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Primary healthcare systems, particularly in low and middle income countries, are caused by insufficient
data, constraints on resources, and shifts in the demand for services. The focus of this paper is on a sys-
tematic literature review to understand the impact of Generative Adversarial Networks (GANs) in the area
of budget and planning in primary healthcare systems. Peer-reviewed literature was used for the analysis,
and 35 studies published in the period of 2017 to 2025 were selected and reviewed based on the inclusion
criteria of relevance to the area of forecasting, simulation, and decision support in healthcare data. Some
of the key variations of GANs that are discussed in the paper involve the use of Conditional GANs, Condi-
tional Tabular GANs (CTGANs) and other recurrent or temporal based GANs, which are commonly used
forimaging, and electronic health record and time series data in healthcare. The generated findings suggest
that, in resource-limited healthcare contexts, the use of GAN- based synthetic data generation improves the
flexibility and consistency of predictive models, facilitates resource planning through scenario-based simu-
lation, and allows for the controlled sharing of data across collaborating institutions. However, the review
findings point to several gaps that include the absence of operational use in primary healthcare budgeting,
difficulties in interpretability and governance of models, and no agreed-upon criteria for evaluating the
trade-off between the reliability of synthetic data and associated privacy concerns. Therefore, the review
demonstrates the possibilities and constraints of GAN-based methods and delineates paths for subsequent
research to foster the integration of these methods into primary healthcare budgeting processes.

Povzetek: Pregledni clanek kaze, da GAN-i v primarnem zdravstvu obetajo pri generiranju sinteticnih
podatkov za napovedovanje, simulacije in nacrtovanje virov, vendar njihovo uporabo pri dejanskem pro-
racunskem odlocanju Se omejujejo tezave z razlozljivostjo, upravljanjem in presojo razmerja med zaseb-
nostjo ter zanesljivostjo podatkov.

1 Introduction Adversarial Networks (GANSs), has emerged as a promising

technology to address these challenges.

GANs promote planning through the augmentation of
limited datasets, strengthening model robustness for patient
load forecasting and their requirements [5, 6, 7]. Synthetic
data generation also allows secure data sharing across insti-
tutions, preserving privacy at the cost of not losing analyt-
ical value [8, 9, 10]. These capabilities facilitate collabo-
rative research and evidence based policymaking. Through
it all, GANs lead to healthcare service planning with fewer
uncertainties and greater fairness.

Budget planning in the healthcare sector, particularly in
developing countries like Indonesia, faces several signifi-
cant challenges. These challenges can be categorized into
various aspects such as financial constraints, resource al-
location, and systemic inefficiencies. Limited operational
funds, as seen in regions such as Aceh, and the dispropor-
tionate allocation of resources favoring curative over pre-
ventive care weaken health outcomes and resilience [1, 2].
Misalignment between health policies and budget alloca-
tions, along with limited local capacity in decentralized sys-
tems, further reduce efficiency and community participa-
tion [3]. Complex allocation processes, fragmented fund-
ing sources, and inflexible budget structures exacerbate de-
lays, mismanagement, and ineffective resource utilization
[2, 4]. Researches show that artificial intelligence and ma-
chine learning offer solutions, but are constrained by data

Apart from data synthesis, GANSs are also used to mimic
varied planning situations, like funding fluctuations or dis-
ease pandemics [5, 11]. That ability benefits healthcare
managers by maximizing the allocation of limited assets
in uncertain situations. Personalized care planning and
treatment of chronic disease are also facilitated by GANs
through patient oriented simulation [5, 6, 11]. Diagnos-

availability, budget constraints, and the increasingly com-
plex demands of healthcare services. Artificial intelligence
in the field of generative deep learning, such as Generative

tic precision is further increased through image quality and
segmentation [5, 7, 12].
Although promising, application of GANSs is not without
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challenges, ranging from data quality concerns to model in-
terpretability to training data bias [5, 6]. Moreover, high
computational cost and limited technological capabilities
can discourage uptake in low resource environments 5, 11].
Furthermore, safety and ethical issues pertaining to syn-
thetic data must also be reconciled [5, 13, 14]. Despite their
demonstrated potential, the application of GANS in health-
care remains challenged by issues related to data quality,
model interpretability, computational complexity, and eth-
ical considerations. Moreover, high computational cost and
limited technological capabilities can discourage uptake in
low resource environments [5, 11]. Furthermore, safety and
ethical issues pertaining to synthetic data must also be rec-
onciled [5, 13, 14]. These challenges must be addressed to
support the safe integration of GANs into budget planning
in healthcare systems. However, previous review studies
have focused more on the application of GANSs to clin-
ical problems, medicine, patients, and biomedical imag-
ing, such as in skin lesion analysis [15], tabular healthcare
data generation with privacy concerns [16], ethical impli-
cations in medical practice [17], patient feedback optimiza-
tion [18], high quality ultrasound imaging and reconstruc-
tion [19], and biomedical image and signal analysis [20]. To
address this gap, this review differs from prior studies by fo-
cusing specifically on the role of GAN-based synthetic data
generation, forecasting, and simulation in healthcare bud-
get planning, rather than on clinical diagnosis or biomedical
imaging applications that dominate existing reviews.

This review aims to provide a comprehensive overview
of the potential applications, benefits, and challenges of us-
ing GANs in budget planning, specifically issues of data
availability and quality, interpretability, and ethics. The
goal is to provide insight into how this emerging technol-
ogy can support more adaptive, efficient, and data driven
budget planning in community health centers. A novelty
of this study is that it provides an overview of how previ-
ous studies have generated high quality synthetic data, en-
hanced predictive analytics, and simulated various financial
scenarios, while maintaining data privacy in the community
health center. This overview has not been presented in pre-
vious GAN reviews.

2 Research method

This study adopts a systematic literature review approach to
explore the potential applications and challenges of imple-
menting Generative Adversarial Networks (GANs) in bud-
get planning for primary healthcare centers. The method-
ology aims to identify existing research trends, practical
use cases, and knowledge gaps related to the integration of
GANsS in the healthcare budget planning domain [21, 22].

2.1 Literature search strategy

A comprehensive literature search was conducted to ensure
a robust foundation of existing studies and methodologies
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relevant to the intersection of Generative Adversarial Net-
works (GANSs), healthcare, and public health budget plan-
ning. The search was performed across multiple reputable
academic databases, namely IEEE Xplore, PubMed, Sco-
pus, SpringerLink, and ScienceDirect, due to their respec-
tive strengths in covering interdisciplinary scientific litera-
ture.

IEEE Xplore was selected for its authoritative coverage
of advanced computational methods, machine learning, and
artificial intelligence, particularly in engineering and ap-
plied computer science. Since the core method in this study
involves GANs, IEEE Xplore provides access to highly
cited technical papers and proceedings on neural network
architectures and Al model developments.

PubMed is a leading database for biomedical literature,
maintained by the U.S. National Library of Medicine. It
was included to gather health related applications of Al,
including studies on synthetic data generation for medical
records and healthcare decision making. This is particularly
useful for integrating GANs into public health or clinical
settings.

Scopus offers comprehensive indexing of multidisci-
plinary research, including computer science, health sci-
ences, and social sciences. Its inclusion ensured wide cov-
erage of peer reviewed journal articles, especially those
discussing the applications of Al in public sector decision
making, healthcare systems, and data generation.

SpringerLink was chosen for its extensive repository of
journals and books related to applied sciences and engineer-
ing, with relevance to emerging technologies in healthcare
systems and Al based modeling techniques like GANs.

ScienceDirect, by Elsevier, was included for its strong
collection of peer reviewed literature in both computational
sciences and health economics. It serves as a reliable source
for studies involving Al based policy planning, synthetic
data validation, and optimization in healthcare.

To enhance reproducibility, representative search strings
were explicitly defined for each database. For example, in
Scopus and IEEE Xplore, the query ("Generative Adver-
sarial Networks” OR ”GANs”) AND (’synthetic data” OR
“health data”) AND (”budget planning”) AND (“health-
care” OR ”primary care” OR ”public health”) was applied
to titles, abstracts, and keywords. Comparable adaptations
were used for PubMed and ScienceDirect to align with
database-specific indexing. The initial search across all
databases yielded 330 records prior to duplicate removal,
with the number of retrieved articles per database recorded
and summarized during the screening process.

Figure 1 explains the stages of collecting and selecting
included studies. The first stage begins with collecting
studies from various databases and predetermined search
strings. Then, the studies are filtered by applying inclusion
and exclusion criteria, such as papers written in English and
journal articles published between 2017 and 2025.

Figure 1 illustrates the systematic review process for
exploring the application of Generative Adversarial Net-
works (GANs) in budget planning. The process begins with
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Figure 1: Stages of the systematic literature review process

the search strategy, where researchers define relevant key-
words, use boolean operators, and conduct comprehensive
searches across academic databases. This stage also in-
cludes setting inclusion criteria specifically, selecting En-
glish language articles published in Q1-Q3 journals be-
tween 2017 and 2025 that are focused on GAN applications
in budgeting.

Next, the study selection criteria are applied. This in-
volves defining clear inclusion and exclusion rules and fil-
tering retrieved articles accordingly. Each selected article
is evaluated using a checklist that includes the clarity of
findings, a description of the data source, and the appropri-
ateness of the research design.

Following selection, a quality assessment checklist is
employed to ensure the reliability and validity of the stud-
ies. This stage uses predefined quality indicators such as
transparency in findings, adequacy of data description, and
robustness of the research methodology.

Once quality assessment is complete, relevant informa-
tion is compiled using a data extraction form. This form
is used to systematically collect and organize data from the
selected studies to support the review objectives.

This structured approach ensures that the review is com-
prehensive, replicable, and yields meaningful insights into
the role of GANs in budget planning.

To ensure relevance, a combination of Boolean operators
and keyword groups was used:

— ”Generative Adversarial Networks” AND “health-
care”

— ”GANs” AND ”primary care”
— ”Synthetic data” AND ”health data”
— ”GANs” AND ”budget planning”

— ”Al in public health”
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This strategy aimed to capture both technical advance-
ments in GAN models and their contextual applications
within public health systems, particularly in resource con-
strained environments like primary healthcare units.

To reduce selection bias, several authors conducted the
screening and review processes independently. Evaluations
of titles, abstracts, and full texts were completed using es-
tablished inclusion and exclusion criteria. Reviewer dis-
cussions and consensus established methodology and firm
criteria to the selection process in case of differences in the
study’s eligibility or classification.

2.2 Inclusion criteria

The inclusion criteria were carefully defined to ensure that
the selected literature was both relevant and of high quality,
with a focus on the intersection of Generative Adversarial
Networks (GANs) and healthcare applications, particularly
in data synthesis, prediction, and budget planning.

— The search included peer reviewed publications from
2017 to 2025 to capture both foundational and emerg-
ing research in this area.

— Peer reviewed journal articles, conference proceed-
ings, and technical reports.

— Studies discussing the application of GANSs in health-
care data synthesis, prediction, planning, and decision
making [23].

— Atrticles related to resource allocation, budget opti-
mization, and data driven healthcare management us-
ing GANs [24].

2.3 Selection and review process

The selection and review process followed the PRISMA
2020 (Preferred Reporting Items for Systematic Reviews
and Meta Analyses) guidelines, which offer a structured
and standardized method for conducting and reporting sys-
tematic reviews [25]. This process ensured methodological
transparency, minimized selection bias, and improved the
reproducibility of the literature review. The complete pro-
cess is illustrated in Figure 2.

From an initial pool of 330 records, 290 unique studies
were screened after duplicate removal. Following title, ab-
stract, and full text assessments, 35 studies met all inclu-
sion criteria. These studies form the basis of the qualita-
tive synthesis, providing key evidence on the role of GANs
in healthcare data generation, prediction, planning, and re-
source optimization.

This structured and systematic approach, as visualized in
Figure 2, ensured the inclusion of high quality, contextually
relevant literature to support the research objectives and to
inform the development of GAN based solutions in health-
care budget planning and decision making.

The selection process involved multiple stages:
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Figure 2: Overview of the study selection process following
PRISMA 2020 guidelines

1. Title and Abstract Screening: All retrieved papers
were screened based on relevance to the research topic
[26].

2. Full Text Review: Relevant papers were read in full to
extract detailed insights into methodologies, use cases,
data types, GAN variants, and evaluation metrics [27].

3. Categorization: Selected papers were classified into
four main thematic areas:

Synthetic Financial Data Generation for Budget
Forecasting.

Scenario Based Simulation and Budget Stress
Testing.

Cost Prediction Models with GAN Augmented
Data.

Anomaly Detection in Financial Transactions.

Besides the selection process, an additional evaluative
framework was established to assess the methodological
strength of the included studies using a qualitative quality
framework. Each study was evaluated across four criteria:
(i) the study’s data accessibility and transparency, (ii) the
methodological rigor of the GAN architecture and training
process, (iii) the strength of the validation, including the
absence or presence of some quantitative performance met-
rics or downstream utility tests, and (iv) the reproducibility
based on the clarity of the experimental setup and reporting.
These criteria were constructed to provide a qualitative as-
sessment of each study rather than providing a numerical
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score. This, in turn, helped to enhance the reliability of the
review’s findings, even though a particular strict threshold
is avoided.

3 Results

This section gives an in depth examination of the findings
and an exhaustive discourse. It starts with a broad overview
of how the research articles are divided and continues with
an extended examination of the findings on every research

query.

3.1 Description of studies

As shown in Figure 3, we identified from the preliminary
scrutiny that most articles, about 37.1% came from Sco-
pus itself, thereby demonstrating its overarching position
as a broad and multi disciplinary database in facilitating re-
search through this review. IEEE Xplore was also the run-
ner up and was responsible for 28.6% of the overall articles,
and this reveals very strong applicability of engineering and
computer science fields, especially on research involving
artificial intelligence and healthcare tech.

PubMed, a widely used repository in the medical and
health sciences domain, contributed 17.1%, showing a sig-
nificant presence of medically focused literature. Mean-
while, ScienceDirect accounted for 11.4%, representing ar-
ticles primarily from Elsevier journals, which span both
health and technology fields. Lastly, SpringerLink con-
tributed the smallest share, 5.7% yet still offered relevant
insights across interdisciplinary research.

The review comprises scholarly articles between 2017
and 2025 and covers a broad time spectrum such that his-
torical and recent work is included. The coverage is a bal-
anced representation of technical and field specific litera-
ture, which is critical for an informative comprehension of
the developing interface between public health and artificial
intelligence.

3.2 Synthetic data generation for improved
forecasting

In the context of Synthetic Data Generation for Improved
Forecasting, Generative Adversarial Networks (GANs)
have generally demonstrated the ability to expand sam-
ple size while preserving the underlying data distribution,
thereby enabling more stable model training in data con-
strained settings [28, 29, 30, 31]. These benefits have been
consistently observed across diverse domains, including
medical imaging, electronic health record (EHR) tabular
data, and time series forecasting.

Specifically, in medical imaging, synthetic abnormal
brain MRI scans have been shown to improve tumor seg-
mentation performance while simultaneously serving as an
anonymization mechanism, thereby facilitating inter insti-
tutional data sharing without compromising patient iden-
tity [28]. Similarly, in hepatic CT imaging, augmenting
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training datasets with GAN generated lesions substantially
enhanced CNN sensitivity and specificity, highlighting the
practical utility of synthetic data in scenarios where real
samples are scarce [29].

For mixed type tabular data, Conditional Tabular GANs
(CTGANS) effectively reproduced numerical categorical
structures with low duplication and retained column wise
statistics critical for downstream predictive tasks, such as
length of stay forecasting [30]. In temporal applications,
Recurrent/Conditional GANs successfully passed “’train on
synthetic, test on real” evaluations, demonstrating that syn-
thetic sequences can serve as viable substitutes for limited
observations in forecasting pipelines [31].

Moreover, methodological surveys have emphasized the
importance of combining fidelity metrics (e.g., KS, MMD,
JSD) with downstream utility and privacy assessments prior
to deploying synthetic data within forecasting workflows
[32].

Across the reviewed studies, the effectiveness of
GAN-based synthetic data generation is commonly sup-
ported by quantitative evaluation metrics. Reported as-
sessments include statistical fidelity measures such as
Kolmogorov-Smirnov distance, Maximum Mean Discrep-
ancy, and Jensen-Shannon divergence, which generally in-
dicate closer alignment between synthetic and real data dis-
tributions compared to baseline augmentation methods. In
forecasting and classification tasks, several studies further
report improvements in downstream model performance,
as measured by accuracy, precision-recall balance, or re-
duced generalization error, when training is augmented
with GAN-generated data.

A comparative analysis across the reviewed studies in-
dicates that the performance of GAN variants is highly
dependent on data modality and evaluation objectives.
Conditional GANs and CTGANS consistently demonstrate
stronger performance on mixed-type tabular healthcare
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data by preserving conditional distributions and rare-event
structures, while recurrent and temporal GAN variants are
more effective for longitudinal forecasting tasks. In con-
trast, convolutional GAN architectures achieve higher spa-
tial fidelity in imaging applications but often require larger
datasets and greater computational resources. Evaluation
practices commonly combine statistical fidelity metrics,
such as Kolmogorov-Smirnov distance, Jensen-Shannon
divergence, and Maximum Mean Discrepancy, with down-
stream utility assessments and privacy risk evaluations,
forming a comprehensive framework for assessing syn-
thetic data quality.

3.3 Scenario based simulation for resilience
testing

Previous studies have extensively discussed Scenario
Based Simulation for Resilience Testing, which essentially
leverages conditional generation to enable credible “what
if” simulations. By synthesizing trajectories and distribu-
tions under alternative operational assumptions, this ap-
proach allows systems to be stress tested against a variety
of plausible shocks and extreme conditions [31].

In the field of neuroimaging, for instance, GAN based
models have been applied to project glioma growth over
time, achieving high levels of agreement with real obser-
vations as measured by overlap metrics such as Dice and
Jaccard. These results demonstrate how generative mod-
els can effectively emulate evolving system states, offering
valuable insights for resilience analysis [33]. Similarly, Re-
current Conditional GANs (RCGANSs) have been employed
as simulators of ICU dynamics, a framework that can be di-
rectly transferred to resource planning and budgeting con-
texts where sampling from realistic yet shifted distributions
is required [31].

At a broader level, reviews have highlighted the ability
of medical GANSs to address domain shifts such as changes
in imaging protocols or device configurations which fur-
ther reinforces their suitability for resilience testing in envi-
ronments governed by policy and privacy constraints [27].
Taken together, this body of work underscores not only the
relevance of conditional generative approaches in medical
research but also their potential as practical tools for oper-
ational planning and risk management across diverse do-
mains.

3.4 Predictive models enhanced with
augmented data

Growing evidence highlights that GAN based data augmen-
tation offers tangible improvements for predictive model-
ing, particularly in situations where training data are limited
or class distributions are skewed. Overall, synthetic aug-
mentation has been shown to strengthen model robustness
and generalization across diverse tasks, including classifi-
cation, detection, and segmentation [27].



44 Informatica 50 (2026) 39-50

In liver lesion classification, for example, the addition
of GAN generated regions of interest markedly improved
sensitivity and specificity, surpassing the results of tradi-
tional augmentation techniques [29]. A similar effect was
reported in brain tumor studies, where synthetic cohorts not
only enhanced segmentation accuracy but, in some cases,
achieved performance comparable to models trained exclu-
sively on real datasets. These findings underscore the value
of synthetic corpora in domains where access to authentic
data remains restricted [28].

At the same time, field studies emphasize that the ben-
efits of augmentation vary depending on dataset scale and
heterogeneity. This variation calls for careful calibration of
augmentation intensity to ensure effectiveness when these
practices are transferred to new predictive contexts [33].
Collectively, these insights affirm that GAN based aug-
mentation can be a powerful strategy for improving pre-
dictive models, provided that its application is thoughtfully
adapted to the target domain.

3.5 Anomaly detection in complex datasets

Recent research has increasingly shown that GAN based
approaches provide a promising framework for anomaly
detection in complex and high dimensional datasets. By
learning the manifold of normal data and flagging devia-
tions, these methods enable principled anomaly identifica-
tion without the need for exhaustive labeling, making them
particularly valuable in domains where annotated data are
scarce [33].

One line of work applies inpainting style reconstruction,
where masked regions are replaced with healthy counter-
parts. This strategy has significantly improved unsuper-
vised lesion localization, with Dice scores reported to in-
crease from approximately 38% to 77% through adversarial
reconstruction [33]. Beyond these experimental gains, con-
temporary reviews highlight both the opportunities and the
challenges of GAN based anomaly detection. While such
methods are especially promising when labels are limited,
their performance varies across datasets, emphasizing the
need for rigorous evaluation and careful calibration prior to
operational deployment [34].

For anomaly detection, quantitative evidence is primarily
reported through precision, recall, and reconstruction-based
metrics. GAN-based approaches consistently demonstrate
higher anomaly localization accuracy and improved recall
compared to rule-based or autoencoder baselines, particu-
larly in settings with limited labeled data. In addition, re-
construction error distributions and overlap-based metrics
are frequently used to substantiate the ability of GANs to
distinguish normal patterns from anomalous behavior, pro-
viding measurable support for their effectiveness in com-
plex detection tasks.

Taken together, these findings illustrate that GAN based
anomaly detection is not only conceptually sound but also
practically effective, provided its application is tailored to
the variability of real world data environments.
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3.6 Summary of reviewed studies

To provide a structured overview of the reviewed literature
and to clarify the research gap addressed by this study, Ta-
ble 1 summarizes key characteristics of the selected studies.
The table groups prior work by GAN architecture, appli-
cation domain, dataset type, and main findings, highlight-
ing that most existing research focuses on medical imaging
and electronic health records, while direct applications of
GANSs in primary healthcare budget planning and forecast-
ing remain limited.

Table 1: Summary of reviewed studies by GAN type, ap-
plication domain, and key findings

GAN Type

ion Domain Dataset Type Key Findings Reference

[28,29]

DCGAN / Medical Imaging MRI, CT scans Improved image quality and segmen-
cGAN tation performance; supports data aug-
mentation under limited samples
CTGAN Electronic Health Records Tabular EHR data Preserves statistical distributions and ~ [30]
rare events; improves downstream pre-
dictive robustness
Enables realistic temporal simulation  [31]
and scenario analysis for resource uti-
lization
Medical ~ images, Enhances unsupervised anomaly detec-  [33]
signals tion and reconstruction fidelity
GAN- Budget Forecasting / Plan-  Financial and uti- Limited to exploratory or simulation-
based ning lization data based studies; no large-scale primary
Models healthcare deployment reported

RCGAN ICU and clinical

time series

Time-Series Simulation

cGAN Anomaly Detection

[23,31]

3.7 Quantitative performance metrics

reported in prior studies

Through the reviewed literature, it can be seen that the ef-
fectiveness of the GAN-supported methods primarily come
from the reported quantitative metric of the study. In bud-
get forecasting and other predictive modeling tasks, GAN-
supported datasets are noted to increase downstream mod-
els’ accuracy, sensitivity, and specificity as compared to
models trained on limited real world datasets. Several of
the cited works noted an increase in recall for infrequent
and/or critical events which suggests improvement of the
models sustained robustness in a data scarce environment.
When assessing the fidelity of synthetic data, authors
tend to use statistical measures of similarity for the real
and synthetic data distributions which include Kullback-
Leibler divergence, Wasserstein distance, the Kolmogorov-
Smirnov statistic, and Maximum Mean Discrepancy. Typi-
cally, GAN-generated data has less divergence and distance
than sampling from a baseline or other methods of noise
augmentation. Authors of anomaly detection studies tend
to use precision, recall, area under the ROC curve, and re-
construction error to describe the model performances, and
in these studies closed-world GAN models are reported to
perform better than other models in the case of limited la-
beled anomalies. Taken collectively, these models describe
the effectiveness of GAN methods quantitative in a variety
of application fields and a variety of evaluation conditions.

3.8 Research gaps and opportunities

Despite the growing interest in GANS, their use in budget-
ing and planning particularly for primary healthcare centers
remains limited. Much of the work to date is still situated
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in experimental or simulation settings, with only a few at-
tempts at real world implementation [23, 31].

This gap has led researchers to stress the importance of
building stronger bridges between theory and practice. Two
key directions often highlighted are the need for closer in-
terdisciplinary collaboration and the design of domain spe-
cific GAN architectures that can address the unique chal-
lenges of healthcare planning [35].

Together, these insights suggest that while GANs hold
strong potential in this area, moving forward will require
both technical innovation and practical integration. Ad-
vancing from proof of concept studies toward operational,
context sensitive applications could open meaningful op-
portunities for supporting resource allocation and decision
making in primary healthcare.

Recent studies have begun to report real-world and pi-
lot implementations of GAN-based systems in healthcare
settings, including synthetic electronic health record gen-
eration for hospital analytics, GAN-augmented forecasting
for resource utilization, and privacy-preserving data shar-
ing across institutions. Although these implementations are
primarily reported in hospital-level or national health sys-
tem contexts, they provide empirical evidence that GAN-
based approaches are technically feasible and operationally
relevant, offering transferable insights for future adoption
in primary healthcare budgeting and planning.

4 Discussion

4.1 Synthetic financial data generation for
budget forecasting

In this research, we demonstrate that synthetic data gener-
ation can be a practical solution to various challenges in
healthcare budget forecasting. Often, access to detailed fi-
nancial data is limited due to privacy concerns, hampering
analysis. With synthetic data, we can generate datasets that
resemble real world data but remain anonymous, allowing
for forecasting model testing without the risk of leaking
sensitive information.

We use Generative Adversarial Networks (GANs) as the
technical foundation. This technology mimics the statisti-
cal structure of real budgets and expenditures. We found
several architectures suitable for different contexts: Con-
ditional Tabular GANs (CTGANSs) and stable variants like
medBGANs work well for mixed numerical categorical
data, while Recurrent Conditional GANs (RCGANSs) are
particularly useful for capturing temporal patterns in cash
flows and healthcare claims. Conditional approaches are
also important because they retain rare but crucial events,
such as sudden spikes in claims or intensive care cases,
which are highly relevant for testing the financial resilience
of healthcare services.

To improve practical interpretability and replicability, a
representative example from the reviewed literature can be
highlighted. For instance, studies employing Conditional
Tabular GANs (CTGANS) for healthcare-related financial

Informatica 50 (2026) 39-50 45

or utilization data typically model input vectors composed
of mixed numerical and categorical features, with latent
dimensions ranging from tens to low hundreds. Training
commonly follows an adversarial min—max objective using
variants of the Wasserstein or cross-entropy loss with gra-
dient penalty to stabilize convergence. Models are trained
over multiple epochs with mini-batch updates, while condi-
tional vectors are used to enforce category-level constraints
and preserve rare event distributions. Although specific hy-
perparameter values vary across studies, this configuration
reflects a widely adopted architectural pattern for tabular
synthetic data generation in healthcare contexts.

Before using this synthetic data, we ensure its thorough
validation. We tested statistical goodness of fit to see if
the synthetic data distribution resembled real world data,
and conducted usability tests to ensure it supported deci-
sion making. Privacy was also a key concern. To that end,
we implemented techniques such as differential privacy and
federated learning, along with additional testing such as
membership inference testing to prevent data leakage. We
documented all of these steps through data cards or model
cards, which record the data’s origin, validation results, and
privacy settings, allowing for transparent auditing.

Despite the fact that many studies point to the fact that
poorly constructed generative models still have the poten-
tial to leak sensitive information, while synthetic data may
often be presented as a way to avoid using real data from
the healthcare system that violates user privacy, DPP GANs
and PATE-GANSs reduce the potential for user data to be dis-
closed by incorporating noise and data from an aggregated
teacher model, at the expense of a reduction data utility.

In addition to technical safeguards, governance frame-
works are vital for responsible deployment. The primary
purpose of model and data cards is to increase transparency
by recording the source of the data, the assumptions made
during training, how the model was validated, and the lim-
itations of the model. When these frameworks are not cou-
pled with formal processes of decision making, auditing
and accountability, their utility is greatly diminished. In the
case of frameworks for governance in public health safety
net budgeting, there is a need to go beyond the descriptive
elements to set prescriptive elements that create standards
in civil relations about the accountability of institutions and
governance regarding the behavior of models and privacy
risks.

From this entire process, we concluded that GAN based
synthetic data has significant potential to strengthen health-
care budget forecasting. When properly created and main-
tained, this data not only improves the quality of analysis
but also enables collaboration between institutions without
compromising the confidentiality of real financial records.

4.2 Scenario based simulation and budget
stress testing

Scenario based simulations can be viewed as a more re-
alistic approach to assessing health budget resilience, es-
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pecially when compared to deterministic spreadsheets that
produce only a single predicted value. Their primary ad-
vantage is their ability to generate a full distribution of pos-
sible outcomes, allowing risks such as deficits, cash short-
ages, or accelerated spending to be assessed probabilisti-
cally, rather than simply through a single point estimate.

To maintain compliance with the policy framework,
these simulations are equipped with explicit constraints,
such as spending ceilings, benefit schedules, and applica-
ble accounting rules. Robustness tests are also conducted to
ensure the model’s robustness to structural changes, such as
post pandemic service utilization patterns or tariff reforms.
The results are then integrated into the Medium Term Ex-
penditure Framework (MTEF) through various visual tools,
such as fan charts and stress test tables. An explanatory
layer is added to link the variation in results between sce-
narios to key cost factors healthcare personnel, pharmaceu-
ticals, logistics, and referrals so that the analysis can be di-
rectly linked to concrete fiscal response options.

The primary value of this approach lies in its ability to
bridge technical analysis with the decision making pro-
cess. Scenario based simulations not only offer insights into
possible futures but also foster cross agency conversations
about how to anticipate fiscal risks more transparently and
collaboratively. Thus, simulations serve a dual purpose:
as analytical tools that generate quantitative evidence, and
as communication tools that clarify policy options, conse-
quences, and opportunities for adjustment in health budget
planning.

4.3 Cost prediction models with GAN
augmented data

Cost modeling often faces challenges due to data limita-
tions or skewed distribution, which can bias estimates to-
ward facilities or services with more data. GAN based data
augmentation offers a systematic solution by synthesizing
underrepresented segments such as remote clinics, low vol-
ume services, or high cost cases so that models can generate
more stable estimates of unit costs, claim burdens, and pro-
gram needs.

To maintain validity, synthetic data must maintain con-
ditional frequencies across policy relevant categories, such
as combinations of service types, drug classes, and suppli-
ers. In time series models, seasonal patterns and calendar
effects must also be maintained to ensure projections do not
lose real world dynamics. In addition to technical quality,
rigorous governance is crucial. Champion challenger eval-
uation, rolling origin backtesting, and utility testing prior to
implementation help prevent overfitting and the emergence
of synthetic artifacts. Equivalence also needs to be explic-
itly addressed, for example, by monitoring differences in
prediction errors in underserved areas.

Cost prediction results should not only be presented as
raw numbers but also triangulated with policy benchmarks.
To support transparency, easy to read summaries, such as
cost cards, can be used to summarize the range of credible

I.K. Sugiartha et al.

estimates, key drivers, and levels of uncertainty. With this
approach, GAN based models not only improve technical
accuracy but also strengthen communication with parties
involved in fiscal reviews, such as the ministry of finance
or budget committees.

4.4 Anomaly detection in financial
transactions

Anomaly detection is a crucial aspect of financial transac-
tion monitoring, particularly because anomalous patterns
are often difficult to identify using conventional rules.
Within an adversarial framework, a discriminator can func-
tion as an unsupervised detector that learns to distinguish
normal financial behavior across accounts, programs, sup-
pliers, and facilities. This approach allows the system to
identify potential anomalies more adaptively than fixed rule
based methods.

However, to avoid excessive false positives, the model
needs to account for temporal signals such as seasonality
and weekday patterns, as well as policy factors like regu-
latory changes or tariff updates. Furthermore, monitoring
concept drift and rescheduling model training are crucial
steps to ensure the system remains relevant to the latest dy-
namics. Sensitivity to collusion patterns can also be en-
hanced by utilizing graph based features that capture the
relationships between accounts and suppliers within a net-
work.

Cross entity collaboration in anomaly detection is essen-
tial, but must maintain privacy. Approaches such as fed-
erated learning, differential privacy, or the use of non in-
vertible embeddings enable systemic monitoring without
the need to expose the raw transaction ledger. At the op-
erational stage, successful detection relies heavily on clear
investigative guidelines from the triage process and docu-
ment verification to targeted field audits. Feedback from
adjudicated cases then needs to be fed back into the model
to continuously improve precision and recall.

In this way, GAN based anomaly detection not only helps
identify irregularities but also builds a continuous learning
system that supports fiscal accountability and strengthens
public financial governance.

4.5 Comparison with state-of-the-art models

When compared to conventional machine learning tech-
niques regularly applied in budget modeling like linear re-
gression, tree based methods, autoregressive time-series
models, etc, methods based on Generative Adversarial Net-
works (GAN) have considerable adaptability to capture in-
tricate high dimensional data distributions. Conventioanl
models use stringent assumptions and could have chal-
lenges with sparsity and shifts in distributions. GANs on
the other hand, are better equipped to produce plausible
synthetic samples which preserve joint dependencies with
regards to the multiple financial and service utilization vari-
ables. GANs come with training instability and high com-
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putational demands which may pose challenges for certain
low resource environments.

In certain circumstances GANs may be more effective
than other generative models like Variational Autoencoders
(VAEs) to owing to the fact that GANs produce more re-
alistic and sharper samples than VAEs which tend to over-
smooth outputs and in doing so underestimate budget distri-
bution tail risks. Despite the fact that autoregressive mod-
els are suitable for sequential forecasting, they tend to lack
the capacity to generate a wide range of synthetic datasets.
The trade off in data fidelity and modeling flexibility when
Generative Adversarial Networks are used is a feature in
synthetic data generation and scenario analyses during pri-
mary health care budget planning. The use of other genera-
tive models in conjunction with GANs may be a valid path
for upcoming research in this area.

5 Conclusion and future research

Generative Adversarial Networks (GANs) hold signifi-
cant potential to revolutionize primary healthcare planning
through their advanced capabilities in data generation, pre-
dictive modeling, and personalized treatment planning. In
settings where data is scarce or incomplete such as in many
community healthcare centers GANs offer promising solu-
tions by synthesizing realistic datasets, simulating complex
scenarios, and enhancing diagnostic models. These capa-
bilities can directly support more informed decision mak-
ing in resource allocation, activity planning, and long term
health service strategies.

However, the adoption of GANs in real world primary
healthcare environments is still in its early stages. Several
challenges remain, including concerns about data privacy
and ethics, limited computational resources, and the techni-
cal complexity involved in developing and deploying GAN
models. In addition to these challenges, the deployment
of GANSs in public health budgeting should be guided by
clear governance frameworks that emphasize accountabil-
ity, transparency, and auditability in data use and model
outputs. Such governance integration is critical to ensure
regulatory compliance, institutional trust, and responsible
decision-making within decentralized primary healthcare
systems. Without addressing these barriers, the full poten-
tial of GANSs in healthcare planning cannot be realized.

Future efforts should prioritize the development of
context-aware and customized GAN solutions tailored to
the specific needs of primary healthcare systems, supported
by interdisciplinary collaboration among Al developers,
clinicians, policymakers, and public health experts. In par-
ticular, future research should emphasize the integration of
GANSs with federated learning and differential privacy to
enable collaborative model training across multiple health-
care institutions without requiring centralized data shar-
ing. This combination allows synthetic data generation
and predictive modeling to benefit from distributed data
sources while preserving patient confidentiality and regu-
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latory compliance. With appropriate technical and gover-
nance frameworks in place, such integrated approaches can
enhance data availability, support ethical and accountable
Al deployment, and ultimately strengthen equitable, effi-
cient, and data-driven primary healthcare planning in de-
centralized and resource-constrained environments.
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