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1. INTRODUCTION

Chest radiography is one of the most commonly performed diagnostic imaging examinations because of its low cost, rapid
acquisition and widespread availability. Radiologists analyze chest X-ray images and produce structured reports including
Findings, which describe anatomical observations and imaging abnormalities, and Impression, which summarizes the most

clinically significant conclusions. This task of producing accurate radiology reports, which involves careful interpretation of
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ABSTRACT: Automated radiology report generation can improve repotting efficiency,
but implementing research models is challenging. In this paper, we introduce
ClinCrossT5, an end-to-end deployment framework for automated chest X-ray report
generation, in the form of an interactive web application. Our system combines Vision
Transformer (ViT-B/16) for image feature extraction, rettieval of visually similar prior
cases using cosine similarity, and Clinical-T5 for language generation to produce
structuted Findings and Impression sections from chest radiographs and clinical
indications.

The application was built using Gradio and deployed on Hugging Face Spaces. Users
can upload chest X-ray images, enter clinical indications, generate structured radiology
reports and export the results as Microsoft Word (.docx) documents. This deployment
integrates image preprocessing, visual feature extraction, similarity retrieval, multimodal
inference, and automated document generation into a browser-accessible interface.
Deployment experiments verified the successful end-to-end execution of the complete
inference pipeline that included image preprocessing, feature extraction, case rettieval,
report generation, visualization and document export. Latency evaluation on the
production deployment using an NVIDIA T4 GPU showed a mean warm-inference
latency of 6.07 s for repeated requests to a single image (n = 9) and 8.98 s across 20
chest X-ray images with three repeated runs per image (n = 60). We show representative
examples generated by the deployed application on unseen chest X-ray images. The
paper further presents the deployment architecture, implementation workflow and
operational evaluation in terms of latency, providing a practical platform for research
and decision-support evaluation of retrieval-augmented multi-modal radiology report

generation systems.

imaging findings with the use of clinically relevant language, is therefore complex and time-consuming.

In recent years, automated radiology report generation has been improved significantly with the help of multimodal

frameworks that combine visual feature extraction and natural language generation, by using deep learning. Transformer-

760

Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health ‘
elSSN: 2583-1194

based models have demonstrated a strong ability of learning relations between medical images and clinical text. Retrieval-
augmented generation (RAG) improves report quality by adding information of clinically relevant historical cases during
inference. Retrieving visually similar prior examinations adds clinical context, improves report consistency and reduces

generic or incomplete descriptions.

Despite these advances, there has been relatively little work on deployment of radiology report generation models as
accessible software applications. Most of the current work is concerned with model architecture, training strategies and
benchmark performance, but practical deployment involves other considerations such as efficient model initialization,
retrieval database management, browser-based interaction, report formatting, cloud hosting, and robust inference. It is
essential to overcome these challenges to benchmark artificial intelligence systems in realistic workflow environments.

In this paper, we propose ClinCrossT5, an end-to-end deployment framework for automated chest X-ray report generation.
We introduce a web-based application developed in Gradio and deployed on Hugging Face Spaces that integrates pretrained
Vision Transformer (ViT-B/16) image feature extraction, rettieval of clinically relevant prior cases based on cosine similarity,
and Clinical-T5 language generation. Users can upload an image of a chest x-ray, enter the clinical indication, generate a

structured radiology report with Findings and Impression, and export the report as a Microsoft Word (.docx) document.

Unlike studies largely focused on model development and benchmark accuracy, this work focuses on the deployment,
integration, and operational evaluation of a retrieval-augmented multimodal reporting system. Although the underlying
ClinCrossT5 model has been evaluated before using standard metrics in radiology report generation, the main contribution of
this paper is the implementation and evaluation of a full deployment pipeline. It provides a practical platform for research and
decision-support evaluation by integrating multimodal inference and similarity-based retrieval, report visualization, document

generation, and deployment performance analysis in a single web-based environment.

This work makes three key contributions. We first introduce a web-based deployment framework for retrieval-augmented
chest X-ray report generation, based on Gradio and Hugging Face Spaces. Second, we implement an end-to-end multimodal
inference pipeline in a unified architecture that combines the feature extraction of the Vision Transformer, similarity-based
retrieval, and Clinical-T5 report generation. Third, we evaluate the deployed system by analyzing deployment latency,
assessing inference workflow, and characterizing the operational performance. These contributions provide a practical
framework to translate multimodal radiology report generation research into an accessible cloud-based platform for research

and decision-support evaluation.
2. RELATED WORK

Automated radiology report generation has emerged as an important research area in medical imaging and clinical natural
language processing. The aim is to produce clinically accurate and coherent radiology reports directly from medical images,
supporting radiologists and improving reporting efficiency. Current approaches have evolved from convolutional neural
network (CNN)-based encoder-decoder models to transformer-based multimodal frameworks and, most recently, retrieval-

augmented generation (RAG) methods that utilize information from clinically relevant prior cases.

Early work adapted image captioning techniques to the radiology domain using CNN-based visual feature extraction with
recurrent neural network (RNN) language models. Jing et al. proposed a hierarchical LSTM framework that generates
paragraph-level radiology reports by modeling sentence-level and word-level dependencies and generated more coherent
reports than conventional image captioning methods [1]. Li et al. proposed Hybrid Retrieval-Generation Reinforced Agent
(HRGR-Agent) which combined template retrieval and reinforcement learning to improve clinical relevance and reduce
repetitive text generation [2]. However, these methods were limited in modeling long-range contextual dependencies and

complex clinical semantics.

The use of transformer-based architectures has greatly improved radiology report generation due to better modeling of global
contextual relationships. Delbrouck et al. further tackled the issue of factual inconsistency by proposing semantic reward
optimization, demonstrating that reward functions guided by clinical knowledge may improve the factual correctness of
generated reports [4]. Meanwhile, vision-language pretraining has become an effective recipe for medical imaging applications.
Zhou et al. showed that cross-supervised learning between chest X-ray images and free-text radiology reports improves
multimodal representations for downstream clinical tasks [5].
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Visual representation learning is an essential part of multimodal report generation systems. Previously, deep learning models
were predominantly based on convolutional neural networks. Residual learning architectures such as ResNet were used for
strong visual feature extraction for medical image analysis [6]. The transformer architecture proposed by Vaswani et al. has
made the effective modeling of long-range dependency via self-attention mechanism [7]. On this foundation, Dosovitskiy et
al. proposed the Vision Transformer (ViT), demonstrating that pure transformer architectures can learn effective long-range
spatial relationships and perform well across image identification tasks [8]. These visual encoders have been widely used in
medical imaging, where a good representation of the images is helpful for the downstream report generation. Boecking et al.
emphasized the significance of leveraging text semantics for enhancing biomedical vision-language processing and image-text
representation learning [9].

Pretrained language models have also helped with medical text generation. Raffel et al. proposed T5 (Text-to-Text Transfer
Transformer) which unified various natural language processing tasks into a single text-to-text framework [10]. The system
uses the hossboll/clinical-t5 checkpoint, a Clinical-T5-based model built on the T5 architecture and adapted for clinical text
generation which offers a domain-specific language model for clinical natural language processing tasks [11]. Domain-specific
language models have been demonstrated to outperform general-purpose language models in generating clinical text.

Recently, retrieval-augmented generation has become a promising approach to improve the factual consistency for report
generation. Lewis et al. proposed the Retrieval-Augmented Generation framework to integrate external retrieved knowledge
with neural text generation and improve the performance of knowledge-intensive generation tasks [12]. Retrieval-based
models in medical imaging provide visually clinically relevant reference reports from similar past exams, helping improve

contextual grounding in report generation.

Reliable evaluation remains a major challenge in automated radiology report generation. Conventional natural language
generation metrics like BLEU and ROUGE measure mostly lexical similarity and may not adequately capture clinical
correctness. In [13] Irvin et al. presented CheXpert, a large-scale chest radiograph dataset and benchmark for automated chest
radiograph interpretation. One of the largest publicly available chest radiograph databases with associated free-text reports for
development and evaluation of artificial intelligence models is MIMIC-CXR, released by Johnson et al. [14]. Smit et al. [15]
demonstrated that the integration of automatic labelers and expert annotations using BERT-based approaches increases the
accuracy of radiology report labeling. NegBio also offers a powerful approach for detecting negation and uncertainty in
radiology reports, thus enabling more accurate extraction of clinically relevant findings from free-text reports [16]. These

resources have become standard benchmarks for radiology report generation research.

Recent work has shown increasing focus on multimodal representation learning and explainability. Messina et al. reviewed
advances of deep learning methods for automatic medical report generation, and stressed the increasing importance of
explainability and clinically meaningful evaluation [17]. Huang et al. proposed GLORIA to improve image-text alighment
through global and local multimodal representation learning [18]. Self-supervised learning has been shown to learn useful
representations from large collections of unlabeled chest X-ray images and improve performance on downstream chest X-ray
analysis tasks [19] (Tiu et al.)

However, there are few studies on how to translate research models into deployable software systems. Most of the work so
far is centered on model design, training strategies, or benchmark performance. However, efficient model loading, retrieval
database integration, interactive web interfaces, report visualization, document generation, and robust cloud-based inference
are required for practical deployment. Tackling these challenges is critical for evaluating multimodal artificial intelligence

systems in real-world deployment scenarios.

Motivated by these limitations, we propose a unified deployment pipeline named ClinCrossT5 combining Vision Transformer
based visual feature extraction, similarity based retrieval, and Clinical-T5 report generation. Unlike previous work that is
primarily concerned with model development, this work is concerned with implementation and operational evaluation of an
end-to-end retrieval-augmented reporting system deployed using a browser-accessible interface provided by Gradio and
Hugging Face Spaces. The resulting platform provides a practical environment for research and decision-support evaluation

of retrieval-augmented multimodal radiology report generation systems.
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3.SYSTEM ARCHITECTURE

We propose ClinCrossT5, an end-to-end retrieval-augmented multimodal framework for structured radiology report
generation from chest X-ray images and clinical indications. The architecture consists of four main modules: (i) visual features
extraction, (ii) similarity-based case retrieval, (iii) multimodal report generation, and (iv) report presentation and export. The
overall system architecture is shown in Fig. 1.

This process starts with uploading a frontal chest X-ray image via the web interface. The image is resized to 224 X 224 pixels
and normalized by mean and standard deviation values of the ImageNet dataset before being passed through the pretrained
Vision Transformer (ViT-B/16) encoder. The encoder outputs a 768-dimensional vector representation of the image’s

radiographic content.

For additional clinical context, the extracted feature vector is compared to a pre-computed feature database that is computed
from the IU Chest X-ray dataset. Visually similar exams are identified using cosine similarity, and the corresponding Findings
and Impression sections are extracted as reference context. The retrieved reports contain clinically relevant information that
complements the visual representation of the input image.

The report generation module combines three sources of information: visual features, the clinical indication provided by the
user, and the retrieved reference reports. A linear projection layer projects visual features into the textual embedding space
and multi-head attention fuses visual and textual representations. The fused representation is then passed to the Clinical-T5

decoder for report generation.

Clinical-T5 produces a structured report with Findings and Impression sections. To improve report coherence and reduce
redundant text, beam search decoding and repetition control mechanisms are incorporated.

The report produced is presented through the web interface, allowing the user to see the Findings and Impression separately.
The system is able to export the generated report as a Microsoft Word (.docx) document for offline review and
documentation purposes.
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Figutre 1. Overall architectute of the proposed ClinCrossT5 framework illustrating image preprocessing, ViT-B/16 featute

extraction, similarity-based retrieval of reference cases, multimodal fusion with Clinical-T5, structured report generation, and

document export.
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4. DEPLOYMENT FRAMEWORK AND SOFTWARE IMPLEMENTATION

The ClinCrossT5 framework was implemented as a web-based application for automated chest X-ray report generation. The
deployment integrates the pretrained multimodal model, similarity-based retrieval module, and report generation pipeline into
a single system that supports end-to-end inference through a web browser. Figure 2 illustrates the deployment framework and

the interaction between the major system components.

The interface was implemented on Gradio, a light-weight environment for image upload, input of the clinical indication,
visualization of the report and export of the document. Gradio was chosen for its ease of use, compatibility with deep
learning models and cloud deployment capabilities. The application runs on Hugging Face Spaces, which lets users access the
system using a standard web browser, no local installation or software configuration required.

In the initialization process, the pretrained Clinical-T5 model, the tokenizer, the feature extractor of ViT-B/16 and the
retrieval database are loaded into the memory. The retrieval database contains precomputed visual feature embeddings
extracted from the IU Chest X-ray dataset together with their corresponding Findings and Impression reports. The inference
time is reduced by pre-computing the reference embeddings since the feature extraction is not performed repeatedly at

runtime.

The inference process is initiated when a user uploads a chest X-ray image together with the clinical indication associated with
it. The image is preprocessed and passed through the pretrained ViT-B/16 encoder to obtain a 768-dimensional feature
vector. Cosine similarity is then used to compare the extracted feature vector with the stored feature database and retrieve the
most visually similar reference cases. The retrieved reports, together with the user-provided indication, are incorporated into a

retrieval-augmented prompt that is passed to the Clinical-T5 model.

The generated report is displayed through the web interface as structured Findings and Impression sections. The system
automatically formats the output and provides an option to export the report as a Microsoft Word (.docx) document, making

it suitable for documentation and offline review.

The software follows a modular architecture in which image preprocessing, feature extraction, similarity retrieval, multimodal
inference, report generation, and document creation are implemented as independent components. This design simplifies
maintenance and allows individual modules to be updated or replaced without affecting the overall system. For example,

alternative visual encoders, retrieval methods, or language models can be incorporated with minimal modifications.
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Figure 2. Deployment framework of the ClinCrossT5 application showing model initialization, image preprocessing, feature
extraction, similarity-based retrieval, Clinical-T5 report generation, report visualization, and document export through the
Gradio interface deployed on Hugging Face Spaces.

5. IMPLEMENTATION DETAILS AND EXPERIMENTAL SETUP
5.1 Model Components

The visual encoder is ViT-B/16, which extracts a 768 dimensional feature vector from each chest X-ray image. These feature
vectors represent the radiologic content of the image and are used for similarity based retrieval and generation of the report.
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Structured radiology reports are generated using the sequence-to-sequence language model Clinical-T5. The extracted visual
features are projected into the textual embedding space by a learnable linear projection layer, and a multi-head attention
module fuses the visual and textual representations before decoding. The model outputs two structured sections, Findings

and Impression, in compliance with standard practice in radiology reporting.
5.2 Retrieval Database

The retrieval augmentation is performed using a database of precomputed image featute embeddings from the IU Chest X-
ray dataset. For each entry in the database, we have a ViT-B/16 visual feature embedding along with the corresponding
Findings and Impression section.

At inference time, cosine similarity is used to match the uploaded image to the stored feature embeddings and retrieve the
most visually similar reference cases. The retrieved reports provide additional contextual information to enhance the visual

representation of the input image before report generation.

The pre-computation of image embeddings avoids the repeated extraction of the features of the reference dataset at the time
of inference. The computational efficiency is improved without degrading the retrieval quality.

5.3 Software Environment

The deployment framework was built in Python with popular deep learning and application development libraries. The
primary software components include PyTorch, Hugging Face Transformers, Torchvision, Gradio, NumPy, Pandas, Pillow,
and python-docx.

We implemented Clinical-T5 using Hugging Face Transformers and used PyTorch to load the pretrained models and do the
inference. The web interface was created using Gradio . Downloadable Microsoft Word (.docx) reports were generated using
python-docx.

5.4 Deployment Platform

The application is deployed on Hugging Face Spaces, a cloud-hosting platform for interactive machine learning applications.
The software architecture is modular with separate components for preprocessing, retrieval, report generation and document
creation. This design supports maintenance and allows for the update, replacement or extension of individual modules

without affecting the overall application.
5.5 Inference Configuration

During inference, each uploaded chest X-ray image is resized to 224 X 224 pixels and normalized using the ImageNet mean
and standard deviation values used in Vision Transformer (ViT-B/16) pretraining. The extracted image embedding is

compared with the retrieval database by cosine similarity to find the most similar reference cases.

The input prompt of the Clinical-T5 model consists of the retrieved reports and the clinical indication provided by the user.
We use beam search decoding with repetition control for report generation to improve the coherence and reduce the
repetitive text. The generated sections of Findings and Impression are displayed on the web interface and can be downloaded

as a Microsoft Word document (.docx).
The inference configuration is summarized in Table 1.

Table 1. Model and Inference Configuration

Parameter Configuration
Visual encoder Vision Transformer (ViT-B/16)
Image size 224 X 224 pixels

Visual embedding dimension  |768

Language model Clinical-T5
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Retrieval method Cosine similarity
Retrieval database IU Chest X-ray dataset
Output sections Findings and Impression
Deployment interface Gradio

Cloud platform Hugging Face Spaces
Export format Microsoft Word (.docx)

5.6 Reproducibility

This modular framework combines preprocessing, feature extraction, retrieval, inference and report generation with

pretrained models and open source libraries, facilitating reproducibility and future extension.
6. RESULTS
6.1 Deployment of the ClinCrossT5 Application

The proposed framework was deployed as an interactive web application using Gradio and hosted on Hugging Face Spaces.
The interface allows users to upload chest X-ray images, enter clinical indications, generate structured radiology reports, and
export the results as Microsoft Word (.docx) documents. Figure 3 shows the user interface of the deployed application.

= Spaces o ClinCrossT5_Radiology Report Generatox ® Agrnty

[

w N

Figure 3. Browser-based Gradio interface of the deployed ClinCrossT5 application showing chest X-ray upload, clinical

indication input, report generation, and document export.
6.2 End-to-End Report Generation

To evaluate the deployed system, chest X-ray images and their corresponding clinical indications were submitted through the
web interface. For each input, the application successfully completed the full inference pipeline, including image

preprocessing, feature extraction, similarity-based retrieval, multimodal inference, and structured report generation.

The generated reports contained two sections: Findings, describing the radiographic observations, and Impression,
summarizing the main diagnostic interpretation. The generated reports followed the standard radiology reporting format and
incorporated information from both the uploaded image and the retrieved reference cases. Figure 4 shows an example of a

report generated by the deployed application.
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Radiology Report

INDICATION: pain

FINDINGS

a hyperinflated lungs with no focal alveolar consolidation. No definite pleural effusion seen.
Heart size near top normal limits, aortic calcifications and mild ectasia/tortuosity. No
typical findings of pulmonary edema. Contour irregularity ofthe left clavicle appears
chronic and suggests old injury.

IMPRESSION

Hyperinflated lungs with no focal alveolar consolidation. No definite pleural effusion seen.
Heart size near top normal limits, aortic irregularity ofthe left clavicle appears chronic and
suggests old injury.

RADIOLOGIST REMARKS

Figure 4. Example of a structured radiology report generated by the deployed ClinCrossT5 application, illustrating the

automatically generated Findings and Impression sections.
6.3 Interactive User Interface

The web interface allows users to interact with the deployed model using two inputs: a chest X-ray image and the
corresponding clinical indication. After report generation, the application displays the Findings and Impression sections

separately for easy review.

The application also supports export of the generated report as a Microsoft Word (docx) document. This feature enables
report documentation, sharing, and offline review without additional software or manual formatting.

The interface provides a simple and accessible workflow for generating and reviewing structured radiology reports, making
the application suitable for research and demonstration purposes.

6.4 Qualitative Evaluation

A qualitative assessment was performed using representative chest X-ray images to examine the behavior of the deployed
application. For the tested examples, the system successfully generated complete radiology reports in the standard Findings—

Impression format.
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The retrieval module incorporated information from visually similar reference cases, which provided additional context
during report generation. The generated reports were well structured and showed consistent correspondence between the

Findings and Impression sections.

This assessment focused on the operational behavior of the deployed application rather than diagnostic accuracy. The
examples demonstrate that the integrated retrieval-augmented inference pipeline can generate structured radiology teports

within the deployed web-based system.
6.5 Deployment Outcomes
The deployment of ClinCrossT5 demonstrated the following capabilities:

integration of image preprocessing, feature extraction, similarity-based retrieval, multimodal inference, and report generation

within a single application;

i) browser-based access without local installation;

i) automatic generation of structured Findings and Impression sections;

iif) interactive report visualization through the web interface;

iv) export of generated reports as Microsoft Word (.docx) documents; and

v) a modular software design that supports future extension of retrieval methods or language models.
6.6 Underlying model performance

ClinCrossT5, the deployed application, is based on a retrieval-augmented multimodal report generation model developed and
evaluated separately. The underlying model was evaluated on the IU Chest X-ray dataset using natural language generation
metrics. The present study focuses specifically on the software integration, deployment, and operational evaluation of the
system; model development and experimental evaluation are beyond the scope of this paper.

Table 2. Performance of the ClinCrossT5 report generation model on IU X-ray dataset

Metric ClinCrossT5
BLEU-1 0.544
BLEU-4 0.360

ROUGE-L 0.494

6.7 Deployment Latency Evaluation

To assess the responsiveness of the deployed ClinCrossT5 application, we measured the end-to-end inference latency on the
production Hugging Face Spaces deployment with NVIDIA T4 GPU. Latency was measured as the wall-clock time between
submitting an API request and receiving the generated Findings, Impression, and downloadable report using the gradio_client
Python interface.

There were two experiments. To measure the cold-start and warm inference latency, we first submitted a single chest X-ray
image for ten consecutive requests.Second, latency was measured on 20 chest X-ray images with file sizes from 19.3 KB to

435.5 KB with three repeated runs per image (60 requests total).

The cold-start latency is the first request that arrives after the application initialization or after a period of inactivity, which
requires container and model initialization. One cold-start request in the current deployment took 12.38 s, which reflects this
initialization overhead. Additional warm requests for the same image averaged 6.07 s (median=6.11 s, SD=0.19 s, P95=6.32
s), indicating stable performance after initialization.
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The average latency for the 20-image benchmark was 8.98 s (median = 9.31 s, SD = 1.87 s, P95 = 11.62 s) and the average
latency for individual images ranged from 5.54 s to 11.46 s, as summarized in Table 3. Image file sizes ranged from 19.3 KB
to 435.5 KB. We did not find any consistent relationship between image file size and inference latency. These results suggest
that latency is affected by more than just image file size, possibly including retrieval operations and autoregtressive report

generation.

Most of the requests were completed in 5-12 s after the initial warm-up period, which indicates the practical responsiveness
of the deployed application in a web-based environment. The cold-start overhead of around 12 s may affect applications
requiring constant low latency and could be improved by scheduled warm-up requests or a persistent hosting setup. Future
work will investigate the relationship between latency and length of the generated report and evaluate performance for

concurrent requests from multiple users.

Table 3. Deployment Latency Summary

Metric Single-image (repeated, n=9) | Cross-image (20 images, n=60)
Hardware tier NVIDIA T4 (GPU) NVIDIA T4 (GPU)
Cold start (s) 12.38 —

Mean (s) 6.07 8.98
Median (s) 6.11 9.31

Min (s) 5.88 5.06

Max (s) 6.40 11.91

P95 (s) 6.32 11.62

SD (s) 0.19 1.87

Distinct images 1 20
n (requests) 9 60

The application was deployed on Hugging Face Spaces using NVIDIA T4 GPU runtime. A cold start is the first request after
a period of inactivity, which involves initializing the container and loading the model. The cross-image experiment was
performed after the application was initialized, so we do not measure cold-start latency for it. Single-image latency represents
warm inference for one repeated image (n = 9). Cross-image latency represents inference across 20 chest X-ray images with
three repeated runs per image (n = 60). Image file sizes ranged from 19.3 KB to 435.5 KB. SD denotes standard deviation,
and P95 denotes the 95th percentile.

6. LIMITATIONS AND FUTURE DIRECTIONS

While the proposed ClinCrossT5 framework shows successful implementation of a retrieval-augmented multimodal radiology
report generation system, there are several limitations to note.

First, the retrieval database is based on the IU Chest X-ray dataset and is limited in size and diversity compared to large
clinical repositories. Availability of visually similar reference cases and the retrieval performance can be improved by a larger

and more diverse retrieval database.

Second, the current system produces reports from a single chest X-ray image and its associated clinical indication.It excludes
multi-view examinations, prior imaging, laboratory results, and other clinical information that may affect radiological

interpretation. Incorporating additional patient data could improve report completeness and clinical relevance.
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Third, the study assesses the performance of the implemented application in operation, not its clinical impact. Although the
system reports successful end-to-end report generation, radiologist reader studies and prospective clinical validation were
beyond the scope of this work.

The current implementation is also stand alone web application and not integrated with hospital information systems,
electronic health records or PACS.This type of integration would require interoperability with clinical infrastructure, secure

authentication, privacy protection and compliance with institutional and regulatory requirements .

Future work will focus on expanding the retrieval database, investigating more advanced retrieval methods, and evaluating
recent medical vision-language foundation models. Other enhancements might be scalable cloud deployment, asynchronous
inference, monitoring tools and containerized services. Further studies may also explore multilingual report generation and
additional imaging modalities. To summarize, ClinCrossT5 is a useful platform for research and evaluation of decision
support for retrieval-augmented radiology report generation . Overcoming these limitations will lead to more robust and

scalable deployment frameworks.
7. CONCLUSION

In this paper, we introduce ClinCrossT5, a web-based application implementation of a retrieval-augmented multimodal
framework for automated chest X-ray report generation. The system extracts features from chest X-ray images and clinical
indications using Vision Transformer (ViT-B/16), retrieves reference cases based on similarity, and generates structured

Findings and Impression sections using Clinical-T5 language generation.

The main contribution of this work is the practical deployment of a report generation system with retrieval augmentation.
The application was deployed successfully using Gradio and Hugging Face Spaces, integrating image preprocessing, feature
extraction, similarity-based retrieval, multimodal inference, report generation, and document export into a single web-based

interface. The modular design also allows for future improvements in the visual encoder, retrieval module or language model.

The deployment results show that the system is able to generate structured radiology reports successfully and provide an
interactive interface for report review and export. We show how to practically implement such an end-to-end retrieval-

augmented inference pipeline in a web-based setting.

There are a number of directions for future work. These are improving the retrieval database, testing more advanced medical
vision-language models, adding more clinical information, and improving the interoperability with clinical information

systems.Studies with radiologists as users will also be crucial to evaluate the system’s usability and practical value.

Overall, ClinCrossT5 offers a valuable platform for research and decision-support evaluation of retrieval-augmented
radiology report generation. The deployed application shows how a multimodal report generation model can be converted to

a web-based accessible system for future research and software development in computer-assisted radiology.
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