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ARTICLE INFO ABSTRACT

Keywords: Purpose: This study analysed the main artificial intelligence (AI) models for the diagnosis of cholesteatoma on

Al computed tomography (CT), evaluating their performance and comparing them with each other. The increasing

ih(?;fs_tela‘tomﬁ. application of Al in radiology requires a systematic comparison of available methodologies.
C;n clal intelligence Methods: A systematic literature review was conducted, selecting relevant articles from the main databases. The
Otology included studies had to fulfil specific criteria regarding methodology, use of AI models for cholesteatoma

diagnosis and results in terms of sensitivity and specificity.

Results: The meta-analysis included three studies evaluating the MobilenetV2, Densenet201 and Resnet50 Al
models. All models demonstrated high levels of sensitivity and specificity in the diagnosis of cholesteatoma at CT.
No statistically significant differences were found between the performance of the various models, suggesting a
robust common diagnostic capability between the different neural network architectures.

Conclusions: Al is making rapid progress in imaging, with recent studies already showing remarkable perfor-
mance in cholesteatoma diagnosis. The speed of technological development is promising. However, to ensure
safe and effective implementation in clinical practice, further studies are needed to validate and standardise
these AI models. Future research should focus not only on the diagnostic accuracy, but also on the robustness,
reproducibility and clinical integration of these emerging technologies.

Meta-analysis

1. Introduction

Cholesteatoma is a serious and potentially debilitating condition
characterized by the abnormal growth of skin cells in the middle ear,
situated behind the eardrum. This insidious growth can lead to com-
plications such as chronic infections, hearing loss, dizziness, and even
facial muscle paralysis if not diagnosed and treated promptly [1]. The
complexity and severity of cholesteatoma underscore the critical need
for accurate and timely diagnosis to prevent these adverse outcomes and
preserve patient's quality of life. Traditional diagnostic methods for
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cholesteatoma involve a meticulous combination of patient history,
thorough physical examinations, and advanced imaging studies, with
high-resolution computed tomography (CT) scans being a cornerstone
[2]. However, interpreting these CT scans presents significant chal-
lenges due to the intricate anatomy of the middle ear and the subtle
nature of early cholesteatoma changes, which can lead to variability in
diagnostic accuracy among radiologists [3]. This variability introduces a
risk of diagnostic errors, potentially delaying essential treatment and
worsening patient outcomes.

Recently, the advent of artificial intelligence (AI) has opened new
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frontiers in medical diagnostics, offering tools that promise to revolu-
tionize the interpretation of imaging studies. Al, particularly through
machine learning and deep learning algorithms, has demonstrated
remarkable capabilities in analyzing complex medical images with high
precision and consistency [4]. Integrating Al into the diagnostic work-
flow for cholesteatoma holds the potential to mitigate human error,
enhance diagnostic accuracy, and streamline clinical decision-making
processes [5]. This review aims to explore and evaluate the burgeon-
ing role of Al in the diagnosis of cholesteatoma by conducting a
comprehensive meta-analysis of existing studies. By synthesizing the
latest research findings, this paper seeks to illuminate the strengths and
limitations of Al applications in this domain. Our objective is to assess
the precision of Al in interpreting CT scans for cholesteatoma, under-
stand its potential to improve diagnostic efficiency, and ultimately
contribute to better patient outcomes. We will examine the performance
metrics of various Al models and the implications for clinical practice.
Through this analysis, we aim to highlight the transformative potential
of Al in enhancing the accuracy and reliability of cholesteatoma diag-
nosis, paving the way for advancements in patient care and
management.

2. Materials and methods
2.1. Study design

The conduct of the study was based on the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses Statement)
guidelines [6].

2.2. Search strategy

We searched English-language databases such as OVID, EMBASE,
Cochrane and Pubmed for articles that were published between January
2015 and July 2024. Additionally, we searched the reference lists of
articles uploaded to EndNote (the data management software created by
Philadelphia's Clarivate Analytics) for additional studies to include in
our analysis. The search strategy was conducted using combinations of
the following terms: “Cholesteatoma” AND “AI” AND “Artificial
intelligence”.

The abstracts and titles from the databases were reviewed separately
(E.A., A.S.). The full texts of all the included studies were read and
assessed. If a study wasn't suitable for inclusion, because duplicate or not
met the inclusion criteria, was rejected. A third party (P.d.L.) adjudi-
cated disputes between the study's authors over the studies inclusion. A
data extraction spreadsheet was created as part of the overall research
process. After data were extracted, an Excel sheet was used to calculate
and organize each study's information. A third reviewer (P.d.L.) ana-
lysed the information collected.

2.3. Study selection criteria

The PICOST framework [7], i.e. Population, Intervention, Compari-
son, Outcome and Study, was used to select the articles found in the
literature (Table 1). Reviews, case reports, letters, comments, and

Table 1
PICOST framework.

Population: Patients undergone to CT Scan to recognize cholesteatoma

Intervention: Al models diagnosing Cholesteatoma

Comparators: CT scans

Outcome: Sensitivity, Specificity, Accuracy, Precision

Study design: observational studies (all types), cohort (longitudinal) studies,
cohort studies, case-control studies or cross-sectional studies

Time period: From 2015 to 2024. Literature search was carried out on Pubmed/

MEDLINE, Cochrane, EMBASE, and OVID databases Pubmed/
MEDLINE, Cochrane, EMBASE, and OVID databases
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editorials were excluded. To be included, studies had to report data
about the used AI models that should recognize cholesteatoma in CT
images. Articles with lacking information regarding statistical data,
outcome and other language that were not English were excluded.

2.4. Data extraction

The data were extracted separately from two review authors (E.A.
and A.S.). Relevant data were extracted from each study, including
sample size, study design, type of Al model used and outcome measures
such as accuracy, sensitivity, specificity and precision. The quality of
individual studies was appraised using the Quality Assessment of
Diagnostic Accuracy Studies-2 tool [8], which evaluates risk of bias and
applicability concerns across four domains, tailored for diagnostic ac-
curacy studies. Discrepancies were identified and resolved through
discussion.

2.5. Statistical analysis

Data were analysed using Review Manager version 5.4.1 (The Nordic
Cochrane Centre, Cochrane Collaboration, 2020) and Python (version
3.7, Python Software Foundation). Sensitivity and Specificity measures
were reported with 95 % confidence intervals (CI) using the random-
effects model of DerSimonian and Laird. To identify heterogeneity
among studies, Higgins' I-squared (I?) statistic was used, with values >0
% indicating the presence of heterogeneity. A p-value of <0.05 was
considered statistically significant. For the meta-analysis, we aimed to
evaluate the overall specificity and sensitivity for each Al software based
on the data available from the included studies. Additionally, the
diagnostic odds ratio (DOR) and area under the curve (AUC) for the
receiver operating characteristic (ROC) curve were calculated to provide
a comprehensive assessment of the diagnostic performance of the Al
models. Heterogeneity between studies was assessed, and subgroup
analyses were performed where necessary to explore potential sources of
variability.

2.6. Ethical statement

This meta-analysis reviewed and summarised data from previously
published studies. Therefore, it was not necessary to obtain ethical
approval for the present study. However, the original studies included
did obtain the necessary ethical approvals.

3. Results
3.1. Selection and studies inclusion

From the total of 32 articles identified via databases and registers, 27
papers were removed as they were not considered eligible before
screening. Only 5 were considered eligible and 3 of them were therefore
included in the meta-analysis [9-11]. Fig. 1 shows the PRISMA
algorithm.

3.2. Study characteristics

Three studies from Turkey were included in the meta-analysis, all of
which were retrospective cohort studies, evaluating a total of 675 sub-
jects. The AI models considered in these studies were MobileNetV2,
DenseNet201, and ResNet50. The characteristics of the studies are
summarised in Table 2.

3.3. Description of Quality Assessment of Diagnostic Accuracy Studies-2
(QUADAS-2)

The QUADAS-2 tool [8] is a widely used instrument for assessing the
quality of studies on diagnostic accuracy. It evaluates four key domains:
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Fig. 1. PRISMA diagram.

Table 2
Cholesteatoma (Chole.), True positive (TP), False negative (FN), False positive (FP), True negative (TN), Artificial intelligence (AI), Confidence interval (CI).
Author Year Al model Subjects included TP FN FP TN Sensibility Specificity Precision Accuracy
Eroglu et al. 2022 Densenet201 100 with COM + Chole. 184 16 33 386 0.9200 0.9212 0.8479 0.9208
100 with COM—Chole.
100 without COM
Eroglu et al. 2023 Densenet201 41 with COM + Chole. 123 16 10 306 0.8849 0.9684 0.9248 0.9429
34 with COM - Chole.
Eroglu et al. 2023 Resnet50 = 118 21 16 300 0.8489 0.9494 0.8806 0.9187
Eroglu et al. 2023 MobileNet-V2 = 107 10 32 306 0.9145 0.9053 0.7698 0.9077
Ayral et al. 2023 MobileNet-V2 100 with COM + Chole. 16 4 2 38 0.8000 0.9500 0.8889 0.9000
100 with COM—Chole.
100 without COM
Ayral et al. 2023 Resnet50 = 18 2 2 38 0.9000 0.9500 0.9000 0.9333

patient selection, index test, reference standard, and flow and timing.
With regard to patient selection, while Eroglu et al. [9,10] did not apply
randomisation, Ayral et al. [11] did. The patients included and the
enrolment setting correspond to the question of the review. The test
results in the study were interpreted without knowing the actual results
as the images subjected to the AI models had not been previously
administered for training. The reference standard was relatively

adequate to correctly classify the target condition as although a large
number of patients were considered this may be a small number to
represent the multitude of clinical conditions as in the three studies 80 %
of the datasets were used for training and 20 % for analysis. Finally, all
patients received practically the same reference standard as Al was
trained in the same way, see Table 3.
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Table 3
Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) classification.

@ Low risk @ High risk r) Unclear risk.
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Study Risk of bias

Applicability Concerns

Patient selection Index test Reference standard

Flow and timing Patient selection Index test Reference standard

Eroglu et al. 2022 ? @ ?

Eroglu et al. 2023 ?

: © ?
© © ?

Ayral et al. 2023

©
©
©

©
©
©

©
©
©

©
©
©

3.4. Description of the datasets and performance metrics

The meta-analysis evaluated the performance of three different
artificial intelligence models (MobilenetV2, Densenet201 and Resnet50)
in detecting cholesteatoma from CT images (Fig. 2). The analysis
included several studies with varying sample sizes and performance
metrics.

MobilenetV2 demonstrated a mean sensitivity of 0.8933 with a 95 %
confidence interval (CI) between 0.84 and 0.94. The mean specificity
was 0.9184 with a 95 % CI between 0.89 and 0.95. The mean precision
was 0.7842 with a 95 % CI between 0.75 and 0.82, while the mean
accuracy was 0.9083 with a 95 % CI between 0.88 and 0.94.

Densenet201 showed a mean sensitivity of 0.9073 with a 95 % CI
between 0.88 and 0.93. The mean specificity was 0.9410 with a 95 % CI
between 0.92 and 0.96. The mean precision was 0.8844 with a 95 % CI
between 0.87 and 0.90, while the mean accuracy was 0.9312 with a 95
% CI between 0.92 and 0.94.

Resnet50 recorded a mean sensitivity of 0.8573 with a 95 % CI be-
tween 0.82 and 0.89. The mean specificity was 0.9398 with a 95 % CI
between 0.91 and 0.96. The mean precision was 0.8890 with a 95 % CI
between 0.86 and 0.92, while the mean accuracy was 0.9285 with a 95
% CI between 0.90 and 0.95. These results are summarised in Table 4.

The Diagnostic Odds Ratio DOR provides a measure of the effec-
tiveness of a diagnostic test. The calculated values were as follows:
MobilenetV2: 15.20, Densenet201: 29.53, Resnet50: 25.38.

The Area Under the Curve (AUC) measures the overall ability of the
model to distinguish between positive and negative classes (Fig. 3). The
calculated values were for MobilenetV2 of 0.90, for Densenet201 of 0.93
and for Resnet50 of 0.92.

Heterogeneity (I2) measures the variability between studies. The
total heterogeneity between all studies combined is relatively low, with
a Higgins' I2 of 11.81 %, suggesting moderate consistency between

MobileNet-V2

Study TP FP FN

Ayral etal. 2023 16 2 4 38 0.80[0.56,0.94]

Erogluetal. 2023 107 10 32 306 0.77 [0.68, 0.84]
Densenet201

Study TP FP FN TN

Erogluetal. 2022 184 33 16 386 0.92[0.87, 0.95]
Erogluetal. 2023 123 10 16 306  0.88 [0.582, 0.93]
Resnet50

Study TP FP FN TN

Ayraletal. 2023 18 2 2 38 0.890[0.68,0.99]
Erogluetal. 2023 118 16 21 300  0.85 [0.78, 0.90]

TN Sensitivity (95% CI) Specificity (95% CI) Sensitivity (95% CI)

Sensitivity (95% C1) Specificity (95% CI) Sensitivity (95% CI)

Sensitivity (95% CI) Specificity (95% CI) Sensitivity (95% CI)

studies.
Statistical analysis showed no significant differences between the
three models analysed, as p values >0.05 was obtained for all of them.

4. Discussion

The incorporation of artificial intelligence in otologic diagnostics,
particularly for the detection and differentiation of cholesteatoma,
represents a notable leap forward in precision medicine. The studies
integrated into this meta-analysis have elucidated various aspects of AI's
capabilities, bringing to light both the technology's strengths and areas
for further refinement. The MobileNet architecture, developed by
Howard et al. in 2017 [12], is designed to efficiently process smaller
datasets. Instead of using standard convolution, it employs the depth-
wise separable convolution method, which allows for feature extraction
with significantly fewer parameters than conventional convolution.
Subsequent updates in 2019 further aimed to enhance the model's speed
and efficiency [13]. The ResNet model, developed by He et al. in 2015
[14], won the ILSVRC ImageNet competition that year. Its distinguish-
ing feature is a deeper structure compared to previous models. ILSVRC
achieved a 3.6 % error rate in 2015 and was one of the first algorithms to
utilize batch normalization. The DenseNet201 architecture, developed
by Huang et al., is conceptually similar to the ResNet model [15].
However, rather than being added to other layers, the resulting activa-
tion functions are only combined. This allows the original data to be
maintained throughout all layers, along with activations from earlier
layers. The shorter connections between layers near the input and
output are claimed to make this model denser and more effective.

Studies analysed in this review, including Eroglu et al., have set a
precedent in displaying the reliable and superior performance of Al Al
algorithms excel in distinguishing the nuanced differences within the
middle ear's anatomy, outperforming traditional methods that often rely

Specificity (95% CI)
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Fig. 2. Studies grouped for software analysis on specificity and sensitivity. The figure shows high levels of specificity and sensitivity. True positive (TP), False

negative (FN), False positive (FP), True negative (TN), Artificial intelligence (AI).
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Table 4

Mean value of sensibility, specificity, precision and accuracy of the different AI models. Confidence interval 95 % (CI).
Al model Sensibility CI Specificity CI Precision CI Accuracy CI
Densenet201 0.9073 (0.88, 0.93) 0.9410 (0.92, 0.96) 0.8844 (0.87, 0.90) 0.9312 (0.92,0.94)
MobilenetV2 0.8933 (0.84, 0.94) 0.9184 (0.89, 0.95) 0.7842 (0.75, 0.82) 0.9083 (0.88, 0.94)
Resnet50 0.8573 (0.82, 0.89) 0.9398 (0.91, 0.96) 0.8890 (0.86, 0.92) 0.9285 (0.90, 0.95)

0.2+ .

0.1+ e

05 08 07 08 05 04 03 02 01
Spectfichty (95% CD

Legend
|6 MobileNet-vV2 <> Densenet201 [ ResnetS0

Fig. 3. Summary Receiver Operating Characteristic (ROC) Plot of tests: 1
MobileNet-V2, 2 Densenet201, 3 Resnet50.

heavily on the subjective analysis of radiologists [9]. The use of light-
weight neural network models such as MobileNetV2, first mentioned in
the study of Takahashi et al. [16], demonstrates an essential step for-
ward in managing and utilizing computational resources effectively.

Al algorithms, notably those based on deep learning, such as con-
volutional neural networks, have proven effective in distinguishing
cholesteatoma from other middle ear conditions. For instance Su et al.
[17] showcased impressive diagnostic performance metrics, with pre-
cision, recall, and F1 scores reaching as high as 96.5 %, 96.4 %, and
0.964, respectively, in the developed model. These metrics suggest that
such Al models can identify cholesteatoma with a high degree of accu-
racy. Unfortunately, this article was in Chinese and the available data
was only from the abstract so it was not included in the meta-analysis.

Furthermore, Ayral et al. [11] further substantiates these findings,
offering classification performances of 93.33 % with ResNet50 and
86.67 % with MobileNetV2. The use of transfer learning, as discussed in
the study, highlights the ability to use pre-trained models adapted for
the specific task of cholesteatoma classification, which may reduce the
training time and computational resources required.

The comparative description of Al's diagnostic performance against
gold-standard MRI, featured in studies such as Eroglu et al. [10],
showcases the intricate balance between two advanced imaging mo-
dalities enriched further by Al application. Although CT is preferred for
its high spatial resolution in depicting the bony structures of the middle
ear, MRI might excel in soft tissue differentiation, indicating the com-
plementary nature of the two modalities enhanced by Al algorithms.

Takahashi et al. saw also how the Al model (MobileNetV2) was able
to distinguish a pars flaccida cholesteatoma with or without extension
into the mastoid with a maximum accuracy of 81.14 % (sensitivity =

84.95 %, specificity = 77.33 %) [16]. Wang et al. showed that when the
model (Inception-V2),had to distinguish between the presence of
chronic otitis media and the normal condition, its accuracy in the test
dataset was similar to that of the clinical experts [18].

The analysis conducted on the performance metrics of Sensitivity,
Specificity, Accuracy and Precision revealed no statistically significant
differences between the three AI models considered (MobilenetV2,
Densenet201 and Resnet50). Densenet 501 would seem to tend to
perform better, but this difference was not evident in the statistics. This
suggests that, based on the data provided, the performance of the three
Al models in the detection of cholesteatoma is comparable. These results
indicate that although each model exhibits slight variations in perfor-
mance metrics, there is insufficient evidence to state that one of the
models is significantly better than the others in identifying choles-
teatoma. In any cases, the values obtained are high and therefore
promise considerable potential for future clinical applications. Espe-
cially when considering that CT has been seen to have a sensitivity and
specificity of around 70 % for the diagnosis of cholesteatoma when
analysed in the conventional way [19]. In the case of post-operative
cholesteatoma, these values drop to 42.9 % sensitivity and 48.3 %
specificity [20].

Moreover, this analysis reveals the effectiveness of deep neural net-
works and the role of model architecture in influencing diagnostic ac-
curacy. The high accuracy rates obtained highlight that sophisticated
models like the hybrid model combining aspects of different pre-trained
networks can yield diagnostic consistencies surpassing traditional
methods. However, the potential for overfitting to specific dataset
characteristics remains a concern that necessitates cautious interpreta-
tion of these results. In fact a common limitation across the studies, such
as the small sample size can contribute to model overfitting. As such, the
high precision of diagnosis observed in controlled studies may not
necessarily reflect real-world performance.

Additionally, implementing Al in clinical practice raises questions of
algorithmic transparency and ethical usage. While Al can aid in stan-
dardizing diagnoses, the “black box™ nature of many algorithms can be a
barrier to clinician trust and acceptance. There are concerns about how
the training data is curated and the possibility of it carrying inherent
biases, which might skew the AI's learning process.

The integration of Al in the diagnostic workflow has the potential to
act as a decision-support tool, aiding clinicians in the early and accurate
detection of cholesteatoma. This enhanced diagnostic capability can
lead to timely interventions, potentially decreasing the incidence of
complications such as hearing loss, dizziness, and facial muscle paralysis
associated with the condition.

Notwithstanding the promising results, challenges remain regarding
the generalizability of the AI models. Most studies, including those
highlighted in the review, often involve datasets that may not be
representative of the broader, more heterogeneous patient population
encountered in clinical practice. It is vital for future research to address
this limitation by validating these Al models across diverse demographic
groups and healthcare settings.

5. Limitations

Despite the promising results, our study has several limitations. The
sample size was relatively small, and all included studies were con-
ducted in Turkey, which may limit the generalizability of the findings to
other populations. Furthermore, the retrospective nature of the included
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studies might introduce biases related to patient selection and data
collection. The potential for overfitting in Al models due to small sample
sizes is another concern that warrants cautious interpretation of the
results.

6. Conclusion

In conclusion, the incorporation of artificial intelligence into oto-
logical diagnostic processes, with particular reference to cholesteatoma
detection, represents a significant advancement in the field of precision
medicine. The results from the meta-analysis and review highlight the
potential of artificial intelligence algorithms in improving the accuracy
and efficiency of cholesteatoma diagnosis, resulting in improved patient
care and clinical outcomes. However, it is essential to address the
challenges associated with the generalisation of artificial intelligence
models and ethical use considerations. Therefore, it is imperative that
future research validate such models on a wide range of patient pop-
ulations and healthcare settings in order to ensure their reliability and
applicability in clinical practice. In summary, although the potential of
artificial intelligence in the diagnosis of cholesteatoma is promising,
further study and validation is needed to fully exploit its capabilities and
ensure ethical and unbiased implementation in the healthcare setting.
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