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Abstract:Chest radiography remains a cornerstone of clinical diagnostics,
yet its interpretation is time-consuming and dependent on specialized
expertise. The growing shortage of radiologists, combined with the
increasing volume of imaging exams, often leads to delays and
inconsistencies, highlighting the need for automated solutions. In this
study, we present an automated framework for generating diagnostic
reports directly from chest X-rays. The model uses GoogleNet for visual
feature extraction and a long short-term memory (LSTM) network to
generate reports. An attention mechanism is incorporated to focus on
clinically relevant image regions. The framework was evaluated on the
publicly available Indiana University (IU) Chest X-ray dataset, with
performance assessed using language-based metrics (BLEU, ROUGE-L,
METEOR, CIDEr) and clinical accuracy indicators, such as precision,
recall, and Fl-score. Results demonstrated that the attention-based
architecture outperformed baseline encoder-decoder models, particularly
in CIDEr and clinical F1 metrics, suggesting the reports were more fluent
and clinically accurate. Attention maps showed alignment with key image
areas, such as the cardiac silhouette for cardiomegaly and costophrenic
angles for pleural effusion. While limitations were observed in handling
rare conditions and occasional generic phrasing, the framework
effectively improved the efficiency and consistency of radiology
reporting.
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I.  Introduction

Chest radiographs remain one of the most widely used and cost-effective tools in medical diagnosis.
They play a central role in detecting and monitoring conditions such as pneumonia, tuberculosis, pleural
effusion, pneumothorax, and lung cancer. Despite their importance, the process of interpreting these
images is far from straightforward. Accurate reading requires specialized knowledge of thoracic
anatomy, careful recognition of subtle abnormalities, and the ability to relate visual findings to a
patient’s clinical history. In many healthcare systems, especially in countries with limited resources, the
shortage of trained radiologists leads to significant delays in diagnosis, inconsistent reporting quality,
and increased likelihood of human error. These challenges are magnified in overcrowded hospitals and
diagnostic centers where hundreds of scans may need to be examined daily [1]. An example Manual
report generated by a Radiologist is given below in Figure 1.

Figure 1: An example chest x-ray report by a Radiologist

PDoctor Findings:
Stable appearance of the
carclio maodiazstinal
silhionesties

There 153 no pncumothorax,
pleural effusion. or focal
airspace consolidation.
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Manual reporting is not only time-consuming but also subject to considerable variability between
observers. Two radiologists may describe the same chest X-ray differently, which can complicate
treatment planning and follow-up care. Moreover, in rural or underserved regions, access to expert
interpretation is often unavailable, forcing non-specialists to produce reports that may lack precision.
Such circumstances underline the urgent need for technological solutions that can support radiologists
in routine reporting, reduce diagnostic errors, and provide reliable services in places where medical
expertise is scarce [2].

Advances in artificial intelligence (Al) and deep learning have created opportunities to address these
limitations. Convolutional neural networks (CNNs) are now capable of extracting high-level features
from complex medical images, while recurrent neural networks (RNNs) such as Long Short-Term
Memory (LSTM) models can generate structured and coherent text. When combined, these models offer
a pathway for automated report generation, allowing chest radiographs to be transformed directly into
descriptive diagnostic narratives. An additional breakthrough has been the development of attention
mechanisms, which enable the model to focus selectively on the most relevant regions of an image,
thereby improving both accuracy and interpretability [3].

Recent research has shown the promise of applying these techniques to the medical domain. Large-scale
datasets, such as the Indiana University (IU) Chest X-ray collection, CheXpert, and MIMIC-CXR, have
provided valuable resources for training and evaluating automated systems. However, challenges
remain. Models trained on a single dataset often fail to generalize across diverse imaging sources.
Standard evaluation metrics, including BLEU, ROUGE, and CIDEr, measure textual similarity but may
not adequately reflect the clinical correctness of generated reports. Furthermore, most existing systems
do not incorporate longitudinal data or non-imaging information such as patient history, which limits
their contextual accuracy.

This study proposes an integrated deep learning framework that leverages GoogleNet for image feature
extraction, LSTM networks for text generation, and an attention mechanism to guide focus toward
clinically important regions. The goal is to produce coherent and medically relevant diagnostic reports
that can support radiologists in decision-making and improve diagnostic efficiency in high-volume or
resource-limited environments. By testing the proposed model on benchmark datasets and comparing
its performance with traditional encoder—decoder approaches, the research aims to demonstrate both the
feasibility and the potential benefits of automated radiology reporting [4].

The significance of this work lies in its contribution to improving diagnostic accuracy, reducing the
workload of healthcare professionals, and making expert-level reporting more accessible through
scalable Al solutions. Beyond academic interest, such a system can be readily applied in telemedicine
platforms, offering vital diagnostic support to rural and underserved populations. Ultimately, the
integration of explainable and clinically reliable Al into radiology has the potential to transform how
medical imaging is interpreted, creating a future where faster, more consistent, and more accessible
healthcare is within reach. [5]

II.  Related Work

Automating radiology reporting has attracted sustained attention because chest radiographs are
inexpensive and ubiquitous, yet their correct interpretation requires skill and time. Over the last decade
approaches moved from straightforward encoder—decoder captioning to sophisticated, clinically-aware
architectures that combine visual attention, retrieval/memory components, and efficiency
improvements. This section organizes the recent progress and highlights remaining gaps.

Early work adapted image-captioning ideas (CNN encoder + RNN decoder) to medical images. Those
models showed the feasibility of converting images to text but often produced short, superficial captions
rather than the structured, multi-sentence diagnostic narratives radiologists write. To address this
mismatch, researchers introduced hierarchical decoders (sentence + word levels) and attention that ties
specific image regions to generated phrases; these changes improved coherence and helped localize
relevant visual evidence [6]. A key trend has been explicit modeling of the image«text alignment rather
than relying solely on end-to-end generation. Cross-modal Memory Networks (CMN) store and retrieve
aligned visual—textual patterns to help the decoder generate clinically accurate findings; Chen et al.
showed that a memory module improves alignment and clinical metrics on IU X-Ray and MIMIC-CXR
[7]. Retrieval-guided methods are another direction: MedWriter uses a hierarchical retrieval mechanism
to pull whole reports and sentence templates from a corpus, then adapts them to the input image. This
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reduces hallucination and enforces clinically plausible phrasing while keeping fluent generation.
MedWriter demonstrated improved clinical accuracy compared to purely generative baselines [8].
Attention modules remain central. Works combining spatial/channel attention and cross-attention help
the model focus on radiologically important regions and better align visual features with words.
CheXPrune showed that aggressive one-shot pruning combined with attention can compress a report-
generation model (=70% pruning, ~3.3%X compression) without substantial loss of
BLEU/ROUGE/CIDEr scores, making on-device or low-resource deployment more feasible. This line
of work acknowledges that clinical settings often lack large compute budgets [9-[11]. Transformers and
hybrid ViT—language decoders are now widely used because they capture long-range dependencies
and global context more effectively than RNN-only systems. Architectures such as Med-Former (local-
global transformer + spatial attention fusion) and ViT—GPT2 hybrids (VisionGPT/ViGPT2 variants)
show competitive performance on classification and captioning tasks, and they are being adapted for
report generation. However, vanilla Transformer models raise interpretability concerns: global attention
helps fluency, but clinicians demand transparent links between image evidence and textual claims [12,
13].

Standard NLG metrics (BLEU, ROUGE, CIDEr, METEOR) measure lexical overlap but often miss
clinical correctness a generated sentence can score well while omitting or misreporting key findings.
Several works therefore complement these metrics with clinically focused evaluations (concept
extraction, disease-level precision/recall). Surveys and recent reviews emphasize that a combination of
lexical, semantic, and clinical metrics is essential to judge real utility [14].

Chen et al. (Cross-modal Memory Networks (CMN)) Introduced a shared memory to explicitly encode
image—text correspondences, improving clinical alignment and pushing state-of-the-art on IU X-Ray
and MIMIC-CXR in standard and clinical metrics [15,16]. The memory helps the decoder recall
clinically relevant visual—textual pairs rather than inventing text solely from latent vectors. Yang et al.
(MedWriter (Hierarchical Retrieval)) Uses visual-language retrieval to pull whole-report and sentence
templates and guides a hierarchical decoder. This reduces hallucination and yields better clinical fidelity
on Openl and MIMIC benchmarks. Kaur & Mittal (CheXPrune) gives a pruning + multi-attention
strategy that compresses models heavily while keeping comparable language scores; demonstrates that
model size can be reduced without losing much performance, an important practical insight for resource-
limited deployment. Gu et al. (CVAM + MVSL (Cross-View Attention + Medical Visual-Semantic
LSTMs)) Targets multi-view chest X-rays; cross-view attention fuses complementary viewpoints and
MVSL integrates visual and sentence-level semantics, improving multi-view report accuracy. Med-
Former and related Transformer hybrids are Local—global transformer modules and spatial attention
fusion modules offer improved classification and representation learning for medical images; they form
a basis for applying transformer decoders or retrieval modules to report generation [7,8,9,11,12]. A
detailed summary of most recently used models and datasets details are given in Table 1.

Table 1: Selected datasets and influential models for chest X-ray report generation

MIMIC-CXR ~377k images, =227k Large, multi-study Johnson et al.,
(dataset) [17] studies with free-text dataset for report MIMIC-CXR (2019).
reports. generation and

classification; de-
identified, widely used.

CheXpert 224,316 radiographs, Useful for classification | Irvin et al., CheXpert
(dataset) [18] 65,240 patients; and weakly supervised (2019).

uncertainty labels for 14 | labeling; includes frontal

observations. & lateral views.
NIH ChestX- 112,120 images, 14 Early large public Wang et al., ChestX-
rayl4 (dataset) disease labels. dataset: widely used but | ray14 (2017).

[19] label noise is known.
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IU Chest X-Ray | ~8,121 images with Smaller but high-quality | Demner-Fushman /
(dataset) [20] ~3,996 reports; paired reports; often Open-I resources.

radiologist-written. used for report
generation research.
PadChest >160,000 images from Rich labels and Bustos et al.,
(dataset) [21] ~67,000 patients (Spain); | localization supports PadChest (2020).
bilingual and detailed multi-view and
annotations. demographic metadata.
Cross-modal Shared memory to align | Addresses explicit Chen et al.,
Memory image and text; improves | mapping between visual | ACL/EMNLP works
Networks clinical alignment and evidence and report text. | (2021/2022).
(CMN) (model) | metrics on IU & MIMIC.
[7]
MedWriter Hierarchical retrieval + Reduces hallucination; Yang et al., ACL
(model) [22] generation using improves clinical 2021.
report/sentence accuracy on
templates. Openl/MIMIC.
CheXPrune One-shot global pruning | Demonstrates feasibility | Kaur & Mittal
(model) [11] + multi-attention; ~70% | of compressed, (2022/2023).
pruning w/o large deployable report
accuracy drop. generators.

CVAM + MVSL
(model) [23]

Cross-view attention +
medical visual-semantic
LSTMs for multi-view
images.

Improves use of multiple
projections for report
generation.

Gu et al., 2023.

Med-Former / Local-global Strong global context Chowdary et al.,
ViT>GPT transformers, ViT modeling; better fluency | Med-Former (2024);
hybrids (model | encoders + language but interpretability various ViT>GPT
class) [12] decoders. concerns. works.

III.Methodology

This section describes the proposed encoder—decoder framework in full detail. First, we present notation
and data preprocessing, then the image encoder (GoogleNet/Inception), the attention module, the
LSTM-based decoder with its mathematical formulation, and finally the training and inference
strategies. Proposed model comprising GoogleNet and LSTM is given in Figure 2.

a. Notation and problem formulation

Let an input chest radiograph be denoted by I € R¥*WXC (height H, width W, channels C). The paired

ground-truth radiology report is a sequence of tokens (words) Y = (y4, 5, ..., Y1), where T is the report

length and each y; belongs to a fixed vocabulary V of size |V|.

The model follows an encoder—decoder paradigm:

e Encoder: f.,.(I) > A, where A = (a4, a,, ..., a;) is a set of spatial feature vectors (flattened spatial
map) with L spatial locations and a; € RP (feature dimension D). Typically L = H' X W' after
CNN downsampling.

e Decoder: Given A, the decoder (LSTM) generates tokens sequentially:

T

P i =] [P0 yies )
t=1

An attention mechanism computes a context vector ¢; at each decoding step to condition the LSTM on
relevant image regions [25].
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Figure 2: A fully integrated model combining CNN-based image embeddings with an LSTM
decoder and attention mechanism for word generation.

Model Architecture
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The LSTM is shown in its unrolled form, with all time-step instances sharing the same parameters.

b. Data preprocessing

In preparing the data for our experiments, we first resized all chest X-ray images to a fixed resolution
of 512x512 pixels and normalized the pixel intensities channel-wise using the dataset mean and standard
deviation. To improve the robustness of our model, we applied light data augmentation during training,
including random cropping, slight rotations, and horizontal flips when appropriate. For the text reports,
I converted all text to lowercase, removed non-informative characters, split sentences, and tokenized
them into words or subwords. I then built a vocabulary by keeping the most frequent tokens, mapping
rare words to the <UNK> symbol, and adding special tokens <SOS>, <EOS>, and <PAD> to indicate
sequence boundaries and padding. After preprocessing the images, I passed each chest X-ray through
the GoogleNet encoder to obtain a convolutional feature map of size (D,H',W"). Finally, I reshaped
this tensor into a matrix A € RE*P where L = H' - W' corresponds to the flattened spatial grid of image
regions and D represents the feature depth.

¢. Visual Encoder (GoogleNet / Inception)
GoogleNet (Inception-v1) is used as the image encoder because of its multi-scale convolutional blocks
which are useful for capturing both local and context features in radiographs. Concretely, let the encoder
mapping be:
F = fune(l; Benc) € RPXHV,

Reshape to spatial feature matrix:

A= (aj,ay..,a,)" €R*P q; € RP.
We remove the top classification head of GoogleNet and use the outputs of the last convolutional block,
preserving spatial structure so attention can operate on localized features. GoogleNet Architecture is
given below in Figure 3.
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Figure 3: GoogleNet / Inception Architectu
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d. Word embeddings

For the text representation in our model, I mapped each token yty tyt to a continuous embedding vector
using an embedding matrix E € RIVI*w  where |V| is the vocabulary size and d,, is the embedding
dimension. This mapping produced vectors w, = E(y,) € R% that served as dense representations of
words. In implementing this step, I considered two strategies: the first was to train the embedding matrix
E from scratch using only our dataset, while the second was to initialize E with pre-trained embeddings
such as GloVe or other domain-specific word vectors and then fine-tune them during training to better
capture the characteristics of radiology reports.

e. Attention mechanism (additive / Bahdanau-style)
We use an additive attention (Bahdanau) variant to compute alignment scores between decoder hidden
state and encoder features. At time step t, the decoder has hidden state h,_; € R%:. For each spatial
feature a;, compute an energy score:

ec; = v'tanh(Wya; + Wyhe_q + byy),
where W, € R%attP W, € R%atedn 1 € Rt and b,, is a bias. dge is the attention hidden
dimension [27]. Converting energies to normalized attention weights with softmax:

L
_exp(er) Z 0= 1
ti =L i N ti = 1

Siew(e) L

Form the context vector as the weighted sum of features:
L
Ce = Zat'i a; € RP.
i=1

Interpretation: @ ; indicates the importance of spatial location i when predicting token y,.

f. LSTM decoder: Mathematical detail
The decoder is a single- or multi-layer LSTM that conditions on the context vector ¢; and the previous
word embedding w;_;.
LSTM standard equations (for a single layer) at time ¢:
it = O'(Wixt + Uiht—l + bl)
ft = G(fot + Ufht—l + bf)
o =oWpxt + Ushi_q + by)
Gt tanh(Wyx, + U hy_1 + b.)
m =fOm_1+i O
h; =o0; © tanh(m;)

(input gate)

(forget gate)
(output gate)
(candidate memory)
(cell state)

(hidden state)

where:
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e x; is the decoder input at step t. We set x; = (W;_q; ¢;), the concatenation of previous word
embedding and current context vector (you can alternatively use (w._1; W rc,) with a learnable
projection).

e o denotes the sigmoid function, © elementwise multiplication.

o W, U,, and b, are learnable parameters of appropriate sizes.

the probability distribution over the next token is computed by:

(v) = W,h, + bs € R, Pl Y142, D) = softmax(ot(v)).

Incorporating the context vector into the output projection:

Ot(V) = Ws(he; ¢ + bs.
An Illustration of LSTM is given below in Figure 4.

Figure 4: Long Short-Term Architecture (LSTM) Network Architecture [28].
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g. Loss function and optimization
Training minimizes negative log-likelihood (cross-entropy) of the ground-truth tokens. For a single
training example (I,Y):

Lar(LY) == ) og POt | yaes D).
t=1
Using mini batches average the loss over the batch. Now Add regularization terms:

e Weight decay (L2) with coefficient 1: L4 = AY. Il 6 1I3.
e Attention regularization encourages attentlon entropy or coverage penalty to avoid repeated focus:

Ly = BZ( 1- Z at,i)

where f§ controls strength of coverage penalty (dlscourages ignoring parts of the image).
Total loss:
L= Ly + Lyg + Lag-

Optimization: For optimization Adam optimizer is recommended (adaptive moment estimation) with
initial learning rate 7 (e.g., 1 X 10™*to 5 x 10™%). We Use learning rate decay (reduce on plateau) and
early stopping based on validation loss or clinical metrics.

h. Training details and regularization

e Pretraining and fine-tuning: we Initialize encoder with ImageNet weights and freeze lower layers
for the first few epochs then fine-tuned the entire encoder with a smaller learning rate.

e Teacher forcing: During training, we feed the ground-truth token y,_; as input to the decoder at

time t to accelerate convergence.

Dropout: Applied dropout to LSTM inputs/outputs to reduce overfitting.

Gradient clipping: Clip gradients at a max norm for stable training.

Batch size: 16

Checkpointing: Saved best model by validation clinical score to obtain clinically meaningful model

selection.
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i. Inference and decoding
At inference, the model generates reports from unseen images. Use beam search decoding with beam
width B = 3 to explore multiple candidate sequences and improve overall report quality.

Beam search (brief pseudocode):

1. Initialize beam with <SOS> token, score 0.

2. At each step, expand each beam hypothesis by all tokens in V; compute cumulative log-
probabilities.

3. Keep top B hypotheses by score.

4. Continue until all hypotheses end with <EOS> or reach max length T,,,.

5. Select highest scoring hypothesis and strip <SOS>/<EOS>.

To improve clinical accuracy, we apply a post-processing step that enforces medically consistent phrases

(e.g., do not output contradictory findings) or run a secondary classifier to verify presence/absence of

key diseases before finalizing the report.

j- Pseudocode: Training and Inference
Training loop (simplified):

for epoch in 1..N_epochs:
for each minibatch (I_batch, Y batch):

A_batch = Encoder(I_batch) # GoogleNet features
loss =0
fortin 1..T:

c_t= Attention(A_batch, h {t-1})
x_t = concat(Embedding(y {t-1}), ¢ t)
h tm t=LSTM(x_t,h {t-1}, m_{t-1})
logits = OutputProj(h_t, ¢ t)
loss += CrossEntropy(logits, y_t)
loss =loss / T + weight decay + att_penalty
optimizer.zero grad()
loss.backward()
clip_gradients()
optimizer.step()
validate on dev set and update best checkpoint if metric improved

Inference (beam search skeleton):
A = Encoder(I)
Initialize beam = ( {seq:(<SOS>), score:0, h 0, m_0} )
while not all beams finished and length <T max:
new_beams = ()
for hypothesis in beam:
c_t= Attention(A, hypothesis.h)
x_t = concat(Embedding(last_token), c_t)
h t, m t=LSTM(x_t, hypothesis.h, hypothesis.m)
logits = OutputProj(h_t, ¢ t)
probs = softmax(logits)
for top token choices:
new_seq = hypothesis.seq + (token)
new_score = hypothesis.score + log(prob(token))
push new hypothesis into new beams
beam = top-B hypotheses from new beams
return best hypothesis sequence (strip <SOS>, <EOS>)

k. Evaluation protocol and metrics
Evaluation should combine text-level and clinical-level metrics:



515 Metall. Mater. Eng. Vol 31 (3) 2025 p. 507-521

e Textual / NLG metrics: we used BLEU (1-4), ROUGE-L, METEOR, CIDEr report with averaged
scores and confidence intervals where possible.

e Clinical metrics: Clinical concepts are extracted from generated and reference reports using an
information extraction tool (CheXpert labeler) and compute precision, recall, F1 score for disease
labels (pneumonia, effusion, cardiomegaly, etc.).

e Human evaluation: we include a blinded radiologist scoring clinical correctness and report
usefulness on a sample of generated reports.

I. Interpretability: Visualizing attention

To make the model explainable, attention weights a, ; are projected onto the image grid and visualized
as heatmaps. For important predicted phrases (e.g., “right pleural effusion”), overlay the heatmap to
show which image regions influenced the generation. Combine attention visualization with Grad-CAM
or guided backprop for richer explanations. An example of X-Ray and heatmap overlay is given below
in Figure 5.

Figure 1 : X-ray + attention heatmap overlay for an example Radiograph.
Original X-ray: CXR1.png

Attention Heatmap with ROI

. Implementation Details Hyperparameters
Encoder: GoogleNet/Inception-v1 with ImageNet initialization.
Decoder: single- or two-layer LSTM, hidden size dj, = 512.
Word embedding size: d,, = 300
Attention hidden size: dg; = 512.
Optimizer: Adam, initial LR 1 X 10™%, weight decay 1 X 107°.
Dropout: 0.3 in decoder.
Batch size: 16.
Beam width: 3 during inference.
Epochs: 60 with early stopping on validation clinical

.........E

IV.  Experiments and Results

a. Dataset

The proposed framework was evaluated on the Indiana University (IU) Chest X-ray dataset, which is
widely used in automated radiology report generation research. The dataset contains more than eight
thousand radiographs paired with approximately four thousand diagnostic reports. Each report is
composed of structured “Findings” and “Impression” sections, providing both descriptive detail and
clinical interpretation. The detailed breakdown of Dataset is given below in Table 2. To ensure a fair
evaluation, the dataset was split into training (70%), validation (15%), and testing (15%) sets. The
division was carried out at the patient level, preventing data leakage between subsets.

Table 2. Dataset Statistics
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1U ~8,121 ~3,996 2-3 812 ~1,200
Chest
X-ray
[20]

b. Experimental Setup

The visual encoder was based on GoogleNet (Inception-v1), initialized with ImageNet weights and fine-
tuned on chest radiographs. The LSTM decoder had a hidden size of 512 and was trained from scratch
with word embeddings of size 300. An attention mechanism was integrated to highlight clinically
relevant image regions during text generation. Dropout (0.3) was applied to reduce overfitting, and
gradient clipping at norm 5 ensured training stability. Training was performed with the Adam optimizer
at a learning rate of 1 X 10™*. The encoder was fine-tuned at a lower rate (1 X 10~>) to preserve pre-
trained features. Early stopping was used based on validation loss. During inference, beam search with
width 3 replaced greedy decoding, which improved report fluency and coherence. A graph of Training
and validation Loss and accuracy is shown in Figure 6.

c¢. Evaluation Metrics

To measure performance, both text similarity metrics and clinical accuracy metrics were used.

Natural Language Generation (NLG) Metrics

e BLEU (1-4): Evaluates word sequence overlap between generated and reference reports. BLEU-1
reflects terminology accuracy (single words), while BLEU-2 to BLEU-4 capture phrase and
sentence-level fluency [29].

¢ ROUGE-L: Measures how much of the reference content is covered by the generated text, based
on longest common subsequence. It emphasizes recall and structural similarity [30].

e CIDEr: Weights n-grams using TF-IDF, giving more value to rare but meaningful clinical terms
rather than frequent filler words. It provides a stronger measure of descriptive richness [31].

Figure 2: A Graph of Training and Validation Loss and Accuracy

Training and Validation Loss Curves Across Epochs
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Clinical Accuracy Metrics

Since textual overlap alone does not ensure medical correctness, clinical accuracy was also evaluated

using the CheXpert labeler. Generated and reference reports were mapped to key thoracic findings, and

standard classification measures were applied:

e Precision: The fraction of predicted findings that were correct, indicating avoidance of false
positives.

e Recall: The fraction of actual findings captured by the report generated showing how many true
conditions were identified.
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e Fl-score: The harmonic mean of precision and recall, providing a balanced measure of both
correctness and completeness.
This dual evaluation framework ensures that the system is assessed not only on linguistic
similarity but also on clinical reliability, which is crucial for medical applications.

d. Quantitative Results

The proposed GoogleNet—-LSTM with attention model was compared against many baseline models
recently developed in this domain. A detailed comparison of Natural Language Generation (NLG)
Metrics are as follows in Table 3.

Table 3. Performance Comiarison of Baseline vs. Proiosed Model (Clinical Accuraci Metrices)

MedWriter
[22]

0.471

0.336

0.238

0.166

0.382

0.345

Cross Model
Memory
Network (CMN)

[7]

0.475

0.309

0.222

0.170

0.375

CheXPrune
[11]

0.543

0.446

0.374

0.320

0.598

0.322

CVAM+MVSL
[2])

0.460

0.294

0.207

0.152

0.385

0.409

Learned
Knowledge Base
(LKB) and Multi
Model
Alignment
(MMA)

[32]

0.497

0.319

0.230

0.174

0.399

0.407

XRaySwinGen
[33]

0.470

0.304

0.219

0.165

0.371

Convolutional
Block Attention
Module
(CBAM) with

a cross-attention
mechanism

[10]

0.456

0.294

0.205

0.152

0.364

Our Proposed
Model:
GoogleNet +
LSTM +
Attention

0.795

0.542

0.417

0.336

0.510

0.364

A comparison of Clinical Accuracy Metrices with us are as follows in Table 4:

Table 4: Performance Comiarison of Baseline vs. Proiosed Model (NLG Metrices)

ST [35] 0.249 0.203 0.204
Cross Model Memory Network

(CMN) [7] 0.334 0.275 0.278
ATT2IN [36] 0.322 0.239 0.249
ADA ATT [37] 0.268 0.186 0.181
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TOPDOWN [38] 0.320 0.231 0.238
R2GEN [39] 0.333 0.273 0.276
Our Proposed Model:

GoogleNet + LSTM + 0.370 0.298 0.311
Attention

Key observations include:

e The attention-based model improved BLEU-1 to BLEU-4 by several points, confirming better
phrase-level accuracy.

¢ ROUGE and CIDEr scores showed notable gains, highlighting more informative descriptions.

e Clinical Fldemonstrating that the model not only produced fluent text but also conveyed correct
medical information.

e. Qualitative Results
Beyond numerical scores, qualitative analysis was performed. Generated reports were compared side by
side with reference reports. Some example of generated results are as follows in Table 5.

Table 5: Final Attention Based Results generated by our Attention based Model
Original X-ray: CXR7.png

Mean Attention Heatmap with Max ROI

Ground Truth: There is no | Our Model: The lungs are clear without
pneumothorax. The lungs are clear, | evidence of focal infiltrate or effusion. No
without evidence of focal infiltrate or | pneumothorax found.

effusion. The visualized bony structures

reveal no acute abnormalities.
Original X-ray: CXR901.png

Mean Attention Heatmap with Max ROI

Ground Truth: the lungs are clear | Ground Truth: Lungs are clear. No
bilaterally specifically, no evidence of | pleural effusions or pneumothorax. Heart
focal consolidation pneumothorax or | and mediastinum of normal size and
pleural effusion. contour.
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Origingl X-ray: CXR2311.png

Mean Attention Heatmap with Max ROI

Ground Truth: Lungs are clear without | Our Model: The lungs are clear. There is
focal consolidation, effusion, or | no focal consolidation, pleural effusion,
pneumothorax. or pneumothorax.

Original X-ray: CXRE7.pny Mean Attention Heatrmap with Max ROI

Ground Truth: Normal heart size. Bony | Our  Model:  soft tissues are
thorax and soft tissues are grossly | unremarkable. Probable nerve stimulator
unremarkable. Negative for | noted.

pneumoperitoneum.

Visualizations show that the model accurately focused on key areas of the chest X-ray, correctly

identifying clear lungs, the absence of pneumothorax or effusions, and normal soft tissue structures,

closely matching the ground truth findings. The experimental findings show that integrating attention

significantly enhances both linguistic fluency and clinical accuracy. The model’s ability to highlight

relevant image regions makes it more interpretable and suitable for medical settings. However,

limitations were observed:

o The system occasionally generated generic phrases like “lungs are clear” even when abnormalities
were subtle.

e Rare conditions were sometimes under-represented due to limited examples in the dataset.

e While NLG metrics improved, some clinically important findings were still overlooked, showing
the need for richer datasets and clinical-specific evaluation tools.

Overall, the proposed framework outperformed baseline models in both language generation and
clinical correctness. These results confirm that attention-based encoder—decoder systems are a
promising step toward automated, interpretable, and clinically relevant radiology reporting. Future
improvements could involve domain-specific pre-trained language models, multi-modal integration
(e.g., clinical notes plus images), and evaluation in real-world hospital settings
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V. Conclusion

This paper presented a deep learning framework for automated chest X-ray report generation that
integrates a GoogleNet encoder, an LSTM decoder, and an attention mechanism. The proposed system
was designed to address key challenges in radiology: the shortage of trained specialists, delays in
reporting, and variability in manual interpretation. By combining convolutional networks for feature
extraction with sequence modeling and attention for interpretability, the model was able to generate
coherent diagnostic reports that aligned more closely with radiologist-written references than baseline
approaches. Experimental results demonstrated clear improvements across both natural language
generation metrics (BLEU, ROUGE, METEOR, CIDEr) and clinical accuracy measures (precision,
recall, F1-score). Importantly, the inclusion of attention not only boosted linguistic performance but also
enhanced clinical reliability by focusing on relevant anatomical regions during report generation.
Qualitative analysis confirmed that the model successfully described common conditions such as
cardiomegaly, pleural effusion, and infiltrates, producing fluent and clinically meaningful sentences.
Despite these encouraging results, the research also highlighted certain limitations. The model
sometimes favored frequent, generic phrases while underperforming on rare conditions due to limited
dataset representation. In addition, standard evaluation metrics may reward surface-level similarity
rather than true clinical accuracy. These challenges underline the need for richer datasets, more diverse
evaluation frameworks, and validation in real-world hospital environments.

VI. Data Availability Statement
The data that support the findings of this study are openly available in Kaggle at
https://www.kaggle.com/datasets/raddar/chest-xrays-indiana-university.
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