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Supplementary Note 1. Structured Abstract593

Background: Generating synthetic health records has recently become a research topic. A database594

of synthetic health records (SHRs), as a copy of electronic health records, can be used for training595

machine learning (ML) methods and educational purposes. This approach eliminates the need to use596

the real patient data, thereby ensuring the preservation of data privacy. Electronic health records597

(EHRs) can contain tabular data, longitudinal data, time series, images, and texts.598

Objectives: 1) Finding state-of-the-art generative models for creating synthetic medical texts, time599

series, and longitudinal data, along with the methodological limitations. 2) Summarizing the existing600

performance measures in conjunction with the related metrics for evaluating the quality of SHR. 3)601

Listing the most used datasets employed by the researchers for generating SHR. 4) Finding the key602

research gaps of the field.603

Eligibility criteria: 1) Published studies within 2018–2023. 2) Full paper is available. 3) Addressing604

an ML topic for electronic health record generation. 4) The papers describing synthetic organs, without605

addressing the ML objectives were excluded.606

Sources of evidence: A systematic search is performed on the three widely accepted platforms of607

scientific publications in this domain: PubMed, Web of Science, and Scopus.608

Charting method: Tabular and graphical representations.609

Results: 52 publications fulfilled the inclusion and exclusion criteria and ultimately participated in the610

study (PubMed=27, Scopus=19, and Web of Science=6). Generation of synthetic physiological time611

series was observed in 22 reports (42%) of the published peer-reviewed papers, from which synthetic612

Electrocardiogram is the most common case study (10 studies). Electroencephalogram was the main613

topic of the second most common objective where the diffusion model resulted in the optimal utility.614

Privacy is the main objective of 16 out of the 17 studies with various case studies comprising kidney615

diseases, patients with hearing loss, Parkinson’s and Alzheimer’s diseases, chronic heart failure disease,616

diabetes, hypertension, and hospital admissions. As for the medical texts, 9 studies out of the 12 studies617

that participated in this survey with various case studies.618

Conclusion: 1) GAN was seen to be the dominant model for the two data modalities, time series619

and longitudinal data, where fidelity is the main objective of the performance measurement for both620

cases. 2) LLM received the most popularity for generating synthetic medical text, where the utility621

was found to be the major performance measurement explored as the study objective. 3) Privacy was622

observed to be the dominant objective of creating SHR, even though other objectives such as class623

imbalance and data scarcity were widely studied. 4) The development of the appropriate evaluation624

metrics is considered a major research gap.625

3



Supplementary Table 1. Summary of public datasets for syn-626

thetic data generation627

Dataset URL Case Study
Data Modality

Included Study Ref.Time
Series Text Longitud.

MIMIC III
[1] Link

De-identified patient
records admitted to
intensive care unit
(ICU) from 2001 to
2012 containing demo-
graphics, laboratory
test results, procedures,
caregiver notes, medica-
tions, imaging reports,
mortality, etc. ✔ ✔ ✔ [2–11]

MIMIC IV
[12] Link

Critical care data for
patients admitted to
the ICU at the Beth
Israel Deaconess Medical
Center. The information
available includes patient
measurements, orders,
diagnoses, procedures,
treatments, and clinical
notes ✔ ✔ ✔ [13]

eICU [14] Link

A critical care database
spanning multiple centers
holds information from
over 200,000 admissions
to ICUs from 208 hospi-
tals situated across the
U.S. ✔ ✔ ✔ [11, 15,16]

HiRID [17] Link

a high-resolution ICU
dataset relating to more
than 3 billion observa-
tions from ≈34,000 ICU
patient admissions ✔ ✔ [11]

Pile [18] Link

An 825 GiB English text
corpus from 22 diverse
high-quality subsets in-
cluding the medical do-
main ✔ [19]

Continued on the next page...
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https://physionet.org/content/mimiciii/1.4/
https://physionet.org/content/mimiciv/2.2/
https://physionet.org/content/eicu-crd/2.0/
https://physionet.org/content/hirid/1.1.1/
https://pile.eleuther.ai/


Table4 – Continued from previous page...

Dataset URL Case Study
Data Modality

Included Study Ref.Time
Series Text Longitud.

E3C [20] Link

A multilingual (English,
French, Italian, Spanish,
and Basque) corpus
database containing
biomedical documents
extracted from different
sources, including jour-
nals, existing biomedical
corpora, etc. ✔ [21]

INPCR
[22] Link

This database stands as
one of the most exten-
sive health information
exchange in U.S., encom-
passing more than 100
distinct healthcare or-
ganizations contributing
data. The database con-
tains information on over
18 million patients, com-
prising 10 billion clini-
cal observations, and over
147 million text reports. ✔ [23, 24]

Administrative
Health
Records
[25] Link

Patients received a pre-
scription for an opioid
during the 7-year study
window. Data includes
demographic informa-
tion, laboratory tests,
prescription history,
hospitalizations, etc. ✔ [26]

PPMI [27] Link

Observational clinical
study containing 354
Parkinson patients who
participated in a range of
clinical, neurological, and
demographic assessments ✔ [28]

NACC [29] Link

Storing patient-level
Alzheimer’s disease data
collected from 2284
patients across multiple
clinics ✔ [28]

Continued on the next page...
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https://github.com/hltfbk/E3C-Corpus
https://www.regenstrief.org/rds/data/
https://open.alberta.ca/dataset/overview-of-administrative-health-datasets
https://www.ppmi-info.org/
https://naccdata.org/


Table4 – Continued from previous page...

Dataset URL Case Study
Data Modality

Included Study Ref.Time
Series Text Longitud.

Evotion
[30] Link

Information relating to
patterns of real-world
hearing aid usage and
sound environment
exposure. EVOTION
contains longitudinally
observations from 53
individuals and includes
the following measures:
the sound environment,
the hearing aid setting,
timestamps, ID, and the
degree of hearing loss on
the best hearing ear of
the individuals ✔ [31]

SEER [32] Link

This database provides
information on cancer in-
cidence and survival from
population-based cancer
registries in 22 U.S. geo-
graphic areas ✔ [33]

Human Ac-
tivity Sens-
ing Archive
[34] Link

A large-scale human ac-
tivity corpus archive ✔ [35, 36]

UCR Time
Series
Archive
[37] Link

A large repository of time
series datasets including
health records of Electro-
cardiogram (ECG), mo-
tion, etc. ✔ [38]

Autonomic
Aging [39] Link

A database of high-
resolution biological
signals to describe the
effect of healthy aging on
cardiovascular regulation ✔ [40]

PTB-
XL [41] Link

A large dataset of 21799
clinical 12-lead ECGs
from 18869 patients. The
raw waveform data was
annotated by up to two
cardiologists ✔ [42]

AF Clas-
sification
Chal-
lenge [43] Link

A dataset of single-lead
ECGs (between 30 s
and 60 s in length) with
normal sinus rhythm,
atrial fibrillation (AF),
an alternative rhythm,
or noisy classes ✔ [44]

Continued on the next page...
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https://zenodo.org/records/2668210
https://seer.cancer.gov/
http://hasc.jp/
https://www.cs.ucr.edu/~eamonn/time_series_data_2018/
https://physionet.org/content/autonomic-aging-cardiovascular/1.0.0/
https://physionet.org/content/ptb-xl/1.0.3/
https://physionet.org/content/challenge-2017/1.0.0/


Table4 – Continued from previous page...

Dataset URL Case Study
Data Modality

Included Study Ref.Time
Series Text Longitud.

UniMiB
[45] Link

A dataset tailored for hu-
man activity recognition
and fall detection with
11,771 acceleration sam-
ples performed by 30 sub-
jects aged between 18
and 60 years ✔ [46]

PAMAP2
[47] Link

The PAMAP2 Physical
Activity Monitoring
dataset contains data
of 18 different physical
activities (e.g. walking,
cycling, playing soccer),
performed by 9 subjects
wearing 3 inertial mea-
surement units and a
heart rate monitor ✔ [35]

MIT-BIH
Arrhyth-
mia [48] Link

This dataset contains
48 30-min excerpts of
two-channel ECG record-
ings, obtained from 47
subjects studied between
1975 and 1979 ✔ [49–51]

MIT-BIH
Normal
Sinus
Rhythm
(NSR) [48] Link

This dataset includes 18
long-term ECG record-
ings of subjects with no
significant arrhythmias ✔ [49]

Sleep-
EDF (Ex-
panded)
[52] Link

This dataset contains 197
whole-night PolySomno-
Graphic sleep recordings,
containing EEG, Elec-
trooculography, chin
electromyography, and
event markers. Some
records also contain
respiration and body
temperature ✔ [53]

The Na-
tional
Sleep Re-
search Re-
source [54] Link

Compilation of anno-
tated sleep datasets,
along with interfaces and
tools for accessing and
analyzing this data, is
available ✔ [55]

Continued on the next page...
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http://www.sal.disco.unimib.it/technologies/unimib-shar/
https://archive.ics.uci.edu/dataset/231/pamap2+physical+activity+monitoring
https://physionet.org/content/mitdb/1.0.0/
https://www.physionet.org/content/nsrdb/1.0.0/
https://www.physionet.org/content/sleep-edf/1.0.0/
https://sleepdata.org/


Table4 – Continued from previous page...

Dataset URL Case Study
Data Modality

Included Study Ref.Time
Series Text Longitud.

UCI EEG
Dataset Link

This dataset examines
EEG correlates of ge-
netic predisposition to al-
coholism. It contains
measurements from 64
electrodes placed on the
scalp sampled at 256 Hz ✔ [50]

PhysioNet
Challenge
2015 [56] Link

This database includes
ECG and Photoplethys-
mogram (PPG) record-
ings from 750 patients
that suffered either of
the following cardiac
conditions; asystole,
extreme bradycardia,
extreme tachycardia,
ventricular tachycardia,
and ventricular flutter ✔ [57]

PPG-
DB [58] Link

A collection of de-
identified photoplethys-
mography data for
studying cardiovascular
disease. The dataset
contains 657 records
from 219 subjects, span-
ning ages 20 to 89 years,
with records of diseases
like hypertension and
diabetes ✔ [57]

UCI ML
Reposi-
tory [59] Link

A collection of databases
in various subjects
including health and
medicine ✔ ✔ ✔ [33, 38,60]

PhysioNet
[48] Link

An extensive collection of
health data from both
healthy individuals and
those dealing with condi-
tions like sudden cardiac
death, congestive heart
failure, epilepsy, gait dis-
orders, sleep apnea, and
aging ✔ ✔ ✔ [46, 61]
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https://archive.ics.uci.edu/dataset/121/eeg+database
https://physionet.org/content/challenge-2015/1.0.0/
https://figshare.com/articles/dataset/PPG-BP_Database_zip/5459299
https://archive.ics.uci.edu/
https://physionet.org/


Supplementary Note 2. SHR Evaluation Techniques628

Evaluation techniques can also be categorized into two main groups: quantitative and qualitative629

methods: (i) Quantitative evaluation Methods: Supplementary Table 2 represents different quan-630

titative evaluation metrics along with the evaluation objectives used to assess the effectiveness of631

generative models for the reviewed publications. (ii) Qualitative evaluation Methods: Qualitative632

evaluation methods are often employed alongside quantitative measures to complement results with633

straightforward assessments. For instance, many studies utilize visualization approaches to compare634

distributions and embeddings of synthetic and real data, such as using histogram [31,44], Q–Q-plot [44],635

t-SNE [7,38,46], PCA [38,46], and correlation [6,31]. Concerns regarding the clinical validity and trust-636

worthiness of synthetic data pose significant obstacles to using it for clinical research. To tackle this637

issue, some studies have performed clinician evaluations, wherein medical professionals evaluate the638

realism of the synthetic data they are presented with [19,42,44,55,62].639
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Supplementary Table 2. A Summary of the Metrics Used to640

Evaluate Generative Models for Creating Synthetic Health Records641

Objective Method
Data Modality

Included Study Ref.Time
Series Text Longitud.

F
id
el
it
y Discriminative score [63] ✔ ✔ [11, 35]

Maximum mean discrep-
ancy (MMD) [64] ✔ ✔ [11, 38,51,57,61,65]

Multivariate Hellinger dis-
tance [66] ✔ [26]

Wasserstein distance [64] ✔ ✔ [67–70]

Inception score (IS) [63] ✔ ✔ [16, 53]

Wilcoxon rank sum test [71] ✔ [50]

Kolmogorov–Smirnov
(K-S) test [63] ✔ ✔ [6, 8, 44,67,68]

Euclidean distance (ED)
[71] ✔ ✔ [16, 26,35,72]

Dimension-wise probability
(DWPro) [73] ✔ [6, 11,33]

Dimension-wise prediction
(DWPre) [73] ✔ [8, 33]

Pairwise distance correla-
tion [71] ✔ [67]

Pearson correlation [74] ✔ ✔ [11, 19,69]

P-Value test ✔ ✔ ✔ [5, 50,75,76]

Spearman rank correlation
[74] ✔ [28, 69]

Kendall’s rank correlation
[74] ✔ [69]

Kullback–Leibler (KL) -
divergence [63] ✔ ✔ [28, 53,77]

Jensen–Shannon (JS)
-divergence/-distance [78] ✔ ✔ [28, 46,67,70,79]

Cosine similarity [80] ✔ ✔ [9, 46]

Weighted latent difference
[63] ✔ [77]

Bilingual evaluation under-
study (BLEU), self-BLEU
[81] ✔ [9,10,21,23,24,82,83]

Jaccard similarity [84] ✔ [10]

G2-test [85] ✔ [10]

Continued on the next page...
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Table 4 – Continued from the previous page...

Objective Method
Data Modality

Included Study Ref.Time
Series Text Longitud.

NLL-test [86] (likelihood-
based) ✔ [10, 82]

Recall-oriented understudy
for gisting evaluation
(ROUGE) [87] ✔ [83, 88]

N-grams overlap score [21] ✔ [21]

Consensus-based image
description evaluation
(CIDEr) [89] ✔ [83]

Exact match difference [89] ✔ [76]

R
e-
id
en
ti
fi
ca
ti
on

Membership inference at-
tack (MIA) [63] ✔ ✔ [3, 4, 11,51,65,77]

Attribute disclosure attack
[63] ✔ [4, 6, 77,90]

Differential privacy [63] ✔ ✔ ✔ [6, 7, 11,16]

Keywords inference attack ✔ [91]

Bayesian disclosure attack
[92] ✔ [5]

Sensitivity, specificity [93] ✔ ✔ [23, 24,50]

Precision [93] ✔ ✔ [19, 38,88,94]

U
ti
li
ty

Recall [93] ✔ ✔ ✔ [4, 19,38,88,94]

F1-score [93] ✔ ✔
[3,19,23,24,38,76,83,
88,94,95]

Area under the receiver op-
erating characteristic curve
(AUROC) [93] ✔ ✔ ✔

[2–4, 23, 24, 33, 42, 44,
57,70,75,77,79,90,95]

Predictive score [96] ✔ [35]

Longitudinal imputation
perplexity (LPL) and
cross-modality imputation
perplexity (MPL) [4] ✔ [4]

Dynamic time warping
(DTW) [97] ✔ [35, 51]

Multivariate dynamic time
warping (MVDTW) [97] ✔ [65, 72]
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Supplementary Note 3. Systematic Reviews andMeta-Analyses642

Extension for Scoping Reviews (PRISMA-ScR) Checklist643

SECTION ITEM PRISMA-ScR
CHECKLIST ITEM

Location in
the paper

Remarks

TITLE
Title 1 Identify the report as a

scoping review. Click here to
enter text.

Page 1 -

ABSTRACT
Structured
summary

2 Provide a structured
summary that includes (as
applicable): background,

objectives, eligibility criteria,
sources of evidence, charting

methods, results, and
conclusions related to the

review questions and
objectives.

Supplementary
Note 1

-

INTRODUCTION
Rationale 3 Describe the rationale for

the review in the context of
what is already known.
Explain why the review
questions/objectives lend
themselves to a scoping

review approach.

Pages 1-2 -

Objectives 4 Provide an explicit statement
of the questions and

objectives being addressed
with reference to their key
elements (e.g., population or
participants, concepts, and
context) or other relevant

key elements used to
conceptualize the review

questions and/or objectives.

Page 2 -

METHODS
Protocol and
registration

5 Indicate whether a review
protocol exists; state if and
where it can be accessed

(e.g., a Web address); and if
available, provide

registration information,
including the registration

number.

N/A The online registration is not
available.

Eligibility
criteria

6 Specify characteristics of the
sources of evidence used as
eligibility criteria (e.g., years
considered, language, and
publication status), and
provide a rationale.

Page 7 -

Continued on the next page...
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SECTION ITEM PRISMA-ScR
CHECKLIST ITEM

Location in
the paper

Information
sources*

7 Describe all information
sources in the search (e.g.,
databases with dates of

coverage and contact with
authors to identify

additional sources), as well
as the date the most recent

search was executed.

Page 7 -

Search 8 Present the full electronic
search strategy for at least 1

database, including any
limits used, such that it

could be repeated.

Figure 1 -

Selection of
sources of
evidence†

9 State the process for
selecting sources of evidence

(i.e., screening and
eligibility) included in the

scoping review.

Page 7 -

Data charting
process‡

10 Describe the methods of
charting data from the

included sources of evidence
(e.g., calibrated forms or

forms that have been tested
by the team before their use,
and whether data charting

was done independently or in
duplicate) and any processes
for obtaining and confirming

data from investigators.

N/A -

Data items 11 List and define all variables
for which data were sought
and any assumptions and
simplifications made.

N/A -

Critical
appraisal of
individual
sources of
evidence§

12 If done, provide a rationale
for conducting a critical

appraisal of included sources
of evidence; describe the

methods used and how this
information was used in any

data synthesis (if
appropriate).

N/A -

Continued on the next page...
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SECTION ITEM PRISMA-ScR
CHECKLIST ITEM

Location in
the paper

Synthesis of
results

13 Describe the methods of
handling and summarizing
the data that were charted.

Pages 2 to 5 The results were represented
in new graphical illustrations

in which the processing
methods, research objectives,
and data modalities found in
the review were demonstrated
(Figures 2–3). Moreover,
new tabular representations
listed the findings and related
the state-of-the-art to the
applications for the three

data modalities, medical time
series, longitudinal record,
and texts, independently.

RESULTS
Selection of
sources of
evidence

14 Give numbers of sources of
evidence screened, assessed
for eligibility, and included
in the review, with reasons
for exclusions at each stage,
ideally using a flow diagram.

Page 3 and
Figure 1

-

Characteristics
of sources of
evidence

15 For each source of evidence,
present characteristics for

which data were charted and
provide the citations.

Pages 3–6 Table 1 listed the evidence of
the findings for medical time
series. The evidence for the
medical longitudinal records
and text were included in
Table 2 and Table 3,

respectively.
Critical

appraisal within
sources of
evidence

16 If done, present data on
critical appraisal of included
sources of evidence (see item

12).

N/A

Results of
individual
sources of
evidence

17 For each included source of
evidence, present the

relevant data that were
charted that relate to the

review questions and
objectives.

Pages 3–6 Medical time series is a
group of medical records
where the synthetic data
found its importance, as
addressed by the study

objectives. Synthetic ECG is
a typical example of such an

application. Medical
longitudinal data was found
to be the most important part

of the EHR. Creating a
synthetic EHR, named SHR,
is an important research

question. Synthetic medical
text is another topic that has

been newly added to this
topic. This was well in

accordance with the study
objectives.

Continued on the next page...
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SECTION ITEM PRISMA-ScR
CHECKLIST ITEM

Location in
the paper

Synthesis of
results

18 Summarize and/or present
the charting results as they

relate to the review
questions and objectives.

Pages 3-4 Sections Results and
Discussions (Table 1,
Table 2, Table 3, and

Table 4)
DISCUSSION
Summary of
evidence

19 Summarize the main results
(including an overview of

concepts, themes, and types
of evidence available), link to
the review questions and

objectives, and consider the
relevance to key groups.

Pages 3-4 -

Limitations 20 Discuss the limitations of the
scoping review process.

Page 2 and
Page 7

The scoping review didn’t
consider synthetic medical
images and tabular records.

These two topics were
already included in the
existing publications

Conclusions 21 Provide a general
interpretation of the results
with respect to the review
questions and objectives, as
well as potential implications

and/or next steps.

Pages 4-5 -

FUNDING
Funding 22 Describe sources of funding

for the included sources of
evidence, as well as sources
of funding for the scoping
review. Describe the role of
the funders of the scoping

review.

Page 7 -
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