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Infections of the bloodstream, pneumonia, and bone and joint infections are all well-known symp-
toms of Staphylococcus aureus, which are frequently fatal. MRSA, a potentially harmful strain that 
is resistant to methicillin, an antibiotic produced from penicillin, is associated with AMR. It is still 
quite challenging to diagnose and treat bacterial infections in the medical industry in the modern 
world. Artificial Intelligence (AI) has emerged as a potent new method for detecting and treating 
bacterial infections. Since timely diagnosis and treatment can improve morbidity and mortality for 
bacterial diseases and other infectious diseases, such hepatocellular carcinoma brought about by 
hepatitis B and C, or non-infectious disorders such acute necrotizing pancreatitis. Because of its 
prevalence and considerable clinical load in hospitals, methicillin-resistant Staphylococcus aureus 
(MRSA) bloodstream infection (BSI) is a major worry. Due to its resistance to several antibiotics 
and associated complications like septic shock and metastatic infections, it poses a serious clin-
ical challenge. For categorizing bacterial antibiotic resistance and susceptibility, deep learning is 
preferred over traditional machine learning due to its better performance. The macroscopic level 
at which traditional techniques, like the Kirby-Bauer disk-diffusion test, are performed, restricts 
accuracy and ignores important microscopic bacterial interactions. There are still many obstacles to 
overcome despite the tremendous promise of AI to revolutionize tailored treatment. Ultimately, as 
AI technology develops and is used more extensively, it will help doctors to treat bacterial infections 
more effectively, advancing the medical industry toward more accurate, efficient, and individualized 
treatment.
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Introdoction
Gram-positive, cocci-shaped Staphylococcus 
aureus bacteria proliferate in the distinctive 
grape clusters(Sanchini, 2022), It was first iso-
lated from the British surgical wound infection
Alexander Ogston, a surgeon, in 1882 (Sinoliya 
et al., 2023) , acts as an opportunistic pathogen 
and a zoonotic pathogen, capable of causing 
various diseases in humans(Zhang et al., 2022).
Staphylococci, as a cause of infections acquired 
in hospitals, raise the risk of developing illness-
es like wound infections, sepsis, and skin infec-
tions in individuals(Leili et al., 2024). S. aureus 
possesses a remarkable capacity to quickly de-
velop resistance. Environmental factors, along 
with damage to cell membranes or DNA, can 
affect the rapid emergence of antibiotic re-
sistance(Rasmi et al., 2022). The Gramposi-
tive bacterium known as methicillin-resistant 
Staphylococcus aureus (MRSA) was treated 
with a number of beta-lactam antibiotics, in-
cluding penicillin, oxacillin, and methicillin. 
However, because of a change in the genetic 
makeup of the original strain, Staphylococ-
cus aureus has become resistant to all of these 
(Sinoliya et al., 2023). Antibiotic resistance 
(AR) is a naturally happening event primari-
ly made up of acquired adaptive mechanisms. 
These systems help bacteria to withstand and 
endure the threats posed by antibiotics(Popa et 
al., 2022). Bacterial strains that are resistant to 
antibiotics pose a significant danger to human 
health. As antibiotic resistance in common hu-
man germs rises, there are fewer antibiotics that 
still work against infections. The swift rise in 
antibiotic resistance has surpassed the progress 
in creating new antibiotic drugs, posing a risk 
of concluding the golden era of antibiotics and 
ushering in the post-antibiotic period(Nikolic 
& Mudgil, 2023). To overcome  AR, global in-
itiatives should be developed and implemented 
across nations. Such programs are presently 
being created with the assistance of comput-
er systems built on deep learning(Popa et al., 
2022). In recent years, machine learning and 
deep learning have gradually emerged as new

methodologies. The ideas, uses, or fields of ap-
plication of machine learning and deep learning 
have been discussed by numerous academics 
(Shao et al., 2024). In clinical practice, machine 
learning (ML) offers the possibility of becoming 
a paradigm-changing decision-support instru-
ment. treatment, diagnosis at present, clinical cri-
teria are used to determine prognosis and treat-
ment. This clinical practice pattern, known as 
the "knowledge driving decision," is equivalent 
to the individual experience of doctors. but real 
patient circumstances are often more complex 
than a single guideline or individual. the doctor's 
expectations. One of the greatest dangers is anti-
biotic resistance (AMR). issues in the area of in-
fectious diseases. It was predicted that in 2019, 
1.27 million people would die from bacterial 
AMR. When a patient is suspected of having a 
resistant bacterial infection, physicians always 
choose antibiotics empirically rather than relying 
on the drug susceptibility results. It also planned 
to compare the predictive performance between 
the ML algorithm and the risk score system in this 
study (Tang et al., 2022). The rate and effective-
ness with which pathogens conduct a sequence of 
biochemical reactions during their life processes 
is referred to as their metabolic activity. Cul-
ture-based agar plate counting is the most con-
ventional method for detecting pathogen activity 
because it depends on the pathogen's capacity for 
growth. This approach involves analyzing bacter-
ial morphology under a microscope and looking 
for colony development on plates to determine 
pathogen activity (Liu et al., 2025). To overcome 
these shortcomings, novel micro- and nanotech-
nology techniques for bacterial identification 
and AST are being developed. Among these are 
molecular approaches like mass spectrometry, 
nanoparticles, synthetic biology, hybridization 
probes, multiplex PCR, and phenotypic methods 
like microfluidic bacterial cultures (Ardila et al., 
2025). Some studies have used these algorithms 
and models to predict HAIs based on risk factors 
and to enhance patients' health results. The pur-
pose of this scoping review is to identify the fea-
tures of AI applications used in the management 
of bacterial illnesses (Abu-El-Ruz et al., 2025). 
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From Staphylococcus aureus to Blood-
stream and Urinary Infections: Clinic-
al Importance and Diagnostic Limita-
tions
Infections caused by S. aureus are a significant 
threat to public health (Bashabsheh et al., 2024) 
,One of the leading opportunistic bacterial 
pathogens of the human population, s is a com-
mon colonizer of it. human beings, which are re-
sponsible for significant morbidity and mortality 
worldwide (Howden et al., 2023) . The bacteria 
establishes itself in thethe mucous membranes 
and skin of the front nostrils, the perineum, the 
urogenital system, and the digestive tract among 
other places, the pharynx and the tract. The viru-
lence factors produced by Effective therapy de-
pends on Staphylococcus aureus. human and 
animal illness (Pal et al., 2021).  In each of its 
hosts, S. aureus causes a wide range of symp-
toms. The interactions between S. aureus and 
its host are influenced by a number of intricate 
variables, such as the host's health, the genetic 
makeup of the S. aureus strain, and the location 
of the host's colonization (Park & Ronholm, 
2021). Due to the rise in healthcare procedures 
and the usage of indwelling devices, the inci-
dence of the disease burden caused by Staphyl-
ococcus aureus, a major cause of bloodstream 
infections, has increased over the past several 
decades (Grillo et al., 2022) . The frequency 
of S. aureus bacteremia (SAB) is influenced 
by the risk factors of the studied population as 
well as the healthcare system's infection control 
procedures. Monitoring the incidence of SAB 
trends is essential in determining its effects on 
public health organizations and infrastructure. 
to improve the creation of methods for infec-
tion prevention and control (Hindy et al., 2022). 
Gram-positive bacteremia is more prevalent 
than gram-negative bacteremia, which is cat-
egorized into gram-positive and gram-negative 
bacteremia. This might be explained by the in-
creased use of intravenous catheters, prosthetic 
implants, invasive procedures, and the wide-
spread use of fluoroquinolones for antibiotic 
prophylaxis, all of which increase the risk of 
gram-positive growth.

In gram-positive bacteremia, there are cer-
tain typical associations between species and 
locations of localized infections, such as be-
tween pneumococci and pneumonia, while 
S. aureus infection sites are frequently more 
hidden and, as a result, are more frequently 
discovered as the cause of BSI of unknown 
origin (Hess, 2023). Intermittent bacterial 
presence in the blood is a characteristic of 
Gram-negative bacteremia, which frequent-
ly originates as a secondary infection that 
spreads from an initial source to the blood-
stream. Underlying 26.6% of instances, E. 
coli is the most prevalent species found in 
community-onset bacteremia and the second 
most prevalent in hospital-onset bacteremia. 
A. baumannii, which accounts for 3.2% of 
cases of hospital-onset bacteremia, is a fre-
quent cause of the condition, but it is not very 
common in community-onset infections. The 
third most common species responsible for 
7.2% and 8.8% of cases of community- and 
hospital-onset bacteremia, respectively, is K. 
pneumoniae. P. aeruginosa is the fourth most 
common species isolated from hospital-onset 
bacteremia (7.4% of cases) and ranked fifth 
among species causing community-onset 
bacteremia (7.3% of cases) (Holmes et al., 
2021). The most frequent cause of infections 
caused by multidrug-resistant bacteria in the 
United States is methicillin-resistant Staphyl-
ococcus aureus (MRSA). Historically, 
MRSA bacteremia has been linked to higher 
death rates than its more susceptible relative 
(Parsons et al., 2023) . A fever alone might 
be the symptom of Staphylococcus aureus 
bacteremia. prompting diagnostic blood cul-
tures(Figure1). In contrast, patients may have 
symptoms originating from a source such as 
a skin and soft tissue infection or a site of 
metastatic infection (e.g., back pain from 
vertebral osteomyelitis). About 73% of indi-
viduals with S aureus fever occurs in 42% of 
bacteremia cases, chills in 18%, and changes 
in mental status in 18% (Tong et al., 2025). 
One of the most prevalent infectious illnesses 
in people, whether in a community or clinical
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environment, is urinary tract infection (UTI) 
(Yousefi et al., 2016) . Urinary tract infections 
(UTIs) caused by Staphylococcus aureus are un-
common (0.5%–1%). Finding S. aureus in urine 
samples might indicate asymptomatic coloniz-
ation or point to S. aureus bacteremia (SAB), 
which is brought about by hematogenous seed-
ing (Schuler et al., 2021) . Despite the fact 
that S. aureus is antibiotic treatment accounts 
for 0.5 to 6% of UTI cases. The likelihood of 
a symptomatic UTI related to this species is 
high. It should be taken into consideration and 
is advised. The emergence of may result from 
antibiotic treatment. S. aureus that is multi-
drug-resistant (MDR), which would cause re-
strictions in the selection of therapeutic alterna-
tives (Goudarzi et al., 2019) . Pyelonephritis, 
which is when the infection has spread to the 
kidneys and necessitates prompt medical care, 
is frequently indicated by fever during a urinary 
tract infection (UTI). Kidney UTIs can be fatal 
if they cause septicemia, which causes an infec-
tion in the bloodstream, and can result in sys-
temic infection. Women are more susceptible 
to UTIs than men. Several factors contribute 
to this, including a shorter urinary tract, the ur-
ethral opening's proximity to the anal aperture, 
hormonal imbalances and changes that cause 
the urethral pH to increase, and the use of con-
traception and spermicide (Balamurugan et al., 
2015) . pyelonephritis with emphysema found 
in 90% of diabetic patients, is a rare inflamma-
tory disorder of the kidneys brought on by un-
treated diabetic urinary tract infections, which 
cause gas production in the parenchyma en-
vironment and persistent necrosis of bacterial 
origin. Pyelitis of emphysema, This condition is 
marked by significant tissue necrosis in the kid-
ney's parenchymal regions and is more lethal in 
women than in males. Cystitis with emphysema 
A particular kind of urinary tract infection that 
is made worse by an overproduction of air and 
air sacs getting stuck in the bladder wall and 
tube. Neurogenic bladder, blockage, or cath-
eterization are predisposing factors. According 
to demographic data, women are more prone to 
the illness than males (Kaur et al., 2022) .

A septic embolism to the kidney and subse-
quent identification in the urine were signs of 
an invasive illness brought on by S. pyogenes 
in an immunocompetent kid. These instances 
demonstrate that certain bacteria are able to be 
identified in urine during systemic infections. 
Because the transfer from blood to urine seems 
to occur more frequently in S. aureus than in 
other pathogens, S. aureus could be utilized 
as a model organism to investigate the patho-
genesis's principles in order to overcome the 
barriers between the blood and urine in vivo  
(Schuler et al., 2021). We look at what we 
know the function of biofilms, immunometab-
olism, and trained innate S. aureus avoidance 
mechanisms in the immune evasion molecules 
of S. aureus immunity. We also look at how 
well S. aureus adapts to and targets its hosts. 
and provide a summary of our current under-
standing of the interaction between colonizing 
A summary of our developing understanding 
of S. aureus genomic flexibility, antibiotic re-
sistance, and persistence, together with other 
bacteria  (Howden et al., 2023).

Deep learning 
Machine learning and deep learning have 
quickly become effective tools in various areas, 
such as image and speech recognition, natur-
al language processing, and medicine(Shari-
fani & Amini, 2023). Using artificial neural 
network (ANN) architecture to learn from 
massive datasets and carry out sophisticated 
operations, deep learning is a subset of ma-
chine learning. The capacity of deep learning 
methods to replicate the intricate information 
processing capabilities of the human brain is 
one of their primary benefits. This is due to the 
increased processing power of microproces-
sors, better algorithm creation, and access to 
vast datasets for model training. An ANN is 
made up of interconnected nodes (often called 
processing elements or neurons) that can ex-
tend across several layers, depending on the 
complexity of the jobs and the capacity of the 
available hardware.
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A deep learning model gathers more complex 
and detailed insights as the number of its struc-
tural layers grows, leading to improved effect-
iveness with extensive datasets and training 
cycles. This process guarantees accurate iden-
tification of patterns within the data(Shobayo 
& Saatchi, 2025).

Deep learning: CNN and RNN
Convolutional Neural Networks (CNNs) repre-
sent a strong category of deep learning models 
that are extensively utilized in numerous tasks, 
such as object detection, speech recognition, 
computer vision, image classification, and bio-
informatics(Shiri et al., 2023). CNNs consist 
of four primary elements: (a) trainable convo-
lutional filter banks, (b) nonlinear activation 
functions, (c) reduction of spatial dimensions 
(achieved through pooling or strided convo-
lution), and (d) a prediction module, typically 
made up of fully connected layers that function 
based on a comprehensive representation of the 
instance(Choudhary et al., 2022). CNN uses a 
system with two parts that works together as a 
classifier and a feature extractor. This setup al-
lows it to automatically find important features 
and train from start to finish with very little 
need for preparing the data beforehand(Shiri 
et al., 2023). Recurrent Neural Networks, or 
RNNs, are a type of advanced learning model 
that have a built-in memory, which allows them 
to understand sequences. Unlike regular neur-
al networks that view inputs as separate items, 
RNNs take into account the order of inputs over 
time, making them ideal for jobs that require 
understanding sequences of information. By 
using a loop, RNNs perform the same action 
on each part of a sequence, where the calcu-
lation at the moment relies on both the current 
input and the previous calculations(Shiri et al., 
2023).

Deep Learning Applications in Micro-
scopic Image Analysis
Deep neural networks represent the latest ad-
vances in many computer vision challenges and

frequently surpass traditional image analysis 
methods. In the past few years, deep learning 
has gradually transitioned from the realm of 
computer science into microscopy applica-
tions, showing remarkable success in fields 
like cancer detection, super-resolution, noise 
reduction, and stain-free imaging(Körber, 
2023). Deep learning is an advanced tech-
nology that has quickly emerged as the pre-
ferred approach for analyzing medical im-
ages (Habibur et al., 2024). Its speedy and 
strong capabilities in identifying, separating, 
monitoring, and categorizing abnormal ana-
tomical features can assist healthcare profes-
sionals in their everyday clinical activities. 
As a result, applications using deep learning 
for diagnosing illnesses will enhance doctors' 
abilities and facilitate quicker decision-mak-
ing in healthcare settings(Tsuneki, 2022).

Segmentation and classification 
techniques for blood and urine sam-
ple images
The analysis of crystals found in urine sed-
iment, which are the solid parts of urine, 
helps in screening tests and is a standard 
part of medical check-ups. Urinary sediment 
crystals are generally examined by looking 
at them through a microscope. While there 
are machines that can help with this process, 
manual sorting is still necessary, which takes a 
lot of time and can differ based on the person 
doing the test and the laboratory used(Nagai 
et al., 2022). Devices that automatically ana-
lyze urine sediment are essential for identify-
ing urinary tract infections, as they provide 
immediate analysis of data and speed up the 
process of diagnosing patients(Akhtar et al., 
2024).

Deep Learning for Clinical Data 
Analysis
Today, the amount and diversity of informa-
tion that may be used to analyze and forecast  
clinical results are outside the capacity of any 
one person to grasp (Pettit et al., 2021).
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Using a single modality to arrive at a diagnosis 
or prognosis with deep learning approaches has 
been highly successful in several studies. None-
theless, because different clinical modalities may 
have different data formats and hold different in-
formation (complementary information of a sub-
ject), effectively merging multimodal data is not 
an easy undertaking in method design  (Cui et al., 
2023).  Although successful in many instances, 
traditional medical diagnostics have depended 
on unimodal data sources, such radiological im-
ages, clinical notes, or physiological signals that 
are analyzed separately (Abu-El-Ruz et al., 2025). 
However, these unimodal systems do not com-
pletely reflect the complexity of human diseases, 
which are frequently characterized by varied and 
interconnected signals  (Jandoubi & Akhloufi, 
2025). Using the power of information technology, 
AI-driven healthcare is becoming a revolutionary 
force in the healthcare environment and aims to 
transform clinical practices (Xu et al., 2024). A 
wide range of sources, such as medical imaging 
(like magnetic resonance imaging [MRI], comput-
ed tomography [CT] scans, and x-rays), lab test 
findings, electronic health records (EHRs), wear-
able devices, and environmental sensors, produce 
enormous amounts of data in the healthcare in-
dustry  (Hao et al., 2025). The majority of modern 
uses of artificial intelligence (AI) in medical diag-
nosis are limited to data from a single modality. 
Using clinical records, radiology, CT scans, MRI, 
and other methods, researchers have conducted in-
depth studies on the early identification of a variety 
of medical ailments in individuals  (Kumar et al., 
2024). Within the radiological medical ecology, 
AI has the potential to be a powerful support tool. 
However, the use of AI raises ethical issues3 and 
security concerns4, such as data breaches, auto-
mated medical choices, skewed data, and clinical 
consequences  (Simon et al., 2025). Medical im-
age analysis, an essential aspect of contemporary 
healthcare, depends significantly on cutting-edge 
technology. Computational methods for retrieving 
useful data from images. Deep learning, Recur-
rent neural networks (RNNs) and CNNs, in par-
ticular, have become a potent instrument in this 
field. offering unparalleled capacity for automated 
feature extraction, pattern identification, and deci-

By dealing with the aforementioned high di-
mensionality and temporality of medical data, 
deep learning (DL) methods have demonstrat-
ed exceptional performance in a variety of 
healthcare prediction applications. These im-
proved neural network approaches are able to 
learn valuable representations of key factors, 
such as esoteric medical concepts and their 
interactions, from high-dimensional raw or 
minimally processed healthcare data  (Mor-
id et al., 2023) in isolated locations AI tools 
may function as complete replacements in the 
absence of specialist availability. independent 
preliminary readings, akin to telemedicine ser-
vices (Rao et al., 2025). By integrating multi-
modal data into prediction and classification 
models to mimic integrative human clinical 
decision-making, AI systems may gain a lot. 
This can lead to the discovery of novel bio-
markers and treatment targets, enhance model 
performance, and increase their robustness and 
accuracy  (Pahud de Mortanges et al., 2024).
In specific groups, such as babies and the 
elderly, where pain is difficult to measure, the 
characteristics of AI systems may be used to 
determine pain intensity and direct therapy(Li-
ang et al., 2025). Infants are unable to express 
their discomfort verbally, which frequently 
results in underdiagnosis and subpar therapy. 
This improper pain management in infants 
is associated with behavioral difficulties, in-
creased attentiveness, and possible structural 
changes to the brain that affect learning and 
development. AI approaches evaluate behav-
ioral responses  (Cascella et al., 2024) like 
facial (Yan et al., 2023), sobbing sounds, and 
body motions expressions in order to over-
come these challenges. AI technologies evalu-
ate physiological signs and nonverbal cues 
to offer unbiased pain assessments for cog-
nitively impaired elderly people  (Cascella 
et al., 2024). Unimodal research often makes 
use of pathology images and related clinical 
data, such as cancer kinds or grading. Simple 
and unambiguous aim is ideal for unimodal 
research utilizing AI-based models in clinic-
al applications and translations  (Qiao et al., 
2022).
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Furthermore, in addition to recurrent neural net-
works (RNN), which can use and analyze num-
erical data (clinical parameters and biological 
indicators) and textual data taken from EHRs, 
multi-task deep learning neural networks such 
as UNet and MTNet were employed to integrate 
various data modalities  (Siam et al., 2023).
There is a lot of potential for integrating deep 
learning algorithms into radiological workflows 
to improve increasing the accuracy of diagnosis 
and improving patient care (An et al., 2023). In 
several studies, models that use a combination 
of transformers, convolutional networks, and 
hybrid attention mechanisms have demonstrat-
ed excellent performance in disease categoriz-
ation, segmentation, retrieval, and risk predic-
tion  (Jandoubi & Akhloufi, 2025). For a more 
precise clinical diagnosis and prognosis, med-
ical experts usually compare and link the data  
(Shetty et al., 2022). To gather and synthesize 
the available literature in order to create a basis 
for future study, medical healthcare informa-
tion is combined using various fusion meth-
odologies to create multimodal data  (Teoh et 
al., 2024). To sum up, multimodal AI is a major 
improvement in precision medicine because it 
combines different modalities to provide indi-
vidualized therapies and improve patient care 
(Isavand et al., 2024) . As part of a service for 
anomaly detection, predictive analysis, and en-
semble modeling, AI requires quick, flexible 
hardware and software as well as data-mixing 
capabilities  (Laghari et al., 2024). We put a 
special emphasis on significant AI techniques 
for integrating prevalent data modalities and 
discuss their possible uses in clinically relevant 
domains  (Zhang et al., 2025).

Conclusion
Bacterial infections create a major safety issue, 
so prompt and precise diagnosis is crucial for 
effective treatment and outcomes. Convention-
al diagnostic techniques, although dependable, 
tend to be sluggish and do not fulfill immediate 
clinical requirements. On the other hand, new 
technologies provide improved efficiency but 
are frequently expensive and hard to access

The use of artificial intelligence in managing in-
fections should be enhanced in poorer nations. 
There should be increased investment in proven 
models for infection control to ensure they are 
used effectively and to address existing issues. 
Although artificial intelligence holds great prom-
ise for transforming individualized healthcare, 
there are still numerous obstacles to address. 
These include concerns regarding data security, 
the unclear processes behind Al decision-mak-
ing, and the slow advancement in translating re-
search findings into real-world uses. It is essen-
tial to tackle these issues through collaboration, 
creativity, and thorough policy formation to fully 
leverage Al's capabilities in improving personal-
ized medical care and treatment results
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