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ABSTRACT
Evaluating synthetic data produced by generative models remains a critical challenge in sensitive domains such as healthcare 
and finance. Ensuring that such data is ‘faithful’ to real data is essential for downstream applications and decision-making, in-
cluding regulatory compliance. This paper introduces an AI-powered interactive visual system—AISyst—designed to assess the 
fidelity of synthetic tabular datasets. The system supports multilevel comparisons with real datasets, spanning multivariate re-
semblance analyses based on dimensionality reduction through suitable two-dimensional projections, bivariate correlation and 
univariate similarity. AISyst also integrates an AI assistant by leveraging state-of-the-art large language models to summarize 
key findings and generate suggestions for improving synthetic data generation models. We validated the capabilities of AISyst 
through three case studies, supported by feedback from industrial AI experts who endorsed its broader deployment.

1   |   Introduction

Synthetic data are increasingly used in sensitive domains such 
as medicine, health, business, banking, insurance, and so forth, 
particularly with the booming adoption of machine learning for 
training classifiers and making predictions (Yan et al. 2022). In 
such domains, real data are often inaccessible for model training 
due to privacy, security, or regulatory constraints. Consequently, 
synthetic data play an important role in addressing this limita-
tion. However, to be usable and reliable, synthetic data genera-
tion models must be systematically assessed within the context 
of their intended use case before deployment (Yan et al. 2022).

Fidelity, also known as resemblance (Yan et al. 2022), refers to 
the degree to which synthetic data preserve the distributions, 
correlations and higher-order statistical patterns present in real 
data. It is an important dimension of synthetic data evaluation 
(Santangelo et  al.  2024). Current methods for evaluating the 
fidelity of synthetic tabular data fall into two main categories: 

quality metrics and visualization techniques. Quality metrics 
assign scores based on how well the synthetic data preserves 
the statistical properties of the original data, typically focusing 
on univariate similarity, bivariate correlation and multivar-
iate resemblance (Goncalves et  al.  2020; McInnes, Healy, and 
Melville  2018; McInnes, Healy, Saul, and Großberger  2018). 
Static visualization techniques also target these three aspects, 
using histograms and bar charts for univariate similarity anal-
ysis (Kaur et al. 2021; Ping et al. 2017; Budu et al. 2024), heat-
maps and correlation matrices for bivariate correlation analysis 
(Che et al. 2017; Livieris et al. 2024) and dimensionality-reduced 
scatterplots for multivariate resemblance analysis (Budu 
et al. 2024). However, advanced interactive visualization tools, 
enabling users to dynamically explore synthetic tabular data, are 
currently scarce and limited in their functionality (Santangelo 
et al. 2025; Brito et al. 2025).

Despite recent advancements, the assessment of synthetic data 
remains challenging, particularly for practitioners who must 
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determine whether retraining is necessary to generate higher-
quality synthetic tabular data and how to adjust the generative 
models accordingly. Existing quality metrics typically provide 
only a one-time, holistic assessment and lack detailed diag-
nostic capabilities, such as identifying specific variables or re-
lationships that deviate from the real data that would support 
model refinement. Static visualization techniques, meanwhile, 
offer only a general overview of the differences between real and 
synthetic data, without enabling deeper, targeted exploration. 
Although some interactive visualization tools combine various 
quality metrics to indicate the overall fidelity of synthetic data, 
they do not allow users to interactively explore the datasets to 
understand where and how the synthetic data fails.

To address this gap, our paper presents a domain-agnostic in-
teractive visual tool for assessing synthetic data, AISyst (AI-
powered Synthetic data interactive visual system), which 
compares synthetic data with real data using a range of visu-
alization techniques, including scatterplots, histograms, violin 
plots and other plot types. The tool not only informs users about 
the overall fidelity of their synthetic data but also identifies 
where and why the synthetic data fails to replicate the charac-
teristics of the real data. The system comprises:

	 i.	 a multivariate resemblance analysis visualization to incor-
porate scatterplots to examine the overall distributional 
resemblance between synthetic and real data and to help 
users select specific data instances for further exploration;

	 ii.	 a bivariate similarity analysis visualization to analyse 
pairwise correlations among variables in both datasets, 
enabling the exploration of relationships between variable 
pairs;

	iii.	 a univariate similarity analysis visualization that com-
pares the distributions of individual variables between the 
real and synthetic datasets; and

	iv.	 an AI-assistant analysis to generate the summary PDF 
report to highlight the general issues, insights and 
recommendations.

The evaluation is based on three case studies demonstrating 
the effectiveness of AISyst across varying domains and data-
set scales. In addition, feedback from industrial AI experts indi-
cates that AISyst contributes significantly to the current field 
of synthetic data evaluation and highlights the usability of our 
visual system in helping to fine-tune their generative models by 
supporting a training process tailored to specific requirements.

Our contribution includes:

•	 A novel interactive visual system, AISyst, combines mul-
tiple visualization techniques to assist AI experts in in-
teractively evaluating synthetic tabular data generated by 
generative models (Section 4).

•	 Development of an anomaly detection algorithm to identify 
anomalous subsets within gridified regions (Section 4.3).

•	 Integration of a large language model (LLM) agent with 
carefully crafted prompts to assess the quality of synthetic 
data, focusing on its fidelity (Section 4.8).

•	 Validation based on three case studies from different sub-
ject domains, demonstrating the tool effectiveness and ease 
of use, supported by the positive feedback received from in-
dustrial AI experts (Section 6).

2   |   Related Work

This paper focuses on the fidelity evaluation of synthetic data, an-
alysing it through multivariate resemblance, variable correlation 
and univariate similarity. We summarize related research along 
three dimensions: (1) synthetic data generation methods, (2) qual-
ity metrics for assessing synthetic data fidelity (accompanied by 
relevant quantitative scores) and (3) visualization techniques de-
signed to illustrate the fidelity of synthetic tabular data.

2.1   |   Synthetic Data Generation

The generation of synthetic tabular data has gained widespread 
applications across fields such as healthcare, finance and public 
policy, where data sensitivity is a major concern (Albuquerque 
et  al.  2011). Synthetic datasets enable researchers and devel-
opers to conduct exploratory analyses, train machine learning 
models and test data processing pipelines without compromis-
ing the confidentiality of the original data.

Generative models such as Generative Adversarial Nets (GAN) 
(Goodfellow et  al.  2014) and Variational AutoEncoders (VAE) 
(Kingma and Welling 2014) are widely used for synthetic tab-
ular data generation. GANs consist of two neural networks—a 
generator and a discriminator—that are trained in opposition: 
the generator learns to produce data samples that mimic the 
real data distribution, while the discriminator attempts to dis-
tinguish between real and synthetic samples. Through iterative 
training, the generator improves its outputs to closely approx-
imate the real data. Tabular-specific adaptations like CTGAN 
(Xu 2020) and TableGAN (Park et al. 2018) address the challenges 
of mixed data types and imbalanced categorical distributions 
by introducing techniques such as conditional generation and 
mode-specific normalization. More recently, CA-GAN (Nguyen 
et al. 2025) introduces causal awareness into tabular data gener-
ation by extracting a causal graph from real data via causal dis-
covery methods and structuring the generator accordingly, with 
the aim of preserving underlying causal relationships.

Probabilistic graphical models, such as Bayesian networks 
(Pearl  1988), offer an alternative approach to synthetic data 
generation by explicitly modelling the conditional dependen-
cies among variables. These models construct a directed acyclic 
graph where each node represents a variable and edges denote 
probabilistic dependencies. This method is particularly effective 
for tabular datasets with interpretable relationships.

2.2   |   Fidelity Evaluation Metrics for Synthetic 
Tabular Data

This paper focuses on the fidelity evaluation of synthetic tabular 
data, thus we reviewed the quality metrics in fidelity. Fidelity 
can be classified into three categories (Santangelo et al. 2024): 
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(i) multivariate resemblance, (ii) variable correlation and (iii) 
univariate similarity.

Multivariate resemblance analysis focuses on the similarity 
between synthetic and real data in terms of statistical distribu-
tions in a multi-dimensional context. There are two main ap-
proaches to performing this analysis. One approach involves 
dimensionality reduction (DR) techniques (which reduce 
high-dimensional data to lower dimensions), followed by vi-
sualization of the results (e.g., via scatterplots) to observe the 
overall ‘shape’ of both the synthetic and real datasets. Popular 
DR techniques include Uniform Manifold Approximation 
and Projection (UMAP) (McInnes, Healy, and Melville  2018; 
McInnes, Healy, Saul, and Großberger  2018), Principal 
Component Analysis (PCA) (Jolliffe and Cadima  2016) and 
t-Distributed Stochastic Neighbor Embedding (t-SNE) (van 
der Maaten and Hinton 2008). An alternative approach uses 
similarity and distance measures, which directly compute 
the distance between real and synthetic data vectors. For ex-
ample, Cosine Similarity (CS) (Venugopal et  al.  2022) calcu-
lates the angle between real and synthetic data vectors, while 
Jaccard Similarity (JS) (Venugopal et  al.  2022) evaluates the 
co-occurrence of discrete variables. More recently, advanced 
methods have been proposed to evaluate the structural fidel-
ity of synthetic tabular data. For example, TabStruct (Jiang 
et  al.  2026) assumes that tabular data is generated from an 
underlying structural causal model (SCM) and assesses 
whether synthetic data preserve the corresponding causal 
relationships.

Some methods assess the correlation between synthetic and real 
data by measuring the correlation between pairs of variables 
in either the real or synthetic dataset, and then calculating the 
difference between these correlations. For example, the Pearson 
correlation coefficient (Rodgers and Nicewander 1988) is a com-
monly used method to compute similarity between two contin-
uous variables. For categorical variables, it is appropriate to use 
the aforementioned Cramér's V (Cramér 1946), a Chi-squared-
based statistic that measures the strength of association between 
two categorical variables on a scale from 0 (no association) to 1 
(perfect association). To assess the similarity between categori-
cal and numerical variables, the correlation ratio (Fisher 1925) 
can be applied.

Univariate similarity involves comparing the distribution of 
a single variable in both synthetic and real data. The metrics 
used include distribution similarity measures such as Kullback–
Leibler (KL) divergence (Goncalves et  al.  2020; de Benedetti 
et  al.  2020), which calculates the marginal probability mass 
function (PMF) and measures the similarity between the PMFs 
of synthetic and real data. Similarly to KL divergence, the 
Kolmogorov–Smirnov (KS) test (Kaur et  al.  2021) also assesses 
the similarity of one-dimensional probability distributions be-
tween synthetic and real datasets. Besides, if the variable is 
categorical, methods such as categorical Wasserstein distance 
(Rubner et al. 2000) or Cramér's statistic V (Cramér 1946) can 
be used.

These methods for assessing the quality of synthetic data focus 
on assigning a score—or a small set of scores—to indicate 
how well the synthetic data can serve as a substitute for real 

data (Hernandez et al. 2025; Kurakova and Homayouni 2025). 
However, these quality metrics do not help users identify where 
and how the synthetic data fails, nor do they provide insights 
into specific issues that may affect downstream usability.

2.3   |   Visualization for Synthetic Data Assessment

Visualization techniques are widely used across various domains 
for data analysis (Conejero et al. 2021; Hernando et al. 2018) and 
to support human decision-making (Akçay et  al.  2012; Shao 
et al. 2025; Mohedano-Munoz et al. 2023). We summarize the 
visualization techniques employed in synthetic data evaluation 
with respect to fidelity, including how these techniques address 
multivariate resemblance, bivariate correlation and univariate 
similarity.

For multivariate resemblance analysis, the most commonly 
used methods involve DR techniques. These techniques reduce 
high-dimensional data to two dimensions, allowing for the use 
of scatterplots to visualize and compare the distributions of real 
and synthetic data (Livieris et  al.  2024; Budu et  al.  2024). In 
most cases, separate scatterplots are generated for real and syn-
thetic data to facilitate comparison; in an alternative approach, 
Livieris et al. (2024) plotted both real and synthetic data within 
a single scatterplot, using different colours to distinguish be-
tween those.

For bivariate correlation analysis in both synthetic and real 
data, the most widely used visualization techniques are co-
occurrence frequency heatmaps for categorical variables 
(Che et  al.  2017) and correlation matrices for numerical vari-
ables (Livieris et al. 2024; Ping et al. 2017; Budu et al. 2024; Li 
et al. 2023; Chandra et al. 2022; Raab et al. 2021). In Noruzman 
et al. (2021) and Lautrup et al. (2025a), three correlation matri-
ces were plotted: first, for the variables in the real data, then for 
the synthetic data, and finally a third matrix showing the abso-
lute difference between the two. Lautrup et al.  (2025a, 2025b) 
used the correlation matrix in a different way: they employed 
a heatmap to visualize the correlations between all variables in 
the real data and those in the synthetic data. Additionally, scat-
terplot matrices are also used to visualize pairwise correlations 
between variables (Budu et al. 2024).

Dimension-wise statistics (DWS) is one method used to evaluate 
cross-dimensional correlation, serving as a form of correlation 
assessment. To visualize the results of DWS, researchers typi-
cally use scatterplots to compare the DWS values of real and syn-
thetic data (Yan et al. 2022; Kaur et al. 2021; Budu et al. 2024; 
Li et al. 2023), where the x-axis and y-axis represent the DWS 
results from the real and synthetic data, respectively. If all data 
points lie close to the diagonal line, this indicates that the syn-
thetic data exhibits a high degree of correlation with the real 
data. Otherwise, it suggests that the synthetic data is not a good 
approximation of the real data.

To analyse univariate similarity, the most commonly used vi-
sualization techniques are histograms and bar charts (Kaur 
et  al.  2021; Ping et  al.  2017; Budu et  al.  2024; Noruzman 
et al. 2021; Lautrup et al. 2025a). For numerical variables, his-
tograms are typically used to compare the distributions of real 
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and synthetic data, with both distributions overlaid in a single 
plot. For categorical variables, bar charts are often employed, 
using different colours to distinguish between real and syn-
thetic data.

In addition, line charts are also employed to visualize univariate 
distributions and compare real and synthetic data (Sidorenko 
et  al.  2025). Beyond this, Li et  al.  (2023) used line and area 
charts to present the distribution of variables between real and 
synthetic data at each time point, where the x-axis represents the 
time series dimension for both datasets.

As was mentioned in the Introduction, most of existing visu-
alization techniques are static, in that they do not allow users 
to explore synthetic data quality in a progressive or interactive 
manner. Two interactive visual tools have been developed to 
assist users in evaluating the quality of synthetic tabular data. 
The first, SynthRO (Santangelo et al. 2025), enables users to 
progressively select and combine different metrics, resulting 
in a fine-tuned composite metric for assessing synthetic data 
quality. The second, SynthGuard (Brito et  al.  2025), helps 
users summarize various quality metrics using propensity 
scoring. However, both methods focus primarily on combin-
ing and comparing metrics via basic visualization, rather than 
on visualization design for analysing the fidelity of synthetic 
data. Moreover, none of the existing visual tools (either static 
or interactive) enable users to detect and explore abnormal 
instances in synthetic data, and thus cannot effectively sup-
port AI experts in identifying where and how the synthetic 
data fails.

3   |   Tasks

In close collaboration with AI experts from our partner indus-
trial organization, 4-Xtra Technologies Ltd., we identified key 
challenges in synthetic data assessment through three steps: (1) 
summarizing relevant synthetic data generation methods (see 
Section 2.1), (2) analysing the scope of existing assessment ap-
proaches (see Section 2) and (3) extracting five core assessment 
tasks through a literature review and expert input from our col-
laborator (discussed in this section).

Focusing on the scope of our paper, which centres on fidelity 
assessment, we define three tasks corresponding to the three 
core dimensions of fidelity: multivariate resemblance analysis 
(task T1), variable correlation analysis (task T2) and univariate 
similarity analysis (task T3). In addition, we incorporate two 
more tasks—subgroup fidelity exploration (task T4) and outlier 
and rare category detection (task T5) — which were derived from 
identified needs expressed by AI experts. To summarize, the five 
tasks are as follows:

•	 T1: Multivariate resemblance analysis. Assess the ex-
tent to which the global statistical distributions of synthetic 
data align with those of real data.

Example: Compare income, age and education distributions 
across datasets. Identify regions (e.g., high income, age 
30–40 and low education) present in the real data but miss-
ing or underrepresented in the synthetic data.

•	 T2: Bivariate correlation analysis. Examine whether 
inter-variable relationships (e.g., correlations, dependen-
cies) are preserved in the synthetic data.

Example: Analyse the correlation between age and health 
expenditure. If the real data shows a strong positive correla-
tion, check whether this relationship is similarly reflected 
in the synthetic data.

•	 T3: Univariate similarity analysis. Identify individual 
variables that exhibit significant distributional differences 
between synthetic and real datasets.

Example: Compare the distribution of the categorical vari-
able ‘employment status’ or the numerical variable ‘monthly 
rent’ across datasets to detect any deviations.

•	 T4: Subgroup fidelity exploration. Evaluate fidelity 
within specific population subgroups, particularly for fair-
ness and bias analysis.

Example: Filter the dataset for individuals who satisfy all 
of the following conditions: gender = female, age > 60, eth-
nicity = minority group, income level ≤ median and urban 
residence = true. Then, compare the joint conditional distri-
bution of healthcare access score, number of chronic condi-
tions and annual medical expenditure between the real and 
synthetic datasets.

•	 T5: Outlier and rare category detection. Determine 
whether rare patterns or categories in the real data are ac-
curately represented in the synthetic data.

Example: Identify rare records in the real dataset charac-
terized by uncommon combinations of attributes (e.g., ex-
tremely high income, young age, rare job titles, short tenure 
and rural residence). Then, check whether the synthetic 
data contains similar multivariate profiles and whether 
their joint frequencies are consistent with those in the real 
data.

4   |   AISyst

We designed AISyst in collaboration with AI experts from our 
industrial partner, 4-Xtra Technologies Ltd. We held weekly 
team meetings in April–September 2025 (as part of a proj-
ect under the Data Scientist Development Programme at the 
University of Leeds) to discuss and advance the system design. 
The AI experts communicated to us the needs and requirements 
from stakeholders (such as banks and insurance companies). 
Based on this input, we interactively developed our system, 
progressively improving its sensitivity and efficiency. The beta-
version of AISyst reported in this paper was validated in line 
with the industry standards and endorsed by the AI experts for 
further deployment.

In this section, we first provide an overview of AISyst. We then 
describe how to load the data and select the parameters of the 
dimensionality reduction (DR) algorithm. Following that, we 
introduce the four main components for assessing the synthetic 
data, including multivariate resemblance analysis, bivariate cor-
relation analysis, univariate similarity analysis and AI-assisted 
structured analysis.
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4.1   |   Workflow

The workflow of AISyst (see Figure 1) includes a loading data 
step and four components. AISyst first allows users to load the 
real and synthetic datasets and then to select the parameters for 
the chosen DR method to reduce the data multiple dimensions 
into two dimensions, which are then used to create 2D scatter-
plots. After that, AISyst enables users to validate the synthetic 
data through four components: (1) multivariate resemblance 
analysis, (2) bivariate correlation analysis, (3) univariate similar-
ity analysis and (4) AI-generated structured analysis. Specifically:

1.	 Multivariate resemblance analysis helps users com-
pare the global distribution (task T1) of real and synthetic 
data through scatterplots generated by DR methods (see 
Figure  2a2), detect anomalies in specific areas (tasks 
T4 and T5) and display floating text by linking to other 
visualizations.

2.	 Bivariate correlation analysis supports the exam-
ination of correlations between pairs of variables (task 
T2). AISyst first visualizes the correlation between 
each two variables using heatmaps (see Figure  2b1) 
and the analysis of the relationship between two se-
lected variables using a scatterplot if both are numeri-
cal, a beeswarm plot if one is categorical and the other 
is numerical, or a heatmap if both are categorical or 
represent a limited number of discrete numerical values 
(Figure 2b2).

3.	 Univariate similarity analysis allows users to examine 
differences in individual variables between real and syn-
thetic data. This is done using a table (see Figure 2c1) to 
identify differences in variable types, and plots to visualize 
distributional discrepancies (task T3) and outliers (task T5) 
(see Figure  2c2). For numerical variables, histograms or 
violin plots are used, while categorical variables are visual-
ized with bar charts.

FIGURE 1    |    Workflow of AISyst mainly consists of four components sections, based on the uploaded data and selected parameters for the DR 
algorithm. Each component contains two parts: one for calculating relevant metrics, and the other for visualizing the calculated results based on 
those parameters.

FIGURE 2    |    AISyst overview—Visualization. It includes three types of visualizations: A summary score (a1), multivariate resemblance analysis 
(a2), bivariate correlation analysis (b1) and (b2) and univariate similarity analysis (c1) and (c2 ).
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4.	 AI assistant generates a structured PDF report (see 
Figure 3b) to help users analyse the synthetic data in sum-
mary (tasks T3–T5).

The following practical approach may be recommended to 
the user:

1.	 Begin by selecting a subset from the multivariate resem-
blance analysis visualization using either manual selection 
or automatic anomalous subset detection.

2.	 Inspect bivariate correlations and refine using univariate 
similarity analysis.

3.	 After completing the above loop, capture all relevant issues 
along with the global comments from the LLM-generated 
summary report.

This approach, proposed and advocated by our AI experts, en-
ables the user to get a precise answer to where and what the is-
sues are with synthetic data.

4.2   |   Data Loading

The data loading consists of two sub-steps. First, both the real and 
synthetic datasets are loaded, and then a DR algorithm is selected 
along with its corresponding parameters. This algorithm is used 
to generate the scatterplot for the subsequent assessment stage.

In this system, we consider two DR methods: t-SNE and UMAP.

•	 t-SNE (van der Maaten and Hinton  2008) is a nonlin-
ear DR technique particularly well-suited for visualizing 

high-dimensional data. It operates by converting similari-
ties between data points into joint probabilities and mini-
mizing the Kullback–Leibler divergence between these joint 
probabilities in the high-dimensional and low-dimensional 
spaces. While t-SNE is effective at capturing local struc-
tures and forming visually distinct clusters, it is sensitive 
to hyperparameters such as perplexity and can be computa-
tionally expensive when applied to large datasets.

•	 UMAP (McInnes, Healy, and Melville  2018; McInnes, 
Healy, Saul, and Großberger 2018) is another nonlinear DR 
technique that emphasizes the preservation of both local 
and global data structures. It constructs a high-dimensional 
graph representation of the data and then optimizes a 
low-dimensional projection that maintains this structure. 
UMAP typically runs faster than t-SNE and scales better to 
large datasets, making it a practical choice for embedding 
high-dimensional real and synthetic data for comparative 
analysis.

4.3   |   Multivariate Resemblance Analysis 
Visualization

A scatterplot in the multivariate resemblance analysis visual-
ization (see Figure 4) provides users with an overview that fa-
cilitates the comparison between real and synthetic data. This 
visualization presents a scatterplot based on two coordinates 
obtained through the DR process carried out in the loading data 
step. In this scatterplot, real and synthetic data are represented 
using two distinct colours, allowing users to visually distinguish 
between the two datasets and understand how they are distrib-
uted within a two-dimensional space.

FIGURE 3    |    AISyst overview—AI-assistant structured analysis. It includes a summary view that presents key information about the datasets (a) 
and an AI-generated report (b).
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Figure  4a offers valuable insights the relationships of two 
datasets in a 2D dimensions. For example, it enables users to 
identify regions that contain exclusively real or synthetic data, 
as well as regions where both types coexist. Furthermore, it 
can reveal the presence of outliers (i.e., data points that are 
positioned far from the primary clusters), thereby helping 
users assess the structural differences between the real and 
synthetic data distributions.

To automatically identify anomalous regions and character-
ize the type of anomaly present in each region, we propose an 
adaptive histogram-based anomaly detection algorithm oper-
ating in the two-dimensional space produced by the dimen-
sionality reduction (DR) method. Let R and S denote the sets 
of real and synthetic samples, respectively, and let nR and nS 
be their corresponding sizes. The DR projection is partitioned 
into a set of N  grid cells 

{
C1,C2, … ,CN

}
. The grid resolution 

is determined adaptively according to the size and spatial dis-
tribution of the projected dataset, ensuring that each cell con-
tains a sufficient number of observations for reliable statistical 
testing while maintaining sensitivity to local distributional 
differences.

For each cell Ci, we count the number of real and synthetic sam-
ples, denoted by ri and si, respectively, and compute the local pro-
portion of real samples as

This local proportion is compared against the global baseline 
proportion

which represents the expected proportion of real samples under 
the null hypothesis that real and synthetic data are distributed 
similarly within the projected space.

To determine whether the observed deviation between p̂i and 
p0 is statistically significant, we perform a binomial proportion 
test (Howell 2013) for each cell. Specifically, the null hypothesis 
assumes that the proportion of real samples in the cell equals the 
global baseline proportion,

whereas the alternative hypothesis assumes that the two pro-
portions differ,

The test produces a p value for each grid cell, indicating the 
likelihood of observing the corresponding deviation under 
the null hypothesis. Because multiple hypothesis tests 
are conducted simultaneously across all N  cells, we apply 
the False Discovery Rate (FDR) correction (Benjamini and 
Hochberg  1995) to control the expected proportion of false 
positives. The adjusted p values are ranked and compared 
against the corresponding FDR thresholds. Cells whose ad-
justed p values fall below the significance threshold (� = 0.05) 
are designated as anomalous (Figure 4b).

An anomalous cell is further categorized according to the direc-
tion of the deviation. If �pi > p0, indicating a statistically signifi-
cant over-representation of real samples, the cell is classified as 
real overpopulation (highlighted with ). Conversely, if �pi < p0, 
indicating a statistically significant over-representation of syn-
thetic samples, the cell is classified as synthetic overpopulation 
(highlighted with ).

(1)p̂i =
ri

ri + si
.

(2)p0 =
nR

nR + nS
,

(3)H0: p̂i = p0,

(4)H1: p̂i ≠ p0.

FIGURE 4    |    Multivariate resemblance analysis for insurance data: (a) shows a UMAP scatterplot; clicking the triangle transforms it into a gridi-
fied view (b) highlighting anomaly regions. Hovering over squares reveals detection results via tooltip (c).
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The computational complexity of the algorithm is O(n) for as-
signing n = nR + nS projected samples to grid cells, followed 
by O(N) for performing the cell-wise statistical tests and 
O(N logN) for the FDR correction. Therefore, the overall com-
plexity is

making the method scalable to large synthetic datasets. The 
adaptive grid construction further improves robustness by bal-
ancing spatial resolution and statistical reliability across data-
sets with different sizes and distributions.

In addition, we provide a tooltip showing the detection results 
in each region if it is anomalous and present them in Figure 4c, 
which provides a detailed summary of the region's data distri-
bution, statistical analysis, anomaly type and other relevant 
metrics. The data distribution section includes the number of 
real data points, synthetic data points and the total number 
of points within the region. It also reports the cell proportion 
and the global proportion: the cell proportion refers to the 
proportion of real data within the specific region, while the 
global proportion indicates the proportion of real data across 
the entire dataset. The statistical analysis section presents the 
difference between the cell and global proportions, along with 
additional statistical metrics such as the p value, adjusted p 
value, interpretation and statistical significance. Lastly, the 
anomaly type assigned to the region is displayed at the bottom 
of the summary.

4.4   |   Bivariate Correlation Analysis Visualization

In the bivariate correlation analysis section, we first examine 
the correlations between each pair of variables in the real and 
synthetic datasets, visualizing them using two heatmaps in 
Figure  5a,b, corresponding to the real and synthetic data, re-
spectively. We then compute the absolute difference between 
the two heatmaps by calculating the element-wise differences 
for each corresponding cell and visualize the result as an addi-
tional heatmap, shown in Figure 5c.

The dataset contains both categorical and numerical variables. 
Therefore, to include all variable pairs in a single heatmap we 
apply different correlation computation methods depending on 
the variable types: num–num, cat–cat and num–cat.

For num–num pairs, we applied the Pearson correlation co-
efficient (Rodgers and Nicewander  1988), which quantifies 
the linear relationship between two continuous variables. 
Alternative methods such as Spearman's rank correlation coef-
ficient (Sedgwick 2014) may also be used, particularly when the 
relationship is monotonic but not necessarily linear. For cat–cat 
pairs, we used Cramér's V (Cramér 1946), a Chi-squared-based 
statistic that measures the strength of association between two 
categorical variables. An alternative approach is mutual infor-
mation (Kraskov et al. 2004), which captures non-linear depen-
dencies without assuming a specific distribution. For mixed 
num–cat pairs, the correlation ratio � (Fisher 1925) was com-
puted to quantify the proportion of variance in the numerical 
variable explained by the categorical grouping. Alternatives 
such as the point-biserial correlation (Kornbrot  2005) may be 
considered when the categorical variable is binary. These mea-
sures produce a unified correlation matrix that captures rela-
tionships among both numerical and categorical variables, 
allowing a heatmap to provide an integrated view of variable 
dependencies across the entire dataset.

To provide a deeper understanding of the relationships among 
variables of different types, a user may click on a specific cell in 
the heatmap (in our AISyst tool) to view detailed information 
(see Figure 6a).

For cat–cat pairs (we regard discrete variables with fewer than 
five unique values as categorical variables), heatmaps are con-
structed based on contingency tables to display the frequency or 
strength of association between category combinations (Figure 6b 
shows a heatmap of SEX (including female and male) vs. REGION 
(including four values: northeast, northwest, southeast and south-
west)). This example illustrates differences in correlations between 
the real and synthetic data. In the real data, the number of males 
in the southeast region is higher than the number of females; how-
ever, this is not the case in the synthetic data.

For num–num pairs, scatterplots are used to depict linear or 
nonlinear relationships between continuous variables, allowing 
users to observe distribution patterns, trends and potential out-
liers; for example, Figure 6c shows a scatterplot of BMI versus 
CHARGES. In this example, the scatterplot reveals differences in 
distribution patterns between real and synthetic data. In the real 
data, the two variables exhibit a two-cluster distribution pattern; 
however, this pattern is not present in the synthetic data.

(5)O(n + N logN),

FIGURE 5    |    The heatmap view displays the correlations between each pair of variables in the insurance data for both the real and synthetic data-
sets, as shown in (a, b). Heatmap (c) visualizes the differences in variable correlations between the real and synthetic data.
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For num–cat pairs, beeswarm plots are utilized to illustrate 
the distribution of numerical values across different categorical 
groups, revealing how the numerical variable varies within and 
between categories; for example, Figure 6d shows a beeswarm 
plot of SMOKER versus CHARGES. This example demonstrates 
the differing distributions of CHARGES across smokers and non-
smokers. In the real data, smokers have much higher CHARGES 
values, a pattern that does not occur in the synthetic data.

Together, the three visualization techniques enable a unified 
and flexible framework for exploring correlations across mixed 
data types, facilitating a more comprehensive interpretation of 
the relationships present in both real and synthetic datasets.

4.5   |   Univariate Similarity Analysis Visualization

The univariate similarity analysis is designed to help users 
understand the distribution of individual variables and assess 
whether a subgroup of data instances exhibits a distribution sim-
ilar to that of the entire dataset. The type of distribution plot 
used depends on the variable type. If the variable is categori-
cal or a discrete numerical variable with a limited number of 
unique values, a bar chart is used. For continuous numerical 
variables, the distribution is displayed using either a histogram, 
focusing on the comparison of distribution shapes, or a violin 
plot, which emphasizes differences in the range and scale of val-
ues. Although a box plot can serve as an alternative to the violin 

plot, AISyst does not support box plots in the current version 
since the box plots hide distributional structure that violin plots 
reveal.

Figure 7 presents examples of these visualizations. Figure 7a,b 
shows a histogram and a violin plot, respectively, which illus-
trate the distribution of a continuous numerical variable. The 
histogram effectively displays the overall distribution of the 
data; for example, Figure 7a shows that in the real data, there are 
more instances around age 18–20 than at other ages. Compared 
to the histogram, the violin plot provides more detailed infor-
mation about the distribution's shape and the data range. For in-
stance, Figure 7b shows that the real data contain higher values 
in the variable CHARGES (medical insurance costs billed to cus-
tomers). In addition, for categorical variables, the distribution is 
visualized using a bar chart, as shown in Figure 7c.

In Figure  7a, the histogram reveals substantial differences in 
total counts between the real and synthetic data. To address this 
and to enable a fair comparison of distributions, we change the 
y-axis by replacing absolute counts with densities, which nor-
malizes the area under each distribution curve to 1, regardless 
of the sample size. This allows users to compare the shape of 
the distributions rather than their raw frequencies—an essen-
tial consideration when sample sizes vary between real and 
synthetic datasets. The effect of this adjustment is illustrated in 
Figure 7d. This transformation enables a more meaningful com-
parison by removing the influence of sample size disparities.

FIGURE 6    |    Correlation plots for selected variable pairs in insurance data. By clicking a specific cell in heatmap (a), the correlation is visualized 
using: Heatmaps (b) for cat–cat pairs, scatterplots (c) for num–num pairs and beeswarm plots (d) for num–cat pairs.
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When dealing with a small number of variables, it is feasible to ex-
amine the distribution of each one individually. However, when 
there are 100 or more variables, it becomes impractical for users 
to manually inspect each of them. To address this, the univar-
iate similarity analysis visualization includes a panel for filter-
ing variables for further analysis, as shown in Figure 8. AISyst 
provides two metric sections for filtering either numerical or 

categorical variables (see Figure  8a). For numerical variables, 
we include six metrics: the Kolmogorov–Smirnov statistic (Kaur 
et  al.  2021), difference in mean, difference in standard devia-
tion, difference in median, difference in minimum and differ-
ence in maximum. These differences, based on basic statistical 
measures, are computed as the absolute differences between 
the real and synthetic data for each variable. When a metric is 

FIGURE 7    |    Univariate distribution comparisons between real and synthetic insurance data. Histograms (a) and violin plots (b) illustrate the 
distribution of continuous numerical variables, while bar charts (c) compare categorical and discrete numerical variables. Normalizing the y-axis in 
histograms (d) enables more meaningful comparisons between real and synthetic data.

FIGURE 8    |    A panel allows filtering variables based on user-specified difference metrics in (a), with results shown in (b). In (a), the KS range for 
numerical variables is set to 0.05–0.07, filtering out those below 0.05.
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selected, a slider allows users to specify a range of values for fil-
tering variables based on the selected metric. Similarly, differ-
ences in categorical variables can be assessed using Cramér's V 
(Cramér 1946) and the categorical Wasserstein distance (Rubner 
et al. 2000). Based on the selected metric and its specified range, 
users can identify and select potentially problematic variables, 
thereby reducing the cognitive load associated with analysing 
univariate similarity.

AISyst also provides a table that shows whether the variables in 
the synthetic data match those in the real data. Generally, there 
are three main types of possible mismatch: (1) a missing col-
umn, where either the real or synthetic dataset lacks a variable 
that is present in the other; (2) a numeric type mismatch, where 
two different numerical types are used for the same variable 
(e.g., integer vs. float); and (3) a data type mismatch, where 
a variable's type in the synthetic data differs from its type in the 
real data (e.g., integer vs. categorical). Figure  9 shows 
an example of a variable type mismatch table for the real and 
synthetic data from the insurance case study; here, a detected 
mismatch is that variable AGE is integer in the real data but 
float in the synthetic counterpart.

4.6   |   Subgroup Analysis

The multivariate resemblance analysis visualization also allows 
users to select specific groups of data instances from the scatter-
plot. The selected data instances are then highlighted in the bi-
variate correlation analysis visualization, and their distribution 
is displayed in the univariate similarity analysis visualization. 
There are two ways to select subgroups of data instances in the 
multivariate scatterplot: either by clicking on the anomaly re-
gions shown in Figure 4b or by using a lasso tool, as shown in 
Figure 10a.

Figure 10 illustrates the interactions that select the subgroup 
of data instances from the scatterplot in Figure  10a using a 
lasso tool. After selecting this specific subgroup, a new plot is 

triggered to visualize the distribution of the selected data in-
stances, based on the chosen variable and its type. Figure 10b 
shows the distribution of the AGE variable for the selected data 
instances. It reveals that, for real data instances, most indi-
viduals are around 18 years old. In contrast, the synthetic data 
within this subgroup displays a more diverse distribution of 
AGE values.

Additionally, the selected data instances are highlighted in 
the bivariate similarity analysis visualization, specifically 
within the correlation plots of variable pairs. These high-
lighted instances are displayed in scatterplots or beeswarm 
plots. In this case, the two beeswarm plots correspond to SEX 
versus CHILDREN in Figure 10c and REGION versus CHILDREN 
in Figure  10d, where the variable CHILDREN refers to the 
number of dependent children covered by (or living with) the 
insured individual or policyholder. It can be observed that all 
selected data instances in the real dataset are male and from 
the Southeast region; however, this pattern differs notably in 
the synthetic data.

4.7   |   Summary Score

We adopt a composite similarity score to evaluate the fidelity of 
synthetic data relative to an original dataset (see Figure  2a1). 
The overall score Soverall ∈ [0, 100] is defined as a weighted com-
bination of four components:

where all component scores are scaled to [0, 100] and the weights 
sum to 1. A reasonable default choice is

Structural validity (Sstruct): This component evaluates whether 
the synthetic dataset preserves the schema of the original 

(6)

Soverall = wstruct Sstruct + wuni Suni + wbi Sbi + wanom Sanom,

(7)

wstruct = 0.25, wuni = 0.30, wbi = 0.30, wanom = 0.15.

FIGURE 9    |    A table showing variable type matches for insurance data, with one mismatch: AGE is an integer in the real data but a float in the 
synthetic data. More variables can be viewed by scrolling in AISyst.
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data, including consistency in columns, data types, categorical 
support and valid ranges. It is defined using a penalty-based 
formulation:

where ej ∈ [0, 1] are normalized structural error terms and �j are 
their weights with 

∑

j
�j = 1.

Univariate Similarity (Suni). This component measures how well 
marginal distributions of individual variables are preserved. For 
each variable, a discrepancy di ∈ [0, 1] is computed. For numer-
ical variables, this combines the Kolmogorov–Smirnov statistic 
with normalized differences in mean, standard deviation and 
median. For categorical variables, total variation distance is 
used. The overall discrepancy is

and the score is

Bivariate Similarity (Sbi). This component evaluates the pres-
ervation of pairwise relationships between variables. Let A(orig)

ij
 

and A(syn)
ij

 denote the associations between variables i and j in 
the original and synthetic datasets, respectively. The discrep-
ancy is defined as

and the corresponding score is

The weights � ij can be uniform or reflect the importance of 
relationships.

Anomaly Burden (Sanom). This component captures localized 
discrepancies between datasets. Let  denote the set of anoma-
lous regions. For each region r ∈, define a weight �r (propor-
tional to its sample size) and a severity sr (measuring imbalance 
between datasets). The anomaly burden is

and the score is

(8)Sstruct = 100 ⋅max

(

0, 1 −

k∑

j= 1

�j ej

)

,

(9)Duni =
1

p

p∑

i= 1

di,

(10)Suni = 100 ⋅
(
1 − Duni

)
.

(11)Dbi =

∑

i< j
𝛽 ij
�
�
�
A
(orig)
ij

− A
(syn)
ij

�
�
�

∑

i< j
𝛽 ij

,

(12)Sbi = 100 ⋅
(
1 − Dbi

)
.

(13)Danom =
∑

r ∈

�r sr ,

(14)Sanom = 100 ⋅
(
1 − Danom

)
.

FIGURE 10    |    Subgroup analysis for insurance data: (a) shows subgroup selection; (b) displays the SEX distribution as a histogram. The selected 
points are also highlighted in the bivariate views (c) and (d).
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Overall, this framework provides an interpretable and flexible 
metric: the aggregate score offers a concise summary, while in-
dividual components reveal specific sources of discrepancy.

4.8   |   AI-Assistant Structured Analysis

AISyst integrates with an AI component to provide struc-
tured contextual interpretation by generating a PDF report that 
summarizes the differences between real and synthetic data; 
Figure 11 shows an example of such a report. We designed the 
AI component to act as a senior data quality expert by prompt-
ing it to deliver a comprehensive analysis based solely on the 
validation results and underlying data. The prompt requests 
detailed sections including an executive summary, key find-
ings, statistical quality, practical usefulness, critical issues and 

3–5 actionable recommendations, each with a maximum word 
requirement. Additionally, the agent was asked to assess the 
overall risk level (LOW, MEDIUM or HIGH), with a justifica-
tion of at most 50 words. The prompt explicitly instructed the 
AI to avoid fabricating information, to justify all findings and 
recommendations using the provided data, and to include p val-
ues and references to the statistical tests used when applicable. 
Importantly, all statistical results are pre-computed using deter-
ministic equations rather than generated by the AI.

The output generated through the Claude API is ultimately sum-
marized as a narrative and exported as a downloadable PDF re-
port (see Figure 11). This approach reduces the cognitive burden 
on users by transforming raw statistical outputs into human-
readable explanations that highlight key differences and poten-
tial risks.

FIGURE 11    |    An example of an AI-generated report produced by the AI assistant for analysing the insurance data.
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5   |   Implementation

We have implemented AISyst using Python for the back end 
and JavaScript for the front end. The back end performs DR 
methods to project high-dimensional data onto two dimensions 
for the subsequent generation of scatterplots. The front end pro-
vides the user interface that allows users to explore the data in 
detail. It is built using React.js (Fedosejev 2015), a JavaScript 
library for building interactive and component-based user in-
terfaces, and D3 (Bostock et al. 2011), a library for creating dy-
namic and data-driven visualizations using web standards such 
as SVG, HTML and CSS. For the AI-assistant functionality, we 
integrated an LLM Claude 3.5 Haiku (Claude 2024), enabling 
our system to generate a readable analysis report.

6   |   Evaluation

To evaluate the effectiveness of our AI-powered interactive vi-
sual system, we conducted three case studies across different do-
mains: insurance, income and health. Through these use cases, 
we demonstrated how users can gain insights by employing 
AISyst and interacting with the various analytical visualiza-
tions provided by the system.

In all three case studies, synthetic datasets were supplied by 4-
Xtra Technologies Ltd. using their proprietary generation algo-
rithms. The structure and format of variables in the real data 
input were preserved in the synthetic counterparts but an ad-
ditional column named ID was created to give the entries their 
unique labels (produced via a random permutation of the numer-
als from 1 to n, where n is the total number of synthetic rows). 
Naturally, the ID column was excluded from DR algorithms.

As an important part of our evaluation protocol, we collected 
feedback from three AI experts E1, E2 and E3 from 4-Xtra 
Technologies Ltd., who have extensive experience in synthetic 
data generation. We organized a meeting with the experts, 
which began with a 10-min introduction to AISyst, followed 
by a 60-min demonstration illustrating how to use AISyst to 
assess synthetic data across the three case studies. During the 
case studies' presentation, the experts were encouraged to ask 
questions and provide comments. The meeting concluded with 
a 30-min open discussion on the strengths and weaknesses of 
AISyst.

6.1   |   Insurance Case Study

The datasets used in this case study comprise insurance-related 
data. The real dataset (Putten  2000) contains genuine policy-
holder records collected from an insurance company, including 
attributes such as customer demographics and claim history. 
The synthetic dataset was generated to mimic statistical char-
acteristics and structural relationships of the real data while 
preserving confidentiality. The real insurance dataset contains 
1338 records; the synthetic dataset mirrors the same structure, 
with 2000 records.

The first step in assessing the synthetic data is to upload both 
the real and synthetic datasets and select the corresponding 

parameters for the DR method. We generated low-dimensional 
embeddings using the UMAP method. The number of neigh-
bours was set to 15, providing an appropriate trade-off between 
capturing local detail and preserving global structure. The min-
imum distance was set to 0.1, allowing moderate clustering of 
points in the embedded space while avoiding excessive crowd-
ing. These parameter settings produced stable and interpretable 
two-dimensional projections suitable for comparative visualiza-
tion and analysis. Based on the DR method, we derived 2D coor-
dinates to represent the multiple variables.

After uploading the data and applying the DR method, we 
initialized AISyst. We proceeded to the multivariate resem-
blance analysis visualization. The summary score provides an 
overall quality assessment of the synthetic dataset, as shown 
in Figure 2a1. The overall similarity score is 63.0, indicating 
that the quality of the synthetic insurance data is insufficient 
for reliable use. Additional metrics further describe the qual-
ity of the synthetic data. Then, AISyst generated a scatterplot 
(see Figure 4a) using the 2D coordinates obtained from UMAP 
to compare the real and synthetic data (task T1). Next, we cre-
ated gridified regions to further analyse anomalous areas by 
clicking the anomaly detection button (see Figure  4a). The 
resulting gridified scatterplot is shown in Figure  4b, which 
highlights two anomalous regions: one indicating synthetic 
overpopulation, marked with , and the other indicating 
real overpopulation, marked with . By hovering over the 
synthetic overpopulation region, a tooltip appears that sum-
marizes key insights from the anomaly detection results, as 
shown in Figure 4c. Specifically, it reports that the cell propor-
tion is 0.185, while the global proportion is 0.401 (calculated 
as the number of real data points divided by synthetic data 
points). Therefore, this region is identified as a case of syn-
thetic overpopulation, indicating significantly more synthetic 
data than expected in the hovered region (task T5). Expert E1 
commented that this was especially evident in the automated 
detection of anomalies in multivariate resemblance visualiza-
tions using the gridified method. This approach helped iden-
tify specific subsets of the datasets for further exploration by 
automatically detecting the proportion of real and synthetic 
data in each region.

Having concluded that the cluster, identified as synthetic 
overpopulation (see Figure 4b), appeared to be an outlier, we 
were curious about the features of the data instances within 
this cluster. We selected the cluster shown in Figure  10a, 
and the corresponding data instances were highlighted in 
the bivariate correlation analysis visualization, as shown in 
Figure  10c,d. Their distribution for the variable AGE is pre-
sented in Figure 10b: for the selected data instances, all real 
data points are approximately 18 years old, whereas the syn-
thetic data instances show a more diverse age range (task T4). 
Figure 10c reveals that all selected real data instances are male 
and have no children. In contrast, the synthetic data instances 
in this cluster include both male and female individuals, and 
their CHILDREN values are more diverse. A similar pattern is 
observed in the REGION distribution shown in Figure 10d: the 
real data instances in the selected cluster are exclusively from 
the southeast and have no children, while the corresponding 
synthetic data instances are more widely distributed across re-
gions and child counts.
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Next, we examined the bivariate correlation visualization by ex-
ploring several cells corresponding to variable pairs, with a par-
ticular focus on those involving the AGE and CHARGE variables, 
as well as cells in the difference heatmap that showed larger 
discrepancies. This analysis revealed several insights, as shown 
in Figure 6, where three cells were selected for further examina-
tion. As mentioned in Section 4.4, Figure 6b–d illustrates find-
ings from the correlations between individual variable pairs. 
Expert E1 commented that it is beneficial to observe the correla-
tion between each pair of variables using different plots. These 
plots help illustrate the concentration of the data distribution. 
However, it would also be useful to provide visualizations that 
show certain proportions in the distribution—for example, how 
many data instances represent males from the southeast region.

We then examined the table for mismatched variable types, as 
shown in Figure 9. The table indicated that the AGE variable is 
not matched between the synthetic and real data: the synthetic 
data is of type float, whereas the real data is of type integer 
(task T3). Expert E1 commented here that it was because there 
was no post-processing of the data after training. Sometimes, it is 
acceptable to maintain these data as they are, but in other cases, 
post-processing is necessary to ensure that the data type strictly 
matches that of the real data. Next, we reviewed the overall dis-
tributions of all variables and found that the CHARGE values in 
the real data are significantly higher than those in the synthetic 
data (see Figure 7b). This suggests that the synthetic data did not 
successfully simulate the extreme values of the CHARGE variable 
(task T3). Expert E1 commented that it is good that we can ob-
serve the different distribution between real and synthetic data 
in a simple way, which can help users develop a basic sense of 
the data quality. Therefore, in the following analysis, special at-
tention should be given to these two variables.

AISyst provided the AI-assistant with a structured analysis of 
the insurance dataset (see Figure 11). Through the report, we 
found 7 out of 7 columns failed the distribution similarity assess-
ments. Additionally, the report recommended five actionable 
suggestions to improve the synthetic data, such as enhanc-
ing the balance between privacy and utility by implementing 

differential privacy techniques. The reader is referred to the file 
ai-validation-report-Insurance-data.pdf in the 
Supporting Information (https://github.com/llqsee/SynAccess/
tree/main/data) for more information about the AI assistant and 
a structured analysis report. Expert E2 commented that the AI 
assistant relies on third-party models, which do not always gen-
erate reliable results. Therefore, it could be used to summarize 
findings, but should not be regarded as authoritative.

6.2   |   Income Case Study

The real dataset used in this case study is a survey-based socio-
economic dataset containing individual-level records with de-
mographic, occupational and income-related attributes, which 
was provided by 4-Xtra Technologies Ltd. It contains authentic 
individual records, including information such as sex, age 
and other demographic variables. The synthetic dataset was 
generated to replicate the statistical patterns and structural re-
lationships observed in the real data while ensuring data confi-
dentiality. The real dataset consists of 5000 records, whereas the 
synthetic dataset has 10,000 records.

Similarly to the insurance case, we first loaded the real and 
synthetic datasets, along with the corresponding DR param-
eters, to generate 2D coordinates for visualizing the high-
dimensional information in a two-dimensional space. In this 
case, we used the same DR algorithm and parameters. After 
loading the data, we analysed the bivariate correlation analy-
sis visualization using the difference heatmap (see Figure 12). 
We examined the areas with the highest differences and se-
lected the variable pair 12CONSCIOUS and 5CREDIT, as this 
combination exhibited the most significant disparity. Upon 
selection, we obtained a detailed view of the correlation be-
tween these two variables. Since both are discrete numerical 
variables with less than 5 unique values, their relationship is 
visualized using heatmap.

From the heatmap, we observed that in the real data whenever 
5CREDIT equals 0, 12CONSCIOUS is always 0. In contrast, 

FIGURE 12    |    The bivariate correlation analysis of the income data highlights the variable pair 5CREDIT versus 12CONSCIOUS (b), selected based 
on the difference heatmap (a). In the real data, when 5CREDIT equals 0, 12CONSCIOUS cannot equal 1; however, this combination occurs in the 
synthetic data (b).
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in the synthetic data, there are 13 instances where 5CREDIT 
equals 0 and 12CONSCIOUS equals 1. This indicates a discrep-
ancy in the dependency between the two variables. This discrep-
ancy likely contributes to the observed difference in correlation 
patterns between the datasets (task T2). In this case, does such 
a difference between the real and synthetic data matter? Expert 
E1 noted that this may depend on domain knowledge to de-
termine whether the discrepancy is meaningful. Nevertheless, 
our tool can assist by providing relevant information—not only 
about the co-occurrence of variable values but also about their 
proportions and density distributions.

There are too many variables to examine individually. Therefore, 
we applied a metric to filter the variables that exhibited greater 
differences between the real and synthetic data. Specifically, we 
selected the KS statistic to filter the numerical variables, focus-
ing on those with values ranging from 0.15 to 0.18, as shown in 
Figure  13a. This filtering step resulted in only two numerical 
variables: 10DAILYTRAVEL (daily travel frequency) and 14SUM 
(indicating savings or account balance). Expert E1 noted that it 
is a useful approach to first filter certain variables using specific 
metrics, such as the KS statistic for numerical variables. That 
avoids users needing to manually examine each variable, which 
is highly time-consuming.

We selected 10DAILYTRAVEL for further exploration, as shown 
in Figure 13b. The variable 10DAILYTRAVEL is stored as an in-
teger in the real data but as a float in the synthetic data. We ob-
served differences in their distributions using a violin plot. The 
real data displays a broader range, with values reaching approx-
imately 20, whereas the synthetic data only extend to around 14 
(task T3).

6.3   |   Diabetes Case Study

The datasets used in this study comprise patient-level med-
ical records related to diabetes diagnostics. The real dataset 
(NIDDK  2021) contains authentic clinical measurements col-
lected from 768 female patients, with the output value 1 or 0 
depending on whether the patient tested positive for diabetes, 
and with 8 numerical variables (features): Pregnancies (num-
ber of times pregnant), Glucose (glucose concentration in an 
oral glucose tolerance test, mg/dL), BloodPressure (diastolic 
blood pressure, mmHg), SkinThickness (triceps skin fold 

thickness, mm), Insulin (2-h serum insulin, μU/mL), BMI 
(body mass index, kg/m2), DPF (diabetes pedigree function) and 
Age (years). The synthetic dataset (expanding to 10,000 records) 
was generated to replicate statistical characteristics and struc-
tural relationships observed in the real data while ensuring full 
anonymity.

Similarly to the previous two case studies, we first uploaded the 
real and synthetic datasets and selected the corresponding pa-
rameters for the DR method. We used the same parameters as 
in the previous two case studies. We then focused on univariate 
similarity analysis by examining the table comparing variable 
types and distributions for each variable. We found that only 
three variables—BMI, DPF and Outcome—had matching data 
types between the real and synthetic datasets. One issue was a 
mismatch in variable types for Pregnancies, which appeared 
as a float in the synthetic dataset but as an integer in the 
real dataset. Expert E1 explained that the synthetic dataset was 
missing a final step to align data types between the real and syn-
thetic datasets. Specifically, the Pregnancies variable should 
have been converted from float to integer.

We also looked at the variables' distributions. It was observed 
that the value ranges for SkinThickness in the synthetic 
dataset were narrower than in the real dataset. In contrast, the 
range of DPF in the synthetic dataset was wider than in the real 
dataset. One of the most critical insights from the univariate 
similarity analysis was that three variables—Glucose, BMI 
and BloodPressure—included values below 0 in the syn-
thetic dataset that is impossible in the real context (task T5). 
Figure 14b–d shows the violin plots visualizing the distributions 
of these variables. Notably, BloodPressure is one of the vari-
ables with matched data types, yet it still exhibits unrealistic 
negative values in the synthetic data (task T3).

We further investigated variables with values below 
0—BloodPressure and BMI—as shown in Figure  15a,b. 
Figure  15b presents two scatterplots for the real and synthetic 
data using these two variables. We observed that, in the real data, 
both BMI and BloodPressure contain values that are exactly 
equal to 0. In contrast, the synthetic data includes values approx-
imately near 0, but not exactly 0. Our AI assistant identified the 
value 0 in the real dataset as a potential anomaly and suggested 
that it could be due to data collection issues or represent missing 
values. For more details, please refer to section Real Data Quality 

FIGURE 13    |    Univariate similarity analysis of the income data: (a) numerical variables filtered according to the KS statistic, (b) one filtered vari-
able revealing a difference in scale.
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by Variable in the file ai-validation-report-diabetes-
data.pdf, available in the Supporting Information (https://
github.com/llqsee/SynAccess/tree/main/data). Expert E2 noted 
that the univariate similarity visualizations were useful for iden-
tifying abnormal values—for example, BloodPressure values 
below 0—which can guide improvements in synthetic data gen-
eration based on predefined rules. In the model, such 0 values 
should either be removed prior to training or handled through 
rules that enforce realistic, non-zero values.

Where do these unrealistic synthetic data points originate? To 
explore this, we turned to the multivariate resemblance analysis 
visualization. Using a lasso tool on the scatterplot, we selected 
the apparent outlier cluster (see Figure 15c) and found that the 
corresponding data instances in both the real and synthetic data-
sets are highlighted in Figure 15b—specifically, at 0 in the real 

data and around 0 in the synthetic data. This indicates that the 
selected cluster indeed consists of outlier instances with invalid 
or unrealistic values (task T5). Expert E1 commented that this 
enables users to further investigate the distribution of abnormal 
subsets identified in the scatterplot, either manually, as shown 
in Figure 15c, or automatically, using algorithms, as shown in 
Figure 4b. This helps AI experts quickly identify what is missing 
in the data and what issues the synthetic data may have, allow-
ing them to consider this information when retraining models.

6.4   |   General Expert Feedback

After presenting to them the three case studies, the experts 
provided overall feedback and suggestions for improvement. 
All three experts acknowledged the key contribution of 

FIGURE 14    |    Variables in the diabetes data have some unrealistic values. Specifically, two variables show mismatches between the types of real 
and synthetic data (a). The corresponding violin plots in (b), (c) and (d) reveal that, for all three variables in (a), the synthetic data include values be-
low 0—an unrealistic outcome in a real-world context.

FIGURE 15    |    Analysis of a data subgroup from the diabetes dataset using BMI and BloodPressure: (a) shows their correlation, with detailed 
plots in (b). Highlighted instances in (b) correspond to selections in (c); real instances have BloodPressure = 0, while synthetic ones are near 0.
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AISyst, emphasizing that training loss alone is insufficient 
to assess the quality of synthetic data. Instead, post-training 
validation is essential to uncover issues often hidden in global 
statistical evaluations. Expert E1 highlighted that AISyst ef-
fectively identifies problematic data subsets by analysing real 
versus synthetic data similarity in low-dimensional space. 
This targeted analysis, combined with detailed visualizations 
and automated reporting, facilitates efficient diagnosis and 
iteration in the model development process, reducing the reli-
ance on manual debugging.

In addition to that, experts E1 and E2 suggested how to im-
prove AISyst for further development. Recent insights from 
Financial Conduct Authority (FCA) studies (e.g., FCA 2023) em-
phasize that synthetic data validation should adopt a use-case 
and risk-based approach, combining quantitative metrics with 
qualitative assessments and recognizing explicit trade-offs be-
tween fidelity, utility and privacy. This contrasts with common 
regulatory practices (e.g., exercised by the Prudential Regulation 
Authority, https://​www.​banko​fengl​and.​co.​uk/​prude​ntial​-​regul​
ation​), which often rely on quantitative thresholds for model 
approval using aggregated performance metrics such as Area 
Under the ROC curve (AUROC) (Fawcett 2006).

Even in AI-assistant structured analysis, utility and privacy are 
commonly evaluated. However, the visualization components 
of AISyst currently focus exclusively on fidelity. Expert E1 
emphasized that AISyst could be improved by incorporating 
utility and privacy analyses, enabling a more comprehensive as-
sessment of trade-offs among these three key aspects. Experts 
E2 and E3 suggested extending the framework to include reg-
ulatory oversight (e.g., for regulated financial institutions) by 
adding regulators into the loop, thereby supporting more trans-
parent and regulator-aligned validation processes for synthetic 
data and models, both quantitatively and qualitatively.

Regarding the user interface, expert E1 noted that the current 
design is well suited for users with expertise in AI who generate 
the synthetic data, but may not be accessible to those without 
sufficient technical background. In particular, the complexity 
of interactions and the variety of visualizations could be over-
whelming for non-expert users (e.g., in regulated financial insti-
tutions). Experts E1 and E2 suggested that this can be addressed 
by providing clearer workflow guidance within the interface, 
helping users navigate the tool more effectively and reducing 
cognitive overload.

7   |   Discussion and Limitations

This section presents the findings from the case studies and ex-
pert feedback, highlighting the effectiveness and strengths of 
AISyst. In addition, we outline several limitations of the cur-
rent version and propose possible solutions for future work.

7.1   |   Discussion

AISyst effectively supports all the tasks mentioned. Multivariate 
resemblance analysis (task T1) is facilitated through scatterplots 
generated using DR methods, enabling a two-dimensional visual 

comparison of the overall distributions of real and synthetic 
data. Correlation analysis (task T2) is primarily supported by 
the bivariate correlation visualization, which includes heatmaps 
for the real data, synthetic data and their differences, as well 
as a detailed correlation view between two selected variables. 
Figure  12 presents the distribution of the variables 5CREDIT 
and 12CONSCIOUS in the bivariate correlation analysis vi-
sualization. Univariate similarity analysis (task T3) is mainly 
achieved through both the univariate similarity and bivariate 
correlation visualization. For example, in the income dataset, 
Figure  13b shows the distribution of the 10DAILY TRAVEL 
variable in the univariate visualization. Besides, in univariate 
analysis, a table that compares variable types between the real 
and synthetic datasets to identify mismatches, such as integer 
versus float types.

Subgroup fidelity exploration (task T4) is primarily supported 
through a combination of multiple visualizations—particularly 
the scatterplot in the multivariate analysis visualization—along 
with other visualizations such as the bivariate correlation vi-
sualization, which displays correlations between two variables 
while highlighting the data records selected in the multivariate 
scatterplot. Outlier and rare category detection (task T5) is also 
supported through the integration of several visualizations, in 
a manner similar to subgroup fidelity exploration. For example, 
a region in the diabetes dataset highlighted in Figure 15c rep-
resents an outlier subgroup in which all data records have blood 
pressure values close to 0 in Figure 15b.

Compared to existing interactive visual systems for evaluat-
ing synthetic data (see, e.g., Noruzman et al. 2021; Santangelo 
et al. 2025), AISyst reveals where and how synthetic data fail. 
Most existing approaches provide only a single aggregated score 
or a set of basic plots, such as scatterplots and heatmaps. They 
do not support fine-grained exploration to explain why synthetic 
data may fail to accurately represent certain subgroups, which 
can ultimately lead to lower utility scores compared to real data. 
AISyst enables detailed analysis of subgroup-specific data 
characteristics, helping AI experts not only answer whether the 
synthetic data has lower fidelity than real data, but also explain 
why and where the synthetic data fail.

AISyst contributes to assisting AI experts in evaluating whether 
the current synthetic data needs to be regenerated or whether 
fine-tuning the generative models could improve the quality 
of the synthetic data. For example, in the diabetes dataset, we 
found that the synthetic data includes many blood pressure val-
ues less than 0, which are not possible. This insight allows us to 
fine-tune the generative models to avoid values below 0.

In the case studies, AISyst was applied to three datasets con-
taining up to 10k data records and more than 50 variables, 
for implementing the DR method and the three visualizations. 
The DR method, using UMAP, took up to 8 s, which is accept-
able in real-world scenarios. This is not a limitation of AISyst, 
which is capable of handling larger datasets with more re-
cords and variables—the capability that can be explored in 
future work.

Apart from the three case studies, we also conducted sanity 
checks by randomly selecting some data records from the 
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three synthetic datasets and treating them as if they were real 
data to evaluate the generated AI report results. Overall, the 
AI reports indicated that the synthetic data were near-perfect 
replications across multiple validation dimensions. For details, 
please refer to the three AI-generated reports in the sanity_
check_ai_report folder in the Supporting Information 
(https://github.com/llqsee/SynAccess/tree/main/data).

7.2   |   Limitations

The current version of the synthetic data evaluation focuses ex-
clusively on tabular datasets. However, many other types of gen-
erative data exist, such as images and text, which AISyst is not 
currently designed to evaluate. In future work, we plan to extend 
AISyst to support not only tabular data but also additional data 
modalities. Furthermore, the current implementation of AISyst 
only allows comparison between a single synthetic dataset and 
the corresponding real dataset. In practice, it is often benefi-
cial to compare multiple synthetic datasets against the same 
real dataset. We aim to expand AISyst to support such multi-
dataset comparisons in future versions. In addition, the present 
version of AISyst focuses solely on analysing fidelity. Future 
work will include an exploration of the trade-offs between fidel-
ity, utility and privacy, providing a more comprehensive evalua-
tion framework. Furthermore, AISyst is designed to be generic, 
which makes it difficult to incorporate domain-specific metrics 
or background knowledge. For example, in the clinical domain, 
constraints such as the clinical constraint violation rate or re-
quirements like pregnancy being limited to biologically female 
patients are not explicitly considered. In future work, we plan to 
incorporate more concrete domain-specific knowledge. Finally, 
AISyst currently supports only pairwise correlation analysis 
between two variables. However, in some cases, three or more 
variables may exhibit strong mutual dependencies, which can-
not be captured by pairwise analysis alone. To address this 
limitation, we plan to develop a novel visualization technique—
based on an extended heatmap—that can effectively represent 
correlations among three or more variables.

Regarding the scatterplots generated from dimensionality 
reduction (DR) algorithms, when there are too many data in-
stances, overplotting occurs. Our current visualization strategy 
first renders the real dataset, followed by the synthetic dataset. 
As a result, many real data instances are obscured by overlap-
ping synthetic data instances.

To address this issue, numerous enhanced scatterplot designs 
have been proposed within the visualization community. As 
introduced by Ellis and Dix  (2007), these approaches can be 
broadly categorized into three groups:

1.	 Appearance improvement methods, which seek to reduce 
visual clutter while preserving the original spatial layout, 
such as sampling techniques that selectively remove points 
(Bertini and Santucci 2004; Bertini and Santucci 2005) and 
aggregation techniques that summarize groups of points 
into higher-level visual representations (Carr et al. 1987).

2.	 Spatial distortion methods, which intentionally modify 
the spatial arrangement of data points to reveal hidden 

structures and reduce overlap, including point or line dis-
placement techniques such as Splatterplots (Mayorga and 
Gleicher  2013) and topology-preserving distortions that 
reorganize point locations while maintaining neighbour-
hood relationships (Liu et al. 2024).

3.	 Temporal methods, which exploit animation or inter-
active transitions to reveal information that cannot be 
displayed simultaneously in a static view (Waldeck and 
Balfanz 2004).

Each category offers different trade-offs between preserving 
geometric accuracy, maintaining data readability and sup-
porting analytical tasks. Appearance-improvement methods 
typically preserve the original data coordinates but may hide 
individual observations; spatial-distortion methods improve vis-
ibility at the cost of positional fidelity; and temporal approaches 
can reveal additional information but require users to integrate 
observations over time. Consequently, the choice of technique 
depends on the characteristics of the dataset and the analytical 
goals of the visualization system. One or more of these methods 
could be applied in AISyst in our future work.

It should be noted that the data type of each variable was in-
ferred based on the actual values present in the datasets, without 
considering their real-world semantics. This posed a challenge 
for AISyst, which had to ‘guess’ the type and range of variables 
based solely on the appearance of the available values, some-
times leading to misconceptions. For example, the values of a 
variable such as blood pressure may have been measured using a 
physical or digital instrument, and thus be inherently of float 
type, but were presented in the dataset as rounded values, giv-
ing the impression of an integer type. Another example is a 
person's age, which is often reported as a whole number of years 
(e.g., age at the most recent birthday), despite being effectively 
a continuous variable that is rounded for practical reporting 
purposes.

The current evaluation is primarily based on qualitative feedback 
collected through interviews with domain experts. Although 
this approach provides valuable insights into the usefulness and 
practical applicability of AISyst, the number of participants was 
limited and no controlled user study was conducted to collect 
quantitative measures such as task completion time, response 
accuracy, or usability metrics. Consequently, the effectiveness of 
the system has not yet been assessed through quantitative eval-
uation. Conducting larger-scale user studies with quantitative 
performance measures represents an important direction for 
future work.

We note that the anomaly detection algorithm in AISyst is designed 
to support interactive visual exploration rather than to function as 
a standalone anomaly detection method. Therefore, the focus of 
this work is on the effectiveness of the overall visual analytics sys-
tem rather than on maximizing anomaly detection performance 
in isolation. As a result, we did not perform a quantitative bench-
marking study comparing the proposed algorithm with existing 
anomaly detection techniques. While such an evaluation would be 
valuable for understanding the relative strengths and weaknesses 
of different detection strategies, it falls outside the scope of the cur-
rent work. Future research could investigate this aspect through 
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controlled benchmarking experiments on datasets with known 
anomaly labels and standard evaluation metrics.

8   |   Conclusion

This paper presented an AI-powered interactive visual system, 
AISyst, designed to evaluate the fidelity of tabular synthetic 
data. The system comprises four main components: a multi-
variate resemblance analysis visualization for assessing overall 
data distribution; a bivariate correlation analysis visualization 
for examining correlations between variable pairs; a univariate 
similarity analysis visualization for analysing the distribution 
of individual variables and detecting variable type mismatches; 
and an AI assistant for generating general summary reports. 
AISyst not only assists AI experts in assessing the overall qual-
ity of synthetic data, but also enables to explore where and why 
synthetic data fail. The three case studies demonstrated the ef-
fectiveness of AISyst in supporting all evaluation tasks identi-
fied through literature review and expert consultation. Expert 
feedback also affirmed the usability of the system and its poten-
tial for a wider deployment. In future work, we plan to extend 
AISyst beyond tabular data to support other data modalities, 
such as images and language, expanding its applicability across 
various domains of synthetic data generation and evaluation.
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