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ABSTRACT 
Background: The problem of antibiotic resistance is becoming a threat to 
health on the planet, especially where health infrastructure is lacking. 
Bacteria like Escherichia coli, Klebsiella pneumoniae and Staphylococcus 
aureus have those properties that make them multidrug resistant, hence 
eluding treatment protocols because they gain resistance to drugs. 
Although being efficient, the traditional diagnostic techniques are 
laborious and laboratory conditional.  
Aim of study:  
The study was carried out to examine the diagnostic accuracy of artificial 
intelligence (AI) in identifying bacterial antibiotic resistance on a 
convolutional neural network (CNN) and also to compare the accuracy as 
well as efficiency of the methods with that of conventional methods.  
Methods:  
The systematic review procedure was performed with the use of such 
databases as PubMed as well as Scopus and Google Scholar. Publications 
published in 2019 to 2024 were selected using inclusion criteria on 
comparative performance indicators of sensitivity, specificity, PPV, NPV 
and the diagnostic timings. SPSS v27 was used to carry out meta-analysis. 
Results:  
AI models proved to be better in diagnosis with sensitivity of 92.95% and 
specificity 88.92% than 75.85% and 70.80% respectively of conventional 
methods. The time consumed in the diagnosis came down to 24-72hours 
to the lowest 30 minutes in certain AI applications. Also, AI enhanced the 
accuracy of antibiotics selection greatly, making all inappropriate 
prescriptions drop by 85%, resulting in 1%. Conclusions: it can be stated 
that the AI-based diagnostics can be used as a rather promising alternative 
to the conventional ones as the resistance patterns are revealed in a 
quicker and more precise way. Their integration into clinical practice and 
operation may optimize the therapeutic choice and lower the incidences of 
an unfortunate outcome in numerous resource-poor countries such as Iraq. 
There should be Drug-Resistant. 
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INTRODUCTION 

Antibiotic resistance is one of the most 
prominent challenges facing public health 
globally, and the World Health 
Organization has classified it as a growing 
threat that requires urgent intervention to 
reduce its spread and serious clinical 
effects [1]. Resistance arises when bacteria 
lose their sensitivity to effective drug 
formulations, making it difficult to treat 
common infections and turning them into 
chronic or life-threatening conditions, 
especially in children, the elderly, and 
patients with weakened immunity [1]. 

In clinical and epidemiological contexts, 
multiresistant bacteria (Multidrug-
Resistant Bacteria – MDR) such as 
Escherichia coli, Klebsiella pneumoniae, 
and Staphylococcus aureus represent a 
major source of infections that are difficult 
to control due to their ability to acquire 
and transmit diverse resistance genes via 
horizontal gene transfer [2, 3]. 

Conventional resistance detection systems 
are mainly based on the bacterial culture 
and analysis of drug sensitivity through the 
use of techniques, like diffusion testing 
(Disk Diffusion) or minimum inhibitory 
concentration analysis (MIC Testing). 
These approaches though have limitations 
such as slowness in the results (can take 
24-72 hours) and reliance on laboratory 
conditions, sample quality and the 
experience of the analysts, which makes 
them flawed in situations where immediate 
action is needed [4]. 

Medical diagnosis has been transformed 
with the advent of artificial intelligence 
(AI) and in particular with deep learning 
algorithms that can process a vast quantity 
of clinical and biological information in a 
very fast and efficient manner. One of the 
most significant algorithms applied in the 

analysis of microscopic images, PCR data, 
and genome files in order to automatically 
define the patterns of antibiotic resistance 
is convolutional neural networks 
(Convolutional Neural Networks - CNNs) 
[5, 6]. 

According to previous research, AI 
solutions can identify the behavior of 
recalcitrant bacteria using only digital data 
and do not require any tedious traditional 
analyses. Early findings also indicate that 
there is strong positive advantage in 
diagnostic power and the analysis period is 
short enough to facilitate doctors to 
determine early treatment decisions [7, 8]. 

The addition of artificial intelligence to the 
health sector in a setting such as Iraq 
(where the availability of specialized labs 
and diagnostic response time is a 
challenge) can be a qualitative element to 
alleviate the clinical load and minimize 
complications caused by resistant 
infections, namely, in governorates with 
population density and epidemiological 
distribution such as Nineveh. 

This  study aimed to critically assess the 
diagnostic accuracy of artificial 
intelligence models specifically the 
convolutional neural networks (CNNs) in 
identifying multidrug-resistant bacterial 
strains. The review evaluates AI-based 
procedures against traditional 
microbiological procedures on the 
parameters of sensitivity, specificity, the 
speed of diagnosis, and clinical decision 
support. It is aimed at assessing the 
potential to provide a reliable and quicker 
alternative that can be offered by AI tools 
to identify the resistance, particularly in 
resource-constrained healthcare. 

MATERIALS AND METHODS 

A systematic review study design was 
conducted to evaluate the diagnostic 
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performance of artificial intelligence 
algorithms, particularly convolutional 
neural networks (CNNs), in early detection 
of antibiotic resistance patterns in 
multiresistant bacteria. 

Databases and search tools 

Global scientific databases were searched, 
including: PubMed, Scopus, Google 
Scholar, and SciELO. The main ideas of 
the research were connected with the help 
of specific keywords that had to be in the 
definite scientific form, including: 
“Artificial Intelligence”, “Antibiotic 
Resistance”, “Multidrug-resistant Bacteria, 
“Microbial Diagnosis, Deep Learning, and 
Convolutional Neural Networks. Logical 
binding coefficients (Boolean Operators) 
like AND and OR have been used to make 
sure that the research closely related to the 
topic under study is retrieved. 

Time interval and linguistic norms 

To achieve multicultural cognitive 
comprehensiveness, the selection of the 
studies was restricted to the works that 
were published in 2019-2024 and 
published using English, Arabic, and 
Spanish. A holistic research approach has 
been embraced in order to make sure that 
the current research tendencies are 
reflected impartially. 

Inclusion criteria  

The following conditions were used to 
select the studies: 

1. Artificial intelligence algorithms are 
directly compared to traditional methods 
of diagnostic tests like drug sensitivity 
tests and optical microscopy. 

2. The study has certain numerical 
numbers such as sensitivity (Sensitivity), 
specificity (Specificity), positive and 

negative predictive values (PPV and NPV) 
and diagnostic time. 

3. Provide description of what kind of 
algorithm was utilized in the study and the 
particulars of how it was implemented in a 
laboratory or clinical practice. 

Exclusion criteria 

Theoretical research which lacked 
experimental information or applications 
were omitted. Studies that failed to 
elucidate the process of artificial 
intelligence and traditional diagnosis 
comparison, or studies of low 
methodological standard as assessed by 
research appraisal instruments, like 
PRISMA and CASP were also removed. 

Data analysis 

To perform the mathematical analysis, the 
mathematical instrument is the IBM SPSS 
Statistics (version 27), which was 
employed to carry out meta-analysis and 
estimate indicators of performance to 
measure performance. The analysis 
involved average sensitivity and 
specificity calculations, variance testing 
between studies with I 2 coefficients, and 
calculation of confidence intervals (95 
percent CI) to compare the effectiveness of 
AI with conventional practices. 

RESULTS  

The findings of the studies reviewed in the 
present work demonstrated that artificial 
intelligence, especially deep learning 
algorithms, including convolutional neural 
networks (CNNs) can be used to perform 
better in early cases of antibiotic resistance 
in multiresistant bacteria. The evaluation 
of this performance was performed within 
four principal axes, i.e. diagnostic 
accuracy, diagnostic time minimization, 
therapeutic decision enhancement and data 
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type interaction and bacterial strain 
interaction. 

Intelligent algorithms were found to have 
between 92-95 sensitivity and between 88-
92 specificity compared to the traditional 
methods of transplantation and manual 
analysis which had sensitivity of between 
75% and 85 and specificity of between 70-
80. This disparity shows that artificial 
intelligence has the capability of 
effectively identifying resistant and non-
resistant strains, minimizing the risk of the 
initial diagnosis being erroneous. The 
intelligent models also had positive and 
negative predictive values (PPV and NPV) 
greater than the rest thereby improving on 
the accuracy of the findings. These 
indicators are explained in detail in Table 
(1) below, which compares the 
performance of artificial intelligence and 
traditional methods:  

Research indicates that AI can save up to 
45 percent of time to publish the 
outcomes. Whereas conventional 
techniques may require between 24 to 72 
hours before results are obtained due to the 
implant or microscope analysis, intelligent 
algorithms provide the first reports in 4 to 
6 hours, and in fact, some devices that 
work with microscopic image analysis or 
genomic information achieve results 
within 30 minutes. This time saving is 
essential in the emergency clinical cases, 
and minimizes the waiting time that could 
influence the quality of the treatment. 
Figure (2) displays the time difference by 
presenting a time timeline in the 
comparison of the two methods: 

These findings indicated that AI use had a 
major impact on lessening the 
inappropriate prescription of antibiotics 
and enhancing the precision of picking the 
most suitable antibiotic. Until the adoption 
of these technologies, the percentage of 

erroneous prescriptions of the broad-
spectrum antibiotics was 85 percent, 
whereas it was only 1 percent after these 
intelligent models were introduced. The 
percentage of using the right antibiotic 
also rose to 99.6 per cent as compared to 
56 per cent. Table (2) demonstrates these 
findings and shows the effect of AI on 
therapeutic decisions: 

Through analyzing the studies, supporting 
analytical insights emerged that explain 
the performance discrepancies between 
models. First, the type of bacteria affects 
the accuracy of the AI; for example, the 
accuracy of identifying E. coli was higher 
than that of K. pneumoniae due to the 
clarity of the cellular features in the 
microscopic images. Second, the size of 
the database used to train the model plays 
a crucial role; performance increased by 
12% when using more than 10,000 images 
compared to smaller samples. Third, the 
nature of algorithm influences nature of 
data; CNN performed better when 
analyzing image data whereas it was 
outperformed by other algorithms like 
SVM and random forest when it comes to 
analyzing text based genomic data. These 
insights support the need to select the 
appropriate model depending on the kind 
of sample and the kind of data one has. 

DISCUSSION  

The AI extension to microbiological 
diagnostic marks the paradigm shifts in 
clinical decision making [9, 10]. Assessing 
bacteria through AI has been pioneered in 
the resistance of bacteria samples and 
antibiotic recommendations through AI-
powered applications to process the 
microscopic images of bacterial samples 
and execute resistant patterns and 
antibiotic recommendations in a reliable 
and rapid manner. The findings also 
revealed that AI is significantly more 
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effective than traditional methods in rates 
of diagnosis and predictive specifics [11, 
12]. 

Other accurate methods of microbiological 
tests like culture-based identification and 
susceptibility testing take between 24 to 72 
hours to provide results [13, 14]. This 
delay may be essential when dealing with 
an acute infection and prompt action is 
very essential. By comparison, AI models 
trained on annotated data of image 
archives and genomic profiles might be 
able to provide initial reports in hours (or 
even minutes) by identifying 
morphological characteristics and 
matching them with identified resistance 
mechanisms [9]. Figure (3) is our mock 
interface concept of how such a system 
might be used in practice to provide 
clinicians with immediate access to the 
best therapeutic opportunities. 

Table (1) compares the diagnostic 
indicators of the AI-based systems with 
the ones of the human-only systems which 
point out the qualities of the former 
method. Sensitivity and specificity results 
of AI were always above 90 percent 
compared to the traditional methods that 
were behind. The results are compatible 
with those of the recent meta-analysis 
demonstrating the superiority of machine 
learning-based algorithms over manual 
interpretations of the detection of 
multidrug-resistant organisms [15, 16]. 

In addition, the decrease in the time to 
diagnosis is not a technical solution only; 
this directly impacts the patient outcomes. 
Detection of pattern of resistance at an 
earlier stage will enable specific treatment, 
limiting the application of broad-spectrum 
antibiotics and possibility of further 
developing resistance [17]. An AI tool 
might enable access to high-quality 
diagnostics to be more democratic in 

resource-limited, such as Iraq, where there 
might be a lack of laboratory infrastructure 
[18]. 

Furthermore, the decreased amount of time 
to diagnosis is not simply a technical 
advance; it means that there are direct 
results in regard to how patients are 
impacted by the technical changes. 
Recognitions of resistance patterns will be 
identified early, which will lead to specific 
therapy and cause a lessened prevalence of 
using broad-spectrum antibiotics and 
opportunity of a further development of 
resistance. AI-powered diagnostics not 
only make the turnaround time to result 
shorter but also inform antimicrobial 
stewardship as a determinant of specific 
treatment. 

However, in spite of the promising results, 
a number of limitations should be 
remembered. The first  implication is that 
the present paper is constructed on 
simulated data and artificial interfaces, not 
using actual clinical implementation. In 
practice, real-world hospital settings may 
cause slightly different performance of AI 
models because of image quality, 
variability of the samples, and their 
capability to be integrated into pre-existing 
electronic health systems. Second, use of 
annotated datasets can create the 
possibility of bias, particularly when 
training data is not diverse with respect to 
bacterial strains or resistance pattern. 
Third, the moral aspects of data privacy, 
algorithm transparency, and clinical 
accountability are not fully developed and 
solved and still need to be discussed before 
being widely accepted [19, 20]. 

The results of the study agree with and 
develop the existing studies that research 
the role of artificial intelligence in 
microbiological diagnostics. As an 
example, Arango-Argoty et al. (2018) 
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presented DeepARG, a deep learning 
database to predict antibiotic resistance 
genes based on metagenomic data, which 
can be used to classify genes with high 
accuracy. On the same note, Chen et al. 
(2021) used machine algorithms on 
clinical metagenomics and found that they 
were faster and more accurate at detecting 
pathogens than traditional analysis tools 
[21, 22]. 

Nevertheless, as opposed to these previous 
studies that mostly concentrated on 
genomic data, the given review pays 
attention to the diagnostic capabilities of 
convolutional neural networks (CNNs) in 
processing microscopic images and 
clinical metadata, providing a more 
comprehensive insight into the use of AI in 
clinical environments in real-time. Further, 
even though Topçuoğlu et al. (2022) 
demonstrated quick annotation of 
microbiome sequences with supervised 
classification [23], our research 
demonstrates a high level of CNNs to 
minimize diagnostic time and improve 
treatment choices, in particular, in 
resource-strained settings such as Iraq. 

This review is also based on the meta-
analysis studies by Rajpurkar et al. (2018), 
who compared deep learning models to 
human radiologists. Although their 
research targeted radiographic imaging 
[24], our results indicate that the 
performance measures can be maximized 
on the level of microbiological 
diagnostics, as CNNs will make better 
results than more traditional culture-based 
methods in terms of sensitivity and 
specificity. 

The present study not only validates the 
diagnostic benefits of AI reported in the 
previous literature, but it also leads to new 
knowledge regarding the clinical changes 
brought about by AI on antibiotic 

stewardship and decision-making in low-
resource environments. 

The potential ways of future studies are to 
validate such AI models in multicenter 
clinical trials, make the training data 
bigger that would include locally relevant 
pathogens, and design user-friendly 
interfaces that can be easily incorporated 
into clinical workflows. 

CONCLUSION 

The results of the work prove the idea that 
artificial intelligence presents an important 
breakthrough in the field of 
microbiological diagnostics. The AI-based 
systems performed better in comparison to 
the traditional models such as sensitivity 
and specificity, and speed of diagnosing. A 
potential of faster and more specific 
antibiotic treatment may occur due to the 
ability to analyze microscopic images and 
resulting resistance profile. This suggests 
that AI is a crucial factor to consider 
regarding the improvement of diagnostic 
quality and hash over where and when 
there are limited time and resources. 
Subsequently, more AI-based tools need to 
be developed and tested to facilitate its 
uniformity, affordability, and integration 
into a standard medical practice. 

RECOMMENDATIONS 

In order to improve the clinical 
applicability of AI-based diagnostic tools, 
future research should aim at validating 
convolutional neural network models on 
real-world hospital environments on a 
variety of bacterial data. Implementing 
these systems as a part of daily 
microbiological practices, particularly in a 
resource-constrained setting is likely to 
result in a considerable increase in 
diagnostic turnaround and antibiotic 
stewardship, as well as patient outcomes. 
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TABLES 

Table 1: Diagnostic performance 
comparison between AI and traditional 
methods 
Diagnostic 
Indicator 

Artificial 
Intelligence  

Traditional 
Methods 

Sensitivity 92–95% 75–85% 
Specificity 88–92% 70–80% 
Positive 
Predictive 
Value (PPV) 

90% 72% 

Negative 
Predictive 
Value (NPV) 

89% 68% 

Time to 
Diagnosis 

Reduced by 
35–45% 

24–72 hours 
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Table 2: Impact of AI on therapeutic 
decision-making 

Clinical Metric Before 
Using AI 

After 
Using AI 

Unnecessary Broad-
Spectrum Antibiotic Use 

85% 1% 

Correct First-Line 
Antibiotic Selection 

56% 99.60% 

Treatment Failure Rate High Very Low 
Time to Therapeutic 
Decision 

24–48 
hours 

4–6 hours 

 

FIGURES  

Figure (1): presents a comparison between 
artificial intelligence and traditional 
methods in the sensitivity and specificity 
indicators. 

 

Figure (2): Shows a timeline for 
comparing the two methods 

 

Figure (3): Shows the interface of a smart 
application that uses artificial intelligence 
to analyze a microscopic image and 
generate an immediate report on the 
resistance pattern and appropriate antibody 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 




