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Abstract: Pharyngitis is a frequent inflammatory condition of the upper-airway system for which prompt preliminary evaluation can aid
in the proper clinical evaluation and minimize treatment outside of that. However, the level of inflammation, the quality of illumination,
the quality of the image, and the level of the observer’s experience can affect the interpretation of the image. A research-stage framework
for binary pharyngitis screening with 312 pharyngitis images classified as no pharyngitis and pharyngitis is presented. The proposed
dual-branch hybrid deep learning model consists of a separable convolution-based local feature extraction branch and an attention-based
global contextual learning and cross-scale feature fusion branch. It brings together the combined power of hybrid CNN/attention-
based classification, explainable AI, and retrieval-augmented generation, along with a Qwen large language model, in a single screening
workflow. The model performance was done by 5-fold cross-validation with leakage-safe and the result is 97.25% accuracy, 97.58%
precision, 97.43% recall, and 97.50% F1 score. To explain the predictions, image regions were emphasized by explainability visualization,
and the RAG/Qwen module produced structured recommendation reports using the predicted class and retrieved medical context. The
framework can help with initial image screening, and clinician-reviewed decision support for telemedicine/triage environments. However,
the limited sample size and absence of external multi-center and prospective testing by clinicians with the weathered data limits clinical
generalizability. Thus, the proposed system is not intended as a diagnostic or a prescription tool for treatment, but as a decision support
system in a research phase.
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1. Introduction

Pharyngitis is the inflammation of the throat, often affecting
the tissues of the throat and upper-airway structures [1]. It is one
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of the most common causes of sore throat and occurs in people of
all ages – children as well as adults [2, 3]. It can be caused by viral
infection, bacterial infection, recurrent inflammatory syndrome,
or other irritative causes and is vital in terms of appropriate
treatment, prevention of complications and unnecessary use of
antibiotics for accurate diagnosis [4–6]. Diagnosis of pharyngitis
is typically made during routine clinical practice using a combi-
nation of visual examination of the throat and the presence of
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clinical symptoms including redness, swelling and pain, fever and
presence of exudates [7]. These visual and clinical features can,
however, be highly variable from person to person and can also be
similar for both viral, bacterial, and non-infectious causes [8–11].
Throat appearance is also influenced by clinician experience, and
this can result in variable interpretation of the appearance, espe-
cially during early stage and mild or ambiguous presentations. For
this reason, objective and reliable diagnostic-support methods are
necessary to enhance uniformity, minimize observer variability,
and aid in the clinical decision-making process [12]. In the medical
field, AI and deep learning have emerged as valuable tools for ana-
lyzing medical images and have demonstrated promising potential
in automated disease classification [13, 14]. Complex visual pat-
tern learning could take place in an unsupervised manner by deep
learning models, potentially offering a standardized image-based
assessment. Automated image analysis systems can enhance diag-
nostic consistency, minimize the subjective variation, and boost
efficiency in clinical workflows [15–17]. These systems can process
large volumes of images quickly and can offer objective support in
the screening process for the clinician [18–20]. Automated image-
based methods are especially relevant in the recognition of throat
and upper-airway diseases, as visible features like inflammation,
erythema, swelling, and exudates are vital diagnostic features
[21, 22]. However, many deep learning models remain black
boxes, in which the inner logic behind the decision-making pro-
cess remains opaque [23]. This lack of explainability can decrease
clinical trust and prevent its practical use in healthcare. Pharyn-
gitis diagnosis and management is inconsistent in clinical practice
as evidenced by clinical studies. The diagnosis, management, and
decision support for pharyngitis are still important and challeng-
ing areas, as evidenced in clinical and artificial intelligence studies.
According to clinical and AI research, there are several areas that
are critical for pharyngitis, but difficult to achieve such as diag-
nosis, antimicrobial stewardship, image-based assessment, and
interpretive decision support. Significant differences in diagnosis
and treatment of group A streptococcal pharyngitis and the value
of clinical scoring, rapid antigen tests, culture, and molecular
diagnostics were documented by Luo et al. [24] and summarized
by Mustafa & Ghaffari [25]. These concerns have been confirmed
by more recent evidence. Curatola et al. [26] reviewed the diagno-
sis and management of contemporary streptococcal pharyngitis
and noted that it is challenging to distinguish from clinical symp-
toms alone. At the same time, XAI is gaining traction in the
medical imaging sector. Borys et al. [27] summarized SA methods
applied to clinical images, while Champendal et al. [28] sum-
marized the additional types of interpretability methods and the
need for a clinically relevant evaluation. Structured decision rules
have been shown to have a useful place in identifying patients
at relatively low risk of having a streptococcal infection [29] and
contemporary epidemiological patterns in group A streptococ-
cal pharyngitis reported [30]. RGLMs have also recently been
explored for use in health care, as discussed by Yang et al. [31]
who talk about the potential of Retrieval-Augmented Generation
for making generative AI more reliable, more traceable, and more
current in health care. Differential diagnosis is also still crucial
since recurrent pharyngitis is a feature of other syndromes like
PFAPA, as illustrated by Wang et al. [32]. Bakhit et al. [33] also
demonstrated that there is significant variation in the diagnostic
value of the clinical prediction rules for the diagnosis of group
A beta-hemolytic streptococci and Schmutzler et al. [34] examined
myocarditis associated with streptococcal tonsillitis or pharyngi-
tis. More recently, Melon et al. [35] focused on the use of retrieval
graph for retrieval-augmented generation (RAG) in clinical

decision support summaries, highlighting continued growing
interest in retrieval-based medical LMs.

The novelty of this work is in the development of an
integrated pharyngitis screening framework consisting of an
image-based classification, explainable visual interpretation, and
retrieval-augmented suggestion of the clinical recommendation
within a unified workflow. The proposed framework aims to facil-
itate the entire screening process by introducing a dual-branch
hybrid deep learning model for the classification of throat images
into no pharyngitis or pharyngitis, explainable artificial intelli-
gence to support the visual interpretation of the prediction result,
and RAG and a Qwen large language model (LLM) to gener-
ate a structured recommendation report from the predicted class.
This contribution is not a claim of fundamental algorithmic inno-
vation nor clinical diagnosis, but rather a research-stage decision
support framework for the initial evaluation of pharyngitis that
integrates with hybrid CNN/attention classification, model inter-
pretability, and context-aware recommendation generation. Thus,
the work proposed is designed to increase transparency and usabil-
ity of image-based screening for pharyngitis without removing
the necessity for clinician review, external validation and medical
expert verification prior to real-world clinical use.

Although advances have been made in the automated clas-
sification of pharyngitis and throat disease, some features are
missing from the existing systems. Current systems are primarily
geared towards classification accuracy without offering structured
clinical recommendations or treatment related advice. But when
making a clinical decision, it’s not enough to recognize the class
of a disease; there is a need to know what action is required next,
how to treat symptoms, what further action might be required,
and when medical evaluation is needed. Furthermore, few expla-
nations available can make it hard for a clinician to decide whether
a prediction made by the model is due to clinically relevant areas
in the throat or irrelevant image artifacts. As such, integrated
frameworks for artificial intelligence that can not only accurately
classify images but also provide an explanation of the image’s con-
cepts and make clinically relevant decisions are needed. The aim
of this study is to tackle these issues by proposing a unified system
for automatic pharyngitis classification and clinical suggestions.
Then, a separable convolution-based feature extraction module
and the attention-based feature learning module are integrated
by using a dual-branch hybrid deep learning model to recognize
throat image as no pharyngitis and pharyngitis.

Second, the model is evaluated using leakage-safe 5-fold
cross-validation on a dataset of 312 throat images to ensure reli-
able and unbiased performance assessment. Third, explainable
artificial intelligence is incorporated through feature visualization
and interpretability methods to highlight image regions that con-
tribute to the model prediction. Fourth, a LLM-based clinical
recommendation system is integrated to provide structured treat-
ment guidance. RAG is used to retrieve relevant medical context
and generate disease-specific recommendations based on the pre-
dicted class. Finally, the proposed framework supports automated
screening, explainable diagnosis, and clinical decision support,
thereby improving the practical usability of artificial intelligence
in pharyngitis assessment.

2. Materials and Methods

2.1. Dataset description

The main dataset employed for model development was
Pharyngitis Images Dataset which was available from the Kaggle
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dataset repository. The dataset consists of a total of 312 RGB
images of the throat with each image belonging to one of two
classes, no pharyngitis or pharyngitis, and is available at https://
www.kaggle.com/datasets/bebeaa/pharyngitis-images-dataset. The
images are of different appearances of the throat: different color,
texture of the mucosa, redness, inflammation, and swelling of
the throat. These differences in appearance are associated with
the visual heterogeneity found in screening for pharyngitis with
images and render discrimination difficult, especially when the
inflammatory signs are mild or appear in a subtle way in the
image. The images and classes labels in the public dataset were
used as the main data for training and internal cross-validation
of the proposed model. An independent publicly available dataset
– PGUPharyngitis – was used for external evaluation of model
performance. This dataset is made available in Figshare and
may be identified by the DOI 10.6084/m9.figshare.28163513.
PGUPharyngitis has 742 optical throat photographs, among
which the bacterial and nonbacterial pharyngitis images are 430
and 312, respectively. Images were taken by Samsung Galaxy
S21 Ultra and Xiaomi Redmi 8 Pro smartphones, and multiple
physicians annotated each image, with the final labels selected by
majority voting. The data were gathered from October 2023 to
May 2024 in two geographic areas in Iran, and the age range of
participants was 0-100 years. There were two sets of data used
in experiments for different purposes. The Kaggle Pharyngitis
Images Dataset was used for model development and internal
evaluation while PGUPharyngitis was held out as an external test
set for evaluation of the model and was not used for model train-
ing or hyperparameter optimization. The two label spaces were
not directly comparable because the primary dataset classified the
subjects as no pharyngitis or pharyngitis, while the PGUPharyn-
gitis dataset classified the subjects as bacterial or nonbacterial
pharyngitis; caution was taken in interpreting results from the
external analysis. The detailed processing, augmentation, and
leakage-safe 5-fold cross-validation procedures for the primary
dataset are described in the following steps. Detailed prepro-
cessing, augmentation, and leakage-safe five-fold cross-validation
procedures for the primary dataset are described as follows.

2.2. Data preprocessing and cross-validation

As a preprocessing step, all the images from the throat were
resized to 224 × 224 pixels. The resizing process guarantees that
all samples have the same input size for the deep learning architec-
ture, which guarantees uniformity in processing. By normalizing
the size of the image, the model can learn the features more
effectively, as it will not be affected by the image resolution.
Moreover, resizing decreases the computation complexity and
memory consumption and retains vital visual features relevant
to the classification of pharyngitis, including color, texture, and
structural information. Image normalization was also applied to
enhance the stability of training and learning efficiency. Normal-
ization ensures that the distributions of pixel values are uniform
across images, facilitating the model to learn meaningful repre-
sentations of its features. The following process helps with faster
convergence when training and also helps in preventing instabil-
ity due to different intensity levels of the images. The training
data were augmented with more data to further improve the
model’s generalizability. The benefit of augmentation is to gen-
erate more variations of the existing images, so that the model
can learn more robust features. Typical augmentation techniques
included rotation, flipping, and brightness variation, which sim-
ulate natural variations observed in clinical imaging. This helps

to decrease overfitting because the model doesn’t “memorize”
individual image patterns. Importantly, augmentation was only
done to the training data, not to the validation and test data, to
ensure a fair evaluation. To evaluate the model performance, the
safe 5-fold cross-validation method was used. To train and test
the dataset, the data were split into five separate folds with 80%
of the data used for training and 20% for testing in each fold.
The folds were turned over so that each sample was tested once.
The preprocessing and augmentation were done independently
in each training fold, and the validation and test folds were not
changed. This leakage-safe process guarantees there is no overlap
between training and test sample and offers unbiased and reliable
performance assessment.

3. Proposed Methodology

3.1. Overview of the proposed model

To effectively deal with the differences in the visual prop-
erties of pharyngitis images in the throat, a dual-branch hybrid
model for automated classification of pharyngitis is proposed.
To effectively capture the differences in the visual properties of
pharyngitis images in the throat, a dual-branch hybrid model for
automated classification of pharyngitis is proposed. The model
aims to capture both local visual features and global contex-
tual information, both of which are vital for good differentiation
between no pharyngitis and pharyngitis class. The architecture
has two parallel branches that work simultaneously on the same
image to extract the features. The first branch is based on separa-
ble convolution layers and channel attention mechanisms, which
capture local spatial features like texture, color variation, and
structural patterns. The focus of this branch is on the fine grain
visual details that are important in detecting inflammation-related
changes. The second branch applies multi-scale transformer atten-
tion to learn the global contextual information and long range
spatial relationships. This branch allows the model to learn more
general patterns and relationships in the images, not necessarily
captured by the convolution. A feature fusion mechanism is then
implemented to fuse the feature representations obtained from
both branches into one single representation. These fused features
are forwarded to classification layers, and final prediction is gen-
erated for the classes No Pharyngitis and Pharyngitis. An overall
architecture is shown in Figure 1. The hybrid design enables to
leverage the complementary information provided by the con-
volution and attention-based learning, which helps to achieve
accurate and reliable classification of pharyngitis.

3.2. Multi-scale transformer attention branch of the
proposed pharyngitis classification model

The multi-scale transformer attention branch aims to obtain
the global context features, which will be complementary to the
local context features extracted by the convolution branch. Trans-
former attention allows for the model to focus on various parts of
the image and helps it understand the relationships between them.
This branch starts with multi scale convolutions, which extract
features from different scales. The multi-scale features are able to
detect both fine scale visual pattern (localized redness) and the
larger scale structural pattern (overall inflammation regions). This
ability enhances the ability to detect fine and wide range of visual
characteristics, relevant to the classification of pharyngitis. After
multi-scale feature extraction, the branch adds a local window
attention mechanism to pay attention to the significant spatial
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Figure 1. Architecture of the proposed dual-branch hybrid deep learning model for automated pharyngitis classification

region. The local window attention can highlight the important
local region of the image while retaining the spatial structure of
the image. This attention mechanism is able to highlight the rela-
tionship between adjacent areas, which promotes the contextual
understanding of the throat image. This allows the model to more
accurately detect the significant visual information from the vari-
ations in the background. A dynamic gating mechanism is used
to further improve the feature representation. Dynamic gating
mechanism is used to assign importance weights to the feature
channels, enhancing the important features while canceling out
less important ones. This process enhances the quality and rele-
vance of the extracted features. Finally, a cross-scale feature fusion
step is carried out to fuse features from various scales. Cross-
scale feature fusion means combining the features from multiple
resolution levels, resulting in a more robust and complete fea-
ture representation. This branch helps the model to absorb the
contextual information from the globe and helps to improve the
performance of the model in the classification of pharyngitis.

3.3. Feature fusion and classification

The features from the separable convolution branch and
the multi-scale transformer attention branch are fused by fea-
ture concatenation. The output of each branch is a 7 × 7 ×
256 dimensional feature tensor, and it concatenates along the
channel dimension to fuse the outputs. This operation returns a
feature tensor of size 7 × 7 × 512, which is a fused operation.
Concatenation process: local spatial features are extracted using
convolution, and global contextual features are learned using
transformer attention. This fused representation enhances fea-
ture completeness and offers a more holistic perspective of visual
patterns pertinent to classification of pharyngitis. After feature
fusion, the fused feature tensor is passed to global average pool-
ing. This is an operation that reduces the size of the vector from

7 × 7 × 512 to 1 × 512. Global average pooling is a method
that eliminates a lot of parameters while retaining vital feature
information and enhancing generalization performance. This pro-
duces the feature vector that feeds into a fully connected dense
(256) layer with rectified linear unit (ReLU) activation function.
This layer is trained with discriminative feature representations
to improve the classification ability. Dropout (0.40) is used in
order to avoid overfitting and to enhance model robustness, as
well as generalization. Finally, a Dense layer with 2 neurons and
Softmax activation function creates probability scores for the two
output classes – no pharyngitis and pharyngitis. This classifica-
tion module yields the end classification and allows for the correct
classification of pharyngitis.

3.4. Training configuration

All the experiments were run on a high performance worksta-
tion for efficient training and evaluation of the proposed model.
It was powered by an Intel Core i9 8 Core 12th Generation pro-
cessor, 32 GB of DDR5 RAM for data processing and model
calculation. For graphics acceleration, the system featured an
NVIDIA RTX 3080 graphics card with 10GB of VRAM, sup-
porting efficient deep learning training. The system also had 1
TB of NVMe SSD storage, providing high-speed data access
and loading of the models. We used Python 3.10, PyTorch 2.x,
and CUDA 12.x for deep learning implementation and GPU
acceleration, respectively (Table 1). The operating system used
was Windows 11 64 bit. The model was trained with the Adam
optimizer with a starting learning rate of 0.001 to optimize the
gradient. ReduceLROnPlateau was used to adapt the learning rate
during training, with learning rate reduction factor 0.1, patience 5
epochs, and the minimum learning rate of 0.000001. This model
was trained for 100 epochs, and early stopping was used to prevent
overfitting by stopping training after the validation performance
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did not improve anymore after 10 epochs. For stability of gra-
dient update, and efficient use of the GPU resources, a batch
size of 32 was chosen (Table 2). A categorical cross-entropy loss
function was used, which is suitable for binary classification with
softmax output and the measures of prediction error between the
predicted and true labels. These training settings guarantee sta-
ble convergence, enhance classification performance, and offer
reliable pharyngitis classification.

Table 1. Hardware and software environment used for
experiments

System Configuration

CPU Intel Core i9 (12th Gen), 8-core

Memory (RAM) 32 GB DDR5

GPU NVIDIA RTX 3080 (10 GB
VRAM)

Storage 1 TB NVMe SSD

Operating System Windows 11 (64-bit)

Framework Python 3.10, PyTorch 2.x, CUDA
12.x

Table 2. Training characteristics of the proposed model

Parameter Description

Model Name (Proposed Model)

Input Data
Format

Pre-processed

Image Size 224 × 224 pixels

Batch Size 32
Epochs 100

Learning Rate 0.001 (with decay using Reduce
LROnPlateau)

Optimizer Adam

Loss Function Categorical Cross-Entropy

Regularization
Techniques

Batch Normalization, Dropout (0.40)

3.5. Disease prediction and Query Formulation

The first step in the LLM workflow for treatment recom-
mendation is the automated classification of pharyngitis from the
input throat image using a trained dual-branch hybrid model. The
image passes through the feature extraction branches and classifi-
cation layers where appropriate features of the image are extracted
and analyzed. The final layer in the classification network uses
the Softmax activation function to output the probability scores
of each classification. From these probabilities, the model assigns
the ultimate predicted class by picking the highest probability
class. The output class is no pharyngitis or pharyngitis, which is
an automatic result of the disease screening. This prediction will
give a structured and objective description of the image input and
will be the most important input to the next clinical recommen-
dation system. After predicting the disease, the query formulation
engine produces a structured clinical query based upon the pre-
dicted class information. This query is automatically generated by
the query formulation engine which includes both the predicted
disease label and disease contextually relevant information related

to the disease condition and classification result. The query is
structured in a textual form. A structured query to retrieve medi-
cal knowledge that is relevant to the query, optimized for semantic
search, and able to identify the clinical information relevant for
the disease. The generated query is then fed to the RAG sys-
tem, which uses the query to retrieve the medical knowledge.
This helps to achieve context-aware clinical recommendation and
disease-specific recommendation generation. This step makes the
classification of pharyngitis more directly linked with clinical rec-
ommendation which will facilitate automated clinical decision
support and make the proposed system more useful in practice.

3.6. Knowledge retrieval using vector database

The second step of the LLM-based treatment recommenda-
tion workflow is to retrieve medical knowledge for the pharyngitis
classification result, as shown in Figure 2. This retrieval com-
ponent is based on the general idea of RAG, where external
knowledge is retrieved and fed into the language model for more
context-aware and grounded response generation. The knowl-
edge retrieval and LLM-based clinical summarization techniques
used in ClinicGraphRAG have been extended, in which graph-
based retrieval and LLM was employed to create clinical decision
support summaries with high reliability [35]. The proposed frame-
work includes a vector database for knowledge retrieval, which
allows for semantic search, not just keyword matching. The
structured query is first mapped to a numerical embedding repre-
sentation based on the predicted class. This embedding represents
the meaning of the query and enables comparison to stored medi-
cal knowledge entries, based on conceptual similarity. Thus, more
effective retrieval of the relevant medical information related to
the anticipated screening result for pharyngitis is possible than
by simple keyword matching. The generated query embedding
is then used to do similarity search in Qdrant vector store. For
this database, the entries of medical knowledge are stored as vec-
tor representations and similarity comparison is done between
the query embedding and the stored embeddings to find the
most relevant ones. Retrieved data might contain descriptions of
diseases, typical symptoms, general management considerations,
and follow-up tracking for the forecasted class. The retrieved con-
textual snippets and metadata are then fed into the Qwen LLM
as reference input to the RAG technique. This retrieval step is
used to link pharyngitis classification based on images to exter-
nal medical knowledge, and also to facilitate the generation of
a structured recommendation report. The retrieved material and
generated recommendation has been provided for research pur-
poses to aid in making decisions and are not intended for clinical
use without the review of medical experts.

3.7. Treatment recommendation using large language
model

The medical context information retrieved in the last stage of
the treatment recommendation workflow is passed to the LLM
to generate treatment recommendations. This stage converts the
result of the classification of pharyngitis into clinically useful out-
put to produce structured treatment guidance. The LLM classifies
the expected class (no pharyngitis and pharyngitis) and queries
the medical knowledge to provide suitable suggestions. Such inte-
gration facilitates automatic clinical decisions support based on
image predictive and utilization of medically meaningful guidance
in a more useful manner. A domain constrained Qwen LLM is
used to ensure safe and reliable recommendation generation. The
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Figure 2. Overall workflow of the proposed pharyngitis classification and clinical recommendation system integrating deep learning,
explainable artificial intelligence, retrieval-augmented generation, and the Qwen large language model

domain constrained configuration forces the model to work on
medical domain knowledge to avoid unrelated and irrelevant out-
puts. This constraint helps to ensure reliability and add to the
safety of the responses produced. The retrieved medical context
from the vector database will be given to the Qwen LLM as refer-
ence data, so that the model can produce medical responses based
on the verified information. The following features of this RAG
approach make it possible to generate context-aware responses
and medically relevant and contextually specific recommenda-
tions that reflect the predicted disease condition. The output
generated is displayed in the form of a clinical report, showing the
predicted condition and treatment recommendations. The clini-
cal report is a document that includes organized data, including
symptom management suggestions and follow-up recommenda-
tions. This format enhances interpretability and decision support
that is interpretable. The clinical report can help the healthcare
professionals to understand the automated prediction and sug-
gested course of action. This step takes classification output to
actionable clinical recommendation, and improves the overall per-
formance of the pharyngitis classification system by providing
automated clinical decision support.

4. Results and Discussion

Leakage-safe 5 fold cross-validation was used to validate the
classification performance of the proposed dual-branch hybrid
model. The model had a training accuracy of 97.68 per cent
and a cross-validation accuracy of 97.25 percent. In addition,
the model obtained a precision of 97.58 percent, recall of 97.43

percent, and F1 score of 97.50 percent. The results showed
good classification performance for classification of pharyngitis
(Table 3). High precision was achieved, meaning the model has a
low number of false positive predictions; high recall was achieved,
meaning the model is good at correctly identifying pharyngitis
cases. The F1 score is high, indicating a good balance between
precision and recall, which means the classification results are reli-
able. In addition, the small error between the accuracy of the train
and the cross-validation suggests that the model has a good gen-
eralization capability, and that it is not overfitting. A comparison
of the performances with baseline models is shown in Table 3. The
proposed model gave the best performance among all the tested
models. The Focal Transformer gave 97.03 percent accuracy and
F1 score of 96.62 percent whereas ConvNeXt achieved an accu-
racy of 95.87 percent and F1 score of 95.36 percent. The accuracy
of the CSWin Transformer is 94.18 percent and the F1 score is
93.52 percent, while GhostNetV2 is 89.68 percent and 89.63 per-
cent, respectively. The proposed model has an accuracy and F1
score greater than all baseline models. The improvement can be
credited to the hybrid feature extraction design which combines
the two types of feature, convolution-based and attention-based,
and the combination of both produces a better representation.
The results obtained validate the effectiveness of the proposed
architecture while strong pharyngitis classification capability is
demonstrated by the leakage-safe cross-validation for evaluating
the results.

The training and validation loss and accuracy curves of the
proposed dual-branch hybrid model are shown in Figure 3. The
loss has been gradually reduced from around 0.90 to 0.23 while
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Table 3. Performance comparison (precision, recall, and F1-score) of MFN and baseline models under 5-fold cross-validation

Model Train accuracy (%) CV Val Acc (%) Precision (%) Recall (%) F1-score (%)

Proposed Model 97.68 97.25 97.58 97.43 97.50

Focal Transformer 97.24 97.03 96.78 96.47 96.62
ConvNeXt 96.76 95.87 95.60 95.12 95.36
CSWin Transformer 94.85 94.18 93.88 93.17 93.52
GhostNetV2 90.17 89.68 90.16 89.11 89.63

Figure 3. Training and validation accuracy and loss curves of the proposed model during pharyngitis classification training used in:
training performance analysis

training and 0.24 while validation converging to a satisfactory level.
The accuracy rose fromapproximately 0.70 to 0.98 for training, and
0.97 for validation, which is similar to the accuracy achieved in the
cross-validation of 97.25%. The similarity between the training and
validation curve implies stable learning, good generalization and
less overfitting when it comes to the classification of pharyngitis.
The confusion matrix of the proposed model for the classification
of pharyngitis shows the prediction performance analysis of the
two classes in detail. A confusion matrix is provided to indicate
the correct classification of the samples according to the output of
the model. The confusion matrix is shown below, in which the 168
samples of no pharyngitis were classified correctly as such, whereas
the 17 samples of no pharyngitis were misclassified as pharyngitis.
Furthermore, 124 samples of Pharyngitis were correctly classified
as pharyngitis while 3 samples of Pharyngitis were misclassified as
no pharyngitis. The true negatives are 168, the false positives are 17,
the true positives are 124, and the false negatives are 3. From the
confusion matrix, it is seen that most of the samples are accurately
classified and only a few misclassifications are noted. The low false
negative value of 3, means that the system has a high ability to
detect Pharyngitis cases.

4.1. External evaluation

An independent external evaluation was then performed on
an independent external dataset, the PGUPharyngitis dataset,

which comprises of 742 throat images that are labeled for the
classification of bacterial versus nonbacterial pharyngitis, made
available publicly. All external images were resized to 224 × 224
pixels and tested with the same image-only pipeline, with no
training or hyperparameter tuning of the model from the exter-
nal dataset. Table 4 summarizes the data for the external data
set: class distribution, imaging devices, annotation protocol, and
demographic coverage. Table 5 shows the comparative perfor-
mance of the proposed model and baseline architectures on this
independent dataset. The best overall performance was obtained
by the proposed model, which achieved an accuracy of 95.15%,
precision of 96.93%, recall of 94.42%, F1 score of 95.68%, AUC
of 0.9722, and specificity of 94.55%. The results show that the
proposed dual-branch hybrid architecture kept excellent discrim-
inative ability on a separated dataset of pharyngitis cases and
benefitted from a competitive performance when compared to
several transformer-based baselines, using fewer parameters.

4.2. Explainability and LLM report analysis

The integrated Qwen LLM recommendation system gener-
ates a clinical report as shown in Figure 4. The report contains
the forecasted disease state, disease treatment recommendation,
and follow-up guidance. Also, the report contains a clinical safety
disclaimer to provide appropriate interpretation of the automated
output. Depending on the classification result, the structured
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Table 4. Characteristics of the independent PGUPharyngitis dataset used for external evaluation

Attribute Details
Dataset name PGUPharyngitis

DOI 10.6084/m9.figshare.28163513

Repository Figshare (Springer Nature)

Published 2025
License CC BY 4.0
Total images 742

Classes 2 (Bacterial / Nonbacterial)

Bacterial 430 / 742 (57.9%)

Nonbacterial 312 / 742 (42.1%)

Image type Optical throat photography

Capture device Samsung Galaxy S21 Ultra; Xiaomi Redmi 8 Pro

Original resolution Variable (cropped; not standardized)

Input resolution used 224 × 224 pixels

Sex distribution Male: 383 (51.6%); Female: 359 (48.4%)

Age range 0–100 years (multi-age cohort)

Annotators per image 4–9 physicians (mean: 6)

Labeling protocol Majority vote

Collection period October 2023 –May 2024

Collection sites Two cities, Iran (warm coastal and cold mountainous regions)

Modality used Images only (clinical symptoms excluded)

Validation split 742 images (hold-out external test set)

Table 5. External evaluation performance comparison on the independent PGUPharyngitis dataset

Method Acc (%) Prec (%) Recall (%) F1-score (%) AUC Spec (%) Params (M)

GhostNetV2 88.41 91.55 88.14 89.07 0.9124 88.78 6.2
CSWin Transformer 91.24 93.76 90.93 91.25 0.9387 91.67 23.4
ConvNeXt 92.32 94.51 92.09 93.51 0.9509 92.63 28.6
Focal Transformer 93.67 95.49 93.49 94.70 0.9622 93.91 28.9
Proposed Model 95.15 96.93 94.42 95.68 0.9722 94.55 15.3

report will include medically relevant information related to
no pharyngitis or pharyngitis. To include the retrieved medical
knowledge, we use retrieval-augmented generation, allowing us to
achieve context-aware recommendation generation. The integra-
tion facilitates the delivery of clinically useful information from
the classification output. Structured clinical report of medical
guidance that can help healthcare professionals with decision-
making. The classification, explainability, and recommendation
not only brings transparency but also boosts the clinical trust and
enables better practical usability of the proposed framework.

The proposed model is visualized using feature maps in
Figure 4, which gives an insight into the internal feature extrac-
tion process for the classification of pharyngitis. The feature
map shows the most significant parts of the image of the throat
that are involved in the classification decision. The model tar-
gets clinically relevant features, as shown by the high activation
regions in anatomical areas that are relevant to the disease. In
case of pharyngitis, the activation is limited to areas of appar-
ent inflammation, redness, and tonsillar swollen areas. These
areas correspond with clinical signs of pharyngitis seen on phys-
ical exam. The feature map illustrates the model’s ability to
focus and detect pathological areas without picking up irrelevant

background areas. This visualization shows that the features
learned by the model are consistent with the internal decision-
making process of the model and that the learned features
correspond to the clinical characteristics. Consequently, the fea-
ture map facilitates the interpretation of the model and enables
classification of pharyngitis in a way that is explainable (with
visual evidence of the model reasoning).

The Grad-CAM heatmap is displayed in Figure 5 along with
the image of the throat overlaid on the heatmap. Highlighted
areas are those that played an important role in the prediction
of the model, such as parts of the tonsillar region, posterior
pharyngeal wall and adjacent inflammatory mucosa. Clinically
plausible because erythema and swelling, or exudative appear-
ance are considered in the examination of the throat. But these
visual markers are not specific to a particular cause of pharyngitis
and can be present in bacterial, viral, inflammatory, and non-
infectious diseases. Grad-CAM is a coarse localization method,
that only provides a coarse, post hoc explanation of the location
of the model’s decision, and should not be interpreted as a causal
explanation or a lesion boundary. It is important to note that
an anatomically relevant region of activation in itself does not
prove the clinical accuracy of the prediction, since image contrast,
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Figure 4. LLM-generated clinical report showing predicted disease condition and treatment recommendation using retrieval-augmented
generation and Qwen large language model

cropping, illumination etc. may all be correlated with the region
of activation and cause it to appear in a different area. In this
study, quantitative localization in clinician annotated regions and
independent evaluation by otolaryngologists was not performed.
Thus, the Grad-CAM visualization should be used as a “trans-
parency” tool to look at how a model is behaving, but not as
absolute evidence of either its correctness or reliability in clinical
practice.

4.3. Potential domain shift and robustness under
real-world imaging conditions

The proposed model had an accuracy of 97.25% in internal
cross-validation on PGUPharyngitis dataset and an accuracy of
95.15% on the same dataset. This performance degradation might
be aligned with differences between the datasets, but domain
shift wasn’t explicitly measured. The cross-dataset performance
may be affected by differences in the model of the smartphone,

lighting, flash power, white balance, resolution of the image, com-
pression, cropping, distance between the patient and the camera,
angle of the camera, position of the tongue, saliva reflections,
patient characteristics, annotation protocols, or diagnostic crite-
ria. In addition, the internal dataset classifies no pharyngitis as
no pharyngitis, while PGUPharyngitis classifies it as either bacte-
rial or nonbacterial. The classification targets cannot be directly
equated with each other so the external analysis must be treated
with care and the handling process of the labels must be well
explained. There is some initial cross-dataset evidence of promise,
but this does not guarantee generalizability. Throat photographs
of real individuals may also have sub-optimal lighting, motion
blur, uneven lighting, or occlusion by the tongue or dental struc-
tures, may not show the entire pharyngeal area, may not be taken
from the correct angle or distance, may be compressed, and may
vary depending on the camera type. The rotation, flipping, and
augmentation in brightness during training only limitedly sim-
ulate variations in acquisition but does not set the robustness
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Figure 5. Feature map and overlay visualization highlighting model attention regions for explainable pharyngitis classification

under uncontrolled clinical/telemedicine conditions. It is therefore
important to take into account the development of automated
image quality assessment, the minimum visibility and sharpness
standards, rejection of poor quality images, uncertainty-based
abstention and inability to assess output, standardized instruc-
tions for image acquisition, and prospective testing with acquired
images in normal practice.

4.4. Reliability and maintenance of the RAG
knowledge base

The trustworthiness of the report generated by RAG will
also rely on the pertinence of the retrieved information and the
management of the knowledge base. In this prototype, the struc-
tured query is used to fetch contextual information from the
Qdrant vector database and the fetched content is provided to
the Qwen LLM to generate a report. This process might enhance
the context grounding, but retrieval does not ensure factual accu-
racy, clinical fullness, or freedom from errors associated with the
synthesis of language models. The output can still be affected
by irrelevant retrieval, missing evidence, conflicting recommenda-
tions and outdated clinical guidance. The knowledge base needs
to be limited to authoritative, verifiable, medical sources with
established source, publication and update dates, as well as ver-
sion information, prior to being used in clinical practice. It would
be necessary to have periodic medical examination, to replace
old guidance and re-index/re-embed as a result of source changes.

Retrieved-source identifiers, versions of the knowledge base, and
generated reports should also be kept for audit, and supporting
sources should be visible to the clinician who is reviewing the gen-
erated report. The output generated should not be prescriptive
and should not include recommendations for antibiotics or med-
ications without supporting evidence and should be reviewed by
humans before making impact on patient care.

5. Limitations and Future Work

The proposed structure is shown to be performing well for
automated classification of pharyngitis, but there are some limita-
tions that need to be taken into consideration. First, the number
of images in this dataset is 312, and the leakage-safe cross-
validation was used, but the robustness and representation ability
of the model may also be better with increasing the number of
images. Second, the present framework only uses throat images for
the classification. However, the use of image-based analysis alone
cannot give all the information that is necessary to make a diag-
nosis and use of other clinical data, like the patients’ symptoms
or history or laboratory findings, may still improve the diagnos-
tic accuracy and clinical relevance. Third, external validation with
independent data sets was not done; multi-center validation could
be useful to evaluate the generalizability of the proposed model in
other clinical settings. Besides that, the quality and completeness
of the knowledge retrieved from RAG is crucial to the recom-
mendations generated by the Qwen LLM. Thus, it is necessary
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to validate the clinical experts before implementing it in a real
clinical context to guarantee safety and appropriateness.

These limitations will be tackled, and the scope of the pro-
posed system will be expanded in future. Larger datasets and
a greater variety of datasets will be taken into consideration
for robustness and generalization. The framework can also be
expanded to include categorization of other throat diseases, other
than pharyngitis categorization. The system will be validated clin-
ically to assess it in real-life healthcare settings. Real time use will
be enabled by integration with clinical decision support platforms.
To make more improvements in RAG, the following develop-
ments will take place: Expert validated knowledge bases will be
developed to increase the reliability of recommendations. Fur-
thermore, multimodal information such as clinical symptoms and
patient data could be added to the future work that will enhance
the diagnostic support. These advancements will be expected to
increase the overall system reliability and usability in the clinic.

6. Conclusion

The presented study incorporated a research-stage frame-
work for automated binary pharyngitis screening with an image of
the throat, a dual-branch hybrid deep learning model, explainable
artificial intelligence, and clinical recommendation supporting via
RAG. The designed architecture integrates two types of visual
information through two stages: 1) the local feature extraction is
achieved by applying separable convolution and 2) the contextual
information is acquired by the attention mechanism. The frame-
work aimed to transcend the mere classification task and establish
an interpretable decision support process for initial pharyngitis
evaluation by incorporating more than just image classification,
encompassing image visualization and a Qwen LLM for recom-
mendations. The proposed model was tested on a set of 312 throat
images which were classified into no pharyngitis and pharyngitis
using leakage-safe 5-fold cross-validation. The model achieved an
accuracy of 97.25%, precision of 97.58%, recall of 97.43%, and
F1-score of 97.50%. The results show that the combination of
the two branches can successfully classify local and global fea-
tures in the images, and that this dual-branch model can be used
to learn discriminative features from the images that are relevant
to the pharyngitis screening problem, in the dataset evaluated.
Use of leakage-safe cross-validation further enhances the relia-
bility of the internal evaluation, as there is less risk of leakage
between train and test information. The framework not only clas-
sifies the images but also provides explainable artificial intelligence
for the purpose of identifying image areas that are important for
the model prediction. This visualization aspect enhances trans-
parency by enabling users to check if the model includes clinically
relevant areas in the throat. The RAG module then enhances the
system by using the Qwen LLM to retrieve the relevant medical
context and generate a constructed informational recommen-
dation report. This integrated design can aid clinician-reviewed
telemedicine triage or initial screening workflows, when well val-
idated. But these results need to be taken with a grain of salt.
The study was conducted with a small single public dataset,
and there was no external multi-center validation or prospective
clinician-reviewed testing. The proposed system will NOT make
clinical diagnosis, bacterial or viral etiology determination, antibi-
otic prescription or be a substitute for physician judgment. The
recommendations also need to be validated by medical experts in
order to be used clinically by the RAG. Future research is needed
to apply a larger and more diverse set of data, validate externally
across clinical environments, assess in a prospective fashion with

healthcare workers, and review the recommendation module by
experts. The system is not yet validated as a clinical diagnostic sys-
tem; it can be regarded as a simulation-based medical AI research
system until the process of validation is complete.
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