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REVIEW ARTICLE

Challenges and advancements in high-
throughput screening strategies for cancer 
therapeutics

Ruchi Roy1†*, Sunil Kumar Singh2†, Nashrah Ahmad3, and Sweta Misra1*
1UICentre for Drug Discovery, College of Pharmacy, University of Illinois Chicago, Chicago, Illinois, 
United States of America
2Department of Surgery, University of Illinois Chicago, Illinois, United States of America
3Department of Immunology and Microbiology, The Scripps Research Institute, La Jolla, California, 
United States of America

Global Translational Medicine

Abstract
Drug discovery relies on high-throughput screening (HTS) methods incorporating 
both target-  and cell-based assays. This comprehensive review delves into the 
challenges and benefits associated with these assays within the context of HTS. The 
strategies for developing screening assays, spanning both primary and secondary 
screens for target identification, are discussed. Furthermore, we review the methods 
of identifying the most efficacious drugs through these approaches for the treatment 
of cancer in detail. While various drugs have been identified for cancer treatment, 
there remains a pressing need for more relevant phenotypic assays. These assays aim 
to produce the desired disease phenotype, with a specific emphasis on highlighting 
targets rather than off-targets. The ultimate goal is to pave the way for innovative 
drug development strategies that can effectively treat cancer patients, thereby 
reducing the mortality rate.

Keywords: Target-based screening; Phenotypic-based screening; Targets; Transcriptional 
reprogramming; High-throughput screening; Cancer therapeutics

1. Introduction
The current drug discovery paradigm is highly focused on high-throughput screening 
(HTS), through which large libraries of compounds are screened against the target of 
interest to identify suitable and most probable biological or pharmacological targets, 
aiming for beneficial therapeutic outcomes.1,2 The lead-identified targets are used as 
probes to address biological questions in basic research.

At present, combinatorial chemistry and genomics data are extensively employed in 
HTS within the drug discovery process.3 HTS often involves robotic systems for rapid 
testing of large compound libraries against a target or phenotype. It is important to 
note the distinction between HTS and high-content screening, which emphasizes the 
simultaneous analysis of multiple cellular features to provide more detailed information 
on compound effects but at a lower throughput. Target-based screening and phenotypic 
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screening represent different approaches to HTS, each 
with its advantages and challenges. These approaches 
are selected based on the specific goals of the research, 
the stage of drug discovery, and the available knowledge 
about the disease and potential drug targets. Target-
based screening focuses on identifying compounds that 
interact with a specific molecular target, such as a protein 
or enzyme associated with a disease whereas phenotypic 
screening involves testing compounds based on their 
ability to induce a desired cellular phenotype without 
prior knowledge of the target. Target-based screening is 
commonly used in the early stages of drug discovery to 
identify lead compounds. This approach typically employs 
assays involving purified targets, using techniques like 
fluorescence resonance energy transfer (FRET) or surface 
plasmon resonance (SPR). Phenotypic screening is often 
applied later in drug discovery, especially when the 
molecular basis of a disease is unclear. It utilizes cellular or 
organismal models and may involve high-content imaging 
systems, automated microscopy, and other techniques 
for analyzing complex phenotypes (summarized in 
Table 1 and Figure 1).

However, testing the large compound libraries for 
their binding affinity or biological activity with the aim of 
generating a sufficient number of hits for a drug is a very 
costly process.4,5 Recent studies are leaning towards favoring 
an information-driven strategy over screening a vast 
number of compounds, aiming to enhance the probability 
of success. The complexity and cost escalate as we strive to 
replicate more relevant disease phenotypes. This emphasizes 
the need for methods that foster an integrated approach 
to enhance quantity, quality, and cost efficiency. The 
application of combinatorial chemistry involves screening 
a diverse array of compounds in one comprehensive 
sweep, facilitating rapid concurrent screening against 
specific drug targets. However, the effectiveness of these 
smart libraries in drug discovery relies heavily on precise 
knowledge of the druggable target. Genomics plays a 
crucial role in this context, providing insights into the type 
of mutation and its burden, which varies depending on the 
disease and age. For instance, an integrated application 
of genomic, in vitro, and in vivo tests was adopted in a 
case study on a 10-year-old boy with multiple recurrent 
glioblastoma facing challenges in treatment due to inter 

Figure 1. Overview of the drug selection process in high-throughput screening and the workflow of selecting an effective drug.
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and intratumoral heterogeneity.6 Many novel potential 
drug targets have been identified using the information 
of genomics. In the pharmaceutical industries, various 
technologies in terms of assay miniaturization, laboratory 
automation, and methodologies are utilized to make the 
whole process cost-  and time-effective and enhance its 
efficacy and selectivity.7 To improve its efficiency, HTS 
has been miniaturized to ultra-HTS (uHTS) to enable 

vigorous testing.8 Research efforts invested in exploring 
HTS had led to the development of Viramune (brand 
name, nevirapine), a non-nucleoside reverse transcriptase 
inhibitor against HIV.9 Since 1999, the U.S. Food and 
Drug Administration (FDA) has approved around 61 
first-in-class small molecules for the treatment of cancer, 
cardiovascular and metabolic disorders, gastrointestinal 
and infectious diseases.10,11 Among them, a total of 46 were 

Table 1. Summary of target‑ and cell‑based assay screening

High‑throughput 
screenings Strategies Hallmarks Techniques involved Gaps and challenges Future directions

Target‑based 
screening

• �Based on the prior 
knowledge of 
drug’s mechanism 
of action such as 
protein‑protein 
interactions, 
structural and 
receptor‑mediated 
protein targets, and 
regulatory factors

• �Enhances primary 
target potency/
efficacy, achieves 
biochemical 
selectivity, and 
demonstrates 
cell‑based activity 
upon target 
engagement

• �Commonly used 
in the early stages 
of drug discovery 
to identify lead 
compounds

• �Involves assessment 
of enzymatic activity 
for cell growth, 
proliferation, 
differentiation, and 
metabolism

• �Enzyme‑based assay: 
color, fluorescent, 
luminescence

• �Proximity assay: 
fluorescence 
resonance energy 
transfer, fluorescence 
correlation 
spectroscopy, 
fluorescence 
intensity 
distribution analysis, 
fluorescence 
polarization, 
Alphascreen

• �Binding‑based assay: 
nuclear magnetic 
resonance, surface 
plasmon resonance, 
differential scanning 
fluorimetry

• �Uncertainty in translation 
of the molecular drug 
target to the desired 
safe clinical outcome or 
phenotype

• �Ineffective validation 
of identified targets, 
overlooking complex 
cellular interactions, 
tumor heterogeneity, and 
drug resistance

• �Integrates technologies 
like artificial intelligence 
(AI) and machine 
learning to facilitate the 
identification of novel 
drug targets and the 
design of more effective 
compounds

• �Develops techniques 
and cellular assays 
bridging biochemical 
and phenotypic 
findings: CETSA, 
NanoBit (NanoLuc 
Binary technology), and 
NanoBRET technology to 
illustrate protein‑protein 
interactions in cells

Phenotype‑ based 
screening

• �Based on 
compounds testing 
to evaluate their 
ability to induce 
a desired cellular 
phenotype, with‑out 
prior knowledge of 
a direct molecular 
target

• �Biological relevance 
to the disease

• �Facilitates to 
understand the 
MOA for the disease

• �Often applied later 
in drug discovery, 
especially when the 
molecular basis of a 
disease is unclear

• �Involves functional 
assays assessment 
such as second 
messenger 
mobilization 
(intracellular calcium 
fluxes or cAMP) after 
GPCR activation

• �Primary endpoints, 
e.g., cell viability and 
proliferation, are 
followed by secondary 
endpoints

• �Functional assays 
assessment such as 
second messenger 
mobilization 
(intracellular calcium 
fluxes or cAMP) after 
GPCR activation

• �Use of target‑ 
overexpressing cell 
lines

• �Cell‑based assay: 
ATPGlo (luciferase 
measurement of 
ATP), CRISPR/cas 
studies

• �Imaging‑based 
assays: reporter 
assays,  
e.g., TCF/
LEF assay, 3D 
cultures (organoid 
preparation)

• �Limited ability in 
identifying precise drug 
targets, overlooking subtle 
phenotypic changes or 
variations in cellular 
behavior

• �Readouts (e.g., viability 
or apoptosis of cancer 
cell lines) are often not 
causally related to the 
disease biology pathway

• �Doubt on phenotype 
clinically relevance

• �Develop models that 
mimic disease relevance 
to study phenotypic 
endpoints, and build the 
chain of translatability

• �Explores 3D cell cultures, 
3D cocultures, organoids, 
organ‑on‑a‑chip systems, 
and patient‑derived 
models, and high‑content 
screening techniques 
that better mimic tumor 
conditions and personalize 
treatments

• �Explores animal models, 
e.g., xenografts

• �Explores advanced cellular 
models, e.g., CRISPR/Cas 
knockout preparations

• �Develops induced 
pluripotent stem cell 
technologies

• �Explores imaging assay 
technology

Abbreviations: TCF/LEF: T cell factor/lymphoid enhancer factor family; GPCR: G‑protein‑coupled receptors.
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evaluated through phenotypic screening (e.g., Azacitidine, 
Fulvestran, Nelarabine, and Vorinostat) and 17 through 
target-based screening (e.g., Bortezomib, Gefitinib, 
Imatinib, Sorafenib, and Sunitinib).

Despite the incorporation of new methodologies, the 
rate of successful drug screening remains notably low. This 
is attributed to the molecular heterogeneity underlying 
disease mechanisms, which varies within and between 
patients across various disease types.12-16 These challenges 
highlight the limitations of contemporary drug discovery 
strategies. Therefore, “one drug, one target” paradigm is 
usually followed to reduce unwanted off-target side effects. 
However, this approach does not take into consideration 
the complexities of mechanisms, which are in fact very 
complicated and controlled by various factors inside 
the cells. Highly potent, single-target treatments may 
demonstrate weak clinical efficacy when compared to 
multi-target drugs.17,18 Nevertheless, most effective drugs 
are multi-target ligands, and their efficacy is affected by 
the diverse molecular mechanisms.19-22 Some examples 
of multi-target, anti-cancer drugs include lapatinib and 
duvelisib. Lapatinib is a reversible, ATP-competitive 
inhibitor of the human epidermal growth factor receptor 
2 (HER2) and epidermal growth factor receptor (EGFR) 
tyrosine kinases.23 Duvelisib, on the other hand, is a 
dual inhibitor of PI3K-δ and PI3K-γ. Both drugs have 
demonstrated promising clinical efficacy in advanced 
hematologic malignancies.24

HTS demands the development of robust assays that 
provide high signal-to-noise ratios, which can be applied to 
small volumes as well. Therefore, cell-based in vitro assays 
are more relevant to biological phenotypes in predicting 
the therapeutic response in a quick and effective manner. 
Cell-based assays include in vitro toxicity assay, RNA 
interference (RNAi), second messenger, cell proliferation, 
and reporter assays.25 Cell-based assays offer several 
advantages over cell-free biochemical assays in various 
aspects. They are more cost-effective, closely resemble the 
clinical physiological state, and provide real selectivity 
for compounds that can cross the cell membrane to reach 
target sites.26-30 Both screening methods have immensely 
contributed to drug discovery by producing high-quality 
data (Figure 1, Tables 1 and 2).31

Decision of following both phases parallelly or which 
stream of assays would be performed is dependent on 
the information available about the disease target and the 
availability of specific library against that target. Eventually, 
all primary hit compounds that pass through Step I 
(primary screening) proceed to Step II for cell-based assays, 
where in vitro pharmacokinetics and pharmacodynamics 
(bioavailability, solubility, permeability, protein binding, 

and metabolism) studies are conducted. In this review, we 
briefly explore screening methods, their challenges, and 
benefits in HTS. In addition, various recent methodologies 
are discussed, surrounding topics on developing successful 
experimental assays, implementation through primary and 
secondary screens, and target identification. We also discuss 
the identification of the most efficacious drugs using these 
approaches, particularly in the context of cancer.

2. Target-based screening
Target-based biochemical assays are based on defined/
known molecular targets, which are used to find a lead 
compound from the library that can efficiently induce/
inhibit the target’s activity.32 Target-based screening utilizes 
genomics information to identify the targets causing disease, 
which is already available through previous phenotypic 
studies. Genomic studies also provide functional targets 
to understand mechanism of action (MOA).33 Therefore, 
the target-based approach is simpler, direct, and specific 
because of prior knowledge of drug’s MOA availability, 
which can be easily utilized to understand the interaction of 
drug with the target in a relatively easy manner as compared 
to phenotype-based screening approaches. Various 
methods have been employed to identify MOA including 
protein–protein interactions, examination of structural and 
receptor-mediated protein targets, and regulatory factors. 
Target-based drug discovery relies on two of the most 
popular target classes: enzymes and G-protein-coupled 
receptors (GPCRs). GPCRs, recognized as the largest family 
of targets for approved drugs, engage in direct interactions 
with numerous chemical entities, initiating molecular 
interactions in the extracellular milieu.34 Another druggable 
target is ion channels by virtue of its coupling with the 
plethora of physiological consequences.35-42

The hallmark biochemical assays involve the assessment 
of enzymatic activity for cell growth, proliferation, 
differentiation, and metabolism. Biochemical assays include 
enzymatic kinase assays, voltage-gated ion channels, and 
serine/cysteine proteases FRET, fluorescence correlation 
spectroscopy, fluorescence intensity distribution analysis, 
and in vitro transcription assays.43 The main purpose 
of these assays is to select small molecules from the 
compound libraries based on their affinity to bind with 
purified target protein of interest and inhibit or induce 
enzymatic activity in vitro as per the hypothesis being 
tested.44 A crucial aspect of kinase assay development is the 
selection of an appropriate “readout” involving inhibition 
of ligand-receptor complex formation, reduction of 
enzymatic activity, or change in cellular phenotype, which 
further depend on several factors such as the amount of 
enzymes, the type of cell lines, the type of antibodies, and 
the reference compounds. Furthermore, these assays must 

https://doi.org/10.36922/gtm.2448
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be necessarily optimized for various factors, including 
reagents, readout time-points, buffer conditions, reagent 
concentrations, timing, stopping, order of addition, plate 
type, and assay volume.45

The fragment-based screening method is one of 
the most popular approaches for identifying a drug’s 
interaction with a specified target protein of interest, 
known as a ligand binding assay. In this method, the 
target of interest must be either isolated and purified for 
a cell-free system or recombinantly expressed in a cellular 
system. Subsequently, a library of compounds undergoes 
screening through various in vitro assays to identify 
selective chemicals capable of modulating the activity of 
the target proteins. Another approach is measurement 
of binding activity through nuclear magnetic resonance 
(NMR) spectroscopy to screen a library of compounds. 
It is a powerful tool for fragment-based drug discovery 
to discover high-affinity ligands for target proteins.46 In 
2011, FDA approved the first small-molecule inhibitor, 
vemurafenib, originating from a fragment-based screen.47

Similarly, SPR has been established to provide 
information on thermodynamic and kinetic aspects 
of the macromolecule-ligand interaction. SPR helps 
in the evaluation of molecular interaction between 
two moieties (either protein–protein, protein–DNA, 
enzyme–substrate, and protein–drug) while utilizing 
the advantage of MS. In this case, target of interest 
or biomolecules are immobilized on the surface of 
the chip, and the other analytes must pass through a 
microfluidic system in contact with the chip surface. The 
kinetics of interaction, that is, rate of association and/
or dissociation, allosteric effects, as well as Scatchard 
analysis, and the binding strength, that is, affinity, can 
be measured in the emitted signal.48 Although NMR, 
isothermal titration calorimetry (ITC), SPR, and X-ray 
crystallography are label-free methods and are superior 
over other methods involving modifications of target 
protein by adding fluorescence or chemiluminescence 
labels to facilitate detection, which require more protein 
for testing and are time-consuming during data analysis. 

Table 2. List of targets and compounds/inhibitors against oncogenic pathways

Druggable target Cancer type Chemical library source Compounds References

P‑glycoprotein Ovarian and breast cancer Prestwick Chemical Library for 
Mometasone furoate; National Cancer 
Institute (NCI) Diversity Set Library for 
NSC77037 and NSC23925

Mometasone furoate, NSC23925, 
NSC77037, pimozide, acacetin, 
and loxapine 

131‑133, 136‑139

LY335979, R101933, and XR9576 136‑139

β‑catenin  
(Wnt signaling)

Colorectal cancer Two compound series (IWR‑1, ‑2, and 
IWR‑3, ‑4, ‑5) from Chen et al. 195~200K 
compound UTSouthwestern chemical 
library;
The Cancer Research UK Centre for 
Cancer Therapeutics compound library 
for CCT031374 analogs preparation

IWP, IWR; XAV939; CCT031374, 
CCT036477, and CCT7070535

MEK1 Colon, prostrate, bladder, 
pancreas cancer cell lines, 
and athymic nu/nu female 
mice xenografted with LoVo 
(colon) human tumor cells

4‑phenoxyphenylaniline series  
(class 1 compounds) prepared by Zhang 
et al.196 and class 2 series made by Berger  
et al.197

Class 1 and Class 2 substituted 
4‑anilino‑3‑quinolinecarbonitriles

158

HDAC Ovarian cancer Epigenetic drug library purchased from 
Selleck Chemicals

Trichostatin A (TSA), 
suberoylanilide hydroxamic acid 
(SAHA), LBH589, and PXD101

162

KRAS Colorectal cancer Primary screen at a single concentration 
of 2 μg/mL (ChemBridge) or 2 μM  
(NCI library)

Demethoxyviridin, mithramycin, 
triphenyl tetrazolium (TPT), 
sulfinyl cytidine derivative (SC‑D)

157

PI3K/PTEN Colorectal cancer National Institutes of Health (NIH) 
Roadmap compound library

N’‑[(1‑benzyl‑1H‑indol‑3‑yl) 
methylene] 
benzenesulfonohydrazide 
(CID1340132)

151

JAK/STAT Infectious disease and cancer Chinese National Compound Library RUS0910‑G009 163

EGFR tyrosine 
kinase

Fibroblasts or human 
epidermoid carcinoma cells

N/A PD 153035 198

p53 Colorectal cancer National Cancer Institute CP‑31398, PRIMA1, and Nutlins 180
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These approaches, however, have yet to be harmonized 
with HTS of compound library exceeding 100,000 
small molecules. As a result, other advanced techniques 
are entailed in the HTS to improve the efficiency of 
label-free methods using spectroscopic techniques, 
such as label-free matrix-assisted laser desorption/
ionization time-of-flight (MALDI-TOF)49,50 and affinity 
mass spectrometry (MS),51 to measure in vitro target 
engagement of small-molecule ligands. A study by Simon 
et al. has demonstrated how using affinity selection 
(AS)-based sample preparation can be combined with 
MALDI-TOF to identify orthosteric and allosteric 
ligands for protein tyrosine phosphatase 1B (PTP1B). In 
this study, they screened more than 23,000 compounds 
within 24  h, showing its high compatibility with HTS 
platform. This method helps to identify multivalent 
ligands for targeted protein degradation, for example, 
proteolysis-targeting chimeras (PROTACs). Application 
of AS-MS helps in minimizing the requirement of 
purification of a stabilized form of the protein target, 
which poses a great challenge for membrane receptor 
targets. Another study has shown the importance of 
affinity MS in screening 20,000 compounds in one pool 
for a GPCR target.51 This method provides quantitative 
measurement of compound binding to the receptor in 
both the conditions where receptor is either purified or 
embedded in cell membranes. This approach resulted 
in the discovery of three new antagonists of the A2A 
adenosine receptor, that is, adenosine, UK-432,097, and 
NECA (5’-N-ethylcarboxamide adenosine).

Following this robust screening, final lead compounds 
are evaluated for their pharmacokinetic properties and 
cellular activity of the protein/enzyme.52 Usually, target-
based screening assays are straightforward and exhibit 
less variation due to the homogeneous nature of reactions 
with purified proteins. However, it is crucial to note that 
the activity of selected compounds in a cellular context 
or in vivo does not always mirror their performance in 
these assays. The intracellular environment is highly 
complex, with crosstalk between various signaling 
pathways, potentially leading to undesired or misleading 
targets. Factors such as cellular impermeability of the 
compound or compound metabolism can contribute to 
undesirable toxic effects. In spite of these challenges, 
most of the successful drugs results from target-based 
screening offer new therapeutic options that are precise 
and personalized to specific mutations or can counter 
resistance.53

Imatinib, a tyrosine kinase inhibitor, was the pioneering 
cancer therapy that demonstrated targeted specificity 
against BCR-ABL, c-KIT, and PDGFRA proteins.54 Beyond 

its success in treating chronic myeloid leukemia, it has 
also shown benefits in steroid-refractory chronic graft-
versus-host disease due to its activity against PDGFR 
action. However, resistance issues have emerged involving 
both Bcr-Abl-dependent and  -independent mechanisms. 
Consequently, new drugs, including dasatinib, nilotinib, 
bosutinib, and ponatinib, have been developed.55

Apart from FDA-approved drugs, several ongoing 
studies have identified active compounds that are still 
under preclinical or clinical trials. For example, a natural 
anticancer compound, cryptotanshinone, is an abietane 
diterpenoid that functions as an anticancer agent by 
inhibiting cell proliferation through dual inhibition of 
pSTAT5 and pSTAT3. This dual inhibition effectively 
blocks IL-6-mediated STAT3 activation and reverses 
Bcr-Abl kinase-independent drug resistance in chronic 
myelogenous leukemia (CML).56 It has been found that 
triple-negative breast cancer irrespective of BRCA status 
can be treated with MLN4924, a selective inhibitor of 
neddylation enzyme called NEDD8 activation enzyme 
(NAE1), which targets the neddylation pathway and 
promotes G2-M arrest and apoptosis in CML cells.57,58

2.1. Challenges to target-based screening

Target-based drug discovery is mainly focused on defined 
drug targets such as a gene, a gene product, or a molecular 
mechanism that have been identified through genetic 
analysis or biological studies. In this case, the starting 
point is a gene product for which small molecule libraries 
are screened that can modulate its expression, function, 
or activity. The main drawback to this strategy is the 
uncertainty about the occupancy of the molecular drug 
target translation to the desired safe clinical outcome. 
In general, this strategy is very straightforward and 
simple, with several well-defined and tractable technical 
milestones.59 These limitations may be attributed to an 
oversimplified assay using recombinant cell lines that 
may not precisely reflect the relevant phenotype and fail 
to translate into the clinical outcome. Another challenge is 
the engagement of drugs with multiple targets rather than 
a single target, which can diminish the pharmacological 
value of the drug and may also cause unusual side effects 
and dysfunctions.

Nonetheless, this strategy is lauded as a fast and 
cost-effective process, supported by the easily available 
advanced computational tools used to understand how a 
drug interacts with its target. Virtual drug screening and de 
novo drug design can improve the outcomes of this strategy. 
This application can be used to optimize lead compounds 
by structural modifications to enhance activity or decrease 
or eliminate adverse side effects.60
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3. Phenotype-based screening
Despite the continued discovery of therapeutic compounds 
by means of target-based drug discovery technologies, the 
recent drug approval list features drugs discovered using 
cell-based assays, which constitute approximately half of 
all the high-throughput screens performed.31,61 Phenotype-
based screening offers many advantages over target-based 
methods due to discovery of multiple protein-level targets 
or hits and leads in complex biological systems without 
prior knowledge of a direct molecular target.31

In recent years, cell-based assays focused on the 
modulation of a cellular phenotype in a way that 
has biological relevance to the disease. These assays 
identify modulators of a pathway of interest in a more 
physiological environment that mimics some aspects of 
disease. This approach increases our understanding of 
the MOA for the disease, providing an additional layer 
of information compared to the single-target-based 
biochemical approach.62 Multiple endpoints at various 
levels are determined by primary endpoints and secondary 
endpoints. Primary endpoints such as cell viability and 
proliferation are followed by secondary endpoints. Once 
primary endpoints are successfully determined, functional 
assays such as second messenger mobilization (intracellular 
calcium fluxes or cAMP) after GPCR activation,63,64 
reporter gene assays, cell migration, and cytokinesis are 
performed.65-67

A big question that arises is how to determine if a 
phenotypic drug screen is effective and what defines a 
good phenotypic drug screen (Figure 2). To answer this, 

in 2015, Vincent et al. coined the phenotypic screening 
“rule of three” that emphasized on three specific criteria 
to design the most predictive phenotypic assay.68 The first 
rule is the relevance of the assay system to the disease that 
highlights the importance of physiological relevance in 
the assay systems. Advancements in in vitro preclinical 
studies can be effectively translated to clinical outcomes 
by extensively using primary cells and induced pluripotent 
stem cells (iPSC)-derived cells, which are considered to be 
more representative of human physiology.69 In the first HTS 
study carried out by McNeish et al., murine embryonic 
stem cell-derived neurons were used to screen around two 
million compounds in a library for α-amino-3-hydroxyl-5-
methyl-4-isoxazolepropionate (AMPA) subtype glutamate 
receptors.70 The study demonstrated human translatability 
by revealing a similar rank order in hit potency. Hence, the 
phenotypic assays predict more translatability to clinical 
outcome and help in predicting the clinical therapeutic 
response to a drug.

The second criterion is the relevance of the stimulus 
in achieving the production of the desired phenotype. 
The purpose of stimuli is to target specific signaling 
pathways related to the disease caused by the imbalance 
of the crosstalk between signaling pathway. This can 
be achieved by focusing on the highly disease-relevant 
biological systems with the same genetic background as 
depicted by iPSCs.71-73 In 2012, Lee et al. tested a library 
of 6,912 small-molecule compounds covering a wide range 
of biologically active and structurally diverse compounds 
from various commercial sources, including FDA-
approved drugs.73 These compounds were screened for 

Figure 2. Challenges to drug development and troubleshooting checklist for identifying and validating targets before clinical trials.
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their effects on neural crest precursors derived from iPSCs 
obtained from individuals with familial dysautonomia 
(FD), a condition resulting from a single point mutation 
in the I-κ-B kinase complex-associated protein (IKBKAP) 
gene. To effectively screen extensive libraries, defining 
disease-relevant conditions suitable for HTS is crucial. 
In this regard, the authors purified FD-iPSC-derived 
neural crest (FD-NC) precursors using flow cytometry to 
elucidate why the disease specifically affects the peripheral 
nervous system. In addition, they focused on selecting 
a sensitive and disease-relevant readout. To achieve 
this, the authors developed a qRT-PCR assay in a 384-
well format to measure levels of WT-IKBKAP against 
the 18S internal control. They also determined whether 
compounds increased both wild-type and mutant (MU) 
IKBKAP or acted via IKBKAP. The authors identified a 
potential hit, SKF-86466, capable of rescuing IKBKAP 
transcription through modulation of intracellular cAMP 
levels.73 Another study on cystic fibrosis, which results 
from mutations in the CF transmembrane conductance 
regulator (CFTR) gene required for an epithelial chloride 
channel, aimed to correct the processing of F508del-CFTR 
using small molecules such as VX-809, a CFTR corrector. 
VX-809 enhances the processing and folding of F508del-
CFTR in the endoplasmic reticulum and promotes its 
trafficking to the cell surface.72

If the mechanism and root cause of the disease are not 
well understood, inflammatory or cytotoxic agents can be 
used to induce the disease effects to recreate the cellular 
injury of interest. The last criterion is to determine the 
assay readout endpoint relevant to the clinical end point. 
To address this concern, more complex cell models and a 
range of microphysiological systems that better recapitulate 
in vivo physiological characteristics have emerged. In 
this regard, patient-derived organoids offer promise for 
personalized medicine due to their ability to mimic at least 
some functions of an organ. These organoids can be derived 
from iPSCs or donor tissue. In extension to this model, 
whole organism-based screens provide an additional level 
of physiological relevance beyond cell-based assays. For 
example, extensive research has been conducted in the 
pharmaceutical and biotechnology industries by utilizing 
organisms that can readily adapt to growth, such as yeast 
and bacteria.74-78 Following this step, the use of multicellular 
organisms, such as zebrafish, worms, and plants, becomes 
crucial because cell-to-cell communication and multi-
dimensional tissue organization of these organisms 
are more relevant to humans’.78-82 For instance, a large-
scale screening of 16,000-compound library identified 
a compound called persynthamide (psy,  1) that delays 
S-phase of the cell-cycle and suppresses B-Myb-dependent 
mitotic defects.83 These models not only offer a deeper 

understanding on the developmental process but also help 
in elucidating the mechanisms of the disease; for instance, 
chemical genetic analysis using zebrafish embryos has been 
employed to identify the role of PI3K and ERK in artery/
vein specification. This helps determine the cell fate of 
arteries or veins from angioblasts using GS4898, a known 
PI3K inhibitor.84 This study utilized the zebrafish model 
very effectively in screening small molecules against PI3K 
inhibitors from the DiverSet E library (Chembridge). 
Screening was performed in 96-well plates containing 
embryos in 1- or 2-celled stage and 6-somite stage, which 
are derived from zebrafish with a mutation (grlm145) in hey2/
gridlock that causes the lack of trunk and tail circulation due 
to aortic dysmorphogenesis, a model resembling congenital 
aortic coarctation in humans.

Translational biomarkers can be viewed as clinically 
relevant endpoint assay readouts that predict efficacy 
in patients.85 However, their utility is constrained by the 
challenge of identifying and validating biomarkers for a 
range of target hits.86,87 Most recent advancements in new 
disciplines such as genomics, proteomics, transcriptomics, 
metabolomics, bioinformatics, and system biology could 
impact the understanding of disease due to either loss 
or gain of function or activation of genes that can be 
measured by CRISPR technologies.88,89 Another approach 
that supports drug discovery is RNAi that helps in hit 
selection, lead optimization, and development of animal 
models. For gene editing, CRISPR-Cas9 technology is 
being used without altering the DNA. Integrated genomic 
screening approach using CRISPR-Cas9 and RNAi to 
induce loss of function has been used by Hong et al. in 
a study to identify new potential therapeutic targets in 
a rare sarcoma.90 The researchers developed a patient-
derived cancer cell line, CLF-PED-015-T, from a patient 
with a rare undifferentiated sarcoma that holds most of the 
somatic genetic alterations found in an isolated metastatic 
lesion. They used other complementary methods such 
as CRISPR-Cas9 and RNAi-mediated loss-of-function 
screens to identify CDK4 and XPO1 as druggable cancer 
targets. A library of small molecules was screened from the 
Broad Institute Informer Set containing 72 drugs approved 
by the FDA, 100 clinical candidates, and 268 biologically 
active chemical probes, to identify antiproliferative effects 
in the CLF-PED-015-T cell line.

3.1. Challenges to phenotypic screening

Phenotypic screening often suffers from a very potential 
disadvantage that is target deconvolution, which is an 
important step for understanding compound MOA. 
Phenotypic screening provides the identification of multiple 
off-target proteins or pathways, which might not link to a 
given biological output. This multiple target identification 
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can generate a spectrum of other potential associated 
targets. This process is termed as “target deconvolution” that 
arises due to possible interaction of small molecules with 
multiple cellular and/or extracellular targets or non-protein 
targets.91,92 However, target deconvolution is not a primary 
condition or demand for passing any candidate drug from 
phenotypic screens into late-stage preclinical or even 
clinical development.93-95 Advances in the field of chemical 
proteomics, coupled with in silico approaches and genome 
sequencing, have greatly improved our ability to determine 
protein targets and underlying hits from phenotypic 
screens.96-98 On one hand, a single-target-based approach is 
more useful to understand MOA of the drug and bridge the 
link between modulation of target through a MOA, while 
on the other hand, it could lead to off-target drug activity 
and toxicity and suggest the need of multi-target therapies 
to address complex multifactorial disease mechanisms.99,100

The second major challenge to phenotypic screening 
is metagenes influencing multiple signaling pathways. 
Genome-wide gene expression profiling measures gene 
activities (expressions) in a given cell for a certain time 
frame that helps to understand human diseases at the 
molecular level.101,102 Molecular targets can be recognized 
by the consistent pattern of gene expression across large 
cohorts of human samples, which provide insights in 
evaluating treatment-related phenotypic changes on the 
molecular basis. Indeed, distinct tumor subtypes in the same 
histological environment may present differential responses 
that can cause remarkable hurdles for drug development 
and treatment implications.103 The differential response to 
therapies may stem from heterogeneous patterns of gene 
expression known as metagenes. These metagenes influence 
multiple physiological properties of tumors through various 
signaling pathways, such as RAS and Myc, regulating 
the degree of epithelial-to-mesenchymal transition.104-106 
Rising incidences of drug resistance and limited efficacy 
against complex diseases exacerbate the difficulties of drug 
discovery. To address these bottlenecks, polypharmacology 
emerges as an innovative therapeutic strategy in the 
realm of drug discovery. This approach involves using 
therapeutic molecules capable of interacting with multiple 
biomolecular targets.107 However, the limitation of using 
this strategy involves toxicological concerns and potential 
side effects. These complexities in molecular patterns 
underline the need for more efficient understanding of 
drug MOA at phenotypic and pathway levels for making 
correct diagnostic and prognostic decisions.

4. Screening for genotoxic compounds
Genotoxicity in cancer cells can be induced by the treatment 
of chemotherapeutic agents, such as chlorambucil, 
cyclophosphamide, cisplatin, oxaliplatin, 5-fluorouracil, 

anthracyclines, methotrexate, and topoisomerase inhibitors, 
to induce cell death.108,109 In 2009, Ji et al. developed a DNA 
repair pathways-deficient chicken DT40 cell lines for high-
throughput genotoxicity screening that have effective gene 
targets, stable phenotype, and karyotype and are easy to 
maintain in suspension culture.110-113 However, there are 
several other phenotypic assays for screening out genotoxic 
compounds, including GreenScreen HC GADD45a-green 
fluorescent protein (GFP) (BlueScreen HC, CellCiphr p53, 
and CellSensor p53-bla).114-116 These systems utilize p53 
or DNA damage-associated genes due to their role in a 
genotoxic stress causing the arrest of cell cycle at the G1/S 
phase until repair is effective. Gentronix ‘GreenScreen HC’ 
assay utilizes the fact of genotoxin-induced transcription of 
GADD45a (growth arrest and DNA damage) gene in human 
lymphoblastoid TK6, a karyotypically stable cell line.114 This 
assay measures the cell’s response to genotoxic stress, which 
is linked to the GFP reporter with p53 regulatory elements 
that ensure specific and dose-dependent response from 
the gene reporter.116 The cellular systems biology (CSB™) 
approach (Cellumen “CellCiphr” profile) is used to measure 
DNA damage-induced cytotoxicity in human cellular 
hepatic cell line HepG2 by activating p53 via a fluorescent 
anti-p53 antibody.117 Another p53-dependent beta-
lactamase reporter assay is the Invitrogen ‘CellSensor’ assay 
to measure cytotoxicity in HCT-116 cells.118,119 The lack of 
metabolic activation and the removal of genotoxic lesions by 
the DNA repair system could lead to high false negative.115 
ATAD5-luciferase assay developed by Fox et al. is based on 
the ATAD5 protein expression levels on DNA damage.120,121 
ATAD5 is a suppressor of direct repeat recombination.122 

Using this assay, 22 antioxidant-compounds have 
been identified including potential chemotherapeutic 
agents (resveratrol, genistein, and baicalein) that offer 
improvements over conventional cancer drugs.120 In 
2018, Sykora et al. developed an advanced single-cell gel 
electrophoresis (SCGE) assay coupled with data processing 
software (CometChip Platform) to identify and characterize 
genotoxic agents in large compound libraries.123 This tool can 
be applied to determine sensitivity to genotoxic exposures in 
human populations for epidemiological studies.123

5. Application in cancer treatment
Cancer treatment encounters a major obstacle in the form 
of resistance to chemotherapeutic agents. Tumor cells 
often develop a multidrug-resistant (MDR) phenotype 
by altering the expression of transporter proteins, such 
as the ATP-binding cassette (ABC) superfamily. These 
proteins play a crucial role in regulating intracellular 
drug concentrations. In addition, resistance can arise 
through mechanisms like enhanced repair of drug-
induced damage. The emergence of MDR phenotypes 
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poses a challenge in achieving effective cancer therapy 
and underlines the need for innovative approaches to 
overcome or bypass drug resistance mechanisms.124-127 A 
study on mdr1a-/- mice has reported that P-glycoprotein 
(P-gp) hampers the oral uptake of paclitaxel.128 There 
were several efforts made to generate inhibitors to 
reverse chemoresistance caused by overexpression of 
high-molecular-weight surface P-gp.129,130 In clinical 
trials, third-generation modulators such as LY335979, 
R101933, and XR9576 have shown better accumulation 
of P-gp substrate Tc-99m sestamibi, an imaging agent, 
in a subset of patients.131-133 However, these inhibitors 
did not perform well in the clinical trials due to low 
bioavailability, unexpected secondary physiological 
effects, and unanticipated drug-drug interactions.125,134 
Therefore, several assays have been designed using 
human MDR cell lines to aid in the discovery of novel 
inhibitors against efflux pump P-gp coded by the MDR1/
ABCB1 gene and other ABC transporters. Efforts have 
been made to prepare drug-sensitive and  -resistant 
human myeloma cell lines, 8226/S, and 8226/Dox6 to 
demonstrate association of P-gp overexpression with 
resistance to glucocorticoid, etoposide, doxorubicin, and 
vincristine.135 Collectively, studies have identified several 
compounds, such as mometasone furoate, NSC23925, 
NSC77037, pimozide, acacetin, and loxapine, as a tolerable 
and effective therapy to reverse MDR.136-139 Therefore, key 
components such as P-gp, ABC transporters, and MDR 
could be potential candidates of chemoresistance, which 
can be targeted in cancer drug discovery.

Another challenge to cancer treatment is the stemness 
caused by cancer stem cell (CSC) that can differentiate 
into other cell types of cells in the body due to phenotypic 
plasticity following transcriptional reprogramming driven 
by an evolutionarily conserved starvation response causing 
cancer progression and recurrence.140 This leads to high 
heterogeneity among tumor tissue environments causing 
drug resistance.141 Transcriptional reprogramming helps 
cancer cells not only to escape from the host immune 
defense system but also to stimulate invasion, proliferation, 
and metastasis.142,143 This heterogeneity in the tumor 
microenvironment creates complexity in the signaling 
pathways due to unstable and altered genetic and epigenetic 
profiles that make drug discovery processes more difficult.144,145 
Genetical modifications and several key pathways such as 
Wnt, phosphoinositide 3-kinase signaling pathway (PI3K) 
signaling, interferons (IFNs), and Erk/MAPK signaling are 
involved in this reprogramming.146-149 A detailed study by Van 
Keymeulen et al. has demonstrated how tumor heterogeneity 
is determined by the cancer cell origin using Cre-inducible 
Pik3caH1047]R knock-in mice, specifically in basal cells (BCs) 
using K5-CreERT2 mice.146 The mice exhibited deletion of p53 

and expression of Pik3ca(H1047R), which accelerated more 
aggressive tumor development. Furthermore, they determined 
its role in cancer cell fate switches depending on its expression 
in basal and luminal cells. Since PI3K signaling is involved 
in multiple cellular processes, including cell survival and 
cell death mechanisms, Li et al. developed and implemented 
a high-throughput paired cell-based screen composed 
of parental HCT116  cells and their PTEN gene-targeted 
derivatives to identify small molecules that preferentially kill 
cells with mutations of PTEN. Among 138,758 compounds 
tested, two hits were identified and finally, N’-[(1-benzyl-
1H-indol-3-yl)methylene]benzenesulfonohydrazide 
(CID1340132) was determined as a novel compound that 
induces apoptosis preferentially in PTEN and PIK3CA mutant 
human cancer cells.151

The stemness of nasopharyngeal carcinoma (NPC) 
cells is not only controlled by PI3K signaling but also 
by Wnt signaling that promotes migration and invasion 
of cancer cells by upregulating expression of WNT5A 
in biopsy samples of metastatic NPC tissues.152 To study 
Wnt signaling role in cancer treatment, specifically the 
inhibition of intracellular β-catenin turnover and the 
formation of a nuclear β-catenin/T cell factor (TCF) 
transcription complex, TCF/lymphoid enhancer factor 
family (TCF/LEF) luciferase reporter assay is highly used 
because Wnt/β-catenin works through either activating or 
repressing transcription of genes whose promoters contain 
binding sites for TCF-transcription factors. To search for 
specific inhibitors against the formation of this complex, 
Wan et al. prepared cell lines to perform cell-based assay to 
screen a diverse library of small molecules. They developed 
cell lines with constitutive Wnt signaling,153,154 using an 
inducible HEK cell line, which expresses Dvl2 fusion 
consisting of estrogen receptor (ER), luciferase, and GFP 
genes, under the control of a minimal c-Fos promoter with 
TCF-binding sites and Xnr3 enhancer. This cell line helps 
in screening β-catenin inhibitors such as CCT031374, 
CCT036477, and CCT7070535 that block β-catenin 
induction on estradiol addition. These compounds were 
able to not only block the induction of β-catenin activity 
but also reduce the proliferation of colorectal cancer cell 
lines (HCT116, HT29, and SW480) and induce caspase 3 
activation in HCT116 cells.

Exploring the disruption of TCF signaling, specifically 
TCF4 and β-catenin, to search for anticancer drugs, has 
been attempted by Lepourcelet et al., who screened 
libraries of natural compounds in an HTS manner for 
immunoenzymatic detection of the protein-protein 
interaction.155 Finally, they were able to select two fungal 
derivatives (PKF115-854 and CGP049090) that passed 
the tested predictions including disruption of Tcf/β-
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catenin complexes in vitro, inhibition of colon cancer 
cell proliferation, β-catenin-regulated transcription, and 
β-catenin-mediated axis duplication in Xenopus embryos. 
Another study by Yu et al. highlighted the special 
AT-rich binding protein-2 (SATB2)/β-catenin/TCF-LEF 
pathway in transformation and carcinogenesis.156 SATB2 
is a transcription factor and epigenetic regulator that 
is mostly overexpressed in colorectal cancer. Silencing 
of SATB2 inhibits TCF/LEF activity and its targets. 
Hence, these studies suggest a critical role of Wnt 
signaling pathway in cancer development, and targeting 
this pathway, in combination with current available 
chemotherapies, might be beneficial for controlling the 
cancer.

Another important signaling pathway is EGFR 
signaling that controls cellular and molecular pathways, 
and any alterations to this signaling can lead to 
carcinogenesis. This receptor tyrosine kinase belongs the 
ERBB family of receptors, and its activation regulates 
KRAS and PI3K/PTEN pathways. Torrance et al. 
identified triphenyl tetrazolium (TPT) and a sulfinyl-
to-cytidine derivative (SC-D) as novel KRAS pathways 
inhibitors in DLD-1 colorectal cancer cells in which 
key tumorigenic genes had been deleted by targeted 
homologous recombination and yellow fluorescent 
protein were expressed, while a blue fluorescent protein 
expression vector was introduced into an isogenic 
derivative (lines (HCT116/HKH) in which the mutant 
K-Ras allele had been deleted.157 TPT and SC-D were 
identified among 30,000 compounds through large 
screening, which displayed selective activity in vitro 
and inhibited tumor xenografts containing mutant Ras. 
Similarly, another HTS study identified two series of 
substituted 4-anilino-3-quinolinecarbonitriles as potent 
mitogen-activated protein/extracellular signal-regulated 
kinase 1 (MEK1) inhibitors.158 These compounds had the 
same cyanoquinoline cores but differed in their respective 
aniline groups. Both classes inhibited in vitro growth of 
human tumor cell lines while class 2 that is 3-chloro-4-
(1-methylimidazol-2-sulfanyl)aniline inhibited kinase 
activity upstream of Raf and had dual effect on MEK 
and MAPK phosphorylation and inhibited growth of the 
human colon tumor cell line LoVo (at 50 and 100 mg/kg 
BID) in a nude mouse xenograft model).158

MEK inhibitors such as trametinib and selumetinib 
have been clinically approved for use in several tumor 
types of cancers such as melanoma, non-small cell 
lung cancer, and low-grade serous ovarian cancer.159-161 
Despite having promising therapeutic efficacy, these 
inhibitors showed limited success clinically due to the 
rapid development of resistance that might be caused by 

gain of secondary target mutations, gene amplification, 
and compensatory activation of prosurvival signaling 
pathways. A recent study by Liu et al. has shown that the 
resistance to a MEK inhibitor trametinib can be overcome 
through epigenetic reprogramming using histone 
deacetylase (HDAC) inhibitors, for example, trichostatin 
A (TSA), suberoylanilide hydroxamic acid (SAHA), 
LBH589, and PXD101 in advanced ovarian cancer.162 The 
novelty of this study lies in the establishment of a series of 
patient-derived advanced ovarian cancer models that were 
sensitive or resistant to trametinib. This model illustrated 
that enhancer reprogramming led to sustained activation 
of the MAPK pathway, which plays a crucial role in MEK 
inhibitor resistance. They also performed combinatorial 
drug screening with a customized epigenetics compound 
library from Selleck Chemicals in A2780-R and 
SKOV3  cells. LBH589 (Panobinostat, HDAC inhibitor) 
in combination with trametinib maximizes the clinical 
benefit. They found that the combinatorial treatment 
retarded tumor growth in the SKOV3 xenograft model. 
These findings demonstrated that HDAC inhibitors 
overcome resistance through the suppression of ERK 
restoration.

IFNs such as IFN-α and IFN-β play a key role in 
cancer and several chronic diseases after binding to their 
respective receptors, IFNAR1 and IFNAR2. This receptor 
complex activates Janus-activated kinases (JAKs) and 
signal transducers and activators of transcription (STAT) 
pathways. HTS against type-I IFN with the secreted 
embryonic alkaline phosphatase (SEAP) reporter gene assay 
involving 32,000 compounds resulted in 25 confirmed hits. 
Further screening by cytotoxicity assay in neuroblastoma 
cell line SH-SY5Y showed two hits (CD2093-G007 and 
RUS0903-C006) that decreased viability to less than 50%. 
Finally, RUS0910-G009 exhibited inhibition of STAT1 and 
STAT3 phosphorylation and suppression of IRF7 mRNA 
transcription.163

Several investigations were conducted to find DNA 
repair factors through HTS assays to screen inhibitors 
targeting PARP-1, Ape1, RecA, and Rad51.164-168 
Dillon et al. have notably developed a novel FlashPlate 
scintillation proximity assay of large compound libraries 
for HTS to identify inhibitors of PARP-1.164 This assay 
was originally developed for the 96-well FlashPlate, but 
the authors have transformed it into a 384-well format 
with sufficient sensitivity to determine accurate IC50 
values and adaptability for kinetic evaluation of lead 
molecules. Further, Peterson et al. developed a robust 
method to screen large number of small molecules 
in HTS against RecA using commercial reagents 
(Transcreener(®) adenosine 5’-O-diphosphate [ADP]
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(2) fluorescence polarization assay).166 Therefore, 
identification of biomarkers of these reprogramming at 
the level of gene and protein could help to explain MOA 
of different tumor variant types in different individuals 
depending on the case (Figure  3).169 Another method 
to measure cellular target engagement is the Cellular 
Thermal Shift Assay (CETSA) that measures label-free 
target engagement with endogenous protein. In this assay, 
antibody pairs to quantify thermostable target proteins 
are used. For example, to measure target engagement 
with PARP1, Shaw et al. utilized a triple-negative breast 
cancer cell line, MDA-MB-436, with homozygous 
deleterious mutations in BRCA1.170 Treatment of these 
cells with the PARP inhibitors olaparib, rucaparib, or 
NMS-P118 led to a thermal stabilization of roughly 2°C, 
providing evidence of target engagement with cellular 
PARP1. CETSA can be used for bridging the gap between 
target engagement and the desired functional effect. 
Pharmacological inhibition of PARP1 with olaparib 
was also determined by another approach in a study by 
Howard et al., where they demonstrated the application 
of PARPYnD, the first photoaffinity-based probe (AfBP) 
for profiling PARP1/2.171 This approach was used to 
profile clinical PARP inhibitor olaparib and to identify 
off-target proteins.171 This strategy utilizes photoaffinity 

labeling of compounds without altering their phenotypic 
properties, that is, multipolar spindle formation to 
profile the cellular interactome of a molecule with a 
non-covalent binding profile. PARPYnD retained its 
phenotypic behavior and in vitro PARP binding profile 
comparable to parent compounds AZ9482 and AZ0108, 
suggesting its beneficial utility in profiling novel off-
target interactions of both AZ0108 and the clinical PARP 
inhibitor olaparib.

In addition, there are other relevant targets or 
pathways that can be assessed, for instance, cancer 
signaling pathways involving the p53, RTK–RAS 
signaling172-174 or various cell-cycle regulation targets 
such as cyclin D, cyclin E, and the mitotic kinase Aurora 
2.175,176 Mortality rate is higher in breast cancer patients 
who overexpressed cyclin-dependent kinase 2/cyclin 
E2 (CDK2/cyclin E2) through the estrogen receptor 
pathway.177,179 Another serine/threonine kinase oncogene, 
STK15/BTAK (approved gene symbols are AUR2, ARK1, 
and AIK1) required for the formation of the mitotic 
bipolar spindle, has been reported to be overexpressed 
in breast cancers.177 These targets could be used in future 
to find more potent and selective cancer drugs. However, 
a study has shown that targeting Aurora proteins 

Figure 3. Promising biological targets for cancer drug screening.
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subfamily members such as Aurora A and Aurora B in 
combination would be ineffective. Instead, each should 
be treated autonomously due to their distinct biological 
responses.178

Cell cycle is tightly regulated by the p53 gene, which 
governs the activity of cell cycle kinases such as cyclin-
dependent kinases (CDK4/6 and CDK2). Its inactivation 
or mutation causes dysregulation in proliferation and 
apoptosis, leading to cancer. Therefore, an attempt has 
been made in drug development to restore its activity using 
small molecules modulators (CP-31398, PRIMA1, and 
Nutlins) in p53-deficient human colon tumor xenografts 
(HCT116/p53-/- or DLD1).179 These compounds were able 
to reactivate p53 reporter activity via increasing its targeted 
genes such as p21 (WAF1) and death receptor 5 (DR5).

Similarly, heat-shock protein 90 (HSP90) is an 
important molecular chaperone, which is overexpressed in 
patients with cancer.180,182 HIF-1 pathway is considered to 
be an important signaling pathway that plays a crucial role 
in tumor progression and angiogenesis by upregulating 
kinases and hypoxia-inducible factor-1 (HIF-1).183-185 
Enzymes involved in DNA modification, such as histone 
acetyltransferases and histone deacetylases, play a critical 
role in chromatin modification. These enzymes are 
essential for post-translational modifications, catalyzing 
the acetylation and deacetylation of histones on specific 
lysine residues. Their possible involvement in the 
pathology of conditions like cancer, asthma, and viral 
infections highlights their significance in understanding 
and potentially targeting these enzymes for therapeutic 
interventions.186-189

Moreover, a genome-based strategy has successfully 
emphasized the use of herceptin, a humanized antibody 
targeting the ErbB2 receptor, for the treatment of breast 
cancer. This is particularly effective in cases where breast 
cancer patients exhibit overexpression of the receptor.190 
Another example is farnesyltransferase inhibitor R115777 
that showed efficacy in the treatment of human breast 
cancer xenografts191 and in patients with advanced breast 
cancer.192 Hopefully, further understanding of the genetic 
versatility of breast cancer holds the potential to identify 
more druggable targets for HTS. In addition, compounds, 
either used in combination or alone, have demonstrated 
superior efficacy and tolerability compared to standard 
endocrine therapy, such as tamoxifen. For instance, the 
aromatase inhibitor Arimidex (anastrazole) has shown 
promising results in clinical trials for the treatment 
of hormone receptor-positive breast cancer in post-
menopausal women.193,194

These studies collectively suggest that several signaling 
pathways can be targeted while selecting multi-target 

small molecules. HTS should be designed very carefully 
to determine effective compounds for clinical usage 
(Table 2).

6. Conclusion
HTS sets experiments on a more rapid mode and 
is applicable to a broader range of targets without 
necessitating prior knowledge of target and ligands or 
phenotypic assays. Challenges confronting the HTS 
practitioners are not only limited to the endpoint readouts 
or the quality of the biology but also the quality and 
quantity of compounds being tested. It requires a very 
broad knowledge base with expertise involving multiple 
areas of biology, chemistry, engineering, information 
technology, and logistics. All drug discovery strategies 
are fraught with pitfalls; therefore, practitioners need 
to integrate hit identification approaches to maximize 
success rate. Various drug screening methods in HTS have 
yielded numerous potent compounds currently utilized 
in treatment procedures. Despite these advancements, 
drug selection assays have not fully matured to produce 
endpoints directly relevant to the disease phenotype. 
This review underscores the importance of selecting 
appropriate endpoints that closely mimic the desired 
phenotype to identify efficacious drugs. While new 
technologies such as genomics and proteomics provide 
abundant knowledge about targets and their signaling, it 
is still necessary to elucidate specific signaling axes that 
lead to the correct clinical outcomes. Thus, continued 
exploration is crucial for unearthing innovative anticancer 
agents and maximizing patient benefits.
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Abstract
The COVID-19 pandemic outbreak has profoundly challenged global public health 
over the last couple of years. Throughout this period, numerous mutant strains 
of SARS-CoV-2 have emerged, presenting diverse pathophysiology and immune 
response challenges for infected individuals. Among these, variant of concern strains, 
including Alpha (B.1.1.7), Delta (B.1.617.2), and Omicron (B.1.1.529), has garnered 
the most significant attention for their role in causing epidemiological dynamics, 
ultimately leading to elevated infectivity and significant mortality rates. This 
review aims to provide a comparative analysis of the immune-pathophysiological 
mechanisms associated with these aforementioned strains of SARS-CoV-2.

Keywords: SARS-CoV-2; Immune response; Pandemic

1. Introduction
Over the past 3 years, the global SARS-CoV-2 epidemic has imposed significant strain 
on human immunity, resulting in numerous viral outbreaks that have claimed many 
lives and negatively impacted public health. Across several virologically distinct waves, 
SARS-CoV-2 has employed mutation mechanisms that changed its interaction with the 
host body. Correspondingly, the human immune response has also been modified as 
the viral strains evolved. The World Health Organization has identified several variants 
of concern (VOC) during the COVID-19 pandemic, including Alpha, Beta, Gamma, 
Delta, and Omicron.1 Although these strains have diversified into additional subtypes 
over time, our focus remains primarily on the Alpha, Delta, and Omicron variants due to 
their significant influence. Throughout the pandemic, these three strains have exhibited 
significantly higher degrees of pathogenicity and transmissibility in comparison with 
other circulating strains, affecting a vast population around the globe. The characteristic 
route of invasion or biomarking remains consistent across all these strains. As a member 
of the coronavirus family, SARS-CoV-2 spreads through the air, gaining entry into the 
human respirational tract. Subsequently, it gains access to various cell types by utilizing 
its viral spike protein, leading to severe respiratory distress and other clinical symptoms. 
In comparison with its predecessors, the Middle East respiratory syndrome, and severe 
acute respiratory syndrome-1 (SARS-CoV-1), this virus has a far greater impact on 
public health due to its high disease spread and pathogenicity, which is tightly controlled 
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by tissue tropism in the host. In cases of SARS-CoV-2 
infection, the main route by which the coronavirus enters 
the host body is through the angiotensin-converting 
enzyme-2 (ACE-2) receptor, which is present on the 
surfaces of enterocytic, epithelial, and goblet cells in the 
body.2 Since the spike protein is essential for host evasion, 
mutations in these regions can significantly change the 
evasion process, influencing the pathogen’s localization, 
mode of infection, and degree of host defense evasion.3 
As a result, the spread of the virus alters the pattern of the 
disease in the population, including its clinical severity.

However, there exists a distinct subset of patients who 
have been infected without exhibiting any symptoms 
or experiencing only very mild pathological outcomes. 
Asymptomatic infections have emerged as a potential 
problem in efforts to eradicate the pandemic, as these 
cases represent critical points of transmission that often 
go unnoticed. Recent reports have shedded light on host, 
viral, and environmental factors suspected to contribute 
to this phenomenon. During asymptomatic infection, a 
robust adaptive immune response is generated, which may 
differ from the attributes of T cell response and antibody 
action observed in symptomatic cases.4,5

In this review, we aim to elucidate a comparative analysis 
of the infection pathways in the Alpha, Delta, and Omicron 
strains, accompanied by exploring the epidemiological 
aspects of their pathogenicity and transmissibility, as well 
as their corresponding human immune responses.

2. Infection and pathogenicity of 
SARS-CoV-2
As mentioned earlier, SARS-CoV-2 gains entry into the 
human respiration tract through airborne transmission 
and subsequently infiltrates host cells through the key 
gateway ACE-2 receptor. The receptor binding domain 
(RBD) of the S1 subunit of spike protein binds to the ACE-2 
receptor, adopting a trimeric conformation and triggering 
the formation of an endosome with a low pH level. 
ACE-2-S1 binding is followed by the cleavage of the S1 and 
S2 subunits, promoting viral fusion within the endosome. 
Host proteases such as transmembrane protease serine 
2 (TMPRSS2) cleave multiple furin cleavage sites on the 
spike proteins. Endosomal fusion is further facilitated by 
extensive protein folding modifications of the spike HR1 
and HR2 domains of S2 by forming a six-helical structure 
that physically reduces the distance between the host and 
virus, allowing fusion of both membranes. Subsequently, 
endosomal fusion grants the virus access to the host’s 
cellular machinery, allowing for viral proliferation and the 
budding off of newly synthesized and packaged virions 
from the infected cell.6

3. Immune response against SARS-CoV-2 
variants
3.1. Immune response during the Alpha wave

The VOC, Alpha, or the B.1.1.7 was initially recorded 
in Kent, UK, in September 2020, following the global 
spread of the original Wuhan strain in March 2020.7 This 
particular strain follows the general pathway of invasion as 
discussed earlier.8,9 Infection with the Alpha strain severely 
undermines the host’s translational machinery through the 
action of a non-structural protein (NSP), NSP14.10 Hijacking 
of this process disrupts the host’s cellular translation, 
allowing the virus to amplify its own genome within the 
host body. Inhibition of host translation subsequently 
suppresses the synthesis of antiviral compounds by the 
host, thus compromising the first line of defense—innate 
immunity. Interferon (IFN)-1 has been identified as a 
key factor in producing an effective reaction against viral 
attack, inducing certain subsets of IFN-stimulated gene 
(ISG) to inhibit viral replication.11 Upregulation of ISGs 
potentiates the functionality of immune effector cells such 
as B and T cells, macrophages, and dendritic cells.12 NSP14 
targets and disrupts the antiviral response by forming the 
NSP14-NSP10 complex as a translation inhibitor, leading 
to the impairment of innate immunity function against 
the SARS-CoV-2 infection.10 The undermining of innate 
immunity also affects the adaptive immune response.

The adaptive defense against viral attack is enacted 
through immune cell-mediated and humoral immunity, 
particularly involving antibodies. However, the contagion 
exhibits a carefully designed pathway to escape from 
antibody-mediated neutralization, especially through 
mutations of the spike protein. Neutralizing antibodies 
are highly specific to the viral epitope of the spike’s RBD. 
Mutations in this area notably modify the affinity of 
antibodies for the viral epitope, reducing the epitope-
binding affinity and allowing the virus to escape from 
antibody-mediated neutralization. The N501Y mutation in 
the Alpha strain has been identified as the culprit behind a 
moderately increased escape from neutralizing antibodies 
compared to the ancestral strain.13,14

Humoral immunity is extensively intertwined with 
cell-mediated immunity. Following the pathogen attack, 
heavy production of immunoglobulin IgM and IgG 
occurs from B cells in response to antigen presentation, 
typically within 3 – 6  days. IgM serves as the primary 
antibody response against viral invasion, while high-
affinity IgG constitutes the secondary response crucial 
for long-term immunological memory.15 The release of 
these immunoglobulins eventually leads to an increase 
in inflammatory cytokine levels to combat the pathogen. 
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Secretion of inflammatory cytokines such as tumor necrosis 
factor-alpha (TNF-α), interleukin (IL)-1, and IL-6 triggers 
T cells. Consequently, cell-mediated immunity, controlled 
by helper (CD4+) and killer (CD8+) T cells, is activated. The 
cascade of stimulations initiated by helper T cells further 
activates and synchronizes the functions of other immune 
effector cells, such as macrophages and B cells.15,16 However, 
the release of pro-inflammatory cytokines can, on the 
contrary, be accountable for T cell exhaustion. Interaction 
of TNF-α with tumor necrosis factor receptor 1 (TNFR1) 
receptor on T cells can direct T cells to undergo apoptosis. 
In addition, dysregulated secretion of IL-10 and IL-6 can 
also be responsible for a significant reduction of T cell 
numbers.17 A study reveals that over-secretion of TNF-α 
is also associated with substantial inhibition of Bcl-6+Tfh 
(follicular helper T lymphocytes) differentiation. This 
phenomenon can render the outcomes of T cell-mediated B 
cell activation largely ineffective due to a significant loss of 
germinal center B cell formation. However, non-germinal 
B cells can thrive in this condition; yet, they are not efficient 
in providing long-term immunological memory or high-
affinity B cells.18 Consequently, COVID-19 potentially 
compromises both cell-mediated immunity and humoral 
immunity, thereby hindering effective IgG production as 
well.15

3.2. Immune response during the Delta wave

The VOC B.1.617.2, first identified in India toward the end 
of 2020, was designated the Delta variant. By 2021, Delta 
had claimed a significant number of lives.19 This strain 
proved to be far more contagious than its predecessor, 
with a transmission rate estimated at around 40–60%, 
posing a heightened risk to the populations with partial 
or no vaccination.20 Statistics revealed approximately 
400,000  cases and 4000 mortalities within the 1st  weeks 
of May 2021 in India alone, with subsequent spread to 
over 40 countries across various continents.21 The major 
mutation in the spike protein contributing to its increased 
transmissibility and evasion of antibody neutralization was 
D614G. In contrast to Delta, the Alpha and Beta strains 
exhibited an N501Y substitution.22

Previous variants mutations had mutations clustered 
in the N-terminal domain (NTD), which proved to be 
sensitive targets for human monoclonal antibodies (mAbs). 
These mAbs were highly effective in neutralizing the virus, 
inhibiting the cell-cell fusion method of infection, and 
stimulating the host’s effector functions, making them 
promising targets for therapeutic interventions.23 However, 
a critical study has elucidated the ineffectiveness of 
monoclonal antibodies against the Delta strain. Both anti-
NTD and anti-RBD mAbs classes failed to bind effectively 
to the Delta spike protein and were unable to neutralize 

this VOC. Serum antibodies from convalescent individuals 
(recovered from previous COVID-19 infection) were also 
found futile, being four-fold less effective against Delta 
compared to the Alpha variant. In addition, along with 
the D614G and D950N mutations regulating S protein 
dynamics, the L452R mutation on the RBD also plays a 
vital part in antibody escape. The precise location of this 
mutation on the peripheral surface of the ACE-2 binding 
area allows the virus to escape from antibodies while also 
enhancing its attachment to the ACE-2 receptor. This 
strategy of accumulating mutations in the peripheral 
region has significantly enhanced this variant’s ability to 
evade host immunity.24

The disruption in host immunity is attributed to 
multiple factors. Viral NSP1 and NSP14 accomplish 
the translational shutdown of antiviral proteins. NSP8 
and NSP9 interfere with the Sec61-regulated pathway to 
enter the endoplasmic reticulum, disrupting the whole 
process of host translation necessary for survival.21 Virus-
associated proteins also impede the secretion of IFN-I and 
IFN-III. Proteins such as M protein, open reading frame 
(ORF) 3b, ORF6, and NSP13 inhibit the RIG-I/MDA-5–
MAVS pathway of cytosolic double-stranded RNA sensing, 
directly antagonizing IFN secretion.25

One of the key attributes of COVID-19 infection is the 
cytokine storm, characterized by severe dysregulation of 
cytokine response. This phenomenon has been associated 
with an elevated degree of pathogenicity in patients and 
has posed a serious challenge for clinicians and researchers 
alike. The release of pro-inflammatory cytokines such as 
IL-1β, IL-2, IL-6, IL-10, TNF-α, IFN-γ, and granulocyte 
macrophage-colony stimulating factor is commonly 
observed in this scenario.

According to studies, discord in the timing of 
appropriate immune responses is implicated in the 
development of a cytokine storm in a patient. During the 
early phases of infection, the host body fails to produce 
potent IFNs (I and III) effectively to combat the pathogen 
while simultaneously continuing to secrete IL-6 and other 
chemokines. This failure to produce IFNs and continued 
secretion of IL-6 and other chemokines creates a conducive 
environment for a pro-inflammatory response.26 The role 
of IL-6 remains relevant during the Delta wave, as reports 
indicate elevated levels of IL-6 correlating with disease 
severity.27 This phenomenon facilitates viral replication and 
the progression of infection. As the infection progresses, 
by the time the body regains its ability to mount a defense, 
the infection load has already heightened, prompting an 
exaggerated and uncontrolled immune response.28

A balanced response of Th1 and Th2 cytokines is 
desirable. Immune exaggeration is a consequence of the 
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upregulation of Th2 activity, while polarization toward 
Th1 activity can tactfully perform viral clearance.29-31 The 
Th2 cytokine IL-10 potentially impedes the functionality 
of the Th1 subset and results in poor convalescence in 
patients.21,29 However, some studies found that, as an anti-
inflammatory cytokine, deficiency of IL-10 led to increased 
disease severity in patients. Thus, the role of IL-10 in the 
orchestration of the cytokine storm remains fuzzy due to 
contradictory reports, and comprehensive quantification 
of other cytokines involved could help clinicians better 
understand the disease.32 Both IL-10 and IL-4 allow 
the degranulation and aggregation of eosinophils and 
basophils in the lungs, causing severe impairment of the 
alveoli.8,21,31,33 The final outcome of alveolar congestion and 
capillary hemorrhage becomes consolidation of the lungs.34

Focusing on the damage of cell-mediated immunity, it 
is crucial to shed light on antigen presentation and immune 
surveillance. Viral infection signals or presents itself to 
CD8+ T cells through major histocompatibility complex-I 
(MHC-I) molecules. On recognition of the antigenic 
peptides, the infected host cell is targeted for destruction 
using perforins, granzymes, and Fas ligand (FasL), which 
are released by the CD8+ T cells.35 As this pathway is vital 
for precise viral eradication, the downregulation of antigen 
presentation remains an attractive target for SARS-CoV-2 
infection. Studies have discovered that fighting against 
COVID-19 becomes even more challenging in the 
presence of dampened MHC-I regulation, which occurs 
under the effect of ORF8 viral protein through autophagy 
pathways. Cells exposed to ORF8 become more resistant 
to cytotoxic lysis, while cells with knocked-down ORF8 
become sensitive to cytotoxicity. ORF8 selectively targets 
MHC-I for lysosomal degradation in an autophagy-
mediated pathway, where ORF8 attaches to MHC-I 
molecules and directs them toward autophagosomes or 
lysosomes.36 However, a report has been published stating 
the failure of ORF8 to downregulate MHC-I in the case 
of the Delta variant. Deletion mutations such as Asp119 
and Phe120 in the Delta variant impair ORF8 dimer 
formation and structural instability, leading to poor 
affinity toward MHC-I molecules. The presence of these 
mutations indicates better host adaptation in presenting 
the SARS-CoV-2 antigen.37 In silico studies also support 
this phenomenon by surmising the impact of the Delta 
variant on allele-specific-HLA-peptide-binding affinity, 
which has occurred in a diminished manner due to a heavy 
load of mutations.38

3.3. Immune response during the Omicron wave

The Omicron variant (B.1.1.529) has become a significant 
global concern in the later stages of the pandemic. Despite 
the presence of five sub-lineages (BA.1, BA.2, BA.3, BA.4, 

and BA.5) circulating within the population, the Omicron 
variant, in general, is associated with the highest degree 
of neutralizing antibody escape due to a heavy load of 
mutations on its spike protein.1,39 Omicron was first 
recorded in Botswana, Southern Africa, and it exhibited 
32 amino acid mutations in the spike protein. Reports 
observed that BA.1 and BA.2 display the highest level of 
escape from neutralization by host antibodies compared to 
any other sarbecoviruses, with mutations such as G339D, 
S371L/F, S373P, S375F, R408S, and D406N.1

The emergence of this variant marks a significant 
turning point in the immunological scenario of the 
pandemic. The genomic changes associated with this 
variant are deeply related to evolutionary circumstances, 
and the manifestation of these alterations has been 
responsible for a significant shift in the host-virus 
paradigm. Taking note of the evolutionary point, bats serve 
as the reservoir host for many sarbecoviruses. As reservoirs, 
bats develop an appropriate IFN-rich environment to 
defend themselves against sarbecovirus infection, which 
primes sarbecoviruses for IFN attack. Since humans lack 
such constitutive immune environments, infection with 
bat sarbecoviruses can overwhelm the human host’s IFN 
response.40 This environmental discrepancy in the human 
host has facilitated the evolution of the Omicron variant 
in a manner distinct from its ancestral sarbecoviruses, 
acquiring a significant degree of neutralizing antibody 
escape.1

The Omicron variant, in addition to its adeptness 
in evading immune responses, exhibits very high 
transmissibility, which is considered a vital evolutionary 
event during the pandemic.41 The evasion pathway of 
Omicron differs significantly from that of Delta and Alpha 
variants, suggesting the possibility of a host-jumping 
event occurring amidst the pandemic. Initially, it was 
hypothesized that Omicron either spread cryptically 
within the human population or might have evolved in 
patients with compromised immune systems. However, a 
recent study dismisses other hypotheses and reveals that 
the mutations observed in the progenitor of Omicron most 
likely occurred in a cell of a mouse rather than humans. This 
phenomenon suggests a scenario where the progenitor of 
Omicron infected a mouse, acquired significant mutations, 
and then jumped back to human hosts, evolving into the 
Omicron variant. Thus, interspecific evolution has affected 
the mode of invasion of human host cells.42 In contrast 
to prevailing strains where the virus targets the ACE-2 
receptor as a key to access host cells, Omicron adopts 
an endosomal mode of entry, neglecting the function of 
TMPRSS2 protease. The pathway of endosomal fusion 
is probably facilitated by a geometric restructuring of 
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the S1-S2 protein cleavage site of the viral spike protein. 
Moreover, in addition to its infectivity, the modification of 
this route of infection further reduces the pathogenicity of 
the contagion.43

Summarizing the evolutionary changes, it is evident that 
the antibody-mediated immune response during Omicron 
variant infection has been rendered ineffective.44 However, 
cell-mediated immune response plays a crucial role in 
fighting Omicron infection, with T cells being considered 
the primary warriors in this aspect of immunity. Notably, 
disease severity is significantly reduced when T cells are 
activated, as most of the mutations are in the spike protein, 
which is expected to be incapable of disrupting cell-
mediated immunity.45 In individuals previously exposed 
to SARS-CoV-2 infection, 70 – 80% of T cells were found 
to be highly cross-reactive to the Omicron variant despite 
its significant evasion from antibody neutralization. 
The distribution of SARS-CoV-2 specific T cell epitopes 
throughout the spike region suggests a response 
predominantly directed toward conserved regions, 
potentially limiting viral evasion from T cells.46 However, 
it must not be overlooked that the Omicron variant 
possesses 20 additional mutations in other proteins, which 
may evade T cell immunity to some extent.47 Nevertheless, 
the role of CD8+ T cells appears promising, although 
studies have revealed the abolishment of CD8+ recognition 
in 15% of individuals under Omicron infection, possibly 
indicating elevated clinical severity in some patients.48 The 
predictions suggest that Omicron’s 29 protein mutations 
alter human leukocyte antigen (HLA) binding and antigen 
presentation, resulting in changes in the affinity of 143 
peptide-HLA class  I pairs and 85 peptide-HLA class  II 
pairs. Strikingly, compared to Delta, Omicron has a much 
greater impact on HLA-peptide binding.38 Other reports 
provide data that elucidates a significant reduction in both 
CD4+ and CD8+ T cell responses, with the former showing 
a reduction of 14–30% and the latter showing a median 
reduction of 17 – 25%.46

Omicron presents a challenge in terms of B-cell 
immunity escape.49 However, certain roles of B cells 
remain to be fully understood, as they may play a role 
in obstructing the contagion. Long before the pandemic, 
sequential seasonal coronavirus infections were common 
among the human population. Exposure to seasonal 
coronavirus infections led to the development of two 
sets of cross-reactive, resting switched memory B cells 
(CD27- and CD27+), which existed even before Omicron 
infection. These memory B cells demonstrated cross-
reactivity to non-RBD regions of both Omicron and 
the wild-type  SARS-CoV-2 (Wuhan strain). Given the 
greater homology between the spike protein of seasonal 

coronaviruses and the non-RBD region of Omicron and 
the Wuhan strain, these compartments harbor abundant 
anti-spike B cells due to pre-pandemic exposure.50

4. Comparison of invasion mechanisms and 
corresponding pathological outcomes in 
SARS-CoV-2 variants
Over the course of the pandemic, immune response 
patterns have shifted in tandem with the fast evolutionary 
waves of new variants. Understanding the interplay 
between viral pathogenicity and transmissibility has been 
paramount for global public health. Hospitalization rates, 
closely correlated with pathogenicity, have served as a 
key epidemiological metric for tracking the trajectory of 
clinical severity. Communities with higher hospitalization 
rates often exhibit elevated levels of pathogenicity. Notably, 
amino acid changes in the spike protein have been 
associated with varying degrees of pathogenicity across 
different variants, with the Delta strain exhibiting maximal 
pathogenicity and the Omicron variant demonstrating the 
lowest. As previously noted, mutations in the spike protein 
efficiently regulate the pathogenicity and transmissibility 
of a variant. A  study of epidemiological research carried 
out in Spain revealed a comprehensive comparative 
statistical analysis of COVID-19 waves. In comparison 
with the Delta variant, which peaked in clinical severity 
due to mutations such as L452R, T478K, and K417N, the 
Alpha variant demonstrated a 43% drop in hospitalization 
likelihood, while the Omicron variant demonstrated an 
even more significant 72% decrease.51,52 From a virological 
standpoint, greater attention should be paid to comparing 
the structures of the spike proteins of each variant to 
better understand the pathological implications.53,54 The 
viral genome of the Alpha strain contained 23 mutations, 
seven of which were deemed critical for the variant’s 
phenotype,55,56 while the spike genes of the Delta strain 
contained approximately 13 mutations.

On the other hand, the Omicron variant’s spike protein 
exhibits an abnormally high number of mutations (about 
32 mutations).57,58 These mutations contribute to the 
increased transmissibility of the variant. Reports indicate 
that mutations such as D614G, H655Y, N679K, P681H, 
G339D, S371L, S373P, S375F, E484A, T951, and G142D 
are particularly responsible for enhancing the Omicron 
variant’s transmissibility. Moreover, these mutations 
collectively change the Omicron variant’s evasion route, 
rendering it more resistant to antibody neutralization than 
its ancestors.41,52

Figure 1 describes the mechanistic process of Omicron 
evasion, contrasting it with the approaches employed by 
other common VOCs. The endosomal entry pathway 
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has replaced the ACE-2-TMPRSS2-mediated pathway, 
significantly altering the pathogen’s mode of infection. 
In the earlier strains, the ACE-2 receptor, abundantly 
expressed in several essential human organs, allowed 
the virus to enter the lung parenchyma.59 Syncytial 
pneumocyte development is frequently linked to severe 
SARS-CoV-2 infection. Cellular syncytia arise when a 
SARS-CoV-2-infected cell has spike protein on its surface 
and begins interacting with neighboring cells’ ACE-2. 
The creation of these cellular syncytia enables the virus 
to initiate a new life cycle and replicate more efficiently, 
contributing to increased pathogenicity. Compared to the 
original strain, the Alpha variant produces more large-
sized syncytia with higher fusogenicity, resulting in severe 

COVID-19 infections.60 However, in the case of Omicron, 
TMPRSS2’s S1-S2 cleavage is severely compromised, 
and entry predominantly occurs through the cellular 
endosomal route, which relies more on cathepsins.61,62 
Moreover, TMPRSS2 inactivity compromises the 
development of cellular syncytia, thereby greatly reducing 
the pathogenicity of the virion.62 It is noteworthy that the 
site of infection can influence the severity of COVID-19. 
Studies suggest that the bronchi are more conducive to 
Omicron replication than lung parenchyma tissue. In 
addition, human nasal epithelial cultures exhibit higher 
Omicron replication rates than other common strains.61 
The lower temperature in the upper respiratory tract is 
crucial for maintaining the ideal acidic endolysosomal 

Figure 1. A comparison between the two pathways of infection by different strains of SARS-CoV-2. (1) The Alpha and Delta variants enter the body 
through the respiratory tract. (2) When the virus arrives at the lung parenchyma, the transmembrane protease serine 2 (TMPRSS2)-mediated entry process 
begins. The spike protein of the virus consists of S1 and S2 subunits, which bind to the angiotensin-converting enzyme 2 (ACE-2) receptor on the surface of 
the host cells. Once S2 binds to ACE-2, furin facilitates the cleavage of the S1 and S2 subunits through the activity of the cellular serine protease TMPRSS2. 
This pathway allows the SARS-CoV-2 virus to enter the cytosol of lung parenchyma cells. It must be noted that TMPRSS2 is a temperature-sensitive 
protease and is unable to function effectively in tissues with a high-temperature environment, such as the nasal passageway, which is why TMPRSS2-
mediated entry is more efficient in the lung parenchyma compared to a high-temperature zone like the nasal passage, particularly for the Alpha and Delta 
variants of SARS-CoV-2. (3) TMPRSS2-mediated entry clears the way for cell-cell fusion, syncytium formation, and (A) viral propagation. (B) After viral 
propagation, (C) cytosolic toll-like receptors (TLR7/8) detect viral ribonucleic acid (RNA) and activate the (D) nuclear factor kappa B (NF-κβ) signaling 
pathway, activating downstream kinases. This prompts the release of (E) pro-inflammatory cytokines to combat the viral outbreak. However, SARS-CoV-2 
employs a tactful strategy to inhibit the release of pro-inflammatory cytokines through viral open reading frames (ORFs) and non-structural proteins 
(NSPs). (F) This blockade in the release of inflammatory cytokines leads to elevated levels of interferons (IFNs) in tissues, contributing to the onset of a 
devastating cytokine storm that leads to severe organ damage. In contrast, in the (1) Omicron strain, the nasal passage is affected by the SARS-CoV-2 
entry. (2) Upon entering nasal passage cells, the virus forms an endosome. (3) In the early endosome, the pH becomes highly acidic, contributing to (4) the 
activation of cathepsins, which are endosomal lysosomal cysteine proteases. (5) Cathepsins in late endosomes lead to the release of viral core into the cell 
and similarly lead to (A) viral propagation. (B) The propagating virus is subsequently released from the cell, causing SARS-CoV-2 infection. Figure adapted 
with modifications from Biswas et al.,21 AbdelMassih et al.,63 Willett et al.,64 Pišlar et al.,65 Kubo et al.,66 Gomes et al.,67 Hui et al.61
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pH. This mechanism renders the Omicron endosomal 
entry route temperature-sensitive, enabling more 
effective operation in the upper respiratory tract than 
the lung parenchyma, in contrast to the temperature-
insensitive TMPRSS2 pathway.63 As Omicron infection 
predominantly affects the upper respiratory tract, it 
reduces the pathogenicity of SARS-CoV-2 at this stage 
of the pandemic by limiting viral dissemination to other 
essential organs. However, despite decreased virulence, 
Omicron remains highly transmissible.64 Reportedly, 
Omicron replication in the bronchi is 70 times higher than 
that of the Delta variant. It is hypothesized that increased 
viral replication in conducting airways might result in 
increased viral shedding during speaking or breathing 
through the nose and oral passageways, playing a major 
role in the airborne transmission of SARS-CoV-2.61

5. Conclusion
The evolutionary interplay of viral variants has extensively 
modified the development of corresponding immune 
responses in humans since the onset of the pandemic. 
Accumulating mutations and hypervariability in spike 
proteins during initial waves were associated with increased 
virulence and infectivity. However, as the pandemic 
progressed, the increasing mutations tended to decrease 
pathogenicity while compensating with significantly 
high transmissibility. This shift has enabled the human 
population to better manage severe clinical manifestations 
caused by SARS-CoV-2, leading to a normalization 
of social protocols globally that were disrupted by the 
pandemic. Therefore, a deep-rooted understanding of the 
evolutionary paradigms of both host and parasite systems 
is significant for designing effective clinical measures that 
address global health perspectives.
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Abstract
Recent advancements in omics techniques have enabled deep profiling of an 
individual’s molecular makeup. The wealth of data produced offers insights into 
genetic predispositions, early disease markers, and personalized treatment strategies. 
However, the full potential of omics data emerges when combined into longitudinal 
and personal multi-omics space. Another interesting venue is the inclusion of 
continuous monitoring of physiological parameters through wearable technology. 
Wearable health devices, including smartwatches and biosensors, provide real-
time data on heart rate, oxygen saturation, sleep patterns, activity levels, and much 
more. By integrating with omics data, wearables offer a comprehensive view of an 
individual’s health, allowing for early detection of deviations from normalcy. This 
convergence allows for the prediction and prevention of diseases at the individual 
level and provides a powerful monitoring tool in clinical and drug developmental 
settings. This review explores the fusion of omics and wearable technology, 
envisioning their synergy as a catalyst for a transformative shift in modern healthcare. 
Their merging enables predictive and personalized medicine. As these technologies 
continue to evolve, their translation into routine clinical practice holds the promise of 
a healthier future for all. Provided herein is a step-by-step vision for how longitudinal 
personalized multi-omics, combined with wearable devices, will guide proactive 
healthcare and transform drug discovery in translational medicine.

Keywords: Genomics; Proteomics; Metabolomics; Multi-omics; Wearable health 
technology; Precision medicine; Personalized medicine; Translational medicine

1. Introduction
Precision medicine, a medical field that encompasses personalized medicine, is gaining 
substantial attention today. It aims to provide tailored health-care solutions based on an 
individual’s unique molecular makeup, lifestyle, and environment. Since its inception, 
the approach has been revolutionizing medical research, leading to more effective 
treatments, drug discovery, and better health outcomes for patients.

In this paper, the potential for how personalized multi-omics and wearable health 
technologies could further develop precision medicine is reviewed. Omics and multi-
omics are first introduced, followed by a section regarding wearable health trackers. 
A vision will be presented on how the integration of these two technologies could lead 
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to a new era of personalized medicine. The vision will 
be exemplified through the involvement of an imaginary 
participant in a randomized clinical trial, seamlessly 
monitored with wearable technologies, and the analysis 
with longitudinal, personal multi-omics.

2. Omics and multi-omics
Despite the impressive advancements, the modern 
molecular medicine approach has been utilized to study 
only a small fraction of human genes, leaving many 
understudied proteins in the “dark proteome.”1 However, 
omics-like technologies constitute a paradigm shift by 
providing a more comprehensive molecular picture of 
biological systems.

The first draft of the Human Genome Project in the early 
2000s marked a transformative moment in genomics and 
systems biology as a whole. Spearheaded by the Human 
Genome Organization, it provided a comprehensive 
catalog of human genes and laid the foundation for 
large-scale omics investigations.2 Subsequent initiatives 
such as The Cancer Genome Atlas leveraged the same 
genomic technologies to explore the underpinnings of 
cancer, demonstrating the feasibility of clinical omics 
research.3-5 The TCGA project has significantly advanced 
our understanding of cancer, and TCGA’s comprehensive 
cancer genomic maps have accelerated precision medicine 
in cancer research and treatment. These successes 
foreshadowed a multitude of other initiatives aimed 
at unraveling the omics landscape of diverse diseases 
and conditions. Initiatives such as the Genotype-Tissue 
Expression (GTEx) project6 and the International Human 
Epigenome Consortium (IHEC)7 further expanded the 
scope of omics research. GTEx, focusing on diverse tissue 
gene expressions, uncovered general principles of gene 
regulation and splicing across tissues. Complementarily, 
IHEC provided epigenetic profiles across diverse cell types, 
elucidating how DNA methylation and histone marks 
influence gene regulation. Current trends are pushing our 
methodologies towards single-cell analyses in all divisions 
of systems biology.8

In parallel, the emergence of the Clinical Proteomic 
Tumor Analysis Consortium (CPTAC), which was built 
upon the foundational work of TCGA, exemplifies the 
cooperative spirit and strength of multi-omics and systems 
biology. CPTAC, heavily based on mass spectrometry-based 
proteomics, has added layers of molecular information on 
top of genomic and transcriptomic profiles. This has led 
to unique proteomic (and proteogenomic) signatures of 
colorectal,9 breast10 and ovarian cancers,11 identified novel 
therapeutic targets in lung adenocarcinoma,12 and revealed 
phosphoproteome-based mechanisms of drug resistance 

in breast cancer,13 and novel targets in medulloblastoma,14 
ultimately enhancing precision medicine approaches in 
cancer treatment. There are many proteomics groups 
globally that have pioneered and driven the advent of mass 
spectrometry-based proteomics and the characterization 
of post-translational modifications.15-20 The inclusion 
of proteomics, post-translational modifications, and 
metabolomics21-23 are slowly bridging the gap between the 
genotype and the phenotype, providing invaluable insights 
into the dynamic molecular processes underlying health 
and diseases.

Recent translational initiatives have utilized 
quantitative proteomics to pinpoint candidate serum 
biomarkers for drug-induced liver injury in humans. 
These efforts have successfully identified highly 
discriminative biomarkers, boasting area under the curves 
ranging from 0.94 to 0.99, underscoring their capacity 
to efficiently distinguish drug-induced liver injury from 
healthy samples.24 Similar machine learning models have 
effectively identified noninvasive proteomics biomarker 
panels, surpassing the accuracy of current clinical assays 
in staging alcohol-related liver disease.25 There have also 
been monumental efforts made, where more than 50,000 
individual biosamples were analyzed with genomics and 
proteomics to unravel novel genetic variants influencing 
plasma protein abundance, providing a rich resource for 
drug discovery and for understanding proteogenomic 
mechanisms.26-28 Other studies have used modified-
aptamer proteomics, an alternative proteomic technology, 
to identify diagnostic signatures of non-alcoholic fatty 
liver disease in serum samples. The models developed 
could be used to test treatment response and identify novel 
targets for evaluation in the pathogenesis of non-alcoholic 
fatty liver disease.29 These examples are just the tip of the 
proverbial iceberg, and the literature of novel clinical 
signatures based on omics techniques is vast, with new 
applications continually accumulating.

3. The maturation of omics techniques
The maturation of omics techniques over the past 
few decades has been nothing short of remarkable. 
This evolution has been characterized by significant 
advancements in several key aspects, including robustness, 
increased resolution, high throughput, the development of 
sophisticated statistical tools, and a substantial reduction 
in costs. These collective improvements have not only 
enhanced our ability to generate comprehensive molecular 
data but have also, to some extent, democratized access 
to these powerful tools, opening doors to a wider range 
of research and applications.30 One of the foremost 
achievements in the maturation of many omics techniques 
is the substantial increase in robustness. Early iterations of 
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these technologies were often plagued by issues such as low 
reproducibility and sensitivity. Today, robust experimental 
protocols, standardized workflows, and improved 
instrumentation have mitigated many of these challenges. 
Researchers can now generate reliable and consistent data, 
enabling meaningful comparisons across experiments and 
laboratories.31

The depth of omics analysis has expanded exponentially. 
In genomics, for instance, the advent of next-generation 
sequencing platforms has facilitated the sequencing of entire 
genomes, including regions previously considered “dark 
matter” due to their inaccessibility. Similarly, advancements 
in proteomics, metabolomics, lipidomics and other omics 
domains have enabled the detection and quantification of 
a broader range of molecules with greater sensitivity. As an 
illustrative example, the profiling of the plasma proteome 
has advanced from the determination of a few hundred 
proteins to the quantification of several thousands of 
proteins in less than a decade.26,32,33 An increase in depth is 
also an increase in sensitivity, and the evolution of omics 
techniques has also made them increasingly adaptable to 
low-input material samples, conserving priceless clinical 
materials and allowing analyses previously impossible 
due to limited sample materials.34,35 This evolution has, 
for example, opened up for the utilization of dried blood 
spots, which is a minimally invasive sample collection 
method only involving a few drops of blood applied onto 
filter paper and then dried.36 This approach allows for 
the analysis of nucleic acids, proteins, metabolites and 
other biomolecules from small, easily obtainable blood 
samples. The ability to work with modest input material 
has far-reaching implications, facilitating studies in 
remote or resource-limited settings, pediatric research and 
population-scale omics investigations, ultimately making 
the benefits of personalized medicine more accessible to 
diverse populations. Like the increased depth, a current 
increase in throughput now allows for tens of thousands 
of samples for a genomics study and even a thousand 
samples for metabolomics and proteomics. These numbers 
will soon be surpassed – indeed if they have not been 
already.26,28,37

Generating impressive data are a lot less impressive if 
they are beyond our comprehension. Therefore, continued 
development of statistical techniques is required to process 
and analyze the tidal wave of data points generated from 
each experiment. Bioinformatics and data science have 
long since become indispensable players in omics research. 
Within this dynamic landscape, innovative techniques such 
as machine learning38 and artificial intelligence (AI) have 
risen to prominence in the way we interpret and utilize 
omics data. Specifically, large language models used in 

natural language processing, such as BERT and GPT, have 
the potential to be applied to bioinformatics problems, 
including genomics, transcriptomics, proteomics, drug 
discovery, and single-cell analysis.39 New bioinformatics 
tools continue to emerge and evolve to deepen our 
understanding of the omics landscape,40,41 showcasing the 
dynamic of this field.

Perhaps one of the most transformative aspects of omics 
techniques maturation has been the significant reduction 
in costs. What were once prohibitively expensive endeavors 
have become increasingly accessible to researchers and 
clinicians alike. Economies of scale, competition among 
technology providers and advancements in automation 
have all contributed to making omics analyses more 
affordable. This cost-efficiency has democratized access to 
these techniques and has kick-started their integration into 
research, routine healthcare, and personalized medicine.

As omics techniques continue to mature, their impact 
on science, medicine, and society at large is poised to 
also grow. The convergence of robustness, increased 
depth, high throughput, advanced statistical tools, and 
cost-efficiency has set the stage for personalized omics-
based approaches that have the potential to revolutionize 
healthcare, diagnosis, treatment, and our understanding of 
the molecular underpinnings of health and disease.

4. Wearable health trackers: Pioneering 
predictive and diagnostic healthcare
Another emerging area of modern medicine is the inclusion 
of wearable medical devices that offer a novel potential for 
health research, a niche that has been gaining popularity 
due to their noninvasive nature, affordability, and improved 
accuracy.42-44 They provide insights into many health fields 
since they can measure diverse health parameters, including 
gastrointestinal activity for predicting diseases such as 
ileus,45 ultraviolet (sun) exposure for skin health,46 and 
electrolyte levels for conditions such as cystic fibrosis;47 and 
allow early detection of atrial fibrillation and other heart 
conditions,48 continuous electrocardiogram monitoring,49 
determination of noninvasive blood glucose levels,50 
smart inhaler usage for asthma management,51 activity 
tracking for fitness, sleep patterns profiling, assessment 
of environmental exposures, and more.52 Wearable health 
trackers have, in their own right, also ushered in a new era 
of personalized healthcare, offering continuous monitoring 
and the potential to predict and diagnose a range of 
conditions. Health-care providers can remotely monitor 
patient data, allowing for timely interventions and reducing 
the need for frequent in-person visits. These devices, which 
encompass smartwatches, fitness trackers, smart rings, 
hearables, smart clothing and more, have transcended their 
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initial roles as fitness companions to become valuable tools 
in the early detection and management of various health 
issues. Innovatively, proteomics techniques show promise 
when connected to biosensors for monitoring the efficacy 
of skin graft transplantation.53

By leveraging advanced sensors and AI algorithms, these 
devices can identify subtle deviations from established 
baselines, often before symptoms manifest. Many wearable 
technologies incorporate machine learning and AI-based 
algorithms to interpret and report the collected data. To 
date, the U.S. Food and Drug Administration (FDA) has 
approved several hundred AI-enabled medical devices, 
including wearable health trackers.54

These novel measuring techniques are here to stay, 
and a canopy of interesting examples of where wearable 
devices aid in diagnosis are being presented – whether 
for monitoring post-stroke patients’ activity in different 
environments and providing valuable insights for care 
plans55 or for augmenting type 1 diabetes sensing,56 some 
devices incorporate skin temperature sensors that can be 
used to detect fever, a potential sign of infection.57 Cardiac 
functions can also be measured with similar accuracy 
to electrocardiography (ECG) with in-ear wearables 
using infrasonic hemodynography.58 Another well-tested 
system is remote photoplethysmography (PPG), which is 
a noninvasive technique that uses a camera to measure 
changes in blood volume in the skin, providing an indirect 
measurement of heart rate and other physiological 
parameters.48,59 This technology has numerous applications, 
including telemedicine, sports and fitness monitoring, as 
well as sleep tracking. Using machine learning coupled with 
cloud computing allowed the detection of cardiovascular 
disease (CVD) based on PPG signals with an accuracy 
of 99.5%,60 and there is already a company using remote 
PPG (rPPG) for telemedicine, working together with the 
National Health Service in the United Kingdom.61

As of now, one of the most prominent wearable 
monitoring technology is a continuous glucose monitor 
(CGM), a device that measures glucose levels in real 
time. CGM devices are minimally invasive, with a short 
needle inserted in the arm, constituting a glucose sampler 
connected to a battery and transmitter that communicates 
with a smart device to provide diabetes sufferers with a 
more comprehensive understanding of their blood sugar 
fluctuations. Time in range has gradually emerged as a 
key blood glucose metric, providing an additional layer of 
information that is “beyond HbA1c” for a deeper insight 
into glycemic control in diabetic individuals.62 CGMs can 
help individuals make informed decisions about their 
diet, exercise, and insulin dosing, contributing to better 
diabetes management and improved health outcomes. In 

addition, CGMs can alert users to dangerous blood sugar 
levels, allowing for prompt intervention and potentially 
preventing serious complications.50,63 In theory, the 
technique on which CGM is based could be tailored to 
measure any biomarker of interest or sets of biomarkers, 
adding a deeper clinical depth to wearable devices. Serum 
lactate has been identified as a marker of hypoxia and 
can also serve as a potential biomarker for diagnosis of 
NAFLD stage,64 and a glucose-lactate analyzer has been 
developed.65 Another expansive and important area being 
investigated is the ECG functionality in smartwatches, 
which can provide valuable insights into heart health, 
aiding the early detection of arrhythmias and other cardiac 
conditions. Apple’s Series 4 watch received clearance from 
the FDA in 2018 for its ECG app66 and enables users to 
monitor their heart rhythm and detect any irregularities, 
a feature that is now included in all Apple’s smartwatches. 
Samsung, Garmin, and Withing’s ScanWatch have all 
followed suit with the FDA.67 Omron, a well-known 
blood pressure monitor provider, has now developed an 
innovative wearable blood pressure monitor wristwatch, 
which is clinically accurate and is registered with the FDA 
as a medical device.68

One of the most promising aspects of wearable trackers 
is their ability to predict health events. By analyzing data 
trends, machine learning models can identify patterns 
associated with specific conditions. Irregular heart rate 
patterns may signal the onset of cardiac arrhythmias, while 
changes in sleep duration and quality can hint at sleep 
disorders or compose early signs of neurodegeneration. 
This predictive power enables individuals and healthcare 
providers to take proactive measures to mitigate health 
risks. In a notable application of smart rings, the technology 
demonstrated its potential by accurately detecting early 
signs of COVID-19 infection almost 3  days before a 
positive test result in a large cohort of more than 60,000 
participants.69 In fact, a scoping review described more 
than 20 different types of wearable technology that can be 
used to detect COVID-19 infections early, with reported 
accuracy values ranging from 75% to 94.4%.70 However, 
further research is needed to validate the effectiveness and 
clinical dependability of wearable technology before it can 
be used widely for remote surveillance. This underscores the 
instrumental role of participant-co-designed digital tools 
in healthcare advancement, particularly in early detection 
and proactive health monitoring. In addition, recent 
advancements in proteomics allowed for the analysis of 
180 samples/day, and the stratification of COVID severity 
on a protein level.71 One cannot help to think about the 
implications for COVID research if wearable technology 
was augmented by ultra-rapid proteomic analyses for 
precision medicine.
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The integration of wearable technology into clinical 
settings is currently being discussed for its potential 
scalability. In fact, clinical trials have a long history of 
incorporating wearable technology, even before the advent 
of modern wearables. Devices such as continuous heart 
monitors, oxygen saturation monitors, and other traditional 
health tools have been essential for data collection. 
They enable the seamless tracking of vital signs, activity 
levels, medication adherence, and symptom progression, 
significantly enhancing the quality and efficiency of 
clinical trials. Wearable tech furthermore minimizes the 
need for frequent in-person visits, reducing the burden on 
participants and making trials more accessible to diverse 
populations. The expanded use of digital tools available 
to measure and monitor health parameters is one key 
enabler to decentralized clinical trials, where those tools 
are used for recruitment, for example, screening, to safety 
monitoring and outcome measures.72 Wearable devices 
offer the potential in early detection of adverse events, 
which aids in improving patient safety and enhancing 
accuracy of trial results, thereby enriching the clinical trial 
experience.

5. Challenges and future directions
While the promise of true personalized medicine is 
tantalizing, several challenges remain. Patient compliance 
over time, data privacy, ethical considerations, data 
integrity and ownership, robust data generation, and the 
need for robust data integration platforms are among the 
key hurdles to overcome. Accidental findings are a palpable 
risk that needs to be handled upfront and ahead of time.30,73 
When undergoing the comprehensive evaluation outlined 
herein, there is a possibility that previously unknown 
health risks, such as cancer, as well as other variables 
such as pregnancy or illicit drug use may be, detected. 
It is important to note that the participant may not have 
requested nor wish to know such information and certainly 
may not want others to be privy to it. We also need to be 
able to understand the complex data that is generated to 
achieve robustness, precision, and interpretability—by 
no means a simple or trivial feat, and we are still a long 
way from standardized bioinformatic solutions. This ties 
into data FAIRification (making data Findable, Accessible, 
Interoperable, and Reusable),74 which is another challenge 
to overcome. The generation of extensive multi-omics data 
yields limited benefits if such datasets lack standardization, 
comparability, thorough annotation, and easy accessibility, 
hindering their integration and reuse.75 Furthermore, 
integrating such rich and complex data into routine clinical 
practice necessitates a shift in medical education, research, 
and health-care infrastructure, not to mention the 
validation and the development of robust guidelines. The 

teaching of these novel techniques to health care providers 
is underway, but there is still a long way to go. It is crucial 
to consider integrating omics analysis and interpretation 
into medical education, as it is becoming increasingly 
important to align curricula with evolving technologies. 
This highlights the need to recognize the essential role of 
data science and AI in healthcare and incorporate these 
disciplines into academic portfolios. By doing so, we can 
ensure a comprehensive and future-ready approach to 
medical training.

In addition, these technologies come with an upfront 
price tag that might seem unsurmountable for many 
strained health-care systems. However, as has already 
been mentioned, these techniques are becoming more 
economically sustainable with their advancements. 
Furthermore, an upfront investment might save a 
large sum of money downstream, exemplified by many 
prophylactic measures implemented in public health and 
screening programs.76 With that being said, and as just one 
illustrative example, fewer than one in four individuals 
with or at risk of CVD in the U.S. use wearable devices, 
with older age, lower educational attainment and lower 
household income associated with lower likelihoods of 
use. Strategies are needed to ensure equitable adoption to 
avoid exacerbating disparities.77

It is important to highlight that we will probably resolve 
the technical challenges in the near future, but addressing 
the ethical and societal challenges will require further 
considerations of multiple stakeholders from research, 
governments, health-care providers, private sector, 
patients, etc. and dedicated funding and development of 
solutions that limit the risks and protect the individuals.

Extending beyond diagnostics and monitoring, in true 
personalized medicine, therapies are meticulously crafted 
based on an individual’s personal and longitudinal data. 
For example, cancer treatments can be customized to target 
specific genetic mutations78 or protein signatures that 
change during progression of the disease,79,80 maximizing 
efficacy while minimizing side effects. Similarly, 
medications for chronic conditions can be optimized to 
match an individual’s metabolism and response, ensuring 
the best possible outcomes. Going beyond diagnosis 
to predicting treatments is a huge leap, which needs 
considerable effort from medical research fields.

In summary, the era of personalized diagnostics and 
treatments represents a transformative shift in healthcare. 
While challenges in data privacy, ethical considerations 
and integration persist, the prospect of tailoring therapies 
to an individual’s molecular blueprint holds promise. 
Overcoming hurdles in education, infrastructure and cost 
will be crucial for realizing the full potential of personalized 
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medicine, offering a paradigm shift toward more effective 
and efficient healthcare.

6. Envisioned future in healthcare: 
a convergence of multi-omics 
characterization and wearable technology
Here, in the last part of this review, I would like to preface 
with a summary of some existing pioneering work 
merging personalized multi-omics and wearable health 
technologies. Afterward, I will conclude by envisioning 
the inclusion of these technologies into clinical trials for 
improved outcomes.

Personalized medicine is at the forefront of the current 
medical revolution. Rather than relying on population-
based reference ranges, diagnostics has the potential 
to now consider an individual’s baseline profile. This 
enables the detection of deviations from one’s unique 
molecular profile, flagging potential health issues long 
before clinical symptoms manifest. This is all exemplified 
by the integrated Personal Omics Profiling (iPOP) studies 
where researchers at Stanford University conducted a 
comprehensive and longitudinal analysis on individuals. 
Their proof-of-principle study involved a single, relatively 
healthy individual who was analyzed with whole-genome 
sequencing, transcriptomics, proteomics, metabolomics, 
and autoantibody profiles over time. The analyses revealed 
the individuals’ medical risks, such as type 2 diabetes and 
dynamic molecular changes across health and disease states 
(during two viral infections), emphasizing the importance 
of combining genomic information with continuous 
physiological monitoring for personalized medicine, and 
the significance of personal baseline characterization.81 In a 
follow-up study, the researchers explored the use of portable 
biosensors to monitor human physiology during different 
activities. The biosensors measured three physiological 
parameters (heart rate, skin temperature, and peripheral 
capillary oxygen saturation), six activity-related parameters 
(sleep, steps, walking, biking, running, and calories), weight, 
and total gamma and X-ray radiation exposure. By collecting 
over 250,000 daily measurements from the biosensors of 
multiple individuals, it uncovered personalized circadian 
variations and significant physiological changes in specific 
environments, such as airline flights. These biosensors also 
helped in identifying early signs of diseases like Lyme disease 
and distinguishing between insulin-sensitive and -resistant 
individuals, indicating their potential for managing 
health and improving healthcare access.82 In yet another 
follow-up iPOP study, they monitored approximately 
100 individuals at risk for diabetes mellitus and aimed to 
establish a foundation for precision personalized medicine 
by deeply profiling biochemical and physiological data in 

both healthy and ill states. The study encompasses whole 
genomics, transcriptomics, proteomics, methylomics and 
metabolomics as well as microbiome information. It also 
considers lifestyle factors, such as diet, stress and activity 
levels, along with wearable device (including CGM) data 
for tracking physiology and activity. The research aimed 
to characterize normal health at a molecular level, detect 
early disease indicators and potentially enable early disease 
prediction and prevention. The study discovered more 
than 67 clinically actionable health deviations, developed 
prediction models for insulin resistance and identified 
multiple molecular pathways associated with metabolic, 
cardiovascular and even oncologic pathophysiology. 
Interestingly, the predictive models to assess insulin 
resistance were built on omics measurements and 
demonstrate the possibility of replacing some clinical tests 
that today are rather laborious.83 However, since current 
healthcare practices can be limited in collecting clinical 
material in a longitudinal fashion, the team adopted a 
Mitra device, a micro-sampler that conveniently collected 
capillary fingerpick blood. This enabled frequent and dense 
multi-omics micro-sampling in 10 μL of blood alongside 
physiological information from wearable sensors. From 
these restrictive biosamples, the team analyzed shallow 
proteomes, lipidomes and metabolomes. In this study, they 
investigated the effect of a complex nutritional shake on 
metabolic profiles, and performed a dense 24/7 profiling 
(98 microsamples) over 7 days. In the first part, after data 
cleaning and annotation, 769 analytes were detected from 
microsamples, including 560 metabolites, 155 lipids and 
54 cytokines/hormones. The metabolic response to the 
shake was seen across all classes of molecules and each 
participant had a unique molecular profile, indicating high 
inter-individual variability in the metabolism of nutrients. 
In the second part of the study, a single participant collected 
blood microsamples every 1 – 2 h over 7 days, along with 
wearable data from a smartwatch, a CGM, and food 
logging using an app. Ninety-eight microsamples were 
collected from the individual and used for multi-omics 
profiling, which generated outcomes for 2,213 analytes and 
214,661 biochemical measurements, along with wearable 
physiological data, providing comprehensive data on human 
physiome and lifestyle. In this part of the study, they found 
that high-frequency internal multi-omics data can monitor 
and reflect the participant’s health status and that wearable 
data can predict internal molecular changes on an hourly 
scale at an individual level, including building predictive 
models. The study also identified circadian rhythms of 
internal molecules in human blood and revealed rhythmic 
molecules and demonstrated that lipids related to energy 
metabolism have distinct circadian patterns. Figure  1 
provides an overview of the iPOP study.84
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7. Vision
In the envisioned future of healthcare, the fusion of 
wearable technology and multi-omics characterization 
promises to revolutionize how we monitor and manage 
health at every stage of the healthcare journey. Whether 
for a healthy individual seeking proactive health insights, a 
participant in a clinical trial or a patient in a hospital, this 

transformative approach aims to provide personalized, real-
time health assessments and interventions. The following 
sections present an expanded vision built on the visions of 
the iPOP studies, demonstrated with the multiple stages a 
patient enrolled in a phase 3 clinical trial for a new sickle 
cell disease treatment will undergo, in which the patient is 
required to self-administer medication while at home. This 
vision is summarized and generalized in Figure 2.

Figure 1. Outline of the iPOP microsampling multi-omics workflow, the molecular changes that occur in response to the consumption of a shake, and 
insight into an individual’s physiological status and circadian rhythm. (A) Microsampling devices were used to collect the samples, which were then 
subjected to multi-omics analysis involving proteomics, metabolomics, lipidomics, cytokine profiling and other techniques. (B) The multi-omics data 
obtained from the microsamples are summarized. (C) The metabolites, lipids and cytokines/hormones were analyzed to determine their response to the 
consumption of an Ensure shake, using a two-sided Wilcoxon rank test. (D) Four molecules that are indicative of the participant’s lifestyle and circadian 
rhythm are shown. This figure has been modified from Shen et al.,84 which is licensed under a Creative Commons Attribution 4.0 International License.
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Figure 2. A schematic representation of the envisioned future of healthcare and drug discovery, where wearable technology and multi-omics characterization 
are fused to provide personalized, real-time health assessments and interventions. (A) The patient is monitored by wearable devices that unobtrusively track 
vital signs and physiological parameters. (B) An automated alert system triggers a response when significant deviations occur, and (C) biosamples, which 
have been sampled continuously and regularly from the beginning, are collected for (D) multi-omics characterization, which provides a unique molecular 
profile of the patient. All data is summarized in a legible integrated personalized report. (E) The insights gleaned from the multi-omics characterization 
serve as a powerful tool for healthcare providers, triggering additional measures, enabling early detection and tailored therapeutic interventions. The 
illustration was created with BioRender.com.

7.1. Continuous health monitoring

The patient is seamlessly monitored by wearable devices 
that unobtrusively monitor his vital signs (such as heart rate, 
blood pressure, oxygenation levels, blood glucose, nitrogen 
levels, or others of relevance) and physiological parameters 
(such as motion and sleep patterns). Supplementing the 
wearable tech data are an electronic diary85 where the 
patient logs food and supplements, intake of other drugs 
(such as prescribed, over-the-counter, or recreational) 
and any self-reported ailments (e.g., the common cold 
or a sprained ankle). These wearables are equipped with 
advanced sensors and machine learning algorithms that 
establish personalized health baselines. They continuously 
track the participant’s health metrics and generate alerts 
when significant deviations occur.

7.2. Automated alert system

When a deviation from the established baseline is detected, 
an automated alert is sent to a central computer program, 
which assesses the data. For a sickle cell disease patient, this 
could include, but not be limited to, heart rate and heart rate 

variability, body temperature, oxygen saturation or even sleep 
disturbances.86 The deviation could also constitute a general 
health decline, possibly due to drug-induced liver toxicity or 
other adverse side effects, particularly those that are unexpected. 
If the deviation is substantial and cannot be explained by dietary 
choices or any other self-reported incidents from the electronic 
diary, the system would trigger a response.

7.3. Sample collection and transport

In response to these alerts, a courier will be dispatched to 
the individual’s location to collect stored biosamples, such 
as dried blood spots, which have been routinely collected 
on a daily or weekly basis by the participant themself. 
Alternatively, a micro sampler device of the type used in 
iPOP research could be adapted for this purpose. These 
samples serve as a snapshot of the individual’s physiology and 
molecular composition during the period of deviation as well 
as for the baseline prior to the deviation. Dried blood spots 
can be easily obtained with a finger prick by the patient and 
stored on a piece of paper at room temperature. Of course, 
pre- and post-assessment of analyte stability are pivotal.
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7.4. Longitudinal and personal multi-omics 
characterization

Once collected, these biosamples are transported to a central 
laboratory and subjected to comprehensive multi-omics 
characterization. State-of-the-art mass spectrometry and 
other suitable sequencers are employed to analyze the genetic, 
transcriptomic, proteomic, metabolomic and other omics 
profiles, as well as the targeting of specific immune markers 
in the samples. A suite of automatic bioinformatic analyses 
is triggered as soon as the data is generated. Albeit shallow, 
this detailed multi-omics data provides a rich understanding 
of the molecular underpinnings of the health deviation and 
provides a personal fingerprint of molecular data.

7.5. Guiding physician decision making

The insights gleaned from multi-omics characterization 
serve as a powerful tool for healthcare providers. Armed 
with this data, physicians can make informed decisions 
regarding the most appropriate course of action. This 
may involve closer monitoring, additional in-clinic 
analyses, tailored therapeutic interventions, or, in cases 
where the deviation is a transient anomaly, reassurance 
for the patient. Importantly, the turnaround time from 
the triggering of the automatic alarms system from the 
wearable technology to the generation of an analyzed, 
personal multi-omics profile should only be a few days 
for the doctor’s convenience. This approach facilitates 
preemptive identification of adverse side effects, enabling 
early detection, possibly even in advance of symptomatic 
manifestation in the patient.

8. Concluding remarks
Wearable devices have the potential to significantly benefit 
clinical trials by detecting side effects, correcting dosages, 
improving understanding of the mechanism of action, 
identifying drug-drug interactions and complementing 
other data-driven interventions. Moreover, if implemented 
correctly, this approach could reveal drug efficacy. With a 
likely future’s increases in sensitivity and depth, it could 
even be applied to healthy subjects in a phase 1 clinical 
trial, where downstream pharmacodynamic effects may 
be evident from a multi-omics data set, depending on the 
drug and dosage being studied.

However, it is important to consider the additional costs 
associated with implementing this system. Comparing 
the cost increase to that of a failed clinical trial phase 
can help evaluate the feasibility of this approach. Despite 
the potential costs, incorporating wearable devices into 
clinical trials can lead to more accurate drug development 
and improved patient outcomes, and ultimately retained 
value of investments.

This envisioned future in health-care represents a 
profound shift from the reactive model of treating diseases to 
a proactive, preventative and highly personalized approach 
to maintaining health and managing illnesses. It enables early 
detection of health deviations, rapid intervention and precise 
treatment strategies. Ultimately, this convergence of wearable 
technology and multi-omics characterization empowers 
individuals, researchers, and health-care professionals 
alike to unlock the full potential of personalized medicine, 
advancing the goal of optimal health and wellbeing for 
all. Global implementation might be unattainable in our 
lifetimes, but this new, unified approach can be first attempted 
in clinical trials conducted by the medical industry, where 
many of the mentioned techniques are already enlisted in 
one shape or form. Identify relevant patient groups is another 
factor that needs to be considered. Patient populations with 
certain chronic diseases and with a clear and vital treatment 
intervention might be a first target subject group for testing 
the feasibility of the proposed approach.

In the ever-evolving healthcare landscape, personalized 
multi-omics characterization emerges as the future of 
medicine. Integrating multiple omics technologies provides 
a holistic understanding of individuals, enabling precise, 
and data-driven health-care decisions. This explosion of 
omics research further exemplifies how collaborative efforts 
continue to drive innovations in translational research and 
expand our understanding of complex diseases. As wearable 
technology merges with multi-omics analysis, we are on the 
cusp of a new era, where proactive, personalized healthcare 
becomes the norm – where we could detect untold ailments 
days before the patient is even aware of their predicament. 
The transformation we see currently in medicine marks 
the dawn of a truly personalized era and, if implemented 
correctly, we could detect disease before we know it.
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Abstract
Surgery is the final frontier in global medicine; yet, access to essential surgical 
services in low-  and middle-income countries remains a significant barrier to 
equitable care. With a rise in non-communicable diseases and a shortage of skilled 
surgeons, the need for mentorship becomes crucial to capacity building. The COVID-
19 pandemic acted as a catalyst for remote mentorship, leading to the development 
of innovative solutions such as Rods&Cones®. Herein, we describe one example of 
remote mentorship conducted across a distance of more than 7,700 miles between 
King Faisal Hospital in Rwanda and the University of Wisconsin Hospital in the US. 
This paper aims to demonstrate how advances in remote mentorship technology 
can overcome existing barriers and aid in expanding the global surgical workforce 
in thoracic surgery.

Keywords: Global health; Global surgery; Remote mentorship; Mentorship; Thoracic 
surgery; Cardiothoracic surgery

1. Brain drain and capacity building
In the global health landscape, surgery has long been considered the “final frontier;” yet, 
challenges persist in delivering essential surgical services to low- and middle-income 
countries (LMICs).1 The World Health Organization estimates that provision of essential 
surgical services could prevent 6–7% of all avertable deaths in LMICs.2 Yet, issues with a 
low-density skilled workforce and barriers to timely care lead to increased morbidity and 
mortality, further stressing existing systems. The greatest burden of surgically treatable 
diseases falls on people in LMICs, but the poorest third of people receive only 3.5% of 
operations and have the lowest numbers of surgeons per capita.3

With a decreased global incidence of communicable diseases, an increase in non-
communicable diseases (NCDs) is the logical result of a larger, aging population. A study 
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published by Gouda and colleagues in The Lancet Global 
Health revealed a 67% increase in disability-adjusted life-
years (DALYs) due to NCDs in sub-Saharan Africa, from 
90.6 million in 1990 – 151.3 million in 2017.4 In 2017, 
the leading causes of NCD burden were cardiovascular 
disease (22.9 million) and neoplasms (16.9 million), both 
of which include surgical intervention as an integral part 
of their management. Specifically, lack of access to thoracic 
surgery in sub-Saharan Africa is an urgent problem. In 
2019, Africa had 124 thoracic surgeons, which translates to 
1.2 thoracic surgeons per 10 million population.5

When educational demand and available resources are 
incongruent, bright young people interested in pursuing 
medicine or surgery are forced to seek training outside 
of their home country. This cyclic process fuels existing 
issues of “brain drain,” which is the emigration of highly 
trained individuals from their home country. As a result, 
newly trained providers do not return home to serve their 
communities. Efforts in capacity building and retention 
of local physicians are essential to combat existing issues 
of brain drain, and providing access to highly specialized 
education is critical to this effort. If this problem is not 
addressed and current educational methods are not 
updated, it is estimated that there will be a global deficit 
of about 12.9 million skilled health professionals by 2035.6

2. The rise of remote mentorship
As the volume and complexity of surgical needs increases, 
the global surgical community must develop strategies 
to support individual surgeons, hospitals, and training 
programs as they take on the challenge of expanding 
the surgical workforce. Mentorship is the foundation 
of surgical training and stands as a paramount focus for 
research and resource allocation when attempting to build 
surgical capacity.

The COVID-19 pandemic served as an unexpected 
catalyst for remote mentorship. As traditional avenues for 
in-person mentorship faced abrupt limitations, necessity 
forced innovation in surgical education and training. 
This unforeseen shift forced the rapid development 
and adoption of telepresence technology, transforming 
operating rooms (ORs) into classrooms accessible across 
the globe. Surgeons worldwide swiftly embraced virtual 
platforms such as Zoom, Microsoft Teams, and Facetime 
to bridge geographical gaps and connect with mentees 
remotely. During this age of unparalleled advancement 
in remote mentorship, obstacles such as technological 
limitations and infrastructural inadequacies came to light. 
Herein, the authors describe one example of how advances 
in remote mentorship technology can overcome existing 
barriers and aid in expanding the global surgical workforce 

in thoracic surgery. The primary objective of this endeavor 
was to investigate the feasibility of establishing a remote 
mentorship program in hopes of expanding bi-directional 
learning between Rwanda and the United States.

3. Feasibility: Implementing Rods&Cones® 
in Rwanda
Rods&Cones® is a health-care technology company based 
out of the Netherlands that offers a remote telepresence 
solution for medical environments that is adaptable to global 
surgical support and is HIPAA- and GDPR-compliant.7 It 
incorporates “smart glasses” and a digital remote assistance 
platform to allow users to connect safely with an assisting 
surgeon, product specialist, or other medical professional 
anywhere in the world, in real-time. What is especially 
noteworthy about Rods&Cones’® technology is its capacity 
to access and integrate multiple views for the Remote Expert 
to view from the comfort of home: (i) a direct surgeon view 
through the “smart glasses” worn by the operating surgeon 
(visOR), (ii) a Remote Expert-controlled live camera feed 
situated in the OR that provides a broader perspective of 
the operating theater (panOR), and (iii) direct minimally 
invasive surgery tower input (mirrOR). Moreover, the 
Rods&Cones® audio system provides detailed auditory 
input and output, enhancing the mentor’s ability to provide 
live feedback through audio and chat capabilities. It is a 
lean, portable machine that does not require downtime for 
OR construction or remodeling. Rods&Cones® is currently 
active at more than 1500 hospitals in over 100 countries 
and has a robust live support network that is available to 
users around the clock.

With the goal of establishing feasibility of use of the 
Rods&Cones® technology for remote thoracic surgery 
mentorship, the senior author brought the technology on 
a surgical trip to King Faisal Hospital in Kigali, Rwanda 
in August 2022 (Figure 1). Using a Stupnik Video Assisted 
Thorascopic Surgery (VATS) Simulator, the team was able 
to ensure sufficient internet bandwidth and troubleshoot 
technological snags in an artificial setting (Figure 2). This 

Figure 1. Rods and cones hardware and software. (A) The Rods&Cones® 
MIS Kit for minimally invasive surgeries. (B) The smart glasses in-use 
and associated Remote Expert interface. The images were used with 
permission (Source: https://rods-cones.com/mis-kit/).

BA
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involved having the operating surgeon manipulate the 
VATS simulator under the guidance of a “Remote Expert” 
who could assist in troubleshooting. The Remote Expert 
was initially in the same room with the operator but 
eventually transitioned to providing live technical feedback 
from a separate part of the hospital. The surgical team 
spent 2  days using the VATS simulator to troubleshoot 
issues both immediately related to Rods&Cones® devices 
as well as internet connectivity issues.

After simulation, the Rods&Cones® technology was 
progressed to intraoperative testing, initially within King 
Faisal Hospital, subsequently from a remote site in Kigali, 
and ultimately, from across the Atlantic Ocean. The Remote 
Expert was able to tune in at 4 am central standard time 
from the US to view the procedure in real-time and interact 
with the team performing pediatric cardiac surgery being 
conducted in Kigali, Rwanda, manipulating multiple views 
of the operative field to facilitate complete visualization 
without drawing attention from surgical proceedings 
(Figure 3). The benefits of having a remote surgeon mentor 

that can interact in real-time are manifold, including but 
not limited to identification of key structures, modification 
of surgical technique, and indication of device and suture 
placement. When asked for direct feedback, one learner, 
who is also a local pediatric cardiac surgeon, provided the 
following:

	 “Using the Rods&Cones® technology while 
performing pediatric cardiac surgery, we managed to 
interact with a remote mentor without interrupting 
the flow of surgery nor compromising the safety 
for the patient. With a mentor surgeon clearly seeing 
the operating field and guiding the mentee, we 
demonstrated that in cases when the two surgeons 
can’t be in the same operating room together it’s 
possible to learn and consult. I  personally look 
forward to using the technology in the future 
when I have cases that I have not performed or are 
challenging without someone experienced around.”

The surgical team performed four procedures with 
the Rods&Cones® technology while in-country and two 
additional procedures with transatlantic live interaction. 
One of the two remote procedures was more successful due 
to issues maintaining robust internet connectivity. King 
Faisal Hospital’s internet technology team was intimately 
involved with testing in the OR suites and with establishing 
WiFi boosting devices to increase signal strength.

Challenges associated with the implementation of this 
technology at King Faisal Hospital were non-negligible. 
The primary concern was difficulty in establishing and 
maintaining adequate hospital internet connectivity. This 
was overcome by boosting Wi-Fi signal, as previously 
mentioned, to meet internet upload and download 
requirements of 24 Mbps and 7 Mbps, respectively. Having 
a Rods&Cones® on-site expert, such as a scrub nurse or 
other supportive staff, is essential as they can champion 
its use and provide in-person technologic support, 
demonstrating the value added relative to the effort 
required and promoting buy-in from the surgical teams. 
Concerns related to headset comfort also arose as one of 
the surgeons had to remove the headset intraoperatively 
while wearing it for a longer time. In addition, the cost of 
implementing Rods&Cones® technology could render it 
prohibitive without the support of government funding, 
charitable aid, or private sector investments.

For those considering implementation of a remote 
mentorship technology, it is also worth mentioning 
that additional education was required for staff to be 
comfortable with transmission of in-line feeds from the 
laparoscopy tower and echo machine to the Rods&Cones® 
system. Moreover, on the first day the team was attempting 
to set-up the technology, they were not allowed to start until 

Figure 2. Rods&Cones® feasibility trial using Stupnik VATS simulator.

Figure 3. Example of Remote Expert user interface showing a pediatric 
cardiac surgery conducted in Kigali, Rwanda with remote guidance from 
Madison, Wisconsin.
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they had received a memo from the Hospital President and 
Chief of Staff, highlighting the importance of buy-in from 
local stakeholders.

4. Comparative analysis of remote 
mentorship technologies
Although the literature on remote thoracic surgery 
mentorship is not extensive, alternate technologies have 
been employed for surgical training, each with their own 
advantages and disadvantages. A  study by Ponsky et al. 
describes their experience trialing two different remote 
“telemonitoring” technologies between Akron, Ohio, 
and Seattle, Washington. Their study compares the use 
of store-bought equipment that connects the laparoscope 
to a Skype™ connection to a proprietary telementoring 
robot, Karl Storz Endoscopy-America, Inc. VisitOR1®. 
The technologies were then compared in various pediatric 
surgical procedures, including a VATS lower lobectomy, 
among others. Ultimately, they found the less expensive 
SkypeTM technology to be inferior in its security and 
telestrator abilities.8

Another alternative technology, Google Glass™ (Google, 
Inc, Mountain View, Calif.), was first introduced in 2012 
and costs approximately US$1,000. This technology uses 
a peripherally positioned camera and prism. The camera 
can take photographs or videos to live-stream for teaching 
purposes, while the prism provides a semitransparent 
overlay on the wearer’s visual field by projecting a 
computer-generated image directly onto the wearer’s 
retina. Sound is recorded and transmitted by means of a 
mastoid bone conductor and earpiece, allowing dialogue 
between wearer and the remote viewer. Use of the Google 
Glass™ for surgical education has been demonstrated in 
LMICs; however, its primary drawback is the potential 
for distraction.9 Google Glass™ can be distracting for the 
surgeon, particularly if they are not used to wearing the 
device. This can increase the risk of errors and complications 
during surgery. Additionally, certain editions of Google 
Glass™ technology (e.g., Google Glass™ Enterprise) are no 
longer being sold or supported by Google. Lastly, concerns 
regarding patient confidentiality with transmission of audio 
and video content remain pertinent.

The Microsoft® HoloLens 2 has also been applied in a 
surgical context in the form of augmented reality for surgical 
navigation.10 It is largely used as a surgical aid aimed at 
the visualization of medical data, blood vessel search, and 
targeting support for precise positioning of mechanical 
elements, rather than for remote mentorship. Moreover, 
despite improvement from its predecessor, the HoloLens 1, 
the headset remains relatively heavy (566 g), has a limited 
field of view (52°), and a battery life of only 3 h, precluding 

its use in most complex thoracic procedures. Apple© 
released the Vision Pro in the United States in February 
2024 for the price of US$3,499, with limited availability. 
This mixed-reality technology has the potential to allow 
the surgeon to visualize key imaging intraoperatively 
without having to turn their head to look at a monitor, but 
applications for remote learning remain to be explored and 
are seemingly limited based on the current capabilities 
of the Vision Pro. Finally, none of the aforementioned 
technologies, aside from VisitOR1®, were designed for 
remote surgical training, unlike Rods&Cones®.

There has been a longstanding model of a visiting surgical 
expert or team traveling to a hospital site that wishes to 
develop a program or advance their surgical capabilities, but 
this is often for a limited period or does not provide sufficient 
consistent. The described technology does not require 
embedded equipment or structural remodeling, allowing for 
deployment for relatively brief periods, such as during the 
initiation process of a new surgical program. Once expertise 
and mentorship are available locally, the technology could 
be used in additional scopes of practice.11 Intraoperative 
mentorship is just one component of a multifaceted effort 
to educate the next generation of thoracic surgeons. This 
technology can be transported by a single person for use 
in the clinic, the OR, or even the inpatient ward, spanning 
the entirety of perioperative care. Other initiatives include 
classroom or conference-based learning, visitation to other 
facilities for case observation, and expansion of access to 
primary literature. As technologies for remote mentorship 
continue to evolve, we are presented with an opportunity 
to transcend the limitations of traditional models, fostering 
interactive, bi-directional learning that is essential to establish 
and sustain comprehensive thoracic surgery globally.
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Abstract
Overweight and obesity are associated with alterations in the reproductive system, 
which affect the anabolic supply to peripheral muscle tissues. The study aimed to 
investigate the effects of a high-calorie diet (HCD) on the development of obesity, 
reproductive hormone levels, and morphofunctional characteristics of muscle tissues 
in Wistar rats (i.e., 54 sexually mature male and female Wistar rats) for 16 weeks. Male 
rats fed with an HCD displayed (i) visceral obesity and hypogonadism, (ii) a decrease in 
the mass of the musculus triceps surae, (iii) increased levels of total protein, cholesterol, 
glucose, lactate, lactate dehydrogenase, and malonic dialdehyde (MDA) and 
superoxide dismutase (SOD) activities, and (iv) stable concentrations of estradiol and 
testosterone in the muscle tissues. In contrast, female rats fed with HCD displayed (i) 
visceral obesity, (ii) alterations in reproductive hormones toward hyperandrogenism, 
(iii) decreased metabolism in the muscle tissues, and (iv) increased levels of estradiol 
and MDA (without SOD activation). The cross-sectional area of the muscle fiber was 
significantly reduced by 20% in male and 44% in female rats on HCD. In addition, the 
total muscle edema was reportedly increased by twofold in both male and female rats. 
In summation, obese male and female rats developed an imbalance of reproductive 
hormones and alterations in muscle tissue metabolism.

Keywords: Visceral obesity; High-calorie diet; Reproductive hormones; Muscle 
metabolism; Male and female Wistar rats

1. Introduction
Obesity is an escalating global epidemic due to the availability of high-calorie diets 
(HCDs) and decreased physical activity in the general population. Obesity is a 
complex multifactorial disease that leads to the development of several comorbidities 
(e.g.,  metabolic syndrome [MS], type  2 diabetes mellitus, and fatty hepatosis).1 In 
addition, obesity affects the reproductive system and, consequently, the other systems 
of the body, as reproductive hormones are involved not only in the development and 
function of the reproductive system but also in the peripheral tissues and central nervous 
system.2 The prevalence of overweight and obesity among men and women varies by 
country and region. Hypogonadism has been reported in obese men and is characterized 
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by decreased levels of testosterone, luteinizing hormone 
(LH), and sex hormone-binding globulin.2 In contrast, 
obesity affects the health and metabolism of females and 
their offspring.3 Along with reproductive hormones, 
corticosterone plays an important role in the pathogenesis 
of obesity and MS.4 Notably, obesity also affects the 
condition of muscle tissues and can lead to progressive 
skeletal muscle atrophy and sarcopenia, as well as 
decreased muscle mass and strength.5,6 MS may be caused 
by decreased levels of anabolic hormones and increased 
oxidative stress, correlating to MS and mitochondrial 
dysfunction in obesity.5 Mitochondrial dysfunction 
by oxidative stress results in excessive reactive oxygen 
species (ROS) generation, and the overproduction of ROS 
(exceeding the cellular antioxidant defense) damages the 
cellular macromolecules and affects cellular functions and 
viability.7 Given the multifaceted effects of obesity, it is of 
particular interest to further investigate these effects in 
relation to gender, reproductive hormone levels, muscle 
tissue condition, and their combined association.8

Therefore, this study aimed to investigate the effects 
of HCD on the development and progression of obesity, 
reproductive hormone levels, and morphofunctional 
characteristics in the muscle tissues of both male and 
female Wistar rats.

2. Methods
2.1. Animals and diets

The study was conducted on 2-month-old sexually mature 
male and female Wistar rats. These rats were bred in-house 
in a certified vivarium at the Institute of Physiology of the 
National Academy of Sciences of Belarus. The rats were 
kept under a 12/12 h light/dark cycle at a temperature of 
22 ± 2℃ and humidity of 60–65%. The male (n = 27) and 
female (n = 27) Wistar rats were randomly divided into two 
experimental groups: control and HCD. The control group, 
consisting of 13 male and 14 female Wistar rats, received 
the standard diet (StD). The HCD group, comprising 
14 male and 13 female Wistar rats, was given an HCD for 
16 weeks.

The HCD consisted of StD supplemented with animal 
fats (lard) (45% daily caloric content) and 10% fructose 
solution (instead of water) ad libitum.9 The caloric content 
of StD for each rat was 150 kcal/day (i.e., the normal diet at 
the vivarium of the Institute of Physiology of the National 
Academy of Sciences of Belarus). In contrast, the caloric 
content of HCD for each rat was 228 kcal/day.

This study was approved by the Bioethics Committee 
of the Institute of Physiology of the National Academy of 
Sciences of Belarus (protocols No.:1 on January 22, 2021, 

and No:2 on February 2, 2022) and was conducted in 
accordance with the guidelines set forth by the European 
Convention for the Protection of Vertebrate Animals 
(ETS No. 123).

The rats were euthanized through decapitation with prior 
anesthesia (sodium thiopental). Female rats were euthanized 
in the diestrus phase of the estrous cycle, determined by the 
type of cells present in the rat vaginal swab.10

The body weight of the rats was measured on a weighing 
scale (Saturn ST-KS7230, China). After euthanasia, the 
blood and tissues (i.e., visceral fat and musculus triceps 
surae) of the rats were collected and weighed on a 
laboratory weighing scale (Scout Pro, China). For the male 
rats, the visceral fat mass included the paranephral and 
epididymal fat deposits. For the female rats, the visceral 
fat mass included the paranephral and periovarian fat 
deposits. Mass coefficients (MCs) of the organs and tissues 
were calculated using the following formula:

MC = (Organ mass/body weight) ×100%� (I)

2.2. Biochemical and hormonal parameters

Biochemical parameters were measured from the serum 
and muscle tissue homogenates of rats (1/10 dilution in 
0.1 M sodium phosphate buffer, pH 7.4) on a biochemical 
automatic analyzer BS-200 (SHENZHEN MINDRAY 
Bio-Medical Electronics Co., LTD., China) and with 
commercial kits, including DiaSens (Production unitary 
enterprise “Diasens,” Republic of Belarus) and Lactat-
Vital (Vital Development Corporation, Russia). Quality 
control was maintained using commercial control sera 
(Randox Laboratories Ltd., UK). Testosterone, estradiol, 
corticosterone, and LH levels were determined from the 
serum using Hema commercial kits (Xema Co., Russia). 
Testosterone, estradiol, and malondialdehyde (MDA) levels 
were also determined from muscle tissue homogenates 
(1/10 dilution in 0.1 M sodium phosphate buffer, pH 7.4). 
MDA and superoxide dismutase (SOD) activities were 
determined spectrophotometrically through reaction 
with thiobarbituric acid11 and the inhibition of adrenaline 
autooxidation,12 respectively.

2.3. Morphological analysis

For morphological analysis, fragments of the musculus 
triceps surae were subjected to rapid freezing in a cryostat. 
Several 7 μm thick slices were made using the HM525 
Cryostat (MICROM International GmbH, Germany) 
and stained with hematoxylin and eosin. The slides were 
examined using the LUM-1 light microscope equipped 
with a digital camera (Altami LLC, Russia). The ImageJ 
software was used for morphometric analysis. On the 
digitized images, eight to ten transversely cut fibers were 
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traced in each field of view in the Image J program using 
the “Freehand selection” tool. Measurements were made in 
ten fields of view at ×400 magnification. The pixels were 
converted into metric units (μm) using the coefficient 
obtained during calibration of the measuring system. On 
the digitized images, areas of edema were also traced using 
the “Freehand selection” tool in the Image J program and 
presented as a percentage of the field of view. Measurements 
were performed at ×400 magnification in ten fields of view.

2.4. Statistical analysis

Statistical analysis was performed using Statistica 10.0. 
Normality was defined with the Shapiro-Wilk test. 
Parametric variables were expressed as mean ± standard 
deviation (М ± SD) and analyzed with Student’s t-test. The 
non-parametric variables were expressed as median and 
the 25th and 75th percentiles (Me [25; 75]), and the variables 
were analyzed using the Mann–Whitney U-test. For all 
statistical tests, P < 0.05 was considered significant.

3. Results
3.1. Mass-metric parameters

We observed that the body weight of male and female 
rats in the HCD group did not significantly differ from 
those in the control group (Table  1). The mass and MC 
of visceral adipose tissues were significantly increased in 
male and female rats in the HCD group, indicating visceral 
obesity in the rats (Table 1). Notably, the increase in body 
weight was less pronounced in the obese female rats than 
in the obese male rats. However, the proportion of visceral 
adipose tissue per total body weight was comparable in 
obese male and female rats.

3.2. Biochemical and hormonal parameters of blood

Biochemical analysis of the serum from male and female 
rats with HCD-induced obesity revealed biochemical 

alterations associated with liver and pancreatic dysfunction 
(Table 2), of which the findings were consistent with the 
previous studies.13,14 After prolonged HCD, alterations in 
lipid metabolism were detected in the male rats and not in 
the female rats.

Obese male rats reported a significant decrease in 
the serum levels of testosterone and estradiol by 3 and 
1.5  times, respectively, compared to the control group 
(P = 0.047 and P = 0.031, respectively). In addition, the 
testosterone/estradiol ratio decreased by approximately 
twofold (Table 2). In contrast, obese female rats exhibited 
a significant increase in testosterone of approximately 
60 times higher than the female rats in the control group 
(P = 0.016). Notably, obese female rats displayed hormonal 
imbalance toward hyperandrogenism (Table  2). Blood 
corticosterone levels were reportedly unchanged in obese 
male rats but were significantly increased in obese female 
rats. The increase in blood corticosterone levels in the 
obese female rats was approximately 1.5 times higher than 
reported in the female rats of the control group (P = 0.026) 
(Table 2).

3.3. Morphological and metabolic parameters of the 
musculus triceps surae

Male rats in the HCD group displayed a significant 
decrease in the mass and MC of the musculus triceps surae 
compared to the control group. In contrast, female rats in 
the HCD group displayed a slight decrease in the mass and 
MC of musculus triceps surae compared to the control 
group (Table 1).

The histostructure of the musculus triceps surae of 
male and female rats in the control group corresponded 
to the structure of a normal musculus triceps surae15 
(Figures 1А and В & 2А and В for male and female rats, 
respectively).

Table 1. Mass and mass coefficients (MC) of organs and tissues of the experimental animals

Index Male rats Female rats

Control (n = 13) HCD (n = 14) Control (n = 14) HCD (n = 13)

Body mass before the experiment (g) 230.69 ± 19.71 229.43 ± 25.54 224.79 ± 14.82 228.31 ± 6.52

Body mass after 8 weeks of experiment (g) 358.69 ± 44.27 384.36 ± 73.72 289.86 ± 16.07 281.31 ± 43.07

Body mass after 16 weeks of experiment (g) 433.46 ± 48.38 471.14 ± 94.11 310.93 ± 25.43 316.31 ± 72.07

Mass of visceral adipose tissue (g) 7.99 ± 2.64 22.99 ± 11.97*** 8.86 ± 4.86 17.22 ± 9.07##

MC of the visceral adipose tissue (%) 1.82 ± 0.49 4.64 ± 1.67**** 2.78 ± 1.31 5.15 ± 2.11##

Mass of the musculus triceps surae (g) 2.64 ± 0.33 2.34 ± 0.35 * 1.93 ± 0.17 1.81 ± 0.45

MC of the musculus triceps surae (%) 0.61 ± 0.05 0.51 ± 0.07**** 0.62 ± 0.07 0.58 ± 0.11

Notes: Data are presented as mean±standard deviation; statistically significant differences between the male HCD and male control groups at *P < 0.05, 
**P < 0.01, ***P < 0.001, and ****P < 0.0001; statistically significant difference between the female HCD and female control groups at ##P < 0.01.
Abbreviation: HCD: High‑calorie diet.
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Table 2. Biochemical and hormonal parameters of serum of the experimental animals

Index Male rats Female rats

Control (n = 13) HCD (n = 14) Control (n = 14) HCD (n = 13)

Total bilirubin (µmol/l) 1.40 (1.20; 1.60) 2.40 (1.60; 3.00)** 2.30 (2.10; 2.90) 3.60 (2.40; 4.20)#

Aspartate aminotransferase (U/l) 196.00 (181.00; 217.00) 172.00 (146.00; 189.00)* 162.00 (144.00; 185.00) 159.00 (129.00; 164.00)

Alanine aminotransferase (U/l) 65.00 (62.00; 74.00) 57.50 (51.00; 68.00) 54.00 (43.00; 67.00) 36.00 (33.00; 41.00)##

Alkaline phosphatase (U/l) 373.00 (333.00; 423.00) 674.50 (371.00; 850.00)** 276.50 (219.00; 392.00) 496.00 (365.00; 661.00)###

Urea (mmol/l) 6.83 (6.45; 8.40) 4.35 (3.45; 4.77)**** 6.35 (5.83; 6.73) 3.66 (3.37; 4.21)####

Glucose (mmol/l) 5.81 (5.61; 7.37) 7.54 (7.10; 8.21)** 6.88 (6.07; 7.21) 7.80 (7.24; 8.03)#

Alpha amylase (U/l) 1508 (1426; 1712) 1940 (1788; 2124)*** 1556 (1418; 1748) 1758 (1580; 1860)#

Cholesterol (mmol/l) 1.43 (1.23; 1.61) 1.88 (1.50; 1.95)** 1.62 (1.47; 1.77) 1.67 (1.36; 1.90)

Triglycerides (mmol/l) 0.88 (0.63; 1.18) 1.18 (0.94; 2.21)* 1.37 (0.84; 1.80) 0.96 (0.66; 2.47)

Estradiol (nmol/l) 0.65 (0.50; 0.76) 0.43 (0.19; 0.62)* 0.39 (0.35; 0.43) 0.41 (0.39; 0.45)

Testosterone (nmol/l) 7.78 (5.35; 24.70) 2.73 (2.11; 5.22)* 0.01 (0.00; 0.28) 0.62 (0.10; 1.36)#

Testosterone/estradiol ratio 12.61 (8.44; 31.95) 7.30 (4.03; 23.25) 0.03 (0.03; 0.64) 1.46 (0.18; 4.61)#

Luteinizing hormone (IU/l) 0.30 (0.09; 0.73) 0.70 (0.27; 4.15) 0.81 (0.17; 2.08) 0.55 (0.40; 1.06)

Corticosterone (nmol/l) 727.60 (489.70; 1013.80) 817.20 (565.50; 1027.60) 655.10 (264.20; 741.30) 1020.30 (898.50; 1050.70)#

Note: Data are presented as median (25th percentile; 75th percentile); statistically significant differences between the male HCD and male control groups 
at *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001; statistically significant differences between the female HCD and female control groups at 
#P < 0.05,##P < 0.01, ###P < 0.001, and ####P < 0.0001.
Abbreviation: HCD: High‑calorie diet.

Male rats in the HCD group exhibited pronounced 
changes in the structure of the musculus triceps surae, 
as observed from the mosaic pattern in Figure 1C and D. 
Moreover, edema was observed predominantly in the muscle 
fiber itself, causing it to acquire a cellular or ring-like shape. 
Lysis of contractile elements was detected in some muscle 
fibers, and moderate inflammatory infiltration was observed 
in the epimysium. Lipid inclusions were also detected in the 
perimysium (Figure 1D). In contrast to the male rats in the 
HCD, the structure of the musculus triceps surae of female 
rats in the HCD group had more pronounced interstitial 
edema and inflammatory infiltration, indicating significant 
trophic disturbances in the myocytes (Figure 2C and D).

There was a significant decrease in median muscle fiber 
area in obese male rats by 20% and in obese female rats 
by 44% compared with the control rats, while the total 
edema area increased in both obese male and female rats 
by approximately twofold (Table 3).

Biochemical parameters measured from the muscle 
tissue homogenates of the rats are presented in Table  4. 
Obese male rats had a significant increase in total 
protein (TP) (P = 0.020), cholesterol (P = 0.031), glucose 
(P = 0.003), lactate (P = 0.006), and lactate dehydrogenase 
(LDH) activity (P = 0.002) in the musculus triceps surae 
compared to the control group, indicating an increase in 
energy substrates and glycolysis. In contrast, obese female 
rats had a significant decrease in TP (P = 0.021), cholesterol 

(P = 0.048), lactate (P = 0.046), and creatine kinase (CK) 
activity (P = 0.004) in the musculus triceps surae compared 
to the control group. Despite the absence of sarcopenia, the 
results indicated a slight decrease in metabolic processes 
for obese female rats (Table 4).

Obese male rats also displayed an increase in MDA levels 
by 25%, whereas obese female rats displayed an increase 

Figure  1. Histostructure of the hematoxylin-eosin-stained musculus 
triceps surae of male rats from the (A and B) control and (C and D) HCD 
groups. Magnification: (A and C) ×100 and (B and D) ×400.
Abbreviation: HCD: High-calorie diet; I: Inflammatory infiltration; 
L: Lipid inclusions.
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Table 4. Biochemical parameters in the musculus triceps surae tissues of the experimental animals

Index Male rats Female rats

Control (n = 13) HCD (n = 14) Control (n = 14) HCD (n = 13)

Total protein (mg/g tissue) 46.20 (41.00; 48.60) 51.10 (47.40; 53.80)* 62.60 (61.90; 62.80) 60.30 (54.80; 61.40)#

Cholesterol (µmol/g tissue) 1.00 (0.90; 1.10) 1.10 (1.00; 1.20)* 0.77 (0.69; 0.84) 0.62 (0.61; 0.79)#

Triglycerides (µmol/g tissue) 12.90 (9.30; 17.70) 14.95 (13.30; 16.10) 9.30 (7.70; 12.60) 11.90 (8.70; 14.10)

Glucose (µmol/g tissue) 1.70 (1.60; 2.00) 2.30 (1.90; 2.50)** 2.79 (2.61; 2.97) 2.85 (2.72; 2.99)

Lactate (µmol/g tissue) 30.49 (26.62; 33.80) 38.94 (34.67; 48.02)** 45.30 (39.80; 51.90) 41.20 (31.90; 45.20)#

Lactate dehydrogenase (U/g tissue) 619.00 (584.00; 688.00) 808.50 (748.00; 922.00)** 772.00 (746.00; 834.00) 685.00 (655.00; 765.00)

Creatine kinase (U/g tissue × 103) 7.80 (6.19; 8.72) 7.89 (7.39; 8.77) 5.25 (4.72; 7.05) 4.28 (3.57; 4.41)##

Malonic dialdehyde (µmol/g tissue) 18.88 (17.21; 20.51) 23.69 (20.54; 28.73)** 23.79 (6.39; 46.01) 40.76 (34.00; 63.97)#

Superoxide dismutase (U/ml) 36.21 (31.49; 42.30) 46.93 (42.67; 49.89)** 36.57 (32.14; 40.25) 33.82 (32.39; 37.64)

Note: Data are presented as median (25th percentile; 75th percentile); statistically significant differences between the male HCD and male control groups 
at *P < 0.05 and **P < 0.01; statistically significant differences between the female HCD and female control groups at #P < 0.05 and ##P < 0.01.
Abbreviation: HCD: High‑calorie diet.

Table 3. The cross‑sectional area of muscle fibers and total edema area in rat muscle tissues based on morphological analysis

Index Male rats Female rats

Control (n = 13) HCD (n = 14) Control (n = 14) HCD (n = 13)

Muscle fiber area (µm2) 1547 (1198; 2074) 1249 (859; 1694)**** 1878 (1397; 2544) 1060 (851; 1420)####

Total edema area (%) 4.03 (3.12; 4.95) 11.13 (9.42; 12.07)**** 4.40 (3.00; 7.77) 10.68 (8.02; 13.16)####

Note: Data are presented as median (25th percentile; 75th percentile); statistically significant difference between the male HCD and male control groups 
at ****P<0.0001; statistically significant difference between the female HCD and female control groups at ####P<0.0001.
Abbreviation: HCD: High‑calorie diet.

in MDA levels by approximately twofold compared to the 
control group (P = 0.029). SOD activity was significantly 
increased in male rats of the HCD group but remained 
unchanged in female rats of the HCD group (Table 4).

It has been reported that changes in metabolic 
processes in the muscle tissue can be associated with 
anabolic hormones in the blood and muscle tissues (from 
extragonadal synthesis).8 Based on this information, 
estradiol and testosterone were determined in muscle 
tissue homogenates from male and female rats. The 
level of testosterone and estradiol in the muscle tissue 
of male rats did not change regardless of the type of diet 
(Table 5). However, there was a significant increase in the 
concentration of estradiol in the musculus triceps surae 
of obese female rats (P = 0.003), and the estradiol level in 
the musculus triceps surae of female rats from both groups 
was higher than in the male rats. The testosterone levels in 
the musculus triceps surae of male and female rats of all 
experimental groups were comparable.

4. Discussion
The HCD used in this study included excessive amounts 
of fats and carbohydrates to mimic overnutrition in a 
human diet that promotes obesity and MS.16 Obesity 
studies were often performed on male rats, leading to a 
lack of information on the sexual dimorphism exhibited 
in diet-induced obesity. Maric et al. indicated that female 
rats, compared to male rats, would gain body weight 

Figure  2. Histostructures of the hematoxylin-eosin-stained musculus 
triceps surae of female rats from the (A and B) control and (C and D) 
HCD groups. Magnification: (A and C) ×100 and (B and D) ×400.
Abbreviation: HCD: High-calorie diet; I: Inflammatory infiltration; 
L: Lipid inclusions.

A B

C D



Global Translational Medicine Reproductive hormones and muscle in obesity

Volume 3 Issue 1 (2024)	 6� https://doi.org/10.36922/gtm.2321

more slowly and have fewer metabolic complications with 
overnutrition.17 Taraschenko et al. reported that males 
were more prone to obesity than females when given 
HCD.18 Besides that, Chukijrungroat et al.19 and several 
other studies20 validated the hepatoprotective role of female 
reproductive hormones. Notably, our study demonstrated 
that lipid metabolism was not impaired in obese female 
rats.

It is known that obesity can lead to male hypogonadism, 
but the underlying mechanism remains unclear. Diet-
induced obesity could reportedly reduce sperm motility, 
relative testicular and testicular appendage mass ratios, 
and plasma levels of testosterone and LH in mice.20 In 
addition, obese rodents often display a significant decrease 
in the expression of GnRH, Kiss1, GpR54, and Ob-R genes 
in the hypothalamus, potentially contributing to the 
development of male hypogonadism.21,22 The results of our 
study indicated a significant decrease in testosterone levels 
and testosterone/estradiol ratio in obese male Wistar rats, 
the finding of which is consistent with the previous clinical 
observations and experimental studies.

The female reproductive health is known to be 
markedly impaired in obesity. A  high-fat diet can 
significantly increase the body weight and earlier onset 
of puberty in female rats. Likewise, estrus cycling is 
commonly impaired due to a significant decrease in the 
expression of ovulation-related genes.23 Our data indicated 
a pronounced increase in the level of testosterone in the 
blood of female rats, significantly altering the natural 
estrogen-androgen balance. Polycystic ovary syndrome is 
often observed in obese female rats and is characterized by 
elevated blood testosterone levels.24 Moreover, androgenic-
anabolic steroids can significantly increase body weight 
and lipid peroxidation25 and decrease the antioxidant 
levels in female rats.26 Nonetheless, a significant increase in 
serum testosterone levels in females consuming HCD can 
significantly exacerbate the effects of diet-induced obesity.

Insulin-mediated glucose uptake in skeletal muscle 
in vivo and in vitro is reduced in obesity.27 For lipid 
metabolism, there is an increased uptake and accumulation 
of fatty acids and decreased intensity of lipolysis. In 

addition, fatty acid oxidation may increase until complete 
oxidation as β-oxidation is enhanced in obesity, indicating 
mitochondrial dysfunction.27 Our findings demonstrated 
that obese male rats had an increase in TP, cholesterol, 
glucose, lactate, and LDH activity, implying the increased 
flow of lipids and glucose from the bloodstream into 
the muscle tissues, as well as the activation of glucose 
metabolism. This finding was consistent with the results of 
recent studies that indicated signs of impaired metabolic 
flexibility in skeletal muscle in obesity.27

There is currently a lack of reports on the biochemical 
changes in the muscle tissues of obese female rats. 
Interestingly, obese female rats displayed a significant 
decrease in TP, cholesterol, lactate, and CK activity in 
the muscle tissues, indicating a reduction in metabolic 
processes. Our morphological analysis demonstrated the 
development of intracellular edema and inflammatory 
infiltration in the muscle tissue of obese male and female 
rats. In the obese rats, the cross-sectional area of muscle 
fibers was significantly reduced, while the total edema 
area increased. There was a significant increase in lipid 
peroxidation in obese female rats, but not in the obese 
male rats that displayed SOD activation, providing them 
with antioxidant protection. According to a study, mice 
lacking Cu-Zn-SOD exhibited oxidative stress and loss of 
muscle mass.28

The functional importance of sex steroid hormones 
(androgens and estrogens) synthesized in extragonadal 
tissues is widely recognized.8 The circulating 
dehydroepiandrosterone (DHEA) in the bloodstream 
can be taken up by tissues and converted to testosterone 
when appropriate enzymes, such as 3-beta-hydroxysteroid 
dehydrogenase (HSD) and 17-beta-HSD, are present. 
Testosterone is then irreversibly converted to estrogens 
by cytochrome P-450 aromatase (P450arom).8 This 
mechanism increases the production of anabolic 
hormones in the skeletal muscle of rats during exercise.29,30 
Our findings confirmed the presence of locally synthesized 
hormones (i.e., testosterone and estradiol) in the muscle 
tissue of male and female rats. The local synthesis of 
androgens and estrogens in the muscle tissue of male 
rats presumably provides a compensatory anabolic effect 

Table 5. Testosterone and estradiol levels in the musculus triceps surae tissues of the experimental animals

Index Male rats Female rats

Control (n = 13) HCD (n = 14) Control (n = 14) HCD (n = 13)

Testosterone (nmol/g tissue) 72.19 ± 15.95 68.91 ± 13.44 74.51 ± 9.96 71.47 ± 9.54

Estradiol (nmol/g tissue) 40.60 ± 10.52 41.18 ± 9.24 133.55 ± 11.82 146.83 ± 8.13##

Note: Data are presented as mean±standard deviation; statistically significant difference between the female HCD and female control groups at 
##P < 0.01.
Abbreviation: HCD: High‑calorie diet.
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against obesity-related hypogonadism. Moreover, the 
localized hormonal synthesis in female rats compensates 
for the low serum testosterone concentrations in the blood 
under normal conditions. Taken together, the localized 
hormonal synthesis stimulates functional muscle activity 
in both male and female rats.

In obese male rats, we hypothesized several factors that 
could decrease muscle mass and muscle fiber area, including 
insulin resistance, inability to adapt to excessive energy 
substrates, and decreased serum testosterone levels. In 
contrast, the decrease in muscle mass and muscle fiber area in 
female rats could be affected by increasing interstitial edema, 
decreased metabolic processes, and more pronounced 
oxidative stress associated with insufficient SOD activity.28

5. Conclusion
A 16-week HCD leads to visceral obesity in male and 
female rats. Blood biochemical analyses demonstrated 
biochemical changes associated with liver and pancreatic 
dysfunction in obese male and female rats. Obese male 
rats displayed a significant decrease in serum testosterone 
levels, whereas obese female rats displayed hormonal 
imbalance toward hyperandrogenism and increased blood 
corticosterone levels.

In addition, the decrease in musculus triceps surae mass 
was most pronounced in obese male rats. The structure of 
the musculus triceps surae revealed changes in the form 
of edema, lysis of contractile elements, inflammatory 
infiltration, and lipid inclusions in obese male and female 
rats, but the effects were more pronounced in obese female 
rats. Likewise, the cross-sectional area of the muscle fibers 
was reduced and the total edema area was increased in 
both obese male and female rats.

In obese male rats, an increase in energy substrates and 
glycolysis in muscle tissue were observed. In comparison, 
obese female rats reported a decrease in metabolic 
processes and a significant increase in oxidative stress in 
the muscle tissue.

Our findings also reported unchanged levels of 
testosterone and estradiol in muscle tissue of male rats 
regardless of the diet, whereas the level of estradiol in 
muscle tissue of obese female rats significantly increased 
compared to the female rats of the control group.

Taken together, this study evaluated the relationship 
between reproductive hormones and muscle condition in 
obese male and female rats, and the findings demonstrated 
that the changes in the muscle tissues of obese male and 
female rats were more closely associated with metabolic 
disorders and increased lipid peroxidation in the muscle 
tissues instead of anabolic hormones.
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Abstract
Coronary artery disease (CAD) is a prevailing global health issue and a leading 
cause of death worldwide. Its accurate and timely diagnosis is crucial for effectively 
managing the disease and improving patient outcomes. In this study, we conducted 
a comparative analysis of machine learning (ML)-based approaches to detect and 
diagnose CAD. A dataset of 918 instances from the UCI ML repository, comprising 
11 typical risk factors and CAD predictors, was used for this investigation. The study 
deployed ML models in Google Colaboratory and PyCaret, testing their efficacy in 
diagnosing CAD. Our study provides a detailed overview of these ML methodologies, 
their strengths, and limitations, underscoring the potential of these algorithms to 
revolutionize CAD diagnosis and treatment. The overall goal of the study is to 
create a model that can predict the presence or chance of presence of CAD based 
on different parameters of the patient’s history. Findings include the showcased 
logistic regression model, which was proven to be particularly effective, with an area 
under curve of 0.88, indicating a high ability to differentiate between patients with 
and without CAD, and a successful ability to identify clinically key features of CAD 
such as the presence of exertional angina and chest pain. This study emphasizes 
the importance of further research in this field to establish ML as a cornerstone of 
modern healthcare diagnostics.

Keywords: Machine learning; Coronary artery disease; Diagnosis; Predictive modeling; 
Health informatics; Medical data analysis

1. Introduction
Cardiovascular disease (CVD) is the leading cause of morbidity and mortality worldwide 
and in the United States.1 In 2019, coronary artery disease (CAD), a complex medical 
subtype of CVD characterized by plaque buildup in the arteries that supply blood to 
the heart, accounted for 8.9 million deaths, or 16% of the world’s total deaths.1 In 2021, 
CAD was responsible for almost 400,000 deaths in the United States and exacted a 
financial burden of over $200 billion in health-care costs.2,3 Such statistics maintain the 
importance of early detection and accurate diagnosis in improving patient prognoses 
and outcomes.

Coronary angiography is currently the gold standard for the definitive diagnosis of 
CAD, which uses computed tomography (CT) to visualize the extent of blockage in the 
coronary arteries. For this procedure, patients are asked to avoid oral intake of food 
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and water several hours before the scan, and contrast 
dye is administered to enhance the visibility of coronary 
vasculature. Administration of angiographic dye has 
been proven to worsen renal function in patients with 
underlying kidney disease, which can lead to oliguria and 
a need for hemodialysis.4 Other complications associated 
with CT angiography include arterial dissection, 
arrhythmia, stroke, and death, on top of the generalized 
risk of radiation exposure.5,6 Researchers have started to 
rely on risk assessment models to overcome the various 
inconveniences and complications associated with current 
diagnostic modalities.

The traditional method of CVD risk assessment 
predicts the likelihood of CVD events over a 10-year 
period or a lifetime, and it relies on nine modifiable and 
non-modifiable risk factors such as age, sex, race, blood 
pressure, cholesterol levels, and smoking behavior to 
generate a quantitative estimation.7 Other regression-based 
tools (Framingham risk score, GRACE score, TIMI score, 
etc.) utilize similar readily retrievable population samples 
to stratify risk and guide the course and intensity of 
therapies. While the new 2013 ACC/AHA Pooled Cohort 
Equations Risk Calculator has made major advancements 
in providing specific estimates for atherosclerotic CVD 
(ASCVD),7 such tools are inherently limited by their 
reliance on conventional statistical methods. These 
methods rely on a small subset of risk factors to generalize 
predictions for much larger and more diverse populations 
and require manual recalibration with every additional 
data set. This inevitably leads to both over-  and under-
estimation of CVD events in certain demographics.8

The rapidly emerging field of machine learning (ML) 
in healthcare has created a new avenue to overcome the 
limitations of current clinical diagnostic and prediction 
models.9,10 ML uses computer algorithms to process large 
amounts of data to identify patterns not only between the 
variables and possible outcomes but also relationships 
between the different variables themselves.11,12 IBM’s 
Watson has recently been receiving a significant amount 
of media attention for its focus on precision medicine 
regarding cancer diagnosis and treatment utilizing 
combinations of ML and natural language processing 
capabilities.13 ML also has a wide range of applications in 
the advancement of clinical trial research. Through the use 
of predictive analytics, researchers can determine optimal 
sample sizes to optimize efficacy and reduce data errors, 
along with evaluating broader ranges of data.14 In regards 
to CAD, ML could account for the multifactorial nature 
of the pathology by analyzing a variety of populations and 
novel risk factors, ultimately improving risk calculations at 
the level of the individual patient.12,15,16

Previous literature regarding ML and CAD has 
shown promising results, especially when compared to 
traditional risk assessment tools. One study developed 
an ML Risk Calculator using the same factors as the 
2013 ACC/AHA Pooled Cohort Equations Risk Calculator 
which outperformed the latter by recommending less 
statin therapy and missing fewer CVD events.17 ML models 
developed for both clinical and imaging parameters such as 
a coronary artery calcium score also increased the predictive 
power of obstructive CAD.18,19 Quite impressively, one 
study utilizing a databank of over 400,000 participants 
and 450 discrete variables retrospectively discovered 
new predictors of CVD in the diabetic population where 
traditional risk calculation tools have been unreliable.20

ML has been used to identify the most important 
features to arrive at a diagnosis of CAD. Studies have 
agreed that age, male sex, smoking, and number of 
calcified segments as most useful within their respective 
models.20,21 Using these tools, ML can provide a different 
perspective – it can help identify evidence of CAD in 
patients without a formal clinical diagnosis.22 Its utility 
extends to informing pertinent clinical management, 
wherein it facilitates the precise categorization of patients 
necessitating blood pressure-lowering or lipid-lowering 
interventions,23 as well as enhances screening efficacy 
through the incorporation of treadmill exercise test 
characteristics.24 An inventive non-invasive technique 
utilizing iris imaging has shown promise for the early 
detection of CAD.25 This approach integrates iridology 
with digital image processing to analyze features of the iris 
corresponding to heart health. Involving 198 volunteers, 
researchers successfully distinguished individuals with 
CAD from those without, using algorithms to process iris 
patterns. Their findings suggest that analyzing iris images 
with a support vector machine classifier can predict CAD 
with a 93% accuracy rate, presenting a potential alternative 
to conventional diagnostic methods and paving the way 
for its application in telemedicine. In addition, recent 
advances in cardiovascular CT technology, such as multi-
slice imaging and photon-counting CT, have significantly 
improved image resolution and diagnostic capabilities in 
CVD. Techniques like CT-derived fractional flow reserve 
offer better detection of myocardial ischemia than standard 
CT scans. In addition, 3D-printed models and visualization 
tools like virtual reality are enhancing surgical planning 
and patient communication. The integration of AI is 
further boosting the diagnostic accuracy of cardiovascular 
CT, making it a powerful tool for both diagnosing and 
predicting cardiovascular conditions.26,27

Early detection of CAD is crucial to limit the progression 
and severity of this pathology, but image-based detection 
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has many risks and limitations regarding screening large 
populations. Due to these reasons, along with the recent 
advancements in artificial intelligence, researchers have 
been turning to ML prediction models to aid in the early 
detection of CAD. In our study, we have utilized a vast 
amount of data, incorporating 918 datasets and evaluated 
the performance of 14 ML models in accurately detecting 
and predicting CAD based on 11 factors. By doing so, we 
aim to contribute to the continuously growing pool of 
research on artificial intelligence in healthcare and provide 
insights into the effectiveness of ML models in early CAD 
detection.

Hence, in this study, the PyCaret Classification Module, 
a tool for supervised ML, was used to compare various 
classification models for predicting the presence of CAD. 
After setting up the data, transforming it, and separating it 
into training and test sets, the “Compare Models” function 
in PyCaret trained and evaluated the performance of all 
available estimators using cross-validation. This process 
included a scoring grid with average cross-validated 
scores based on metrics pertinent to classification model 
evaluation. Out of 14 ML classification models assessed, 
the logistic regressor model emerged as the most effective, 
yielding the highest overall performance. The logistic 
regression model’s effectiveness has been appraised against 
standard metrics such as accuracy, sensitivity, specificity, 
and the area under the receiver operating characteristic 
(ROC) curve, indicative of its capability to differentiate the 
presence or absence of CAD.

2. Materials and methods
2.1. Data collection and processing

A combination of open-source online databases was used 
to train and test the ML models. Datasets were derived from 
the UC Irvine ML Repository5,6,28,29 and were externally 
curated through “fedesoriano” on Kaggle.com and by the 
authors. The first dataset comprises information from 
five discrete heart-related datasets: Cleveland (n = 303), 
Hungarian (n = 294), Switzerland (n = 123), Long Beach, 
VA (n = 200), and Stalog (Heart) Data Set (n = 270). This 
combined dataset included 11 common features and 
predictors of CAD: age, sex, chest pain type, resting systolic 
blood pressure, serum cholesterol, fasting blood sugar, 
resting electrocardiogram (ECG) reading, maximum 
heart rate, presence of angina during exercise, oldpeak 
(ST depression induced by exercise relative to rest), and 
ST sloping. To improve the generalizability of the model, 
another dataset called “Z-Alizadeh Sani” and its extension 
were added (n = 303),5,6 and extraneous variables were 
removed to form the final dataset comprising variables 
such as sex, chest pain type, resting blood pressure, 
cholesterol, fasting blood sugar, resting ECG, and presence 
of angina during exercise, with the presence or absence of 
a diagnosis of heart disease as the target variable (Table 1). 
Age, sex, cholesterol, and exercise angina were represented 
as binary variables. Age was delineated as above or below 
the age of 55, sex was categorized based on sex assigned 
at birth (male or female), cholesterol was stratified with 

Table 1. Example of dataset setup

Age Sex Chest pain type Resting BP Cholesterol Fasting BS Resting ECG Exercise angina HeartDZ

0 M ATA 140 1 0 Normal N 0

0 F NAP 160 0 0 Normal N 1

0 M ATA 130 1 0 ST N 0

0 F ASY 138 1 0 Normal Y 1

0 M NAP 150 0 0 Normal N 0

0 M NAP 120 1 0 Normal N 0

0 F ATA 130 1 0 Normal N 0

0 M ATA 110 1 0 Normal N 0

0 M ASY 140 1 0 Normal Y 1

0 F ATA 120 1 0 Normal N 0

0 F NAP 130 1 0 Normal N 0

1 M ATA 136 0 0 ST Y 1

0 M ATA 120 1 0 Normal N 0

0 M ASY 140 1 0 Normal Y 1

0 F NAP 115 1 0 ST N 0

0 F ATA 120 1 0 Normal N 0

Abbreviations: ASY: Asymptomatic, ATA: Atypical angina, BP: Blood pressure, BS: Blood sugar, ECG: Electrocardiogram, F: Female, M: Male, N: No, 
NAP: Non‑anginal pain, ST: ST segment abnormality, Y: Yes.
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a cutoff of 200  mg/dL, and exercise-induced angina was 
categorized as either “yes” or “no,” depending on the 
presence or absence of chest pain during exertion.

Chest pain type and resting ECG were categorical 
variables with multiple choices. Chest pain type was 
categorized as typical (TA), atypical (ATA), non-anginal 
pain (NAP), and asymptomatic (ASY). Resting ECG 
was categorized as normal, ST for having ST-T wave 
abnormalities (T wave inversions and/or ST elevation or 
depression of >0.05 mV), and left ventricular hypertrophy 
if patients showed probable or definite left ventricular 
hypertrophy by Estes’ criteria. Some variables from the 
separate datasets were excluded due to variations in data 
collection and if they differed between datasets. The nine 
variables mentioned above were common across all three 
datasets.

2.2. PyCaret setup

PyCaret Classification Module is a supervised ML tool for 
predicting categorical class labels, particularly discrete and 
unordered ones. It handles binary and multiclass problems 
adeptly, finding applications in diverse scenarios. The 
standard PyCaret classification workflow involves five 
key steps: set up, compare models, analyze model, save 
model, and predict. The initial step, “set up,” establishes 
the training environment and constructs a transformation 
pipeline. This stage requires two essential parameters, 
“data” and “target,” with additional optional parameters 
for customization. The user organizes the data cohesively, 
ensuring that the target variable is appropriately labeled. 
The data, supplied in comma-separated values (CSV) 
format, conforms to a binary classification model, where 
the target is numerically represented (0 for no diagnosis of 
heart disease, and 1 for the presence of heart disease).

Experiment-level details for the ML classification model 
are displayed in Table 2. The session ID is a pseudo-random 
number (000 in this case) used as a seed for reproducibility 
in all functions throughout the PyCaret pipeline. It ensures 
that the same results can be obtained when running the 

same code with the same session ID. The target refers to the 
column in the dataset (the CSV file) that will be predicted. 
In this case, the target is named “HeartDZ.” The target type 
specifies the nature of the target variable, which, in this case, 
is “Binary;” this means that the target variable has an output 
of either 1 (presence of heart disease) or 0 (absence of heart 
disease). The original data shape shows the dimensions of 
the dataset before any transformations, with 1049 rows and 
eight columns, meaning that there were 1049 individual 
patients, and there were nine parameters (age, sex, chest 
pain type, resting blood pressure, cholesterol, fasting blood 
sugar, resting ECG, exercise angina, and HeartDZ). The 
transformed data shape has 1049 rows and 14 columns 
as the categorical variables (chest pain type and resting 
ECG) were converted to binary outputs depending on the 
number of categories present. For example, chest pain was 
converted from one column to four columns, and resting 
ECG was converted from one column to three columns; 
altogether, there are 14 columns (age, sex, chest pain 
type ASY, chest pain type NAP, chest pain type ATA, chest 
pain type  TA, resting blood pressure, cholesterol, fasting 
blood sugar, resting ECG of left ventricular hypertrophy, 
resting ECG Normal, resting ECG ST, exercise angina, 
and HeartDZ). The transformed train set shape indicates 
that the training dataset contains 734 observations after 
preprocessing (~70% of the total dataset) used to train 
the ML models. The transformed test set shape indicates 
that the test dataset contains 315 observations after 
preprocessing (~30% of the total dataset) used to evaluate 
the performance of the trained models.

The original dataset was transformed through the 
addition of several preprocessing steps, including simple 
imputer (1st step), simple imputer (2nd step), ordinal encoder, 
and one-hot encoder. The simple imputer (1st and 2nd steps) 
is employed to address missing values in the dataset. The 
ordinal encoder transforms categorical variables with an 
ordinal relationship into numerical values by replacing 
categories with integers. Finally, the one-hot encoder 
converts categorical variables into binary vectors. Figure 1 
illustrates the dataset’s progression before undergoing 
training with the classification models in PyCaret.

The “Compare Models” function trains and evaluates 
the performance of all available estimators using cross-
validation, providing a scoring grid with average cross-
validated scores. For analyzing the performance of a trained 
model on the test set, the “plot_model” function can be 
used. It offers different plot types, such as confusion matrix 
and area under the ROC curve (AUC), for assessing model 
performance. In some cases, re-training the model may be 
required for plotting specific visualizations. Figure 2 shows 
a summary of the workflow for this study.

Table 2. Experiment setup details

Description Value

Session ID 000

Target HeartDZ

Target type Binary

Original data shape 1049,9

Transformed data shape 1049,14

Transformed train set shape 734,14

Transformed test set shape 315,14

Preprocess True
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3. Results
Overall, 14 ML classification models were assessed with the 
current dataset. The logistic regressor (LR) model had the 
best outcome with the highest overall performance. LR had 
an accuracy of 0.79, recall of 0.80, precision of 0.80, F1 score 
of 0.80, Cohen’s Kappa (κ) of 0.57, and Matthews correlation 
coefficient (MCC) of 0.57. The linear discriminant analysis 
(LDA) had a comparable outcome to the LR model with 
slightly lower metrics. The overall performance metrics of 
all 14 ML models are outlined in Table 3.

Since the LR had the highest overall performance 
metrics, further analysis was performed on this model 
and its learning process. The confusion matrix (Figure 3) 
indicated a true positive (TP) value of 139 out of 315 
record (44.12%), true negative (TN) value of 116 (36.83%), 
false-negative value of 33  (10.48%), and false-positive 
value of 27  (8.57%). Hence, 116 instances were correctly 
identified as TP, indicating patients with CAD, while 139 
were TN, correctly identifying patients without the disease. 
Clinically, these numbers are significant as they ensure that 
patients with the disease are identified for treatment and 
those without are not subjected to unnecessary procedures. 
However, the model also produced 27 false positives, 
where the disease was incorrectly predicted, potentially 
leading to undue stress and unwarranted further testing 
for those individuals. Of greater clinical concern are the 
33 false negatives, where the disease was present but went 
undiagnosed, potentially resulting in delayed treatment 
with serious health implications. The model’s sensitivity, 
or its ability to correctly identify those with the disease, is 
calculated as 116/(116 + 33), which equals approximately 
0.78, while the specificity, or the ability to correctly rule out 
disease, is 139/(27 + 139), which equals roughly 0.84. These 
figures suggest that the logistic regression model has a 

reasonable balance of sensitivity and specificity, making it a 
potentially viable tool for assisting in the diagnosis of CAD.

The ROC curve (Figure  4) is a graphical plot that 
illustrates the diagnostic ability of a binary classifier system 
as its discrimination threshold is varied. It is created 
by plotting the TP rate against the false-positive rate at 
various threshold settings. The AUC represents the degree 
of separability achieved by the model; it tells us how well 
the model is capable of distinguishing between classes. 
In the context of the study, the ROC curves and their 
respective AUC values for class 0 and class 1 being equal to 
0.88 suggest that the logistic regression model has a high 
level of discrimination for both identifying patients with 
CAD (class 1) and for identifying those without the disease 
(class 0). The same AUC of 0.88 for both the micro-average 
and macro-average ROC curves indicates that the model 
is consistently accurate across both classes. Clinically, this 
means that the model is very effective at distinguishing 
between patients with and without the disease, which is 
crucial for a diagnostic tool where the cost of misdiagnosis 

Figure 2. Flowchart demonstrating workflow for Pycaret.

Figure 3. Confusion matrix for logistic regressor model.
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Figure 1. Preprocessing pipeline for logistic regressor model.
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Table 3. Performance of all machine learning classification models

Model Accuracy Recall Precision F1‑Score Kappa MCC

Logistic regression (LR) 0.7861 0.8075 0.8025 0.8030 0.5687 0.5719

Linear discriminant analysis (LDA) 0.7834 0.7950 0.8059 0.7984 0.5641 0.5674

Ridge classifier (RIDGE) 0.7820 0.7950 0.8040 0.7974 0.5612 0.5646

AdaBoost classifier (ADA) 0.7793 0.8000 0.7975 0.7967 0.5550 0.5584

Gradient Boost classifier (GBC) 0.7765 0.8075 0.7897 0.7968 0.5481 0.5516

Naive Bayes (NB) 0.7725 0.8000 0.7866 0.7923 0.5405 0.5423

Light Gradient Boosting Machine (LGBM) 0.7628 0.7950 0.7761 0.7851 0.5205 0.5214

Extreme Gradient Boosting (XGBOOST) 0.7559 0.7725 0.7815 0.7753 0.5077 0.5103

Random Forest classifier (RF) 0.7491 0.7675 0.7739 0.7683 0.4944 0.4980

Extra Trees classifier (ET) 0.7383 0.7350 0.7753 0.7530 0.4748 0.4776

K‑nearest neighbor classifier (KNN) 0.7315 0.7575 0.7559 0.7551 0.4575 0.4597

Decision Tree classifier (DT) 0.7260 0.6975 0.7827 0.7347 0.4526 0.4592

Quadratic discriminant analysis (QDA) 0.6920 0.7550 0.7038 0.7215 0.3751 0.3886

Support vector machines–linear kernel (SVM‑LK) 0.5670 0.5050 0.5095 0.4355 0.1401 0.1713

Abbreviation: MCC: Matthews correlation coefficient.

Figure 4. Area under the ROC curves for logistic regressor model.

can be high – in terms of both health outcomes for the 
patient and resource allocation in health-care settings. 
An AUC of 0.88 is considered to be very good, suggesting 
that the logistic regression model can be trusted to make 
accurate predictions about the presence or absence of 
CAD, though it should typically be used in conjunction 
with other diagnostic information and clinical judgment.

Through LR, a feature importance plot was created to 
categorize the impact of each variable in diagnosing CAD 
(Figure  5). The feature importance plot in ML is used to 
identify which variables have the most influence on the 
predictions made by the model. In the context of the study, 
exercise angina had the highest variable importance, followed 
very closely by chest pain type TA. Additional variables with 
high importance were age, chest pain type NAP, and chest 

pain type ATA, which are arranged in descending order of 
importance. Variables with lower importance in the context 
of this model included sex, fasting blood sugar, chest pain 
type ASY, resting ECG ST, and cholesterol, which are listed 
in order of decreasing impact on the model’s predictions. 
These findings imply that the occurrence of exercise-induced 
angina (chest pain) and the type of chest pain categorized 
as TA angina are the strongest predictors for CAD in this 
logistic regression model. Age and other types of chest 
pain, such as NAP and ATA angina, are also important 
considerations, although they have less influence compared 
to exercise angina and chest pain type TA. The factors of lesser 
importance, such as patient’s gender, fasting blood sugar 
levels, presence of asymptomatic chest pain, certain ECG 
changes denoted as resting ECG ST, and cholesterol levels, 
still contribute to the predictive power of the model, but to 
a smaller extent. Clinically, this information can be valuable 
for risk stratification and tailoring diagnostic evaluations. 
For example, the prominence of exercise-induced angina 
suggests a significant association with CAD and could be a 
strong indicator for further diagnostic testing. Similarly, the 
type and characteristics of chest pain can influence clinical 
decision-making. While the other variables may have less 
importance in the model’s predictions, they might still 
contribute to a comprehensive risk profile and should not be 
disregarded in clinical evaluation.

The learning curve for LR reveals a training score that 
stays consistent between a score of 0.78 to 0.80, and the 
cross-validation score exhibits a rising trend as it reaches 
a point of intersection with the training score within 
the 0.78 to 0.80 range (Figure  6). The learning curve 
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Figure 6. Learning curve for logistic regression.

Figure 5. Feature importance plot.

of the LR model described indicates that the training 
score is consistently high across different sizes of the 
training dataset, suggesting that the model was able to 
fit the training data well from an early stage and did not 
significantly improve in accuracy with the addition of 
more training instances. The cross-validation score, 
representing the model’s performance on unseen data, 
initially starts lower, which is common as models tend to 
perform better on the data on which they were trained 
than on new data. However, as more data points are added, 
the cross-validation score increases steadily, indicating 
that the model is generalizing better with more data. On 
reaching approximately 500 training instances, the cross-
validation score plateaus, aligning closely with the training 
score, implying that adding more data beyond this point 
does not yield improvements in the model’s performance. 
Technically, this learning curve suggests that the logistic 
regression model has likely reached its learning capacity 
with the given features and model complexity – further 
learning with additional data is subject to diminishing 
returns. It is also indicative of a well-fitting model, as the 
curves converge, meaning there is a good balance between 
bias and variance; that is, the model neither underfits nor 

overfits the data. Clinically, the stabilization of model 
performance with more data suggests that the model has a 
stable predictive capability that can be deemed reliable for 
its intended purpose of predicting the presence of CAD. 
However, this also suggests a plateau in performance, 
indicating that any further collection of training data of the 
same type may not lead to improved predictive accuracy. 
This is a useful insight for resource allocation in clinical 
settings, as it can help in making informed decisions about 
when to prioritize model refinement and when to consider 
the model sufficiently trained for deployment in a clinical 
environment.

4. Discussion
The present study aimed to develop a robust ML model 
for predicting CAD based on a comprehensive dataset, 
encompassing various aspects of a patient’s medical history 
and laboratory findings. The aim of the study is to compare 
how well the model performs in executing the binary task 
of predicting the presence or absence of CAD in patients 
with certain comorbidities, as outlined in section 2.2. 
The overall goal of the study is to create a model that can 
predict the presence or chance of presence of CAD based 
on different parameters of the patient’s history, and this 
study represents the first step in creating such a model. For 
the present study, the LR model had the highest metrics; 
therefore, further analysis on performance was focused on 
the LR model (Table 3).

The confusion matrix generated by PyCaret 
demonstrated moderate success in distinguishing TPs 
(44.12%) and TNs (36.83%) of CAD (80.95%); however, 
the model encountered some difficulties in distinguishing 
false negatives (10.48%) and false positive (8.57%) cases 
(19.05%) (Figure 3). The model’s effectiveness is reinforced 
by the LR model achieving an accuracy of 78.61% (Table 3). 
In addition, LR had a recall of 80.75%. Recall is also 
known as sensitivity, and a high recall score signifies that 
the model is successfully recognizing a greater number 
of real positive examples.30 LR had a precision of 80.25%, 
and a high precision indicates that the model is making 
fewer false-positive predictions.30 Finally, the F-1 score 
for LR is 80.30%. The F-1 score is calculated using both 
the precision and recall as it is calculated as the harmonic 
mean of precision and recall; the harmonic mean penalizes 
extreme values of both the precision and recall.30

In addition, LR had κ = 0.5687 and MCC = 0.5719. Both 
κ and MCC provide nuanced performance evaluation of 
ML models. κ measures the agreement between predicted 
and actual classifiers while also considering the possibility 
of this agreement occurring purely by chance, whereas 
MCC considers both correct and incorrect predictions 
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made by the model using the counts of TPs, TNs, false 
positives, and false negatives.31 Both κ and MCC range 
from a scale between  -1 and 1, where 1 means that the 
model is making perfect predictions (perfect agreement 
between model’s predictions and actual outcomes), 0 
indicates that the model’s predictions are equivalent to 
what is expected from chance alone, and -1 indicates that 
the predictions are worse than chance.31,32 A κ value of 0.57 
indicates a weak level of agreement between the model’s 
predictions and actual outcomes (κ of 0.40–0.59 = weak, 
and 0.60–0.79  =  moderate).33 Little information can be 
obtained from interpreting the actual score for MCC; 
however, prior research has shown that the MCC is a 
special case of the Pearson’s correlation coefficient between 
the observed and predicted binary classification.34,35 
Therefore, the MCC can be crudely interpreted with similar 
cutoff values as the Pearson’s correlation coefficient, so for 
a MCC of 0.57, there is a moderate agreement between 
the model’s predictions and actual outcomes (Pearson’s 
correlation coefficient of 0.40–0.69 = moderate correlation, 
and 0.70–0.89 = strong correlation).35,36 Prior studies has 
also shown that MCC is a better metric than κ, especially 
if the dataset is unbalanced such as the current dataset 
(+CAD =  572 and  -CAD = 477) because an unbalanced 
dataset could affect the hypothetical probability of chance 
agreement, which is part of the κ formula; however, for the 
current study, the κ and MCC are the same number.31

The ROC curve shows the performance of a binary 
ML model as it evaluates the trade-off between the TP 
rate (sensitivity) on the Y-axis and false-positive rate 
(1-specificity) on the X-axis.37 The TP rate is the proportion 
of actual positive instances correctly identified by the 
model, and the false-positive rate is the proportion of 
actual negative instances incorrectly classified as positive 
by the model. The AUC is used to quantify the performance 
of the model from the ROC curve. If there is a one-to-
one relationship between the TP rate and false-positive 
rate (meaning that the ROC curve is a straight diagonal 
line), then the model’s ability to discriminate between the 
positive and negative classes is no better than random 
chance, and thus, the AUC will be 0.5.37 The perfect ROC 
curve has a value of 1.0 where the model achieves a TP 
rate of 1 and false-positive rate of 0, meaning that model 
makes no errors in distinguishing between positive and 
negative cases (presence or absence of CAD in the current 
study). The LR model had an AUC of 0.88 (Figure  4), 
outperforming other models in this metric. Comparing 
similar literature, this AUC matches the performance 
of other chosen models.18 This also indicates a positive 
performance, given the sensitivity to certain imbalances in 
the data set (572 +CAD compared to 477 -CAD).

The feature importance plot revealed that exercise-
induced angina, TA chest pain, and age stood out as 
the most significant factors in influencing the model’s 
predictions; however, more known factors in CAD 
diagnosis, including male sex and cholesterol, held less 
impact in our model (Figure 5). Variability in the dataset 
in terms of abundance of certain parameters (i.e., more 
male records as compared to female records) could skew 
the feature importance plot in that the model focuses on 
the features that are most different between positive and 
negative CAD cases. In addition, the present study had a 
relatively low number of records (1049), so this could also 
explain the differences between the feature importance 
plot generated by the model and the actual risk factors that 
lead to CAD. To further analyze the performance of the 
model, and to assess whether the model can be improved 
with more data points, a learning curve for LR was assessed 
(Figure 6).

Learning curves are plots that demonstrate an ML 
model’s performance (prediction accuracy, F1 score, error) 
over time with more experience and with more training 
instances. Learning curves usually consist of two lines, one 
for the model performance using the training dataset (data 
that was used to train the model) and validation dataset 
(data that the model has never seen).38 The learning study 
in the present study has an X-axis that consists of training 
iterations and a Y-axis that consists of the model’s F-1 
score with the blue line representing the training dataset 
and the green line representing the validation dataset. As 
the training interactions increase, the training score starts 
off high and remains constant while the cross-validation 
score starts lower and increases until there is a small gap 
between the training and cross-validation scores. The small 
gap between the two scores could indicate that the model is 
not overfitting. However, since the training score remained 
constant throughout the training iterations, it could have 
been memorizing the information provided by the dataset 
or it has simply learned all it can from the dataset. In 
addition, since the training score and cross-validation scores 
are converging, the addition of more patient records would 
most likely yield minimal improvements in model metrics.39

The three ML models that provided the best results in 
predicting CAD included LR, linear discriminant analysis 
(LDA), and Ridge classifier (RIDGE). As a statistical 
method for binary classification, logistic regression is 
applied when there are only two possible outcomes for the 
target variable. Logistic regression accomplishes binary 
classification by modeling the probability that a given input 
belongs to a certain class.40 For instance, in the medical 
field, logistic regression can be used to determine the 
relationship between variables such as weight and exercise 
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to predict whether a person will suffer from a heart attack or 
other medical complication. Such a model is set up through 
training and testing. Throughout the training phase, the 
logistic regression model’s parameters are learned.41 The 
model identifies patterns in the input data and associates 
them with some form of output. As such, after training, the 
model can forecast the likelihood that an input will belong 
to a specific class. This makes logistic regression a valuable 
algorithm for linearly separable datasets where two classes 
are separated by a line on a graph. Due to its simplicity, 
logistic regression often serves as the baseline for more 
complex classification models.

LDA is a classification algorithm used in ML that is 
employed to solve multi-class classification equations.42 
LDA utilizes a linear combination of features to separate 
classes to ultimately determine whether an input set 
belongs to an output. It accomplishes this task through 
dimensionality reduction in which the separation between 
classes is prioritized while the dimensionality of classes 
is aimed to be reduced.43 For instance, in the realm of 
medicine, an LDA algorithm would aim to maximize class 
separability, such as separating disease categories from one 
another. Within each class, the algorithm identifies key 
patterns to simplify the information to appropriately make 
predictions based on how the data were reduced.

RIDGE is an important tool used in ML that utilizes 
examples to learn to classify new inputs into different 
categories. RIDGE is a linear classifier that extends the 
concept of logistic regression and LDA by incorporating 
regularization to mitigate overfitting, a situation that 
occurs when a machine classification algorithm performs 
exceptionally well on the training data but poorly in the 
testing phase.44 This allows for more accurate predictions. 
As a model used for multi-class classification tasks, RIDGE 
learns from examples in the training set to categorize 
variables into different classes. Once trained, the RIDGE 
calculates a decision function based on the learned 
coefficients.45

Known hurdles in previous literature of ML datasets 
and CAD are that most investigated datasets have a 
limited number of features and small sample sizes.18 The 
limitations of the present study also mostly involve the 
dataset. Since the dataset is a combination of different 
resources, institutional differences in collecting data could 
have an impact on the quality of the dataset. In addition, 
even though the learning curve suggests that addition of 
more data would yield minimal improvement, the present 
study still has a relatively low number of patient records. In 
addition, the training score of the learning curve staying 
constant (Figure 6) could also indicate the model learned 
everything it can early on due to the lack of complexity 

in the dataset. Some continuous variables such as age and 
fasting blood sugar were converted to binary outcomes, 
and the final outcome of presence of heart disease is also a 
binary outcome.

There have been a multitude of studies that provide 
a non-invasive method of predicting CAD using ML. 
Özbilgin et al. proposed a method of early diagnosis of 
CAD using iris images.25 The study used images from 198 
volunteers: 94 with CAD and 104 without CAD. Features of 
the iris images were extracted using wavelength transform, 
first-order statistical analysis, gray level co-occurrence 
matrix, and a gray level run length matrix based on the 
ReliefF feature selection method. Similar to the present 
study, a number of different classifiers were employed, and 
their efficacy was compared. The support vector machine 
model provided the highest accuracy at 93%.25 Another 
study by Akella and Akella had a similar design to the 
current study where data from the UCI Center for ML 
and Intelligent Systems were used to train six different ML 
algorithms to predict the presence of CAD. The ML models 
included linear model, decision tree, random forest, 
support vector machine, neural network, and k-nearest 
neighbor.46 Neural network achieved the highest accuracy 
of 93.03% and a sensitivity of 93.80 as well as the highest 
AUC.46 The present study is different in that PyCaret was 
used with the same dataset to automatically train a total of 
14 different ML models.

Hence, the results demonstrate that among the various 
ML models tested, LR exhibited superior performance with 
an AUC of 0.88, reflecting a high degree of discriminative 
ability. Clinically, the importance attributed to features such 
as exercise angina, chest pain type TA, age, and other chest 
pain types indicates that the model aligns well with known 
clinical predictors of CAD, reinforcing its potential utility 
in a clinical setting. However, it is crucial to acknowledge 
the plateau observed in the learning curve, suggesting that 
further expansion of the dataset beyond the 500-instance 
mark may not significantly enhance model performance 
unless new varieties of data or features are introduced. 
Therefore, future work should focus on refining the logistic 
regression model with more diverse and complex data, as 
well as on external validation of the model to ensure its 
generalizability and applicability across different patient 
populations.

Future studies for the present study would involve 
improving the quality and quantity of the dataset as well as 
making the dataset more complex. In addition to the LR 
model, it is also important to note that the LDA, RIDGE, 
AdaBoost classifier (ADA), Gradient Boosting classifier 
(GBC), and Naive Bayes (NB), all had comparable results 
to the LR classifier; therefore, further research should also 
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focus on comparing and understanding the metrics of these 
other comparable classifiers, and developing an ML model 
based on the above models. Finally, external validity of the 
model can also be tested by collecting patient information 
on patients with and without CAD diagnosis and seeing if 
the model can predict whether the patients have CAD or not.

The study demonstrates important strengths and 
limitations in its approach to applying ML for the 
prediction of CAD.

(i) Strengths
•	 The logistic regression model showcased in the study 

has proven to be particularly effective, with an AUC of 
0.88, indicating a high ability to differentiate between 
patients with and without CAD.

•	 The model successfully identified clinical features of 
significant importance, such as exercise angina and 
chest pain type, as central to predicting CAD, aligning 
with existing clinical knowledge and practices.

•	 The use of cross-validation techniques and a well-
performing training curve suggests that the model has 
good generalizability while avoiding overfitting.

(ii) Limitations
•	 The dataset used for training the models was relatively 

small and combined from different resources, which 
could impact the overall data quality and the model’s 
predictive power due to institutional differences in 
data collection methods.

•	 A flat learning curve for the training score indicates 
that the logistic regression model may not benefit 
from additional data under its current configuration, 
suggesting potential limitations in dataset complexity 
or model capacity.

•	 Continuous variables in the dataset were converted 
into binary outcomes, which may oversimplify clinical 
nuances and reduce the subtlety with which the model 
can identify patterns.

•	 The end result of predicting the presence of CAD is also 
binary, without accounting for the disease’s severity or 
progression, limiting the clinical applicability of the 
model’s outputs.

•	 External validity is yet to be tested; the results observed 
are potentially specific to the dataset and may not 
generalize to different populations without further 
validation.

Moving forward, it would be beneficial to address these 
limitations by expanding and diversifying the dataset to 
include more patient records and a broader set of features, 
including continuous variables and clinical modalities 
such as imaging results and detailed smoking histories. By 
increasing the complexity and volume of the dataset, the 
robustness and sensitivity of the model could be improved, 

which may reveal more intricate patterns and relationships 
that are clinically relevant. In addition, it is imperative to 
explore the possibility of using a more granular output 
than a binary classification to capture the severity or stages 
of CAD. The study should also focus on testing the external 
validity of the model by applying it to independent datasets 
from varied demographical and geographical backgrounds 
to ensure the model’s predictions hold true across different 
populations. Moreover, comparing other ML models such 
as the ADA, GBC, and NB, which showed comparable 
results to logistic regression, could provide insights into 
the optimal approach for predicting CAD. In the clinical 
context, model outputs should be integrated with clinical 
decision-making processes to evaluate their real-world 
effectiveness. It involves assessing not just the model’s 
predictive accuracy but also its impact on patient outcomes, 
cost-effectiveness, and user-friendliness for healthcare 
providers. By addressing these limitations, future research 
can enhance the model’s predictive accuracy and increase 
confidence in its clinical usefulness. Further research is 
also essential to understand how such predictive models 
could be deployed in clinical workflows, balancing the 
benefits of ML assistance with the expertise of health-care 
professionals to optimize patient care outcomes.

5. Conclusion
The present study offers significant insights into the 
application of ML for predicting CAD, with logistic 
regression emerging as a leading model featuring high 
discriminative capacity. The strength of logistic regression, 
underscored by an AUC of 0.88, lies in its ability to harness 
key clinical features effectively, which is indicative of its 
potential to support diagnostic decisions.

This model also demonstrated a high overall accuracy 
in predicting true CAD and distinguishing between TPs 
and TNs. The most important features in the prediction 
of CAD included the presence of exertional angina, 
asymptomatic chest pain, and systolic blood pressure; 
however, this could be explained by imbalances in the 
dataset itself that erroneously make the above factors seem 
more important. The study can be improved with more 
robust data and the addition of other clinical modalities 
and risk factors, such as imaging and smoking histories. 
Expanding the dataset to include more robust data and 
adding other clinical factors such as imaging results and 
smoking histories may help improve the model’s predictive 
power. Future research could focus on refining and 
comparing other models such as the LDA, RIDGE, ADA, 
GBC, and NB, which had similar performance to the LR 
model. Validation on external datasets is also suggested 
to test the model’s external validity, which is necessary 
to ensure that the model can predict CAD accurately 
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in different patient populations. Overall, this study’s 
conclusion emphasizes the promise of ML in enhancing 
the prediction and detection of CAD and recommends 
further research to build upon the initial findings, improve 
the dataset, and validate the model externally.

Hence, the limitations uncovered, such as the dataset’s 
relatively limited size and the simplicity of the binary 
outcomes, highlight the need for further research. To enhance 
the model’s predictive power and clinical applicability, 
future efforts should concentrate on enriching the dataset’s 
complexity, incorporating more nuanced clinical parameters, 
and conducting external validations across diverse patient 
cohorts. This progression work is vital to ensure the model’s 
robustness, relevance, and generalizability to different 
demographic and clinical settings, striving to integrate 
advanced ML tools into everyday clinical practice to the 
benefit of patient care and outcomes.
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Abstract
In response to the challenge of spinal cord injury (SCI) rehabilitation, this study 
aimed to investigate the effect of applying a non-invasive interface of surface 
neuroelectrical signals and functional electrical stimulation (sNES-sFES) with a 
static magnetic field on the motor outcome of the quadriceps femoris muscle in 
an individual with a complete SCI. The participant, who had a complete SCI in the 
chronic stage, was evaluated before (pre) and after nine (post) interventions using 
surface electromyography (sEMG). In addition, spasticity (modified Ashworth scale 
[MAS]) was observed in all sessions. Moreover, the user learning curve process 
(classifier percentage and correct success of the sFES hits) was evaluated. In general, 
we observed: (i) No voluntary muscle contraction (pre- and post-root mean square of 
sEMG = 0%) improvement; (ii) spasticity decrease (average one point in MAS); (iii) gradual 
improvement in the user learning effect on the interface, reaching 84% in classifier 
accuracy and a maximum percentage of correct sFES activation of 53%. In conclusion, 
no improvement in voluntary muscular contraction was observed within 9 weeks of 
the intervention (1 session/day; 1 h/week). However, our study demonstrates the safety 
and feasibility of our methodology for future research involving continuous physical 
rehabilitation training and the implementation of assistive technology.

Keywords: Brain-machine interface; Motor imagery; Neuroscience; Paraplegic; Rehabilitation

1. Introduction
Spinal cord injury (SCI) is a neurological condition that partially or completely impairs 
sensorimotor and autonomic function below the lesion segment.1 SCI recovery remains 
an unsolved challenge in biomedical engineering and related fields.2 Non-invasive 
techniques such as brain-machine interfaces (BCI)3 function as technological bridges, 
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connecting the brain to the paralyzed muscles through 
surface functional electrical stimulation (sFES).4 Following 
a SCI, the body undergoes molecular changes.5 Therefore, 
the implementation of physical rehabilitation techniques 
is essential to facilitate neuroplasticity, leading to clinical 
improvement in the individual.6

The quadriceps femoris muscle is located in the anterior 
thigh region. It is innervated by the femoral nerve (lumbar 
plexus/L2 – L4), with hip flexion functions, mainly knee 
extension.7 Knee extension is essential to remaining 
upright, allowing greater autonomy and independence 
in activities of daily living. Injuries to the spinal cord at 
or above the lumbar level compromise activation of the 
quadriceps femoris muscle, negatively impacting the 
individual’s level of independence.

Functional electrical stimulation has demonstrated 
widespread success in treating several clinical cases, 
especially SCI, with a significant incidence in the world 
population.4 This therapy contributes to improving 
muscular trophism and the autonomic system, such as 
the intestinal, vesical, and sexual systems, in SCI patients. 
Facts that enhance the quality of life of people with SCI 
include functional independence, improved self-esteem, 
and social inclusion.8

Conventionally, sFES is applied using commercial 
equipment, which allows pre-setting of the stimulation 
current, duty cycle, and frequency; however, they have 
a manual trigger. Recently, the scientific community has 
been interested in developing research that proposes sFES 
triggered by surface myoelectric signals (sMES) acquired 
through non-invasive electromyography sensors (EMG) 
or surface neuroelectric signals (sNES) acquired through 
non-invasive electroencephalography (EEG) sensors. 
Implementation of this approach reduces spasticity, 
contributing to the physical rehabilitation of affected limb 
movements.9

Similar to sMES, sNES detects the motor action 
intention of the individual and triggers the sFES to 
perform electrically evoked movements.10 An efficient 
strategy for using sNES is event-related desynchronization/
synchronization detection (ERD/ERS). These are 
sensorimotor oscillatory rhythms associated with motor 
imagery (MI), i.e., a mental process by which an individual 
rehearses or simulates a certain motor action.11

Integrated approaches, such as combining stem cells 
with intraspinal electrical stimulation, are being evaluated 
in animal models.12 This can be performed using a current 
intensity below the sensory level to facilitate direct 
neural growth.13 SCI causes changes in the organization 
of the somatosensory cortex due to the non-use of the 

affected region.14 This cortical reorganization causes a 
disconnection from the body representation,15 turning 
a command such as “extend your leg” into a challenging 
activity as the individual is unable to comprehend the 
process and lacks the neural circuit necessary for it. This 
integrated neuromodulation technique, such as sFES and 
transcutaneous spinal cord stimulation in a pool, has 
shown initial motor results.16

Scientific evidence suggests that the motor imagery 
process activates sensorimotor regions similar to actual 
task performance and that repeated practice of motor 
imagery can induce plasticity changes in the brain. Some 
researchers reiterate the potential of this technology, 
suggesting that it can promote neuroplasticity and motor 
recovery by applying Hebb’s law, rewarding cortical 
activity associated with sensorimotor rhythms through 
the use of a variety of self-guided or assistive modalities.17 
Osuagwu et al.18 compared NES-FES and sFES interfaces 
in the motor rehabilitation of quadriplegic volunteers. The 
patients were divided into two groups. The participants 
of the first group received sessions of FES controlled by a 
brain-computer interface (BCI), while the participants of 
the second group received a manually commanded sFES 
intervention. Neurological assessment measures were: (i) 
event-related desynchronization (ERD) during attempted 
movement and (ii) the somatosensory evoked potential 
(PEEP) of the ulnar and median nerves. Limb function 
was evaluated using a range of motion (ROM) and manual 
muscle testing. The muscle strength of volunteers in the first 
group improved significantly, whereas those in the second 
group showed minor improvements in specific tasks. 
Neuromuscular fatigue during the tasks was disregarded 
in both groups, and small increments were made in the 
intensity of the sFES (in the open loop) to compensate for 
the reduction in force due to fatigue. The study concluded 
that combination therapy with the sNES-sFES interface 
resulted in better neurological and muscle strength 
recovery than sFES alone. For people with SCI, the sNES-
sFES interface should be considered a therapeutic tool for 
restoring lost function in individuals with SCI rather than 
solely a long-term assistive device.

Magnetic field (MF) can be applied to the nervous system 
with a wide range of intensities (4.35 μT – 8 T). Neurites have 
been proven to grow parallel to the applied MF.19 Another 
study investigated the intrathecal application of CD133+ 
(derived from human blood) in rats associated with the 
use of a static magnetic field (SMF) with an intensity of 0.6 
T for 30 min.20 As a result, the group treated with CM and 
CD133+ showed functional improvements after 14  days 
compared to the group with CD133+ without SMF and 
the group with SMF and the application of the phosphate-
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buffered saline solution. The spinal cord contains stem 
cells that can be activated during neuroplasticity.21 Thus, 
it is expected that the combination of SMF and NES-FES 
will promote sufficient neuroplasticity for motor recovery 
after SCI.

Although the feasibility of using human-machine 
interfaces in the motor improvement of individuals 
with SCI has been proven,10 one of the challenges in this 
area is to understand the mechanisms that can provide 
neuroplasticity, which remains uncertain. Thus, this work 
aimed to investigate the feasibility of applying sNES-
sFES with SMF to the response of the quadriceps femoris 
muscle group in a volunteer with a complete SCI. As a 
primary hypothesis, an improvement in voluntary muscle 
contraction is expected in the quadriceps femoris, which 
has the function of knee extension and is important 
for daily activities such as standing and walking. An 
increase in local vascularization is expected to improve 
sexual, intestinal, and urinary functions. The secondary 
hypothesis suggests that training and intervention have a 
gradual learning effect, resulting in greater mastery of the 
sNES-sFES interface.

2. Methods
The ethics committee at the State University of Londrina 
(CEP-UEL) approved the research involving human 
participants (no.  4.060.700). The study was conducted 
in 2021 at the Neural Engineering and Rehabilitation 
Laboratory (LENeR), located in the Department of 
Anatomy at UEL. The initial contact with the participant 
was through a brief telephone interview, during which 
information regarding his injury was collected. In addition, 
we briefly explained the project objectives and outlined 
how the interventions would be carried out. Subsequently, 
the participant was invited to visit the laboratory to 
provide informed consent, marking the initiation of the 
research protocols. The laboratory administration covered 
the transportation costs of the participants. During the 
interventions, strict adherence to the current health 
standards and recommendations of the World Health 
Organization was maintained due to the COVID-19 
pandemic.

2.1. Participant

The participant was a 46-year-old male who was a victim 
of a car accident in November 2002. Magnetic resonance 
imaging revealed lesions in the posterior lamina and 
ligaments and an altered signal on T2 in the cervical cord 
at C6 – C7. Computed tomography revealed complete 
bilateral lesions of the C6 lamina and C7 vertebral bodies. 
Consequently, surgical intervention was required to 
stabilize the cervical spine, which involved the fixation 

of screws in the fifth and sixth cervical vertebrae, a 
sublaminar hook in the first thoracic vertebra, and the 
extraction of a loose blade from the sixth cervical vertebra. 
The participant’s kinetic-functional diagnosis was spastic 
quadriplegia with a neurological level at C6 (sensory-C6, 
motor-T1)—classified as “A” on the Disability Scale (AIS1). 
He experienced urinary, intestinal, and sexual dysfunctions, 
requiring the permanent use of an indwelling urinary 
catheter due to a lack of bladder control. Bowel control 
was absent, and stool evacuation was achieved every two 
days through an abdominal pressure maneuver, digit-anal 
touch, and manual stool extraction. Furthermore, the 
participant had erectile dysfunction and was unable to 
report an ejaculation, even if it was retrograde.

2.2. Neuromuscular assessment

Neuromuscular assessment was performed using surface 
electromyography (sEMG) before the first intervention 
(pre) and after the ninth session (post).

2.2.1. Surface electromyography acquisition

The neuromuscular assessment was performed using 
sEMG (Figure  1) with a Bitalino® electromyograph and 
MuscleBIT model. The board operates using Bluetooth 
technology, with a resolution of 10 bits per channel for 
the analog-to-digital converter and OpenSignals® for 
signal acquisition, controlled by a smartphone with an 
Android operating system. The participant was instructed 
to remain in his wheelchair, and asepsis with 70% ethyl 
alcohol was performed in the evaluated region (previously 
shaved by the participant). Then, four channels (3M® 
Ag/AgCl electrodes) were positioned bilaterally over the 
rectus femoris and vastus lateralis muscles, and a reference 
electrode was positioned on the right iliac crest. The 

Figure  1. Illustration of neuromuscular assessment equipment. 
Equipment representing Bitalino® reproduced from https://bitalino.com/
products/musclebit-bt.
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acquisition frequency was 1  kHz. The instructor gave a 
voice command to the participant, saying, “Extend as much 
as possible” to perform knee joint extension movement for 
approximately 5s and giving an interval of approximately 
10s before repeating the activity. Concurrently with the 
knee extension movement request, a digital output was 
activated using the OpenSignals® program. This allowed 
for the evaluation of spasticity simultaneously with the 
activation of the digital output in the OpenSignals® 
program to avoid any interference in the evaluation of 
voluntary contraction in the knee extensor muscle group. 
The same evaluation was performed on the bilateral biceps 
brachii (dominant) muscle as a normalization criterion 
(Section 2.2.3), before the first intervention (pre) and after 
the ninth session (post).

2.2.2. Surface electromyography processing

Signal processing was performed using a custom routine 
in the program Octave®2, and from the 5 s registered, a 2 s 
intermediate was selected for processing. The signals were 
filtered with a fourth-order bandpass Butterworth filter 
with a passband of 10 – 450 Hz, reducing the effect of the 
electrical network, mainly the 60, 120, 180, 240, 300, 360, 
and 420  Hz components. The descriptors were extracted 
from the temporal and spectral domains. For temporal 
features, we selected the root mean squared (RMS) value 
(sEMG-RMS), whereas for spectral characteristics, the 
median frequency (sEMG-MDF) was calculated.

2.2.3. Signals normalization

The maximum voluntary isometric contraction is one 
of the most recurrent methods for evaluating sEMG 
signals. However, people with spinal cord injuries often 
lack voluntary contractions. Unlike other neurological 
conditions, such as after a stroke, where the affected side 
can be compared with the healthy side, in SCI, this is 
not possible. However, in a study conducted by Fukuda 
et al.,22 sEMG signals of 24 young, physically active 
female participants (20 ± 6  years old) with a body mass 
index between 18.5  kg/m2 and 25  kg/m2, were acquired. 
In that study, the rectus femoris and biceps brachii were 
analyzed using sEMG-RMS. Activities were performed 
during (i) maximum voluntary isometric contraction and 
holding dumbbells of (ii) 2, (iii) 4, (iv) 6, and (v) 8  kg, 
respectively. Normalization was achieved by calculating 
the mean values along the activities of the rectus femoris 
with the biceps brachii, resulting in a value of 0.54. Thus, 
the average value during rectus femoris muscle contraction 
is approximately 54% of that of the biceps brachii muscle. 
In this sense, the signals were normalized by the biceps 
brachii muscle on the right side (or left when the right side 
was not accessible), as shown in Equation I:

 
= × = 
 

100 %NORM av
av Pre

Pre

Mus
Mus BB

BB
� (I)

where Mus is the rectus femoris or vastus lateralis muscle. 
The superscript NORM indicates normalization with a 
percentage value of the biceps brachii muscle in the pre-
assessment period (BBPre). The subscript av indicates whether 
the assessment is conducted before (pre) or after (post).

2.3. Spasticity assessment

In all sessions, the participant underwent assessment using 
the modified Ashworth scale (MAS) for knee extension and 
bilateral ankle dorsiflexion movements, evaluated through 
passive mobilization of these joints, and was conducted 
pre- and post-interventions (conducted intraday for both).

2.4. Interventions

In the sessions following the initial evaluation (pre), 
nine interventions were carried out (once a week for 
9 consecutive weeks), with which the participant was 
already familiar, having performed three sessions before 
the evaluation. During each session, the participant was 
instructed to remain seated in his wheelchair while the 
static magnetic field was positioned, and the electrodes 
of the sNES (Section 2.4.2) and sFES (Section 2.4.3) were 
fixed accordingly, as described in the subsequent sections. 
The learning curve of the sNES-sFES interface by the user 
was evaluated by classifier accuracy and the number of 
misses and hits to the sFES trigger.

2.4.1. Static magnetic field

The static magnetic field (SMF) was obtained using a 
neodymium magnet (measuring 2  cm × 3  cm × 4  cm) 
positioned at the level of the affected spinal cord segment 
(C7) of the participant. The value of magnetic induction to 
determine the exact position of the SMF was approximately 
0.1 T, measured using a Tunkia® portable digital 
gaussmeter, and the intervention period with the SMF 
lasted approximately 1 h, applied during the intervention 
with the NES-FES interface.

2.4.2. Surface neuroelectric signals

In all sessions, brain activity was recorded using gold 
electrodes (Maxxi Gold®) distributed in a 10-10 system 
pattern on the scalp with conductive paste (Carbofix®) and 
conductive gel (Electro Ultra-gel®). The channels (unipolar) 
were positioned in the Cz, C1, FCz, and CPz regions23 and 
fixed with the aid of a customized EEG cap.24 Reference 
channels A1 and A2 were fixed using Ag/AgCl electrodes 
on the mastoid processes of the temporal bones bilaterally. 
EEG data were acquired using commercial Cyton OpenBCI 
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Board® hardware. The OpenVibe® software platform is used 
for the acquisition of signals and consists of an open-source 
tool in C++ that can be customized for different purposes. 
The EEG acquisition, pre-, and processing methods were 
based on those described by Broniera Junior et al.24 After 
the EEG electrodes are properly positioned, the training 
of the sNES begins, which is divided into two phases: the 
calibration phase, in which the acquisition of the sNES and 
adjustment of the classifier (common spatial pattern [CSP] 
filter and linear discriminant analysis [LDA]) are carried 
out, and the feedback phase. In the calibration phase, the 
participant was instructed to perform knee extension motor 
imagery or remain inactive. The testing procedure was 
adapted from Abdalsalam et al.,11 where participants looked 
at a reference while simultaneously receiving instructions 
to perform motor imagery. In this study, an instructor was 
introduced to observe the movement guidelines provided by 
the software and reproduce them physically. The instructor 
was seated in front of the participant, giving the voice 
command to imagine the extension movement and perform 
the movement simultaneously, or the instructor could 
provide both voice and motor commands for the participant 
to remain inactive. Five to ten repetitions were performed 
with an average duration of 8s for two different classes: (i) 
Motor imagery and (ii) rest. The sequence of motor imagery 
classes presented to the individual was random to avoid 
bias. In the feedback phase of the sNES, participants were 
again instructed to imagine the movement indicated by the 
instructor. At each motor imagery test, new data acquisition 
from the sNES channels was performed, and simultaneously, 
the classifier produced a real value, quantifying the class 
probability associated with the participant brainwave 
response. Once calculated, the probability of class 
association (actual value from 0 to 100 %) was transferred 
from the OpenVibe® software to a network-based interface 
(VRPN: Virtual-Reality Peripheral Network) developed in 
C++ in the Microsoft Visual Studio® environment.25 The 
sNES received by the VRPN were processed and sent in 
binary form through Bluetooth to the electrical stimulator.

2.4.3. Surface functional electrical stimulation

For artificial muscle activation,26 an electrical stimulator was 
customized exclusively for this work, following the criteria 
outlined in the IEC 60601-2-10 standard.27 Two self-adhesive 
electrodes, sized 5 × 9 cm, were placed in the anterior region 
of the volunteer’s right thigh according to the methodology 
described by Krueger et al.28 One of the electrodes was 
positioned at the lower edge, 3  cm from the base of the 
patella, and the other over the femoral triangle29 to stimulate 
the quadriceps muscle group through the femoral nerve.30 
According to Krueger et al.,28 after fixing the electrodes, 
an interval of 10  min was used to stabilize the electrode-

skin impedance. The frequency parameters of the electrical 
stimulation were: 1 kHz carrier frequency (positive: 200 µs + 
negative: 200 µs + off: 800 µs); 20 – 40 Hz modulated frequency 
(24 ms active period) to rise and decay pulse trains. The 
amplitude was modulated based on the instant of maximum 
electrically stimulated extension.28 During the feedback 
phase, communication took place through Bluetooth with an 
electrical stimulator, which initiated activation. The activation 
condition of sFES occurs when the probability of similarity of 
the classifier output signal is ≥72%. The equipment assembly 
for the participant is illustrated in Figure 2.

2.5. Data analysis

The analyses conducted in this pilot study were inherently 
descriptive and did not involve the application of statistical 
tests.

3. Results
The present study analyzed the feasibility of applying 
the sNES-sFES interface with a static magnetic field to a 
person with a complete SCI.

3.1. Neuromuscular assessment

During the neuromuscular evaluation, the participants 
did not experience simultaneous muscle spasms. In both 
the pre- and post-evaluations, the sEMG-RMS values were 
0% (about the biceps brachii muscle in the pre-evaluation 
[Section 2.2.3]) for the evaluated muscles, rectus femoris, 
and vastus lateralis, bilaterally. Owing to the low value 
(indicating only electrical noise), sEMG-MDF analysis was 
unfeasible.

3.2. Spasticity

The results of assessing the muscle tone of the knee extensors 
and plantiflexors ranged from 1 (increased tone at the 
beginning or end of the range of motion) to 1+ (increased 
tone in less than half of the range of motion, manifested 
by abrupt tension followed by minimum resistance). In 
most sessions, the pre-intervention (intraday) muscle tone 
assessment was 1+. The exceptions were the third from 
the last and last sessions, with the pre-outcome being 1. 
In the post-intervention (intraday) assessment, there was a 
reduction in muscle tone in most sessions.

3.3. Interventions

3.3.1. Static magnetic field

In the present study, the SMF was used in association with 
NES-FES, with a total duration of approximately 1  h. We 
did not identify an improvement in the neuromuscular 
condition, possibly due to factors related to the severity of a 
complete and chronic SCI in returning muscle contractions. 
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However, Beros et al.31 investigated the effects of SMF 
application (6 and 48 h, 0.5 T) on the structural plasticity of 
the axon initial segment in primary cortical neurons. Their 
findings revealed that after 6 h of SMF, there was a shortening 
in the average length of the axon initial segment compared 
to the control, which persisted 24  h after stimulation. In 
contrast, 48 h of SMF treatment induced an immediate distal 
shift that persisted for 24 h after stimulation, suggesting that 
SMF can induce neural plasticity and last longer than the 
stimulation period. Although this study was carried out on 
primary cortical neurons, it demonstrated alterations in 
neural activity and the induction of neural plasticity. Further 
exploration is required, especially in spinal cord plasticity, to 
understand its effects and mechanisms.

3.3.2. Neuroelectrical signals and functional electrical 
stimulation interface

As indicated earlier, there was no improvement in the 
neuromuscular condition in the present study. Despite this 
limitation, the BCI can be used as an auxiliary device for the 
movement of paralyzed muscles in individuals with SCI. 

The total session duration, from the participant’s arrival at 
the laboratory until departure, was, on average, 1  h. The 
actual time of the intervention alone lasted approximately 
25 – 30 min. The mean (standard deviation) duration of the 
set of experiments for assembly and disassembly was 406.6 
± 84.86 s and 102.2 ± 20.20 s, respectively. By observing the 
time intervals during the performance of each stage of the 
intervention, the training time was gradually increased, 
which can be explained by the training of the intervention 
stage despite having received the therapist’s start of the 
collection from the participant. During the sessions, the 
ease and simplicity of the physical disassembly ensure 
that resources are readily available. This consideration is 
important because the assembly/disassembly period can 
influence the intervention level, not only in the laboratory 
but also in clinical settings, mainly in public services that 
serve a great demand for patients and at home.

3.3.3. User learning curve

During the sessions, a gradual optimization was observed in 
the performance of the interventions, number of repetitions 

Figure 2. Illustration of participants during the interventions. 
Abbreviations: sFESs: Surface functional electrical stimulation; sNES: Surface neuroelectric signal; SMF: Static magnetic field; VRPN: Virtual-Reality 
Peripheral Network.
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of the training, classifier accuracy (AcCSP-LDA), and 
number of misses and hits for the activation of the sFES, 
as shown in Figure 3. Some aspects that may have impaired 
the learning effect of the training and the intervention 
with the sNES-sFES interface were to cancel out all the 
factors that interfered with the participant’s concentration, 
such as maintaining absolute silence during training and 
intervention, keeping them in a very comfortable position, 
and avoiding any factors that increased muscle spasms.

It was also observed that for the success of the training, 
voice commands and orientations other than those mentioned 
above are necessary. We emphasize the importance of 
keeping the muscles intact, such as the relaxed upper limbs, 
especially when providing the command of motor imagery 
to perform knee extension. In addition, participants tend to 
close their eyes in an attempt to concentrate, which is not 
recommended due to the change in the sNES. In addition 
to the time, the amount of training per session was counted, 
as only one training was rarely performed owing to different 
situations, such as an alteration of the sNES or a low value 
of the cross-correlation. As a result, between one and three 
training sessions were performed because, despite the 
participant denying mental fatigue, when they passed three 
training sessions in the session, the values of the cross-
correlation were substantially reduced.

3.3.3.1. Classifier accuracy

The classifier accuracy (AcCSP-LDA) resulting from 
training tended to increase gradually throughout the 
sessions (Figure  3), which can be explained by the 
participant learning effect. The average AcCSP-LDA value 
was 67% (a satisfactory AcCSP-LDA value was considered 
to be closer to 100%).

3.3.3.2. Hits and misses

Figure  3 depicts the percentage of hits, misses, and 
successes in the sFES activation. It was observed that 

the higher the AcCSP-LDA, the greater the tendency to 
reduce the percentage of errors and increase the number 
of correct answers. It was possible to identify that in all 
sessions, errors were recorded in the activation of sFES, 
and in most cases, the percentage of errors exceeded the 
percentage of correct answers. These errors occurred 
in two situations: (i) activation of the sFES without 
the therapist’s command for this action, and (ii) non-
activation of the sFES when the motor imagery was 
requested (within 4s). Regarding the activation of the 
sNES-sFES resulting from muscle spasms, it was not 
counted as an error, as it possibly did not occur due to 
a mental response by the participant but rather due to 
interference with the sNES measurement.

4. Discussion
4.1. Neuromuscular assessment

The lack of improvement in neuromuscular function 
can be explained by the complexity of the condition in 
SCI, especially in the chronic phase, and the fact that 
a short-term intervention protocol was carried out. In 
contrast to the present study, Donati et al.32 conducted a 
study involving eight individuals with chronic SCI and 
paraplegics (seven complete and one incomplete) who 
underwent gait neurorehabilitation through a BCI in the 
long term (12  months). The intervention was divided 
into six stages, combining the integration of traditional 
physical rehabilitation and multiple brain-machine 
interface paradigms to restore locomotion. At the end 
of neurorehabilitation, all participants demonstrated 
neurological improvements in somatic sensitivity in 
various dermatomes. In addition, they exhibited recovery 
of voluntary motor control in muscles below the level of SCI 
(assessed by sEMG), resulting in a marked improvement in 
their gait index. In other words, greater intensity, frequency, 
and long-term training are important for recovery.

4.2. Spasticity

In this study, we observed a reduction in spasticity 
throughout the sessions, which is already well-established 
in the literature regarding the efficacy of electrical 
stimulation in spasticity reduction. As shown in the 
systematic review, Bekhet et al.33 identified different 
stimulation parameters that can reduce spasticity after 
SCI, with the primary outcome being the assessment of 
spasticity using MAS. These authors identified that the 
stimulation parameters were a frequency of 20 – 30 Hz, a 
pulse duration of 300 – 350 μs, and a current amplitude 
>100 mA. The results of this review were similar to those 
of the present study, showing that sFESs reduced spasticity 
by 45 – 60%, in addition to reducing EMG activity and 
increasing range of motion.

Figure 3. User’s learning trend. 
Note: Dashed line = Classifier accuracy.
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4.3. Interventions

4.3.1. Static magnetic field

In this study, there was no improvement in neuromuscular 
condition (Section 4.1), possibly due to factors related to 
the severity of the injury (injury time, extent, level, and 
classification). The results observed in a human model 
(chronic condition) are different from those in animal 
models in the acute phase. For instance, Bhattacharyya 
et al.34 exposed rats to a low-intensity magnetic field 
(17.94 μT) for 2 h/day for 3 weeks after SCI. The results 
suggest that short-term exposure to a magnetic field on 
locomotor behavior is beneficial because of the attenuation 
of secondary damage and calcium ion-mediated 
excitotoxicity.

Although the intervention in the present study was 
performed at the spinal cord level, studies using the SMF 
in the human cortex have shown that this intervention 
modulates cortical excitability35 and improves the detection 
of somatosensory stimuli when applied to the parietal 
cortex.36 Another item that should be investigated in depth 
is the ideal time for the application of the SMF. Despite 
the extended duration of SMF application in our study 
(approximately 1 h), a study by Oliviero et al.37 showed that 
the application of transcranial SMF for up to 2 h is safe and 
does not appear to produce neural damage.

Nakagawa and Nakazawa38 investigated the effects of 
trans-spinal SMF stimulation applied to the cervical spinal 
cord on corticospinal excitability. They used a magnet 
with a magnetic induction value of 0.45 T positioned 
on the spinal cord level C8 of 24 healthy individuals for 
15  min. The motor-evoked potentials of the first digital 
interosseous muscle were evaluated before, during, and 
after trans-spinal SMF stimulation. They showed that this 
intervention could reduce corticospinal tract excitability. 
Therefore, researchers have suggested that trans-spinal 
SMF stimulation can be a neuromodulatory tool, and 
its suppressive effect can be in those with pathological 
hyperexcitability of the spinal neural network, similar 
to spasticity, a common condition in individuals with 
complete SCI. As in the present study, the participant 
presented a reduction in muscle tone, which can be 
explained both by the use of the NES-FES interface and 
also by the SMF. We cannot say whether this effect was 
potentiated by the combined use of these interventions, 
and future investigations are necessary.

4.3.2. Neuroelectrical signals and functional electrical 
stimulation interface

Although the participant did not exhibit improvement 
in his neuromuscular condition with the use of the NES-
FES interface, it remains an assistive technology option. 

King et al.39 developed a NES-FES interface to walk over 
the ground for a duration of 30 sessions and evaluated 
its performance in an individual with paraplegia due 
to SCI. This study investigated sessions in (i) screenings 
(BCI screening to determine whether one could control 
the BCI in a virtual reality environment—four sessions 
total) and (ii) training (BCI training to learn to ambulate 
within a virtual reality environment) using the attempt to 
walk and relax as a control strategy, starting in the fifth 
session and extending to the last. Their study concluded 
that the restoration of brain-controlled walking is feasible. 
In the current study, the participants performed only three 
initial sessions to get acclimated, and despite having had a 
relatively low performance in the training of the following 
sessions, interventions with the sNES-sFES interface 
had already started. Thus, it is essential to invest in more 
sessions to familiarize the participants before starting the 
interventions, including avoiding anxiety due to their 
responsibility to master the interface.

4.4. User learning curve

4.4.1. Classifier accuracy

The AcCSP-LDA value in this study increased over the 
training sessions, reaching an average of 67%. Comparatively, 
King et al.39 obtained an average value of cross-correlation 
between the instructor’s verbal commands and the response 
of the sNES-sFES interface of 77%, reaching 93% between 
sessions 20 and 21. Therefore, this study demonstrated 
that restoring brain-controlled walking in patients with 
paraplegia is feasible. Given this, although the average value 
of the participants in the present study was 67%, in the last 
sessions, the values of cross-correlation were close to the 
average cited by King et al.39 Thus, it was found that the 
learning effect interferes with the brain-machine domain, 
and the user’s performance may have been influenced by 
the reduced number of sessions.

4.4.2. Hits and misses

The hits (intentional response) and errors (unintentional 
response) of AcCSP-LDA were tallied, and any 
unintentional response of the device controlled by the 
participant was associated with the potential errors 
found in the sNES.40 To avoid incorrect actions by BCI 
and improve performance, Liu et al.41 proposed a new 
method based on an adaptive autoregressive model and a 
typical spatial pattern for extracting error-related potential 
features. They showed that the average precision and 
false positive rate for detecting error-related potential 
outperformed methods that use features extracted from a 
single domain. This new method efficiently improves the 
detection accuracy of error-related potentials and reduces 
the number of false positives.
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4.5. Study implications and limitations

The implications of the present study include improving 
therapeutic tools and assistive technologies to enhance 
the functionality of individuals with SCI. Our proposal 
was to utilize a laboratory interface, but further research 
is needed to optimize it for home use. The results were 
limited by the small number of interventions and the severe 
neurological conditions of the participants. Moreover, only 
one participant underwent the experimental intervention.

5. Conclusion
The sNES-sFES interface and static magnetic field are 
non-invasive interfaces with an average duration of 1  h 
(equivalent to conventional therapy) and a setup and 
dismount time of approximately 10 min. A gradual learning 
effect was perceived regarding (i) training repetition up to 
three times per session to avoid mental fatigue, (ii) classifier 
accuracy reaching up to 84%, and (iii) maximum sFES 
activation hits of 53%. Therefore, intervention with the 
sNES-sFES interface and the static magnetic field is a viable 
therapeutic option for study participants. Studies with 
a larger number of participants are needed to generalize 
these results to the SCI population. No improvement 
in voluntary muscular contraction was observed as an 
outcome of the 9-week intervention. Nevertheless, it can 
be used as a complementary tool to activate movement 
in a paralyzed muscle and reduce spasticity, along with 
continuous physical rehabilitation. Future studies will 
include the implementation of novel machine learning 
algorithms based on deep learning techniques to improve 
classifier performance. A  better accuracy model should 
enhance user control with SCI over the sNES-sFES 
interface and enable the application to be used in different 
positions, such as orthostasis or walking.
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CASE REPORT

You’re a pain in my side! Abscess and 
microperforation as a complication of therapy 
from early-stage endometrial cancer: A 
case report

Jennifer McCall*, Jena Hall, and Elena Park
Department of Obstetrics and Gynecology, Queen’s University, Kingston, Ontario, Canada

Global Translational Medicine

Abstract
This paper reports on a 55-year-old woman presenting with left lower quadrant 
and groin pain that posed a significant diagnostic challenge. She had a history of 
obesity and stage 1B endometrial carcinoma treated with surgery and radiation 
1-year prior. Despite several unsuccessful biopsy attempts and unclear imaging 
findings, she was ultimately diagnosed with a pelvic sidewall abscess secondary to 
a bowel microperforation, a rare late complication of radiation related to adhesions, 
weakened bowel, and peristalsis. Her condition was successfully treated with 
drainage and antibiotics. It is widely known that patients with endometrial cancer 
and comorbid obesity often experience diagnostic delay, weight stigma, and other 
barriers and thus deserve careful attention and continued advocacy.

Keywords: Endometrial cancer; Obesity; Weight stigma; Radiation; Case report

1. Background
Uterine cancer is the fourth most common cancer among females in Canada and sixth 
most common cancer in the world.1,2 Both the incidence and the mortality rates of 
uterine cancer are increasing.1,3 Obesity is the main underlying cause for the increasing 
incidence globally.3 Risk factors for endometrial cancer include advanced age, nulliparity, 
obesity, sedentary lifestyle, early menarche, anovulatory cycles, late menopause, 
unopposed systemic estrogen, tamoxifen use, diabetes, pelvic radiation, hypertension, 
family history, and genetic conditions.2,4,5 The International Federation of Gynecology 
and Obstetrics (FIGO) staging system is the most widely used in the world, with an 
update published in 2023.6 Stage I is confined to the uterine corpus and ovary, further 
subdivided into stage IA characterized by invasion into less than half the myometrium 
for non-aggressive histological types and stage IB for invasion into more than half the 
myometrium for non-aggressive histological types.6 The mainstay of management is 
cytoreductive surgery, with minimally invasive surgery being a safe alternative with 
better perioperative and post-operative outcomes and comparable oncologic outcomes 
in affected individuals,3,7 including obese patients.8 However, one study found that 
conversions occur in 31% of laparoscopic hysterectomies for endometrial cancer in 
patients with obesity.9 Many patients undergoing major gynecologic oncology surgery, 
including open hysterectomy, will experience early complications, including 35% with 

*Corresponding author: 
Jennifer McCall 
(jmccall@qmed.ca) 

Citation: McCall J, Hall J, 
Park E. You’re a pain in my side! 
Abscess and microperforation as 
a complication of therapy from 
early-stage endometrial cancer: 
A case report. Global Transl Med. 
2024;3(1):2114. 
https://doi.org/10.36922/gtm.2114 

Received: October 26, 2023 
Accepted: January 30, 2024 
Published Online: March 19, 2024

Copyright: © 2024 Author(s). 
This is an Open-Access article 
distributed under the terms of the 
Creative Commons Attribution 
License, permitting distribution, 
and reproduction in any medium, 
provided the original work is 
properly cited.

Publisher’s Note: AccScience 
Publishing remains neutral with 
regard to jurisdictional claims in 
published maps and institutional 
affiliations.

https://doi.org/10.36922/gtm.2114
https://doi.org/10.36922/gtm.2114
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Global Translational Medicine Late abscess complication endometrial cancer

Volume 3 Issue 1 (2024)	 2� https://doi.org/10.36922/gtm.2114 

hemorrhage requiring transfusion, 13% with ileus, and 9.7% 
with infection including 3.9% with abscess formation.10 
People with obesity have higher risks of complications.11 
It is unknown whether obesity impacts survival outcomes 
among people with endometrial cancer.12 Recurrence 
of stage 1 endometrial cancer treatment after combined 
surgery and radiation therapy is 4%; 25% of these patients 
experience late complications.13

This case report details a rare late complication, the 
description of which can assist physicians in quickly 
reaching the correct diagnosis and treatment.

2. Case presentation
A 55-year-old woman with a history of grade  2 stage 
1B endometrioid adenocarcinoma of the endometrium 
presented to a community emergency department 
following a 2-week onset of left lower quadrant and groin 
pain and left leg swelling (Table 1). Her cancer treatment 
included a total abdominal hysterectomy bilateral 
salpingo-oophorectomy (TAHBSO) (laparoscopic 
converted to open) and pelvic lymph node dissection 
(PLND) 1-year prior, and adjuvant external beam 
radiation therapy (EBRT) completed 9-month prior. The 
pain was a constant, severe ache associated with mild 
paresthesias in her left thigh. Her past medical history 
included morbid obesity (BMI 60), insulin-dependent 
type  2 diabetes with poor control, obstructive sleep 
apnea, hypertension, non-alcoholic fatty liver disease, 
hypothyroidism, and depression. She had been surgically 
operated with procedures such as oncology surgery and a 
dilation and curettage. She was nulliparous.

At the community emergency department, deep vein 
thrombosis was ruled out and an outpatient computed 
tomography (CT) was ordered (Figure 1). One day later, 
she presented to our tertiary care site with a complaint 
of increasing pain. She had normal vital signs, normal 
bilateral lower limb perfusion and strength, pain on hip 
flexion, and a soft, non-tender abdomen. She had a mild 
leukocytosis (white blood cells [WBC]: 16.3 × 109/L 
[4.0–11.0 ×109/L]), a slightly elevated lactate (2.3 mmol/L 
[0.5–2.2 mmol/L]), and an HbA1c of 10.7% (4.0–6.0%) 
(Table 2). Her hemoglobin, platelets, and creatinine levels 
were normal. Ca-125 was found to be 147 units/mL, 
reduced from 370 units/mL at her initial cancer diagnosis.

Based on the CT findings from the day prior demonstrating 
a pelvic sidewall mass, she was admitted for a presumed 
mass due to cancer recurrence, which was speculated to 
have compressed the left external iliac artery. Vascular 
surgery assessment demonstrated non-claudication pain 
and no ischemia, and radiation oncology-based evaluation 
recommended pathologic confirmation of recurrence.

Interventional radiology unit was consulted to obtain 
a biopsy of the mass. The biopsy was anticipated to be 
challenging due to its proximity to major vessels, the 
patient’s body habitus, and her inability to lay in the 
optimal position for biopsy due to pain. In the initial 
attempt, fibroadipose tissue and skeletal muscle with focal 
acute and chronic inflammation as well as fibrosis were 
obtained, and no evidence of neoplasia was identified. 
A magnetic resonance imaging (MRI) test was attempted 
on post-admission day (PAD) 6, but the patient was too 
uncomfortable to lie flat.

In the ongoing consultation, the radiation oncology 
unit persisted in their request for pathologic confirmation 
before providing an opinion on treatment. On PAD 10, 
another biopsy was attempted but the patient was again 
unable to lie prone due to anxiety and respiratory 
difficulties. Abdominal entry was not possible due to 
abdominal obesity.

Due to her worsening leukocytosis, which peaked at 
25.2 × 109/L on PAD 5, infectious work-up was performed 
and was negative (including urine and blood cultures and 
chest X-ray). General internal medicine unit was then 
consulted and found no indication for antibiotics for her 
isolated leukocytosis, which started to decline after PAD 5 
without treatment.

Throughout this period of time, the patient continued 
to suffer from severe pain that was challenging to manage 
despite consultation with the Acute Pain Management 
Service and Palliative Care unit. Higher doses of narcotics 
and pregabalin are required to alleviate the intense pain; 
she was confronting. She also complained of increasing 
drowsiness beginning 1  week after admission. It was 
unclear if this was related to her pain management regimen 
or underlying pathology.

A repeat CT scan on PAD 11 showed slight measurable 
growth in the mass-like soft-tissue density in the left 
pelvis, extending into the groin muscles. This causes new 
mild obstruction of the left ureter at the pelvic brim and 
impending bladder invasion. While infection cannot be 
entirely excluded, the growing line of findings pointed to a 
highly potential malignant recurrence.

On PAD 15, she was diagnosed with cellulitis of the left 
foot that was treated with cephalexin. On PAD 16, she had a 
fever at 38.2°C, but an immediately repeated measurement 
was found to be normal.

On PAD 15, the patient’s case was again reviewed at a 
multidisciplinary gynecologic oncology conference. It was 
determined that she was ineligible for further radiation 
due to the previous dose received. A decision was made to 
proceed with a treatment using carboplatin and paclitaxel 
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for suspected recurrence. On PAD 17, she received paclitaxel 
only. Due to an allergic-type reaction to paclitaxel (fleeting 
back pain, chest heaviness, hypertension, and flushing), 
the carboplatin dose was scheduled for the following day.

In the morning on PAD 18, the patient had a decreased 
level of consciousness that was more profound than her 
previously perceived drowsiness. Head CT showed no 
mass or infarct, and abdomen/pelvis CT demonstrated 
a rapid increase in pelvic mass size, consistent with the 
finding for an abscess. Blood cultures were positive for 
Klebsiella pneumoniae and Citrobacter koseri, confirming 
sepsis. The patient subsequently developed a fever and 
febrile neutropenia. She was initially treated with Pip-Tazo. 
Infectious disease unit was consulted and determined that 
it was caused by a rare late complication of radiation: 

Abscess from a microperforation of the bowel due to 
adhesions, weakened bowel, and peristalsis. A  few days 
later, a drain was successfully placed by the interventional 
radiology unit, releasing more than 1 L of purulent fluid. Her 
cytology report showed negative results. She was discharged 
home on intravenous ertapenem for 4 weeks. To date, there 
has been no evidence of cancer (or abscess) recurrence.

3. Discussion
The current report demonstrates the challenges in unraveling 
a case of a post-radiation bowel microperforation and 
pelvic abscess in a patient with grade 2 stage 1B endometrial 
carcinoma treated with surgery and EBRT. Despite several 
unsuccessful biopsy attempts and unclear imaging findings, 
an ultimate diagnosis was made, i.e., a pelvic sidewall 

Table 1. Timeline of events

Admission day Events

One year before presentation • Diagnosis and treatment for grade 2 stage IB endometrioid adenocarcinoma of the endometrium
• Hysterectomy and adjuvant radiation

One day pre‑admission • Patient presented to community emergency department with complaints of left lower quadrant pain, groin pain, and 
left leg swelling

• DVT ruled out
• Patient discharged

• Outpatient CT demonstrated pelvic sidewall mass

PAD 0 • Patient presented to tertiary care center
• Patient admitted for further work up and presumed cancer recurrence

PAD 1–4 • Claudication and ischemia ruled out at vascular surgery unit
• Interventional radiology unit consulted for biopsy but with inconclusive initial biopsy pathology
• Acute Pain Management Service and Palliative Care consulted to assist with pain management

PAD 5 • WBC peaks
• Infectious work‑up showing negative results

• General internal medicine unit consulted, providing no indications of antibiotics

PAD 6 • MRI attempted but patient unable to lie flat due to pain

PAD 7–9 • Ongoing interdisciplinary discussion with tumor conference members 

PAD 10 • Second biopsy attempt by interventional radiology unit but unable to perform

PAD 11 • Repeat CT showing mass expanding; an involvement of infection cannot be ruled out but a potential malignant 
recurrence was speculated, according to findings 

PAD 15 • Case again reviewed at tumor conference, in which radiation oncology unit determined that additional radiation was 
no longer feasible due to previous doses received, and a decision to proceed with chemotherapy was made

PAD 17 • Patient given paclitaxel, which resulted in allergic‑type reaction
• Carboplatin was scheduled for administration on PAD 18 

PAD 18 • Significant decrease in level of consciousness
• Head CT was normal

• Abdomen/pelvis CT showed rapid increase in pelvic mass size, consistent with abscess
• Blood cultures result was positive 

PAD 18–discharge • Patient developed febrile neutropenia and initially treated with Pip‑Tazo
• Interventional radiology unit successfully placed a drain

• � Infectious disease unit re‑consulted, giving a diagnosis of rare, late complication of radiation (microperforation of 
bowel due to adhesions)

• Patient discharged home on a 4‑week course of ertapenem

Abbreviations: CT: Computed tomography; DVT: Deep vein thrombosis; MRI: Magnetic resonance imaging; PAD: Post‑admission day; WBC: White 
blood cell.
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abscess secondary to a bowel microperforation, which was 
successfully managed with drainage and antibiotics.

Several challenges limited our ability to make a timely 
diagnosis in this case. A delayed presentation of infection 
from the initial surgery and radiation therapy made infection 
a less likely probability. The initially stable size of the pelvic 
collection and absence of other infectious symptoms did not 
suggest abscess. Leukocytosis was a clue that an infectious 
process was at play but is also a non-specific marker that can 
be implicated in inflammatory processes including neoplastic 
disease. The difficulty in obtaining an adequate sample due 
to multiple factors including the patient’s body habitus and 
comorbid anxiety added to diagnostic delay. However, our 
persistence in determining a cause, our dedication to listen 

to the patient’s symptoms and take them seriously, and our 
agility to react to changing circumstances and reinvestigate 
new presentations was crucial to eventually determining the 
correct diagnosis. Ultimately, this patient received a dose of 
chemotherapy that was not indicated; however, we could 
no longer delay taking action. For a future presentation, 
we would consider starting empiric antibiotic therapy for a 
pelvic mass and leukocytosis.

4. Conclusion
This was a challenging case of a post-radiation bowel 
microperforation and pelvic abscess in a patient with 
grade  2 stage 1B endometrial carcinoma treated with 
surgery and EBRT. Diagnosis was challenging due to non-
specific symptoms and inability to obtain a biopsy specimen 
for culture and pathology due to comorbid obesity, 
anxiety, pain and respiratory disease. Patients with stage 
1 endometrial carcinoma who receive adjuvant EBRT are 
known to have increased complication rates with no impact 
on survival.13,14 Use of EBRT should be limited to special 
circumstances. Patients with pelvic mass not yet diagnosed 
and leukocytosis, especially those with prior radiation to 
the affected area, should be started on empiric antibiotics 
as first line therapy. Patients with endometrial cancer 
and comorbid obesity often experience diagnostic delay, 
weight stigma, and other barriers15 and require careful case 
consideration and continued advocacy, as was provided in 
this case. We are very grateful to this patient and her spouse, 
who was an excellent support for her during this time.
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Abstract
Carbon monoxide (CO) poisoning is characterized by non-specific and protean clinical 
manifestations, exhibiting a highly variable presentation. We present a case of an 
83-year-old female Alzheimer’s patient, a non-smoker, who was found unconscious in 
her wheelchair by her caregiver at home. The heating in the apartment was powered 
by liquefied petroleum gas. On admission to the emergency department, her vital 
signs were normal, but she was unconscious and slightly dyspneic. The examination 
revealed red-colored skin lesions in the submammary area, where the wheelchair 
safety belt was firmly fastened. The rest of the physical examination results were 
unremarkable. The carboxyhemoglobin level was 23%, and there was an increase 
in creatine phosphokinase and troponin I levels. On the 2nd  day of hospitalization 
in the emergency ward, the electrocardiogram revealed negative T waves in the 
V1–V6 leads, while the bedside echocardiogram revealed apical ballooning of 
the left ventricle. The myocardial perfusion examination yielded a negative result 
for myocardial ischemia. In the management of patients with CO poisoning, it is 
important for emergency physicians to assess the presence of multiple organ and 
tissue disorders. Consequently, the patient was diagnosed with CO poisoning with 
skin, skeletal, and cardiac muscle involvement.

Keywords: Carbon monoxide poisoning; Rhabdomyolysis; Takotsubo syndrome

1. Background
Carbon monoxide (CO) is an odorless, colorless, and tasteless gas produced by the incomplete 
combustion of organic substances. More than 20,000 emergency department visits/year are 
related to CO poisoning; the worldwide cumulative incidence and mortality are currently 
estimated at 137 cases and 4.6 deaths per million, respectively. Carbon monoxide binds to 
hemoglobin (forming carboxyhemoglobin [COHb]) with an affinity nearly 200-fold higher 
than oxygen (O2). As a result, hemoglobin becomes less efficient at delivering O2 to the cells, 
ultimately causing intracellular hypoxia. Elevated COHb blood levels (over 5% in non-smokers 
and 10% in smokers) suggest external exposure to CO.1,2 The brain and the myocardium are 
constantly involved in CO poisoning due to their high levels of O2 consumption. The clinical 
symptoms of CO poisoning are non-specific and can lead to diagnostic uncertainty. The most 
frequently reported acute symptoms of CO poisoning are headache, dizziness, weakness, 
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nausea, difficulty in concentration, confusion, shortness 
of breath, visual changes, chest pain, loss of consciousness, 
abdominal pain, and muscle cramping. Severe CO poisoning 
can cause skin lesions (cherry-red erythema, vesicles, bullae, 
and cutaneous necrosis); these lesions are often misdiagnosed 
as burns.3 Takotsubo cardiomyopathy is a form of non-ischemic 
cardiomyopathy, characterized by transient regional systolic 
dysfunction of the left ventricle mimicking acute myocardial 
infarction but with only minimal release of cardiac enzymes. 
The term “Takotsubo” means octopus trap in Japanese, as the 
shape resembles the systolic apical ballooning appearance of 
the left ventricle.4

2. Case presentation
An 83-year-old female patient, diagnosed with Alzheimer’s 
dementia and Type 2 diabetes mellitus, was transported to 
the emergency department by ambulance due to impaired 
consciousness. Her caregiver reportedly discovered the 
patient unconscious, sitting in the wheelchair with vomit on 
her clothes, in the morning. The heating in the apartment 
was powered by liquefied petroleum gas. On admission 
to the emergency department, the reported vital signs of 
the patient were as follows: blood pressure, 110/67 mmHg; 
body temperature, 36°C; heart rate, 90 beats/min; and 
respiratory rate, 22 breaths/min. Physical examination 
revealed mild dyspnea, warm and dry skin with a cherry-
red lesion in the submammary area, rhythmic heart 
action, a normal vesicular murmur over the entire lung 
area, and a Glasgow Coma Scale score of 8 (E2-V2-M4). 
The electrocardiogram (ECG) revealed sinus rhythm at 90 
bpm, with normal ST segment and T waves. Additionally, 
the arterial blood gas analysis in ambient air was as follows: 
pH 7.32; pCO2: 31 mmHg; pO2: 60 mmHg; HCO3: 16 mmol/L; 
COHb: 23.8%; and lactate: 10.5 mmol/L. Laboratory test 
results were as follows: creatinine: 1.12  mg/dL; creatine 
phosphokinase (CPK): 2352 U/L; myoglobin: 1141 ng/mL; 
and troponin I: 3276 ng/L. A head computed tomography 
revealed age-compatible brain atrophy. Following the 
diagnosis of CO poisoning, the patient was admitted to the 
emergency medicine ward. Subsequently, the patient was 
administered O2 via continuous positive airway pressure 
(CPAP), with a FiO2 of 50% and a positive pressure of 7.5 cm 
H2O. Large volumes of crystalloids were administered to 
prevent renal damage due to rhabdomyolysis, and low-
molecular-weight heparin (LMWH) was administered for 
antithrombotic prophylaxis. Hyperbaric O2 therapy was 
deemed unnecessary by the poison control center. The 
CPAP rapidly reduced COHb levels (1.6% after 4  h and 
0.3% after 5 h). On the following day, we found changes 
in the ECG, specifically the appearance of negative T 
waves in the precordial leads (V1–V6) (Figure  1A). The 
bedside echocardiogram showed akinesia and dilatation 

of the mid-apical segments of the left ventricle with a 
slightly reduced global systolic function (EF 50%); these 
findings were compatible with the diagnosis of Takotsubo 
cardiomyopathy (Figure 1B). After the initial stabilization, 
the patient was transferred to the geriatric department, and 
a week later, troponin I, CPK, lactate, and cardiac kinetics 
normalized (Figure 1C). The submammary cherry-red skin 
lesion partially healed (Figure 1D), and a skin biopsy was 
not performed due to a lack of consent. The myocardial 
perfusion imaging test (SPECT) result (Figure  1E) was 
negative for myocardial ischemia.

3. Discussion
Takotsubo cardiomyopathy is a syndrome characterized by 
transient left ventricular dysfunction (hypokinesia, akinesia, 
or dyskinesia), usually presenting as apical ballooning or 
midventricular, basal, or focal wall motion abnormalities 
that extend beyond a single epicardial vessel territory. New 
ECG abnormalities (ST-segment elevation or depression, 
T-wave inversion, and rate-related [or corrected] QT 
interval [QTc] prolongation) and mild increases in 
troponin levels are common. Takotsubo usually affects 
postmenopausal women with ischemic-like chest pain and 
is strongly correlated with physical and emotional stress. 
Although most patients present with a complete recovery, 
mortality is higher than previously thought.5 According 
to a 2016 study by Sung et al., 30% of patients affected by 
CO intoxication report myocardial damage; 25.6% of these 
patients had normal echocardiography; 51.2% presented 
with global changes in left ventricular kinetics; and 23.2% 
had Takotsubo-like cardiomyopathy.6 The abnormalities of 
Takotsubo CO-related cardiomyopathy are thought to be 
caused by an increase in catecholamines and consequent 
myocardial stunning.7 This condition is usually transient 
and is managed with supportive care, but some patients 
require intensive care due to acute complications such as 
cardiogenic shock or acute heart failure; in patients with 
severe left ventricular systolic dysfunction, the risk of left 
ventricular thrombosis and systemic embolization should be 
considered. Rhabdomyolysis is characterized by an elevation 
in CPK due to the damage to striated muscle fibers and the 
consequent release of intracellular muscular constituents 
into the blood circulation. This complication is reported 
in approximately 30% of patients with CO intoxication;8 
among non-traumatic causes of rhabdomyolysis, CO 
intoxication represents 3.2% of the total number of cases.9 
In CO poisoning, muscle compression, caused by the 
patient’s own weight, increases the pressure within the 
muscle compartment, causing edema and ischemia. If this 
condition persists, COHb production increases and the 
O2 supply further decreases, leading to necrosis of muscle 
fibers and rhabdomyolysis.10 Numerous CO-related skin 
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Figure 1. Clinical manifestations and diagnostic findings in the patient. (A) Electrocardiogram evolution displaying T waves inversion in precordial leads; 
(B) apical ballooning of left ventricle at echocardiography; (C) normal kinetics of the left ventricle on echocardiography; (D) typical well-defined red skin 
lesions at the sites where the comatose patient had lain; and (E) myocardial perfusion imaging test.
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injury types have been reported in the literature, such as 
erythema, vesicles, edema, abscesses, and ulcers, which are 
found in approximately 30% of patients and develop mainly 
in skin areas subjected to pressure. The most common skin 
lesion is cherry-red erythema, which is often erroneously 
diagnosed as a burn. This type of injury is thought to 
be caused by pressure skin necrosis and CO-mediated 
inhibition of tissue oxidative enzymes.11

4. Conclusion
CO poisoning is a prevalent issue, with a multitude of annual 
emergency department admissions. A  limited number of 
these patients may have cardiac injury as well as striated 
muscle (rhabdomyolysis) and skin (cherry red erythema) 
involvement. It is essential for emergency physicians to 
diagnose these complications in time, especially cardiac 
complications, to prevent permanent myocardial damage. 
Given the increasing utility of point-of-care ultrasound by 
emergency physicians, the detection of this disease will be 
more feasible if they are aware of this important correlation 
between CO poisoning and multiorgan damage. One must 
further bear in mind that Takotsubo syndrome could 
share multiple etiologies, such as CO poisoning as well 
as coronary microvascular dysfunction, coronary artery 
spasm, catecholamine-induced myocardial stunning, 
reperfusion injury following acute coronary syndrome, 
myocardial microinfarction, and abnormalities in cardiac 
fatty acid metabolism.12
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Abstract
Despite the rarity, leishmaniasis may occur in tandem with malignancy. This 
co-occurrence contributes to a postulation that anergy to parasite antigens 
may predispose an infected patient to the development of diffuse cutaneous 
leishmaniasis and also increase the risk of developing squamous cell carcinoma 
due to decreased host immune response. We, herein, present a 63-year-old man 
suffering diffuse cutaneous leishmaniasis that was poorly responsive to treatment. 
Furthermore, the patient had several nodule-like, infiltrative, and coalescent lesions 
on his right face. The Montenegro skin test revealed signs of anergy and the biopsy 
test revealed squamous cell carcinoma (SCC) coexisting with Leishmania sp. bodies. 
The patient was given a treatment with amphotericin B and later with radiation 
therapy, but the tumors showed a poor response to the treatment, and the patient 
was lost on follow-up. Our observations of the current case highlight the role of a 
weakening host immune response as a result of diffuse cutaneous leishmaniasis 
in the development of SCC. Such postulation points to and corroborates the 
involvement of anergy, a condition probably caused by parasite-induced 
suppression of the immune response, linking leishmaniasis, and skin malignancy 
development.

Keywords: Leishmaniasis; Squamous cell carcinoma; Anergy; Immunosuppression

1. Background
Leishmaniasis is caused by obligate intracellular parasites of the Leishmania genus.1 
There are more than 20 species of Leishmania, mainly found in animals, which can be 
transmitted to humans by sandflies (Phlebotomus spp. or Lutzomyia spp.).2 Inoculation 
is deployed to control the replication of the parasite in the majority of cases, who would 
still harbor strands of the parasite despite the lack of relevant symptoms.3 Reactivation 
of the parasite and re-infection can occur during immunosuppression or in the absence 
of overt immunosuppression, in conditions such as T-cell deficiency and delayed-type 
hypersensitivity reactions with parasite anergy.4,5
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Despite the inconclusive evidence, numerous studies 
have linked Leishmania sp. to cancer.6-8 Pathologically, 
the manifestations of leishmaniasis resemble those of 
cancer, and their appearance may precede those of cancer. 
A number of studies have reported the association between 
Leishmania sp. and the development of malignant lesions 
such as basal cell carcinoma, squamous cell carcinoma 
(SCC), leukemia and lymphoma, and hemangiosarcoma.6 
Cutaneous SCC is the most common skin cancer among 
blacks and the second most common among Whites, 
Asians, and Hispanics. The mortality rate due to cutaneous 
SCC ranges from 1.5% to 3.4%, with nodal metastases 
occurring in 1.9% to 5.2% of cases,7 but early diagnosis can 
improve the prognosis. The risk of developing cutaneous 
SCC, the number of lesions, and the aggressiveness of 
each lesion can be augmented by congenital, acquired, and 
iatrogenic immunosuppression. Chronic inflammation 
and infectious agents are other risk factors for developing 
cutaneous SCC.7

Here, we report the case of a patient with diffuse 
cutaneous leishmaniasis who developed cutaneous SCC in 
the active lesions of leishmaniasis.

2. Case presentation
In the present case, we report a 63-year-old farmer 
from Comalcalco, Tabasco, Mexico, suffering from 
diffuse cutaneous leishmaniasis, which was diagnosed 
10  years ago. The parasitic disease had been treated 
intermittently with 20  mg/kg intramuscular meglumine 
antimonate (Glucantime) for 20 days, but the patient had 
a record of poor compliance in adhering to the prescribed 
medications. No relevant comorbidity was reported in his 
medical history, and his HIV ELISA result was negative.

After being untreated for 6 months, several new lesions 
appeared on the right side of the patient’s face, besides those 
that first appeared 4  months before the new additions. 
The dermatosis consisted of multiple nodular lesions 
measuring 5 – 12 mm with deep infiltrates and deep, non-
tender plaques (Figure  1). There were also ulcers with 
irregular margins oozing serous exudate, which reportedly 
appeared 1 month before seeking medical consultation at 
our clinic. Bleeding was observed in two of these lesions 
but was generally left unattended. No actinic keratosis was 
detected, and cervical examination did not reveal signs of 
lymphadenopathy.

Several non-ulcerated and non-infiltrated nodules on 
the trunk and extremities measuring approximately 0.5 cm 
in diameter were observed. These lesions were painless 
and flesh-colored. Some nodules had hemorrhagic crusts 
on the surface, fine scaling, and hyper- and hypo-chromic 
macular scarring.

The Montenegro skin test showed non-reactive outcome 
after 72 h, indicating positive anergy. Hematoxylin and eosin 
staining showed severe chronic histiocytic inflammation 
with multiple amastigotes in the tissue specimens (Figure 2). 
DNA amplification testing assays were not performed. 
A biopsy procured from an ulcerated lesion unveiled SCC 
with mild coexistence of Leishmania sp. bodies (Figure 3).

An axial computed tomography scan was performed, 
uncovering imaging manifestations suggestive of cervical 
lymph node metastasis (Figure  4), a diagnosis that was 
later confirmed by histopathological examination. The 
patient was treated with 3 mg/kg/day amphotericin B for 
10 days and prescribed radiotherapy. However, the tumor 
exhibited poor response to radiotherapy, and the patient 
did not return to the hospital for follow-up medical 
consultations and interventions.

3. Discussion
SCC is the second most common malignancy that originates 
from the skin.7 Despite its multifactorial etiology, chronic 
sun exposure, pre-existing lesions (actinic keratosis, 
unhealed wounds, or scar known as Marjolin ulcer), and 
chronic infections (mainly viral diseases) are some of the 
prominent the risk factors of SCC.7 The occurrence of 
skin cancer in the previous leishmaniasis lesions is a rare 
but an already reported phenomenon in the literature.8 
Older men with a long history of ultraviolet exposure are 
particularly vulnerable to the development of skin cancer 
on the prior lesion sites of leishmaniasis. Most of these 
tumors arise from previous leishmaniasis scars, although 
there are reports of an association between active infection 
and skin cancer.8-12 However, to the best of our knowledge 
and experience, such an association is rare.

Figure 1. Multiple nodular lesions, each measuring 5 – 12 mm in size, 
that were deeply infiltrated and fused to the skin with purulent exudate-
oozing ulcers of irregular margins.
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The mechanism responsible for the development of 
cutaneous neoplasms in patients with leishmaniasis has 
not yet been fully elucidated.12 The association between 
these two diseases is not coincidental given the number 
of published cases. Chronic inflammation that occurs 
during active infection or during the healing process offers 
a plausible link between skin pathology and parasitic 
disease.13 In the present case, persistent anergy stands as 
a potential factor influencing the development of skin 
cancer in active leishmaniasis lesions which had been 
affecting the patient for more than 10 years. Corroborating 
such a postulation is the increased risk of developing 
cancer that has been reported in immunosuppressed as 
well as in immunocompetent patients.8,13-15 The previous 

studies have also demonstrated that patients with diffuse 
cutaneous leishmaniasis showed reduced or no immune 
response to Leishmania sp. antigens and no effective 
cellular immune response with lymphoplasmacytic 
infiltrates, which collectively indicate a sign of parasite-
mediated immunosuppression.9,12

Potential association patterns between leishmaniasis 
and malignancies have been reported, including 
(1) leishmaniasis mimicking malignancies, (2) leishmaniasis 
coexisting with malignancies, (3) malignancies occurring 
in patients with leishmaniasis, and (4) leishmaniasis 
occurring in patients with cancer.12 Our case fits into the 
description of category (3).

Failure to mount a protective cell-mediated immune 
response and induction of a regulatory response by the 
parasite are currently the two most plausible mechanisms 
underlying the development of diffuse cutaneous 
leishmaniasis.9,16 In this case, the role of the host immune 
response in disease development is implicated in the 
development of massive SCCs during active infection.

Although the virulence factors involved are not well 
characterized, Leishmania sp. is capable of suppressing 
the cellular immune response, leading to anergy.16 The 
exact defective state that results in anergy to the parasite 
is not clear, but may be attributed to the release of 
immunosuppressive cytokines; increased macrophage 
expression of transforming growth factor beta occurs 
when exposed to Leishmania sp. antigens.16 This permissive 
environment shaped by the anergy may also be involved 
in the development and progression of SCC. Additional 
virulence factors include the expression of arginase I and 
enzymes involved in the synthesis of prostaglandins and 
polyamines.17

Figure 2. Malignant epithelial cells with abnormal mitoses characteristic 
of squamous cell carcinoma, alternating with histiocytes parasitized by 
Leishmania and abundant extracellular microorganisms (H&E, ×40). 
Scale bar: 100 mm.

Figure  3. Histological section of the skin nodules showing numerous 
Leishmania amastigotes (arrow) infiltrating into the cytoplasm of 
histiocytes (H&E, ×100). Scale bar: 50 mm.

Figure 4. Axial computed tomography image suggesting cervical lymph 
node metastases, which were histopathologically confirmed.
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Chronic inflammation may be a predisposing factor for 
the development of human neoplastic process. In addition, 
risk factors for leishmaniasis (immunosuppression), such 
as parasite-specific anergy, may promote the development 
of skin cancer.9,16 Although there is no known time 
interval between resolution of infection and malignant 
transformation,8 both may be present simultaneously, even 
during active infection.

4. Conclusion
In many cases of leishmaniasis that have been satisfactorily 
cured, cancers may develop in the prior old, healed 
lesions, but can also occur in active leishmaniasis 
lesions in immunocompetent patients as well as in 
immunocompromised cases. The current case underlines 
the role of a weakening host immune response as a result of 
diffuse cutaneous leishmaniasis in the development of SCC. 
Such postulation points to and corroborates the involvement 
of anergy, a condition probably caused by parasite-induced 
suppression of the immune response, in the co-occurrence 
of leishmaniasis and skin malignancy development. The 
role of the host immune response in the development of 
the disease is highlighted by the development of SCC. 
Anergy, probably related to a parasite-induced suppression 
of the immune response, may be a common factor 
linking leishmaniasis and malignancy. Therefore, it is of 
utmost clinical significance to consider malignancy in the 
differential diagnosis of rapidly growing or difficult-to-treat 
lesions for in patients with active leishmaniasis.
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