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 Chest X-ray (CXR) interpretation remains a challenging task due to 

overlapping anatomical structures, variability in disease presentation, and 

increasing clinical workload. Existing automated report-generation models 

provide promising results but often lack explicit interpretability, limited 

clinical alignment, and insufficient comparative evaluation with established 

baselines. This study proposes an explainable multimodal framework that 

combines a dual CNN encoder (ResNet-50 and EfficientNet-B0) with the 

Gemma-3 1B language model fine-tuned using low-rank adaptation (LoRA). 

Visual explanations are produced through Gradient-weighted Class 

Activation Mapping (Grad-CAM) to enhance transparency in the decision 

process. Unlike prior image-to-text pipelines, our approach follows a 

findings-guided paradigm and integrates both visual and textual cues during 

generation. Experiments conducted on public datasets demonstrate 

consistent improvements over representative vision-language baselines 

reported in recent literature, with notable gains in BLEU, ROUGE, 

METEOR, and BERTScore. Generated reports show improved factual 

completeness and clinically relevant region-level attention. Limitations 

include the absence of evaluation against emerging foundation models and 

the need for anatomical- level explainability metrics. Future work will 

extend benchmarking to models such as M2-Transformer, MedCLIP-GPT, 

and R2Gen, and will explore clinical validation in real-world workflows. 
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1. INTRODUCTION 

Chest X-rays (CXRs) are the most widely used radiological examination worldwide and play a central 

role in diagnosing thoracic diseases, including pneumonia, tuberculosis, heart failure, and malignancies [1]. 

Despite standardized acquisition protocols such as posteroanterior (PA) and lateral views, CXR interpretation 

remains difficult due to anatomical superposition and the inherent limitations of 2D projections, even when 

following structured mnemonics such as ABCDEFGHI [2]. The growing global demand for imaging, combined 

with the shortage of trained radiologists, has intensified diagnostic delays and increased the risk of interpretive 

errors associated with fatigue and high workloads [3]. Report variability, non-standardized free-text 

descriptions, and limited machine-readability further complicate clinical decision-making and downstream 

data extraction [4]. 

Artificial intelligence (AI) is increasingly investigated to mitigate these challenges, particularly in 

automated radiology report generation [5]. Unlike traditional classification, report generation requires models 

https://creativecommons.org/licenses/by-sa/4.0/
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capable of connecting visual abnormalities with clinically coherent language, necessitating the integration of 

computer vision and natural language processing [6], [7]. Recent advances in multimodal large language 

models (LLMs) have significantly improved medical image understanding [8]. Convolutional neural 

networks (CNNs) remain foundational for feature extraction in radiology, with architectures such as ResNet 

and EfficientNet offering strong representational performance, especially when combined through ensemble 

learning and transfer learning strategies [9]. However, the clinical adoption of these systems remains limited 

due to a lack of interpretability and the risk of hallucinated text, which can undermine trust in automated 

reports [10], [11]. 

Recent multimodal frameworks, including XrayGPT, CXR-LLAVA, ELIXR, LiteGPT, and 

RoentGen, demonstrate substantial progress in vision-language modeling for CXRs (Table 1). These systems 

integrate visual encoders with LLMs to perform summarization, question answering, classification, or image 

synthesis. Yet, most follow a direct image-to-text paradigm, offer limited explainability, and do not 

incorporate a findings-guided workflow, which is standard in clinical reporting. 

To address these limitations, this study proposes a novel explainable framework that integrates four 

complementary innovations. First, we introduce a findings-as-input paradigm that aligns more closely with 

real radiological workflows [12]. Second, we employ a dual CNN ensemble combining ResNet-50 and 

EfficientNet- B0 to improve visual representation quality [13]. Third, gradient-weighted class activation 

mapping (Grad- CAM) is used to visualize model attention patterns and enhance interpretability [14]. Finally, 

the Gemma-3 1B language model is efficiently fine-tuned using low-rank adaptation (LoRA), enabling 

domain adaptation while maintaining computational efficiency [15]. The contribution of this work lies in 

bridging performance and explain. 

 

 

Table 1. Retlated work 
Study Input Output Core 

architecture 
Dataset Explainability Main limitations 

reported in literature 

XrayGPT 

(2023) 

[16] 

CXR image + 

Free-form text 

instructions 

Textual report 

summary and 

findings 

Medical vision 

encoder + GPT-

style LLM 

~217k 

reports 

LLM self-

rationalization (Text-

only) 

No pixel-level visual 

grounding; prone to 

factual hallucinations 
in dense reports. 

CXR-LLaVA 

(2025) [17] 

CXR image + 

Multimodal query 

Free-text 

interpretation 
and findings 

CLIP Vision 

encoder + Vicuna 
LLM 

592k CXR 

images 

Attention maps 

(Visual) 

Shallow anatomical 

grounding; not optimized 
for structured radiology 

impressions. 

ELIXR 
(2023) [18] 

CXR image + VQA 
prompt 

Diagnostic 
labels and 

classification 

PaLM 2 + 
Radiology 

foundation model 

MIMIC-
CXR 

Intermediate visual 
prompts 

High computational cost; 
lacks the narrative detail 

found in specialist-

generated reports. 
LiteGPT 

(2024) [19] 

CXR image + 

Localization prompt 

Detected 

findings 

with 
bounding 

boxes 

Lightweight 

Vision-Language 

Model 

VinDr-

CXR 

Task-level localization Optimized for object 

detection/classification 

rather than full linguistic 
report generation. 

RoentGen 

(2022) [20] 

Text prompt 

(Radiology 

language) 

Synthetic 

CXR image 

Diffusion-based 

VL foundation 

model 

MIMIC-

CXR 

5% classifier 

improvement 

Designed for synthetic 

image 

generation/augmentation, 
not diagnostic reporting. 

Gemma3-1B  

(Ours, 2025) 

CXR image + 

Indication + Findings 

Structured 

Radiology 
Impression 

Dual-CNN 

(ResNet-50 & 
EffNet-B0) + 

Gemma-3 (LoRA) 

Open-I Grad-CAM + 

Quantitative Clinical 
Validation 

ingle-center dataset 

evaluation; clinical 
validation limited to a 

modest expert sample. 

 

 

2. REASERCH METHOD 

2.1.  System architecture overview 

The proposed system follows a sequential multimodal pipeline for chest X-ray report generation, as 

illustrated in Figure 1. Each chest radiograph is processed in parallel through two convolutional neural 

networks (ResNet- 50 and EfficientNet-B0), which act as frozen feature extractors to capture complementary 

visual representations [21], [22]. The extracted image features are concatenated with textual embeddings 

derived from the radiology report sections (indication, findings), forming a joint multimodal representation. 

This fused representation is then input into a pretrained Gemma-3 1B transformer decoder for report 

generation. During inference, Grad-CAM saliency mapping is applied to highlight image regions most 

relevant to the generated reports [14], [23]. 
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Figure 1. Illustrates the parallel CNN feature extraction, multimodal fusion, and transformer decoder for 

report generation 

 

 

2.2.  Data preparation and processing 

2.2.1. Dataset description and quality control 

The dataset consists of paired chest X-rays and free-text reports from the Indiana university chest X-

ray collection (Open-I), which includes 7,470 images and corresponding structured radiology reports [24]. 

Each report is divided into sections (indication, findings, impression, comparison, tags), enabling targeted 

analysis. A quality assurance protocol filtered out records missing essential sections or containing minimal 

content, following prior radiology report generation studies [25]. After filtering, 7,415 high-quality image-

text pairs remained for training and evaluation. 

 

2.2.2. Data partitioning 

The dataset was split stratified by case: 80% for training and 20% for validation, following standard 

practices in medical AI research [26]. This ensures that evaluation is performed on unseen cases, providing 

reliable estimates of generalization performance. 

 

2.2.3. Exploratory data analysis 

The distribution of common pathologies and report content was visualized to detect dataset 

imbalance. As expected, a high frequency of normal cases was observed, with phrases such as no acute 

cardiopulmonary abnormality dominating Impression sections, consistent with large hospital datasets [24]. 

 

2.3.  Preprocessing pipeline 

2.3.1. Image standardization 

All chest X-rays were standardized for CNN input: 

− Grayscale images were converted to 3-channel RGB. 

− Resized to 224×224 pixels using bicubic interpolation. 

− Normalized with ImageNet mean ([0.485, 0.456, 0.406]) and std ([0.229, 0.224, 0.225]) [27], [28]. 

 

2.3.2. Text processing and tokenization 

Reports were segmented into indication, findings, and impression, each carrying specific clinical 

information [29]. Missing sections were replaced with blank text. The retained text was lowercased, extra 

whitespace removed, and tokenized using BERT WordPiece tokenizer. The [CLS] token embedding (768-D) 

was extracted from a pretrained BERT encoder for each section [30]. 

 

2.4.  Feature extraction framework 

2.4.1. Visual feature extraction 

Deep convolutional neural networks have demonstrated strong performance in medical image 

analysis tasks, making them suitable as feature extractors in radiology-oriented pipelines [31]. 

- ResNet-50: last convolutional activation from layer 4 [-1]. conv2 → global average pooling → 2048- D 

vector. 

- EfficientNet-B0: last convolutional layer features [-1] → global average pooling → 1280-D vector. 
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These vectors were concatenated → 3328-D joint visual embedding [21], [22], [14], [32]. Grad-

CAM hooks were registered for post-hoc explainability analysis [14]. 

 

2.4.2. Textual feature extraction 

[CLS] embeddings from indication and findings were L2-normalized and concatenated → 1536-D 

text embedding [33]. 

 

2.4.3. Multimodal feature fusion 

Visual (3328-D) + Textual (1536-D) → 4864-D multimodal feature vector, serving as input to the 

transformer decoder for generating the Impression section [13], [34]. 

 

2.5.  Model training and optimization 

2.5.1. Transformer architecture selection 

Gemma-3 1B: decoder-only transformer (~1B parameters), 26 layers, hidden size 1152, 4 attention 

heads, 32,000-token context window [35]. Gemma-3 1B with LoRA as shown in Table 2. 

 

2.5.2. LoRA fine-tuning 

- LoRA: applied to attention projections q_proj, k_proj, v_proj, o_proj. 

- Rank r=8, scaling α=16, dropout=0.1. 

- Only LoRA parameters were trainable → ~0.65M parameters [36]. 

 

2.5.3. Training protocol and hyperparameters 

- 10 epochs, batch size 16. 

- Learning rate = 5×10⁻⁵, validation every 100 steps. 

- Nucleus sampling (top-p=0.9, temperature=0.7) → max 512 tokens during report generation. 

 

 
Table 2. Fine-tuning configuration for Gemma-3 1B with LoRA 

Parameter Value 

Total parameters ~1 billion 
Trainable parameters 

(LoRA) 

~0.65 million 

LoRA rank (r) 8 
LoRA alpha 16 

LoRA dropout 0.1 

Target layers q_proj, k_proj, v_proj, o_proj 
Optimizer AdamW 

Learning rate 5e-5 

Batch size 16 
Epochs 10 

Evaluation steps 100 

Generation temperature 0.7 
Top-p (nucleus sampling) 0.9 

Max generation tokens 512 

 

 

2.6.  Evaluation and explainability 

2.6.1. Report generation protocol 

- Reports were generated from the 20% validation set. 

- Evaluation metrics: BLEU-1 to BLEU-4 [37], ROUGE-1/2/L [38]. BERTScore [39]. 

 

2.6.2. Grad-CAM integration 

- Grad-CAM applied to CNN backbones to generate heatmaps highlighting clinically relevant regions 

(Figure 2). 

- Example clinical interpretation: In 100 validation images, regions corresponding to consolidation, 

cardiomegaly, or pleural effusion were consistently highlighted, confirming alignment with reported 

impressions. 

 

2.6.3. Clinical validation protocol 

To evaluate clinical utility, a structured assessment was conducted on 50 randomly selected reports. 

A senior expert (pulmonologist) scored each generated impression on a scale of 0% to 100% based on 
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diagnostic accuracy and professional phrasing. A score of <75% was defined as the threshold for clinical 

acceptability. 

 

 

 
 

Figure 2. Grad-CAM Visualization for ResNet50 and EfficientNetB0 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Quantitative performance analysis 

Our fine-tuned Gemma-3 1B model was evaluated on a validation set of 300 radiological samples 

using standard metrics for medical text generation, enabling multidimensional analysis of model performance 

across established benchmarks from Open-I dataset. Table 3 presents the comprehensive performance 

evaluation results. 

The BLEU score progression analysis reveals a characteristic pattern in medical text  

generation [37]. The BLEU-1 score of 0.437 demonstrates strong unigram precision, while the gradual 

decrease to BLEU-4 (0.279) reflects the natural complexity of maintaining exact four-gram matches in 

medical terminology, aligning with observations that medical texts require more flexible evaluation 

approaches due to terminological variations [40]. 

The ROUGE-L F1 score of 0.519 demonstrates strong capability in maintaining sequence 

coherence, which is essential for generating structured radiological impressions [38]. The METEOR score of 

0.514 confirms significant semantic alignment, indicating effective synonym and paraphrase  

recognition [41]. Furthermore, the high BERTScore F1 value (0.918) indicates profound semantic 

understanding of medical content [39], suggesting that the model achieves high clinical information density. 

These results are consistent with top-performing architectures reported in recent medical text generation 

studies [42], though further validation on larger datasets is required to confirm this consistency across diverse 

clinical settings. 

 

 

Table 3. Performance evaluation metrics for fine-tuned GEMMA-3 1B 
Metrics BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L (F1) METEOR 

Score 0.4366 0.3824 0.3399 0.2789 0.5190 0.5137 

 

 

3.2.  Fine-tuning impact assessment 

The effectiveness of LoRA fine-tuning for medical domain adaptation was demonstrated through 

comprehensive before-and-after performance comparison, validating the approach for specialized medical 

applications. Table 4 presents the detailed comparison results. Unprecedented BLEU-4 improvement of over 

2500% demonstrates the model's enhanced ability to maintain clinical terminology patterns. These results 

support the use of LoRA for adapting large language models to medical domains while maintaining 

computational efficiency [36]. 

 

3.3.  Comparative performance analysis 

Our model was benchmarked against established architectures (2017–2025) to evaluate its 

performance within the current state of medical natural language generation. Table 5 presents the 

comparative results on the Open-I (IU X-Ray) dataset. Our model achieves competitive BLEU-1 

performance and reaches the highest reported BLEU-4 (0.279) for this specific evaluation scheme. The 
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ROUGE-L F1 score shows a significant improvement over the selected baselines, representing a 34.5% 

increase compared to previous reports. The METEOR score indicates a notable gain in semantic similarity, 

suggesting enhanced capability in medical concept alignment within the scope of this comparison. 
 

 

Table 4. Performance comparison before and after fine-tuning 
Metric Before fine-tuning After fine-tuning Improvement 

BLEU-1 0.0533 0.4366 +719.3% 
BLEU-2 0.0246 0.3824 +1454.5% 
BLEU-3 0.0154 0.3399 +2107.8% 
BLEU-4 0.0107 0.2789 +2506.5% 

ROUGE-L (F1) 0.0582 0.5190 +791.8% 
METEOR 0.1246 0.5137 +312.3% 

BERTScore (Precision) 0.7986 0.9173 +14.9% 
BERTScore (Recall) 0.8567 0.9186 +7.2% 

BERTScore (F1) 0.8265 0.9176 +11.0% 

 

 

Table 5. Comparative performance analysis on Iu X-Ray dataset 
Models BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L METEOR BERTScore (F1) 

Transformer (2017) 0.372 0.251 0.147 0.136 0.317 0.168 - 

R2Gen (2020) 0.470 0.304 0.219 0.165 0.371 0.187 - 
R2GenCMN (2021) 0.475 0.309 0.222 0.170 0.375 0.191 - 

AlignTrans (2021) 0.484 0.313 0.225 0.173 0.379 0.204 - 

Clinical-BERT (2022) 0.495 0.330 0.231 0.170 0.376 0.209 - 
MambaXray-VL-Large (2024) 0.491 0.330 0.241 0.185 0.371 0.216 - 

BootstrappingLLM (2024) 0.499 0.323 0.238 0.184 0.390 0.208 - 

Our Proposition 0.4366 0.3824 0.3399 0.2789 0.5190 0.5137 0.9176 

 

 

3.4.  Explainability and quantitative clinical validation 

Grad-CAM heatmaps revealed anatomically relevant attention patterns across both CNN 

architectures, highlighting hilar and pulmonary regions in alignment with the generated impressions. While 

these visual justifications support interpretability [14], we acknowledge that visual evaluation remains 

qualitative. Consequently, visual interpretations cannot be objectively compared across models without pixel-

level quantitative metrics (e.g., IoU). To provide an objective measure of utility and support these visual 

findings, a structured quantitative clinical validation was performed on 50 samples by a domain specialist. 

Table 6 summarizes the performance across four key indicators. 

 

 

Table 6. clinical validation metrics and performance indicators (n=50) 
Metric Result Clinical significance 

Clinical acceptability (≥75%) 78.0% Samples meeting clinically acceptable accuracy levels. 
Professional equivalence (100%) 64.0% Indicates exceptional capability for automated impression generation. 

Diagnostic accuracy (≥50%) 86.0% Samples demonstrating successful anomaly detection 
Clinical failure rate (0%) 8.0% Represents acceptable risk for supervised clinical deployment. 

 

 

The 78.0% acceptability rate confirms the model’s potential for second-reader assistance and pilot 

implementation under radiologist oversight. While 14.0% of reports showed linguistic over-elaboration 

(diagnostically accurate but requiring minor editorial refinement), the high diagnostic accuracy (86.0%) 

validates the framework's clinical utility. This quantitative evidence supports the qualitative findings of the 

Grad-CAM visualizations, providing a robust basis for clinical deployment and addressing the inherent 

limitations of purely visual interpretations. 

Overall, the proposed multimodal framework advances chest X-ray impression generation by 

explicitly combining visual features from a dual-CNN backbone with clinical text embeddings and 

conditioning the language model via LoRA. This design produced measurable improvements in automatic 

metrics and achieved clinical acceptability in 78% of expert reviews, indicating better alignment with 

radiologist expectations than many image-only approaches. These results show that incorporating clinical 

context reduces hallucinations and increases utility a necessary step toward practical deployment as a second-

reader assistant. While the study is bounded by its use of a single dataset and a modest clinical sample size, it 

establishes a concrete, reproducible baseline for future research to build upon regarding generalization and 

real-world clinical impact. 
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4. CONCLUSION 

This study presented an explainable multimodal framework for chest X-ray report generation using 

a dual CNN backbone and a LoRA-fine-tuned Gemma-3 model. Quantitatively, the framework achieved high 

linguistic scores (BLEU-4=0.279, ROUGE-L=0.519) and a 78% clinical acceptability rate, with 64% of 

reports achieving complete professional equivalence. These metrics, supported by Grad-CAM visual 

justifications, suggest the system's potential as a reliable second-reader assistant in clinical workflows. 

Despite these results, several limitations persist. First, the model was trained on a single dataset 

(Open-I), restricting generalizability across different acquisition protocols. Second, while clinical utility was 

quantitatively validated through expert scoring, the pixel-level explainability remains qualitative. The 

absence of automated localization metrics, such as Intersection over Union (IoU), precludes an objective 

statistical comparison of visual interpretations. Furthermore, the clinical validation was limited to a single 

domain specialist (pulmonologist) and a modest sample size; thus, these findings should be viewed as 

preliminary indicators of utility rather than universal clinical proof. 

Future work will focus on validating the model on larger datasets (MIMIC-CXR), integrating 

quantitative XAI metrics to assess localization precision, and expanding clinical trials to multi-reader, 

blinded studies involving a broader panel of radiologists. These steps are essential to transition the framework 

from a research tool to a statistically validated clinical assistant. 
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