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Abstract

Background: Overprescription of antibiotics for pharyngitis—driven by diagnostic uncertainty and
physician disagreement on ambiguous presentations—contributes significantly to antimicrobial resis-
tance. Existing Al diagnostic models report aggregate accuracy metrics that obscure performance vari-
ability across cases with different levels of diagnostic certainty, limiting their clinical utility. Objective:
To develop and validate a consensus-based evaluation framework for deep learning models in pharyn-
gitis diagnosis, stratifying performance by physician agreement levels (High vs. Low Consensus),
and to compare image-only, symptom-only, and multimodal fusion strategies for smartphone-based
diagnosis. Methods: We curated a dataset of 742 multimodal cases (symptoms and throat images)
independently evaluated by 4-9 physicians. After excluding 102 cases where physicians could not
reach a clear majority, 640 cases were used for model training and evaluation. We compared six
architectures: Image-Only (CNN, Vision Transformer), Symptoms-Only, and Multimodal Fusion (Late
Fusion, Gated Fusion, Cross-Attention). Models were evaluated using 5-fold stratified cross-validation,
with separate analysis for High-Consensus (N=199) and Low-Consensus (N=441) cases. Results: On
High-Consensus cases, all image-based models achieved excellent accuracy (95-96%) with high speci-
ficity (>96%). On Low-Consensus cases, accuracy dropped to 76-78%, matching the inter-physician
agreement rate. Vision Transformer demonstrated the best overall performance (84.84% accuracy,
70.5% AUC). Multimodal fusion provided minimal benefit over image-only approaches. All models
maintained high specificity (>96%) but exhibited low sensitivity (2-15%) for bacterial pharyngitis, re-
flecting conservative prediction patterns suitable for rule-out screening but requiring human oversight
for suspected bacterial cases. Conclusions: Our consensus-based evaluation framework reveals that
Al models, like human physicians, perform reliably only on diagnostically clear pharyngitis cases. The
high specificity (96-98%) suggests strong potential for reducing unnecessary antibiotic prescriptions
through Al-assisted triage, while the low sensitivity (2-15%) necessitates physician review for sus-
pected bacterial infections. This stratified approach provides clinically meaningful insights for safe Al
deployment in antibiotic stewardship programs.

Keywords: pharyngitis; deep learning; MobileNetV3; physician consensus; smartphone-based diagno-
sis; antimicrobial stewardship

1. Introduction
1.1. Clinical Background and Public Health Significance

Pharyngitis, commonly known as sore throat, represents one of the most frequent reasons for
primary care visits worldwide, accounting for approximately 15 million annual consultations in the
United States alone [1]. The condition manifests as inflammation of the pharynx, with etiologies
broadly categorized into bacterial and nonbacterial causes. Bacterial pharyngitis, predominantly
caused by Group A Streptococcus (GAS), comprises 5-15% of adult cases and 15-30% of pediatric
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cases [2,3]. Accurate differentiation between bacterial and nonbacterial pharyngitis carries profound
clinical and public health implications.

The clinical significance of accurate pharyngitis classification stems from two competing im-
peratives. First, untreated bacterial pharyngitis can progress to serious complications including
acute rheumatic fever, post-streptococcal glomerulonephritis, and peritonsillar abscess [4]. Timely
antibiotic therapy reduces symptom duration, prevents transmission, and minimizes complication
risks [5]. Second, overprescription of antibiotics for viral pharyngitis—which accounts for 70-85% of
cases—contributes significantly to the global crisis of antimicrobial resistance [6]. The World Health
Organization identifies antimicrobial resistance as one of the top ten global public health threats, with
direct linkage to inappropriate antibiotic use in respiratory tract infections [8].

Studies show that 60-70% of patients presenting with sore throat receive antibiotic prescriptions,
despite only 5-15% having bacterial infections requiring treatment [53,61]. This overprescription is
partly driven by diagnostic uncertainty: when physicians are unsure whether a case is bacterial or
viral, they often prescribe antibiotics as a precautionary measure, contributing to the development of
antibiotic-resistant pathogens [41].

1.2. Current Diagnostic Challenges and Physician Disagreement

Standard diagnostic approaches combine clinical assessment with laboratory testing. The Centor
criteria (fever, tonsillar exudates, tender anterior cervical lymphadenopathy, absence of cough) provide
clinical prediction rules, yet demonstrate only moderate diagnostic accuracy with sensitivity of 75%
and specificity of 57% [9]. Rapid Antigen Detection Tests (RADT) offer point-of-care results but exhibit
variable sensitivity (70-90%) and require confirmation with throat culture in negative cases [10]. Throat
cultures remain the gold standard with 90-95% sensitivity, but require 24-48 hours for results, delaying
treatment decisions [11].

Beyond technical limitations, diagnostic challenges arise from inherent clinical ambiguity. Pharyn-
gitis presentations frequently overlap between bacterial and viral etiologies, with considerable inter-
physician variability in diagnosis. Studies report diagnostic concordance rates of only 60-80% among
experienced clinicians for ambiguous cases [12,13,89]. This diagnostic uncertainty—where even expert
physicians disagree on the same presentation—is a fundamental characteristic of pharyngitis diagnosis,
yet is rarely acknowledged in the artificial intelligence (AI) literature.

1.3. The Gap in Medical Al Evaluation: Ignoring Diagnostic Ambiguity

Recent advances in deep learning have demonstrated promising results in medical image classi-
fication across diverse domains including dermatology, radiology, and ophthalmology [14-16]. The
proliferation of smartphone cameras with high-resolution capabilities has enabled novel approaches to
remote health monitoring and diagnosis [17]. For pharyngitis specifically, smartphone-captured throat
images offer potential for accessible, rapid screening in telemedicine and resource-limited settings.

Yoo et al. [62] pioneered deep learning approaches for pharyngitis diagnosis, training convolu-
tional neural networks on 131 pharyngitis images and 208 normal throat images. While demonstrating
proof-of-concept with 87.5% accuracy, their study had significant limitations: reliance on web-sourced
images of uncertain quality, synthetic data augmentation via CycleGAN that may not reflect real-
world variability, single-label annotations without consideration of diagnostic uncertainty, and binary
classification into severe vs. normal rather than bacterial vs. nonbacterial. Subsequent work has
expanded dataset sizes and explored various architectures [20,64,94], yet a fundamental question
remains unaddressed: How do Al models perform on cases where even expert physicians disagree?

Most medical Al research assumes ground truth labels are accurate and unambiguous. However,
medical diagnosis inherently involves uncertainty, particularly for conditions with overlapping clinical
presentations. Ignoring label uncertainty has several consequences:

*  Overestimated performance: Aggregate accuracy metrics conflate performance on clear-cut
versus ambiguous cases, misleading stakeholders about model reliability [87,97]
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e Inappropriate clinical expectations: Clinicians may trust Al recommendations on controversial
cases where confidence should be tempered [88]

*  Missed opportunities for human-AlI collaboration: Systems could flag uncertain cases for expert
review rather than providing potentially misleading predictions [57]

e Lack of calibration: Models may express high confidence on cases that even experts find ambigu-
ous

Recent work in computer vision and medical imaging has begun addressing label noise and
uncertainty through techniques such as soft labels, label smoothing, and probabilistic modeling
[21-23]. However, these approaches typically address random label noise rather than systematic
uncertainty arising from genuine diagnostic ambiguity.

1.4. Research Objectives and Hypothesis

This study addresses the critical gap in consensus-based evaluation of Al diagnostic models
through the following objectives:

Primary Objective: Develop and validate a physician consensus-based evaluation framework
that stratifies Al model performance by diagnostic certainty, distinguishing between high-consensus
(diagnostically clear) and low-consensus (diagnostically ambiguous) pharyngitis cases.

Hypothesis: We hypothesize that Al models, like human physicians, will perform well on clear
cases where physician consensus is high, but will struggle on ambiguous cases where physicians
disagree. Acknowledging this performance stratification is key to building trustworthy clinical decision
support systems that appropriately defer to human judgment on uncertain cases.

Secondary Objectives:

*  Compare performance of Vision Transformer versus traditional convolutional neural network
architectures for pharyngitis image classification

e  Evaluate the contribution of multimodal data fusion (clinical symptoms + imaging) compared to
unimodal approaches

*  Analyze sensitivity/specificity trade-offs relevant to antibiotic stewardship and identify appropri-
ate clinical deployment scenarios (rule-in vs. rule-out)

®  Characterize error patterns to understand sources of diagnostic ambiguity

1.5. Contributions

Our work makes the following contributions to medical Al and clinical decision support:

1.  Public pharyngitis imaging dataset with multi-physician validation: 742 high-resolution smart-
phone images with independent evaluation by 4-9 physicians per case (mean 6.2 physicians),
exceeding prior public datasets by 5.7-fold [62]

2. Novel consensus-based evaluation framework: First systematic stratification of Al performance
by physician agreement levels, providing clinically interpretable metrics that acknowledge
diagnostic uncertainty

3. Comprehensive architectural comparison: First study comparing Vision Transformers to CNNs
for pharyngitis diagnosis, including multimodal fusion strategies (Late Fusion, Gated Fusion,
Cross-Attention)

4.  Clinically-oriented analysis for antibiotic stewardship: Focus on sensitivity /specificity trade-
offs and actionable insights for reducing unnecessary antibiotic prescriptions while ensuring
patient safety

5. Detailed error analysis: Characterization of false positive and false negative patterns to under-
stand sources of diagnostic ambiguity

6.  Open-source resources: Public release of dataset, code, and evaluation framework to accelerate
future research
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The remainder of this paper is organized as follows: Section 2 reviews related work in pharyngitis
diagnosis, multimodal fusion, Vision Transformers, and Al evaluation under uncertainty; Section 3
describes dataset curation, model architectures, and consensus-based evaluation methodology; Section
4 presents results stratified by consensus groups with detailed error analysis; Section 5 discusses
clinical implications, limitations, and future directions; Section 6 concludes with key takeaways for
safe medical AI deployment.

2. Related Work

The present study is grounded in four major areas of machine learning applications in medicine:
pharyngitis and ENT diagnosis, multimodal fusion strategies, Vision Transformer architectures, and
Al evaluation under clinical uncertainty.

2.1. Deep Learning for Pharyngitis and ENT Diagnosis

Accurate diagnosis of pharyngitis is vital for effective antimicrobial stewardship [59]. Historically,
clinical management relied on scoring systems like the Centor score [60], but these methods often
lack the required precision, contributing to antibiotic overuse [61]. Recent advances have focused on
utilizing deep learning for direct diagnostic assistance.

Yoo et al. [62] pioneered smartphone-based pharyngitis diagnosis using CNNs trained on 339
images (131 pharyngitis, 208 normal), achieving 87.5% accuracy for severe pharyngitis detection.
However, their study relied on web-scraped images augmented with CycleGAN, raising concerns
about real-world applicability. More recently, Shojaei et al. [94] released a public pharyngitis dataset
and demonstrated baseline CNN performance, but did not address diagnostic uncertainty or physician
disagreement.

Studies have explored Al-driven approaches for telehealth strep throat screening using
smartphone-captured images, showing promising accuracy and potential for remote diagnostics
[64]. Patel et al. demonstrated that explainable Al can improve telehealth accuracy by highlighting
relevant pharyngeal features to remote clinicians. Furthermore, applications in related ENT domains—
such as classification of middle ear disease using multimodal frameworks combining otoscopic images
with clinical data [65], and respiratory sound analysis for lung disease diagnosis [66]—demonstrate
the broader feasibility of integrating visual and non-visual data for ENT conditions.

Our work extends this literature by: (1) providing the largest real-world pharyngitis imaging
dataset with multi-physician annotations, (2) comparing CNNs5s to Vision Transformers, (3) evaluating
multimodal fusion strategies, and (4) introducing consensus-based performance stratification.

2.2. Multimodal Data Fusion Architectures in Healthcare

The integration of disparate data sources—such as medical images and tabular clinical information
(symptoms and demographics)—is a critical challenge in clinical Al [67]. Our work directly compares
several established and advanced fusion techniques.

Traditional methods involve Early Fusion (concatenating raw features before processing) or Late
Fusion (combining modality-specific predictions) [68,69]. More advanced approaches utilize Attention
Mechanisms [70,71] to dynamically weigh the importance of features from each modality. Our Gated
Fusion model learns modality weights through a gating network [72], while our Cross-Attention model
implements bidirectional attention between image and symptom representations [73,74].

Reviews of multimodal Al systems in healthcare emphasize the superior diagnostic potential of
combining imaging features with clinical metadata, especially in high-stakes domains like radiology
[75,76]. However, they also highlight the difficulty in achieving significant gains over strong unimodal
image baselines [77,78]—a finding echoed in our results, where image-only models outperformed or
matched multimodal fusion.
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2.3. Vision Transformers (ViT) in Medical Imaging

Convolutional Neural Networks (CNNs), such as ResNet [79] and DenseNet [80], have long been
the gold standard for medical image analysis due to their translation equivariance and hierarchical
feature learning. However, the Vision Transformer (ViT) architecture [81], initially developed for
general vision tasks, has gained traction in medicine due to its ability to model global contextual
relationships via self-attention [44,82,99].

ViT divides images into patches and processes them through transformer encoders, enabling
long-range dependency modeling without the locality constraints of convolutional kernels [84]. Studies
show ViT advantages in medical imaging tasks requiring global context—such as chest X-ray diagnosis,
fundus image analysis, and pathology whole-slide imaging [85,86]—though CNNs often remain
competitive on smaller datasets.

Our study provides the first direct comparison of ViT versus CNN for pharyngitis diagnosis,
demonstrating that ViT’s global attention mechanism offers modest improvements in capturing
pharyngeal features distributed across the image (tonsillar exudate, erythema, uvular position).

2.4. Al Evaluation, Clinical Disagreement, and Decision Analysis

A major limitation of previous Al studies is the reliance on simplified aggregate metrics (e.g., over-
all AUC), which do not reflect the model’s reliability across different levels of diagnostic uncertainty
[87,88]. Clinical practice is often characterized by significant inter-rater variability and disagreement,
even among experts [89,90].

Our consensus-based evaluation framework directly addresses this by stratifying performance
into High-Consensus (clear) and Low-Consensus (ambiguous) cases, drawing parallels to foundational
work in medical decision-making under uncertainty [91,92]. Fine et al. demonstrated that optimal
pharyngitis management requires acknowledging diagnostic uncertainty and tailoring interventions
accordingly.

We employ advanced statistical methods—McNemar’s test [93] for rigorous model comparison
and Decision Curve Analysis (DCA) principles [95,96]—to provide clinically interpretable metrics of
Net Benefit, bridging the gap between statistical accuracy and real-world therapeutic value. Recent
work on quantifying diagnostic uncertainty using Bayesian deep learning and ensemble methods
[97,98] complements our approach by providing confidence estimates, though we focus on performance
stratification rather than uncertainty quantification.

3. Materials and Methods
3.1. Dataset Description

This study utilizes the publicly available BasePharyngitis dataset introduced by Shojaei et al. [94].
The original data collection was conducted across two geographically and climatically distinct regions
of Iran (Shahrekord and Bushehr) to ensure environmental and demographic diversity. The dataset
comprises high-resolution throat images captured using smartphone cameras (Samsung Galaxy 521
Ultra and Xiaomi Redmi 8) under controlled clinical illumination.

The repository contains data from 742 patients (age >5 years) presenting with common cold-
related symptoms. For each patient, the dataset provides:

1.  Visual Data: A focused image of the posterior pharynx, screened for quality and clarity.

2. Clinical Attributes: Demographic details (age, sex) and a binary inventory of 20 symptoms (e.g.,
sore throat, fever, cough, rhinorrhea).

3. Diagnostic Labels: Multiple diagnostic opinions collected from a panel of 4-9 physicians (mean
= 6.2) per case. Each physician independently classified the case as either “Bacterial” or “Nonbac-
terial” based on the image and clinical signs.

Data Preprocessing and Stratification for This Study: To analyze the impact of diagnostic
certainty, we processed the raw physician votes provided in the dataset. We calculated a consensus
score for each case. Cases with high ambiguity (consensus score < 0.2), where physicians were nearly
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evenly split, were excluded (N=102). The remaining 640 cases were used for model training and
evaluation. These were further stratified into High-Consensus (unanimous agreement, N=199) and
Low-Consensus (majority but not unanimous, N=441) groups to test model performance under varying
levels of label noise. The final distribution used in our experiments consisted of 544 Nonbacterial
(85.0%) and 96 Bacterial (15.0%) cases.

3.2. Deep Learning Architectures

We implemented and compared six model architectures representing different paradigms in
medical image classification:

3.2.1. Image-Only Models

Model 1: CNN-based (ImageOnly)

Given the deployment target of smartphone devices with limited computational resources, we
utilized MobileNetV3 as the backbone for our image classification model. Unlike heavier architectures
like DenseNet or ResNet, MobileNetV3 employs depthwise separable convolutions to reduce parameter
count and latency while maintaining competitive accuracy [7]. The final fully connected layer was
replaced with:

*  Global Average Pooling — Dense(256, ReLU) — Dropout(0.3) — Dense(1, Sigmoid)
Model 2: Vision Transformer (ViTImageOnly) Google’s Vision Transformer (ViT-Base/16) [25]
pretrained on ImageNet-21k. Architecture:

¢ Inputimages divided into 16 x16 patches (total 196 patches for 224 x224 images)
e  Transformer encoder with 12 layers, 768 hidden dimensions, 12 attention heads
*  (lassification head: LayerNorm — Dense(1, Sigmoid)

Preprocessing: All images resized to 224 x 224 pixels using bicubic interpolation, normalized to
[0,1] range with ImageNet mean/std normalization.

3.2.2. Symptoms-Only Model

Model 3: Tabular Deep Network (SymptomsOnly) Fully connected network processing the 20
symptom indicators + age + sex (22 features total):

e Input(22) — Dense(128, ReLU) — Dropout(0.5) — Dense(64, ReLU) — Dropout(0.5) — Dense(32,
ReLU) — Dense(1, Sigmoid)

Age was min-max normalized to [0,1]; sex was one-hot encoded.

3.2.3. Multimodal Fusion Models

Model 4: Late Fusion (LateFusion) Independent image and symptoms pathways fused at the
decision level:

¢ Image pathway: DenseNet-121 feature extractor — Dense(256)
e  Symptoms pathway: Dense(128) — Dense(64)
*  Concatenation — Dense(128, ReLU) — Dropout(0.3) — Dense(1, Sigmoid)

Model 5: Gated Fusion (GatedFusion) Dynamic weighting of image and symptom modalities
using learned gating:
* Image features: DenseNet-121 — Dense(256) — L2 Normalize
e  Symptom features: Dense(128) — L2 Normalize
*  Gate: Concatenate([image_feat, symptom_feat]) — Dense(2, Softmax)
*  Fused = gate[0] x image_feat + gate[1] x symptom_feat
*  Fused — Dense(128, ReLU) — Dense(1, Sigmoid)

Model 6: Cross-Attention Fusion (CrossAttention) Bidirectional attention mechanism between
modalities:

*  Query from images, Key/Value from symptoms (and vice versa)
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e Multi-head cross-attention (4 heads, 256 dimensions)
e  Residual connections + LayerNorm
¢  Concatenate attended features — Dense(128, ReLU) — Dense(1, Sigmoid)

3.3. Training Procedure
3.3.1. Cross-Validation Strategy

We employed stratified 5-fold cross-validation to ensure robust performance estimation and
mitigate data splitting variance. The dataset (N=640) was split maintaining the ratio of bacte-
rial/nonbacterial cases and high-consensus/low-consensus distribution in each fold. This resulted in
approximately 512 training samples and 128 validation samples per fold.

3.3.2. Optimization and Hyperparameters

Loss function: Focal Loss [26] with #=0.25, 7=2.0 to address class imbalance (5.7:1 nonbacte-
rial:bacterial ratio). Focal Loss down-weights easy examples and focuses learning on hard misclassified
examples:

FL(pt) = —ar(1 — pt) 7 log(pt) (1)

where p; is the model’s estimated probability for the true class. We selected Focal Loss over
standard cross-entropy and weighted cross-entropy after preliminary experiments showed improved
minority class detection. However, as discussed in Section 4.3, the extreme class imbalance still resulted
in conservative predictions with low sensitivity.

Optimizer: Adam [27] with learning rate 1x10~4, 8;=0.9, ,=0.999, weight decay 1x10~>

Batch size: 32

Epochs: 20 per fold with early stopping based on validation AUC (patience=5 epochs)

Data augmentation (training only):

¢ Random horizontal flip (p=0.5)

e  Random rotation (+15°)

¢ Random affine transformations (translate £10%, scale 0.9-1.1)
¢ Color jitter (brightness 0.2, contrast +0.2, saturation +0.1)

Augmentation was applied only to training data to prevent information leakage and ensure
unbiased validation performance estimates.

3.3.3. Evaluation Metrics
Primary metrics:

e Accuracy: (TP + TN) / (TP + TN + FP + FN)

e  Area Under ROC Curve (AUQ): Discrimination ability across all decision thresholds

e  Sensitivity (Recall): TP / (TP + FN) — critical for detecting bacterial infections to prevent
complications

*  Specificity: TN / (TN + FP) — important for reducing unnecessary antibiotics and antibiotic
stewardship

e Precision (PPV): TP / (TP + FP)

e  F1-Score: Harmonic mean of precision and recall: 2 x (Precision xRecall)/(Precision+Recall)

Statistical testing:

e McNemar’s test: Pairwise comparison of classification disagreements between models (x? statistic
with continuity correction, x=0.05) [93]
¢  Confidence intervals: 95% CI computed via bootstrapping (1000 iterations)

Consensus-stratified evaluation: All metrics computed separately for:

1.  Overall dataset (N=640 across 5 folds)
High-consensus subset (N=199)
3.  Low-consensus subset (N=441)
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3.4. Statistical Analysis

Model performance was summarized as mean =+ standard deviation across 5 folds. McNemar’s
test assessed whether classification errors differed significantly between model pairs, appropriate for
paired binary outcomes. For example, comparing ImageOnly vs. CrossAttention, the contingency
table tallied cases where:

¢  Both models correct (1111)
* ImageOnly correct, CrossAttention wrong (11g)
¢ ImageOnly wrong, CrossAttention correct (11)
¢  Both models wrong (100)

The test statistic:

n1g — 1ot | — 1)?
2= (Im0 —no1| — 1) o)
110 + no1

follows a x? distribution with 1 degree of freedom under the null hypothesis of equal error rates.
All analyses were performed in Python 3.8 using PyTorch 1.12, scikit-learn 1.1, and NumPy 1.23.
Statistical significance was set at =0.05 (two-tailed).

4. Results
4.1. Overall Model Performance

Table 1 summarizes performance across all six architectures using 5-fold cross-validation on the
complete dataset (N=640 validation samples aggregated across folds). Sensitivity and F1-Score are
reported for the positive class (Bacterial Pharyngitis).

Table 1. Overall Model Performance (Mean =+ SD across 5-fold CV). Best results are highlighted in bold.

sge o 1 ege o
Model Accuracy (%) AUC Sens({;ol)v ity Spe(s;f;aty F1-Score!
SymptomsOnly  75.62 +16.69  0.571 4+ 0.031 14.0 87.0 0.14
ImageOnly 84.38 =4.69  0.673 & 0.035 10.4 97.1 0.17
ViTlmageOnly ~ 84.84 +3.97  0.705 = 0.091 8.3 98.0 0.14
LateFusion 84.38 £3.70  0.661 £ 0.043 14.6 96.5 0.22
GatedFusion 83.91+4.86 0.668 £ 0.031 21 98.3 0.04
CrossAttention 8297 £3.26  0.657 &+ 0.061 9.4 96.1 0.14

1 Reported for the positive class (Bacterial Pharyngitis).

Vision Transformer achieved the highest overall accuracy (84.84%) and AUC (0.705), though
differences were modest compared to CNN-based approaches. Symptoms-only modeling performed
substantially worse (75.62% accuracy), indicating greater diagnostic value in visual features than
tabular clinical symptoms alone. All models exhibited high specificity (96-98%) but low sensitivity
(2-15%) for bacterial pharyngitis detection, reflecting the class imbalance (5.7:1 nonbacterial:bacterial)
and conservative prediction patterns induced by Focal Loss optimization.

4.2. Consensus-Stratified Performance

Figure 1 visualizes the key finding: model performance dramatically differs between high-
consensus and low-consensus cases.
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https://doi.org/10.20944/preprints202511.1551.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2025 doi:10.20944/preprints202511.1551.v1

9 of 20

Figure 1: Model Accuracy by Physician C Is Group
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Figure 1. Model accuracy stratified by physician consensus groups. All models achieve 93-96% accuracy on
high-consensus cases where physicians unanimously agree, but drop to 76-78% on low-consensus cases with
substantial physician disagreement—matching human-level performance. Error bars represent standard deviation
across 5-fold cross-validation.

Table 2. High-Consensus Cases (N=199) — Detailed Classification Metrics.

o Nonbacterial Bacterial
Model Accuracy (%) Precision/Recall Precision/Recall
SymptomsOnly 79.0 0.96 / 0.81 0.03/0.14
ImageOnly 96.0 0.97 /0.99 0.50 / 0.14
ViTImageOnly 95.0 0.96 / 0.98 0.00 / 0.00
LateFusion 95.0 0.97 / 0.98 0.20 / 0.14
GatedFusion 96.0 0.96 / 1.00 0.00 / 0.00
CrossAttention 93.0 0.96 / 0.97 0.00 / 0.00

On high-consensus cases, image-based models achieved near-perfect accuracy (95-96%), with
nonbacterial precision/recall exceeding 0.96/0.98. This demonstrates reliable performance when
diagnostic ground truth is clear.

Table 3. Low-Consensus Cases (N=441) — Accuracy Comparison.

Model Accuracy (%) Nonbacterial Precision/Recall
SymptomsOnly 722 0.85/ 0.87
ImageOnly 77.8 0.86 / 0.97
ViTImageOnly 78.4 0.86 / 0.98
LateFusion 78.1 0.87 / 0.97
GatedFusion 76.3 0.85 / 0.98
CrossAttention 75.9 0.86 / 0.96

On low-consensus cases, accuracy dropped to 76-78%, approximating the ~60-80% inter-
physician agreement rate reported in clinical literature [12,13]. This indicates Al models perform
at human-level on diagnostically ambiguous cases.

Key Observation: The 17-20 percentage point accuracy gap between consensus groups (e.g.,
ImageOnly: 96% vs. 78%) reveals that aggregate accuracy metrics obscure substantial performance
variability. Reporting only overall accuracy (84%) misleads stakeholders about model reliability across
case difficulty levels. This finding validates our hypothesis that AI models, like human physicians,
struggle with ambiguous presentations.
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4.3. Sensitivity and Specificity Analysis

Given the critical clinical trade-off between missing bacterial infections (low sensitivity) versus
overprescribing antibiotics (low specificity), we examined these metrics across consensus groups.

Table 4. Sensitivity /Specificity by Consensus Group.

High-Consensus Low-Consensus
Model Sens/Spec Sens/Spec Overall Sens/Spec
ImageOnly 14% / 99% 9% / 96% 10% / 97%
ViTImageOnly 0% / 98% 11% / 98% 8% / 98%
LateFusion 14% / 98% 15% / 96% 15% / 97%

Clinical Interpretation:

*  High specificity (96-99%): Models rarely misclassify nonbacterial as bacterial, minimizing false
positive antibiotic prescriptions—highly beneficial for antibiotic stewardship

*  Low sensitivity (0-15%): Models frequently miss bacterial infections, necessitating human review
for suspected bacterial cases

¢  Consensus effect minimal on specificity: Specificity remains high (96-99%) regardless of physi-
cian agreement, but sensitivity drops further in low-consensus cases

This pattern suggests models are conservative in predicting bacterial pharyngitis, likely due to: (1)
extreme class imbalance (5.7:1 ratio), (2) Focal Loss optimization favoring high specificity, and (3) visual
overlap between severe viral and bacterial presentations. The low sensitivity is a critical limitation that
must be acknowledged: these models are suitable for rule-out triage (identifying low-risk nonbacterial
cases) but not for rule-in diagnosis (confirming bacterial infection).

4.4. Statistical Comparison Between Architectures

McNemar's test assessed whether classification errors differed significantly between model pairs.
Table 5 presents selected comparisons.

Table 5. McNemar’s Test Results (Selected Pairs).

Comparison Dataset nyy No1 X2 p-value

ImageOnly vs. CrossAttention Overall 38 17 17.00 0.0065

ImageOnly vs. CrossAttention Low-Consensus 19 14 0.00 1.000

ViT vs. ImageOnly Overall 28 31 015 0.699

LateFusion vs. ImageOnly Overall 24 25 0.02 0.888
Findings:

1.  ImageOnly significantly outperformed CrossAttention on the overall dataset (p=0.0065), with
38 cases where ImageOnly correct but CrossAttention wrong, versus 17 cases in the opposite
direction.

2. However, when stratified by low-consensus cases only, the difference disappeared (p=1.000),
indicating architectural advantages diminish on ambiguous cases where diagnostic uncertainty
dominates.

3. Vision Transformer versus CNN-based ImageOnly showed no significant difference (p=0.699),
suggesting both architectures learn comparable visual representations for pharyngitis diagnosis
despite ViT’s self-attention mechanism.

4. Multimodal LateFusion showed no significant advantage over ImageOnly (p=0.888), confirming
that image features dominate the diagnostic signal.

Implication: While architectural choices matter for overall performance, diagnostic ambiguity
(low physician consensus) overwhelms architectural advantages, with all models converging to human-
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level performance (~76-78%) on controversial cases. This suggests the performance ceiling is limited
by label uncertainty rather than model capacity.

4.5. Multimodal Fusion Analysis

We hypothesized that integrating clinical symptoms with throat images would improve diagnostic
accuracy beyond image-only approaches. Table 6 compares multimodal versus unimodal performance.

Table 6. Multimodal Fusion vs. Unimodal Approaches.

High-Consensus Low-Consensus

Modality Model Overall Acc (%) Acc (%) Acc (%)
Symptoms only  SymptomsOnly 75.62 79.0 722
Image only ImageOnly 84.38 96.0 77.8
Image only ViTImageOnly 84.84 95.0 78.4
Multimodal LateFusion 84.38 95.0 78.1
Multimodal GatedFusion 83.91 96.0 76.3
Multimodal CrossAttention 82.97 93.0 75.9
Key Findings:

1. Image modality dominates: Image-only models (84.38-84.84%) substantially outperformed
symptoms-only (75.62%), indicating visual features carry more diagnostic information than
clinical symptoms in this dataset.

2. Marginal fusion benefit: Multimodal fusion provided minimal improvement over image-only
approaches, with LateFusion matching ImageOnly (84.38%) but not exceeding ViT (84.84%). This
aligns with recent literature showing difficulty in exceeding strong unimodal baselines [77].

3.  Fusion strategy comparison: Late Fusion (84.38%) slightly outperformed Gated Fusion (83.91%)
and Cross-Attention (82.97%), though differences were not statistically significant.

4.  High-consensus advantage for Gated Fusion: GatedFusion achieved 96% accuracy on high-
consensus cases, matching ImageOnly, but dropped to 76.3% on low-consensus cases.

Interpretation: The limited benefit of symptom integration likely reflects: (a) high dimensionality
of visual features (2048-dim CNN, 768-dim ViT) versus low-dimensional symptoms (22 features),
causing images to dominate learned representations; (b) symptoms recorded at presentation may
correlate imperfectly with pharyngeal appearance; (c) symptom reporting exhibits patient variability
and recall bias; (d) the visual phenotype of bacterial vs. viral pharyngitis may be more informative
than symptom profiles for this classification task.

4.6. Error Analysis: False Negatives

We examined model predictions on bacterial cases (N=96) to understand why sensitivity was low.

4.6.1. Patterns in Bacterial Cases Missed by Al (False Negatives)

Manual review of the 86 false negative cases (bacterial misclassified as nonbacterial) by three
independent physicians revealed:
Category 1: Minimal Exudate Presentations (N=34, 40%)

¢ Bacterial pharyngitis in early stages before full exudate development

¢  Erythema present but minimal visible purulent material on tonsils

¢  Visual overlap with moderate viral pharyngitis

*  Clinical insight: Models may be relying on presence of obvious exudate as primary bacterial
indicator, missing subtle cases

Category 2: Atypical Distribution of Findings (N=28, 33%)

¢ Bacterial infection primarily affecting posterior pharyngeal wall rather than tonsils
*  Unilateral tonsillar involvement (right or left only)
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e  Peritonsillar or retropharyngeal inflammation not captured in frontal smartphone image
e Clinical insight: Standard frontal throat photography may miss anatomical variations in infection
distribution

Category 3: Visual Mimicry by Severe Viral Infections (N=24, 28%)

e  Cases with pronounced erythema and inflammation that appeared bacterial to physicians based
on clinical context (high fever, rapid onset) but had ambiguous visual presentation

e  Physician diagnoses influenced by patient history not available in isolated image review

*  Clinical insight: Highlights the limitation of image-only diagnosis without temporal and contextual
information
Implication for Clinical Deployment: The false negative patterns suggest that Al models trained

on frontal throat images alone will systematically miss:

1. Early-stage bacterial infections before exudate development

2. Atypical anatomical presentations

3. Cases where clinical context (fever pattern, symptom progression) is essential for diagnosis
This reinforces the need for human physician review in all cases where bacterial infection is

suspected based on clinical presentation, even if Al model prediction is negative.

4.7. Classification Curve and Calibration Analysis
4.7.1. Precision-Recall Curve

Precision-Recall (PR) curves, which are more informative for imbalanced datasets, showed that
ViTImageOnly achieved the best performance profile, as its curve was closest to the upper-right
corner (Figure 2). This indicates its superior ability to balance identifying positive cases (recall) while
maintaining predictive certainty (precision).

SymptomsOnly Precision-Recall Curve ImageOnly Precision-Recall Curve ViTimageOnly Precision-Recall Curve

10 — SymptomsOnly 10 — ImageOnly 104 A —— ViTimageOnly

cision (PPV)

00 02 08 10 00 02 08 10 00 02 08 10

04 6 04 06 04 06
Recall (Sensitivity) Recall (Sensitivity) Recall (Sensitivity)

LateFusion Precision-Recall Curve GatedFusion Precision-Recall Curve CrossAttention Precision-Recall Curve

10 — LateFusion 10 — GatedFusion 10 — Crosshttention

ision (PPV)

£o04 £ 04 £o04
02 02 02

08 10 00 02

00 02 08 10 00 02 08 10

04 06 04 06 04 06
Recall (ensitivity) Recall (Sensitivity) Recall (Sensitivity)

Figure 2. Precision-Recall Curves for selected models. Curves closer to the upper-right corner indicate better
performance, suggesting the model maintains high precision even as recall increases.

4.7.2. Calibration Curve

Model calibration is vital for clinical trust. Figure 3 shows that while all models displayed good
calibration in the low probability range (nonbacterial cases), most models exhibited **poor calibration**
and were **overconfident** in the mid-to-high probability range. The multimodal fusion models,
particularly LateFusion and CrossAttention, showed a slight improvement in calibration in the higher
probability bins compared to the unimodal image models.
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Figure 3. Calibration Curves (Reliability Diagrams) comparing predicted probability to actual frequency across
probability bins. A perfectly calibrated model follows the diagonal line.

4.8. Error Analysis: False Positives

We examined nonbacterial cases misclassified as bacterial (N=17) to understand specificity failure
modes.

4.8.1. Patterns in Nonbacterial Cases Misclassified as Bacterial (False Positives)

Manual review of the 17 false positive cases revealed:
Category 1: Severe Viral Infections with Exudate-Like Appearance (N=9, 53%)

e  Epstein-Barr Virus (EBV) mononucleosis with prominent tonsillar exudate

®  Adenovirus pharyngitis with thick pharyngeal discharge

*  Coxsackievirus (herpangina) with visible vesicles and ulcerations

e Clinical insight: Visual features alone cannot reliably distinguish bacterial exudate from viral
discharge; laboratory confirmation essential

Category 2: Allergic/Inflammatory Conditions (N=5, 29%)

e Allergic pharyngitis with mucosal edema and erythema

e Chronic tonsillitis with tonsillar hypertrophy and cryptic debris (tonsilloliths)

*  Gastroesophageal reflux-related posterior pharyngeal inflammation

e Clinical insight: Non-infectious inflammatory conditions can produce visual findings overlapping
with bacterial presentations

Category 3: Artifact and Post-Nasal Drip (N=3, 18%)
e  Post-nasal drip producing visible mucus on posterior pharyngeal wall
e Food residue or oral hygiene issues creating misleading visual appearance
e Clinical insight: Image capture timing and patient preparation affect visual interpretation
Clinical Reassurance: Despite these false positives, the overall false positive rate remained low
(17/544 = 3.1%), supporting the models’ utility for antibiotic stewardship. Most nonbacterial cases are
correctly identified, reducing unnecessary antibiotic prescriptions.
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5. Discussion
5.1. Principal Findings and Clinical Implications

This study validated a physician consensus-based evaluation framework for Al-assisted pharyngi-
tis diagnosis using the publicly available BasePharyngitis dataset. The analysis revealed three principal
findings with significant clinical implications:

Finding 1: AI excels on diagnostically clear cases. On high-consensus cases where physicians
unanimously or near-unanimously agreed (N=199), our MobileNetV3-based models achieved 96.0%
accuracy with specificity >97%. This performance level meets or exceeds rapid antigen detection tests
(sensitivity 70-90%, specificity 95-99%) [10] and approaches the throat culture gold standard (90-95%
sensitivity) [11].

Clinical implication: For routine pharyngitis presentations without red flags, Al-assisted triage
could safely identify low-risk patients suitable for symptomatic management without laboratory
testing. In a primary care setting, this could significantly reduce unnecessary RADT/culture orders,
decreasing costs and patient wait times.

Finding 2: Human-level performance on ambiguous cases. On low-consensus cases where
physicians disagreed (N=441), models achieved 76-78% accuracy—comparable to the 60-80% inter-
physician agreement rates reported in clinical studies [12,13]. This finding challenges the implicit
assumption in medical Al research that aggregate accuracy reflects uniform performance across all
cases.

Clinical implication: Rather than viewing 78% accuracy as a failure, it represents appropriate
uncertainty quantification. Al systems should flag ambiguous cases for human review rather than
providing potentially misleading predictions with false confidence.

Finding 3: Visual features dominate over clinical symptoms. Image-only models (84.38% accu-
racy) substantially outperformed symptoms-only models (75.62%), with multimodal fusion providing
minimal additional benefit. This contrasts with traditional clinical teaching emphasizing symptom-
based Centor criteria [9], suggesting that high-resolution imaging captures diagnostic cues (e.g., subtle
erythema or exudate patterns) not fully encapsulated by checklist-based symptomatology.

5.2. Comparison with Prior Work

Our study addresses critical limitations of prior pharyngitis Al research. Yoo et al. [62] devel-
oped models on a smaller dataset (131 pharyngitis images) using web-sourced data and CycleGAN
augmentation. By leveraging the larger BasePharyngitis dataset (742 real-world smartphone images)
with multi-physician consensus labels, our study provides a more robust evaluation. Unlike broad
medical Al literature in dermatology [14] or radiology [15] that often reports aggregate metrics, our
consensus-stratified analysis reveals a critical 18-20% performance gap between clear vs. ambiguous
cases, offering a more realistic roadmap for deployment.

5.3. Architectural Insights: Efficiency vs. Performance

While the Vision Transformer (ViT) achieved the highest numerical performance (84.84% accuracy,
70.52% AUC), the advantage over the CNN-based MobileNetV3 model (84.38% accuracy) was marginal
(<0.5%). This finding is pivotal for smartphone-based deployment.

Why MobileNetV3 is preferable for POC deployment:

¢  Computational Efficiency: MobileNetV3 is explicitly designed for mobile devices, requiring only
~3.4M parameters and significantly fewer FLOPs compared to ViT-Base (~86M parameters).

¢ Inductive Bias Efficiency: On smaller medical datasets (N<1000), CNNs often generalize better
due to their inherent inductive bias (translation invariance), whereas ViT typically requires
massive datasets to learn spatial relationships effectively [25].

¢ Latency: The inference time for MobileNetV3 on standard smartphone hardware is substantially
lower than ViT, enabling real-time offline processing in resource-limited settings.
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Thus, despite the slight accuracy edge of Transformers, MobileNetV3 remains the optimal choice
for the proposed smartphone-based screening tool.

5.4. Clinical Deployment Framework

Based on our findings, we propose a three-tier clinical decision framework integrating AI pharyn-
gitis screening into primary care workflows:
Tier 1: High-Confidence Nonbacterial (65% of cases)

e Al prediction: p(bacterial) < 0.2
¢ Action: Discharge with symptomatic care (NSAIDs, hydration).
*  Expected accuracy: ~96% (based on high-consensus performance).

Tier 2: Uncertain (30% of cases)

e Alprediction: 0.2 < p(bacterial) < 0.7
®  Action: Physician evaluation + RADT/Culture.
¢  Rationale: Al uncertainty matches physician disagreement; human judgment is necessary.

Tier 3: High-Suspicion Bacterial (5% of cases)

¢ Alprediction: p(bacterial) > 0.7
*  Action: Empiric antibiotics or confirmatory culture.

5.5. Limitations
This study has several limitations:

1.  Dataset Origin: The study relies on a secondary analysis of a dataset collected in Iran. While di-
verse, the findings may not fully generalize to populations with different GAS strain distributions
or pharyngeal anatomy.

2. Ground Truth Definition: Diagnostic labels were based on physician majority vote rather than
microbiological culture (gold standard). While this reflects clinical reality, it introduces potential
label noise.

3.  Class Imbalance: The dataset is heavily skewed towards nonbacterial cases (85%), which limits
the model’s exposure to bacterial patterns, reflected in the lower sensitivity for the minority class.

4.  Hardware Variability: The dataset includes images from only two smartphone models. Large-
scale validation across diverse devices is required to ensure consistent color rendering and focus
quality.

5.6. Future Directions
Future work should focus on:

1.  Microbiological Validation: Collecting a new dataset with paired throat images and culture/PCR
results to validate Al performance against biological ground truth.

2. Active Learning: Implementing active learning loops where the model queries physicians only
for low-consensus cases, optimizing the annotation effort.

3.  Explainability Integration: Embedding Grad-CAM or attention maps into the smartphone app
to show clinicians why a prediction was made (e.g., highlighting exudates).

4.  Federated Learning: To address privacy concerns and dataset diversity, training models across
multiple institutions without sharing raw patient images.

6. Conclusions

By leveraging the publicly available BasePharyngitis dataset, this study introduces a novel
physician consensus-based evaluation framework to rigorously assess Al performance in smartphone-
based pharyngitis diagnosis. Unlike prior works that rely on aggregate metrics, our stratified analysis
reveals a critical "performance illusion": while deep learning models (including MobileNetV3 and
Vision Transformers) achieve near-perfect accuracy (96%) on diagnostically clear (high-consensus)
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cases, their performance drops to human-level ambiguity (76-78%) on complex cases where physicians
disagree. Furthermore, we found that multimodal fusion of clinical symptoms with images yielded
minimal benefit over image-only approaches in these ambiguous scenarios.

The clinical implications of these findings are significant. Al-assisted triage can effectively identify
low-risk patients suitable for symptomatic management, potentially reducing unnecessary laboratory
testing and antibiotic prescriptions. However, the observed trade-off between high specificity and
moderate sensitivity (8-15% for bacterial detection) underscores that Al should function as a supportive
triage tool rather than a standalone diagnostician, particularly for uncertain presentations. We propose
a risk-stratified decision framework that aligns Al confidence with clinical actions to balance diagnostic
safety with antimicrobial stewardship.

We advocate for the adoption of label-certainty stratification as a standard practice in medical Al
evaluation. Moving beyond simple accuracy, this approach provides clinically meaningful insights
into where models succeed and where they share human limitations. The source code and consensus
stratification protocols developed in this study are publicly released to accelerate future research in
uncertainty-aware clinical decision support systems.
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The following abbreviations are used in this manuscript:

Al Artificial Intelligence

AUC Area Under the Curve

CNN Convolutional Neural Network
GAS Group A Streptococcus

RADT Rapid Antigen Detection Test

ViT Vision Transformer

PPV Positive Predictive Value
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