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ABSTRACT
Introduction Mining of electronic health record (EHRs) 
data is increasingly being implemented all over the world 
but mainly focuses on structured data. The capabilities of 
artificial intelligence (AI) could reverse the underusage of 
unstructured EHR data and enhance the quality of medical 
research and clinical care. This study aims to develop an 
AI- based model to transform unstructured EHR data into 
an organised, interpretable dataset and form a national 
dataset of cardiac patients.
Methods and analysis CardioMining is a retrospective, 
multicentre study based on large, longitudinal data obtained 
from unstructured EHRs of the largest tertiary hospitals in 
Greece. Demographics, hospital administrative data, medical 
history, medications, laboratory examinations, imaging 
reports, therapeutic interventions, in- hospital management 
and postdischarge instructions will be collected, coupled with 
structured prognostic data from the National Institute of Health. 
The target number of included patients is 100 000. Natural 
language processing techniques will facilitate data mining from 
the unstructured EHRs. The accuracy of the automated model 
will be compared with the manual data extraction by study 
investigators. Machine learning tools will provide data analytics. 
CardioMining aims to cultivate the digital transformation of 
the national cardiovascular system and fill the gap in medical 
recording and big data analysis using validated AI techniques.
Ethics and dissemination This study will be conducted 
in keeping with the International Conference on 
Harmonisation Good Clinical Practice guidelines, the 
Declaration of Helsinki, the Data Protection Code of the 
European Data Protection Authority and the European 
General Data Protection Regulation. The Research Ethics 
Committee of the Aristotle University of Thessaloniki and 
Scientific and Ethics Council of the AHEPA University 
Hospital have approved this study. Study findings will be 
disseminated through peer- reviewed medical journals and 
international conferences. International collaborations with 
other cardiovascular registries will be attempted.
Trial registration number NCT05176769.

INTRODUCTION
The combination of medicine with computer 
science and artificial intelligence (AI) tech-
niques, including machine learning (ML) 
and natural language processing (NLP), is 
promising and is going to rapidly change the 
future of medicine in the upcoming years.1–3 
NLP aims to interpret human language and 
quantify aspects of medical practice that were 
previously amenable only to laborious and 
costly work.4 ML focuses on the interpreta-
tion of data and has been used in different 
settings in medicine, including the auto-
mated interpretation of ECGs, image clas-
sification and risk stratification.3 5 Mainly at 
a research level, these methods are already 
offering novel clinical practice approaches 
and could have an impact on a plethora of 
cardiac diseases, including heart failure and 
coronary artery disease.6 Nevertheless, real- 
world clinical implementation remains a 
challenge and this lack of impact on everyday 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ Discharge letters and prognostic data for 100 000 
cardiac patients will be collected.

 ⇒ Natural language processing techniques will facil-
itate automated clinical data mining from unstruc-
tured electronic health records.

 ⇒ The accuracy of the automated model will be com-
pared with the manual data extraction by study 
investigators.

 ⇒ Machine learning tools will provide data analytics.
 ⇒ Generalising natural language processing models 
across languages still remains challenging.
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clinical practice stands in stark contrast to the enormous 
progress in research.

With the growing number of patients and their concen-
tration in large tertiary centres, it becomes attractive 
to collect large amounts of clinical data systematically. 
Such registries are essential for exploring the charac-
teristics of different comorbidities and understanding 
real- world cardiac patients. However, with the unprec-
edented amount of data, manual collection and tradi-
tional processing methods become a challenge, as it is 
time- consuming and costly for healthcare systems.7 Other 
significant difficulties one faces are the unstructured free- 
form text of the electronic health records (EHRs) and the 
need for deidentification and safety of the vast amount of 
patient data. AI methods could fill this void in medical 
records, enabling the ability to analyse large amounts of 
information efficiently.8

The use of ΑΙ automated processes constitutes a 
novelty in big data configuration, offering a quick, reli-
able and fully deidentified data extraction for further 
processing.9 10 The results from its efficient use can be 
easily extended to different healthcare systems, ampli-
fying the produced knowledge and improving diagnostic 
and therapeutic accuracy, transforming the current clin-
ical care practice.11 Transferring AI methods from the 
laboratory to everyday clinical practice is a difficult task 
that necessitates a high level of specialisation, financial 
resources and cross- disciplinary collaboration among 
academia, industry and clinical institutions.12

This study aims to contribute to the development of a 
clinically useful and feasible AI model for accurate auto-
mated extraction and processing of large volumes of raw 
and unstructured clinical data from EHRs. The infor-
mation acquired from automated procedures will form 
the largest national database of cardiac patients, derived 
from unstructured data. Ultimately, this study aspires 
to encourage the digital transformation of the national 
cardiovascular ecosystem, by improving clinical docu-
mentation towards an automated, rapid recording and 
utilisation of clinical data.

METHODS AND ANALYSIS
CardioMining study design
CardioMining is the first nationwide study involving AI 
for the automated data extraction from EHRs of patients 
discharged from Greece’s largest Cardiology Depart-
ments of tertiary hospitals. This ongoing, retrospective, 
multicentre, observational cohort study aims to use 
novel NLP and ML techniques to efficiently extract and 
process large volumes of unstructured clinical data from 
electronic clinical narratives, forming the most extensive 
national dataset.

The target cohort size is 100 000 consecutively enrolled 
adult patients hospitalised for any reason across all partic-
ipating study sites. The study is active since January 2022 
and is expected to be completed by January 2025. Inclu-
sion and exclusion criteria are presented in box 1.

The resulting database will be a springboard for clini-
cally valuable conclusions, such as outcome prediction, 
risk stratification and clinical decision support systems. 
Our protocol has been developed according to the 
Standard Protocol Items: Recommendations for Inter-
ventional Trials- Artificial Intelligence extension (online 
supplemental appendix).13

Details of data
Electronically registered medical records of patients 
discharged from Cardiology wards of tertiary hospitals in 
Greece from the day that each hospital developed EHRs 
until 2022 will be retrospectively collected from hospital 
discharge letters. Each discharge letter includes demo-
graphics, discharge diagnoses, medications, diagnostic 
examinations, therapeutic interventions, in- hospital 
management and postdischarge instructions in the Greek 
language and in unstructured form (box 2). Baseline 
clinical data are neither coded nor in structured form, 
apart from the laboratory exams which are structured in 
a predefined format but will, nevertheless, also require 
development of automated algorithms to be integrated 
in the final dataset. Patients who died during hospitalisa-
tion were excluded from the study, since no electronically 
registered discharge letter is issued for these patients in 
Greek hospitals. Hence, information for these patients 
is not available, apart from a handwritten administrative 
document that displays the reason of death as an Inter-
national Classification of Diseases 10th Revision(ICD- 10) 
code.

Data deidentification
All information that could potentially be used to identify 
a person, such as names, postal codes, places of residence 
and occupation, will be deleted from these electronic files 
before data extraction. Thus, the data will not be able to 
be assigned to a specific subject, as no additional informa-
tion or identifiers will be collected for the subjects. After 
the files are deidentified, each patient’s clinical note 
will be linked with a specific key (‘identifier’). The elec-
tronic file that contains the correlation of the ‘identifier’ 
with the patient’s clinical note will be stored in a secure 
hospital electronic location. Data will be centrally stored 
in a structured electronic database and only accessible 
by study staff. Strict subject confidentiality will be main-
tained through subject identification codes.

Box 1 Inclusion and exclusion criteria

Inclusion criteria
 ⇒ Patients discharged from cardiology departments of tertiary hospi-
tals in Greece.

 ⇒ Patients whose medical records are electronically stored in each 
hospital’s electronic information systems.

Exclusion criteria
 ⇒ Patients who died during hospitalisation, and thus no discharge let-
ter was issued.
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Data and safety monitoring
At multiple time points, a data and safety monitoring 
board consisting of study investigators and an inde-
pendent statistician will review accumulating data for 
quality and safety and report back to the study’s steering 
committee. A simple data use agreement and verifica-
tion that the researcher has undergone human subjects 
training will be required to limit access to the clinical 
database to authorised medical researchers.

AI-model development for automated extraction of data from 
EHRs
A sample of the fully deidentified files will undergo 
manual extraction (figure 1). It will serve as a data set for 
training and evaluating NLP techniques to extract cardi-
ology entities from the records automatically. Of these 
records, 70% will be used for training, 15% for validation 
and 15% for testing the developed models. As a base-
line, we will use a dictionary- based method containing 

various forms of the entities we aim to extract. We will 
employ two main approaches for automating the data 
extraction process, one operating at the level of the whole 
record and one operating at the finer- grain level of each 
entity mention. For the first one, we will investigate the 
state- of- the- art neural architecture of transformers, as 
well as more classical linear models and support vector 
machines, based on the bag- of- words representation of 
the records, treating the entities as labels in a multilabel 
classification task. For the second one, we will use the 
baseline to automatically tag particular words and phrases 
corresponding to entity mentions or alternatively employ 
manual annotation. Then we will use a transformer archi-
tecture to perform sequence tagging, that is, outputting 
the particular tokens in the record that correspond to 
each recognised entity, apart from the recognised entity. 
A variation of this second approach is first to use a Named 
Entity Recognition model for generic cardiology entities, 
followed by an entity normalisation model that links the 
entity mentions to the particular entity.14 In all cases, we 
will exploit information concerning the structure of the 
record into meaningful sections (figure 2).

Assuming our final model manages to achieve high 
accuracy on the test set, we will apply it to the complete 
set of records that have not been manually processed to 
extract all Cardiology entities from them automatically. 
This structured information from the discharge letters 
will be integrated with laboratory measurements and 
imaging data using a multimodal deep learning method 
to improve risk stratification and prognosis estimation 
for patients with different cardiac diseases and treat-
ment recommendations. Following the development of 
the digital research infrastructure, a pilot prospective 
study in the participating cardiology departments will be 
performed to demonstrate the feasibility and accuracy of 
the AI- algorithm for automated extraction and processing 
of unstructured clinical data from EHRs. A successful vali-
dation of this tool will enable its rapid implementation in 
the clinical practice.

Study endpoints
The primary and secondary endpoints of this study are 
summarised in box 3.

The primary endpoint is the measurement of the ‘test 
error’; the model’s accuracy to automatically extract 
clinical data from patients’ medical records for further 
processing and analysis compared with traditional 
human intervention- based data extraction methods. The 
obtained baseline clinical data will be merged with the 
study’s secondary endpoints that will be explored on 
the resulting dataset over the follow- up period of each 
patient. The endpoints include all- cause mortality, throm-
boembolic events, number and cause of rehospitalisation, 
development of new- onset cardiovascular diseases and 
postdischarge modifications in medication. Secondary 
endpoints will be either provided in a structured form or 
extracted from electronic healthcare systems using the 
aforementioned text mining capabilities of the deployed 

Box 2 Extracted data for the discharged patients

1. Patient characteristics
 ⇒ Demographics.
 ⇒ History—comorbidities.
 ⇒ Clinical presentation.

2. Discharge diagnosis
 ⇒ Coronary artery disease.
 ⇒ Acute coronary syndrome

 ⇒ ST- elevation myocardial infarction.
 ⇒ Non- ST- elevation myocardial infarction.
 ⇒ Unstable angina.

 ⇒ Heart failure.
 ⇒ Sinus tachycardia.
 ⇒ Sinus bradycardia.
 ⇒ Supraventricular arrhythmia.
 ⇒ Ventricular arrhythmia.
 ⇒ Bradyarrhythmias.
 ⇒ Cardiac arrest.
 ⇒ Cardiogenic shock.
 ⇒ Device implantation or malfunction.
 ⇒ Endocarditis.
 ⇒ Myocarditis.
 ⇒ Pericarditis.
 ⇒ Pericardial effusion.
 ⇒ Congenital heart disease.
 ⇒ Presyncope/syncope.
 ⇒ Valvular heart disease.
 ⇒ Cardiomyopathy.
 ⇒ Acute pulmonary oedema.
 ⇒ Pulmonary embolism.
 ⇒ Arterial hypertension.
 ⇒ Amyloidosis.

3. Electrocardiography on admission and on discharge.
4. Chest X- ray.
5. Echocardiographic reports (quantitative and qualitative data).
6. Catheterisation lab reports.
7. Laboratory examination (serial measurements).
8. In- hospital clinical course and medical management.
9. Discharge medication.
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digital research infrastructure. These endpoints will be 
integrated in ML models to enable postprocessing data 
analytics, such as risk stratification for each clinical condi-
tion, phenotyping and patient clustering. Hence, the 
purpose of secondary endpoints is not to test the accu-
racy of the AI model but rather to provide clinical impli-
cations in the digital research infrastructure.

In most healthcare systems, a large volume of clinical 
data is stored in electronic hospital systems which func-
tion as data repositories with no functionalities in terms 

of data analysis. All these stored data cannot be auto-
matically reshaped in a structured format for analytical 
purposes and, therefore, require laborious and time- 
consuming manual extraction by humans. Thus, clinical 
data are underused and neglected, which results in lack 
of epidemiological data, research opportunities and loss 
of valuable clinical information. Optimal utilisation of the 
increasing volume of clinical data from unstructured clin-
ical notes is a major unmet need in healthcare systems. 
Hence, the conceptual architecture of our study protocol 

Figure 1 Data extraction method. Data from deidentified electronic health records will undergo both manual and automated 
extraction. The results of the automated extraction using NLP techniques will be validated on the manually organised dataset 
using accuracy metrics of the NLP model. The obtained knowledge from the manual dataset will help with the development of 
an accurate trained AI- model for automated data extraction. EHR, electronic health record; ML, machine learning; NLP, natural 
language processing.

Figure 2 Utilisation text mining techniques to extract knowledge from unstructured clinical notes. Keyword recognition will 
provide the baseline information for treating the entities as labels in a multilabel classification task. Text mining techniques 
will allow the development of a structured database for further processing through machine learning models. PAF, paroxysmal 
atrial fibrillation; T2DM, Type 2 diabetes mellitus; aVF, augmented Vector Foot; LVEF, left ventricular ejection fraction; TAPSE, 
Tricuspid annular plane systolic excursion; RCA, right coronary artery; TTS, transdermal therapeutic system.
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(figure 3) includes the development of an AI- model that 
enables automated data extraction from unstructured 
EHRs, which will contribute to the rapid development of 
a structured cardiovascular database to facilitate further 
data processing and provide useful data analytics (preva-
lence of diseases, risk stratification, early diagnosis, clin-
ical decision support systems, minimisation of human 
error).

Follow-up
The follow- up period in this retrospective study will be 
between the initial hospital discharge and the end of the 
follow- up, either the date of outcome occurrence or the 
current date (in outcome- free patients). Updated infor-
mation for this study concerning secondary endpoints 
will be obtained from central databases and prescription 
registers, managed by the Hellenic Ministry of Health 
services.

Statistical analysis
Given the size of the participating clinics and the years 
during which the recording of EHRs in electronic form 
was applied, it is estimated that the sample of patient 
records will be about 100 000. Continuous variables will 
be tested for normality with the Kolmogorov- Smirnov 
test and presented as a mean SD or medians, with 
comparisons between groups made using the Wilcoxon 
rank- sum test. Categorical variables will be expressed 
as frequencies (%), with comparisons made using the 
Pearson’s χ² test. Outcome analysis will be performed 
using ML algorithms, such as regression, decision trees, 
random forests, support vector machines, extreme 
gradient boosting. Statistical analysis will be performed 
using SPSS V.27 (SPSS), Stata V.15.1 (StataCorp) and R 
packages.

Box 3 Primary and secondary endpoints

Primary endpoint
 ⇒ The accuracy of an artificial intelligence- based model to auto-
matically extract clinical data from patients’ medical records for 
further processing and analysis compared with traditional human 
intervention- based data extraction methods.

Secondary endpoints
 ⇒ All- cause mortality.
 ⇒ Thromboembolic events.
 ⇒ Number and cause of rehospitalisations.
 ⇒ Development of major cardiovascular diseases (eg, heart failure, 
coronary artery disease, diabetes mellitus).

 ⇒ Postdischarge modifications in medical therapy.
 ⇒ Prescription and use of guideline- recommended drugs in various 
cardiovascular diseases.

Figure 3 The roadmap of the CardioMining study towards digital transformation of the national cardiovascular ecosystem. The 
digital transformation of a healthcare system at a national level is a great challenge but also a complex and difficult task. The 
low digital maturity of the health sector in Greece coupled with the ongoing rapid technological changes worldwide demand 
urgent action through the implementation of a paradigm shift. The CardioMining study will retrospectively collect unstructured 
data derived from electronic health records of cardiology departments. Data extraction will be performed both manually 
by humans and automatically using natural language processing algorithms. The validated artificial intelligence models will 
contribute to the development of a structured registry of cardiac patients to provide data analytics through machine learning 
models. CVD, cardiovascular disease.
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Patient and public involvement
There has been no patient involvement in the design, 
or conduct, or reporting, or dissemination plans of our 
research.

Ethics and dissemination
All participating sites will obtain approval from appro-
priate independent ethics committees or institutional 
review boards prior to the initiation of the study. The 
Research Ethics Committee of the Aristotle University 
of Thessaloniki and Scientific and Ethics Council of the 
AHEPA University Hospital have approved this study. This 
study will be conducted in keeping with the International 
Conference on Harmonisation Good Clinical Practice 
guidelines, the Declaration of Helsinki, the Data Protec-
tion Code of the European Data Protection Authority 
and the European General Data Protection Regulation or 
otherwise that may replace it. To maintain the patient’s 
confidentiality, no demographic and personal iden-
tification data will be collected (eg, first name, date of 
birth). Data deidentification will be performed by the 
lead researcher. Only deidentified data will be obtained, 
which will be completely disconnected from the personal 
data of each patient. Study findings will be published in 
peer- reviewed medical journals and presented at inter-
national conferences. Collaborations with study groups 
sharing the same research focus will be attempted.
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