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REVIEW ARTICLE

The role of artificial intelligence in higher
medical education and the ethical challenges of
its implementation

Mark Perkins'-2*

'Collegium Prometricum, The Business School for Healthcare, Sopot, Poland

and Agnieszka Pregowska®™*

2Royal Society of Arts, London, United Kingdom

3Department of Information and Computational Science, Institute of Fundamental Technological
Research, Polish Academy of Sciences, Warsaw, Poland

Abstract

Artificial intelligence (Al) is penetrating higher medical education; however, its
adoption remains low. A PRISMA-S search of the Web of Science database from 2020
to 2024, utilizing the search terms “artificial intelligence,”“medicine,”“education,” and
“ethics,” reveals this trend. Four key areas of Al application in medical education are
examined for their potential benefits: Educational support (such as personalized
distance education), radiology (diagnostics), virtual reality (VR) (visualization
and simulations), and generative text engines (GenText), such as ChatGPT (from
the production of notes to syllabus design). However, significant ethical risks
accompany Al adoption, and specific concerns are linked to each of these four areas.
While Al is recognized as an important support tool in medical education, its slow
integration hampers learning and diminishes student motivation, as evidenced by
the challenges in implementing VR. In radiology, data-intensive training is hindered
by poor connectivity, particularly affecting learners in developing countries. Ethical
risks, such as bias in datasets (whether intentional or unintentional), need to be
highlighted within educational programs. Students must be informed of the possible
motivation behind the introduction of social and political bias in datasets, as well
as the profit motive. Finally, the ethical risks accompanying the use of GenText are
discussed, ranging from student reliance on instant text generation for assignments,
which can hinder the development of critical thinking skills, to the potential danger
of relying on Al-generated learning and treatment plans without sufficient human
moderation.

Keywords: Artificial intelligence; Metaverse; Medical education; Education system; Ethics

1. Introduction

Medical practice, which heavily relies on advancements in medical education, is one
of the fastest-moving fields, frequently testing technological innovations through
pilot trials and proof-of-concept studies.! Artificial intelligence (AI) now stands at
the forefront of these innovations, offering many benefits, such as effective tools for
analyzing and processing large datasets quickly — tasks that would be impossible for
humans to accomplish.
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One important area in healthcare involves electronic
health records, which can serve as input data for Al and be
processed quickly. However, such datasets not only contain
sensitive content but also constitute ethical risks, especially
when data collection is subject to various forms of bias?
and is exposed to a large number of hostile attacks.* More
concerning is that most medical researchers treat Al as
a black box, leaving its ethical risks concealed.* A strong
argument can be made that the successful application of Al
in medical practice will depend on addressing legitimate
concerns about misunderstandings of its principles and data
risks, in accordance with evolving bioethical principles.® In
a field such as medicine, which is critically related to issues
of life and health,® it is particularly important to explain
and address the impact of Al on its essence and principles
in medical educational programs, both in terms of how it
works and its underlying ethical assumptions. For medical
practitioners to use Al-based solutions effectively in their
work, they must first learn how to use them correctly
during their training.

Moreover, Al-based solutions may be more vulnerable
to attacks compared to other approaches, such as statistical
methods.” It is also worth stressing that, especially in the
field of medicine, deep neural networks with many layers
(such as highly complex architectures) are commonly
applied. This may contribute to AI models being more
susceptible to overfitting, where the neural network
memorizes the training data rather than generalizing from
it. In this context, statistical methods are composed of
simpler models with fewer parameters, which may lead to
easier interpretation of the model.?

A significant limitation of Al is its dependence on data.’
In particular, the essence of AI, comprising algorithms
for learning complex patterns and making accurate
predictions, has a core sensitivity feature: the quality and
representativeness of the training data. Inaccuracies in the
training data significantly affect the efficiency and accuracy
of the results obtained, potentially skewing outcomes and
leading to ethical consequences that oppose the institution’s
goal. Indeed, it can be said that the quality and output of
AT algorithms are directly dependent on the medical data
used to develop, test, and validate them. Therefore, a key
issue in using Al in medicine is the reliability of biomedical
data obtained from patients, which must be compiled and
categorized in an ethical manner. Unlike Al-based models,
statistical methods can work with smaller datasets, and the
optimal selection of data may help minimize data errors
more efficiently. The heavy data dependence on Al-based
solutions also makes them vulnerable to developing
learning patterns based on biased and faulty training data.
If the input data is not representative of the real-world

population or reflects historical biases and inequalities,
Al can learn and perpetuate these biases. For example,
a language model trained on text from certain online
communities may accidentally learn and replicate the
biases expressed in that community. A lack of diversity in
the ethical standpoint of Al researchers may also contribute
to bias issues. Moreover, the algorithms themselves may
introduce or amplify algorithmic errors due to their
inherent operational principles.

Another challenge related to data is security. Compared
to traditional statistical methods, Al-based algorithms are
more susceptible to adversarial attacks that exploit security
vulnerabilities, such as sensitivity to even low noise in the
input data.'® Traditional methods are more deterministic,
making them more resistant to such attacks.

In this paper, we analyze the technical and ethical
risks associated with certain Al applications in medical
education, exploring the potential benefits and risks of
these technologies in practice, the awareness of students
and practitioners regarding these issues, and the latest
scientific research in this area.

2. An overview of current research activity
in Al, medical education, and ethics

In this paper, we conducted a systematic review of
research on AI, medical education, and ethics based on
the PRISMA academic review process and its extensions,
including PRISMA-S." Resources written in English from
the Web of Science (WoS) database were considered,
excluding PhD theses and any material not related to AI or
education. Our searches for the terms “AI,” “education,” and
“medicine” yielded 488 resources, of which 34 addressed
ethical issues. Figure 1 presents the participation rate in
% of individual areas of the world in research relating to
Al in medical education (Figure 1A) and Al in medical
education, taking into account ethical issues (Figure 1B).
These results highlight both the very low participation of
low-income countries in research and a lack of focus on
ethics. However, the study also included searches involving
the search terms “artificial intelligence,” “medicine;” and
“ethics” (Al+med+ethics), which yielded 328 results, giving
a higher result when education as a whole is considered.
The sources included were selected to answer the research
question, “What multi-criteria impact will AI have on
higher education in the field of medicine?” First, duplicate
records in the database were excluded. In the second step,
records whose titles and abstracts were not related to the
subject of the analysis were excluded. Then, records that
were not accessible were disabled. In the final stage of the
search, records without information concerning the topic
of consideration were excluded from the analysis. Finally,
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Figure 1. Geographical distribution of papers related to artificial intelligence (AI) in medical (med) education (ed) on the Web of Science. (A) Papers

including the terms Al+med. (B) Papers including the terms Al+med.

94 documents were taken into account. This investigation
has two limitations. First, the study only takes into account
the WoS database, which is the most restricted of its type
(although this ensures the integrity of the dataset), and
second, only publications written in English were included
in the systematic review, which may cause a potential
language bias.

The results of 328/488 resources may seem low. This
view is supported by Lee et al.,'”> who noted that Al is a
relatively new concept in medical education. More recently,
as a result of an exhaustive search in four databases
(PubMed, Embase, Scopus, and WoS) during the period
2020-2024, Weidener and Fischer" affirmed that there is
“a scarcity of literature on teaching Al ethics in medical
education, with most of the available literature being
recent and theoretical” (ibid., p. 399). The study shows
that the major studies (about 90%) in the field of Al ethics
were published in the years 2020-2024, which coincides
with the dynamic development of Al This is largely due
to the fact that currently solutions based on AI can be
implemented in practice, and there is a need to consider
all risks, both ethical and practical (technical). Since we
analyze the status of development and implementation
of the general guidance on the ethics of Al in the field of
medical education (with special emphasis on practical
implications), in this study, we concentrate on the time
frame in which the most dynamic development of the field
of AT ethics occurs. In addition, the analysis highlighted a
research gap in low-income countries. One of the reasons
may be the lack of access to the latest technologies, which
often involves significant costs. The lack of research in
this area also translates into a potentially low level of
implementation of Al in practice. Indeed, it is evident that
the results of Al+med+ed are a small proportion of those for
Al+med, and that the results for Al+med+ed+ethics are an
even smaller proportion of Al+med (Figures 2A and 2B).

Overall, there is an underrepresentation of research in the
developing world, despite the recognized importance of
Al+med+ed+ethics.

A similar situation was found when a search for the
terms Al+med+radiology and AI+med+XR was conducted
(Figure 3A and B).

Almost half of the occurrences of Al+med+radiology
were found in North America (49%), compared to only
7% in Europe. On the other hand, almost the opposite was
found regarding AI+med+XR: North America (47%) and
Europe (19%). This suggests that research and awareness
of Al and radiology are more advanced in North America
than in Europe and that the opposite is true concerning
AT and XR. Asian results were similar in both cases (25%
and 21%), but as a large developing territory, Africa was
substantially underrepresented (2% and 3%).

3. Al in medical education-some practical
applications

Al is increasingly seen as a significant resource for medical
education that will permeate all areas and become integral.
Al is being applied in several different types of medical
fields, including technical support and distance learning,
data analysis and interpretation, 3D modeling and remote
virtual surgery, and text production by Al-powered text
generation engines (GenText) such as ChatGPT (Chat
Generative Pre-trained Transformer). A study by Civaner
et al."* showed that 80% of medical students perceive Al
as a technology supporting both the process of education
and health care, although the study also revealed concerns
among the medical community about AI undermining
their skills and negatively impacting the patient-doctor
relationship (50% and 40% of respondents, respectively).
These concerns are not shared by biomedical physicians,
more than 80% of whom see Al as a support tool, not a risk
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Figure 3. Geographical distribution of papers related to artificial intelligence (AI) in medical (med) education (ed) and XR based on the Web of Science.
(A) Distribution of papers on Al+med in radiology. (B) Distribution of papers on Al+med in Extended Reality (i.e., virtual reality, augmented reality,

mixed reality, and metaverse).

tool. Similarly, Andersson et al.’> and Mosh et al.'* concluded
that AI helps reduce physicians’ workload. In addition,
during the COVID-19 pandemic, distance learning
developed significantly and came to cover the whole world,
not just people living in remote and inaccessible areas.
This was made possible by the development of technology,
including Al-based solutions. Furthermore, the high
cost of practical offline classes, especially in the field of
medicine, and the consequently limited opportunities for
participation make remote learning solutions appear to be
an accessible and natural development of the educational
sector. Indeed, the potential of Al in distance education
has been demonstrated by Garlinska et al.,"” who pointed
out that Al-based algorithms can be applied to the
personalization of learning content, automated grading,
and virtual touring, including as they do features such as
speech-to-text and text-to-speech.

More specifically, Al has the potential to improve the
diagnostic process, which is crucial for education in this
field."* Radiologyisasignificantarea of medicine. In Julyand

August 2023, Gordon et al."” conducted a thorough search
of publications found in PubMed/MEDLINE, EMBASE,
and MedEdPublish, looking for keywords connected to the
use of Al in medical education. The largest preponderance
occurred in the field of radiology (11.2%), followed by
surgery (8.7%). Then, Pinto dos Santos et al.” conducted
an anonymous survey concerning the attitude of radiology
students to AI applications, whereby 83% of participants
believed Al-based algorithms could potentially detect
pathological changes in radiological images, while 56%
felt they were unable to correctly interpret these changes.
At the same time, 68% of respondents admitted they were
not aware of the technologies and risks associated with AI
implementation in radiology. This indicates a significant
gap among medical staff regarding Al technology, which
may hinder its effective use.

Visualization constitutes a major area where Al-based
solutions play a significant role in medical education. These
solutions enable the creation of realistic 3D visualizations
of organs, their abnormalities, and the entire human
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body. They can then be used to develop virtual reality
(VR) medical simulators in the metaverse and medical
holograms (mixed reality).”»* Thus, AI has an integral
role in the development of the virtual environment.
Similarly, surgical simulation provides physicians with
richer, more realistic tools for training and improving their
skills.** It enables the production of 3D interactive objects
from medical data such as magnetic resonance imaging,
computer tomography, and other techniques.”>? This helps
students understand medical content, as demonstrated
in a pilot study by Sariciliar et al.¥’ The use of solutions
based on AI and XR also allows the operating table to
be observed from an unlimited perspective and from
anywhere in the world without disrupting the course of
the operation (although this is naturally dependent on a
stable internet connection.”®? Furthermore, the attending
physician also has the opportunity to consult with another
physician in a different location without leaving the patient
and the operating table. Operations can also be recorded
and played back from different observation perspectives,
which also has a significant educational dimension. An
interesting Al-based application field has also been pointed
out by Winker-Schwartz et al.,” namely the use of machine
learning to analyze texts to assess knowledge in the area
of surgery. Al can also help assess the level of knowledge
and skills of the user performing surgery in a virtual
environment.*" For this purpose, electroencephalography
recording was used as input data. It turned out that the
records differ depending on qualifications and experience,
and this can be used to develop a classifier of their skills
(markers of experience). However, a major contrast is to be
made between the application of Al in medical practice in
high and low-income countries, where the latter find the
requirement for expensive equipment and high-capacity
internet connectivity challenging.

In contrast to the visual side, text is a vast area where
AT has the potential for extensive use in many use cases.
A GenText engine such as ChatGTP based on large
language models (LLMs) is capable of quickly producing
large amounts of convincing natural language text of
many types and purposes, from chatbots* to scientific
writing.*® Although its use as a production tool has led to
bans and restrictions in the higher education sector due
to fears that students will lose the capability of writing
original work or thinking for themselves, the sector is
now beginning to accept that there will be a place for
ChatGPT and it is better to educate users than to ban it
outright.* Apart from a tool to assist in the production
of text (ranging from reports, notes, and summaries to
discursive pieces), ChatGPT can be used to create learning
programs themselves. The potential of Al in distance
education has been demonstrated by Garlinska et al.,”

who pointed out that Al-based algorithms can be applied
to the personalization of learning content, automated
grading, and virtual touring, including as they do features
such as speech-to-text and text-to-speech. Then, GenText
can offer an Al-human interactive experience on top. For
example, Beilby et al.** evaluated the use of ChatGTP for
providing fertility information that could inform decision-
making. They found that while ChatGPT effectively sorted
through a large amount of information and generated
summaries, medical practitioners were still needed for
further explanations and counseling. Moreover, Funk and
coauthors demonstrated statistically significant differences
between ChatGPT versions.* Specifically, ChatGPT-4 was
found to be more consistent, providing 44.9% more correct
answers to medical questions than version 3.5.

While Al-based tools such as ChatGTP offer many
benefits, they are not without drawbacks.”” An undoubted
advantage is the fact that ChatGPT is a tool that provides
the user with output at any time; the only requirement is
to have an account and good internet access. Moreover,
through the way the user asks questions and based on the
context of the conversation, ChatGTP adapts the content
to its interlocutor.*®

There is also an option to include in the question the
level at which the user would like to get an answer. This
works well even when working on the basic free level
rather than the paid (Doctor GPT). However, the biggest
limitation is the strict dependence on the nature of the
input data applied. In the case of ChatGTP, it is also worth
noting the fact that databases have not been updated since
January 2022, which is an important issue considering
the rapid development of medicine. Furthermore, this
operation results from the very principles of its internal
structure, its ability to create answers based on patterns
within data sequences. In addition, it may provide
incomplete information,* which may cause ChatGPT to
create literature sources that do not exist in reality. Another
significant disadvantage of LLMs is the lack of consideration
for the context of medical concepts or the nuances of
patient care. In addition, there is an ethical issue related to
the security of patient data. A further limitation is the fact
that ChatGPT operates in English, but data added in other
languages could be converted into English by automated
translation. In the future, this can improve communication
with both patients and students who do not speak English
fluently. Furthermore, a limitation is the fact that ChatGPT
does not have a built-in data reliability assessment module.
It is also possible to overtrain LLMs. It is worth noting
that ChatGPT is a content aggregator and analyzer based
on a language model, not a source of knowledge in itself.
It should rather be treated as a supporting tool or kind of
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guide whose answers should be examined critically. On the
other hand, combining ChatGPT with another tool, such as
virtual simulators, can be extremely beneficial for medical
students.” However, it is during this time that ChatGPT
should be thoroughly tested against possible errors that
can be made in medical education processes. It is also
worth emphasizing that the long-term impact of Al tools,
including ChatGPT, on learning outcomes, especially in
the field of medicine, should be examined.*

On the other hand, an interesting study* analyzed
medical students’ readiness for Al-based solutions.
The findings revealed that students who believed Al
technologies would contribute to their profession and
reduce workload outnumbered those who held a different
view. In addition, a study* proposed a Persian version of
the Medical AI Readiness Scale to evaluate the readiness of
medical students to work with Al, including factors, such
as cognition, ability, vision, and ethics.

4, Ethical risks in the implementation of Al
in medical education

Each of the four examples of ATs significant role in
medicine and medical education offers great hope for
rapid improvements in medical practice. However,
these advancements come with ethical risks that, if not
addressed, could result in a curse of malpractice and bad
outcomes for educationalists and their students as well as
for practitioners. There has been a discussion regarding
AT and ethics for many years, as illustrated by Dennett’s
vision of a novel-writing machine and the dilemmas it
raises about the notion of self.** Yet, it is only recently that
a focus on ethical risks, Al, and medical education has
appeared, no doubt in tandem with the rapid development
of technology. Indeed, on the general level, as noted above,
Weidener and Fischer> demonstrated that there is a lack of
discussion concerning AI and medical education overall,
even though, as Civaner et al.'* pointed out, there is a
recognition amongst many medical students that AI needs
to play a role in medical education. This shows that there
is a student (or consumer) demand for Al in educational
curricula and a need for educators to fill that gap. There is
thus a clear requirement for Al to be integrated into medical
education programs, but reasons can be advanced for the
slow pace of adoption. For example, such programs are
extensive and well-established, and there may be resistance
from course designers and managers, educators, and other
stakeholders.”” On the other hand, the integration of Al
into medical education is likely inevitable, paving the way
for serious disruption and commercial opportunities.
Indeed, it is necessary since a lack of integration will
constitute a further type of broad ethical risk: if students

are not equipped with Al knowledge, they will be less
able to cope with the various and detailed types of ethical
risk as practitioners. However, advances are being made
even while calls for a faster pace of change are being
made.*** An outline model for the application of Al in
medical education is provided by Zarei et al.,** along with
an assessment of challenges such as the current lack of
infrastructure. Krive et al.* designed and tested a model
comprising a modular 4-week AI course, which proved to
be successful.

Asaspecificarea, radiology, for example, dependsheavily
on data.’*>* It is immediately apparent that the successful
manipulation of information-intensive radiological data
using Al requires significant computational resources.
This raises concerns about energy use, costs, and
environmental impact, where developing countries may
be at a disadvantage, thus increasing ethical risk for them.
Another extremely important issue concerns how the
accuracy of Al predictions using various types of metrics
is to be evaluated.”® This is connected with algorithmic
fairness:** If one method of evaluation produces a different
metric than another, the outcome could result in being
unfair to one or another cohort, an ethical issue. The most
popular algorithms in the field of medicine are the Dice
coeficient and accuracy.**> However, there is no accepted
standardization for the assessment of such algorithms in
medicine. Turning to the issue of data biases, the extensive
account provided by Ueda et al.*® broadly separated into
machine and human-originated, and the discussion of
biases identified by Pregowska and Perkins® (passim)
prompts the need for two underlying dimensions of bias
to be highlighted in addition. The first is intentional and
unintentional. The introduction of bias into a dataset (such
as the over-representation of one demographic cohort
at the expense of another or incorrect,”” and model and
interpretation bias®®) may be intentional on the part of the
human agent or unintentional (due to accident, neglect,
human error, or subconscious attitude). Once intentional
bias has been identified, the question of motivation arises
as a second underlying dimension. Bias can be introduced
into dataset selection, and datasets can be manipulated
due to social and political attitudes in some societies. The
profit motive may also raise issues of control, ownership,
deployment, and use of data, and even falsification.” The
increasing role of Al, along with its ability to create and
amplify biases or distort information - complicated by the
need for radiological data between institutions and across
borders® - highlights the importance of transparently
identifying agents within the system and their access to Al
tools. This transparency should be integrated into medical
education from the outset. In addition, convincing
practitioners of the significant benefits Al offers to
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radiology®® presents serious challenges to those engaged
in curriculum and syllabus design. Moreover, there is an
external dimension of malign intention represented by
cybersecurity threats. Medicine is under increasing attack,
and practically no field is more greatly exposed than
radiology.*® Cyber-attacks can range from malicious insider
activity to data theft, credential harvesting, and phishing.
They can occur at various points in the radiological
landscape, including medical devices, wireless systems,
data warehouses, and social networks, and the increasing
use of AI on both sides has created vulnerabilities.®
Moreover, there is also no clear overview of approved
Al-based medical devices. This leads to inconsistency
and increased ethical risk. However, the problem is
recognized, and investigations are currently underway by
the Food and Drug Administration in the USA,**% and the
Medicines and Healthcare Products Regulatory Agency,®
which is developing guidelines for such devices.® Here,
broadly understood, cybersecurity is an important issue.’
Al systems are vulnerable to adversarial attacks,” such as
the introduction of minor modifications to input data in
changing training labels that lead to invalid predictions.
Each such attack is a breach of sensitive patient information,
and any wrong decision in the medical field has potentially
disastrous consequences. This vulnerability extends not
only to patient data but also to student data. Tsai and
Lin® proposed a procedure to evaluate the resistance of
AT models based on medical images against these attacks.
There are various techniques to defend against adversarial
attacks, including data augmentation, adversarial training,
and robust optimization. However, establishing effective
protection protocols remains a challenge.

In the development of two further contrasting and
specific areas of Al there is evidence of Al being used in
education, VR, and GenText.” In the case of VR, although
some evidence of adoption has been found to be sparse, as
in the database search by Lie et al.”! covering November
and December 2021, a subsequent more extensive literature
search study in the period January 2017 to March 2022
demonstrated a rapid and increasing take-up perhaps in the
latter part of this period, although this is not stated in the
research.”? Moreover, students trained using VR produce
better results than those conventionally taught. Kim and
Kim” identified and examined 24 studies and a sub-group
of 18 on the use versus non-use of VR in medical education
and found that “there was a significant improvement
in the VR groups skill and satisfaction levels, and that
less immersive VR was more efficacious for knowledge
outcomes than fully immersive VR” (ibid., p. 13). Greater
student satisfaction in using Al is also confirmed by Leng,”
who found that in the case of learning anatomy, ChatGPT
has increased student engagement. Then, in a small-scale

study of 44 students aimed at validating VR-based medical
training, Pedram et al.”” not only found a user acceptance
level of 75% but also an outperformance by those using VR
of the control group that did not. These studies reinforce
the view that there is a greater ethical risk in a sluggish
implementation of AT in medical education than in a rapid
one. Slow implementation will result in inferior education.
In turn, this will lead to slower and possibly deficient
deployment of Al in the clinic, with consequently worse
patient outcomes. While the fast deployment of Al in
medical education will bring lower ethical risk, another
aspect of risk may be avoided, that of the vulnerability of
data. In a clinical setting, real patient data will be used.
In a VR scenario, simulated data are sufficient. Mergen
et al’®” have developed a project tool entitled “medical
tr.Al.ning,” an immersive VR learning platform based on
Al that generates simulated patient data, thus obviating
ethical concerns.

Regarding ChatGPT and other potential GenText
engines, there are many points of ethical risk in medical
education. Once more, the output quality depends on
the input datasets. Very often, data, especially medical
data, is burdened with various types of bias.** There is
also a further question of whether ChatGPT is biased as
a collection of algorithms or whether algorithmic bias
could be introduced unethically.”® If bias can occur at these
two levels, there is a further systemic ethical threat in the
vulnerability of GenText and other engines to jailbreak,
where an Al system acts outside the restrictions placed on
it by its designers.” Further alarming consequences may
arise when an AI that has broken free can create other Als
that may produce harmful output, such as producing a
set of instructions for synthesizing methamphetamine.®
However, it is at the day-to-day level that ChatGPT causes
a great deal of concern: at face value, ChatGPT can be
used to generate substantial amounts of convincing text.
Such text can be used for framework and content infill for
curricula and syllabi (by course managers and designers),
teaching material (by educators), and assignments (by
students). However, where there is a risk that the content
generated is at risk of being out of date (depending at
least on the latency of input protocols and difficulty in
ensuring the provision of the latest academic material
(due to secrecy concerns) and that ChatGPT is capable
of hallucinating with it comes to references,* the validity
of the output will be variable and at times questionable.
In addition, Méjovsky et al., 2023*? considered ChatGTP
as a tool for the generation of fake medical papers. The
whole process took an hour, and it turned out that the text
looked convincing. Although references and specific errors
raised doubts, these errors could only be detected by an
experienced reader, here a medical doctor. This creates a
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risk that a student using ChatGTP or a student generating,
for example, text for his or her work will not be able to
find irregularities that may be important. Chio et al.® put
forward the same argument, raising ChatGPT’s lack of
critical reflection in the case of nurse education. ChatGTP
does not act in such a way as to assess the credibility of
sources; when asked to provide literature, in many cases,
it creates references that do not exist. This all amounts
to a substantial ethical risk. Simply put, the output from
GenText cannot be completely relied upon and needs
human moderation. In a study conducted by Tsegay et al.**
on writing in an undergraduate medical degree course in
Darussalam, they found substantial inclusion of ChatGPT-
generated text and citations to non-existent references. As
a result, they propose that educators should be more aware
of Gen Text detection tools. Another ethical issue arising
here concerns the fact that ChatGPT can give answers
to students very quickly: The normal study processes
of critical thinking (assessing information, making
connections, and drawing conclusions) are thus bypassed.
Another ethical issue is the possibility of students writing
potentially fraudulent assignments. This indicates the need
for teaching how ChatGPT can be used appropriately in
the learning situation. Apart from discursive documents
and reports, there are many other types of text that can be
generated. These include personalized learning plans and
treatment plans. If these are relied on without scrutiny
or moderation, adverse results could occur, such as
misdiagnosis and bad treatment (of oneself and others).
This needs to be regulated on a high level and accounted
for in local ethical policies and educational practices,* and
calls are emerging for the development of new educational
governance of Al in higher medical education.®

The existing system of text types and uses provides
a benchmark against which to assess ChatGPT, but the
components of that benchmark are not 100% accurate,
acceptable, correct, or free from contestable interpretation.
Indeed, the production of error (however defined) and
the principle of falsifiability are a necessary condition for
the advancement of knowledge.®” In that case, if ChatGPT
is to be criticized as falling short, as it does, to what extent
can it serve as a useful tool? The immediate answer lies
in a case-by-case detailed evaluation and benchmarking
process where each instance is allocated a point on a scale
of usefulness and risk. Specific cases include that discussed
by Abdelhady and Davis,*® who reported that ChatGPT was
able to record operative notes extremely quickly and to a
high level of accuracy compared with manual procedures
and was deemed acceptable by surgeons and patients alike.
Furthermore, several research studies have been conducted
where ChatGPT was required to take a variety of medical
tests, such as the UK BMAT, TMUA, LNAT, and TSA

examinations, the United States Medical Licensing Exam
(USMLE), and certain university tests.” In all cases, ChatGPT
came out sufficiently well to be deemed able to set and mark
tests, although Giannos and Delardas® found that it had
a poor knowledge of science and mathematics. Indeed, in
many areas of medical education, this tool does not offer
specialized knowledge, as in the case of pediatric cardiology
education.” In a further study, Danesh et al. (2024) tested
both the free and the premium versions of ChatGTP
in terms of its ability to pass professional examinations
(excluding questions containing imaging data). ChatGTP
was able to answer 50% of the questions correctly in the
free version and 70% of the questions in the paid version.
Similar examination results were obtained in the fields of
orthopedics® and health professional exams.” Finally, Sevgi
et al.”® proposed an evaluation of ChatGTP in the field of
neurosurgery by asking it to create questions at the level of
a neurosurgery board exam. The question format was to be
multiple choices and the answers were also to be generated.
Next, it was asked to devise artificial neurosurgical cases
with examinations and treatment histories. The final stage
involved an evaluation of the tool’s ability to create articles
in this area. It turned out that the proposed cases did serve
to help neurosurgery students develop their knowledge.
However, it transpired that a correct assessment of the
solutions proposed by ChatGTP was only possible under
the supervision of a person with appropriate medical
knowledge, in this case, an experienced neurosurgeon.

5. Conclusion

The application of AI allows the efficient analysis of huge
amounts of data in a finite time. It can be considered a
powerful computational tool for solving complex problems
related to pattern recognition, classification, grouping,
behavior prediction, or, more generally, approximation of
functions and processes. Consequently, Al is becoming a
highly precise tool in medicine. It is worth stressing that
compared to statistical methods; it is more susceptible to
various types of threats in comparison, which is a result
of its complexity, data dependence, and susceptibility to
adversarial attacks. Although AI offers many benefits in
medical education, ethical concerns about its accessibility,
validity, use, and implementation raise many questions.
AT can be implemented in medical education in a variety
of beneficial and relatively uncontroversial ways. These
include the rapid analysis of large-scale simulated datasets
(thus obviating requirements of real-life patient data
regulation), pattern recognition and diagnostics (as in
radiology), general educational support in the design of
personalized learning programs (at least on a basic level),
models built in VR as teaching aids, and uses of GenText
such as rapid assembly of post-operative notes.
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On the other hand, barriers to implementation and use in
developing countries, such as limited internet connectivity,
have resulted in lower levels of discussion around global
fairness as an ethical issue. In addition, input data latency and
potential dataset and algorithmic bias raise genuine concerns
about the output validity, especially regarding GenText and
statistical analytical output. A particular concern in discursive
production is the ability of GenText to hallucinate (create non-
existent references) and create output text of a biased nature
(opinions and accounts ultimately derived from bias found in
input datasets and algorithmic structures) that could distort
the nature of medical education, leading to bad ethical and
practical outcomes in the future. Furthermore, the intensive
development of computer hardware, including quantum
computers, and the algorithms themselves, and in particular
their learning methods, which is the heart of Al is likely
to significantly shorten the time needed for more precise
analysis, which is crucial in the context of medical data.
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Abstract

Coronavirus disease 19 (COVID-19), caused by the severe acute respiratory syndrome-
coronavirus-2 virus, is commonly diagnosed through imaging techniques such as
computed tomography (CT) scans, which reveal characteristic lung lesions. In this
study, we propose a computer-aided diagnosis (CAD) system to assist in the early
detection of COVID-19 from CT lung slices, leveraging advanced machine-learning
algorithms for precise and efficient analysis. To achieve this, we developed a CAD
system that diagnoses COVID-19 from CT lung slices. An adaptive Wiener filter was
applied to remove noise from the CT images. The chest tissues were then segmented
using an optimal thresholding method to extract regions of interest, which represent
the COVID-19 lesions under investigation. The feature vectors were divided into
training and testing with an 80/20 ratio. A wrapper-based flower pollination
algorithm was employed alongside the k-nearest neighbor classifier to select the
optimal feature set. These selected features were subsequently used to train a
support vector machine (SVM) classifier. With feature selection, the SVM achieved
an accuracy of 91.30% on a real-time dataset, outperforming seven other machine
learning classifiers (radial basis function-SVM, k nearest neighbor, linear discriminant
analysis, random forest, naive Bayes, AdaBoost, extreme gradient boosting) and four
deep learning classifiers (convolutional neural network, recurrent neural network,
long short term memory, Bidirectional long short term memory). For the publicly
available COVID-19 CT dataset, an accuracy of 88.18% was achieved. In conclusion,
our COVID-19 CAD system improves diagnostic accuracy, with future work aimed at
enhancing efficiency and expanding to covariant detection and severity assessment.

Keywords: Support vector machine; Flower pollination algorithm; k-nearest neighbor;
Coronavirus disease 19; Coronavirus disease 19 computed tomography dataset
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1. Introduction

The lungs are a pair of spongy, air-filled organs located on
either side of the chest. Each lung is roughly cone-shaped,
with its base resting on the diaphragm.' The lung has two
parts: the right lung, which is larger and has three lobes
(superior, middle, and inferior), and the left lung, which is
smaller and divided into superior and inferior lobes.? Lung
diseases are conditions that obstruct normal lung function.’
These include a variety of conditions such as chronic
obstructive pulmonary disease, pneumonia, asthma,
acute bronchitis, Coronavirus disease 19 (COVID-19),
pulmonary edema, idiopathic pulmonary fibrosis,
sarcoidosis, pleural effusion, pleurisy, bronchiectasis,
cystic fibrosis, lymphangioleiomyomatosis, interstitial
lung diseases, lung cancer, tuberculosis, acute respiratory
distress syndrome (ARDS), and coccidioidomycosis, and
so on.* In this research, early detection of COVID-19 is the
key focus.

COVID-19 is an infectious disease caused by severe
acute respiratory syndrome-coronavirus-2 (SARS-CoV-2),
which transmits between humans through physical contact,
respiratory droplets, and aerosols. The disease is identified
by lung lesions detected through imaging techniques,
such as X-rays and computed tomography (CT) scans. CT
scans make it easier to assess the presence and severity of
COVID-19 nodules. Moreover, considering the structural
or anatomical details of the lung that are essential for
the detection analysis, CT imaging outperforms X-ray
radiography in providing knowledge on these.” The typical
signs of lung lesions, such as ground glass opacity (GGO)
in the early stages and consolidation in the later stages,
could be observed from CT slices.® Studies have reported
that radiological imaging, such as CT and X-rays, may be
helpful in supporting the early screening of COVID-19.7#
Although real-time polymerase chain reaction (RT-PCR)
is considered the gold standard for diagnosing COVID-19,
recent advancements in medical imaging have significantly
improved the diagnosis and quantification of various
diseases. Using RT-PCR results as a reference, a study of
1,014 patients in Wuhan, China, achieved an accuracy of
0.68, a sensitivity of 0.97, and a specificity of 0.25 for CT
slices indicating COVID-19 infection.’

Segmentation is the process of partitioning lung tissues
with accurate boundaries from CT slices by eliminating
surrounding anatomical structures, such as bones and fat
tissues.'” The objective of segmentation is to extract regions
of interest (ROIs) within the lung region to differentiate
abnormality from anatomical background. There are 10
different segmentation techniques for lung imaging,!
including: thresholding,'"* region growing method,'*'®
watershed algorithm,”?' active contour model,***

clustering techniques,* ¢ level set techniques,*”*® graph cut
techniques,”* genetic algorithms,*** artificial intelligence-
based segmentation,”** and hybrid algorithm.” In our
work, an optimal thresholding approach has been used to
locate a value acceptable for segmenting the lung CT slice.

Computer-aided diagnosis (CAD) systems play an
important role in assisting physicians in the process of
clinical decision-making.*® In the domain of diagnostic
radiology, the CAD system is designed to diagnose
abnormalities in images created by imaging modalities.
The imaging modalities are X-rays, CT, high-resolution CT,
positron emission tomography, single-photon emission
CT, and magnetic resonance imaging. A CAD system
helps medical professionals by simplifying the process of
interpreting numerous images created by different types of
imaging, where manual involvement is time-consuming.””
In the domain of diagnosing pulmonary disorders, the
CAD system takes the input image obtained from the
imaging modalities, employs computational techniques to
locate suspected abnormalities present in the image, and
leads to a precise diagnosis. Techniques such as machine
learning (ML), image processing, pattern recognition, and
deep learning (DL) are commonly employed to enhance
abnormality detection in medical images.*

In this research, we developed a CAD system to detect
the presence or absence of COVID-19. First, an adaptive
Wiener filter was used to eliminate the additive noises.
Then, optimal thresholding was used to segment the
lungs, and relevant features were extracted. To select the
optimal feature set, a bio-inspired wrapper-based flower
pollination technique was employed, using the accuracy
of the k-NN classifier as the fitness function. The support
vector machine (SVM) classifier was then trained using the
selected optimal subset of features.

This framework can be generalized for applications
in biomedical lung imaging diagnosis. This manuscript
is structured as follows: Section 2 discusses the relevant
literature; Section 3 outlines the system’s methodology;
Section 4 summarizes the dataset, compares classifiers,
evaluates other state-of-the-art approaches, and presents
the experimental findings; Section 5 offers conclusions and
recommendations for future work.

2. Related works

2.1. Segmentation techniques for CAD to detect
COVID-19

Segmentation is an essential step in image processing
and analysis for the assessment and quantification of
COVID-19. It delineates the ROIs, namely, lung, lobes,
lesions or infected regions, and bronchopulmonary
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segments, in the chest X-ray or CT slices. Segmented regions
could be further used to extract features for diagnosis and
other applications. This subsection summarizes the related
segmentation works in COVID-19.

Khin et al.* have proposed a segmentation algorithm
to detect COVID-19 in chest CT slices using Deeplab
v3*. The dataset used was the COVID-19 radiography
database, which contains a total of 15,153 images,
including 10,192 normal images, 3,616 COVID-19 images,
and 1,345 pneumonia images. Since the dataset was highly
imbalanced, five different approaches were employed. The
ensemble of convolutional neural network (CNN) with
image augmentation achieved an accuracy of 99.23%.

Venkatesan et al.** have introduced an automated image
processing scheme to extract the COVID-19 lesions from
lung CT scan images. In their work, the firefly algorithm
and Shannon Entropy-based multi-threshold were used
to enhance the pneumonia lesions, followed by Markov-
Random-Field segmentation to extract the lesions with
better accuracy. The dataset was obtained from the
COVID-19 database, which includes 100 images for training
and 45 images for testing. The proposed scheme was tested
and validated using a class of COVID-19 CT images,
achieving a mean accuracy >92% in lesion segmentation.

Chandra* has demonstrated a segmentation approach
using the Cuckoo search algorithm with Otsu’s image
thresholding for the extraction of COVID-19 pneumonia
infection. The proposed approach used Otsu’s/Kapur to
enhance the value with a threshold of three and employed
Level Set techniques to extract ROIs. The dataset included
COVID-19 images from 20 patients, and the approach
achieved a segmentation accuracy of 97.62.

Mohammed et al.** have proposed a CAD system for
the diagnosis of COVID-19 disease from chest X-ray
images. This system can be used to differentiate COVID-19
from other viral pneumonia-like Middle East respiratory
syndrome, SARS, and ARDS. Segmentation was performed
using Lis*> method, followed by the application of Law’s*?
masks to enhance secondary details in the segmented chest
images. Texture features were then extracted using the
gray-level co-occurrence matrix (GLCM). The obtained
feature vectors were used to build SVM ensemble models.
Then, the choices of ensemble classifiers were put together
using a weighted voting method. The proposed CAD
system achieved an accuracy of 98.04%.

Bhargava et al*® have introduced an automatic
detection system for the diagnosis of COVID-19 from
CXR and chest CT slices. Segmentation was done using the
FCM algorithm. Four types of features, namely, histograms
of gradients, textural, statistical, and discrete wavelet

transforms, were extracted using the method of principal
component analysis. In the classification, k-NN, sparse
representation classifier (SRC), artificial neural network
(ANN), and SVM classifiers were used for normal,
pneumonia, and COVID-19 classifications. Nine different
datasets collected from various sources were examined.
The accuracies achieved were 91.70%, 94.40%, 96.16%, and
99.14% by k-NN, SRC, ANN, and SVM, respectively, for
COVID-19 diagnosis.

Shankar et al** have suggested a CAD system for
diagnosing COVID-19 using chest X-ray images. Initially,
the Wiener filter was used to pre-process images. The
fusion-based feature extraction method was subsequently
carried out using GLCM, gray level run length matrix,
and local binary patterns. The ideal feature subset was
then determined using the Salp swarm algorithm. The
images were divided as infected or healthy using an ANN.
The obtained outcomes outperformed state-of-the-art
techniques. The proposed CAD model's experimental
results showed 95.1% and 95.65% accuracy for binary and
multiple classes, respectively.

Kadry et al.*® have proposed a classification technique
using a machine learning system (MLS) to classify the
CT slices as healthy or affected by COVID-19. The
MLS includes five steps, namely, tri-level thresholding,
segmentation of the image, feature extraction, feature
ranking, implementation of serial fusion, and classifier
implementation and validation. This proposed system was
tested with 500 images, which includes 250 normal and
250 COVID-19-affected images obtained from benchmark
datasets (Table 1). The proposed MLS achieved an accuracy
of 89.80%.

2.2. CAD system to detect COVID-19 using
supervised and un-supervised techniques

Wu et al*® have proposed a classification system using
a random forest (RF) classifier for the diagnosis of
COVID-19 disease. The dataset description has been given
in Table 1. In the proposed system, 11 key features were
selected from 49 features. The model was trained with 11
key features and achieved an accuracy of 96.95%.

Banerjee et al.’ have suggested a binary classification
model utilizing ANN, Logistic regression (LR), and LASSO
Elastic Net Regularized Generalized Linear Models. The
dataset comprised 598 full blood count results obtained
from COVID-19 patients. The model with LR achieved an
accuracy of 87% for the diagnosis of COVID-19 disease.

Moutaz et al*® have demonstrated an artificial
intelligence technique based on deep CNN to detect
COVID-19 disease. The dataset was obtained from the
Kaggle dataset, which has 128 images, including 28 healthy
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Table 1. Comparison of computer-aided diagnosis systems for diagnosing COVID-19 and the dataset used

References

Contribution

Dataset used

Number of images

Balanced/Unbalanced

Techniques used

Khin et al.®*

Deeplab v3*for diagnosing COVID-19

15,153 images, including 10,192

Highly unbalanced

Weighted loss, image

COVID-19 achieved an ~ radiography database = normal, 3,616 COVID-19, and augmentation,
accuracy of 99.23% 1,345 pneumonia undersampling,
oversampling, and
hybrid resampling
Kadry et al.® Machine learning system  LIDC-IRDI dataset, 500 images, including 250 Balanced Balanced dataset
using SVM with an RIDER-TCIA dataset, normal and 250 COVID-19 from benchmark
accuracy of 89.80% and COVID-19 images datasets
from the Radiopedia
database
Wu et al.* Random forest classifier =~ Real-time dataset 253 samples Balanced -
with 11 key features
achieved an accuracy of
96.95%
Banerjee et al.” LR achieved an accuracy =~ COVID-19 Data 5644 images, in which 598 Unbalanced Tested separated
of 87% sharing/BR initiative ~ samples are considered for specificity and
sensitivity
Moutaz et al.®*  VGG16 with an accuracy ~ Kaggle dataset 128 images, including 28 Balanced Data augmentation
of 94.80% healthy and 70 COVID-19
images
Najjar et al.® Feature extraction using ~ COVID-19 2,399 chest X-ray images, which Unbalanced Using the
GLCM and classification  radiography database  include 1,577 normal and 822 performance metrics

using k-NN and SVM
classifier. k-NN classifier

COVID-19 images

achieved 99.96%
Maryam et al.**  Ensemble learning model COVID-19 Data 5644 images Unbalanced Ensemble model
Sharing/BR initiative using performance
metrics
Atta et al.*? CSDC-SVM model with ~ Real-time 547 samples that are classified ~ Unbalanced The area under the
an accuracy of 98% through the SVM K-fold receiver operating
cross-validation method characteristics curve,
G-mean, and the
F1-score
Tongxue et al.**  U-Net-based Italian Society Dataset 1: 100 axial CT Unbalanced Because of the small
segmentation network of Medical and slices from 60 patients with data in both datasets,
using attention Interventional COVID-19 with pleural they combine the two
mechanism achieved a Radiology: COVID-19 effusion datasets as the final
specificity of 99.3% CT segmentation Dataset 2: 373 slices of training dataset
dataset COVID-19 with consolidation
Mobiny et al®>  Detail-oriented capsule ~ COVID-19 CT dataset 746 images, which includes Unbalanced Image-to-Image
network architecture with 349 COVID-19 and 397 (pix2pix) conditional
83.2% accuracy non-COVID-19 images GAN architecture
augmentation
Hasoon et al.®*  LBP-k-NN, HOG-k-NN,  Github repository 5,000 normal and pneumonia ~ Unbalanced Feature-based

Haralick-k-NN,
LBP-SVM, HOG-SVM,
and Haralick-SVM.
Achieved an accuracy of
89.2% and 98.66%

COVID-19 images

balancing

Abbreviations: CSDC-SVM: Cloud-based smart detection algorithm using support vector machine; CT: Computed tomography; GLCM: Gray level
co-occurrence matrix; HOG-KNN: Histogram of gradients k nearest neighbor; KNN: K-nearest neighbor; LBP-KNN: Local binary pattern k nearest
neighbor; RF: Random forest; SVM: Support vector machine; LR: Logistic regression.

and 70 COVID-19 images. The forecasting methods,
namely, the prophet algorithm, auto-regressive algorithm,

integrating moving average model, and long short-term
memory (LSTM), were used to predict the number of
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COVID-19 confirmations. The proposed system achieved
an accuracy of 94.80%.

Feng et al.* have proposed a predictive model using
four classifiers, namely LR with LASSO, LR with ridge
regularization, decision tree, and adaptive boosting (AB)
algorithms, for the early detection of COVID-19 disease.
The strength of this proposed model lies in the 46-feature
selection. Based on the results, the LR with the LASSO
classifier selected only 18 features and achieved an accuracy
of 93.80%.

Najjar et al.*® have presented a cutting-edge solution for
classifying COVID-19 from chest radiography slices using
the SVM and k-NN classifiers. The dataset was obtained
from the COVID-19 radiography database, which included
1577 normal and 822 COVID-19 images. The proposed
work produced five matrices, namely, GLCM1, GLCM2,
GLCM3, GLCM4, and GLCMA, and achieved an accuracy
of (95.83 - 97.07%), (95.21 - 97.03%), (95.52 - 96.87%),
(95.57 — 97.24%), and (95.94 — 96.87%) with SVM and
k-NN classifiers, respectively.

Maryam et al’' have proposed an ensemble learning
model for the diagnosis of COVID-19 from a blood routine
test. This proposed model was trained and evaluated using
a publicly available dataset in Brazil, which includes 5644
images. This proposed model achieved an accuracy of
99.88% in diagnosing COVID-19 disease.

Atta et al* have demonstrated a supervised approach
named the cloud-based smart detection algorithm using
SVM (CSDC-SVM), tested with 5, 10, 15, and 20 cross-fold
validation. The dataset included 547 samples, which were
classified using the SVM K-fold cross-validation method.
The proposed CSDC-SVM model classifies COVID-19
into four categories, namely, negative, mild, moderate,
and severe. The virus can be classified as negative, mild,
moderate, or severe, indicating its presence at various
levels. The proposed system with CSDC-SVM achieved an
accuracy of 98.4% with a 15-fold cross-validation strategy.

The results presented in Table 1 show that to identify
the COVID-19 infection more accurately, image-aided
diagnosis is important. In addition, by providing the
necessary details about the patient who had been admitted
with a COVID-19 infection, this system could significantly
reduce the pulmonologists diagnostic burden. The
infection rate may be precisely identified when there is an
image processing system that is properly developed and
implemented.

The aforementioned results were obtained by reviewing
this pertinent literature. To begin, ROIs are along lung
boundaries; segmenting the lung tissues is essential.
Second, training the CAD system with the best ROI

features promotes classification performance. Third, a
wrapper-based feature selection strategy that uses bio-
inspired algorithms is more robust and performs better
in a variety of optimization challenges when compared to
conventional approaches to feature selection.

3. Methods

The proposed CAD system illustrated in Figure 1 consists of
five main steps: (i) segmentation with image enhancement,
optimal thresholding, cavity filling, and background
removal process; (ii) ROI extraction; (iii) GLCM feature
extraction; (iv) selection of features; and (v) classification
by building a set of SVM models to classify the chest image
into either positive (COVID-19) or negative type (non-
COVID-19).

3.1. Segmentation

The objective of segmentation is to partition lung tissues
from each lung CT slice. To eliminate additive noise and
improve edge sharpness, a Laplacian filter is applied.
Next, lung parenchyma is partitioned using an optimal

Training Skice

Testing Skice
| Preprocessing |
!
I Segmentation |
1
| ROI Extraction |
i
I Featurs Extracion I
[ ROI Extraction ] Opcmsitosn S
4
| Feature Extraction |
Feature Database
Featurs Selaction
[ A |
|1
[ |
Te—
v
I Clasification I
¥
| Trained Classifier 'I"
Diapxmlc Resuls

Figure 1. The proposed COVID-19 CAD system. Image created using MS
Word application.

Abbreviations: CT: Computed tomography; FPA: Flower pollination
algorithm; k-NN: k-nearest neighbor; ROI: Region of interest.
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thresholding technique. Morphological techniques are then
used to eliminate the background and holes of the lung.
An adaptive Wiener filter is used to remove noises from
the input CT slices. After removing the noises, optimal
thresholding is applied to segment the left and right lung
tissues. Optimal thresholding is a method that divides the
histogram into two parts to minimize variance within the
same class while maximizing separation between different
classes.”® There are two distinct types of pixels that can
be seen in a CT slice of the lung, namely, high- and low-
intensity pixels. Since their intensity distributions differ, an
optimum thresholding approach is used to locate a value
acceptable for segregating the lung slice.”” In the cavity-
filling process, the appearance of airways, small holes, or
cavities in the binary slice, which represent pathogenic
regions, is addressed. Morphological techniques are used
to fill these cavities with intensity levels similar to those
of neighboring pixels. Pixels with lower intensity values
outside the chest cavity are classified as background pixels.*®
In addition, morphological operations are employed to
eliminate all connected components smaller than 1000
pixels in the area from the slice.

3.2. Region of interest extraction

The ROIs considered for the COVID-19 CAD model
are crazy paving, interlobular septal-thickening, patchy
GGO, bilateral GGO, traction bronchiectasis, sub-pleural
GGO, peripheral GGO, consolidation, bronchovascular
thickening in the lesion, and GGO with consolidation.
The ROIs with the pixel intensity score on the scale from
125 to 255 were extracted. The pixel intensity scores <125
are not considered. Each ROI was annotated and labeled
by an expert radiologist. Then, Class Label 1 was given to
the ROI diagnosed with the presence of COVID-19, and
Class Label 2 was given to the ROI diagnosed with the
absence of COVID-109.

3.3. Feature extraction using gray level co-occurence
matrix

The GLCM-based features were extracted to differentiate
between the CT slices with positive and negative cases of
COVID-19. The GLCM matrix uses pixel pairs of a joint
probability distribution (JPD). The JPD between pixel
pairs is calculated by using angle “6¢” and the distance “d”
The value will be the (i,/)" entry in the GLCM matrix.*?
The features that are extracted from each ROI, as well as
the class label that is associated with each ROI, are saved
as a feature vector in a database that stores features. From
the class labeled ROI, geometrical and textural features
were extracted. In our work, 12 geometrical features and
17 textural features, along with four orientations (0°, 45°,
90°, and 135°) were extracted. Then, the feature vector

pertaining to each ROI from the 80 extracted features (12
geometric features and 68 texture features) along with
the class label were stored in the feature database.! The
features that were extracted from each ROI are outlined in
Table 2.

3.4. Feature selection

The goal of this step is to select the optimal feature subset
from the extracted features to improve the classifier’s
predicted performance. The subset of features has been
chosen using the Wrapper technique, which combines the
Flower pollination algorithm (FPA) and the accuracy of
the k-NN classifier as the fitness function.

Table 2. Outline of features extracted from each region of
interest

Geometric features
1. Euler number
2. Major axis length
3. Eccentricity
4. Orientation
5. Convex area
6. Filled area
7. Solidity
8. Extent

9. Perimeter
10. Equivalent diameter
11. Minor axis length
12. Area

Texture features (0°, 45°, 90°, and 135°)

—

. Sum of squares variance

. Autocorrelation

. Cluster prominence

. Cluster shade

. Information measure of correlation
. Energy

. Correlation

. Difference variance

O 0 NN U R W

. Dissimilarity

10. Difference entropy
11. Entropy

12. Homogeneity

13. Contrast

14. Inverse difference

15. Maximum probability
16. Sum average

17. Sum entropy
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3.4.1. FPA or flower algorithm

Yang® introduced the FPA in 2012, inspired by the way
blossoming plants attract pollinators.5**

A flower is an angiosperm’s bisexual reproductive
shoot, with reproductive organs encircled by whorls
of sterility organs. Angiosperms are distinguished by a
number of characteristics, of which the flower is only one.
Sepals, stamens, petals, and carpels are the four whorls that
make up the flower. The sepals, which morphologically
resemble a whorl of leaves, are the first whorl of the flower.
The sepals, which are usually green in color, are formed
as lateral extensions from the floral meristem. The petals,
which are morphologically identical to leaves, make up the
second whorl. The third outer whorl is the sexual organ
named the stamens. Stamens and leaves share traits in
common in the presence of chlorophyll and their growth
form, which is elongation in a single plane (with little or no
laminar growth). Female sexual parts, known as carpels,
are found in the fourth and innermost whorl of the flower.

Flowers are labeled as bisexual or unisexual depending on
the presence of male (gametes) as well as female (gametophyte)
reproductive organs. Bisexual or hermaphrodite flowers have
both male and female sexual parts. Unisexual flowers have
either male sexual parts or female sexual parts. The main
function of the sexual organ is to prepare seeds and fruits. The
first and foremost step is achieving seeds and fruits, which is
possible through pollination. Pollination is divided into two
types: self-pollination and cross-pollination. Self-pollination
occurs when pollen from one flower’s anther is transferred
to the stigma of the same bloom (autogamy) or to the stigma
of another bloom on the same plant (geitonogamy). Cross-
pollination occurs when pollen travels from the anthers in
one individuals flower to the stigma in another. Because
plants are immobile, pollen movement from plant to plant
requires the use of a pollen vector, which can be abiotic or
biotic.

Abiotic pollen vectors are primarily caused by water
and wind. In wind pollination, the stamen filaments of
wind-pollinated flowers are typically long, exposing the
locules to the wind and causing an aeroelastic release of
pollen as an energy that is transferred from the wind to
the stamen through the long filament. Water pollination,
also known as hydrophily, is a rather unusual method of
gamete transfer used by a few grass and waterweed species.
Most hydrophilous species release pollen below the water’s
surface, where it is passively conveyed by currents to
female reproductive structures. Many maritime plants use
this process of water pollination.

Biotic pollen vectors, on the other hand, comprise a wide
range of species, particularly insects, but also birds, bats, and

a small number of other vertebrates that observe flowers as
a source of food. Insects are the most common biotic pollen
transporter. They receive a complimentary sample of nectar,
a sugar solution containing varying amounts of various
different sugars as well as other nutrients, and pollen, which
is high in amino acids. When animals and insects collect this
food, they unintentionally touch the flower’s reproductive
organs, transferring pollen from stamens to their bodies and
from their bodies to stigmatic surfaces. Many flowers have
structural elements that promote this unintended interaction.

Pollen grains settle on the stigma’s surface and germinate,
forming pollen tubes. One of the pollen tubes continues
to develop downward. This tube transports male gametes
to the ovary. After reaching the ovule, the male gametes
get released from the pollen tube and mate with the egg
cell. The process of merging the male and female gametes
is called fertilization. After fertilization, the ovary becomes
larger and develops into a fruit. The fertilized ovule, which
results from the fusion of gametes, matures into a seed. The
fertilized gamete is referred to as a fertilized ovule. Other
aspects of the flower, such as the sepals and the petals, will
detach themselves after fertilization has taken place in the
bloom. The developed ovary of the flower serves as the
primary component of the fruit. The FPA parameters and
their respective values are outlined in Table 3.

Output: Feature vectors.

The FPA algorithm has been outlined as follows:
Input: Feature vectors.

Process:

Step 1: Generate a random initial population that is
evaluated to determine the current optimal solution.

Initialize the size of the population #n, MaxGeneration
and p.

Step 2: Initialize the population of n pollen gametes
x = (x,, X,,... x,) with random solutions. By calculating the
fitness value of each pollen gamete in the population using
the k-NN classifier, where the k-NN classifier’s accuracy is
regarded as the fitness function, the best solution g, in the
initial population is found.

Table 3. Parameters outlined in the flower pollination
algorithm

Parameter Value Definition

n 10 Initial population
MaxGeneration 100 Maximum no. of iterations
p 0,1) Switch probability

A 1.5 Control parameter

y 0.01 Scaling factor
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Step 3: Determine the type of pollination based on a
predetermined probability p. Generate a random number
r € [0,}, and if r < p, where p is the switching probability,
then global pollination and flower constancy take place, as
described by Equation I:

t+1

x; :xf+yL(g*—xf) 6))

Where x: denotes the solution of i at iteration t, y is a
scaling factor, and g, is the current optimal solution at
iteration . The parameter L is the pollination strength, in
which essentially a step size is drawn from Levy flight,
which is given by Equation II:

AXT(A)* sin(%)

SI+A ’

L~ (s>0) (I1)

T

Where, /(1) denotes the standard gamma function,
and this distribution is for S > 0. 4 is the tail amplitude
of the distribution’s control parameter. Commonly, it
is recommended to use 4 = 1.5, which is followed in all
simulations.

Step 4: Otherwise, if ¥ > p, then the local pollination
and the flower constancy are performed, as described by
Equation III:

t+1

x 't =x +s(x; —x,i) (I11)

Where, x; and x; are pollens from other flowers of the

same plant species, with j and k chosen at random from all
the solutions. ¢ € [0,! is a random number.

Step 5: Evaluate each new solution x*' in the population
and update the population according to their fitness value.

Step 6: Calculate the current best solution g* by ranking
the solution.

Step 7: Repeat Steps 3 through 6 until MaxGeneration is
reached or until convergence is achieved.

In this feature selection Step 24 features have been
selected namely Area, Minor Axis Length, Convex Area,
Eccentricity, Cluster Prominence 2, Cluster Prominence
3, Contrast 1, Contrast 3, Correlation 2, Correlation 3,
Difference Variance 4, Dissimilarity 2, Dissimilarity 4,
Energy 1, Entropy 1, Entropy 2, Entropy 4, Homogeneity
4, Information Measure of Correlation 1, Information
Measure of Correlation 4, Inverse Difference 1, Sum
Average 1, Sum entropy 1, Sum of Squares Variance 4.

3.5. Classification

The SVM algorithm was employed to train the optimal
feature subset. A SVM is a supervised learning algorithm

that uses hyperplanes to separate different classes. The
distance of a feature vector from these hyperplanes indicates
how likely it is to belong to a specific class.®*” In ML, SVM
is a model that classifies and predicts outcomes based on
training data. The main goal of SVM is to identify the best
hyperplane that divides two classes within a feature set. In
other words, the SVM training method builds a model that
assigns new examples into one of the two classes based on
a set of training examples for binary classification. A SVM
assigns training samples in a spatial arrangement that
maximizes the separation between the two classes. When
new samples are introduced, they are similarly positioned
in this space, and their class is forecasted based on which
side of the hyperplane they fall. The SVM classifier was
trained using the set of FPA-selected features. Then, the
performance of the trained SVM classifier was validated
using the test dataset.”

4, Results

This section includes a description of the real-time
dataset and public dataset used in this research, as well as
performance evaluation, comparison results of ML and DL
classifiers, and experimental results.

4.1. Dataset outline

The research utilized two datasets: a real-time dataset
collected from Bharat Scan Centre, Chennai, India, and a
COVID-19CT datasetobtained from the GitHub repository.
In the real-time dataset, CT slices were labeled by an
expert radiologist as either “normal” or “COVID-19.” This
dataset includes images from 41 individuals, comprising
26 with COVID-19 and 15 with healthy lungs. Among the
COVID-19 patients, 19 exhibited mild severity while seven
had moderate severity; the cohort included 17 females and
nine males. The ages of the COVID-19 patients ranged
from 23 to 49 years, with an average of 36 years. The images
in the dataset have a pixel size of 512 x 512 and are in jpg
format. The nodule size ranges from 3 to 30 mm, with
lesions primarily located in the sub-pleural and posterior
respiratory zones. The ROIs were patchy GGO, bilateral
GGO, subpleural GGO, peripheral GGO, broncho-vascular
thickening, traction bronchiectasis, consolidations, and
GGO with consolidations.

The datasets have been divided into training and
testing datasets, with training datasets comprising 80%
of the total and testing datasets 20%. To preserve privacy,
we have masked all personal information from CT slices.
Each ROI has been differentiated based on the opinion
of an experienced radiologist. In addition, the radiologist
manually identified and described each ROI. Table 4 gives
an overview of the real-time dataset.
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Table 4. Overview of the experimental dataset

Patient cases Total no. of patients Total COVID-19 CT slices considered ROIs Training set ROIs Testing set ROIs
COVID-19 26 342 343 242 101
Normal 15 446 452 394 58
Total 41 788 795 636 159

Abbreviations: CT: Computed tomography; ROI: Region of interest.

For the COVID-19 CT database, a publicly available
dataset was utilized to train and test the proposed model.
It contains a total of 349 COVID-19 CT images from
216 patients and 463 non-COVID-19 CTs, which have
been divided into two classes, namely, COVID-19 and
non-COVID-19. The COVID-19 CT dataset was divided
into training and testing datasets, with training datasets
comprising 80% of the total and testing datasets 20%.
A pre-processed version of the dataset is available at
https://github.com/UCSD-AI4H/COVID-CT.

4.2. Performance evaluation

The aim of this work is to decrease the false negative and
false positive values, that is, to increase the sensitivity and
specificity, respectively. However, there is often a tradeoft
between sensitivity and specificity; as one increases the
other decreases. In the proposed research, we obtained
inferences from the radiologist. He reviewed the model and
provided feedback, suggesting that although it works well,
more CT slices should be included so that it may be used
to diagnose different lung diseases. Figures 2 and 3 display
the effectiveness of the CAD system’s implementation for
patients with and without COVID-19. The algorithm’s
optimization performance was compared in terms of
accuracy, precision, recall or sensitivity, and speciﬁcity,
with results obtained using Equations IV-VII:

Accuracy = & (1v)
a+b+c+d
Precision = V)
a+b
Sensitivity = (VD)
a+c
Specificity = i (VII)
By = d

Where a, b, ¢, and d denote actual positives, predicted
positives, predicted negatives, and predicted positives,
respectively. The confusion matrix obtained for FPA is
shown below in Table 5.

The extraction of COVID-19 lesions from a chest CT
slice demonstrating the presence of the COVID-19 disease

Figure 2. Experimental images of a normal lung CT slice. (A) Non-
COVID-19 input CT slice. (B) Segmented image. (C) Extracted ROL
(D) Non-COVID-19 nodules. These images were generated using Python
Abbreviations: CT: Computed tomography; ROI: Region of interest.

is depicted in Figure 4A-D. Figure 4A displays the reference
chest CT slice. Figure 4B and C illustrate the segmentation
and feature extraction processes necessary for effectively
isolating the nodules. Figure 4D displays the peripheral
GGO lesion that was excised, indicating the presence of
COVID-19.

Figures 2A-D depict the steps involved in the extraction
of ROIs that indicate the absence of COVID-19 disease.
The input CT slice of the lung is displayed in Figure 2A.
The output image of various steps involved in extracting
the nodules is shown in Figures 2B and C. The nodules
extracted are shown in Figure 2D.

The CAD system that utilizes FPA for feature selection
with 100 iterations produced a greater accuracy of 91.30%
for the real-time dataset and 88.18% for the COVID-19 CT
dataset. The performance comparison using the real-time
and COVID-19 CT datasets is outlined in Table 6.

4.3. Comparison with machine learning and DL
classifiers

The proposed CAD system was compared against seven
traditional ML classifiers and four DL classifiers. The ML
classifiers included radial basis function SVM, k-NN,
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Figure 3. Kendal’s rank correlation map. Output generated using the Python application
Table 5. Generated confusion matrix
Actual/predicted Predicted positive Predicted negative
Actual positive 94 9
Actual negative 5 51

Figure 4. Experimental images obtained for COVID-19 CT slices.
(A) COVID-19 input CT slice. (B) Segmented image. (C) Extracted ROIL
(D) COVID-19 nodules. These images were generated using Python
Abbreviations: CT: Computed tomography; ROI: Region of interest.

linear discriminant analysis, RE naive bias, extreme
gradient boosting, and AB. The four DL classifiers used
for comparison were CNN, recurrent neural network,
LSTM, and bidirectional LSTM, respectively. Our system
outperformed these ML classifiers with an accuracy of
91.30%. For each model, average (+ standard deviation)
performance was reported over 30 iterations. The
comparison of ML and DL classifiers in terms of accuracy,
precision, recall, and specificity, along with mean and
standard deviation values, is presented in Tables 7 and 8.

Table 6. Performance comparison using real-time and
COVID-19 dataset

Performance Real-time COVID-19 CT
metrics average dataset dataset
Accuracy (M+SD) 0.9130+0.0177 0.8818+0.0180
Precision (M+SD) 0.8989+0.0324 0.9192+0.0280
Recall (M+SD) 0.8003+0.0340 0.8956+0.0305
Specificity (M+SD) 0.9374+0.0218 0.8574+0.0538
F1 score (M+SD) 0.9302+0.0217 0.9065+0.0140
Selected features 24 22

Abbreviation: CT: Computed tomography

4.4, Comparison with other state-of-the-art
approaches using the COVID-19 CT dataset

Our proposed CAD system metrics using the COVID-
19 CT dataset obtained from the GitHub repository were
compared with other state-of-the-art approaches®*7 for
diagnosing COVID-19 disease (Table 9). A maximum
accuracy of 89.36% in this comparison was achieved
by Ali and Assadi”’, whereas our CAD system using the
COVID-19 CT dataset produced an accuracy of 88.18%.
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Table 7. Machine learning classifier comparison

Classifier/ RBF-SVM k-NN LDA NB EB AB Our proposed
performance system using
metrics real-time dataset
Accuracy (M+SD)  0.6329+0.0387 0.8572+0.0243 0.8706+0.0210 0.8996+0.0180 0.7541+0.0403 0.9044+0.0232 0.8753+0.0220  0.9130+0.0177
Precision (M+SD)  0.9189+0.0660 0.8779+0.0481 0.8861+0.0341 0.9135+0.0337 0.9093+0.0551 0.9113+0.0388 0.8697+0.0404 0.8989+0.0324
Recall (M£SD) 0.1815+0.0515 0.7855+0.0495 0.8095+0.0435 0.8524+0.0432 0.4883+0.0722 0.867310.0403 0.8434+0.0381  0.8003+0.0340
Specificity (M+SD)  0.9867+0.0111 0.9149+0.0320 0.8095+0.0435 0.9373+0.0235 0.9625+0.0230 0.9342+0.0281 0.9009+0.0321  0.9302+0.0217

Abbreviations: AB: AdaBoost; EB: Extreme boosting; k-NN: k-nearest neighbor; LDA: Linear discriminant analysis; NB: Naive bias; RBF-SVM: Radial
basis function-support vector machine; RF: Random forest.

Table 8. Deep learning classifier comparison

Classifiers/ CNN RNN LSTM BLSTM
performance metrics (%) (%) (%) (%)
Training accuracy 89.15 84.74 80.66 83.64
Testing accuracy 89.31 85.53 83.01 83.67
Training precision 88.54 81.29 80.57 81.27
Testing precision 84.81 84.50 83.58 81.94
Training recall 85.61 83.39 71.95 80.07
Testing recall 93.05 82.33 77.77 81.94
Training specificity 87.05 82.33 76.02 80.67
Testing specificity 88.74 83.91 80.57 81.94

Abbreviations: CNN: Convolutional neural network;
BLSTM: Bidirectional LSTM; LSTM: Long short-term memory;
RNN: Recurrent neural network.

Table 9. Comparison of the proposed CAD system with
state-of-the-art approaches for the COVID-19 CT dataset

State-of-the-art

Accuracy Precision Recall Specificity Fl-score

approaches (%) (%) (%) (%) (%)
Mobiny etal. 85.3 84.4 74 85.3 78.1
using Inception

V3.55

Mobiny et al. 82.5 81.5 79.4 83.9 80.1
using DenseNet

121.%

Xingyi 79.5 - - 76
et al. using

DenseNet-169.%°

Polsinelli et al.” 85.03 85.01 81.44 88.23 83.98
Xingyi et 77.4% - - 74.6
al. using

ResNet-50%

Ali and Assadi” 89.26 - - 89.18
Pedro et al.” 87.6 - - 86.19
Our proposed 88.18 91.92 89.56 85.74 90.65
CAD system

Abbreviations: CAD: Computer-aided diagnosis; CT: Computed

tomography.

Our proposed system achieved higher precision, recall,
and F1 score values, as shown in Table 9.

4.5, Statistical test

The Mann-Whitney U test revealed significant differences
between the variables and the dependent variable
(P < 0.001). The difference is statistically significant
(P <0.001). The P=0.001, which is less than the minimum
value of 0.05 for significance. Kendal’s rank correlation
coefficient map examines sample correlation. Kendal’s
correlation map for the selected attributes in the dataset is
given in Figure 3.

5. Conclusion

Our proposed COVID-19 CAD system achieved an
accuracy of 91.30% on a real-time dataset and 88.18%
accuracy on the COVID-19 CT Public Dataset. Notably,
our system demonstrated significant superiority over seven
state-of-the-art ML classifiers and four DL classifiers. This
shows that our COVID-19 model excels in generating
robust and highly discriminative features. The primary
goal of our research is to improve classification accuracy
and aid physicians in clinical decision-making. Hence,
time and space complexity are not the primary interests of
this research work. The suggested CAD system exhibited
improved accuracy when employing FPA with k-NN and
SVM classifiers because it increased the test accuracy and
time efficiency. Since the FPA algorithm is larger than some
algorithms, more memory is needed. In addition, since this
is a classification system, it does not provide information
on disease severity.

In the future, this work can be extended to identify the
covariants of COVID-19 and the assessment of COVID-
19’s severity. Optimizing the system’s architecture and
integrating other feature selection methods are two
excellent methods to improve the rapidity of the COVID-19
CAD system. Importantly, for the COVID-19 CAD system
to be clinically validated, it should be implemented in real-
world settings, such as by training it on a hospital’s private
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database. This would allow for a thorough evaluation and
improvement of its clinical validity.
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Deep learning on chest X-ray and computed
tomography scans for detection of COVID-19 as
a part of a network-centric digital health stack
for future pandemics

Ajay Kumar Gogineni'(®, Madapathi Hitesh'(), Prashant Kumar Jha?>,
Soumya Suvashish Sen?, Shreeja Das? and Kisor Kumar Sahu>*5*

'School of Electrical Sciences, Indian Institute of Technology, Bhubaneswar, Odisha, India

Abstract

Developing a reliable rapid screening protocol for highly infectious diseases like
COVID-19 is of paramount interest since it facilitates the isolation of infected patients
from the rest of the population. Reverse-transcription polymerase chain reaction
(RT-PCR) test is presently the most widely accepted gold-standard test to detect
COVID-19. In this method, the RNA of the virus is duplicated by a process called reverse
transcriptiontoform DNAforfacilitating the copying process.Fluorescentdyeisattached
to the viral genetic material and copied billions of times through the process called
polymerase chain reaction. Enhanced fluorescence is used to identify the presence of
genetic material of the virus. These tests are time-consuming and have significant false
negatives, i.e., a person with COVID-19 might be categorized as not having the virus.
Large-scale RT-PCR testing has its own share of problems such as logistics, availability
and affordability in underdeveloped nations, and reliability of the test results. Machine
learning algorithms can act as a cheaper supplementary/alternative diagnostic tool
for the testing process. In the current study, using publicly available chest X-ray image
datasets, different convolutional neural network (CNN)-based models were developed
for efficient identification of COVID-19 infected patients, and their efficacies were
compared. Key innovations in training the CNNs are discussed. Our results indicate
that EfficientNet, SeResNext, and ResNet are best at classifying normal, pneumonia and
COVID-19 cases, respectively. The ResNet architecture with transfer learning performed
best at detecting COVID-19 with an accuracy of 94%, a rate far superior to that in the
RT-PCRtest, which is typically in the range of 70 - 80%. This is particularly attractive as an
additional noninvasive protocol since such technology-augmented detection is likely
to help in reducing the psychological refractory period due to COVID-19 infections.
Toward the healthy lung initiative in the post-COVID-19 era, we propose close coupling
of the present diagnostic protocols with digital approaches to ensure more reliable
personal care within the ambit of large-scale pandemic control mechanisms. Such
integration with emerging technological tools can create a benchmark for the first line
of defense against future global pandemics.

Keywords: COVID-19; Machine learning; Deep learning; EfficientNet; ResNet; SeResNext;
Network-centric digital health stack
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1. Introduction

In December 2019, clusters of pneumonia-like cases of
unknown origin were first reported in the city of Wuhan
in China. Upon investigations, it was found that the
disease was caused by a new type of single-stranded RNA
virus, which was officially named by the World Health
Organization (WHO) as severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2)."” The disease caused by
SARS-CoV-2 was subsequently named COVID-19. The
rate of spread and severity of COVID-19 all around the
world forced the WHO to declare it as a pandemic on
March 11, 2020. It had caused unparalleled disruptions
in the post-internet modern era of global civilization and,
in a way, demonstrated the serious shortcomings and
vulnerabilities of traditional approaches for tackling such
issues.” It was depicted that, although we had the bits and
pieces to construct a robust technology-armed first line
of defense against global pandemics based upon smart
integration of the new age tools, we did not invest enough
to construct the requisite technological architecture to
realize this. Therefore, various countries attempted to do
what they could do best under the prevailing situations.
Some implemented nationwide lockdowns, limiting
movement of the population, commanding social
distancing, and expanding the consciousness of cleanliness
and good hygiene as a range of preventive measures against
the pandemic; an early analysis of such measures has been
reported in the literature.’

SARS-CoV-2 can cause symptoms of fever, fatigue,
headache, cough, sore throat, myalgia (muscle pain),
anosmia (loss of smell), and other respiratory symptoms.
Most people recover from the disease without requiring
any special treatment but those who have comorbid
medical conditions such as chronic kidney disease,
autoimmune disease, cancer, heart conditions, obesity,
diabetes, and respiratory disease are more prone to develop
serious illness.* COVID-19 causes serious damage to the
lungs, causing oxygen deficiency in the patient, a condition
referred to as hypoxia. This can be easily identified by
lower oxygen saturation level, typically less than 94%.
Infections due to bacterial pneumonia and pulmonary
embolism present similar characteristics. Furthermore,
other underlying conditions such as chronic obstructive
pulmonary disease typically complicate the identification
of COVID-19. Atelectasis (indicating a partial or complete

collapse of the lungs caused by COVID-19) can be partially
reversed by maintaining continuous positive airway
pressure, which forces the collapsed alveoli to remain open
with oxygen-rich air. A far worse situation demands the
use of ventilators, where breathing is assisted with a life-
support device. Thus, since it is a common symptom across
various respiratory diseases, depleting oxygen saturation
cannot be a definitive indicator of COVID-19 infection.

To arrest the spread of the disease, affected countries
have adopted reverse-transcription polymerase chain
reaction (RT-PCR) tests as the gold-standard diagnostic
method to detect COVID-19 infection and isolate the
infected individuals as early as possible to limit further
transmission of the infection. Despite having many positive
aspects, this testing method requires the setting-up of
entirely new facilities with specially trained personnel for
sample collection and analysis. Such facilities are largely
authority-regulated and many underdeveloped countries
find it difficult to procure sufficient numbers of test kits.
Moreover, it is time-consuming and sometimes gives
non-negligible false negative (infected person is tested
negative) as well as false positive (uninfected person is
tested positive) results.

Machine learning (ML) has made a significant impact
in many disciplines of science and technology.*!' An ML
tool, based on chest X-ray and/or computed tomography
(CT) scan images of COVID-19 suspected individuals,
can be very attractive in this scenario, primarily because
of the very limited resources required and short diagnosis
time. Computer-aided biomedical image analysis might
turn out to be an additional useful tool to assist medical
practitioners in correct and quick decision-making.
For example, Habib et al” introduced a novel modified
lightweight SqueezeNet (SQN-MF) model (demonstrated
in non-medical application) coupled with continuous
wavelet transformation for converting acoustic emission
signals into two-dimensional (2D) images, achieving 100%
classification accuracy (surpassing traditional techniques
by 20.8%). The lightweight model (0.5 MB) is suitable for
field programmable gate array implementation, enabling
real-time monitoring. Their success in achieving high
accuracy with a memory-efficient model demonstrates the
potential for similar approaches in medical diagnostics
that will help to build reliable, rapid screening protocols for
infectious diseases like COVID-19. This kind of lightweight
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computer-based automated tools can be extremely useful,
particularly when faced with a logistics bottleneck or
when the entire medical infrastructure is overwhelmed for
some reason or other, which can be very handy during the
outbreak of some other potent infectious diseases.

The method outlined in the present article could be a
very important building block in an emerging integrated
digital medical doctrine that can ensure a more reliable,
personalized, and targeted medical intervention even
within the ambit of a very large-scale pandemic control
initiative spanning across prefectures/territories/states/
countries as previously outlined.” One of the foundational
principles of modern-era scientific practices is to decouple
critical processes to maximize control over them and
create provisions for more eflicient resource allocation.
In the RT-PCR test, the processes of physical examination
of the patient by the doctor, sample collection, and actual
evaluation of the testing results are highly integrated and
codependent. A decoupling approach in this scenario is
difficult to achieve. In the present ML-based method, the
physical examination of the patient in the form of taking
an X-ray radiograph and the evaluation of the testing
results from the ML model can be effectively decoupled,
thus offering a modular approach that tremendously
enhances flexibility in operational and clinical protocols
for pandemic control. This effective decoupling and
modular approach will be a crucial component for the
network-centric digital ‘health stack’ for the future
pandemic control by effectively predicting its geographical
occurrences and this will be dealt with in the second
article (in writing progress) in this series. Let us illustrate
this point further with a simple example for the sake of
brevity (the comprehensive architecture will be outlined
in the follow-up article): say an economically weaker
country “A” lacks enough resource pool of highly trained
medical professionals and/or RT-PCR test kits reserves.
However, medical X-ray radiography is one of the oldest
and most common diagnostic techniques. As a result,
most countries (including “A”) are already well-equipped
with X-ray devices. The approach proposed in this article
requires minimal training of personnel who can supervise
X-ray radiography tests satisfactorily (that is, just to take
a satisfactory radiograph; in the case it is not satisfactory,
it can be automatically flagged by a computer/professional
located in another country to re-do the test). However, the
difficult part of this approach is to train a large number
of medical professionals in analyzing/getting familiar with
X-ray images for COVID-19 or future pandemic detection.
Here, the great advantage of decoupling the critical process
becomes clear. By using internet-enabled technologies,
the tests and results can then be transmitted online for
further evaluation by automated ML algorithms. Only a

few confusing cases need to be cross-examined by trained
medical professionals in another country, say “B,” who can
undertake the post-ML decision-making with the help
of well-developed resources natively available in “B” It is
important to note that the present protocol is performed
by an ML algorithm implemented on a computer, and
the actual job of a medical expert is minimal, limited to
only overviewing/double-checking the assessment of the
computer to eliminate the remote possibility of mistakes
(since the machine accuracy is more than 94% even
without human intervention, as demonstrated in a later
section). Such global alliances can be a game changer in
providing equitable diagnostics to underdeveloped regions
of the world (Global South), as already demonstrated in the
case of vaccination under the COVID-19 Vaccines Global
Access, (COVAX)."? Moreover, free exchange of valuable
medical data across the boundaries will have the potential
to create huge synergistic effects, for example, in faster
identification of newer strains, proper epidemiological
analysis and consequent prevention strategy, and most
importantly, a reliable prediction about the future
trends based on hard data obtained through data-driven
approach. Developing an automated analysis system can
therefore save valuable time for the medical professionals
in the country “A;” which could be best utilized to address
some other critical conditions. This will also ensure
optimal resource utilization and advanced preparation for
the pandemic in country “B” As pointed out earlier, the
detailed digital architecture and infrastructure planning
will be presented in the follow-up article. It is important
to note that such a design will not be COVID-19-specific
but flexible enough to handle a broad spectrum of other
diseases.

COVID-19 radiograph (CORAD) scores from CT
scans are considered a definite diagnosis of COVID-19
even in the case of negative RT-PCR results. Chest X-ray
or CT scan of a COVID-19-infected patient generally
reports abnormal findings, such as ground glass opacities,
and coarse horizontal linear opacities scattered throughout
the lungs, often with consolidation.”® They represent
tiny air sacs getting filled with fluid. Another finding is
called the “crazy paving” pattern, which is caused due to
swelling of the interstitial septum along the walls of the
lung lobes superimposed on the background of ground
glass opacities. The latter finding is observed in the
advanced stage of infection.'"* Although RT-PCR remains
the gold standard procedure for COVID-19 detection,
these findings in X-ray images can help in the initial
screening of the suspected patients. There are six patterns
indicative of COVID-19 infection that can be observed
in a patient’s X-ray report. They are: (i) reverse batwing,
(ii) multifocal lower lobe predominant consolidation,
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(iil) peribronchial rounded consolidations, (iv) multifocal
bilateral consolidations, (v) ball pattern or round pneumonia,
and (vi) bilateral symmetrical diffuse lung involvement. Out
of these patterns, pattern (vi) is the most severe, suggesting
acute respiratory distress syndrome in the patient.

Several research groups have used deep learning-based
techniques for COVID-19 and pneumonia detection.'>?!
Since most of these techniques are well discussed and
debated in the literature, we will very briefly review only
a few of them. Wang et al.'® used deep learning techniques
on CT images to screen COVID-19 patients with an
accuracy, specificity, and sensitivity of 89.5%, 88%, and
87%, respectively. A novel convolutional neural network
(CNN), COVID-Net for detecting COVID-19 using chest
X-ray images presented by a different research team has
an accuracy of 83.5%." Transfer learning offers several
benefits, primarily in saving training time, significantly
improving the performance of ML models, and requiring
smaller data sets for training. For example, Sohaib et al.®
proposed a novel approach (demonstrated in non-
medical applications) that used step transfer learning
(STL) combined with extreme learning machine (ELM),
primarily focusing on improving the generalization power
of deep learning models for autonomous inspection. By
leveraging STL to extract generalized abstract features
from diverse source images and utilizing ELM to overcome
optimization limitations of traditional neural networks,
their model achieved significant improvements in accuracy
(2.5%), recall (4.8%), and precision (0.8%) compared to
existing studies. This approach enhanced generalization
demonstrating the usefulness of transfer learning
techniques for increasing the robustness of the detection
models and making the model more generalizable. Transfer
learning has found many applications in the biomedical
arena.” Joaquin'’ used a small dataset of 339 images for
training and testing by utilizing the ResNet50-based deep
transfer learning technique and obtained a validation
accuracy of 96.2%. Ahmmed et al.** conducted an in-depth
analysis of brain tumor classification using transfer learning
across multiple classes, utilizing robust frameworks,
such as ResNet 50 and Inception V3 for MRI images.
Their research meticulously curated paired datasets and
incorporated advanced techniques such as Early Stopping,
ReduceLROnPlateau, and hyperparameter optimization.
These strategies significantly improved model accuracy,
achieving exceptional classification rates for various types
of brain tumors. Similarly, Podder et al.*' developed a deep
learning model using optimized DenseNet architectures to
diagnose infectious diseases from chest X-rays, achieving
high detection rates for COVID-19 and other conditions.
Their modifications to the DenseNet architecture and
hyperparameter tuning demonstrated the potential of deep

learning models in improving diagnostic accuracy and
early disease detection.

In this study, we developed deep transfer learning-based
approaches for the automatic detection of COVID-19 using
various CNN-based models on chest X-ray images and
implemented several innovations in the training protocol.
Beyond the immediate applicability of the present method
as an additional diagnostic tool for identifying COVID-19
infections, it also might have far-reaching consequences. An
earlier big challenge was to identify and detect the infected
individual; however, slowly but steadily, the major focus
has shifted toward the long-term care of the lungs of the
infected persons. All seven human coronaviruses affect the
respiratory tracts and lungs. However, three of these virus
types, i.e., SARS-CoV, Middle East respiratory syndrome
coronavirus, and SARS-CoV-2 are known to severely affect
the lungs. Unfortunately, the long-term impact of SARS-
CoV-2 infection is neither clearly understood nor widely
studied as the viruses are dynamically evolving across the
world. Most severe infections are known to cause post-
COVID-19 sequelae, i.e., fibrosis of the lungs in the future.
A worthwhile initiative toward recording post-COVID-19
symptoms in this direction has been reported in the
literature.”® An ML-based system that relies on the chest
X-ray and/or CT scan image analysis might prove to be
highly valuable and instrumental in the long-term care of
the lungs by appropriately creating a highly scalable and
easily integrable digital infrastructure through curating,
cataloging, classifying and most importantly, creating an
appropriate data repository of the vital information about
different stages of the lungs as a function of time (using
automated time-stamps), significantly augmenting the
healthy lung initiative in the post-COVID-19 era.

2. Data and methods
2.1.Data

The dataset of chest X-ray and CT scan images™* used
in this study were sourced from a freely available GitHub
repository maintained by Cohen.* X-ray images containing
pneumonia and normal images were obtained from the
Kaggle dataset.”” We used 1763 images to analyze the
performance of the neural networks used for this study and
utilized 1260 images to train the model along with 251 and
252 images for validating and testing the model, respectively.
The dataset consists of 563, 947, and 223 images that belong to
COVID-19, normal, and pneumonia categories, respectively.
Figure 1 shows some examples from the dataset.

2.2. Methods: Different CNN architectures

Various CNN models such as ResNet, SeResNext, DenseNet,
and EfficientNet were used for classification. Here we briefly
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Figure 1. Sample images are taken from the dataset.***** The indication above each image corresponds to the associated label. Image created by the author.

sketch their outlines, although complete details can be
found in the reference mentioned in the corresponding
sections. Fundamental building blocks are schematically
depicted in Figure 2A-D.

2.2.1. Method 1: ResNet34

Developing a proper training protocol is a matter of
serious concern for the implementation of any deep neural
network. One such major issue is the divergence from local
minima, leading to improper training. To address this, in
ResNet,*® a modification in the network architecture was
introduced by incorporating skip connections, expressed
as H(x) + x, between layers. This alteration facilitated
quicker and more efficient model training. The smooth loss
landscape of ResNet prevents the model from becoming
trapped in local minima or saddle points, resulting in
improved training speed and accuracy. In our study,
we utilized a variant of ResNet, specifically ResNet34,
consisting of a total of 34 convolutional layers.

2.2.2. Method 2: SeResNext50

SeNet was originally proposed by Hu et al.* SeNet differs
from conventional neural network designs by emphasizing
the exploration of channel-wise features rather than solely
focusing on spatial features. In its fundamental structure,
the squeeze-and-excitation (SE) block transforms the input,
denoted as x, into a feature map U through convolution.
This map undergoes a squeeze operation, consolidating
feature maps across spatial dimensions to produce channel
descriptors. These descriptors encapsulate the global
distribution of channel-wise feature responses. Following
this, an excitation operation converts the descriptors into
per-channel modulation weights. These weights are then
applied to the feature map U to yield the output of the SE

A B

Output: F(X) + X
128 Dimensional

®

Output: F(x) + x

T relu

Identity
connection

Input X
128 dimensional

ResNext Block

Input : x

Residual Block

c Output : Hx W x C D Output

P 64 channel

HxWxC

Ak 1x1 conv, nf = 64
txaxc Concat
—

pxaxcn Conv Layer

1x1xC/r

1xixc

——
_—
ﬁ e

Input
3 channel

HxWxC

Input : Hx W x C
SeResNext Block

Dense Block

Figure 2. Building blocks of different convolutional neural network-
based architectures: (A) ResNet, (B) ResNext, (C) SeResNext, and
(D) DenseNet. Copyright © 2020 Springer International Publishing.
Reprinted with permission of Springer International Publishing.

block. In the SeResNext model,***! SE block is integrated
into every non-identity branch of the ResNext block—a
variant of the ResNet block characterized by multiple
convolution layers and skip connections. A ResNext block
consists of several convolution layers, each having a distinct
set of filter sizes and dimensions, and incorporates a single
skip connection for mitigating the vanishing gradient
problem during training. A SeResNext block is shown in
Figure 2C.
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2.2.3. Method 3: DenseNet

DenseNet architecture was proposed by Xie et al.* Its
architecture is very similar to that of ResNet, where
there are feed-forward connections from each layer to
the next layer.” In DenseNet, feature maps of one layer
are concatenated with feature maps of all the following
layers. This approach offers a benefit by leveraging
features extracted from early layers for subsequent
layers. Convolution blocks are sequentially stacked, and
interspersed with basic convolution layers to preserve
dimensionality across the network’s depth. It consists of
various “dense blocks.” A simple “dense block” is depicted
in Figure 2D.

2.2.4. Method 4: EfficientNet

Most of the architectures such as ResNet, VGG Net, and
Inception Net, are created manually by researchers where
they specify the complete network architecture upfront,
for example, number of layers, filter size, and number
of channels based on previous experiments/experience.
EfficientNets* are created using neural architecture search
where the complete model is built algorithmically by
keeping a constraint on the number of parameters. It uses
ResNet as a baseline model and modifies the number of
layers, number of channels, and input image dimensions
in the baseline model to create the desired model. The
smallest model, i.e., with a minimum number of parameters
in EfficientNet is called b0, and seven other models are
generated by changing the constraints, such as the number
of parameters and the number of Floating Point Operations
Per Second. EfficientNet b7 is the largest model among
EfficientNets. EfficientNets have very less inference time
when compared to other models with a similar number of
parameters. As the image size increases, larger EfficientNet
models are preferred since they have a greater number of
layers and the channel size also increases. This helps in
obtaining useful features from the larger image.

Overall, the rational for choosing this architecture
is as follows: ResNet was selected for its skip connection
architecture, which facilitates stable learning during
training; DenseNet for its dense connectivity facilitating
feature reuse across layers; SeResNext for its integration
of SE modules for enhanced feature recalibration; and
EfficientNet for its efficient model scaling strategy, which
collectively provides a diverse range of architectural
innovations for achieving accurate and reliable image
classification. It should be noted that it is always possible
(and sometimes more desirable) to make an ensemble of
these models for further improving the overall prediction.
Since the present article focuses on the fundamental aspects
of the implementation of these models, the ensemble
strategy is not explored in this work.

Transfer learning uses the initial weights of the neural
network pre-trained on a different database, which is
ImageNet* for the present study. Transfer learning plays
a crucial role in improving the model performance
when working on a dataset where the number of images
are limited. The amount of labeled data available in the
biomedical domain is limited mainly due to the time taken
toannotate the dataset. Initializing the model weightsin this
manner helps the model to capture important information
from the images. The initial layers of the network capture
very generic information from an image such as horizontal
and vertical edges, whereas the later layers of the network
capture patterns in an image that are very specific to the
dataset of study as previously described.* This pre-training
on a large dataset provides a solid foundation, allowing the
model to start with a better understanding of general visual
patterns. The fine-tuning process adapts the model to the
unique features and characteristics of the target dataset,
allowing it to specialize in recognizing patterns relevant to
the biomedical images at hand.

2.3. Training

We employed a learning rate scheduler* to determine the
most effective learning rate for our specific dataset. During
this process, the learning rate is cautiously increased after
each mini-batch, with the corresponding loss recorded at
each increment. Subsequently, we plotted the loss versus
learning rate, as illustrated in Figure 3, revealing how
different learning rates impacted the model’s performance.
Notably, for a very low learning rate, the loss diminishes
at a slower pace. As the learning rate increased, the loss
showed a rapid decline, indicating the optimal range.
Beyond this point, further increases in the learning rate
caused the loss to rise sharply, suggesting overshooting.
By identifying the point of the steepest loss decline (0.002
in our case), we determined the optimal learning rate for

13
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Figure 3. Scheduling the learning rate by investigating its impact on the
loss function. Image created by the authors.

Volume 2 Issue 1 (2025)

34

doi: 10.36922/aih.2888


https://dx.doi.org/10.36922/aih.2888

Artificial Intelligence in Health

Deep learning on chest X-ray and CT for COVID-19

training. It is crucial to avoid exceeding this optimal value,
as it may lead to overshooting the global minima of the
loss function. This balanced approach ensures efficient
training and better model generalization by avoiding both
slow convergence and the risk of overshooting the global
minima.

Adjusting the learning rate plays a critical role in
training neural networks. A smaller value of the learning
rate leads to gradual changes in the loss function but can
prolong convergence due to small gradients. Conversely,
a larger value of the learning rate may cause overshooting
of the global minimum. Hence, striking a balance between
the two extremes is essential for efficient training and
better generalization. Furthermore, employing a fixed
learning rate can lead to challenges such as becoming
trapped in local minima or saddle points where gradients
are insufficient for optimization. To mitigate these issues,
we set upper and lower bounds on the learning rate,
typically differing by a factor of ten. For instance, in our
experiments, the upper bound is set at 10~ and the lower
bound at 107°. This range allows the model to explore the
loss landscape effectively, avoiding stagnation in local
minima or saddle points. In addition, in lieu of employing
a uniform learning rate throughout the entire network
during the training process, this study adopts a strategy
known as discriminative learning rates. Here, learning
rates are tailored for different layers of the classifier,
typically ranging between 0.0001 and 0.01. This approach
acknowledges that various network layers capture distinct
types of information, thus warranting diverse learning
rates. Initial layers receive lower learning rates compared
to later layers, reflecting their differing roles in feature
extraction and abstraction.

The training methodology incorporates a one-cycle
training policy, characterized by a dynamic adjustment of
learning rates across epochs. Initially, a higher learning rate
is applied, gradually decreasing toward the final epoch. This
technique promotes improved model performance and
stability, facilitating parameter updates at an appropriate
pace. By mitigating the risk of local minima entrapment,
the model’s generalizability is enhanced.

Implementation details involve Python programming
utilizing the fastai library,*® a PyTorch-based open-source
platform tailored for deep learning model development.
Execution takes place on Google Collaboratory, leveraging
its provision of a free K-80 GPU with 12GB RAM, ideal
for executing ML algorithms. The source code and neural
network weights utilized in this study are publicly available
for reference.* In the following, we summarize some of the
key novelties in the training strategy in the present study.
We used training strategies to optimize the performance

of EfficientNet, ResNet, and SeResNext for COVID-19
detection using X-ray images. Key innovations include the
use of a dynamic learning rate scheduler to identify the
optimal learning rate, setting adaptive boundaries (10~ -
107°) to avoid local minima, and employing discriminative
learning rates tailored for different network layers (ranging
from 0.0001 to 0.01) to enhance feature extraction and
abstraction. In addition, we implemented a one-cycle
training policy, dynamically adjusting learning rates across
epochs to improve model performance and stability.
These training methodologies significantly enhance the
model’s robustness and accuracy, providing a distinctive
contribution to the field. Altogether, our proposed model
introduces several key innovations that enhance the
robustness and accuracy of these models, making our work
distinct from prior studies.

3. Results

A total of 1763 images were used to build the ML model, of
which 1260 images were used to train the model and 251
and 252 images were employed for validating and testing
the model, respectively. After the screening, the 563 images
indicating COVID-19 were split into train (450 images),
valid (71 images), and test datasets (72 images).

Figure 4A-D shows the confusion matrix for various
CNN architectures. ResNet and DenseNet obtained the
bestaccuracy, at 94.09%. The confusion matrix corresponds
to the predictions of the model on the test dataset.
The model is able to distinguish clearly among various
classes. The confusion matrices indicate that EfficientNet
is best at classifying normal images and SeResNext is
best at classifying pneumonia. ResNet performs best for
classifying images pertaining to COVID-19.

Figure 5 shows the predicted class, actual class, loss,
and probability of actual class for a set of misclassified
images for each model in the format “Prediction/Actual/
Loss/Probability” on the top of each image. Each image
illustrates the target class results for the model, highlighting
areas where the model’s predictions did not align with the
true labels.

Figure 6 shows the sensitivity as well as specificity of
the CNN models used in this work. The sensitivity of a
class measures the proportion of images belonging to a
particular class that are correctly classified by the model.
The specificity of a class measures the proportion of images
that do not belong to the class of interest and are correctly
classified by the model.

4. Discussion

EfficientNet has the highest specificity toward images of
class COVID-19 and ResNet has the highest sensitivity
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Figure 4. Confusion matrices for (A) ResNet (34), (B) DenseNet, (C) SeResNext, and (D) EfficientNet
Note: The number 34 indicates the number of convolution layers).

toward images of class COVID-19. The sensitivity and
specificity values in Figure 6A and B, respectively, were
computed by evaluating the performance of each CNN
model (ResNet, DenseNet, SeResNext, EfficientNet) on
a labeled test set consisting of three classes: COVID-19,
pneumonia, and normal X-ray images. Sensitivity (true
positive rate) was calculated as the ratio of correctly
identified positive cases to the total actual positive cases for
each class. Specificity (true negative rate) was determined
by the ratio of correctly identified negative cases to the
total actual negative cases for each class. For each model,
predictions were compared against the ground truth labels
to calculate these metrics, providing a comprehensive
assessment of each model’s ability to correctly identify and
distinguish between the three classes.

RT-PCR’s sensitivity and specificity are typically in the
range of 70 — 80% and 99 - 100%, respectively. Therefore,
the 94% sensitivity achieved in the present study with very
limited numbers of training images is an indication of good
performance, which is expected to get better with more
training images. Therefore, our method is significantly
more accurate. Subsequently, doctors may be consulted

for a confirmed diagnosis. Some examples of COVID-19
scans are described in the literature.”” In addition to the
tremendous promise, the efficacy of the present method
can be significantly enhanced, if it is supplemented with
blood lymphocyte count (as lymphopenia—a lower count
of lymphocytes—is mostly associated with COVID-19
and indicates severe form) and RT-PCR test data from
nasopharyngeal samples collected through swabs. The
efficacy of the present method will significantly improve,
even when not assisted by other methods, with more and
more usage (as the method progressively learns and gets
better at the job), as is the case for any ML method.

It is imperative to mention that collecting data from
diverse geographical regions can significantly improve
the performance of our model by introducing a wider
variety of image characteristics and potential variations
in COVID-19 presentation. Different regions may have
variations in imaging equipment, patient demographics,
and prevalence of comorbidities, all of which can influence
the appearance of X-ray images. By incorporating a more
diverse dataset, our model can learn to generalize better
across different populations and imaging conditions,
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leading to more robust and accurate predictions. This
enhanced diversity helps mitigate biases and ensures that
the model performs well in real-world, heterogeneous
environments, ultimately improving its reliability and
effectiveness in detecting COVID-19, pneumonia, and
normal cases at the global scale and for future pandemics,
as well.

5. Conclusion

In this work, we implemented various CNN models with
a transfer learning-based approach to classify COVID-19
and pneumonia from normal patients through chest X-rays.

This research article introduces several key innovations in
the training methodology that distinguish it from prior
works:

(1) Dynamic learning rate optimization. We developed a
novel dynamic learning rate scheduler that adaptively
identifies the optimal learning rate within carefully
set boundaries (10™* - 10°°). This approach mitigates
the risk of getting trapped in local minima, a common
challenge in neural network training.

(2) Layer-specific discriminative learning. This study
implemented a discriminative learning rate strategy,
applying different learning rates (ranging from 0.0001
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to 0.01) to various network layers. This nuanced
approach enhances both the low-level feature extraction
and high-level abstraction capabilities of the models.
One-cycle policy implementation. We integrated a one-
cycle training policy that dynamically adjusts learning
rates across epochs. This method has been shown to
significantly improve model convergence, stability,
and overall performance.

Comparative analysis of advanced architectures. While
individual CNN architectures have previously been
applied to COVID-19 detection, our study provides
a comprehensive comparison of EfficientNet, ResNet,
and SeResNext using these advanced training
strategies. This comparison offers valuable insights
into the relative strengths of these architectures for
this specific task.

Reproducibility and benchmarking. By using a
publicly available dataset and clearly documenting
our methodologies, we provide a robust benchmark
for future studies in medical image analysis, which
extends beyond the scope of COVID-19 detection.

3)

(5)

These methodological innovations collectively enhance
the robustness, accuracy, and generalizability of CNN
models for medical image analysis. While the immediate
application to COVID-19 may seem less pressing now, the
techniques we developed have broader implications for
improving deep learning approaches in medical imaging
across various conditions that might be very useful in our
fight against future pandemics.

Among the models implemented in the present study,
ResNet and DenseNet have achieved more than 94%
accuracy. This is far superior to the typical sensitivity of 70
- 80% for RT-PCR. Our results indicate that EfficientNet
is best at classifying normal images, and SeResNext is
best at classifying pneumonia. ResNet performs best for
classifying images pertaining to COVID-19. While the
accuracy of the present method is expected to get better
with increasing usage, which is an inherent feature of
artificial intelligence, there is no such chance for RT-PCR,
since this traditional method is not a smart protocol. The
model is able to learn the inherent features of pneumonia
and COVID-19 from a relatively small dataset. The
performance of the model can be improved further by
collecting data from diverse geographical regions. This will
also improve the generalizability of the model.

We strongly believe that this ML-aided diagnostic
protocol can help in detecting individuals suspected of
carrying infections with greater speed and accuracy, and
more importantly, it charts out the blueprint to rapidly
develop a new med-tech protocol for quick screening of
future pandemics. It is pertinent to point out here that

the decoupling of physical examination of the patient and
analytical pathology leads to an effective and modular
approach. This is likely to significantly enhance detection
speed, accuracy, and sensitivity, expected to form the
fundamental cornerstone that will be pivotal for an
extensive digital architecture to safeguard against many
future pandemics (to be elaborated in the follow-up article).
Furthermore, these models help in the early screening of
suspects in remote places in countries where the health
care providers as well as resources (such as RT-PCR kits
and CT scan machines) are limited.
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Abstract

Spinal diseases are among the most prevalent health issues in modern society,
significantly impacting patients’ quality of life. Diagnosing conditions such as disc
herniation and spinal deformity requires advanced medical imaging techniques,
including X-rays, magnetic resonance imaging (MRI), computed tomography, and
nuclear magnetic resonance. Spine MRI is particularly crucial due to its ability to
provide high-resolution images of soft tissues, essential for accurate diagnosis.
However, the manual segmentation of spine MRI images is labor-intensive and
inadequate for large-scale quantitative analysis. Thus, developing automated
spinal MRl segmentation methods is critical to alleviating doctors’ workload and
enhancing diagnostic efficiency. In this study, we propose a novel asymmetric
U-Net architecture designed to improve the precision of reconstructing complex
structures and details by increasing the depth of the upsampling side. The
model incorporates adjacent-scale skip connections to control parameters while
maintaining high segmentation accuracy. In addition, residual connections on the
upsampling side prevent gradient vanishing, thereby enhancing the network’s
feature learning and representation capabilities. Experimental results indicate
that this method significantly reduces training time and increases model accuracy
compared to traditional approaches, marking a substantial advancement in
automated spinal MRI segmentation. This innovative approach holds promise for
improving clinical outcomes and optimizing the workflow in medical imaging
departments.

Keywords: Spinal magnetic resonance imaging; Automated segmentation; Asymmetric
U-Net; Medical imaging; Deep learning
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1. Introduction

Spinal diseases are among the most prevalent health issues
in modern society. The pathogenesis of spine diagnostics
involves understanding the underlying mechanisms
and origins of spinal disorders, which is crucial for
accurate diagnosis and effective treatment. Modern spine
diagnostics has evolved significantly with advancements
in imaging technology, genetic research, and molecular
biology, providing deeper insights into spinal pathologies.
Pathogenesis in spine diagnostics refers to the study
of how spinal diseases develop and progress. This
includes degenerative diseases such as osteoarthritis and
intervertebral disc degeneration, as well as inflammatory
conditions such as ankylosing spondylitis." Degenerative
spinal disorders often involve the breakdown of
intervertebral discs and facet joints. Factors such as aging,
mechanical stress, and genetic predisposition contribute
to the degeneration process. Studies have shown that
mechanical loading and biochemical changes play
significant roles in disc degeneration.> Diagnostic tools
such as magnetic resonance imaging (MRI) and computed
tomography (CT) scans allow for detailed visualization
of these changes.® Inflammatory spinal diseases, such as
ankylosing spondylitis, involve chronic inflammation
of the spinal joints, which leads to pain and stiffness.
The pathogenesis of these diseases is linked to genetic
markers such as HLA-B27.* Advanced diagnostic methods,
including MRI and blood tests for inflammatory markers,
are essential for early detection and monitoring.> Spinal
tumors’ pathogenesis includes genetic mutations and
environmental factors that lead to abnormal cell growth.
Diagnostic imaging, biopsy, and molecular testing are
crucial in identifying and characterizing spinal tumors,
guiding treatment decisions.*’

The advancements in spine diagnostics have a profound
impact on modern healthcare, influencing clinical practice,
patient outcomes, and healthcare systems. Improved
imaging technologies, such as high-resolution MRI
and three-dimensional (3D) CT scans, provide detailed
visualization of spinal structures, enhancing diagnostic
accuracy.®® The integration of genetic and molecular
diagnostics enables personalized treatment plans. By
understanding the genetic and molecular basis of spinal
diseases, clinicians can tailor therapies to individual
patients, improving efficacy and reducing adverse effects.'
Advances in diagnostic imaging have facilitated the
development of minimally invasive surgical techniques.
Real-time imaging guidance during procedures minimizes
tissue damage, reduces recovery time, and lowers
the risk of complications.! Early detection of spinal
disorders through advanced diagnostics allows for timely

intervention, potentially preventing disease progression
and reducing the burden of chronic spinal conditions on
patients and healthcare systems. Studies have shown that
early intervention can significantly improve long-term
outcomes for patients with spinal conditions.? Accurate
diagnostics and early interventions can reduce healthcare
costs by decreasing the need for extensive surgeries
and long-term care. Efficient diagnostic processes also
streamline patient management, optimizing resource
utilization within healthcare systems.

Accurate diagnosis of spinal conditions is critically
dependent on the analysis provided by MRIL*"** High-
quality spine MRI segmentation is crucial for enabling
doctors to precisely locate and examine spinal structures,
thereby facilitating the diagnosis of various spine-related
diseases such as disc herniation and spinal deformities.'>!¢
Accurate segmentation results are essential for assessing
the severity of these conditions and developing effective
treatment plans.

To address the labor-intensive nature of medical
imaging tasks, there is a growing trend toward data-
driven approaches in contemporary medical imaging
technology.'"® Traditional image processing techniques,
such as thresholding,"” edge detection,?® and mathematical
morphology, have vyielded some positive outcomes.
However, significant advancements have been made in
recent years with the advent of deep learning methods,
particularly convolutional neural networks, which have
revolutionized spine medical image segmentation.?>*
Models such as U-Net* DeepLab,”® and Fully
Convolutional Networks* have been extensively applied
to spine image segmentation tasks, with the U-Net
architecture achieving notable success. This model excels
in extracting and representing feature information in MRI
medical image analysis.

To further enhance U-Net’s ability to capture multi-
scale information, Huang et al. introduced U-Net++,”
which incorporates full-scale skip connections. This design
effectively aggregates low-level and high-level semantic
information, improving segmentation performance.
However, the practical application of U-Net++ is
challenged by the large size of spine medical images and
the network’s complex structure, leading to prolonged
training times and reduced accuracy due to the intricate
nature of spinal images.

This study proposes an innovative and efficient spine
segmentation method called “J-Unet” network to overcome
these limitations and improve model accuracy while
reducing training costs. Our approach includes optimizing
multi-scale skip connection paths and deepening the
network depth of the upsampling component to capture
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finer features across different depths. The key contributions
of this study are as follows:

(1) Optimization of multi-scale skip connection paths:
By refining these paths, we can better control model
parameters while ensuring high segmentation
accuracy.

Increased network depth in the upsampling process:
This modification enables the model to reconstruct
complex structures and details more accurately,
enhancing overall precision.

Introduction of residual connections: These
connections are incorporated locally to mitigate the
problem of gradient vanishing, accelerate training,
and strengthen the network’s feature learning and
representation capabilities.

()

3)

In summary, the proposed method addresses the
challenges of excessive training time and model accuracy
in spine MRI segmentation. By optimizing the architecture
of U-Net++, we aim to provide a more efficient and
precise tool for medical professionals, thereby improving
diagnostic and treatment outcomes for spinal diseases.

2. Data and methods

In this section, the dataset used in this study and the
processing methods employed are introduced. A detailed
description of the proposed J-Unet architecture, designed
specifically for spine MRI image segmentation, is also
provided.

2.1. Dataset and processing methods

The dataset utilized in this study consists of T2-weighted
MRI scans obtained from a cohort of 215 patients, sourced
from multiple medical institutions to ensure diversity and
robustness in the data.?®* All images are provided in Nifti
format, a widely recognized standard for medical imaging,
which facilitates comprehensive 3D visualization and
analysis.

Initially, the dataset’s labels included 21 distinct pixel
values representing various anatomical structures and
features. For the purposes of this study, these original
labels were reclassified into three primary categories:
vertebral bone, intervertebral disc, and background
regions. This reclassification simplifies the segmentation
task, focusing on the most clinically relevant structures.
The reclassified pixel values for segmentation are detailed
in Table 1, providing a clear framework for subsequent
image processing and analysis.

We configured the training and validation datasets
with a 4:1 ratio. To ensure a balanced and representative
distribution of data, the allocation was performed
through random sampling, which mitigates potential

Table 1. Reclassified pixel values for segmentation

Intervertebral disc

(255 255 255)

Vertebral bone

(100 100 100)

Background regions

(000)

biases and ensures that the training dataset captures a
comprehensive range of variations present in the images.
Each input spine image is standardized to a size of 512
x 512 pixels to maintain consistency and optimize the
computational efficiency during model training. Figure 1
shows an example of an original spinal MRI image and its
corresponding label image, illustrating the visual clarity
and distinct boundaries of the segmented regions.

2.2. J-Unet architecture

The J-Unet architecture introduced in this study represents
asignificant evolution from traditional U-Net and U-Net3+
designs, addressing some of the limitations inherent in
these models and incorporating advanced features to
enhance performance in spine MRI image segmentation.
Figure 2 illustrates the architecture of the proposed J-Unet,
highlighting the innovative structural elements that
differentiate it from its predecessors.

2.2.1. Asymmetric network architecture

One of the most notable advancements in the J-Unet model
is its asymmetric network architecture, which diverges
from traditional U-Net structures by extending the
upsampling pathway with three additional layers compared
to its downsampling counterpart. This asymmetry is
deliberately engineered to enhance the networK’s ability
to capture and reconstruct complex, hierarchical features
more comprehensively. By increasing the depth on the
upsampling side, the model can progressively refine the
spatial resolution of the feature maps, thereby improving
the accuracy of the segmentation output.

In this design, the input and output channels of
these additional upsampling layers are set to 120,
effectively reducing the number of parameters without
compromising accuracy. The advantages of an asymmetric
network architecture are evident in its enhanced ability
to precisely reconstruct complex structures and details.
Traditional symmetric architectures often struggle with
images characterized by irregular shapes and intricate
edges. By increasing the depth on the upsampling side, the
asymmetric network better adapts to these complexities.
It also utilizes skip connections between specific scales
to fine-tune model parameters while maintaining
segmentation accuracy.

The depth of the upsampling pathway in the J-Unet
is crucial for reconstructing the finer details of spinal
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Figure 1. Example original spinal magnetic resonance imaging image and its corresponding label image
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Figure 2. The architecture of the proposed J-Unet

structures, which are often lost in traditional symmetric
architectures. This extended pathway allows the network
to learn more detailed and nuanced representations of
the spinal structures, crucial for tasks that require high
precision, such as medical image segmentation. The ability
to capture and reconstruct hierarchical features ensures
that the segmentation of the spine is both accurate and
reliable, which is essential for clinical applications where
precise anatomical delineation is required for diagnosis
and treatment planning.

2.2.2. Adjacent-scale skip connections

Unlike the U-Net3+ architecture, which utilizes fully-
scaled skip connections, the J-Unet adopts adjacent-scale
skip connections. This approach strategically reduces
the redundancy and overall parameter count associated
with the skip connections while maintaining the ability

to leverage multi-scale feature information effectively.
Fully-scaled skip connections can introduce excessive
redundancy, leading to an unnecessary increase in
computational load and model complexity. In contrast,
adjacent-scale skip connections streamline the network,
reducing computational overhead without sacrificing the
richness of the multi-scale features. This optimization not
only simplifies the network architecture but also enhances
computational efficiency and model scalability, making the
J-Unet more practical for large-scale applications and real-
time processing.

In the J-Unet model, the size of feature maps does
not uniformly change by integer multiples. For instance,
adaptive max pooling is employed to resize a 256 x 256
feature map from the encoder to a 192 x 192 feature map in
the decoder, whereas standard fixed window max pooling
is used for regular size adjustments. This method enhances
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internal information flow and integration within the
network, improves the perception of detailed structures and
edges, and ultimately boosts the accuracy of segmentation
tasks. Figure 3 illustrates these tailored connections in the
J-Unet architecture, showcasing how the model efficiently
integrates multi-scale information without the overhead of
fully-scaled connections.

Adjacent-scale skip connections allow the network
to capture both fine-grained details and coarse-grained
semantics across different scales but with fewer parameters.
This design retains the ability to capture detailed features
necessary for accurate segmentation while reducing the
computational burden, making the model more efficient
and scalable. The strategic use of these connections ensures
that the model can effectively integrate information from
different scales, enhancing its ability to accurately segment
complex spinal structures.

2.2.3. Partial residual connections (PRCs)

The addition of three upsampling layers not only deepens
the network architecture but also introduces the risk
of gradient vanishing. To counteract this and boost the
network’s feature representation capabilities, residual
connections are strategically employed during the
upsampling process. Residual connections, introduced by
He et al.* in their seminal work on deep residual networks,
are designed to preserve and reuse the information captured
in earlier layers, addressing the vanishing gradient problem
and facilitating the training of deeper networks.

[13 512 512]

Input Image

Size
Channel
Count
64

512

In the J-Unet model, each decoder layer is connected
to the largest-scale feature map from the most adjacent
layer through a residual connection, allowing for the
construction of an even deeper network. The innovation of
PRCs offers several advantages. Unlike traditional global
residual connections, PRCs are more selective, maintaining
and transmitting essential feature information and thereby
enhancing the networKk’s ability to learn complex feature
representations more efficiently.

This selective connection strategy not only accelerates
the training process but also reduces resource consumption.
Overall, PRCs significantly improve training stability,
enhance learning capacity, and bolster the generalization
performance of neural networks, making them a vital
component in the design of advanced deep learning models.
By preserving critical information from earlier layers and
reintroducing it at later stages, PRCs facilitate a more robust
learning process, enabling the network to capture intricate
details and complex patterns within the spinal MRI images.

2.2.4. Integration of advanced structural elements

The integration of these advanced structural elements in
J-Unet, including extended asymmetry in the upsampling
path, optimized skip connections, and strategic use of
residual connections, aims to improve the accuracy
and efliciency of spine MRI image segmentation. These
enhancements enable the model to handle the intricacies
of medical imaging data, which often involve complex
anatomical variations and subtle pathological features.

Conventional skip connection

Down-sampling

Up-sampling

Residual Connection

Figure 3. Detailed illustration of connections in J-Unet
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By effectively managing these complexities, the J-Unet
architecture supports more precise diagnostic outcomes
and potentially informs better clinical decision-making.

Accurate segmentation of spine MRI images can aid
in the early detection and diagnosis of spinal pathologies
such as disc herniation, spinal stenosis, and tumors. Precise
delineation of these structures is essential for planning
surgical interventions, assessing disease progression, and
evaluating treatment efficacy. The improved segmentation
performance offered by the J-Unet model can therefore
contribute to better patient outcomes by enabling more
targeted and effective treatments.

Moreover, the computational efficiency and scalability
of the J-Unet architecture make it suitable for deployment
in clinical settings where rapid processing of large volumes
of imaging data is required. This is particularly important
in modern healthcare environments, where the demand
for advanced imaging techniques is increasing, and the
ability to process and analyze data quickly can significantly
impact the quality of care provided.

3. Results and analysis

In this section, we detail the organization and methodology
of our experimental study using magnetic resonance (MR)
imaging data. The dataset, comprising MR image sequences
from 215 patients, was stratified into training and test sets
in a 4:1 ratio. This separation was carefully designed to
ensure both sets were representative of the overall dataset,
supporting the generalizability of our findings. Using the
J-Unet architecture, we developed a model capable of
automatically segmenting vertebrae and intervertebral
discs within spinal MR images. The performance of this
model was rigorously evaluated to ascertain its efficacy
in medical imaging tasks. In addition, to provide a
comprehensive analysis of our model’s capabilities, we
compared its performance with several other established
neural network architectures: Unet, Unet++, Unet+++,
and Res-Unet. This comparative study aimed to highlight
the strengths and potential areas for improvement in the
J-Unet architecture relative to other models in handling
complex segmentation tasks in spinal MR images.

The computational experiments were conducted using
the Pytorch framework and cuDNN library, optimized for
deep neural network operations. All models were trained
on arobust hardware setup featuring a single NVIDIA GTX
3090 graphics processing unit. This high-performance
computing environment ensured efficient processing of
large-scale data, facilitating timely training and evaluation
of the models. This systematic approach allowed us to not
only assess the specific advantages of the J-Unet model but
also to establish a baseline for performance against other

prominent architectures in the field, thereby providing a
clear perspective on the current state of the art in spinal
MR image segmentation.

3.1. Experimental setup

We utilized three evaluation metrics to assess the
segmentation performance of our models: accuracy, mean
intersection over union (mIOU), and dice coefficient.
These metrics provide a comprehensive view of the model’s
effectiveness in segmenting vertebrae and intervertebral
discs in spinal MR images. The formulas for these metrics
are as follows:
(1) Accuracy: Measures the proportion of true results
(both true positives [TP] and true negatives [TN])
among the total number of cases examined.

TP+TN

Accuracy =
> TP+FN+FP+TN

@

(2) mIOU: Calculates the average IOU across all classes,
providing an overall measure of segmentation
performance.

MIOU = cIOU +uclOU

(II)

(3) Dice coefficient: Evaluates the overlap between the
predicted and ground truth segments, often used in
medical image analysis.

2TP

Dice=————
2TP+FP+FN

(I11)

Definitions of confusion matrix terms are given below:
e TP: A positive class instance correctly predicted as
positive.
e False negative (FN): A positive class instance
incorrectly predicted as negative.
e False positive (FP): A negative class instance
incorrectly predicted as positive.
e TN: A negative class instance correctly predicted as
negative.

In these definitions, TP and TN indicate correct
predictions of the instance class, while FN and FP
indicate incorrect predictions. Table 2 outlines the specific
parameter settings used for the segmentation model.

These settings were carefully chosen to optimize model
performance and ensure reliable evaluation metrics. They

Table 2. Parameter settings of the segmentation model

Parameter Learning rate Batch size

le-4

Optimizer

Adam 2

Epoch
100

Value
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include details on learning rate, batch size, number of
epochs, and other hyperparameters critical for training
deep learning models. The segmentation performance
of J-Unet was benchmarked against several established
models: Unet, Unet++, Unet+++, and Res-Unet. Each
model was trained and evaluated using the same dataset
and parameter settings to ensure a fair comparison. The
results were analyzed using the aforementioned metrics to
determine the relative strengths and weaknesses of each
model.

3.2. Optimization and loss function selection

In this study, we utilized the Adam optimizer due to its
significant advantages in deep learning model training.
Adam’s ability to apply different scaling factors to
parameter updates facilitates the discovery of the global
optimum more efficiently during the training process. This
tailored approach to parameter adjustment helps navigate
the complex loss landscapes often encountered in deep
learning models, ensuring that each parameter evolves at
an appropriate pace. By adaptively adjusting the learning
rate for each parameter, Adam accelerates convergence,
enhancing the overall efficiency of the training process. In
addition, Adam is known for its computational efficiency
and ease of implementation. It requires less memory
compared to other optimizers, making it ideal for handling
large-scale data and complex models. To ensure stable
convergence towards a local optimum, we set the learning
rate to 0.0001. This small learning rate helps in fine-tuning
the model parameters, preventing overshooting and
ensuring a smooth descent in the loss landscape.

The choice of Dice Loss as the loss function for this
study is driven by its effectiveness in addressing common
challenges in medical image segmentation. Dice Loss is
particularly robust in scenarios with imbalanced classes,
a common occurrence in medical imaging. Its calculation
involves the intersection and union of the predicted and
true values, making it less sensitive to the disproportionate
pixel counts of different classes. This robustness ensures
that the model performs well even when certain classes are
underrepresented.

Moreover, Dice Loss provides smoother gradients
compared to other loss functions, contributing to a more
stable training process. This stability helps mitigate issues
such as exploding or vanishing gradients, which can hinder
the training of deep neural networks. By emphasizing the
similarity between predicted and true segmentations, Dice
Loss encourages the model to produce accurate and refined
segmentation results. This focus on overlap and accuracy is
crucial for tasks requiring precise delineation of structures,
such as in medical imaging where detail and precision are
paramount.

The proven applicability of Dice Loss in medical
imaging further validates its use in this study. Dice Loss
is widely employed in medical image segmentation
tasks, particularly those demanding high accuracy, such
as tumor segmentation. Its sensitivity to fine structures
and boundaries makes it an excellent choice for medical
applications, where theaccurate segmentation ofanatomical
structures is critical for diagnosis and treatment planning.
The combination of the Adam’s optimizer and Dice Loss
provides a robust framework for training our segmentation
model. Adam’s efficiency and adaptability, coupled with
Dice Loss’s robustness to class imbalance and emphasis on
accurate segmentation, ensure a high-performance model
suitable for the complexities of medical image analysis.

3.3. Model training

During the training process, Dice Loss was employed as
the loss function for our deep learning model. Dice Loss
is a widely used metric in image segmentation tasks,
designed to measure the similarity between the predicted
segmentation and the ground truth.

The segmentation models, namely UNET, UNET++,
UNET+++, ResUNET, and J-UNET, were trained using
the training set. Figure 4 illustrates the variation of loss
and Dice coefficient during training and validation for
these five models. The graphs provide a clear comparison
of how each model’s performance evolved over the training
epochs. During the training process, we encountered
several instances of gradient explosions, particularly with
the UNET+++ model. These gradient explosions resulted
in a sharp increase in loss values. To address this issue, we
employed a strategy of resuming training from checkpoints
saved before the occurrence of the gradient explosions.
This approach allowed us to continue training effectively,
leading to eventual convergence. The training of the
remaining network models exhibited normal convergence
patterns without such disruptions.

Upon analyzing the final convergence ranges, it was
evident that J-UNET and UNET achieved lower loss
values on the training set compared to the other models.
On the test set, although the differences in loss values
among the various models were not substantial, ]-UNET
and ResUNET consistently demonstrated smaller loss
values. This indicates that J-UNET, in particular, exhibited
superior generalization ability, aligning well with the
task objectives. The combination of Dice Loss and the
robust architecture of J-UNET contributed to its superior
performance in segmenting vertebrae and intervertebral
discs in spinal MR images. The J-UNET model not only
converged effectively but also showed a strong ability to
generalize from the training set to the test set, making it a
highly effective tool for medical image segmentation tasks.
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Figure 4. Loss values and evaluation metrics in model training and validation. (A) Training Loss; (B) Validation Loss; (C) Training Dice Coefficient; and

(D) Validation Dice Coefficient

3.4. Results

Upon completion of the training phase for the various
network models, we computed several key metrics on the
test set to assess their performance. These metrics include
dice, accuracy, and mIOU, which are standard measures
for evaluating segmentation quality. For detailed formulas
of these metrics, refer to section 3. The results, presented in
Table 3, highlight the superior performance of the J-Unet
model across all evaluation criteria.

As illustrated in Table 3, the J-Unet model achieved
notable improvements in comparison to other models.
Specifically, J-Unet improved the dice score by at least
0.24%, accuracy by 0.74%, and mIOU by at least 0.24%.
These improvements underscore the effectiveness of the
J-Unet architecture in accurately segmenting spinal MR
images.

In addition to evaluating segmentation performance,
we compared the number of parameters across the different
models, as shown in Table 4. Our J-Unet model, while
having a parameter count slightly higher than UNET, boasts
approximately 78.1% fewer parameters than Res-UNET,
17.2% fewer than UNET+++, and roughly 2.3% fewer than
Res-UNET. Despite its relatively smaller parameter count,
J-Unet consistently achieved the highest performance in all
evaluation metrics. This efficiency indicates that our model
is not only accurate but also resource-effective.

The experimental results clearly demonstrate that the
design choices of J-Unet, such as the asymmetric network

Table 3. Scores obtained of all models

Model Dice Accuracy mIOU
Unet 0.8791 0.9613 0.8093
Unet++ 0.8885 0.9655 0.8264
Unet+++ 0.8866 0.9606 0.8248
Res-Unet 0.8889 0.9642 0.8241
J-Unet 0.8913 0.9729 0.8288

The values in boldface indicate the best performance among all models
in each metric.
Abbreviation: mIOU: Mean intersection over union.

Table 4. The number of parameters of different models

Model Unet Unet++ Unet+++ Res-Unet J-Unet
Total 17267523 24423232 25659999 101942977 22331979
parameters

structure, adjacent-scale skip connections, and PRCs,
contribute significantly to its enhanced accuracy and
generalization capabilities. These architectural innovations
enable J-Unet to maintain high performance with fewer
parameters, reducing the computational resources and
time required for both training and inference. Figure 5
shows the segmentation maps of different models. The
superior performance and efficiency of J-Unet affirm
the benefits of its innovative design. The model’s ability
to achieve high segmentation accuracy with a smaller
parameter footprint makes it valuable for medical image
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Figure 5. Segmentation maps of different models

segmentation, providing a practical solution that balances
performance with computational efficiency.

4, Conclusion

In this study, we introduce a novel asymmetric U-Net
architecture, termed J-Unet, designed for efficient
and accurate spine MRI image segmentation. J-Unet
distinguishes itself from conventional U-Net and its
variants through its asymmetric encoder-decoder
structure, featuring a deeper upsampling path that
enhances the precise reconstruction of anatomical details.
The incorporation of adjacent-scale skip connections
and PRCs allows J-Unet to reduce the number of model
parameters while maintaining the flow of multi-scale
contextual information. We rigorously evaluated J-Unet
using a dataset comprising 215 spine MRI images. The
results indicate that J-Unet significantly outperforms
other models, including U-Net, U-Net++, and U-Net+++,
achieving at least a 0.24% improvement in both dice score
and mIoU. Furthermore, J-Unet operates with substantially
fewer parameters compared to U-Net+++ and Res-UNET,
demonstrating superior performance and efliciency. In
conclusion, this study presents an innovative asymmetric
U-Net architecture specifically tailored for spine MRI
image segmentation. J-Unet’s unique design enables
precise localization and segmentation while optimizing
parameter efficiency, making it a highly accurate and
resource-effective solution. Our model offers a promising
advancement in automating spine segmentation in medical
image analysis, potentially enhancing diagnostic processes
and treatment planning.
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Abstract

Magnetic resonance imaging (MRI) is critical in the diagnosis of neurodegenerative
diseases, enabling the detection of brain lesions. Recent research has examined metallic
nanoparticles (NPs) as MRI contrast agents (CAs) that can enhance lesion visibility by
altering relaxation times. This study investigates the effects of metal oxide NPs on MRI
relaxation times and brain lesion signals and proposes an algorithm for automated
relaxation time determination using these NPs. The utilized NPs were synthesized using
the sol-gel method and characterized using Fourier-transform infrared spectroscopy
and X-ray diffraction. MRI scans were performed on a phantom infused with varying
concentrations of each metal oxide NP to assess changes in pixel signal intensities and
relaxation rates. Our analysis involved segmenting the MRI images to focus on regions
with different NP concentrations. The algorithm computed the longitudinal relaxation
time for each region, revealing that Fe,O, NPs exhibited the most substantial effect on
signal intensity and relaxation time. The results indicated a high correlation (r=0.9977),
demonstrating strong agreement and confirming the reliability of our method. Our
findings suggest that metallic oxide NPs, particularly Fe,O,, can considerably alter
magnetization and act as effective negative CAs in MRI. These capabilities can improve
the monitoring and treatment efficacy of neurodegenerative diseases. Our method for
quantifying longitudinal relaxation times can potentially enhance routine clinical MRI
assessments, offering a promising tool for future clinical applications.

Keywords: Magnetic resonance imaging; Algorithm; Longitudinal relaxation time (T1);
Signal intensity

1. Introduction

Magnetic resonance imaging (MRI) is a vital diagnostic imaging tool in the medical field,
particularly for diagnosing various neurodegenerative diseases.”” MRI can differentiate
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between neurodegenerative conditions such as multiple
sclerosis (MS), which is characterized by brain lesions
primarily in the white matter. These lesions are identified
through demyelination, inflammation, and axonal loss.**
A comprehensive understanding of brain MRI findings is
essential for accurate MS diagnosis.”

In MRI, a portion of proton nuclei within the body
aligns parallel to an external magnetic field (B ) to generate
images.® These nuclei precess at a Larmor frequency (w,)
and are excited to an antiparallel state by a radio frequency
(RF) pulse. On removing the RF pulse, the nuclei return
to their equilibrium state, a process involving longitudinal
(TI) and transverse (T2) relaxations.*” T1 denotes the
time required to reach 63% longitudinal magnetization,
while T2 is defined as the time required for a decrease
in the transverse magnetization by 37% its initial value.®
Standard MRI sequences, including T1-weighted (T1-w),
T2-weighted (T2-w), fluid-attenuated inversion recovery
(FLAIR), and T1-weighted contrast modalities, are
employed to detect overt lesions and assess tissue atrophy
in MS.>® MS lesions typically manifest as hyperintensities
in T2-w and FLAIR images and as hypointensities in T1-w
images.?

Recent research has revealed an imbalance in the metal
levels among individuals suffering from MS, suggesting a
link between metal levels and neurodegenerative diseases.
This imbalance may contribute to brain injuries.!**®
Metallic elements are considered potential causes of brain
lesions. Furthermore, these metals are hypothesized to
accumulate within lesions, altering the MRI contrast signal
similar to contrast agents (CAs). However, the mechanism
by which these metals influence the MRI signals of lesions
remains underexplored.

Advancements in nanotechnology and the unique
properties of metallic nanoparticles (NPs) that influence
MRI relaxation times have facilitated the use of NPs as
CAs in MRI."®!6" Metallic NPs can reduce T1 or T2 by
accelerating relaxation rates and inducing magnetic field
inhomogeneity.® Regions containing these NPs appear
bright in T1-w images, and NPs act as negative CAs,
reducing T2 signals.'® CAs are essential for enhancing the
contrast and sensitivity in MRI diagnostics. For instance,
Gd is widely used as a CA in MRI, favored for its prolonged
magnetic relation time and large magnetic moment.?**
Studies have also explored MRI CAs based on iron
oxide (Fe,O,), gadolinium oxide, and manganese oxide
NPs.”?2% Cai et al. (2019)* highlighted advancements
in the utilization of Mn oxide as a CA in MRI, while
Blanco-Andujar et al** emphasized the design of Fe O,-
based magnetic NPs that enable the optimization of their
relaxivity for use as CAs in T2-w MRI.

The vast amount of data generated during MRI
presents challenges for visual analysis, necessitating
advanced analytical methods. Artificial intelligence-based
algorithms are gaining prominence in the biomedical field
and medical image analysis.”® Automated image analysis
enables the handling of extensive datasets with consistent
precision, overcoming the limitations of manual methods.
Al applications serve as decision support systems, although
their development poses challenges.”

AT algorithms are widely used for targeting specific
regions (organs or tissues), classifying disease stages, and
diagnosing tumors.?*>! For instance, Chang et al.** explored
the use of a deep learning algorithm for the automated
segmentation and quantification of the myocardial
T1 values, while Bidhult et al.** developed algorithms
for T1 and T2 relaxation mapping in cardiac imaging.
Specifically, for brain regions, Jibon et al.** improved a
classification method to distinguish between cancerous
and noncancerous tumors from brain MRI using log polar
transformation and convolutional neural networks. In
addition, the improved algorithm developed by Oliveira
et al'' demonstrated the effectiveness of convolutional
neural networks for detecting brain lesions in individuals
with MS. In general, the primary role of Al is to create tools
that automatically learn from data and produce accurate
results,” potentially minimizing medical errors and aiding
clinicians.*

Given the role of metal oxide NPs as CAs and
importance of algorithms in medical image analysis,
developing an algorithm to study NP signals in MRI is
essential. This study investigates the relationship between
different metal oxide NP concentrations and relaxation
times, hypothesizing the following. (1) Various metal
oxides affect signal intensity, (2) different metal oxide NP
concentrations alter signal intensity, and (3) metal oxide
NPs influence the longitudinal relaxation time in MRI.
Moreover, we present an algorithm to analyze the signal
intensity and autonomously determine relaxation times in
MRI using metal oxide NPs.

2. Methods

2.1. Chemicals and reagents

Five distinct NPs were synthesized using the
sol-gel method, a bottom-up chemical approach

enabling enhanced control over procedural steps and
the chemical compositions of the final products.” All
reagents were sourced from Sigma-Aldrich, including
cobalt(I) nitrate hexahydrate (Co(NO,)-6H,0, 98%),
copper(Il) nitrate tetrahydrate (Cu(NO,),-3H,0, 99%),
iron(Ill) nitrate nonahydrate (Fe(NO,),.9H,0, 98%),
nickel(II) nitrate hexahydrate (Ni(NO,),-6H,0, 97%), and
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zinc oxide (ZnO, 99%). Additional reagents employed
were ethylene glycol, citric acid, and nitric acid.

2.2. Synthesis of NPs

To synthesize Co,0, NPs, Co(NO,)-6H,0O and urea were
separately dissolved in 30 mL Milli-Q water at a molar
ratio of 1:1, following which the solutions were combined
and maintained at 30°C for 2 h for homogenization. The
mixed solution was then heated to 80°C with vigorous
stirring until complete solvent evaporation. Co,0O, NPs
were finally obtained post-calcination at 400°C.*

Copper oxide (CuO) NPs, in the form of a
Cu,0/CuO nanocomposite, were prepared by dissolving
5gCu(NO,),-3H,0 in 20 mL ethylene glycol. After stirring
the solution for 1 h, it was allowed to form a gel over 24 h,
followed by drying at 200°C and calcination at 300°C for
1 h each. A final heat treatment was performed at 500°C
for 1 h.

Fe, O, NPs were synthesized by dissolving 7.2 g
Fe(NO,),-9H,0 in 200 mL Milli-Q water and 32.6 g citric
acid in 800 mL Milli-Q water. The iron nitrate solution was
gradually added to the citric acid solution under constant
stirring. The mixture was then heated to 90°C until gel
formation, dried in an oven at 100°C for 24 h, and calcined at
400°C for 2 h. The resulting gel was ground into a powder.”

Nickel oxide (NiO) NPs were prepared by dissolving 3 g
Ni(NO,),-6H,0 in 100 mL Milli-Q water. To this solution,
0.5 M sodium hydroxide solution was added drop-wise
under continuous stirring until the pH reached 11, at
which point precipitates were formed. These precipitates
were washed 5 times with Milli-Q water, dried at 95°C
to completely remove the solvent, and finally calcined at
550°C for 3 h.*

Zinc oxide (ZnO) NPs were synthesized usingamorphous
ZnO powder. Initially, 100 mL Milli-Q water and 15 mL
nitric acid were mixed using a magnetic stirrer at 90°C,
following which 5.5 g amorphous ZnO was added gradually.
A secondary solution containing 190 mL deionized water
and 5.5 g citric acid was prepared and mixed with the
first solution. After 15 min of stirring and adding 10.5 mL
ethylene glycol, the mixture was maintained at 290°C until
reaching a basic pH. The temperature was then lowered
to 180°C and subsequently to 70°C until the solvent was
evaporated. Post-crystallization, the product was dried for
2 hat 350°C and further heated at 500°C for 30 min.*

2.3. Characterization of the NPs
2.3.1. X-ray diffraction (XRD)

XRD was used to determine the crystalline structures
and phases of the NPs by comparing the results with the

entries in the Joint Committee on Powder Diffraction
Standards (JCPDS) database.*? The crystallite sizes of the
NPs were estimated using the Scherrer equation.” This
size estimation was also conducted by analyzing XRD
peaks, employing the Debye-Scherrer equation.” XRD
spectra were acquired using a D/MAX-2100/PC (Rigaku)
apparatus, equipped with a Cu Ko radiation source
(A = 1.5418 A). The spectra were scanned in a 20 range
of 20 - 80°, with a scanning speed of 2°/min, a step size of
0.02°/min, and operating conditions of 40 kV and 20 mA.

2.3.2. Fourier-transform infrared spectroscopy (FTIR)

FTIR spectroscopy was performed to analyze the functional
groups and molecular bonds within the NPs, facilitating
the detection of compositional changes in the samples.
This analysis was performed using a Vertex 70-Bruker
spectrometer, supported by a diamond crystal. Spectra were
acquired in the infrared region using the attenuated total
reflectance method, with ascanning range o 3000 - 400 cm ™,
comprising 32 scans at a resolution of 4 cm™'.

2.4. MRI

An acrylic phantom, simulating a brain, was filled with
paramagnetic aqueous solutions to mimic different
biological tissues, such as gray matter, white matter, and
cerebrospinal fluid.* To assess changes in MRI signal
intensity and relaxation time, four distinct concentrations
of NPs (Table 1) were prepared and added to specific
compartments of the phantom. The effects of these varying
NP concentrations on MRI signal characteristics were
subsequently evaluated.

The acquisition of MRIs followed a protocol
recommended by the Consortium of MS Centers, tailored
specifically for patients with MS. These images were
acquired using a 3.0 Tesla Siemens Verio MRI scanner.
To investigate the impact of varying NP concentrations
on the MRI signals, signal quantification was performed
across three different imaging sequences: T1-w, T2-w, and
FLAIR. Furthermore, a study was performed to assess the
influence of echo time (TE) variations on signal intensity,
using TEs of 11, 32, 43, 64, and 86 ms. Figure 1 illustrates
the phantom infused with different concentrations of the
five metallic oxide NPs (Figure 1A) and a representative
MRI slice of the phantom (Figure 1B).

Table 1. Concentrations of nanoparticles (NPs) in the phantom

Hole Co,0,(g/L) CuO(g/L) FeO,(g/L) NiO (g/L) ZnO (g/L)
1 0.20 0.27 0.11 0.35 0.19
2 0.49 0.65 0.53 0.63 0.52
3 1.39 2.07 1.83 1.97 1.41
4 3.59 3.29 3.33 3.59 3.32
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Figure 1. Phantom and its respective magnetic resonance imaging (MRI) for signal intensity analysis of the metal oxide nanoparticles (NPs). (A) Phantom
used in the experiment. (B) MRI slice, with various metal oxide NPs being marked using different colors

2.5. Manual evaluation: MRI signal quantification
and relaxation time evaluation

The MRI scans, obtained in the digital imaging and
communications in medicine (DICOM) format, were
manually analyzed using Image J and 3D Slicer software.
A quantitative assessment of the mean signal intensity was
performed for each compartment of the phantom, across
various concentrations and TE. The manual calculation of
T1 relaxation time was executed using Equation I:

&
Y=A-Be )

where Y denotes the signal intensity, TI represents
the inversion time, A signifies a scaling factor for each
signal intensity, and B denotes the quality of inversion.*
Furthermore, T2 relaxation times were determined by
fitting the ET signal curve using Equation II:

TE
S(TE)=S,,452 +8,, In

where S corresponds to the noise level in the image.*

2.6. Automatic evaluation: Algorithm development

The MRIimages, obtained in the DICOM format, underwent
preprocessing in three stages: (I) Reconfiguration to
I-mm’ resolution, (II) application of an anisotropic
diffusion filter, and (III) intensity correction for magnetic
field inhomogeneity."! First, T1-weighted and T2-weighted
images were resliced to an isotropic resolution of 1 mm?®
using cubic spline interpolation. Second, an anisotropic
diffusion filter was employed to mitigate potential noise in
the images.*** Finally, image homogeneity was enhanced
through bias correction using an N4ITK filter.*

After preprocessing, the algorithm segmented the
region of interest (ROI) for the automatic determination of
the longitudinal relaxation time (7). Following this ROI

segmentation, the algorithm autonomously calculated T
based on Equation I. For this, the algorithm detected and
stored the signal intensity value Y by treating A and B as
constants, and the T value was input by the operator. Using
these parameters, the algorithm automatically calculated
and outputted the T1 value. To validate and ensure the
reproducibility of quantification, a Bland-Altman plot was
created to compare automated T1 quantification, with the
manual approach using Equation I and Image J.***°

3. Results
3.1. Characterization of the NPs

The chemical structures, crystal lattice indices, and
crystallite sizes of the five NPs were determined using
XRD and FTIR analyses. Figure 2 illustrates the combined
chemical (FTIR) and structural (XRD) results of all NPs.
The characteristic absorption bands of the metal-oxygen
bond> were prominently observed at 1500 - 400 cm™.
Furthermore, in all FTIR spectra, absorption bands
were consistently observed at 2341 and 2358 cm™, likely
attributable to atmospheric CO, absorption on metallic
cations, a phenomenon that may have occurred within the
apparatus during analysis.

The XRD spectrum of Co,O, NPs in Figure 2A reveals
distinct peaks at 20 values of 31.45°, 37.17°, 38.79°, 45.10°,
59.72°, 65.54° and 74.43°, corresponding to the lattice
planes (220), (311), (222), (400), (511), (440), and (620),
respectively. These peaks confirm the cubic phase of Co,O,
(JCPDS: 65-3103), with lattice parameters a = b = ¢ = 8.056
A .52 The FTIR spectrum of these NPs in Figure 2B displays
two vibrational modes at 667 and 561 cm™, indicative of
Co-O bonds.>>**

Figure 2C presents the XRD spectrum of CuO NPs,
where 20 peaks aligned with the lattice planes (110), (111),
(-112), (-202), (020), (202), (-113), (=311), (113), (311),
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Figure 2. Characterization of nanoparticles by X-ray diffraction (XRD) and Fourier-transform infrared (FTIR). XRD patterns of (A) Co,O,, (C) CuO,
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and (004). An additional peak at 35.58° corresponded to the
(111) plane of the Cu,O phase. These peaks were consistent
with the monoclinic phase of CuO (JCPDS: 89-5895), with
lattice parameters a = 4.682 A, b = 3.424 A, and ¢ = 5.127
A The FTIR spectrum of these NPs in Figure 2D presents
aband at 474 cm™!, denoting Cu-O formation.”®*

Figure 2E presents the XRD pattern of the Fe O,
NPs, with peaks corresponding to rhombohedral Fe O,
(JCPDS: 79-0007) and lattice parameters a = b = 5.0285
A and ¢ = 13.7360 A.***% The FTIR spectrum of these
NPs in Figure 2F reveals absorption bands at 520 cm™ and
437 cm™, attributed to the Fe-O stretching and bending
modes in hematite.*

In the XRD spectrum of NiO NPs displayed in
Figure 2G, the peaks at 37.50°, 43.50°, 63.05°, and 75.58°
corresponded to the lattice planes (111), (200), (220),
and (311) of the cubic phase of NiO (JCPDS: 01-1239),
with lattice parameters a = b = ¢ = 4.1710 A.*' The FTIR
spectrum of these NPs in Figure 2H presents a prominent
absorption band at 669 cm™, signifying Ni-O formation.®*

In the XRD spectrum of ZnO NPs displayed in Figure 21,
the diffraction peaks aligned with the lattice planes (100),
(002), (101), (102), (110), (103), (200), (112), (201), (004),
and (202) of hexagonal ZnO (JCPDS: 65-3411), with lattice
parameters a = b = 3.249 A and ¢ = 5.206 A.® The FTIR
spectrum of these NPs in Figure 2] illustrates a band at
408 cm™, corresponding to Zn-O bonding, and a band at
669 cm™', ascribed to C-H stretching in the alkyne group.*%

The average crystallite size was estimated using the
Debye-Scherrer equation

d = 0.89A/f3cos0,

where 0.89 is the Debye constant, A represents the
X-ray wavelength (1.5406 A), 8 denotes the full-width at
half-maximum of the peak, and 6 represents the Bragg
angle. The estimated average crystallite sizes for Co O,
CuO, Fe,0,, NiO, and ZnO NPs were 12, 26, 21, 38, and
25 nm, respectively.

(I10)

3.2. Manual evaluation: MRI signal and relaxation
time evaluation

The acquired MRIs were manually evaluated to quantify the
mean signal intensity in each compartment of the phantom
across varying NP concentrations. Figure 3 illustrates the
signal intensity as a function of the NP concentration
for the T1, T2, and FLAIR sequences. Circles in Figure 3
represent the cross-sections of each compartment from
which the mean pixel intensity was extracted. Notably,
different NPs altered the MRI signal characteristics, with
Fe,O, NPs exerting particularly notable effects.

Figure 4 presents a series of curves demonstrating
the relationship between signal intensity and NP
concentrations, as well as the dependency of signal
intensity on TE for these NPs in MRI. The results revealed
that the pixel signal intensity is inversely proportional to
the ET and NP concentration, a trend that was consistent
across all the tested NPs. As the ET increased, a reduction
in signal intensity was observed for all NPs. Furthermore,
this reduction in signal intensity was more pronounced
for NP concentrations with greater metal concentrations.
Moreover, a steeper slope in the T2 relaxation curve
correlated with a greater decrease in the signal intensity,
enhancing the effectiveness of the NPs as T2 negative CAs.

In addition, Figure 4A-E illustrates variations in
the signal intensities for the T1, T2, and FLAIR scan
sequences as a function of the metal NP concentration.
All metal oxide NPs exhibited a decrease in the signal
intensity with increasing NP concentration across all
three sequences consistently. Notably, Fe,O, NPs exhibited
a more pronounced signal reduction, while ZnO NPs
demonstrated a slightly divergent behavior in the FLAIR
sequence. Consequently, a steeper relaxation curve slope
correlated with increased signal reduction, enhancing the
efficacy of metal oxide NPs as CAs.

The magnitude of the T2 contrast effect was
quantitatively represented by spin-spin relaxivity R; an
increase in the R, values indicated a corresponding increase
in the contrast effect. The relaxation rate R, (=1/T2) is
plotted against the ET in Figure 5A. An analysis of these
curves revealed that NP concentrations directly impact the
relaxivity time, thereby influencing the pixel intensity. In
Figure 5B-D, which corresponds to the T1, T2, and FLAIR
MRI sequences, respectively, the pixel intensity trends for
each metal oxide NP were distinctly observed in relation
to their concentrations. In particular, Fe,O, NPs (depicted
by the blue curve) demonstrated the most significant
intensity variation across all sequences, showing a notable
intensity decrease with increasing concentrations, which
highlights their substantial impact on MRI imaging.
Conversely, Co,0, NPs (black curve) exhibited a more
gradual decline, suggesting a less pronounced impact of
their concentrations on MRI signal intensities. Other metal
oxide NPs, including CuO (red curve), NiO (green curve),
and ZnO (purple curve), also exhibited reductions in the
pixel intensities with increasing concentrations; however,
these changes vary, reflecting the distinct reactivity of each
metal oxide NP in the MRI sequences. These differences
underscore the importance of considering the unique
properties of different metal oxide NPs when employing
them as CAs in MRI to optimize image acquisition and
interpretation.
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Figure 3. Magnetic resonance imaging: signal intensity as a function of nanoparticle concentration

3.3. MRl preprocessing, segmentation,
quantification, and validation

Figure 6 offers a comprehensive and sequential overview
of the entire MRI image analysis protocol. During the
preprocessing stage, the images were subjected to three bias
correction steps, uniformly applied to all slices within each
specific examination sequence. An operator facilitated the
selection of the particular slice for the ROI segmentation
using a specialized algorithm designed to load all slices
from the examination. Following this initial selection,
meticulous segmentation of the ROIs was executed on the
chosen slice. The subsequent stage involved quantifying
the longitudinal relaxation time. This was accomplished
by utilizing the signal intensity data extracted from the
segmented ROIs in conjunction with Equation I. The final
step of the algorithm computed and stored the average
signal intensity for each of the segmented ROIs, thereby
completing the intricate process of MRI image analysis.

To assess the reproducibility of our algorithm and
validate it, a comparative analysis was conducted between
the automatically computed T1 values (derived from
our algorithm) and manually determined T1 values by
experts. This comparison utilized the Bland-Altman plot
(Figure 7A). The results revealed a close correspondence
between the T1 values obtained through the automated and
manual methods, indicating a high degree of concordance.
This was quantitatively supported by a correlation
coeflicient (r) of 0.9977, as illustrated in Figure 7B, thereby
validating the accuracy and reliability of the algorithm in
T1 quantification.

4, Discussion

4.1. Signal intensities of the NPs and algorithmic
analysis for MRI

Recent investigations into the signal intensities of NPs
in MRI have highlighted notable advancements in the

utilization of metal oxides, such as those of cobalt, copper,
iron, nickel, and zinc, as CAs. Our findings indicated a
decrease in pixel intensity across the T1, T2, and FLAIR
sequences with increasing concentrations of these metal
oxide NPs, suggesting enhanced proton relaxation. This
effect was particularly prominent in the T2 sequence,
underscoring the potential of these NPs in influencing 72
relaxation times and their effectiveness as CAs.

Further analysis of the effective TE graphs corroborated
thatall metallic oxide NPs under study resulted in decreased
pixel intensity as TE increased. This characteristic aligns
with the desirable attributes of CAs, highlighting the ability
of these NPs to alter proton relaxation times in adjacent
tissues. Notably, due to the different in local magnetic
field disortions, each metal oxide NP exhibited different
perturbations in the MRI signal, reflecting their different
efficacies as CAs.

Our study demonstrated that different metallic oxide
NPsinterfere with the MRI signal intensity and variations in
their concentrations alter the signal intensity and relaxation
time, thus confirming our hypothesis. Specifically, varying
concentrations of the Fe,O, NPs displayed significant
variations in both signal intensity and relaxation time,
resulting in high contrast. This behavior was expected due
to the magnetic properties of Fe. Furthermore, the Fe,O,
NPs exhibited CA characteristics in T2-w images, with
higher concentrations resulting in lower signal intensities
in T1-w sequences.

NPs synthesized in this study altered relaxation times
in MRI, thereby modifying the pixel signal intensity.
Our results revealed that these NPs displayed negative
contrast, a characteristic influenced by the particle size.
Specifically, NPs increased the signal intensity in TI1-w
images while decreasing the contrast intensity in T2-w
images. This behavior is attributed to the fact that under
a magnetic field, a magnetic dipole moment is induced
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in superparamagnetic NPs.? As water molecules diffuse
toward the outer sphere of the induced dipole moment,
the magnetic relaxation processes of water protons are
disturbed, decreasing the spin-spin relaxation time (72).*
This disturbance causes darkening in the T2-w MRI
images, corroborating our findings. In addition, Chen et al.
(2022)%” showed that the dimensions of nanomaterial’s
influence contrast, with NPs larger than 12 nm producing
negative contrast. Our synthesized NPs, particularly Fe O,
NPs, exhibited such a negative contrast characteristic,
wherein higher concentrations resulted in darker areas. The
signal reduction effect observed with increasing Fe,O, NP
concentration may be attributed to the disturbance of local
magnetic field homogeneity caused by Fe,O,-core NPs.*
This perturbation causes protons to lose energy owing to
spin-spin interactions in an aqueous medium, increasing
the loss of coherence and consequently decreasing the
T2 time.®

As anticipated, Fe,O, NPs substantially impacted the
MRI signal intensity and longitudinal relaxation time.
However, the other metal oxide NPs also demonstrated
potential for specific applications based on their signal-
altering properties in MRIL

Simultaneously, our algorithm for MRI analyses offers
a transformative approach to MRI image interpretation.
Traditional visual analysis by specialists often faces
challenges with respect to subtle variations in the signal
intensities associated with relaxation times. However,
the implemented algorithm enables the automatic
quantification of the longitudinal relaxation time,
effectively overcoming these limitations. This tool segments
different ROIs, analyzes signal intensity, and quantifies the
longitudinal relaxation time for various NPs.

The reproducibility analysis of this method, validated
against manual quantitative evaluations, revealed that the
algorithm effectively assists specialists in identifying subtle
variations in the signal intensity. This capability is particularly
valuable when using different metal oxide NPs NPs as CAs.
For example, Fe,O, NPs exhibited substantial variations
in the signal intensity and relaxation time, yielding high
contrast, which aligned with the Fe magnetic properties.
Moreover, the synthesized NPs altered the relaxation time
in MRI, modifying the pixel signal intensity and displaying
negative contrast influenced by the particle size.”

This algorithmic approach is particularly valuable
in situations wherein changes in the signal intensity
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are imperceptible to the naked eye. By automating the
quantification process, this strategy enables a more precise
and nuanced understanding of the impacts of different
metal oxide NP concentrations on the signal intensity and
relaxation time. The integration of our empirical data on
the NP signal intensity, with the advancements facilitated
by this algorithm, presents significant potential for MRI
applications. This combined approach not only enhances
the visual representation of anatomical structures and
facilitates the detailed detection and characterization of
diseases but also establishes a groundbreaking method for
the quantitative assessment of signal intensity variations.
Furthermore, this innovation represents a paradigm shift
in imaging techniques, setting the stage for substantial
advancements in the field of diagnostic medicine.

4.2, NPs as potential biomarkers

Studies on the effects of metal NPs on MRI signal
intensities, particularlyinthe contextofneurodegenerative
processes, have garnered considerable attention. This is
attributed to challenges encountered in identifying toxic
metals that contribute to pathological changes in brains
with neurodegenerative lesions. In addition, studies that
have monitored cerebral lesions and analyzed metal
elements involved in disease progression remain notably
limited.

Existing studies indicate that metal elements can be
detected in the brains of individuals with neurodegenerative
lesions.®7* This suggests that the timing of image acquisition
is crucial for patients as early active or acute lesions can
influence the signal intensity. For instance, Tham et al.
(2021)% displayed that early lesions contain substantially
higher metal concentrations than acute lesions. If metal
elements indeed impact the signal intensity in lesion
regions, our study demonstrated that different metals
can serve as biomarkers for monitoring brain lesions in
patients with MS during disease progression.

Although the impact of NPs on the relaxation time
may often be imperceptible in the visual analysis of the
signal intensity due to subtle differences in contrast, the
proposed automatic detection algorithm facilitates their
use as biomarkers. Indeed, the reduction in the signal
intensity with increasing NP concentration observed
across the three image sequences (T1, T2, and FLAIR) in
Figure 4 indicates that the largest differences occur at lower
NP concentrations, where contrast changes are minimal.
Hence, future research should focus on investigating NP
signals at low concentrations and exploring the mechanism
by which these metals relate to brain lesion progression in
longitudinal studies.

4.3. Potential for clinical applications and diagnosis
of neurodegenerative diseases

Our results offer new insights into the use of MRI for
clinical applications, particularly for the detection and
monitoring of brain lesions and neurodegenerative
diseases. Notably, the contrast afforded by NPs, along with
quantification achieved through our algorithm, enhances
diagnostic capabilities. The ability to modulate contrast
and signal intensities with different types of NPs can be
beneficial across various medical diagnoses.

Despite these promising results, our study has some
limitations. The nanometer scale of materials is highly
sensitive, and the handling of nanomaterials requires
meticulous attention, which complicates operations in
low concentration ranges. Future research focusing on low
concentration ranges may yield better correlations with
neurodegenerative disease levels. In addition, given that
the observed signals do not differentiate between the types
of metals, signal specificity remains a limitation.

5. Conclusions

This study demonstrates that various concentrations of
metallic NPs considerably influence MRI signal intensity,
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impacting longitudinal relaxation time. In addition,
we present an algorithm to analyze signal intensity and
automatically determine relaxation times in MRI using
metal oxide NPs. This innovative quantification holds
considerable potential for enhancing treatment monitoring
and routine clinical assessments in MRI analyses,
particularly through the use of metallic oxide NPs as CAs.
In contrast to the existing literature that predominantly
focuses on a single type of NP, such as Fe, O, NPs, our
research encompasses a broader spectrum of metallic NPs,
including Co,0,, CuO, Fe,O,, NiO, and ZnO NPs. This
comprehensive exploration offers deeper insights into the
versatile roles of different metallic NPs as CAs in MRI. Our
study represents a substantial interdisciplinary achievement,
integrating aspects of chemistry, physics, materials science,
and medicine. It lays the groundwork for future innovations
in MRI technology, particularly in tailoring CAs to meet the
diverse requirements of clinical applications.
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Abstract

Automated image analysis and classification have increasingly advanced in recent
decades owing to machine learning and computer vision. In particular, deep learning
(DL) architectures have become popular in resource-limited and labor-restricted
environments such as the health-care sector. Transformer architecture, a DL method
with self-attention mechanism, excels in natural language processing; however, its
application in image-based diagnosis in health-care sector remains limited. Herein,
the feasibility, bottlenecks, and performance of transformers in magnetic resonance
imaging (MRI)-based brain tumor classification were investigated. To this end, a
vision transformer (ViT) model was trained and tested using the popular Brain Tumor
Segmentation (BraTS) 2015 dataset for glioma classification. Owing to limited data
availability, domain adaptation techniques were used to pretrain the ViT model and
the BraTS 2015 dataset was used for its fine-tuning. With the model only trained for
100 epochs, the confusion matrix for the two-class problem of tumor and nontumor
classification showed an overall classification accuracy of 81.8%. In conclusion,
although convolutional neural networks are traditionally used for DL-based
medical image classification owing to their attention mechanism and long-range
dependency-capturing capability, ViTs can outperform them in MRI-based brain
tumor classification.

Keywords: Vision transformers; Medical image analysis; Deep neural networks; Magnetic
resonance imaging; Convolutional neural network; Glioma detection

1. Introduction

Medical imaging is crucial in the health-care sector for noninvasive diagnostic procedures
because it can provide functional and visual representations of internal organs. X-ray
imaging, nuclear imaging, magnetic resonance imaging (MRI), mammography,
computed tomography (CT), and ultrasound imaging are some popular imaging
techniques.' The four primary phases of medical image analysis include image formation,
reconstruction, processing, and analysis. These phases help to create two-dimensional
and three-dimensional (3D) images and enhance them; quantitative data are used for
segmentation, classification, and object identification.* Modern advancements in
artificial intelligence (AI), computer vision (CV), machine learning, and deep learning
(DL) techniques can qualitatively and quantitatively improve medical image analysis.
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MRI is a noninvasive medical imaging technique used
for diagnosing brain tumors, injuries, and bleedings®. Over
120 types of brain tumors have been identified using MRI,
which begin with primary tumors and are followed by
secondary tumors. Glioma is a type of brain tumor that
originates from glial cells and can be visualized through
MRI or CT. Hence, automated image analysis techniques
can positively contribute to the diagnosis of glioma.

Automated image analysis has rapidly evolved in the
past few years owing to the introduction of Al and CV into
traditional image processing techniques.? DL has been used
in medical imaging to recognize cells of various sizes and
shapes, locate organs and body parts, and automatically
identify local anatomical features.>> Owing to the intrinsic
locality of convolution operations, popular architectures
such as convolutional neural network (CNNs) have
shown limitations in modeling straightforward long-range
relations. Therefore, CNNs with attention mechanisms
that assist Al models to focus on specific pixels, regions, or
features have gained research attention in image analysis.

Transformer architecture, a DL method with self-
attention mechanism, has become vital in natural language
processing (NLP) tasks.® Recently, it has considerably
impacted text classification, machine translation, and
query responding. However, its application in CV problems
requires further research. In CV, attention can either work
in tandem with CNNs or replace some of its components
while maintaining the overall network structure. Thus, this
architecture largely has the potential to provide promising
results in object detection, video classification, image
classification, and image generation.

1.1. Contribution

This study mainly focused on evaluating the transformer
architecture for MRI image classification when applied
directly to the sequences of image patches. It concentrates
on the classification of MRI images based on the presence
and absence of glioma while overcoming the persistent
class imbalance within a dataset to obtain feasible and
resource-optimized solutions. We focus on glioma as itis a
malignant (cancerous) brain tumor, which is treatable with
high prognosis if detected early. The classification of brain
tumors before segmentation is beneficial for saving time
and resources, improving accuracy, and providing valuable
information for treatment planning. Moreover, organized
data aid in analysis and model training. However, medical
data are mostly biased toward the absence of disease
(negative outcome) and require careful implementation
of algorithms to avoid model overfitting. This study aims
to present a comprehensive ground-up mechanism for
glioma classification using vision transformers (ViTs).

The primary contributions of this study are as follows:

(a) A ViT was proposed as an alternative to CNN for
glioma classification using MRI.

A pretraining method was proposed for ViTs when
working with small datasets.

An effective approach of intensity uniformization
for MRI images as a preprocessing technique was
introduced.

The performance of CNN models and ViTs was
compared for two grades of glioma classification as
well as tumorous and nontumorous MRI classification.
The effects of class imbalance in the medical dataset
were discussed.

(b)
(©)

(d)

(e)

2. Background literature review

With the advancement in Al technologies, computer-
aided diagnoses have been extensively studied in medical
sciences for different disease diagnoses. In particular,
noninvasive image-based diagnosis has garnered the
attention of researchers and medical practitioners owing to
its high accuracy, high precision, and auxiliary capabilities
in applications such as brain tumor classification and
segmentation using AI and DL models. Moreover, this
field has gained popularity among medical image analysis
researchers owing to well-established open challenges such
as the BraT$ challenge and publicly available large MRI
datasets.” For instance, in their brain tumor classification
and segmentation study, Kaldera et al.> proposed a simple
CNN-based classifier for classifying glioma, meningioma,
and the absence of a tumor using MRI. One of the main
bottlenecks faced when using DL architectures for medical
domain are data scarcity. This bottleneck was addressed
using general data augmentation techniques such as
flipping, rotation, and translation. Alsaif et al.® presented
an improved ResNet50 architecture, which incorporated
data augmentation techniques for effective brain tumor
classification.

Because of the intrinsic locality of convolution
operations, CNN-based approaches are generally
inadequate for modeling straightforward long-range
relations. Therefore, CNN-based architectures exhibit
weak performances, particularly for target structures
with varying textures, shapes, and sizes across patients.
In previous studies, self-attention mechanisms with CNN
features were used to overcome these limitations.’

Transformers, intended for sequence-to-sequence
prediction, have emerged as ideal candidates to replace
CNNs. These were first proposed for machine translation
by Vaswani et al.® It was then established as the state-of-
the-art method for many NLP tasks. It has the capacity to
substitute attention mechanisms in place of convolution.’*?
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Transformers also exhibit superior transferability for
downstream tasks through extensive pretraining and
superior performance in modeling global contexts. In
many applications of machine translation and NLP, long
short-term memory and artificial neural network have
been successfully substituted by transformers."

The results of transformers have matched or surpassed
those of the state-of-the-art methods in various image
recognition tasks.’#'¢ The original design of transformers
presented by Dosovitskiy et al.'' has undergone several
changes for suitability with CV tasks. For instance,
Parmar et al.'> modified transformers that used the self-
attention mechanism only in local neighborhood of each
query pixel. A novel transformer model, known as sparse
transformers, was proposed by Child et al.** which attained
global self-attention using scalable approximations. Wu
et al.”® introduced convolutions into ViTs to achieve best
results on both convolutions and Transformers.

In general, large amounts of data and powerful
computers are required for training ViTs, limiting their
application in medical imaging diagnostics.”* Hence,
the research presented exploits the possibility of utilizing
transformer-based attention features along with DL for the
classification of brain tumors with a relatively small clinical
dataset. We proposed mechanisms to tackle data scarcity
and high processing power requirements while achieving
sufficient model performance.

After image classification, MRI images with tumor
underwent segmentation.  Although segmentation
generally provides detailed information about the spatial
extent of tumors, classification offers insights into their
nature. Therefore, segmentation was not researched and
only image classification was focused on herein. However,
as segmentation and classification work in tandem to
provide a comprehensive understanding of disease
diagnosis, existing studies can be referred to for more
information on medical image segmentation.”*

2.1.ViT model

ViTs, as presented by Dosovitskiy et al,' mimic the
original transformer model developed for NLP tasks using
image patches as words for the input. ViTs can be used
for image classifications primarily because they reduce
architectural complexity and have enhanced exploring
scalability and training efliciency. Recent studies have
shown that the direct application of transformers with
global self-attention to input images provided excellent
results on ImageNet classification.’® Moreover, ViTs can
achieve high training accuracy with less computational
time.'* The success of transformers in medical image
segmentation and classification was proven in the diagnosis

of breast cancer using biopsy images and an end-to-end
holistic attention network."” ViT-based medical image
classification and segmentation continues to be a popular
topic among researchers.

ViT contains stacks of encoder and decoder layers in
its core, which will be hereinafter referred to as an encoder
and a decoder, respectively. The encoder comprises two
sublayers, namely multihead attention and feed-forward
layers. The decoder comprises three sublayers, where
the masked multihead attention layer is followed by the
multihead attention layer and feed-forward layer. The
encoder maps an input sequence X = (X, X,,..., X ) to a
sequencez=(z,%,...,Z,). Based on z, the decoder generates
an output sequence y = (y,, ¥,..-.» ¥,), with one element at
a time. The model is auto-regressive at every step and uses
already generated data as the additional input to create a
new data instance. For more detail on the implementation
of the ViT architecture, please refer to “An image is worth
16 x 16 words” by Dosovitskiy et al."!

There are two approaches to ViTs: hybrid and
transformer-only architectures.”® Hybrid architectures
use a CNN to produce an embedding for an image or
subregion of an image (patch). Encoding is used as the
input for a subsequent transformer. In hybrid method, a
CNN was used to process lower-level features in the input.
In transformer-only architectures, a trainable part of the
architecture projects patches to an embedding space and a
hand-coded or convolutional architecture is not used. The
transformer architecture learns only lower- and higher-
level features.'® Herein, transformer-only architecture is
focused on and the model developed by Dosovitskiy et al.!!
was used for image classification.

Transformers have been used for tumor analysis in
several studies. For instance, Asiri et al. used fine-tuned
ViT model with the CE-MRI dataset containing only 5712
images for brain tumor classification.” The lack of diversity
and limited number of images in the dataset affected the
generalizability of ViT to real-world scenarios, suggesting
further research to improve its accuracy and reliability,
particularly for complex cases. Overall, the current ViT
model used for brain tumor classification might not be fully
optimized, and further research is required to enhance its
diversity, reliability, and accuracy. This study focused on
addressing this research gap in brain tumor classification
using diverse BraTS datasets that primarily contain
glioma MRIs. This dataset offered a benchmarked set of
ground truth labels for glioma classification, addressing
the limitations of existing studies. Moreover, potential
model optimization techniques and MRI preprocessing
techniques were discussed for their use in improving the
model results.
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3. Methodology

This section presents in detail, dataset preparation,
including data preprocessing, ViT architecture, and model
training with special attention to pretraining and fine-
tuning approaches.

3.1. Dataset preparation and preprocessing

The BraTS 2015 dataset’ containing 220 MRI images of
high-grade gliomas (HGGs) and 54 images of low-grade
gliomas (LGGs) was used for model training, validation,
and testing. The dataset also contained MRI images of a
patientin four modalities: T1 (spin-lattice relaxation), T1Gd
(postcontrast T1-weighted), T2 (spin-spin relaxation), and
T2-Flair (fluid attenuation inversion recovery). The analysis
was restricted to the axial plane images of T1-MRIs, and
the file format of the dataset was “mha,” which primarily is
associated with the insight segmentation and registration
toolkit. The DL architecture used the “png” as the input
image format. Hence, the T1-MRIs of a patient were
converted to “.png” using “mha2png.” Each patient’s record
resulted in 154 independent “png” files, corresponding to
brain slices in the coronal plane. Therefore, this resulted in
a “png” image dataset containing 42,196 images. Using the
tumor mask of the BraTS 2015 dataset, each slice was first
labeled based on the presence or absence of brain tumors.
Then, slices with tumors were categorized into HGG or
LGG tumors using the auxiliary data available in the BraT$
2015 dataset.

Intensity uniformization is another essential step in the
preprocessing of MRI images. The pixel intensity of MRI
images in BraT$ ranges from —1000 to +1000, with more
than 2000 levels. To aid image handling in limited resource
environment, this pixel intensity range was decreased and
scaled to match the intensity levels of 0-255, i.e., 8 bits/
pixel grayscale. During preprocessing, the values above
the upper gray level (G ) and below the lower gray level
(G,) were assigned white and black, respectively. The
center, also known as the window level (WL) and window
width (WW), was changed based on the upper and lower
gray levels. The upper gray level (G ) was calculated as

G, = WL +(MJ, and the lower gray level (G,) was
(WW

2
the effect of different values for WL, WW, and Range
(G,, G,) on the preprocessed images. For instance, input
images preprocessed considering WL = 0, WW = 400,
and Range (—200 - 200) failed to show fine details of brain
MRI images. After few trial and error iterations, range
(=200 - 100), WW = 1200, and WL = 400 were chosen
as the best parameters for 8 bit/pixel grayscale conversion.

calculated as G,= WL — j Table 1 summarizes

Moreover, as the data on one patient record holds
154 (or 155) images, each image was considered a single
input in the analysis and classified into one of the three
classes: HGG, LGG, and nontumorous. The dataset was
first developed using 120 patient records comprising
18,480 images, which were subgrouped into 3 subsets with
40 patients each. The dataset was further separated into
two subsets, namely training and testing; approximately
70% of data were used for training and 30% for testing.

3.2. ViT architecture

ViTs are a group of neural network architectures that convert
one sequence of images into another sequence. During
preprocessing in ViTs, the input image is split into fixed-
size patches and an input sequence is generated by linearly
embedding each image into a sequence vector by adding
position embedding information (Figure 1). The encoder
transforms the input sequence into an embedding space,
which is a vector representation of the image. Subsequently,
the decoder receives the data in the embedding space and
converts this into an output vector. An embedding layer
generally proceeds each encoder or decoder to process their
respective input, and an output layer is used toward the end
of the architecture to generate the final output. ViTs perform
classification using an extra learnable layer, i.e., classifier.”
Figure 1 summarizes the process of image classification using
the ViT for image recognition. Herein, a modified version of
the model* was used for the classification of MRI images
from the BraT$ 2015 dataset. The classification operation
flow of ViT is shown in Figure 2, and the performance of the
proposed system was analyzed using accuracy, training, and
validation loss and confusion matrix.

3.3. Model pretraining and fine-tuning

ViT is a DL model that requires considerably large dataset
for model training. As BraTS is a relatively small dataset
to train the ViT effectively, pretraining was performed to
generate initial weights. CIFAR-10, a simple dataset, can
serve as a foundation for pretraining models for medical
image analysis.” The ViT was pretrained using the
grayscale images of CIFAR-10, comprising 60,000 32 x 32
images belonging to 10 classes. All classes in CIFAR-10
are mutually exclusive, without any overlap between each
class, which are well defined and bounded. For pretraining,
the dataset was split into five training batches and one test
batch, with each batch comprising 10,000 images. The
test batch of CIFAR-10 was created using exactly 10,000
randomly selected images, and the training batches
contained the remaining 50,000 images. Some training
batches contained more images from one class than the
other because the remaining images were added to the
training batches in a random order.
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Table 1. Comparison of preprocessed magnetic resonance imaging images with different intensity ranges, WLs, and WWs

Range ww WL Image
from—-1000 to—200 800 -600

from-200 to 200 400 0

from 200 to 1000 800 600

from—200 to 1000 1200 400

Abbreviation: WL: Window level; WW: Window width.

After the ViT model was successfully pretrained using
CIFAR-10, transfer learning was used to initiate starting
weights for the brain tumor classification task. The BraTS$
dataset with 15,000 images generated was split into training
and testing datasets with a 70:30 ratio. Using the pretrained
initial weights obtained using CIFAR-10, the model was
warm started and its weights were fine tuned for brain
tumor classification using BraT'S dataset.

3.4. Statistical analysis

The analysis performed herein was simulated using Google
Colab Jupyter notebook and Python 3.6 programming
language. To evaluate the performance of the proposed ViT
architecture, its training and validation accuracies and loss
curves were analyzed. Thereafter, the model’s performance
was compared against a simple CNN network. Also,
performance of the model was tested further using the
accuracy, precision, and recall metrics. These metrics were
calculated from the confusion matrix.*

4. Results

The performance of the ViT model in classifying glioma
from MRI images was evaluated herein and compared
with that of the conventional CNN. Its performance was
evaluated for the task of handling two- and three-class
problems under the class imbalance problem.

4.1.Training the ViT model
4.1.1. Pretraining the ViT model

In medical image analysis, collecting a considerably
large dataset is a practically infeasible task. However, to
achieve desirable performance with the ViT model, the DL
architecture must be trained using a large dataset. To address
this shortcoming, the customized ViT model was pretrained
using a large general dataset, specifically CIFAR-10, and later
fine-tuned with BraT'S. Figure 3 shows the performance of the
ViT model during pretraining using CIFAR-10, indicating
that the model stabilized over time under 100 epochs.
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4.1.2. Fine-tuning the ViT model under different patch
sizes

One of the distinct novelties associated with ViT model
is the patch architecture. The pertained ViT model was
fine tuned under different patch resolutions using the
BraTs 2015 dataset. The objective of this approach was to
find the most suitable patch size for a given application.
The performance of each patch size was analyzed using
model accuracy, loss performance, and confusion matrix.
Figures 4-6 demonstrate the performance variation of ViT
with patch sizes of 6 x 16, 8 x 8, and 4 x 4, respectively.
In these figures, subplot (a) presents the training and
validation loss, subplot (b) presents the training and

validation accuracy while subplot (c) presents the confusion
matrix, for the respective patch size. Table 2 summarizes
the performance of ViT model under each patch size. As
shown in Figures 4-6 and Table 2, the 4 x 4 patch resolution
shows acceptable performance with 62.56% accuracy and
lower level of fluctuation in the validation curves. The
model could accurately detect the nontumorous MRI
images, as shown in Figure 6C. However, the 4 x 4 patch
resolution drastically increased the model tuning time.

4.2, Comparison of ViT model performance against
CNN architecture

The traditional CNN architecture was used as the reference
model for performance comparison of the ViT model

Training and validation loss B Training and validation accuracy
20 —— Taining loss
) —— Validation loss
18 o7
16 0.6
>
%14 g
S 305
12 <
10 0.4
08 03 — Training acc
' —— Validation acc
0 20 2 60 ) 100 o 2 20 ) P 100
Epochs Epochs

Figure 3. Vision transformer model performance during pretraining. (A) Training and validation losses. (B) Training and validation accuracy.
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Figure 4. Performance of model fine-tuning using 16 x 16 patches. (A) Variation of model loss versus epoch. (B) Variation of model accuracy versus epoch.
(C) Classification performance of the model presented using the confusion matrix.

Abbreviations: HGG: High-grade glioma; LGG: Low-grade glioma.
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Figure 5. Performance of model fine-tuning using 8 x 8 patches. (A) Variation of model loss versus epoch. (B) Variation of model accuracy versus epoch.
(C) Classification performance of the model presented using the confusion matrix.

Abbreviations: HGG: High-grade glioma; LGG: Low-grade glioma.

with 4 x 4 patch resolution. This CNN model has four
convolution layers with only 8 million trainable parameters
and was trained using the same dataset as ViT to classify
the brain tumors.

Figure 7A shows the training and validation accuracy
for the CNN model while Figure 7B shows that of the ViT
model for brain tumor classification. Both models were
trained using the same dataset under optimized settings.
Although the CNN model showed nearly prefect accuracy
with training, it underperformed during validation and
indicated model overfitting. By contrast, the ViT model
exhibited better performance in training and validation
settings. As shown in Figure 7B, the ViT model exhibited a
considerable level of instability. To stabilize the ViT model,
itneeds to be further trained using a large dataset. However,
one of the critical factors in medical image analysis is the
limitations in dataset; therefore, stabilizing the ViT model
with small datasets is challenging.

4.3. Model performance under two-class problem

Furthermore, the accuracy of the ViT model with 4 x 4 patch size
was analyzed for the task of classifying MRI images as with tumor
or without tumor. According to the confusion matrix shown in
Figure 8, the overall accuracy of classification for a three-class

problem was 63.2% (Figure 8A), whereas that of two-class
problem was 81.8% (Figure 8B), i.e., the trained and fine-tuned
ViT model could detect the presence and absence of tumors with
higher accuracy than classifying the different grades of tumors.
The main reason behind this observation is the restriction in the
number of images belonging to each class. For the three-class
problem, the dataset showed a class imbalance, whereas it was
balanced for the two-class problem. This observation indicated
that the dataset used was suitable for tumor identification with
two classes: with tumor and without tumor.

5. Discussion

CNN-based approachesarea popular choice for brain tumor
classification using MRI images. They are highly effective
in processing and analyzing medical data owing to their
ability to automate feature extraction, capture hierarchical
features, perform end-to-end learning, and yield high-
accuracy output. However, transformers are emerging as
leading contenders for this task, mainly because of their
global context modeling features. In particular, their
capacity to capture long-range dependencies and ability to
focus on relevant parts of the input images are noteworthy.

CNN-based architectures perform weakly, particularly
with datasets that show large variation in terms of texture,
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Figure 6. Performance of model fine-tuning using 4 x 4 patches. (A) Variation of model loss versus epoch. (B) Variation of model accuracy versus epoch.
(C) Classification performance of the model presented using the confusion matrix.

Abbreviations: HGG: High-grade glioma; LGG: Low-grade glioma
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Figure 7. Model performance comparison between CNN and ViT models. (A) Performance accuracy versus epochs for CNN model. (B) Performance

accuracy versus epochs for the ViT model.

Abbreviations: CNN: Convolutional neural network; ViT: Vision transformer.

shape, and size. The newly emerged transformer-based DL
architectures, especially ViTs, show promising capacity
to overcome these limitations. Although ViTs are a new
concept for medical imaging, the accuracy of medical image
classification can be improved using self-attention. For
instance, the model can be trained to focus on abnormal
cells in MRI by dynamically adjusting the weight assigned
to these areas using attention mechanisms. This eventually

improves the overall model performance. Moreover, the
model can capture the relationship between tumors that
are far apart owing to the inherent long-range dependency
of ViTs. This introduces a provision for the model to learn
dependencies between different slices of different planes of
MRIimages. Figure 7 shows the performance improvements
achieved owing to these inherent characteristics of the ViT
model in comparison with those of simple CNN.
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Figure 8. Comparison between three- and two-class classification problem. (A) Confusion matrix for a three-class problem with HGG, LGG, and
nontumor. (B) Confusion matrix for a two-class problem with tumor (HGG and LGG tumors) and nontumor.

Abbreviations: HGG: High-grade glioma; LGG: Low-grade glioma.

Table 2. Comparison of the model performance for
different patch sizes with learning rate=0.001 and weight
decay=0.0001 and Adam optimizer

Patch size Number Overall Time taken to
of patches accuracy process (s)
16x16 4 56.70% 700
8x8 16 59.23% 1,900
4x4 64 62.56% 8,600
2x2 256 5,6100 (Estimated)

To combat the negative performance of ViTs owing to
data scarcity, a pretraining approach coupled with transfer
learning is presented herein. Moreover, the effects of the
patch resolution on the overall performance accuracy
and the loss curve behavior are discussed. With a 4 x 4
patch resolution, the stability of the model increased at the
expense of inference time. Experimental results showed
that the model performed better on the two-class problem
of tumor and nontumor detection than on the three-class
problem of HGG, LGG, and nontumor detection owing to
class imbalance present in the BraT$S 2015 dataset.

Moreover, the proposed model achieved an average
classification accuracy of 81.8% for the BraTS 2015 dataset
for the two-class problem. The confusion matrix in Figure 8
shows a model accuracy of 75.6% in detecting tumors and
90.8% indetectingnontumors. Theseresultsagreed well with
previous studies using the BraTS 2015 data. For instance,
the DL ensemble model that concatenates the weighted
outputs of the cascaded anisotropic CNN (CA-CNN),
DFKZ Net, and 3D U-Net achieved a classification accuracy
of 46.4% during validation and 61% during testing with the
BraTS$ 2018/2015 dataset.”” The multiclass glioma tumor
classification architecture presented in a previous study®
achieved a 96.3% classification accuracy on a custom-built
dataset that mainly used the BraTS 2015 dataset along with

the other MRI images collected from different sources.
The same custom-built dataset achieved a classification
accuracy of 80.85% using 10 statistical features along
with random forest and 84.9% with dual-path residual
CNNs.* The classification algorithm presented by Amin
et al.*® used discrete wavelet transform (DWT) to fuse MRI
image sequences during preprocessing. The fused images
followed the pipeline of denoising with a partial differential
diffusion filter, segmentation using a global thresholding
method, and classification of the segmented output into
glioma, meningioma, and sarcoma using a CNN. This
algorithm yielded a very high accuracy of nearly 100% in
image fusion of all four MRI sequences, 89% in Flair + T1
fused images, and 78% in T1 images used herein. However,
this algorithm first segmented tumor regions and then
applied classification on the segmented region. Therefore,
the results do not clearly present the detection accuracy on
the initial dataset before segmentation.

Moreover, the BraTS datasets yielded better model
performance. For instance, B. Maram and P. Rana achieved
a quick and accurate image classification with a training
accuracy of 98.485% using a U-Net architecture and BraTS
2020 dataset.** The novel linear-complexity data-efficient
image transformer® achieved a classification accuracy of
97.86% with BraTS 2021 dataset. The ViT model discussed
herein achieved a substantial level of classification accuracy
using the BraT$ 2015 dataset compared with those reported
in the literature. However, if the input was preprocessed*
or tested on an improved dataset such as BraTS 2021,
the performance accuracy of ViTs may increase compared
with the current classification accuracy of 81.8%. Thus, the
ViT model will be tested using the BraTS$ 2021 dataset and
image preprocessing will be performed to facilitate better
comparison and understanding on the performance of
transformers for brain tumor classification.

Volume 2 Issue 1 (2025)

77

doi: 10.36922/aih.4155


https://dx.doi.org/10.36922/aih.4155

Artificial Intelligence in Health

ViT for Glioma Classification in MRI

6. Conclusion

Herein, the ViT architecture was studied for MRI image
classification, focusing on glioma. To address the issues of
data scarcity and class imbalance, ViT was pretrained using
the CIFAR-10 dataset and fine-tuned using the BraT$
2015 dataset. The fine-tuned ViT could accurately and
effectively identify glioma compared with the popular CNN
architecture. Moreover, the effects of the patch resolution
on the overall performance accuracy and the behavior of
the loss curve were discussed. Overall, this study proposed
a feasible and resource-optimized solution for the early
detection and better prognosis of brain tumors. Further
research is required to improve the predictions of the model
while making the results understandable with explainable
Al techniques for the advancement of automated systems
for brain tumor detection and diagnosis.
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Abstract

Databases tied to mental and behavioral health surveys suffer from the issue of
missing data when participants skip the entire survey, which affects the data quality
and sample size. These missing data patterns were investigated and the imputation
performance was evaluated in Simons Foundations Powering Autism Research for
Knowledge, a large-scale autism cohort consists of over 117,000 participants. Four
common methods were assessed — Multiple imputation by chained equations (MICE),
K-nearest neighbors (KNN), MissForest, and multiple imputation with denoising
autoencoders (MIDAS). In a complete subset of 15,196 autism participants, three
types of missingness patterns were simulated. We observed that MIDAS and KNN
performed the best as the random missingness rate increased and when blockwise
missingness was simulated. The average computational times were each 10 min for
MIDAS and KNN, 35 min for MissForest, and 290 min for MICE. MIDAS and KNN both
provide promising imputation performance in mental and behavioral health survey
data that exhibit blockwise missingness patterns.

Keywords: Missing data; Mental health survey; Imputation methods; Machine learning

1. Introduction

Large-scale biobank databases in mental and behavioral health such as Simons
Foundations Powering Autism Research for Knowledge (SPARK), UK Biobank, and All
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of Us have empowered researchers to investigate the genetic
and environmental risk factors associated with mental and
behavioral disorders among more than 100,000 subjects."
Self-reported surveys and questionnaires such as the social
communication questionnaire (SCQ),* repetitive behavior
scale-revised (RBS-R),” and developmental coordination
disorder questionnaire (DCDQ)® are commonly used to
quantify mental and behavioral functions at scale. These
questionnaires typically consist of a series of related
questions and measure responses using ordinal scales with
a natural order or rank to indicate the level of agreement
known as Likert scales.”

However, missingness commonly occurs in the
responses to these surveys and questionnaires. The reasons
include non-inapplicable or ambiguous questions, and
characteristics of the participants themselves including
reluctance to answer sensitive questions, incomplete
knowledge, and lack of time.® Missingness can also arise
at the source level. Specifically, data may have been
curated from varying sources with different administered
instrument protocols. Certain questions in the survey also
may not be relevant to specific demographic groups, such
as those that might not apply to young children.

Common types of missing data include missing completely
at random (MCAR) and missing not at random (MNAR),
with either specific parts of surveys or entire surveys being
incomplete.” In MCAR, the probability of missingness is
independent of the observed and unobserved data. MAR is a
broader class than MCAR in which the missing data is related
to the observed but not the unobserved data. On the other
hand, the probability of missingness in MNAR data depends
on the unobserved missing values. Typically, participants
tend to skip entire questionnaires due to unobserved factors,
and a form of MNAR missingness referred to as blockwise
missingness arises. Blockwise missingness occurs when
all responses belonging to the same survey are missing
simultaneously for the same participants, forming clustered
missing blocks in the overall phenotypic data.

The simplest solution to address blockwise missingness
in mental and behavioral questionnaires is to drop
participants with missing surveys."* However, this option
leads to a significant loss of information, reduced sample
size, and loss of statistical power when analyzing mental
and behavioral questionnaires in biobank data. Another
commonly used approach is to impute missing data using
statistical and computational methods. Mean, median, and
mode substitutions are basic imputation approaches that
maintain the original sample size but can lead to biased
inferences."! Specifically, participants who skip certain
questionnaires may exhibit different characteristics than
those who complete the questionnaires.'

More advanced imputation approaches using statistical
and computational methods are needed to accurately impute
mental and behavioral surveys with blockwise missingness.
Here, four commonly used missing data imputation
methods were employed - Multivariate imputation by
chained equations (MICE), K-nearest neighbors (KNN),
non-parametric missing value imputation using random
forest (MissForest), and multiple imputation with
denoising autoencoders (MIDAS)."*'¢ MICE is one of the
most popular methods of multiple imputation originally
developed in the early 2000s."* This approach uses a series of
regression models to predict each variable with missingness
using the remaining variables in the data.* KNN is a
supervised machine learning algorithm commonly used
when the distribution of the data is unknown or difficult
to determine.® This method performs predictions on
the missing data by averaging the K-nearest data points.
MissForest is a missing data imputation method based on a
random forest developed in 2012. It predicts missing values
based on random forest models trained on the complete
dataset and imputes missing values iteratively.'® MIDAS
uses a type of unsupervised neural network to predict
missing values in the data by reducing the dimensions in
the observed data and reconstructing the missing data.
MIDAS was recently developed in 2022 and has proven
its high accuracy and computational efficiency through
systematic tests on simulated and real social science data."”

Previous studies have not systematically reviewed
machine learning-based imputation methods recently
developed for the databases tied to mental and behavioral
health surveys.'®** Most psychiatric studies use multiple
imputation for handling missing data and have not taken
advantage of the latest machine learning-based imputation
techniques.”®? In addition, they have not focused on
assessing imputation accuracy in surveys with blockwise
missing structures.'®** This study systematically examines
the imputation performance and computational time
of these four commonly used missing data imputation
methods (MICE, KNN, MissForest, and MIDAS) in
the presence of blockwise missingness in mental and
behavioral surveys. It uses data from the SPARK, a large-
scale autism research study that collects social functioning
and behavioral surveys from over 117,000 participants.
This study assesses imputation models on both MCAR
and MNAR data, identifying the optimal method for each
type of missingness pattern. This study conducts a novel
exploration of these methods while also addressing the
commonly encountered blockwise missingness pattern.

2. Methods

Figure 1 outlines the sample selection and workflow of the
study. The four major steps included: (1) preprocessing the
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Full dataset (with missing values among
ASD participants)
(117,099 observations and 363 variables)

Step 1: Preprocessing

Preprocessed complete dataset (among
ASD participants)

(15,196 observations and 431 variables)

Step 2: Simulation frameworks for

generating missing data

Missing Completely at Random
(MCAR)

Survey-Specific Missing
Rate (SMR)

Blockwise Survey-Specific
Missing Rate (BSMR)

Step 3: Machine learning
imputation

e EE T

[ RMSE, Duration } Step 4: Performance Evaluation

Figure 1. Overview of workflow and study design. (A) The full dataset refers to the original data filtered to only include autism spectrum disorder (ASD)
participants. The preprocessed complete dataset refers to the original dataset after filtering to only include ASD participants, dropping incomplete rows,
removing variables with extreme rates of missingness, and conducting one-hot-encoding on the categorical variables (which increases the number of
variables). (B) Missing completely at random refers to the simulation scenario that randomly converts a specified fraction of the input dataset to missing.
Survey-specific missing rate refers to the simulation environment that is tailored to the missingness of the original dataset. Blockwise survey-specific
missing rate refers to the simulation environment that is also tailored to the missingness of the original dataset but converts all rows of a given column
to missing at once. (C) Multiple imputation by chained equations is an imputation method that employs a series of regression models; MissForest is an
imputation method that is based on random forests; Multiple Imputation with Denoising Autoencoders is an imputation method that uses denoising
autoencoders; K-nearest neighbors is an imputation method that uses neighboring data points in the feature space. (D) RMSE corresponds to root mean

squared error.

datato generateadataset comprising complete observations,
(2) setting up the simulation scenarios for three missing
data mechanisms including random missingness, survey-
specific missing rates, and blockwise missingness with
survey-specific missing rates, (3) conducting the missing
data imputation, and (4) evaluating the performance of
each model.

2.1. Data source and preprocessing

The dataset used in this study is based on SPARK
phenotype V8, consisting of 117,099 participants with
autism and 363 variables. It contains information extracted
from standardized surveys and parent-reported medical
history regarding children with autism. The following
eight surveys with <80% missing rates in the full dataset
(Table 1) were included in the missing data imputation
assessment: individuals registration, basic medical
screening, background history, SCQ, RBS-R, DCDQ,
Child Behavior Checklist, and area deprivation index.

This dataset was first filtered to remove variables with
extreme rates of missingness (~90% or greater), resulting
in a drop of 22 variables. The dataset was then modified to
remove any rows with missing information. This resulted
in 15,196 participants with autism and 347 variables.

Table 1. Percentage of subjects who did not complete each
individual survey among all 117,099 participants with
autism in SPARK

Survey name Percentage of subjects who did not

complete corresponding survey (%)

Individuals registration 0

Basic medical screening 39.9
Background history 59.3
Area deprivation index 35.1
SCQ 51.3
RBS-R 63.8
DCDQ 72.9
Vineland 822
Intelligence quotient 95.3
CBCL 99.6

Note: SCQ: Social communication questionnaire; RBS-R: Repetitive
behavior scale-revised; and DCDQ: Developmental coordination
disorder questionnaire; are surveys commonly used to quantify the
mental and behavioral functions at scale.

Abbreviation: CBCL: Child Behavior Checklist.

One-hot encoding was used to transform the
categorical variables in this dataset, resulting in 15,196
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participants with autism and 431 variables. The preprocess
method from the caret package in R was used to normalize
each variable with a mean of 0 and a standard deviation
of 1. This was mainly to allow for comparable root mean
squared error (RMSE) metrics across all variables that are
commonly used in similar studies.***

This preprocessed complete dataset of participants with
autism was used to simulate different missing data mechanisms
and assess the accuracy or various imputation methods.

2.2, Three simulation scenarios for missing data
mechanisms

Three simulation scenarios were constructed for missing
data mechanisms in mental and behavioral surveys as
outlined in Figure 2.

2.2.1. MCAR

The first missing data simulation scenario, referred to as
MCAR, introduces missingness completely at random
by converting a specific percentage of the preprocessed
complete dataset to missing. To observe the imputation
performance as the missing rate gradually increases,
MCAR was implemented with missing rates from 10% to
90% in 10% intervals for all variables in the dataset.

2.2.2. MNAR: SMR

The second missing data simulation scenario is SMR, in
which the proportion of missing values in each column
is dependent on the survey type that it belongs to. SMR

MCAR SMR

is tailored to mirror the missing rates in the full SPARK
dataset by reusing the same proportions of missing values
for each survey (Table 1).

2.2.3. MNAR: BSMR

The last missing data simulation scenario, referred to as
BSMR, incorporates blockwise missingness with survey-
specific missing rates. Instead of randomly selecting a
specific portion of each column to be converted to missing
as in SMR, a proportion of participants is randomly
selected to have completely missing values for all surveys
of a particular survey type. In other words, every column
of a specific survey type contains the same missing rows.
This resembles real data more closely when subjects skip
the entire survey.

2.3. Machine learning imputation

For each missing data simulation scenario described in
the previous section, multiple machine learning models
were used to impute the missing values. The generated
incomplete datasets were passed through the following
imputation algorithms to compute the predicted values.
A separate set of 10 datasets with 20% randomly selected
missing values was used to conduct hyperparameter tuning
on each of these models.

2.3.1. MICE

This study used the MICE" (version 3.16.0) package in
R which employs a multiple imputation model. It uses a

BSMR

Survey 1 | Survey 2 Survey 1 | Survey 2

Survey 1

Survey 2

Legend

Not missing

. Missing

Figure 2. Visualization of the three missing data simulation scenarios explored in this study. On the left is Missing Completely at Random with a 40%
missing rate. In the middle is Survey-specific missing rate with a 20% missing rate for Survey 1 and 80% missing rate for Survey 2. On the right is blockwise
survey-specific missing rate with a 20% missing rate for Survey 1 and 80% missing rate for Survey 2.
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concept called fully conditional specification, in which
each incomplete variable is imputed by a different model.
It generates multiple imputed datasets that are averaged
to retrieve the final imputed data. Since MICEs employ
a regression-based approach, hyperparameter tuning was
not performed.

2.3.2. KNN

KNNImputer is a method in Python’s Scikit-learn package®
(version 0.22) and was used to study the KNN algorithm.
KNNImputer predicts each sample’s missing values using
the average value from the closest data points in the
training set. Hyperparameter tuning was used to select the
optimal value for the number of nearest neighbors used
during imputation.

2.3.3. MissForest

MissForest'® (version 1.5) is an R package which uses
a random forest approach to impute missing values,
building multiple decision trees to make predictions
using the other remaining features. By averaging several
classification or regression trees, MissForest employs
out-of-bag error estimates and can capture complex,
non-linear relationships. Hyperparameter tuning was used
to select the optimal values for the number of trees and the
maximum number of iterations.

2.3.4. MIDAS

MIDASpy* (version 1.3.1) is a Python package that was
used to study the MIDAS algorithm. It introduces additional
missing values into a given dataset and restores these values
using an unsupervised neural network called a denoising
autoencoder. Then, the resulting model is used to predict
the values of the original missing data. Similar to MICE,
MIDASpy generates multiple imputed datasets that are
averaged to retrieve the final imputed data. Hyperparameter
tuning was used to select the optimal values for the input
drop, layer structure, and number of epochs.

2.4. Evaluation of imputation performance

For each missing data simulation scenario, missingness
was introduced into the complete dataset 10 different times
as 10 separate trials. The values in Table 1 correspond to
the percentage of subject IDs in the full dataset (with
missing values among participants with autism) who are
not present in each specific survey. These missing rates
were used when generating the missing datasets for the
SMR and BSMR simulation scenarios.

The four models were used to impute the missing
data, and these imputed values were compared with the
true values in the preprocessed complete dataset. In each
imputation trial, the RMSE values were calculated for each

column using the postResample method from the caret
package (Version 6.0 — 94) in R. To retrieve the RMSE
value for an imputed column, the following formula was
used:

RMSE = 1/—2(%—”)
n

Where y; are predicted values and y, are observed
values. As indicated by the equation, the square of the
difference between the predicted and observed value was
summed across each item in the column that was imputed.
This value was then divided by the total number of imputed
items and the square root of this value was stored as the
column’s RMSE.

These column-specific RMSEs were averaged across
all columns in the dataset. Then, these RMSEs were again
averaged across the 10 trials for each simulation setting.
This resulted in a mean overall RMSE for each simulation
scenario. These error values were then compared for every
simulation scenario between each imputation method.

SCQ summary score, RBS-R summary score, and DCDQ
summary score evaluate the social communication function,
severity of repetitive behaviors, and motor functions,
respectively, in study participants with autism. They were
calculated based on corresponding questionnaires. The
RMSE values of these specific mental and behavior summary
scores were also compared between the four imputation
methods across each simulation scenario.

Finally, the total computation time was assessed for the
four imputation methods during the BSMR simulation
scenario, which was chosen since it is closest in nature to
missingness in real survey data.

3. Results

3.1. Overview of full dataset and missingness
patterns

The full dataset used in this study consists of 117,099 study
participants with autism. Slightly more than half of the
participants (51.3%) did not complete SCQ survey, which
screens for social functioning; 63.8% did not complete
RBS-R survey on repetitive behaviors; and 72.9% did not
complete DCDQ survey on motor functions (Table 1).
A total of 34,067 participants have medium missing
rates between 20% and 80% among 363 total questions
(Table 2), 37,710 participants exhibit low missing rates
(<20%), and 45,322 participants exhibit high missing rates
(>80%, Table 2).

When compared to female participants, there are
slightly more male participants with high and low missing
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rates. Around 39% of male participants have high missing
rates, which is slightly larger than the 37% of female
participants, while 33.5% of male participants have low
missing rates, and only around 28% of female participants
have low missing rates.

For individuals between ages 2 and 18, around 22% of
these participants have medium missing rates. The missing
rates of these individuals are more concentrated toward
extreme values since around 39% have either low or high
missing rates or 22% exhibit medium missing rates. For
individuals below 2 years of age, around 40% have medium
missing rates. Around 62% of individuals above 18 years of
age have medium missing rates, whereas nearly 0% exhibit
low missing rates.

Close to half of the self-reported white participants,
Native Hawaiian participants, and individuals who

Table 2. Demographic characteristics of sample organized by
low (<20%), medium (20 - 80%), and high (>80%) missing
rate in SPARK

Missing rate P-value
Low missing ~ Medium High
rate (<20%) missing rate missing rate
(20 - 80%) (>80%)
Number of 37,710 (32.2) 34,067 (29.1) 45,322 (38.7)
Subjects
Sex (%) <0.001
Male 29460 (33.5) 24,030 (27.3) 34,412 (39.1)
Female 8,250 (28.3) 10,037 (34.4) 10,910 (37.4)
Age (%) <0.001
<2 years 456 (28.5) 636 (39.7) 509 (31.8)
2 - 5 years 9,773 (38.0) 6,189 (24.1) 9,726 (37.9)
6-1lyears 16,511(39.1) 9,230 (21.9) 16,463 (39.0)
12- 18 years 10,966 (38.4) 6,217 (21.7) 11,401 (39.9)
>18 years 4(~0.0) 11,795 (62.0) 7,223 (38.0)
Race (%) <0.001
White 28,727 (47.3) 17,968 (30.0) 14,093 (23.2)
African 2,063 (37.8) 1373 (25.2) 2,021 (37.0)
American
Asian 876 (35.0) 645 (25.7) 988 (39.4)
Native 180 (37.4)  141(29.3) 160 (33.3)
American
Native 55 (43.0) 29 (22.7) 44 (34.4)
hawaiian
Multiple races 4,155 (48.3) 2,203 (25.6) 2,249 (26.1)
Other 1654 (42) 11,708 (30.0) 25,767 (65.9)

Note: Proportion of missing variables for each subject was calculated in
the full dataset of this study containing 117,099 total participants with
autism.

identified as “Multiple Races” have low missing rates. The
rates of missingness for self-reported African American,
Asian, and Native American individuals are concentrated
toward the extreme values, with more than 30% exhibiting
high missing rates, while <25% of the participants who
were self-identified as White or “Multiple Races” reported
high missing rates. Those who self-reported themselves as
an “Other” race exhibit large amounts of missingness since
around 66% have missing rates larger than 80%.

3.2. Sample characteristics of complete dataset and
simulation of three missingness patterns

To assess the imputation performance of the four
popular missing data imputation methods (MICE, KNN,
MissForest, and MIDAS), a preprocessed complete dataset
with 15,196 participants with autism (Table 3, details in

Table 3. Sample characteristics in the preprocessed complete
dataset containing 15,196 participants

Number of observations
(percentage) or mean

(standard deviation)
Number of subjects 15,196
Sex (%)
Male 11,901 (78.3)
Female 3,295 (21.7)
Age (%)
<2 years 61 (0.4)
2 -5 years 3,029 (19.9)
6 - 11 years 8,442 (55.6)
12 - 18 years 3,664 (24.1)
>18 years 0(0.0)
Race (%)
White 11,938 (78.6)
African American 656 (4.3)
Asian 331(2.2)
Native American 71 (0.5)
Native Hawaiian 22(0.1)
Multiple races 1,649 (10.9)
Other 529 (3.5)
Summary scores (mean [SD])
SCQ score 21.72 (7.09)
RBS-R score 35.16 (20.50)
DCDQ score 37.87 (12.73)

Notes: This table includes the number of observations and percentage
breakdowns of sex, age, and race as well as means and standard
deviations for the summary scores of the; SCQ: Social Communication
Questionnaire; RBS-R: Repetitive behavior scale-revised; and

DCDQ: Developmental coordination disorder questionnaire.
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Methods) was first obtained. Around 78% of participants
with complete data are male and 22% are female. The male-
to-female ratio is 3.5:1, which aligns with the sex ratio
among subjects with autism in the general population.
About half of the individuals with complete data are
between 6 and 11 years of age. Only 0.4% of subjects
are under 2 years of age while none are above 18. About
79% of participants were self-identified as white. The
category with the second largest number of participants is
“Multiple Races” (10.9%), followed by African American
(4.3%), “Other” (3.5%), and Asian (2.2%). The number of
participants who are Native American or Native Hawaiian
are below 1%. In the preprocessed complete dataset, the
SCQ, RBS-R, and DCDQ scores have average values of
21.72, 35.16, and 37.87, respectively.

All variables were standardized with a mean of zero
and standard deviation of 1 so that the imputation error,
calculated as RMSE, can be interpreted as the average
deviation of the predicted scores from the true scores in
units of standard deviation. To assess the performance
of the missing data imputation methods, missing
values were introduced to the preprocessed complete
dataset with 15,196 participants with autism. First, to
simulate the scenario on MCAR, a random subset of
values across the entire dataset was converted to missing
values. Ten incomplete datasets were generated for each
missingness percentage (10 - 90%). Second, to examine
the performance of the imputation methods on MNAR
patterns, 10 incomplete datasets were randomly generated
for the SMR and BSMR simulation scenarios separately.
When doing so, the missing rates in the original SPARK

Missing Completely At Random (MCAR)

dataset were used (Table 1) to reflect the missingness
distribution present in the real data.

3.3. Performance of imputation on overall dataset

The four imputation methods were applied to the
incomplete datasets in each of the three simulation
scenarios (Figure 3). The imputed values were compared
with the actual values in the complete dataset, and the
RMSE values were calculated. RMSE can be interpreted
as the average deviation of the predicted scores from the
true scores in units of standard deviation since all variables
were standardized. Lower RMSE values correspond to
higher accuracy in missing value imputation.

In the MCAR scenario, the imputation error for all
models generally rose as the missing rate increased.
MissForest has the lowest overall RMSE (ranging between
0.73 and 1.0), outperforming the other methods especially
when the missing rate was low (Figure 3, left panel).
However, as the percentage of missing values increased,
the performance of KNN and MIDAS became comparable
to that of MissForest. MICE outperformed KNN and
MIDAS between 20% and 60% of random missingness but
performed considerably worse than all other models for
the remaining missing rates.

In the MNAR scenarios, all models exhibited an increase
in imputation error in the BSMR scenario when compared
to SMR. MissForest produced the lowest error rate in the
SMR scenario, with an RMSE of 0.83, but did not perform
as well during the BSMR scenario that simulated blockwise
missingness. MissForest also exhibited larger variations in

Missing Not At Random (MNAR)

—+ MICE
g 25 T KW
2 MissForest
wi —} MIDAS
K
= 2.0
>
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(7]
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Figure 3. Evaluation of imputation performance based on overall root mean squared error (RMSE). Values across the 10 trials using the missing completely
at random simulation scenario (left). Overall RMSE values across the 10 missing not-at-random trials in the survey-specific missing rate and blockwise

missingness with Survey-specific missing rate simulation scenarios (right).

Abbreviations: KNN: K-Nearest Neighbors; MICE: Multiple Imputation by Chained Equations; MIDAS: Multiple Imputation with Denoising Autoencoders;

MissForest: Non-parametric missing value imputation using Random Forest.
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RMSE (standard deviation = 0.056) in the BSMR scenario
than in the SMR scenario (standard deviation = 0.0043).
For the BSMR scenario, KNN and MIDAS performed the
best with an average RMSE of 0.96), outperforming the
other methods especially when the missing rate was low
(Figure 3, left panel). The variability of the RMSE was also
relatively low for both methods, with a standard deviation
of 0.0066 for KNN and 1e-6 for MIDAS. MICE performed
worse than the other imputation methods in both SMR
and BSMR scenarios. Especially in the BSMR scenario,
the RMSE value was significantly higher at 2.64 with a
relatively large standard deviation of 0.098.

For every simulation scenario, the difference in
imputation performance on overall RMSE between
KNN and MIDAS was marginal. Both models produced
very similar results throughout the experiment and for
each simulation scenario besides BSMR, they typically
performed slightly worse than MissForest.

3.4. Performance of imputation on mental and
behavioral summary scores

For every simulation scenario, the mean and standard
deviations of RMSE values for the SCQ, RBS-R, and DCDQ
scores were computed across the 10 trials as displayed in
Figure 4. The relative performance of the four models was
generally consistent across the three summary scores.

In the MCAR scenario, MissForest consistently
outperformed KNN and MIDAS when imputing all three
summary scores. The MICE model exhibited a steep incline
in error as the missing rate was incremented. It performed
the best until the missing rate was increased to 50%, after
which it was surpassed by the remaining models. MICE is
ideal for lower rates of random missingness but begins to
perform exponentially worse as the rate gets larger. In fact,
the MICE model produced the largest RMSE among the
four methods at a 90% missing rate. For missing rates that
are 50% and above, MissForest is the ideal model since it
had the lowest errors among the four methods.

The MissForest model performed the best in the SMR
scenario. However, each method, especially MICE and
MissForest, exhibited error rates that rose sharply when
the missing values became blocked by survey type in the
BSMR scenario. In the BSMR scenario, KNN and MIDAS
exhibited the lowest error rates with MissForest performing
slightly worse. MICE performed considerably worse than
the remaining models in the BSMR scenario.

3.5. Computational time

When comparing the computational times of the four
models, the BSMR simulation scenario was used since
this environment most closely resembles the missingness

patterns in the real data when participants skip an entire
survey in SPARK.

As shown in Figure 5, MIDAS and KNN not only had
similar overall error rates but also exhibited comparable
imputation times of around 10 - 13 min. MissForest had a
median imputation time of slightly <30 min. On the other
hand, MICE had a median imputation time of around
285 min, which was significantly larger than those of the
remaining models. The difference in computational time
between implementations in R and Python is negligible.*

4. Discussion

The establishment of biobank databases has enabled the
collection of self-reported mental and behavioral surveys
at scale.”? SPARK has gathered social and behavioral
survey data from about 100,000 individuals' and there
is ongoing collection of more survey data on existing
participants. UK Biobank has measurements on lifetime
depressive disorder, cognitive function, attention, and
impulsivity from about 150,000 participants.>?? All of Us
also has strategic plans to collect mental and behavioral
surveys at scale.* However, the data quality and statistical
power are compromised by missing data. Recent advances
in machine learning methods have inspired novel missing
data imputation approaches with increased accuracy and
computational efficiency.’*'¢ Previous studies either have
not reviewed these newly developed imputation methods
or have not focused on assessing imputation accuracy
in mental and behavioral surveys that exhibit blockwise
missing structures.'*%

Our study provided insights on the missingness pattern
in SPARK, a large-scale cohort with autism, and assessed
the imputation accuracy and computational time of four
popular missing data imputation methods—MICE, KNN,
MissForest, and MIDAS. This was done by simulating
three missingness scenarios in mental and behavioral
surveys, including SCQ, RBS-R, and DCDQ. We observed
that 50 — 70% of participants with autism did not complete
SCQ, RBS-R, and DCDQ surveys and the dataset exhibited
blockwise missing structures. The missing rates also varied
by sex, age, and race. Overall, KNN and MIDAS showed
relatively stable performance with increasing missing rate
in the MCAR scenario and slightly higher imputation error
when blockwise missingness is introduced in the MNAR
scenarios. The error rate increased more significantly in
MICE and MissForestin both MCAR and MNAR scenarios,
with a particularly notable surge in error rate for MICE
when blockwise missing structures were introduced. When
imputing SCQ, RBS-R, and DCDQ summary scores in the
MCAR scenario, MICE had the lowest error rate when
the missing rate was low, while MissForest had the lowest
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Figure 4. Imputation performance on summary scores from mental health surveys. Root mean squared error (RMSE) values for imputing social
communication questionnaire scores (A), Repetitive Behavior Scale-Revised scores (B), Developmental coordination disorder questionnaire scores
(C) across the Missing Completely at Random (MCAR) and missing not at random (MNAR) trials. RMSE values for the across the MCAR and MNAR trials.
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Figure 5. Total imputation times (in minutes) and standard deviations
of each model for the 10 trials in the Blockwise Missingness with BSMR
scenario. The total sample size is 15,196.

Abbreviations: KNN: K-Nearest Neighbors; MICE: Multiple Imputation
by Chained Equations; MIDAS: Multiple Imputation with Denoising
Autoencoders; MissForest: Non-parametric missing value imputation
using Random Forest; BSMR: Survey-specific missing rate.

error rate when the missing rate was high. However, in the
presence of blockwise missingness in the MNAR scenario,
MIDAS was consistently the best-performing model across
all three summary scores, with KNN and MissForest having
similar or slightly higher error rates. The results of this
study suggested that some models like MICE are sensitive
to high missing rates and blockwise missing structures,
while MIDAS and KNN may perform better in the overall
dataset and specific summary scores in the presence of
blockwise missingness. The average computational times
were each 10 min for MIDAS and KNN to impute 15,196
subjects with blockwise missingness, about 35 min for
MissForest, and about 290 min for MICE. These results
highlight the computational efficiency in machine learning
imputation algorithms even in highly complex neural
network models in MIDAS. Newly developed imputation
models have better optimization in their algorithms
and take advantage of parallel computing to reduce the
computational time.

Our results show the potential to impute missing
data in large-scale databases with mental and behavioral
surveys, especially imputing summary scores based on
medical history and neurodevelopmental measures. When
the data exhibits blockwise missingness, the imputation
error increases, but models such as MIDAS and KNN
can still provide imputed results that are relatively stable

and accurate. This shows that when a block of correlated
variables in one survey is completely missing, other related
surveys or medical history can also provide relevant
information for imputation. The choice of imputation
methods may depend on the overall missing rate and
missingness patterns in a dataset.

The strength of our study is that a large-scale collection
of mental and behavioral surveys in SPARK was utilized
to simulate the missingness patterns, particularly with
blockwise missing structures that are commonly observed
in mental health databases. This study also systematically
assessed the latest missing data imputation approaches
like MIDAS. The limitation is that the complete data with
missing data simulation primarily comes from adolescents.
Despite the inclusion of various racial groups in the
simulation, most participants are white. Assessment in
other types of large-scale mental and behavioral surveys
with adults and minority groups is warranted for future
studies.

Missing data imputation is widely used in national
surveys with mental and behavioral surveys. For example,
the National Survey on Drug Use and Health (NSDUH)
has been providing imputation-revised variables by the
predictive mean neighborhood methods since 1999.%
There is also the recent phenotype imputation model
developed in the UK Biobank, which has shown increased
power for genetic studies.’® As biobanks and national
surveys collect more large-scale data on mental and
behavioral surveys, missing data imputation will produce
more accurate imputed values and become an integral part
of analysis to maximize the use of the data.

5. Conclusion

Our study underscores the efficacy of advanced imputation
techniques, such as MIDAS and KNN, in addressing
missing data within large-scale mental and behavioral
surveys. Our findings showcase that for similar databases
with mental and behavioral surveys on autism, dementia,
and other disorders, machine learning-based imputation
methods can be leveraged to effectively recover missing
information. This study demonstrates that machine
learning methods offer increased performance and faster
computation times over traditional algorithms. The
performance of these advanced imputation techniques
demonstrates their potential to optimize analyses and
advance research in mental and behavioral disorders.
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(Sarawak Campus), Kuching, Sarawak, Malaysia

, BeeTheng Lau'®,

2Department of Chemistry and Biotechnology, School of Science, Computing and Engineering
Technologies, Swinburne University of Technology, Melbourne, Victoria, Australia

Abstract

Nasopharyngeal carcinoma (NPC), particularly prevalent in regions such as Malaysia,
is a significant health concern often linked to Epstein-Barr virus (EBV) infection. The
EBV nuclear antigen 1 (EBNAT1), crucial for EBV survival and NPC tumorigenicity,
has emerged as a potential therapeutic target for EBV-positive NPC. In this study,
we utilized quantitative structure-activity relationship (QSAR) models to predict
potential inhibitors of EBNA1. These models were developed based on the molecular
fingerprints of known EBNA1 inhibitors, using both classification and regression
approaches. Our QSAR classification models demonstrated consistently high
precision, recall, F1 score, and accuracy scores across the training set. The top-
performing models, constructed using logistic regression algorithms, achieved
perfect precision scores of 1.000 in the test set evaluation. These models’ recall, F1
score, and accuracy scores were 0.571, 0.727, and 0.667, respectively. On the other
hand, the best-performing model among the regression models was built using
the sequential minimal optimization regression algorithm, achieving a correlation
coefficient of 0.703. The mean absolute error and root mean square error of this QSAR
regression model were 0.173 and 0.217, respectively, whereas the relative absolute
error was 0.689. We screened the enamine advanced compound library using this
regression model to predict compounds with potential EBNAT1 inhibitory effects. This
led to the identification of the top 10 compounds with the most promising predicted
EBNAT inhibitory properties.

Keywords: Epstein-Barr virus nuclear antigen 1; Nasopharyngeal carcinoma; Quantitative
structure-activity relationship; Inhibitor; Machine learning; Compound screening

1. Introduction

The drug discovery process involves several stages, starting with the identification of
disease targets and the search for small molecules that can modulate these targets. This
often involves testing thousands to millions of compounds in various assays, with only a
few progressing to animal testing and pre-clinical studies.' Conclusively, developing new
and effective drugs is tedious, requiring millions of dollars and spanning over a decade.?
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While high-throughput screening can identify active
compounds at low concentrations, it often produces a low
hit rate or high false positives.’ This leads to a significant
discrepancy between the number of hits identified and the
number of viable lead compounds, which leads to wastage.

One way to negate this problem is using quantitative
structure-activity relationship (QSAR) in drug discovery.
QSAR is a ligand-based drug design method that uses
mathematical models to correlate the chemical features of
inhibitors to their bioactivity.* QSAR models streamline
drug discovery by predicting compound activity based
on their structure and properties, allowing researchers to
prioritize promising candidates. This targeted approach
reduces the need for extensive testing, saving time,
resources, and materials while accelerating the research
process. It optimizes resource allocation and promotes
sustainable research practices by focusing efforts on
compounds with a higher likelihood of success.” Another
advantage is that QSAR aids in designing active molecules
in a “greener” way by reducing the need for extensive
experimental synthesis and testing on animals. A study
examined the toxicity of various ionic liquids (ILs), which
have the potential to harm aquatic life. Their study utilized
advanced QSAR techniques to develop reliable models for
predicting IL toxicity without animal testing. Their QSAR
models demonstrated high predictive accuracy, with
classification models achieving over 86% accuracy and
regression models showing a correlation (R?) >0.90 in the
test data. These high-performance models provided strong
predictions and pinpointed the structural elements of ILs
contributing to their cytotoxicity. These QSAR models
offer valuable tools for designing safer and environmentally
friendly ILs.® Notably, QSAR-based virtual screening has
emerged as a pivotal approach in contemporary scientific
investigations, facilitating the identification of potential
drug candidates. QSAR has been used to design chalcone
derivatives that outperform standard tuberculosis drugs,
identify potent neuraminidase inhibitors for influenza A,
identify potent inhibitors for 5-HT,, receptors for mood
and anxiety disorders, and identify potential antimalarial
activity in compounds that have low toxicity towards
the mammalian cell.”® QSAR was also used to identify
critical structural features enhancing the inhibitory effects
of compounds against liver carcinoma cells in tumor-
targeting drug studies.” In antipsychotic/antidepressant
studies, QSAR models have aided in predicting the
activities of natural compounds against specific receptors,
offering potential alternatives to synthetic drugs.’? QSAR
methodologies were also used to clarify physicochemical
factors influencing the activity and cytotoxicity of
compounds against human immunodeficiency viruses and
influenza viruses in antiviral drug studies.'*"*

Nasopharyngeal carcinoma (NPC) is strongly
associated with Epstein-Barr virus (EBV). NPC typically
affects individuals in their mid-40s and is more prevalent
in men. It consistently exhibits EBV positivity, regardless
of geographic location. Annually, NPC accounts for
approximately 90,000 cases and 50,000 deaths recorded
globally.”® Its distribution is unique, with Asian countries
representing around 80% of documented cases and
mortality rates. In Malaysia, NPC ranks as the fourth
most common cancer among males.'* Among the Bidayuh
community, part of Malaysia’s indigenous population, the
risk of NPC is notably elevated, with men and women
experiencing a 2.3-fold and 1.9-fold increase, respectively,
compared to other populations during the same period."”
NPC poses a significant health concern, among which EBV
latent infection stands out as a prominent contributor.

EBV is a virus capable of infecting epithelial and B cells,
facilitating its persistence within the host and transmission
among humans. A critical protein in maintaining viral
stability and promoting viral gene expression is called
the EBV nuclear antigen 1 (EBNA1). EBNAI interacts
with the oriP region of the EBV genome, forming dimers
and complexes crucial for DNA looping and maintaining
genome stability.'®" In addition, EBNA1 recruits cellular
proteins to facilitate DNA replication.” EBNA1 binds to
the Family of Repeats (FR) element during cell division,
tethering EBV episomes to cellular chromosomes for proper
segregation.”’ ?EBNAlalsoactivatesEBV genetranscription
by interacting with the FR element, with specific regions
within EBNAL1 being crucial for this function.* Moreover,
EBNALI affects several cellular signaling pathways in cell
transformation and growth. It amplifies STAT1 signaling,
enhances interferon responsiveness, and inhibits the
transforming growth factor beta and nuclear factor kappa
B pathways, ultimately promoting viral persistence and
oncogenesis.”* EBNA1 also disrupts promyelocytic
nuclear bodies, impairing DNA repair, p53 activation, and
apoptosis in response to DNA damage.?” This disruption is
mediated by interactions with cellular proteins ubiquitin-
specific-processing protease 7 (USP7) and casein kinase 2,
leading to promyelocytic leukemia protein degradation.””*
EBNAL interacts with USP7, stabilizing its binding and
preventing p53 stabilization protease.*® Consequently,
cells expressing EBNA1 exhibit reduced p53 accumulation
upon DNA damage, facilitating cell survival and potentially
contributing to tumorigenesis.” EBNA1 expression also
correlates with increased oxidative stress, characterized
by elevated reactive oxygen species (ROS) levels and DNA
damage. This phenomenon, mediated by the upregulation of
ROS-generating enzyme NADPH oxidase 2 (NOX2), may
promote genomic instability and tumor development.***
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Due to the involvement of EBNAL1 in EBV’s persistence
and oncogenesis, we decided to deploy QSAR modeling
to identify inhibitors targeting EBNA1L. At present, QSAR
applications in search of EBNAI inhibitors remain
unexplored in the current scientific literature. To bridge this
gap, our research aims to identify potential compounds with
inhibitory activities against EBNA1 using our QSAR models.

2. Data and methods
2.1. Dataset preparation

We developed the QSAR models using the AID2381
dataset obtained from a study by Gianti et al.* into
molecular descriptors and fingerprints. All the compounds
in the dataset demonstrated inhibitory activity toward
EBNAL1 through in vitro studies. The compounds in the
database were experimentally evaluated using fluorescence
polarization assay and were shown to inhibit EBNA1
selectively. First, we split the dataset into a training set and
an external test set with a ratio of approximately 4:1. This
yields a training set with 34 compounds and a test set with
nine compounds. The compounds from these two datasets
were then featured with chemical fingerprints using
the PaDEL-Descriptor package. In total, 1024 chemical
fingerprints were generated for each chemical compound in
both datasets. After conversion into chemical fingerprints,
we cleaned the dataset by removing empty rows and
columns. In addition, we extracted the bioactivity of the
ligands in pIC,  format.

2.2. Attribute selection

We constructed the QSAR models using the Waikato
Environment of Knowledge Analysis (WEKA) package.*
WEKA is a software consisting of an extensive collection
of machine learning algorithms for data mining and
exploration.”® Before model construction, we performed
attribute selection to identify the most relevant features for
the model construction.*® There are two parts to selecting
the attributes: Attribute evaluation and search method.
The attribute evaluation assesses each attribute related
to the output variable within the dataset. We applied two
methods of attribute evaluation: CfsSubsetEval (CFS) and
ClassifierSubsetEval (CSE).

2.2.1.CFS

This method evaluates the worth of a subset of attributes by
considering each feature’s predictive ability and the degree
of redundancy between them. Subsets of features highly
correlated with the class while having low intercorrelation
are preferred.”” To select attributes, the attribute evaluator
will employ a search method. The search method
systematically explores various combinations of attributes
within the dataset, aiming to identify a selection of preferred

features. We used two search methods for CFS: Best first
(BF) and greedy stepwise (GS). The BF method searches
the attribute space by greedy hill climbing augmented with
a backtracking facility, while the GS method performs a
greedy forward or backward search through the space of
attribute subsets.”®*

2.2.2. CSE

This method uses an algorithm to estimate the “merit”
of attributes.” We used several algorithms for CSE to
select the top attributes. For classification modeling, we
employed algorithms Naive Bayes (NB), instance-based
learner (IBK), J48 Decision Tree (J48), random forest (RF),
and logistic regression (LR). For regression modeling,
we used linear regression (LRE), simple linear regression
(SLR), sequential minimal optimization (SMO) regression,
IBK, and RF algorithms. We also employed search methods
BF and GS for CSE. For better visualization, we show the
attribute selection process in this study (Figure 1).

2.3. Classification QSAR model

After the attribute selection process, we built the
classification models using the NB, IBK, J48, RE and LR
algorithms.

2.3.1. Evaluation metrics for classification

The performance of the classification model was evaluated
using standard metrics, including precision, recall, F1
score, and accuracy. Precision is a metric that evaluates the
accuracy of correct predictions. It is calculated by dividing
the number of accurate positive predictions by the total
number of positive predictions.*

TP

—— I
TP +FP @

Precision =

where TP is true positive, and FP is false positive.

The recall metric measures the number of actual
observations predicted correctly. It is determined by
dividing the number of correct positive predictions by the
total number of actual positive instances.*

TP

Recall=——
TP +FN

(II)

where TP is true positive, and FN is false negative.

F1 score is a metric that calculates the harmonic
mean between precision and recall. The formula of F1
score, which provides a balanced measure of a model’s
performance, is given as follows:

2 x precision x recall ()

F1 score = —
precision x recall
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Figure 1. Quantitative structure-activity relationship model process
Abbreviations: IBK: Instance-based learner; SMO: Sequential minimal optimization.

Accuracy is the sum of two accurate predictions divided
by the total number of data sets. It measures how often
the classifier makes the correct prediction. It is the ratio
between the number of correct predictions and the total
number of forecasts.” We can calculate accuracy using the
formula below.

TP+TN

(Iv)
TP+TN +FP+FN

Accuracy =

where TP is true positive, TN is true negative, FP is false
positive, and FN is false negative.

These four evaluation classification metrics can provide
a comprehensive understanding of the performance of the
classification QSAR models.

2.4.Regression QSAR model

After the attribute selection process, we built the QSAR
regression models using LRE, SLR, SMO regression, IBK,
and RF algorithms.

2.4.1. Evaluation metrics for regression

We assessed the regression QSAR models’ performance
using correlation coefficient (r), mean absolute error
(MAE), root mean squared error (RMSE), and relative
absolute error (RAE) scores. The R score is a statistical
measure of the strength of a linear relationship between
two variables. The value of r ranges from -1 to 1.
A negative score indicates an inverse correlation between
the variables, whereas a positive score means the variables

have a positive correlation.* Meanwhile, an r value close
to 0 indicates a very weak or no linear correlation between
the variables.*! r is calculated as below.]

xR
V2% Xy, -3)

where: x: each individual x value; X: mean of all x
values; y: each individual y value; y: mean of all y values

V)

MAE score is calculated as the average of the absolute
error values between the observed and predicted values.
The score ranges from 1 being perfect to 0 being wrong.**
MAE is calculated as below.

MAE = %Zn]yi -y, (VI)
i=1

wheren represents the number of predictions; y,
represents the observed values; and y; represents the
predicted values.

RMSE is the squared root of the mean of all the errors,
which describes the prediction magnitude error.*’ The
scores range from 1 to 0, with lower scores preferred. RAE
is determined by dividing the sum of absolute errors by the
absolute difference between the mean and the actual value.
The equation for RMSE is given in the following.

zrzl(Yi _)A,i )2

n

RMSE = (VD)
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wheren represents the number of predictions; y,
represents the observed values; and V; represents the
predicted values.

RAE serves as a measure to assess the performance of a
predictive model and is represented as a ratio. Lower RAE
scores indicate a more effective mode.* The equation for
calculating RAE is as follows.

A

i Yi™Y;
Zizl Yi—y
where
_ 1
y==2 (IX)
ni5

where n represents the number of observations; y,
represents the observed value; and y represents the
average of observed values.

These four assessment regression metrics offer a
thorough perspective on the performance of regression
QSAR models.

2.5. Model deployment

After constructing the QSAR models, we validated all
our models using the external test set. The chosen model
was then deployed on the enamine advanced compound
library. The enamine advanced compound library was
similarly featurized with chemical fingerprints using the
PaDEL-Descriptor package.

3. Results
3.1. Classification QSAR models

Our study yielded the following results for classification-
based machine learning models (Table 1). CFS-LR-BF
and CFS-LR-GS models exhibited precision scores of
1.000, recall scores of 0.952, F1 scores of 0.976, and
accuracy scores of 0.976. In addition, the CFS-NB-BF and
CFS-NB-GS models had precision, recall, and F1 scores all
at 0.952 and accuracy scores at 0.953. The CSE-J48-LR-BF
model achieved a precision score of 0.955, a recall score of

Table 1. Score for evaluation metric for the training set

1.000, an F1 score of 0.977, and an accuracy score of 0.976.
Meanwhile, the CSE-J48-IBK-BF model demonstrated a
precision score of 0.952, a recall score of 0.952, an F1 score
of 0.952, and an accuracy score of 0.953. We visualized the
performance of these models using a confusion matrix
(Figure 2).

We evaluated our models using an external test set
comprising eight compounds (Table 2). The CFS-LR-BF
and CFS-LR-GS QSAR classification models demonstrated
precision scores of 1.000 and recall scores of 0.571. Both
models achieved F1 scores of 0.727 and accuracy scores of
0.667. The CFS-NB-BF and CFS-NB-GS models exhibited
precision scores of 1.000 and recall scores of 0.429. Both
models achieved F1 scores of 0.600 and accuracy scores of
0.556. Finally, the CSE-J48-LR-BF and CSE-J48-IBK-BF
models demonstrated precision scores of 1.000, with
recall scores of 0.429. Both models achieved F1 scores of
0.600 and accuracy scores of 0.556. We also presented the
results of the test set evaluation using a series of confusion
matrices (Figure 3). These visual representations show the
models’ performance in classifying active and inactive
compounds.

3.2. Regression QSAR models

For regression-based models, we obtained the following
results. For the training set of CSE-LRE-BF-SMO and CSE-
LRE-GS-SMO, both models achieved R scores of 0.992.
Both models had MAE values of 0.029 and RMSE values
of 0.037. The RAE values for both models were 0.118. For
the training set of the CSE-SMO-BF-LRE and CSE-SMO-
GS-LRE QSAR regression models, both models achieved R
scores of 0.999. Both models had MAE values of 0.004 and
RMSE values of 0.005. The RAE values for both models
were 0.014. Regarding the training set results for the CSE-
SMO-BE-SMO and CSE-SMO-GS-SMO QSAR regression
models, we observed that both models achieved R scores
of 0.999. Both models achieved MAE values of 0.008 and
RMSE values of 0.010. The RAE values for both models
were 0.032. We plotted the graphs of experimental pIC,
versus predicted pIC, of the compounds in the training
set (Figure 4). Consecutively, we evaluated the models on
a test set to determine the predictive power of each model.

CFS-LR-BF CFS-LR-GS CFS-NB-BF CFS-NB-GS CSE-J48-LR-BF CSE-J48-IBK-BF
Precision 1.000 1.000 0.952 0.952 0.955 0.952
Recall 0.952 0.952 0.952 0.952 1.000 0.952
F1 score 0.976 0.976 0.952 0.952 0.977 0.952
Accuracy 0.976 0.976 0.953 0.953 0.976 0.953

Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance-based learner; J48: J48 Decision Tree;

LR: Logistic regression; NB: Naive Bayes.
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Figure 2. Confusion matrix for the training set results of (A) CFS-LR-BE, (B) CFS-LR-GE, (C) CSE-J48-BF-LR, (D) CFS-NB-BE, (E) CFS-NB-GS, and (F)
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Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance-based learner; J48: J48 Decision Tree; LR:

Logistic regression; NB: Naive Bayes.

Table 2. Score for evaluation metric for the test set

CFS-LR-BF CFS-LR-GS CFS-NB-BF CFS-NB-GS CSE-J48-LR-BF CSE-J48-1BK-BF
Precision 1.000 1.000 1.000 1.000 1.000 1.000
Recall 0.571 0.571 0.429 0.429 0.429 0.429
F1 score 0.727 0.727 0.600 0.600 0.600 0.600
Accuracy 0.667 0.667 0.556 0.556 0.556 0.556

Abbreviations: BF: Best first; CFS: CfsSubsetEval; CSE: ClassifierSubsetEval; GS: Greedy stepwise; IBK: Instance-based learner; J48: J48 Decision Tree;

LR: Logistic regression; NB: Naive Bayes.

For our external test set results, we observed that the
CSE-LRE-BF-SMO and CSE-LRE-GS-SMO achieved R
scores 0f 0.703 and 0.705, respectively. The MAE and RMSE
values for both models were 0.173 and 0.217, respectively.
Meanwhile, the RAE values for both models were 0.688
and 0.686, respectively. Both the CSE-SMO-BF-LRE and
CSE-SMO-GS-LRE QSAR regression models achieved an
R score of 0.703 in the test set. The MAE and RMSE values
were 0.173 and 0.217, respectively. The RAE values for
both models were 0.689. Moving on to the CSE-SMO-BEF-
SMO and CSE-SMO-GS-SMO QSAR regression models,
both models achieved an R score of 0.703 in the test set.
The MAE values for both models were 0.173 whereas the
RMSE values for both models were 0.217. The RAE values
for both models were 0.689. The outcomes of the test set
evaluation are depicted through a table summarizing the
different evaluation metrics (Table 3) and plots of actual
pIC,, versus predicted pIC_| (Figure 5).

3.3. Deployment of model

Given that our target variable is the pIC,  of compounds,
we decided to employ a modeling approach that provides
numerical outcomes, namely the regression algorithm.
Therefore, we chose to deploy the CSE-SMO-BE-LRE model
on the enamine advanced library to predict their inhibitory
activities against EBNAIL. After the enamine advanced
library compounds were featured with chemical fingerprints,
we predicted their pIC, against EBNA1 using the chosen
regression model. The structures of the top 10 compounds
are shown in Figure 6. Future work would involve purchasing
these ten compounds for experimental validation.

4. Discussion
4.1. Classification QSAR models

We assessed our classification QSAR models’ performance
using four key metrics: Precision, recall, F1 score, and
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Table 3. Score for evaluation metric for the test set

CSE-LRE-BF-SMO  CSE-LRE-GS-SMO  CSE-SMO-BF-LRE ~ CSE-SMO-GS-LRE =~ CSE-SMO-BF-SMO  CSE-SMO-GS-SMO

R 0.703 0.705 0.703 0.703 0.703 0.703
MAE 0.173 0.172 0.173 0.173 0.173 0.173
RMSE 0.217 0.217 0.217 0.217 0.217 0.217
RAE 0.688 0.686 0.689 0.689 0.689 0.689

Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; MAE: Mean absolute error; R: Correlation
coeflicient; RAE: Relative absolute error; RMSE: Root mean squared error; SMO: Sequential minimal optimization.

Volume 2 Issue 1 (2025) 99 doi: 10.36922/aih.4375


https://dx.doi.org/10.36922/aih.4375

Artificial Intelligence in Health

EBNA1 inhibitors against EBV in NPC

A 6o, B 6o, C 6o
$ § $
3 5.51 o 5.59 S 5.5
° ° T
3 g 3
T ° T
2 5.01 o 5.0 o 5.0
% o o
4.5 45 45
45 5.0 55 6.0 a5 5.0 5.5 6.0 4.5 5.0 5.5 6.0
D Actual pICsq E Actual pICso F Actual pICsg
6.07 6.07 6.07
$ § $
S 551 S 5.5 & 5.54
° ° T
2 2 e
k] 8 k]
° ° °
2 5.01 o 5.0 o 5.0
[N o o
45 45 45

5.0 55
Actual pICsq

6.0 45

5.0
Actual pICsq

55 6.0 45 5.0 5.5

Actual pICsq

6.0

Figure 5. Graphical representation for the test set result for (A) CSE-LRE-BF-SMO, (B) CSE-LRE-GS-SMO, (C) CSE-SMO-BF-LRE, (D) CSE-SMO-GS-LRE,

(E) CSE-SMO-BE-SMO, and (F) CSE-SMO-GS-SMO

Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; SMO: Sequential minimal optimization.

Table 4. Score for evaluation metric for the training set

CSE-LRE-BF-SMO  CSE-LRE-GS-SMO

CSE-SMO-BF-LRE

CSE-SMO-GS-LRE ~ CSE-SMO-BF-SMO  CSE-SMO-GS-SMO

R 0.992 0.992 0.999
MAE 0.029 0.029 0.004
RMSE 0.037 0.037 0.005
RAE 0.118 0.118 0.014

0.999 0.999 0.999
0.004 0.008 0.008
0.005 0.010 0.010
0.014 0.032 0.032

Abbreviations: BF: Best first; CSE: ClassifierSubsetEval; GS: Greedy stepwise; LRE: Linear regression; MAE: Mean absolute error; R: Correlation
coefficient; RAE: Relative absolute error; RMSE: Root mean squared error; SMO: Sequential minimal optimization.

accuracy. Our results highlighted two top-performing
classification models, CFS-LR-BF and CFS-LR-GS. Both
models exhibited high precision, recall, F1, and accuracy
scores. In addition, the rest of the classification models also
demonstrated strong performance (Figure 2). Our results
showed that all six models accurately and successfully
classified active and inactive compounds in the training
set. During the external test set evaluation (Table 2), the
CFS-LR-BF and CFS-LR-GS QSAR classification models
demonstrated perfect precision scores of 1.000, indicating
their precisionin classifyingacompoundasactive. However,
their recall scores were moderate at 0.571, suggesting some
active compounds might have been missed. Both models
achieved F1 scores of 0.727 and accuracy scores of 0.667,
indicating a balanced performance. The CFS-NB-BF
and CFS-NB-GS models also exhibited perfect precision
scores of 1.000, but their recall scores were lower at 0.429.
Both models achieved consistent F1 scores of 0.600 and
accuracy scores of 0.556. Finally, the CSE-J48-LR-BF and
CSE-J48-IBK-BF models demonstrated perfect precision
scores of 1.000, with moderately low recall scores of 0.429.
Both models achieved consistent F1 scores of 0.600 and
accuracy scores of 0.556. The consistently high precision
scores across all models indicate their ability to identify

active compounds correctly. However, the variability
in recall scores suggests differences in their abilities to
capture all true positive instances. While the models excel
in minimizing false positive predictions, they may have
limitations in identifying all active compounds in the
dataset. Considering the scores of all models, we suggest
that CFS-LR-BF and CFS-LR-GS are the top QSAR models
for classification tasks.

4.2. Regression QSAR models

The performance of our regression-based QSAR models
was evaluated using several key metrics: The correlation
coeflicient (R), MAE, RMSE, and RAE (Table 4). Based on
the training set scores for the QSAR regression models, all
models achieved high R scores with low MAE and RMSE
values. Consequently, all the regression QSAR models
demonstrated excellent predictive performance, with
high correlation, low error rates, and minimal relative
error in the training set. However, a good model cannot
be determined solely by good scores on the training set.
Therefore, we also evaluated the models on a test set to
determine the predictive power of each model. Based on
our external test set results, we observed that the CSE-LRE-
BF-SMO and CSE-LRE-GS-SMO regression QSAR models
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Figure 6. Two-dimensional chemical structures of chosen compounds generated using MarvinSketch 23.12

performed the best. Both models achieved R scores of 0.703
and 0.705, respectively. The MAE and RMSE values for
both models were low, with MAE values of 0.173 and RMSE
values of 0.217. These error values suggest that the models’
predictions deviate from the actual values by a small
amount.” Meanwhile, the RAE values for both models were
moderate, with values of 0.688 and 0.686, respectively. The
RAE scores suggest that the models’ predictions deviate
from the actual values by a moderate percentage relative
to the scale of the target variable. For the CSE-SMO-BF-
LRE and CSE-SMO-GS-LRE regression QSAR models,
both models achieved an R score of 0.703 in the test set.
The MAE and RMSE values for both models were low,
with MAE values of 0.173 and RMSE values of 0.217. The
RAE values for both models were also moderate, at 0.689.
Moving on to the CSE-SMO-BF-SMO and CSE-SMO-GS-

SMO regression QSAR models, both models achieved an R
score of 0.703 in the test set. The MAE and RMSE values for
both models were low, with MAE values of 0.173 and RMSE
values of 0.217. The RAE values for both models were also
moderate, at 0.689. The outcomes of the test set evaluation
are depicted through a table summarizing the different
evaluation metrics (Table 3) and plots of actual pIC, | versus
predicted pIC_ (Figure 5).

5. Conclusion

This study highlights the potential of QSAR modeling in
identifying candidate compounds for inhibiting EBNA1L, a
key target in addressing EBV-associated diseases such as
NPC. Our findings demonstrated that QSAR classification
models, particularly CFS-LR-BF and CFS-LR-GS, exhibit
strong precision, albeit with moderate recall. This suggests
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their effectiveness in identifying active compounds while
minimizing false positives. Despite the moderate recall,
their balanced F1 scores and moderate accuracy indicate
good performance. Similarly, the CSE-SMO-BF-LRE
QSAR model captured the relationship between compound
bioactivity and chemical fingerprints. Using QSAR for our
drug screening process optimized resource allocation and
reduced the need for extensive experimental synthesis,
aligning with sustainable research practices. Furthermore,
our QSAR-based screening of the Enamine Advanced
compound library predicted the top 10 compounds
with potential inhibitory effects against EBNAL. Further
experimental validation of these predicted inhibitors is
needed to confirm their efficacy and safety, paving the
way for potential therapeutic interventions against EBV-
positive NPC.
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Abstract

This study examines the impact of workforce diversity, particularly the presence
of Black/African American staff, on client retention in opioid use disorder
(OUD) treatment, recognizing the historically low retention rates among Black
and Hispanic populations in such programs. Using a novel machine learning
technique called “causal forest,” we explored the heterogeneous treatment
effects of staff diversity on client retention, aiming to identify strategies that
enhance client retention and improve treatment outcomes. Analyzing data from
four waves of the National Drug Abuse Treatment System Survey spanning the
years 2000, 2005, 2014, and 2017 (n = 627), we focus on the relationship between
workforce diversity and retention. The findings revealed diversity-related
variations in retention across 61 out of 627 OUD treatment programs (<10%),
with potential beneficial effects attenuated by other program characteristics.
These characteristics include programs that are more likely to be private-for-
profit, have lower percentages of Black and Latino clients, lower staff-to-client
ratios, higher proportions of staff with graduate degrees, and lower percentages
of unemployed clients. Our results suggest that workforce diversity alone is
insufficient for improving retention. Programs with characteristics linked to
greater retention are better positioned to leverage a diverse workforce to
enhance retention, offering important implications for policy and program
design to better support Black clients with OUDs.

Keywords: Workforce diversity; Opioid use disorder; Treatment retention; Causal forest;
Heterogeneous treatment effect
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ML approach for client and program effects in OUD retention

1. Introduction

The opioid epidemic continues to adversely impact the
public health system of the United States. The Centers
for Disease Control and Prevention estimates that there
were over 81,000 opioid-related overdose deaths in 2023.!
Increased opioid use disorder (OUD) treatment retention
can improve treatment outcomes, including reduced rates
of mortality and of relapse.* Concurrently, retention rates
in OUD treatment are highly variable between programs
and demographic groups, with 6-month retention rates
commonly dropping below 50% for some groups.*¢ Several
studies measuring retention in OUD programs have found
lower retention rates among minoritized individuals
who identify as Black/African American and as Latino/
Hispanic (Black and Latinos, hereafter).”® Other studies
have identified subgroup differences between Black, Latino,
and White clients, including variations in predictors of
retention and the treatment outcomes associated with
retention.'®! It is therefore important to consider unique
differences, particularly of minoritized patients like Black
clients, when exploring strategies to boost retention rates
in OUD programs.

Past research on the effect of culturally responsive
practices on the retention of Black OUD clients has identified
promising culturally responsive organizational factors,
including offering bilingual language services; developing
specific policies and procedures designed to serve minority
clients; and having managers who believe in the importance of
cultural sensitivity.'*'® Workforce diversity, defined as having
a higher percentages of Black staff members, is thought to
improve Black OUD clients’ treatment outcomes by fostering
a culturally responsive treatment environment.'>7-*
However, previous studies on the impacts of workforce
diversity on OUD client retention have looked for simple
associations and have included only a few basic modifying
variables, leading to variable retention outcomes.'**!

The heterogeneous nature of these results indicates
that workforce diversity may have differential impacts
on retention rates in OUD programs with different
organizational characteristics. We build on prior studies
that have suggested that workforce diversity in the
absence of other factors, such as high levels of training
and education among staff members, may be insufficient
to improve treatment outcomes.””'® Unpacking the
heterogeneity in associations between workforce diversity
and treatment retention can help healthcare policymakers,
leaders of OUD treatment programs, and researchers to
understand which programs would benefit most from the
expansion of workforce diversity, and importantly, the
additional conditions necessary to optimize the benefits of
workforce diversity.

In this study, we applied heterogeneous treatment effect
(HTE) estimation methods to understand which workforce
diversity characteristics facilitate positive retention effects.
HTE estimation is a machine learning method which was
originally designed to study variations in the effects of
clinical interventions and has been generalized to other
applications such as public policy and marketing.***
Heterogeneous treatment effect (HTE) estimation
methods, including causal forests, have been effectively
applied in fields such as personalized medicine, public
policy, and marketing.?** In personalized medicine, HTE
helps tailor treatments to individual patients, improving
outcomes by accounting for diverse responses. In public
policy, it identifies how different populations are impacted
by interventions, guiding more equitable policymaking. In
marketing, HTE enables businesses to optimize strategies
by understanding how various customer segments respond
to different campaigns. The strength of HTE methods lies
in their ability to handle complex interactions and high-
dimensional data, offering deeper insights than traditional
regression models.

In this work, we adopted a state-of-the-art HTE
estimation method called “causal forest,” to examine the
heterogeneous impact of workforce diversity on OUD
treatment retention.®* Causal forest is a machine learning
method that extends the random forest framework to
estimate the varying effects of a treatment across different
subgroups within a population. This method involves
constructing an ensemble of decision trees, where each
tree is specifically designed to identify splits in the data
that reveal differences in treatment effects between
subpopulations. To ensure accurate and unbiased estimates,
causal forest uses a technique known as “honesty;” where
the data used to determine the optimal splits in the trees
is separate from the data used to estimate the treatment
effects. This approach allows for a detailed exploration of
how the impact of a treatment may differ across various
segments of the data.

There are several advantages of this method over
traditional regression models. First, due to potential high
collinearity and a high false discovery rate, only a limited
number of interactions can be included in traditional
regression models. Second, causal forest provides variance
for individually-estimated treatment effects, that is, one
can calculate the asymptotic p-values for the statistical
significance of treatment effects for each observation.

By examining HTE, we can untangle the various factors
that may influence how workforce diversity impacts OUD
client retention. The benefit of this study to the field of
healthcare, and disparities within this field in particular,
includes informing healthcare policies, and practices, on
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which program characteristics can be adjusted to maximize
the benefits of workforce diversity for OUD client retention.
This study is also of relevance to the field of computational
science, using machine learning to showcase an application
of a novel approach to understanding heterogeneity.

2. Methods

We relied on nationally representative data from
the National Drug Abuse Treatment System Survey
(NDATSS), a dataset containing eight waves of survey data
from outpatient substance use treatment programs (OTPs)
from 1988 to 2017.°**' Each wave incorporated a large
percentage of programs from the previous wave, except
programs excluded due to closure. More details on the
NDATSS dataset can be found elsewhere.?! In this paper,
we looked at the last four waves of the NDATSS (110 OTPs
in 2000, 142 in 2005, 184 in 2014, and 190 in 2017).

2.1. Dependent variable

We used an established measure of retention, the
percentage of clients in treatment for more than 3 months
in a treatment program, as the dependent variable. This
measure has been used in other studies.*?"

2.2.Independent variables

The key independent variable is workforce diversity, which
we define as the percentage of staff self-identified as Black
or African American. This measure has been used in other
studies.''#2132 To apply the existing estimation method
for HTE, we dichotomized the treatment variable. Thus,
we consider programs with more than 20% Black staft
as having high workforce diversity. This threshold was
chosen because more than 50% of the programs in our
sample had less than 20% Black staff. The other relevant
independent variables that define the heterogeneity of the
treatment effect on client retention rates include program
and client characteristics such as percentage of Black
clients, percentage of Latino clients, accreditation by The
Joint Commission (TJC), ownership status, program type
(private-for-profit, private-not-for-profit, public), staft-
to-client ratio, proportion of staff who have graduate
degrees, percentage of unemployed clients, and whether
the program is located in a state that expanded Medicaid
coverage.

2.3. Statistical analysis

We conducted a comprehensive comparative analysis
of all variables across the four-year period to assess
any significant differences or associations. Categorical
variables were examined using the Chi-square tests to
determine if there were statistically significant associations
between variables over time. For continuous variables,

we utilized analysis of variance (ANOVA) to compare
mean differences across the four years. This approach
allowed us to identify patterns, trends, and variations
in the data, providing a detailed understanding of how
each variable evolved over the study period. To examine
the heterogeneity of the association between workforce
diversity and retention in OUD treatment, we used the
causal forest method in which weights were incorporated
to make the data nationally representative.”*

The dataset used in our study was organized at the
program level, meaning that each record corresponds to
a single program. Therefore, when we refer to percentages
of specific client demographics, we are indicating the
proportion of those clients relative to the total number of
clients within each program.

Causal forest is particularly well-suited for this analysis
as it estimates the client and program-specific treatment
effects of workforce diversity on retention. By doing so, it
highlights how the presence of a diverse workforce might
influence retention rates in different programs. In addition,
the causal forest method generates variance estimates,
which allow us to assess whether the observed treatment
effects are statistically significant and different from zero.
This approach not only quantifies the impact of workforce
diversity but also provides a measure of the confidence we
can have in these effects, revealing the conditions under
which workforce diversity plays a crucial role in enhancing
OUD treatment retention.

3. Results

We found significant differences among variables across
the four different years that we examined. Table 1 presents
the comparative analysis by year. The percentages of clients
in treatment for more than 3 months were significantly
different across years (P < 0.001). The percentages of
Black clients were also significantly different across years
(P < 0.001), with the percentages of Black clients being
lower in the last two waves (2014 and 2017). More programs
were from states that expanded Medicaid coverage in 2017
compared with 2014 (P < 0.001). There was an increasing
trend of program age across years (P < 0.001). The results
also showed that fewer programs were owned by another
organization in the last two waves (P < 0.001). The staft-
to-client ratio was significantly different across years
(p = 0.024). The results also showed that the percentages
of unemployed clients were higher in the last two waves
(P <0.001).

Results from the causal forest method (Table 2)
showed that 61 OTPs had statistically significant positive
treatment effects for workforce diversity. This means that
these 61 OTPs would significantly benefit from having
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Table 1. Comparative analysis of Opioid Treatment Programs in NDATSS data

2000 2005 2014 2017
n=110 n=142 n=184 n=190
Percentage of clients in treatment more than 3 months*** 84.3 (16.5) 87.9(13.2) 75.2 (30.5) 79.0 (27.7)
More than 20% of Black staff 61 (55.5%) 70 (49.3%) 78 (42.4%) 93 (48.9%)
Client characteristics
Percentage of Black clients*** 29.4 (28.1) 25.5(26.4) 18.7 (24.1) 20.8 (23.0)
Program characteristics
Medicaid expansion*** - - 116 (63%) 140 (73.7%)
TJC accreditation 27 (24.5%) 52 (36.6%) 60 (32.6%) 55 (28.9%)
Program age*** 17.8 (11.6) 20.8 (12.0) 23.7 (14.1) 27.0 (15.1)
Owned by another organization*** 78 (70.9%) 103 (72.5%) 43 (23.4%) 59 (31.1%)
Type of programs
Private for-profit 40 (36.4%) 53 (37.3%) 63 (34.2%) 64 (33.7%)
Private not-for-profit 45 (40.9%) 64 (45.1%) 101 (54.9%) 99 (52.1%)
Public 25 (22.7%) 25 (17.6%) 20 (10.9%) 27 (14.2%)
Staff-to-client ratio in percentage* 4.3 (4.1) 3.9(2.7) 4.2 (4.4) 6.1 (10.6)
Proportion of graduate staff 0.3(0.2) 0.4 (0.2) 0.3 (0.2) 0.3 (0.2)
Percentage of unemployed clients*** 44.6 (23.0) 43.6 (24.7) 54.7 (26.4) 52.1(25.8)

Notes: The values inside the parentheses in the table that do not have a “%” sign are the corresponding standard deviations. *P<0.05, **P<0.01,
% P<0.001.
Abbreviations: NDATSS: National Drug Abuse Treatment System Survey; TJC: The Joint Commission.

Table 2. Comparative analysis of programs with no or significant benefit from workforce diversity

No benefit from diversity (n=565) Benefit from diversity (n=61) p-value

Medicaid expansion 233 (41.2%) 23 (37.7%) 0.69188
Year 0.34624

2000 104 (18.4%) 6 (9.8%)

2005 129 (22.8%) 13 (21.3%)

2014 163 (28.8%) 21 (34.4%)

2017 169 (29.9%) 21 (34.4%)
Percentage of Black clients 24.9 (25.7) 2.6 (2.9) 2.12E-66
TJC accreditation 182 (32.2%) 12 (19.7%) 0.06199
Owned by another organization 261 (46.2%) 22 (36.1%) 0.16922
Type of programs 2.22E-10

Private for-profit 175 (31%) 45 (73.8%)

Private not-for-profit 298 (52.7%) 11 (18%)

Public 92 (16.3%) 5 (8.2%)
Staff-to-client ratio in percentage 5.0 (7.0) 2.0(1.1) 2.38E-19
Proportion of graduate staff 0.3(0.2) 0.5(0.2) 2.43E-05
Percentage of unemployed clients 52.0 (25.2) 27.1(17.8) 4.31E-16
Program age 23.9 (13.9) 14.5 (10.8) 1.51E-08

Note: The values inside the parentheses in the table that do not have a “%” sign are the corresponding standard deviations.
Abbreviation: TJC: The Joint Commission.

a high percentage of Black staff in terms of increasing the 3 months (retention). Among the remaining 566 OTPs, 562
percentage of clients who stay in treatment longer than did not have statistically significant treatment effects, while
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four had statistically significantly negative treatment effects.
Itis important to note that these four programs with negative
treatment effects may potentially represent false discoveries.

The comparison of characteristics of these 61 OTPs with
the other 566 OTPs is presented in Table 2. The 61 OTPs
that would benefit the most from workforce diversity had
significantly lower percentages of Black clients (P < 0.001,),
were more likely to be private-for-profit (P < 0.001), had
lower staff-to-client ratio (P < 0.001), much higher
proportion of staff who had graduate degrees (P < 0.001),
much lower percentage of unemployed clients (P < 0.001),
and were more likely to be newer programs (P < 0.001).
The box plots of the percentage of clients in treatment for
more than 3 months, categorized based on the presence
of high and low percentage of Black staff, in these 61
OTPs and the other 566 OTPs are presented in Figure 1.
Higher percentages of Black staff were associated with the
increased percentage of clients in treatment to more than
3 months in these 61 OTPs.

4, Discussion

To study the role of the variation of workforce diversity
in improving OUD treatment retention, we explored the
heterogeneous treatment effect with a novel machine-
learning method called causal forest. Our analytical
method aimed to advance understanding of the variation
in the association between workforce diversity, that is,
percentage of Black staff in an OUD treatment program,
and OUD treatment retention (percentage of clients in
treatment for more than 3 months).

The 61 effective programs
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We found that only a small proportion of the sample,
that is, 61 out of 627 OTPs (<10%), would statistically
significantly benefit from workforce diversity when it comes
to retaining clients. This means that, notwithstanding
the level of workforce diversity, characteristics of these
programs, other than workforce diversity, would cause
them to benefit more from diversity. The characteristics that
amplified the impact of workforce diversity on retention
included: lower percentages of Black clients, lower staft-to-
client ratio, higher proportion of staff who had graduate
degrees, and lower percentage of unemployed clients. In
addition, those OTPs were more likely to be private for-
profit and newer.

The characteristics of these 61 OTPs suggest that the
impact of workforce diversity is context-dependent, and
its effectiveness is shaped by a combination of program-
specific factors. For instance, programs with lower
percentages of Black clients might benefit more from
diversity because the presence of Black staft could provide
critical cultural insights and connections that are otherwise
lacking. Similarly, a lower staft-to-client ratio and higher
staff education levels could facilitate more personalized
and culturally competent care, which is particularly
beneficial in diverse workforce environments. These
findings imply that workforce diversity alone is insufficient
for improving retention across all settings; rather, it is the
synergy between diversity and other favorable program
characteristics that drives positive outcomes.

Moreover, the observation that private for-profit
programs were more likely to benefit from diversity could
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Figure 1. Box plots illustrating the heterogeneous effects of workforce diversity on treatment retention. (Left) Box plots of the percentage of clients in
treatment for more than 3 months, categorized based on the presence of high and low percentage of Black staff, in the 61 effective programs. (Right) Box
plots of the percentage of clients in treatment for more than three months, categorized based on the presence of high and low percentages of Black staff,
in the other 565 ineffective programs.

Abbreviations TX: Texas.
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reflect the greater operational flexibility and resource
availability in these settings, allowing for more effective
implementation of diversity initiatives. This raises
important considerations for public and not-for-profit
programs, which may need additional support to create
environments where workforce diversity can flourish.
These programs might require targeted investments in
staff training, educational opportunities, and resource
allocation to replicate the conditions under which diversity
positively impacts retention in private for-profit settings.

The characteristics of these 61 OTPs indicate that
workforce diversity is most likely to improve client
retention when implemented in less constrained programs,
that is, those with attributes often reported in the existing
literature to be associated with positive outcomes.**? This
may explain why we did not see a significant association
between the percentage of Black staff and the percentage
of clients in treatment for more than 3 months when
considering the full sample of 627 OTPs.

Few studies have examined the general association
between Black workforce diversity and treatment retention
among Black clients.'>*' These studies identified significant
associations that may have been driven by a small subgroup
or population. In ddition, organizational characteristics
may alter the impact of workforce diversity in a different
direction. Findings in this paper inform rigorous analytical
approaches to understand relationships of individual and
program features with client outcomes. The benefit of this
approach is to help public health policymakers identify
OTPs that might benefit from workforce diversity, or
alternatively, OTPs with high workforce diversity that
could benefit from greater resources.

Our study is also aligned with the national call to
diversify the workforce in addiction health services and
thus informs how and when diversity could most benefit
client-centered outcomes. However, it is also important
to recognize that the relationship between workforce
diversity and client retention is complex and influenced
by multiple factors beyond the demographic composition
of the staff. The findings from this study highlight the
need for a more nuanced understanding of how diversity
interacts with program-specific characteristics to influence
outcomes. Future research should continue to explore
these interactions, with a particular focus on identifying
the conditions under which workforce diversity is most
likely to enhance retention, and how these conditions can
be fostered across different types of treatment programs.

Policymakers should recognize that while workforce
diversity is important, it is not a standalone solution for
improving client retention in OUD treatment programs.
Policies solely focused on increasing diversity may not yield

desired outcomes unless other factors are addressed. This
study highlights program characteristics associated with
a positive impact of workforce diversity on retention. As
such, policymakers may want to allocate resources related to
program characteristics that enhance the benefits of a diverse
workforce. It is also crucial to strike a balance between
resource allocation and diversity goals, as less constrained
programs, often linked to positive outcomes, maximize
the benefits of diversity. Policies should support adequate
resource allocation, including staffing and educational
opportunities, while fostering diversity. In addition,
targeted strategies should prioritize retention rates among
Black clients, addressing their unique challenges through
tailored interventions, culturally competent care, and efforts
to reduce disparities in access and quality of treatment.
Moreover, as the landscape of opioid treatment continues
to evolve, it will be essential for policymakers to remain
flexible and responsive to new evidence on the factors that
influence retention. This includes being open to revising
policies and practices as more is learned about the role of
workforce diversity in different contexts and the needs of
client populations change over time. Overall, policies should
consider program characteristics, resource allocation,
and diversity goals to improve retention rates, particularly
among Black clients, in OUD treatment programs.

Several limitations of this study should be acknowledged.
Most existing methods can only estimate the heterogeneous
treatment effects for binary variables. Thus, we had to
dichotomize the percentage of Black staft to obtain a binary
treatment variable. We chose the cutoff of 20% because
48.2% (i.e., about one half) of programs had more than 20%
Black staft. Ideally, we would explore the heterogeneity with
the original continuous variable, that is, percentage of Black
staft. The identified 61 OTPs would have a greater impact
on retention given their diverse workforce. However, there
may be other heterogeneity among these 61 OTPs in the
association between workforce diversity and retention. We
did not examine such heterogeneity in this paper because the
higher treatment effects on these 61 OTPs were composite
effects of several variables. In fact, we cannot observe
significant treatment effects by altering the value of just
one variable, while keeping the others constant. Moreover,
our finding that a lower percentage of Black clients being
associated with lower constraints, and therefore greater
retention, should be further examined. Future studies should
scrutinize this finding to better understand the mechanisms
that drive this association and suggest concrete approaches
to improve outcomes equally and equitably.

5. Conclusion

Our findings contribute to a deeper understanding of how
workforce diversity, particularly in the form of higher
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percentages of Black staff, can positively impact retention
rates among Black clients in opioid treatment programs
(OTPs). This underscores the importance of employing
advanced statistical methods to identify and quantify when
and how diversity enhances treatment outcomes, especially
for minority clients. By doing so, we can better address
the unique needs of these clients and optimize program
resources to serve minority communities effectively.

As federal and state authorities prepare to allocate
substantial financial resources from various sources
- including pharmaceutical settlements and new tax
revenues — to improve access to opioid treatment,**** it
is imperative to understand how these investments can
best support OTPs in enhancing overall patient outcomes.
This is particularly vital for improving outcomes among
minority populations, who often face additional barriers
to accessing quality care. A diverse workforce not only
reflects the communities these programs serve but also
has the potential to foster a more inclusive and supportive
treatment environment that can significantly impact
retention and recovery. Therefore, fully leveraging the
benefits of workforce diversity will be crucial in shaping
policies and interventions that maximize the effectiveness
of opioid treatment programs, especially in underserved
and minority communities.
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Abstract

This study examines the acceptance of artificial intelligence (Al)-based diagnostic
alternatives compared to traditional biological testing through a randomized
scenario experiment in the domain of neurodegenerative diseases (NDs). A total of
3225 pairwise choices of ND risk-prediction tools were offered to participants, with
1482 choices comparing Al with the biological saliva test and 1743 comparing Al+
with the saliva test (with Al+ using digital consumer data, in addition to electronic
medical data). Overall, only 36.68% of responses showed preferences for Al/Al+
alternatives. Stratified by Al sensitivity levels, acceptance rates for Al/Al+ were
35.04% at 60% sensitivity and 31.63% at 70% sensitivity, and increased markedly to
48.68% at 95% sensitivity (p <0.01). Similarly, acceptance rates by specificity were
29.68%, 28.18%, and 44.24% at 60%, 70%, and 95% specificity, respectively (P < 0.01).
Notably, Al consistently garnered higher acceptance rates (45.82%) than Al+
(28.92%) at comparable sensitivity and specificity levels, except at 60% sensitivity,
where no significant difference was observed. These results highlight the nuanced
preferences for Al diagnostics, with higher sensitivity and specificity significantly
driving acceptance of Al diagnostics.

Keywords: Artificial intelligence; Al diagnostics; Neurodegenerative diseases; Machine
learning

1. Background

The integration of artificial intelligence (AI) into health care brings the promise of
revolutionizing diagnostic and prognostic capabilities, offering more precise, data-
driven insights that can enhance patient outcomes."? By harnessing AT’s ability to analyze
large datasets, including electronic health records (EHRs) and digital data concerning
consumer behaviors, health-care systems can potentially improve the early detection
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and prediction of disease risks with greater accuracy and
timeliness. This combination of clinical and behavioral
data could enable more personalized diagnostic models.

However, despite the substantial potential AI offers
in transforming health care, there remains significant
hesitation toward its widespread adoption, particularly in
Al-assisted diagnostics. Much of this reluctance stems from
concerns about patient privacy and the risks associated with
data surveillance.” Health-care professionals and patients
alike worry that the use of AI in clinical settings could
lead to breaches of sensitive information, unauthorized
data access, and misuse of personal health data, which are
the main factors undermining users trust in AI-driven
systems. This aversion to Al, fueled by privacy concerns,
continues to be a major obstacle to its full acceptance in
the health-care field.

By examining the resistance to Al, previous research
found that generative chatbot Al faces a hesitant adoption.*
A review of 7912 articles aimed at identifying predictors
of AI adoption revealed that perceived usefulness,
performance expectancy, trust, and effort were key factors
influencing the willingness to use Al in health care.* The
review also emphasized that no amount of Al could fully
replace the value of human interaction or ensure cultural
sensitivity. In another study related to AI use in health
care,’ this reluctance was shown to be more pronounced
among individuals with limited proficiency in Internet or
computer technologies. A noted source of concern stems
from the uncertainty surrounding the data sources that
power these AI models, leading to skepticism about the
reliability and accuracy of the health information they
generate. In addition, users express unease over the lack of
transparency in how these models operate and the inherent
complexity of AI systems. These factors contribute to
fears of miscommunication, misinterpretation of health
symptoms, and the potential for inaccurate diagnoses. In
another related survey, trust in Al adoption was found to
be closely linked to regulatory oversight, with performance
and communication also playing critical roles in users’
willingness to embrace Al applications in health care.®

A survey conducted in Sweden showed that only 20%
of health-care professionals used Al-based systems in their
work, with “trust” emerging as the most critical factor in
their willingness to adopt these technologies.” A review of
42 studies examining health-care professionals’ acceptance
of Al revealed widespread concerns, particularly regarding
AT’s potential for errors, sensitivity, and timely access. In
addition, the perceived loss of professional autonomy and
challenges in integrating Al into existing clinical workflows
were consistently identified as a significant barrier to
adoption.® These findings highlight that healthcare workers,

such as patients, exhibit a degree of Al adoption hesitancy,
particularly in its utilization in diagnostics.

In contrast to previous studies, which primarily
rely on surveys, this study aims to broaden the existing
literature on Al adoption hesitancy by testing Al adoption
through randomized scenario-based experiments. This
approach allows for a more nuanced understanding of how
individuals respond to Al in varied controlled contexts.

2. Methods

This study evaluated the public acceptability of Al-based
diagnostic tools and the accuracy trade-offs required
to integrate EHRs and digital data in the domain of
neurodegenerative diseases (NDs). A survey was conducted
on a representative sample of the French adult population
(n=1017) using a quota non-probability sampling method
(quotas were on age, gender, socio-professional status, and
living area). This collection of data was part of the larger
Discrete Choice Experiment®'' aiming at unveiling the
trade-offs surrounding the decision-making by individuals
about neurodegenerative testing. Before agreeing with
study participation, all subjects were given comprehensive
information regarding the study’s purpose, procedures,
potential risks, and benefits. The study protocol was
reviewed and approved by the Ethics Committee of Aix-
Marseille University (approval number: 2022-10-20-009).
Written consent was obtained from each of the subjects to
participate in this study.

The 1017 participants were exposed to a set of
alternative scenarios of testing methods to predict the
hypothetical 10-year risk of developing an ND that affects
an average of 7% of the population after the age of 65.
Through the pool institut ViaVoice, participants were
confidentially randomized to scenarios depicting various
levels of Al-based diagnostic integration and non-Al
traditional laboratory saliva test. The researchers were
blinded to participants’ identities. The three scenarios
of tests included: (1) non-Al diagnostics using a
laboratory test with a salivary sample, (2) AI diagnostics
incorporating EHRs, defined as “Al” and (3) Al diagnostics
incorporating EHR and digital consumer data from mobile
devices, thereafter, defined as “AI+” To assess the impact
of diagnostic accuracy on participants’ preferences, the
attributes of sensitivity (true positive rate) at 60%, 70%,
or 95%, and 1-specificity (false positive rate) at 5%, 30%,
or 40% were also varied. An example of the randomized
scenario is shown in Figure 1.

3. Statistical analysis

Of the 5085 scenarios randomly proposed, we selected the
pairs (3225) that display a comparison between Al (or AI+)
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Please select an option of a scenario of a test to predict the occurrence of a neurodegenerative
disease that has a risk of occurrence within 10 years. This disease affects approximately 7% of
individuals over the age of 65 (equivalent to one in every 15 people). This diseases leads to the
development of cognitive, behavioral, sensory, and motor impairments, resulting in difficulties in daily
life and a significant loss of autonomy that worsens over time. There is no effective treatment to
prevent the onset of the disease or delay its progression.

SELECT OPTION A OR OPTION B

DNA

test

declared positive on the test

Non-Al supported diagnostic test: a biological
= Salivary sample will be taken to analyze your

70% of people who will develop the disease in
samithe next 10 years are correctly detected by the

40% of people who have no risk of developing
s the disease in the next 10 years are incorrectly

Al-supported diagnostic test using your
electronic health record data: this involves an
artificial intelligence-based analysis of your
electronic health record data.

90% of people who will develop the disease in
= the next 10 years are correctly detected by the
test

40% of people who have no risk of developing the

disease in the next 10 years are incorrectly
declared positive on the test

Figure 1. Example of a randomized scenario

and saliva test as the benchmark for further analysis.
Then, descriptive analyses were conducted to compare the
proportions of acceptance of the AI and/or Al+ option
with those of the saliva test option. The differences in
acceptance rates between the Al-versus-saliva-test option
and the Al+-versus-saliva-test option were analyzed using
pairwise z-tests, whereas the differences in proportions
between three levels of sensitivity and specificity per type
of pairs offered (i.e., Al vs. saliva and Al+ vs. saliva) were
compared using Chi-squared tests.">!*

4, Results

Contingency tables describing proportions of agreement
between the AI and/or AI+ alternative with the saliva
test alternative are presented in Table 1. From the 3225
pairs of AI/AI+ against saliva tests that were offered,
1482 are linked to a choice of Al test versus saliva test,
whereas 1743 are associated with a choice of Al+ test
versus saliva test. Only 36.68% of the answers were
pro-AI/Al+ (45.82% for the Al-vs.-saliva-test pairs and
28.92% for the Al+-vs.-saliva-test pairs; proportions

were significantly different at a 1% threshold). Figure 2
shows the proportion of AI adoption (vs. saliva test)
across different levels of accuracy. Upon stratifying the
answers by sensitivity level, we found that 35.04% of the
answers were in favor of Al or AI+ when AT’s sensitivity
was 60% and 31.63% when AT’s sensitivity was 70%, and
this proportion increased to 48.68% when ATI’s sensitivity
was 95% (Chi-squared test showed significant difference
at a 1% threshold). With respect to specificity, 29.68%,
28.18%, and 44.24% of the answers favored AI/AI+
test over saliva test when specificity levels were 60%,
70%, and 95%, respectively (Chi-squared test showed
significant differences at a 1% threshold). Finally, when
we compared Al-versus-saliva-test option and Al+-
versus-saliva-test option per sensitivity or specificity
levels, we found significantly higher acceptance rates
in the AI group than in the AI+ group from the same
sensitivity or specificity level (except when sensitivity is
60%, where we found no significant differences between
rates of acceptance when Al-vs.-saliva-test or Al+-vs.-
saliva-test options were offered).
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Table 1. The proportion of individuals choosing the AI and/or AI+ alternative over the saliva test per sensitivity and specificity
levels

Al versus saliva test Al+ versus saliva test Al or Al+ versus saliva test
n 1482 1743 3225
Proportion of yes to AI/Al+ 45.82%, . 28.92%, 36.68%
Sensitivity
Proportion of yes to AI/Al+ when sensitivity=60% 36.95%*** 32.77%** 35.04%***
Proportion of yes to AI/AI+ when sensitivity=70% ot ot 31.63%***
44.33%, 26.43%, 4,
Proportion of yes to AI/Al+ when sensitivity=95% o (%) ) 48.68%***
59.39%(, 1) 30.049%, ) )
Specificity
Proportion of yes to AI/Al+ when specificity=60% 41.24% ) 29.68%***
182%, )
Proportion of yes to AI/Al+ when specificity=70% 47.67% (%) 28.18%***
12.73%(, )
Proportion of yes to AI/Al+ when specificity=95% 47.04% ) 44.249%%*
41.94% )

Notes: (1) Chi-square statistical test of difference of acceptance rate per type of scenario offered (AI vs. saliva test or A+ vs. saliva test): *P<0.1,
**P<0.05, and ***P<0.01; (2) Pairwise z-test of difference in proportions per sensitivity or specificity level (60%, 70%, or 95%) between AI-versus-
saliva-test and Al+-versus-saliva-test: *P<0.1, **P<0.05, ***P<0.01.

Abbreviations: Al Artificial intelligence using electronic health records (EHRs) data; Al+: Artificial intelligence using electronic health records (EHRs)
data and digital consumer data.

Proportion of yes to Al when
sensitivity/specificity = 95%

Proportion of yes to Al when
sensitivity/specificity = 70%

Proportion of yes to Al when
sensitivity/specificity = 60%

0.00%  10.00% 20.00% 30.00% 40.00% 50.00% 60.00%
= SPECIFICITY mSENSITIVITY

Figure 2. The proportion of artificial intelligence adoption (vs. saliva test) across different levels of accuracy

5. Discussion The results strongly showed the influence of Al
sensitivity (how well the AT test can identify true positives)
on acceptance rates. As Al sensitivity increased from 60%
to 95%, support for AI/Al+ diagnostics rose considerably,
reaching 48.68% at 95% sensitivity. A similar pattern

The findings of this study provide valuable insights into
public acceptance of Al-based diagnostic alternatives
compared to conventional saliva tests. By analyzing
3225 pairwise choices, we observed that only 36.68% of

participants preferred AI/Al+ alternatives over traditional emerged with specificity (how well an Al test can identify
saliva tests, specifically with a significant preference for Al true negatives), where acceptance rates increased from
(45.82%) compared to Al+ (28.92%). 29.68% at 60% specificity to 44.24% at 95% specificity.
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These findings underscore the importance of enhancing
diagnostic accuracy in fostering public trust in Al-based
tools. Public acceptance of Al diagnostics is closely tied to
accuracy levels, and these results suggest that AI tools must
meet or exceed a 95% performance threshold to achieve
meaningful levels of AT acceptance.

In addition, AI consistently outperformed AI+ across
all levels of sensitivity, with the exception of 60% sensitivity,
where no significant difference in preference between Al
and AI+ was found. This outcome may indicate a hesitancy
towards the integration of digital consumer data -this is
what Al+ means compared to AI- versus EHR data alone.
However, when accuracy approaches a sensitivity level of
95%, the public appears more willing to consider the use of
these digital consumer data resources, reflecting a trust deficit
that can be mitigated by increased diagnostic performance.

6. Study limitations

It is important to emphasize that, to minimize the biases
of physical invasiveness'® while striving to level the playing
field in comparison to Al testing methods, we deliberately
chose a salivary test for this study. As a result, our estimates
of the public’s preference for biological tests may be in
fact lower if Al testing was compared to more physically
invasive procedures such as brain imaging, cerebrospinal
fluid analysis, or blood tests.'>'” This decision likely
shaped the participants’ responses, as the less invasive
nature of the salivary test may have led them to favor it
over more physically invasive testing methods. As a result,
the reluctance toward Al diagnostics observed in this
study may be less significant when compared to scenarios
involving more invasive testing procedures.

Public perceptions of Al adoption are also likely to
differ significantly across geographic regions, influenced
by varying cultural, economic, and social factors that shape
attitudes toward technology. Although previous studies have
shown similar Al hesitancies, this study was conducted in
France and national differences could result in diverse levels
of trust, familiarity, and comfort with Al, thereby affecting
how AI technologies are embraced across different nations.
Consequently, this variability poses a potential limitation
to the generalizability of this study’s findings. Factors such
as regional regulatory environments, access to technology,
socioeconomic disparities, and historical experiences with
digital tools could further amplify these discrepancies in
AT acceptance. Therefore, our findings must be considered
within the diverse global contexts where Al technologies
may be implemented. This underscores the importance of
future research to examine Al adoption across a broader
range of geographic and cultural settings, ensuring greater
applicability and relevance.

7. Contributions of this study

Unlike earlier research that has largely focused on
survey-based methods, this study expands the body of
knowledge on AI adoption by conducting investigations
on Al acceptance through randomized, scenario-driven
experiments. Using this approach, we can capture a more
detailed perspective on how people react to Al in diverse
and controlled situations, addressing the broader challenge
of AI hesitancy and the complexity of its acceptance in
real-world settings. Our findings significantly enhance
the current body of research by providing empirical
evidence on the threshold of diagnostic accuracy required
for Al-driven technologies to achieve widespread public
acceptance. By quantifying these levels of accuracy, we offer
a framework for understanding the public’s expectations
of AI in health-care settings. This research not only
underscores the importance of reliability and accuracy
in AT diagnostics but also highlights the nuanced factors
influencing public trust and adoption. In addition, it sheds
light on how varying degrees of accuracy can shape public
perceptions, offering insights for developers, policymakers,
and health-care professionals aiming to bridge the gap
between technological advancements and public readiness
for Al integration. These insights are particularly valuable
in addressing AI hesitancy and ensuring the ethical
implementation of Al in health care.

8. Conclusion

Our findings carry important implications for the
development and implementation of AI diagnostics in
health care. Public hesitation persists as a significant
barrier, especially when AI tools are perceived as lacking
sufficient accuracy or integrating excessive amounts of
personal data. Our results emphasize the critical need
for AI developers and health-care providers to prioritize
transparency, accuracy, and usability in Al diagnostic
technologies. Moreover, educating the public about the
potential benefits of A diagnostics, particularly diagnostic
accuracy, could further alleviate concerns and promote
broader acceptance.

This study highlights the nuanced preferences of the
public for AI diagnostics, with higher sensitivity and
specificity acting as key drivers of acceptance. While
Al holds considerable potential to transform health-
care diagnostics, addressing the public’s concerns about
accuracy and complexity will be essential to its successful
adoption.
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Journal of Clinical and Basic Psychosomatics (JCBP) is a quarterly journal
focusing on clinical and basic research on symptoms, assessment, treatment,

Journal of ' . ..

Clinical & management, and the mechanism of psychosomatic disorders. Journal of
B I!l-c- — Clinical and Basic Psychosomatics covers subject areas, including but not
basic limited to the following:

Conceptualization and classification of psychosomatic medicine

e  Mechanism, biological markers, brain images, and treatment studies
Psychosomatic reactions, syndromes, disorders, and diseases

e Psychosomatic disorders treated in general hospitals, including
endocrinology, neurology, gastroenterology, dermatology, pain
management, oncology, theumatology, and other departments

e Psychological evaluation, management, rehabilitation, resilience
training, and psychotherapy for general and specific populations
during the pandemic

e Physiological disorders related to psychological factors (eating
disorders, sleeping disorders, and sexual dysfunction)

e Somatic symptoms and related disorders and mental disorders due
to somatic disease

Brain & Heart focuses on neurocardiology, a neurology and cardiology-based

interdisciplinary subject that studies the circulatory mechanism of the human .

body, as well as the mechanisms of the interplay between the cardiovascular Braln & Heart
system and the nervous system. The journal’s scope includes:

Clinical and basic research on diseases related to the circulatory and nervous
systems, such as: orthostatic dizziness, orthostatic hypotension, autonomic
dysfunction, and the relationship between the autonomic nervous system and
the circulatory function in cerebral degeneration;

Heart-brain research on patients with syncope, autonomic dysfunction,
cryptogenic stroke, and stroke with atrial fibrillation; research on the
relationship between structural heart diseases and nervous system diseases, the
correlation between cardiac electrophysiology and abnormal organizational
structures and the pathogenesis of stroke, as well as new ways of diagnosis,

treatment and prevention of unexplained stroke. I 2572-4139 Ot PUEL RIS
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