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ABSTRACT This study explores the contemporary landscape of integrating numerical algorithms, artificial
intelligence (AI), and expert methodologies within the domain of nephrology. Focusing on automation and
decision support, we scrutinize the impact of numerical algorithms on the precise evaluation of kidney
function. Furthermore, we delve into the transformative potential of artificial intelligence, particularly
in the realms of machine learning and deep learning applications, elucidating its role in early disease
detection and the formulation of personalized treatment strategies. The synergy between computer-based
tools and expert-driven approaches is examined, underscoring their collaborative role in enhancing the
accuracy and dependability of diagnoses. Additionally, we address the ethical considerations and challenges
associated with the incorporation of automation in nephrology. The paper provides a concise overview of
in-depth analysis while illustrating the promising prospects of these innovative methodologies for reshaping
nephrology research and patient care.

INDEX TERMS Expert system, artificial intelligence, neural networks, classification, numerical algorithms,
automation system, machine learning, algorithms in nephrology, kidney disease, AI in medicine.

I. INTRODUCTION
Nephrology, at the forefront of medical science, undergoes
a profound transformation fueled by advanced technologies.
This shift, driven by numerical algorithms, artificial intelli-
gence (AI), and expert methodologies, promises to redefine
decision support and automation in kidney care.

The kidneys, crucial regulators of physiological equi-
librium, present diagnostic and treatment challenges. Tra-
ditionally, nephrology relied on manual analyses, posing
challenges due to complex datasets. However, the conver-
gence of numerical algorithms and AI offers unprecedented
insights into renal health, enhancing diagnostic accuracy
and treatment precision. This synergy with expert insights
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heralds a dynamic system poised to navigate nephrological
complexities efficiently.

Complementing these technological advancements, the
expert approach brings the seasoned insights of nephrologists
into the fold. The nuanced understanding of renal pathophys-
iology, when integrated with numerical algorithms and AI,
establishes a collaborative synergy where human expertise
refines and guides the outputs of automated systems. This
harmonious partnership ensures the clinical relevance and
reliability of decision support tools in nephrology.

In this article, we review the latest literature on automa-
tion, numerical algorithms, artificial intelligence and expert
approaches in nephrology and related fields. We analyze the
state of knowledge in the use of modern algorithms in issues
related to kidney diseases. It was checked what algorithms
are used in this field of research, and the Scopus database
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was explored to check the distribution of publications over the
years. Based on the review, we propose possible future paths
for the development of nephrology-engineering cooperation.
The article also lays the foundation for a series of future
research by the authors on this topic, allowing us to find
trends that should be followed.

The importance of this study lies in its endeavor to
elucidate the pivotal role of technological integration in
nephrology and its potential to reshape clinical practice.
With kidney diseases posing significant challenges due to
their complexity and variability, there is an urgent need for
innovative approaches that can enhance diagnostic accuracy,
treatment efficacy, and patient management.

By harnessing the power of numerical algorithms and AI,
we can unlock insights from vast datasets, enabling clinicians
to make informed decisions with greater confidence and
efficiency. As we delve into an analysis of the current state
of knowledge, this article also introduces a groundbreaking
conceptual framework for a new system in nephrological
care.

Moreover, this article explores the contemporary landscape
of transformative technologies in nephrology, highlighting
potential synergies and challenges. By focusing on specific
applications, our goal is to show how these improve-
ments can impact standards of patient care and automate
decision-making and treatment.

When proposing the topic of the article, it was necessary
to review related works and compare them with our research.
By examining publication databases, several dozen articles
were found closely related to review works related to AI and
nephrology. Their popularity began to grow in 2020, with the
maximum number in 2022. However, this topic is very poorly
recognized and requires further development, especially
due to the very rapid development of technology and new
algorithms. Therefore, our work offers the latest, broad,
professional and multi-topic review of research progress. The
authors believe that it will contribute to the selection of
further development paths in the discussed fields.

Researchers discuss advances in artificial intelligence [1],
innovation [2], and transformation [3] in nephrology and
dialysis [4]. Other studies worth mentioning include a
review of work in the context of the future of artificial
intelligence and modern technologies in kidney diseases [5],
[6]. Research on numerical models and machine learning is
also of interest [7], [8], [9].
An essential element of review work related to nephrology

is the combination of acute kidney injury and prediction
using AI and related algorithms [10], [11], [12]. Another
group of reviews are works related to predictive models in
personalized medicine [13]. In turn, discussions supported
by a collection of works on AI-based clinical applications in
nephrology are included in the works [14] and [15]. Works
related to ethical issues are reviewed in [16] and [17].
To sum up, it should be said that most of these publications

are characterized by a review focused on a specific narrow

field, and thus not fully exhausting the topic. Our work,
in turn, offers a broad overview of the latest trends.

The next section will feature articles and research related
to the topics covered in this article.

II. KIDNEY DISEASES AND THEIR DIAGNOSIS
Kidney diseases according to registries affect around 850mil-
lion people around the world [18]. Moust of them are
diagnosed in advanced stages of the disease causing life
threating state requiring dialysis or a kidney transplantation.
Therefore specific and sensitive evaluation of the patient with
kidney disease is necessary. Thorough patient evaluation with
suspicion of a kidney disease plays a pivotal role in early
diagnosis, prognosis and effective treatment.

The process typically consists of taking a history of the
disease, onset, its symptoms, their duration and severity,
triggering conditions i.e. infection, stress, surgery, medica-
tions and concomitant pathologies i.e. hypertension, diabetes,
obesity inflammatory and autoimmune diseases. The next
step is a physical examination of vital parameters as blood
pressure, heart rate, respiratory rate, blood saturation, temper-
ature as well as body weight, followed by BMI calculation.
Then searching for possible kidney disease consequences as
fluid overload like oedema, specific respiratory sounds, than
anaemia i.e. pallor of skin, and finally uremic toxins retention
causing specific oral smell or skin rash, scratches or deposits.

Afterwords patient has his blood and urine tested. Labora-
tory work out of a blood includes kidney function measured
with serum creatinine followed by calculation of glomerular
flirtation rate (GFR) using specific equations i.e. Cocroft
– Gault formula, MDRD or EPI-CKD. Full blood count,
serum concentration of ions as sodium, kalium, calcium,
inflammatory markers (i.e. C-reative protein), total protein
and albumin, glucose and glycated haemoglobin (HbA1C),
lipids, with coagulation tests are also done. Urine test are
crucial with urine sediment protein and glucose content
as well as protein excretion using albumin to creatinine
urine concertation ratio (ACR), protein to creatinine urine
concertation ratio (PCR) or 24 hour urine collection for
protein amount. Urine can be also testet for precents
specific kidney stones formatting substances. There are
also specific immunology tests detecting particular diseases
as anti-nuclear antibodies (ANA) common in lupus, anti-
cytoplasmatic antibodies (ANCA) common in vasculitis or
anti-phospholipase antibodies (anti-PLAR) specific for mem-
branous nephropathy. To estimate activity of autoimmune
disease complement parameters as C3, C4 are measured.
Pivotal role plays specific procedure as kidney biopsy to
collect small piece of kidney tissue for histopathology
examination using specific test with light and electron
microscopy. The method is used to calculate number of
glomeruli, structures filtrating blood, their specific disease
changes as necrosis, inflammation, protein deposits as well
as scarring with condition of surrounding tissue.
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FIGURE 1. The most popular methods of diagnosis in nephrology.

Finally kidneys and urine colleting systems must be
visualised with ultrasonography, enhanced or unenhanced
computer tomography (CT), magnetic resonance imaging
(MRI) or CT or MRI based urography. These methods
are also used to detect characteristic pathologies to body
organs caused by kidney disease. Whole diagnostic patient
evaluation is used not only to detect particular type of a kidney
disease but also to monitor its activity throughout treatment
course.

Figure 1 provides an illustrative overview of the most
widely used diagnostic methods in nephrology. These meth-
ods play a crucial role in the field, contributing significantly
to the identification and assessment of kidney-related condi-
tions. The figure encompasses various diagnostic techniques,
reflecting the diverse approaches employed by nephrologists
to diagnose and understand different aspects of kidney
diseases.

A. BLOOD TESTS
Blood tests stand as fundamental pillars in the comprehensive
evaluation of kidney health, providing valuable insights into
the intricate processes of filtration, excretion, and overall
renal function. These diagnostic analyses are instrumental
in detecting early signs of dysfunction, guiding clinicians in
the formulation of precise diagnoses and tailored treatment
plans. In this subsection, we will explore the significance of
blood tests in renal assessment, unraveling the key parameters
and biomarkers that illuminate the health and vitality of these
essential organs. From assessing filtration rates to identifying
markers of kidney injury, blood tests offer a dynamic and
informative window into the complex landscape of renal

well-being [4], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28], [29], [30], [31], [32].

• Serum creatinine - creatinine, a byproduct of muscle
metabolism and dietary protein breakdown, is a vital
kidney function indicator. The kidneys filter creatinine
from the blood, expelling it in urine. Serum creatinine
levels, measured through a blood test, indicate renal
efficiency. Elevated levels suggest compromised kidney
function, indicative of acute kidney injury or chronic
kidney disease. Urine tests for creatinine provide
complementary insights into the kidneys’ ability to
eliminate waste. Regular assessment of both blood and
urine creatinine levels is crucial for a comprehensive
evaluation of kidney health [4], [19], [20], [21], [22],
[23], [24], [25], [26], [27], [28], [29], [30], [31], [32].

• Estimated glomerular filtration rate (eGFR) - the esti-
mated glomerular filtration rate (eGFR) is a key metric
for assessing kidney function, derived from factors like
serum creatinine, age, and sex. It provides an estimate
of the kidneys’ efficiency in eliminating waste from the
blood. Represented visually, a pie chart categorizes GFR
levels: 0-15 indicates kidney failure, 15-60 signifies
kidney disease, 60-90 represents early-stage kidney
disease, and 90-120 is considered normal [4], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30],
[31], [32].
While eGFR is widely reliable, specific situations may
require a more precise assessment, leading to measured
GFR (mGFR) tests. Notably, eGFRmay be less accurate
for individuals under 18, pregnant individuals, those
very overweight, or with significant muscle mass.
In such cases, additional tests like ultrasound or kidney
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biopsymight be advised for a comprehensive evaluation,
ensuring targeted interventions when needed [4], [19],
[20], [21], [22], [23], [24], [25], [26], [27], [28], [29],
[30], [31], [32].

• Blood urea nitrogen (BUN) - urea nitrogen, a byproduct
of protein breakdown, is eliminated by the kidneys.
Elevated levels, measured through a blood test called
Blood Urea Nitrogen (BUN), may indicate impaired
kidney function. Unlike creatinine and eGFR, BUN
alone is less informative. Healthcare providers assess
BUN alongside creatinine and eGFR to comprehen-
sively evaluate kidney health. The correlation of these
measures offers a nuanced understanding, enabling
timely interventions for potential kidney issues [4], [19],
[20], [21], [22], [23], [24], [25], [26], [27], [28], [29],
[30], [31], [32].

• Cystatin C - is a protein produced by cells, is an
alternative to creatinine for estimating kidney function.
While less common and potentially pricier, it provides
valuable insights into kidney health. A lower cystatin
C level is favorable. When combined with other tests,
it enhances the diagnostic capability, offering a nuanced
evaluation of kidney function. Regular monitoring of
both creatinine and cystatin C levels contributes to a
comprehensive assessment of renal health [4], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30],
[31], [32].

• The measured glomerular filtration rate (mGFR) -
mGFR provides a direct and accurate measurement of
kidney function by assessing how efficiently the kidneys
remove waste products from the blood. While it is a
more complex and less commonly used test compared
to estimated GFR (eGFR), it may be recommended
by healthcare providers when a precise evaluation of
kidney function is essential. The test methods can
vary, including 24-hour urine collection or multiple
blood samples taken over several hours [4], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30],
[31], [32].

B. URINE TESTS
A urine test, conducted by examining a small urine sample,
serves as a diagnostic tool for detecting signs of kidney
disease and various health issues.When kidneys are impaired,
they may allow the leakage of protein into the urine, an early
indicator of kidney disease. These tests help doctors assess
kidney function, determine the stage of kidney disease,
monitor conditions like diabetes that can lead to kidney
problems, and check for complications such as anemia and
metabolic acidosis. Additionally, urine tests are valuable for
identifying other issues like kidney or urinary tract infections.
Regular urine testing is essential for early detection and
management of kidney-related concerns [4], [19], [20], [21],
[22], [23], [24], [25], [26], [27], [28], [29], [30], [31], [32].

• Urine test - a dipstick urine test is a quick and common
method often included in a comprehensive urinalysis.

It specifically aims to detect albumin, a liver-produced
protein, in the urine. While not providing an exact
measurement, the dipstick changes color if albumin
levels are above normal. If abnormalities are detected,
further tests may be recommended by your doctor [4],
[19], [20], [21], [22], [23], [24], [25], [26], [27], [28],
[29], [30], [31], [32].
A broader urinalysis involves a visual examination
of the urine sample, considering aspects like color
and cloudiness. Additionally, a dipstick, a chemically
treated test strip, is used to identify abnormalities
such as high acid levels, albumin, bacteria, blood, pus,
or sugar. The color changes on the strip indicate these
irregularities. In some cases, the urine sample may
undergo microscopic examination for a more detailed
analysis [4], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28], [29], [30], [31], [32].
Together, these tests offer a comprehensive evaluation of
urine composition and can signal potential issues related
to kidney function, infections, or other health concerns.
The results guide healthcare providers in determining
the need for further investigations or interventions based
on the identified abnormalities [4], [19], [20], [21], [22],
[23], [24], [25], [26], [27], [28], [29], [30], [31], [32].

• Urine Albumin-to-Creatinine Ratio (UACR) - test
assesses kidney health by measuring albumin (a protein)
in comparison to creatinine (a muscle waste product) in
urine. It provides insights into the amount of albumin
passing into urine over 24 hours. Results showing a
urine albumin level of 30 or above may indicate kidney
disease [4], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28], [29], [30], [31], [32].
Key points to note include the potential repetition of
the test for result confirmation and the significance of
albumin levels in guiding treatment decisions for kidney
disease. A consistent or decreasing urine albumin level
indicates the effectiveness of the treatment. The UACR
test calculates the ratio by dividing urine albumin by
urine creatinine, aiming for a ‘‘normal’’ UACR level
below 30 mg/g, where a lower number is considered
better. A UACR level of 30 mg/g or higher suggests
albuminuria, signaling a potential issue with kidney
health. Regular monitoring of UACR is crucial for
assessing treatment effectiveness and managing kidney-
related concerns [4], [19], [20], [21], [22], [23], [24],
[25], [26], [27], [28], [29], [30], [31], [32].

C. OTHER TESTS
There are also several other important studies that stand out
and are quite diverse. They are presented appropriately.

• Kidney biopsy - a kidney biopsy involves examining
tiny kidney samples to gather additional information
after blood tests, urine tests, or imaging. It aids in
diagnosing conditions like nephrotic syndrome, guiding
treatment decisions, and assessing kidney transplant
functionality. The two main types are percutaneous and
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laparoscopic. Percutaneous biopsies use a thin needle
through a small cut, with patients awake and under local
anesthesia. Laparoscopic biopsies, reserved for specific
cases, involve a camera-equipped tube and anesthesia.
The procedure helps identify the cause and severity
of kidney problems, assess irreparable damage, and
provide insights for effective patient care [4], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30],
[31], [32].

• Kidney ultrasound - a kidney ultrasound, also known
as a renal ultrasound, is a non-invasive and painless
procedure that employs sound waves to create images
of the kidneys. It is a safe diagnostic tool used by
doctors to assess various aspects of kidney health.
The ultrasound can reveal abnormalities in the size or
shape of the kidneys, assess blood flow to the kidneys,
detect signs of injury or damage, identify kidney stones,
cysts, or tumors, and examine the bladder [4], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28], [29], [30],
[31], [32].

D. FAMILY MEDICAL HISTORY AND GENERAL CONDITION
OF THE PATIENT

• Heredity of kidney diseases - some kidney diseases, such
as chronic kidney disease, polycystic kidney disease or
some types of nephropathy, may be inherited. If there is
a family history of kidney disease, your doctor may pay
special attention to possible genetic risk factors.

• Impact of general health - a patient’s overall health
affects kidney function. Cardiovascular diseases, dia-
betes, hypertension and even infections can negatively
affect the kidney. It is important that the doctor
takes these aspects into account when diagnosing and
assessing the risk of kidney disease.

• Risk factors - some risk factors for kidney disease, such
as smoking, substance abuse, unhealthy diet and obesity,
may be related to a patient’s overall lifestyle. Family
history and overall health help your doctor identify these
risk factors.

• Impact of treatment - family history of disease may
influence the approach to treatment and monitoring of
the patient. If there is a family history of a predisposition
to certain kidney diseases, your doctor may recommend
more intensive monitoring or earlier diagnostic tests.

In summary, both family history and the patient’s overall
health are key to fully assessing the risk, diagnosis, and
treatment planning of kidney disease. It is important to have
an open conversation with your doctor about your health
history to enable comprehensive patient care.

E. SUMMARY OF CLINICAL TESTS FOR DIAGNOSING
KIDNEY DISEASES
The laboratory tests and indicators listed in this chapter are
included in Table 1. It lists the corresponding risk thresholds
and possible accompanying diseases.

The next section will effectively discuss the state of
knowledge in the use of modern algorithms and artificial
intelligence in nephrology and related fields.

III. THE STATE OF KNOWLEDGE IN THE USE OF MODERN
ALGORITHMS AND ARTIFICIAL INTELLIGENCE IN
NEPHROLOGY AND RELATED FIELDS
In search of the state of knowledge about scientific works
on the use of artificial intelligence, neural algorithms or
expert approaches in nephrology, the authors examined the
resources of the Scopus database. Tried to find different
combinations of keywords. The results showed that the
first publications on the use of numerical algorithms in
nephrology and the broad scope of kidney diseases appeared
already in the 1980s. We can only single out a handful of
important and valuable publications from those times. The
current state of knowledge is still being developed and is
probably not in its prime time. Table 2 contains the results of
the Scopus database search according to the combination of
selected words in publications. The status of this information
is current as of December 29, 2023.

Analysis of the presented table suggests interesting
conclusions. The topic of artificial intelligence and machine
learning enjoys considerable interest among researchers,
as illustrated by the growing number of publications over
the years. The year 2023 seems to be particularly active in
terms of the number of publications and citations. In the
context of nephrology, research focused on ‘‘kidney’’ appears
to outweigh ‘‘nephrology’’ in terms of volume. This suggests
specific interest in the organ within artificial intelligence
research.

The number of publications related to ‘‘membranous
nephropathy’’ is relatively low compared to other areas,
which may indicate a more limited interest in this particular
aspect of nephrology. Expert systems and decision-making
systems are also present in research, but the number of
publications in these areas is smaller compared to artificial
intelligence and machine learning.

The category ‘‘classification’’ or ‘‘prediction’’ using
‘‘algorithm’’ in the context of nephrology shows a significant
number of publications, which suggests interest in creating
prognostic and classification models in this field. Overall,
the table shows the development of research in the field of
artificial intelligence and machine learning, with particular
emphasis on applications in nephrology, while pointing out
differences in research intensity in different subcategories.

Analysis of the list of publications from the Scopus
database allows us to conclude that research and research
areas can be divided into several key categories, in the
following order: Medical, Computer Science, Biochemistry,
Genetic, Engineering and Mathematics. This sequence of
categories reflects the diversity of research perspectives and
interdisciplinarity in the context of artificial intelligence,
machine learning and nephrology, as evidenced by available
publications in the Scopus database. Researchers from
the fields of medicine, computer science, biochemistry,

VOLUME 12, 2024 86047



D. Pawuś et al.: Automation and Decision Support in the Area of Nephrology

TABLE 1. Summary of clinical tests for diagnosing kidney diseases.

TABLE 2. Number of individual publications in the Scopus database according to selected criteria.

genetics, engineering and mathematics seem to be actively
participating in this research, which indicates a wide range
of applications and cooperation between different fields of
science.

Analyzing the available data, it can be noticed that research
on the discussed issue is in the development phase. Compared
to more developed fields such as cardiology, this field of
research has been found to be relatively narrow. This indicates
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FIGURE 2. Procedure for selecting an artificial intelligence-based system in nephrology.

the need to further develop research in this area to better
understand its specificity and potential implications.

Figure 2 shows the procedure for selecting an artificial
intelligence-based system in nephrology. Typically, designers
of such systems find themselves in three positions. They
can use supervised learning for labeled data, standardized
knowledge, and defined categories. However, another case is
access to unlabeled data, non-standardized knowledge, and
undefined or vaguely defined categories. Then unsupervised
learning turns out to be a good solution. The third, not
so common option is the trial and error method, which
is associated with an approach based on, for example,
reinforcement learning.

In recent years, the field of nephrology has witnessed a
paradigm shift with the integration of modern algorithms
and artificial intelligence into clinical practice. This trans-
formative wave has ushered in a new era of personalized
and efficient patient care, enabling healthcare professionals
to harness the power of data-driven insights. In this section,
we explore the current state of knowledge in the application
of modern algorithms and AI technologies within the realm
of nephrology.

Early Detection and Diagnosis: One of the primary areas
where modern algorithms and AI have made significant
strides is in the early detection and diagnosis of renal diseases.
Machine learning models, fueled by vast datasets of patient

information, can analyze complex patterns and identify subtle
indicators that may elude human observation. This capability
holds the potential to diagnose conditions such as chronic
kidney disease (CKD) at an earlier stage, allowing for timely
intervention and improved patient outcomes.

Predictive Modeling for Progression and Complications:
Predicting the progression of renal diseases and anticipating
potential complications is a critical aspect of nephrology.
Advanced algorithms can analyze diverse patient factors,
including laboratory results, genetic markers, and lifestyle
data, to generate predictive models. These models help
clinicians anticipate disease trajectories, enabling them to
tailor treatment plans and interventions to individual patient
needs.

A. GENERAL OUTLINE AND STATE OF THE ART REVIEW
The article [33] discusses the potential of AI to revolutionize
healthcare, particularly in nephrology. It highlights the
various benefits of AI, such as personalized medicine,
early disease detection, and improved drug discovery. The
economic aspects of usingAI for predicting patient outcomes,
readmission rates, and hospital stays are also emphasized.
Despite these advancements, the article emphasizes that
AI cannot replace the crucial patient-doctor relationship in
healthcare. It underscores the need for considering risks
and challenges associated with AI, advocating for education
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within the nephrology community to effectively integrate AI
into daily practice. The article acknowledges that while AI
won’t replace nephrologists, those who use it effectively can
enhance patient care. However, it emphasizes the necessity
for a shift in traditional healthcare roles, coupled with
ongoing training and education to ensure ethical and effective
AI usage in clinical practice.

The work [34] stresses the importance of robust exper-
imental design in preclinical studies for medical imaging
analysis in nephropathology, emphasizing the need for repre-
sentative data, proper validation, and comprehensive analysis.
It highlights the potential bias without these elements.
The concluding remarks discuss advances in photonics, the
future role of AI in clinical diagnosis, and the necessity of
integrating engineering and clinical domains for effective
collaboration. The article concludes with a debate on the
reliability of AI systems in clinical practice, suggesting a
deep dive into real-world data, validation, analysis, reporting,
and sharing to ensure trustworthy experimental designs and
conclusions.

The authors of articles [35], [36], [37], [38] describe in turn
the integration of artificial intelligence, deep learning, and
digital health in nephrology. It emphasizes the importance
of clinicians and scientists understanding the basics and
terminology of these technologies. The American Society
of Nephrology has established the Augmented Intelligence
and Digital Health (AIDH) task force to guide kidney
health in this era. The article introduces a series covering
fundamental concepts like bias in clinical AI, deep learn-
ing, natural language processing, reinforcement learning,
transformer models, and risk prediction. Subsequent articles
focus on potential clinical applications of AI in nephrol-
ogy, including its role in diagnosis, prognosis, treatment,
subphenotyping for acute kidney injury (AKI), continuous
kidney replacement therapy (KRT), maintenance dialysis,
and nephrology research. The collection aims to provide a
comprehensive understanding of both the fundamentals and
practical applications of AI in nephrology, stressing the need
for interdisciplinary collaboration and ethical considerations.
The term ‘‘augmented intelligence’’ is favored over ‘‘artificial
intelligence’’ to highlight its potential to enhance, rather than
replace, healthcare providers’ abilities.

Interesting and very important information is contained in
work [39]. The scoping review discusses actionable guide-
lines and quality criteria for the development, evaluation, and
implementation of Artificial Intelligence Prediction Models
(AIPMs) in healthcare. The review identifies six phases in
the AIPM cycle: data preparation, AIPM development, AIPM
validation, software development, AIPM impact assessment,
and AIPM implementation into daily healthcare practice. The
provided framework offers practical recommendations for
those involved in AIPM projects. The review acknowledges
potential biases in data sources and language limitations,
emphasizing the need for comprehensive quality assessment
before widespread adoption of AIPMs in healthcare. The

scoping review aims to serve as a foundation for a structured
quality assessment framework, highlighting gaps in the
existing literature that require further research and practical
experience with AIPM implementation.

Another publication - [40], discusses the rapid evolution
of clinical artificial intelligence in nephrology, highlighting
its potential in predicting conditions such as AKI, CKD,
renal cell carcinoma, and kidney allograft failure. Emphasis
is placed on the transformative impact of deep learning
transformer models, particularly in analyzing longitudinal
electronic health record data. The advantages of transformers,
such as enhanced computational efficiency and the ability to
capture complex relationships in high-dimensional EHR data,
are outlined. The article also addresses the societal and ethical
implications of integrating AI frameworks into clinical
practice, stressing the importance of establishing common
vocabulary and guiding principles within the nephrology
community for equitable outcomes. The key message is
the need for awareness and engagement among clinical
stakeholders to shape the positive evolution of AI models in
nephrology.

The article [41] conducts a cross-sectional bibliometric
analysis to assess the utilization of machine learning in
kidney research compared to other organs. The article
examines the prevalence and utilization of machine learning
in medical research, specifically focusing on the kidney
within the context of five organ systems. Findings reveal
that machine learning-based articles related to the kidney
constitute a small percentage (3.2%) of the total relevant
articles compared to other organs, notably the brain. Fur-
thermore, conventional statistical methods, such as the Cox
proportional hazard model, are more commonly employed
in kidney research. The study highlights a lower adoption
of machine learning in organ-specific specialty journals
compared to interdisciplinary journals. Additionally, the
funding landscape indicates a lower number of applications
proposing machine learning approaches in kidney-related
study sections compared to those focused on neurology and
neuropathology. The study concludes that there is a need to
enhance awareness and adoption of machine learning in the
kidney research community.

In the next set of articles ([1], [42]), the authors emphasize
the increasing role of AI in medicine, specifically within
nephrology. They explore fundamental AI and ML concepts,
including neural networks and deep learning, and highlight
their applications in clinical care, hemodialysis prescriptions,
and transplant recipient follow-up. The articles discuss how
AI can predict conditions like progressive immunoglobulin A
nephropathy, foreseeing a transformative impact on clinical
nephrology.

Article [43] focuses on the underutilization of machine
learning as a research tool in nephrology, comparing it with
other organ-specific research areas. The authors advocate for
increased awareness and education within the nephrology
community, emphasizing the potential advantages of AI
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research tools. They discuss the need for collaboration,
the creation of large disease consortiums, and the impor-
tance of funding to advance machine learning research
in nephrology. Article [44], in turn, provides a specific
application of machine learning in predicting proteinuria
classification in kidney transplant patients. By combining
data related to blood glucose values and the use of
immunosuppressive drugs, the study aims to enhance the
prediction of proteinuria severity, showcasing the poten-
tial of ML in personalized medicine within nephrology.
Another publication [45], explores the historical influence
of technology on nephrology, emphasizing the recent impact
of machine learning. It describes ML as a collection of
computationally intensive statistical learning techniques and
discusses its applications in predicting outcomes such as
acute kidney injury, allograft loss, and specific histologic
features in kidney biopsies. In [7] the scope has been
expanded to include mathematical models in nephrology.
It distinguishes between mechanistic dynamical systems,
which represent causal relationships among variables, and
AI/ML predictive tools, noting their respective strengths
and weaknesses. The authors propose that the intersection
of these seemingly antagonistic frameworks could provide
better care in addressing chronic kidney disease and dialysis
parameters. The publication [46] discusses challenges in
nephrology, emphasizing the global unmet needs in chronic
kidney disease. It explores the potential of leveraging big
data and artificial intelligence to enhance kidney health
care. The article reviews the applications of big data in
nephrology research, focusing on population-based disease
surveillance and air pollution-related studies. It highlights
initiatives like the United States Renal Data System (USRDS)
and China Kidney Disease Network (CK-NET). Overall, the
publication emphasizes the role of big data and AI in address-
ing gaps in nephrology, improving disease surveillance,
and understanding environmental factors affecting kidney
health.

The chapter [47] explores the rapid growth of artificial
intelligence in applied statistics, particularly in clinical
applications. AI, a broad term, mimics intelligent behavior
using computational models. Machine learning, a subset
of AI, employs algorithms to identify patterns in datasets
and generate inferences. The synergy of large biomedical
datasets, statistical methodologies, and hardware advances
offers significant opportunities for AI to impact patient
care. Common ML/AI applications include decision support,
early disease progression detection, patient subtyping, and
image analysis in pathology/radiology, as well as genotype-
to-phenotype analyses. Notably, neurology, cardiology, and
pulmonology have surpassed nephrology in the adoption of
ML techniques. The entire work [47] provides related, very
valuable issues in the field of the use of artificial intelligence
in medicine. The publication [48] discusses the pervasive
role of artificial intelligence in various aspects of daily life
and academic disciplines, including medicine. Rather than

replacing clinicians, AI is seen as enhancing their intelligence
in areas such as diagnosis, prognosis, and treatment decisions.
Focusing on kidney disease, a significant global health
burden, the article emphasizes the need for further research
and applied works to improve prediction accuracy and under-
standing of histologic pathology. It highlights the importance
of AI applications in diagnostics and prognostics, particularly
in resource-inadequate areas, and stresses the necessity of
collecting high-volume, high-quality data. Additionally, the
publication calls for building a consensus on ethics and safety
in the use of AI technologies in the medical field.

B. NATURAL PROCESSING LANGUAGE, ANALYSIS OF
DESCRIPTIVE TEXTS, EXTRACTING KNOWLEDGE FROM
MEDICAL TEXTS, AND RELATED ISSUES
The publication [49] discusses the use of Natural Language
Processing (NLP) in nephrology research. It focuses on
NLP’s role in extracting patient symptoms from unstructured
progress notes in electronic health records (EHR) and
sentiment analysis during home hemodialysis sessions. The
text also highlights NLP’s contribution to improving risk
prediction models for kidney disease progression and acute
kidney injury. Examples include predicting chronic kidney
disease progression using clinical documents and identifying
AKI onset by analyzing both structured and unstructured
data. Additionally, NLP is mentioned in predicting the
probability of delay or discard for deceased kidney donors.
The article concludes by noting the potential of NLP in
nephrology education and acknowledges limitations such as
physician bias and the need for external validation. Despite
challenges, the article sees promising applications for NLP
in nephrology. Issues related to NLP are also discussed by
the authors of [50]. The study examines Natural Language
Processing approaches in nephrology research, focusing
on rule-based and machine learning models. Rule-based
models are computationally simpler but require extensive
programming effort, while ML-based systems automatically
learn from data, offering deeper insights with sufficient
information. The use of comprehensive medical terminolo-
gies enhances NLP in medicine, aiding in clustering patient
data and identifying high-level concepts. The collaboration
between medical experts and computer scientists is cru-
cial for the success of NLP studies in nephrology. The
interdisciplinary approach ensures clinically relevant and
biologically plausible goals, mitigates biases, and addresses
ethical considerations in applying ML to healthcare.

The work [51] provides a comprehensive survey
of text classification in natural language processing
from 1961 to 2021. It covers traditional and deep learning
models, proposing a taxonomy based on text characteristics
and models for feature extraction and classification. The
review includes technical developments, benchmark datasets,
and a thorough comparison of techniques and evaluation
metrics. The conclusion summarizes key implications,
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outlines future research directions, and highlights challenges
in the field of text classification.

Article [52] investigates the challenges and opportunities
in applying NLP to extract clinical insights from Elec-
tronic Health Records (EHRs). The systematic review of
127 papers covers seven categories, including medical note
classification, clinical entity recognition, text summarization,
deep learning, transfer learning architecture, information
extraction, medical language translation, and other NLP
applications. The findings indicate a widespread use of
unstructured EHR data, with common applications such
as International Classification of Diseases, Ninth Revision
(ICD-9) classification, clinical note analysis, and named
entity recognition for psychiatric disorders. The study
emphasizes the need for better evaluation of adopted ML
models and addressing data imbalance issues. Future studies
should focus on specific challenges in areas like Lupus
Nephritis, Suicide Attempts, perinatal self-harm, and ICD-9
classification.

Review article [53] examines recent advancements in
chatbot technology in the medical field, particularly focusing
on cancer therapy. It covers the historical background, devel-
opmental progress, and design characteristics of chatbots.
The study explores their applications in various aspects
of cancer care, such as diagnosis, treatment, monitoring,
patient support, workflow efficiency, and health promotion.
Addressing concerns like ethical, moral, security, technical,
and regulatory standards, the article emphasizes that while
chatbots cannot replace human elements in healthcare,
they can integrate into clinical practice to reduce costs,
streamline workflows, and enhance patient outcomes. The
potential applications in pandemic support, global health,
and education are also discussed. The authors advocate
for further research and interdisciplinary collaboration to
advance chatbot technology and enhance the quality of
patient care.

Pharmacovigilance, focusing on adverse drug event (ADE)
detection, sees advancements in two articles. Article [54]
explores natural language processing in analyzing electronic
health record narratives since 2000, emphasizing statistical
analysis and machine learning for enhanced ADE detection.
Challenges include accurately characterizing ADE context
and distinguishing recommended from off-label therapies.
Article [55], in turn, proposes a unified neural network
architecture for diverse natural language processing tasks,
emphasizing versatility through learning from extensive unla-
beled data. Both articles highlight engineering aspects and the
potential of machine learning in improving ADE detection
and processing of clinical narratives. Paper [56] explores
the integration of ChatGPT, an advanced language model,
in the field of nephrology. It highlights the rapid progress
of artificial intelligence, particularly machine learning, and
its potential applications in managing kidney diseases. The
review discusses ChatGPT’s role in dataset management,
diagnostics, treatment planning, patient communication, edu-
cation, and medical research in nephrology. It also addresses

ethical and legal considerations associated with AI in medical
practice. While emphasizing the promise of AI models like
ChatGPT in healthcare innovation, the article underscores the
need for thorough evaluation and validation before real-world
implementation. This review serves as a valuable resource
for nephrologists and healthcare professionals interested in
leveraging AI for personalized nephrology care.

C. DEEP LEARNING IN NEPHROLOGY: PREDICTION,
ESTIMATION, CLASSIFICATION, OPTIMIZATION, DECISION
SUPPORTING, AND ANALYSIS
Authors of work [57] introduces reinforcement learning in
the context of healthcare decision-making, using treatment
prescription as an example. It explains fundamental concepts
like Markov Decision Processes and reinforcement learning
methods. Clinical applications are explored, with a focus
on nephrology, including optimizing erythropoietin dosage
and potential applications in treating complications of
AKI or CKD. The article highlights challenges such as
the complexity of human biology and ethical concerns,
emphasizing the need for clinical validation and clinicians’
oversight.

The work [58] includes the application of deep learning in
medicine, focusing on its potential to analyze large biomedi-
cal datasets like electronic health records, -omics biobanks,
clinical images, and wearable measurements. Deep learn-
ing, particularly neural networks, can automatically learn
representations from raw data, allowing for the extraction
of meaningful patterns. The article explores different types
of neural networks, supervised and unsupervised learning
methods, and their applications in medicine, including patient
stratification and disease subtype identification. It addresses
challenges such as data aggregation, deidentification, and
model validation for clinical use. The article emphasizes
the need for multidisciplinary collaboration and adherence
to regulatory frameworks for successful integration of deep
learning into healthcare practices.

The article [59] introduces a novel automated model,
Hyperparameter Tuning Inception-v4 (HPTI-v4), for detect-
ing and classifying Diabetic Retinopathy (DR) from color
fundus images. DR is a major cause of global visual
loss, particularly among individuals aged 25-74, impacting
both health and economic systems. The proposed model
enhances contrast using contrast limited adaptive histogram
equalization (CLAHE) during preprocessing, followed by
histogram-based segmentation. The HPTI-v4 model extracts
features and employs a multilayer perceptron (MLP) for
classification. Experiments on the MESSIDOR DR dataset
demonstrate the superior performance of HPTI-v4 over other
compared methods.

The articles [60], [61], [62], [63] focus on technical and
engineering aspects within the context of diagnosing and
predicting kidney-related disorders. The first article utilizes
machine learning and survival analysis to develop a model
for predicting long-term outcomes in Immunoglobulin A

86052 VOLUME 12, 2024



D. Pawuś et al.: Automation and Decision Support in the Area of Nephrology

nephropathy (IgAN). The second introduces the innovative
iBox risk prediction score for assessing the risk of kidney
allograft loss, integrating eight prognostic factors from
various medical domains. The third article introduces a
nomogram based on preoperative data to predict acute kidney
injury following cardiac surgery. The last article presents an
early-risk score for predicting AKI in patients with acute
decompensated heart failure, offering a simple and accurate
risk assessment system. All articles underscore the role of
advanced analytical and technological tools in diagnostics,
risk stratification, and optimizing the management of patients
with kidney-related diseases.

The articles [64], [65], [66], [67], [68], [69] collectively
delve into the integration of advanced computational tech-
niques, particularly machine learning and deep learning
models, in the domain of renal medicine. Covering diverse
aspects such as genetic polymorphisms’ impact on tacrolimus
bioavailability, continuous risk prediction for patient dete-
rioration, artificial neural network models for end-stage
kidney disease prognosis, convolutional neural networks
for histopathologic assessment of kidney tissue, monitoring
of arteriovenous access aneurysms through cloud-based
deep learning, and predicting intradialytic hypotension using
recurrent neural networks, these studies underscore the
technical intricacies and engineering innovations in renal
healthcare. The emphasis lies in leveraging sophisticated
algorithms to enhance diagnostic accuracy, prognostic capa-
bilities, and personalized treatment approaches, showcasing
the significant role of technology in advancing the under-
standing and management of renal conditions.

The articles [70], [71], [72], [73], [74], [75] collectively
delve into the realm of clinical prediction models, empha-
sizing their pivotal role in contemporary healthcare. The
first two articles establish a foundational understanding of
diagnostic and prognostic prediction models, highlighting the
challenges and underscoring the importance of transparent
reporting for assessing their quality. The third article focuses
on the critical issue of sample size determination in model
development, stressing the need for larger, representative
datasets to enhance model robustness. Article four introduces
an adaptive sample size calculation method, offering a
dynamic approach to tailor sample sizes based on evolving
model performance. The fifth and sixth articles extend the
discourse to external validation, proposing methodologies to
determine minimum sample sizes for robust evaluation of
predictive performance, whether for binary or continuous out-
comes. Collectively, these articles address technical aspects
such as model development, validation, and sample size
considerations, presenting valuable insights for advancing the
precision and reliability of clinical prediction models in the
complex landscape of healthcare decision-making.

The publication [76] presents a diagnostic program
employing convolutional neural networks (CNNs) for the
immunofluorescence (IF) diagnosis of common glomeru-
lar diseases, Immunoglobulin A nephropathy (IgAN) and

idiopathic membranous nephropathy (IMN). The program
includes modules for glomeruli detection, IF intensity
comparison, and a dual-CNN (D-CNN) for deposition
appearance and location classification. Trained on glomerular
IF images, the program demonstrated high accuracy in
recognizing deposition patterns, outperforming inexperi-
enced nephropathologists. Its stable performance, even with
images from different hospitals, underscores its potential
as an effective diagnostic tool for IgAN and IMN. The
study [77] addresses diagnostic challenges in membranous
nephropathy (MN), a serious kidney condition. The research
proposes a new approach using Raman spectra of serum
and urine combined with deep learning for rapid and non-
invasive diagnosis. Three models, ResNet, AlexNet, and
GoogleNet, are employed, with data amplification using
Gaussian white noise. Results show high accuracy in
classifying patient serum data and strong discrimination
in urine data. AlexNet emerges as the most effective
model. This innovative use of Raman spectroscopy and
deep learning suggests a promising method for swift and
accurate membranous nephropathy identification. In [78]
authors introduceMN-Net, a CNN-basedmethod for efficient
detection and classification of glomeruli in whole slide
images (WSIs) related tomembranous nephropathy.MN-Net,
divided into glomerulus detection and weakly supervised
classification networks, achieves high precision (99.66% for
detection, 99.53% for MN glomeruli classification) using
PASM-stained WSIs from multiple centers. The method is
lauded for its speed, accuracy, robustness, and cost-effective
data annotation. Additionally, the study suggests potential
extensions to classify other glomerular diseases under a light
microscope, with proposed improvements through glomeru-
lar basement membrane segmentation and measurement
models for enhanced reliability. The study [79] develops a
highly accurate non-invasive fluid biopsy-assisted diagnosis
model for glomerular diseases using hyperspectral analysis
of 65 urine samples. Significant spectral differences were
identified, and an artificial intelligencemodel achieved a 96%
accuracy in early diagnosis of four glomerular diseases. This
non-invasive diagnostic method shows promise for clinical
application.

Study [80] investigates the use of an artificial intelligence-
based analytic renal pathology system (ARPS) in pri-
mary membranous nephropathy (PMN) patients. Examining
biopsy-proven PMN cases, ARPS effectively identified and
quantified glomerular lesions and intrinsic cell types. The
system demonstrated high accuracy in lesion identifica-
tion and showed significant correlations between intra-
glomerular characteristics assessed by ARPS and PMN
prognosis. Notably, the study suggests the potential of
ARPS for predicting urinary protein remission based on
renal phospholipase A2 receptor (PLA2R) and podocyte
numbers. The publication [81] introduces a predictive model
for evaluating the prognosis of idiopathic membranous
nephropathy, a major cause of chronic kidney disease. Using
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data from 266 patients, statistical analyses and regression
techniques were employed to create a nomogram featuring
key variables. The nomogram exhibits strong predictive
accuracy and calibration in training and validation sets.
It concludes that the nomogram serves as a valuable tool for
clinicians in early-stage prognosis assessment and treatment
decision-making for IMN patients. Interesting and valuable
research can be found in [82]. This study focuses on
rituximab treatment challenges in membranous nephropathy,
particularly the risk of underdosing due to urinary drug
loss in nephrotic syndrome patients. A machine learning
algorithm is developed, utilizing patient characteristics at
rituximab infusion, to predict the risk of underdosing.
The algorithm, incorporating variables like age, gender,
body surface area, and biomarkers, shows high accuracy,
sensitivity, and specificity in training and testing sets. Impor-
tantly, patients with a higher predicted risk of underdosing
require higher cumulative rituximab doses and experience
a longer time to remission. The algorithm has the potential
to guide early intensification of rituximab regimens in
high-risk patients, improving the chances of achieving
remission. Study [83] tackles the diagnostic challenges of
membranous nephropathy, a common cause of nephrotic
syndrome in adults. The conventional method involves
time-consuming manual observation of kidney biopsy sam-
ples, leading to variability in results among physicians.
The proposed framework uses whole-slide images (WSIs)
from a light microscope and immunofluorescence images for
patient classification. It integrates glomerular segmentation,
confidence coefficient extraction, and multi-modal fusion
modules. The approach significantly improves diagnostic
accuracy, achieving a higher F1-score of 97.32% compared
to 92.76% and 93.20% when using only light-microscopy-
observed images or immunofluorescent images, respectively.
This study underscores the effectiveness of combining both
imaging modalities in enhancing membranous nephropathy
diagnosis.

Paper [84] addresses challenges in the diagnosis of primary
membranous nephropathy, often reliant on invasive renal
biopsy and subject to variability among experts. To enhance
reliability, a belief rule-based system is developed, integrating
knowledge from different experts. The system utilizes
9 biochemical indicators as input variables, constructing a
belief rule base layer for diagnosis. In a study involving
134 patients, the proposed method demonstrates high sen-
sitivity (98.0%), specificity (96.9%), accuracy (97.8%), and
area under the curve (AUC) of 0.93. The results suggest
a novel and effective approach for PMN diagnosis without
the need for renal biopsy, showcasing the potential of the
developed system in providing accurate diagnoses based
on biochemical indicators. The publication [85] focuses
on developing a predictive model for long-term renal
function impairment following minimally invasive partial
nephrectomy (PN). The study, conducted on 381 patients with
amedian follow-up of 69months, utilized amachine-learning

algorithm called Classification and Regression Tree (CART).
Key risk factors identified for chronic kidney disease stage
migration included the progression of CKD stage after
surgery, Age-Adjusted Charlson Comorbidity Index (ACCI),
and baseline CKD stage. The algorithm generated four
clusters with varying rates of CKD progression, providing
a comprehensive prediction tool. The model demonstrated a
concordance index (c-index) of 0.75, showcasing its efficacy
in predicting long-term renal function outcomes. The findings
emphasize the importance of perioperative renal function loss
in predicting functional recovery and suggest the model’s
potential utility in intensifying follow-up for patients at risk
of renal function deterioration after PN.

D. ARTIFICIAL INTELLIGENCE, AND MACHINE LEARNING
The article [86] explores the application of artificial
intelligence and machine learning in dialysis. It discusses
the potential uses in diagnosis, prognosis, and treatment
recommendations. Dialysis, with its standardized and exten-
sive patient data, is ideal for AI/ML applications. The
article highlights specific models for predicting intradialytic
hypotension, classifying vascular access aneurysms, anemia
control, and reducing hospitalization rates. Despite promising
research, routine implementation faces challenges like data
privacy, model complexity, and portability issues. The need
for rigorous evaluation, addressing biases, and training
the medical workforce is emphasized to enhance AI/ML
integration in dialysis care.

The article [87] addresses the increasing use of machine
learning models in biomedical research, emphasizing the
need for proper application and transparent reporting.
A multidisciplinary panel of experts developed guidelines
through the Delphi method, aiming to ensure accurate usage
and comprehensive reporting of machine learning models in
clinical settings. The guidelines include specific reporting
items for research articles and a practical sequence of steps
for developing predictive models. The overall objective is to
promote reliable assessments of model validity and facilitate
consistent interpretation of model outputs, thereby enhancing
the adoption of machine learning in biomedical research.

Another valuable article is [88]. It explores the potential
applications of artificial intelligence and machine learning
in the context of continuous kidney replacement therapy
(CKRT) within healthcare. With a focus on enhancing critical
care for patients with acute kidney injury, the authors discuss
AI/ML applications in risk classification, CKRT initiation,
dosing, anticoagulation management, subphenotyping, and
quality assurance. They highlight the significance of mul-
timodal data from electronic health records and CKRT
machines, emphasizing the need for accurate data manage-
ment and quality. The article also addresses considerations
such as model evaluation, interpretation, algorithm bias,
ethical concerns, and the importance of prospective validation
for successful implementation in CKRT.

86054 VOLUME 12, 2024



D. Pawuś et al.: Automation and Decision Support in the Area of Nephrology

The work [89] analyzes the emerging role of artificial
intelligence in nephrology, particularly in the context of acute
kidney injury. It explores the applications of AI, such as
risk prediction and detection of AKI, identification of AKI
phenotypes, and its integration into the Kidney Precision
Medicine Project (KPMP). The discussion emphasizes the
need for rigorous evaluation, including controlled clinical
trials, to determine the clinical utility and impact of AI tools
on patient outcomes. The authors highlight the potential of
AI to reshape AKI care, improve risk assessment, and guide
therapeutic interventions. The Kidney Precision Medicine
Project aims to redefine AKI by integrating molecular
phenotypes and utilizing AI for data analysis. The article
calls for cautious optimism, emphasizing the importance of
unbiased development and thorough validation of AI tools in
reshaping AKI research and clinical care.

The next work is [90]. The authors list the challenges in
developing and evaluating risk prediction models in clinical
practice, using a case study on estimating the 10-year risk
of CKD in patients over 45. It covers key aspects like
framing the problem, data quality, model forms (including
machine learning), and performance measurement strategies.
The case study emphasizes defining outcomes, identifying
at-risk populations, considering time frames, and addressing
ethical concerns.

Publication [91] explores the impact of recent advances in
machine learning and artificial intelligence on nephrology,
emphasizing the potential benefits and challenges. It dis-
cusses instances where AI-driven decisions may introduce
biases and exacerbate disparities in healthcare. The types of
biases, spanning from data collection to model interpretation,
are outlined. The article suggests various methods, including
algorithmic debiasing and nonalgorithmic bias mitigation,
to recognize and address biases in clinical AI applications.
It underscores the importance of transparency, education,
and continuous monitoring in ensuring fair and equitable AI
utilization in nephrology and medicine.

The articles [92], [93], [94], [95] explore the integration
of advanced technologies, including machine learning and
artificial intelligence, in nephrology. The first article employs
ML to identify metabolomic signatures in pediatric CKD
patients, associating them with specific conditions. The
second article reviews AI applications in nephropathology,
emphasizing its supportive role for nephropathologists. The
third article evaluates the successful clinical implementation
of an AI algorithm for total kidney volume in autosomal
dominant polycystic kidney disease (ADPKD). The fourth
article provides a comprehensive narrative review of AI’s
potential in various nephrology aspects, acknowledging
validation challenges. Together, these articles highlight the
transformative impact of ML and AI in reshaping nephrology
research and diagnostics.

The articles [96], [97], [98], [99] collectively highlight
the integration of machine learning techniques in the realm
of renal healthcare. Addressing diverse aspects such as

dialysis adequacy prediction, fluid management in acute
kidney injury, and optimization of dosing regimens for
transplant patients, these studies showcase the versatile
applications of machine learning. The emphasis is on lever-
aging advanced algorithms, including random forest, extreme
gradient boosting, and others, to enhance diagnostics,
prognostics, and personalized treatment strategies in kidney-
related disorders. The overarching theme underscores the
significant technical advancements and engineering aspects
contributing to improved patient care and outcomes in the
field of nephrology. Authors of [100] challenge in tacrolimus
dosing for patients with kidney diseases by employing
machine learning technology to predict tacrolimus blood
concentration. Data from 913 hospitalized patients treated
with tacrolimus were collected and utilized to construct six
machine learning models. The XGBoost model demonstrated
superior predictive performance, achieving an accuracy of
73.33%, F-beta of 91.24%, and AUC of 0.5531. While
highlighting the potential of machine learning in predicting
tacrolimus levels, the study acknowledges the need for further
research to address model biases and enhance real-world
applicability.

Authors of [101] introduce a fuzzy logic-based expert
system for diagnosing and predicting chronic kidney dis-
ease. Parameters and risk factors were identified through
literature review and nephrologist input, leading to fuzzy
rules development using MATLAB and Mamdani Inference
System. The system demonstrated high accuracy (92.13%),
sensitivity (95.37%), and specificity (88.88%) on a dataset
of 216 medical records. Notably, it exhibited robustness
against noisy data, with minimal decreases in performance.
The results suggest the system’s potential utility in clinical
settings for early CKD diagnosis and prediction.

Articles [102], [103], [104], [105], [106], [107], [108],
[109], [110] revolve around the application of advanced
technologies, particularly machine learning and artificial
intelligence, in the domain of kidney diseases. The technical
focus spans from investigating the seasonality of Acute
Kidney Injury hospitalizations in England to the development
and validation of machine-learned prognostic risk scores for
diabetic kidney disease (DKD). Additionally, the articles
delve into the early prediction of mortality in intensive care
unit (ICU) patients with AKI, the use of machine learning
algorithms to predict the histology type of primary nephrotic
syndrome without the need for biopsy, and the identification
of potential biomarkers for MN.

In the first article, the researchers employ unsupervised
machine learning techniques, such as multiple correspon-
dence analysis and k-means clustering, to analyze the
seasonality of AKI hospitalizations and classify patients
into distinct phenotypes based on underlying comorbidities.
The second article focuses on the use of various machine
learning approaches to provide early diagnoses of Chronic
Kidney Disease. The study employs predictive modeling
and evaluates different classifiers, highlighting the potential
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of recent advancements in machine learning for accurate
prediction in the field of kidney disease. Next article
emphasizes the role of machine learning algorithms in
predicting CKD infection. Nine distinct machine learning
algorithms are employed, and their performance is evalu-
ated using multiple metrics, including F1-score, precision,
accuracy, recall, and runtime. In the fourth article, in turn,
a machine-learned prognostic risk score, KidneyIntelXTM,
is developed and validated using electronic health records
and biomarkers for patients with diabetic kidney disease. The
study demonstrates improved prediction of kidney outcomes
compared to existing clinical models. Subsequently, the fifth
article provides a brief overview of CKD, highlighting its
impact on kidney function and the potential consequences,
such as kidney failure. However, the article appears to be
incomplete and lacks specific technical details. In the sixth
article, the researchers use explainable artificial intelligence
(XAI) approaches to develop an algorithm for the early
prediction of mortality in ICU patients with AKI. The
study employs machine learning methods, including eXtreme
Gradient Boosting (XGBoost), and interprets the model
using SHapley Additive exPlanation (SHAP) values and
Local Interpretable Model-Agnostic Explanations (LIME)
algorithm. Then, in the seventh article explores the possibility
of predicting the histology type of primary nephrotic
syndrome without renal biopsy using machine learning. The
study trains and validates a machine learning algorithm on
biopsy-confirmed data and tests it prospectively on another
sample, achieving an overall accuracy of prediction. The
eighth article focuses on bioinformatics analysis to explore
potential biomarkers of MN. Differential expression analysis,
weighted gene co-expression network analysis (WGCNA),
and machine learning algorithms are employed to identify
hub genes associated with MN. Next article investigates the
risk factors associated with coronary heart disease in patients
with idiopathic membranous nephropathy. The study utilizes
statistical methods, such as the Mann-Whitney U test and
LASSO regression, to screen factors and develop an effective
clinical prediction model.

The articles [111], [112], [113], [114], [115] collectively
explore the application of machine learning techniques for
the early detection and diagnosis of Chronic Kidney Disease.
Emphasizing the critical need for timely identification due to
CKD’s impact on mortality rates, the studies employ a variety
of machine learning algorithms, including Support Vector
Machine (SVM), AdaBoost (AB), Linear Discriminant Anal-
ysis (LDA), Gradient Boosting (GB), and ensemble methods.
These articles showcase the potential of machine learning in
healthcare, particularly in predicting kidney diseases. They
highlight the importance of accurate and early diagnosis,
given the asymptomatic nature of CKD. Various algorithms
are evaluated, and ensemble methods prove to enhance
predictive accuracy. The research collectively underscores the
transformative role of machine learning in advancing the field
of nephrology, offering promising outcomes for healthcare

practitioners and contributing to improved patient care and
outcomes in the context of Chronic Kidney Disease.

The Table 3 included in the Appendix is a detailed
summary of the research achieved in the articles described
in the III-C and III-D subsections.

E. ETHICS, GUIDELINES AND RECOMMENDATIONS
Articles [116], [117], [118], [119] collectively explore the
multifaceted intersection of artificial intelligence, machine
learning, and clinical research. They address the increasing
use of ML in clinical settings for predictive performance
and identifying specific patient subpopulations. The chal-
lenge of transparent reporting to facilitate communication
between ML experts and clinical practitioners is emphasized.
Ethical considerations, including the distinctions between
robot ethics, machine ethics, and computational ethics, are
discussed in the second article, highlighting the importance
of the latter in ethical AI development. The third article
introduces CONSORT-AI, extending reporting guidelines
for clinical trials involving AI interventions to enhance
transparency. The fourth article proposes the Checklist for AI
in Medical Imaging (CLAIM) to ensure rigorous validation
and reproducibility of AI applications in medical imag-
ing, emphasizing detailed reporting for quality assessment.
Together, these contributions provide a comprehensive guide
for navigating the technical and ethical complexities of
integrating AI and ML into clinical research.

Articles [16], [120], [121], [122], in turn, describe the
application of artificial intelligence in nephrology, addressing
various aspects from diagnostic and prognostic capabilities to
ethical considerations. The first article emphasizes the poten-
tial of AI-enabled decision support systems in predicting
kidney pathophysiology, offering insights into acute kidney
injury, chronic kidney disease, and renal tumors. It stresses
the need for multidisciplinary commitment to ensure fair
algorithms and a competent AI workforce. The second article
delves into the growing role of artificial intelligence, focusing
on the ChatGPT AI chatbot in nephrology. It explores
concerns about AI-generated abstracts resembling human-
authored ones and emphasizes the need for a balanced
examination of AI’s pros and cons in healthcare. Findings
from a 2023 paper highlight challenges in peer-reviewing
ChatGPT-generated abstracts, underscoring the importance
of establishing guidelines for AI use in medical disciplines.
The perspective provides examples of ChatGPT’s benefits in
pediatric nephrology, showcasing its potential applications
in answering medical queries. Overall, the article offers
insights into the evolving landscape of AI integration in
nephrology, acknowledging both promises and challenges
while emphasizing the need for thoughtful implementation.
The next article critically examines the ethical implications
of integrating chatbots into nephrology, addressing concerns
related to privacy, data security, bias mitigation, and the
preservation of the doctor-patient relationship. The fourth
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article discusses the digitalization of nephrology, emphasiz-
ing the current state of AI/machine learning applications,
ethical and regulatory challenges, and proposing an ethics and
governance framework for their broader clinical application.
Overall, these articles showcase the technical advancements,
ethical considerations, and challenges in leveraging AI for
improved diagnosis, treatment, and patient outcomes in
nephrology.

F. THE IMPACT OF ARTIFICIAL INTELLIGENCE ON
PROGRESS IN OTHER FIELDS
Artificial intelligence has widespread applications across
various domains, including but not limited to biomedicine,
robotics, data analysis, classification, industry, control sys-
tems, and automation [123], [124], [125], [126], [127],
[128], [129], [130], [131], [132], [133], [134], [135], [136],
[137], [138]. In biomedicine, AI is utilized for tasks such
as medical image analysis, disease diagnosis, and drug
discovery. In robotics, AI algorithms enhance the capabilities
of robots, enabling them to perform complex tasks and adapt
to dynamic environments. In data analysis and classification,
AI algorithms excel in extracting patterns, trends, and
insights from large datasets, facilitating informed decision-
making. Moreover, AI plays a crucial role in industrial
settings by optimizing processes, predictive maintenance,
and quality control. In the realm of control systems, AI is
employed for advanced control strategies, making systems
more adaptive and efficient. Automation benefits from
AI-driven technologies, leading to increased productivity and
efficiency across various industries. Overall, the versatile
applications of artificial intelligence contribute significantly
to advancing and transforming diverse fields.

IV. DISCUSSION OF AN OVERVIEW OF RELATED WORKS
The subsection summarizes the information contained in this
chapter, focusing on applications of artificial intelligence
in nephrology and medicine. Key technologies include
machine learning, deep learning, neural networks, expert
systems, fuzzy logic, natural language processing, predictive
analytics, feature engineering, data mining and classification.
These tools support diagnosis, treatment and patient care by
analyzing data, automating processes and providing decision
support for a variety of medical tasks (Fig. 3).
Figure 4 presents the types of data that can be analyzed by

AI in nephrology today. It also has a certain impact on the
mutual development of research and science.

In nephrology, artificial intelligence is revolutionizing the
approach to diagnosis, treatment and monitoring of kidney
diseases by analyzing a variety of data. AI can efficiently pro-
cess clinical data such as medical history, patient symptoms
and physical examination results. In addition, laboratory data
such as blood and urine test results are analyzed, allowing
kidney problems to be identified more quickly.

Medical imaging, including imaging test results and
histological images from kidney biopsies, are also being
analyzed by AI to support more accurate diagnosis. Genetic

data analysis allows us to identify genes associated with
kidney diseases and assess the risk of their occurrence.
Monitoring blood pressure with AI allows for a better
understanding of the impact of blood pressure on kidney
function.

Medical information systems and data from patient
monitoring devices are integrated, enabling comprehensive
analysis of the patient’s history and current health parameters.
Artificial intelligence can also use data from scientific
research and medical literature to update and improve its
algorithms.

As a result, AImakes it possible to identify patterns, predict
outcomes, support diagnosis, optimize treatment plans, and
monitor progress and response to therapy. This significantly
improves the effectiveness of care for patients with kidney
diseases, accelerating the diagnostic process and increasing
the chances of effective treatment.

Most clinical data, particularly in the field of nephrology,
is imbalanced in terms of the number of cases across different
disease categories or patient conditions. For instance, cases
of kidney diseases may constitute only a small percentage
of overall medical data. In such situations, machine learning
algorithms, especially those based on supervised learning,
may tend to favor larger classes, leading to suboptimal
outcomes for less frequent classes that are equally clinically
significant.

In response to this issue, researchers in the presented
papers use appropriate data pre-processing techniques that
can help optimize data quality before using them in machine
learning algorithms. Examples of such techniques include:

• Data screening: Identifying and eliminating outliers
and incorrect data to remove undesired distortions.

• Data balancing: Applying techniques such as over-
sampling of smaller classes or undersampling of larger
classes to balance the distribution of different data
categories.

• Normalization and standardization: Transforming
data to ensure consistency and facilitate comparisons
between them.

• Feature selection: Choosing significant data features
that have the most impact on the decision-making
process, while eliminating unnecessary or less important
features.

The next part of the article will examine future paths of
transformation and development of systems in the discussed
field.

V. POSSIBLE FUTURE PATHS OF DEVELOPMENT OF
AUTOMATIC DECISION SUPPORT SYSTEMS FOR
NEPHROLOGISTS
As the field of nephrology advances, the integration of
automatic decision support systems powered by artificial
intelligence holds immense promise for revolutionizing
patient care. AI technologies, including machine learning
algorithms, are poised to play a pivotal role in enhanc-
ing the diagnostic precision, prognostic capabilities, and

VOLUME 12, 2024 86057



D. Pawuś et al.: Automation and Decision Support in the Area of Nephrology

FIGURE 3. Artificial intelligence-based tools used in nephrology and medicine.

FIGURE 4. Types of data that can be analyzed by AI in nephrology.

overall decision-making processes in nephrology. This
section explores the potential future paths of development for

these automatic decision support systems, envisioning inno-
vative avenues that could significantly impact the landscape
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FIGURE 5. Possible future paths of development of automatic decision support systems in nephrology.

of nephrological practice. For this purpose, knowledge from
the literature review presented in the previous section was
used.

Figure 5 presents an overview of possible future paths
of development of automatic decision support systems for
nephrologists. This idea will be developed later in the chapter.

The intersection of burgeoning computing capabilities,
refined algorithms, and the exponential growth of health data
sets the stage for transformative applications in nephrology.
The evolving role of AI is not intended to replace the expertise
of nephrologists but rather to complement and amplify their
capabilities. In the quest for more accurate predictions,
personalized treatment strategies, and ethical deployment of
these technologies, the future paths outlined herein aim to
address the evolving needs of nephrology in the coming years.
Here are some possible future paths of development:

• Personalized Treatment Plans: Future systems may
leverage advanced algorithms to analyze a patient’s
genetic profile, lifestyle factors, and individual pref-
erences. This personalized approach could lead to the
development of tailored treatment plans, optimizing
therapeutic interventions for better outcomes. Integra-
tion with electronic health records (EHRs) and contin-
uous learning mechanisms would ensure that treatment
recommendations evolve based on the patient’s ongoing
health status.

• Real-time Monitoring and Alerts: Future systems
might incorporate real-time monitoring of vital signs,
biomarkers, and other relevant parameters. Automated
alerts could notify nephrologists of sudden changes or
critical events, enabling timely interventions. Contin-
uous monitoring could be particularly beneficial for

patients with chronic kidney diseases, allowing for
proactive management to prevent acute exacerbations.

• Enhanced Imaging Analysis: Advancements in imag-
ing analysis may include the development of AI algo-
rithms for more accurate interpretation of radiological
and pathological images. Automated recognition of
subtle changes or early signs of pathology could assist
in early diagnosis and treatment planning. Integration
with three-dimensional imaging and virtual reality
technologies could enhance the visualization of complex
renal structures.

• Machine Learning for Predictive Modeling: Machine
learning algorithms could evolve to predict disease
progression, treatment responses, and potential com-
plications. Predictive models may incorporate a wide
range of clinical, laboratory, and imaging data to pro-
vide nephrologists with insights into long-term patient
outcomes. These models could be continuously updated
with new data, improving their accuracy and reliability
over time.

• Interoperability and Data Sharing: Efforts may focus
on improving interoperability standards to facilitate
seamless data sharing between healthcare systems and
institutions. Access to a broader range of patient data
could enhance decision support systems’ capabilities,
especially in cases where patients receive care from
multiple providers. Secure data exchange protocols
and standardized formats could ensure privacy and
compliance with regulatory requirements.

• Ethical and Explainable AI: With the increasing
complexity of AI algorithms, there will likely be a
heightened emphasis on ethical considerations and
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explainability. Transparent and interpretable AI models
could provide clear justifications for their recom-
mendations, addressing concerns related to trust and
accountability. Ethical guidelines and frameworks may
be developed to guide the responsible use of AI in
nephrology practice.

• Continuous Learning and Adaptation: Decision sup-
port systems could adopt continuous learning mecha-
nisms, adapting their algorithms based on real-world
outcomes and feedback from clinicians. Integration with
ongoingmedical research and clinical trials could ensure
that the systems stay abreast of the latest advance-
ments in nephrology. Regular updates and maintenance
protocols would be essential to prevent obsolescence
and maintain the relevance of decision support tools.
In conclusion, the envisioned future of automatic
decision support systems in nephrology encompasses a
spectrum of advancements, from personalized medicine
to cutting-edge technologies. These developments aim
to enhance the capabilities of nephrologists, improve
patient outcomes, and contribute to the ongoing evolu-
tion of nephrology as a medical discipline.

• New Diagnostic Capabilities: The future holds the
promise of novel diagnostic capabilities, with AI-driven
systems enhancing the speed and accuracy of dis-
ease detection. Advanced algorithms may enable the
identification of subtle biomarkers and patterns in
diverse datasets, contributing to early and more precise
diagnoses. Integration of AI in diagnostic processes
could usher in a new era of comprehensive and efficient
diagnostic approaches in nephrology.

Based on the literature and the future paths outlined
for improving AI-enabled decision support systems in
nephrology, several strategies can be proposed to address key
challenges and enhance functionality:

• Standardized Interoperability Protocols: Implement-
ing standardized data formats and interoperability proto-
cols across healthcare systems is crucial. This involves
developing common frameworks for data exchange,
ensuring compatibility between different electronic
health record (EHR) systems, and establishing secure
protocols for data sharing.

• Cloud-Based Solutions: Leveraging cloud computing
can facilitate seamless data sharing and collaboration
among medical centers. Cloud platforms provide scal-
able storage and computing resources, enabling efficient
data integration and analysis across diverse healthcare
settings.

• Privacy-Preserving Technologies: Adopting privacy-
preserving techniques such as federated learning and
differential privacy can mitigate concerns about patient
data confidentiality. These methods allow AI models to
be trained on distributed data sources without directly
accessing sensitive information.

• Ethical Guidelines and Governance: Establishing
clear ethical guidelines and governance frameworks

specific to AI applications in nephrology is essential.
This includes ensuring transparency in AI algorithms,
promoting patient consent and data anonymization, and
addressing biases in AI-driven decision support systems.

• Collaborative Research Networks: Encouraging col-
laboration among researchers, clinicians, and data
scientists through networks and consortia can facilitate
data sharing while adhering to ethical standards. These
networks can foster interdisciplinary approaches to
solving complex problems in nephrology.

• Data Harmonization and Quality Assurance: Devel-
oping methods for harmonizing heterogeneous datasets
and ensuring data quality is vital for enhancing the
reliability and generalizability of AI models. This
involves standardizing data collection methods, address-
ing missing data issues, and implementing quality
assurance measures.

• Patient-Centric Data Access: Empowering patients
with control over their health data through consent
mechanisms and patient portals can enhance data access
for research and AI development while respecting
individual privacy preferences.

• Continuous Education and Awareness: Promoting
education and awareness among healthcare profession-
als about the benefits and challenges of AI-enabled
decision support systems is crucial. This includes
training on data privacy, AI ethics, and the responsible
use of AI in clinical practice.

• Regulatory Compliance and Certification: Ensur-
ing compliance with regulatory requirements such as
HIPAA (Health Insurance Portability and Account-
ability Act) and GDPR (General Data Protection
Regulation) is essential for building trust and promoting
widespread adoption of AI technologies in nephrology.

By implementing these strategies, researchers and prac-
titioners can work towards overcoming the challenges
associatedwith data interoperability, privacy, and ethics while
maximizing the potential of AI-enabled decision support
systems to improve patient care in nephrology.

The last sectionwill summarize the papers review and draw
appropriate conclusions.

VI. CONCLUSION AND POLICY IMPLICATIONS
In summary, the combination of numerical algorithms,
artificial intelligence and expert approaches in the field of
nephrology represents a promising frontier with significant
potential to improve patient care and revolutionize research
methodologies. Through comprehensive analysis, this work
has shed light on various aspects of this integration.

Numerical algorithms play a key role in the precise
assessment of kidney function. Their use allows for a
more detailed understanding of kidney parameters, which
allows for better diagnosis and treatment planning. Reliance
on numerical algorithms provides the basis for objective,
data-driven decision-making, thereby improving the overall
effectiveness and reliability of nephrology assessments. The
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TABLE 3. Literature on disease prediction using data analysis and image recognition.

transformative impact of artificial intelligence, particularly in
the areas of machine learning and deep learning, is evident
in the progress made towards early disease detection and
personalized treatment plans. AI applications not only
improve the diagnostic process, but also provide health-
care professionals with predictive information, potentially
improving patient outcomes and resource utilization.

Furthermore, the synergy between computer tools and an
expert-based approach is of great importance. While automa-
tion increases the efficiency of routine tasks and data analysis,
the knowledge of nephrologists remains irreplaceable. The
common nature of these approaches increases the precision
and reliability of diagnoses, emphasizing the importance
of a balanced integration strategy. However, integrating
automation in nephrology is not without challenges. Ethical

considerations, data privacy and the need for continuous val-
idation of algorithms pose significant obstacles. Addressing
these concerns is essential to ensure responsible and ethical
implementation and to strengthen trust in the healthcare
community and among patients.

The completeness of biomedical knowledge bases poses
a significant challenge for the effective automation of
decision-making processes in nephrology. There are biomed-
ical terms and concepts that are not currently included
in computer-interpretable terminologies, leading to issues
with data mapping and result interpretation. To address
this, systematic supplementation and updating of biomedical
knowledge bases are necessary to enable the full utilization of
the potential of automatic decision support systems in clinical
practice.
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Additionally, initiatives such as SMART on FHIR for
API standards and Clinical Decision Support (CDS) for
assisting clinician decision-making processes play a pivotal
role in improving care efficiency and clinical outcomes.
The importance of consistency in coding standards, such as
Logical Observation Identifiers Names and Codes (LOINC),
and terminological standards cannot be overstated, as they
ensure a uniform representation of data and facilitate result
interpretation.

In the face of growing healthcare data volumes and
the dynamic advancement of artificial intelligence-based
applications, there is an urgent need for unified standards that
enable efficient data exchange and interpretation. By embrac-
ing a coherent approach to interoperability standards, we will
not only streamline data flow in healthcare but also open
doors to innovative solutions that contribute to enhancing
patient care, not only in nephrology.

Two key limitations in the integration of numerical
algorithms, artificial intelligence, and expert approaches in
nephrology include the challenge of incomplete biomedical
knowledge bases hindering effective automation of decision-
making processes, and the necessity for unified standards
to facilitate efficient data exchange and interpretation,
especially in the face of growing healthcare data volumes and
dynamic advancements in AI-based applications.

In terms of policy implications, our findings advocate for
the development of regulatory frameworks to govern the
ethical use of AI in nephrology. Policymakers can leverage
our insights to allocate resources effectively, investing in
training programs to enhance healthcare professionals’ pro-
ficiency in AI-driven technologies. Moreover, comparative
effectiveness research is crucial to evaluate the performance
of AI-driven interventions against standard care practices,
guiding future healthcare policies. It is also necessary to take
into account the fact that themere study ofmodern algorithms
without their clinical implementation means that there is no
interference with the human being as an individual. It is
crucial that the data being analyzed is anonymized.

This article also lays the foundations for further research
by both the authors and other scientists. As part of open
problems and further work, the authors aim to create an
automated expert system to support nephrologists’ decisions.
These studies will result in further publications and detailed
descriptions of the results, which will include, among others,
the prediction of laboratory test results. In addition, the
software is intended to help diagnose and treat diseases such
as membranous and diabetic nephropathy, chronic kidney
disease, and acute kidney disease. These and other studies,
after appropriate tests, may have clinical applications and
thus change current approaches.

Essentially, the analysis presented in this article demon-
strates the potential of numerical algorithms, artificial
intelligence, and expert approaches to change the landscape
of nephrology. By leveraging these innovative tools, the
field can make strides toward more accurate diagnoses,
personalized treatment strategies, and ultimately better

patient outcomes. As these considerations continue, it is
critical to remain vigilant, consider ethical issues, and refine
methodologies to unlock the full potential of automation and
decision support in nephrology.

APPENDIX
See Table 3.
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