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Abstract. Generating synthetic tabular data can be challenging, however evaluation of their quality is just as challenging, if not more.
This systematic review sheds light on the critical importance of rigorous evaluation of synthetic health data to ensure reliability,
relevance, and their appropriate use. Based on screening of 1766 papers and a detailed review of 101 papers we identified key challenges,
including lack of consensus on evaluation methods, improper use of evaluation metrics, limited input from domain experts, inadequate
reporting of dataset characteristics, and limited reproducibility of results. In response, we provide several guidelines on the generation
and evaluation of synthetic data, to allow the community to unlock and fully harness the transformative potential of synthetic data

and accelerate innovation.
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1 INTRODUCTION

Access to high-quality data is fundamental to advancing scientific research. In disciplines such as healthcare, data is
pivotal to enhance patient care, optimise resource management, and enable the discovery of new medical insights,
particularly with the rise of artificial intelligence. Structured health data, such as tabular electronic health records,
have been recognised as having one of the highest potential to provide timely and relevant information in clinical
decision-making [1]. However, complex data-sharing governance rules have resulted in health data being locked away

in isolated silos [2, 3], where they generally remain inaccessible except to a few researchers [4]. This inevitably hampers
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2 Nafis et al.

reproducible health research, hindering the advancement of patient care and impeding the future potential of clinical
artificial intelligence [5].

There is an urgent need to democratise access to health data [4] without losing sight of patient privacy and
confidentiality [6]. In this context, synthetic health data emerges as an attractive solution to address this challenge, and
institutions worldwide are increasingly recognising their potential. For example, the United States Department of Health
and Human Services has made available a Synthetic Health Data Generation Engine! to accelerate patient-centred
outcomes research and “address the need for research-quality synthetic data”. The United Kingdom’s National Health
Service (NHS) has rolled out an ‘Artificial Data Pilot’? that aims to “provide users with large volumes of data that
share some of the characteristics of real data while protecting patient confidentiality”. Similar efforts are recorded in
Canada’s health economic hub Health City [7] and Germany’s Charité Lab> for Artificial Intelligence in Medicine.
Research-quality synthetic data (the focus of our work) can be used to rapidly develop and test preliminary hypotheses
before applying them to real datasets [8]. They can also improve research pipeline by acting as a proxy for real-world
data [9]. Furthermore, the controlled generation of synthetic health data can include a balanced representation of
different demographic groups [10]. This would ensure that the previously underrepresented socio-demographic groups
are adequately represented, thereby mitigating biases in health research that arise from skewed real-world health
datasets and, in turn, address model fairness [11-13].

However, despite the above-mentioned advantages of synthetic health data, major challenges remain with their
large-scale adoption. One of the major challenge is the lack of consensus on evaluating synthetically generated data
vis & vis the corresponding real data [14-16]. This not only makes it difficult to track the state-of-the-art progress of
synthetic data generation methods but also poses barriers to trust and adoption, as well as presents regulatory and
compliance issues.

To shed light on the evalua-
Synthetic Datasets tion approaches of synthetic data

Evaluation Metrics vs Dataset Complexity .
we have conducted a systematic

g " = ,g Wy oF review of 1766 research articles

é § : E % i > 'g N E\slx::ll‘.f:r%ghl published in the last ten years.
E éé E § g % = § ‘?g E g- g'é METRICS This is the first review of
é £3 £ 38¢ E = .%E Eﬁ g2 this type and size to understand
§ E which approaches are being used
E E to evaluate the quality of syn-
E thetic data, along with the asso-

ciated data generation methods

and their target application areas.

DATASET
COMPLEXITY

We focused on structured tabu-

lar and time-series health data
Fig. 1. There is an increasing lack of appropriate evaluation metrics (due to increasing difficul-  gince this is one of the areas with
ties in computation and increasing difficulties in evaluation of the metrics), with the increase

in data complexity of the synthetic datasets. the highest potential in advanc-

ing healthcare [17] and present

!https://aspe.hhs.gov/synthetic-health-data-generation-engine-accelerate-patient-centered-outcomes-research
2https://digital.nhs.uk/services/artificial-data
3https://claim.charite.de/en/
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unique data challenges, such as
dealing with missingness. In addition, there is a higher consensus on the evaluation methods for other data modalities,
such as imaging and text, where the respective research communities have developed metrics such as Fréchet Inception
Distance (FID) [18] and BERTScore [19] respectively.

We observe that with the increasing complexity of the synthetic datasets (including dimensionality, multimodality,
and non-stationarity), there is growing lack of suitable evaluation metrics, as shown in Fig.1. This is manifested
in the increasing difficulties in the computation as well as evaluation of the metrics. Therefore, there’s a critical
need for the use of appropriate statistical evaluation metrics to critically evaluate complex synthetic data, including
involvement of expert stakeholders in: i) selection of appropriate evaluation metrics and, ii) interpretation of the
resulting outcomes.This type of collaboration between researchers and clinical practitioners can lead to development of
methods and metrics that implicitly incorporate domain knowledge, resulting in decreased need for expert knowledge in
evaluating future synthetic data. As a result, distilling domain knowledge into operational constraints and guaranteeing
that the underlying medical processes that govern the data generation are safeguarded, will open the door to novel
machine learning evaluation paradigms.

In the following section we show the results of our analysis, followed by guidelines in evaluating synthetic tabular

data.

2 RESULTS

Based on the screening of 1766 papers and a detailed review of 101, we present the following results, grouped into four

categories namely, evaluation, generation, purpose and impact of synthetic data, as well as reproducibility of the results.

2.1 Evaluation of Synthetic Data

We categorise the approaches used in the evaluation of synthetic data in: Direct vs Indirect approaches, and Quantitative
vs Qualitative methods.

Direct evaluation approaches involve using existing, standardised metrics to assess the quality of the synthetic
data. Indirect evaluation approaches include non-standardised, domain-specific methods (such as TSTR - Train on

Synthetic, Test on Real) to assess synthetic data in real-world applications. Indirect approaches extend beyond the

Evaluation Approaches Evaluation Methods

M Both
M Quantitative only
B Qualitative only

W Direct
M Indirect
B Both

Fig. 2. (L) Breakdown of Evaluation Approaches into Direct vs Indirect Evaluation, and (R) Breakdown of Evaluation Methods into
Quantitative vs Qualitative Methods
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standard metrics and often include context-driven or subjective evaluations. We found that Direct approaches are the
most common at 58.4%. About 34.7% of the publications use Indirect approaches. Additionally, 6.93% use both Direct
and Indirect approaches in conjunction, to perform a holistic evaluation of their synthetic data (Fig. 2).

Quantitative evaluation methods give objective, measurable results and are crucial for ensuring that synthetic
data aligns statistically with real data. They include Statistical techniques which use quantifiable metrics to compare
synthetic data with the original data, and ML-based techniques which make use of classification and/or regression to
assess how well synthetic data performs when used for specific downstream tasks. We found that Statistical evaluation
is the most popular (54.5%), whereas ML-based techniques feature in 13.9% of all publications. About 24.8% publications

use both Statistical and ML-based evaluation techniques in conjunction. (Fig. 3).

Quantitative Evaluation Methods Qualitative Evaluation Methods

B Statistical M visualisation
W Both M None

B ML-based ™ Domain Expert
B None Review

Fig. 3. (L) Breakdown of Quantitative Evaluation Methods into Statistical and ML-based methods, and (R) Breakdown of Qualitative
Evaluation Methods into Visualisation and Domain Expert Review

The popularity of Statistical evaluation techniques remains high, however, a trend can be seen in publications using
both Statistical and ML-based techniques together (Fig. 4).

Popularity Trend of Evaluation Methods

15 —e— Statistical
—a— ML-based
—e— Both
10
5
0

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Fig. 4. Popularity trend of Statistical and ML-based Evaluation methods over the last decade, as obtained from publications included
in this review. Dotted lines represent the overall polynomial trend.
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The most used quantitative evaluation metrics include Jensen-Shannon (JS) distance, Pearson Correlation coefficient,
and Maximum Mean Discrepancy (MMD), apart from the popular metrics such as AUC and F1-score for classification
tasks, and Mean Square Error (MSE) and Root Mean Square Error (RMSE) for regression tasks (Fig. 5). We also note
that the majority of the included papers (89.1%) use existing metrics, and only 10.9% of the publications use their own

Author-defined metric for evaluation of the synthetic data.

Evaluation Metrics Author-defined Metrics

Others W No
AUC W Yes
F1-score

Jensen-Shannon Distance (JSD)
Mean Square Error (MSE)

Root Mean Square Error (RMSE)
Pearson Correlation Coefficient
Maximum Mean Discrepancy (MMD)
Recall

Accuracy

Kolmogorov-Smirnov (KS) test
Wasserstein Distance (WD)
Precision

Mean Absolute Error (MAE)

Fig. 5. (L) Most popular Evaluation Metrics, and (R) Breakdown of whether the metric is author-defined or not

Qualitative evaluation methods rely on subjective judgement and human interpretation to assess the quality
of synthetic data. In the majority of the cases (71.3%), they take the form of Visual Inspection of the graphical
representation of distributions of synthetic data (Fig. 3). We also note that despite its significance, use of Domain
Experts as a qualitative evaluation method is not yet widely used and present only in a handful of all papers (3.96%).

Quantitative methods by themselves are used in about 24.8% of all publications, whereas for qualitative, this value
is 5.93%. Most research (68.3%) uses a combination of both quantitative and qualitative methods. Fig. 6 gives a more
detailed depiction of the most popular evaluation metrics and the papers utilising them that have been included in this

review.

2.2 Generation of Synthetic Data

We categorise the models used for the generation of synthetic data into probabilistic and mechanistic models.
Probabilistic Models use statistical and probability distribution approaches to capture the statistical properties
(such as distribution, correlations, and relationships between variables) of the real data, to generate the synthetic data.
Mechanistic Models, on the other hand, use explicit rules, equations, or processes to simulate data based on how the
underlying systems work. The most popular generation models are based on GANs, SMOTE, VAEs, Markov Chains,

and Random Permutations (Fig. 7). Diffusion-based models are seeing a rise in popularity for longitudinal tabular data.

Manuscript submitted to ACM
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Generation Methods Generation Models

2°/o~|

0.99% 2%

M Probabilistic
B Mechanistic
B Both

Generative Adversarial
Network (GAN)

Other method

Synthetic Minority
Oversampling Technique
(SMOTE)

Variational Autoencoder (VAE)
Markov chain

Custom method

Random Permutation
Diffusion Model

Fig. 7. (L) Breakdown of Generation Models into Probabilistic vs Mechanistic Models, and (R) Most popular Generation Models

We also observed a growing divergence between Probabilistic and Mechanistic models, with Probabilistic Models
increasingly being more frequently used (74.3%) and Mechanistic Models tending to be more referenced in older

publications only (Fig. 8).

Popularity Trend of Generation Models

30 J. —=— Probabilistic
)..lf'_- —e— Mechanistic
20 g
10
[¢]

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Fig. 8. Popularity trend of Probabilistic and Mechanistic Generation Models over the last decade, as obtained from publications
included in this review. Dotted lines represent the overall polynomial trend.

2.3 Purpose and Impact of Synthetic Data

We found that privacy preservation, followed by predictive modelling and data-quality enhancement are the most
popular objectives for the use of synthetic tabular data in healthcare. The most common diseases within the set of
publications included in this review, for which synthetic health data is used, include those of the circulatory system, the
nervous system, and neoplasms (Fig. 9). This may be driven by the popularity of the datasets, with MIMIC III[20] and
MIMIC 1V[21] being the most popular tabular and time-series health datasets.
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8 Nafis et al.

Most Common Diseases The widest-used repository is

Physionet* where these datasets

are held, a testament to the value

M Others this repository provides to the re-
B 1CD-9 390-459: Diseases of the circulatory system
M 1CD-9 320-389: Diseases of the nervous system and sense organs search Community. At the same
B ICD-9 780-799: Symptoms, signs, and ill-defined conditions . . .

1CD-9 140-239: Neoplasms time, this also poses a risk of per-
B ICD-9 290-319: Mental disorders

petuating possible biases in the

Physionet resources itself (for ex-

ample, underrepresentation bias)
to a global user base.

While there is some evidence
Fig. 9. Most common diseases ( grouped by their ICD-9 codes), as seen through the publica- to suggest that clinically oriented
tions included in this review. journals are also beginning to

consider synthetic health data re-
search, the majority of the articles are published in journals and conferences with a primarily technical focus. Most
of the research in synthetic health data is carried out in North America, followed by Europe and Asia, which may be

influenced by the availability of health data and data protection regulations necessitating the use of synthetic data.

2.4 Reproducibility of Results

We define reproducibility as a factor of the use of publicly available datasets and the reporting of publicly accessible
source code of the research. We note that, despite being a crucial piece of information, reproducibility is often not
emphasised, and only 21.78% of all included publications were reproducible according to our definition. The majority of
the papers (63.36%) use publicly available real-world health datasets, whereas about 12.87% used paid real-world health
datasets for the creation of synthetic data. However, only 24.75% of the publications give details about their code along
with a link to the code repository, which affects the overall reproducibility. Reproducibility is essential for ensuring
the reliability and impact of scientific research. Particularly in healthcare where decisions can directly affect patient
outcomes, reproducibility helps prevent errors, biases, and misleading conclusions. However, we found that it is an
often overlooked aspect in most publications dealing with synthetic data.

In response to these results, we devise a set of reporting guidelines on the generation and evaluation of synthetic

data, which are henceforth described in Section 3.

3 EVALUATION GUIDELINES FOR SYNTHETIC DATA

(1) Standardised Evaluation of Synthetic data: We found that synthetic data are sometimes used without a
thorough assessment. When there is an assessment, we found that not only there is no consensus on the evaluation
methods, but the chosen evaluation metrics are inconsistently applied. This makes an operational assessment
of the entire process unreliable, thereby making it difficult to track state-of-the-art advancements and creates
barriers to trust and the adoption of synthetic data.

For example, using Mean Square Error (MSE) metric as a measure of distortion to assess the validity of a

synthetically generated waveform signal is appropriate but the validation needs to consider the particular

“https://physionet.org/
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features of the process. Two synthetic data generation methods with comparable MSE performances can still yield
qualitatively very different signal features. Given the averaging that is implicitly performed in the computation
of MSE, synthetic signals with uniformly distributed errors or distortions with respect to the real data will
obtain similar MSE scores in comparison to signals with localised distortion patterns such as those modelled as
impulsive noise. The signal characteristics in these two cases provide a stark contrast, and therefore, they will
yield different conclusions in general when applied for validation or predictive tasks.

(2) Better Reporting of Dataset Characteristics: Poor reporting of dataset details is a cause for concern since the
type of data (such as categorical or continuous) and their distribution, significantly impact the quality of the
generated synthetic data. Furthermore, potential biases may propagate in the synthetic data. We recommend
improved reporting of dataset characteristics used for the generation of synthetic data.

For example, in developing a novel method, one would expect to assess its performance using real data or
previously validated synthetic data. However, using synthetic data that has not been validated prior to the
assessment of the proposed method does not provide robust evidence towards the validity of the method.
Moreover, any claims about the validity of the synthetic data based on the performance of the proposed method
are inherently inconclusive as they incur a circular reference problem that compromises the generated evidence.
3

=

Prioritisation of Reproducibility of Results: We emphasise the importance of clearly described evaluation
metrics used, normalisation and aggregation of real data that were used as training datasets, and the entire
experimental setup for the generation of synthetic data, including the chosen hyperparameters and the source
code where possible. Reproducibility allows other researchers to validate and verify the claims of a study, and

stakeholders, including clinicians and patients to develop trust in synthetic health data.

4 CONCLUSION

The potential of synthetic data to revolutionise Health Al research is immense, offering opportunities to address data
scarcity, enhance privacy, and enable more robust model development. However, realising this potential requires
a concerted effort to address critical challenges. Ensuring the applicability and fitness of synthetic data through
rigorous assessment is paramount for its responsible use. Additionally, transparent reporting of datasets and ensuring
reproducibility of results remain a cornerstone requirement of scientific progress.

Most importantly, the evaluation of synthetic health data must be guided by expert knowledge. As discussed earlier,
domain expertise is critical for understanding the nuances of healthcare data and ensuring that synthetic datasets are
technically sound, clinically relevant, and meaningful.

By adopting these guidelines and committing to ongoing collaboration, the health AT community can ensure that

synthetic data is leveraged effectively and ethically, ultimately driving innovation and improving patient outcomes.

5 METHODOLOGY

In this section, we expand on our methodology for carrying out the systematic review. The Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) [22] statement provides a standardised framework for reporting
systematic reviews. It consists of updated instructions on identifying, selecting, praising, and synthesising publications.

Fig.10 outlines our methodology in accordance with the latest PRISMA guidelines.

Manuscript submitted to ACM



10 Nafis et al.

5.1 Search Strategy

To establish an unambiguous search strategy, we laid out the following: (i.) The relevant databases used to search within
a time frame, (ii.) The search terms to ensure comprehensive coverage of relevant studies, and, (iii.) The inclusion and

exclusion criteria.

5.1.1 Databases and Search Engines. For this systematic review, we looked for publications on the following five
databases: Scopus®, Web of Science®, PubMed’, IEEE Xplore®, and Association for Computing Machinery (ACM)°.

Additional publications were also manually selected using Google Scholar.
5.1.2  Search Terms and Additional Limits.

Search Terms. We began by identifying publications dealing with synthetic data generation or augmentation. The
focus was on finding publications that dealt with tabular or time-series data using wildcards in the search, and included
all similar words including plurals and noun and verb forms of words. Keywords such as ’patient’, ’health’, and ’clinical’
were also used to conduct the search within the health domain. As a result of the aforementioned considerations, the
following search string was designed: (synthe™ OR augment*) AND generat™ AND (time-series OR time* OR temporal®)
AND (tabular OR record*) AND (patient™ OR medic* OR health™ OR clinic* OR ehr*), to be searched in the title-abstract-
keywords or the topic field.

Additional Limits. We limited our search to publications in the last ten years, from January 1, 2014 to Jan 31, 2024.

We also limited the search to peer-reviewed conferences and journal articles, written in the English language.
5.1.3 Inclusion and Exclusion Criteria.

Inclusion Criteria. The publications that were included in this systematic review met the following conditions:

e Publications that deal with tabular or time-series data.

o Publications that describe a method of generation of synthetic data and its evaluation against real data, or
Publications that do not describe a method of generation of synthetic data but describe its evaluation vis a vis
real data.

o Publications that deal with the generation of complete new synthetic datasets as well as the ones which deal
with the augmentation of existing datasets with synthetic data.

e Peer-reviewed publications from journals and conferences. Strictly no pre-prints.

Exclusion Criteria. All possible publications that would be irrelevant to our study were excluded if they met any one

of the following conditions:

o Publications that are not in the health domain.

e Publications that deal with image-, audio-, video-, or text-only modalities of data.

e Publications which themselves are narrative or systematic reviews.

o Publications on synthetic data that neither describe a method of generation of synthetic data nor its evaluation

against real data.

Shttps://www.scopus.com
Chttps://www.webofscience.com
"https://pubmed.ncbinlm.nih.gov
Shttps://ieeexplore.ieee.org
https://www.acm.org
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SECOND STAGE

1766 results obtained from five databases
e 415 from Scopus
e 1003 from Web of Science
e 202 from PubMed
e 138 from IEEE Xplore
e 8 from ACM

2 publications added manually

!

Deduplication,
918 publications remaining

All publications reviewed and assigned
Positive/Negative labels
e 166 positively-labeled publications
e 752 negatively-labeled publications

—

From the negatively-labeled set, we discard
e 161 for not being in health domain
e 109 for being reviews themselves
482 negatively-labeled publications
remaining

All positively-labeled publications + 48 (10%
of randomly sampled) negatively-labeled
publications

214 publications reviewed

1

Discrepancies (where labels given by first
stage and second stage reviewer do not

match) duly noted

—>

Discrepancy check, all conflicts resolved

120 publications for full-text assessment

19 publications removed after full-text
assessment

101 publications included in the final review
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e Publications that describe a method of generation of synthetic data, but the synthetic data is not structurally

similar (and therefore, not comparable) to real data.

5.2 Search Queries

Table 3 lists the search queries used across five databases respectively, and the number of relevant results obtained from
each. Another set of limits on search engines were enforced via their graphical user interfaces (GUIs), hence they may

have not been fully captured in the queries themselves. They are being mentioned here for the sake of completeness.

o The search was limited to publications in the last ten years, from January 1, 2014, to January 31, 2024.

o The search was limited to peer-reviewed conferences and journal articles written in the English language.

5.3 Selection Process

Based on the search strategy discussed in Section 5.1, 1766 publications were obtained from five search engines. This
included 415 publications from Scopus, 1003 from the Web of Science, 202 from PubMed, 138 from IEEE Xplore, and
8 from ACM. Since many results were duplicated across databases, we carried out a deduplication process based on
the DOIs of publications. As a result, 848 results were excluded and 918 publications remained for the first stage of

assessment.

First Screening. The 918 publications obtained from search queries after deduplication, were divided among five
reviewers with approximately 184 publications per reviewer. Each reviewer labelled the publications assigned to them
Yes/No, signifying whether they thought the publication should be included or excluded along with the rationale for
their decision. This gave us 166 publications labelled Yes, and 752 publications labelled No. From the 'No’ set, we again
discarded some publications, the most common reasons for their exclusion being that the research was not in the human
health domain (n=161) or that the paper was a systematic review itself (n=109).

Next, we created a smaller subset of approximately 10% of the remaining No-labelled publications (482) and added it
to all the Yes-labelled set. This combined set of 214 publications was used to perform a ’spot check’ of labels: Publications
were grouped by their first-stage reviewers and divided among the rest of the reviewers for a second round of reviewing.
The first-stage reviewer’s decision to include or exclude any particular publication was preserved but kept hidden
from the view of the second-stage reviewers, to ensure that the reviewers’ cognitive biases do not creep in during the
labelling process, and that every publication gets assigned the correct label irrespective of who it was reviewed by in

either of the two reviewing stages.

Second Screening. As with the first stage, each reviewer in the second stage provided a Yes or a No label to each
publication in their set. No reviewer got to review the same publication in the second stage which they had already
reviewed in the first stage. At the end of this exercise, any ’discrepancies’ (cases where the labels given by the first-stage
reviewer and the second-stage reviewer did not match) were duly noted. Then, a round of *discrepancy checks’ was
carried out, where all reviewers looked at all discrepancies and provided feedback as to which of the two labels they
agree with.

After a discussion on each occurrence of conflicting labels and resolving all discrepancies, we got the final labels for
each publication. This resulted in a set of 120 publications for which the consensus of the reviewers was to include
them in this systematic review.
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Category Data Items
gélt):irnon DOI, Authors, Title, Publication Year, Journal/Conference Title
Svnthetic Data Category of Generation Model (Mechanistic, Probabilistic),
G};neration Name of Generation Method used, Purpose of Generation of synthetic data
Disease/Disorder focused on, ICD-9 code

. Category of Quantitative Evaluation Method (ML-based, Statistical,
Synthetic Data o . e
Evaluation Both, None), Category of Qualitative Evaluation Method (Visualisation,

Others, None), Name of Evaluation Method used
Training Dataset | Name, Size, Institution of Origin, Country of Origin,
Characteristics Visibility (Public/Private), Cost of Dataset Access
Source Code Link to Source Code Repository

Table 1. Attributes against which data was collected for every publication

5.4 Data Items

For each of the 120 publications, an in-depth analysis was carried out. An additional 27 publications were excluded
from the study upon full-text analysis, based on their relevance to this research.

Then, data was collected for the final 101 publications for 18 attributes which included: (i.) details about the publication
including DOI, authors’ names, title and year of publication and the details about the venue (journal/conference),
(ii.) details specific to the generation of synthetic data such as the method (eg. WGAN-GP, Graph VAEs), its category
(mechanistic/probabilistic), and purpose (eg. privacy preservation, clinical trial simulation), (iii.) details about the
evaluation methods used, which includes the type of Quantitative evaluation (ML-based, Statistical or a combination),
the type of Qualitative evaluation (for eg. Visualisation), the name of the method (eg. Jensen-Shannon divergence,
Wasserstein distance) and the specific evaluation metrics used, (iv.) details about the dataset used in synthetic data
generation, including the dataset name, size, institution and country of origin, and cost of dataset access, and (v.) details
pertaining to the reproducibility of results including whether the dataset is openly accessible and if the source code has
been made available.

A complete list of all data items against which data was captured is available in Table 1.

5.5 Reporting

The reporting of this systematic review adheres to the PRISMA guidelines [22]. We undertook measures to ensure
transparency and reproducibility and facilitate critical appraisal and interpretation of the findings.

Risk of Bias Management: To establish the transparency of the findings and the results of this systematic review,
we: (i.) used multiple databases to ensure no platform-specific bias creeps in, (ii.) used value-neutral search terms in the
search query (iii.) got the publications reviewed by five reviewers in multiple screening stages (iv.) performed spot

checks and discrepancy checks to ensure no reviewer-induced bias creeps in.
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Quantitative Checklist for
Autism in Toddlers-10 (Q-
CHAT-10), and Autism

Spectrum Quotient-10 (AQ-10)

Custom dataset

NA

NA

MIMIC-IIT and MIMIC-III wave-
form matched dataset

Custom dataset

Custom dataset

PARK Facial Mimic

25

Privacy preserva-

tion

Dataset balancing

Dataset balancing

Predictive mod-

elling

Method

tion

evalua-

Predictive mod-

elling

Disease mod-
elling
Method
tion
Method
tion

Addressing Data

evalua-

evalua-

unavailability

Data Augmenta-

tion

B SEARCH QUERIES

The following is a list of search queries used across five databases, and the number of relevant results obtained. It

should be noted that additional filtering criteria were set on these databases, including the date of publication range
(2014-2024) and the language of the publication (English).
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Database

Query

Scopus

(synthe”™ OR augment™) AND generat* AND
(time-series OR time™ OR temporal™)

AND (tabular OR record™) AND (patient™
OR medic* OR health™ OR clinic* OR

ehr”)] on title-abstract-keywords

415

Web of Science

(synthe”™ OR augment™) AND generat* AND
(time-series OR time™ OR temporal™)

AND (tabular OR record™) AND (patient™ OR
medic* OR health* OR clinic* OR ehr”)} (Topic)

1003

PubMed

(synthe™ [Title/Abstract] OR augment™ [Title/
Abstract]) AND generat*[Title/Abstract]

AND ( time-series[Title/Abstract] OR time*[Title/
Abstract] OR temporal™ [Title/Abstract])

AND ( tabular[Title/Abstract] OR record™ [Title/
Abstract]) AND ( patient*[Title/Abstract]

OR medic*[Title/Abstract] OR health*[Title/
Abstract] OR clinic*[Title/Abstract] ) on
title-abstract)

202

IEEE Xplore

("All Metadata":synthe* OR "All Metadata"
:augment”) AND ("All Metadata":time*

OR "All Metadata":temporal*) AND ("All
Metadata":tabular OR "All Metadata":record™)
AND ("All Metadata":patient™ OR "All
Metadata":medic* OR "All Metadata":health™
OR "All Metadata":clinic* OR "All Metadata"
:ehr*) AND ("All Metadata":generat™)

138

ACM

[Abstract: synthe*] AND [[Abstract: time™]

OR [Abstract: temporal*]] AND [[Abstract:
patient™] OR [Abstract: medic*] OR [Abstract:
health™] OR [Abstract: clinic*] OR [Abstract:
ehr”]] AND [E-Publication Date: (01/01/2014 TO
31/01/2024)]

Table 3. Search Queries used, and the number of Results obtained from each Database
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