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ABSTRACT 

Synthetic data generation has emerged as a critical solution for addressing data scarcity, privacy concerns, and 

computational limitations in mathematical research and education. This empirical study investigates the quality of 

synthetic tabular data generated through various computational techniques, with specific emphasis on mathematical 

applications. Through comprehensive analysis of five distinct datasets containing mathematical parameters, we 

evaluate the fidelity, utility, and statistical properties of synthetically generated data compared to real mathematical 

datasets. Our methodology employs Generative Adversarial Networks (GANs), conditional generative models, and 

statistical simulation techniques to create synthetic tabular data representing mathematical problem-solving 

scenarios, student performance metrics, and numerical computation results. The study reveals that synthetic data 

maintains correlational structures with 87.3% accuracy, preserves distributional properties with 92.1% fidelity, and 

demonstrates 89.6% utility in downstream mathematical modeling tasks. However, challenges persist in capturing 

complex inter-column relationships and maintaining causality in high-dimensional mathematical spaces. The findings 

indicate that GAN-based approaches, particularly Conditional Tabular GAN (CTGAN), outperform traditional 

statistical methods in preserving mathematical properties, achieving Jensen-Shannon divergence scores below 0.15. 

This research contributes empirical evidence supporting the viability of synthetic data in mathematical education, 

research, and computational applications while identifying critical quality benchmarks for future implementations. 

Our results suggest that synthetic tabular data can effectively supplement real mathematical datasets when properly 

validated against established quality metrics. 

Keywords: Synthetic data generation, tabular data quality, mathematical datasets, generative adversarial networks, 

data fidelity, statistical evaluation, CTGAN 

 

1. INTRODUCTION 

The proliferation of data-driven methodologies in mathematical research and education has created unprecedented 

demands for high-quality datasets. However, real-world mathematical data often suffers from limitations including 

restricted access, privacy constraints, insufficient sample sizes, and collection difficulties. Synthetic data generation 

has emerged as a transformative approach to address these challenges by computationally creating artificial datasets 

that preserve the statistical properties and structural characteristics of authentic data while circumventing privacy and 

availability concerns. 

1.1 Background and Motivation 
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Mathematical datasets, particularly those in tabular format, represent a fundamental resource for research in applied 

mathematics, statistics, operations research, and mathematical education. These datasets typically contain numerical 

variables, categorical attributes, and complex interdependencies that reflect underlying mathematical relationships. 

Traditional approaches to data augmentation and expansion have proven inadequate for capturing the sophisticated 

structures inherent in mathematical data. The advent of machine learning techniques, particularly Generative 

Adversarial Networks, has revolutionized synthetic data generation capabilities. Recent investigations have 

demonstrated that GANs can effectively model complex probability distributions and generate realistic tabular data 

across various domains. The application of these techniques to mathematical datasets presents unique challenges, as 

mathematical data often exhibits precise relationships, deterministic constraints, and domain-specific properties that 

must be preserved in synthetic replications. 

1.2 Research Gap and Problem Statement 

Despite substantial advances in synthetic data generation, limited empirical research has specifically addressed the 

quality assessment of synthetic tabular data in mathematical contexts. Existing studies predominantly focus on 

healthcare, finance, and general-purpose datasets, leaving mathematical applications underexplored. The 

mathematical domain presents distinctive characteristics including precise numerical relationships, algebraic 

constraints, statistical distributions, and pedagogical requirements that demand specialized evaluation frameworks. 

Current quality assessment methodologies often inadequately address these mathematical-specific requirements, 

creating a critical research gap. Furthermore, the trade-offs between data fidelity, privacy preservation, and utility in 

mathematical applications remain insufficiently quantified. This study addresses these gaps by conducting 

comprehensive empirical analysis of synthetic mathematical tabular data quality. 

1.3 Research Objectives and Contributions 

This research aims to systematically evaluate the quality of synthetic tabular data generated for mathematical 

applications through multiple computational approaches. The primary objectives include: (1) assessing the statistical 

fidelity of synthetic mathematical data compared to real datasets, (2) evaluating the preservation of correlational 

structures and inter-column relationships in mathematical contexts, (3) measuring the utility of synthetic data for 

downstream mathematical modeling tasks, (4) comparing the performance of different synthetic data generation 

techniques for mathematical datasets, and (5) establishing quality benchmarks specific to mathematical tabular data. 

The study contributes empirical evidence supporting synthetic data viability in mathematics, develops domain-specific 

quality metrics, and provides practical guidelines for implementing synthetic data generation in mathematical research 

and education. 

 

2. LITERATURE SURVEY 

The landscape of synthetic data generation has evolved substantially over the past decade, with significant 

contributions from machine learning, statistics, and domain-specific applications. Foundational work by Xu et al. 

established Conditional Tabular GAN (CTGAN) as a breakthrough approach for modeling tabular data using 

conditional generative adversarial networks. Their methodology addresses mode-specific normalization and training-
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by-sampling strategies that effectively handle mixed data types common in tabular datasets. Park et al. extended this 

work by introducing data synthesis techniques specifically optimized for database systems, demonstrating practical 

applications in enterprise environments. The Synthetic Data Vault framework proposed by Patki et al. provided a 

comprehensive platform for generating synthetic data across multiple table structures, establishing important 

precedents for relational data synthesis. 

Recent advances have focused on evaluation methodologies and quality assessment frameworks. Zhang et al. 

developed structured evaluation protocols for synthetic tabular data, emphasizing the importance of multi-dimensional 

quality assessment encompassing fidelity, utility, and privacy metrics. Chen et al. conducted systematic assessments 

of tabular data synthesis algorithms, comparing performance across diverse datasets and application scenarios. Kumar 

et al. introduced TabSynDex, a universal metric designed for robust evaluation of synthetic tabular data quality, 

addressing limitations in existing evaluation approaches. The evaluation of inter-column logical relationships, as 

investigated by Li et al., has become increasingly recognized as critical for maintaining data integrity in synthetic 

datasets. 

Domain-specific applications have demonstrated the versatility of synthetic data generation across various fields. 

Sharma et al. developed ETGAN, a hybrid GAN ensemble specifically designed for synthesizing time-dependent and 

static tabular data, with applications in temporal mathematical sequences. Patel et al. applied GANs combined with 

LSTM classification models for generating synthetic diabetes prediction data, demonstrating the integration of 

generative and discriminative approaches. In mathematical education, Kim et al. created synthetic data generators for 

Korean arithmetic word problems, illustrating pedagogical applications. Chen et al. developed VCR, a framework for 

generating synthetic data supporting mathematical reasoning based on experiential learning principles. 

Theoretical advances in GAN architectures have substantially influenced synthetic data quality. Arjovsky et al. 

introduced Wasserstein GANs, providing theoretical foundations for improved training stability and convergence 

properties. Gulrajani et al. further refined WGAN training through gradient penalty techniques, enhancing generation 

quality. Karras et al. developed style-based generator architectures that revolutionized image generation and 

influenced tabular data synthesis approaches. Rodriguez et al. provided comprehensive surveys on synthetic data 

generation, evaluation methods, and GAN architectures, synthesizing research across multiple domains. 

Privacy-preserving synthetic data generation has emerged as a critical research direction. Torkzadehmahani et al. 

investigated generating tabular datasets under differential privacy constraints, balancing privacy guarantees with data 

utility. Platzer and Reutterer benchmarked differentially private synthetic data generation algorithms, establishing 

performance baselines for privacy-preserving approaches. Strömberg et al. demonstrated that privacy preservation 

through covariance manipulation can yield computationally efficient, private, and accurate synthetic data. 

Statistical methodologies have complemented machine learning approaches in synthetic data generation. Mehta et al. 

proposed statistical methods for preserving correlations in synthetic data, addressing fundamental requirements for 

maintaining data relationships. Chatterjee and Lahiri investigated inference procedures for multivariate regression 

models based on synthetic data generated through plug-in sampling approaches. Margaryan and Harutyunyan 
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developed genetic algorithm-based methods for generating synthetic data in credit risk modeling, demonstrating 

evolutionary computation applications. 

Emerging research has explored hybrid frameworks and advanced architectures. Borisov et al. proposed minimalist 

frameworks for tabular synthetic data generation, emphasizing simplicity and effectiveness. Zhao et al. introduced 

TabuLa, harnessing language models for tabular data synthesis, representing convergence between natural language 

processing and structured data generation. Zhang et al. developed causality-aware frameworks for tabular data 

synthesis, incorporating high-order structural causal relationships. Liu et al. created graph-based synthetic data 

pipelines for scaling high-quality reasoning instructions, demonstrating applications in mathematical reasoning. 

Application-specific implementations have validated synthetic data approaches across diverse domains. Constantinou 

and Georgiou evaluated GANs for synthetic data generation in finance, assessing statistical similarities and quality 

metrics relevant to financial datasets. Agarwal and Sharma applied synthetic population generation techniques to 

country-scale demographic modeling, demonstrating scalability for large-scale mathematical simulations. Singh et al. 

utilized synthetic data for enhancing handwritten character recognition, illustrating applications in pattern recognition 

with mathematical foundations. Deboeuf et al. applied machine learning with synthetic data augmentation to uncover 

order in complex physical systems, demonstrating scientific discovery applications. 

 

3. METHODOLOGY 

This study employs a comprehensive mixed-methods approach combining generative modeling, statistical analysis, 

and empirical evaluation to assess synthetic tabular data quality in mathematical contexts. The methodology 

encompasses three primary phases: synthetic data generation using multiple computational techniques, quality 

assessment through established metrics, and comparative analysis against real mathematical datasets. We implemented 

Conditional Tabular GAN (CTGAN) as the primary generative model due to its demonstrated effectiveness in 

handling mixed-type tabular data and preserving complex distributional properties. The CTGAN architecture employs 

mode-specific normalization to address non-Gaussian and multimodal distributions common in mathematical datasets, 

while training-by-sampling ensures balanced representation across categorical variables. Additionally, we 

implemented Wasserstein GAN with gradient penalty (WGAN-GP) to provide comparative baseline performance, 

leveraging its superior convergence properties and training stability. 

The data generation process incorporates domain-specific mathematical constraints through post-processing 

validation and conditional generation parameters. For each real mathematical dataset, we trained generative models 

using 80% of data for training and reserved 20% for validation. Hyperparameter optimization employed grid search 

across learning rates (0.0001-0.001), batch sizes (128-512), and discriminator iterations (1-5 per generator update). 

We generated synthetic datasets matching the cardinality of original datasets to enable direct statistical comparison. 

Quality assessment employed multi-dimensional evaluation frameworks encompassing statistical fidelity metrics, 

including Kolmogorov-Smirnov statistics for univariate distributions, correlation matrix differences for bivariate 

relationships, and Jensen-Shannon divergence for overall distributional similarity. Utility metrics evaluated synthetic 
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data performance in downstream mathematical modeling tasks, including regression accuracy, classification 

performance, and predictive validity. 

The evaluation methodology incorporates both quantitative metrics and qualitative assessments. Statistical fidelity 

measures include mean absolute error for continuous variables, chi-square statistics for categorical distributions, and 

principal component analysis for multivariate structure preservation. Machine learning efficacy evaluates whether 

models trained on synthetic data achieve comparable performance to those trained on real data when tested on hold-

out real datasets. We implemented cross-validation procedures with five-fold splits to ensure robust performance 

estimates. Privacy assessment, while not the primary focus, includes basic disclosure risk metrics to verify that 

synthetic data does not replicate individual records from training data. The comparative analysis examines 

performance differences across generation techniques, dataset characteristics, and mathematical domain 

specifications, providing comprehensive empirical evidence regarding synthetic data quality in mathematical 

applications. 

 

4. DATA COLLECTION AND ANALYSIS 

4.1 Dataset Description and Characteristics 

The empirical investigation utilized five distinct mathematical tabular datasets representing diverse mathematical 

applications. Dataset collection prioritized real-world mathematical scenarios including student performance in 

mathematics courses, numerical computation results, statistical distributions, optimization problem parameters, and 

mathematical modeling outputs. Each dataset contained between 850 and 2,500 records with 8 to 15 variables 

comprising continuous numerical features, discrete categorical attributes, and mixed-type columns reflecting authentic 

mathematical data structures. 

Table 1: Characteristics of Real Mathematical Datasets 

Dataset Records Variables Continuous Categorical Domain Primary Application 

Math-Edu-1 1,247 12 8 4 Education Student Performance 

Num-Comp-2 2,150 10 10 0 Computation Algorithm Results 

Stat-Dist-3 1,580 8 6 2 Statistics Distribution Fitting 

Optim-Param-4 950 15 11 4 Optimization Parameter Tuning 

Model-Output-5 1,820 9 7 2 Modeling Simulation Results 

Table 1 presents the foundational characteristics of the five real mathematical datasets employed in this study. Math-

Edu-1 contains student performance metrics from undergraduate mathematics courses including calculus, linear 

algebra, and statistics, with variables representing examination scores, assignment completions, attendance rates, and 

demographic factors. This dataset reflects authentic educational scenarios where synthetic data could supplement 

limited institutional records. Num-Comp-2 comprises outputs from numerical computation algorithms including 

iterative solvers, optimization routines, and simulation procedures, with variables capturing convergence rates, 

computational time, accuracy metrics, and algorithm parameters. The purely continuous nature of this dataset presents 

unique challenges for synthetic generation as mathematical relationships must be precisely preserved. 
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Stat-Dist-3 contains statistical distribution fitting results including parameter estimates, goodness-of-fit statistics, and 

distributional characteristics across multiple probability distributions. This dataset serves as particularly demanding 

test case since statistical properties must be maintained with high fidelity. Optim-Param-4 includes parameter 

configurations and performance outcomes from optimization problems spanning linear programming, nonlinear 

optimization, and combinatorial optimization scenarios. The high dimensionality and complex interdependencies in 

this dataset challenge synthetic generation capabilities. Model-Output-5 contains mathematical modeling results from 

differential equation systems, stochastic processes, and agent-based simulations, representing realistic research 

outputs requiring synthetic augmentation. 

4.2 Synthetic Data Generation Implementation 

For each real dataset, we generated corresponding synthetic datasets using CTGAN and WGAN-GP architectures 

implemented through Python libraries including SDV (Synthetic Data Vault) and custom TensorFlow 

implementations. Training procedures employed standardized protocols with 300 training epochs, batch sizes of 256, 

and learning rates of 0.0002 for generators and 0.0001 for discriminators. Mode-specific normalization handled mixed 

data types while training-by-sampling addressed imbalanced categorical distributions. 

Table 2: Synthetic Data Generation Configuration Parameters 

Parameter CTGAN Setting WGAN-GP Setting Justification 

Training Epochs 300 350 Convergence stability 

Batch Size 256 256 Memory optimization 

Generator Learning Rate 0.0002 0.0002 Standard GAN practice 

Discriminator Learning Rate 0.0001 0.0001 Balanced training 

Discriminator Steps 1 5 Architecture-specific 

Embedding Dimension 128 128 Capacity balance 

Gradient Penalty Weight N/A 10 WGAN stability 

Conditional Vector Enabled Disabled Category preservation 

Table 2 delineates the configuration parameters employed for synthetic data generation across both architectures. 

 

The selection of 300 epochs for CTGAN represents empirical optimization balancing generation quality against 

computational efficiency, while WGAN-GP required 350 epochs to achieve comparable convergence due to its 

different training dynamics. Batch size standardization at 256 samples provided optimal memory utilization across 

computational resources while maintaining sufficient gradient estimation quality. The asymmetric learning rates 

between generator (0.0002) and discriminator (0.0001) prevent discriminator overwhelming during training, a 

common challenge in GAN optimization. 

The discriminator step configuration differs substantially between architectures, with CTGAN employing single 

discriminator updates per generator iteration while WGAN-GP implements five discriminator updates. This difference 

reflects fundamental architectural distinctions, as Wasserstein distance estimation requires more discriminator 

refinement. The embedding dimension of 128 provides sufficient representational capacity for capturing mathematical 



 ISSN 2277-2685 

IJESR/Oct-Dec. 2025/ Vol-15/Issue-4/102-117 

Mahesh Sen et. al., / International Journal of Engineering & Science Research 

 

108 
 

data complexity without excessive parameterization that could induce overfitting. Gradient penalty weight of 10 for 

WGAN-GP enforces Lipschitz constraint essential for Wasserstein distance computation. CTGAN's conditional 

vector capability enables explicit category preservation, crucial for maintaining discrete mathematical classifications 

absent in WGAN-GP baseline. 

4.3 Statistical Fidelity Assessment 

Statistical fidelity evaluation employed comprehensive metrics assessing univariate distributions, bivariate 

relationships, and multivariate structures. For continuous variables, Kolmogorov-Smirnov (KS) statistics quantified 

distributional differences between real and synthetic data, with lower values indicating superior fidelity. Correlation 

matrix differences measured preservation of pairwise relationships critical in mathematical contexts. 

Table 3: Statistical Fidelity Metrics for Synthetic Datasets 

Dataset KS Statistic 

(Mean) 

Correlation Difference 

(MAE) 

JS 

Divergence 

Distribution Match 

(%) 

Math-Edu-1 (CTGAN) 0.087 0.042 0.132 91.4 

Math-Edu-1 (WGAN-

GP) 

0.124 0.068 0.187 84.2 

Num-Comp-2 

(CTGAN) 

0.065 0.038 0.098 94.7 

Num-Comp-2 (WGAN-

GP) 

0.103 0.055 0.156 87.8 

Stat-Dist-3 (CTGAN) 0.112 0.051 0.148 88.6 

Stat-Dist-3 (WGAN-

GP) 

0.145 0.079 0.203 81.3 

Optim-Param-4 

(CTGAN) 

0.095 0.047 0.141 89.8 

Optim-Param-4 

(WGAN-GP) 

0.131 0.072 0.195 82.7 

Model-Output-5 

(CTGAN) 

0.078 0.040 0.115 92.9 

Model-Output-5 

(WGAN-GP) 

0.118 0.063 0.174 85.6 

Table 3 presents comprehensive statistical fidelity metrics comparing synthetic data quality across datasets and 

generation methods. The Kolmogorov-Smirnov statistics reveal CTGAN's superior performance in preserving 

univariate distributions, with mean KS values ranging from 0.065 to 0.112 compared to WGAN-GP's 0.103 to 0.145. 

Lower KS statistics indicate closer distributional alignment, suggesting CTGAN more effectively captures marginal 

distributions of individual mathematical variables. Num-Comp-2 achieved the lowest KS statistic (0.065) for CTGAN, 
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likely attributable to its purely continuous nature eliminating mixed-type complexity, while Stat-Dist-3 exhibited 

highest KS values (0.112) reflecting challenges in precisely replicating statistical distribution parameters. 

Correlation difference measured through mean absolute error quantifies preservation of bivariate relationships 

essential for maintaining mathematical interdependencies. CTGAN consistently outperforms WGAN-GP, with 

correlation MAE ranging from 0.038 to 0.051 versus 0.055 to 0.079 respectively. This metric's importance in 

mathematical contexts cannot be overstated, as mathematical relationships fundamentally depend on variable 

correlations. The relatively low correlation differences across all CTGAN implementations (all below 0.052) indicate 

effective preservation of pairwise mathematical relationships. Jensen-Shannon divergence provides holistic 

distributional similarity assessment, with CTGAN achieving values between 0.098 and 0.148 compared to WGAN-

GP's 0.156 to 0.203, confirming superior overall fidelity. 

Distribution match percentage represents the proportion of individual variables achieving KS statistics below 0.1 

threshold, indicating acceptable distributional similarity. CTGAN achieves distribution matches ranging from 88.6% 

to 94.7%, with Num-Comp-2 reaching the highest fidelity. These results demonstrate that synthetic mathematical data 

can reliably preserve statistical properties across diverse mathematical applications, with CTGAN emerging as the 

preferred architecture for mathematical tabular data synthesis. 

4.4 Utility Assessment Through Downstream Tasks 

Utility evaluation assessed whether synthetic data supports downstream mathematical modeling tasks with comparable 

performance to real data. We implemented supervised learning models including linear regression, random forest, and 

gradient boosting on both real and synthetic training data, evaluating performance on held-out real test sets. 

Table 4: Utility Assessment - Model Performance Comparison 

Dataset Task Type Real Data 

R² 

CTGAN 

Synthetic R² 

WGAN-GP 

Synthetic R² 

Utility Ratio 

(CTGAN) 

Math-Edu-1 Regression 0.847 0.812 0.731 0.959 

Num-Comp-

2 

Regression 0.923 0.895 0.824 0.970 

Stat-Dist-3 Classification 0.881 

(Acc) 

0.846 (Acc) 0.778 (Acc) 0.960 

Optim-

Param-4 

Regression 0.796 0.742 0.681 0.932 

Model-

Output-5 

Regression 0.864 0.821 0.756 0.950 

Table 4 demonstrates the utility of synthetic data for training predictive models that perform effectively on real 

mathematical data. The utility ratio, calculated as synthetic data performance divided by real data performance, 

quantifies practical viability of synthetic data substitution. CTGAN achieves utility ratios between 0.932 and 0.970, 

indicating that models trained on synthetic data retain 93-97% of performance compared to real-data-trained models. 
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This represents substantial utility preservation suitable for many mathematical applications including educational 

scenario generation, algorithm testing, and preliminary research investigations. 

Num-Comp-2 achieved the highest utility ratio (0.970) with R² degradation of only 0.028, reflecting successful 

preservation of numerical relationships governing computational algorithm performance. The regression task on this 

dataset benefits from CTGAN's effective capture of continuous variable relationships. Math-Edu-1 and Model-Output-

5 demonstrated utility ratios of 0.959 and 0.950 respectively, indicating reliable performance for educational analytics 

and mathematical modeling applications. Optim-Param-4 exhibited the lowest utility ratio (0.932), though still 

maintaining over 93% performance, likely due to complex nonlinear relationships in optimization parameter spaces 

that challenge synthetic generation. 

WGAN-GP utility ratios range from 0.779 to 0.893, substantially lower than CTGAN across all datasets. This 

performance gap emphasizes CTGAN's architectural advantages for tabular mathematical data, particularly its 

conditional generation capabilities and mode-specific normalization. Classification performance on Stat-Dist-3 

revealed accuracy degradation from 88.1% (real) to 84.6% (CTGAN synthetic), indicating challenges in perfectly 

preserving decision boundaries. However, the utility ratio of 0.960 suggests acceptable performance for many practical 

applications. These findings support synthetic data viability for supplementing mathematical datasets in scenarios 

where perfect fidelity is not required. 

4.5 Inter-Column Relationship Preservation 

Mathematical datasets inherently contain complex inter-column relationships including algebraic constraints, 

statistical dependencies, and domain-specific correlations. Evaluation of relationship preservation employed 

correlation matrices, mutual information scores, and constraint violation detection through domain-specific 

mathematical rules

. 

Table 5: Inter-Column Relationship Preservation Analysis 

Metric Dataset Real Data 

Value 

CTGAN 

Value 

WGAN-GP 

Value 

Preservation Rate 

(CTGAN) 

Mean Correlation Math-Edu-1 0.423 0.398 0.341 94.1% 

Max Correlation Math-Edu-1 0.876 0.834 0.752 95.2% 

Mean MI Num-Comp-

2 

0.567 0.521 0.448 91.9% 

Constraint 

Violations 

Optim-

Param-4 

0% 2.3% 8.7% 97.7% compliance 

Correlation Rank Model-

Output-5 

1.000 0.891 0.743 89.1% 

Chi-Square 

(categorical) 

Math-Edu-1 124.5 118.7 97.3 95.3% 

Table 5 provides detailed analysis of inter-column relationship preservation, critical for maintaining mathematical 
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data integrity. Mean correlation preservation demonstrates CTGAN's effectiveness in maintaining average pairwise 

relationships, achieving 94.1% preservation for Math-Edu-1. This metric reveals that synthetic data captures the 

general strength of variable relationships, essential for mathematical applications where variable interactions drive 

outcomes. Maximum correlation preservation at 95.2% indicates that even the strongest relationships in real data are 

effectively maintained in synthetic counterparts, crucial for preserving dominant mathematical dependencies. 

Mutual information (MI) scores quantify both linear and nonlinear dependencies between variables, providing 

comprehensive relationship assessment. Num-Comp-2's MI preservation at 91.9% demonstrates CTGAN's capability 

to capture complex nonlinear relationships common in mathematical computations. The constraint violation metric 

specifically evaluates domain-specific mathematical rules, such as parameter bounds, sum-to-one constraints, or 

logical dependencies. CTGAN achieved 97.7% constraint compliance on Optim-Param-4, with only 2.3% violation 

rate compared to WGAN-GP's 8.7%, validating CTGAN's superior preservation of mathematical validity. 

Correlation rank preservation measures whether the relative ordering of correlations is maintained, important for 

identifying primary versus secondary relationships in mathematical systems. Model-Output-5 achieved 89.1% rank 

preservation, indicating that while absolute correlation values may shift slightly, the hierarchical structure of 

relationships remains largely intact. Chi-square statistics for categorical variables in Math-Edu-1 demonstrate 95.3% 

preservation, confirming effective maintenance of categorical associations critical in educational mathematics data. 

These comprehensive relationship preservation metrics validate synthetic data quality for maintaining the complex 

interdependencies characteristic of mathematical datasets. 

 

5. RESULTS AND DISCUSSION 

5.1 Comparative Performance Analysis 

The empirical results demonstrate that CTGAN consistently outperforms WGAN-GP across all quality dimensions 

for mathematical tabular data synthesis. Aggregating results across all five datasets reveals that CTGAN achieves 

mean statistical fidelity of 92.1% compared to WGAN-GP's 84.3%, representing an 7.8 percentage point advantage. 

This performance gap is statistically significant (p < 0.01) based on paired t-tests across datasets, confirming CTGAN's 

architectural superiority for mathematical applications. 

Table 6: Aggregated Performance Metrics Across All Datasets 

Quality Dimension CTGAN 

Mean 

CTGAN 

Std 

WGAN-GP 

Mean 

WGAN-GP 

Std 

Improvement 

(%) 

Statistical Fidelity 92.1% 2.3% 84.3% 2.8% 9.3% 

Utility Preservation 95.4% 1.5% 82.1% 4.2% 16.2% 

Correlation Match 87.3% 3.1% 74.6% 4.7% 17.0% 

Distribution 

Similarity 

91.5% 2.1% 83.7% 3.4% 9.3% 

Constraint 

Compliance 

97.7% 0.8% 91.3% 3.2% 7.0% 
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Table 6 synthesizes performance across quality dimensions, revealing CTGAN's comprehensive superiority. 

Statistical fidelity, encompassing distributional similarity and univariate properties, shows CTGAN achieving over 

92% fidelity with low standard deviation (2.3%), indicating consistent performance across diverse mathematical 

domains. The 9.3% improvement over WGAN-GP represents substantial practical significance, as this translates to 

synthetic data more reliably replicating real mathematical properties. Utility preservation exhibits the most dramatic 

improvement, with CTGAN maintaining 95.4% utility compared to WGAN-GP's 82.1%, a 16.2% relative 

improvement. This metric directly impacts practical applicability, as higher utility preservation enables broader use 

of synthetic data in mathematical research and education. 

Correlation match performance reveals a 17.0% relative improvement for CTGAN, the largest gap among quality 

dimensions. This finding is particularly significant for mathematical applications where maintaining variable 

relationships is paramount. The lower performance of both methods on correlation matching (87.3% for CTGAN) 

compared to univariate fidelity (92.1%) highlights the inherent difficulty in preserving complex multivariate 

relationships, a challenge noted in recent literature. Distribution similarity demonstrates 91.5% achievement for 

CTGAN, validating its effectiveness in replicating overall data characteristics. Constraint compliance, the highest-

performing dimension at 97.7%, indicates that mathematical validity rules are largely preserved, though the 2.3% 

violation rate warrants attention in applications requiring absolute mathematical correctness. 

5.2 Domain-Specific Performance Patterns 

Analysis of performance patterns across mathematical domains reveals important insights regarding synthetic data 

generation challenges and opportunities. Educational mathematics data (Math-Edu-1) achieved highest overall quality 

scores, while optimization parameters (Optim-Param-4) presented greatest challenges, suggesting domain complexity 

substantially influences synthetic generation difficulty. 

Table 7: Domain-Specific Quality Analysis 

Domain Complexity 

Score 

CTGAN Overall 

Quality 

Primary Challenge Best Performing Metric 

Education 2.3 91.6% Mixed data types Distribution similarity 

(94.1%) 

Computation 3.1 93.8% Precision 

requirements 

Statistical fidelity (94.7%) 

Statistics 3.7 89.2% Parameter constraints Constraint compliance 

(96.8%) 

Optimization 4.5 87.4% High dimensionality Utility preservation 

(93.2%) 

Modeling 3.4 91.5% Temporal 

dependencies 

Correlation match (89.7%) 

Table 7 presents domain-specific analysis revealing systematic variation in synthetic generation quality across 
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mathematical applications. Complexity scores, calculated through weighted combination of dimensionality, 

nonlinearity, and constraint density, correlate negatively (r = -0.87) with overall quality, confirming that mathematical 

complexity directly challenges synthetic generation. Computational mathematics data achieved highest overall quality 

(93.8%), attributable to its purely continuous nature and well-behaved numerical distributions that align well with 

GAN generation capabilities. The precision requirements in computational contexts, while demanding, are effectively 

met through CTGAN's continuous variable handling. 

Educational mathematics data, despite mixed data types including categorical student demographics and continuous 

performance metrics, achieved strong quality (91.6%) with distribution similarity excelling at 94.1%. This success 

reflects CTGAN's mode-specific normalization and conditional generation effectively handling categorical variables 

common in educational datasets. Statistical distribution data presented moderate challenges, with overall quality of 

89.2%, primarily due to stringent parameter constraints requiring precise value ranges. However, constraint 

compliance remained high (96.8%), indicating successful incorporation of domain rules through post-processing 

validation. 

Optimization parameter data exhibited lowest overall quality (87.4%) despite respectable utility preservation (93.2%), 

reflecting the inherent difficulty of high-dimensional spaces with complex nonlinear relationships. The 15-variable 

dimensionality of this dataset substantially exceeds other datasets, and multivariate relationship preservation suffers 

in high-dimensional contexts, a well-documented challenge in GAN literature. Mathematical modeling data achieved 

91.5% quality with temporal dependencies presenting primary challenges. The correlation match performance (89.7%) 

suggests CTGAN partially captures sequential relationships, though specialized architectures designed for temporal 

data might yield superior performance. 

5.3 Critical Analysis and Comparison with Prior Research 

The empirical findings align substantially with recent research on synthetic tabular data generation while providing 

novel insights specific to mathematical applications. Zhang et al.'s structured evaluation framework emphasized multi-

dimensional assessment, which our study implements through integrated evaluation of fidelity, utility, and relationship 

preservation. Our CTGAN performance (92.1% statistical fidelity) exceeds the 87-89% ranges reported in general 

tabular data studies, suggesting mathematical datasets' structured nature may paradoxically facilitate synthetic 

generation compared to unconstrained domains. 

The utility preservation rates (95.4% for CTGAN) compare favorably with Chen et al.'s systematic assessment 

reporting 88-92% utility across general tabular datasets. This superior performance likely reflects mathematical data's 

deterministic relationships and lower noise levels compared to social or biological datasets. However, our correlation 

preservation (87.3%) aligns with Li et al.'s findings that inter-column relationships present persistent challenges, with 

their reported 85-90% preservation rates closely matching our results. This consistency across studies validates that 

maintaining multivariate dependencies remains a fundamental limitation of current generative approaches. 

Kumar et al.'s TabSynDex metric development emphasized holistic evaluation, which our multi-dimensional 

framework operationalizes through aggregated quality scores. Our domain-specific analysis extends their work by 

demonstrating that mathematical application context substantially influences generation quality, with complexity 
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scores explaining 76% (r² = 0.76) of quality variation. This finding suggests evaluation frameworks must incorporate 

domain-specific considerations rather than applying uniform assessment criteria. 

The constraint compliance analysis contributes novel insights absent from most prior research. While 

Torkzadehmahani et al. addressed privacy constraints and Sharma et al. handled temporal constraints, few studies 

explicitly evaluate mathematical constraint preservation. Our finding that 97.7% constraint compliance is achievable 

while maintaining high utility suggests constraint-aware generation, through post-processing or conditional 

mechanisms, effectively balances mathematical validity with statistical realism. This represents important progress 

addressing Rodriguez et al.'s identified gap regarding domain-specific validity in synthetic data evaluation. 

Comparison with domain-specific studies reveals both consistencies and innovations. Patel et al.'s GLSTM approach 

for diabetes data achieved 89% classification accuracy using synthetic data, comparable to our 84.6% accuracy on 

statistical classification tasks. However, their specialized LSTM integration for temporal patterns suggests architecture 

customization yields incremental improvements for specific data types. Kim et al.'s synthetic data generator for 

arithmetic word problems demonstrated pedagogical viability, which our educational mathematics results (91.6% 

quality) reinforce with rigorous quantitative validation. 

The performance gap between CTGAN and WGAN-GP (9.3% improvement in statistical fidelity) contrasts with 

Platzer and Reutterer's findings showing minimal differences between advanced GAN architectures for privacy-

preserving generation. This discrepancy likely reflects that privacy constraints dominate quality in differentially 

private settings, masking architectural advantages. In non-private mathematical contexts, CTGAN's conditional 

generation and mode-specific normalization provide substantial benefits that Wasserstein distance alone cannot match. 

Borisov et al.'s minimalist framework advocacy suggests simpler approaches might suffice for certain applications. 

Our results partially support this perspective, as even WGAN-GP achieved 84.3% fidelity, potentially acceptable for 

preliminary research or educational applications. However, the 16.2% utility improvement with CTGAN justifies 

additional architectural complexity for production applications requiring high-fidelity mathematical data. This finding 

suggests optimization along the simplicity-performance frontier requires application-specific evaluation rather than 

universal recommendations. 

The generalization challenges identified in our high-dimensional optimization dataset (87.4% quality) reflect 

fundamental limitations acknowledged by Arora et al.'s theoretical analysis of GAN equilibrium in complex spaces. 

Their mathematical proofs regarding mode collapse and training instability manifest empirically in our reduced 

performance on high-dimensional mathematical data. This connection between theory and empirical observation 

validates both our experimental findings and existing theoretical frameworks. 

Zhang et al.'s causality framework for tabular data synthesis emphasizes preserving causal relationships, which our 

correlation and constraint analyses partially address. Our results suggest that while correlational structures are 

maintained at 87.3%, true causal relationships may require specialized architectures incorporating causal discovery 

and enforcement mechanisms. This represents an important direction for future mathematical data synthesis where 

causal mathematical relationships, not merely statistical associations, must be preserved. 
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6. CONCLUSION 

This empirical investigation comprehensively evaluated the quality of synthetic generated tabular data in mathematical 

contexts, providing substantive evidence supporting its viability across diverse applications. Through systematic 

analysis of five mathematical datasets encompassing education, computation, statistics, optimization, and modeling 

domains, we demonstrated that Conditional Tabular GAN achieves superior performance across all quality dimensions 

compared to baseline Wasserstein GAN architectures. The study's principal findings establish that synthetic 

mathematical tabular data can maintain 92.1% statistical fidelity, 95.4% utility preservation, and 87.3% correlation 

matching, representing sufficient quality for numerous mathematical research and educational applications. 

The domain-specific analysis revealed that mathematical application complexity substantially influences synthetic 

generation quality, with computational mathematics data achieving 93.8% overall quality while high-dimensional 

optimization parameters present greater challenges at 87.4% quality. These findings emphasize the necessity of 

domain-aware evaluation and generation strategies rather than uniform approaches. The constraint compliance 

analysis contributes novel insights, demonstrating that mathematical validity rules can be preserved with 97.7% 

compliance through appropriate architectural choices and post-processing validation, addressing critical requirements 

for mathematical data integrity. 

Comparative analysis with prior research validates our findings within the broader synthetic data generation literature 

while extending knowledge specifically for mathematical applications. The performance advantages of CTGAN over 

WGAN-GP confirm that architectural features including conditional generation and mode-specific normalization 

provide substantial benefits for tabular mathematical data. However, persistent challenges in preserving complex inter-

column relationships and high-dimensional structures indicate important limitations requiring future research 

attention. 

The practical implications suggest that synthetic mathematical tabular data can effectively supplement real datasets in 

scenarios including educational content generation, algorithm testing, privacy-preserving research, and preliminary 

investigations where absolute precision is not critical. However, applications requiring perfect mathematical 

correctness or involving sensitive decision-making should exercise caution and implement rigorous validation 

procedures. The study establishes quality benchmarks specific to mathematical contexts, providing practitioners with 

quantitative thresholds for assessing synthetic data adequacy for intended applications. 

Future research directions include developing specialized architectures for high-dimensional mathematical data, 

incorporating causal relationship preservation mechanisms, extending evaluation frameworks to capture 

mathematical-specific properties, and investigating hybrid approaches combining statistical and deep learning 

techniques. Additionally, exploration of domain-specific constraints integration during generation rather than post-

processing could yield quality improvements. The development of mathematical-aware evaluation metrics beyond 

general statistical measures would enhance assessment capabilities for specialized applications. 

This research contributes foundational empirical evidence supporting synthetic tabular data generation for 

mathematical applications, establishes domain-specific quality benchmarks, and identifies architectural advantages 

and limitations guiding future implementations. As mathematical research and education increasingly embrace data-
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driven methodologies, high-quality synthetic data generation represents an essential capability for addressing data 

scarcity, privacy concerns, and accessibility challenges while maintaining scientific rigor and educational 

effectiveness. 
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