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Abstract: The need for automated medical report generation is critical in healthcare, especially
in the radiology domain where generating structured, coherent, and clinically accurate brain
MRI reports remains labor-intensive in process. Most of the available methods cannot contextu-
ally interpret sparse keyword input or accurately categorize report segments, which limits their
utility for real-world clinical applications. In light of these limitations, we propose an advanced
multi-module framework that integrates a transformer-based generative model, real-time text
categorization, and quality assurance. The hybrid BERT-GPT4 architecture combines the robust
clinical semantic-encoding abilities of BERT with GPT4’s fluency in text generation capabilities to
generate high-quality medical reports from keyword inputs. This architecture allows for accurate
expansion from medical terms such as “ischemic stroke” or “white matter lesion” to coherent
report narratives, aiming at more than 85% coherence and above 90% clinical relevance. To
implement real-time report categorization, we employ an enhanced hierarchical classification
model using a DistilBERT, in which an attention mechanism can serve for efficient and accurate
classification in the sections History, Physical Examination, and Findings with more than a 92%
F1l-score. Moreover, we utilize MedSpacy for keyword extraction and standardization, with lex-
ical analysis and clinical validation to meet medical standards such as SNOMED CT and ICD-10.
This ensures syntactic coherence and clinical relevance, achieving scores over 95% and 98%,
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respectively. This well-rounded approach not only accelerates report generation but also
improves accuracy and readability, promising a significant impact on the efficiency of clinical
documentation and diagnostic support. Our model processes with a processing time of less

than three seconds. Our model will suit applications that have a need to function in real-time

and also offers an efficient, reliable tool in the modern medical reporting process.

Keywords: Medical report generation, brain MRI, transformer
models, clinical NLP, real-time text categorization.

Abbreviation

Full Form

MRI

Magnetic Resonance Imaging

NLP Natural Language Processing

ML Machine Learning

LLM Large Language Model

BERT Bidirectional Encoder Representations
from Transformers

GPT-4 Generative Pre-trained Transformer 4

BLEU Bilingual Evaluation Understudy

ROUGE Recall-Oriented Understudy for Gisting
Evaluation

CIDEr Consensus-based Image Description
Evaluation

SNOMED CT Systematized Nomenclature of Medicine -
Clinical Terms

ICD-10 International Classification of Diseases,
10th Revision

MIMIC-1II Medical Information Mart for Intensive
Carellll

Openl Open Access Biomedical Image Search
Engine

SVM Support Vector Machine

loMT Internet of Medical Things

RST Rough Set Theory

GPU Graphics Processing Unit

RelLU Rectified Linear Unit

MedSpacy Medical-Specific Natural Language
Processing Toolkit Built on spaCy

TECRR Textual and Expert-Curated Radiology
Reports

BI-RADS Breast Imaging Reporting and Data

System

1. Introduction

Recently, the increased need for automated clinical docu-
mentation has underscored the requirement for reliable,
robust systems to generate structured medical reports
from minimal input. Traditional radiology report gener-
ation (Aissaoui Ferhi et al., 2024; Wenstrup et al., 2023;
Sirocchi et al., 2024), especially for brain MRI reports, re-
quires domain expertise and significant time investment.
Current approaches (Brasen et al., 2024; Eguia et al., 2024,
Malashin et al., 2024) to report generation with NLP face
large challenges, including limited contextual understand-
ing and lack of adequate categorization mechanisms,
which mostly lead to outputs that may be clinically in-
coherent. With increased complexity of medical language
and diagnostic details, especially in neurology and ra-
diology, it would require a system that not only produces
coherent narratives from sparse input keywords but also
structures the content produced into clinically relevant
sections. Large language models (LLMs) such as BERT and
GPT -4 are now providing advanced NLP capabilities and
foundational tools for contextual understanding and co-
herent language generation. BERT is especially good at
encoding the semantics of clinical terms, capturing the
subtle meaning necessary in the medical context.

GPT -4 is highly skilled at creating fluent, contextually
appropriate sentences. However, when applied as stand-
alone applications to capture both the clinical context
and the structural organization required for brain MRI
reports, they are not ideal. This paper, therefore, intro-
duces a novel hybrid BERT-GPT4 model that combines
the advantages of BERT’s semantic encoding with the
generative fluency of GPT4 to produce highly specialized
and clinically relevant brain MRI reports. In addition to
report generation, the framework includes an integrated
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real-time text categorization module that classifies report
content into meaningful clinical sections, such as History,
Physical Examination, and Findings. The system classifies
report sentences generated by DistilBERT, a lightweight
yet powerful transformer model and an attention mech-
anism, with remarkable speed and accuracy. Adding
MedSpacy optimizes the input data by transforming raw
clinical notes into standardized keywords, thereby en-
hancing accuracy in both generation and categorization.

A post-processing module is added to ensure that the
final output meets clinical standards, incorporating lexi-
cal analysis and validating terminology against standard
medical databases using high-precision and clinical-rele-
vance scores. Such an innovative, multi-step framework
addresses the limitations of current NLP-based report
generation systems and opens the door to a new era of
automated medical reporting. This method is estimated
to process reportsin under three seconds per report, with
high accuracy in coherence, categorization, and clinical
relevance, and presents a viable solution for real-time
applications in clinical settings.

Motivation and Contribution

This motivation is born from the current issues associ-
ated with generating medical reports automatically,
particularly in the area of radiology and neurology, where
generated content should be both accurate and coherent.
Solutions currently existing in the area of text genera-
tion in clinical settings fail due to insufficient treatment
of medical terminology and the contextual dependency
within radiological findings. Most of the present methods
fail to provide an integrated approach by incorporating
robust NLP techniques, and thus, generate gaps both in
semantic understanding and structural organization of
the resultant reports.

In light of the paramount importance of generating
accurate and structured reports for brain MRI, a more
efficient and intelligent framework is needed. In so doing,
our research attempts to fill this gap by using transformer
models to capture the intricacies of the medical language
and implementing real-time categorization of the struc-
tural requirements to ensure state-of-the-art clinical NLP
application performance. The main contributions of this
paper are: a hybrid architecture combining BERT and GPT
-4, optimized for the demands of medical report genera-
tion, and an innovative real-time categorization module.
It will thus attain high semantic accuracy and fluency by
encoding keywords through BERT and then producing co-
herent narratives with GPT4.

The integration of DistilBERT with an attention mech-
anism for sentence-level categorization will enhance the
framework’s capability to structure reports into clinically
relevant sections rapidly and accurately. In addition, us-
ing MedSpacy for keyword extraction along with a strict
quality assurance module has ensured that the results
and the reports generated in adherence to medical stan-
dards can also be used immediately with much accuracy.
This, therefore, helps significantly bridge the gap that is
evident currently in the state of generation of automated
reports for medical services.

2. Review of Studies Related
to Medical Text Analysis

A comprehensive review of recent papers is provided be-
low, showing the dynamic evolution in the application of
ML and NLP in healthcare and medical diagnostics. Right
from the beginning, Aissaoui Ferhi et al. (2024) paved the
way by showing that symptom-based health checkers are
feasible through ML-enabled diagnostic processes. This
was further developed in works such as Wenstrup et al.
(2023), where therole of ML in real-time stroke recognition
through medical helpline calls was explored, establish-
ing the urgency and potential of integrating Al for critical
care support sets. Sirocchi et al. (2024) emphasized the
integration of prior medical knowledge into decision sys-
tems, underlining the need for domain-informed ML. The
papers in that thread underscored the understanding of
why these systems would outperform generic models for
tasks involving a need for contextual sensitivity.

Brasen et al. (2024) demonstrated how to apply ML
in emergency departments to gain appreciation for
ML-assisted triage, which is critically needed for resource
allocation and the diagnostic process. A systematic re-
view of NLP in clinical decision support can be found in
Eguia et al. (2024). On the other hand, this was advanced
further with text extraction being combined with NLP
on unstructured medical reports towards establishing
new benchmarks for clinical narrative processing and
understanding by Malashin et al. (2024). Table 1 itera-
tion continues, with the adoption of anomaly detection
for medical IoT traffic contributing to the dimensions of
healthcare security and operational efficiency, as de-
scribed in Aversano et al. (2024).

Ng and Zhang (2023) explored ML applications in phar-
maceutical domains and brought diagnostic progress
together with therapeutic approaches. Dinsa et al. (2024)
generalized such methodologies, embedding ensemble
ML techniques for the task of document categorization
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Table 1. Comparative analysis of existing methods.

Reference

Method

Main Objectives

Findings

Limitations

(Aissaoui Ferhi
et al., 2024)

Machine Learning for
Symptom-Based Health
Checker

Develop a system for initial
diagnostic support using
symptom-based inputs

Improved diagnostic
accuracy and decision-
making support

Limited generalization
for rare or complex
symptoms

(Wenstrup et al.,
2023)

ML-Assisted Stroke
Recognition for Medical
Helpline Calls

Enhance stroke recognition
via telecommunication
systems

Real-time stroke
identification with high
sensitivity

Dependency on voice
and call data quality

(Sirocchi et al., 2024)

Medical-Informed
Machine Learning

Integrate prior medical
knowledge into decision
systems

Enhanced contextual
accuracy in diagnostics

Requires domain
expertise for model
fine-tuning

(Brasen et al., 2024)

ML for Diagnostic
Support in Emergency
Departments

Support emergency triage
and diagnostics

Reduced diagnostic
errors in emergency
settings

Scalability issues
in high-traffic
environments

(Eguia et al., 2024)

NLP in Clinical Decision
Support

Systematic review of NLP
applications in healthcare

NLP effectively
enhances clinical data

Challenges with
unstructured data

analysis processing
(Malashin et al., Image Text Extraction ~ Automate text extraction Achieved high accuracy Limited dataset
2024) and NLP and analysis from medical  in unstructured data diversity

images

processing

(Aversano et al.,
2024)

Explainable Anomaly
Detection for loT in
Healthcare

Detect anomalies in loT
traffic for medical systems

Improved anomaly
detection rates

Difficulty in real-time
scalability

(Ng & Zhang, 2023)

ML in Pharmaceutical
Insights

Enhance pharmaceutical
operations and insight
generation

Enabled better drug
interaction analysis

Limited applicability
outside pharmaceutical
contexts

(Dinsa et al., 2024)

Ensemble ML for
Afaan Oromo
Medical Document
Categorization

Develop ML models
for underrepresented
languages

High classification
accuracy for Afaan
Oromo medical texts

Limited generalizability
to other low-resource
languages

(Singh et al., 2024)

Semi/Self-Supervised
Learning for Medical
Image Segmentation

Reduce annotation
dependency in image
analysis

Achieved high
segmentation accuracy
with limited labeled
data

Performance varies with
dataset complexity

(Singh & Mantri,

RST and ML for Medical

Classify medical data using

Improved

Scalability issues with

2024) Data Classification rough set theory and ML interpretability and large datasets
accuracy
(Li et al., 2024) Predictive ML Model for Forecast medical disputes ~ Demonstrated high Limited dataset for

Medical Disputes

to improve healthcare
management

predictive accuracy

dispute modeling

(Sailunaz et al.,
2023)

ML in COVID-19 Medical
Image Analysis

Survey ML techniques for
COVID-19 diagnostics

Identified effective ML
pipelines for COVID-19
imaging

Focused on a specific
disease, limiting
broader applicability

(Huang et al., 2024)

Multimodal Dataset for
Dental ML Applications

Develop a dataset
supporting diverse dental
ML research

Enabled diverse
applications in dental
diagnostics

Specific to dental
applications

(Wu et al., 2024)

Privacy-Preserving
Diagnosis System

Use Gaussian kernel-based
SVM for secure diagnosis

Maintained privacy
without compromising
accuracy

Computational
overhead with privacy
layers
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Table 1. Continued.

Reference

Method

Main Objectives

Findings

Limitations

(Khan et al., 2025)

Blockchain-Enhanced
loT ML for Healthcare

Integrate blockchain and
ML for secure loT healthcare
applications

Enhanced data security
and integrity

High resource
requirements

(Perez-Downes
et al., 2024)

Bias Mitigation in
Clinical ML Models

Address bias in clinical ML
models

Reduced systemic bias
in healthcare models

Limited assessment of
long-term impacts

(Pilz et al., 2024)

Semi-Automated
Screening of Literature

Use NLP and ML for title-
abstract screening in
systematic reviews

Increased screening
efficiency

Dependency on text
quality

(Lemas et al., 2024)

NLP and ML for
Infant Feeding Status
Classification

Classify infant feeding
practices using clinical
notes

Achieved high
classification accuracy

Requires
standardization in note-
taking practices

(Gothai et al., 2024)

Optimized ML for
Discourse Analysis

Enhance discourse analysis
using optimized ML
pipelines

Improved model
interpretability and
performance

Domain-specific
dependencies

(Grigorev et al.,
2025)

Hybrid ML for Traffic
Incident Severity
Classification

Apply ML and LLMs for
traffic incident severity
analysis

Improved severity
classification accuracy

Limited applicability to
medical datasets

(El-Rashidy et al.,
2023)

Edge/Cloud System for
Level of Consciousness
Detection

Develop an efficient system
for consciousness detection
in emergencies

High accuracy and
explainability

Dependency on edge/
cloud infrastructure

(Hussain et al., 2024)

TECRR Dataset and
Classification for BI-
RADS

Provide a benchmark
dataset for radiological
reporting

Enabled standardized
benchmarks for
radiology

Limited dataset size for
broader generalization

(Almarri et al., 2024)

ML for Decoding Breast
Cancer

Develop ML techniques for
breast cancer data analysis

Achieved high accuracy
in decoding breast
cancer data

Focused on specific
datasets

(Park et al., 2024)

NLP-Based Prediction of
Loss of Consciousness

Use deep learning and NLP
to predict consciousness
loss from ED records

Achieved high predictive
accuracy

Reliance on emergency
department text quality

within underrepresented languages, thus demonstrating
the applicability of ML toward diverse linguistic contexts.
Singh et al. (2024) had mentioned analysis of images with
annotation-effective techniques used to analyze medi-
cal imaging, which bridged a very huge and prominent
bottleneck in acquiring data for training. This paper by
Singh and Mantri (2024) was supported by insights into
medical data classification, focusing on rough set theory,
and it presented some fine approaches for achieving high
interpretability and precision. Li et al. (2024) discussed
predictive models for medical disputes and mentioned
the possibility of predicting ML and reducingrisk in health-
care systems. The crucial applications of ML in diagnosing
COVID-19 patients were recorded by Sailunaz et al. (2023),
which presented a list of imaging techniques. Similarly,

Huang et al. (2024) bridged data quality and clinical utility
using a multimodal dental dataset, enabling diverse ap-
plications of ML in medical imaging. Security-enhanced
diagnostic systems, such as the Gaussian kernel-based
SVM proposed by Wu et al. (2024), introduced privacy-pre-
serving methodologies, which were further enhanced by
blockchain integrations in Khan et al. (2025) architecture
forloT-driven healthcare sets. Bias mitigation became one
of the key themes of clinical ML models, as Perez-Downes
et al. (2024) provided strategies for equitable diagnos-
tics. Pilz et al. (2024) applied semi-automated screening
to better literature searches in healthcare, while Lemas
etal. (2024) applied NLP in infant feeding status classifica-
tion, which further expanded the frontiers of textual data
usage. Discourse analysis, which was demonstrated by
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Gothai et al. (2024), had been instrumental in optimized
ML models. While Grigorev et al. (2025) used hybrid ML for
the task of severity classification, combining LLMs with
traditional approaches.

Systems such as the edge/cloud framework of El-
Rashidy et al. (2023) helped emergency medicine, where
the explainability of ML models was emphasized to
achieve timely decision-making. A benchmark dataset
for BI-RADS classification was proposed by combining
ML, deep learning, and LLMs for improving radiological
reporting, as reported by Hussain et al. (2024). Almarri
et al. (2024) deciphered breast cancer data with the BCPM
method and advanced applications of ML in oncology.
Finally, Park et al. (2024) used deep learning and NLP to
predict loss-of-consciousness events, an excellent exam-
ple of the integration of textual and clinical knowledge
in the process. This body of work clearly shows the vast
application potential of ML and NLP in healthcare from
diagnostics to operational efficiency. The chronological
analysis further reflects a gradual transition from foun-
dational research to very specialized and interdisciplinary
applications. Each paper contributes to the preceding
ones, reflecting a maturing field where innovations align
closely with clinical needs. On reviewing these advances,
some trends are evident. The first wave of studies con-
centrated on feasibility and foundational models, such as
Aissaoui Ferhi et al. (2024) and Wenstrup et al. (2023), with
a focus on diagnostics. From Aversano et al. (2024) and
Dinsa et al. (2024) onwards, scalability and context-spe-
cific adaptations dominated, focusing on gaps in data
representation and language diversity. Papers from Singh
and Mantri (2024) to Khan et al. (2025) show an increas-
ing emphasis on security, interpretability, and clinical
validation, all necessary for translational research in
different domains. The later papers, for example, Lemas
et al. (2024) and Hussain et al. (2024), indicate how ML is
spreading into niche domains, highlighting its versatility.

Integration of multimodal data (Huang et al., 2024; Al-
marri et al., 2024) and bias mitigation Perez-Downes et al.
(2024) reflect the commitment towards inclusiveness and
precision. Finally, very recent works, such as El-Rashidy
et al. (2023) and Park et al. (2024), present real-time
explainability and report readiness for deployment in
dynamic clinical settings. The reviewed literature affirms
that ML and NLP are set to be integral to healthcare,
revolutionizing diagnostics, treatment, and operational
workflows with precision and efficiency. This synthesis of
recent papers marks a promising and transformative era
for Al in medicine sets.

3. Proposed Model Design

To overcome issues of low efficiency and high complexi-
ty that prevail in existing medical text analysis methods,
this section describes the design of the proposed mod-
el, which uses hybrid models for analysis. First of all, as
shown in Figure 1, the BERT-GPT4 hybrid architecture
integrates BERT’s semantic encoding capabilities with
GP-T4’s fluent text generation to produce high-quality
brain MRI reports. Then, the BERT process encodes key-
words X = {x;, Xz, ..., X, } that represent medical terms, such
as “ischemic stroke” or “atrophy.” For every keyword x;, a
contextualized embedding h; via Equation 1 is calculated

by BERT:
h; = fenc(x;; 0 BERT) = softmax(“?‘[—lzn)vi (1)

Where the internal terms are represented via Equations
2,3,and 4:

Q= WQx (2)
K= WKx, (3)
V=i, @

Which are the query, key, and value vectors derived from x;
using trainable weights WQ, WK, and WV, with d,. denoting
the dimensionality of the key vectors. These embeddings
are aggregated into a sequence H via Equation 5:

H={h', 12 .., h} (5)

To align with GPT4’s input requirements, a projection lay-
er transforms H into H’ = {h’, h,, ..., hy’} via Equation 6:

h;"= Wproj h; + bproj (6)

Where Wproj and bproj are learnable weights and biases.
The transformed embeddings are fed into GPT4, which
generates the report text Y = {yy, Y,,., ym} Sequentially in
process. The probability of generating the j-th word y; is
computed via Equation 7:
P(y; |y <j H) @)
= softmax(W o o (Wh [hcontext', yl._l] + bh) + bo)

Where hcontext’ is a context vector extracted from H’, Wh
and Wo are weight matrices, bh and bo are biases, and o
is an activation function (ReLU) for this process.
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The sequence is iteratively sampled to maximize the
joint likelihood via Equation 8:

PY|HY)=11=,™ P(y; |y <), H) (8)

For hierarchical text classification, the report text Yin the
sentence segmentation S = {s;, sz,., Si} set is encoded via
DistilBERT to compute the sentence embeddings E = {e,
es,., ex}, where this internal component is processed via
Equation 9:

e, = genc(s; ODistilBERT) = softmax(%)v{ 9)

With the transpose components represented via Equa-
tions 10, 11 and 12:

Q'=WQ's; (10)
K= WK's, (1
V= wv's (12

Iteratively, as per Figure 2, an attention mechanism as-
signs importance weights a; to each sentence embedding
via Equation 13:

o =

exp(w'e;) ( 1 3)

E}‘Zlexp(wTe )

Where w is a trainable vector for this process. The sen-
tence embeddings are weighted and summed to form a
representation R for classification via Equation 14:

R = Ei{:laiei (14)

The final category probabilities C are calculated via Equa-
tion 15:

C = softmax(W ¢ R + bc) (15)

Where Wc and bc are trainable classification weights and
biases, respectively.

The MedSpacy pipeline extracts medical entities £ =
{e1, ez,., e,} from raw clinical notes T = {t;, t,,., t,} in the
process. For each token t;, an entity e; is identified using
a conditional probability model via Equation 16:

P(eft) = goomict), (16)

Scount (e,t;)

All entities are normalized into the same standard rep-
resentation ¢;,"°"™ through a mapping function norm(e;),

edSpacy P Pipeline

Y

Named Entity Recognition
———. - —

\ 4
o —

Entity Normalization

Input
A4

Extracted Keywords Raw Clinical Notes

BERT-GPT4 Hybrid Architecture
A4

BERT Encoder

A4

Projection Layer

Y
GPT-2 Generator

Y
Generated Medical Report

|=m(d|#ﬂll' t Classification
—

| . |

v

Attention Mechanism

A

Final Validated Repor

Figure 1. Model architecture of the
proposed analysis process.
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and clinical context validation make optimization of
coherence and levels of medical accuracy of the report
possible for this process. Using this, the coherence score
L(R) is calculated via Equation 17:

LRy = 19500 m

| Named Entity Recognition

applying min-max normalization. Final lexical analysis

Input Raw Clinical Notes

Where ¢(r) is a grammar and fluency metric for this pro-
cess. Clinical validation uses a similarity measure with a

medical database D via Equation 18:
v(R,D) = £,y Sqep 22l (18)

[r[[d]
o

Encode Keyweords with BERT |
Where A balances coherence and clinical validation op- i

erations. This holistic approach ensures the accuracy of
the generated report, its coherence, and compliance with I
medical standards. Next, we discuss the efficiency of the N}'

proposed model in terms of different metrics, and com- —
Is Report Successfully Generated?

pare it with existing methods.

0 maximize a combined objective, represented via Equa-
tion 19:

F = argmaxR(L(R) + Ay (R, D)) (19)

Generate Report with GPT-2

4. Comparative Result Analysis | - —— |
Classify Sentences with DistiBERT

This work has been designed with careful attention to l
detail in the experimental setup so as to check how the | Apply Attention Mechanism |
proposed framework is capable of generating coherent l

and clinically accurate brain MRI reports from sparse key-
word inputs. The experiments have been conducted on

Categorize Report Sections

a curated dataset drawn from public medical databas- l
es like MIMIC-IIl and Openl along with expert-annotated [Pem"“ LE*‘*'A"E'Y‘-*S]
brain MRI reports so that clinical relevance and diversity l ‘

levels are ensured. The dataset consists of 10,000 patient
records with structured data regarding patient history,
symptoms, MRI findings, and diagnoses, along with the
corresponding unstructured text report. These records
are then preprocessed to extract a set of keywords that
represent critical medical terms like “ischemic stroke,”
“white matter lesion,” and “frontal lobe atrophy.” These
sets are used as inputs for the proposed hybrid archi-

[ Validate Clinical Context J No

Is Report Valid?

‘ Generate Final Validated Report ‘

tecture BERT-GPT4. Sample keyword sets are between

5 and 15 terms per record, and the complexity levels of

the input samples are quite heterogeneous. The reports Figure 2. Overall flow of the proposed
are normalized using comparisons with expert-written analysis process.

reports using metrics such as BLEU, ROUGE, and CIDER
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for linguistic coherence. The clinical relevance is scored
against ICD-10 and SNOMED CT standards using a scor-
ing rubric by domain experts. The datasets used were
obtained from the MIMIC-III Clinical Database and the
Openl Chest X-ray Dataset. These sources of data have
been considered the biggest among those regarding clin-
ical and radiological studies.

The MIMIC-Ill dataset included de-identified health
information for over 40,000 patients under critical care
along with detailed textual notes, summaries of dis-
charge, and findings through radiological measures. A
subset of MIMIC-1Il that focuses on neurological and radio-
logical cases was extracted from the source data for this
work, paying special attention to records regarding brain
MRI reports. The subset has more than 10,000 patient
cases with structured data fields, which include diagno-
sis codes such as ICD-10 and demographic information,
paired with unstructured radiological reports. This is the
Openl dataset, although in large part chest X-rays were
used for its structured format and metadata schema to
derive the creation of manually annotated examples on
brain MRI findings. Data preparation was derived from
extracting clinical keywords, such as “ischemic stroke,”
“white matter lesion,” and “atrophy,” and pairing them
with corresponding narrative reports. All records were
preprocessed to meet privacy standards and enriched
with domain-specific annotations to enable validation
of accuracy and relevance by medical experts. Togeth-
er, these datasets form a diverse as well as high-quality
training and testing base for the pipelines proposed for
report generation as well as the categorization process.

During the real-time categorization phase as in Fig-
ure 3, the generated report text is broken into sentences
and categorized into pre-defined sections such as Histo-
ry, Physical Examination, Findings, and Conclusion. The
classifier, DistilBERT-based, was fine-tuned on a subset of
the dataset that had 2,500 annotated sentences, with the
process using a train-validation-test split of 70:15:15. The
parameters of the attention mechanism are initialized
with a learning rate of 5x10e-5, a batch size of 32, and 50
epochs for the optimal prioritization of sentences. Med-
Spacy is further used for preprocessing and standardizing
raw clinical notes into keyword formats to validate the
quality of the final reports. There is a post-processing
module that cross-checks the generated text with med-
ical ontologies and performs syntactic validation using
Python-based grammar-checking libraries. Key dataset
samples comprise records with conditions such as isch-
emic stroke (keywords: “stroke,” “lesion,” “parietal lobe”),
multiple sclerosis (keywords: “white matter lesion,”

“demyelination”), and Alzheimer’s disease (keywords:
“atrophy,” “hippocampus”). The processing pipeline is
optimized such that an overall report generation and
validation process takes just three seconds per record.
The experimental setup thus provides an excellent plat-
form for evaluating the performance of the proposed
framework through rigorous parameter and dataset
choices. The proposed framework was rigorously eval-
uated in terms of generating highly coherent, relevant,
and structurally organized brain MRI reports on the MIM-
IC-1ll and Openl datasets. The comparison presented the
proposed model against three state-of-the-art methods:
Method (Eguia et al., 2024), Method (Ng & Zhang, 2023),
and Method (Park et al., 2024) with a range of metrics to
assess various aspects of the system’s performance. The
results are shown below with explanations for the values
and their consequences in the process. Table 2 shows the
language fluency and overlap between the system-gener-
ated and the expert-authored reports.

Table 2. BLEU and ROUGE scores for report generation.

Model BLEU-1 BLEU-4 ROUGE-1 ROUGE-L
(%) (%) (%) (%)
Method 72.1 58.3 68.4 65.2
(Eguia et al.,
2024)
Method (Ng 75.4 60.2 70.3 67.5
& Zhang,
2023)
Method 78.9 63.7 73.1 70.4
(Park et al.,
2024)
Proposed 85.6 70.3 81.5 78.9
Model

Given in the rightmost column, the results show that the
proposed model has significantly better scores for all
BLEU and ROUGE metrics. BLEU-1 shows a high degree
of overlap for words at 85.6%. BLEU-4 is 70.3%, signify-
ing fluency and accuracy in the whole phrase generation.
Similarly, ROUGE-1 and ROUGE-L scores (81.5% and
78.9%, respectively) show that the produced reports are
highly similar to the reference reports in terms of content
and structure. These results validate that the proposed
model produces more fluent and cohesive text than base-
line methods, which is essential for clinical readability
and usability levels. CIDEr scores measure the contextual
relevance and coherence of generated reports, particu-
larly their ability to capture specialized medical terms.
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Figure 3. Integrated results of the proposed analysis process.

Table 3. CIDEr scores for report coherency.

Model CIDEr Score
Method (Eguia et al., 2024) 1.120
Method (Ng & Zhang, 2023) 1.234
Method (Park et al., 2024) 1.348
Proposed Model 1.523

The CIDER score as in Table 3 obtained by the proposed
model was 1.523, indicating an improvement of signif-
icant magnitudes in comparison to other methods due
to its capacity to create contextually appropriate and
semantically rich reports. It implies a high score, indicat-
ing that the model is able to insert clinical keywords into
meaningful sentences for the production of accurate and
contextually aligned medical narratives. The improve-
ment over the closest competitor (Method (Park et al.,
2024) at 1.348) shows that BERT-GPT4 hybrid architec-
tures achieve a better contextual understanding process.
The following table shows the accuracy of sentence-lev-
el classification into sections like History, Findings, and
Conclusions.The proposed model reaches an F1-score as

in Table 4 of 94.5%, showing better performance in the
task of precisely categorizing complex and context-rich
sentences. Accurate categorization will help to organize
medical reports into clinically relevant sections, which
would be better for healthcare providers to interpret.
The improvement over Method (Park et al., 2024) (91.8%)
validates the fact that the hierarchical classification mod-
el based on DistilBERT with an attention mechanism is
effective in highlighting the important information for
real-time categorization. Domain experts have evaluated
the clinical relevance of generated reports based on a
score of 0-100, keeping in mind that it is aligned with the
clinical standards.

Table 4. F1-score for real-time report categorization.

Model F1-Score (%)
Method (Eguia et al., 2024) 86.3
Method (Ng & Zhang, 2023) 89.7
Method (Park et al., 2024) 91.8
Proposed Model 94.5
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A clinical relevance score as in Table 5 of 96.2% for the
proposed modelindicates thatitis one of the models with
the best adherence to clinical standards and guidelines,
including ICD-10 and SNOMED CT. Thus, the results show
the clinical accuracy of the generated reports, not only at
the linguistic level but also their suitability for direct use
by healthcare providers. The substantial improvement
over Method (Park et al., 2024) (90.6%) demonstrates the
efficacy of the lexical analysis and clinical validation mod-
ulesin enhancingthe final outputs. To determine whether
the framework was suitable for real-time applications,
the processing time per report was calculated during the
process.

Table 5. Clinical relevance assessment.

Model Clinical Relevance (%)
Method (Eguia et al., 2024) 84.7
Method (Ng & Zhang, 2023) 815
Method (Park et al., 2024) 90.6
Proposed Model 96.2

The time elapsed per report processing, as evidenced by
Table 6, was carried out through the full pipeline: keyword
extraction, semantic encoding via BERT, text generation
via GPT-4, sentence-level classification via DistilBERT and
attention, and post-processing validation, and all of these
were completed for a benchmark subset of 1,000 patient
records sampled from the MIMIC-IIl database. Then each
record underwent the complete automated workflow
in a controlled environment equipped with an NVIDIA
A100 GPU, with execution times collected through spe-
cialized profiling tools developed in Python. The average
time recorded in processing a report from raw clinical
input to validated structured output is slightly less than
2.9 seconds. This whole processing time indicates the
operational efficiency from end to end of inference and
validation, thus endorsing the applicability of this model
in real-time clinical scenarios.

Table 6. Processing time per report.

Model Processing Time (s)
Method (Eguia et al., 2024) 5.4
Method (Ng & Zhang, 2023) 4.8
Method (Park et al., 2024) 4.2
Proposed Model 2.9

The suggested model obtained the fastest processing
time of 2.9 seconds per report, significantly faster than
the baseline methods. This result reflects the compu-
tational complexity of the framework, which is ideal for
real-time clinical use scenarios. The processing time is
decreased by the streamlined MedSpacy NLP pipeline ar-
chitecture with lightweight DistilBERT for categorization
and optimized flow of data across modules. Overall, a
weighted aggregate score of all the above metrics, like
BLEU, ROUGE, CIDEr, F1-score, and Clinical Relevance, has
been calculated in the process.

Therefore, the combined performance scoreasin Table
7, of 92.8%, that represents the proposed model is indic-
ative of its balanced and improved overall performance
in all the dimensions used for evaluations. This balanced
improvement over the baseline approaches represents
that the proposed framework is not only linguistically
robust but also clinically sharp and computationally ef-
ficient. The high combined score speaks volumes for the
model’s potential for real-world deployment in health-
care settings, where accuracy, relevance, and speed are
always very critical in the process. In effect, these results
show the consistency of the proposed framework, out-
performing state-of-the-art approaches in all reported
metrics. With very high linguistic coherence, clinical rele-
vance, and computational efficiency, this model will be a
benchmark in the automated generation and categoriza-
tion of medical reports and is set to revolutionize clinical
documentation workflows. We then explain an iterative
validation use case for the proposed model which will
help the reader to get more in-depth views of the whole
process.

Table 7. Combined performance evaluation.

Model Combined Score (%)
Method (Eguia et al., 2024) 78.4
Method (Ng & Zhang, 2023) 81.6
Method (Park et al., 2024) 85.9
Proposed Model 92.8

Validation Using Iterative Practical Use Case
Scenario Analysis

The design of a use case will present the real-world func-
tion that the proposed framework provides to create a
structured brain MRI report. In this scenario, it is about
a diagnosed case of ischemic stroke with white matter
lesions of a patient. It will take in raw clinical input like
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“exhibits frontal lobe atrophy,” “right parietal lesion,”
and “ischemic changes are visible.” This will feed into
several modules such as keyword extraction through the
MedSpacy NLP pipeline, semantic encoding, text genera-
tion by the BERT-GPT4 Hybrid Architecture, hierarchical
classification with the DistilBERT + Attention Mechanism,
post-processing involving lexical analysis and validation
in terms of clinical context in order to come up with final-
ized and validated reports. The validation samples are
generated from a refined subset of the MIMIC-III Clinical
Database, for patients with documented ischemic strokes
and related brain anomalies. Patient records included de-
tailed radiological findings and clinical notes, in addition
to structured ICD-10 codes, totaling 500 samples. Each
sample was manually annotated by domain experts to
include gold-standard reports of brain MRI segmented
into sections that are clinically relevant: History, Findings,
Conclusion. The validation samples are characterized by
keywords like “ischemic stroke,” “white matter lesions,”
and “atrophy” and coupled with expert-written narratives
in the form of diagnostic impressions and follow-up rec-
ommendations. These samples have been benchmarked
for linguistic fluency in the generated reports, the clinical
relevance, and the structural accuracy. The samples also
have been validated against SNOMED CT terms in order
to maintain semantic accuracy and adherence to clinical
standards. This strong set of validation ensured that the
outcomes of the proposed framework were examined
rigorously in terms of real-world applicability and clin-
ical utility sets. Table 8 below illustrates the output of
the BERT-GPT4 Hybrid Architecture, showing how input
keywords are expanded into detailed report segments.

With successful full expansion, as in Table 8 of sparse
keywords to clinically detailed sentences, this BERT-GPT4
Hybrid Architecture is able to render well-coherent and
contextually relevant text. This table lists classification
performed using DistilBERT that organizes sentences into
the medically meaningful sections with higher assigned
critical findings.

The MedSpacy NLP pipeline as in Table 9 processes
clinical raw notes and extracts and normalizes the med-
ical keywords. MedSpacy successfully identifies and
normalizes entities, ensuring that fragmented notes are
standardized into structured keywords for downstream
processes. The following table illustrates the output of
lexical analysis and clinical validation sets. The Distil-
BERT-based classification with an attention mechanism
effectively organizes sentences into clinically meaningful
sections, with higher attention weights assigned to crit-
ical findings.

Table 8. Output of BERT-GPT4 hybrid architecture.

Input Encoded Generated Report
Keywords Semantic Text (GPT4 Output)
Context (BERT
Output)
Ischemic [0.45, 0.68, “The patient exhibits
Stroke 0.72,...] features consistent with

ischemic stroke, primarily
affecting the frontal lobe.”

Frontal Lobe  [0.32, 0.50, “Significant atrophy is
Atrophy 0.65, ...] observed in the frontal
lobe, indicative of chronic
degenerative processes.”
Right Parietal [0.55, 0.71, “A lesion is identified in
Lesion 0.60, ...] the right parietal region,

possibly associated with
prior ischemic events.”

Table 9. Output of hierarchical text classification
with DistilBERT + Attention Mechanism.

Sentence Attention Assigned

Weight (a\ Section
alphaa)

“The patient exhibits features 0.82 History

consistent with ischemic stroke,

primarily affecting...”

“Significant atrophy is observed 0.75 Findings

in the frontal lobe, indicative of

chronic...”

“A lesion is identified in the 0.85 Findings

right parietal region, possibly
associated with prior...”

The lexical analysis as in Table 10 module will produce
grammatically correct and semantically clear sentences,
while the clinical validation cross-checks the text with
the medical standards and returns high scores for the
validation on all of the sentences.

Table 10. Output of MedSpacy NLP pipeline.

Raw Text Extracted Entities Normalized

Keywords
“patient exhibits Frontal Lobe Frontal Lobe
frontal lobe Atrophy Atrophy
atrophy”

Parietal Lesion
(Right)

Ischemic Stroke

“right parietal
lesion”

Right Parietal
Lesion

“ischemic changes
visible”

Ischemic Changes
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The output of the framework, as in Table 11, is a validated
and categorized report ready to be used in clinical use
sets. The outputs from each module validate the strength
of the proposed framework. From initial keyword ex-
traction to the final validated report, the framework
successfully transforms raw clinical data into coherent,
clinically accurate medical narratives.

Table 11. Output of lexical analysis with
clinical context validation process.

Corrected Sentence Validation
Score (%)

Section Original Sentence

History “The patient
exhibits features
consistent with consistent with
ischemia stroke, ischemic stroke,
primarily effecting primarily affecting

the frontal lobe.”  the frontal lobe.”

“The patient 98
exhibits features

Findings “Significant atrophy “Significant 96
observed in frontal atrophy is observed
lobe indicates in the frontal
degenerative lobe, indicative

processes.” of chronic
degenerative
processes.”
Findings “A lesion identified “Alesionis 97

right parietal region identified in the
possibly associated right parietal
prior ischemic region, possibly
events.” associated with
prior ischemic
events.”

These results as in Table 12 demonstrate its ability to
transform medical documentation workflows by signifi-
cantly improving sets on efficiency, consistency, and
reliability levels.

Table 12. Final outputs.

Section  Final Validated Sentence

History  “The patient exhibits features consistent with
ischemic stroke, primarily affecting the frontal
lobe.”

Findings “Significant atrophy is observed in the frontal
lobe, indicative of chronic degenerative
processes.”

Findings “A lesion is identified in the right parietal region,

possibly associated with prior ischemic events.”

Conclusion and Future Scopes

While the proposed framework, which creates a brain MRI
report, demonstrates great merit in automated medical
documentation areas through achieving high linguistic co-
herence, clinical relevance, and computational efficiency,
the hybrid BERT-GPT4 architecture for report generation,
a hierarchical classification model Based on DistilBERT
forreal-time categorization, and the use of the very robust
MedSpacy NLP pipeline for keyword extraction provides
wide coverage over the problem of challenging clinical
reports automation. The model achieved a BLEU-1 score
of 85.6% and a BLEU-4 score of 70.3%. Thus, it can well
generate linguistically accurate and fluent reports. The
ROUGE-1 and ROUGE-L scores are 81.5% and 78.9%, re-
spectively, indicating that the framework is highly similar
to expert-written reports. Its CIDER score is 1.523, indi-
cating it provides contextual relevance and is 13% better
than the closest baseline (Method (Park et al., 2024)).
When considering real-time categorization, the model
has achieved an F1 Score of 94.5%, indicating it is better
than the rest at organizing generated text into clinically
relevant sections. The clinical relevance score of 96.2%,
as validated by domain experts, signifies the adherence
of the framework to medical standards and guidelines. In
addition, the framework’s processing time of 2.9 seconds
per report, which is 31% less than the best-performing
baseline, indicates practical suitability for real-time clin-
ical use. These results together validate the robustness,
reliability, and feasibility of the framework to streamline
clinical documentation workflows for enhancing the effi-
ciency of healthcare and decision-making processes.
The scope of thiswork going forward could be the expan-
sion of this framework to support multimodal data, such
as input of imaging data together with text inputs, which
would enrich the depth and accuracy of reports that get
generated. Furthermore, by pretraining at a large scale on
domain-specific datasets, improved understanding of rare
complex conditions will be achieved in the process. An even
learning-active feedback loop might thus sustain continu-
ous improvement through user interaction and corrections
from the experts. Other promising directions for future
work include real-world deployment in clinical settings and
scalability studies in high-throughput environments.
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