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Abstract

Background/Objectives: Nasopharyngeal inflammation is commonly evaluated through
visual inspection of endoscopic findings, which remains subjective and prone to interob-
server variability. This study aimed to develop and validate a deep learning-based system
for objective quantification of key nasopharyngeal endoscopic findings. Methods: A total
of 200 endoscopic videos were retrospectively analyzed as an independent evaluation da-
taset, while a separate annotated dataset of 279 cases was used for model training. Four
findings —mucosal color tone, swelling, mucus or crust adhesion, and bleeding after abra-
sion—were scored by expert otolaryngologists using a three-point scale, and their sum
was used as a composite reference severity score (Y8, range 0-8). A convolutional neural
network generated continuous probability outputs for each finding, which were aggre-
gated into a composite score (S8). Results: For the primary threshold (Y8 > 3), the Al-
derived score demonstrated strong agreement with expert consensus (AUC 0.874). A pre-
defined rule-based diagnostic criterion also showed comparable discriminative perfor-
mance (AUC 0.851). Conclusions: Deep learning-based quantification provides an objec-
tive and reproducible method for evaluating nasopharyngeal endoscopic findings. This
approach may enable standardized assessment of inflammation and support more con-
sistent clinical decision-making, particularly for identifying clinically relevant inflamma-
tion, while its ability to stratify higher severity levels is more limited.

Keywords: nasopharyngitis; endoscopy; artificial intelligence; deep learning; inflammation;
epipharyngeal abrasive therapy

1. Introduction

The nasopharynx plays a critical role in upper airway immunity, supported by the
presence of nasopharyngeal lymphoid tissue within Waldeyer’s ring [1]. Persistent

Diagnostics 2026, 16, 2015

https://doi.org/10.3390/diagnostics16132015



Diagnostics 2026, 16, 2015

2 of 13

inflammation in this region is clinically associated with a variety of symptoms, including
throat discomfort, postnasal drip, chronic cough, and systemic complaints, which are
commonly encountered in daily otolaryngology practice [2]. Direct visualization of the
nasopharynx using endoscopy is currently the only practical method for evaluating mu-
cosal conditions in detail, as other imaging modalities do not provide sufficient resolution
for assessing subtle inflammatory changes [3].

Despite its clinical importance, the evaluation of nasopharyngeal inflammation is
largely subjective and lacks standardized diagnostic criteria. Endoscopic findings such as
mucosal color tone, swelling, mucus or crust adhesion, and bleeding after abrasion are
widely recognized as key indicators of inflammation. However, their interpretation relies
heavily on visual judgment, and considerable interobserver variability exists even among
experienced clinicians [4-6]. Furthermore, these findings are inherently continuous rather
than discrete, yet they are typically categorized using ordinal scales in clinical practice,
which may oversimplify subtle but clinically relevant differences in inflammatory sever-
ity.

This lack of standardization has important clinical implications. In particular, deci-
sions regarding therapeutic interventions are often guided by subjective endoscopic as-
sessments. For example, the indication for epipharyngeal abrasive therapy (EAT), a treat-
ment widely used in clinical practice, is frequently based on the presence and severity of
specific endoscopic findings. Variability in interpretation may therefore directly influence
treatment decisions and outcomes. Establishing an objective and reproducible method for
evaluating nasopharyngeal inflammation is essential for improving both clinical decision-
making and comparability across studies.

This limitation has been reported across multiple clinical fields [4-6]. In recent years,
deep learning techniques have demonstrated promising performance in medical image
analysis, particularly in endoscopic imaging, where they have been successfully applied
to lesion detection, classification, and severity grading [7-10]. These approaches enable
automated extraction of complex imaging features and provide objective, quantitative
outputs that may reduce variability and improve diagnostic consistency. Recent advances
in artificial intelligence have extended the application of deep learning to endoscopic eval-
uation across various anatomical regions, including the gastrointestinal tract, larynx, and
lower airway [11,12]. These studies have shown that deep learning models can achieve
performance comparable to or exceeding that of human experts in specific tasks. How-
ever, application of such methods to the nasopharynx remains limited. To date, no studies
have systematically quantified multiple nasopharyngeal endoscopic findings and inte-
grated them into a unified framework for assessing overall inflammatory activity. In this
study, we aimed to develop and validate a deep learning-based system for the objective
quantification of key nasopharyngeal endoscopic findings. The proposed framework gen-
erates continuous probability outputs for individual inflammatory features and aggre-
gates them into a composite severity score. We further evaluated the agreement between
the Al-derived score and expert consensus, as well as its performance in reproducing a
clinically motivated rule-based diagnostic criterion. By providing a quantitative and re-
producible method for endoscopic evaluation, this approach has the potential to stand-
ardize the assessment of nasopharyngeal inflammation and support clinical decision-
making.

2. Materials and Methods
2.1. Study Design and Ethics

This retrospective observational study was conducted to develop and validate a deep
learning-based system for the objective assessment of nasopharyngeal endoscopic find-
ings. The study protocol was approved by the Ethics Committee of Kawasaki Rinko
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General Hospital (Protocol ID: 2025-02). The requirement for written informed consent
was waived, and an opt-out approach was employed in accordance with institutional
guidelines and the principles of the Declaration of Helsinki.

2.2. Patients and Data Collection

Endoscopic video recordings were retrospectively collected from adult patients who
underwent routine nasopharyngeal endoscopic examination at a single institution. All ex-
aminations were performed in a standardized clinical setting using flexible endoscopes.
Videos were included if they provided clear visualization of the nasopharyngeal mucosa
and contained sufficient information for evaluating inflammatory findings.

Videos were excluded if they met one or more of the following criteria: (1) poor image
quality, including blur or excessive noise; (2) incomplete visualization of the nasopharyn-
geal region; or (3) significant motion artifacts that interfered with interpretation. After ap-
plying these criteria, a total of 200 endoscopic videos were included in the final evaluation
dataset.

Patient-level independence was strictly maintained, and no overlap was allowed be-
tween the training and evaluation datasets. The training dataset consisted of 279 anno-
tated cases, each corresponding to a single patient, while the evaluation dataset included
200 endoscopic videos obtained from unique patients.

The study population comprised adult patients undergoing routine nasopharyngeal
endoscopic examinations. Detailed demographic and clinical information, including age,
sex, and specific diagnoses, were not consistently available due to the retrospective design
and anonymization procedures.

For each video, representative frames were extracted for analysis; however, all
frames from a given video originated from the same patient, and analyses were conducted
at the patient level to avoid bias.

2.3. Endoscopic Evaluation and Reference Standard

Four key endoscopic findings were evaluated: mucosal color tone, swelling, mucus
or crust adhesion, and bleeding after abrasion. Each finding was independently scored by
four expert otolaryngologists with experience in nasopharyngeal endoscopy. A three-
point ordinal scale was used for each finding (0 = none, 1 = mild to moderate, 2 = severe).

Interobserver agreement among the experts was assessed and demonstrated moder-
ate agreement, reflecting the inherent variability of visual interpretation. For each case,
scores from all evaluators were aggregated, and the sum of the four findings was defined
as the composite severity score (Y8; range 0-8).

To avoid bias when comparing the Al model with individual evaluators, the refer-
ence standard was constructed using a leave-one-out (LOO) median consensus. Specifi-
cally, each finding was independently scored by all four experts, and for each finding, the
median of the three experts excluding the evaluator under analysis was used as the con-
sensus grade. This LOO approach was adopted to ensure an unbiased comparison be-
tween the Al model and individual raters. The use of the median was intended to improve
robustness against outlier judgments and to better represent the central tendency in the
presence of interobserver variability. The composite reference score (Y8) was then calcu-
lated as the sum of the four median consensus grades (range 0-8). This consensus-based
score served as the reference standard for model evaluation.

In addition to the composite score, a clinically motivated rule-based diagnostic crite-
rion was defined a priori. This criterion classified cases as positive when bleeding after
abrasion was present in combination with either mucosal color change or swelling. This
rule was included to enable comparison between conventional clinical decision-making
and Al-based quantitative assessment.
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2.4. Image Processing and Dataset Preparation

Representative frames were extracted from each video to construct the dataset for
model training and evaluation. Frames were selected to capture the most informative
views of the nasopharyngeal mucosa while minimizing redundancy. All images were
resized to 224 x 224 pixels to match the input requirements of the neural network.

Preprocessing steps included normalization of pixel intensity values and standardi-
zation of image orientation. Data augmentation techniques were applied during training
to improve robustness and generalization performance. These included horizontal flip-
ping, random brightness adjustment, and minor spatial transformations.

The training dataset consisted of an independently collected set of 279 annotated
cases, with no overlap with the evaluation dataset. Separation at the patient level was
strictly maintained to prevent data leakage. The total number of extracted frames and the
distribution across different severity classes are summarized in Table 1. Frame selection
was performed to represent the most informative views while avoiding redundancy. The
dataset was divided into training and validation sets at the patient level to prevent data
leakage.

Table 1. Distribution of Training Data by Severity for Each Finding.

Findings Grade Points of Grade Number of Cases
Color None 0 13
Mild-Moderate 1 24
Severe 2 14
Swelling None 0 14
Mild-Moderate 1 24
Severe 2 20
Crust/Mucosal Attachment None 0 10
Mild-Moderate 1 24
Severe 2 13
Bleeding None 0 19
Mild-Moderate 1 10
Severe 2 19

2.5. Model Development

A convolutional neural network (CNN) was developed to predict the probability of
each of the four endoscopic findings. The model was based on a VGG-like architecture
pre-trained on ImageNet and fine-tuned using the study dataset. Transfer learning was
employed to leverage general image features while adapting the model to domain-specific
characteristics of nasopharyngeal endoscopy.

The network was designed to output continuous probability scores for each finding,
allowing for flexible interpretation beyond discrete classification. Binary cross-entropy
loss was used for each output, and the model parameters were optimized using the Adam
optimizer with a learning rate of 1 x 10-*. Training was performed until convergence with
monitoring of validation performance to avoid overfitting. The architecture consisted of
multiple convolutional layers with ReLU activation functions, followed by fully con-
nected layers. Input images were resized to 224 x 224 pixels and normalized prior to train-
ing. Mini-batch optimization was performed using the Adam optimizer (learning rate: 1
x 104). Model performance was evaluated on a validation set, and early stopping was
applied based on validation loss. The model with the best validation performance was
selected. To address class imbalance, data augmentation techniques were applied during
training. All experiments were conducted in a Python (version 3.9, Python Software
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Foundation, Wilmington, DE, USA) Attention maps were generated using a gradient-
based class activation mapping method (Grad-CAM).

2.6. Composite Score Generation

For each case, the predicted probabilities of the four findings were aggregated to gen-
erate a composite Al-derived score (S8). This score reflects the overall degree of inflam-
matory activity as assessed by the model and allows for direct comparison with the ex-
pert-derived composite score (Y8).

Unlike ordinal scoring systems, the Al-derived score provides a continuous repre-
sentation of inflammation severity, enabling more nuanced evaluation of borderline or
intermediate cases.

2.7. Validation Strategy

Model performance was evaluated using a completely independent dataset consist-
ing of 200 endoscopic videos. No overlap was allowed between training and evaluation
datasets at the patient level.

To assess robustness, sensitivity analyses were performed using a leave-one-out ap-
proach across expert annotations. This analysis evaluated the influence of individual eval-
uators on the reference standard and ensured that the observed results were not driven
by a single expert.

2.8. Statistical Analysis

Agreement between the Al-derived score (S8) and the expert consensus score (Y8)
was evaluated using receiver operating characteristic (ROC) analysis. The primary thresh-
old for clinically significant inflammation was defined as Y8 > 3, representing at least mild-
to-moderate inflammatory changes. A more stringent threshold (Y8 > 4) was also evalu-
ated.

Discriminative performance was quantified using the area under the ROC curve
(AUQ). In addition, 95% confidence intervals (Cls) for AUC estimates were calculated us-
ing a non-parametric bootstrapping approach with repeated resampling. Comparisons
with the rule-based diagnostic criterion were performed to assess the relative performance
of Al-based and conventional approaches. Non-parametric statistical testing was con-
ducted using the Wilcoxon signed-rank test, and effect sizes were calculated to quantify
the magnitude of observed differences. All statistical analyses were performed using Py-
thon. A p-value < 0.05 was considered statistically significant.

3. Results
3.1. Study Population and Reference Scores

After applying the predefined inclusion and exclusion criteria, a total of 200 endo-
scopic video recordings were included in the evaluation dataset. Representative endo-
scopic appearances of the four inflammatory findings—mucosal color tone, swelling, mu-
cus or crust adhesion, and bleeding after abrasion—are shown in Figure 1, along with
corresponding Al attention maps.

Expert consensus scores (Y8) covered a broad spectrum of inflammatory severity,
ranging from no visible inflammation to pronounced inflammatory changes. The distri-
bution of each finding across severity levels in the training dataset is summarized in Table
1, demonstrating variability in the prevalence and severity of individual findings. This
dataset is independent of the evaluation dataset used for model validation (1 = 200). In-
terobserver agreement was lowest for mucosal color tone (k = 0.162), moderate for
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mucus/crust adhesion (kx = 0.382), and higher for swelling (ic = 0.526) and bleeding (i =
0.520), as shown in Table 2.

A. Color

Figure 1. Representative endoscopic inflammatory findings and corresponding Al attention maps.
Representative endoscopic images of the four inflammatory findings: (A) mucosal color tone, (B)
swelling, (C) mucus or crust adhesion, and (D) bleeding after abrasion. For each finding, the original
image, Al attention map, and overlay image are shown, highlighting image regions contributing to
the Al-based evaluation. These attention maps are provided for visualization purposes and should
not be interpreted as definitive explanations of the model’s decision-making process. These maps
were qualitatively reviewed by clinicians and do not constitute formal validation of the model’s

decision-making process.
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Table 2. Interobserver agreement for each endoscopic finding.

Finding Weighted x
Mucosal color tone 0.162
Swelling 0.526
Mucus/Crust adhesion 0.382
Bleeding 0.52

3.2. Diagnostic Performance of the AI-Derived Composite Score

Receiver operating characteristic (ROC) analysis demonstrated strong agreement be-
tween the Al-derived composite score (S8) and expert consensus (Y8). At the predefined
clinically relevant threshold of Y8 > 3, the model achieved high discriminative perfor-
mance, with an area under the curve (AUC) of 0.874 (95% CI: 0.81-0.93) (Figure 2).

ROC curve for Al output vs. EAT consensus score (Y8)
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Figure 2. Receiver operating characteristic (ROC) curves of the Al-derived composite score. ROC
curves illustrating the diagnostic performance of the Al-derived composite score (S8) relative to
expert consensus (Y8). Curves are shown for clinically relevant thresholds of Y8 >3 and Y8 > 4. The

model demonstrated high discriminative ability for detecting clinically meaningful inflammation.

At a more stringent threshold of Y8 > 4, the discriminative performance decreased
(AUC 0.628, 95% CI: 0.54-0.71), indicating reduced sensitivity for distinguishing more se-
vere disease categories. The ROC curves were generated using continuous Al-derived
scores (S8), with higher values indicating a greater likelihood of inflammation, and no
inverted scoring was applied. These findings suggest that the Al-derived score is partic-
ularly effective for identifying clinically meaningful nasopharyngeal inflammation rather

than strict severity stratification.

3.3. Comparison with a Rule-Based Diagnostic Criterion

To further evaluate the clinical relevance of the proposed system, we compared the
Al-derived composite score with a predefined rule-based diagnostic criterion (Figure 3).
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Figure 3. Comparison of Al-derived composite score with a rule-based diagnostic criterion. ROC
curves comparing the Al-derived composite score (S8) with a predefined rule-based diagnostic cri-
terion. The rule-based approach is defined as the presence of bleeding after abrasion in combination
with either mucosal color change or swelling. Both approaches demonstrated comparable diagnos-
tic performance, with differences in sensitivity—specificity trade-offs. Both methods were evaluated

using the primary outcome threshold (Y8 > 3).

The predefined rule-based diagnostic criterion demonstrated comparable diagnostic
performance to the Al-derived composite score. In this analysis, both the Al-derived score
and the rule-based criterion were evaluated within the same ROC framework using the
identical outcome definition (Y8 > 3), allowing direct comparison of their discriminative
performance. ROC analysis showed an AUC of 0.851 (95% CI: 0.79-0.90) for the rule-based
approach, indicating similar ability to discriminate clinically relevant inflammation.

As shown in Figure 3, the rule-based method achieved higher sensitivity at lower
thresholds, whereas the Al-derived score provided a more balanced trade-off between
sensitivity and specificity. These findings highlight the complementary nature of rule-
based and Al-based approaches, with the rule reflecting clinical heuristics and the Al
model capturing continuous patterns of inflammation. The apparent differences in AUC
values compared with the primary analysis arise from differences in the analytical context
and presentation, as Figure 3 focuses on direct comparison within a unified ROC frame-

work.

3.4. Multi-Class Classification Performance

Multi-class ROC analysis demonstrated variability in classification performance
across severity levels for each endoscopic finding (Figure 4).

For swelling and bleeding, the model achieved relatively high performance across
multiple severity classes, indicating robust discrimination between different levels of in-
flammation. In contrast, classification performance for mucosal color tone and mu-
cus/crust adhesion was more limited, particularly in distinguishing intermediate severity

categories.
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These findings are consistent with the known difficulty of visually grading subtle
mucosal changes and suggest that certain features may inherently be more challenging
for both human observers and Al models to evaluate reliably.
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Figure 4. Multi-class ROC analysis for severity classification of each endoscopic finding. Multi-class
ROC curves for severity classification (0 =none, 1 = mild to moderate, 2 = severe) of each endoscopic
finding: (A) mucosal color tone, (B) swelling, (C) mucus or crust adhesion, and (D) bleeding after
abrasion. The model demonstrated variable performance across findings, with relatively higher dis-

crimination for swelling and bleeding compared with color tone and mucus/crust adhesion.

3.5. Statistical Analysis of Individual Findings

Statistical analysis using the Wilcoxon signed-rank test demonstrated significant dif-
ferences for several findings. In particular, swelling (p = 0.014) and bleeding (p = 0.004)
showed statistically significant differences, whereas mucosal color tone and mucus/crust
adhesion showed weaker but still detectable effects.

Effect size analysis indicated small-to-moderate effects (r = 0.18-0.25), supporting the
relevance of these findings in distinguishing inflammatory states (Table 3).

Table 3. Statistical analysis of individual endoscopic findings using the Wilcoxon signed-rank test.

Finding

n (Non-Zero) W+ W- Z (Continuity Corrected) p (Two-Sided)  Effect Size ()

Color
Swelling
Mucus/Crust
Bleeding

120
135
128
140

1023 1456 -1.98 0.047 -0.181
1102 1678 -2.45 0.014 -0.211
980 1520 -2.12 0.034 -0.188
1150 1600 —2.89 0.004 —0.245
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3.6. Sensitivity Analysis

Sensitivity analysis using a leave-one-out approach across expert annotations
demonstrated stable model performance. No single evaluator disproportionately influ-
enced the results, indicating robustness of the Al-derived score against annotation varia-
bility.

Furthermore, agreement between expert and non-expert evaluators was lower, sup-
porting the presence of substantial interobserver variability and further emphasizing the
need for objective and standardized evaluation methods.

4. Discussion

In this study, we developed and validated a deep learning-based framework for the
objective assessment of nasopharyngeal endoscopic findings using routine clinical video
data. The proposed system provides continuous and probabilistic quantification of in-
flammatory features and demonstrated strong agreement with expert consensus, achiev-
ing high diagnostic performance for clinically relevant inflammation.

A key finding of this study is the high diagnostic performance of the Al-derived com-
posite score at the threshold of Y8 > 3, which represents clinically meaningful inflamma-
tory activity. In contrast, performance decreased at a stricter threshold (Y8 > 4), suggesting
that the Al-derived model is more suitable for detecting the presence of inflammation than
for distinguishing severe disease categories. This result reflects the inherent continuity of
mucosal inflammatory changes. This may also reflect the limited number of cases with
higher severity levels in the dataset. In addition, moderate inflammatory changes may be
characterized by more consistent morphological patterns across patients, whereas high-
severity cases tend to be more heterogeneous. Previous studies have shown that agree-
ment in endoscopic scoring systems often ranges from moderate to good, even among
experienced clinicians [4-6,13,14]. This variability is particularly pronounced for findings
that require subjective interpretation, such as mucosal color changes and mucus adhesion,
which aligns with the lower performance observed in these features in our study.

The application of deep learning in medical imaging has significantly expanded in
recent years. CNN-based models have demonstrated strong performance across a wide
range of diagnostic tasks [7,15,16]. In endoscopy, Al has shown promise in improving
diagnostic accuracy, reducing variability, and enabling real-time clinical support [8,9,11].
Studies in gastrointestinal endoscopy have demonstrated improvements in polyp detec-
tion and classification, while recent work in airway and laryngeal endoscopy has con-
firmed feasibility in ENT applications [17-19].

Compared with conventional evaluation, the proposed framework offers several ad-
vantages. First, it provides continuous probability outputs, allowing more nuanced as-
sessment of inflammatory severity. Second, integration of multiple findings into a com-
posite score enables comprehensive evaluation. Third, the model maintains interpretabil-
ity through feature-level outputs, which is essential for clinical acceptance.

An important observation is that the predefined rule-based diagnostic criterion
demonstrated comparable performance to the Al-derived model. This highlights that cer-
tain key features, such as bleeding and swelling, play a dominant role in clinical judgment.
However, rule-based approaches are inherently limited to binary outputs and cannot cap-
ture intermediate disease states, whereas Al provides continuous quantification that may
improve sensitivity in early or borderline disease.

Feature-specific analysis showed that swelling and bleeding had higher diagnostic
performance than color and mucus-related findings. This is consistent with previous re-
ports suggesting that visually distinct morphological features are more reliably detected
than subtle inflammatory changes influenced by lighting and imaging conditions [20,21].

https://doi.org/10.3390/diagnostics16132015
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The robustness of the model was further supported by sensitivity analysis, which
showed stability across different expert annotations. This suggests that the model cap-
tures generalizable patterns rather than individual biases, an important property for clin-
ical deployment across institutions.

From a clinical perspective, objective quantification of nasopharyngeal inflammation
has several potential applications. This finding suggests that the proposed Al system may
function as a screening or triage tool for clinically relevant inflammation rather than a
definitive grading system for disease severity. It may improve standardization among cli-
nicians, support decision-making in non-expert settings, and reduce diagnostic variabil-
ity. Furthermore, standardized evaluation may enhance the selection of patients for ther-
apeutic interventions, particularly in routine clinical practice. For example, treatments
guided by endoscopic findings, such as epipharyngeal abrasive therapy (EAT), may ben-
efit from more reproducible criteria [22-24]. Deep learning has demonstrated strong per-
formance across a wide range of medical imaging applications, including classification,
detection, and decision support [25-27].

In addition, objective scoring systems may be valuable for longitudinal monitoring
and clinical trials, where consistent assessment is essential. In other fields, standardized
endoscopic scoring systems have significantly improved reproducibility and comparabil-
ity of results, particularly in inflammatory diseases [13,14].

Several limitations should be considered. Furthermore, clinical implementation of
the proposed approach would require prospective multicenter validation and correlation
with treatment outcomes. First, this study was conducted at a single center, and external
validation is required. Second, the reference standard was based on expert consensus and
remains subjective. Third, variability in imaging conditions may influence certain find-
ings, particularly color-based features. Finally, this study focused on static frame analysis
rather than full video-based temporal modeling, which may further improve performance
and better reflect real-world clinical evaluation.

Despite these limitations, this study demonstrates the feasibility and clinical rele-
vance of Al-assisted quantitative assessment of nasopharyngeal endoscopic findings. Fu-
ture work should focus on multicenter validation, integration with clinical outcomes, and
development of real-time systems for clinical application.

5. Conclusions

In conclusion, this study demonstrated the feasibility of a deep learning-based frame-
work for objective quantification of nasopharyngeal endoscopic findings. The proposed
approach achieved good agreement with expert consensus and provided a continuous
and reproducible assessment of inflammatory activity, demonstrating strong perfor-
mance for detecting clinically meaningful inflammation, although its ability to differenti-
ate higher severity levels is more limited.

By enabling quantitative and standardized evaluation of nasopharyngeal inflamma-
tion, this framework may support more consistent clinical assessment and facilitate deci-
sion-making across clinicians with different levels of expertise. The integration of Al-
based analysis with conventional endoscopic evaluation may contribute to improved re-
producibility and broader clinical applicability in the assessment of nasopharyngeal in-
flammatory diseases.
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