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Abstract

Background: Artificial intelligence (AI) is increasingly being integrated into clinical diagnostics; yet, its lack of transparency
hinders trust and adoption among health care professionals. The explainable artificial intelligence (XAI) has the potential to
improve the interpretability and reliability of AI-based decisions in clinical practice.

Objective: This study evaluates the use of XAI for interpreting radiology reports to improve health care practitioners’ confidence
and comprehension of AI-assisted diagnostics.

Methods: This study used the Indiana University chest x-ray dataset containing 3169 textual reports and 6471 images. Textual
data were being classified as either normal or abnormal by using a range of machine learning approaches. This includes traditional
machine learning models and ensemble methods, deep learning models (long short-term memory network), and advanced
transformer-based language models (GPT-2, T5, LLaMA-2, and LLaMA-3.1). For image-based classifications, convolutional
neural networks, including DenseNet121 and DenseNet169, were used. Top-performing models were interpreted using XAI
methods SHAP (Shapley Adaptive Explanations) and Local Interpretable Model-Agnostic Explanations to support clinical decision
making by enhancing transparency and trust in model predictions.

Results: The LLaMA-3.1 model achieved the highest accuracy of 98% in classifying the textual radiology reports. Statistical
analysis confirmed the model’s robustness, with Cohen κ (k=0.981) indicating near-perfect agreement beyond chance. Both the
chi-square and Fisher exact tests revealed a highly significant association between the actual and predicted labels (P<.001).
Although the McNemar Test yielding a nonsignificant result (P=.25) suggests a balanced class performance, the highest accuracy
of 84% was achieved in the analysis of imaging data using the DenseNet169 and DenseNet121 models. To assess explainability,
Local Interpretable Model-Agnostic Explanations and SHAP were applied to the best-performing models. These models consistently
highlighted that the medical-related terms such as “opacity,” “consolidation,” and “pleural” are clear indications for abnormal
findings in textual reports.

Conclusions: The research underscores that explainability is an essential component of any AI systems used in diagnostics and
is helpful in the design and implementation of AI in the health care sector. Such an approach improves the accuracy of the diagnosis
and builds confidence in health workers, who in the future will use XAI in clinical settings, particularly in the application of AI
explainability for medical purposes.

(JMIR Form Res 2025;9:e77482) doi: 10.2196/77482
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Introduction

Background
Artificial intelligence (AI) has the potential to significantly
improve diagnostic accuracy, efficiency, and reliability in
radiology. Traditional radiology relies heavily on the expertise
and subjective judgment of individual radiologists [1], which
can be inconsistent and limited when processing large volumes
of complex data [2]. AI methods can efficiently analyze vast
textual and imaging datasets, but their adoption in clinical
practice depends on transparency and interpretability, which
are critical for building trust among health care practitioners
[3]. This requirement has led to the development of explainable
artificial intelligence (XAI), which focuses on both predictive
performance and interpretability [4].

Radiology reports include textual narratives describing patient
conditions and medical images such as x-rays, CT scans, or
MRIs [5]. Most prior studies have analyzed either textual reports
or images independently, and multimodal approaches remain
limited and insufficiently interpretable. In this study, we analyze
text and images separately, applying XAI techniques to each
modality. This approach allows clinicians to understand the
features driving AI predictions in a modality-specific manner,
which is critical for accurate and trustworthy decision-making
[6-9].

For textual analysis, natural language processing (NLP) methods
extract clinically relevant information from radiology reports
[5]. XAI applied to text highlights keywords or phrases
influencing AI predictions, helping clinicians verify outputs
[10-12].

For image analysis, convolutional neural networks (CNNs)
identify critical visual features in radiology images [6-8]. XAI
techniques such as Local Interpretable Model-Agnostic
Explanations (LIME) or Grad-CAM (Gradient-Weighted Class
Activation Mapping) applied to images provide interpretable
visual explanations, allowing radiologists to assess the validity
of AI predictions [13,14].

Analyzing text and images separately offers several advantages.
It allows modality-specific insights, supports clinical education,
identifies rare or abnormal findings, and provides independent
evaluation of textual and imaging contributions to AI
predictions. By making AI outputs interpretable for each
modality, clinicians can validate AI suggestions against
established diagnostic protocols, improving both confidence
and clinical workflow integration [12-14].

In this research, we aim to evaluate the role of XAI models in
improving the trustworthiness and interpretability of textual
report classification and image analysis. We use NLP techniques
by using the up-to-date LLaMA-3.1 language model to classify
radiology reports into normal and abnormal categories,
achieving 98% accuracy. Statistical validation showed strong
model reliability, with a Cohen κ of 0.981 indicating perfect

agreement, and both chi-square and Fisher exact test revealing
a significant association (P<.001). For image analysis, we
fine-tuned a DenseNet169 model for image analysis and
resulting in an accuracy of 84%. By using these models, we
have created a strong approach to interpret radiological
information, benefiting from both text and image analysis
strengths. In this study, the modalities were analyzed separately
to allow clear modality-specific interpretability, which provides
a robust foundation for future multimodal frameworks. Such
frameworks can integrate textual and imaging features to more
closely replicate the complementary reasoning process used by
clinicians in practice. To enhance interpretability, we applied
SHAP (Shapley Adaptive Explanations) and LIME on the
best-performing textual and image models’outputs. These XAI
methods provide insights into how features (words or image
regions) influence the model’s decisions, allowing clinical
experts to assess whether the AI rationale aligns with clinical
reasoning.

The primary objective of this study is to evaluate the role of
XAI in enhancing transparency and trust in AI-assisted
diagnostics, with a focus on radiology reports and chest x-ray
images. Specifically, this study aims to (1) apply the
state-of-the-art deep learning as well as transformer models to
evaluate both text radiology reports and chest x-ray images
separately on the Indiana University dataset, (2) use SHAP and
LIME separately on the best performance models with text and
image modalities, (3) confirm clinical relevance of the
explanations (eg, the existence of such keywords as “opacity”
and “consolidation” in text and the identification of pathologic
areas on images), and (4) demonstrate explainability to improve
clinical trust, interpretability, and the potential acceptance of
AI in radiology.

Related Work
The use of AI in radiology has accelerated over the past few
years, with AI being able to assist clinicians in making decisions
by automatically interpreting images and analyzing the reports.
The traditional radiology workflow relies on the experience and
opinion of a radiologist; hence, it can lead to variability in
diagnostics and even result in a delay in diagnosis [15].

Image Analysis in Radiology
Deep learning, particularly CNNs, has shown remarkable
performance in detecting abnormalities in medical images. For
example, CheXNeXt applied a DenseNet121-based CNN to
identify pneumonia in chest x-rays, achieving accuracy
comparable to radiologists [16]. Grad-CAM, an XAI technique
for image data, generates heatmaps that highlight regions
contributing most to model predictions. It has been widely
applied in medical imaging tasks, including tuberculosis, breast
cancer, and pneumonia detection, providing clinicians with
insights into whether models focus on anatomically and
diagnostically relevant areas [17].
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Despite these advancements, most XAI methods for imaging
focus on local explanations rather than providing a global
understanding of model behavior. Moreover, few studies
integrate image XAI with textual analysis, and clinical validation
remains limited.

Textual Analysis in Radiology
Parallel to image analysis, NLP has advanced the interpretation
of radiology reports. Early approaches, such as bag-of-words
or TF-IDF (term frequency–inverse document frequency)
combined with support vector machines (SVMs) and logistic
regression (LR), could not capture contextual relationships [18].
Deep learning models, including recurrent neural networks
(RNNs) and bidirectional long short-term memory networks
(Bi-LSTMs), improved performance by modeling sequential
dependencies in clinical narratives. The advent of
transformer-based models, such as Clinical-BERT (Bidirectional
Encoder Representations from Transformers) and Bio-BERT,
further enhanced text understanding by leveraging pretraining
on biomedical corpora [19,20]. The newest large language
models (LLMs), including GPT-2, T5, LLaMA-2, and
LLaMA-3.1, demonstrate strong generalization across medical
domains with minimal fine-tuning, enabling accurate report
classification and information extraction [20].

XAI has emerged to address the critical limitation of deep
learning models: the lack of interpretability. SHAP assigns
feature importance scores using cooperative game theory, while
LIME provides local approximations for individual predictions
[21,22]. SHAP has been applied to tasks such as sepsis
prediction [23], whereas LIME has facilitated clinical validation
of NLP models on pathology reports [24]. However, most
studies provide explanations for individual predictions only,
without offering a global understanding of model behavior.

Limitations and Research Gaps
Along with these advancements, the given approaches face
several issues. The majority of XAI provide explanations for
individual predictions but fail to provide a global perspective
on model behavior. Most of the research focuses on text or
images without combining both XAI methods. Finally, there is
not much clinical validation of XAI systems yet because many
studies focus on technical evaluation instead of how well they
work in the real world and how well health care professionals
accept them [25].

The existing studies reveal the gap in the lack of systematic
application and validation of multiple XAI methods, both to
textual and image-based radiology data, and the use of the same
dataset, although SHAP and LIME, their comparative
performance and compatibility with clinical knowledge are
under discussion in an integrated environment. Besides, the
results of new transformer models were released recently (such
as LLaMA-3.1), when applied to clinical NLP problems,
specifically explainability. Additionally, statistical validation
is used to check how good a model is, which helps make sure
that AI solutions for health care are reliable.

Methods

Study Design
This study followed a structured methodology comprising
several steps, beginning with data acquisition and preprocessing,
followed by model training for textual and image data
separately, and concluding with the XAI technique to interpret
the results. This study was conducted in line with the
TRIPOD+AI (Transparent Reporting of a multivariable
prediction model for Individual Prognosis Or
Diagnosis–Artificial Intelligence) guidelines (checklist provided
in Multimedia Appendix 1).

Dataset Description
For this study, the dataset was sourced from the Indiana
University chest x-ray collection made available in part by the
National Library of Medicine’s Open-I program [26-29]. The
dataset contains both text-based clinical radiology reports and
their associated imaging reports. The reports have been coded
into normal and abnormal with the assistance of the MeSH
(Medical Subject Headings) keyword. At the beginning of this
work, the internal dataset consisted of 3955 samples of textual
radiology reports. After a thorough data preprocessing, 3169
samples were left, with 2535 used for training and 634 for
testing. For the image dataset, 7470 images were acquired in
the first stage, but after duplicates and deficits in the sample
designs were removed, 6471 samples were retained. These were
further subdivided into 5177 images for training and 1294
images for testing. All images belong to a set of x-ray reports
and are in PNG graphical format. A sample dataset is shown in
Figure 1.
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Figure 1. A chest x-ray image and its report with findings and impression.

Preprocessing

Preprocessing for Textual Reports
Processing of text data included removal of duplicate reports
and then their tokenization, where individual sentences were
broken down into smaller tokens that are words, with the help
of the NLTK library. The next step performed on the text was
to make it in lower case, to remove stop words using the NLTK
English stop-word list, and lemmatization using
WordNetLemmatizer to make sure that the data was preserved
and enhanced for NLP tasks.

Preprocessing for Image Reports
For image data preprocessing, all the images were adjusted to
255×255 pixels by using bilinear interpolation to ensure
standardization across the dataset. The pixel values were
normalized in the range 0, 1 (binary) to enhance model
efficiency, and repeated diagnostic reports were removed.

Textual Reports Classification Models
Several classification methods were used in this task on the
textual resource [30], among them it is worth mentioning that
SVM classifier is for classes separation, LR is where binary
response is examined, naïve bayes is commonly used for
classification with probabilities of being in certain class,
AdaBoost is for boosting weak classifiers, decision trees is for
the processing of decisions, k-nearest neighbor (KNN) is for
working with classification by proximity, random forest is when
there are large amounts of data, and multilayer perceptron uses
neural networks for forecasting. To enhance the performance
of machine learning models, we applied ensemble techniques,
specifically hard and soft voting classifiers, by aggregating the
predictions of multiple machine learning models. In the hard
voting approach, each model casts a single vote for the predicted
class label, and the final decision is made by majority voting.
While soft voting, the classifier outputs class probabilities

instead of discrete predictions, and these predictions are
averaged, and the class with the highest average probability is
selected for the final decision. Four deep learning architectures
were put into place, in particular, RNNs aimed at learning inputs
sequentially, as well as the Bi-LSTM model based on
transformer, incorporating sequential learning and contextual
embedding in actual classification of texts [31]. In this study,
transformer models were used: BERT, RoBERTa (Robustly
Optimized Bidirectional Encoder Representations from
Transformers Pretraining Approach), ALBERT-base-v2 (A Lite
Bidirectional Encoder Representations from Transformers), and
DistilBERT (Distilled Version of Bidirectional Encoder
Representations from Transformers) to analyze confidence
levels in radiology reports. BERT has been effective in
improving the detection of abnormalities by incorporating
terminologies and contexts related to the medical field.
RoBERTa and ALBERT base version 2 aided in the detection
of preabnormalities by pretraining and optimizing power related
to computational detection [32]. The availability of DistilBERT
further enhanced the efficiency of the clinical decision-making
system.

Strengths of various LLMs were also studied, with an emphasis
on understanding and rating the degree of abnormalities that
could be identified in radiological reports. The models included
were XLNet, T5, GPT-2, LLaMA-2, and LLaMA-3.1. The
XLNet model improved understanding of language using
autoregressive pretraining, along with capturing bidirectional
context, while the T5 model treated individual tasks of NLP as
problems of converting text into text. GPT-2 was quite rapid in
natural language generation, and LLaMA-2 and LLaMA-3.1
further advanced this capacity and trained on high volumes of
data, performing language tasks of high complexity. Each model
was fine-tuned with tailored hyperparameters as summarized
in Table 1 to ensure fairness in evaluation rather than
one-size-fits-all approaches.

JMIR Form Res 2025 | vol. 9 | e77482 | p. 4https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 1. Summary of models, definitions, and hyperparameter configuration.

Purpose of the studyKey parametersDefinitionModel

Baseline classifier for comparison.Solver=‘liblinear’, C=1.0, max_iter=1000Linear model estimating probabili-
ties using a logistic function.

Logistic regression

Robust baseline to handle nonlineari-
ties.

n_estimators=200, max_depth=20, criteri-
on=‘gini’

Ensemble of decision trees using
bagging and feature randomness.

Random forest

Simple interpretable model for bench-
marking.

max_depth=15, min_samples_split=2Tree-based model splitting data by
features iteratively.

Decision tree

Strong baseline for high-dimensional
text features.

kernel=‘rbf’, C=2.0, gamma=‘scale’Finds a hyperplane maximizing the
margin between classes.

SVMa

Benchmark nonparametric learner.n_neighbors=7, metric=‘minkowski’Classifies samples by majority vote
of nearest neighbors.

KNNb

Boosting baseline for imbalanced
classes.

n_estimators=150, learning_rate=0.5Boosting weak learners sequentially
to minimize errors.

AdaBoost

Captures nonlinear text or image rela-
tions.

hidden_layers=(256,128), activation=‘relu’,
optimizer=Adam(lr=0.001), epochs=30

Feedforward neural network with
multiple layers.

MLPc

Classic text classification baseline.MultinomialNB(alpha=1.0)Probabilistic model assuming fea-
ture independence.

Naïve bayes

Ensemble stability.Weights tuned based on validation accuracyCombines model probabilities for
the final prediction.

Soft voting

Ensemble diversity.Equal weightCombines model class labels by
majority voting.

Hard voting

For image or text local feature extrac-
tion.

filters=128, kernel=3, optimizer=Adam(lr=1e-
4), dropout=0.5

Convolutional layers capture spatial
or textual patterns.

CNNd

Sequential feature modeling in text.hidden_units=128, dropout=0.3, optimiz-
er=Adam(lr=1e-3), epochs=20

Sequential model capturing long-
term dependencies.

LSTMe

Improved sequential modeling.hidden_units=128, dropout=0.3Processes sequences forward and
backward for a richer context.

Bi-LSTMf

Efficient sequential modeling.hidden_units=128, dropout=0.3Simplified LSTM with fewer param-
eters.

GRUg

Baseline sequential learning.hidden_units=64, optimizer=Adam(lr=1e-3)Basic recurrent network for sequen-
tial data.

RNNh

Contextual embeddings for text.batch_size=16, lr=2e-5, epochs=3Transformer model pretrained on
bidirectional context.

BERTi

Better optimization for text classifica-
tion.

lr=2e-5, batch_size=16, epochs=3Robustly optimized BERT variant.RoBERTaj

Efficient transformer baseline.lr=3e-5, batch_size=32, epochs=4Lightweight distilled version of
BERT.

DistilBERTk

Memory-efficient transformer.lr=2e-5, epochs=3Parameter-sharing optimized BERT
variant.

ALBERTl

Strong baseline for sequential tasks.lr=2e-5, batch_size=8, epochs=3Autoregressive transformer captur-
ing bidirectional context.

XLNet

Used for generative evaluation of re-
ports.

lr=1e-5, epochs=3, adapter-tuningTransformer-based generative lan-
guage model.

GPT-2

For sequence-to-sequence modeling.lr=3e-5, epochs=3, batch_size=16Text-to-text transformer for multiple

NLPm tasks.

T5

Efficient fine-tuning on radiology text.LoRA/QLoRA fine-tuning, rank=8, α=16,
lr=2e-4

Lightweight LLMn optimized for
research tasks.

LLaMA-2

Advanced LLM for domain text analy-
sis.

QLoRA fine-tuning, rank=8, 4-bit quantization,
lr=2e-4

Latest LLaMA with enhanced rea-
soning.

LLaMA-3.1

aSVM: support vector machine.
bKNN: k-nearest neighbor.
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cMLP: multilayer perceptron.
dCNN: convolutional neural network.
eLSTM: long short-term memory network.
fBi-LSTM: bidirectional long short-term memory network.
gGRU: gated recurrent unit.
hRNN: recurrent neural network.
iBERT: Bidirectional Encoder Representations from Transformers.
jRoBERTa: Robustly Optimized Bidirectional Encoder Representations from Transformers Pretraining Approach.
kDistilBERT: Distilled Version of Bidirectional Encoder Representations from Transformers.
lALBERT: A Lite Bidirectional Encoder Representations from Transformers.
mNLP: natural language processing.
nLLM: large language model.

Images Reports Classification Models
Three traditional classification algorithms were used on the
analyzed image data; SVM was used for optimal class
discrimination, and LR was applied for class probabilities
estimation, with random forest assisting in 50,000 structures,
limiting the over-fitting problem [26]. For deep learning, several
models were fine-tuned [27], including ResNet50, ResNet152,
EfficientNet B7, VGG16, DenseNet121, DenseNet169, and
used their architecture for sharper feature extraction. In order
to enhance the interpretability of model outputs, techniques of
XAI LIME and SHAP were used [28] on the best model results
for textual and image reports. With the help of such models,
the reasons behind the AI classification were made clear to
researchers and medical professionals, so that AI decisions
would not contradict their clinical findings. These explanations
were generated from input text and model output probabilities,

helping to determine which specific terms triggered normal and
abnormal findings. For image data, we use LIME on the
pixel-level input features to generate heat maps highlighting
the most significant region influencing the DenseNet169 model
decisions. This visualization allowed us to verify whether the
model focuses on clinically relevant areas of chest x-rays. It
was shown that by incorporating image analysis in addition to
text analysis, a powerful method was developed that takes the
advantages of both modalities. Models developed within the
unified framework significantly outperformed their individual
counterparts in terms of diagnosis accuracy and interpretability
on a diverse dataset of radiology reports. Such an approach
demonstrates how XAI can bring the operational aspects of
sophisticated AI models into a clinic and improve diagnosis
and patient outcomes. Table 2 details the optimization strategies
and hyperparameter configurations for image classification data
to ensure fair and robust performance comparisons.

Table 2. Fine-tuning and hyperparameter settings for image models.

Key hyperparametersDefinitionModel

C=0.1-10, Solver=lbfgs, Max iter=100Linear classifier predicting probabilities from weighted
features.

Logistic regression

C=0.1 Kernel=linear, Gamma=scaleFinds optimal margin separating classes in feature space.SVMa

Trees=100, Max depth=50, Min split=2An ensemble of decision trees aggregating predictions.Random forest

Input=255×255, Batch=32, LR=2e-5, Epochs=10Learns hierarchical spatial patterns from images.CNNb

Pretrained, LR=2e-5, Batch=16, Epochs=3, Fine-tune last
3 layers

Deep residual network with skip connections.ResNet50/152

Pretrained, LR=2e-5, Batch=16, Epochs=30Scales network depth, width, and resolution efficiently.EfficientNet B7

Pretrained, LR=2e-5, Batch=32, Epochs=30, Dropout=0.5Sequential convolutional network with uniform architecture.VGG16

Pretrained, LR=2e-5, Batch=16, Epochs=30, Dropout=0.5,
Fine-tune last dense block

Densely connected layers promote feature reuse.DenseNet121/169

aSVM: support vector machine.
bCNN: convolutional neural network.

XAI Methods
XAI methods SHAP and LIME were applied to textual and
image reports for the best-performing models to ensure
transparency. This study did not yet implement a joint
multimodal model; instead, each modality was analyzed
independently to provide a foundation for future integration.

About LIME
To explain individual predictions, LIME uses an interpretable
model that estimates the model locally.

LIME gives weight to particular words that have an impact on
categorization for text. For images, it emphasizes the
super-pixels that have a high impact on the prediction.
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About SHAP
SHAP uses Shapley values of cooperative game theory to
explain how each feature affects the outcome of any model. In
the case of text classification, for example, normal and abnormal
radiology reports, SHAP can be used to display how individual
words can contribute to the estimated class. Positive values of
SHAP increase the probability of the predicted class, whereas
negative values move the prediction toward the alternative one.
In the case of image-based models, SHAP can analyze the
importance of regions of the image by assessing the variation
in the probability of prediction when a region is masked.

Evaluation Metrics
The performance evaluation metrics for the classifiers for this
work are evaluated on the basis of precision, recall, F1-score,
and accuracy.

Accuracy is the proportion of all correct predictions (true
positives and true negatives) out of the total predictions.

Accuracy=(TP + TN)/ (TP + TN + FP + FN)

Where TP are the number of true positive classes, TN are the
number of true negative classes, FP are the number of false
positive classes, and FN are the number of false negative classes.

Recall is defined as the proportion of true positive predictions
out of all actual positives.

Recall=TP/ (TP + FN)

Precision is the proportion of true positive predictions out of
all positive predictions made.

Precision=TP/ (TP + FP)

F1-score is the harmonic mean of precision and recall, balancing
the two.

Statistical Tests
Different statistical tests were performed on the confusion
matrices for best best-performing models for images and text
data to validate the significant performance of the models.

Cohen κ test is used to measure the interrater agreement between
the model predictions and ground truth, which can be computed
as:

Kappa=(observed agreement − expected agreement)
/ (1 − expected agreement).

To calculate the significant relationship between actual labels
and predicted labels, we used the chi-square test.

Chi-square=sum of [(observed − expected)2/
expected].

The Fisher exact test is an alternative to the chi-square test. It
is used when the samples are smaller in size, and it calculates
the probability of being as extreme as you can by considering
the null hypothesis as true.

The McNemar test measures the performance of 2 models on
the same dataset with the formula:

(|b − c| − 1)2 / (b + c), where b and c are counts for
disagreements.

To statistically validate the performance of the best-performing
models, multiple tests were applied to their confusion matrices.
Cohen κ was used to measure agreement between the model
predictions and the ground truth, accounting for agreement that
could occur by chance, which is particularly important in
datasets with class imbalance. Chi-square and Fisher exact tests
assessed whether there was a significant association between
predicted and actual labels, with Fisher Exact applied in cases
of small sample sizes to ensure validity when some confusion
matrix cells had low counts. The McNemar test was used to
compare paired model predictions on the same dataset, focusing
on the counts of disagreements to determine whether one model
significantly outperformed another. These tests served as
complementary validation to accuracy and F1-scores, confirming
consistency and ruling out random agreement. Their interpretive
value is supportive rather than providing new insights.

Ethical Considerations
This study did not involve direct interaction with human
participants. We used the public dataset Indiana University
Chest x-ray dataset, which consisted of radiographic images
and associated reports. The dataset documentation states that
all of the data was completely anonymized before being made
public, and additionally does not require any more ethical
approval. Consequently, informed consent, compensation, and
institutional review board approval did not apply to this study.

Results

Results for textual data and image data were calculated
separately by applying different models.

Models Results for Textual Reports
The analysis of text-based radiology machine learning classifiers
and ensemble methods revealed significant performance
differences across the classifiers. In this research, we evaluate
the various machine learning, deep learning, transformers, and
LLMs for textual radiology reports performance as shown in
Table 3. The performance evaluation metrics for the classifiers
for this work were evaluated based on precision, recall, F1-score,
and accuracy.
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Table 3. Classification algorithms’ performance metrics for textual data.

Accuracy (%)F1-score (%)Recall (%)Precision (%)Models

WeightedMacroWeightedMacroWeightedMacro

94949194889495Logistic regression

92928892859393Random forest

88888388838883Decision tree

94949194899494SVMa

81827781838675KNNb

91908691839189AdaBoost

93939193909391MLPc

92928892859293Naïve bayes

95949395919596Soft voting

95949295899596Hard voting

92949395929593CNNd

95959495919595LSTMe

96969696929696Bi-LSTMf

95969295919594GRUg

94949294929492RNNh

95959395949592BERTi

96969696969696RoBERTaj

95959395949693DistilBERTk

96969696969696ALBERTl-base

96969596959694XLNET

96969496949693GPT-2

97979697959695T5

98989898989898LLaMA-2

98999899989998LLaMA-3.1

aSVM: support vector machine.
bKNN: k-nearest neighbor.
cMLP: multilayer perceptron.
dCNN: convolutional neural network.
eLSTM: long short-term memory network.
fBi-LSTM: bidirectional long short-term memory network.
gGRU: gated recurrent unit.
hRNN: recurrent neural network.
iBERT: Bidirectional Encoder Representations from Transformers.
jRoBERTa: Robustly Optimized Bidirectional Encoder Representations from Transformers Pretraining Approach.
kDistilBERT: Distilled Version of Bidirectional Encoder Representations from Transformers.
lALBERT: A Lite Bidirectional Encoder Representations from Transformers.

Soft voting and hard voting classifiers reported the highest
precision of 96% and accuracy of 95%, thus the most reliable
approaches within the current study scope. LR and SVM were
also quite efficient, attaining scores of 94% for both. However,
KNN performed the least with an accuracy of 81%. As a rule,
the combined classifier approaches, in comparison to the

singular classifiers, were more effective, giving improved
precision, recall, and F1-scores. From the deep learning
perspective, the Bi-LSTM model was ranked first among the
models with a macro precision of 96%, macro recall of 92%,
macro F1-score of 96%, and an accuracy of 96%. However,
among the deep learning algorithms, the RNN model was the

JMIR Form Res 2025 | vol. 9 | e77482 | p. 8https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


least performing. For transformer-based models, RoBERTa and
ALBERT-base achieved the best performance measures with
macro precision, macro recall, macro F1-score, and accuracy
all at 96%. DistilBERT worked well but not quite as
successfully, with a macro precision score of 93% and accuracy
of 95%. Table 3 shows that LLaMA-3.1 performed the best
with macro-precision, macro-recall, and macro F1-score of 98%,
weighted F1-score 99% in addition to 98% accuracy. Our results
outperform those reported by Wiggins et al [29], demonstrating
improved accuracy and overall performance because LLaMA-3
has a larger capacity and optimized transformer architecture,
which capture complex patterns and long-range dependencies.
Its pretraining on a massive, diverse corpus, combined with
domain-specific fine-tuning and careful hyperparameter
optimization, enhances understanding of clinical terminology

and report structure. Additionally, LLaMA-3 efficiently handles
longer sequences, resulting in higher accuracy and stronger
agreement with ground truth.

The LLaMA-2 followed with an accuracy of 98%, macro
F1-score of 98%, and weighted F1-score 98%. T5 came next
with 97% accuracy, while the performance of both XLNET and
GPT-2 was on par with 96% accuracy. The above results suggest
that the new approach goes a notch higher in performance than
previous studies, making remarkable improvements in the
accuracy and overall performance of the system.

Models’ Results for Image Reports
To classify the image data for radiology reports, we applied
machine learning and deep learning algorithms, and the results
are shown in Table 4.

Table 4. Classification algorithms’ performance metrics for radiology image data.

Accuracy (%)F1-score (%)Recall (%)Precision (%)Models

WeightedMacroWeightedMacroWeightedMacro

66666566656766Logistic regression

65656465646563SVMa

59595659545955Random forest

64646364626460CNNb

64646264616361ResNet50

72727172707271ResNet152

64646362616461EfficientNet B7

81818080808180VGG16

84848283828481DenseNet121

84848283828481DenseNet169

aSVM: support vector machine.
bCNN: convolutional neural network.

The machine learning classifiers for image data showed in Table
2 that LR outperformed SVM and random forest models; LR
with an accuracy of 66%, macro precision of 66%, macro recall
of 65%, and macro F1-score of 65%. Among the deep learning
classifiers, EfficientNet B7 achieved a notable accuracy of 72%,
macro precision of 71%, macro recall of 70%, and macro
F1-score of 71% and obtained more results than ResNet50 and
ResNet152. The highest performance was seen with
DenseNet169 and DenseNet121, which reached an accuracy of
84%, macro precision of 81%, macro recall of 82%, and macro
F1-score of 82%, highlighting their superior capability in
handling complex image data. In our study, the performance
benchmarks for image analysis have been significantly improved
compared to previous research, which reported an accuracy of
79.16% [27]. We fine-tuned the DenseNet169 on our specific
radiology image dataset, allowing the model to adapt its feature

representations to the unique characteristics of the data. Key
hyperparameters, such as learning rate, batch size, number of
frozen layers, and optimizer settings, were systematically tuned.
We used some of the same models as the prior study but
incorporated additional techniques such as random crops, flips,
and color adjustments to enhance model generalization. These
techniques have led to a substantial improvement in our results.

Statistical Analysis for Textural Reports
The classification performance of the top model LLaMA-3.1
was evaluated using a confusion matrix, as shown in Figure 2.
The confusion matrix offers a comprehensive perspective of
the model’s predictions, particularly its ability to classify 2
target classes, normal and abnormal. Of 634 cases, 500 were
classified as normal (true positive) and 114 as abnormal (true
negative); only 20 samples were classified as missed. The
overall metrics for models are calculated as shown in Figure 2.
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Figure 2. Shown is the best confusion matrix for the best-performing model LLaMA-3.1 for textural radiology reports.

To evaluate whether the model errors are symmetrically
distributed between false positives and false negatives, different
statistical tests were applied as shown in Table 5, which include
the McNemar test, chi-square test, Cohen κ test, and Fisher
exact test. These tests provide complementary validation of the
confusion matrix results. Cohen κ confirmed strong agreement
beyond chance, while chi-square and Fisher exact indicated

significant associations between predictions and ground truth.
The McNemar test showed balanced errors between classes.
While these results are consistent with the accuracy and
F1-scores, they do not provide independent evidence of clinical
utility but rather confirm the robustness of the model’s
performance on this dataset.

Table 5. Statistical significance tests for top top-performing model LLaMA-3.1.

InterpretationP valueValueFormulaTest

0.25.62—aχ² = ((|b − c| − 1)²) / (b + c)McNemar test

Strong dependence between predicted and
actual classes

<.001Very high (≫1000)χ² = Σ((O – E)² / E)Chi-square test

Perfect agreement beyond chance—κ = 0.981κ = (Po – Pe) / (1 – Pe)Cohen κ test

Significant association between actual and
predicted

<.001—Based on hypergeometric
probability

Fisher exact test

aNot available.

Table 5 provides a set of statistical tests used to evaluate the
performance of the LLaMA-3.1 model in classifying normal
and abnormal instances. The McNemar test, with a P value of
.25, shows that there may be no statistically huge difference
among the types of classification errors made by the model.
The chi-square test yielded very high test statistics with a P
value less than .001, strongly indicating a significant association
between actual and predicted labels. In other words, the model
predictions are highly aligned with ground truth labels.

Additionally, the Cohen κ score from Table 3, 0.981,
demonstrated near-perfect agreement between the model
prediction and actual labels. This reflects a very high level of
consistency and reliability in the model classification
performance. Finally, Fisher exact test, which is used in full for
small sample sizes, also yielded a significant P value (<.001),
further confirming the model’s predictive performance is
statistically significant. Overall, all 4 tests collectively suggest
that LLaMA-3.1 is a highly accurate and dependable model for
classifying normal and abnormal case reports.
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Error Analysis for Image Reports
As illustrated in Figure 3, the DensetNet169 confusion matrix
shows that the model correctly classifies 788 abnormal and 431

normal cases. However, it misclassifies 125 normal cases as
abnormal (false positives) and 150 abnormal cases as normal
(false negatives).

Figure 3. Shown is the best confusion matrix for the best-performing model, DenseNet169, for images of radiology reports.

These results highlight the model’s effectiveness in identifying
abnormal instances with high precision.

Results for XAI
To enhance the interpretability of our AI models used for
classifying both textual radiology reports and image data, we
used XAI techniques LIME and SHAP on the best results
models for textual and image test data. These techniques provide
detailed justifications of the parts or regions that influenced the
model’s decisions, making the AI’s classifications more
transparent and easier to understand for researchers and medical
experts.

In Figure 4, an interpretation analysis of LIME for a radiology
sample report is given. The LIME model places a high
probability of 0.76 that the report would be abnormal and 0.24
as to whether it would be normal. The result of this classification

is critical in the clinic, where a wrong diagnosis may result in
inappropriate treatment or a failure to diagnose a health issue.
In blue, words such as spine, thoracic, chest, and degenerative
have been included as the most influential features toward the
abnormal prediction of the model. These terms are usually
associated with structural or pathological observations, which
substantiate the choice of the model and agree with the common
radiological signs of abnormal results. Conversely, words such
as “normal” and “no,” in orange color, are related to the normal
class. These words can indicate the lack of findings, which
justifies the lower probability assigned to the normal class. The
highlighted text at the bottom of the figure further refines how
these words are distributed throughout the radiology report,
offering a transparent view of how a model intercepts the
context. This is essential for clinical explainability, allowing
radiologists to verify whether the model predictions are
grounded in medically relevant features.
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Figure 4. LIME results for abnormal radiology report. LIME: Local Interpretable Model-Agnostic Explanations.

Figure 5 illustrates a radiology report interpretation where LIME
assigns a high probability of 0.96 to the normal class, with only
0.04 probability for the abnormal class. This strongly indicates
the model’s confidence in classifying this report as a normal
radiology finding. Words such as “normal,” “no,” and “acute”
highlighted in orange significantly contributed to the normal
classification. These terms repeatedly appeared in the report
and reflect the absence of any abnormal findings. These are the
typical language cues that radiologists use to confirm the normal
case, and the model successfully aligns its prediction with them.
Terms such as “tissues” are highlighted in blue, suggesting a
minor contribution to the abnormal findings. The lower part of

Figure 5 provides a visualization of how these words are
distributed across the textual report. This helps interpret the
reasoning behind the model decision, showing the model
appropriate weight on reassuring normal findings while
discounting potentially ambiguous terms. This level of
interpretability is crucial in the clinical domain, as it allows
health care professionals to audit the model’s reasoning and
ensure alignment with medical judgments. Figure 5 not only
confirms the model accuracy but also validates its
decision-making process in handling routine, noncritical
radiology reports.
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Figure 5. LIME results for a normal radiology report. LIME: Local Interpretable Model-Agnostic Explanations.

Figure 6 illustrates the contribution of different input features
to the predictions of a model regarding normal versus abnormal
medical reports. These plots serve as a powerful, interpretable
tool, offering a fine-grained look at the model reasoning process
for specific radiology reports. In Figure 6A, the SHAP plot
shows that overall prediction is skewed toward the abnormal
finding, with the base value of –0.888 indicating the model’s
confidence in this outcome. Keywords such as “pneumothorax”
and “effusion” are highlighted in red, which indicates positively
toward the abnormal classification. Meanwhile, the terms
“lungs” and “heart” appear in blue, opposing the abnormal
prediction. Despite the presence of some reassuring words, the

presence of abnormality-related terms dominates, driving the
model’s final decision, and also the base value of prediction
starts at around –0.9, indicating a strong likelihood of an
abnormal report. In Figure 6B, the base value starts near 0,
showing a more balanced prediction. SHAP base value starts
at around –0.046, and the prediction is very close to 0. Features
such as “lungs,” “bilaterally cardiac,” “vasculature,” and
“cardiopulmonary abnormality” also push the prediction for the
normal, which are highlighted in blue. In contrast, terms such
as “bony” and “abnormality” contribute toward the label
abnormal, but not strongly enough to influence the outcome
significantly.
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Figure 6. SHAP results for (A) normal and (B) abnormal radiology reports. SHAP: Shapley Adaptive Explanations.

Figure 7 presents the LIME analysis, visualizing regions in
medical images contributing to the prediction of normal and
abnormal reports. The left side displays a normal image, where
red and green areas represent parts of the image that the model
considered significant for identifying a normal image. The red
area may seem important, but the model correctly identifies its
normal image. On the right-hand side, the abnormal image

highlights regions contributing to the abnormal prediction, with
more red areas indicating potential issues. The yellow outlines
show the border of these influential areas. LIME visualizes these
explanations by segmenting the image and showing how much
impact the model decision has, providing insight into why the
model made its prediction for normal and abnormal findings.

Figure 7. LIME explanation for the normal and abnormal image reports dataset. LIME: Local Interpretable Model-Agnostic Explanations.
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Enhancing Clinical Utility With XAI
SHAP and LIME were used to interpret model outputs; they
serve other purposes, too. In clinical practice, radiologists often
face ambiguous cases where features are overlapping, such as
early signs of pneumonia and mild pulmonary edema. With
SHAP, global and local feature importance gives radiologists
the ability to view text or images as phrases, “increased opacity,”
and “no acute findings” that triggered the AI’s decision. This
indicates whether the model is leveraging medically applicable
regions as opposed to irrelevant, misleading ones. SHAP, for
example, helped confirm that model bias due to excess reliance
on template phrases was not classified too heavily using them.
LIME, on the other hand, gave out local explanations that were
more intuitive by showing the words or pixels that were decisive
for the model’s decision, aiding in false positive or negative
detection. The information allows radiologists to trust or contest
AI’s outputs, reducing uncertainty in diagnostics and increasing
confidence in informed decisions, especially in nuanced
situations where clinical discretion is pivotal.

Complementary Roles of SHAP and LIME
To enhance the transparency of model prediction, we used each
SHAP and LIME, which serve complementary roles in
explaining AI version behavior, while each methods’ intention
was to interpret complicated machine learning outputs.

SHAP is based on the game theory idea and provides both local
and global explanations by calculating the contribution of each
feature to the final prediction using Shapley values. It guarantees
consistency and a clear mathematical basis, which makes it
useful for knowing how a model behaves throughout the whole
dataset and identifying the maximum influential functions as
usual. LIME, in comparison, specializes in local interpretability
by constructing an interpretable linear model around a single
prediction to explain the results. It is especially intuitive and
beneficial for explaining individual instances, specifically
misclassifications or borderline selections, showing which
functions contributed at maximum to that prediction.

Using both models allowed us to provide a comprehensive
explanation of the model’s decision-making process. SHAP
summarized feature importance and overall model reliability,
while LIME provided explanations for individual clinical
predictions in a human-readable format. This dual approach
enhances clarity and transparency, particularly for readers or
clinicians who may not be familiar with the inner workings of
the algorithm. Moreover, while recognizing prevailing trends,
we acknowledge their validity in the context of real-world
diagnostic applications.

Discussion

Principal Findings
This study benchmarked multiple machine learning, deep
learning, and transformer models for radiology report and chest
x-ray classification, with interpretable models. For textual
radiology data, ensemble methods, particularly soft and hard
voting classifiers [33], outperformed individual machine learning
algorithms [34]. Clinically, this suggests that combining multiple
models can produce more reliable predictions, reducing the

likelihood of errors from a single classifier [35]. These results
are consistent with previous research demonstrating the benefits
of ensemble strategies for improving the robustness and
performance of recognition systems [36].

For deep learning models, Bi-LSTM [37] efficiently captures
sequential dependencies in radiology reports, allowing better
contextual understanding of clinical narratives.
Transformer-based models such as RoBERTa and
ALBERT-base [38] also showed improved performance with
domain-specific fine-tuning [39], highlighting that incorporating
radiology-specific knowledge enhances both accuracy and
interpretability. These models could help clinicians by efficiently
summarizing complex report content and identifying subtle
patterns, thereby reducing cognitive load and potential human
error.

Among the evaluated models, LLaMA-3.1 showed the strongest
overall performance. Its value lies not only in accuracy but in
producing clinically relevant and interpretable predictions when
paired with SHAP and LIME [40,41]. These models have the
potential to assist in routine diagnostic tasks where high
precision and interpretability are crucial, increasing clinicians’
trust in AI-assisted decision-making. This emphasizes the need
to adapt AI tools for specialized medical applications, ensuring
their safety and effectiveness in clinical practice [42]. The future
of AI in radiology also promises faster disease recognition,
more personalized treatment recommendations, and improved
patient outcomes [43].

Regarding imaging data, while traditional machine learning
classifiers such as SVM [44] performed reasonably well, they
could not match the performance of specialized CNN
architectures such as EfficientNet B7 [45] and DenseNet169
[46]. DenseNet169 demonstrates the advantage of deep learning
in extracting hierarchical and nuanced features from complex
medical images, improving diagnostic accuracy.

SHAP and LIME [47] generated explanations that highlighted
plausible clinical terms and regions. However, their relevance
to practicing radiologists remains untested. Clinical trust cannot
be assumed, and structured evaluations with radiologists are
required to confirm whether these explanations enhance
diagnostic confidence, efficiency, and decision-making.

Although our results demonstrate strong technical performance
and interpretable output, their impact on real-world radiology
workflows remains untested. In practice, clinical adoption
depends not only on accuracy but also on whether AI
explanations can integrate seamlessly into existing reporting
systems, save time, or improve decision-making under time
constraints. These aspects were beyond the scope of this study
but are critical for clinical translation.

Limitations
We acknowledge several limitations in this work. First, the
Indiana dataset used for training and evaluation is relatively
small, dated, and lacks diversity in terms of patient
demographics, imaging modalities, and reporting styles. These
characteristics may bias both predictive performance and
explainability outcomes. For example, the textual reports often
follow templated or simplified structures, which could
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artificially boost model accuracy while reducing robustness to
more varied reporting styles. Similarly, the imaging data may
not reflect the diversity of acquisition protocols or disease
prevalence seen in modern radiology practice, limiting the
transferability of both predictions and explanations.
Consequently, while the dataset serves as a useful benchmark,
its constraints reduce the applicability of our findings to
contemporary, real-world clinical environments. Furthermore,
the analysis relied entirely on a single dataset without
cross-institutional or external validation, which limits the
generalizability of the findings. Another important limitation
is that text and images were analyzed separately rather than
through a multimodal framework, which does not fully reflect
the integrated nature of real diagnostic workflows. Additionally,
although SHAP and LIME produced interpretable outputs, their
clinical utility remains uncertain because they were not
systematically validated with radiologists. In this study, we
assumed that highlighted terms and image regions aligned with
clinical reasoning, but we did not test whether clinicians found
these explanations trustworthy, intuitive, or useful in practice.
Without structured user validation, the degree to which XAI
outputs improve diagnostic confidence or decision-making
remains speculative. The inclusion of a large number of models
provided broad benchmarking but lacked a sharply defined
hypothesis, weakening the methodological focus. Another
limitation is that our explainability analysis relied solely on
SHAP and LIME. While these methods are widely used and
model-agnostic, they primarily generate local explanations and
are known to have limitations such as instability in feature
attributions or sensitivity to parameter choices. The absence of
complementary global or clinically validated approaches, such
as Grad-CAM for imaging data or counterfactual explanations
for text, may restrict the interpretive depth and clinical relevance
of our findings. Finally, the statistical tests applied (Cohen κ,
chi-square, Fisher exact, and McNemar) primarily confirmed
results already reflected in accuracy and F1-score metrics. While
useful for robustness checks, they add limited new interpretive
value, and their role in demonstrating clinical reliability should
not be overstated.

Future Work
Future research will focus on addressing these limitations to
strengthen the clinical value of XAI in radiology. Specifically,
we aim to develop multimodal models that integrate textual
reports with imaging data to better capture complementary
diagnostic information and reflect real-world workflows. We
will extend validation across external datasets from different
institutions and explore approaches such as domain adaptation
and federated learning to enhance cross-site robustness.

To confirm the practical value of AI explanations, we will
conduct structured evaluations with radiologists through reader
studies, workflow simulations, and integration into reporting
systems. These studies will test whether XAI outputs reduce
diagnostic uncertainty, improve decision-making compared to
existing practices, and fit within the time constraints of clinical
workflows. Additionally, usability testing will ensure that
explanations are not only technically interpretable but also

practical, efficient, and supportive of radiologists’ routine tasks.
As a part of future work, we will apply Grad-CAM to image
models to generate global visual explanations that align with
radiological regions of interest, integrated gradients to provide
robust attribute scores, and counterfactual explanation
techniques for textual reports to illustrate how minimal changes
in phrasing alter predictions. We will test our models on larger
and more diverse datasets such as MIMIC-CXR and CheXpert,
which include broader patient demographics, varied imaging
modalities, and more contemporary reporting styles. This will
allow us to assess not only predictive accuracy but also the
stability and clinical plausibility of SHAP and LIME
explanations across heterogeneous clinical contexts.

Take Home Points
The key points are as follows:

• These types of techniques, especially modern deep learning
and LLMs, increase the effectiveness of diagnosis in the
case of textual and image-based radiological data.

• Using XAI for decision support using LIME and SHAP
leads to a better understanding of the AI models and their
outcome, which implies better clinical decisions.

• The work cites studies that have shown advanced
performance improvements over previous work with large
models such as LLaMA-3.1 that achieved high accuracy
rates, demonstrating a strong appreciation for the use of
fine-tuned models in the clinical domain.

• Some weaknesses of this study included the concerns of
dataset representativeness, because of challenges of
explaining modeling outcomes in real-world clinical
practice with respect to the existing methods of XAI
approaches, and future directions and improvement of the
model are recommended.

• This study emphasizes that there is a need for such
integration whereby the intention of those algorithms is
about prediction rather than replacing the clinical judgment
of the clinicians.

Conclusions
In conclusion, our study reveals that among machine learning
classifiers for textual radiological data, ensemble methods such
as soft voting and hard voting achieved the highest precision
and accuracy at 96% and 95%, respectively, outperforming
individual classifiers such as LR and SVM, which had
accuracies of 94%. In contrast, KNN had the lowest performance
with an accuracy of 81%. For image data, SVM led among
traditional machine learning models with an accuracy of 66%,
while DenseNet169 excelled among deep learning classifiers
with an accuracy of 84%. Notably, fine-tuned LLMs such as
LLaMA-3.1 reached a remarkable accuracy of 98%, with strong
agreement (Cohen κ=0.981) and statistical validation (P<.001).
The McNemar test (P=.25) confirmed balance classification,
significantly surpassing previous benchmarks in textual data
analysis. While these results indicate strong potential for
improving diagnostic support, external validation and
prospective clinical studies are required to confirm their
effectiveness in real-world clinical settings.

JMIR Form Res 2025 | vol. 9 | e77482 | p. 16https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Acknowledgments
The work was done with partial support from the Mexican Government through the grant A1-S-47854 of Consejo Nacional de
Ciencia y Tecnologίa (CONACYT), Mexico, and grants 20241816, 20241819, and 20240951 of the Secretaría de Investigación
y Posgrado of the Instituto Politécnico Nacional, México. The authors thank the CONACYT for the computing resources brought
to them through the Plataforma de Aprendizaje Profundo para Tecnologías del Lenguaje of the Laboratorio de Supercómputo of
the INAOE (Instituto Nacional de Astrofísica, Óptica y Electrónica), Mexico, and acknowledge the support of Microsoft through
the Microsoft Latin America PhD Award.

Data Availability
The dataset is publicly available through the US National Library of Medicine Open-I platform and can be accessed under a
public domain license. The code used in this study is publicly available online [48].

Conflicts of Interest
None declared.

Multimedia Appendix 1
TRIPOD+AI checklist.
[DOCX File , 31 KB-Multimedia Appendix 1]

References

1. Najjar R. Redefining radiology: a review of artificial intelligence integration in medical imaging. Diagnostics. 2023;13:2760.
[doi: 10.20944/preprints202306.1124.v1]

2. Quan H, Li S, Zeng C, Wei H, Hu J. Big data and AI-driven product design: a survey. Appl Sci. 2023;13(16):9433. [doi:
10.3390/app13169433]

3. 3 SV, Konda SR. Neural networks and explainable AI: bridging the gap between models and interpretability. Int J Comput
Sci Technol. 2021;5:163-176. [doi: 10.5281/zenodo.10779335]

4. Pesapane F, Tantrige P, De Marco P, Carriero S, Zugni F, Nicosia L, et al. Advancements in standardizing radiological
reports: a comprehensive review. Medicina (Kaunas). 2023;59(9):1679. [FREE Full text] [doi: 10.3390/medicina59091679]
[Medline: 37763797]

5. Pons E, Braun LMM, Hunink MGM, Kors JA. Natural language processing in radiology: a systematic review. Radiology.
2016;279(2):329-343. [doi: 10.1148/radiol.16142770] [Medline: 27089187]

6. Borys K. Explainable AI in medical imaging: an overview for clinical practice. Eur J Radiol. 2023;157:110554. [doi:
10.1016/j.ejrad.2023.110554]

7. Muhammad MD, Khan S, Raza M. A systematic review of explainable artificial intelligence in medical image analysis. J
King Saud Univ Comput Inf Sci. 2024;36(1):1-15. [doi: 10.1016/j.jksuci.2023.05.001]

8. E Ihongbe I, Fouad S, F Mahmoud T, Rajasekaran A, Bhatia B. Evaluating explainable artificial intelligence (XAI) techniques
in chest radiology imaging through a human-centered lens. PLOS One. 2024;19(10):e0308758. [FREE Full text] [doi:
10.1371/journal.pone.0308758] [Medline: 39383147]

9. de Vries BM, Zwezerijnen GJC, Burchell GL, van Velden FHP, Menke-van der Houven van Oordt CW, Boellaard R.
Explainable artificial intelligence (XAI) in radiology and nuclear medicine: a literature review. Front Med (Lausanne).
2023;10:1180773. [FREE Full text] [doi: 10.3389/fmed.2023.1180773] [Medline: 37250654]

10. Houssein EH, Gamal AM, Younis EMG, Mohamed E. Explainable artificial intelligence for medical imaging systems using
deep learning: a comprehensive review. Cluster Comput. 2025;28(7):1-22. [doi: 10.1007/s10586-025-05281-5]

11. Saw SN, Yan YY, Ng KH. Current status and future directions of explainable artificial intelligence in medical imaging.
Eur J Radiol. 2025;183:111884. [doi: 10.1016/j.ejrad.2024.111884] [Medline: 39667118]

12. Bhati D, Neha F, Amiruzzaman M. A survey on explainable artificial intelligence (XAI) techniques for visualizing deep
learning models in medical imaging. J Imaging. 2024;10(10):239. [FREE Full text] [doi: 10.3390/jimaging10100239]
[Medline: 39452402]

13. Aasem M, Javed Iqbal M. Toward explainable AI in radiology: ensemble-CAM for effective thoracic disease localization
in chest x-ray images using weak supervised learning. Front Big Data. 2024;7:1366415. [FREE Full text] [doi:
10.3389/fdata.2024.1366415] [Medline: 38756502]

14. Bazzano AN, Patel T, Nauman E, Cernigliaro D, Shi L. Optimizing telehealth for diabetes management in the deep south
of the United States: qualitative study of barriers and facilitators on the patient and clinician journey. J Med Internet Res.
2024;26:e43583. [FREE Full text] [doi: 10.2196/43583] [Medline: 37976468]

15. Langlotz CP. Will artificial intelligence replace radiologists? Radiol Artif Intell. 2019;1(3):e190058. [FREE Full text] [doi:
10.1148/ryai.2019190058] [Medline: 33937794]

JMIR Form Res 2025 | vol. 9 | e77482 | p. 17https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=formative_v9i1e77482_app1.docx&filename=33de24056477dfcc59955baa3c698af1.docx
https://jmir.org/api/download?alt_name=formative_v9i1e77482_app1.docx&filename=33de24056477dfcc59955baa3c698af1.docx
http://dx.doi.org/10.20944/preprints202306.1124.v1
http://dx.doi.org/10.3390/app13169433
http://dx.doi.org/10.5281/zenodo.10779335
https://www.mdpi.com/resolver?pii=medicina59091679
http://dx.doi.org/10.3390/medicina59091679
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37763797&dopt=Abstract
http://dx.doi.org/10.1148/radiol.16142770
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27089187&dopt=Abstract
http://dx.doi.org/10.1016/j.ejrad.2023.110554
http://dx.doi.org/10.1016/j.jksuci.2023.05.001
https://dx.plos.org/10.1371/journal.pone.0308758
http://dx.doi.org/10.1371/journal.pone.0308758
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39383147&dopt=Abstract
https://europepmc.org/abstract/MED/37250654
http://dx.doi.org/10.3389/fmed.2023.1180773
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37250654&dopt=Abstract
http://dx.doi.org/10.1007/s10586-025-05281-5
http://dx.doi.org/10.1016/j.ejrad.2024.111884
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39667118&dopt=Abstract
https://www.mdpi.com/resolver?pii=jimaging10100239
http://dx.doi.org/10.3390/jimaging10100239
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39452402&dopt=Abstract
https://europepmc.org/abstract/MED/38756502
http://dx.doi.org/10.3389/fdata.2024.1366415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38756502&dopt=Abstract
https://europepmc.org/abstract/MED/37976468
http://dx.doi.org/10.2196/43583
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37976468&dopt=Abstract
https://europepmc.org/abstract/MED/33937794
http://dx.doi.org/10.1148/ryai.2019190058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33937794&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


16. Rajpurkar P, Irvin J, Ball RL, Zhu K, Yang B, Mehta H, et al. Deep learning for chest radiograph diagnosis: a retrospective
comparison of the CheXNeXt algorithm to practicing radiologists. PLoS Med. Nov 2018;15(11):e1002686. [FREE Full
text] [doi: 10.1371/journal.pmed.1002686] [Medline: 30457988]

17. Selvaraju RR, Cogswell M, Das A. Grad-CAM: visual explanations from deep networks via gradient-based localization.
2017. Presented at: Proceedings of the IEEE International Conference on Computer Vision (ICCV); October 22-29,
2017:618-626; Venice, Italy. [doi: 10.1109/iccv.2017.74]

18. Alsentzer E, Murphy J, Boag W, Weng WH, Jindi D, Naumann T. Publicly available clinical BERT embeddings. 2019.
Presented at: Proceedings of the 2nd Clinical Natural Language Processing Workshop; June 7, 2019:72-78; Minneapolis,
Minnesota, USA. [doi: 10.18653/v1/w19-1909]

19. Lee J, Yoon W, Kim S, Kim D, Kim S, So C, et al. BioBERT: a pre-trained biomedical language representation model for
biomedical text mining. Bioinformatics. 2020;36(4):1234-1240. [FREE Full text] [doi: 10.1093/bioinformatics/btz682]
[Medline: 31501885]

20. Peng C, Yang X, Chen A, Smith KE, PourNejatian N, Costa AB, et al. A study of generative large language model for
medical research and healthcare. npj Digit Med. 2023;6(1):210. [FREE Full text] [doi: 10.1038/s41746-023-00958-w]
[Medline: 37973919]

21. Lundberg SM, Lee SI. A unified approach to interpreting model predictions. 2019. Presented at: NIPS'17: Proceedings of
the 31st International Conference on Neural Information Processing Systems; 2017 December 4 - 9:4768-4777; Long Beach
California USA. [doi: 10.5260/chara.21.2.8]

22. Ribeiro MT, Singh S, Guestrin C. "Why Should I Trust You?": explaining the predictions of any classifier. 2016. Presented
at: KDD '16: Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining;
August 13-17, 2016:1135-1144; San Francisco, CA. [doi: 10.1145/2939672.2939778]

23. Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, et al. From local explanations to global understanding
with explainable AI for trees. Nat Mach Intell. 2020;2(1):56-67. [FREE Full text] [doi: 10.1038/s42256-019-0138-9]
[Medline: 32607472]

24. Du M, Liu N, Song Q, Hu X. Towards explanation of DNN-based prediction with guided feature inversion. 2018. Presented
at: KDD '18: Proceedings of the 24th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining;
August 19-23, 2018:1358-1367; London, United Kingdom. [doi: 10.1145/3219819.3220099]

25. Holzinger A, Langs G, Denk H, Zatloukal K, Müller H. Causability and explainability of artificial intelligence in medicine.
WIREs Data Min Knowl Discovery. 2019;9(4):e1312. [FREE Full text] [doi: 10.1002/widm.1312] [Medline: 32089788]

26. Tang H, Hu Z. Research on medical image classification based on machine learning. IEEE Access. 2020;8:93145-93154.
[doi: 10.1109/access.2020.2993887]

27. 27 ZY, Du J, Guan K, Wang T. Multi-modal broad learning system for medical image and text-based classification. 2021.
Presented at: 43rd Annual International Conference of the IEEE Engineering in Medicine & Biology Society (EMBC);
November 01-05, 2021:3439-3442; Mexico. [doi: 10.1109/embc46164.2021.9630854]

28. Shakhovska N, Shebeko A, Prykarpatskyy Y. A novel explainable AI model for medical data analysis. J Artif Intell Soft
Comput Res. 2024;14:121-137. [doi: 10.2478/jaiscr-2024-0007]

29. Wiggins WF, Kitamura F, Santos I, Prevedello LM. Natural language processing of radiology text reports: interactive text
classification. Radiol Artif Intell. 2021;3(4):e210035. [FREE Full text] [doi: 10.1148/ryai.2021210035] [Medline: 34350414]

30. Chen MC, Ball RL, Yang L, Moradzadeh N, Chapman BE, Larson DB, et al. Deep learning to classify radiology free-text
reports. Radiology. 2018;286(3):845-852. [doi: 10.1148/radiol.2017171115] [Medline: 29135365]

31. Bangyal WH, Qasim R, Rehman N, Ahmad Z, Dar H, Rukhsar L, et al. Detection of fake news text classification on
COVID-19 using deep learning approaches. Comput Math Methods Med. 2021;2021:5514220. [FREE Full text] [doi:
10.1155/2021/5514220] [Medline: 34819990]

32. Qasim R, Bangyal WH, Alqarni MA, Ali Almazroi A. A fine-tuned BERT-based transfer learning approach for text
classification. J Healthcare Eng. 2022;2022:3498123. [FREE Full text] [doi: 10.1155/2022/3498123] [Medline: 35013691]

33. Oliveira GPD, Fonseca A, Rodrigues PC. Diabetes diagnosis based on hard and soft voting classifiers combining statistical
learning models. Braz J Biom. 2022;40(4):415-427. [doi: 10.28951/bjb.v40i4.605]

34. Ajibade SM, Dayupay J, Ngo-Hoang DL, Oyebode OJ, Sasan JM. Utilization of ensemble techniques for prediction of the
academic performance of students. J Optoelectron Laser. 2022;41(6):48-54.

35. 35 IE, Preventza O, Hamilton BJI, Augoustides J, Beck A. ACC/AHA guideline for the diagnosis and management of aortic
disease: a report of the American heart association/American College of Cardiology Joint Committee on Clinical Practice
Guidelines. J Am Coll Cardiol. 2022;80:e223-e393. [doi: 10.3410/f.742397675.793596406]

36. Nguyen D, Le M, Cung T. Improving intrusion detection in SCADA systems using stacking ensemble of tree-based models.
Bulletin EEI. 2022;11(1):119-127. [doi: 10.11591/eei.v11i1.3334]

37. Roy DK, Sarkar TK, Kamar SSA, Goswami T, Muktadir MA, Al-Ghobari HM, et al. Daily prediction and multi-step
forward forecasting of reference evapotranspiration using LSTM and Bi-LSTM models. Agronomy. 2022;12(3):594. [doi:
10.3390/agronomy12030594]

38. Sy CY, Maceda LL, Canon MJP, Flores NM. Beyond BERT: exploring the efficacy of RoBERTa and ALBERT in supervised
multiclass text classification. IJACSA. 2024;15(3):223-233. [doi: 10.14569/ijacsa.2024.0150323]

JMIR Form Res 2025 | vol. 9 | e77482 | p. 18https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

https://dx.plos.org/10.1371/journal.pmed.1002686
https://dx.plos.org/10.1371/journal.pmed.1002686
http://dx.doi.org/10.1371/journal.pmed.1002686
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30457988&dopt=Abstract
http://dx.doi.org/10.1109/iccv.2017.74
http://dx.doi.org/10.18653/v1/w19-1909
https://europepmc.org/abstract/MED/31501885
http://dx.doi.org/10.1093/bioinformatics/btz682
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31501885&dopt=Abstract
https://doi.org/10.1038/s41746-023-00958-w
http://dx.doi.org/10.1038/s41746-023-00958-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37973919&dopt=Abstract
http://dx.doi.org/10.5260/chara.21.2.8
http://dx.doi.org/10.1145/2939672.2939778
https://europepmc.org/abstract/MED/32607472
http://dx.doi.org/10.1038/s42256-019-0138-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32607472&dopt=Abstract
http://dx.doi.org/10.1145/3219819.3220099
https://europepmc.org/abstract/MED/32089788
http://dx.doi.org/10.1002/widm.1312
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32089788&dopt=Abstract
http://dx.doi.org/10.1109/access.2020.2993887
http://dx.doi.org/10.1109/embc46164.2021.9630854
http://dx.doi.org/10.2478/jaiscr-2024-0007
https://europepmc.org/abstract/MED/34350414
http://dx.doi.org/10.1148/ryai.2021210035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34350414&dopt=Abstract
http://dx.doi.org/10.1148/radiol.2017171115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29135365&dopt=Abstract
https://europepmc.org/abstract/MED/34819990
http://dx.doi.org/10.1155/2021/5514220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34819990&dopt=Abstract
https://europepmc.org/abstract/MED/35013691
http://dx.doi.org/10.1155/2022/3498123
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35013691&dopt=Abstract
http://dx.doi.org/10.28951/bjb.v40i4.605
http://dx.doi.org/10.3410/f.742397675.793596406
http://dx.doi.org/10.11591/eei.v11i1.3334
http://dx.doi.org/10.3390/agronomy12030594
http://dx.doi.org/10.14569/ijacsa.2024.0150323
http://www.w3.org/Style/XSL
http://www.renderx.com/


39. Amisse C, Jijón-Palma ME, Centeno JAS. Fine-tuning deep learning models for pedestrian detection. Bol Ciênc Geod.
2021;27(2):e2021013. [doi: 10.1590/s1982-21702021000200013]

40. Chen J, Liu Z, Huang X, Wu C, Liu Q, Jiang G, et al. When large language models meet personalization: perspectives of
challenges and opportunities. World Wide Web. 2024;27(4):42. [doi: 10.1007/s11280-024-01276-1]

41. Karimi H. Greater entropy leads to more explicit referential forms during language production. Cognition. 2022;225:105093.
[doi: 10.1016/j.cognition.2022.105093] [Medline: 35305301]

42. Challen R, Denny J, Pitt M, Gompels L, Edwards T, Tsaneva-Atanasova K. Artificial intelligence, bias and clinical safety.
BMJ Qual Saf. 2019;28(3):231-237. [FREE Full text] [doi: 10.1136/bmjqs-2018-008370] [Medline: 30636200]

43. van Leeuwen KG, de Rooij M, Schalekamp S, van Ginneken B, Rutten MJCM. Clinical use of artificial intelligence products
for radiology in the Netherlands between 2020 and 2022. Eur Radiol. 2024;34(1):348-354. [FREE Full text] [doi:
10.1007/s00330-023-09991-5] [Medline: 37515632]

44. Wang Q, Chen D, Li M, Li S, Wang F, Yang Z, et al. A novel method for petroleum and natural gas resource potential
evaluation and prediction by support vector machines (SVM). Appl Energy. 2023;351:121836. [doi:
10.1016/j.apenergy.2023.121836]

45. HS S, Sooda K, Rai BK. EfficientNet-B7 framework for anomaly detection in mammogram images. Multimed Tools Appl.
2025;84(11):8995-9021. [doi: 10.1007/s11042-024-18853-1]

46. Ashwini A, Purushothaman K, Rosi A, Vaishnavi T. Artificial intelligence based real-time automatic detection and
classification of skin lesion in dermoscopic samples using DenseNet-169 architecture. IFS. 2023;45(4):6943-6958. [doi:
10.3233/jifs-233024]

47. Aldughayfiq B, Ashfaq F, Jhanjhi NZ, Humayun M. Explainable AI for retinoblastoma diagnosis: interpreting deep learning
models with LIME and SHAP. Diagnostics (Basel). 2023;13(11):1932. [FREE Full text] [doi: 10.3390/diagnostics13111932]
[Medline: 37296784]

48. Radiology-Reports. GitHub. URL: https://github.com/tayyabawan786/Radiology-Reports [accessed 2025-09-26]

Abbreviations
AI: artificial intelligence
BERT: Bidirectional Encoder Representations from Transformers
Bi-LSTM: bidirectional long short-term memory network
CNN: convolutional neural network
DistilBERT: Distilled Version of Bidirectional Encoder Representations from Transformers
Grad-CAM: Gradient-Weighted Class Activation Mapping
KNN: k-nearest neighbor
LIME: Local Interpretable Model-Agnostic Explanations
LLM: large language model
LR: logistic regression
MeSH: Medical Subject Headings
NLP: natural language processing
RNN: recurrent neural network
RoBERTa: Robustly Optimized Bidirectional Encoder Representations from Transformers Pretraining Approach
SHAP: Shapley Adaptive Explanations
SVM: support vector machine
TF-IDF: term frequency–inverse document frequency
TRIPOD+AI: Transparent Reporting of a multivariable prediction model for Individual Prognosis Or
Diagnosis–Artificial Intelligence
XAI: explainable artificial intelligence

Edited by J Sarvestan; submitted 14.May.2025; peer-reviewed by N Nanthasamroeng, SHA Faruqui; comments to author 14.Jul.2025;
revised version received 02.Aug.2025; accepted 22.Sep.2025; published 14.Oct.2025

Please cite as:
Zamir MT, Khan SU, Gelbukh A, Felipe Riverón EM, Gelbukh I
Explainable AI-Driven Analysis of Radiology Reports Using Text and Image Data: Experimental Study
JMIR Form Res 2025;9:e77482
URL: https://formative.jmir.org/2025/1/e77482
doi: 10.2196/77482
PMID: 40997754

JMIR Form Res 2025 | vol. 9 | e77482 | p. 19https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1590/s1982-21702021000200013
http://dx.doi.org/10.1007/s11280-024-01276-1
http://dx.doi.org/10.1016/j.cognition.2022.105093
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35305301&dopt=Abstract
http://qualitysafety.bmj.com/lookup/pmidlookup?view=long&pmid=30636200
http://dx.doi.org/10.1136/bmjqs-2018-008370
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30636200&dopt=Abstract
https://europepmc.org/abstract/MED/37515632
http://dx.doi.org/10.1007/s00330-023-09991-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37515632&dopt=Abstract
http://dx.doi.org/10.1016/j.apenergy.2023.121836
http://dx.doi.org/10.1007/s11042-024-18853-1
http://dx.doi.org/10.3233/jifs-233024
https://www.mdpi.com/resolver?pii=diagnostics13111932
http://dx.doi.org/10.3390/diagnostics13111932
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37296784&dopt=Abstract
https://github.com/tayyabawan786/Radiology-Reports
https://formative.jmir.org/2025/1/e77482
http://dx.doi.org/10.2196/77482
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40997754&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Muhammad Tayyab Zamir, Safir Ullah Khan, Alexander Gelbukh, Edgardo Manuel Felipe Riverón, Irina Gelbukh. Originally
published in JMIR Formative Research (https://formative.jmir.org), 14.Oct.2025. This is an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in JMIR Formative Research, is
properly cited. The complete bibliographic information, a link to the original publication on https://formative.jmir.org, as well
as this copyright and license information must be included.

JMIR Form Res 2025 | vol. 9 | e77482 | p. 20https://formative.jmir.org/2025/1/e77482
(page number not for citation purposes)

Zamir et alJMIR FORMATIVE RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/

