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A B S T R A C T

Background: Artificial Intelligence (AI) and machine learning (ML) have transformative potential in enhancing 
diagnostics, treatment planning, and patient management. However, their application in pediatric otolaryn
gology remains limited as the unique physiological and developmental characteristics of children require tailored 
AI applications, highlighting a gap in knowledge.
Purpose: To provide a narrative review of current literature on the application of AI in pediatric otolaryngology, 
highlighting knowledge gaps, associated challenges and future directions.
Results: ML models have demonstrated efficacy in diagnosing conditions such as otitis media, adenoid hyper
trophy, and pediatric obstructive sleep apnea through deep learning-based image analysis and predictive 
modeling. AI systems also show potential in surgical settings such as landmark identification during otologic 
surgery and prediction of middle ear effusion during tympanostomy tube placement. Telemedicine solutions and 
large language models have shown potential to improve accessibility to care and patient education. The principal 
challenges include flawed generalization of adult training data and the relative lack of pediatric data.
Conclusions: AI holds significant promise in pediatric otolaryngology. However, its widespread clinical integra
tion requires addressing algorithmic bias, enhancing model interpretability, and ensuring robust validation 
across pediatric population. Future research should prioritize federated learning, developmental trajectory 
modeling, and psychosocial integration to create patient-centered solutions.

1. Introduction

Artificial intelligence (AI) broadly refers to algorithms capable of 
performing typical human tasks such as decision-making, pattern 
recognition, and problem-solving. Machine learning (ML), a subset of AI, 
enables computers to learn from data and improve their performance 
over time without explicit programming (Fig. 1). Deep learning (DL), a 
subset of ML, utilizes artificial neural networks inspired by the human 
brain. These networks consist of multiple layers of interconnected nodes 
that process data hierarchically, allowing them to detect complex pat
terns within large datasets [1,2]. DL has been transformative in medical 
applications, excelling in tasks such as medical image analysis, natural 
language processing, and predictive analytics [3]. Clinical machine 
learning frameworks systematically process multiple data modalities 

through a series of analytical stages to extract relevant features from the 
data to predict health outcomes (Fig. 2).

Over the past decade, pediatric otolaryngology has experienced a 
shift toward data-informed decision-making. Modern healthcare envi
ronments generate extensive clinical data, ranging from digital otoscopy 
images and polysomnography results to electronic health records. This 
vast output offers an opportunity to discover patterns not readily 
discernible through conventional approaches such as statistical 
learning. In pediatric otolaryngology, conditions such as otitis media 
and obstructive sleep apnea (OSA) present significant unresolved het
erogeneity. Therefore, ML holds significant promise in supporting pre
cision medicine.

Despite the growing number of AI-based studies in general otolar
yngology, pediatric applications remain relatively scarce. Much of the 

This article is part of a special issue entitled: SENTAC published in International Journal of Pediatric Otorhinolaryngology.
* Corresponding author. Department of Otorhinolaryngology—Head and Neck Surgery, 16 S. Eutaw Street, Suite 500 Baltimore, MD, 21201, USA.

E-mail address: AIsaiah@som.umaryland.edu (A. Isaiah). 

Contents lists available at ScienceDirect

International Journal of Pediatric Otorhinolaryngology

journal homepage: www.elsevier.com/locate/ijporl

https://doi.org/10.1016/j.ijporl.2025.112369
Received 10 March 2025; Accepted 28 April 2025  

International Journal of Pediatric Otorhinolaryngology 194 (2025) 112369 

Available online 4 May 2025 
0165-5876/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by- 
nc-nd/4.0/ ). 

https://orcid.org/0000-0003-3064-6964
https://orcid.org/0000-0003-3064-6964
mailto:AIsaiah@som.umaryland.edu
www.sciencedirect.com/science/journal/01655876
https://www.elsevier.com/locate/ijporl
https://doi.org/10.1016/j.ijporl.2025.112369
https://doi.org/10.1016/j.ijporl.2025.112369
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


existing literature is based on adult patient populations, such as diag
nostic algorithms for head and neck cancers [4] or predictive models for 
postoperative complications [5], which do not translate directly to 
children. The inherent physiological and developmental differences in 
children require adaptation of existing AI approaches and, in many 
cases, the creation of entirely new ML methods [6]. Furthermore, 
limited pediatric datasets and ethical concerns regarding the collection 
and use of children’s medical data underscore the critical need for 
structured, integrative reviews of AI applications.

In response to these knowledge gaps, this review aims to evaluate 
key AI and ML contributions to pediatric otolaryngology, identifying 
areas where these algorithms have influenced clinical workflows and 
highlighting persistent limitations. We emphasize the technical un
derpinnings of ML solutions and the real-world demonstrations of AI in 
children, addressing concerns such as interpretability of complex models 
and data quality. We also seek to illuminate future opportunities for 
translational research, ensuring that emerging computational methods 
align with ethical standards. Ultimately, this review endeavors to offer 
both a critical synthesis of contemporary findings and a forward-looking 
perspective on the next wave of AI-driven innovations.

2. Model evaluation and outcome measures

Evaluating the performance of AI systems in pediatric otolaryn
gology requires rigorous assessment frameworks appropriate for clinical 
context and implementation. A summary of key metrics used to assess 
these models is outlined in Table 1. Classification tasks, such as presence 
or absence of pathology, involve categorical outcomes [7]. A confusion 
matrix is a tabular visualization that summarizes the performance of a 
classification model by showing the counts of true positives, false posi
tives, true negatives, and false negatives. True positives and true nega
tives, more commonly known as sensitivity and specificity, measure the 
AI system’s ability to correctly identify patients with the pathology from 
those without. In addition to the metrics derived from the confusion 
matrix, balanced accuracy provides a more representative measure of 
performance because standard accuracy can be misleading when disease 
conditions have low prevalence. Lastly, the area under the receiver 
operating characteristic curve evaluates classification performance 
across various threshold settings and offers an overview of the tradeoff 
between sensitivity and specificity. Higher values indicate better 
discrimination.

While not commonly used for traditional classification tasks, the Dice 
score is a metric essential for clinical image segmentation tasks. Dice 
score is a similarity coefficient that assesses the overlap between pre
dicted regions and ground truth regions, ranging from 0 (no overlap) to 
1 (perfect overlap) [8].

For models predicting continuous variables, different metrics apply 
for measures of predictive accuracy. The mean absolute error and the 
root mean squared error quantify the average magnitude of prediction 
errors with the latter penalizing performance by the magnitude of er
rors. R2 values quantify how an AI model’s predictions fit the actual 
values, with values ranging from 0 to 1, where 1 indicates that the model 
perfectly explains all the variability in the outcome data. Correlation 
metrics such as Pearson’s or Spearman’s coefficients [9] measure the 
strength of association between predicted and actual values.

Despite advances in AI-driven diagnostics, several challenges 
remain. Overfitting, where models perform well on training data but fail 
to generalize to new patients can be challenging where large, diverse 
datasets are unavailable [10]. Two techniques are implemented to 
detect and mitigate overfitting: cross-validation, where existing data is 
partitioned into subsets and evaluated on how it performs on unseen 
data, and external validation, which evaluates performance using new 
data that was not used during the model’s development. An additional 
challenge is that many high-performing DL models operate as “black 
boxes,” where the decision-making process remains opaque. The 
inability to determine which features most strongly influence model 
predictions limits clinical interpretability and hinders clinicians’ trust in 
incorporating AI recommendations into their decision-making. To 
address these issues, model interpretability techniques such as Local 
Interpretable Model-agnostic Explanations (LIME) [11] and SHapley 
Additive Explanations (SHAP) [12] can be employed. LIME provides 
instance-based explanations by approximating a model’s behavior using 
simpler surrogate models, while SHAP quantifies the contribution of 
individual features to a model’s predictions.

3. Clinical applications

3.1. Diagnostic support systems

AI can enhance diagnostic accuracy in conditions such as otitis 
media, adenoid hypertrophy, and OSA. Several DL-based approaches, 
specifically computer vision methods, have demonstrated superior 

Fig. 1. Hierarchical overview of major machine learning paradigms. Supervised Learning operates on fully labeled data, typically for classification (predicting 
discrete labels) or regression (predicting continuous values). Semi-Supervised learning incorporates a small portion of labeled data alongside unlabeled data - often 
with pseudo-labeling - to improve model training. Unsupervised Learning relies on unlabeled data to uncover patterns, exemplified by clustering (grouping similar 
points) and dimensionality reduction (compressing features while retaining core information). Finally, Reinforcement Learning optimizes an agent’s actions in an 
environment through reward signals to guide sequential decision-making.
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performance in identifying and classifying these conditions.
For otitis media, traditional diagnostic accuracy hovers around 80 % 

even among experienced physicians [13]. Differentiating acute otitis 
media (AOM) from otitis media with effusion (OME) is particularly 
challenging [14]. This complexity presents opportunities for AI to sup
port the diagnostic process by identifying smaller but consistent differ
ences. Various DL models analyzed otoscopic tympanic membrane 
images using convolutional neural networks (CNNs), a framework that 
extracts features like shapes and textures from raw pixel data to recog
nize objects. CNNs have been particularly effective in distinguishing 
between AOM, OME, and normal ears with an accuracy exceeding >90 
% [13,15–19]. Alternatively, recurrent neural networks (RNNs) are ar
chitectures that can “remember” information from previous inputs and 
makes predictions based on what it has seen before. Beyond static image 
analysis, RNNs have been applied to smartphone video-based otoscopy, 
to identify tympanic membrane features associated with acute otitis 
media (Fig. 3) [20]. Sundgaard et al. (2022) used wideband tympan
ometry measurements for a CNN-driven algorithm to differentiate be
tween AOM and OME [21]. These measurements provide a broader 
range of frequencies, translating into more model features. Similarly, 
Binol et al. (2020) successfully fused digital otoscopy videos with tym
panometry data to improve the diagnosis of OME [22].

DL models utilizing CNNs have been shown to achieve accuracies 
similar to well-experienced radiologists to assess adenoid size and its 
impact on airway obstruction, specifically with lateral cephalometry 
and plain neck films [23,24].

OSA, characterized by recurrent episodes of upper airway collapse 
during sleep, affects up to 5 % of children and is associated with 

behavioral dysregulation and cognitive deficits [25]. Polysomnography 
is the standard for OSA diagnosis and severity stratification. However, it 
is costly, burdensome for children and not easily accessible [26]. To 
improve the OSA diagnostic process, several ML models have been 
employed to develop alternative diagnostic approaches using clinical 
features, non-invasive biosignals, and imaging data. Linear discriminant 
analysis, a classical machine learning method, can find linear combi
nations of features to classify OSA severity. Specifically, it uses 
non-nocturnal and non-medical patient data such as anatomical mea
surements, patient history, and other tools like the Pediatric Sleep 
Questionnaire [27]. Although the accuracies for these models ranged 
between 60 and 75 %, this model is the first step for automated OSA 
diagnoses for children. Alternatively, Wang et al. (2021) developed a 
model to automate sleep stage classification from electroencephalog
raphy [28]. As sleep-stage analysis is the most labor-intensive aspect of 
polysomnography, automation can reduce the wait times. Levy et al. 
(2023) developed a CNN-based algorithm, OxiNet, utilizing 
single-channel oximetry data to predict OSA [29]. Although they pri
marily focused on adults with some pediatric data, OxiNet predicted 
>99 % of moderate-to-severe OSA patients, compared to 21 % for the 
best benchmark.

Conversely, other studies have utilized polysomnography data to 
automate OSA diagnosis, differentiate between obstruction sites, and 
detect apneic events in real-time. A multi-layer perceptron model, which 
is a fully connected artificial neural network, achieved high accuracy in 
diagnosing moderate-to-severe OSA. Importantly, this model used only 
single-channel nocturnal oximetry, without incorporating clinical vari
ables [30]. Crowson et al. (2023) applied a CNN-based model to nasal 

Fig. 2. Workflow for developing predictive health models from multimodal data sources. Genomic, clinical note, imaging, and physiological datasets are first 
curated and integrated into a clinical database. Relevant features are then extracted for input to the model training process. Next, model optimization (e.g., 
hyperparameter tuning, validation) refines the model’s performance. Finally, the trained model delivers predicted health outcomes, assisting in clinical decision- 
making and patient care. https://BioRender.com
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pressure measurements obtained during polysomnography to identify 
specific breathing events to predict the site of obstruction [31]. Lastly, 
algorithms have been developed to predict adenoid hypertrophy from 
nasopharyngoscopy images with polysomnography severity [32].

3.2. Procedural assistance

DL algorithms can facilitate preoperative planning, intraoperative 
support, and surgical decision making. Endoscopic surgery is suitable for 
computer vision and CNN research [33]. Otologic surgery requires ac
curate identification of anatomical landmarks in a small space. Prior 
studies have investigated the use of automatic segmentation of clinical 
images for landmark identification. For instance, Mask R-CNN model 
can detect and segment the internal auditory canal [34] with Dice 
similarity coefficients in the 90s.

In the surgical setting, Crowson et al. (2021) trained a ML model 
designed to predict the presence of OME based on the appearance of the 
tympanic membrane during tympanostomy tube placement [35]. This 
solution is particularly valuable for challenges clinicians face in visually 
assessing the tympanic membrane for effusion in the outpatient setting. 
Additionally, this tool aims to improve intraoperative decision-making, 
ensuring that effusions are accurately identified and appropriately 
managed in real-time.

3.3. Telemedicine and remote care

The integration of AI into remote monitoring has the potential to 
detect conditions earlier, improve accessibility to care [36]. Tools 
leveraging DL can facilitate remote diagnosis for common conditions 
such as OME and OSA.

AI-powered smartphone otoscopes detect OME based on CNN algo
rithm via images from a smartphone-enabled otoscope, which could 

avoid the need for an in-person evaluation [37]. This home-based 
application has the potential to reduce unnecessary clinic visits and 
expedite treatment. Similarly, a study developed a tele-otoscope 
equipped with Wi-Fi transmission, which is coupled with a 
cloud-based automatic OME diagnostic algorithm [38]. In addition to 
OME monitoring, DL models can monitor tympanostomy tubes over 
time, enabling parents to use a smartphone at home to check tympa
nostomy tube position [39].

3.4. Patient education

Large language models (LLMs), like ChatGPT, are advanced AI sys
tems that can understand and generate human-like text. These models 
have shown promise in several areas relevant to daily practice: 
streamlining clinical documentation, providing rapid literature sum
maries for clinical questions, and generating customized patient edu
cation materials [40,41]. AI-generated educational content needs to be 
assessed for ts accuracy, readability, and potential as a supplement to 
traditional physician counseling.

Jongbloed and Grover (2024) evaluated ChatGPT’s responses to 
common questions and compared them with existing online resources. 
The study found that ChatGPT often provided responses with equal 
validity, and higher readability and comprehensiveness than many 
traditional websites, though intermittent inaccuracies highlighted the 
need for human oversight [42]. Similarly, another study investigated 
ChatGPT’s ability to simplify patient education materials. The findings 
suggested that AI could enhance accessibility by tailoring information to 
different literacy levels [43].

Beyond general information retrieval, AI has potential to be a virtual 
parent advisor for common procedures like tonsillectomies and tympa
nostomy tube insertions [44,45]. These studies have tested whether 
ChatGPT could provide parents with accurate and practical guidance 
about these surgeries. While AI-generated responses were generally 
informative, they lacked the individualized recommendations that 
physicians provide. These findings underscore ChatGPT’s potential as an 
adjunctive tool for patient education while reinforcing the necessity of 
clinician oversight in ensuring context-specific medical advice.

4. Future directions

Given the applications described above, AI’s full potential remains 
largely untapped. Emerging technological advancements combined with 
increasing availability of clinical data present new opportunities to 
enhance clinical decision-making and patient care. The following sec
tions explore key areas where AI can further improve the field, shaping 
more personalized, and effective care for children.

4.1. Developmental trajectory modeling in clinical practice

Developmental trajectory models from temporally oriented data can 
identify subtle patterns and trajectories that elude traditional clinical 
observations. Prior research indicates that these frameworks can be 
particularly valuable in tracking the progression of chronic conditions 
such as hearing loss, vestibular disorders, and laryngeal pathologies [18,
19,46]. The integration of multiple data streams, including audiometric 
measurements, imaging studies, and clinical observations, allows for 
more comprehensive prediction models that account for the complex 
interplay of various physiological parameters.

4.2. Collaborative platforms and data sharing initiatives

Federated learning offers a practical solution to developing robust 
clinical AI systems while maintaining patient privacy and data security 
[47]. This approach allows hospitals to collaborate on AI development 
without sharing identifiable patient data, a crucial consideration for 
maintaining patient privacy.

Table 1 
Summary of AI performance metrics. This table outlines key evaluation 
metrics used to assess AI models in pediatric otolaryngology, including classi
fication, segmentation, and regression tasks. Classification metrics, such as 
sensitivity, specificity, and AUC-ROC, evaluate the model’s ability to distinguish 
between disease and non-disease states. The Dice score quantifies segmentation 
accuracy for medical imaging applications. Regression metrics, including MAE, 
RMSE, and R2, all measure the accuracy of AI models predicting continuous 
variables.

Evaluation 
Type

Metric Significance

Classification Sensitivity (True Positive 
Rate)

Ability to correctly identify 
patients with the pathology.

Specificity (True Negative 
Rate)

Ability to correctly identify 
patients without the pathology.

Positive Predictive Value 
(PPV)

Probability that a positive test 
truly indicates disease.

Negative Predictive Value 
(NPV)

Probability that a negative test 
truly rules out disease.

Balanced Accuracy Adjusted measure of accuracy for 
imbalanced datasets.

Area Under the Receiver 
Operating Characteristic 
Curve (AUC-ROC)

Evaluates model performance 
across different thresholds; 
higher values indicate better 
discrimination ability.

Segmentation DICE Coefficient Measures overlap between 
predicted and actual segmented 
regions in medical images.

Prediction Mean Absolute Error (MAE) Measures the average magnitude 
of prediction errors.

Root Mean Squared Error 
(RMSE)

Similar to MAE but penalizes 
larger errors more heavily.

R2 (Coefficient of 
Determination)

Indicates how well predictions 
explain variance in actual values.

Correlation Coefficients 
(Pearson, Spearman)

Measures strength of association 
between predicted and actual 
values.
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Where individual institutions might see fewer cases of congenital 
malformations or unusual airway masses, federated learning facilitates 
the development of AI diagnostic tools trained using data from multiple 
centers while keeping sensitive patient information secure.

Research in other clinical domains such as radiology [48,49] and 
pathology [50] has highlighted practical considerations for departments 
participating in federated learning initiatives. Radiology-based feder
ated learning deals with standardized image protocols, labeling con
ventions, and metadata to enable multiple sites to share imaging data 
without compromising patient privacy. In pathology, a similar approach 
is taken for digitized whole-slide images, ensuring consistent docu
mentation of staining processes, slide scanning resolutions, and anno
tations across institutions. Institutions often use varying terminology 
and documentation practices, which requires standardization before any 
meaningful analysis. Laryngology studies, for instance, have benefited 
from the establishment of standard protocols for voice recording and 
analysis across participating sites.

4.3. Behavioral AI and psychosocial integration

The incorporation of psychosocial factors into AI models represents a 
critical evolution in making AI models more unbiased and accurate. 
Traditional AI systems have primarily focused on physiological and 
anatomical parameters without considering the importance of incorpo
rating behavioral and psychological factors [51,52]. By analyzing 

natural language data from clinical notes, patient-reported outcomes, 
and social determinants of health, more nuanced models could predict 
patient outcomes better.

4.4. Large language models in clinical practice

In the clinic, LLMs can assist with tasks such as automatically 
generating initial draft notes from patient encounters, summarizing 
complex cases for tumor boards, and providing quick references to 
current treatment guidelines. This capability has proven particularly 
valuable during busy clinic sessions where rapid access to information 
can enhance decision-making efficiency.

However, clinicians must be aware of limitations. Most critically, 
these models can produce “hallucinations,” which are convincingly 
written but incorrect information that could impact patient care if not 
properly verified. These limitations necessitate verification of all LLM 
outputs by clinicians before clinical application. This multi-step verifi
cation process is essential for maintaining the safety and quality of pa
tient care while leveraging the benefits of LLM technology.

The implementation of LLMs in clinical practice requires several 
critical safeguards. Real-time fact-checking against current medical 
guidelines is a fundamental safety measure, while uncertainty quanti
fication methods help clinicians assess the reliability of model outputs. 
By integrating domain-specific knowledge constraints we see significant 
improvements in accuracy of recommendations. Regular performance 

Fig. 3. Deep learning framework for otitis media detection from otoscopic Images. A comprehensive pipeline for automated ear disease diagnosis showing the 
workflow from otoscopy image acquisition through neural network processing (incorporating either Recurrent Neural Networks and Convolutional Neural Networks) 
to classification of tympanic membranes as either Normal or Otitis Media with Effusion (OME). The lower panel illustrates the automated features extracted by the 
network, identified from the ear images, with the final classification supporting clinical decision-making.
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audits under specialist oversight ensure ongoing system reliability, 
while comprehensive documentation of model limitations helps estab
lish appropriate use cases in clinical settings.

4.5. Algorithmic bias

Algorithmic bias represents a significant challenge in generalizing AI 
performance. Understanding and addressing these biases has become a 
central consideration in the development and deployment of AI tools for 
clinical practice.

The sources of algorithmic bias are multifaceted and subtle [53]. 
Training data may underrepresent population subgroups, reducing 
model performance for them. This challenge is particularly evident in 
areas such as voice analysis, where existing datasets often lack sufficient 
representation in terms of age, dialect, and cultural variation. Similar 
concerns arise in facial analysis algorithms, where training data may not 
adequately represent the full spectrum of demographic variations in 
facial features and structures.

Clinical validation studies have revealed several critical areas where 
bias can impact patient care. AI systems trained predominantly on adult 
populations may not generalize to pediatric pathology [54]. Voice 
recognition algorithms may demonstrate varying performance across 
different accents and languages. Imaging analysis tools might show 
degraded performance across different skin tones or facial structures.

Mitigation strategies for algorithmic bias require a comprehensive 
approach integrating technical solutions with clinical oversight. Sys
tematic data collection efforts must prioritize demographic representa
tion across age groups, ethnicities, and anatomical variations. This 
includes targeted and more representative data collection and the 
development of specialized datasets that reflect the full spectrum of 
anatomical and physiological variation encountered in clinical practice. 
Regular audits of model performance across different demographic 
groups help refine algorithmic development.

The implementation of bias detection and correction mechanisms 
has evolved to include both pre-deployment testing and ongoing 
monitoring. Advanced statistical techniques help quantify performance 
differences across population subgroups, while adaptive algorithms can 
adjust for identified biases in real-time. Clinical validation protocols 
increasingly emphasize testing across populations, ensuring that per
formance metrics reflect real-world clinical scenarios.

Documentation and transparency regarding potential biases have 
become essential components of AI deployment. Clinical teams must be 
aware of limitations or performance variations across different patient 
groups, enabling appropriate adjustment of clinical protocols and 
decision-making processes. This transparency extends to patient 
communication, where understanding potential limitations helps inform 
shared decision-making.

Future directions in addressing algorithmic bias include the devel
opment of more sophisticated bias detection methods, improved tech
niques for dataset balancing, and the integration of fairness constraints 
into model training processes. Collaborative efforts across institutions to 
share more representative datasets while maintaining patient privacy 
will play a crucial role in developing more ’fair’ AI systems. The goal 
remains the creation of AI tools that provide consistent, high-quality 
support for clinical decision-making across all patient populations.

4.6. Interpretability and model transparency

Local Interpretable Model-agnostic Explanations (LIME) is a funda
mental tool for making AI decisions transparent and interpretable. LIME 
creates simplified, interpretable models that approximate the behavior 
of complex AI systems for individual predictions. This localized 
approach proves particularly valuable in clinical settings where under
standing the logic and rationale in diagnosis and management can 
improve patient care.

In practical terms, LIME generates explanations by perturbing the 

input data and observing how the model’s predictions change [11]. For 
instance, in the analysis of laryngoscopy images, LIME might slightly 
modify different image regions to determine which areas most strongly 
influence AI-based diagnosis. The resulting explanation typically high
lights specific regions or features that supported the model’s decision, 
presented in a way that aligns with clinical reasoning patterns. The 
proposed diagnostic pipeline (Fig. 4) enables clinicians to understand 
the relative importance of different symptoms through LIME explana
tions before making final clinical decisions.

The model-agnostic nature of LIME enables the explanation of pre
dictions from any AI model can provide essential flexibility across 
various clinical tasks. The technique’s focus on local fidelity supports 
individual predictions rather than attempting to explain entire model 
behavior, aligning well with clinical practice where understanding 
specific patient cases takes precedence. Furthermore, LIME transforms 
complex features into simpler, clinically meaningful representations, 
such as identifying frequency ranges in voice analysis or acoustic pa
rameters that influence AI assessments, presenting them in terms 
familiar to clinicians.

While LIME offers valuable insights, certain limitations warrant 
consideration in clinical applications. The technique may occasionally 
produce unstable explanations for complex cases, requiring validation. 
Additionally, the computational overhead of generating explanations 
must be managed to maintain clinical workflow efficiency. These limi
tations support clinical oversight.

5. Conclusions

Artificial Intelligence is poised to support pediatric otolaryngology 
by offering more precise diagnostics, individualized treatment strate
gies, and expanded opportunities for remote patient monitoring. The 
application of deep learning methods has already enhanced the detec
tion of common pediatric conditions such as OME and OSA with early 
clinical evaluations suggesting improved accuracy and efficiency. Yet, 
the path to widespread clinical integration remains contingent on 
mitigation of data shortage, ensuring robust model interpretability, and 
addressing algorithmic biases.

Emerging technologies such as federated learning and longitudinal 
predictive modeling offer promising approaches to map disease pro
gression patterns and personalize treatment. LLMs may streamline 
clinical documentation and patient education, provided they are 
deployed with rigorous oversight. Incorporating psychosocial di
mensions into AI-driven evaluations further underscores the promise of 
holistic approaches. Cross-disciplinary collaborations and regulatory 
guidelines will be essential to fortify ethical, transparent, and repro
ducible AI systems. Together, these measures ensure that the trans
formative promise of AI yields tangible, long-term benefits for children 
and their families.
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