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Abstract—Over the last few decades, globalization has
driven up the demand for hospital Supply Chain Management
(SCM) with the goal of bio-medical development and
improving performance. This review aims to offer both a
qualitative and quantitative comprehension of the hospital
SCM re-search field's overall developmental trend. By using
the methodology science mapping approach are visualize the
organization of academic knowledge, 87 significant papers,
that were published between 2002 and 2023 in total due to
their importance in recent years, were located, expanded upon,
and summarized. Bibliographic analysis for under-standing
the global research state and academic develop-ment was
performed on visualized statistics can help identi-fy trends in
data about co-occurring keywords, interna-tional cooperation,
journal allocation/co-citation, and view clusters of study
subjects based on this five categorization, 22 sub-branches in
total of hospital SCM identification and topical discussion of
knowledge were conducted, namely (i) technologies; (ii)
planning; (iii) supply chain field in hospi-tals; (iv) logistics and
(v) environmental. Lastly, suggestions for future study
directions and current knowledge gaps were made due to
constraints of international cooperation and insufficient
platforms to quickly advance innovation technology research.
The results contribute to a methodical intellectual
representation of the current state of hospital SCM research.
Furthermore, it offers heuristic ideas to practitioners and
researchers to control the quality of de-veloped healthcare and
logistics services.

Keywords—Hospital Logistics; Healthcare; Supply Chain
Management; Artificial Intelligence.

I. INTRODUCTION

Toward the end of the twentieth century, information
began to take center stage. It causes significant changes in
today's social and economic spheres. In the medical field,
managing all connected processes and related knowledge
became difficult as a result of new technology, therapies and
service kinds as well as developments in medical sciences
and the specific challenges in hospitals SCM. Healthcare
organizations must respond to these challenges if we view
them as complicated bodies of knowledge [26]. It is
necessary to create prediction models (a popular statistical
methods for forecasting future actions), that could identify
individuals who are more likely to require a lengthy hospital
stay while undergoing treatment, regardless of the health
sector in which h they arrive for therapy [81], supporting
various clinical and managerial tasks [33] and the
identification of illnesses, especially those with symptoms
like asthma, is based on worldwide norms [82].

Demand spikes caused some emergency medical
services in the UK to declare major events and issue
warnings that care may be compromised due to excessive
demand. Tools for risk assessment are necessary to manage
and meet the demands on these services during such periods
and to make the best use of the limited healthcare resources
available [62]. Different hospital logistics modes for
example, the coordinated planning, execution, and
management of the flow of products and services,
behaviors, and activities were suggested and progressively
implemented through government regulations and
technological advancements. For instance, artificial neural
network model, intensive care medicine [2], biomedical
informatics [8], hospital readmission [9], critical care
[19,36], etc. Remarkable practical performance and
significant academic outcomes were obtained over a broad
spectrum of hospital supply chain management subjects.
However, it is still in its infancy and is far from meeting the
problems presented by a lack of cooperation across different
research communities. As a result, an active and robust
global collaborative atmosphere has yet to emerge. The
damage increases exponentially as hospital logistical
demand rises quickly, eventually having an irreversible
effect on healthcare. Therefore, how can SCM performance
be improved in hospitals? What is its effect on healthcare
and the environment? and what is the role of Al in
developing this?

Previous studies reviewed hospital SCM from different
perspectives, A machine learning system (a type of
computer system that is in charge of maintaining the
programs and data needed to train and run the machine
learning models that underpin an Al-powered service),
created by Andrew Joseph Young and al [1] was able to
forecast the inhospital death of patients who had
experienced a catastrophic fall and were being assessed at a
trauma center. Joon Myoung Kwon and al [87], created and
verified an Al method for forecasting the mortality of acute
heart failure (AHF) based on deep learning. kwon and al
[65], suggested an early warning system based on deep
learning that performs better at forecasting in-hospital
cardiac arrest than the track-and-trigger systems now in use.
Zihan Jiao and al [23], suggested electronic health is a
computerized record of a patient's medical history that is
kept up to date by the provider and medicine system called
Tianxial20, an internet of medical things bioinformatics
multi-modal system for proactive health management.
Maéruster and Jorna [26], suggested a method for designing
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and modeling a business process from the standpoint of
knowledge management, he used patient data from
interdisciplinary  hospitals as an example of his
methodology. Maruster and al [37], presented a
methodology to provide a way to help individuals with
peripheral vascular disorders be better coordinat-ed.
Shaoren Wang and al [15], expedited the location of
emergency medical facilities (EMFs), using the issue of the
location-allocation model to determine the best place for
facilities to meet a specific demand, which can assist EMFs
in handling significant emergencies about public health, for
assigning patients to these facilities during disasters.

Nevertheless, the studies that are currently available are
out-of-date and inadequate, unable to offer a thorough
examination of the burgeoning hospital SCM research over
the last two years, given the publication date and the number
of papers included. Additionally, integrating the several
research directions to create a comprehensive knowledge
framework for hospital SCM is more challenging.
Consequently, it is crucial to conduct an unbiased,
quantitative analysis of the overall development of the
hospital SCM, both theoretically and practically.

The goal of this study is to create a hospital SCM
knowledge classification system explore state-of-the-art
research trends and hotspots and undertake an extensive
evaluation of the international literature on SCM in
hospitals. The first is a full description of the development
of the hospital SCM research field, including an analysis of
(i) publishing journals and years; (ii) regions, nations, and
organizations; (iii) significant documents; and (iv) grouping
of keywords and research themes. Secondly, based on the
scientometric findings, creating the knowledge taxonomy.

Third, determining the gaps in the field's knowledge and
potential next research areas. We predict this study to give
the best results for improving hospital SCM.

The research method's outline is presented with the help
of science mapping, in Section 2. The outcomes of the
gathering of data and the five sections within the
scientometric evaluation are shown in Section 3. In Section
4, the knowledge branches are thoroughly discussed and a
taxonomy of hospital SCM research based on keyword
clustering is proposed. Additionally, the present research
goals and shortcomings are noted. The main conclusions
and restrictions are outlined in Section 5. A thorough
inquiry into the subject of SCM hospital that incorporates
valuable conference papers and publications is projected to
provide a more thorough knowledge base for the next
studies.

II. RESEARCH APPROACH

A. Review Protocol Overview

With the help of science mapping, this research based on
a review carried out a methodical inquiry on the academic
growth of hospital SCM globally. Science mapping is a
quantitative analysis approach that studies bibliographic
networks, such as those about journals, scholars,
institutions, subjects, and keywords in a particular subject
by using mathematical statistics and graphical tools [88].
This method may immediately synthesize important
discoveries from the current knowledge system and has
been widely used in various academic domains. Fig. 1
illustrates the three-phase, compre-hensive research
approach.
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Fig. 1. The flowchart for evaluating SCM literature in hospitals
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Step 1 involved obtaining the data through a
comprehensive extraction from the digital database, Scopus
it encourages the unplanned growth of innovative research
projects and findings by enabling scientists to publish their
work globally, ensuring a certain level of recognition and
fostering professional advancement. The documents were
then reevaluated, categorized, and encoded through two
selection cycles, inclusion and exclusion criteria set the
boundaries for the systematic review. They are established
following the formulation of the research question and
before the search, however, scoping searches can be
necessary to establish suitable standards. In addition, there
were descriptions of the most cited articles, journal
allocation, and year publishing trend.

Step 2 accurate literature analysis greatly depends on the
use of scientometric methods and scientometrics tools such
as citation mapping, visualization, bibliographic coupling,
co-authorship network, co-words mapping, etc. This review
involved the execution of four scientometric tests: (i)
Journal co-citation analysis, involves tracking pairs of
papers that are cited together in the source articles, which
aimed to determine the study topics related to the most cited
journals. To discover popular journals in the hospital SCM
sector, this analysis is beneficial to highlight the
dissemination of publications in journals and referenced
journals of the evaluated papers. (ii) Analysis of
collaborations between countries and organizations can
foster compassion, civic engagement abroad, and an
awareness of diversity: to illustrate the global network of
collaborative  research on hospital supply chain
management, allowing readers to rapidly comprehend the
alliances  between significant worldwide research
institutions and communities. (iii) Document citation
analysis is a method for determining an article's relative
value or influence: to demonstrate the impact of hospital
SCM publications and the related links between references.
It is simpler to understand the growing trend of academics'
interest in hospital SCM research by looking at the articles
with a high citation count. (iv) Co-occurrence analysis of
keywords is represented by the size of the nodes; larger
nodes denote higher frequency: to map out the temporal
zones in which the hotspots for hospital SCM keywords co-
occurred and group them into many research themes. The
knowledge structure of hospital supply chain management is
elucidated by network analysis of co-occurring keywords,
which also presents research hotspots and future research
prospects.

The hospital SCM's hierarchical knowledge structure
was proposed for a theme discussion in step 3. The text
mining application VOSviewer was utilized in conjunction
with science mapping to show the time perspective of the
clustered keywords that were obtained from the same data.
this software performs an analysis of the input file, creates a
network map, and then offers options for map exploration
and viewing developed by Van Eck and Waltman [90], is a
comprehensive tool for bibliometric analysis based on
Visualization of Similarities (VOS) technology. It offers
distinct advantages in that it can be used to cluster disparate
pieces of knowledge from other areas based on their
relatability and similarity. A node in the networks that are

visualized represents a specific bibliographic item, such as a
country, organization, term, reference, etc. The node size
indicates how many citations or occurrences were
considered in the evaluation. A link indicates a relationship
of co-citation, co-occurrence, or collabo-ration. Total link
strength (TLS), a measure of the degree of correlation
between any two nodes in the networks that are produced, is
automatically output by the software. An item's relevance
and centrality are higher when its TLS value is higher [89].
Nodes with low similarity should be kept as far apart as
feasible, while those with high similarity were clustered
together and identified by colors with other clusters [90].

B. Selection and Retrieval of Literature

The hospital SCM-related publications published
between August 2002 and August 2023 were retrieved using
Scopus's advanced retrieval capability. Only research papers
were allowed as document types; book chapters, conference
proceedings, letters, and editorial material were not allowed
to guarantee the caliber of the literature. Additionally, those
completely and partially irrelevant studies were removed
despite the difficulty of the process. The next step in the
selection process was to carefully study each document's
abstract. This round's inclusion and exclusion -criteria
centered on whether the paper adhered to the study's focus
on hospital SCM innovations in particular.

I1I. ANALYSIS AND EXPERIMENTS WITH
SCIENTOMETRICS

A. Trends in Chronological Publications

The quantity of published papers in the portfolio each
year between 2002 and 2023 is shown in Fig. 2. Evidently,
until 2016, research on hospital SCM was essentially
stationary; however, since 2017, annual growth in this area
has been substantial. A startling 25 items could be searched
by 2022. The vigorous growth of scholarly research points
to the branch and extent of hospital SCM expansion. It is
also clear from the publication count and the recently
discussed themes that real-world applications of SCM in
healthcare, public awareness, the rise in illnesses and
associated complications, social demand, and development
in technology are all important factors.

B. Citation Analysis and Journal Allocation

With a higher document availability of six papers, the
worldwide journal of Medical Informatics placed first in
Table I, which was sourced from published journals on the
subject. The Journal of International Journal of Medical
Informatics had 237 citations, making it the highest-ranked
journal publication, offers a global platform for the sharing
of novel findings and elucidating analyses related to the
domain of medical informatics, and focuses on system
assessment in healthcare environments. However, the source
of published publications with citations revealed significant
gaps. The Journal of Biomedical Informatics included
approximately 138 citations. Surprisingly, a small
publication in the field of clinical neuroscience with fifteen
document citations was ranked ten in the sourced citations,
indicating a negligible amount of appropriate citation
references in the development of clinical neuroscience. In
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which is consistent with the idea of improving the
performance of hospital SCM.

contrast, there were 213 citations for Artificial Intelligence
in Medicine.

Every one of the 87 documents was located in 66 distinct
publications. The top 10 journals contributed 33 papers, or
37.9% of the total, as indicated in Fig. 3. Based on the

TABLE I. ToP TEN NOTABLE SOURCES ACCORDING TO JOURNAL
CITATIONS AND DOCUMENT RANKING

Journal Citation Reports (2022), the journal's influence and Rank ; Source by Citation _ Documents | Citations
X X N N o nternational Journal of Medical

quality are determined by its readership, citation frequency, 1 Informatics 6 237

and reputation within the community. Impact Factor, 2 Journal of Biomedical Informatics 6 138

SCImago Journal Rank, Article Influence, and H-Index are 3 Artificial Intelligence in Medicine 5 213

just a few of the many metrics and indicators of journal 4 Plos One 3 83

quality and impact that are employed [93]. International 5 Compmehr/lseldnigrﬁlogy and 3 25

Journal of Medical Informatics (6.89%), followed by p Computer Methods and Programs ) 7

Journal of Biomedical Informatics (6.89%), Artificial in Biomedicine

Intelligence in Medicine (5.74%), Computers in Biology 7 Journal of Medical Internet 5 54

and Medicine (3.44%) and PLoS ONE (3.44%). Among the — dica‘fzjlzag; ogcal

top 10 journals, four are from the USA, two from Ireland, 8 Engineering and Computing 2 37

and one each from the Netherlands, Germany, Canada, and 9 Journal of the American Medical 5 s

the United Kingdom. The three academic domains of Informatics Association

medicine are where the publications are primarily 10 | Journal of Clinical Neuroscience 2 15

distributed, biomedical informatics, Biology in Medicine,
and neurology. However, they undoubtedly make up a
greater percentage in the biomedical informatics field,

papers published annually
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C. Analysis of Collaboration Amongst
Nations/Organizations

Table II, along with six indicators (total citations,
average citations per nation or region, average normalized
citation, average citation year, average citation count, and
number of publications (NP)) lists the regions or countries
that are actively researching hospital SCM. To get the
average normalized citation, divide the total number of
citations by the average number of citations published each
year [91]. The network of collaboration between nations and
regions is shown in Fig. 4. A nation was required to have a
minimum of two documents and one citation, respectively.
In the end, a map was created with 18 elements and 31
linkages.

In light of Table II, hospital SCM study is widely
disseminated, particularly in Europe, North America, and
Asia, indicating that it is a worldwide worry. The
continental United States has the most publications and the
most cumulative citations. Other countries/regions, such as
Sweden, Belgium, Thailand, Japan, Austria, and Spain, have
fewer publications; nonetheless, they maintain considerable
average normalized citation statistics, indicating their great
influence. Furthermore, these nations/regions are becoming
increasingly active in promoting hospital SCM, as seen by
the fact that the bulk of the publications they contributed
were published within the last three years.

TABLE II. OVERVIEWS OF NATIONS AND AREAS ACTIVE IN SCM REAEARCH IN HOSPITALS

Region/Country Continent NP | TLS | Average year | Total Citations | Average Citation | Average Normalized Citation
United States North America | 29 6 2017 673 23.2 1.20
China Asia 15 4 2021 113 7.53 1.03
Taiwan Asia 9 5 2018 186 20.67 0.88
United Kingdom Europa 8 7 2018 137 17.13 0.86
South Korea Asia 7 1 2017 371 53 1.20
Netherlands Europa 5 1 2008 107 53.5 0.79
Italy Europa 5 8 2021 37 7.4 0.80
Australia Asia 5 5 2020 47 94 0.75
Germany Europa 4 5 2022 21 5.25 1.06
India Asia 4 6 2016 84 21 1.18
French Europa 3 4 2014 35 11.67 0.57
Switzerland Europa 3 1 2021 11 3.67 0.28
Sweden Europa 2 3 2021 22 11 1.31
Thailand Asia 2 2 2021 4 2 0.25
Japan Asia 2 1 2020 31 15.5 0.39
Austria Europa 2 4 2020 31 15.5 1.67
Belgium Europa 2 4 2011 37 18.5 1.00
Spain Europa 2 1 2021 1 0.5 0.39

south korea

united states

thailand

belmiom
nethé&glands .

ramce

spain

Fig. 4. Regional and national mapping aids in hospital SCM
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Fig. 4 shows two examples of evidence. First, the
worldwide hospital SCM research is separated into four
communities based on collaboration. Two communities are
led by European countries, such as Italy, Germany,
Switzerland, and Sweden, while the other two communities
are "China - Taiwan - Australia - United Kingdom" and
"United States - South Korea - Thailand," which are
dominated by China and the United States, respectively.

Second, international cooperation is insignificant. In the
United States, for example, approximately 20% of 29
publications are finished wholly by domestic organizations.
This phenomenon could be attributed to considerable
disparities in the backdrop and paradigm of hospital SCM
development between countries [86]. Furthermore, the
knowledge gap generated by the broad scope of hospital
SCM and the dispersed knowledge structure forces
researchers to remain focused on their particular domains,
such as medical informatics [59], biomedical engineering
[42], and biology in medicine [46].

As a result, collaboration between hospitals from various
backgrounds is not currently widespread. This has
consequences and negatives for the development
performance of healthcare and the environment in the world.
To close this gap, must grow the dataset to include
numerous time points for continuous analysis, as well as
increase the size of the sample to investigate more potential
predictors and their interactions.

Those organizations with more than two papers and
more than a network with 6 items and 0 items were created
from 30 citations among the 361 organizations that
contributed to hospital SCM research, as shown in Fig. 5.
As a result, it could be argued that hospital SCM research
has not yet been successfully led by any organization. In
addition, some Asian institutions have a better reputation in
hospital SCM due to more citations, such as Mediplex
Sejong Hospital (South Korea, 236 citations), Hanyang
University of Seoul (South Korea, 129 citations), Royal
Adelaide Hospital (Australia, 15 citations), South Australian
Health and Medical Research Institute (Australia, 15

citations), University of Adelaide (Australia, 15 citations)
and Zhongnan Hospital of Wuhan University (China, 1
citation). Additionally, Fig. 5 also reveals a lack of cross-
organizational collaborative research in hospital SCM.

department of Biomedical engin

south australian health and me

department of @mergency medici

department ofigritical care me

university of adelaide, adelai

royal adelaide hospital, adela

Fig. 5. Mapping the worldwide network of organizations that collaborate

D. Key Findings from Influential Research

The co-citation network was constructed and the most
significant hospital SCM publications over the last 20 years
were evaluated using the portfolio's document co-citation
test. As illustrated in Fig. 6, a co-cited visual network map
comprising 31 items and 87 was produced by setting the
minimum number of citations in VOSviewer to 20. The
documents identified by the first author's name are
represented by the nodes on the map. The node and link
colors represent the dates of publication and co-citation of
the two works, respectively. The co-occurrence of ideas and
outcomes in the literature indicates an evident kind of "local
concentration and overall dispersion,” demonstrating that
some hospital SCM research was well acknowledged and
produced some similar concepts and outcomes. The
majority of high-citation publications were released around
2015, a watershed moment in hospital SCM research.
According to the co-citation time series, hospital SCM
information is spreading at an increasing rate.
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Fig. 6. A chart showing the relationship between co-citations and the important documents
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Table III displays the top 16 most referenced
publications, along with their authors, year of publication,
title, total link strength (TLS), citation counts, and themes.
We observe the most publications between 2015 and 2019,
this demonstrates the importance of hospital SCM in recent
years. The most referenced study was by Kwon and
colleagues [65], who proposed an early warning system
based on deep learning that predicts in-hospital cardiac
arrest more accurately than traditional track-and-trigger
systems. The second is Cho and al [49], who suggested a
new method of providing information to clinicians for them
to develop efficient and effective treatment plans. The third
publication is followed by papers by Dai and colleagues
[42], designed to wuse patient-specific medical data
accurately and efficiently to forecast hospitalizations linked
to cardiac conditions. Other highlighted documents' key
subjects include (i) biomedical informatics [68][57][35][32];
(i1)) medical informatics [58][59][76]; (iii) heart diseases
[47,87]; (iv) intensive care medicine (COVID-19,
neurology, mortality) [2][54][85] and (v) psychiatry [3][50].
However, these studies are insufficient, for development
logistics in hospitals.

E. Co-Occurrence Analysis of Keywords

Co-occurrence analysis of terms was used to highlight
the boundaries and provide an explanation of the internal
makeup and structure of hospital SCM [89]. To acquire a
comprehensive intellectual landscape of hospital SCM
research, the options "All Keywords" and "Full Counting"
were examined in VOSviewer analysis. Fig. 7 depicts a

network of 34 nodes representing keywords (307 keywords
in total papers) and 426 linkages. The core keywords and
co-occurrence correlations for hospital SCM research are
shown in Fig. 7. We sorted these terms into seven groups
and used different colors to distinguish between them. These
clusters contribute, to evaluating the risk of future outcomes,
to creating individualized treatment plans and predictive
modeling is essential to managing healthcare. In that Cluster
#1 has 8 items, concentrating on prognostic models are used
to evaluate the risk of future outcomes in persons with a
certain disease or health condition by combining various
prognostic indicators, Cluster #2 has 6 things that are
focused application the techniques of artificial intelligence
in critical care (sepsis, risk stratification etc), Cluster #3 has
5 items, focusing on applying predictive analytics in
hospital, Cluster #4 has 5 items emphasizes on predictive
modeling is essential to managing population health, Cluster
#5 has 4 items, focusing on applying techniques of artificial
intelligence in clinical neuroscience (length of stay,
rehospitalization etc), Cluster #6 has 4 items emphasize on
Al can be used to create individualized treatment plans,
identify illnesses, and support medical professionals in
making decisions etc, and Cluster #7 (two items) focuses on
Al assist emergency medical services in classifying patients
more rapidly and precisely than they can using their present
procedures, etc. However, these keywords are insufficient,
for studying the performance of SCM in hospitals. Fig. 7
displays the size of cluster 6 is larger than others this
explains the role and importance technics of Al for
improving the supply chain in hospitals.

TABLE III. TOP PUBLICATIONS INFLUENCING HOSPITAL SCM

Author Year Title TLS | Citation Subject Conscgr]\r;lmg Hospital
Kwon et al [65] 2018 An algorithm based on deep learning for predicting in-hospital cardiac 0 131 o
arrest. Heart association
Cho et al [49] 2008 Application of 1'rregu.lar apd gnbalanced data to prc?dlct diabetic 0 102 Artificial mFe!llgence in
nephropathy using visualization and feature selection methods. medicine
Dai et al [42] 2015 Prediction of hospitalization due to heart diseases by supervised learning 0 99 o _
methods. Medical informatics
Cui et al [68] 2018 An improved support vector maph_me-based diabetic readmission 0 7 Computq Me_thods _ar}d
prediction. Programs in Biomedicine
Lopez 2015 Comparison of machine learning classifiers for influenza detection from 0 57
Pineda et al [57] emergency department free-text reports. Biomedical informatics
Kwon and Kim et 2019 Artificial intelligence algorithm for predicting mortality of patients with 0 56
al [87] acute heart failure. Heart association
. Predicting post-stroke activities of daily living through a machine
Lin etal [38] 2018 learning-based approach on initiating rehabilitation. 0 31 Medical informatics
Kwon et al [47] 2019 Deep learning for prgdlctlng in-hospital mor_tahty among heart disease 0 49 ‘
patients based on echocardiography. Echocardiography
Boon et al [35] 2007 Hybrid outcome prediction model for severe traumatic brain injury. 0 48 Biology and medicine
Bolourani et al A machine learning prediction model of respiratory failure within 48
2021 hours of patient admission for COVID-19: Model development and 0 48 L
[54] c o Medical internet research
validation.
Saxe et al [3] 2017 Machine learning methods to predict child posttraumatic stress: A proof 0 0 )
of concept study. Bmc psychiatry
. A comparison of rule-based and machine learning approaches for
Cronin et al [39] 2017 classifying patient portal messages. 0 40 Medical informatics
Nimgaonkar et al Prediction of mortality in an Indian intensive care unit: Comparison . .
[2] 2004 between APACHE II and artificial neural networks. 0 4l Intensive care medicine
Regnier-Coudert Machine learning for improved pathological staging of prostate cancer: Artificial intelligence in
2012 . . 0 37 ..
etal [76] A performance comparison on a range of classifiers. medicine
Random forest can predict 30-day mortality of spontaneous intracerebral
Peng etal [85] 2010 hemorrhage with remarkable discrimination. 0 37 Neurology
Development and validation of a machine learning algorithm and hybrid Medical and biological
Liu et al [32] 2014 system to predict the need for life-saving interventions in trauma 0 37 . 1olog
patients. engineering
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Fig. 7. Co-occurring keyword mapping

TABLE IV. KEY TERMS AND THEME CLUSTER SUMMAIRIES FROM HOSPITAL SCM RESEARCH

Cluster ID Keywords Occurrence | TLS | Average Citation | Average Norm. Citation Period
Covid-19 7 15 7.57 1.40 2021-2023
Support vector machine 4 9 26.25 0.83 2020-2023
Prognosis 3 6 12.67 0.58 2017-2023
Cl‘z:;edr)#l Rehabilitation 3 6 21.67 047 20192023
Size =25 Extreme gradient boosting 2 6 1.00 0.77 2022-2023
Feature selection 2 2 56.50 1.27 2013-2023
Hospital readmission 2 4 46.50 1.12 2011-2023
Prognostic models 2 5 11.00 0.35 2013-2023
Deep learning 5 14 47.20 1.59 2019-2023
Critical care 5 13 9.20 1.14 2021-2023
Cluster #2 Sepsis 5 15 6.60 0.98 20212023
S(iieinz) . Risk stratification 2 0 15.00 1.86 2021-2023
Intensive care unit 2 10 12.00 149 2021-2023
Explainable artificial intelligence 2 4 0.5 0.39 2022-2023
Logistic regression 9 17 20.22 0.83 2014-2023
Cluster #3 Neural network 4 12 18.00 0.90 2017-2023
(blue) Clinical decision support system 3 2 5.67 0.35 2016-2023
Size =21 Predictive analytics 3 13 8.33 1.03 2021-2023
Spine surgery 2 8 17.50 0.93 2020-2023
Mortality 8 21 12.12 0.57 2017-2023
Cluster #4 Heart failure 4 10 19.75 140 2020-2023
(yellow) Predictive modeling 4 10 12.25 1.27 2019-2023
Size =22 Readmission 3 8 11.00 0.89 2022-2023
Acute kidney injury 3 9 1.33 1.03 2022-2023
Cluster #5 : Lf:ngth of stay 2 7 1.50 0.51 2021-2023
(purple) Artificial m.aure'ﬂ n":twork 2 7 2.50 1.93 2022-2023
Size =27 Rehospitalization 2 7 3.00 231 2022-2023
Asthma 2 6 17.50 1.93 2020-2023
Machine learning 39 76 18.49 1.22 2020-2023
(Csll‘;;t;ig Artificial intelligence 37 81 13.86 1.06 2020-2023
Size =81 Natural language processing 3 2 24.00 1.06 2019-2023
Predictive models 2 2 50.00 1.02 2018-2023
Cluster #7 Emergency department 2 4 3.00 0.25 2021-2023
(orange) Pneumonia 2 4 2.00 0.37 2021-2023

Size =4
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Table IV contains thorough information about the
important keywords. The table displays frequently used
terms over the last three years, they might turn into the focal
points of upcoming studies. The ten most often studied and
closely related concepts are machine learning (Feq. = 39,
TSL = 76), artificial intelligence (Feq. = 37, TSL = 81),
logistic regression (Feq. =9, TSL = 17), mortality (Feq. =8,
TSL = 21), Covid-19 (Feq. = 7, TSL = 15), sepsis (Feq. = 5,
TSL = 15), deep learning (Feq. = 5, TSL = 14), critical care
(Feq. = 5, TSL = 13), neural network (Feq. =4, TSL = 12)
and heart failure (Feq. = 4, TSL = 10). These terms are
crucial for creating hospital supply chain management
research topics and tying together important areas of study.
As stated by the average citation metric, as following
keywords received a lot of attention: biomedical
informatics, artificial intelligence, critical care, surgery
medical, clinical neuroscience, and emergency. Artificial
intelligence and big data contribute include improving
logistics in healthcare, environmental sustainability, and
hospital SCM. For example, measuring performance in
health care [31], creating new mortality models [39],
prediction of cardiac arrest by deep learning [43], etc. Its
importance is to reduce mortality, treat patients, and
facilitate access to hospitals, etc. These clusters strongly
relate, where using machine learning, deep learning, and
predictive modeling to improve and develop many domains,
for instance, surgery, emergency department, critical care,
risk stratification, etc. A static depiction of a certain domain,
the keyword co-occurrence network ignores variations in the
terms' usage over time [92].

Iv. DISCUSSION

A. Taxonomy of Current Research Knowledge

The previously mentioned analysis sheds light on the
state of research, evolutionary trends, and contentious issues
in global hospital supply SCM, and the text mining
application VOSviewer was utilized to show the time

.

> Business process
> Structured healthcare
> Distribution

perspective of the clustered keywords that were obtained
from the same data. However, general scientometric
conclusions cannot accurately reflect the precise division of
a domain's varied knowledge [89]. In addition, taxonomy
can be elitist and exclusionary. A full taxonomy of hospital
SCM knowledge from 2002 to 2023 was proposed based on
clustering analysis of high-frequency keywords, and each
separated branch was then thematically analyzed in depth.
This section looks at various approaches in each of the
suggested taxonomy's dimensions and discusses them. The
approaches take into account these relationships and are
based on the features of the problem being tackled. To make
the taxonomy more concise and easy to grasp, topics with
comparable qualities were incorporated into different
categories of themes and manually renamed. The mind
mapping of the hospital SCM research themes is shown in
Fig. 8, where 22 sub-branches and 5 alignments are
produced. There was also a list of the number of articles that
each theme featured.

1) New technologies suggested for the development of
hospital SCM

Developing cutting-edge infrastructure and technologies
is a long-term, forward-thinking way to address the
healthcare issue.

Many innovative ways to address the difficulty of
hospital SCM are to develop new technologies such as
medical Artificial Intelligence [18][25][24][53][79][86][87]
and big data [1][23][49][64][83]. In the meantime, several
new technologies have been proposed in recent years, for
example, Acute Physiology and Chronic Health Evaluation
(APACHE 1) [2], Target-Selective Gradient Backprop
(TSGB) approach [12], Location-Allocation Problem (LAP)
model [15], SHapley Additive exPlanations (SHAP) [27],
Clinical Decision Support Systems (CDSS) [41] and
Tianxial20 [23].

Management

Planning

L Hospital SCM J

Al techniques

APACHEII

> Pediatrics Medicine >

> Surgicaltry Medicine >

> Emergency Medicine > TSGB
> Clinical Medicine > Big Data
» Healtheare > LAP

> Psychiatry > SHAP

Biomedical informatics
Biochemical

Biological

Fig. 8. The SCM themes' knowledge taxonomy

Soulaiman Louah, A Systematic Literature Review of Performance Hospital Supply Chain Management



Journal of Robotics and Control (JRC)

ISSN: 2715-5072 606

In medicine, artificial intelligence refers to the
application of many methods such as machine learning
models [3]-[7], [10]-[14], [22], [30], [36], [50], [54], [73],
[76], [79], deep learning models [47][61][62][66][82],
artificial neural networks [2][24][55], Natural Language
Processing  [8][53][75] etc. Furthermore, Artificial
Intelligence (AI) technology is commonly used in hospital
SCM, development and validation of a deep-learning-based
artificial intelligence algorithm for predicting mortality of
patients with acute heart failure (DAHF) by using large data
[79][87], and unfavorable results in adult emergency
department pneumonia patients [86], forecasting death in
the surgical critical care unit [53], as well as forecasting
death in COVID-19 patients [24]. Other aspects of the
CUHAS-ROBUST  application's  development  and
performance of pulmonary tuberculosis screening in
Indonesia that is resistant to rifampicin [18], and the
development of a survival classification model that can
quickly and automatically triage in the prehospital
environment [25] etc.

Artificial intelligence (Al) has the potential to drastically
change a variety of industries, including healthcare and
security is now sitting atop the hype curve. Al is expected to
improve workflow, therapy planning and monitoring, and
diagnostics in healthcare, especially radiology. Even though
radiologists are apprehensive about how Al may affect the
need for and training of the present and future workforce,
most of us are excited about the prospect of using Al to
significantly enhance our capacity to diagnose illness earlier
and with greater accuracy [94].

Other technologies, such as the APACHE 1II, are
frequently employed and regarded as the standard grading
system when comparing hospital outcome prediction using
an artificial neural network model constructed using data,
whereby the system compares the predicted and actual
outcomes for each patient based on memory and prior
experience [2]. Furthermore, an innovative approach to the
evaluation of Venous thromboembolism (VTE) risk presents
the state-of-the-art multi-task tree-based technique (TSGB)
algorithm to address the cross-departmental multi-task
prediction problem [12]. A location-allocation problem
(LAP) model that can assist emergency medical facilities
(EMFs) in handling significant public health emergencies
was presented to speed up the locations and the assignment
of patients to these facilities during disasters. Considering
the impact of the COVID-19 infection rate on the market for
EMFs [15]. Additionally, for patients with heart failure
brought on by coronary heart disease, the proposition of a
model SHAP determines the 3-year risk of all-cause death to
produce detailed justifications for each option and give
physicians an intuitive understanding of the influence of key
features. [27]. In addition, Tianxial20 is an electronic
medical healthcare system that comprises a physician
terminal and a patient terminal. They can conduct digital
prescriptions, multiparameter self-diagnostic, logistics for
cold-chain, drug distribution, and online inquiry (via
graphic, audio, video, telephone, etc.). Comprehensive
medical and health data, exploring medical tools, and
processing a large data aggregation for healthcare are all
capabilities of the system [23].

2) Hospital SCM planning research

This field focuses on planning, implementing,
development, management, and information on hospital
SCM sub-jects.

For, Duy Van Le and al [8], selected the dictionary and
period that best predicted risk evaluation scores on tested
tools by analyzing the frequency and presence of words in a
forensic Electronic Health Records (EHR) dataset,
contrasting four reference dictionaries, a total of seven
machine learning algorithms, and separate distinct EHR
analysis periods. Kristina Fuest and al [19], demonstrated
that Al-informed clustering of a sizable intensive care unit
(ICU) cohort can offer tailored mobilization suggestions that
increase the chance of being released home. Maruster and
Jorna [26], suggested a way to model and restructure a
business process from the perspective of knowledge
management. Using hospital data of interdisciplinary patient
groups as an example of methodology, they demonstrated
how knowledge supporting the reorganization of care for
multidisciplinary patients should be provided to improve the
efficiency of treatment. Boon and al [35], created an
integrated prognostication model that combines various
outcome classes and prognostic indicators for significant
brain damage from trauma several prediction models were
created utilizing data that was prospectively gathered from
513 patients with severe closed head injuries who were
hospitalized to the neurocritical unit at Singapore. Bacchi
and al [52], validated models that forecasted the destination
of discharge planning, duration of stay, survival to
discharge, and discharge modified Rankin Scale (mRS), all
of which had previously been obtained using external and
projected datasets. Haoyu Yang et al. [64], suggested the
strategies for creating reliable prediction models with data
that wasn't available at the time of prediction, which can be
applied to enhance the effectiveness of risk models as such
end of surgery. Niederwanger and al [71], found the most
appropriate score in pediatric sepsis patients in terms of
disease survey timing and insensitivity to missing data,
researchers compared and assessed the prognostic ability of
several widely used systems of scoring for children
(PRISM, PRISM III, PRISM 1V, PIM, PIM2, PIM3,
PELOD, PELOD 2). Tarumi and al [75], investigated a
variety of predictive techniques and variables for
physiological stage forecasts and evaluated them according
to the validity of their predictions using data from the
United Kingdom.

3) Hospital practices and application areas

Numerous different studies on hospital SCM practices
have been carried out in the past ten years as such
emergency medicine [4][30][74][86], healthcare [28][84],
clinical medicine [6][34][52][55][69][78], pediatrics
medicine [5][9], surgical medicine [1][56] and psychiatry
[31[50].

Real-world applications can provide a wealth of relevant
experience and teaching. For example, A machine learning
method developed utilizing state-level registry information
at a class 1 trauma center could accurately predict surgical
outcomes [1], and identify factors that predict the neural-
cognitive result of pediatric surgical patients with early
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schoolage CDH (congenital diaphragmatic hernias) [56]. In
addition, the applicability of a diagnosis approach based on
ML techniques for individuals with disorders encompassing
autism spectrum who also have intellectual incapacity [50],
and using data accessible at the moment of trauma, precise
methods of prediction for PTSD (posttraumatic stress
disorder) would greatly improve the management of
traumatized children [3]. While application in emergency
medicine, creating a ML model that forecasts unexpected
fatalities within 30 days of emergency department discharge
[4], enhancing the performance, promoting the adoption,
and studying the impact of ML within emergency medicine
[30]. Additionally for patients with pneumonia in the
emergency room, artificial intelligence of things (AloT) can
hold the key to forecasting unfavorable outcomes [86].

For pediatric medicine, using a machine learning-
assisted prediction model, artificial neural network
modelling, and conventional methods (logistic regression,
etc), risk variables for six-month readmissions of children
with asthma are identified [9], and the therapy outcome of
orthokeratology in children [5]. Additionally, for healthcare
developing and validating a machine learning model to
forecast hospital mortality in patients with sepsis who need
to be readmitted to the intensive care unit [28], and
determining those who have a greater risk of readmission
[84]. Whereas for clinical medicine, artificial intelligence
has become a useful tool in the field of cardiovascular
medicine by extending improved standards for patients
enhancing the efficacy of cardiologists [34], and estimating
death in patients with lactic acidosis who are acknowledged
to the critical care unit [6]. In clinical neuroscience,
verification of previously developed models for the
prediction of discharge mRS (modified Rankin scale),
survival to discharge, length of stay (LoS), and discharge
destination using external and upcoming databases [52], as
well as for projecting the expected LoS for stroke patients
who are admitted, together with the discharge location,
hospital death rates, and mRS prediction [69].

4) Logistical of hospital

Over the last years, hospital logistics management has
been the process of planning and controlling the flow of a
business process as such goods, services [26][64], structured
healthcare [37], cold chain logistics and medicine
distribution [23] etc.

For example, The COVID-19 pandemic and the virus's
quick propagation have caused an enormous increase in the
need for emergency medical facilities (EMFs), using a
location-allocation problem (LAP) model, Shaoren Wang et
al. [15] accelerated the identification of EMFs and the
distribu-tion of patients to these facilities during disasters.
This model can assist EMFs in managing significant public
health catastrophes. Liuzzi [16] developed a deep learning
model that uses data from hospital admission to estimate the
length of the COVID-19 infection, this approach might be
effective in addressing the heavy workload and intricate
logistical requirements of medical facilities between
pandemic outbreaks. Tianxial20, a multimodal medical data
collection, and bioinformatic system proposed by Zihan Jiao
et al. [23] that may offer "one-step service" to hospitals and

patients, is made up of a physician terminal and a patient
terminal. They can do online research (by voice, text,
picture, etc.), multiparameter self-diagnosis, electronic
prescriptions, distribution of medications, cold chain
logistics, and so forth. A knowledge management viewpoint
was put up by Laura Marusan and colleagues [26] as a
method for business process modeling and redesign, using
hospital data of multidisciplinary patients as an example of a
strategy, information that supports the restructuring of care
for patients with multiple specialties could be provided, as
well as the creation of new interdisciplinary units, to
increase the efficiency of treatment. A logistic-based patient
grouping approach for multidisciplinary treatment and the
establishment of a new inventory where various disciplines
collaborate for particular patient groups was developed by
Laura Marus and colleagues [37]. The clinical decision
support system (CDSS), developed based on physiology,
illness variables, therapy factors, and details of the
demonstration, was used by Hsu et al. [41] to maintain
spontaneous breathing, prevent needless ventilator use
prolongation, and lower medical care costs.

5) Evaluation of the environmental impact of hospital SCM
initiatives
These studies' subjects primarily came from four back-
grounds: Biological [16][22][27][32][39][62], Biomedical
informatics [8][12][33][41][57][75][84], and Biochemical
[34].

For example, Piergiuseppe Liuzzi and al [16], suggested
the technique of a deep learning model that can forecast the
length of the infection based on data available at the time of
hospital admission; predictors include COVID-19 symptoms
and signs, hematochemical analysis findings, anamnestic
and analytic data, and previous treatments given to patients.
Minyue Yin and al [22], examined many machine learning
(ML) models for the early identification of acute, severe
pancreatitis in patients receiving acute pancreatitis
hospitalization. Wang [27] developed an explainable
machine learning model that accurately predicted the three-
year total cause death rate for patients suffering from illness
of heart-related related heart failure (HF). Nehemiah Liu
and al [32], created and verified various parameters of ML
systems and algorithms that can forecast whether trauma
patients would require life-saving measures (LSIs).

Moreover, Toma and colleagues [33], found that
anticipating the state of survival of critical care patients after
their hospital stay is helpful for several clinical and
administrative activities. Tarumi [75] evaluated three
approaches to utilizing digital health (biomedical
informatics) record data from various sources to forecast
pharmacotherapy results for type two diabetes. The most
predictive period for risk assessment scores on tested
instruments developed by Le and colleagues [8] was
investigated through the use of seven ML algorithms and
varying EHR analysis periods. Xue and colleagues [84]
prove that independent functioning metrics may be
evaluated utilizing ML algorithms to forecast acute care
readmissions, enhancing the efficacy of preventive
healthcare.
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According to Damien Grusona et al [34], another use of
biochemicals could enhance the precision and speed of
diagnosis, support clinical decision-making, and result in
better health results by integrating technology utilizing
artificial intelligence with laboratory medical practice into
cardiovascular care.

B. Agenda and Lacking Research

The scientometric already stated study and topical
debate revealed, the thorough study tendency, popular
academic issues, and taxonomy of knowledge of the hospital
SCM area. Although academics and practitioners have made
great advances in developing hospital SCM theory and
practice, there are still several limits that must be addressed
later on in research. Such as constraints on international
cooperation and the absence of innovative technologies.

1) Constraints of international cooperation and the
comprehensive assessment system

There is still insufficient international cooperation in the
model of research. More discussion is warranted regarding
the general application of most hospital SCM expertise
based on local situations, for example, the Artificial
Intelligence of Things (AloT) model, not applicable to other
hospitals or countries [86]. In addition, artificial
intelligence-based risk evaluations of thirty-day published
are predictors of unexpected readmission after carotid artery
stenting.; however, they have not undergone independent
evaluation and are currently limited to the United States
population, there is no external validation for the risk scores
that are displayed [63].

To close this gap, more research is required to gather
and combine unstructured data on all pertinent indications
of clinical risk, factors affecting, the environment, imaging
biomarkers, lifestyle choices, and other factors to enhance
predictions. This will be done even though the research will
be expanded to include patients in different regions and
hospitals and we will use data from various countries for
external validation. and future objectives for our study
include growing the dataset to include numerous time points
for continuous analysis, as well as increasing the size of the
sample to investigate more potential predictors and their
interactions.

2) Supplementary studies from an international and

comprehensive angle

It is acknowledged that a complete or comprehensive
study is still necessary to develop the hospital SCM
knowledge system, even though the knowledge branch of
research is flourishing. Further studies are necessary to
provide a more thorough explanation of the hospital length
of stay, the patient's discharge process, the cause of death
[29], and the main grievance detailed for all, unexpected,
and predictable deaths within each category.

The decision-making process and operation of hospital
SCM involve numerous parties, including medical center
officials,  asphysicians, patients, and  medicines
transportation officials, etc. Hospital SCM should have both
long-haul and dynamic effects. As a result, the entire
picture takes into account a variety of viewpoints, including

the dynamic assessment of the entire life-cycle of hospital
logistics operations and the interaction of decision-makers
from various back-grounds, and future research testing
generalizability will be very intriguing.

3) Insufficient platform to quickly advance innovation
technology research

The impact of implementing hospital SCM from a
management standpoint is minimal in the absence of
innovative technologies. Some novel technologies, however,
require a long time to transition from laboratory to
implementation before they can significantly ameliorate the
negative consequences of logistics. Such as applications of
the XGBoost algorithm were studied in a single medical
facility and were shown to be an accurate prediction method
for patients with subarachnoid hemorrhage caused by
aneurysm, however, the program was not made easily
accessible [45], additionally is unable to accurately extract
past medical histories, including those of respiratory
conditions and cancers, which may also have an impact on
extended mortality. A prospective study is being planned to
validate the Al algorithm and verify the association between
health history and cardiac problems [87].

A lengthy period of proof is required for the introduction
of a new object, such as the technology's dependability and
the uncertainty surrounding the true benefits. The issue,
though, is frequently a lag or gap in the study on the
validation of the AI algorithm and test generalizability in
other hospitals. As a result, developing efficient platforms
and cuttingedge technologies based on interdisciplinary,
cross-organizational collaboration is crucial for hospital
supply chain management practices. Examples of these
technologies of artificial intelligence include machine
learning, natural language processing, artificial neural
networks, deep learning, and the XGBoost algorithm, etc.

V. CONCLUSION

The notion of hospital supply chain management has
gained increased interest and contemplation from
government sectors, academia, practitioners, medical center
officials, and global organizations. Both in the technology
and medical domains, a great deal of tangible advancement
was made. For example, using the technology of Al and big
data for developing healthcare, emergency departments
environmentally sustainable, etc. Using a three-step
evaluation program, this study examined 87 wvaluable
contributions to hospital SCM over the last two decades.
They were classified according to the publishing year, the
journal to which they were assigned, and the number of
citations. Next, the bibliographic networks of nations,
organizations, co-citations in documents and journals, and
study subjects' keyword co-occurrence were then shown to
aid in understanding the global research state and academic
development. A comprehensive knowledge taxonomy of the
hospital SCM area was developed, based on a scientific
analysis, with there are 22 sub-branches and five main
alignments.

The findings show a considerable rise in the
chronological publication of SCM from hospitals.
International Journal of Medical Informatics, Journal of
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Biomedical Informatics, Artificial Intelligence in Medicine,
Computers in Biology and Medicine, and PLoS ONE. Since
2002, it has provided more than a quarter of all hospital
SCM papers. Current research is most important based on
the maps of journal allocation and co-cited journals to
biomedical informatics, biology in medicine, and neurology.
The key nations for hospital SCM research are the United
States, China, Taiwan, and the United Kingdom. The
network of co-authored organizations and countries
demonstrated a lack of collaboration among various
research communities.

The most regularly cited hospital SCM challenges in
each cluster are indicated by the co-occurring term map
where concentrating on prognostic models are used to
evaluate the risk of future outcomes in persons with a
certain disease or health condition by combining various
prognostic indicators (cluster #1), application the techniques
of artificial intelligence in critical care (sepsis, risk
stratification, etc) (cluster #2), applying predictive analytics
in hospital (cluster #3), predictive modeling is essential to
managing population health (cluster #4), applying
techniques of artificial intelligence in clinical neuroscience
(length of stay, rehospitalization, etc) (cluster #5), Al used
to create individualized treatment plans, identify illnesses,
and support medical professionals in making decisions, etc
(cluster #6), and Al assist emergency medical services in
classifying patients more rapidly and precisely than they can
use their present procedures, etc (cluster #7). On this
premise, the hospital SCM knowledge taxonomy was
manually synthesized from five aspects: (i) technologies, (ii)
planning, (iii) supply chain field in hospitals, (iv) logistics,
and (v) environmental.

Finally, a prospective roadmap was proposed, which was
separated separate 3 streams: (i) the collaboration between
hospitals from various backgrounds is not currently
widespread. To close this gap, the dataset to include
numerous time points for continuous analysis, as well as
increasing the size of the sample to investigate more
potential predictors and their interactions; (ii) the complete
or comprehensive study is still necessary to develop the
hospital SCM knowledge system. Further studies are
necessary to provide a more thorough explanation of the
hospital length of stay, the patient's discharge process, the
cause of death, and the main grievance detailed for all, etc;
(iii) an insufficient platform to quickly advance innovation
technology Research, require a long time to transition from
laboratory to implementation. Developing efficient
platforms and cuttingedge technologies based on
interdisciplinary, cross-organizational collaboration is
crucial for hospital supply chain management practices.

It should be highlighted, although that the data used in
this study was limited to research and review papers that
were published in peer-reviewed journals, and that they
were only obtained from the mainstream database while
taking software applicability into account. While the
majority of the persuasive points of view in hospital SCM
research may be represented by the indexed papers, certain
important articles that were published in alternative formats
may inevitably be missed. A thorough inquiry into the
subject of SCM hospital that incorporates valuable

conference papers and publications is projected to provide a
more thorough knowledge base for the next studies. Thus,
we have unanswered questions in this domain for example,
how might ongoing technological advancements, regulatory
changes, or global events (e.g., pandemics) shape the future
of hospital SCM research and practice? Lastly, we call
stakeholders at the hospitals to heed the recommendations
and actively contribute to advancing knowledge and practice
in hospital SCM.

COMPETING INTERESTS

The authors declare that they have no known competing
financial interests or personal relationships that could have
appeared to influence the work reported in this review.

CONTRIBUTION STATEMENT

Conception or design of the work: Soulaiman Louah.
Data collection: Soulaiman Louah. Data analysis and
interpretation: Soulaiman Louah. Drafting the review:
Soulaiman Louah. Critical revision of the review:
Soulaiman Louah, Hicham Sarir and Mohamed kriouich.
Final approval of the version to be published: Soulaiman
Louah, Hicham Sarir and Mohamed kriouich.

ACKNOWLEDGMENT

We thank Dr. Hicham Sarir (ENSA Tetouan,
Abdelmalek Essadi University) and Pr. Mohamed kriouich
(ENSA Te-touan, Abdelmalek Essadi University) for
supervising.

REFERENCES

[11 A.J. Young et al., "Using State Data to Predict a Sin-gle Institution
Mortality for Patients That Fall," Journal of Surgical Research, vol.
268, pp. 540-545,2021.

[2] A. Nimgaonkar, D. R. Karnad, S. Sudarshan, L. Ohno-Machado, and
1. Kohane, "Prediction of mortali-ty in an Indian intensive care unit:
Comparison between APACHE 1I and artificial neural networks,"
Intensive Care Medicine, vol. 30, no. 2, p. 248253, 2004.

[3] G. N. Saxe, S. Ma, J. Ren, and C. Aliferis, "Ma-chine learning
methods to predict child posttraumatic stress: A proof of concept
study," BMC Psychiatry, vol. 17, no. 1, pp. 1-13,2017.

[4] E.T. Heyman et al., "Improving Machine Learning 30-Day Mortality
Predic-tion by Discounting Surprising Deaths," Journal of Emergency
Medicine, vol. 61, no. 6, pp. 763-773, 2021.

[5] J. Fang, Y. Zheng, H. Mou, M. Shi, W. Yu, and C. Du, "Machine
learning for predicting the treatment effect of orthokeratology in
children," Frontiers in Pediatrics, vol. 10, 2023.

[6] P. Pattharanitima et al., "Machine learning predic-tion models for
mortality in intensive care unit patients with lactic acidosis," Journal
of Clinical Medcine, vol. 10, no. 21, 2021.

[71 K.Y. Wang, K. V. Suresh, V. Puvanesarajah, M. Raad, A. Margalit,
and A. Jain, "Using predictive modeling and machine learning to
identify patients appropriate for outpatient anterior cervical fusion and
discectomy," Spine, vol. 46, no. 10, p. 665670, 2021.

[8] D. Van Le, J. Montgomery, K. C. Kirkby, and J. Scanlan, "Risk
prediction using natural language processing of electronic mental
health records in an inpatient forensic psychiatry setting," Journal of
Biomedical Informatics, vol. 86, pp. 49-58, 2018.

[9] A. H. Hogan, M. Brimacombe, M. Mosha, and G. Flores, "Comparing
Artificial Intelligence and Traditional Methods to Identify Factors
Associated With Pediatric Asthma Readmission," Academic
Pediatrics, vol. 22, no. 1, pp. 55-61, 2022.

[10] B. Wemly, B. Mamandipoor, P. Baldia, C. Jung, and V. Osmani,
"Machine learning predicts mortality in septic patients using only
routinely available ABG variables: a multicentre evaluation,"
International Journal of Medical Informatics, vol. 145, p. 104312,

Soulaiman Louah, A Systematic Literature Review of Performance Hospital Supply Chain Management



Journal of Robotics and Control (JRC) ISSN: 2715-5072 610

2021. International Journal of Medical Informatics, vol. 154, no. 172, pp.

[11] G. Hackmann et al., "Toward a twotier clinical warning system for 104569, 2021.
hospitalized patients," AMIA Annual Symposium Proceedings / AMIA [30] R. A. Taylor and A. D. Haimovich, "Machine Learning in Emergency
Symposium, pp. 511-519, 2011. Medicine: Keys to Future Success," Academic Emergency Medicine,

[12] H. Ma et al., "A gradient boosting tree model for multidepartment vol. 28, no. 2, pp. 263267, 2021.
of machine learning algorithms for prediction of mortality in spinal [31] A. Neumann, J. Holstein, J. R. Le Gall, and E. Lepage, "Measuring
epidural abscess," Spine Journal, vol. 19, no. 12, pp. 1950-1959, performance in health care: Case-mix adjustment by boosted decision
2022. trees," Artificial Intelligence in Medicine, vol. 32, no. 2, pp. 97-113,

[13] A. Oliver-Roig, J. R. Rico-Juan, M. Richart-Martinez, and J. Cabrero- 2004
Garcia, "Predicting exclusive breast-feeding in maternity wards using [32] N. T. Liu et al, "Development and validation of a machine learning
machine learning techniques," Computer Methods and Programs in algorithm and hybrid system to predict the need for life-saving
Biomedicine, vol. 221, p. 106837, 2022. interventions in trauma patients," Medical and Biological

[14] A. V. Karhade et al., "Development of machine learning algorithms Engineering and Computing, vol. 52, no. 2, pp. 193-203, 2014.
for prediction of mortality in spinal epidural abscess," Spine Journal, [33] T. Toma, A. Abu-Hanna, and R. J. Bosman, "Discovery and inclusion
vol. 19, no. 12, pp. 1950-1959, 2019. of SOFA score episodes in mortality prediction," Journal of

[15] S. Wang, Y. J. Wu, and R. Li, "An Improved Genetic Algorithm for Biomedical Informatics, vol. 40, no. 6, pp. 649-660, 2007.

Location Allocation Problem with Grey Theory in Public Health [34] D. Gruson, S. Bernardini, P. K. Dabla, B. Gouget, and S. Stankovic,
Emergencies," International Journal of Environmental Research and "Collaborative Al and Laboratory Medicine integration in precision
Public Health, vol. 19, no. 15, 2022. cardiovascular medicine," Clinica Chimica Acta, vol. 509, pp. 67-71,

[16] P. Liuzzi et al., "Predicting SARS-CoV-2 infection duration at 2020.
hospital admission: a deep learning solution," Medical and Biological [35] C. P. Boon et al., "Hybrid outcome prediction model for severe
Engineering and Computing, vol. 60, no. 2, pp. 459-470, 2022. traumatic brain injury," Journal of Neurotrauma, vol. 24, no. 1, pp.

[17] P. Diaz Badial, H. Bothorel, O. Kherad, P. Dussoix, F. Tallonneau 136-146, 2007.

Bory, and M. Ramlawi, "A new screening tool for SARS-CoV-2 [36] J. P. Parreco, A. E. Hidalgo, A. D. Badilla, O. Ilyas, and R. Rattan,
infection based on self-reported patient clinical characteristics: the "Predicting central line-associated bloodstream infections and
COV19-ID score," BMC Infectious Diseases, vol. 22, no. 1, pp. 1-12, mortality using supervised machine learning," Journal of Critical
2022. Care, vol. 45, pp. 156-162, 2018.

[18] B. Herman, W. Sirichokchatchawan, S. Pongpanich, and c. [37] L. Maruster, T. Weijters, G. De Vries, A. Van Den Bosch, and W.
Nantasenamat, "Development and performance of CUHASROBUST Daelemans, "Logistic-based patient grouping for multidisciplinary
application for pulmonary rifampicin-resistance tuberculosis treatment," Artificial Intelligence in Medicine, vol. 26, no. 1-2, pp.
screening in Indonesia," PLoS ONE, vol. 16, pp. 1-19, 2021. 87-107, 2002.

[19] K. E. Fuest et al., "Clustering of critically ill patients using an [38] M. A. J. van Gerven, R. Jurgelenaite, B. G. Taal, T. Heskes, and P. J.
individualized learning approach enables dose optimization of F. Lucas, "Predicting carcinoid heart disease with the noisy-threshold
mobilization in the ICU," Critical Care, vol. 27, no. 1, pp. 1-11, classifier," Artificial Intelligence in Medicine, vol. 40, no. 1, pp. 45—
2023. 55,2007.

[20] C. Bender, S. L. Cichosz, A. Malovini, R. Bellazzi, L. Pape- [39] T. Mazzocco, A. Hussain, S. Hussain, and A. A. Shah, "A novel
Haugaard, and O. Hejlesen, "Using Case-Based Reasoning in a mortality model for acute alcoholic hepatitis including variables
Learning System: A Prototype of a Pedagogical Nurse Tool for recorded after admission to hospital," Computers in Biology and
Evidence-Based Diabetic Foot Ulcer Care," Journal of Diabetes Medicine, vol. 44, no. 1, pp. 132-135, 2014.

Science and Technology, vol. 16, no. 2, pp. 454-459, 2022. [40] J.S. Yen, C.C. Hll, W. H. Huang, C. W. HSU., T. H. Yen, and C. H.

[21] S. Lee et al., "Multicenter validation of machine learning model for Weng, "An artificial intelligence algorithm for analyzing
preoperative prediction of postoperative mortality," Npj Digital acetaminophen-associated toxic hepatitis," Human and Experimental
Medicine, vol. 5, no. 1, 2022. Toxicology, vol. 40, no. 11, pp. 1947-1954, 2021.

[22] M. Yin et al., "Automated Machine Learning for the Early Prediction [41] J. C. Hsu, Y. F. Chen, W. S. Chung, T. H. Tan, T. Chen, J. Y. Chiang,
of the Severity of Acute Pancreatitis in Hospitals," Frontiers in "Clinical Verification of A Clinical Decision Support System for
Cellular and Infection Microbiology, vol. 12, pp. 1-11, 2022. Ventilator Weaning," BioMedical Engineering Online, vol. 12, pp. 1—

[23] Z. Jiao, Y. Xiao, Y. Jin, and X. Chen, "Tianxial20: A Multimodal 15, 2013.

Medical Data Collection Bioinformatic System for Proactive Health [42] W. Dai, T. S. Brisimi, W. G. Adams, T. Mela, V. Saligrama, 1. C.
Management in Internet of Medical Things," Journal of Healthcare Paschalidis, "Prediction of hospitalization due to heart diseases by
Engineering, vol. 2020, 2020. supervised learning methods," International Journal of Medical

[24] M. Shanbehzadeh, R. Nopour, and H. Kazemi-Arpanahi, "Design of Informatics, vol. 84, no. 3, pp. 189-197, 2015.
an artificial neural network to predict mortality among COVID-19 [43] T. S. Brisimi, T. Xu, T. Wang, W. Dai, W. G. Adams, 1. C.
patients," Informatics in Medicine Unlocked, vol. 31, p. 100983, Paschalidis, "Predicting chronic disease hospitalizations from
2022. electronic  health records: an interpretable  classification

[25] D. Kim et al, "A data-driven artificial intelligence model for remote approach," Proceedings of the IEEE, vol. 106, no. 4, pp. 690-707,
triage in the prehospital environment," PLoS ONE, vol. 13, no. 10, pp. 2018.

1-14, 2018. [44] C. Hu, "Application of interpretable machine learning for early

[26] L. Mirugter and R. J. Jorna, "From data to knowledge: A method for prediction of prognosis in acute kidney injury," Computational and
modeling hospital logistic processes," IEEE Transactions on Structural Biotechnology Journal, vol. 20, pp. 2861-2870, 2022.
Information Technology in Biomedicine, vol. 9, no. 2, pp. 248-255, [45] R. Wang, J. Zhang, B. Shan, M. He, and J. Xu, "XGBoost Machine
2005. Learning Algorithm for Prediction of Outcome in Aneurysmal

[27] K. Wang et al, "Interpretable prediction of 3-year all-cause mortality Subarachnoid ~ Hemorrhage,"  Neuropsychiatric  Disease  and
in patients with heart failure caused by coronary heart disease based Treatment, vol. 18, pp. 659-667, 2022.
on machine learning and SHAP," Computers in Biology and [46] V. Rojas-Mendizabal, C. Castillo-Olea, A. Gdémez-Siono, and C.
Medicine, vol. 137, p. 104813, 2021. Zuiiiga, "Assessment of thoracic pain using machine learning: A case

[28] C. Hu, L. Li, Y. Li, F. Wang, B. Hu, and Z. Peng, "Explainable study from Baja Califor-nia, Mexico," International Journal of
Machine-Learning Model for Prediction of In-Hospital Mortality in Environmental Research and Public Health, vol. 18, no. 4, pp. 1-12,
Septic Patients Requiring Intensive Care Unit Readmission," 2021.

Infectious Diseases and Therapy, vol. 11, no. 4, pp. 1695-1713,2022. [47] J. Kwon, K. H. Kim, K. H. Jeon, and J. Park, "Deep learning for

[29] D. Barsasella et al., "Predicting length of stay and mortality among predicting inhospital mortality among heart disease patients based on
hospitalized patients with type 2 diabetes mellitus and hypertension," gzl;(;cardlography,” Echocardiography, vol. 36, no. 2, pp. 213-218,

Soulaiman Louah, A Systematic Literature Review of Performance Hospital Supply Chain Management



Journal of Robotics and Control (JRC) ISSN: 2715-5072 611

[48] S. Heili-Frades et al, "Patient Management Assisted by a Neural 2020.

Network Reduces Mortality in an Intermediate Care Unit," Archivos [67] F. J. R. Catling and A. H. Wolff, "Temporal convolutional networks
de Bronconeumologia, vol. 56, no. 9, pp. 564-570, 2020. allow early prediction of events in critical care," Journal of the

[49] B. H. Cho, H. Yu, K. W. Kim, T. H. Kim, I. Y. Kim, and S. I. Kim, American Medical Informatics Association, vol. 27, no. 3, pp. 355—
"Application of irregular and unbalanced data to predict diabetic 365, 2020.
nephropathy using visualization and feature selection methods," [68] S. Cui, D. Wang, Y. Wang, P. W. Yu, and Y. Jin, "An improved
Artificial Intelligence in Medicine, vol. 42, no. 1, pp. 37-53, 2008. support vector machine-based diabetic readmission prediction,"

[50] C. Song, "A machine learning-based diagnostic model for children Computer Methods and Programs in Biomedicine, vol. 166, pp. 123—
with autism spectrum disorders complicated with intellectual 135,2018.
disability," Frontiers in Psychiatry, vol. 13, pp. 1-15, 2022. [69] S. Bacchi, L. Oakden-Rayner, D. K. Menon, J. Jannes, T. Kleinig, and

[51] H. M. Jung et al, "Value of quantitative airspace disease measured on S. Koblar, "Stroke prognostication for discharge planning with
chest CT and chest radiography at initial diagnosis compared to machine learning: A derivation study," Journal of Clinical
clinical variables for prediction of severe COVID-19," Journal of Neuroscience, vol. 79, pp. 100103, 2020.

Medical Imaging, vol. 9, no. 3, pp. 1-15, 2022. [70] G. M. Miller et al, "Hypothesis Agnostic Network-Based Analysis of

[52] S. Bacchi et al, "Prospective and external validation of stroke Real-World Data Suggests Ondansetron is Associated with Lower
discharge planning machine learning models," Journal of Clinical COVID-19 Any Cause Mortality," Drugs - Real World Outcomes,
Neuroscience, vol. 96, pp. 80-84, 2022. vol. 9, no. 3, pp. 359-375, 2022.

[53] J. Parreco, A. Hidalgo, R. Kozol, N. Namias, and R. Rattan, [71] C. Niederwanger et al, "Comparison of pediatric scoring systems for
"Predicting mortality in the surgical intensive care unit using artificial mortality in septic patients and the impact of missing information on
intelligence and natural language processing of physician their predictive power: A retrospective analysis," Peer.J, vol. 8, pp. 1—
documentation," American Surgeon, vol. 84, no. 7, pp. 1190-11994, 18, 2020.

2018. [72] G. Scharf et al., "Combined Model of Quantitative Evaluation of

[54] S. Bolourani et al, "A machine learning prediction model of Chest Computed Tomography and Laboratory Values for Assessing
respiratory failure within 48 hours of patient admission for COVID- the Prognosis of Coronavirus Disease 2019," RoFo : Fortschritte Auf
19: Model development and validation," Journal of Medical Internet Dem Gebiete Der Rontgenstrahlen Und Der Nuklearmedizin, vol.
Research, vol. 23, no. 2, pp. 1-15, 2021. 194, no. 7, pp. 737-746, 2022.

[55] M. Engoren, R. H. Habib, J. J. Dooner, and T. A. Schwann, "Use of [73] W. T. Liu, "Using a machine learning model to predict the
genetic programming, logistic regression, and artificial neural nets to development of acute kidney injury in patients with heart failure,"
predict readmission after coronary artery bypass surgery," Journal of Frontiers in Cardiovascular Medicine, vol. 9, pp. 1-9, 2022.

Clinical Monitoring and Computing, vol. 27, no. 4, pp. 455-464, [74] A.J. Gordon et al., "Natural language processing of head CT reports
2013. to identify intracranial mass effect: CTIME algorithm," The American

[56] J. R. Benjamin ef al., "Perinatal factors associated with poor Journal of Emergency Medicine, vol. 51, pp. 388392, 2022.
neurf)cognitﬁve outcome in early school age congenital diaphragmatic [75] S. Tarumi et al., "Predicting pharmacotherapeutic outcomes for type 2
hernia survivors," Journal of Pediatric Surgery, vol. 48, no. 4, pp. diabetes: An evaluation of three approaches to leveraging electronic
730-737,2013. health record data from multiple sources," Journal of Biomedical

[57] A. Lopez Pineda, Y. Ye, S. Visweswaran, G. F. Cooper, M. M. Informatics, vol. 129, p. 104001, 2022.

Wagner, and F. Rich Tsui,' "Comparison of machine learning [76] O. Regnier-Coudert, J. McCall, R. Lothian, T. Lam, S. McClinton,
classifiers for influenza detection from emergency department free- and J. N°’Dow, "Machine learning for improved pathological staging
text reports," Journal of Biomedical Informatics, vol. 58, pp. 60-69, of prostate cancer: A performance comparison on a range of
2015. classifiers," Artificial Intelligence in Medicine, vol. 55, no. 1, pp. 25—

[58] W. Y. Lin et al., "Predicting post stroke activities of daily living 35,2012.
through a  machine learning-based approach on initiating [77] K. H. Lee et al., "Attificial Intelligence for Risk Prediction of End-
rehabilitation," International Journal of Medical Informatics, vol. Stage Renal Disease in Sepsis Survivors with Chronic Kidney
111, pp. 159-164, 2018. Disease," Biomedcines, vol. 10, no. 3, 2022.

[59] R. M. Cronin, D. Fabbri, J. C. Denny, 8. T. Rosenbloom, and G. P. = 78] .. Mica, H. C. Pape, P. Niggli, J. Vomela, and C. Niggli, "New Time-
Jackson, "A  comparison of rule-based and machine learning Related Insights into an OIld Laboratory Parameter: Early CRP
approaches for classifying patient portal messages," International Discovered by IBM Watson Trauma Pathway Explorer® as a
Journal of Medical Informatics, vol. 105, pp. 110-120, 2017. Predictor for Sepsis in Polytrauma Patients," Journal of Clinical

[60] T. Y. Rahman, L. B. Mahanta, A. K. Das, and J. D. Sarma, Medicine, vol. 10, no. 23, 2021.

"Automated oral squamous cell carciqoma ideqtiﬁcation using shape, [79] H. Lv et al., "Machine learning-driven models to predict prognostic
texture and color features of whole image strips," Tissue and Cell, outcomes in patients hospitalized with heart failure using electronic
vol. 63, p. 101322, 2020. health records: Retrospective study," Journal of Medical Internet

[61] S. M. Adil et al, "Deep Learning to Predict Traumatic Brain Injury Research, vol. 23, no. 4, pp. 1-17,2021.

Outcomes in the Low-Resource Setting," World Neurosurgery, vol. [80] J. Zhao et al., "Development and Validation of Noninvasive MRI-
164, pp. e8—el6, 2022. Based Signature for Preoperative Prediction of Early Recurrence in

[62] P. A. Bath, "Pre-hospital prediction of adverse outcomes in patients Perihilar Cholangiocarcinoma," Journal of Magnetic Resonance
with suspected COVID-19: Development, application and comparison Imaging, vol. 55, no. 3, pp. 787-802, 2022.
of machine learning and deep learning methods," Computers in [81] O. J. Achilonu et al., "Use of Machine Learning and Statistical
Biology and Medicine, vol. 151, p. 106024, 2022. Algorithms to Predict Hospital Length of Stay Following Colorectal

[63] A. Amritphale, "Predictors of 30-Day Unplanned Readmission After Cancer Resection: A South African Pilot Study," Frontiers in
Carotid Artery Stenting Using Artificial Intelligence," Advances in Oncology, vol. 11, pp. 1-11, 2021.

Therapy, vol. 38, no. 6, pp. 2954-2972, 2021. [82] K. Tomita et al., "Deep learning facilitates the diagnosis of adult

[64] H. Yang, "Strategies for building robust prediction models using data asthma," Allergology International, vol. 68, no. 4, pp. 456-461, 2019.
unavailable at prediction time," Journal of the American Medical [83] S. Xin ef al., "Early Warning Model of Placenta Accreta Spectrum
Informatics Association, vol. 29, no. 1, pp. 72-79, 2022. Disorders Complicated with Cervical Implantation: A Single-Center

[65] J. M. Kwon, Y. Lee, Y. Lee, S. Lee, and J. Park, "An algorithm based Retrospective Study," Journal of Healthcare Engineering, vol. 2022,
on deep learning for predicting in hospital cardiac arrest," Journal of 2022
the American Heart Association, vol. 7, no. 13, pp. 1-12, 2018. [84] Y. Xue, H. Liang, J. Norbury, R. Gillis, and B. Killingworth,

[66] D.S. Lindberg, "Identification of important factors in an inpatient fall "Predicting the risk of acute care readmissions among rehabilitation
risk prediction model to improve the quality of care using EHR and inpatients: A machine learning approach," Journal of Biomedical
electronic administrative data: A machine-learning approach,” Informatics, vol. 86, pp. 143-148, 2018.

International Journal of Medical Informatics, vol. 143, p. 104272,

Soulaiman Louah, A Systematic Literature Review of Performance Hospital Supply Chain Management



Journal of Robotics and Control (JRC)

ISSN: 2715-5072

612

(85]

(86]

(87]

[88]

(89]

S. Y. Peng, Y. C. Chuang, T. W. Kang, and K. H. Tseng, "Random
forest can predict 30-day mortality of spontaneous intracerebral
hemorrhage with remarkable discrimination," European Journal of
Neurology, vol. 17, no. 7, p. 945950, 2010.

Y. M. Chen et al., "Real-time interactive artificial intelligence of
things—based prediction for adverse outcomes in adult patients with
pneumonia in the emergency department," Academic Emergency
Medicine, vol. 28, no. 11, pp. 1277-1285, 2021.

J. M. Kwon et al., "Artificial intelligence algorithm for predicting
mortality of patients with acute heart failure," PLoS ONE, vol. 14, no.
7, pp. 1-14, 2019.

R. Jin, H. Yuan, and Q. Chen, "Science mapping approach to assisting
the review of construction and demolition waste management
research published between 2009 and 2018," Resour. Conserv.
Recycl., vol. 140, pp. 175— 188, 2019.

W. Hu, J. Dong, B. Hwang, R. Ren, and Z. Chen, "A scientometrics
review on city logistics literature: Research trends, advanced theory
and practice," Sustainability, vol. 2019, no. 11, p. 2724, 2019.

[90]

o1

[92]

[93]

[94]

N. J. Eck and L. Waltman, "Software survey: VOSviewer, a computer
program for bibliometric mapping," Scientometrics, vol. 84, pp. 523—
538, 20009.

X. Zhao, "A scientometric review of global BIM research: Analysis
and visualization," Autom. Constr., vol. 80, pp. 3747, 2017.

H. Si, J. Shi, G. Wu, J. Chen, and X. Zhao, "Mapping the bike sharing
research published from 2010 to 2018: A scientometric review," J.
Clean. Prod., vol. 213, pp. 415-427,2019.

J. M. Nightingale and G. Marshall, "Reprint of “Citation analysis as a
measure of article quality, journal influence and individual researcher
performance,” Nurse Education in Practice, vol. 13, no. 5, pp. 429—
436, 2013.

N. M. Safdar, J. D. Banja, and C. C. Meltzer, "Ethical considerations
in artificial intelligence," European Journal of Radiology, vol. 122,
2020.

Soulaiman Louah, A Systematic Literature Review of Performance Hospital Supply Chain Management



