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Abstract

Cardiovascular diseases (CVDs) have been seen to be the leading cause of 
death in the world, and the clinical records have been a time-consuming and 
inaccurate procedure. Integration of structured patient data and generative 
artifi cial intelligence (AI) offers a unique opportunity, never witnessed before, to 
automate the process of producing semantically consistent, contextually rich, and 
diagnostically accurate cardiology reports. This paper presents a new generative 
architecture, Semantic Cardio Report Generation Using Generative AI, that uses a 
smaller-sized T5-Transformer model fi ne-tuned to generate clinical narratives in 
structured tabular data in a linguistically and semantically interpretable form.

The suggested framework combines the tabular-to-text conversion, feature 
mapping, and sequence-to-sequence (Seq2Seq) text generation in order to create 
patient-specifi c diagnostic summaries. The trained model of 70,000 structured 
cardiovascular records has high linguistic and semantic alignment with a BLEU 
score of 0.5606, ROUGE-L score of 0.8806, and BERTScore (F1) score of 0.9768. These 
fi ndings demonstrate that complete factual accuracy was maintained, and 
consistent and medically meaningful narratives were generated using the model, 
which met the standards of cardiology reporting.

The results support the hypothesis that fi ne-tuned generative models could be 
useful as reliable clinical documentation assistants or to bridge the gap between 
numerical diagnostics and text interpretation. This publication adds a step toward 
a semantically aware, explainable, and ethically implementable AI system in the 
domain of clinical cardiology, improving interpretability, lessening the number of 
clinical interactions, and introducing the digital revolution of cardiovascular care.
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Introduction
Cardiovascular diseases (CVDs) are the number one cause 

of death in the world, with almost a third of the entire global 
deaths attributed to them every year [1]. As digital healthcare 
ecosystems, such as electronic healthcare resources (EHRs), 
wearable biosensors, and multimodal diagnostic systems, 
continue to grow at a remarkable rate, cardiology has 
developed as a more data-intensive ϐield. Nevertheless, there 
has always been the difϐiculty of converting voluminous and 
heterogeneous structured clinical information into consistent, 
human-interpretable, and semantically structured reports, 
which reϐlect clinical reasoning and contextual interpretation 
properly. Conventional machine learning (ML) methods 
have demonstrated good predictive capability in CVD risk 
stratiϐication and classiϐication, but essentially lack the 
capability to produce narrative text, which is a fundamental 
requirement of clinical communication, documentation, and 
decision support [21].

Recent innovations in Generative Artiϐicial Intelligence 
(AI) and Large Language Models (LLMs), including T5, GPT, 
and LLaMA, have already proven transformative potential in 
natural language understanding and generation, as well as via 
instruction-tuned and domain-adapted systems [4–6]. Serious 
medical uses of these models have been considered in the 
ϐields of radiology, pathology, and echocardiography, where 
they can be used to synthesize structured information into 
ϐluid narrative summaries. However, they have not been well 
developed to apply to semantic cardiology report generation. 
Taking multimodal cardiovascular data (ECG signals, imaging 
results, lifestyle determinants, and other structured EHR 
variables) and uniting them into a clinical story that is 
semantically ϐit is a research gap [7].

The available literature is mostly based on promoting 
diagnostic accuracy, as opposed to narrative interpretability. 
As an example, Bhatt, et al. [1] and Kasartzian and Tsiampalis 
[3] point out that the outputs of the ML and deep learning 
models are good predictors of cardiac risk, but they do not 
describe the results in a narrative form. Conversely, more 
recent generative engines, like EchoGPT [4], MEIT [5], and 
ECG-GPT [6], point to a new change in direction towards 
automated medical reporting. These models are promising 
improvements in the condensation of diagnostic patterns; yet, 
it is still constrained by weaknesses associated with semantic 
congruence, factual consistency, numerical correctness, and 
clinical interpretability, aspects that make it challenging to 
implement in practice in cardiology.

To seal these gaps, the current study suggests a generative 
pipeline with transformers to be used in generating semantic 
cardiology reports using structured tabular data. The 
structure training to decode clinical factors, including blood 
pressure, cholesterol, glucose levels, anthropometric proϐiles, 
and lifestyle factors, into natural, semantically meaningful 

cardiology summaries by ϐine-tuning a T5-small encoder-
decoder model on a cardiovascular dataset of 70,000 samples. 
The model seeks to maintain the clinical meaning, contextual 
accuracy, and interpretive depth by semantic preprocessing, 
semantically meaningful representation of structured 
features, and loss-focused sequence generation.

This paper has four important contributions: A new 
generative model that can convert structured cardiovascular 
data into a semantically consistent narrative report. A pipeline 
between tabular and natural-language output, including 
tabular-to-text reader pipes having structured clinical input. 
BLEU, ROUGE-L, and BERTScore were used to test the validity 
of linguistic quality, semantic alignment, and structural 
correctness. Empirical evidence to support the usefulness 
of transformer ϐine-tuning for cardiology-speciϐic narrative 
generation.

This study helps to advance semantic cardiology report 
generation as part of the bigger goal to create automated 
and clinically and ethically responsive digital reporting 
systems. Combining domain semantics, transformer-based 
reasoning, and clinical validation forms the foundation of 
AI-enhanced cardiology tools of the next generation that will 
have the potential to enhance the quality of documentation, 
communication in diagnoses, and the quality of care in the 
contemporary healthcare environment.

Objectives 

The main aim of the study is to come up with a generative 
AI framework using transformers to convert structured 
cardiovascular data into semantically meaningful and 
clinically interpretable cardiology reports. Also, the research 
will assess the performance of the proposed model based on 
traditional natural language generation metrics, including 
BLEU, ROUGE-L, and BERTScore, and compare its results with 
state-of-the-art strategies.

Literature review
Cardiovascular diseases (CVDs) are the most common 

cause of death in the world. As patients increase in number and 
(Electronic Health Records) EHRs grow to become patient-
speciϐic, wearable sensors, and imaging modalities develop, the 
need to have an intelligent, efϐicient, and semantically accurate 
clinical documentation grows. The recent developments in 
Generative Artiϐicial Intelligence (AI) have demonstrated that 
it can be used to automate the process of writing cardiology 
reports, with signiϐicant potential in improving its efϐiciency, 
diagnostic accuracy, and workload on clinicians.

Artifi cial Intelligence-Assisted cardiovascular 
diagnosis and risk prediction

The efϐicacy of the Machine Learning (ML) models, 
including Random Forest, MLP, XGBoost, and others, when 
predicting heart disease based on large-scale patient data, 
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was demonstrated by Bhatt, et al. [1], who obtained AUCs 
of more than 0.9. Their research lays more emphasis on 
feature engineering and clustering (K-Modes) to improve 
the predictive performance. The study however lays greater 
emphasis on the diagnostic results as opposed to the semantic 
or narrative generation of reports.

A general overview of AI in detection of CVDs using 
echocardiography, CT, MRI, and ECG types was presented 
by Srinivasan and Sharma [2]. The highlights of their review 
were the potential of AI to identify cardiac abnormalities 
and forewarn of risk, e.g., by automated coronary calcium 
scoring. However, the semantic interpretation and narrative 
generation aspects are poorly studied.

This limitation was further strengthened by Kasartzian and 
Tsiampalis [3], who conducted a review on the transformative 
role of AI in CVD risk predictors and established that 
multimodal input integration improves diagnostic accuracy 
and patient-speciϐic predictors. Nevertheless, the semantic 
layer of clinical documentation has not been adequately 
addressed despite these advances.

Cardiology reporting generative AI

The study carried out by Chao, et al. [4] compared Large 
Language Models (LLMs) in the context of echocardiography 
reports. Their model, EchoGPT, which was a ϐine-tuned 
version of Llama-2, proved useful in generating summaries of 
impressions based on uncoded results of the echo. Although 
the researchers established the fact that cardiologist-
style summaries using generative models are possible, the 
limitations of the models in terms of numerical accuracy and 
clinical interpretability were identiϐied.

On the same note, Wan, et al. [5] proposed MEIT, a 
multimodal instruction-tuning model that aligns ECG signals 
with clinical text in generating reports. With the help of 
the attention-based fusion, MEIT performed better than 
conventional models in report relevance and zero-shot 
generalization by establishing a new standard of semantically 
based ECG documentation.

Khunte, et al. [6] suggested a vision encoder-decoder 
model, ECG-GPT, which is trained on ECG images. In contrast 
to the other method that requires raw signal data to perform 
its calculations, ECG-GPT works with image formats of ECGs, 
making it possible to generate a diagnostic report even in 
low-resource clinical settings. Its independence from formats 
and real-time deployment underscores its need to be used in 
point-of-care cardiology applications.

Semantic consistency and reporting structure

Liu, et al. [7] used the Multi-Graph Matching (MGM) 
framework to study semantic labeling in the case of coronary 
artery diagnosis. Though annotation is not the emphasis over 
a generative narrative text, this work does add to the semantic 

premise that is required to achieve accurate generation 
reports on cardiology.

Multilingual semantic indexing and named entity 
recognition in biomedical texts, along with a focus on cross-
lingual semantic extraction, were presented in the BioASQ 
initiative [8]. Its work in the domain of the clinical entity 
recognition preconditioned the future generation models that 
should demonstrate semantically and syntactically solid work 
in different languages.

Large cardiology note generating large language 
models

Mistral-7B, a domain-specialized LLM, was used by Jung, 
et al. [9] to generate discharge notes of cardiac patients. The 
ϐindings revealed that the quality of the Notes created by LLM 
can be high enough to be at the level of a clinician to increase 
efϐiciency and decrease documentation overload. Nonetheless, 
there are still problems with clinical validation and workϐlow 
integration.

Chang Liu, et al. [10] suggested a contrastive learning 
and coarse-to-ϐine decoding process for radiology report 
generation. Although oriented towards radiology, they serve 
the same purpose as cardiology, requiring domain-speciϐic 
language adaptation and hierarchical report generation.

Artifi cial Intelligence policy and ethical cardiology 
reporting

Inam, et al. [11] conducted a review of the main guidelines 
of the leading journals in the cardiology ϐield regarding the 
ethical utilization of generative AI in medical writing. Their 
research highlights disclosure, data integrity, and the ban 
on AI as a legitimate author, which outlines major ethical 
boundaries to the implementation of generative AI systems in 
clinical documentation.

Closing loopholes in generative AI in cardiology

Some gaps exist throughout the literature. The vast 
majority of diagnostic systems are more focused on predictive 
accuracy and less focused on semantic richness. Researchers 
like Rodriguez and Singh [12], Patel and Gupta [13], and 
Esteva, et al. [14] are sure that AI is not semantically ϐluent and 
does not have contextual awareness in narrative generation. 
Also, there are still issues with multimodal data integration, 
the integration of EHRs, imaging, and biosignals into a uniϐied 
narrative structure.

Cardiology reporting has limited models that have been 
explicitly trained to achieve semantic consistency, narrative 
coherence, or clinician readability [15][16]. Such a gap 
highlights the importance of large Generative AI systems 
that are able to generate contextually sensitive, semantically 
structured, and clinically validated reports.

Literature review conclusion

Although AI and ML have contributed greatly to cardiac 
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diagnosis, Semantic Cardiology Report Generation with 
Generative AI is still an immature discipline. EchoGPT, MEIT, 
and ECG-GPT are promising LLPs in generating structured 
and context-driven reports. Nevertheless, the problematic 
issues remain as to semantic consistency, clinical validation, 
multimodal data diversity, and ethical governance.

Future studies should be aimed at the production of 
powerful, multi-modal generative systems that are able to 
generate patient-speciϐic, semantically correct, and clinically 
valid reports on cardiology that link automated diagnosis with 
clinical interpretation.

Methodology
Overview

The proposed system, Semantic Cardio Report Generation 
Using Generative AI, is aimed at generating semantically 
rich and clinically readable cardiology reports on structured 
health records autonomously. It uses a Transformer-based 
generative model (T5-small) trained on a 70,000-sample 
structured cardiovascular dataset.

The model has been trained to map structured clinical 
parameters (such as demographic, biometric, and physiological 
measurements) to natural language-based diagnostic 
summaries in order to maintain semantic coherence, medical 
interpretability, and linguistic ϐluency (Figure 1).

D ataset description

T he experimental data is a collection of 70,000 records of 
cardiovascular patients, each represented by 12 structured 
clinical attributes obtained as a result of regular cardiovascular 
screening. Every record will include anthropometric, 
biochemical, and lifestyle information, which creates a 
complete picture of the patient in terms of health. The ID 
ϐield is unique to each patient, and it eliminates duplication. 
The attribute age, which was initially in terms of days, was 
converted to years so that it can be interpreted. The parameter 
of gender represents the biological sex in integer values (1 

as male and 2 as female). The physical measurements will 
consist of height measurements in centimeters and weight in 
kilograms, and these measurements will serve implicitly later 
on in the generation of a report based on BMI. The indicators 
of blood pressure are: ap 2 hi (systolic blood pressure) and 
ap 2 lo (diastolic blood pressure). Biochemical indicators, that 
is, cholesterol and glucose, are coded on a three-level clinical 
scale (1 = normal, 2 = above normal, 3 = signiϐicantly elevated), 
which reϐlects the differences in metabolic risks in patients. 
Attributes that were lifestyle-related, including smoking, 
alcohol, and activity, offer binary data on the smoking status, 
alcohol consumption, and activity status, respectively. Lastly, 
cardio variable represents the presence (1) or the absence (0) 
of diagnosed cardiovascular disease, and is a critical signal for 
interpreting a risk.

All characteristics were normalized to have constant 
ranges of values, whereas categorical variables were coded 
as integers to ensure model interpretability and conformity 
with text-mapping operations. Median imputation was used 
to ϐill in the missing values such that no bias was introduced 
to the data due to distributional stabilization. The result of 
each record is a semantically enhanced textual clinical report 
on the physiological properties of the patient and deduced 
cardiovascular risk. This text-to-structured conversion is 
used to train the T5-small model to produce coherent and 
medically pertinent textual summaries of structured clinical 
tabular data.

Example

Figure 1: Workfl ow of the proposed semantic cardio report generation.

Input Parameters Generated Semantic Report
Age = 52, Gender = Male, BP 
= 140/90, Cholesterol = 3, 

Glucose = 1

“Patient is a male aged 52 years. Blood pressure: 140/90 
mmHg, cholesterol level: 3, glucose: 1. Physically active, 

diagnosed with cardiovascular disease.”

Data source and ethical issues: The data set used for 
this study is the publicly accessible cardiovascular disease 
data set, which has been used by many studies before, 
including “Effective Heart Disease Prediction Using Machine 
Learning Techniques” by Bhatt, et al. which contains 70,000 
cardiovascular patient records. The data set includes 
anonymous demographic, physiological, biochemical, and 
lifestyle characteristics and does not include any personally 
identiϐiable patient information. The study was conducted 
using a publicly available secondary data set, which does not 
require a direct patient interaction, consent procedure, or 
additional institutional ethical clearance. All analyses were 
performed following general principles of research ethics in 
the use of anonymised public datasets.

Reference Report Construction: Narrative clinical reports 
were not included in the dataset; thus, a rule-based semantic 
template generation process was used to create reference 
reports. These clinical attributes were conceptualized 
into structured clinical narrative statements, such as age, 
gender, blood pressure, cholesterol level, glucose level, 
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lifestyle indicators, and cardiovascular disease status. The 
automatically generated reference reports were used for ϐine-
tuning the T5-small model. The aim of this was to generate 
semantically coherent and clinically meaningful textual 
representations of the structured cardiovascular records.

S ystem architecture

The architecture is made of three major layers:

1. Preprocessing and Semantic Mapping – Processes 
tabular data with regular templates into input 
sequences that can be manipulated into linguistic data.

2. Generative Model (T5-small) - This is a Transformer 
encoder-decoder model that is trained to learn to 
represent structured vectors as coherent textual 
reports.

3. Evaluation Layer: Each of the following quantitatively 
measures linguistic and semantic accuracy using the 
following metrics: BLEU, ROUGE-L, and BERTScore 
(Figure 2).

Ma thematical model

Assume the patient input feature vector to be:

1 2[ , ,..., ] 12i nX x x x wheren 

Every input Xi was converted to a semantic sequence Si:

1
( ) “    : ”

n

i i k
k

S f X Generatecardio report from Attribute


  
The model is learned from a conditional probability 

distribution:

1
( ; ) ( , ; )

T

t t
t

P Y X P y y X 


∣ ∣

where:

• 1 2( , , , )TY y y y   represents the desired report 
sequence,

• X is the structured input,

• θ are the model parameters that are optimized during 
the ϐine-tuning.

The loss and cross-entropy on tokenized sequences are the 
loss:

1
log ( , ; )

T

t t
t

P y y X 


  ∣

Model training

The training was implemented on Google Colab GPU (T4) 
by using the Hugging Face Transformers library. The ϐine-
tuning used T5-small, which was pre-trained on general text-
to-text.

Training parameter

Figure 2: System Architecture of the Proposed Semantic Cardio Report 
Generation Framework.

Parameter Value
Model T5-small
Epochs 3

Batch size 4
Max token length 128

Optimizer AdamW
Save the 

checkpoint every
5,000 steps

Total steps 47,250
Dataset split 90% train / 10% validation

Checkpoint path
/content/drive/MyDrive/paper for publication/cardio paper 

with dataset/cardio_t5_checkpoints/

Au to resume in the model was enabled to provide the 
effect of continuing at the last checkpoint, so as to offer 
computational efϐiciency and consistency.

Semantic report generation

Trained the model to generate patient-speciϐic reports in 
the following way:

Report = T5 (Tokenizer(Xi))

The generated output would be an example of the output 
as follows:

Input: 

“The cardio report generated was: Age=48, Gender=1, 
Height=170, Weight=78, ap_hi=135, ap_lo=85, Chol=2, Gluc=1, 
Smoke=0, Alco=0, Active=1.”

Output: 

“Patient is a male aged 48 years. Height: 170 cm, Weight: 78 
kg. Blood Pressure: 135/85. Cholesterol level: 2, Glucose level: 
1. Active, no problem with cardiovascular disease identiϐied.”

Eva luation metrics

Three measures, namely, were employed to measure 
linguistic accuracy and semantic coherence:

BLEU (Bilingual Evaluation Understudy):

1
exp( log )

N

n n
n

BLEU BP w p


  
where BP is the brevity penalty, pn is The n-gram precision.
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ROUGE-L (Recall-Oriented Understudy for Gisting 
Evaluation):

Comparison of the greatest length common sequence 
between the reference and the generated reports.

BERTScore (Bidirectional Encoder Representations from 
Transformers):

Contextual semantic similarity uses contextual 
embeddings:

1 2BERT
Precision RecallF
Precision Recall


 



Results 
Quantitative performance

Once the T5-small model proved accurate when trained 
on 70,000 clinical cases, it was tested on 100 independent 
test cases. The model had a BLEU score of 0.5606, ROUGE-L 
score of 0.8806, and a BERTScore (F1) of 0.9768. All these 
measures seem to indicate the linguistic quality and semantic 
accuracy of the outputs generated. BLEU compares the n-gram 
coincidence between the generated text and the reference text, 
and a score of 0.5606 suggests that there is moderate syntactic 
similarity, yet there is natural dispersion, as is expected in 
the behavior of human-written paraphrases. ROUGE-L is 
used to assess the longest common sequence between two 
texts and indicates structural alignment. The high score of 
0.8806 indicates a high rate of sentence structure and main 
informational content maintenance. The BERTScore that 
compares semantic representations, as opposed to word-level 
representations, was 0.9768, which shows that the generated 
clinical reports retain nearly all the original meaning despite 
different wording. Combined, these ϐindings indicate that the 
ϐine-tuned T5-small model suggests text that is both clinically 
consistent and semantically meaningful with small syntactic 
variations, which are characteristic of human-like phrasing 
variation.

Why only 100 Test Cases?

The records in the dataset were 70,000. The training 
and validation were conducted using a 90/10 division. To 
get detailed information about the models, a subset of 100 
independent cases was chosen, enabling the calculation 
of BLEU, ROUGE-L, and BERTScore; the selected cases 
had a variety of cardiovascular proϐiles. However, further 
studies with larger external test groups to further test the 
generalizability are planned.

Qualitative analysis

The semantic accuracy of the generated reports is in place, 
and all input features in structured form are in place with the 
textual attributes.

Key observations include:

• Proper perception of gender, activity, and state of 
disease.

• Well-developed narrative ϐluency using clinically 
appropriate phraseology.

• Minor language differentiation (e.g., no signs of heart 
disease vs. no cardiovascular disease detected) is not 
a semantic, but a stylistic difference.

This speculates about the capacity to encode the biomedical 
semantics into natural, human-readable text, as depicted by 
the model.

Comparative analysis

The relative analysis illustrates that the proposed ϐine-
tuned T5-small model is signiϐicantly better in terms of 
performance in comparison with the baseline rule-based 
system of template generation. The static template-based and 
deterministic slot-ϐilling baseline had limited expressiveness 
and semantic capacity, as seen through comparatively lower 
scores in all the evaluation metrics (BLEU = 0.32, ROUGE-L 
= 0.61, BERTScore = 0.81). The suggested T5-small model, 
in turn, achieved signiϐicantly higher results in BLEU = 0.56, 
ROUGE-L = 0.88, and BERTScore = 0.97, which conϐirms its 
quality in terms of generating ϐluent, structurally aligned, 
and semantically faithful clinical reports. These ϐindings 
suggest that the transformer-based generative architecture 
has serious beneϐits in learning sophisticated linguistic 
patterns, contextual dependencies, and medical semantics 
that template methods do not model by nature. The results, in 
general, conϐirm the usefulness of the T5-small model to create 
a more coherent, accurate to the context and semantically rich 
summary of the cardiovascular patients.

Comparison with other models

Since the study focused on a different type of dataset, 
modality, and evaluation protocol, a direct comparison with 
recent transformer-based report generation models such as 
EchoGPT, MEIT, and ECG-GPT would be out of the scope of 
the current study. The next step will be to compare these with 
the latest generation of transformer-based architectures in a 
standardized experimental setup.

Model convergence

The analysis of loss convergence showed that the second 
epoch stabilized quickly.

Both training and validation losses were decreasing 
continuously, which means that generalization was effective 
and not overϐitted. The last model attained a steady point in 
the loss at approximately step 40,000, which indicated to have 
optimized the conditional probability space efϐiciently.

Clinical validation and limitations 

This study did not include clinical validation with practicing 
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cardiologists. Evaluation of the models was conducted using 
widely accepted NLPG metrics such as BLEU, ROUGE-L, 
and BERTScore. These metrics will be used to show good 
language and semantic capabilities; future work will require 
expert evaluation by cardiologists to assess clinical relevance, 
diagnostic accuracy, and usability of the generated reports in 
real-world healthcare contexts.

Discussion
The results conϐirm the capability of Generative AI, 

speciϐically ϐine-tuned LLMs, including T5, to compose reports 
related to cardiology in a clinically interpretable format and 
semantically consistent from structured data without any 
intermediaries.

It ϐills the gap in the long-term history between the 
numerical diagnostics and narrative reporting, allowing 
a paradigm shift to automated but interpretable clinical 
documentation.

Subsequent studies will expand this study by:

• integration of multimodal data (ECG and 
echocardiographic data and textual notes),

• That of instruction-tuned large LLMs (e.g., GPT-2, 
LLaMA-Med), and

• Using explainability modules to promote clinical trust 
and transparency.

Conclusion
This paper introduces a generative AI system based on 

transformers to generate semantic cardiology reports on 
structured patient data. The semantic alignment (BERTScore 
= 0.9768) and structural coherence (ROUGE-L = 0.8806) 
of the ϐine-tuned T5-small model were high, which proved 
that the model can be effective as an automated clinical 
documentation assistant. The suggested practice leads to the 
creation of explainable, general, and smart reporting solutions 
in contemporary digital healthcare.
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