are not always statistically significant). The sample sizes in these validity
tests are modest and in some of the tests are linked to a specific university. However, even
with modest sample sizes, we can still see significant effects, which gives us some confi-
dence in the measure. Still, further tests are needed to see how well the TS score performs
under a variety of tests with other samples.

All in all, the proposed TS score has many advantages and this measure has the poten-
tial to be used widely for the evaluation of the translation of biomedical research. There are
a variety of available measures for estimating the translationalness of basic research (e.g.,
Weber’s triangle of biomedicine, Hutchins’ APT, and Surkis’ checklist approach) and each
has different strengths. The choice may depend partially on available data and on the pur-
pose of the indicator. In addition, multiple indicators can be used to test the robustness of
research findings.

One promising implication of the TS score is that an analogous indicator can be calcu-
lated for other fields (since it does not use field-specific classifiers such as MeSH terms),
after categorizing the relevant journals into basic and more applied. Hence, the TS score
can be used to estimate the broader impacts for a wide variety of areas of science. For
example, this may be used for evaluating broader impacts for NSF-funded projects.

We find that, overall, the TS score for NIH-funded basic research papers produced at
Carnegie R1 universities is about 0.10, suggesting a base rate of about 10% of forward
citations from clinical research. Also, as the TS score is calculated at the article level, it
can be readily aggregated to calculate individual, organizational or even field-level indica-
tors of translationalness. This opens the opportunity for using the variations in this indica-
tor to show, for example, if translationalness is changing over time or, another example,
if junior people or senior people are more likely to engage in translational science. Using
this approach, Kim (2019) shows that publications from CTSA hubs have higher transla-
tional characteristics. We hope that others find a variety of uses for the indicator in order to
develop our understandings of the process of translational research in biomedical sciences,
as well as in other fields of science.

Appendix: Classification of Web of Science categories into non-clinical
basic science, clinical science, multidisciplinary science, and other
science based on NSF’s classification of fields of study

# Counts  Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
1 115,402 Biochemistry and X Biochemistry
Molecular Biology
86,350 Neurosciences X Neuroscience
3 65,035 Cell Biology X Cell Biology and
Anatomy
4 55,905 Multidisciplinary X NA
Sciences
5 47,710  Oncology X Oncology
41,626 Immunology X Immunology
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#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category

7 37,356 Genetics and Hered- X Genetics, General
ity

8 37,293 Public, Environmen- Occupational Health
tal and Occupa- and Industrial
tional Health Hygiene

9 31,937 Psychiatry Psychiatry

10 30,352 Pharmacology and Pharmacy (PharmD
Pharmacy [United States]

PharmD, BS/BPharm
[Canadal])

11 29,829 Endocrinology and Endocrinology and
Metabolism Metabolism

12 28,471 Physiology X Physiology, General

13 27,199 Clinical Neurology Neurology

14 23,593 Biochemical X Biochemistry
Research Methods

15 23,257 Medicine, Research Medicine (MD)
and Experimental

16 23,140 Radiology, Nuclear Nuclear Radiology
Medicine and
Medical Imaging

17 22,414 Chemistry, Multidis- X Chemistry, Other
ciplinary

18 22,399 Microbiology X Microbiology, General

19 21,071 Cardiac and Cardio- X Cardiovascular Science
vascular Systems

20 19,993 Biophysics X Biophysics

21 19,358 Infectious Diseases Infectious Disease

22 18,593 Biotechnology and X Microbiology, General
Applied Microbiol-
ogy

23 18,444 Hematology Hematology

24 18,320 Peripheral Vascular Vascular Surgery
Disease

25 17,960 Virology X Virology

26 15271 Surgery General Surgery

27 14,767 Pediatrics Pediatrics

28 13,974 Psychology, Clinical X Clinical Psychology

29 13,493 Psychology X Psychology, General

30 13,300 Engineering, Bio- X Biomedical/Medical
medical Engineering

31 12,892 Developmental Biol- X Developmental Biology
ogy and Embryology

32 12,7744 Ophthalmology Ophthalmology

33 12,189 Medicine, General Internal Medicine
and Internal

34 11,732  Substance Abuse Substance Abuse/

Addiction Counseling
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#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
35 11,469 Psychology, Develop- X Developmental and
mental Child Psychology
36 11,310 Mathematical and X Biomathematics and
Computational Bioinformatics, Other
Biology
37 11,305 Respiratory System Pulmonary Disease
38 11,018 Chemistry, Organic X Organic Chemistry
39 10,869 Toxicology X Toxicology
40 10,744 Urology and Neph- Urology
rology
41 10,456  Gastroenterology and Gastroenterology
Hepatology
42 10,263  Chemistry, Medicinal X Medicinal and Pharma-
ceutical Chemistry
43 10,149 Behavioral Sciences Behavioral Sciences
44 10,104 Nutrition and Dietet- Dietetics and Clinical
ics Nutrition Services,
Other
45 9858 Psychology, Experi- X Experimental Psychol-
mental ogy
46 9498 Biology X Biology/Biological Sci-
ences, General
47 9337  Geriatrics and Geron- Gerontology
tology
48 9138 Health Care Sciences Health/Health Care
and Services Administration/Man-
agement
49 8887 Chemistry, Analytical X Analytical Chemistry
50 8838 Chemistry, Physical X Chemical Physics
51 8782 Obstetrics and Gyne- Obstetrics and Gyne-
cology cology
52 7722  Psychology, Multidis- X Psychology, Other
ciplinary
53 7363  Statistics and Prob- X Mathematical Statistics
ability and Probability
54 7175 Health Policy and Public Policy Analysis
Services
55 6912 Gerontology Gerontology
56 6483 Pathology Pathology
57 6209 Computer Science, X Computer Science,
Interdisciplinary Other
Applications
58 5984  Critical Care Medi- Critical Care Medicine
cine
59 5934  Environmental Sci- X Environmental Science
ences
60 5919 Nanoscience and X NA
Nanotechnology
61 5645 Neuroimaging Diagnostic Radiology
62 5611 Sport Sciences Sports Medicine
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#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
63 5415 Rehabilitation Physical and Rehabili-
tation Medicine
64 5325 Materials Science, X Materials Science
Biomaterials
65 5250 Materials Science, X Materials Science
Multidisciplinary
66 5207 Parasitology X Parasitology
67 5043  Transplantation Nephrology
68 5027 Audiology and Audiology/Audiolo-
Speech-Language gist and Speech-
Pathology Language Pathology/
Pathologist
69 4761 Social Sciences, Social Sciences, Other
Biomedical
70 4664 Nursing Nursing—Registered
Nurse Training (RN,
ASN, BSN, MSN)
71 4422 Zoology X Zoology/Animal Biol-
ogy
72 4383 Orthopedics Orthopedics/Orthope-
dic Surgery
73 4302 Otorhinolaryngology Otolaryngology
74 4268 Rheumatology Rheumatology
75 4069 Reproductive Biology X Reproductive Biology
76 3981 Cell and Tissue Engi- X Biomedical/Medical
neering Engineering
77 3972 Optics X Optics/Optical Sci-
ences
78 3720 Medical Informatics Medical Informatics
79 3671 Dentistry, Oral Sur- Dentistry (DDS, DMD
gery and Medicine
80 3261 Evolutionary Biology X Evolutionary Biology
81 3152  Spectroscopy X Radiation Biology/
Radiobiology
82 3049 Family Studies Human Development
and Family Studies,
General
83 3023 Acoustics X Acoustics
84 2992  Anesthesiology Anesthesiology
85 2977 Psychology, Biologi- X Psychology, Other
cal
86 2909 Physics, Atomic, X Atomic/Molecular
Molecular and Physics
Chemical
87 2884 Dermatology Dermatology
88 2866 Plant Sciences X Plant Sciences, General
89 2758 Physics, Applied X Physics, Other

@ Springer



2374 Scientometrics (2020) 125:2349-2382
#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
90 2579 Veterinary Sciences X Veterinary Sciences/
Veterinary Clinical
Sciences, General
(Cert, MS, PhD)
91 2523 Linguistics Linguistics
92 2391 Tropical Medicine X Community Health and
Preventive Medicine
93 2304 Psychology, Social X Social Psychology
94 2211 Engineering, Electri- X Electrical, Electronics,
cal and Electronic and Communications
Engineering
95 2118 Allergy X Allergies and Immu-
nology
96 2059 Anatomy and Mor- X Anatomy
phology
97 1940 Ecology X Ecology
98 1937 Chemistry, Inorganic X Inorganic Chemistry
and Nuclear
99 1740  Physics, Condensed X Solid State and Low-
Matter Temperature Physics
100 1683  Social Sciences, Social Sciences, Other
Interdisciplinary
101 1633 Polymer Science X Polymer Chemistry
102 1607  Sociology Sociology
103 1576  Social Work Social Work
104 1561 Food Science and X Food Science
Technology
105 1522 Emergency Medicine X Emergency Medicine
106 1467 Computer Sci- X Computer and Infor-
ence, Information mation Sciences,
Systems General
107 1368 Education and Educa- Education, General
tional Research
108 1360 Psychology, Educa- Educational Psychol-
tional ogy
109 1287 Education, Scientific Science Teacher
Disciplines Education/General
Science Teacher
Education
110 1220 Entomology X Entomology
111 1212 Computer Science, X Artificial Intelligence
Artificial Intel- and Robotics
ligence
112 1183 Medical Laboratory X Laboratory Medicine
Technology
113 1180 Demography Demography and Popu-
lation Studies
114 1153 Information Science Library Science/Librar-

115

1151

and Library Science
Women’s Studies

ianship
Women’s Studies

@ Springer



Scientometrics (2020) 125:2349-2382 2375
#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
116 1128 Mycology X Mycology
117 1116  Crystallography X Atomic/Molecular
Physics
118 1116 Engineering, Envi- X Environmental/Envi-
ronmental ronmental Health
Engineering
119 1030 Chemistry, Applied X Chemistry, Other
120 1024 Economics Economics, General
121 886 Imaging Science Diagnostic Radiology
and Photographic
Technology
122 859 Psychology, Applied X Psychology, Other
123 835 Mathematics, X Applied Mathematics,
Interdisciplinary Other
Applications
124 827 Education, Special Special Education and
Teaching, General
125 766 Integrative and Alternative and Com-
Complementary plementary Medicine
Medicine and Medical Systems,
Other
126 761 Physics, Mathemati- X Theoretical and Math-
cal ematical Physics
127 751 Instruments and X Instrumentation Tech-
Instrumentation nology/Technician
128 667 Criminology and Criminology
Penology
129 657 Physics, Multidisci- X Physics, Other
plinary
130 648  Anthropology Anthropology
131 638 Physics, Fluids and X Plasma and High-Tem-
Plasmas perature Physics
132 614  Psychology, Math- X Psychology, Other
ematical
133 546 Communication Communication Stud-
ies/Speech Commu-
nication and Rhetoric
134 533 Nuclear Science and X Nuclear Engineering
Technology
135 512 Primary Health Care Health/Health Care
Administration/Man-
agement
136 505 Ethics Ethics
137 477 Microscopy X Instrumentation Tech-
nology/Technician
138 470  Electrochemistry X Chemistry, Other
139 430 Marine and Freshwa- X Marine Biology and

ter Biology

Biological Oceanog-
raphy
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# Counts  Web of science Non-clinical Clinical Multi-disc Other Name on NSF list

category

140 418 Medical Ethics X Bioethics/Medical

Ethics

141 379 Ergonomics X NA

142 376 Mathematics, X Applied Mathematics
Applied

143 375 Social Sciences, X Social Sciences, Other
Mathematical
Methods

144 337 Agriculture, Multidis- X Agriculture, Agricul-
ciplinary ture Operations, and

Related Sciences,
Other

145 336 Computer Sci- X Computer Science
ence, Theory and
Methods

146 309 Law X Law (LLB, ID)

147 307 Social Issues X Social Sciences, Other

148 281 Computer Science, X Computer Software
Software Engineer- Engineering
ing

149 281 Ethnic Studies X Ethnic, Cultural

Minority, and Gender
Studies, Other

150 270 Engineering, Chemi- X Chemical Engineering
cal

151 254 Andrology X Urology

152 244  Medicine, Legal X Medical Scientist (MS,

Ph.D.)

153 244  Meteorology and X Atmospheric Sciences
Atmospheric Sci- and Meteorology,
ences General

154 240 Water Resources X Hydrology and Water

Resources Science

155 225 Engineering, Indus- X Industrial Engineering
trial

156 224 Language and Lin- X Linguistics
guistics

157 211  Agriculture, Dairy X Dairy Science
and Animal Science

158 206 Transportation X Transportation/Trans-

portation Manage-
ment

159 205 Fisheries X Fishing and Fisheries

Sciences and Man-
agement

160 205 Mechanics X Engineering Mechanics

161 165 Environmental X Environmental Studies
Studies

162 154  Automation and X Electrical, Electronics,
Control Systems and Communications

Engineering
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#  Counts Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
163 152 Religion Religion/Religious
Studies
164 151 Political Science Political Science and
Government, General
165 146 Computer Science, X Computer Science,
Cybernetics Other
166 145 Engineering, Multi- X Engineering, General
disciplinary
167 121 Engineering, X Mechanical Engineer-
Mechanical ing
168 121  Geography Geography
169 103 Geosciences, Multi- X Geological and Earth
disciplinary Sciences/Geo-
sciences, Other
170 97 Robotics X Artificial Intelligence
and Robotics
171 95 Management Business Administra-
tion and Manage-
ment, General
172 94  Hospitality, Leisure, Parks, Recreation, and
Sport and Tourism Leisure Studies
173 82 Biodiversity Conser- X Ecology, Evolution,
vation Systematics, and
Population Biology,
Other
174 77 History and Philoso- History and Philoso-
phy Of Science phy of Science and
Technology
175 74 Planning and Devel- Land Use Planning and
opment Management/Devel-
opment
176 73  Energy and Fuels X Petroleum Engineering
177 71  Urban Studies Urban Studies/Affairs
178 68 Mathematics X Mathematics, General
179 67 Operations Research Operations Research
and Management
Science
180 65 Industrial Relations Labor and Industrial
and Labor Relations
181 62 Physics, Nuclear X Nuclear Physics
182 59  Construction and X Construction Engineer-
Building Technol- ing
ogy
183 57 Computer Science, X Computer Hardware
Hardware and Engineering
Architecture
184 52 Telecommunications X Computer Systems
Networking and Tel-
ecommunications
185 49 Materials Science, X Materials Science

Coatings and Films
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# Counts  Web of science Non-clinical Clinical Multi-disc Other Name on NSF list
category
186 48 Business X Business/Managerial
Economics
187 48 Physics, Particles and X Elementary Particle
Fields Physics
188 42 Agronomy X Soil Science and
Agronomy, General
189 41 Engineering, Civil X Civil Engineering,
General
190 41 Thermodynamics X Mechanical Engineer-
ing
191 40 Engineering, Manu- X Manufacturing Engi-
facturing neering
192 39 Business, Finance X Finance, General
193 38 Public Administration X Public Administration
194 35 History X History, General
195 35 Philosophy X Philosophy
196 33 Remote Sensing X Geological and Earth
Sciences/Geo-
sciences, Other
197 32 Astronomy and X Astronomy and Astro-
Astrophysics physics, Other
198 31 Geography, Physical X Geography, Other
199 30 Metallurgy and X Metallurgical Engi-
Metallurgical Engi- neering
neering
200 28 Limnology X Aquatic Biology/Lim-
nology
201 28 Psychology, Psychoa- X Psychoanalysis and
nalysis Psychotherapy
202 27 Area Studies X Area Studies, Other
203 27 GREEN and X
SUSTAINABLE
SCIENCE and
TECHNOLOGY
204 27 International Rela- X International Relations
tions and Affairs
205 25 History Of Social X History, Other
Sciences
206 24 Ornithology X Animal Sciences,
General
207 23 Geochemistry and X Geochemistry
Geophysics
208 23 Horticulture X Agricultural and
Horticultural Plant
Breeding
209 23 Humanities, Multidis- X Humanities/Humanistic
ciplinary Studies
210 19 Music X Music, General
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#  Counts Web of science Clinical Multi-disc Other Name on NSF list
category
211 18  Agricultural Engi- Agricultural/Biologi-
neering cal Engineering and
Bioengineering
212 18  Soil Science Soil Science and
Agronomy, General
213 16 Transportation Sci- Transportation and
ence and Technol- Highway Engineering
ogy
214 15 Materials Science, Materials Science
Ceramics
215 15 Oceanography Oceanography, Chemi-
cal and Physical
216 14 Engineering, Aero- Aerospace, Aeronauti-
space cal, and Astronautical
Engineering
217 13 Materials Science, Materials Science
Characterization
and Testing
218 11 Mineralogy Geochemistry and
Petrology
219 9 Film, Radio, Televi- Radio and Television
sion
220 9 Materials Science, Materials Science
Composites
221 9 Materials Science, Materials Science
Textiles
222 7  Cultural Studies Ethnic, Cultural
Minority, and Gender
Studies, Other
223 5 Agricultural Econom- Agricultural Econom-
ics and Policy ics
224 5 Archaeology Paleontology
225 5 Forestry Forestry, General
226 5 Literature Foreign Languages and
Literatures, General
227 5 Mining and Mineral Mining and Mineral
Processing Engineering
228 2 Geology Geology/Earth Science,
General
229 2 Materials Science, Materials Science
Paper and Wood
230 1 Logic Logic

The counts are the number of publications that fall into each Web of Science category for all publications
associated with R1 universities during 2001-2018 with an acknowledgement to NIH funding
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