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tificial intelligence and data science,

syntheticdatahasemergedasaground-

breaking tool in academic research. But
what exactly is synthetic data? Simply put,
itis artificially generated data designed to
mimicreal-worlddata, oftenused whenac-
tual datais difficult to obtain or privacyisa
concern. Forexample, adatasetsimulating
medical records can help doctors train Al
modelswithout compromising patientcon-
fidentiality. While synthetic data appears
to offer a solution to data accessibility and
privacy challenges, its hidden risks threat-
en the accuracy, ethics, and credibility of
academicresearch.

Synthetic data enables researchers to
create datasets resembling real-world
data using techniques like Generative Ad-
versarial Networks (GANSs) and Variation-
al Autoencoders (VAES). It is increasingly
employed across fields such as healthcare,
political science, and economics, allowing

H: the rapidly evolving landscape of ar-

researcherstowork withoutbreaching pri-
vacy. However, beneath this seemingly risk-
freeinnovationliesa hostof problemsthat,
ifnotcarefullymanaged, could undermine
theveryfoundationsofacademicresearch.
One of the main advantages of synthetic
data is its ability to protect privacy, espe-
cially in sensitive fields like healthcare.
Researchers can use synthetic medical
datasets to study diseases such as cancer
or heartdisease without revealing person-
al patient information. Institutions like
the Mayo Clinic have even tested synthetic
health records to train Al for diagnosing
various conditions. Yet, as a 2023 report
in The Lancet Digital Health reveals, syn-
thetic data often fails to capture the full
complexity of human biology. Without
critical biological and environmental vari-
ations, Almodels trained onsyntheticdata
may overlook rare diseases or misclassify
conditions, potentially leading to harmful
misdiagnoses. While privacy is vital, pri-
oritising it over data accuracy in medical
research can endanger lives.

In political science, synthetic data has
beenusedtoforecastvoter behaviour, butit
carriesitsownsetofpitfalls. A2022studyin
the Journal of Political Science Methods ex-
amined syntheticvoter datausedtopredict
US election outcomes. The models, based
on past voting trends, failed to account for
new political dynamics or shifts like the
Covid-19 pandemic. Asaresult, predictions
were offby16%, skewing forecastsin favour
of traditional political partiesandignoring
the rising influence of independent candi-
dates. Thisexample highlightsthedangers
ofrelying onsyntheticdata todraw conclu-
sionsfrom historicallybiasedorincomplete
datasets, as it risks reinforcing outdated
ideas and producing inaccurate insights.

Beyond issues of bias and accuracy, syn-
thetic data poses a serious threat to the
reproducibility of academic research, a
cornerstone of scientific integrity. A 2021
studyinNature Machine Intelligence found
that nearly half of the 50 papers reviewed,
which used synthetic data, couldn’t be
replicated because the data was either un-

available or generated using proprietary
methods. Thislack of transparency makes
itimpossible for other scholars to verify or
replicate findings, eroding the credibility
of such research. Clearer guidelines are
needed to ensure that synthetic datasets
and the methods used to create them are
openlydisclosed, enabling peer reviewand
preserving scientificrigour.

Synthetic data is also increasingly used
in economic research and policymaking,
where it is used to model trends such as
inflation or labour market dynamics.
However, errors in these predictions can
lead to misguided policies with real-world
consequences. For instance, the Bank of
England used synthetic labour market
data to forecast a quick post-pandemic
recovery, only to find that unemployment
remained stubbornly high, especially in
vulnerablesectors. Thisdiscrepancyarose
becausesyntheticmodelsfailed toaccount
for important variables, such as inflation
and worker migration. Asaresult, policies
based on these flawed models had serious

implications, underscoring the risks of
over-reliance on synthetic data in public
policy decisions.

Ethical concerns further complicate the
use of synthetic data. Since the algorithms
generating synthetic data are often pro-
prietary and not transparent, questions
about accountability and responsibility
arise. Whoverifiestheaccuracyofthisdata?
Should journals require full disclosure of
synthetic datasets used in research? And
ifresearchbased onsyntheticdata leadsto
false conclusions, whoisheldaccountable?
These ethical dilemmas came toa head in
2023whenaresearcheratamajor Europe-
an university fabricated synthetic climate
change data to support a predetermined
hypothesis. This scandal serves as a stark
reminder of how syntheticdata canbe ma-
nipulatedtoadvance misleading narratives,
making academic fraud harder todetect.

Despitethese challenges, syntheticdata
isnotwithout merit. Itholds greatpromise
inareaswhere privacyand datascarcityare
significant concerns. However, to prevent

misuseand protect theintegrity of academ-
ic research, tighter _.mm___un.owm are esser-
tial. Institutions and funding bodies must
create clear guidelines for using synthetic
data, saﬁsmgsaugs howitis
m&.gggg forreproducibili-
ty,andethical oversight. Onlythencansyn-
theticdata be used responsibly, ensuring it
mnﬁsm&g:_d&m.gnﬁoa:m?

While synthetic data offers exciting po-
tential for academic research, it must be
handled with caution. From bias and eth-
ical concerns to challenges in replicability
and transparency, the risks are substantial.
To unlock its full potential without com-
promising scientific integrity, researchers
mustusesyntheticdataresponsibly, with full
disclosure and rigorous validation. If done
right, synthetic data can be a powerful tool
foradvancing knowledge;if misused, it risks
distorting truthand misleading research.
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