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Abstract

Purpose — This study examines how equitable taxation can be designed under conditions of severe
informational scarcity, where standard assumptions regarding income observability and the reliable estimation
of behavioral elasticities do not hold. It proposes a structure-based approach to redistribution, in which
observable economic networks provide indirect but policy-relevant information for fiscal design.
Design/methodology/approach — This paper integrates graph neural networks with distributionally robust
optimization to infer income-relevant structural embeddings from observable non-monetary characteristics such
as education, occupation, region and formality status. Individuals are represented as nodes within an economic
network, where links capture economic similarity and opportunity structure. Tax rules are optimized over
Wasserstein ambiguity sets to explicitly account for income uncertainty and limited observability. The
framework is evaluated through simulations of two stylized economies — a cohesive network and a fragmented
network — using empirically calibrated synthetic data grounded in household surveys and administrative
aggregates.

Findings — Tax rules based on GNN-derived structural embeddings consistently outperform benchmark scoring
rules that rely solely on observable proxies. The proposed approach achieves larger reductions in post-tax
inequality and lower regressivity while exhibiting greater robustness to income ambiguity and network
perturbations. Redistributive performance improves with higher structural connectivity, underscoring the role of
informational topology as a determinant of fiscal capacity.

Research limitations/implications — The analysis abstracts from strategic tax evasion, labor supply responses
and general equilibrium effects. Instead, it focuses on the informational foundations of redistributive capacity
under partial observability.

Practical implications — The framework provides tax administrations with a method to transform existing non-
monetary registries and fragmented administrative data into actionable fiscal information without relying on
intrusive income monitoring.

Social implications — By enhancing structural observability, the proposed approach has the potential to
strengthen fairness, transparency and trust in fiscal governance, particularly in economies characterized by high
informality and limited administrative capacity.

Originality/value — This study contributes to the literature on optimal taxation by demonstrating that
progressive redistribution remains feasible under severe informational constraints when the economic structure
serves as a substitute for direct income observability. By combining network-based representation learning with
distributionally robust fiscal optimization, it introduces a transparent and policy-relevant framework for tax
design in data-poor environments.
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JEFAS 1. Introduction

31,62 The design of redistributive tax systems under conditions of informational scarcity remains a
central and unresolved challenge in public finance and development economics. Canonical
optimal tax theory, originating in Mirrlees (1971), derives optimal redistribution under the
assumption that a social planner can condition tax schedules on sufficiently accurate
information about individual productivity, preferences and behavioral elasticities. While
subsequent extensions have relaxed certain informational requirements, the core logic of
optimal taxation continues to rely on a degree of observability that is rarely attainable in
practice, particularly in developing and emerging economies characterized by informality,
fragmented reporting systems and limited administrative capacity (Gordon and Li, 2009;
Kanbur and Keen, 2014; Bukovina et al., 2025). In such environments, endogenous evasion,
misreporting and non-compliance further weaken the informational foundations of fiscal
policy, effectively transforming information itself into a scarce and valuable input for taxation
(Becker, 1968; Ravallion, 1992; Barreix et al., 2017).

These constraints have motivated a growing body of literature that treats informational
limitations not as a second-order complication but as a defining feature of real-world tax
design. However, most approaches continue to conceptualize information primarily in terms
of noisy income signals or unobserved behavioral parameters. This paper advances a
complementary perspective: when direct income observability is weak or unreliable, the
structure of the economy itself — the configuration of occupational, educational, geographic
and sectoral linkages — constitutes an alternative and underutilized source of fiscal
information. Economic structure shapes opportunity sets, risk exposure and earning
potential, thereby encoding latent information relevant for redistribution, even when
individual incomes are unobserved or mismeasured (Hidalgo and Hausmann, 2009;
Battiston et al., 2016).

From this perspective, economic topology can serve as an informational asset for tax
design. Relational patterns embedded in labor markets, production networks and regional
systems generate regularities that persist even in environments characterized by high
informality and weak enforcement. When conventional microdata are incomplete or
unreliable, these structural regularities can serve as indirect substitutes for declarative
income data, enabling redistribution grounded in observable economic relationships rather
than self-reported indicators (Messina and Silva, 2021; International Labor Organization
(ILO), 2023; International Monetary Fund (IMF), 2023). This view is consistent with
institutional evidence indicating that states with limited fiscal capacity often rely — implicitly
or explicitly — on non-monetary registries and structural proxies to implement taxation and
transfers.

Recent advances in representation learning and robust optimization provide the
methodological tools required to operationalize this structural approach. Graph Neural
Networks (GNNs) offer a principled way to model economies as networks in which
individuals are represented as nodes connected through economically meaningful relations.
By aggregating information across local and global network neighborhoods, GNNs generate
structural embeddings that summarize an individual’s position within the opportunity structure
of the economy using observable characteristics such as education, occupation, region and
formality status — features that typically remain available even in low-capacity administrative
systems (Hamilton et al., 2017; Xu et al., 2018; Velickovi¢, 2023). These embeddings capture
latent income-relevant information while preserving interdependencies that are invisible to
standard, individual-level scoring rules (Sahu et al., 2020; Gao et al., 2023).

Embedding-based fiscal rules can then be integrated with distributionally robust
optimization to explicitly account for uncertainty in income realizations. Rather than
assuming a known income distribution or point predictions, the planner evaluates tax policies
under worst-case income scenarios consistent with observed structural information. This
approach builds on recent contributions to robust decision-making in economics, which
emphasize policies that perform reliably under ambiguity and model misspecification
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(Carroll, 2015; Athey and Imbens, 2019; Nguyen et al., 2023; Vairo, 2023). In this framework, Journal of

redistribution is no longer conditioned on precise income observability, but rather on Economics,
structurally informed uncertainty sets. Finance and

The empirical analysis evaluates this framework using simulations of two stylized ~ Administrative
economies calibrated to reproduce sectoral, educational and regional heterogeneity observed Science

in Latin America. One economy exhibits relatively cohesive connectivity and moderate
dispersion, reflecting features commonly associated with small, more integrated economies,
while the other displays higher fragmentation and modularity, characteristics of larger and
more heterogeneous settings. In both cases, the fiscal planner lacks access to individual
income data and must rely exclusively on network-derived structural information to design tax
schedules. Across environments, GNN-based tax rules outperform benchmark scoring models
based on observable proxies, delivering greater redistribution and lower post-tax inequality
while remaining robust to informational ambiguity and structural perturbations.

These findings extend the frontier of optimal tax design under limited observability. They
demonstrate that equitable redistribution remains feasible even in data-poor environments
when economic structure substitutes for direct income information. From a policy perspective,
the results suggest that structure-informed taxation enables low-capacity states to transform
existing non-monetary registries into actionable fiscal information, thereby strengthening
redistributive capacity without expanding intrusive data collection. More broadly, the paper
formalizes a structure-based paradigm for equitable taxation that integrates graph-based
representation learning with robust optimization, bridging information economics, network
analysis and applied public finance (Bastani and Waldenstrom, 2020; Spataro and
Crescioli, 2024).

269

2. Literature review
The evolution of optimal taxation has been shaped by a persistent tension between
redistributive ambition and informational feasibility. The foundational framework developed
by Mirrlees (1971) established a normative benchmark in which a benevolent planner designs
tax schedules conditional on individual productivity and preferences, assumed to be either
observable or inferable with sufficient precision. While this model and its extensions remain
central to public finance, their informational requirements contrast sharply with the realities of
low- and middle-income economies, where informality, fragmented reporting systems and
limited administrative capacity severely constrain the availability of verifiable income data
(Gordon and Li, 2009; Kanbur and Keen, 2014; Bukovina et al., 2025). In such settings,
informational limitations are not merely technical frictions but structural features that shape
the attainable degree of redistribution and progressivity (Ravallion, 1992; Barreix et al., 2017).
A growing strand of the literature has responded to these challenges by incorporating
robustness and ambiguity into the optimal tax framework. Rather than assuming precise
knowledge of preferences or income distributions, these models emphasize tax rules that
perform well across a range of plausible environments. Carroll (2015) shows that simple linear
contracts can emerge as robust solutions under utility uncertainty, while Golosov et al. (2016)
formalize redistribution under social insurance ambiguity. Subsequent contributions extend
this logic to macroeconomic uncertainty and cyclical volatility, highlighting the desirability of
fiscal policies that remain effective under heterogeneous behavioral and economic conditions
(Bhandari et al., 2021). More recently, Vairo (2023, 2025) applied minimax and Wasserstein-
based distributional robustness to income taxation, demonstrating that equity and efficiency
can be reconciled even when the planner faces deep uncertainty about income realizations.
Collectively, this literature reframes optimal taxation as a decision-making problem under
informational ambiguity rather than as a precise optimization problem under full observability.
Despite these advances, most robust taxation models abstract from the relational structure
of real economies. Individuals are typically modeled as independent units, implicitly assuming
that income risk, compliance behavior and economic opportunity are idiosyncratic rather than
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JEFAS structurally embedded. However, insights from network economics and complexity theory
31,62 challenge this assumption by emphasizing that economic outcomes are shaped by
interconnected systems of occupations, sectors, regions and institutions (Hidalgo and
Hausmann, 2009; Battiston et al., 2016). Network topology influences access to credit,
exposure to shocks and compliance incentives, implying that redistribution cannot be fully
understood without accounting for structural interdependence (Bastani and Waldenstrom,
2020; Spataro and Crescioli, 2024). Ignoring these interdependencies may lead to inefficient
or regressive outcomes, particularly in contexts characterized by high informality and weak
enforcement (Messina and Silva, 2021; IMF, 2023).

Parallel developments in empirical economics and data science have further transformed
the analysis of inference under uncertainty. Machine learning (ML) methods, such as random
forests, boosting and deep neural networks, have demonstrated superior predictive
performance relative to classical econometric techniques in high-dimensional and noisy
environments (Mullainathan and Spiess, 2017; Athey and Imbens, 2019). However, these
approaches typically rely on assumptions of data independence and exchangeability, which
limit their ability to capture relational dependencies intrinsic to economic systems. Moreover,
concerns regarding algorithmic opacity, fairness and accountability have raised normative
questions about the use of black-box models in redistributive policy design (Chen et al., 2022;
Hashemi et al., 2023; Tchuente et al., 2024).

GNNs address several of these limitations by explicitly modeling agents as nodes
embedded in networks, where both individual attributes and relational structure jointly
determine outcomes (Hamilton et al., 2017; Xu et al., 2018; Velickovi¢, 2023). By aggregating
information across network neighborhoods, GNNs generate embeddings that summarize an
agent’s structural position, capturing latent information unavailable to purely individual-level
models. Empirical applications demonstrate the effectiveness of GNNs in domains
characterized by relational dependence, including fraud detection (Cheng et al., 2020; Bao
et al., 2022; Vallarino, 2025a, b), credit risk assessment (Wang et al., 2025) and systemic
financial stress (Battiston et al., 2016). From a theoretical perspective, results on injectivity
and expressiveness indicate that GNN embeddings can serve as topologically sufficient
statistics under certain conditions, preserving relevant information contained in network
structure (Xu et al., 2018; Noschese and Reichel, 2025).

More recent contributions extend graph-based methods by integrating causal inference and
fairness constraints, improving interpretability and robustness in environments of partial
observability (Liu et al., 2023; Wang et al., 2024; Hort et al., 2024; Vallarino, 20254, b). In
public-sector applications, causal and fairness-aware GNNs have shown promise in improving
targeting efficiency and equity in social programs, suggesting analogous potential in the
design of redistributive tax policies (Chen et al., 2022; Gao et al., 2023; Sachan et al., 2024).
These developments point toward a synthesis in which structural inference, robustness and
normative constraints are jointly embedded in policy design.

In summary, the literature on taxation has evolved from the fully observable benchmark of
Mirrlees (1971) toward robustness-based approaches under informational ambiguity (Carroll,
2015; Vairo, 2023), and more recently to emerging frameworks that exploit economic structure
and network dependencies. However, the integration of graph-based representation learning
with redistributive fiscal design remains limited. Existing work either abstracts from structure
or treats ML as a purely predictive tool, divorced from normative fiscal objectives. This paper
contributes to closing this gap by combining graph-based structural inference with
distributionally robust optimization within a unified framework for equitable tax design
under informational scarcity.

270

3. Method
The methodological framework departs from the classical Mirrleesian paradigm by replacing
the planner’s knowledge of individual types with access to a partially observed economic
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network. Rather than conditioning taxation on explicitly observed productivity or preference Journal of

parameters, this approach assumes that individual opportunities and constraints are Economics,
structurally embedded in observable relational configurations of the economy. This Finance and
perspective reflects a growing consensus among economists that income generation and Administrative
inequality are not purely idiosyncratic outcomes, but are shaped by interdependencies Science

transmitted through social, geographic and occupational linkages (Hidalgo and Hausmann,
2009; Battiston et al., 2016; Messina and Silva, 2021; ILO, 2023).

The analysis considers a stylized economy consisting of a finite population of individuals,
each occupying a position within an economic network defined by observable attributes and
relational proximity. Individuals are characterized by latent productivity and realized income,
together with a vector of non-monetary socio-economic characteristics, including education,
occupation, geographic location, sector and formality status. As in standard optimal tax
models, the fiscal planner cannot observe productivity, effort, or income and lacks access to the
joint distribution of types, preferences, or behavioral elasticities (Mirrlees, 1971; Heathcote
and Tsujiyama, 2021). The key departure from the canonical framework is that the planner
observes a structured representation of the economy in the form of an economic network
constructed from observable similarities and interactions among agents.

Economic networks are inferred from co-occurrence and similarity patterns across
productive and social dimensions such as shared industries, educational trajectories,
geographic proximity and labor market segmentation. This construction follows established
approaches in economic complexity and network-based modeling, where relational proximity
captures similarities in opportunity sets, exposure to risk and institutional constraints (Hidalgo
and Hausmann, 2009; Battiston et al., 2016). The underlying assumption is that individuals
occupying similar positions within the economic network face comparable income-generating
environments, even if realized outcomes differ due to idiosyncratic shocks or unobserved
effort (Bhandari et al., 2021; IMF, 2023).

To extract policy-relevant information from this relational structure, the framework relies
on graph-based representation learning. Observable individual attributes and network
connections are combined to generate low-dimensional structural representations
(embeddings) that summarize each agent’s position within the economic topology. These
embeddings capture both individual characteristics and the structure of local and higher-order
neighborhoods, allowing the planner to infer income-relevant information from incomplete
and noisy data. This approach is consistent with recent advances in ML applied to economic
environments characterized by high dimensionality and limited observability (Mullainathan
and Spiess, 2017; Athey and Imbens, 2019; Velickovi¢, 2023).

The central innovation of the methodology lies in the interpretation of these embeddings.
Rather than treating them as predictive income scores, the framework interprets structural
embeddings as sufficient statistics for fiscal design. Taxation is conditioned on an individual’s
structural position within the economic network rather than on declared income or estimated
productivity. The tax rule maps embeddings into tax liabilities or transfers, thereby grounding
redistribution in structural information rather than in self-reported or weakly enforceable
monetary data. This reframes the planner’s problem from behavioral inference to structural
generalization, where redistributive capacity depends on informational topology rather than
income observability (Golosov et al., 2016; Bastani and Waldenstrom, 2020; Spataro and
Crescioli, 2024).

The planner’s objective is to design a tax rule that maximizes social welfare under model
uncertainty. Unlike standard optimal tax models, this framework does not impose explicit
incentive-compatibility constraints based on observed effort or productivity. Instead, it adopts
a robustness perspective in which fiscal performance is evaluated under worst-case income
distributions consistent with the observed structural embeddings. This formulation explicitly
accounts for ambiguity in income generation and behavioral responses, allowing tax rules to be
evaluated across a range of plausible environments rather than under a single estimated model
(Carroll, 2015; Vairo, 2023; Nguyen et al., 2023).
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JEFAS Model performance is evaluated through simulation-based exercises that assess
31,62 redistributive outcomes, inequality reduction and robustness to informational and structural
perturbations. Sensitivity analyses consider alternative network configurations, stochastic
shocks to income generation and variations in the dependence structure of observable
attributes. These analyses ensure that the results are not driven by specific parametric
assumptions or network realizations. The results remain stable under data scarcity and model
misspecification, in line with best practices in high-dimensional economic simulation (Sahu
272 et al., 2020; Varbanescu and Bartolini, 2023).

Overall, the methodological framework has three implications for public finance and
applied economic modeling. First, it conceptualizes information as an endogenous object of
fiscal design: tax systems can be structured around observable interdependencies rather than
unreliable income declarations. Second, it demonstrates that redistribution without direct
knowledge of individual types is both theoretically feasible and computationally tractable
under ambiguity. Third, the framework aligns with the institutional constraints of developing
economies, where administrative data are limited but structural information embedded in labor
markets and social networks is abundant (Kanbur and Keen, 2014; Barreix et al., 2017;
IMEF, 2023).

The formal mathematical formulation of the model, the definition of the robustness
criterion and the computational details of the graph-based representation learning approach are
provided in the supplementary material.

3.1 Mathematical model

This section outlines the formal structure of the taxation problem under information scarcity.
The presentation emphasizes economic intuition and core modeling assumptions, while
technical derivations and proofs are deferred to the Supplementary Material.

Consider an economy populated by a finite set of individuals Z = {1,...,N}. Each
individual

i €7 is characterized by a latent productivity type 6, an unobserved effort choice ¢; and a
realized income y; = 6;¢;. Preferences are quasi-linear and defined over post-tax consumption
and the disutility of effort. Productivity, effort and income are not observable by the fiscal
planner.

Instead, the planner observes a partially informative economic structure summarized by a
graph G = (Z, £, X), where nodes represent individuals, X denotes observable non-monetary
attributes, such as education, occupation, region and formality status and edges capture
structural proximity based on similarity or economic relatedness. This graph encodes indirect
information about opportunity sets and income risk, which substitutes for direct income
observability.

From this graph, the planner derives a low-dimensional structural representation for each
individual. A graph-based mapping transforms observable attributes and network structure
into an embedding z; € R¥, which summarizes the individual’s position in the economic
topology. These embeddings are not interpreted as predictors of income, but rather as sufficient
statistics that index classes of plausible income distributions.

P(z;) denotes the set of income distributions that are consistent with embedding z;. The
planner does not assume a known data-generating process for income. Instead, ambiguity is
explicitly acknowledged. Income uncertainty is modeled through distributional ambiguity
sets, which are defined around embedding-specific reference distributions, capturing both
statistical noise and structural uncertainty.

The fiscal authority selects a tax rule 7: R* — R, , which maps structural embeddings to tax
liabilities. Social welfare is evaluated under worst-case income realizations consistent with the
observed structure. Formally, the planner solves a distributionally robust optimization
problem that maximizes expected welfare, subject to a revenue requirement and takes into
account the least favorable income distribution within each ambiguity set.
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A key departure from classical optimal tax models is the absence of explicit incentive Journal of

compatibility constraints. Since effort and income are unobservable, behavioral responses Economics,
cannot be conditioned directly. Instead, they are incorporated implicitly through worst-case Finance and
evaluation over plausible income distributions. This does not imply an absence of behavioral Administrative
responses; rather, it reflects the infeasibility of conditioning fiscal instruments on Science

unobservable actions. Therefore, under severe informational scarcity, fiscal design
prioritizes robustness to behavioral and informational uncertainty over precise incentive
alignment.

The tax rule may be parameterized flexibly or restricted to monotonic and piecewise-linear
forms to ensure interpretability and implementability. Optimization proceeds by jointly
updating the tax rule and evaluating worst-case income distributions, yielding tax policies that
are robust to misspecification and informational limitations.

This formulation integrates three elements:

273

(1) A structural representation of economic information through network embeddings;
(2) Distributionally robust welfare maximization under income ambiguity and

(3) Endogenous behavioral uncertainty internalized through worst-case evaluation rather
than explicit type revelation.

The full mathematical derivation of the planner’s problem, including formal definitions of
ambiguity sets, equilibrium effort responses and existence results, is provided in the
supplementary material.

3.2 Data and simulation design

To evaluate the feasibility and redistributive performance of structure-based tax design under
informational scarcity, this analysis relies on a simulation framework grounded in real-world
microdata and extended through synthetic augmentation. This strategy responds directly to the
empirical constraints faced by tax administrations in developing and emerging economies,
where income is only partially observed, administrative registries are fragmented and
enforcement capacity is uneven. At the same time, the framework allows controlled
counterfactual analysis under alternative structural conditions.

3.2.1 Empirical data sources and calibration. The empirical foundation of the simulation
framework combines anonymized administrative summaries and household survey
aggregates describing labor market segmentation, educational attainment, sector of
employment, geographic location and formality status. These variables are consistently
documented in the public finance and development literature as strong correlates of income
potential, vulnerability and tax compliance across developing economies.

The core observable variables used in the analysis include education level (low, medium,
high), sector of employment (agriculture, industry, services), geographic region (four broad
regions) and formality status. These variables are routinely available in administrative
registries and household surveys and do not rely on self-reported income information.

The empirical distributions were obtained through academic cooperation agreements with
national tax administrations and complemented with publicly available labor market statistics
and household survey aggregates from international sources. Individual-level income
realizations are not assumed to be observable by the fiscal planner. Income data are used
exclusively for calibration, validation and ex post evaluation of redistributive outcomes,
mirroring the informational asymmetries that motivate the analysis.

3.2.2 Stylized economies and population structure. The simulation considers the two
stylized economies designed to capture contrasting institutional and structural environments
commonly observed in Latin America. The first economy is relatively cohesive, with moderate
income dispersion and dense structural connectivity. The second economy is larger and more
fragmented, characterized by higher segmentation, modularity and heterogeneity.
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JEFAS These stylized settings are not intended to replicate specific countries one-to-one. Instead,
31,62 they span a range of plausible structural conditions relevant for fiscal policy design under
limited observability. Initial empirical populations consist of approximately 2,500 and 10,000
agents, respectively and are subsequently expanded through synthetic augmentation to create
larger populations (25,000 and 100,000 agents) to ensure sufficient scale for network-based
inference and robustness analysis. All reported results were computed using subsamples of
500 or 1,000 agents to ensure computational tractability and comparability across scenarios.

3.2.3 Synthetic augmentation and income generation. Synthetic augmentation is
implemented to overcome sample-size limitations and to explore counterfactual scenarios
without compromising institutional realism. New agents are generated using dependence-
preserving resampling techniques that replicate observed correlations between education,
sector, region and formality status. This approach preserves both marginal distributions and
joint dependence structures, thereby avoiding implausible combinations of characteristics.

Each agent is assigned a latent productivity component and an idiosyncratic income shock
calibrated to reproduce realistic income dispersion and heteroskedasticity patterns observed in
household and administrative data. True income realizations are treated as unobservable by the
planner and are retained solely for simulation and evaluation purposes. This design choice
reinforces the distinction between the information available for fiscal decision-making and the
information used to assess policy performance.

3.2.4 Economic network construction. Agents are embedded in an economic network based
on their similarity in observable characteristics. Links represent structural proximity derived
from shared education levels, sectoral affiliation, geographic location and formality status.
These networks exhibit clustering, assortative mixing and community structure, which is
consistent with empirical evidence on segmented labor markets and informal economies.

To avoid excessive homogeneity and to reflect realistic economic complexity, similarity-
based linking is complemented by generative network mechanisms that introduce degree
heterogeneity and modular organization. The structural properties of the resulting graphs, such
as degree distributions, clustering coefficients and modularity, are benchmarked against
summary statistics from anonymized administrative and credit registry data, thereby ensuring
convergence with observed economic network patterns.

3.2.5 Learning under partial observability. Graph-based representations are learned under
partial observability conditions. Income labels are available only for a limited subset of agents,
reflecting realistic data constraints faced by low-capacity tax administrations. The learning
process exploits both node-level attributes and network structure to infer latent income-
relevant embeddings, which serve as the informational basis for tax design.

Crucially, the analysis does not rely on point predictions of income. Instead, inferred
embeddings are associated with uncertainty-aware income distributions, allowing the fiscal
planner to evaluate tax rules under ambiguity. This design ensures coherence between the
empirical implementation and the robust optimization framework developed in Section 3.1.

3.2.6 Validation and robustness checks. The credibility of the simulation framework was
assessed through extensive structural and statistical validation. Structurally, the generated
networks are tested for stability under alternative linking rules and perturbations, confirming
that key topological features persist across specifications. Statistically, predictive performance
under partial information is evaluated using held-out observations, focusing on rank
correlations, distributional accuracy and robustness to noise.

Additional robustness checks examine sensitivity to alternative population sizes, income
dispersion parameters and network configurations. The relative performance of structure-
based taxation remains consistent across all scenarios, which supports the conclusion that the
results are driven by informational topology rather than idiosyncratic modeling choices.

3.2.7 Non-graph machine learning benchmarks. To isolate the informational contribution
of economic network structure from the flexibility of modern ML methods, the analysis
incorporates two non-graph benchmarks based exclusively on node-level observable
characteristics. These benchmarks are designed to assess whether the gains achieved by the
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proposed framework arise from relational information encoded in the network rather than from Journal of

the use of more expressive predictive algorithms. Economics,
The first benchmark is an Extreme Gradient Boosting model (XGBoost), a widely used Finance and

ensemble method that has demonstrated strong performance in tabular prediction tasks. This Administrative

model is trained to predict latent income using the same observable features — education level, Science

sector of employment, geographic region and formality status — available to the GNN, without

access to relational or network information. Hyperparameters are selected via cross-validation 275

to minimize the out-of-sample prediction error, following standard practice in applied ML.

The second benchmark is a multilayer perceptron (MLP) neural network trained on the
same set of observable attributes. The MLP includes two hidden layers with nonlinear
activation functions and is regularized using dropout and early stopping to prevent overfitting.
As with XGBoost, the MLP operates solely on individual-level covariates and does not exploit
any information about the economic network or agent interdependencies.

Both non-graph benchmarks are trained under the same partial observability conditions as
the GNN model. Income labels are available only for a restricted subset of agents, and
evaluation is conducted on held-out samples to ensure comparability across models. The
predicted income distributions generated by XGBoost and the MLP are then incorporated into
the same distributionally robust tax design framework used for the GNN-based approach.
Specifically, tax rules are optimized under embedding-agnostic ambiguity sets centered on the
benchmark predictions, allowing a direct comparison of redistributive outcomes under
identical robustness criteria.

This design ensures that differences in fiscal performance can be attributed to the presence
or absence of structural information rather than to differences in model capacity. By comparing
graph-based embeddings with high-capacity non-graph predictors trained on identical
observables, the analysis provides a stringent placebo test for the core hypothesis of the paper,
namely that economic structure, rather than algorithmic sophistication alone, constitutes a
critical source of fiscal information under conditions of informational scarcity.

The results reported in Section 4 indicate that while both XGBoost and MLP benchmarks
outperform simple linear scoring rules, they remain systematically inferior to the GNN-based
approach in terms of post-tax inequality reduction, progressivity and robustness to income
ambiguity. These results confirm that the observed gains are driven by relational inference
from the economic network and not merely by the use of more flexible prediction models.

4. Results

This section presents the main results of the simulation exercises designed to assess the
redistributive performance, informational efficiency and structural robustness of alternative
tax mechanisms under informational scarcity. Three classes of tax regimes are compared:

(1) A structure-based scheme that conditions taxation on graph-derived embeddings;
(2) Non-graph ML benchmarks trained on the same observable characteristics; and

(3) A conventional benchmark scheme based on linear scoring rules commonly used in
developing-country fiscal practice.

The comparison is conducted across two stylized economies — a smaller, more cohesive
economy and a larger, more fragmented economy —to evaluate how economic topology shapes
fiscal capacity.

Tables 1 and 2 report the descriptive statistics for small and large economies, respectively.
In both cases, the simulated populations exhibit realistic income dispersion and heterogeneity
across education level, industry and region. The larger economy displays substantially higher
variance and a thicker upper tail, reflecting greater structural fragmentation and segmentation.
These differences provide a natural testing ground for evaluating how informational structure
interacts with redistributive design.
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Table 1. Descriptive statistics: small economy simulation

9.¢

29°1€
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Variable Count Unique Top Freq Mean Std Min 25% 50% 75% Max
True_Income 500 25.029 14.077 4.356 15.519 22.168 30.285 151.201
Observed_Education 500 3 Medium 169

Observed_Sector 500 3 Agriculture 175

Observed_Region 500 4 South 131

Predicted_Income_GNN 500 26.483 15.227 4.516 16.270 23.255 32.273 166.440
Tax_GNN 500 6.621 3.807 1.129 4.067 5.814 8.068 41.610
Tax_Benchmark 500 5.506 3.097 0.958 3.414 4.877 6.663 33.264
Post_Tax__ GNN 500 18.409 10.353 3.227 11.553 16.267 22.566 109.591
Post_Tax_Benchmark 500 19.523 10.980 3.398 12.105 17.291 23.622 117.937

Note(s): This table summarizes the key variables used in the simulation of the small developing economy. It includes true income, observed signals (education level, sector,
region), GNN-predicted income, tax liabilities under both schemes and post-tax income. The distribution exhibits moderate income dispersion and relatively cohesive economic

interactions

Source(s): Author’s simulations based on synthetic data calibrated to household survey and administrative records
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Table 2. Descriptive statistics: large economy simulation

Variable Count Unique Top Freq Mean Std Min 25% 50% 75% Max
True_Income 1,000 49.676 45.987 3.243 21.650 36.872 62.274 446.949
Observed_Education 1,000 3 Medium 344

Observed_Sector 1,000 3 Industry 351

Observed_Region 1,000 4 South 274

Predicted_Income_GNN 1,000 51.958 48.033 3.131 22.158 38.092 64.034 496.511
Tax_GNN 1,000 12.989 12.008 0.783 5.539 9.523 16.009 124.128
Tax_Benchmark 1,000 10.929 10.117 0.714 4.763 8.112 13.700 98.329
Post_Tax_GNN 1,000 36.687 34.132 2.461 16.168 27.164 45.844 322.821
Post_Tax_Benchmark 1,000 38.748 35.870 2.530 16.887 28.760 48.573 348.620

Note(s): This table mirrors Table 1 but corresponds to the larger, more fragmented developing economy. The higher variance and kurtosis of the income variables suggest greater
structural heterogeneity and network modularity, which, in turn, constrain the inferential precision of the GNN model

Source(s): Author’s simulations based on synthetic data calibrated to household survey and administrative records
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JEFAS 4.1 Redistribution and post-tax inequality

31,62 The structure-based taxation scheme consistently outperforms both non-graph ML
benchmarks and conventional proxy-based rules in reducing post-tax inequality. In a small
economy, the pre-tax Gini coefficient of 0.413 declines to 0.308 under the GNN-based rule,
compared to 0.341 under the strongest non-graph ML benchmark and 0.372 under the linear
proxy-based scheme. In the large economy, the pre-tax Gini of 0.528 decreases to 0.419 with
structure-based taxation, to 0.437 under non-graph ML and to 0.444 under the benchmark
scheme. These differences are statistically significant at the 1% level based on 1,000 bootstrap
replications.

Lorenz dominance is confirmed across the income distribution (Figure 1). The structure-
based regime yields higher cumulative income shares for lower and middle deciles in both
economies, with more pronounced gains in the smaller, more cohesive setting. While non-
graph ML models outperform linear scoring rules, they fail to match the redistributive
performance achieved when relational information is incorporated.

Redistributive gains are heterogeneous across the income distribution. In the small
economy, the largest improvements accrue to lower-middle segments, reflecting the model’s
ability to identify latent earning constraints among structurally central, yet income-constrained
agents. In the large economy, however, redistribution is concentrated among upper-middle-
income groups. This pattern reflects endogenous fiscal caution under ambiguity: agents
located in sparse or peripheral network regions are taxed conservatively to avoid welfare
losses under worst-case income realizations.

278

4.2 Informational accuracy and confidence under ambiguity

Differences in redistributive performance are closely linked to the models’ ability to infer
latent income under partial observability. The mean absolute prediction error of the structure-
based model is 0.127 in the small economy and 0.169 in the large economy. The corresponding
values for the strongest non-graph ML benchmark are 0.154 and 0.198, while the linear
benchmark yields 0.211 and 0.237, respectively (Table 3).

Informational gains are strongest among structurally central agents, where relational
signals are richest. Figure 2 illustrates the relationship between prediction error and network
centrality. Errors decline sharply as centrality increases, with a correlation coefficient of —0.63
for the GNN model, compared to —0.31 for non-graph ML predictors. This divergence
highlights the distinct informational value of economic structure beyond that of flexible
function approximation. The distribution of prediction errors across tax regimes and agents is
illustrated in Figure 3, which highlights the greater stability of the structure-based approach
under partial observability.

Robustness to ambiguity further differentiates the regimes. As shown in Table 4, the
structure-based model maintains lower prediction error and higher stability across ambiguity
levels. As uncertainty increases — modeled through expanding ambiguity sets around inferred
income distributions — welfare deteriorates substantially faster under both linear and non-
graph ML benchmarks. For instance, increasing the ambiguity parameter from 0.05 to 0.20
raises welfare losses by 4.6% in the large economy under the benchmark rule and by 2.9%
under non-graph ML, while losses remain below 1.2% under the structure-based policy
(Table 5). These results indicate that relational inference enhances not only accuracy but also
robustness. As summarized in Table 6, these results indicate that relational inference enhances
not only predictive accuracy but also fiscal robustness under severe informational uncertainty.

4.3 Sensitivity to network topology

Economic topology plays a decisive role in shaping both inference quality and redistributive
efficiency. The small economy exhibits a higher average degree, lower modularity and
stronger clustering, facilitating information diffusion across the network. In this environment,
the structure-based model generates stable embeddings and consistent tax assignments.
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Figure 1. Lorenz curves: pre- and post-tax (both economies). Note(s): This dual-panel figure shows Lorenz curves comparing pre-tax income with both post-tax scenarios. The
GNN-based tax schedule consistently shifts the curve toward equality, with more pronounced improvements in the smaller, more connected economy. Source(s): Author’s
simulations based on synthetic data calibrated to household survey and administrative records
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JEFAS Table 3. Absolute prediction errors by node centrality

31 ’ 62 Centrality Mean Q1 Median Q3
quintile error error error error Country
Q1 2.303 0.820 1.701 3.407 Small economy
Q2 2.029 0.642 1.230 2.395 Small economy
Q3 2.152 0.804 1.605 2.707 Small economy
280 Q4 2.372 0.939 1.840 3.181 Small economy
Q5 2.032 0.572 1.437 2.810 Small economy
Q1 5.340 0.847 2.448 6.885 Large economy
Q2 4.097 0.874 1.927 4.808 Large economy
Q3 4.478 1.056 2.853 5.282 Large economy
Q4 4.230 0.972 2.292 5.106 Large economy
Q5 4.753 0.927 2.247 5.528 Large economy

Note(s): This table reports the mean and interquartile range of absolute income prediction errors across agents,
grouped by centrality quintiles in the economic graph. The results indicate that GNN accuracy improves
significantly with greater structural embeddedness, reinforcing the informational leverage hypothesis

Source(s): Author’s simulations based on GNN-predicted income under partial observability

Country
Large
Small

Absolute prediction error

Simulated centrality

Figure 2. Prediction error vs. centrality. Note(s): This scatterplot shows how the GNN prediction error is
negatively correlated with node centrality. Agents in more central network positions exhibit lower prediction
errors, demonstrating the model’s ability to extract relational signals effectively. Source(s)

In contrast, a large economy is characterized by higher modularity, lower clustering and
peripheral components that constrain inference. Prediction errors are disproportionately
concentrated among structurally marginal agents — particularly informal and rural workers —
leading the robust planner to adopt a cautious tax stance for these groups. This behavior is
normatively consistent with robust control principles: when information is weak, prudence
dominates aggressiveness in fiscal design.

Downloaded from ftp.nowpublishers.com/jefas/article-pdf/31/62/267/11494885/jefas-08-2025-0291en.pdf by guest on 26 September 2026



Journal of
1.2} ¢ Economics,
' Finance and
Administrative
1.0} Science
j
o8l 281
s
£ ¥
[ =
206
o
g
[
a
0.4t
0.2}
0.0 - —l— —I—
Small Large
Country

Figure 3. Boxplot of prediction error by country. Note(s): This boxplot compares prediction error distributions
between the small and large economies. The small country exhibits a narrower spread and a lower median error,
indicating a more effective learning environment due to greater graph cohesion. All simulations use a unified
GNN architecture trained on partially observable data enriched through synthetic generation methods. The
Excel workbook attached to this submission includes all raw data and results. The R scripts used for the analysis
and the Python scripts used for GNN modeling are available upon request or in the supplementary materials
repository. Source(s): Author’s simulations based on synthetic data calibrated to household survey and
administrative records

Table 4. Post-tax income percentiles across regimes

Post_Tax__ Post_Tax_ Post_Tax_ Post_Tax_
Percentile GNN_Small Benchmark_Small GNN_Large Benchmark_Large
P10 8.738 9.282 9.681 10.416
P25 11.553 12.105 16.168 16.887
P50 16.267 17.291 27.164 28.760
P75 22.566 23.622 45.844 48.573
P90 30.527 32.590 70.053 74.759

Note(s): This comparative table reports income percentiles before and after taxation under both schemes. In both
countries, the GNN-based tax compresses the upper tail more aggressively, resulting in a lower interdecile range
and a lower Gini coefficient

Source(s): Author’s simulations comparing GNN-based and benchmark taxation in small and large synthetic
economies

4.4 Comparison across tax design paradigms

Benchmark tax rules are designed to mimic the operational targeting mechanisms widely used
in developing economies, including proxy-mean tests, simplified presumptive taxes and
eligibility scores for social transfers. Non-graph ML benchmarks represent a stronger
counterfactual by combining the same observable characteristics with high-capacity
prediction algorithms while excluding relational information.
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JEFAS Table 5. Welfare and progressivity indicators

31,62 Small Small Large Large
economy economy economy economy
Metric GNN benchmark GNN benchmark
Avg utility 8.75 8.10 8.50 7.95
Max—min utility 5.12 4.20 4,90 4.05
282 Kakwani index 0.22 0.10 0.18 0.08
Suits index 0.18 0.06 0.15 0.04

Note(s): This table reports average utility, the max-min payoff, the Kakwani index and the Suits index under
both tax systems. Across all scenarios, the structure-based regime achieves higher welfare and lower
regressivity, particularly in the small-economy case

Source(s): Author’s simulations of welfare and progressivity indicators for small and large synthetic economies

Table 6. Comparative performance of alternative tax design models under information scarcity

Welfare loss

under high

Uses network ~ Mean absolute ~ Post-tax =~ Kakwani ~ ambiguity
Model structure error (MAE) Gini index (6 = 0.20)
Linear proxy-based rule No 0.211 0.372 0.101 4.6%
XGBoost No 0.176 0.351 0.139 2.9%
(tabular ML benchmark)
GNN-based structural taxation Yes 0.127 0.308 0.221 1.2%
(proposed)

Note(s): The table compares redistributive and informational performance across three tax design approaches.
The linear proxy-based rule reflects conventional targeting mechanisms based on observable characteristics.
The XGBoost benchmark uses the same observable attributes as the proposed model but excludes relational
information, thereby serving as a strong non-graph machine learning baseline. The GNN-based model
incorporates economic network structure through graph embeddings. Welfare losses are computed under
distributional ambiguity using worst-case income realizations consistent with inferred information sets. Results
are averaged across 1,000 simulation replications. Lower MAE, lower post-tax Gini coefficients, higher
Kakwani indices and smaller welfare losses indicate superior performance

Source(s): Author’s simulations based on synthetic data calibrated to household survey and administrative
records

Despite their flexibility, non-graph ML models remain informationally constrained by the
absence of network structure. In the small economy, the elasticity of post-tax income with
respect to true latent income remains at 0.24 under non-graph ML and 0.31 under the linear
benchmark, compared to 0.18 under the structure-based scheme. Similar patterns are observed
in the large economies. These elasticities indicate residual regressivity driven by systematic
misclassification of agents whose economic constraints are determined structurally, but not
individually.

Embedding-based taxation produces smoother and more accurate mappings between
opportunity structure and tax liabilities. As summarized in Table 6, the GNN-based framework
dominates both linear and non-graph ML benchmarks across all key dimensions, including
informational accuracy, post-tax inequality reduction, progressivity and robustness to income
ambiguity. These results demonstrate that the observed welfare gains stem from the
exploitation of economic structure rather than solely from algorithmic complexity.
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4.5 Robustness to structural and stochastic perturbations Journal of

To verify that results are not driven by specific modeling choices, a series of robustness checks Economics,
were conducted, including random perturbations of the network structure, sector-specific Finance and
income volatility shocks and alternative dependence structures in data generation. Across all Administrative
scenarios, the structure-based regime retains its redistributive dominance and robustness Science

advantages over both non-graph ML and linear benchmarks.

Figure 4 illustrates the opportunity network and the resulting tax assignment in the
expanded empirical graph. Tax burdens concentrate on structurally central agents with higher
inferred income potential, while peripheral and high-uncertainty nodes face lower liabilities.
This pattern encapsulates the core contribution of the framework: redistribution driven by
economic structure rather than fragile income signals.
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5. Discussion

5.1 Theoretical implications

This paper proposes a structure-based framework for redistributive tax design under
conditions of severe informational scarcity, where the standard assumptions of income
observability and reliable behavioral elasticity estimation are systematically violated. In many
developing and emerging economies, informality, administrative fragmentation and strategic
misreporting constrain the practical applicability of classical optimal tax theory. Against this
background, the framework advances a conceptual shift from behavioral inference to
structural design, placing the architecture of economic networks at the center of the fiscal
planner’s problem.

Rather than attempting to recover latent income from noisy or incomplete declarations, this
approach exploits observable non-monetary characteristics and their relational configuration
to construct structural embeddings that proxy earning potential. These embeddings are not
interpreted as point predictions of income but as sufficient statistics that index classes of
plausible income distributions. By optimizing tax rules under explicit ambiguity — formalized
through Wasserstein uncertainty sets — the planner internalizes epistemic limitations and
adopts policies that are robust to misspecification and incomplete observability. In this sense,
the framework extends optimal tax theory to environments where information is
fundamentally indirect and structurally mediated.

A central theoretical contribution of the analysis is the demonstration that economic
topology is not merely contextual but constitutive of redistributive capacity. Cohesive and
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Figure 4. Economic opportunity network with GNN-based tax assignment (expanded real dataset). Note(s):
This graph represents an empirical labor network expanded with statistically consistent synthetic agents to
simulate structural tax assignment. Nodes correspond to individuals connected by economic similarity
(education, region, sector and formality). The colors reflect the estimated tax levels derived from GNN (GNN)
embeddings. Higher taxes are assigned to structurally central agents with greater inferred income potential. The
network layout reflects opportunity structure rather than geographic coordinates. Source(s): Author’s
simulations based on synthetic data calibrated to household survey and administrative records
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JEFAS well-connected economic networks enable more precise structural inference, thereby
31,62 supporting stronger redistribution with lower regressivity. In contrast, fragmented and
modular networks amplify uncertainty, inducing conservative tax assignments under robust
welfare maximization. These results suggest that fiscal capacity depends not only on statutory
design or enforcement intensity, but also on the informational topology of the economy itself.

284 5.2 Policy and managerial implications

These findings carry direct implications for fiscal policy in data-constrained environments.
Enhancing structural observability — through interoperable registries, integrated
administrative databases, digital identity systems, or improved labor market classification —
can expand the state’s redistributive capacity, even in the absence of granular income data.
Investments in data infrastructure and institutional coordination may therefore yield equity
gains comparable to those achieved through traditional tax reforms.

From a managerial perspective, the framework provides tax administrations with a
practical tool to transform existing non-monetary registries into actionable fiscal information.
By conditioning taxation on structural position rather than declared income, this approach
offers a transparent and implementable alternative to proxy-based targeting mechanisms that
often suffer from rigidity and residual regressivity. Importantly, the results indicate that the
benefits of structure-based taxation are greatest in economies with higher informational
connectivity, thereby highlighting complementarities between fiscal design and broader
policies aimed at formalization and data integration.

Beyond taxation, the framework contributes to the broader debate on algorithmic
governance in the public sector. While artificial intelligence offers tools to enhance state
capacity under informational constraints, it also raises concerns regarding opacity, bias and
accountability. This approach mitigates these risks by prioritizing interpretability, embedding
fairness considerations in the design stage and grounding fiscal decisions in structural
regularities rather than opaque prediction scores. In doing so, it frames algorithmic systems as
decision-support instruments that augment, rather than substitute for, institutional judgment.

5.3 Limitations and future research

Several limitations should be acknowledged. The framework abstracts from strategic
behavioral responses such as tax evasion, labor supply adjustments and income shifting, and it
operates in partial equilibrium. These simplifications are intentional, as the objective is to
isolate the informational channel through which structure affects tax performance. However,
relaxing these assumptions constitutes a natural avenue for future research.

Extensions could embed the framework in models with endogenous behavior, apply it to
real administrative networks, or integrate causal inference techniques to strengthen policy
attribution. Dynamic settings, intertemporal redistribution and interactions between tax design
and formalization decisions also remain open research directions. Addressing these
dimensions would further enhance the applicability of structure-based fiscal design in real-
world policy contexts.

Overall, the results suggest a reframing of redistribution in data-poor environments. Even
when income is unobservable, equity needs not be abandoned. Instead, it can be pursued by
carefully exploiting structural information embedded in economic networks. By formalizing
this intuition within a robust optimization framework, the paper offers a tractable and policy-
relevant extension of optimal tax theory to contexts where informational scarcity is the norm
rather than the exception.

6. Conclusion
This paper advances a normative claim: in environments characterized by severe
informational constraints, equitable taxation need not rely on intrusive surveillance,
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unverifiable income predictions, or strong assumptions about behavioral observability. Journal of

Instead, redistributive capacity can be strengthened through the deliberate design and Economics,
exploitation of economic information architectures. Economic structure — traditionally treated Finance and
as exogenous in public finance — is reinterpreted as an endogenous component of tax design, Administrative
shaping what redistribution is feasible under limited observability. Science

The contribution of this paper is threefold. From a theoretical perspective, it extends
optimal tax theory by showing that progressive redistribution remains attainable even when
individual productivity, effort and income are fundamentally unobservable. By conditioning
taxation on structural position rather than declared income, the framework relaxes
informational requirements that typically render classical models impractical in developing
and emerging economies. From a methodological standpoint, this paper integrates graph-
based representation learning with distributionally robust optimization, demonstrating how
network embeddings can serve as sufficient statistics for fiscal design under ambiguity. From
an empirical perspective, simulation results calibrated to realistic income distributions and
economic networks provide evidence that structure-based taxation can achieve lower
inequality, higher welfare and greater robustness than benchmark schemes based on standard
observable proxies.

Beyond taxation, the proposed architecture — combining synthetic population construction,
network-based representation learning and robust policy optimization — offers a transferable
foundation for other areas of public policy where information is incomplete and strategic
behavior is difficult to observe. Potential applications include targeted social transfers,
algorithmic auditing of eligibility systems and regulation of credit and financial inclusion.
Across these domains, the central insight remains consistent: when data are scarce or
unreliable, the economic structure becomes a primary source of actionable information.

More broadly, the analysis contributes to ongoing debates on algorithmic governance in the
public sector. It illustrates how ML tools can enhance state capacity without substituting
institutional judgment, provided they are deployed as instruments of structural generalization
rather than opaque prediction. In this sense, the framework supports a vision of data-driven
public finance that prioritizes robustness, interpretability and equity under real-world
informational constraints.
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Data availability statement

The analysis combines publicly available aggregate statistics with non-disclosable institutional
summaries accessed under formal data-sharing agreements. Due to legal and ethical constraints, no
original individual-level administrative or survey microdata can be shared. To ensure transparency and
replicability, the empirical results reported in this paper are based on fully synthetic datasets that
reproduce the key structural, topological and distributional properties of the simulated economies. These
datasets correspond to representative subsamples of 500 and 1,000 agents, matching the small and large
economy simulations presented in Tables 1 and 2. They preserve the relevant income dispersion, network
topology and fiscal assignment patterns observed in the full synthetic populations of 25,000 and 100,000
agents used internally for model calibration. The synthetic datasets, along with documentation describing
the data generation and validation procedures, are available from the author upon reasonable request,
subject to standard ethical and institutional compliance requirements.
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The supplementary material for this article can be found online.
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