What heuristic methods can effectively detect fragmented networks in Inter-
nal Revenue Service (IRS) and Federal Election Commission (FEC) data?

Hierarchical fuzzy spectral clustering, modularity-based graph partitioning, Bayesian network inference, graph pat-
tern matching, and federated graph neural networks can all effectively detect fragmented networks in IRS and FEC
data, with spectral and modularity methods best suited for campaign finance community recovery, graph pattern
matching most efficient for structured tax fraud detection, and federated or ensemble architectures offering the
strongest scalability for large-scale financial networks.

Abstract

Several families of heuristic methods have demonstrated effectiveness for detecting fragmented or community-
structured networks in IRS and FEC data, though no single approach dominates across all contexts. For campaign
finance applications, spectral clustering methods—particularly hierarchical fuzzy spectral clustering—effectively re-
cover overlapping political communities and predict legislative voting behavior [1], while Bayesian inference via
Gibbs sampling achieves 94.36% and 89.49% accuracy in classifying Democratic and Republican political committees
from FEC contribution networks [2]. For tax fraud detection, graph-based pattern matching methods have proven
operationally viable at IRS scale, with one deployed system mining directly against a 20-million-node database to
identify criminal activity [3]. Domain-specific graph pattern approaches—such as controller interlock recognition
in corporate governance networks—substantially improve detection efficiency by formalizing known fraud topolo-
gies [4, 5]. Newer architectures, including federated graph neural networks, achieve low false positive (4.64%) and
false negative (11.07%) rates across large transaction networks [6], and geometric measures like Heron's Information
Coefficient detect collusive patterns at 81-95% accuracy where standard indicators fail [7].

Key limitations constrain practical deployment: Bayesian methods on FEC-scale networks require 65 hours to 11 days
of computation [2], modularity-based methods can over-fragment topology-constrained graphs [8], and supervised
fraud classification suffers from high false positive rates (up to 90%) due to extreme class imbalance [9]. The evidence
indicates that the most effective operational systems combine complementary techniques—community detection for
macro-structure, link analysis for individual cases, and visualization for interpretation [10] —rather than relying on
any single heuristic. Spectral and modularity methods are best suited for political community recovery, graph pattern
matching is most efficient when domain-specific fraud motifs are known, and federated or ensemble architectures
offer the strongest scalability for large-scale financial networks [11].
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We performed a semantic search across over 138 million academic papers from the Elicit search engine, which in-

cludes all of Semantic Scholar and OpenAlex.

We ran this query: "What heuristic methods can effectively detect fragmented networks in Internal Revenue Service

(IRS) and Federal Election Commission (FEC) data?”

The search returned 494 total results from Elicit.

We retrieved 494 papers most relevant to the query for screening.

Screening

We screened in sources based on their abstracts that met these criteria:

« Heuristic Algorithm Application: Does this study apply heuristic algorithms or methods to detect network

fragmentation?

« Network Fragmentation Definition: Does this study define and measure network fragmentation or discon-

nected components?

« Effectiveness Evaluation: Does this study evaluate method effectiveness through quantitative metrics?
« Relevant Dataset Context: Does this study use IRS data, FEC data, or similar government financial/regulatory

datasets?


https://www.semanticscholar.org/
https://openalex.org/

« Heuristic Component Present: Does this study include heuristic components rather than focusing solely on
exact algorithms?

- Empirical Validation: Does this study include empirical validation or testing rather than being purely theo-
retical?

« Detection Method Proposal: Does this study propose detection methods rather than only identifying frag-
mentation?

We considered all screening questions together and made a holistic judgement about whether to screen in each paper.
At abstract screening, the number of papers excluded for each primary reason was:

+ Other / below screening threshold: n = 469

Data extraction

We asked a large language model to extract each data column below from each paper. We gave the model the
extraction instructions shown below for each column.

« Heuristic Method:
Extract the specific heuristic method(s) used for detecting fragmented networks in IRS/FEC data, including:

« Name/acronym of the algorithm or technique

« Type of heuristic approach (e.g., agent-based, spectral clustering, Bayesian inference, graph partitioning)
« Key algorithmic components or steps

+ Any novel modifications made for IRS/FEC applications

« Computational complexity (time/space requirements if reported)

« Network Fragmentation Definition:
Extract how fragmented networks are defined and characterized in the IRS/FEC context, including:

« What constitutes a 'fragmented network' in this study

« Specific fragmentation patterns or structures targeted (e.g., disconnected components, sparse connections,
hidden relationships)

« Network properties used to identify fragmentation (e.g., density, modularity, clustering coefficients)

« Domain-specific indicators of fragmentation relevant to tax fraud, campaign finance violations, or compliance
issues

- Data Characteristics:
Extract details about the IRS/FEC data used for fragmented network detection, including:

« Data source (IRS tax returns, FEC campaign finance records, K-1 forms, etc.)
« Dataset size (number of nodes, edges, entities)

« Types of entities and relationships represented

« Data quality issues or preprocessing requirements

« Temporal aspects (single time point vs. evolving networks)

« Any data integration or linking across multiple sources

« Performance Metrics:



Extract all effectiveness measures for the heuristic method's ability to detect fragmented networks in IRS/FEC
data, including:

Accuracy, precision, recall, F1-score for detection tasks

Success rates in identifying specific fraud patterns, tax shelters, or compliance violations
Computational efficiency measures (runtime, scalability)

Comparison metrics against baseline methods or manual investigation

Validation approaches used (ground truth, expert evaluation, synthetic data)

Any domain-specific performance indicators

Application Domain:
Extract the specific IRS/FEC application area where fragmented network detection was applied, including:

Type of investigation or analysis (tax fraud detection, campaign finance monitoring, compliance risk assess-
ment)

Specific use cases or scenarios addressed

Target fraudulent or suspicious patterns (offshore schemes, shell companies, contribution networks, flow-
through entities)

Regulatory or legal context

End users of the system (investigators, analysts, auditors)

Method Advantages:

Extract the reported strengths and benefits of the heuristic method for IRS/FEC fragmented network detection,
including:

Specific advantages for the IRS/FEC domain

Improvements over existing approaches

Scalability benefits for large datasets

Interpretability or explainability features

Practical deployment considerations

Any unique capabilities for handling domain-specific challenges

Method Limitations:

Extract limitations, challenges, or weaknesses of the heuristic method for detecting fragmented networks in
IRS/FEC data, including:

Known failure cases or conditions where method performs poorly
Data quality requirements or assumptions

Computational limitations or scalability issues

Domain-specific constraints or regulatory restrictions

Parameter sensitivity or tuning requirements

Comparison disadvantages versus alternative approaches

Network Types:
Extract details about the types of networks analyzed for fragmentation in IRS/FEC contexts, including:

Network structure (directed/undirected, weighted/unweighted, signed/unsigned)
Node types (individuals, corporations, political committees, transactions)
Edge types (financial flows, relationships, contributions, ownership)



+ Network size and complexity characteristics
« Temporal network properties if applicable
« Multi-layer or heterogeneous network aspects

Results

Characteristics of Included Studies

The 25 sources span a range of application domains, methodological approaches, and data contexts relevant to de-
tecting fragmented or community-structured networks in financial and political data. The table below summarizes

key characteristics.

Full Text Application Heuristic
Study Retrieved? Study Type Domain Approach Data Context
Scott Wahl & No Primary study Campaign Spectral FEC campaign
John W. finance clustering [12] contributions,
Sheppard, 2017 monitoring [12] temporal
network [12]
C. Garcia et al,, No Primary study Interbank Modularity- Euro area
2015 lending network  based graph TARGET? data
analysis [13] partitioning [13]  (not IRS/FEC)
(13]
L. Carvalho No Primary study Public contract Louvain, Leiden, Brazilian
(n.d.) compliance risk ~ Label government
assessment [9] Propagation, contracts: 4,513
Greedy suppliers, 120
Modularity [9] agencies, 11,827
contracts [9]
Monazil No Primary study Nonprofit social ~ Fuzzy IRS records
Chowdhury media matching name-matching  integrated with
(n.d.) [14] with ML social media and
classifier [14] Census [14]
Dave DeBarr & No Primary study IRS tax Graph K-1 data from
M. Harwood compliance risk  partitioning, flow-through
(n.d.) assessment [10]  graph matching, entities and
link analysis associated tax
[10] returns [10]
Scott Wahl & No Primary study Campaign Hierarchical Campaign
John W. finance Fuzzy Spectral finance data

Sheppard, 2015

monitoring [15]

Clustering [15]

(likely FEC) [15]



Full Text Application Heuristic
Study Retrieved? Study Type Domain Approach Data Context
Scott Wahl & Yes Primary study Campaign Fuzzy Spectral National
John W. finance Hierarchical Institute on
Sheppard, 2018 monitoring [16]  Clustering with ~ Money in State
association rule Politics; 5,372
mining [16] nodes, 32,309
edges
(California 2016)
[16]
Scott Wahl et al, No Primary study Campaign Fuzzy FEC campaign
2019 finance Hierarchical finance records,
monitoring and  Spectral multi-year [1]
legislative vote Clustering [1]
prediction [1]
Wendan Weiet  No Primary study Tax fraud GSG21 Chinese
al., 2017 detection (graph-based provincial
(China) [4] suspicious taxation data,
group 7-year period [4]
identification)
(4]
Erik Hemberg et  Yes Primary study Tax fraud Genetic Simulated
al., 2015 detection Algorithm / ownership
(partnership tax  co-evolutionary  networks and
law) [17] optimization transactions
(17] (17]
Ming-kai Zhu, No Primary study Campaign Modularity- US election
2022 finance based graph donation data,
monitoring [18]  partitioning [18]  1997-2020 [18]
J.S.Hleap & C.  Yes Primary study Voting pattern Modularity Roll-call voting
Blouin, 2014 analysis (US optimization data, 110th US
Senate) [8] with LDA Senate [8]
refinement [8]
Lecheng Zheng  No Primary study Customer risk Federated graph 1.4 million
et al., 2025 analytics in neural network transactions
financial with cross-bank  across seven
networks [6] PageRank [6] markets [6]
Ruan Jianfei et No Primary study Tax fraud Graph Chinese
al.,, 2019 detection projection and corporate
(China) [19] component governance data,
pattern 2009-2015 [19]

matching [19]



Full Text Application Heuristic
Study Retrieved? Study Type Domain Approach Data Context
T. Chari & L. Yes Primary study Voting pattern Neighbor-Net US Senate
Pachter, 2021 analysis (US algorithm with voting data [20]
Senate) [20] SplitsTree
visualization
[20]
Allana Tavares Yes Primary study Public Heron's Brazilian
Bastos et al., procurement Information bidding data:
2025 collusion Coefficient 272 nodes, 683
detection [7] (HIC) with bids, 2013-2021
Disparity Filter [7]
(7]
E. Bloedorn et No Primary study IRS tax fraud Relational graph  IRS data: 20
al., 2005 detection [3] mining with million nodes,
graph matching 20 million edges,
(3] 500 GB [3]
Ignacio No Primary study Tax fraud and Social network Spanish tax
Gonzalez & money analysis authority
Alfonso Mateos laundering combined with (AEAT) data
Caballero, 2018 detection (Spain) ML [21] [21]
[21]
Feng Tianetal., No Primary study Tax fraud Colored Chinese
2017 detection Network-Based  taxpayer data
(China) [5] Model (CNBM) [5]
with pattern tree
matching [5]
Ujjwala Priya Yes Review / Fraud ring Louvain General
Modepalli, 2025 Framework detection and algorithm with financial fraud
systemic risk temporal networks [11]
[11] community
detection and
centrality
measures [11]
Pritheega Yes Primary study Criminal Shortest Paths Enron email
Magalingam et network / Network Search ~ dataset: 26,027
al., 2015 money Algorithm nodes, 1,048,572
laundering (SPNSA) [22] edges [22]
detection [22]
Dhara Shah et No Primary study Community Connected- Real and
al., 2020 detection in Dense- synthetic triple
triple networks Connected networks [23]
[23] (CDC) subgraph

heuristics [23]



Full Text Application Heuristic
Study Retrieved? Study Type Domain Approach Data Context
Anne Parkeret  No Primary study Healthcare Community- CMS Open
al. (n.d.) financial Affiliation Payments data
relationship Graph (AGM) [24]
analysis [24] Model [24]
Bo Yang et al., No Primary study Signed social FEC Benchmark and
2007 network mining  (agent-based random signed
[25] heuristic for networks [25]
signed
networks) [25]
Yiran Chen & Yes Primary study Campaign Bayesian FEC data: 5,858
Hanming Fang, finance inference via political
2017 ideological Gibbs sampler committees,

inference [2]

(2]

145,406 edges,

2003-2004 cycle
(2]

Of the 25 sources, eight retrieved full texts provided deeper methodological and empirical detail; the remaining 17
were analyzed from abstracts only. The studies divide broadly into three application clusters: (1) campaign finance
and political network analysis (eight studies), (2) tax fraud and evasion detection (eight studies across US, Chinese,
Spanish, and Brazilian contexts), and (3) general financial fraud, criminal network, or methodological contributions
applicable to these domains (nine studies). Only a subset directly uses IRS or FEC data; the remainder addresses
analogous problems in government financial networks or proposes transferable methods.

Thematic Analysis
Theme 1: Spectral and Modularity-Based Community Detection

The most frequently applied family of heuristics relies on spectral clustering and modularity optimization. Wahl and
Sheppard developed a line of research applying hierarchical fuzzy spectral clustering to campaign finance networks,
using random matrix theory to estimate the number of clusters and spectral fingerprints to determine hierarchy
levels [15]. This approach was extended to temporal networks to track community evolution over time [12] and
combined with association rule mining to extract interpretable features from the resulting communities [16]. In
one application, fuzzy hierarchical community assignments proved highly predictive of legislative voting behavior
in both the US House and Senate [1]. The fuzzy membership model is a notable modification for political finance
contexts, as donors and politicians may belong to multiple overlapping communities [16].

Modularity optimization also underpins several other approaches. Zhu (2022) formulated firms and politicians as
vertices in an undirected graph with donation-based edges and optimized a custom donation-based modularity metric
that correlated election outcomes with stock price returns [18]. Garcia et al. (2015) extended the standard modularity
framework to weighted and directed networks for interbank lending analysis [13, 13]. Hleap and Blouin (2014)
identified a critical limitation of modularity-based partitioning—topology-constrained correlation graphs tend to
over-fragment into more modules than warranted—and proposed a Linear Discriminant Analysis (LDA) refinement
step that revealed regional voting biases in the 110th US Senate that transcended party lines [8, 8].



The Louvain algorithm specifically was highlighted as a workhorse for community detection in fraud contexts. Mode-
palli (2025) reported that the Louvain algorithm enables efficient identification of densely connected criminal groups
through modularity optimization [11], while Carvalho found that the Leiden variant outperformed Louvain, Label
Propagation, and Greedy Modularity in detecting 12 communities within Brazilian public contracting networks [9].

Theme 2: Graph-Based Pattern Matching and Relational Mining

A distinct class of methods focuses on explicit pattern matching within graph structures, particularly for tax fraud
detection. Bloedorn et al. (2005) developed a relational graph mining system for IRS investigations that operates
directly against a 20-million-node, 500 GB database [3]. The system uses a flexible graph representation language
allowing inexact matches and dynamically generated SQL queries for efficient mining [3]. This prototype was de-
ployed at the IRS and received accolades for identifying criminal activity [3].

DeBarr and Harwood applied graph partitioning, clustering, link analysis, and graph matching to K-1 data from
flow-through entities, demonstrating the ability to identify tax compliance issues in complex multi-level networks,
including schemes involving offshore and foreign entities [10]. They emphasized that these techniques are comple-
mentary: clustering reveals statistical distributions, link analysis supports individual case review, and visualization
aids comprehension of networks under 200 nodes [10].

In the Chinese tax evasion context, three related studies developed graph-based models for detecting suspicious
corporate groups. Tian et al. (2017) proposed the Colored Network-Based Model (CNBM) that generates a Taxpayer
Interest Interacted Network and uses pattern tree construction and component pattern matching to find suspicious
groups [5]. Wei et al. (2017) introduced the GSG2I method, which recognizes controller interlock patterns and
identifies suspicious groups in heterogeneous corporate governance networks [4]. Ruan Jianfei et al. (2019) extended
this with graph projection methods for recognizing controller interlock patterns in a Corporate Governance Network
spanning seven years of provincial tax data [19]. All three reported that their methods greatly improved the efficiency
of tax evasion detection compared to traditional data mining approaches [4, 5, 19].

Theme 3: Probabilistic and Bayesian Approaches

Chen and Fang (2017) took a fundamentally different approach by employing Bayesian inference via a Gibbs sam-
pler to infer the latent ideological affiliations of political committees from FEC financial contribution networks [2].
Applied to 5,858 political committees with 145,406 financial edges from the 2003-2004 election cycle [2], the method
achieved 94.36% accuracy for Democratic and 89.49% accuracy for Republican committee classification when val-
idated against self-reported affiliations [2]. A key innovation was the introduction of pair-wise heterogeneity in
edge formation probabilities [2], though computational costs were substantial, with execution times ranging from
65 hours to 11 days [2].

Theme 4: Co-Evolutionary and Simulation-Based Methods

Hemberg et al. (2015) proposed a co-evolutionary simulation approach using genetic algorithms to model the adver-
sarial dynamics between tax evasion schemes and audit procedures [17]. The method represents tax law as decision
rule trees and searches transaction sequences based on audit risk, without requiring prior tax return or audit data
[17]. Applied to partnership tax law and the Installment Bogus Optional Basis (iBOB) scheme, the method detected
the iBOB scheme in 34% of iterations [17]. A distinctive strength is that the system simulates how evasion schemes
evolve in response to audit procedure changes, capturing the oscillatory behavior inherent in adversarial compliance
environments [17].



Theme 5: Geometric and Information-Theoretic Measures

Bastos et al. (2025) introduced Heron's Information Coefficient (HIC), a geometric measure quantifying how sub-
graphs deviate from the global network structure [7]. Applied to over eight years of Brazilian procurement bidding
data, HIC revealed collusive patterns that standard topological indicators missed [7]. The method achieved detection
rates between 81% and 95% using ensemble methods across varying corruption intensities and network sizes [7], with
time complexity of O(|V|(|V] + |E|)) and space complexity of O(|V|"2) [7]. Its geometric intuition—focusing on the in-
teraction between active and inactive subgraphs—offers a complementary perspective to density-based community
detection [7].

Theme 6: Scalable and Federated Architectures

For large-scale deployment, several studies addressed scalability challenges. Bloedorn et al. (2005) demonstrated
direct database mining against a 20-million-node dataset [3], while Modepalli (2025) reported that scalable methods
maintain 90% accuracy with over 1 million nodes and that ensemble techniques reduce false positive rates from 15% to
6% [11]. Zheng et al. (2025) developed a federated graph neural network enabling collaborative behavior modeling
across competing financial institutions without sharing proprietary data, analyzing 1.4 million transactions and
reducing false positive and false negative rates to 4.64% and 11.07% respectively [6]. The system prevented 79.25% of
potential losses compared to 49.41% under fixed-rule policies [6].

Theme 7: Investigative Subnetwork Extraction

Rather than detecting all communities simultaneously, some methods focus on extracting targeted investigative
subnetworks. Magalingam et al. (2015) developed the Shortest Paths Network Search Algorithm (SPNSA), which
starts from a “feed” of known suspects and builds sparse, manageable subnetworks for investigation [22]. Applied
to the Enron email dataset, SPNSA identified 4 convicted criminals not in the initial feed, and in leave-one-out tests,
recovered the omitted criminal in 5 of 9 cases [22]. This approach produced substantially smaller networks than
standard community detection or k-Neighbourhood methods [22], making it practical for investigators who need
actionable leads rather than comprehensive partitions.

Performance Metrics

Quantitative performance data were available for a subset of studies. The table below summarizes reported metrics.

Study Metric Type Value Validation Method

L. Carvalho (n.d.) AUC-ROC 0.820 [9] Supervised classification
of sanctioned suppliers [9]

L. Carvalho (n.d.) Recall 79.4% [9] Supervised classification
(9]

L. Carvalho (n.d.) Precision 10% (90% false positive Supervised classification

rate) [9] [9]
Erik Hemberg et al., 2015  Scheme detection rate 34% of iterations [17] Co-evolutionary

simulation of iBOB
scheme [17]

Lecheng Zheng et al.,, 2025  False positive rate 4.64% [6] Cross-market federated
analysis [6]
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Study

Metric Type

Value

Validation Method

Lecheng Zheng et al., 2025
Lecheng Zheng et al., 2025

Allana Tavares Bastos et
al.,, 2025

Ujjwala Priya Modepalli,
2025

Ujjwala Priya Modepalli,
2025

Ujjwala Priya Modepalli,
2025

Ujjwala Priya Modepalli,
2025

Pritheega Magalingam et
al., 2015

Yiran Chen & Hanming
Fang, 2017

Yiran Chen & Hanming
Fang, 2017

False negative rate

Loss prevention
Detection rate (ensemble)
Precision

Recall

Ensemble accuracy
False positive reduction
Criminal recovery
(leave-one-out)
Classification accuracy
(Democratic)

Classification accuracy
(Republican)

11.07% [6]

79.25% vs. 49.41% baseline
(6]

81%-95% [7]

Up to 90% [11]

87% [11]

95% [11]

15% to 6% [11]

5 of 9 cases [22]
94.36% [2]

89.49% [2]

Cross-market federated
analysis [6]
Comparison to fixed-rule
policies [6]

Monte Carlo simulations
with null models [7]
Multi-method
benchmarking [11]
Multi-method
benchmarking [11]
Includes deep learning
frameworks at 94% [11]
Ensemble vs.
single-method
comparison [11]
Left-out criminal
identification [22]
Match to self-reported
affiliations [2]

Match to self-reported
affiliations [2]

Performance varies considerably across methods and domains. The highest classification accuracies (89-95%) come
from Bayesian inference on FEC contribution networks [2] and ensemble-based fraud detection frameworks [11],
while methods applied to compliance screening in public procurement settings show high recall but very low pre-
cision, reflecting the inherent class imbalance in fraud detection [9]. The federated learning approach achieved a
notable combination of low false positive (4.64%) and false negative (11.07%) rates [6], though this was in a broader
financial context rather than specifically IRS/FEC data.

Reported Limitations

Several recurring limitations emerge across the literature. Computational cost remains a constraint: Bayesian ap-
proaches on FEC-scale networks required 65 hours to 11 days of execution [2], and exact modularity optimization
is computationally expensive for large graphs [8]. Bloedorn et al. (2005) addressed this by mining directly against
a 500 GB database, but acknowledged the need for an integrated software strategy [3]. The NP-hardness of some
subgraph detection problems, such as CDC subgraph identification, further constrains scalability [23].

False positive rates present a persistent domain-specific challenge. Carvalho's supervised model achieved only 10%
precision with a 90% false positive rate [9], illustrating the difficulty of distinguishing genuinely irregular patterns
from benign network structures. Hleap and Blouin (2014) demonstrated that topology-constrained correlation graphs
induce over-fragmentation—spuriously high modularity scores even in random graphs—necessitating post-hoc cor-
rection [8]. Hemberg et al. (2015) noted that their co-evolutionary model provides a simplified view of transactions
and law, and requires testing on actual tax return data [17].

Data quality and integration challenges were also prominent. DeBarr and Harwood emphasized the impracticality
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of studying taxpayer relationships from a single IRS operating division's perspective [10]. Chen and Fang (2017)
noted that their method assumes political committees contribute more frequently to ideologically similar entities, an
assumption that may not universally hold [2]. Several methods require parameter tuning: the fuzzy spectral approach
needs specification of the number of communities [16], and Bastos et al. (2025) acknowledged that excluding certain
centrality terms for large-scale analysis may affect sensitivity [7].

Synthesis

The heterogeneity in reported effectiveness across these studies can be largely explained by three factors: the nature
of the detection task, network scale and structure, and the degree of ground truth availability.

First, methods designed for community characterization in campaign finance networks (spectral clustering, Bayesian
inference) consistently achieve high accuracy when validated against known labels such as party affiliations [2] or
legislative votes [1]. These tasks involve relatively well-defined group structures with observable ground truth.
In contrast, methods targeting tax fraud or procurement collusion detection operate in adversarial settings where
fraudulent actors deliberately obscure network signals, and ground truth is sparse or delayed. This explains why
Carvalho's supervised model achieves strong AUC-ROC (0.820) but poor precision (10%) [9] —the base rate of fraud
is low, and structural features alone cannot reliably discriminate.

Second, the choice between global community detection and targeted subnetwork extraction reflects a fundamental
trade-off. Global partitioning methods (Louvain, spectral clustering, modularity optimization) provide comprehen-
sive network decomposition but produce dense subnetworks that can be difficult to analyze [22]. Targeted methods
like SPNSA produce sparse, investigable subnetworks starting from known suspects [22], but require prior knowl-
edge of at least some nodes of interest. For IRS applications involving complex K-1 networks, DeBarr and Harwood
found that visualization was effective only for networks under 200 nodes [10], suggesting that hierarchical decompo-
sition approaches—such as the fuzzy spectral hierarchy developed by Wahl and Sheppard—are necessary for larger
structures [15].

Third, the Chinese tax evasion studies (Wei et al., Tian et al., Ruan Jianfei et al.) demonstrate that domain-specific
structural signatures—specifically controller interlock patterns in corporate governance networks—can substantially
improve detection efficiency when formalized as graph patterns [4, 5, 19]. These methods exploit the observation
that tax evasion via Interest Affiliated Transactions involves specific topological motifs (two suspicious relationship
trails sharing an antecedent node) [5]. Analogous domain-specific pattern formalization for US IRS contexts—such as
the multi-level flow-through entity structures described by DeBarr and Harwood [10] —could yield similar efficiency
gains, though no study has yet combined the Chinese graph-pattern approach with US K-1 network data.

For campaign finance applications, spectral and modularity-based methods are well-suited to recovering political
community structure, with fuzzy membership models capturing the reality that donors and committees often span
ideological boundaries [16]. The Bayesian approach of Chen and Fang (2017) is particularly valuable for addressing
the missing-data problem: approximately two-thirds of FEC-registered political committees do not self-identify party
affiliations, and the method successfully infers these from contribution patterns [2]. However, scalability remains a
concern for Bayesian methods on growing FEC datasets [2].

For tax fraud detection at IRS scale, the most practically validated approach remains the relational graph mining sys-
tem of Bloedorn et al. (2005), which demonstrated operational deployment on a 20-million-node graph [3, 3]. Newer
approaches—particularly federated architectures [6] and geometric measures like HIC [7] —offer promising scalabil-
ity and interpretability improvements but have not yet been validated on IRS data specifically. The co-evolutionary
simulation approach [17] offers a unique capability for anticipating evolving evasion schemes but requires further
development before operational deployment [17].
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In sum, no single heuristic dominates across all IRS/FEC contexts. Spectral and modularity-based methods are most
effective for campaign finance community recovery, graph pattern matching approaches are most efficient for struc-
tured fraud detection when domain-specific motifs are known, and federated or ensemble architectures offer the
best scalability for large transaction networks. The most effective operational systems combine multiple comple-
mentary techniques—community detection for macro-structure, link analysis for individual case investigation, and
visualization for human interpretation [10] —rather than relying on any single method.
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