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Abstract

The proliferation of high-dimensional census data has precipitated a growing tension between the imperative to democratize
data access and the stringent legal requirements surrounding individual privacy. Microdata labs, traditionally the secure
environments for empirical demographic research, increasingly rely on synthetic data generation to mitigate disclosure
risks while attempting to preserve the analytical utility of the underlying datasets. However, evaluating whether synthetic
data can reliably substitute original survey data for complex downstream sociological and economic modeling remains a
profound methodological challenge. Traditional utility metrics, which predominantly focus on univariate or bivariate
distributional equivalence, often fail to capture the deep, multipoint structural dependencies inherent in human population
data. This paper proposes a novel framework for predicting the survey validity of synthetic census data by employing
advanced graph analysis techniques. By transforming tabular microdata into complex network representations, we evaluate
the topological fidelity of the synthetic data against its original counterpart. We explore how structural metrics, including
centrality distributions, community modularity, and path-length preservation, serve as robust predictors for the validity of
downstream regression and classification tasks. Through extensive simulated environments modeling national statistical
office operations, our findings indicate that graph-based structural parity strongly correlates with high survey validity,
offering a superior evaluation mechanism compared to traditional marginal preservation methods. The insights derived
from this study provide a foundation for optimizing synthetic data generation pipelines in secure research facilities.
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1. Introduction
1.1 Background and Context

The collection, curation, and dissemination of census microdata constitute the foundational infrastructure for contemporary
socio-economic research, public policy formulation, and demographic analysis. National statistical offices and
governmental bodies invest heavily in the systematic enumeration of populations to gather granular information
encompassing variables such as household composition, educational attainment, employment status, and income
distribution. Historically, access to these rich datasets was severely restricted, confined to highly secure, physically isolated
environments known as census microdata labs. Researchers operating within these labs were subjected to rigorous vetting
processes and draconian data export controls to ensure that no individual respondent could be re-identified. However, the
paradigm of modern data science demands greater accessibility, reproducibility, and collaborative scale, which physical
enclaves inherently stifle. Consequently, the statistical community has experienced a paradigm shift toward privacy-
enhancing technologies, chief among them being synthetic data generation. Synthetic datasets are entirely artificially
generated records that mirror the statistical properties and multivariate relationships of the original census microdata
without containing any genuine individual observations. By replacing real data with high-fidelity proxies, statistical
agencies aim to democratize access to critical demographic information while maintaining strict compliance with
comprehensive data protection frameworks such as the General Data Protection Regulation and various national privacy
mandates.

Despite the conceptual elegance of synthetic data, the operational reality introduces profound complexities. The primary
challenge lies in the inherent trade-off between privacy guarantees and analytical utility. If a synthetic generation model is
heavily regularized to prevent the memorization and subsequent disclosure of original records, it often smooths over the
critical, nuanced anomalies and complex structural dependencies that make census data valuable for intricate sociological
modeling. Researchers relying on this synthetic data must have absolute confidence that the statistical inferences, predictive
models, and policy recommendations they generate will hold true if applied to the original, hidden dataset. This concept,
known as survey validity, is the absolute bedrock of synthetic data utility. If a researcher conducts a multivariate regression
analysis on synthetic data and discovers a correlation between regional educational subsidies and localized poverty

Vol. 1, Issue 2 (2026) 40



Data Science and Computational Intelligence | https://dscij.org

reduction, that same correlation, with equivalent magnitude and statistical significance, must exist in the original microdata.
Ensuring and predicting this validity prior to external dissemination is the most pressing technical hurdle currently facing
census microdata administrators.

1.2 Problem Statement and Motivation

The existing methodologies for evaluating the utility and survey validity of synthetic microdata are largely inadequate for
capturing the multidimensional reality of human populations. The conventional approach predominantly relies on marginal
distribution comparisons. In these traditional evaluations, administrators compare the univariate frequencies, such as the
proportion of individuals in specific age brackets, or bivariate relationships, such as the correlation between age and
income, across both the original and synthetic datasets. While preserving these basic statistical moments is necessary, it is
entirely insufficient for predicting the validity of advanced analytical tasks. Human populations are characterized by deeply
intertwined, higher-order relationships. For instance, the intersectional relationship between a specialized occupation, a
specific geographic sub-region, a narrow age cohort, and specific household structures creates complex, multi-way
dependencies that simple correlation matrices and marginal comparisons simply cannot illuminate. As a result, datasets
that appear highly useful under traditional evaluation metrics frequently fail to support complex machine learning models
or high-dimensional generalized linear models, leading to false statistical conclusions.

The motivation for this research stems from the necessity to develop a holistic, structural evaluation framework that moves
beyond tabular row-and-column comparisons and embraces the relational complexity of the data. Network theory and
graph analysis offer a compelling alternative paradigm. By representing tabular census data as a complex network, where
nodes represent specific variable attributes or individual household constructs, and edges represent the co-occurrence or
conditional dependencies between these elements, we can utilize the vast arsenal of graph topology metrics to assess
structural fidelity. The central hypothesis driving this investigation is that the topological integrity of this data-derived
graph serves as a highly accurate predictor of downstream survey validity. If the synthetic dataset maintains the complex
community structures, central hubs, and edge weight distributions of the original dataset graph, it is overwhelmingly likely
to preserve the statistical validity required for high-dimensional demographic research.

1.3 Objectives and Scope of the Study

This paper aims to bridge the critical gap between synthetic data generation and empirical survey validity by introducing a
comprehensive graph analysis framework tailored specifically for census microdata labs. The primary objective is to
demonstrate how transforming high-dimensional, categorical, and continuous demographic variables into bipartite and
multipartite graph structures allows for a more profound evaluation of synthetic data utility. We seek to systematically
define the mapping process from tabular constraints to topological networks and to identify which specific graph theoretical
metrics exhibit the strongest predictive power regarding the success of standard demographic survey analyses.

The scope of this research encompasses the entire pipeline of data synthesis and evaluation. We detail the theoretical
underpinnings of the approach, outline the methodology for generating synthetic baseline datasets using state-of-the-art
probabilistic generative modeling, and describe the algorithmic transformation of this tabular data into analyzable graph
structures. Furthermore, we conduct an extensive series of simulated experiments to empirically validate our hypothesis.
By applying classical sociological modeling tasks, such as income prediction and household clustering, to both the original
and synthetic datasets, we quantify the degradation of survey validity and correlate this degradation directly with measured
deviations in graph topology. Ultimately, this work provides national statistical offices and data curators with a robust,
scalable, and highly predictive methodology to certify the quality of synthetic microdata before it is released to the broader
scientific community, ensuring that privacy-preserving measures do not come at the cost of empirical truth.

2. Literature Review and Theoretical Background
2.1 The Evolution of Synthetic Data Generation

The conceptualization of synthetic data as a mechanism for statistical disclosure control traces its origins to the early
theoretical proposals in statistical privacy, where researchers first recognized the ultimate limitations of traditional
anonymization techniques such as data masking, suppression, and aggregation [1]. Early attempts at data synthesis were
heavily parametric, relying on the assumption that demographic variables followed well-defined, classical statistical
distributions. These foundational approaches typically utilized sequential modeling techniques, where a single variable was
simulated from a known marginal distribution, and subsequent variables were generated using conditional probability
models based on the previously synthesized variables. While theoretically sound for low-dimensional datasets, these
methods proved highly brittle when confronted with the immense dimensionality and non-linear relationships characteristic
of modern national census records [2]. The sequential nature of these early models meant that estimation errors cascaded
through the generation pipeline, leading to synthetic outputs that lost all coherence in their higher-order joint distributions.

The advent of advanced computational statistics and machine learning fundamentally transformed the landscape of
synthetic data generation. The statistical community began to adopt nonparametric and semi-parametric approaches to
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capture the intricacies of population microdata without relying on rigid distributional assumptions. Decision tree
ensembles, specifically those based on the classification and regression tree algorithms, emerged as a highly popular
methodology for generating synthetic census data [3]. By recursively partitioning the data space based on the strongest
predictive relationships between variables, these models could capture complex, non-linear dependencies. Furthermore,
the integration of probabilistic graphical models, such as Bayesian networks, provided a robust mathematical framework
for defining and synthesizing the conditional dependencies across dozens of demographic attributes simultaneously [4].
More recently, the field has seen the aggressive introduction of deep generative models, including variations of generative
adversarial networks and variational autoencoders, which attempt to learn the underlying latent manifold of the census
data. However, while these machine learning approaches produce highly realistic singular records, they often struggle with
the rigid deterministic constraints of census data, such as the logical impossibility of a five-year-old individual possessing
a university degree or a primary income.

2.2 Survey Validity and the Utility-Privacy Tradeoff

The central tension in all synthetic data generation efforts is the inherent, mathematically quantifiable tradeoff between
privacy preservation and data utility. Perfect data utility is only achievable by releasing the exact original dataset, thereby
maximizing privacy risk, whereas perfect privacy is achieved by releasing completely random noise, thereby destroying
all utility [5]. Navigating this continuum requires robust metrics for evaluation. Survey validity, in the context of synthetic
microdata, is defined as the degree to which an analytical conclusion drawn from the synthetic dataset matches the
conclusion that would have been drawn from the original dataset. It is not merely about the data looking realistic; it is about
the data behaving realistically under the duress of complex statistical interrogation.

Historically, data custodians have relied on generalized utility metrics that compute the distance between the multivariate
probability density functions of the original and synthetic data. A common technique involves calculating the propensity
score, a measure derived from training a discriminative classification model to distinguish between genuine and synthetic
records [6]. If the model is entirely unable to differentiate the two, the datasets are deemed statistically indistinguishable,
implying high utility. While propensity scores provide a useful global aggregate measure of utility, they offer very little
granular insight into which specific structural relationships have been preserved or destroyed. Furthermore, researchers
have noted that datasets with identical global propensity scores can exhibit drastically different performance when
subjected to specific, localized survey analyses, such as modeling the employment outcomes of small, marginalized
demographic cohorts [7]. This realization has driven the search for evaluation methodologies that can unpack the black box
of multivariate distributions and assess the structural scaffolding of the data directly.

2.3 Graph Theory in Tabular Data Analysis

Graph theory, the mathematical study of networks consisting of nodes connected by edges, has traditionally been applied
to inherently relational data, such as social network interactions, biological protein pathways, and telecommunications
infrastructure. However, its application to non-relational, tabular census data represents a significant and highly promising
methodological shift in the field of data analytics. The core insight driving this translation is that the rows and columns of
a dataset can be conceptually reorganized to represent a web of interconnected attributes and entities [8]. By modeling
individuals, households, and their corresponding categorical attributes as interconnected nodes in a large-scale graph,
researchers can leverage decades of established network analysis algorithms to uncover hidden structural patterns.

In the context of census microdata, this graph-theoretic approach enables the transition from assessing isolated statistical
moments to evaluating comprehensive structural topology. When a dataset is represented as a network, the importance of
a particular demographic intersection can be quantified using centrality metrics, while the natural clustering of socio-
economic groups can be identified through community detection algorithms [9]. Previous studies have demonstrated that
transforming tabular healthcare records into patient-attribute bipartite graphs allows for superior identification of
anomalous treatment patterns. By extending this theoretical framework to census microdata, we postulate that the structural
topology of the dataset-derived graph is intrinsically linked to its statistical survey validity. If a generative model fails to
capture the true underlying data distribution, this failure will manifest as a distortion in the graph topology, such as the
fragmentation of dense demographic communities or the shifting of eigenvector centrality away from critical, highly
correlated variable nodes. Measuring these topological distortions thereby provides a direct, highly sensitive, and
profoundly descriptive metric for predicting the downstream validity of the synthetic dataset.

3. Synthetic Data Generation Methodology
3.1 Data Ingestion and Structural Preprocessing

The foundation of our proposed framework begins with the systematic ingestion and rigorous preprocessing of the original
census microdata. Within the secure confines of the microdata lab environment, the raw datasets exhibit immense
complexity, comprising a heterogeneous mixture of continuous variables, ordinal variables, and high-cardinality
categorical variables. To prepare this data for both robust synthetic generation and subsequent graph transformation, a
highly standardized preprocessing pipeline must be executed. The initial phase involves the detailed mapping of
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hierarchical relationships and deterministic constraints inherent in demographic enumeration. Census data is not simply a
collection of independent variables; it is governed by strict logical rules. For example, marital status is conditionally
dependent on reaching a minimum legal age, and specific occupational classifications are often strictly tied to prerequisite
educational attainments. These logical constraints must be explicitly cataloged before any generation occurs.

Following the constraint mapping, the microdata undergoes structural harmonization. Continuous variables, such as total
annual household income or precise geographic coordinates, are often highly skewed and exhibit complex multimodal
distributions. To facilitate stable generative modeling, these variables are systematically scaled and, in some cases,
optimally binned into ordinal categories to preserve localized density without overwhelming the generative algorithms with
extreme outliers. Categorical variables with extremely high cardinality, such as detailed industry codes or granular regional
identifiers, pose a significant risk of memorization and subsequent privacy disclosure during the synthesis process. To
mitigate this, we employ specialized embedding techniques that project these high-dimensional categories into a lower-
dimensional continuous space, capturing the semantic similarities between categories without retaining the exact sparse
representations. Throughout this entire preprocessing phase, we calculate and store the baseline marginal probabilities and
conditional frequency distributions, as these constitute the initial reference points against which the synthetic outputs will
eventually be calibrated.

3.2 Probabilistic Generative Modeling Approach

To generate the synthetic baseline datasets for our structural evaluation, we utilize an advanced probabilistic generative
framework that relies on the precise estimation of multivariate joint distributions. Rather than employing opaque deep
learning architectures, we focus on highly interpretable, semi-parametric approaches that allow for the direct injection of
the previously mapped deterministic constraints. The core of our generation engine is based on the construction of
sequential conditional probability models, significantly enhanced by ensemble learning techniques. The synthesis process
operates by first establishing a generation sequence for the demographic variables, typically ordered from the most
fundamental demographic characteristics, such as age and geographical region, to the more highly dependent variables,
such as specific income brackets and detailed household consumption metrics.

For each variable in the generation sequence, a dedicated predictive model is trained using all previously synthesized
variables as the input feature space. To capture the complex, non-linear interactions between these demographic features,
we utilize an ensemble of gradient-boosted decision trees. This approach is particularly advantageous for census microdata
because tree-based models naturally handle categorical data, gracefully manage missing values, and are highly resistant to
the scaling issues that plague distance-based algorithms. As the ensemble model predicts the value of a target variable for
a new synthetic record, it does not output a single deterministic value; rather, it outputs a highly refined probability density
function or a discrete probability distribution over all possible outcomes. The final synthetic value is then drawn from this
conditional distribution through a carefully calibrated stochastic sampling process. This ensures that the synthetic dataset
retains the necessary variance and perfectly mimics the structural noise present in the original population. Furthermore, a
secondary constraint-checking module operates concurrently with the sampling process. If a sampled value violates a
known logical census rule, the result is discarded, and the sampling is repeated from a dynamically truncated probability
distribution. This strict adherence to conditional logic ensures that the resulting synthetic dataset is entirely coherent and
devoid of impossible demographic combinations.

4. Graph Analysis Framework for Validity Prediction
4.1 Graph Construction from Tabular Data

The pivotal innovation in our methodology is the transformation of the newly generated synthetic tabular data back into a
rich, multidimensional graph structure to facilitate structural comparison against the original dataset graph. Creating a
meaningful graph from flat demographic records requires a deliberate and sophisticated construction strategy. We employ
a bipartite network projection technique, which conceptually separates the data into two distinct classes of nodes: entity
nodes and attribute nodes. Entity nodes represent the individual records or discrete household units within the census
microdata. Attribute nodes represent every possible state or value of the demographic variables present in the dataset. For
instance, there is a unique attribute node for the educational status of holding a secondary school diploma, and an entirely
separate attribute node for possessing a postgraduate degree.

The edges within this bipartite graph are established exclusively between entity nodes and attribute nodes. An unweighted,
undirected edge is drawn between a specific household entity node and an attribute node if, and only if, that household
possesses that specific demographic characteristic in the tabular dataset. Consequently, a single household entity node will
have a degree equal to the total number of variables in the dataset, effectively acting as a central hub connecting its various
characteristics. Once this primary bipartite graph is constructed, we perform a one-mode projection onto the attribute nodes.
This process eliminates the entity nodes entirely and creates a complex, weighted network consisting solely of
interconnected demographic attributes. In this projected attribute graph, an edge exists between two specific demographic
characteristics if they co-occur within the same household, with the weight of the edge directly proportional to the
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frequency of their co-occurrence across the entire population. This resulting weighted attribute graph serves as the ultimate
topological representation of the dataset's structural dependencies.

Census Microdata Bipartite Network
Individual Attribute Values
Record ID | Age | Income | Education | Region
D1 20 | >$100k | Masters | North
D2 20 | >$100k | Masters North

ID3 20 | >$100k | Masters North
D4 20 | >$100k | Masters North

ID31 40 $10k Masters North

Attribute
e Projection

Co-occurrence
Frequency

0-5
6-15
>15

One-Mode Attribute Graph

Figure 1: Comprehensive Schematic of Bipartite Graph Construction and Attribute Projection for Census Microdata

4.2 Topological Metrics for Validity Evaluation

With both the original census data and the synthetic counterpart transformed into comparable one-mode attribute graphs,
we proceed to extract a comprehensive suite of topological metrics. These metrics are specifically selected for their ability
to quantify the structural integrity of the complex multi-way dependencies that underpin empirical survey validity. The
most fundamental metric analyzed is the degree distribution of the attribute nodes. By comparing the strength and variance
of the connections across all demographic features, we can ascertain whether the synthetic generation process has
artificially suppressed rare feature combinations or, conversely, generated spurious, impossible demographic intersections.
Deviations in the overall degree distribution serve as a primary indicator of gross structural failure.

Beyond basic connectivity, we heavily rely on advanced centrality measures to probe the deeper structural fidelity of the
synthetic data. Eigenvector centrality is particularly crucial in this context. In our census attribute graph, a node with high
eigenvector centrality represents a demographic characteristic that is not only common but frequently co-occurs with other
highly influential and common characteristics, effectively identifying the core socioeconomic profile of the population. By
mapping the shift in eigenvector centrality across all corresponding nodes in the original and synthetic graphs, we calculate
a structural divergence score. Furthermore, we employ specialized community detection algorithms to analyze the
modularity of the graph. In real census data, distinct socio-demographic clusters naturally emerge, forming tightly
interconnected communities of attributes. If the synthetic dataset maintains true survey validity, the modularity score and
the specific composition of these localized communities within its representative graph must closely mirror the structural
baseline of the original network. By mathematically aggregating these diverse topological divergences into a unified
structural error metric, we formulate a powerful predictive proxy for downstream analytical performance.

5. Experimental Results and Discussion
5.1 Experimental Setup and Baselines

To rigorously evaluate the efficacy of our graph analysis framework for predicting survey validity, we constructed a
comprehensive experimental pipeline within a secure, simulated microdata laboratory environment. The primary dataset
utilized for this investigation was a highly complex, representative extract of national census microdata, comprising
hundreds of thousands of individual records encompassing detailed demographic, geographic, educational, and financial
variables. To ensure a robust comparative analysis, we generated two distinct variants of synthetic datasets using different
underlying methodologies. The first variant, designated as the Baseline Synthetic Data, was generated using standard,
unoptimized decision tree ensembles focusing purely on minimizing global propensity scores, representing the current
industry standard for standard utility generation. The second variant, designated as the Graph-Optimized Synthetic Data,
was generated using a modified algorithm that iteratively penalized deviations in the generation sequence based on
localized structural constraints, theoretically preserving a higher degree of relational integrity.
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To quantify survey validity, we defined three diverse, highly complex downstream analytical tasks that mirror the actual
empirical work conducted by demographers and socio-economic researchers. The first task involved constructing a
multivariate generalized linear model to predict total household income based on a complex interaction of educational,
occupational, and regional variables. The second task utilized a density-based spatial clustering algorithm to identify
marginalized urban communities based on household density and employment status. The third task involved a complex
classification model to predict educational attainment levels across different generational cohorts. We executed these three
analytical tasks independently on the original raw census data to establish the absolute empirical truth, acting as the gold
standard baseline for all subsequent validity measurements.

Table 1: Comparison of Graph Topological Divergence Metrics Between Synthetic Datasets

Topological Metric Evaluated Baseline Synthetic Divergence Graph-Optimized Synthetic Divergence
Attribute Degree Distribution Shift High Variance Minimal Variance
Eigenvector Centrality Rank Correlation Moderate Correlation Strong Correlation
Community Modularity Preservation Fragmented Communities Intact Clustering
Mean Weighted Path Length Deviation Significant Lengthening Near Equivalence
Edge Weight Density Distribution Over-smoothed Highly Accurate

5.2 Structural Fidelity and Validity Prediction

The experimental results unequivocally demonstrate the profound predictive power of our proposed graph analysis
framework. The initial phase of our analysis focused purely on the structural comparison of the attribute graphs derived
from the datasets. As detailed in the comparative analysis, the Baseline Synthetic dataset, despite achieving an acceptable
global propensity score, exhibited massive topological distortions. Its derived graph showed significant fragmentation in
community modularity, indicating that while the univariate statistics were preserved, the complex, multi-way intersections
that define specific socioeconomic classes were entirely obliterated during the standard synthesis process. The eigenvector
centrality rankings in the baseline graph were heavily skewed, promoting generic demographic traits while completely
severing the vital connections associated with rare, critical sub-populations. Conversely, the Graph-Optimized dataset
maintained a remarkable structural resemblance to the original microdata network. The preservation of weighted path

lengths and dense community clustering confirmed that the intricate conditional dependencies were successfully captured
and reproduced.

1.0

Survey Model Accuracy Data Points (Density-coded)
Linear Regression Line
95% Confidence Interval

Downstream Survey Validity Accuracy (SVA)

0.0 0.2 0.4 0.6 0.8 1.0
Graph Topological Fidelity Metric (GTF)

Figure 2: Multidimensional Plot Correlating Graph Topological Fidelity with Downstream Survey Validity Accuracy

The crucial validation of our hypothesis occurred when correlating these structural metrics with the actual survey validity
scores derived from the downstream analytical tasks. We quantified survey validity by measuring the statistical distance
between the model coefficients and clustering centroids produced by the synthetic data against those produced by the
original data. The results were stark and highly conclusive. The Baseline Synthetic dataset, which exhibited severe graph
topological divergence, yielded wildly inaccurate analytical conclusions. Models trained on this baseline data produced
regression coefficients with inverted polarities and identified non-existent spatial clusters, rendering the dataset effectively
useless for advanced empirical research despite its superficial statistical compliance. In sharp contrast, the analytical models
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executed on the Graph-Optimized dataset produced results that were statistically indistinguishable from the gold standard
original data.

Table 2: Predictive Accuracy and Survey Validity Measurement for Downstream Tasks

Downstream Analytical Task Baseline Survey Validity Score Graph-Optimized Validity Score

Multivariate Income Regression

Cocfficients Severe Deviation Statistically Indistinguishable
gll)sgltiilzgnsny—Based Community False Cluster Identification High Centroid Alignment
Generational Education Classification Degraded Precision Maintained Predictive Power
Logistic Interaction Effects Estimation Unreliable Significance Consistent Confidence Intervals
Marginalized Sub-population Identification =~ High False Negative Rate Accurate Identification

5.3 Discussion of Findings

The findings of this extensive experimental evaluation carry profound implications for the operational protocols of census
microdata labs and statistical agencies worldwide. The immediate and most glaring conclusion is that the continued reliance
on global propensity scores and simple marginal distribution comparisons is fundamentally insufficient and potentially
dangerous for ensuring the utility of synthetic data [10]. When statistical offices release synthetic datasets based on these
antiquated metrics, they risk propagating structural artifacts that will systematically mislead downstream researchers,
potentially resulting in flawed public policy decisions based on structurally unsound empirical analysis. The
multidimensional complexity of human demographic behavior is encoded not in the isolated variables themselves, but in
the specific, dense web of their interactions, a reality perfectly captured by our graph-theoretic approach [11].

By utilizing graph topological metrics as the primary evaluation gateway, data custodians are provided with a highly
sensitive, diagnostic tool. If a synthetic dataset demonstrates poor eigenvector centrality alignment or fragmented
community modularity upon initial generation, the synthesis pipeline can be halted, and the generative models can be
dynamically re-calibrated. The graph framework effectively operates as a high-resolution diagnostic imaging system for
the internal structure of tabular data. Furthermore, our findings suggest that synthetic generation algorithms must evolve
beyond simple row-by-row simulation and actively incorporate network topology preservation as a core optimization
objective during the training phase. By forcing the generative models to directly penalize the destruction of critical graph
edges, we can guarantee a substantially higher baseline of empirical validity, ensuring that the democratization of census
data through privacy-preserving mechanisms fulfills its ultimate scientific promise.

6. Conclusion and Future Directions
6.1 Summary of Contributions

This research has presented a fundamentally novel methodology for evaluating and predicting the empirical survey validity
of synthetic census data by leveraging the vast analytical capabilities of graph theory. We have systematically demonstrated
that traditional evaluation metrics, which rely heavily on univariate and bivariate statistical comparisons, fail to adequately
capture the deep structural complexities and multi-way conditional dependencies inherent in massive demographic datasets.
By introducing a robust framework that transforms standard tabular microdata into intricate, weighted attribute graphs, we
have provided a mechanism to quantify structural fidelity with unprecedented resolution. Our extensive experimental
results confirm our central hypothesis: the preservation of critical graph topological metrics, such as community
modularity, eigenvector centrality, and weighted path distributions, serves as a highly accurate and reliable predictor for
the success of complex downstream sociological and economic modeling tasks. Datasets that maintain their structural
integrity across this network transformation consistently yield high survey validity, thereby proving their operational worth
as privacy-preserving substitutes for original census records.

6.2 Practical Implications and Limitations

The practical implications of this study for national statistical offices and secure microdata environments are substantial.
Implementing this graph analysis framework allows data custodians to certify the analytical utility of synthetic datasets
before public dissemination, significantly mitigating the risk of distributing structurally flawed data that could lead to
erroneous policy conclusions. It provides a standardized, mathematically rigorous gateway that balances the absolute
necessity of individual privacy with the uncompromising demands of empirical scientific research. However, it is essential
to acknowledge the limitations of this current framework. The transformation of massive census datasets into dense, one-
mode attribute networks requires significant computational resources, and the calculation of advanced centrality metrics
across millions of interrelated nodes can introduce substantial processing latency. Future research must focus on optimizing
these graph projection algorithms for highly scalable, distributed computing environments. Furthermore, exploring the
application of dynamic, temporal graph theory to longitudinal census data represents a critical next step in advancing this
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methodology, ensuring that the structural evolution of populations over time is accurately captured and preserved within
the synthetic generation pipeline [12].
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