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Measuring productivity in the healthcare 2
sector: a bibliometric and content analysis
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Abstract

Background Productivity in the healthcare sector has evolved as an appealing research topic in the last few years.
Despite the growing interest, the extant scientific literature mostly concentrates on methodologies rather than
theoretical and practical insights. Although diverse methodologies provide valuable quantitative wisdom, their
application is often misaligned with broader economic theories or healthcare purposes, limiting their contribution

to advancing theoretical and practical understanding of efficiency and productivity in healthcare systems. In this
respect, the current study endeavors to bridge the research gap concerning the lack of a comprehensive overview of
productivity measurements in the healthcare sector.

Methods We investigate this concern through a bibliometric and content analysis of articles published on healthcare
productivity measurement techniques in the Web of Science database between 2003 and 2023. We provide a
quantitative and critical analysis of conceptualization, methods, findings, and implications of the selected published
articles concerning productivity measurements in the healthcare sector.

Results Our research discovered that the sanitary crisis generated by COVID-19 boosted the publication of scientific
papers on productivity measurements in healthcare, with Europe emerging as a leading region in publication output.
Although Data Envelopment Analysis and the Malmquist Index monopolize the range of measurement techniques
used to quantify productivity, current research highlights the requirement for alternative methodologies to grasp the
multidimensionality of healthcare productivity, including its interaction with quality and technological progress.
Conclusions We raise awareness that future efforts should prioritize multidimensional and context-sensitive
approaches to measuring healthcare productivity, balancing efficiency, technological progress, and quality of care.
Policymakers should focus on designing context-specific policies tailored to regional challenges and promoting
targeted research funding to explore underrepresented areas of healthcare services.
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Introduction

Productivity in the healthcare sector has become an
evolving research topic since the COVID-19 pandemic.
Increased efficiency and better resource allocation are
still considered potential solutions to the sector's chal-
lenges, positively contributing to the healthcare system's
financial stability [1, 2] and increasing patient satisfaction
3, 4].

Despite the growing interest, productivity remains a
challenging indicator to quantify and unify in a single
definition or calculus method, raising countless contro-
versies in numerous studies that have tried to pinpoint
the ideal method to quantify and diagnose it [5, 6]. In this
realm, Hollingsworth's [7] scientific work emphasizes a
potential research gap insufficiently debated in existing
studies: the supply of healthcare productivity research
papers increased significantly, while the demand did
not follow the same pathway. The seminal work of Hol-
lingsworth [8] debates the “have data— must analyze”
concern about the need to deliver suitable policy implica-
tions for interested parties without being pressed by the
data collection tools and novel mathematical techniques
to quantify productivity in the healthcare system. This
concern relies on over-interpreted data, which may lead
to potentially inconsistent information with destructive
effects [7]. In these circumstances, a survey of scientific
studies on productivity measurements in the healthcare
sector would enrich knowledge and grasp of the exist-
ing research gaps and concerns by providing valuable
insights for policymakers that may attenuate the damag-
ing effects of over-interpreted data.

As stated, the extant body of healthcare productiv-
ity studies concentrates more on methodologies than
theoretical insights. Although these approaches provide
valuable quantitative wisdom, their application often
misaligns with broader economic theories or health-
care purposes, limiting their contribution to advancing
theoretical and practical understanding of efficiency and
productivity in healthcare systems. The present research
objective is to tackle this underexplored area by render-
ing a structured and encompassing overview of pro-
ductivity measurements in healthcare by combining
methodological rigor with theoretical insights to provide
a comprehensive understanding using a robust analytical
approach: bibliometric and content analysis of articles
published between 2003 and 2023 in the WoS database
on healthcare productivity measurement methods.

Present research acknowledges a significant contribu-
tion to literature from multiple perspectives. Firstly, this
study fills the research void by providing a holistic per-
spective of the productivity measurement sector. Sec-
ondly, the dual perspective of the bibliometric analysis
performed through performance analysis and science
mapping facilitates the summarization of the research
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metrics, highlighting the structural features of scientific
research by quantifying and visualizing their configura-
tion and interconnections. Thirdly, our research moves
beyond existing studies by employing content analysis to
systematically explore how productivity is conceptualized
and measured within the healthcare sector, enabling the
identification of key themes, research trends, and meth-
odologies related to productivity measurement. Last, it
provides valuable insights to healthcare policymakers by
advancing practical and theoretical dimensions of health-
care productivity measurement.

In this respect, the rest of the paper is structured as
follows: Section II describes the materials and methods
used for the analysis. Section III presents the bibliomet-
ric and network analysis methods. Section IV discusses
the results of the content analysis. Finally, findings, con-
clusions, and limitations are discussed in Section V.

Materials and methods

Data

To gather bibliometric data, we used the Thomson
Reuters Web of Science (WoS) database because of mul-
tiple reasons. Compared with other scientific databases
(e.g., Scopus, EBSCO, Google Scholar) that include a
high number of publications, WoS is recognized as a
foremost quality database in the academic environ-
ment, that encloses standardized and consistent articles
[9] indexed by the International Scientific Indexing (ISI)
[10]. Furthermore, the WoS scientific database delivers
articles from various fields and thematic research areas,
being reported as a relevant database for interdisciplinary
literature reviews [11]. Also, the WoS database provides
metadata like abstract, authors list, affiliation, number
of citations, authors' country of origin, and references,
which are necessary for a bibliometric analysis [12]. This
feature does not apply to multiple available scientific
databases.

Concerning the bibliometric analysis-based articles
published in the social science area, numerous out-
standing bibliometric studies rely only on one database,
either WoS [13-16] or Scopus [17-19], to mitigate likely
homogenization concerns driven by the consideration of
multiple distinctive databases [20]. Besides, searching up
on solely one database eliminates the expected bias gen-
erated by the utilization of multiple databases [21].

Additionally, our science mapping procedure relies on
co-citation analysis that examines the references reported
in the bibliography list of our considered sample articles.
This aspect facilitates the exploration of additional publi-
cations from other databases, which may be overlooked
during the standard articles search process.

Because of the aforementioned reasons, we advo-
cate that the WoS database has more standardized and
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consistent records than other databases [9]. Conse-
quently, we selected WoS for our research analysis.

Following this, we formulated the search query “pro-
ductivity measured in healthcare” in the titles, abstracts,
and keywords of the indexed articles. The search was
carried out in January 2024. A preliminary investigation
identified 1334 articles. We shortlisted only articles writ-
ten in English. We decided to keep only journal articles
that were double-blind peer-reviewed to ensure a high
academic and scientific quality of our sample, so we
excluded conference papers, review articles, and book
chapters. Pursuing the procedure shown in Fig. 1, we
considered 47 articles for our final database.

Methods
The research methodology considers two complementary
approaches: bibliometric and content analysis.

Records 1dentified from WoS Record:crreex::;e; before
datab ——» = .
(nzial ;;Z) Records marked as ineligible
by automation tools (n = 183)
Records screened Records excluded based on
) titles and abstracts screening
=1151
(@ ) (n = 1090)
Records sought for retrieval Reports not retrieved
(n=161) | ’ n=0)
Reports excluded (other
Reports assessed for languages than English)
eligibility (n =61) —
(n=14)
v
Studies included in review
(n=47)

Fig. 1 Literature collection flow
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Bibliometric analysis is intensively used to analyze pro-
ductivity measurement, specifically referring to the med-
ical sector [18, 22—-24]. As mentioned, the bibliometric
approach considers two research directions: performance
analysis and science mapping [25]. The performance
analysis investigates articles-related metrics, countries
and regions’ scientific production, authors' and institu-
tions® performance, sources, and keywords analysis. Sci-
ence mapping is accomplished through co-authorship,
co-citation, and co-word analysis. The bibliometric anal-
ysis was performed using the bibliometrix package [26]
and the biblioshinny web application - tools from the R
software [27], version 4.4.1 for Windows.

Content analysis aims to systematically explore how
productivity is conceptualized and measured within
the healthcare sector. This approach involves reducing
the large volume of data from the analyzed papers into
manageable categories [28], enabling the identification
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Table 1 Descriptive statistics
Database No. of articles Time period Document average No. of publishing Average citation Highest
age sources per article number of
citations
per article
WoS 47 2003-2023 84 38 2943 478

Annual Scientific Production
Articles

Fig. 2 Research progress between 2003-2023

of key themes, trends, and methodologies related to pro-
ductivity measurement. To ensure consistency and rigor,
a predefined coding framework is developed based on
a preliminary review of the literature. The articles are
coded according to the following categories: healthcare
level productivity (e.g., system-wide productivity, spe-
cific departments productivity), research provenance
(e.g., international cooperation, local expertise), tools
and methods used in productivity measurement (e.g.,
Data Envelopment Analysis, Malmquist Index, etc.),
external factors (e.g., economic crises, health policies,
etc.), organizational and workforce impact (e.g., physi-
cians roles, organizational practices, etc.) and healthcare
quality (e.g., safe practices, quality objectives). Through
this analysis, the study aims to identify commonly used
productivity metrics in healthcare settings, examines
the various methods employed for measuring productiv-
ity, and emphasizes research trends over time, such as
shifts toward quality-based care and the increasing use of
technology.

Bibliometric analysis

Performance analysis

Articles-related metrics

Our database comprises 47 articles published between
2003 and 2023 in 38 distinct scientific journals. Descrip-
tive statistics are presented in Table 1. As can be seen,
the mean number of authors per document is 4.04,
and 29.79% of articles are published in international

Average Citations per Year

Citations

2003 2005 2007 2000 201 2013 22018 2018 2020 202
Year

co-authorship. The documents® average age is 8.4, and
the average number of citations per article is 29.43.

The highest number of published articles is in 2007
(14.89%). In that period, a survey related to primary care
physicians and patients from six nations identified that
even if the USA invests an important budget in health-
care, it performs lowest in quality, access, equity, and
healthy lives, compared to analyzed countries [29]. These
outcomes raised the question of efficient resource alloca-
tion at the international level, which may also be reflected
in the number of studies published in that year.

Figure 2 presents research evolution year-wise, and
concerning the period under consideration, we observe
that over half of the articles (51.06%) were published in
the last five years. Consequently, we deem that productiv-
ity measurements in the healthcare sector have become a
topic of growing interest since the 2019 pandemic sani-
tary crisis. Regarding the number of citations, most were
in 2008, 478 sources with a mean value per year of 28.12.
Existing analyses of bibliometric research [30—32] have
shown that published articles need at least two or three
years to accumulate several citations that may be reliable
for a bibliometric study. Therefore, it is not surprising to
find a high number of citations in older articles.

Countries and regions scientific production

The scientific performance by regions considers the
countries of authors" affiliations. Each country is counted
only once, even if multiple authors from the same region
authored the paper [14]. If a paper is in international
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collaboration, it is attributed to all the countries of its
co-authors [33]. Europe is distinguished as a domi-
nant region with 60 (42.25%) published papers, Sweden
and the Netherlands, two countries that have actively
engaged in reforms of the healthcare system in the last
two decades [34-36], are the most productive countries.
Important scientific production is encountered in North
America, the United States counting 43 (30.28%) research
articles. Subsequently, 25 (17.61%) articles are authored
by Asian researchers. Minimal scientific production is
reported in South America (4.93%), Australia (4.23%),
and Africa (0.70%). Figure 3 presents the country's scien-
tific production.

Concerning the total citations, Australia achieves the
most, 523 (37.82%), with an average article citation of
174.3, followed by North America with 335 citations
(24.22%) and an average article citation of 23.9. The
Netherlands is the most cited country in Europe, with
123 citations (8.89%) and an average article citation of 41.
In Asia, China has the highest academic influence, with
the greatest number of citations: 91 (6.58%).

Cross-country collaboration analysis reveals that most
research partnerships were established by the United
States (with Austria, China, Germany, Iran, Korea,
and Malaysia), followed by Sweden, which cooperated
with China, Egypt, Finland, and Norway. In the last
decade, the collaboration between the USA and China
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in publications has strengthened because of China's
growing scientific and technological capabilities, such
as advanced research and development investments and
high academic rankings [37, 38]. Meanwhile, until 2012th
was a period of intensified collaboration between South
Korea and the USA, which declined in the last years
because South Korea increased its partnerships with
other Asian regions [37]. Figure 4 graphically presents
the countries® collaboration world map, while Table 2
summarizes cross-country research partnerships.

Authors performance
In our sample of articles there are 183 distinct authors,
with an average of 4.04 authors per document. Only two
authors contribute with a single-authored document.
Interestingly, most authors (96.72%) contribute with a
single article on productivity measurement in healthcare
topic, and only one author contributes with three articles.
Considering the number of research articles written
by the most prolific authors, investigating productivity
measurement in health seems to be a topic of occasional
curiosity rather than a research specialization. Accord-
ing to their current affiliation, most productive authors
belong to the American and European continents. Even if
in Europe, Sweden and the Netherlands are the most pro-
ductive countries in terms of number of published arti-
cles, no author from these countries emerged as a prolific

Country Scientific Production

Fig. 3 Country scientific production
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Fig. 4 Countries collaboration world map

Table 2 Cross-country collaboration

(2025) 15:24

From To
Brazil Portugal
China Egypt
United Kingdom
Germany Malaysia
Iran Germany
Malaysia
[taly Switzerland
Korea Vietnam
Netherlands Chile
Sweden China
Egypt
Finland
Norway
United Kingdom Australia
[taly
USA Austria
China
Germany
Iran
Korea
Malaysia
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Latitude

author. Hollingsworth Bruce, professor of Health Eco-
nomics at the Faculty of Health and Medicine, Lancaster
University, comes out as the most prominent researcher
with three articles and 497 citations. One of his articles
[7], published in 2008th, which reviews published papers
on frontier efficiency measurement in health care deliv-
ery, proves an impactful research in the domain, counting
a total of 1042 citations at the end of 2023 on the Google
Scholar platform. Chou Shin-Yi, Kittelsen Sverre A.C,,
Ford Eric W., Huerta Timothy, and Thompson Mark A.
have each published two articles, but their number of
citations is comparatively lower. Table 3 summarizes the
author's overall performance.

Institutions performance

A total of 108 academic organizations published papers
in our sample data, 73.15% contributing with only one
article. Productivity measurement in healthcare emerges
as a topic of interest mainly in technical institutions. The
most productive institution is Erasmus University Rot-
terdam from the Netherlands with ten published articles
of which four are attributed distinctively to the Medical
Faculty of Erasmus University Rotterdam. In the second
position, based on the number of published papers, is
Universidade de Sdo Paulo from Brazil, with five papers.
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Table 3 Authors overall performance

Author First No.of  Total Current H-In-
Publi- articles Citations Affiliation dex
cation (in
Year WoS)

Holling- 2008 3 497 Lancaster 24

sworth Bruce University
Chou Shin-Yi 2016 2 33 Lehigh 22
University

Ford Eric W. 2011 2 8 Univer- 49
sity of Alabama
Birmingham

Huerta 2011 2 8 Ohio State 24

Timothy University

Kittelsen 2017 2 17 Frisch Centre 14

Sverre AC.

Thompson 2011 2 8 Augusta 16

Mark A. University

Table 4 Institutions performance

Rank Organization Country No. of Qs

articles  Ranking*

1 Erasmus University ~ Netherlands 10 176

Rotterdam
2 Universidade de Sdo  Brazil 5 85

Paulo
3 Texas Tech University  USA 4 801-850
4 Texas Tech University USA 4 -

System

5 Lehigh University USA 3 548

6 Monash University Australia 3 42

7 Oregon Health And ~ USA 3 -

Science University
8 Scuola Superiore [taly 3 -
Sant’anna
9 Umea University Sweden 3 465
10 University of North  USA 3 132
Carolina at Chapel
Hill

*QS Ranking- QS University Ranking 2024

According to the 2024 QS University ranking, only
two institutions are in the top 100 positions. Moreover,
just seven institutions out of ten are included in the QS
World University Ranking 2024. Table 4 ranks the most
productive academic institutions.

Sources analysis

The analyzed articles are published in 38 distinct publica-
tions, with 84.21% of scientific journals publishing only
one paper. Health Policy is the leading journal concerning
the number of published articles, while Health Econom-
ics records the highest number of citations, respectively
478. Table 5 presents a list of the first six journals in
terms of publications and citation counts. As can be
observed, most papers are published in journals from the
medical field without any interdisciplinary approach.
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Table 5 Contributing journals as per number of articles and
citation counts
Journals as per number of

Journals as per number of

articles citations
Journal No. of Journal No. of
articles citations

Health Policy 4 Health Economics 478

BMC Health Services 3 Journal of Occupa- 134

Research tional and Environmental
Medicine

BMJ Open 2 Pharmacoeconomics 88

INQUIRY: The Journal 2 International Journal of 81

of Health Care Orga- Productivity and Perfor-

nization, Provision, mance Management

and Financing

International Journal 2 BMC Health Services 71

of Productivity Research

and Performance

Management

Social Science & 2 Journal of the Royal 62

Medicine Society of Medicine

Keywords analysis

The keyword analysis reveals that the most frequently
used keywords and their root keywords are relevant to
measuring productivity in the healthcare field. “Produc-
tivity” emerges as the most used keyword (17 occurrence
frequency). “Healthcare” appears in the second position
concerning the most used keywords (10 occurrence fre-
quency). On the third position is identified “data envel-
opment analysis” trigram (9 occurrence frequency), and
it has two root keywords: “data envelopment analysis
(DEA)” and “data envelopment analyses” The rest of the
most used keywords and their root-keywords deal with:
“efficiency’, “cost’, “quality” and “Malmquist productivity
index”. Figure 5 presents the word cloud of the most fre-
quent keywords.

Science mapping

Co-authorship analysis

Co-authorship analysis allows research networks identi-
fication by considering the researchers” scientific back-
ground, research interest, and geographical residence.
Our data conveys the existence of 15 clusters, as pre-
sented in Fig. 6.

The first cluster (in red) includes American research-
ers interested in healthcare and economic sciences. The
second cluster (in blue) is geographically limited to the
USA and is an interdisciplinary collaboration between
scientists focusing on healthcare, health economics, pro-
ductivity, networks, and econometric methods. The third
cluster (in green) is also limited to the USA, the academic
researchers being interested in the medical field.

The fourth cluster (in purple) comprises two authors
from the public administration sector and is geographi-
cally limited to Brazil. The fifth cluster (in orange) is
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Fig. 6 Co-authorship clusters

limited to Taiwan and includes academics with a sci-
entific focus on health care. The sixth cluster (in dark
orange) includes academics with a Netherlands affiliation
specialized in health, well-being, welfare, and behavioral

Y

/8 ::@

nand

hollingsworth b

economics. The seventh cluster (in light pink) includes
authors from Sweden with an interest in medical sci-
ences and cognitive neuroscience. The eighth cluster (in
light grey) presents a collaboration between academics
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of Italian and British nationalities with scientific inter-
est in econometrics, health economics, health perfor-
mance, efficiency, and productivity. The ninth cluster
(in mint green) is geographically limited to Norway and
includes academics interested in healthcare services. The
tenth cluster (in light orange) includes researchers with
an interest in public policy and economic measurements
from the United Kingdom. The eleventh cluster (in light
blue) presents a collaboration between authors with Brit-
ish and Australian affiliations, interested in public health,
health economics, and quality of life.

The twelfth cluster (in dark pink) is limited to Sweden,
similar to the seventh cluster, and it includes academics
with an interest in healthcare and occupational medicine.
The thirteenth cluster (in light green) is limited to China
and includes researchers interested in epidemiology and
pandemics. The fourteenth cluster (in yellow) comprises
only authors with a USA affiliation, specialized in pal-
liative care and health system finance. The fifteenth clus-
ter (in dark grey) is limited to the United Kingdom and
includes academics specialized in medical sciences.

The fact that most clusters are formed by health care
specialists supports the assumption that the interest is
in identifying suitable policies to improve productivity
in this sector. Therefore, the research interest does not
intend to be mainly academic but an endeavor to pin-
point potential solutions to increase productivity.

Co-citation analysis

Co-citation emerges when two articles are cited by a third
scientific paper [26]. This method emphasizes the intel-
lectual design of a specific domain [39, 40] by promoting
the identification of thematic clusters that incorporate
network nodes, i.e., cited papers, and edges representing

Fig. 7 Co-citation analysis of references

%’&
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co-citation networks [41, 42]. Centrality indicator devel-
oped by [43] is used in this process by implementing two
calculation methods: betweenness [44, 45] and closeness
[46, 47].

Betweenness relates to the control that some authors
manifest in the communication process of other coun-
terparts and their capacity to restrict this process [48].
Closeness measures independence, that is the capacity to
interact with counterparts without intermediaries [48].

The co-citation analysis was carried out with 50
nodes and walktrap as clustering algorithm [49]. The
results exhibit a network with three significant and cen-
tral nodes, as presented in Fig. 7: “farrell mj 1957” [50]
(betweenness  centrality=265.789),  “hollingsworth
b 2008” [7] (betweenness centrality=225.349) and
“charnes a 1978” [51] (betweenness centrality =216.983).
The paper published in 1957 by [50] intends to iden-
tify a reliable measurement of productive efficiency.
Hollingsworth's academic research [7] provides a review
of published papers on the measurement of productivity
and efficiency in the healthcare sector. The 1978 paper
authored by Charnes [51] is a very cited paper on a scalar
estimate of the efficiency of not-for-profit entities.

The result of co-citation analysis identifies ten clusters,
as presented in Fig. 7, of which four include only one
paper. One of those studies analyses whether participa-
tion in the Taiwan Quality Indicator Project (TQIP) led
to improvements in hospital quality and operational
efficiency using DEA. Another paper explores the rela-
tionship between hospital ownership and operational
efficiency in Taiwan using DEA and finds out that private
hospitals generally operate more efficiently than public
ones, a result that may reflect differences in case com-
plexity or service focus rather than better management
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of private hospitals. Another research article tackles the
methodological challenges of two-stage procedures for
analyzing productive efficiency, proposing bootstrap
methods that improve statistical inference and enhance
estimation accuracy through Monte Carlo simulations,
while one last study explores how strategic and structural
characteristics impact the efficiency of U.S. hospital sys-
tems using stochastic frontier analysis.

Considering the rest of the clusters, the largest is the
first one (colored in red), which consists of 16 papers
concentrated on measuring and analyzing efficiency
within the healthcare sector using DEA. Several articles
emphasize the importance of considering quality along-
side efficiency, and many involve cross-national or cross-
institutional comparisons, particularly among OECD
nations, to benchmark performance and identify best
practices.

The second largest cluster is the third one (colored in
green), which contains ten articles that utilize non-para-
metric methods to assess efficiency. Several emphasize
the critical role of advanced statistical techniques, such
as bootstrapping, in improving the reliability and robust-
ness of efficiency measurements. A few examine how
technical progress and innovation influence efficiency
changes over time, especially in industrialized econo-
mies. One article focuses on developing software tools
to support the practical application of efficiency analysis
methods.

The third cluster comprises three papers (colored in
orange) that discuss the efficiency of public health in the
period 2008-2016 in some European regions. The rest
of the clusters are composed of two academic research
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'
'
'
'
'
'
pe‘Hormance measurement

Development degree
(Density)
'
'
'
'
'
'
'
:
Y
@
3
%
3
%
|
'
'
|
'
'
|
'
I
'
'
'
'
'
I
I
'
'
I
'

Page 10 of 19

papers, out of which one cluster (colored in blue) com-
prises papers that use DEA approach to measure the
efficiencies of US hospitals. In contrast, another cluster
(colored in purple) concentrates on the impact of this
financial reform on hospital productivity. The last cluster
(dark orange) comprises papers that analyze productivity,
efficiency, and technological changes in hospital services.

Co-word analysis

Co-word analysis describes a technique meant to explore
the co-appearance of essential notions in the keywords,
abstracts, and titles, assuming that concepts that appear
repeatedly together reveal thematic connections [25].
This procedure enables the visualization of conceptual
clusters [41].

We realized a thematic map by plotting the bigram
terms from the paper abstracts into four quadrants con-
sidering centrality and rank scores. Centrality relates to
the interaction between networks and estimates the sig-
nificance of a concept in a specific area. Density mea-
sures the group inner strength and determines the level
of development of a subject [52, 53]. The frequency of the
notions and the number of related documents determine
cluster size.

Thematic map categorizes thematic clusters into motor
themes, niche themes, emerging/declining themes,
and basic themes [52]. Figure 8 presents graphically the
results of the co-word analysis.

The motor themes cluster includes well-developed
notions in the analyzed domain [52]. In our analysis,
the motor themes quadrant comprises multiple clus-
ters. The most prominent ones are “data envelopment”

Motor Themes

healthcare system

information technology

performance indicators

'
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Fig. 8 Social structure: co-word analysis
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(density=90.402, centrality=14.671) and “healthcare
system” (density=137.164, centrality=23.413), fol-
lowed by “information technology” (density=135.606,
centrality=10.472) and “performance indicators” (den-
sity =97.222, centrality =4.778).

The niche themes group considers technical and mar-
ginal notions in the overall field [52]. “Developed mea-
sures” cluster (density = 89.286, centrality = 0.500) is at the
border between niche and emerging or declining themes.

The emerging or declining themes cluster assumes top-
ics characterized by low density and centrality [52]. The
most prominent clusters are “measure productivity”
(density =87.500, centrality=2.667), “care sector” (den-
sity=83.333, centrality=0.500) and “electronic health”
(density = 83.333, centrality = 0.500).

The basic themes quadrant considers topics charac-
terized by high density and centrality [52]. These topics
are important to the research domain but appear unde-
veloped. “Productivity measurement” (density = 137.500,
centrality = 3.708) cluster is at the border between emerg-
ing or declining themes and basic themes.

Co-word analysis reveals no niche themes debated
in the investigated articles. Lacking specific notions or
detailed conceptualization, the bigram terms from the
paper abstracts appear to describe generic concepts.

Beyond the descriptive statistics that we gathered
through the bibliometric analysis, we witness that even if
most of the papers were in partnership between health-
care specialists, productivity as a research subject seems
to be more a topic of occasional inquisitiveness rather
than a research specialization, an aspect verified by the
number of articles written on this topic by the investi-
gated authors and also by the general notions analyzed
through their research.

However, our bibliometric analysis alone does not
allow us to determine whether any conclusive theoreti-
cal and empirical implications emerge from these studies.
For an overall picture, we refer to a structured content
analysis in the following section.

Content analysis
To complement the bibliometric analysis of the scien-
tific papers included in our study, this section presents
a content analysis to understand better how different
aspects of healthcare productivity are explored in the
analyzed literature. We examine not only the themes they
address within the context of healthcare productivity and
whether the definitions of productivity across the studies
are consistent or conflicting but also the specific health-
care departments where productivity was measured.
Additionally, we consider the authors® country of origin
in terms of the healthcare system they studied.

Regarding the focus of the analyzed papers within the
healthcare sector, 32 papers examine productivity across
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the entire healthcare system. The emphasis on system-
wide productivity likely reflects a predominant interest
in examining broader factors that influence efficiency
and performance across the healthcare sector. Addition-
ally, data availability at the level of the entire healthcare
system may be more extensive compared to that from
individual units or departments. In contrast, two papers
specifically concentrate on surgical departments [54,
55], and another two focus on emergency departments
[56, 57]. The remaining studies target various specialized
areas, including orthopedic departments [58], traditional
Chinese medicine [59], palliative care [60], rehabilita-
tion [61], maternity care [62], dental care [38], teaching
hospitals [63], and Veterans Affairs [64] departments.
The limited focus on specific departments suggests that
these areas may be underexplored in terms of productiv-
ity analysis, highlighting the need for further research
in these specialized fields. This distribution indicates a
potential need for more balanced research efforts that
not only address broad systemic issues but also investi-
gate individual departments, which may present distinct
productivity challenges and opportunities. Such targeted
research could provide unique insights that broader, sys-
tem-wide analyses may fail to capture.

Next, understanding the provenience of authors in
relation to the countries where studies are conducted
can reveal the extent of international cooperation, the
influence of local expertise, and the potential for cross-
cultural exchange in addressing specific healthcare chal-
lenges. In 27 of the analyzed papers, the authors are from
the same country where the study was conducted. In
the papers focusing on multicountry studies (11 out of
47), the authors are from one of the countries included
in the research. In the remaining articles, there is a col-
laboration between authors from the host country and
those from other countries. The fact that over 57% of the
articles feature authors from the same country where
the study was conducted suggests a strong reliance on
local expertise and a deep understanding of the spe-
cific healthcare context. This local focus likely results in
research that is closely aligned with the unique needs
and challenges of that country or region. On the other
hand, the remaining articles underscore the importance
of cross-cultural exchange, where the collaboration of
authors from different countries facilitates the sharing
of ideas, methods, and perspectives. This international
collaboration is crucial for enhancing both the qual-
ity and the broader impact of the research. Three of the
analyzed papers discuss healthcare productivity during
the COVID-19 pandemic, yet none of the authors are
from China. While China was the initial epicenter of the
pandemic, these studies emphasize the global impact
of COVID-19 on healthcare systems across different
regions, highlighting the universal challenges posed by
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the pandemic and the varied responses of healthcare sys-
tems worldwide.

The provenance of authors plays a crucial role in the
context of healthcare productivity bibliometric analysis,
because this provenance often reflects the specific focus
of an author, which aligns with the priorities and context
of the region or culture in which the author resides. In
our research, we observe that productivity is consistently
tied to resource optimization and accessibility, regard-
less of whether the country is classified as low-, middle-,
or high-income. However, when authors originate from
high-income countries, such as the United States [54, 65,
66], Taiwan [67], or Sweden [58], their work frequently
emphasizes resource optimization and accessibility also
through technological advancements (e.g., electronic
health records and other innovative technologies).

Moreover, while all studies prioritize cost-efficiency
and procedural throughput, certain regional and cultural
differences emerge. For instance, studies from Greece
place a significant emphasis on patient satisfaction [68]
and employee satisfaction [69]. Similarly, a focus on
employee satisfaction is observed in a study from Sweden
[70]. These findings underscore the importance of con-
sidering the regional and cultural context of authors in
bibliometric analyses, as such considerations can reveal
distinct healthcare priorities and inform tailored strate-
gies to enhance productivity across diverse settings.

An important part of this content analysis involves
grouping the papers by the themes they address within
the context of healthcare productivity, allowing us to bet-
ter understand the directions in which the authors have
developed this concept. The analysis reveals that the
papers explore healthcare productivity through specific
tools and models used for productivity measurement,
economic and external factors influencing productivity,
the role of information technology, organizational and
workforce factors, and the impact of healthcare quality.
Each of these relationships is briefly discussed below.

Regarding the specific tools and models used in pro-
ductivity measurement, several studies employ standard
DEA [71, 72], along with variations of it, such as hybrid
DEA combined with game theory [73], bootstrapping
DEA [59, 74], or window-DEA [75], which address spe-
cific challenges related to healthcare system productiv-
ity. In essence, DEA focuses on assessing the efficiency of
units by comparing them to the best performers.

Another significant portion of the analyzed papers
measures healthcare productivity using the Malmquist
Index [58, 65, 67, 68, 76—80], which is also a DEA tech-
nique that evaluates changes in productivity over time,
incorporating both technical efficiency and technological
progress or innovation [77]. The remaining studies use
various statistical methods, including different regres-
sion models, standard productivity formulas (e.g., bed
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Table 6 The number of studies by the statistical method used to
measure healthcare productivity

Statistical Method Frequency
Malmaquist Index 16

Data Envelopment Analysis (DEA) 14
Regression analyses 5
Stochastic Frontier Analysis (SFA)

Other methods developed/applied by authors 15

utilization rate), or combinations of DEA, Stochastic
Frontier Analysis, and the Malmquist Index. The num-
ber of papers by the statistical method used to measure
healthcare productivity is presented in Table 6.

Each method has unique strengths and limitations.
Regression analysis is powerful for estimating effects and
predicting outcomes but does not benchmark relative
efficiency. DEA excels in efficiency evaluation by compar-
ing multiple decision-making units (DMUs), but it is sen-
sitive to outliers. Malmquist Index complements DEA by
capturing productivity dynamics, distinguishing between
technological and efficiency changes, but requires consis-
tent longitudinal data. These differences make the choice
of method context-dependent, with regression analysis
being suitable for outcomes prediction, DEA for static
efficiency benchmarking, and the Malmquist Index for
time-series performance evaluation. Each method serves
distinct purposes, and their combined use (e.g., as seen in
[65, 73]) can provide more comprehensive insights into
healthcare productivity and efficiency.

Through these measurement tools, the authors high-
light the potential of models such as DEA and the
Malmquist Index to generate practical implications in
real-world healthcare settings. Below, we discuss some
of the most significant practical steps suggested by stud-
ies included in our database, which can be implemented
in healthcare systems to enhance productivity and effi-
ciency. As highlighted in previous research [71], DEA
is widely utilized to analyze efficiency, identify factors
influencing efficiency, and assess efficiency trends over
time. Building on these insights, the findings suggest that
policymakers can leverage DEA methodologies to evalu-
ate efficiency before and after specific events, such as the
COVID-19 pandemic. Furthermore, employing advanced
DEA models, such as network DEA or Metafrontier DEA,
can provide healthcare managers with a more detailed
understanding of efficiency across various levels of the
healthcare system. Additionally, integrating DEA with
complementary methodologies, such as SFA or game
theory, could yield actionable insights to enhance deci-
sion-making in resource allocation and healthcare man-
agement. Using DEA in their study, some researchers [73]
identify that inefficient healthcare centers could improve
their performance by emulating the decisions and prac-
tices of reference (efficient) units identified through the
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DEA model. Furthermore, the DEA model demonstrates
its capability to recommend specific adjustments, such
as changes in population coverage or personnel alloca-
tion, to achieve better performance. Similarly, the study
conducted in 2022 [81] reveals critical insights for poli-
cymakers designing healthcare system reforms, particu-
larly those involving price negotiations or competitive
mechanisms. For instance, reforms expanding “free price
negotiations” may unintentionally incentivize hospitals to
prioritize high-volume, lower-cost services, potentially
compromising efficiency in teaching hospitals or those
delivering complex care. The study also suggests that hos-
pitals with larger volumes and diverse case mixes tend to
exhibit lower efficiency. However, it identifies an optimal
hospital size (200-400 beds) that achieves a balance for
higher efficiency.

In the European Union, DEA and the Malmquist Index
have been applied to compare efficiency and productiv-
ity among member states. Some authors [82] argue that
investing resources in healthcare infrastructure - such as
constructing new hospitals, upgrading existing facilities,
and acquiring advanced medical equipment - can pro-
mote a positive shift in the technological frontier. Fur-
thermore, addressing healthcare productivity within the
EU requires policies focused on retaining skilled health-
care professionals. This can be achieved by improving
salaries and working conditions to reduce the outflow
of medical staff, while also providing opportunities for
professional growth. The same study underscores the
importance of strengthening data collection and analy-
sis by investing in the creation of unified, high-quality
datasets at the EU level. These datasets should include
critical indicators such as human capital and healthcare
quality metrics, which are often unavailable or inconsis-
tent across countries. For instance, the study was unable
to evaluate patient satisfaction and the quality of health-
care facilities due to the lack of unified data across all EU
member states.

A study on the productivity of township hospitals [74],
emphasizes the benefits of collaboration across different
levels of healthcare. Partnerships between townships,
county, and tertiary hospitals can enhance resource
sharing, expertise exchange, and technology utilization,
thereby reducing inefficiencies and fostering a more inte-
grated healthcare delivery system. Such collaborations
could also address regional disparities by targeting the
specific needs of underperforming hospitals in rural and
resource-constrained areas. Although most of the stud-
ies involve DEA or Malmquist Index to assess healthcare
productivity, these tools also have some context-spe-
cific challenges. Both DEA and Malmquist Index typi-
cally assume a uniform availability of resources across
decision-making units. However, significant disparities
exist influenced by infrastructure limitations, workforce
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shortages, or inadequate funding [51]. Moreover, varia-
tions in healthcare system structures (i.e., public vs. pri-
vate, centralized vs. decentralized) can have a profound
influence on productivity measurement and these models
can fail to fully capture the differences leading to skewed
interpretations [7].

Beyond the tools and methods used to measure pro-
ductivity, a part of the analyzed papers explores how
various economic and external factors influence the pro-
ductivity of healthcare institutions or systems. Economic
crises [54, 68, 83, 84], such as the Great Recession [80]
and the COVID-19 pandemic, had significant impacts
on healthcare productivity, primarily due to resource
constraints, financial pressures, and increased patient
volumes. It was observed that while budget reductions
during economic crises initially improved efficiency, they
eventually led to long-term technological regression and
a decline in quality [68]. To mitigate such effects, adopt-
ing balanced cost-cutting strategies that protect essential
technology investments and allocate funds for sustain-
ing technological advancements is critical for maintain-
ing healthcare productivity. Economic crises also drive
notable shifts in healthcare systems. During the 2008th
financial crisis, Greece experienced a socioeconomic
downturn that severely affected public health and well-
being, with significant repercussions for healthcare pro-
ductivity [85]. Similarly, the COVID-19 pandemic placed
an enormous economic burden on healthcare systems.
In Italy, one of the first European countries hit, opera-
tional costs soared as hospitalization expenses rose with
the complexity of care required [86]. The pandemic also
triggered widespread burnout and mental health chal-
lenges among healthcare workers, resulting in higher
absenteeism, staff turnover, and diminished productivity
[87]. Additionally, while the rapid adoption of telemedi-
cine during the pandemic provided long-term produc-
tivity benefits, it incurred significant initial costs and
was hindered by steep learning curves [88]. Additionally,
health managers and policymakers must give consider-
able attention to the ethical concerns associated with
telemedicine implementation, such as data privacy risks,
inequitable access, and challenges faced by underserved
populations. Privacy concerns involve ensuring proper
data protection, encryption, and obtaining informed
consent, while access disparities arise from inadequate
internet infrastructure, gaps in digital literacy, and afford-
ability issues, necessitating targeted policy measures and
technological assistance. To address these challenges,
healthcare policymakers and managers should focus on
balanced cost-cutting measures that protect critical tech-
nology investments and prevent long-term productiv-
ity declines. Strategies such as the strategic adoption of
technologies, workforce training, mental health support
for healthcare workers, efficient resource allocation, and



Puiu and Bilbiie Health Economics Review (2025) 15:24

proactive technological preparedness are essential for
maintaining productivity during crises, as demonstrated
by the COVID-19 pandemic and the 2008th financial
downturn.

Another part of the studied articles focuses on national
health policies, including variations in funding mecha-
nisms and regulatory frameworks [78, 89], compensa-
tion models, and benchmarking practices [60], as well as
variations in economic integration within the EU, such as
varying levels of funding and cross-border cooperation
[82], that play critical roles in shaping healthcare produc-
tivity outcomes. Additionally, hospital size and case mix
are found to influence productivity, with larger hospitals
generally expected to benefit from economies of scale,
while specialized hospitals face distinct productivity
challenges due to differences in patient types and treat-
ment procedures [79].

Technological advancements and information tech-
nology are key drivers of productivity in healthcare.
Advancements in surgical techniques and standardized
healthcare policies have boosted productivity, particu-
larly in procedures like total hip arthroplasty [58]. Simi-
larly, investments in health information technology (HIT)
are linked to improved hospital productivity and finan-
cial performance, especially when effectively integrated
with hospital operations [66]. A group of researchers [65]
emphasize the importance of selecting HIT vendors that
align with hospital needs, as this significantly influences
total factor productivity (TFP). Another study [62] noted
that while adopting EHRs may initially reduce physician
productivity due to learning curves, long-term integra-
tion into clinical workflows can enhance productivity and
patient outcomes.

Research conducted by [74] underscores the impact of
declining technological capabilities on productivity, sug-
gesting that upgrading medical equipment, integrating
EHRs, and providing technical training can drive TFP
change. Innovative technologies like EHRs, telemedi-
cine, and artificial intelligence (AI) have further advanced
healthcare productivity. For instance, the implementation
of EHRs in U.S. hospitals improved accessibility, accu-
racy, and care coordination by reducing administrative
burdens and enhancing clinical decision-making [90].
Telemedicine adoption by the Veterans Health Admin-
istration reduced interhospital transfers from 3.46 to
1.99%, streamlining care delivery [91]. At Moorfield's Eye
Hospital, Al systems achieved over 94% accuracy in rec-
ommending patient referrals, matching expert clinician
performance, and increasing diagnostic efficiency [92]. In
summary, adopting and effectively integrating advanced
healthcare technologies, along with training staff in their
use, is critical for driving productivity gains and improv-
ing patient outcomes.
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Another part of the analysed papers highlights the
impact of organizational and workforce factors on
healthcare productivity [57]. debate the idea that dedi-
cated teams, particularly in emergency departments,
have been shown to significantly enhance productivity
by improving communication, team cohesion, and more
efficient resource utilization. Similarly, the organization
of physician roles and the provision of adequate admin-
istrative support are critical for maximizing productivity
in healthcare settings, as highlighted in a study on Vet-
erans Affairs medical centers [64]. In primary care, the
adoption of multi-condition care management programs
has been found to increase productivity by streamlining
care processes and reducing redundancies [93]. More-
over, effective organizational practices within surgical
departments, such as optimized scheduling and resource
allocation, play a crucial role in enhancing productivity
by minimizing downtime and increasing the throughput
of procedures [55]. However, the relationship between
workforce incentives and productivity is complex; while
high work attendance driven by strong incentives can
lead to immediate productivity gains, it may also result in
long-term negative consequences such as burnout, ulti-
mately affecting overall productivity [94].

The final aspect explored in some of the analyzed
papers is the interrelation between healthcare quality
and productivity, which is notably complex and context-
dependent [95]. examine this relationship in the dialy-
sis industry, demonstrating that both high productivity
and quality can be achieved through efficient resource
management and technological advancements [76].
investigate the impact of implementing safe practices in
hospitals, finding that such practices can enhance TFP
by reducing errors and improving operational efficiency,
which in turn positively affects quality [77]. analyze the
effects of participating in the Medicare Shared Savings
Accountable Care Organizational Program, revealing
that aligning financial incentives with quality objectives
leads to simultaneous improvements in both productiv-
ity and quality. However, in environments such as nurs-
ing homes and dental practices, it is crucial to carefully
balance productivity with quality to ensure that efficiency
gains do not compromise care standards [96, 97].

In terms of the definitions that can be found in the
analyzed papers with respect to healthcare productiv-
ity, it can be said that they are largely complementary,
with most sharing a common foundation in the effi-
ciency and effectiveness of resource utilization to achieve
high-quality healthcare services. The variations mainly
arise from the different contexts in which productivity is
being assessed, which enriches the overall understand-
ing rather than contradicting it. Each definition adds
a layer of specificity that addresses different aspects of
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healthcare productivity, making the overall concept more
comprehensive.

In terms of the common foundation these articles put
on defining healthcare productivity, most of them agree
that productivity in healthcare is primarily about how
efficiently resources (inputs such as staff, equipment, and
finances) are converted into healthcare services (outputs).
This efficiency is often measured using ratios of outputs
to inputs, such as DEA. Another consensus of the arti-
cles highlights the fact that productivity should not only
focus on the quantity of outputs but also on the quality of
care provided [57, 66—68, 82, 95]. The inclusion of factors
such as patient outcomes, the effectiveness of treatments,
and adherence to clinical guidelines is common across
many definitions. In addition to the commonly accepted
perspectives on healthcare productivity, the analyzed
articles also present complementary views that expand
on the traditional definition. Some definitions incorpo-
rate the role of innovation and technological advance-
ments in enhancing productivity, emphasizing the
dynamic nature of optimizing inputs over time [58, 62,
65, 66], while others emphasize the role of workforce fac-
tors, such as absenteeism, presenteeism, and health con-
ditions, which affect productivity from a human resource
perspective [56, 64, 94, 98—-101]. In addition to direct
healthcare outputs, some definitions include the achieve-
ment of societal goals, organizational effectiveness, and
strategic objectives as part of productivity [61, 65, 101,
102]. Additionally, a few definitions also address the pro-
ductivity of research activities in healthcare, focusing on
the impact of academic contributions and the effective-
ness of research in driving clinical practice improvements
[63, 103, 104].

To sum up, productivity in healthcare is a multifac-
eted concept that varies based on the context in which it
is applied. Definitions often range from basic efficiency
measures, such as the ratio of outputs (e.g., healthcare
services) to inputs (e.g., resources), to more complex
frameworks that incorporate quality, innovation, and
organizational health. For instance, in resource-con-
strained settings, efficiency-focused definitions are cru-
cial for optimizing the use of limited resources, while
in well-resourced systems, productivity measures often
include quality and patient outcomes. Furthermore, pro-
ductivity definitions must align with key healthcare goals,
such as improving population health, enhancing patient
experiences, and ensuring cost efficiency. Definitions
that incorporate quality indicators, such as clinical out-
comes or patient satisfaction, directly support the goal
of delivering value-based care. Input-output efficiency
measures, on the other hand, are essential for achieving
cost-effective resource utilization, especially in systems
facing financial constraints. Additionally, broader defini-
tions that address innovation and workforce satisfaction

Page 15 of 19

contribute to long-term sustainability. Aligning pro-
ductivity with healthcare goals ensures that evaluations
not only measure efficiency but also reflect the broader
mission of improving health outcomes and maintaining
high-quality care.

The studies collectively highlight the complexity of
measuring productivity in healthcare, showing that it
is shaped by a combination of efficiency, technologi-
cal advancements, and quality improvements. The pre-
dominant use of the Malmquist Index and DEA in these
methodologies reflects a focus on tracking changes in
technical efficiency and technology over time. Over
extended periods, healthcare systems generally show
modest productivity gains. For instance [79], reported
a steady annual productivity increase of 1.5% over 16
years, while [58] found variations in productivity, with an
overall annual growth of 1.4%. Additionally, measuring
healthcare productivity is multifaceted, requiring a bal-
ance between efficiency improvements and technologi-
cal or quality changes, as demonstrated by studies from
[68, 76, 77, 79, 82]. A nuanced approach is necessary to
account for both inputs and outputs since different com-
binations of these factors can lead to varying productivity
outcomes, as shown in studies by [54, 79].

Implications, conclusions and future research
Concluding remarks

This paper aims to bridge the gap in healthcare produc-
tivity research by combining methodological rigor with
theoretical insights to provide a comprehensive under-
standing of productivity measurement in the sector.

Through bibliometric and content analysis of 47 arti-
cles published between 2003 and 2023 in the WoS data-
base, the study evaluates the methodologies employed
and their theoretical implications, delivering actionable
insights for researchers and policymakers. The biblio-
metric analysis underlines that the procedure of assessing
scientific research remains a challenging aspect. Through
bibliometric study, we observed that over half of the ana-
lyzed articles were published in the last five years, reflect-
ing the growing interest in healthcare productivity since
the COVID-19 pandemic, a trend also highlighted in a
published bibliometric analysis [71]. Europe emerges as
a leading region in publication output, followed by the
United States, which contributes significantly to interna-
tional research partnerships. In contrast [71], identifies
China as the leading country whose healthcare systems
are most frequently assessed for productivity.

The dominance of non-parametric techniques, par-
ticularly DEA and the Malmquist Index, in productiv-
ity measurement reflects their adaptability and utility in
evaluating system-wide efficiency and changes over time.
These findings align closely with the results presented in
both [7] and [71] research. However, our findings also
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highlight the need for alternative methodologies that
capture the multidimensionality of healthcare productiv-
ity, including its interplay with quality and technological
progress. The significance of local expertise in addressing
regional healthcare challenges is clear; however, foster-
ing international collaborations is essential for sharing
best practices and enriching the global discourse on
healthcare productivity. For instance [71], noted a strong
focus on evaluating the productivity of Asian healthcare
systems in scientific literature. This trend may be attrib-
uted to the growing emphasis in Asian countries on
understanding the efficiency of their healthcare systems.
Additionally, efficiency studies are often more actively
conducted in developing countries experiencing ris-
ing demand for public healthcare services. The insights
gained from such studies can provide valuable support to
middle- and low-income countries, helping them adopt
best practices to improve the efficiency of their health-
care systems. Future efforts should prioritize the devel-
opment of dynamic, multidimensional frameworks that
integrate efficiency, quality of care, and technological
advancements while accounting for the unique character-
istics and operational scales of healthcare systems. More-
over, integrating these methods can offer a more holistic
view of healthcare performance. For instance [65], com-
bined the Malmquist Index with logistic regression to
study HIT adoption's impact on productivity, while [73]
innovatively merged DEA with game theory to enhance
resource allocation. These approaches illustrate the value
of leveraging the complementary strengths of these tools
to provide actionable insights for improving healthcare
systems.

Key factors influencing healthcare productivity include
economic crises, policy variations, hospital size, and case
mix. Technological advancements like electronic health
records and optimized workflows improve efficiency,
while aligning financial incentives with quality objec-
tives enhances care outcomes. This study emphasizes the
importance of multidimensional and context-sensitive
approaches to measuring healthcare productivity, balanc-
ing efficiency, technological progress, and quality of care.

To address the complexities of healthcare productivity,
policymakers should focus on designing context-specific
policies tailored to regional challenges and promoting
targeted research funding to explore underrepresented
areas of healthcare services. They should also prioritize
the long-term monitoring of productivity trends to fos-
ter continuous improvement, while integrating advanced
health information technologies can enhance efficiency.
A very good example in this direction is Atrium Health
[105], a nonprofit health system and part of Advocate
Health, which created the hospital-at-home concept to
manage hospital capacity during the COVID-19 pan-
demic. The Atrium Health Hospital at Home (AH-HaH)
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program allows patients to receive care in the comfort
of their own homes through a remote monitoring kit
(including pulse oximeters, blood pressure monitors, and
tablets for virtual consultations) integrated with Atrium
Health's electronic health records to track health data.
The program also includes daily virtual meetings with a
multidisciplinary care team and twice-daily in-home vis-
its from paramedics. Following the pandemic, the pro-
gram expanded due to the region's aging population with
chronic health conditions and ongoing health inequities.
It now serves patients with both chronic (e.g., diabetes)
and acute (e.g., deep vein thrombosis) conditions that
can be safely monitored at home. The AH-HaH program
helped reduce hospital readmissions and administrative
workload, while optimizing scheduling. Additionally, the
program has supported over 8,400 patients in the Char-
lotte region of North Carolina and saved nearly 30,000
bed days since March 2020. Additionally, workforce opti-
mization through training, workload management, and
incentives can improve team cohesion and efficiency,
ensuring sustainable productivity gains across health-
care systems. This recommendation is also suggested by
a research conducted on hospitals in Shandong [106],
eastern China, which found that monetary incentives
positively correlate with job performance, demonstrat-
ing that financial rewards contribute to employee moti-
vation. Effective leadership, coupled with well-structured
incentives, fosters a supportive work environment, lead-
ing to higher job satisfaction and commitment. Further-
more, proper workload management through strategic
allocation of supervisors ensures that employees are not
overwhelmed, thereby improving productivity and ser-
vice quality. For researchers, international collaboration
is vital for sharing the best practices and methodologies,
while productivity measurement models must include
quality indicators to safeguard care standards. Moreover,
researchers are encouraged to adopt innovative method-
ologies for more robust and comprehensive analyses.

Limitations and future research

Although this study significantly contributes to the
knowledge of healthcare productivity measurements, it
has a few limitations.

This study assesses only the WoS database for list-
ing articles corresponding to our research criteria. A
forthcoming perspective will consider comparing the
bibliometric and content outcomes of WoS and Sco-
pus databases for a more comprehensive perspective.
Another constraint is the analysis of gray literature.
Though potentially delivering fruitful insights (perhaps
with lower quality than articles published in referred sci-
entific journals), besides co-citation analysis, it was not
included in a deeper investigation because of the lack of
bibliometric information.
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Thirdly, bibliometric indicators are considered a good
proxy of a scientific paper's impact. Usually, a highly
cited paper represents a vote of confidence, allowing
researchers to quantify the effect of a study in a scien-
tific domain. However, we cannot admit that a highly
cited paper is influential in a specific field. In this regard,
citation as a bibliometric metric helps in measuring the
effect of one article on the authors of other articles. No
evidence allows us to settle that a highly cited paper
improved hospitals’ productivity, patient condition, or
satisfaction.

Finally, our analysis concentrates on bibliometric and
content analysis, disregarding thematic analysis, which
goes beyond counting frequencies and trends, by focus-
ing on deeper patterns of meanings that emerge from the
investigated articles. Forthcoming study will also enforce
a thematic analysis.

All in all, our analysis emphasizes the necessity for a
multidimensional and dynamic approach to measuring
healthcare productivity, and further investigation will be
oriented in this direction.
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