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ABSTRACT

The rapid expansion of online gaming, digital wagering platforms, and real-time payment systems has intensified
regulatory complexity within U.S. gaming and taxation sectors. State gaming commissions, the Internal Revenue Service
(IRS), and financial intelligence authorities face growing challenges in detecting revenue misreporting, tax underpayment,
anti-money laundering (AML) violations, and cross-jurisdictional compliance gaps. Traditional rule-based audit systems
are increasingly insufficient in high-velocity, data-intensive environments characterized by digital wallets, promotional
credits, and multi-platform wagering. This paper proposes a strengthened, Al-driven regulatory compliance framework
integrating machine learning, graph analytics, streaming anomaly detection, and explainable risk scoring models. The
framework emphasizes layered detection architectures that combine deterministic regulatory rules with probabilistic risk
models and network-based collusion detection. Mathematical formulations for revenue leakage estimation, risk
optimization, and federated inter-state learning are introduced to enhance technical defensibility and economic efficiency.
The study further addresses governance safeguards, including model risk management, algorithmic fairness auditing,
audit traceability, and due process protections aligned with U.S. regulatory standards. By embedding transparency,
continuous monitoring, and privacy-preserving collaboration mechanisms, Al systems can simultaneously enhance tax
integrity, reduce enforcement costs, and improve regulatory trust. Strengthening Al-driven compliance infrastructures is
essential to modernizing public finance oversight while safeguarding constitutional protections in an increasingly
digitized gaming economy.
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1. INTRODUCTION
1.1 Economic significance of regulated gaming and tax integrity
Regulated gaming constitutes a significant and expanding component of U.S. state-level revenue systems. Across
commercial casinos, tribal compacts, state lotteries, sports wagering, and iGaming, annual gross gaming revenue (GGR)
now reaches tens of billions of dollars nationwide, with multiple states reporting record-breaking totals in recent years.[1]
These revenues are not merely private-sector earnings; they underpin earmarked public expenditures, including education
funding, infrastructure upgrades, public health initiatives, and pension stabilization programs.[2] In several jurisdictions,
gaming taxes represent a material share of discretionary state income, making accurate reporting and timely remittance
essential for fiscal planning and bond-market credibility.[3]
The rapid legalization and scaling of online sports betting and iGaming have further expanded the tax base, while
introducing complex digital payment ecosystems and omnichannel wallet systems that blur the boundary between retail
and online activity.[4] Digital wallets, instant withdrawals, promotional credits, and cross-state betting platforms increase
transaction velocity and data complexity. As the revenue footprint grows, so too does the importance of ensuring that
GGR calculation, promotional deductions, and tax remittance processes are mathematically accurate, auditable, and
resilient against manipulation or leakage.[5]
1.2 Compliance risk in high-velocity transaction systems
Modern gaming operates as a high-frequency, real-time transaction ecosystem. A single sportsbook may process millions
of micro-wagers during major sporting events, while retail casinos simultaneously manage slot meters, jackpot accruals,
and cage operations.[6] In such environments, compliance risk is amplified not only by fraud or intentional abuse, but
also by system latency, configuration drift, and reconciliation mismatches between wagering engines, wallet systems, and
financial ledgers.
A key distinction must be made between revenue leakage and reporting misclassification. Leakage implies actual financial
loss through promo abuse, payment reversals, collusion, or skimming whereas misclassification can distort reported GGR
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through timing differences, bonus accounting errors, or inconsistent void handling.[5] Both outcomes erode tax integrity,
but they require different detection mechanisms.

Further complicating matters is the convergence of AML risk and tax underreporting exposure. Structured deposits, mule
accounts, layered wallets, or cross-border payment routing may obscure true source-of-funds and distort revenue
attribution, triggering regulatory scrutiny beyond gaming oversight.[7] High-velocity systems compress the time window
for detection; by the time periodic audits identify discrepancies, funds may have exited the ecosystem. Therefore,
compliance controls must operate at transaction speed, integrating wagering, payments, KYC, and reporting pipelines in
near real time.[6]

1.3 Why AI must evolve beyond anomaly flags

Traditional compliance frameworks rely heavily on static thresholds and rule-based anomaly flags e.g., deposit limits,
geo-blocking triggers, or velocity caps. While necessary, such deterministic rules are increasingly insufficient in
adversarial environments where sophisticated actors adapt behavior to remain just below fixed thresholds.[8] Bonus abuse
rings coordinate wagering patterns; arbitrageurs exploit latency windows; mule networks distribute transactions across
accounts to dilute signal strength. Static rules generate high false positives during promotional spikes and miss subtle,
distributed risk patterns.

To address this, Al must evolve toward probabilistic, multi-layered risk scoring architectures that combine supervised
learning, anomaly detection, graph reasoning, and streaming analytics.[6] Rather than binary flags, systems should
produce calibrated risk distributions, updated continuously as new evidence arrives. Identity graphs linking players,
devices, payment instruments, and affiliates enable relational inference beyond single-account views.[7] Streaming
models capture temporal shifts and concept drift in live wagering markets.

The objective is to construct a mathematically defensible Al compliance architecture one that integrates data lineage,
model explainability, calibration, and governance controls ensuring tax accuracy, AML alignment, and regulatory
transparency in high-growth, digitally mediated gaming markets. [1,5]

Table 1. Revenue-Leakage Categories, Operational Symptoms, and Quantitative Indicators
Primary Risk
Impact

Leakage Category Operational Symptoms Mathematical Signal

Reconciliation mismatch between

Under-reported GGR wagers and ledger

L = GGRexpectea — GGRreportea |  Tax shortfall

Rapid bonus-to-cash conversion, multi-| Abnormal promo ROAS; velocity

Promotional Abuse Margin erosion

account patterns metrics
Payment Rou.tlng / AML Structured deposits, mule linkages High-risk score R(x); graph Regulatory
Evasion centrality penalty
Retail Cash Skimming Cage d iscrepancies, meter Variance from theoretical hold Direct financial
inconsistencies loss

Retail-online hedging via omnichannel| Session entropy spike; payout

Cross-Channel Arbitrage wallets timing deviation

Systemic leakage

2. SYSTEM MODEL OF REVENUE & COMPLIANCE RISK
This section introduces a formal mathematical structure for modeling revenue flow, probabilistic compliance risk, graph-
based collusion detection, and adaptive drift monitoring in state-regulated gaming systems. The objective is to construct
a mathematically defensible compliance architecture that aligns tax integrity, AML monitoring, and operational
controls.[6—14]
2.1 Revenue Flow Model
Let total Gross Gaming Revenue (GGR) be defined as:

N
GGR = Z(Wi —pP)
=1

Where:

e  W;=wager amount for transaction i

e P,=payout for transaction i

e  N=total number of wager transactions
State tax remittance is computed as:
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T =7-GGR

Where:
e 7= statutory state tax rate
In practice, reported GGR may deviate from the expected recomputed GGR derived from event-level logs. Revenue
leakage is therefore defined as:
L= GGRexpected - GGRreported

Leakage may arise from promotional misclassification, reconciliation gaps, settlement errors, or intentional
manipulation.[7,9] The compliance objective is to minimize expected leakage:

oy ELL

Operationally, this requires reconstructing transaction-level revenue streams from atomic wager and payout logs,
comparing them to ledger-reported aggregates, and estimating systematic deviations across channels (retail, sportsbook,
iGaming).[10] A well-calibrated Al compliance model should reduce both the mean and variance of L, stabilizing tax
remittance Tand ensuring fiscal integrity.[8]
2.2 Probabilistic Compliance Risk Function
Revenue leakage and AML violations often occur at the transaction or account level. Let the compliance risk score for
feature vector xbe defined as:

R(x)=P(Y =11x)

Where:
e Y = lindicates a compliance violation (e.g., promo abuse, reporting misclassification, AML breach)
e x= feature vector (velocity metrics, reconciliation deltas, device/IP signals, wallet flows, affiliate attributes)
Using a logistic regression model:
1

R() = —
&) = TG

Parameter estimation follows maximum likelihood optimization:
n

min = ) [yilog RGx) + (1 - y)log (1 = R(x)]
i=1

This objective minimizes cross-entropy loss across labeled cases.[11] The probabilistic output R(x)enables threshold-
based triage:

e R(x) < a:low risk (auto-approve)

e a < R(x) <y:review queue

e R(x) = y: enhanced due diligence or intervention
Calibration techniques (Platt scaling, isotonic regression) ensure predicted probabilities reflect empirical violation
frequencies.[12] This probabilistic framing replaces rigid binary flags with continuous risk gradients, supporting risk-
based regulation aligned with supervisory standards.[6]
2.3 Graph-Based Collusion Model
Many leakage schemes involve coordinated networks rather than isolated accounts. Let the interaction network be defined
as:

G =(V,E)

Where:

e V=nodes (players, devices, payment instruments, [Ps, venues)

e E=-edges (financial transfers, shared devices, wagering synchronization, affiliate linkage)
Community detection can be performed using modularity optimization:

1 4k
D R KGR
ij

IJETRM ( ) [357]


https://ijetrm.com/issue/
http://ijetrm.com/

Volume-09 Issue 08, August-2025 ISSN: 2456-9348

Impact Factor: 8.232

International Journal of Engineering Technology Research & Management (IJETRM)
Journal Article

e A;;= adjacency matrix

® ki k;=node degrees

e m=total edges

e §(c; )= 1 if nodes share community, O otherwise
High modularity Qvalues indicate dense intra-cluster connections exceeding random expectation, potentially signaling
coordinated bonus abuse or mule networks.[13]
Graph-derived features centrality, clustering coefficient, motif counts augment supervised risk models.[11] Temporal
extensions allow detection of synchronized betting bursts in in-play markets.[9] Explainability requires extracting
subgraphs and path justifications to support regulatory auditability.[6]
2.4 Drift and Adversarial Adaptation Model
Gaming ecosystems evolve rapidly due to promotions, seasonality, and adversarial adaptation. Let the feature distribution
at time tbe:

P.(X)

Concept drift occurs when the divergence between successive distributions exceeds tolerance:
Dy, (P Il Peyy) > €

Where:
e Dy, = Kullback-Leibler divergence
e ¢=predefined drift threshold
If drift exceeds threshold, the system triggers retraining or recalibration. Drift may reflect benign changes (e.g., major
sporting events) or adversarial adaptation (ring behavior shifting below rule thresholds).[14]
The operational objective becomes:
If Dg; > € = Initiate Model Update

Drift monitoring reduces degradation in detection performance and preserves tax accuracy under changing behavioral

regimes.[8] Streaming drift detection combined with rolling back-testing ensures stability without excessive retraining
noise.[10]

Figure 1. Mathematical System View of Compliance Detection Architecture
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Figure 1. Mathematical System View of Compliance Detection Architecture

This integrated mathematical system formalizes leakage detection as a multi-layer optimization problem: minimizing
expected revenue loss, estimating probabilistic violation risk, identifying network collusion, and adapting dynamically to
distributional change ensuring mathematically defensible, regulator-aligned compliance performance in high-velocity
gaming ecosystems.[6,14]
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3. Al ARCHITECTURE FOR MULTI-LAYER COMPLIANCE DETECTION
Modern revenue-protection systems in regulated gaming require a layered architecture that integrates deterministic
controls, probabilistic modeling, graph intelligence, anomaly detection, and investigator feedback. Each layer serves a
distinct compliance function while contributing to a unified objective: minimizing expected revenue leakage and
regulatory exposure in high-velocity transaction ecosystems.[12—19]
3.1 Layer 1: Deterministic Rule Engine
The foundation of any regulated compliance architecture is a deterministic rule engine. This layer encodes statutory
requirements and non-negotiable operational controls. Regulatory thresholds such as maximum bet limits, jurisdictional
geo-blocking, age verification, and identity document validation must execute with zero tolerance for probabilistic
discretion.[12]
Similarly, tax withholding triggers may apply when payout thresholds exceed reporting requirements (e.g., W-2G events),
ensuring automatic deduction and ledger recording prior to withdrawal authorization.[13] These deterministic
mechanisms guarantee minimum compliance irrespective of model outputs.
At the AML layer, rules enforce Suspicious Activity Report (SAR) triggers, such as structured deposits near reporting
thresholds, rapid deposit—withdraw cycles, or sanctioned entity matches.[14] Deterministic checks also validate data
integrity e.g., ensuring wager settlement cannot occur without recorded outcome events or that wallet debits net to zero
across system boundaries.
While rule engines are essential, they are brittle in adversarial environments; actors adapt to remain just below static
thresholds.[15] Nonetheless, this layer establishes baseline regulatory compliance, serving as a hard boundary within
which higher-order probabilistic models operate.
3.2 Layer 2: Supervised ML Risk Scoring
The second layer introduces supervised machine learning risk scoring, capturing nonlinear interactions that deterministic
rules cannot detect. A widely adopted model family is Gradient Boosting, defined as:

M
FO) = ) Yl

Where:
e  h,,(x)=weak learner (typically decision trees)
e  y,,= learning rate coefficients
e M= number of boosting rounds

The optimization objective minimizes empirical loss:

min )" L(y F(x)

Where:

e L=loss function (e.g., log-loss for binary classification)

e y;=observed compliance outcome
Gradient Boosting models are well-suited for gaming environments because they handle heterogeneous tabular data
transaction velocity, reconciliation deltas, wallet flows, affiliate attribution, and device risk signals without heavy
preprocessing.[16]
Risk scores F(x)are calibrated into probabilities that inform triage thresholds:

e  Low risk — auto-approve

e  Medium risk — queue for review

e High risk — stepped-up KYC, withdrawal hold, or promo suspension
This probabilistic layer reduces false positives relative to static rules and adapts to evolving abuse patterns via retraining
cycles triggered by drift detection.[15] Importantly, explainability tools (e.g., SHAP values) decompose contribution of
features, enabling transparent regulator communication.[12]
Supervised models thus transform historical enforcement data into predictive compliance intelligence.
3.3 Layer 3: Unsupervised Anomaly Detection
Not all leakage patterns are labeled in historical data. Unsupervised anomaly detection identifies emerging behaviors

without relying on confirmed violation cases. A common technique is the Isolation Forest anomaly score:
_E(h(x)
S(X) =2 cm

Where:
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e  E(h(x))= expected path length to isolate observation x

e ¢(n)=normalization factor for sample size
Shorter path lengths indicate anomalies observations that are easily isolated due to rarity.[17]
In gaming contexts, anomaly detection can identify unusual promo conversion rates, sudden payout timing irregularities,
or abnormal wallet routing patterns that deviate from learned baselines.[16] It is particularly useful during major sporting
events or new promotional campaigns, where novel strategies may not yet appear in labeled datasets.
However, anomaly scores alone may overreact to benign shifts (seasonality, marketing campaigns). Therefore, this layer
typically feeds into supervised risk scoring or graph analysis before enforcement action is taken.[15]
Unsupervised detection acts as an exploratory safety net, expanding coverage to unknown unknowns within high-velocity
ecosystems.[18]
3.4 Layer 4: Graph Neural Networks
Many revenue leakage schemes are coordinated rather than isolated. Graph Neural Networks (GNNs) model relational
dependencies among players, devices, payment instruments, IP addresses, and affiliates. Let node embedding at layer k +
1be defined as:

KD = (W ® . AGGREGATE(W®, vu € N(v)))

. h,(,k)= embedding of node vat layer k

e  N(v)=neighbors of v

o W= learnable weight matrix

e o= activation function
This formulation allows each node’s representation to incorporate attributes of connected nodes, enabling detection of
mule networks, coordinated bonus rings, and tax-avoidance clusters.[18]
For example, a seemingly low-risk account may share devices or payment instruments with multiple high-risk nodes.
Graph embeddings propagate risk through these relational edges, revealing hidden network structures invisible to tabular
models.[19]
Temporal graph extensions detect synchronized in-play arbitrage bursts or rapid wallet fund propagation. Explainability
is achieved by extracting subgraphs that justify alerts (e.g., shared device + synchronized wagering + common
affiliate).[12]
Graph-based reasoning is especially valuable in identifying systemic under-reporting rings or structured payment routing
schemes that span multiple accounts and channels.

Table 2. Model Families x Leakage Use Case x Interpretability x Operational Complexity

Model Layer Core Function Data Requirements Interpretability Deployme.nt
Complexity
Deterministic Rules Regulatory Transaction thresholds Very High Low
enforcement
Gradient Boosting | Predictive risk scoring Lab;éz?u';it;ular High (via SHAP) Moderate
Isolation Forest Novel anpmaly Unlabeled behavioral Moderate Moderate
detection data
Graph Neural Collusion/ring Entity-link network Moderate (subgraph Hich
Networks detection data explanations) &
Bayesian Updating HuT“a“ feqd back Investigator outcomes High Moderate
integration

3.5 Layer 5: Human-in-the-Loop Bayesian Updating

Automated detection must integrate investigator expertise. Human-in-the-loop systems apply Bayesian updating to refine
risk priors. Let hypothesis Hrepresent the presence of leakage, and Drepresent new evidence (e.g., investigator-confirmed
case):

P(D | H)P(H)

P(H 1 D) = =55
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Investigator decisions confirmations, dismissals, contextual notes update prior probabilities P(H), recalibrating model
outputs.[13]

This feedback loop mitigates automation bias and adapts models to nuanced scenarios (e.g., high-value legitimate bettors
mistaken for arbitrageurs). Over time, posterior adjustments inform retraining datasets and threshold tuning.[14]

Human oversight also ensures proportionality, fairness, and regulatory defensibility. Bayesian updating transforms
compliance architecture from static detection to adaptive governance integrating statistical inference with domain
expertise.[12]

The synergy between algorithmic detection and investigator validation stabilizes false-positive rates while enhancing
detection precision in adversarial environments.

Figure 2. Multi-Layer Compliance Detection Architecture
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Figure 2: Multi-Layer Compliance Detection Architecture

This structured, multi-layer design ensures redundancy, adaptability, and mathematical defensibility, aligning tax
integrity, AML compliance, and operational enforcement within state-regulated gaming ecosystems. [12—19]

4. EXPLAINABILITY, LEGAL DEFENSIBILITY, AND DUE PROCESS
Modern Al-driven compliance systems in regulated gaming must be mathematically rigorous and regulator-defensible.
Beyond predictive accuracy, systems must demonstrate transparency, fairness, reproducibility, and constitutional
compliance. This section formalizes explainability, fairness constraints, traceability, and governance safeguards within a
compliance architecture.[17-24]
4.1 SHAP Value Decomposition
To ensure interpretability of model predictions, Shapley Additive Explanations (SHAP) provide a theoretically grounded
feature-attribution framework derived from cooperative game theory. For a prediction function f(x), the decomposition
is:

f(x)=¢0+i¢i

Where:

e  ¢,= baseline model output (expected value)

e  ¢;= contribution of feature i

e  M=number of input features
Each ¢;represents the marginal contribution of feature iaveraged across all possible feature coalitions.[20] This
guarantees local accuracy (the contributions sum to the model output), consistency (increasing a feature’s influence does
not reduce its SHAP value), and missingness (unused features receive zero contribution).
In gaming compliance contexts, SHAP decomposition can explain why a transaction or account received elevated risk.
For example, a high reconciliation delta may contribute +0.25 to risk, shared device fingerprint +0.18, and abnormal
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promo conversion velocity +0.12. Regulators and investigators can thus trace specific risk drivers rather than relying on
opaque probability scores.[17]
SHAP values also support threshold governance: if risk is primarily driven by one volatile feature (e.g., temporary
promotional surge), enforcement thresholds can be moderated to prevent overreaction.[21] This approach transforms
model output from a “black box™ into a structured explanation vector suitable for audit and due-process requirements.
4.2 Fairness Constraint
Al compliance systems must avoid discriminatory or disproportionate enforcement across protected groups. Two
commonly applied fairness criteria are demographic parity and equalized odds.
Demographic Parity:

PY=11A=a)=P(Y =114A=b)

Where:
e ¥ = lindicates predicted violation
e A= protected attribute (e.g., age band, region)
This ensures similar positive prediction rates across groups. However, demographic parity may conflict with legitimate
risk differentials.
Equalized Odds:
PY=11Y=y,A=a)=PY =1|Y=y,A=Db)

This requires equal true-positive and false-positive rates across protected groups.[22]

In regulated gaming, fairness constraints must balance AML enforcement with constitutional non-discrimination
principles.[23] Techniques such as reweighting, adversarial debiasing, or post-processing threshold adjustment can
enforce fairness metrics without severely degrading predictive performance.[21] Fairness dashboards should monitor drift
in group-level error rates over time, particularly after model retraining triggered by distributional shifts.[18]

Embedding fairness constraints in the optimization pipeline enhances regulatory trust and reduces litigation exposure.
4.3 Audit Traceability Model

Regulatory compliance requires full reproducibility of model decisions. Each model output must be stored with an
immutable trace record:

(m)

{xt(m)' model version® » timestamp (m), explanation_vector}

Where:

. feature vector at time t

xt(m)=
e model version = unique model identifier
e timestamp = scoring time
e explanation_vector = SHAP contributions or equivalent
This structure enables deterministic replay: regulators or auditors can reconstruct the exact model state and feature inputs
that generated a compliance decision.[19]
Version control and lineage metadata ensure that subsequent retraining does not overwrite historical states. Hash-based
integrity checks prevent tampering. When linked to case-management systems, traceability logs provide evidence of
escalation steps, investigator review, and final resolution.[17]
Audit traceability is especially critical for tax disputes or enforcement appeals. Without stored explanation vectors and
model hashes, retrospective defense becomes difficult. Therefore, traceability is not merely a best practice but a
foundational control requirement in high-stakes financial oversight.[24]
4.4 Constitutional Safeguards
Al-driven compliance must align with constitutional principles of due process and non-arbitrary enforcement. First,
enforcement actions should be grounded in documented, explainable risk criteria rather than opaque automation.[23]
Second, transparent documentation of model governance including validation reports, fairness metrics, and retraining
triggers must be available for supervisory review.[17]
Third, appeal mechanisms are essential. Players or operators flagged for compliance review should have access to reason
codes and a structured escalation pathway. Human oversight ensures proportionality, preventing unjustified account
freezes or tax penalties.
Together, these safeguards ensure that Al augments regulatory enforcement without eroding civil liberties or market
confidence. Responsible governance strengthens both tax integrity and public trust in technologically advanced
compliance systems.[22]
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Figure 3. Explainable Al Dastboard for Regulators
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5. ECONOMIC OPTIMIZATION OF COMPLIANCE Al
Revenue-leakage detection in regulated gaming must not only be technically robust but also economically rational.
Enforcement thresholds, model sensitivity, and investigation workflows directly affect operating cost, customer friction,
and tax recovery outcomes. This section formalizes cost minimization, expected value of detection, return on investment
(ROI), and multi-state optimization within a game-theoretic framework.[22-29]
5.1 Cost Function
Detection systems generate two primary types of error: false positives (FP) and false negatives (FN). False positives result
in unnecessary investigations, customer friction, reputational risk, and operational burden. False negatives allow revenue
leakage or AML violations to persist undetected. The total cost of detection is therefore:

C =Cpp-FP+Cpy-FN

Where:
e  (pp= cost per false positive (review time, customer service, potential churn)
e  (py= cost per false negative (unrecovered leakage, regulatory penalties, tax shortfall)
The optimization objective is:
min C

In regulated gaming, Cpyoften exceeds Cppwhen leakage involves tax underreporting or AML breaches with potential
fines.[23] However, excessively low thresholds inflate FP volume, overwhelming investigation teams and degrading
customer experience.[24]

Thus, the optimal threshold balances detection sensitivity against operational capacity constraints. Cost-sensitive learning
can incorporate asymmetric penalties directly into model training, weighting FN errors more heavily than FP where
regulatory exposure is high.[22] Continuous recalibration ensures cost minimization under evolving fraud tactics and
promotional dynamics.[25]

5.2 Expected Value of Detection
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Beyond error minimization, compliance systems must demonstrate positive economic contribution. The Expected Value
(EV) of detection per case can be defined as:
EV = P(detection) X Avg Leakage — Investigation Cost

Where:

e  P(detection)= probability that flagged activity represents true leakage

e Avg Leakage = mean recoverable revenue per confirmed case

e Investigation Cost = cost of analyst review and enforcement
If EV > 0, the detection strategy yields net financial benefit. For example, if average confirmed leakage equals $5,000
and investigation cost is $300, then detection probability must exceed 6% to break even.
Importantly, EV should incorporate indirect benefits such as deterrence effects visible enforcement reduces future abuse
rates.[260] Additionally, faster streaming detection increases recovery probability by preventing funds from exiting
wallets.[27]
By estimating EV across risk-score deciles, operators can set enforcement thresholds that maximize aggregate net
recovery while maintaining regulatory compliance and operational efficiency.[22]
5.3 ROI Model
At the system level, the return on investment (ROI) of Al compliance infrastructure is:

Recovered Revenue — Al Operational Cost

ROI =
Al Operational Cost

Where:

e Recovered Revenue includes prevented leakage, reclaimed bonuses, reduced chargebacks, and avoided

penalties

e Al Operational Cost includes infrastructure, model maintenance, personnel, and audit overhead
A positive ROI indicates that Al-enabled controls outperform manual or rule-based approaches.[28] Importantly, ROI
must account for long-term regulatory stability avoided fines, improved audit outcomes, and reduced reputational risk
carry financial value even if not directly visible in immediate recovery figures.[24]
Sensitivity analysis across threshold scenarios provides policymakers and operators with transparent cost-benefit
projections.[22]

Table 3. Economic Trade-Off Parameters in AI-Driven Compliance

Variable Definition Operational Meaning Policy Sensitivity
Cep Cost per false positive  [Investigation burden, customer friction Moderate
Cen Cost per false negative Unrecovered leakage, penalties High
EV  |Expected Value of detection Net gain per flagged case Threshold-dependent|
R d — Cost
ROI ecovege . os System-level financial return Budget-sensitive
0s
€ Drift tolerance threshold Retraining trigger point Model stability

5.4 Multi-State Optimization

In the U.S., gaming regulation is state-based, and operators often function across multiple jurisdictions. Let Sdenote the
number of states, each with regulatory utility function Us(m), where mrepresents compliance policy parameters
(thresholds, reporting standards, withholding rules). A cooperative optimization problem can be expressed as:

s
max Z Us (m)
T
s=1

This game-theoretic formulation aligns operator enforcement strategies with aggregated regulatory utility across
jurisdictions.[29]
States differ in tax rates, enforcement tolerance, and reporting rules; therefore, policy mmust adapt while maintaining a
harmonized core detection framework.[23] Multi-state optimization ensures that threshold selection and compliance
architecture remain efficient across heterogeneous regulatory regimes without sacrificing local statutory
requirements.[25]
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Figure 4. Economic Trade-Off Between Detection Threshold and Enforcement Cost
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Figure 4: Economic Trade-Off Between Detection Threshold and Enforcement Cost

6. FEDERATED REGULATORY AI ARCHITECTURE
As regulated gaming expands across multiple U.S. jurisdictions, compliance architectures must reconcile decentralized
regulatory authority with shared risk patterns. A federated Al framework enables cross-state intelligence without
centralizing sensitive transactional data, preserving sovereignty while enhancing systemic resilience. [28, 35]
6.1 Federated Learning Objective
Federated learning (FL) enables multiple state nodes to collaboratively train models without exchanging raw data. Let

there be Kstate nodes. The federated objective function is:
K

. Ny
min E —F,(w)
w n

k=1

Where:
e k= state node
n,= number of samples at node k
n=Yk-1n
F.(w)=local loss function
w= global model parameters
Each state computes local parameter updates wj using its internal transaction, wagering, and AML data. These updates

not raw data are transmitted to a coordinating server. The global model is updated via weighted aggregation:
K

Ny
Wiy = ka

k=1

This iterative procedure (often referred to as Federated Averaging) preserves data locality while enabling cross-
jurisdictional learning.[29]

In regulated gaming, federated learning can capture patterns of bonus abuse, cross-border arbitrage, mule networks, and
structured payment routing that span multiple states. Importantly, states retain control over sensitive financial and identity
data, aligning with local privacy statutes and regulatory autonomy.[30]

Federated architectures reduce duplication of investigative effort and enable smaller jurisdictions to benefit from shared
intelligence while maintaining independent enforcement authority.

6.2 Privacy Guarantees
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To strengthen confidentiality protections, federated systems can incorporate differential privacy (DP). A mechanism
Msatisfies differential privacy if:
P(M(D)=0) <e‘P(M(D") =0)

Where:

e Dand D'differ by one individual record

e 0= model output

e e=privacy budget parameter
Smaller evalues indicate stronger privacy guarantees.[31]
In practice, noise is injected into gradient updates before aggregation, preventing reconstruction of individual-level
behavior from shared parameters. Secure aggregation protocols further ensure that central coordinators cannot inspect
state-specific updates.[32]
For regulated gaming, differential privacy mitigates risk of exposing sensitive financial behavior or AML data while
enabling collective learning. Privacy-preserving computation also reduces legal exposure under evolving Al and data
protection statutes.[33]
Balancing privacy and accuracy requires careful tuning: excessive noise can degrade model performance, while
insufficient privacy controls may undermine public trust. Governance frameworks must document privacy budgets and
model validation results to ensure proportional safeguards.[28]
6.3 Inter-State Intelligence Sharing
Beyond model parameter aggregation, federated ecosystems support structured intelligence sharing. States can exchange
cross-border risk vectors compressed representations of high-risk behavioral signatures without disclosing raw
identities.[34] For example, anomaly fingerprints capturing synchronized wagering bursts, wallet-cycling motifs, or
device-sharing embeddings can be distributed across nodes.
Shared anomaly fingerprints allow jurisdictions to proactively detect migrating abuse patterns when actors shift activity
across state lines. This approach enhances resilience against regulatory arbitrage, where adversaries exploit jurisdictional
fragmentation.[29]
Standardized risk taxonomies and metadata schemas ensure interoperability while preserving autonomy. Structured
collaboration transforms isolated enforcement efforts into a coordinated compliance network.
6.4 Implementation Roadmap
A phased roadmap supports operational feasibility:
Phase 1: Standardized Schemas
Develop harmonized data definitions for wagers, wallets, promo ledgers, AML signals, and reconciliation metrics across
states.
Phase 2: Federated Pilot
Launch pilot federated training among volunteer jurisdictions using anonymized gradient sharing and secure aggregation.
Phase 3: National Registry Layer
Establish a shared compliance registry storing anonymized anomaly fingerprints and risk embeddings, governed by multi-
state oversight.
This incremental strategy balances innovation with regulatory prudence.[28]
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Figure 5. Federated Multi-State Compliance Al Architecture
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Figure 5: Federated Multi-State Compliance AI Architecture

This architecture preserves data sovereignty while enabling collective learning across regulatory ecosystems. [29—34]
6.4 Limitations

Federated compliance systems face several limitations. First, proprietary datasets held by operators may restrict feature
harmonization, limiting cross-state comparability.[30] Second, cross-state heterogeneity in tax rates, reporting standards,
and statutory definitions complicates objective alignment and loss function design.[28] Third, the evolving landscape of
Al regulation and privacy law may impose constraints on gradient sharing, explainability, or algorithmic governance
frameworks.[33]

Additionally, adversarial actors continuously adapt, potentially exploiting federated aggregation delays or privacy noise
injection to evade detection.[35] Model drift may differ across jurisdictions due to localized promotional campaigns or
seasonal effects, reducing generalization.

Finally, governance complexity increases as more states participate, requiring transparent dispute resolution and
coordinated oversight structures. Despite these constraints, federated Al remains a promising pathway toward scalable,
privacy-preserving, multi-jurisdictional compliance intelligence. [35]

8. CONCLUSION

Al-driven compliance in regulated gaming must rest on mathematically grounded foundations rather than heuristic
anomaly flagging alone. Revenue flow odelling, probabilistic risk estimation, graph-based reasoning, and drift detection
provide a formal structure for minimizing expected leakage while stabilizing tax remittance accuracy. By defining
objective functions, calibration standards, and economic trade-offs, compliance systems move from reactive enforcement
toward measurable optimization. Mathematical rigor ensures that detection thresholds are defensible, reproducible, and
aligned with fiscal accountability.

A layered architecture further strengthens system resilience. Deterministic rule engines guarantee non-negotiable
regulatory adherence, while supervised learning captures nonlinear risk patterns beyond static thresholds. Unsupervised
anomaly detection expands coverage to unknown abuse strategies, and graph intelligence reveals coordinated rings that
evade single-account analysis. Human-in-the-loop Bayesian updating integrates investigator expertise, refining priors and
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preventing automation bias. This redundancy reduces both revenue leakage and unnecessary enforcement actions,
preserving customer trust while protecting state tax bases.

Federated learning offers a scalable path forward in multi-jurisdictional environments. By enabling model collaboration
without centralized data pooling, federated architectures preserve state sovereignty and individual privacy. Secure
aggregation and differential privacy mechanisms allow intelligence sharing without compromising sensitive financial
information. Cross-state anomaly fingerprints further mitigate regulatory arbitrage and migrating abuse.

Finally, proper governance ensures constitutionally sound automation. Explainability frameworks, fairness constraints,
audit traceability, and appeal mechanisms embed due process within technical systems. Transparent documentation and
oversight transform Al from a black-box detector into a regulator-facing decision-support tool. When mathematically
structured, economically optimized, privacy-preserving, and ethically governed, Al compliance systems can enhance tax
integrity, strengthen public trust, and deliver sustainable enforcement in modern, high-velocity gaming ecosystems.
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