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Abstract: Translational medicine is an important area of biomedicine, and has significantly facilitated the develop-
ment of biomedical research. Despite its relevance, there is no consensus on how to evaluate its progress and im-
pact. A systematic review was carried out to identify all the methods to evaluate translational research. Seven meth-
ods were found according to the established criteria to analyze their characteristics, advantages, and limitations.
They allow us to perform this type of evaluation in different ways. No relevant advantages were found between them;
each one presented its specific limitations that need to be considered. Nevertheless, the Triangle of Biomedicine
could be considered the most relevant method, concerning the time since its publication and usefulness. In conclu-
sion, there is still a lack of a gold-standard method for evaluating biomedical translational research.
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Introduction

Translational medicine is an important area of
biomedicine that has significantly facilitated
the development of biomedical research [1].
The National Center for Advancing Translational
Science (NCATS) considers biomedical transla-
tion as “the process of turning observations in
the laboratory, clinic and community into inter-
ventions that improve the health of individuals
and the public-from diagnostics and therapeu-
tics to medical procedures and behavioral
changes”. It also defines translational science
as “the field of investigation focused on under-
standing the scientific and operational princi-
ples underlying each step of the translational
process” [2]. Consequently, this field holds a
key place in the present and future develop-
ment and dissemination of interventions that
improve human health [3].

The National Institute of Health (NIH) pays spe-
cial attention to translational research, consid-

ering it as a focus area, as shown by its
substantial investment in the Clinical and
Translational Science Award (CTSA) program.
The CTSA program is one of the most important
initiatives in translational medical funding to
date [4], and is producing a strong and growing
body of influential research results [5]. In 2010,
the UK increased the budget of the Medical
Research Council (MRC), intending to enhance
support for translational research [6]. Similarly,
in 2013, the EU created the European Infras-
tructure for Translational Medicine (EATRIS), a
network of European biomedical translation
hubs incorporating over eighty academic rese-
arch centers [7, 8].

As a result, the optimization of generating sci-
ence applicable to the clinical setting is gaining
popularity and generating interest in the scien-
tific community [9]. However, it is necessary to
assess whether this effort achieves its objec-
tive. Aiming to promote biomedical translation,
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each institution should evaluate its progress
and its impact, identifying the different scien-
tific outputs generated by translational
research.

In this sense, many authors have provided
methods for evaluating translational progress
and its outcomes in recent years. Thus, evalua-
tors should consider multiple methods of iden-
tifying translational outcomes, and there
should be a continuous measurement of all
methods and metrics over time [10].

One of the first attempts to measure transla-
tion was the Translational Research Impact
Scale (TRIS) [11]. The TRIS is a standardized
measurement tool that provides a practical and
objective evaluation of the eventual impact of
translational research. The development of
TRIS could be the first attempt to get a uniform
criterion that allows comparison of outcomes
or effects of translational research between
institutions. This kind of tool could solve some
problems related to the great heterogeneity
that we face in translational science. However,
the development of these tools must be made
as resistant to gaming as possible, as they may
influence the metrics used [12].

Based on the available literature, several sourc-
es and measures were used to develop this
task. There have been several methodologies
reported for evaluating translational research,
including process analysis, cost analysis, or
research publication analysis, among other
methods [13]. There is also a protocol for con-
ducting case studies to study the multifaceted
processes of translating research processes
underlying the development of successful
health interventions [14]. Other studies are
focused on specific bibliographical-based
approaches. In this milieu, Grant et al. used the
analysis of the bibliography of clinical guide-
lines as a bibliometric approach to assess the
impact of laboratory research on clinical prac-
tice [15]. Also, Williams et al. proposed data
mining and network analysis to identify and link
scientific discoveries with advances in clinical
medicine [16]. Luke et al. presented the
Translational Science Benefits Model (TSBM), a
new framework that can measure broader
impacts of translational research beyond bib-
liometric measures and scholarly outcomes,
such as lives saved, cost savings, or improve-
ments to health [17]. Last, Rollins et al. used a
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payback framework (five categories: knowl-
edge, research targeting, capacity building, and
absorption, policy and product development
and broader economic benefits) and a case
study model with multiple complementary bib-
liometric measures to measure and track the
long-term and diverse outcomes of CTSA pilot
projects [18].

However, this type of analysis does not pro-
perly assess the translational component of
research. In this sense, some methods and
theoretical approaches have been focused on
the categorization and classification of journal
articles and, consequently, research areas,
along the spectrum of translational research. In
this sense, these attempts to categorize article
journals in terms of their translational features
could also apply to a corpus of documents of
the same research area and, thus, help assess
its translational profile.

The main aim of this work is to perform a sys-
tematic review to identify and gather all the
publications that describe translational evalua-
tion methods, exposing the characteristics of
each one, and their advantages and limitations.
The reported findings should facilitate further
research in translational research evaluation.

Methods
Search strategy

The PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guide-
lines were followed to perform this systematic
review [19]. The literature search was per-
formed in December 2020 in the following elec-
tronic databases: Web of Science (WoS),
Scopus, and Medline (using WoS interface).
The search queries employed in each database
were detailed in Table 1.

Selection criteria

The following inclusion criteria were estab-
lished to define which documents and issues
were of interest for our systematic review: (i)
articles describing a methodology of transla-
tional research assessment; and (ii) those
methodologies based on bibliographical meta-
data. Moreover, the following exclusion criteria
were applied when full-text articles were
reviewed: (i) application of a methodology, pre-
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Table 1. Search strategies and results in each database

Database Search strategy Results

WoS Tl = (“translational research” OR “translational science” OR “translational progress”) AND TS = (bibliomet* OR 38
scientomet* OR “big data” OR “big-data” OR “machine learning” OR “machine-learning” OR “science of science”)

Scopus TITLE (“translational research” OR “translational science” OR “translational progress”) AND TITLE-ABS-KEY (bibliomet* 45
OR scientomet* OR “big data” OR “big-data” OR “machine learning” OR “machine-learning” OR “science of science”)

Medline (“translational research” [Title] OR “translational science” [Title] OR “translational progress” [Title]) AND (bibliomet* OR 43

scientomet* OR “big data” OR “big-data” OR “machine learning” OR “machine-learning” OR “science of science”)

viously described, to a particular research field;
(i) those presenting web platforms applying the
methodologies described in other articles; and
(iii) the translational research appears as an
aspect of the topic covered by the article, but it
was not measured.

Study selection process and data extraction

The literature search was carried out by com-
bining keywords in the scientific databases
mentioned above, and duplicated articles were
excluded. Next, titles and abstracts were
reviewed, and we excluded those articles that
did not meet the established inclusion criteria.
The remaining articles were analyzed strictly
and were finally included in the systematic
review. Four reviewers (JP-C, AS-E, MAM-P, and
JAM-M) took part independently in the study
selection process, review, and systematic data
extraction. This process was performed using
the Rayyan system for systematic reviews [20].
All the reviewers carried out the selection pro-
cess in blinded mode. Subsequently, the con-
flicting registries were discussed to reach a
consensus. Furthermore, to obtain further rel-
evant documents, the bibliography of the docu-
ments screened in the process detailed below
was also reviewed. The detected documents
were considered as “Additional records identi-
fied through other sources”. The following data
were extracted from the studies: author, clas-
sification methods, source, unit of analysis,
level of analysis, categorization, method basis,
translation reference, and main results.

Results

The search strategy proposed in the Metho-
dology section retrieved 126 possibly relevant
documents.

Once metadata were retrieved from all docu-
ments, duplicates were discarded, and the
remaining 45 articles were submitted to title/
abstract screening. 34 documents were also
discarded as they did not fulfill inclusion criteria
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(i.e., they were not directly aimed at assessing
the translational profile of research or they
were not describing a method for this purpose).
After accessing full text, the other four articles
were withdrawn since they were not reporting a
reproducible method for translational assess-
ment. Finally, seven studies were eligible for
critical review and qualitative synthesis (Figure
1).

After analysis and extraction of information
about the seven studies, two different classifi-
cations of the methods could be established,
based on the use of descriptors or citations to
assess the translational features of the unit of
analysis (Table 2). Likewise, the descriptors-
based methods are subdivided into controlled
(e.g., MeSH terms) and uncontrolled descrip-
tors (e.g., Title or abstract). Based on these
results, four of the seven reviewed methods
reported a translational identification based on
the analysis of descriptor terms, two of them
using MeSH terms (controlled terms) and the
other two using other uncontrolled descriptors.
Moreover Three of the methods were reported
that attempted to assess translational features
of research using citation measurements.

Classification methods based on controlled
descriptors

Several methods have been described to
establish whether a study is translational in
recent years. One of the most cited and rele-
vant methods, and the first to be reported, is
the Triangle of Biomedicine (Figure 2) [21],
which is a graphical classification method com-
promising an equilateral triangle with three
topic areas, one in each of the triangle’s cor-
ners: Animals and other complex organisms (A),
Cells and molecules (C), and Humans (H). MeSH
terms of each article are used to place each
publication in this trilinear space. This graphi-
cal approach allows grouping the publications
and placing them as a whole, for example, as a
research area, as well as the assessment of
the trends in the groups of publications over
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translational research measuring
the “basicness” of an article, a
journal, disciplines, or even the
entire biomedical literature by
learning embeddings of controlled
vocabulary [22]. Ke propounded a
bottom-up approach: the position
of an article on the basic-applied
research spectrum is based on
the average positions of its MeSH
terms. As we can guess, this work
was inspired by Weber’s idea that
controlled keywords (MeSH) can
determine which level of resear-
ch the article belongs to [21].

Figure 1. Study selection flow diagram for the present systematic review.
The literature search on Web of Science, Scopus and Medline databases
was performed in December 2020 according to PRISMA guidelines.

time. In this sense, if a research area moves
toward the H corner over time, its translational
level can be considered higher. One of the most
important features of this method, and a clear
advantage it has over quantitative approaches
(i.e., TS score or APT index), is the graphical rep-
resentation that gives us relevant information
in a clear and easy to interpret way. The posi-
tion, the size, and the color of each circle give
us visual information about the average posi-
tion of the publications in a discipline (Figure
2A), the proportional number of publications in
that discipline, and the Translational Distance
(the average number of citations generations
required to reach an H article), respectively.
The Triangle of Biomedicine is also valuable to
graphically capture and track changes over
time of a topic or research area (Figure 2B).
Moreover, Weber et al. introduced the concept
of “generations” of translation lag: an article
categorized as A or C that receives a direct
quote from an H publication is considered as
the “first generation”; if it was cited by another
A or C article that was cited by an H publication,
it would be the “second generation” and subse-
quently [21].

This trilinear approach has been the basis of
other reports that have attempted to improve
its feasibility. In fact, Ke developed a quantita-
tive method that allows the identification of
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Through complex calculations,
this results in the Level Score
(LS), a continuous variable rang-
ing from-1 (article more orientat-
ed toward basic research) to 1
(more applied research). This
measurement was consistent wi-
th the previously reported meth-
ods [22].

Classification methods based on uncontrolled
descriptors

Two other classification methods were retrieved
in the literature based on uncontrolled descrip-
tors, mainly words from author keywords, title
or abstract, that are able to be processed and
weighted by machine learning methods to esti-
mate their translational features.

One of these methods, developed by Surkis et
al., consists of the characterization of each
stage of the translational spectrum (NCTSA
TO-T4) through a definitional checklist for each
one of them. Articles can be categorized in dif-
ferent translational stages by applying machine
learning-based text classifiers. The algorithm
used is a Bayesian logistic regression that pro-
cesses texts from different sections of the arti-
cles, such as the title, abstract, and full MeSH
terms/phrases, and then classifies them along
the translational research spectrum [23].

Similarly, convolutional neural networks (i.e. a
type of artificial intelligence neural network)
were used to identify possible translational
research in the genomics research area, clas-
sifying and prioritizing these articles to help
curators successfully extract and label the later
translational applications of genomics [24].
These methods showed high accuracy in pre-
dicting the translational profile of an investiga-
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Table 2. Main characteristics of the methodologies included in the systematic review

Author Classification Source Unit Of. Level (?f Categorization Method Basis Translation reference Main results
methods analysis analysis
Weber Descriptors - PubMed MeSH descrip- Article e Humans (H): subtrees B01.050.150 A Cartesian system in which each  Documents with MeSH About 19% of articles could
(2013) controlled tors .900.649.801.400.112.400.400 (Hu- corner (A, C and H) is a distance of terms included in the H not be classified by this
man) and MO1 (Person). 1 from the origin. The Translational category. method.
e Animals and other complex organ- Axis (TA) is a line from the AC point, Good correlation with Narin’s
isms (A): subtree BO1 (Eukaryota) through the origin, to the H corner. classification schemes™.
except the code for Humans. The position of a point projected
e Cells and molecules (C): subtrees onto the TA is its Translational
A11 (Cells), BO2 (Archaea), BO3 Index (TI).
(Bacteria), BO4 (Viruses), G02.111.570
(Molecular Structures), and G02.149
(Chemical Processes).
Surkis et Descriptors - PubMed Text from title, Article e TO (basic biomedical research). 1. Manual training: 200 CTSA- Documents aimed at health  Performed algorithms
al. (2016)  uncontrolled abstract, and e T1 (translation to humans). granted documents encoded practice to the population, showed variable usefulness
full MeSH e T2 (translation to patients). by experts from different CTSA providing communities with  for classification in each
terms/phrases e T3 (translation to practice). institutions. the optimal intervention. category:
associated with ® T4 (translation to communities). 2. Pre-processing: Text classifica- o RF and SVM showed the
a publication tion weighting words in terms of best accuracy for TO.
frequency and location. e RF, BLR and SVM showed
3. Machine learning algorithms: the best accuracy for T1/T2.
a. Naive Bayes (NB). e BLR and SVM showed the
b. Bayesian logistic regression best accuracy for T3/T4.
(BLR).
¢. Random forests (RF).
d. Support vector machines (SVM).
Han etal. Citation Pubmed Publication Article e Primary translational research 1. Data collection: MeSH publica- Documents with MeSH pub- This approach corrects the
(2018) Scopus  types e Secondary translational research tion types and citation metadata lication types corresponding overestimation of H cat-
Citations were retrieved from PubMed to clinical studies. egorization that sometimes
2. Classification: occurs with the Triangle of
a. Primary translational research. Biomedicine.
Documents with MeSH publication
type corresponding to a clinical
study (interventional or observa-
tional).
b. Secondary translational
research. Documents cited by
primary translational research.
Hutchins et Citation PubMed MeSH terms Article e H, Cand A (as defined by Weber, 1. Training: Articles/Citing articles A translational documentis The model accurately

al. (2019)
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iCite Relative Cita-
(Citation tion Rate (RCR)
data)

2013).
e Disease (D)

o Binary: C branch of the MeSH tree,

except C22 (Animal Diseases)

e Therapeutic/Diagnostic Approaches

B

o Binary: E branch of the MeSH tree,
except EO7 (Equipment and Supplies)

e Chemical/Drug (CD)

o Binary: D branch of the MeSH tree.

stats, RCR and citation by clinical

documents in 100,000 docu-
ments.

2. Machine learning algorithm:
Random forest.

3. Approximate potential to

translate (APT score): prediction of
a document to be cited by clinical

trials or guidelines binned into 5
groups: >95%, 75%, 50%, 25%,
and <5%.

a document cited by a clini-
cal trial or guideline.

There is an increase in the
translation potential of

an article when it moves
from one APT score bin to
a higher one in the subse-
quent year.

predicts whether a research
paper will eventually be cited
by a clinical article after 2
years of publication.

MeSH terms and RCR are
not eligible by authors (gam-
ing-resistant framework).
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(2019) uncontrolled
Ke (2019) Descriptors -

controlled
Kimetal. Citation
(2020)

Office of
Public
Health
Genom-
ics
(OPHG).

PubMed
WoS
(Citation
data)

Web of
Science

Word features
from articles
(title and ab-
stract)

MeSH terms

Journal’s field
of knowledge
Citations

Article

Article

Journal
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e Initial bench-to-bedside phases (T1)
e Beyond bench-to-bedside phases
(T2-T4).

Modification of the classification pro-
posed by Weber, 2013) [21]:

e Basic: Cell (C) and animal (A) nodes
terms

e Applied: Human (H) nodes.

Matching of Web of Science Categories
(WoSC) and National Science Founda-
tion (NSF) classification of fields of
study

o Clinical research:

o Clinical science (Clinical).

e Non-clinical research:

o Non-clinical science (Non-Clinical).
o Multidisciplinary (Multi).

o Non-science and engineering (Non-
S&E).

1. Manual Training: 2286 articles
annotated by CDC curators, ac-
cording to Clyne et al., 2014™".

2. Supervised machine learning
algorithm:

a. Convolutional neural networks
(CNNs)

b. Support vector machine (SVM)

1. Compute time-evolving co-oc-
currence matrices between MeSH
terms and embedding matrices
into d-dimensional vector space.
2. Obtention of Translational Axis
(TA), the vector from basic to ap-
plied terms.

3. Level Score (LS): is the cosine
similarity between each term’s
vector and the TA vector. LS of a
document is the average LS of its
MeSH terms at time t.

Clinical citations

TS score =
Total citations

Clinical citations: forward citations
from documents published in clini-
cal research journals

Documents aimed at the
evaluation, utility, and
implementation of evidence-
based applications into clini-
cal practice and evaluation
of the impact these applica-
tions have on population
health?

LS = +1 (max. value)

An article is more or less
translational according to
the similarity of the MeSH
terms assigned to this
record compared to basic or
applied MeSH.

Translational features of
non-clinical research are
determined by the share of
forwarding citations from
publications in a clinical
research journal.

High classification accuracy.
CNN predicts a better trans-
lational profile of an article
than SVM.

Difficult to distinguish among
T2, T3 and T4 levels: low
amount of training docu-
ments.

Good correlation with Narin’s
4-level journal categoriza-
tion” and with Weber's
analysis.

Bimodal distribution (basic/
applied) of Medline literature
research. (Threshold: LS
=0.16).

Direct citations rarely oc-
curred between basic and
applied research.

TS score changes over time.
Possibility to track short/long
term impact.

High sensitivity: reliable
measurement with 5 or more
citations.

Time lag for reliable
measurement (citation-
dependent).

“Refers to “Narin F, Pinski G and Gee HH. Structure of the biomedical literature. J Am Soc Inf Sci 1976; 27: 25-45". “*Refers to “Clyne M, Schully SD, Dotson WD, Douglas MP, Gwinn M, Kolor K, Wulf A, Bowen MS and Khoury MJ. Horizon scan-
ning for translational genomic research beyond bench to bedside. Genet Med 2014; 16: 535-538".
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Figure 2. Triangle of Biomedicine. A. Different disciplines located along with the triangle; B. Tracking changes of
different topics or research areas over time. Figures obtained from Weber, 2013 [21].

tion. However, these machine-learning-based
methods employed supervised learning, requir-
ing a training set of translational documents.
Thus, the accuracy of prediction strongly
depends on the number and variety of docu-
ments included in this training set.

Classification methods based on citation

Far from controlled or uncontrolled descriptors,
citation parameters have also been used for
the translational classification task. Han et al.
introduced a simple, comprehensive, and
reproducible method to categorize whether a
publication should be considered translational
or non-translational research through the eval-
uation of bibliometric differences between both
[25]. This study follows and expands the biblio-
metric approach of the previous lines of work,
focusing on behavioral and social science
research [26, 27]. Publication type is used as a
proxy for study categorization and two types of
translational research can be defined: primary
or secondary translational research. On the
one hand, a publication can be considered pri-
mary translational research if it is classified as
an original clinical trial or clinical guidelines (as
defined by the list of MeSH Pubtypes) [28]. On
the other hand, articles that do not meet the
previously described requirements, but are
cited by primary translational research, are
classified as secondary translational research.
Although these studies are not translational
themselves, they may still contribute to future
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translational research. Using publication types
and citations for categorization tasks may solve
an overestimation that usually occurs when
descriptor-based methods are applied [25].

Even novel bibliometric indicators were des-
cribed as translational features of non-clinical
research using citations and publication jour-
nals, such as the Translational Science score
(TS score) [9]. Publication journals are catego-
rized into four field categories: Clinical science
(Clinical), Non-clinical science (Non-Clinical),
Multidisciplinary (Multi), and Non-science and
engineering (Non-S&E). The TS score is calcu-
lated using the share of clinical forward cita-
tions among all forward citations that a non-
clinical publication has received. TS score is
simply to replicate, relatively straightforward to
calculate, offers good reliability and validity
properties and can be implemented at scale. It
is designed to capture the short-term use of
basic research in subsequent clinical research,
relative to its use in another basic research.
This approach is consistent with Trochim et al.’s
process marker model [29].

Even these translational predicting categoriza-
tion methods were improved by supervised
machine learning algorithms. The early reac-
tion of the scientific community to an article,
based on citation dynamics, provides enough
information for a machine learning system to
analyze it and predict its translation progress in
biomedical research [12]. In this study, the

Am J Transl Res 2022;14(4):2697-2708
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MeSH terms were used to classify articles as
translational documents, like Weber’'s method
[21]. However, the citation is used to track
knowledge flow in translational research. The
random forest algorithm, by means of machine
learning, was used to calculate the probability
that an article will end up being cited by a
clinical publication [12]. Higher Approximate
Potential to Translate (APT) scores represent
documents that showed a higher probability of
being cited by a clinical publication. In this
milieu, documents with high APT scores could
be considered as documents nearer to clinical
application and, thus, more translational [12].

Discussion

Translational research has become an impor-
tant topic of interest for the biomedical com-
munity that is attracting the attention of the
political sphere, responsible for deciding on
research funding and grants [9, 25]. However,
feasible methods to quantify or characterize
the conditions for successful translation are
still lacking. Therefore, to support the decision-
making process, there is the need to develop a
method to assess the position of research on
the translational pathway. The identification of
key points for the dissemination and applica-
tion of biomedical research plays an important
role in monitoring the progress of biomedical
research and the flow of knowledge through the
translational process, allowing us to assess the
impact on public health and the effectiveness
of the grant programs. Although it is possible to
evaluate the translational progress of anindi-
vidual work, there is no standard method to
assess whether research areas, medical spe-
cialties, institutions or even nations are pro-
gressing on the bench-to-bed translational
objectives [30]. For this reason, quantitative
monitoring of this process is considered a trou-
blesome task, and a special research effort
should be focused on this purpose [25, 31].

Traditionally, an extended way to measure
translational progress consists of analyzing
how clinical articles cite basic science discover-
ies. It is noted that if the transformational dis-
covery has a significant impact on human
health, basic articles containing those discov-
eries tend to be cited by clinical articles.
Nevertheless, there is a complex relationship
between early scientific outcomes and the sub-
sequent treatments to which they finally lead
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[16, 32], and this way of measuring could
undervalue the subset of basic biomedical
research that lacks a direct link to clinical medi-
cine [12].

Patents have also traditionally been used as a
possible unit of analysis to measure transla-
tion. However, the use of patents presents
some serious drawbacks, such as the time to
know whether it will be used commercially and
the subsequent uncertainty [9]. In contrast,
articles need less time to publish the results
obtained from a research study [33]. For this
reason, although there have been papers that
have linked research funding to their patent-
related output [34], articles allow earlier analy-
sis of the impact of translational research
investment. In addition, bibliometric and cita-
tion analysis allows us to know how the knowl-
edge generated is related and dispersed among
authors, institutions, and even disciplines [35].
Several authors have developed methods to
measure translation of publications using a
bibliographic-based approach instead of
patents.

The methods included in the present system-
atic review make up this set of methodologies
attempting to identify and classify translation
of the different levels of the biomedical litera-
ture. Unfortunately, there is no consensus on
which one offers the best results [8, 23]. The
choice of a method should be cautious and
may depend on different factors and variables,
such as the available data and information or
the final purpose of the measurement. The
combined use of several methods or indica-
tors is recommended to provide more robust
results [9, 22], as each method presents some
strengths and limitations. In this context, a sys-
tematic review of the literature is necessary to
bring together all the proposed methods and
synthesize their particularities, advantages,
and weaknesses. After critically reviewing the
available literature, these methods can be
divided into descriptor-based and citation-
based classification methods.

One of the most relevant methodologies based
on the use of controlled descriptors is the
Triangle of Biomedicine [21], a method that has
already been used by some authors to capture
the degree of translation [36]. This graphical
approach allows to visualize in a trilinear space
the translational status of a set of documents

Am J Transl Res 2022;14(4):2697-2708



Identification of biomedical translation

representing a research area, and even to track
the evolution of a research area along the
translational path over time. However, the use
of PubMed Central (PMC) and Relative Citation
Rate (RCR) as a measure of citation, although
they can provide valuable additional informa-
tion [37], may imply an underestimation com-
pared to other databases, such as Web of
Science or Scopus [21]. Other limitations of this
method are those inherent to the use of the
MeSH terms. These expert-assigned terms are
not immediately available, as they take a while
to be assigned to each article and may change
in time as nodes and subtrees also change,
splitting, merging, or introducing new descrip-
tors. This may result in a percentage of docu-
ments that cannot be classified, as authors
reported themselves [21]. In fact, several
authors tried to solve some of the major draw-
backs of this technique, assuming its relevance
in the translational classification task [9, 12,
22].

As an alternative, uncontrolled descriptors can
also be used. Although heterogeneous, these
units of analysis may provide more complete
and immediate information about the content
of the research. In the past, experts in a spe-
cific field were required to manual curation of
the later biomedical literature to track knowl-
edge flow from bench to bedside. These kinds
of analyses had a huge time and effort cost,
especially, with large databases. With the
recent development of algorithms and advanc-
es in the processing and availability of data,
this challenge tends to disappear, giving
the opportunity to measure and analyze the
progress of biomedical research on a large
scale [12, 22, 38]. However, this should be
approached with caution, as experts might
identify translational progress that is not
reflected in the features that the machine learn-
ing systems work with [12]. Although metrics
alone should not replace human supervision,
this automated method of assessing transla-
tion can be an acceptable way to optimize the
evaluation process [12]. Currently, several
methods were proposed that belong to this
group of machine learning-based methods [12,
23, 24]. Further work showed the usefulness of
this type of approach using embedded words
and how the use of custom embedded words
increases the performance of this method [39].

Machine-learning algorithms tend to identify
the translational status of articles with a high
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level of discrimination and high accuracy [24].
Nevertheless, they could eventually become
obsolete because of the change of classifica-
tion over time, requiring a periodic update [12,
21, 23, 40]. Moreover, it is important to con-
sider that the set of words featured in machine
learning methods does not fully capture seman-
tic or syntactic information. Also, supervised
learning algorithms highly depend on a well-
characterized training set. A lack of a well-doc-
umented corpus of each stage of the transla-
tional spectrum can cause difficulty in distin-
guishing between the different levels of transla-
tion [24]. In this sense, it can be assumed that
these difficulties may be resolved in the near
future.

On the other hand, other methodologies use
citations as the unit of analysis of translational
profile [9, 12, 25]. Some of these methods
need a previous classification using publication
types [25], journals [9] or descriptors [12],
although the use of publication type may not be
entirely accurate reflecting the true nature of
the actual research conducted [25]. These
methods seem to be more reliable and accu-
rate, as they do not overestimate the number of
translational research publications compared
to MeSH terms-based methods [25].

Other advantages of citation-based methods,
such as the TS Score, besides those mentioned
above, are that they can apply to other research
fields, can complement other metrics used for
evaluating translational impact, and have a
simple interpretation [9]. Even these methods
present an acceptable sensitivity as they can
obtain good reliability in documents with at
least five citations. Nevertheless, the TS score
depends on forwarding citations, a limitation
shared by other forward citation-based mea-
sures, such as APT [12] or Han’s secondary
translational research measure [25], which
could lead to a delay in the proper measure
estimation [9].

Some of these citation-based methodologies
use machine learning; this method allows one
to perform a dynamic temporal evaluation of
translational sciences, obtaining a graphical
representation of these results. The APT score
and other related indicators of all the publica-
tions available in PubMed can be calculated on
the following website https://icite.od.nih.gov/
analysis [12].
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Overall, the methods discussed above try to
classify publications into some predefined
categories, performing qualitative analysis.
However, quantitative approaches have also
been described. In this sense, the Level Score
was proposed to quantitatively evaluate arti-
cles and place them on the continuum spec-
trum of translational research, currently being
the only method that provides this feature [22].
The limitations of this method are those of
MeSH terms, previously mentioned. Also, when
performing the citation analysis, there was a
significant loss of articles, because of it uses
a database for obtaining the publications
(PubMed) and another for the citations (Web of
Science) [22].

Although the present systematic review pro-
vides relevant insight into this emerging field,
we need to name some limitations. The first
shortcoming is related to the bibliographical
databases. The results were conditioned by the
search queries and the search engine that
employed each database. Nevertheless, a
detailed process is reported to make this study
more reproducible. Another limitation is related
to the information provided by the authors. Not
all the documents reported similar information
about the validity or reliability, making the com-
parison between methods difficult. Thus, it
would be interesting to perform an experimen-
tal comparison of the different methods pre-
sented in this review applied to a standard set
of documents. Furthermore, it is necessary to
develop further translational studies that
enable their adequate characterization, and
consequently, support testing the performance
of these methods more accurately.

In summary, there are few methods aimed at
consistently measuring biomedical translation.
Nonetheless, we found two groups clearly
defined in our review, depending on whether
they are based on descriptors or citations. All of
them present limitations that need to be con-
sidered. Some of these limitations are related
to the bibliographic databases or other time-
dependent features (e.g., changes in MeSH
terms or citation data). In this sense, there is
still a lack of a gold-standard method for this
purpose. The development of methods using
information belonging to basic document meta-
data, instead of specific information provided
by external databases, would be more consis-
tent, as basic metadata are immediately avail-
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able and remain constant. Undoubtedly, a
method that reflects the accurate translational
pathway of the different research develop-
ments will be crucial for policymakers and
administrators to promote advances in science
with application in daily clinical practice.
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