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Abstract: Artificial intelligence (AI) in banking increasingly requires models and representations that are not only predictive but also
interpretable, auditable, and stable under model updates. Fraud screening, anti-money-laundering triage, and customer-risk monitoring
are high-stakes structured-data tasks in which explanations must be reproducible and connected to documented feature processing.
This paper proposes WHSDA-AI, a Walsh-Hadamard Spectral Deviation Analysis framework for structured and profile-based Al in
the banking sector and related tabular risk-analysis settings. The proposed framework maps normalized feature profiles into a fixed
orthogonal signed-contrast space. Each retained coefficient represents a deterministic comparison between two documented groups of
input features. The novelty of the approach is not the classical Walsh-Hadamard transform itself but its integration into a governance-
oriented Al layer: semantic feature-map versioning, a fixed coefficient dictionary, reference-normalized deviation analysis, leakage-free
coefficient selection, bootstrap stability assessment, and compact explanation-card generation. The full Walsh-Hadamard transform is
an isometry and cannot improve Euclidean rankings by itself. Practical value arises through coefficient selection, reference deviations,
template comparison, risk weighting, and integration with supervised models. Experiments on banking-style diagnostic data, credit-style
fraud data, and public structured-data benchmarks compare WHSDA-AI with raw-feature models, sparse logistic regression, principal
component analysis (PCA), Haar contrasts, random signed projections, random forests, gradient boosting, XGBoost, and LightGBM.
Results are reported with repeated-split uncertainty and conservative robustness interpretation. The framework is positioned as an
ante-hoc representation, governance, and feature-engineering layer rather than as a universal accuracy booster.
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1. Introduction

Modern artificial intelligence (Al) is increasingly deployed
in settings where predictive performance alone is not sufficient.
In banking, healthcare, industrial monitoring, cybersecurity, and
public-sector decision support, a model must often justify why
an object is ranked as risky, anomalous, or clinically relevant. In
banking applications, this requirement is especially acute because
fraud screening, anti-money-laundering (AML) triage, customer-
risk profiling, and transaction-risk monitoring are examined by
compliance officers, auditors, and model-risk teams. Explanation
must therefore be stable enough to survive model updates and
transparent enough to be connected with documented feature
processing [1-3]. The increasing integration of Al-powered vir-
tual assistants into banking service frameworks further illustrates
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the growing operational penetration of Al across customer-facing
financial services [4].

The need for interpretability has led to a wide range
of post hoc explanation methods, including SHapley Additive
exPlanations (SHAP), Local Interpretable Model-agnostic Expla-
nations (LIME), counterfactual explanations, and model-level
interpretability handbooks [5-8]. These tools are valuable, but
they usually explain a trained model after the representation
has already been formed. In parallel, recent ante-hoc inter-
pretability research emphasizes models and representations whose
explanatory structure is visible before deployment [9-11].

At the same time, structured tabular data remain central
in applied machine learning. TabNet, deep tabular architectures,
retrieval-augmented TabR, TabReD, TabArena, TabFSBench,
and TabPFN have substantially expanded the modern tabular-
learning landscape [12-23]. However, several benchmark studies
continue to show that no single model family dominates all
tabular tasks and that evaluation protocols must be care-
fully controlled [15-20]. Tree-based models and boosted trees
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remain highly competitive in practical tabular learning, including
XGBoost and related gradient-boosting approaches [15-17, 24].

This paper addresses a complementary question: can one
introduce a simple, fixed, auditable representation layer that pro-
duces interpretable feature-group contrasts before or alongside a
supervised model? We propose WHSDA-AI, a Walsh-Hadamard
Spectral Deviation Analysis framework for structured Al profiles.
The method is not a new black-box classifier. It is a transparent
feature-engineering, diagnostic, and explanation layer that can be
inserted into existing machine-learning pipelines and compared
with raw features, principal component analysis (PCA), Haar
contrasts, random projections, tree-based models, tabular deep
models, and post hoc explanations [5-11, 22-30].

The central mathematical fact is deliberately not hidden. The
normalized Walsh-Hadamard transform (WHT) is orthogonal.
Therefore, if all coefficients are retained and the same Euclidean
metric is used, the ranking in WHT space is identical to the
ranking in the original normalized space. The method can add
value only when selected coefficients, weighted contrasts, ref-
erence profiles, suspicious or target templates, or downstream
nonlinear models are used. This conservative positioning pre-
vents exaggerated claims and gives a strict implementation sanity
check [26-28, 31].

Relative to similar work, WHSDA-AI differs in its object
of explanation. SHAP, LIME, and counterfactual tools explain
a fitted model; PCA and random projections provide alterna-
tive coordinates; gradient-boosted trees provide strong prediction;
Explainable Boosting Machine (EBM)-style models provide fitted
glass-box feature effects. WHSDA-AI instead provides a fixed,
versioned signed-contrast dictionary and a reference-deviation
explanation layer whose coefficient meanings are defined before
model fitting. This distinction is central for banking-sector audit
trails because the same feature-map version and coefficient dictio-
nary can regenerate the explanation independently of a particular
classifier.

This paper makes six contributions. First, it formulates WHT
signed contrasts as a general Al feature layer for structured bank-
ing and tabular risk data rather than as a purely descriptive
visualization. Second, it introduces reference-normalized spectral
deviation, allowing each object to be compared with normal, tar-
get, or suspicious prototypes. Third, it provides a leakage-free
evaluation protocol with coefficient selection, bootstrap stabil-
ity, isometry checks, raw-versus-raw-plus-WHT ablation, and
repeated-split uncertainty. Fourth, it reports comparative results
against sparse logistic regression, PCA, Haar contrasts, random
signed projections, random forests, gradient boosting, XGBoost,
and LightGBM. Fifth, it clarifies the relation of WHSDA-AI to
EBM-style interpretable additive models and TabPFN-style tabu-
lar foundation models, while explaining why modern boosted-tree
systems are the closest production-grade comparators for the
reported tabular risk-ranking objective. Sixth, it integrates the
method with AI governance expectations, including NIST Al
RMEF, ISO/IEC 42001:2023, and the EU AT Act [1-3].

2. General Al Formulation of the Contrast-Layer
Approach

Let an object in an Al task be represented by a structured
feature profile. The object may be a bank account, a customer, a
merchant, a patient, a machine, a network host, a document-level
feature profile, a graph node, or an image after feature extrac-
tion. The only requirement is that features can be organized into
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meaningful blocks or at least documented as a stable ordered vec-

tor. In the banking case, such blocks include activity, volume,

balance dynamics, counterparty structure, velocity, risk ratios,
graph information, and device evidence.

x=(x1,x2,...,x,) € R, (1)

After train-only normalization and optional padding, the

profile is represented as a vector z in a power-of-two dimen-

sion n. Padding coordinates are inactive, are appended only after
normalization, and are recorded in the coefficient dictionary.

z = Normalizey,j, (x) € R", n=2", n> p. 2)

Let H,, be the normalized Walsh-Hadamard matrix of order
n. Its rows are denoted by hy, hy, ..., h,.;. The normalization is
chosen so that H,, is orthogonal.

Han{ =1, HI{HH =1, (3)

The Walsh-Hadamard coefficient vector is obtained by
applying this fixed signed dictionary to the normalized profile.

C(Z) = an = (CO (Z)a 4] (Z) seees Oyl (Z)) (4)

The k-th coefficient is a signed contrast between two groups
of coordinates determined by the signs in the k-th row of H,,. If
si; is the sign of the j-th coordinate in row k, then the positive
and negative feature groups are fixed before training.

sz{j . Skj = +1}, Nk ={j . Skj = —1} (5)

@)= 2= = (Siep, 51~ Sien,2) 6

Because the transform is orthogonal, the full WHT preserves
inner products and Euclidean distances. This property is central:
a fullWHT representation cannot by itself improve Euclidean
distance ranking. Any empirical gain must come from coefficient
selection, reference deviations, weighting, semantic grouping, or
nonlinear downstream interactions.

|Hyz = Hyully = ||z = ully, (Hpz, Hyu) =(z,u).  (7)

A coefficient-selection operator extracts a stable subset Sg
of K coefficients. The selected vector may be appended to raw
features, used to compare the object with reference prototypes,
or translated into an explanation card. Because H,, is fixed, the
meaning of each retained coefficient can be stored in a coefficient
dictionary before any classifier is fitted.

Sk {0, 1,....n—1} d5(2) = (ck (Desy - ®)

The complete domain-agnostic WHSDA-AI workflow is
illustrated in Figure 1. Representative application domains, struc-
tured object profiles, possible semantic feature blocks, and the
corresponding interpretation of Walsh-Hadamard contrasts are
summarized in Table 1.
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Figure 1
Domain-agnostic WHSDA-ALI pipeline for auditable structured Al profiles

WHSDA-AI pipeline for auditable structured Al profiles

i . Leakage-free Reference-normalized q a
Raw structured Train-only FWHT signed = Model integration +
profile ) normalization P contrast layer csoeelf;fzili‘e,:t dsep\:.zi;'gzlrn explanation card
Governance layer: feature-map versioning | coefficient dictionary | reference version | audit trail
All fitted objects (normalization, references, coefficient selection and supervised models)
are learned only from training/validation data.
Table 1
General applicability of Walsh-Hadamard contrast layers beyond banking

Domain Object profile Possible feature blocks Interpretation of contrasts
Banking and AML Account/customer profile Volume, velocity, balance, Transaction-behavior imbalance

counterparty, risk ratios

Medical diagnosis Patient profile

Industrial monitoring Machine or sensor profile

load

Host or network-session
profile

Cybersecurity

Document-level feature
profile

Text analytics

Computer vision Extracted feature vector

Biomarkers, symptoms, imaging-
derived features
Vibration, temperature, pressure,

Packets, ports, failed logins,
duration

Topics, sentiment, lexical/syntactic
features

Texture, edge, region, embedding
blocks

Physiological deviation from a
reference

Abnormal operating regime

Behavioral anomaly signature

Semantic or stylistic imbalance

Visual-structure contrast

3. Reference-Normalized Spectral Deviation

The basic WHT coefficient vector describes an object in a
fixed contrast basis. A more useful explanatory layer compares the
object with a documented reference. Let r be a reference profile,
such as a normal prototype, class centroid, suspicious template,
clinical baseline, or machine-normal operating state. The reference
must be constructed from training data only or from externally
approved expert knowledge. It must never use test labels or test
distributional statistics.

Ap(zr) = e (2) = e (r) = (g, 2 = 7). ©)

As(zr) =Bk (Z)kesy - (10)

In the banking case, two references are especially useful: a
normal reference r_0 and a suspicious or target reference ;. The
first vector explains how the object deviates from normal behavior.
The second explains how the object differs from or approaches a
target suspicious pattern.

0},

median,infz; 1 y; = 1}

ro = median,in{z; 1 y; =

(1)

ry =

A simple template score can be defined as a weighted selected
deviation score. The weights may come from expert risk priorities,

validation performance, or bootstrap-stable coefficient selection.

The manuscript uses this scoring idea only as one component; the

selected coefficients can also be appended to supervised models.
Score(z;rg) = Y

wi |Ar(z; o), wi = 0. (12)

kGSk

This property is important in regulated environments because
references, feature maps, and coefficient dictionaries must be
reproducible across audits [1-3]. If a reference changes after
deployment, the change must be versioned together with the
feature map and the model card.

4. Relation to Interpretable Al, Tabular Learning,
and Modern Benchmarks

WHSDA-ALI is not a replacement for SHAP, LIME, coun-
terfactual explanations, concept bottleneck models, boosted trees,
or learned tabular representations. It occupies a different posi-
tion: it produces a fixed and auditable representation before or
alongside model training. SHAP and LIME explain a model pre-
diction; WHSDA-AI explains the structural contrast pattern of an
object [5-8]. Concept bottleneck models learn or use human-level
concepts as intermediate representations [9]. WHSDA-AI does
not require concept labels, but it does require a stable semantic
feature map.
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The distinction between post hoc, ante-hoc, and
representation-level interpretability has become more important
in recent surveys. Ante-hoc methods attempt to build inter-
pretability into the model or its representation before deployment,
while tabular Explainable Artificial Intelligence (XAI) studies
highlight the special importance of transparent explanations for
structured data in finance, healthcare, and enterprise applications
[10, 11]. WHSDA-AI belongs to this representation-level family,
but it remains deliberately simple: it uses a fixed orthogonal
dictionary rather than a learned concept space.

Modern tabular learning now includes classical gradient-
boosted decision trees (GBDT) methods, XGBoost, LightGBM,
CatBoost, deep tabular architectures, retrieval-augmented tabular
models, and tabular foundation models [12-21, 24]. These meth-
ods compete primarily on predictive performance. WHSDA-AI is
different: it is a plug-in representation and explanation layer. It
can be appended to raw features and used with these predictors,
but its main output is an interpretable deviation pattern rather
than a stand-alone black-box prediction.

Orthogonal representations such as PCA, Haar transforms,
random projections, and Hadamard-based features are also nat-
ural competitors [26-30]. PCA is data-adaptive and can be
statistically efficient, but its components can drift when the train-
ing distribution changes. Haar contrasts are local and hierarchical,
which is useful when variables have a natural order. Recent
hybrid wavelet-decomposition architectures further demonstrate
that structured multiscale transform representations continue to
be investigated in contemporary artificial intelligence systems [32].
Random signed projections are cheap, but they lack a stable
semantic dictionary. WHSDA-AI uses a fixed Walsh-Hadamard
signed dictionary because its rows provide deterministic binary
partitions of feature coordinates into positive and negative groups.

For the same-objective empirical comparison, the manuscript
separates predictive competitiveness from explanation-dictionary
stability. XGBoost and LightGBM are included because they are
widely used high-performance tabular models for ranking, fraud
screening, and structured risk analysis [24, 33]. Recent compar-
ative studies of gradient-boosted methods further confirm that

XGBoost, LightGBM, and CatBoost remain among the strongest
practical competitors for structured tabular classification tasks
[34]. EBM is acknowledged as an interpretable additive-model
comparator, while TabPFN is acknowledged as a modern tabular
foundation-model comparator [21, 35]. Recent EBM-based work
in insurance risk modeling also confirms that glass-box additive
boosting models remain important comparators when predictive
accuracy must be balanced with transparent feature-effect inter-
pretation [36]. WHSDA-AI is not positioned as a replacement for
these methods. Its distinct contribution is the fixed signed coef-
ficient dictionary and the reference-deviation explanation layer,
which can be used before or alongside such predictors.

The principal methodological differences between WHSDA-
Al and these post hoc, ante-hoc, representation-learning, and
tabular-prediction approaches are summarized in Table 2.

5. Banking Case Study: Transaction-Risk
Monitoring

Although the proposed method is domain-agnostic, bank-
ing transaction-risk monitoring is a natural case study because
fraud and AML alerts require both ranking and explanation.
The monitored object may be an account, customer, merchant,
wallet, corporate entity, or counterparty. Raw transactions are
aggregated over a fixed observation window into activity, volume,
balance, counterparty, velocity, graph, device, and risk-ratio fea-
tures. Classical and modern fraud-detection literature highlights
the importance of class imbalance, anomaly detection, graph
structure, and explainability in this setting [24, 25, 38-46].

The banking use case is treated as a case study rather than
as the exclusive scope of the method. The same contrast-layer
logic applies whenever an object is represented by structured fea-
tures and where explanation benefits from comparing groups of
variables rather than isolated coordinates. Public transaction-risk
and credit-card fraud datasets can be used for the next exter-
nal empirical stage, while institutional validation must follow
data-protection and governance requirements [1-3, 43—46].

Table 2
Position of WHSDA-AI among interpretable Al and representation-learning methods

Approach Main idea Difference from WHSDA-AI

SHAP Post hoc additive feature attribution Explains a trained model rather than a fixed
representation [5]

LIME Local surrogate model around one Local and model-dependent [6]

prediction
Counterfactual explanations
decision
Concept bottleneck models

PCA Data-adaptive orthogonal

components
Haar contrasts
Random signed projections
XGBoost/LightGBM/CatBoost

Cheap compressed features

prediction

Minimal changes needed to alter a

Prediction through human concepts

Local hierarchical differences

High-capacity gradient-boosted tree

Action-oriented but not a fixed contrast space [7]

Requires concept labels or concept supervision [9]

May drift and may lack semantic stability [30]

Requires meaningful local ordering of variables [29]
No stable semantic interpretation

Strong modern tabular predictors, but no fixed
signed coefficient dictionary or reference-deviation
explanation layer [24, 35, 37]

TabNet/TabR/TabPFN Learned or foundation-style tabular Powerful modern tabular predictors, but not designed
prediction as fixed auditable signed-contrast dictionaries
[12-21]
WHSDA-AI Fixed signed group contrasts and Model-independent, auditable, cheap, and contrast-
reference deviations based
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The banking-oriented feature blocks used to organize the
transaction-risk case study, together with representative variables
and their financial interpretations, are summarized in Table 3.

6. Methodology

6.1. Leakage-free preprocessing

The train—validation—test split is performed before normal-
ization, reference construction, coefficient selection, PCA fitting,
or supervised model training. Normalization parameters are
estimated only on the training set and applied unchanged to val-
idation and test profiles. Test labels are used only once for final
evaluation. This protocol follows the reproducibility logic of mod-
ern benchmark suites and avoids leakage problems emphasized in
industrial tabular benchmarks [18-23].

XjTH)
O']'+E ’

(13)

Mj = Mearain (x./)’ o= S train (x.i)’ %=

If the number of features is not a power of two, the profile
is padded with inactive neutral coordinates after normalization.
Padding coordinates are recorded in the coefficient dictionary and
are never interpreted as business signals.

6.2. Semantic feature map and coefficient dictionary

Because coefficient meaning depends on feature order, fea-
ture ordering is treated as a governance object. Variables are
grouped into stable semantic blocks, ordered within each block

by a documented rule, versioned, and stored with the model card.
When variables are added or removed, the feature map receives a
new version number, and the coefficient dictionary is regenerated.
For every retained coefficient, the dictionary stores the coef-
ficient index, positive-side features, negative-side features, block
membership, reference association, selection frequency, valida-
tion score, and a human-readable interpretation. This is the
main difference between WHSDA-AI and a purely numerical
WHT feature transform. The resulting governance protocol for
semantic feature ordering, padding, feature-map versioning, and
coefficient-dictionary maintenance is summarized in Table 4.

6.3. Coefficient selection

The retained coefficient set is selected without test leakage.
Candidate values of K are evaluated on validation data only.
The final K and the coefficient dictionary are frozen before test
evaluation. The selection rule should prefer the smallest sta-
tistically comparable K because interpretability degrades when
many coefficients are retained. Average precision (AP), Area
Under the Precision-Recall Curve (PR-AUC), and Area Under the
Receiver Operating Characteristic Curve (ROC-AUC) are there-
fore reported jointly because their behavior under severe class
imbalance depends on prevalence and on the structure of classi-
fication errors; Area Under the Precision-Recall Curve (AUPRC)
should not be regarded as universally superior to Area Under the
Receiver Operating Characteristic Curve (AUROC) solely because
the positive class is rare [25, 38].

Sk = TopK, (0y), Ke{4,8, 16,32} (14)

Table 3
Banking feature blocks used in the transaction-risk case study

Feature block Typical variables

Financial interpretation

Activity Transaction count; active days; off-hour activity;
burst frequency
Volume Total amount; outgoing amount; maximum

amount; average amount

Balance dynamics

Counterparty structure

Initial/final balance; balance drop; cash-out ratio

Unique recipients; repeated recipients; counterparty

Abnormal intensity or sudden behavior change
High exposure or unusual payment scale
Possible account draining or short-term

laundering behavior

Mule-account, layering or collusive patterns

concentration
Velocity Transactions per hour; short-window repetition Fast execution of suspicious transfer patterns
Risk ratios Outgoing/incoming ratio; failed transactions; high- Structural imbalance relative to normal behavior
risk share
Graph and device In-degree; out-degree; neighborhood risk; device Network-based and channel-based suspicion
diversity signals
Table 4
Governance protocol for stable WHSDA-AI interpretation
Step Action Purpose

Define feature blocks
Order blocks

Order features within blocks
risk priority
Pad after block completion Mark inactive coordinates

Version feature map
dictionary

Group variables into semantic blocks

Follow a stable task taxonomy

Use time scale, amount scale, expert rule, or

Store version, normalization policy and

Translate contrasts into domain language

Keep coefficient meaning stable across
experiments

Avoid arbitrary coefficient interpretations

Prevent artificial contrast explanations

Support auditability and reproducibility
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K" = arg[inaXApvalidation Sk,

(15)

ties are resolved by the smaller K.

Coefficient stability is computed by a genuine bootstrap-
overlap procedure rather than by a simulated stability score. If
Sk is the selected set on the original training split and 55?) is the
set selected on the b-th bootstrap sample, the reported stability is

s Jsenst]

b=1 K (16)

Stability (Sy) = zla 3

The coefficient-selection mechanism should also be distin-
guished from Group Lasso and Sparse Group Lasso. Those
methods estimate predictive models with group-based sparsity
penalties and are useful when the goal is to select variables or
groups of variables [47, 48]. Recent grouped-feature-selection lit-
erature confirms the continuing relevance of exploiting feature
groups in high-dimensional learning [37]. WHSDA-AI addresses a
different representational problem: it constructs fixed signed con-
trasts between documented positive-side and negative-side feature
groups and then selects stable contrast coefficients for explanation
and downstream modeling. The leakage-free coefficient-selection
strategies considered in WHSDA-AI and their intended roles are
summarized in Table 5.

6.4. Reproducible algorithm

The complete reproducible WHSDA-AI procedure, including
preprocessing, coefficient construction, validation-only selection,

benchmarking, and explanation-card generation, is summarized
step by step in Table 6.

Figure 2 illustrates a representative validation-only selection
of the retained coefficient number, emphasizing that it is chosen
and frozen before the test partition is evaluated.

7. Experimental Design

The evaluation is designed to validate the mechanism
conservatively and to address the main threats to empirical inter-
pretation. The first layer is a controlled banking diagnostic
benchmark that tests whether WHSDA-AI behaves as expected
when suspicious profiles are generated by structured imbalances
among feature blocks. The second risk-style layer is a credit-style
fraud benchmark with rare positives and grouped deviations. The
third layer uses standard structured-data benchmarks from scikit-
learn to demonstrate that the method is not limited to banking
terminology. These benchmarks are not presented as a univer-
sal leaderboard claim; they are used to validate the mechanism,
compare representation choices under controlled splits, and test
whether the proposed contrast layer remains interpretable when
predictive gains are small [22, 23, 49, 50]. The individual empirical
validation layers, their datasets, methodological roles, and current
study status are summarized in Table 7.

To provide a contemporary comparative study rather than a
comparison with simple baselines only, the experimental design
includes logistic regression, sparse logistic regression, random
forest, gradient boosting, PCA plus gradient boosting, Haar
plus gradient boosting, random signed projections plus gradient

Table 5
Leakage-free coefficient-selection rules
Rule Procedure Use
Reference-energy selection Retain the smallest K explaining a fixed share of Weakly supervised ranking and
reference-deviation energy explanation

Validation AP selection
smaller K
Bootstrap stability
resamples

Interpretability penalty

Choose K maximizing validation AP; break ties by
Retain coefficients selected frequently across

Prefer shorter and clearer explanations when
metrics are statistically similar

Supervised raw-plus-WHT models
Stable explanations and governance

High-stakes human review

Table 6
WHSDA-AI algorithmic protocol

Step  Operation Leakage control/output
1. Split data into train, validation, and test No preprocessing before split
2. Fit normalization on train and transform all splits Store normalization parameters
3. Pad to the nearest power of two after normalization Record inactive coordinates
4. Build WHT coefficients with FWHT No labels required for transform
S. Build references from train data or external expert templates Store reference version
6. Rank/select coefficients on train/validation only Freeze K and coefficient dictionary
7. Train raw, WHT-only, raw + WHT, PCA, Haar, random sign, and  Use identical splits and metrics
boosted-tree models
8. Run isometry sanity check with full-WHT Euclidean distances Expected max difference close to machine precision
9. Evaluate once on test for each split Report AP, PR-AUC, ROC-AUC, P@20, and
uncertainty
10. Generate explanation card Include coefficient meanings, references, and model

consistency
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Figure 2
Validation-only coefficient selection: K is chosen before test evaluation

Validation-only coefficient selection
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Table 7
Empirical validation layers in the study
Layer Datasets/tasks Role in the paper Status
Diagnostic banking 1200 simulated account profiles;  Controlled structural-imbalance Reported
64 features; 4% positives mechanism test
Credit-style fraud 1200 profiles; 48 features; 4% Fraud-like imbalanced Reported
rare positives benchmark with grouped
deviations
Small public structured data Breast Cancer Wisconsin, Wine Minimal non-banking Reported

class-0-vs-rest, Digits high-vs-

low
OpenML/OpenML-CC18

Curated public tabular tasks

reproducibility check

External robustness
extension

Future generalization stress
test beyond the reported
mechanism validation

TabReD/TabArena/TabFSBench

External fraud-data extension

Industrial temporal, living and
feature-shift benchmarks
Public/licensed transaction-risk

Future temporal-drift and
feature-shift stress test
Future public fraud/AML

External robustness
extension
External fraud-data

and fraud datasets

validation track extension

boosting, selected WHT plus gradient boosting, raw plus selected
WHT, XGBoost, and LightGBM. The earlier phrase “group-
sparse logistic” is not used because the implemented comparator
is an Ll-regularized sparse logistic regression rather than a true
Group Lasso model. True Group Lasso and Sparse Group Lasso
remain compatible supplementary baselines [47, 48].

The comparator set is deliberately organized into four fam-
ilies. The first family tests whether WHSDA-AI adds anything
beyond raw variables. The second tests whether the gain is
merely an orthogonal-transformation effect by comparing against
PCA, Haar contrasts, and random signed projections. The third
tests modern tabular predictive strength through XGBoost and
LightGBM. This choice is supported by recent benchmark work
showing that gradient-boosted tree systems, including XGBoost,
LightGBM, and CatBoost, remain among the strongest prac-
tical methods for structured tabular classification [24, 33, 34].
The fourth evaluates the explanation layer through compactness,
bootstrap stability, fidelity, and dictionary coverage. This design

directly addresses the technical question of whether the proposed
Walsh-Hadamard contrast layer is different from existing repre-
sentations and whether its reported benefit survives comparison
with stronger contemporary methods [51].

For each benchmark, the primary metrics are AP, PR-AUC,
ROC-AUC, and Precision@?20. Repeated stratified splits are used
to reduce dependence on a single partition. Interpretability is mea-
sured through compactness K, bootstrap stability, fidelity, and
dictionary coverage. Fidelity is defined as the top-decile overlap
between the WHT-only explanation score and the raw-plus-WHT
hybrid model.

Fldehty _ |Top10% (ScoreWHT)nTopw% (Scorehybrid)| (17)
[Top gy, |
The complete comparator families and the specific

methodological purpose of each baseline are summarized in
Table 8.
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Table 8

Comparator families used in the experiments

Comparator

Purpose

Relation to WHSDA-AI

Logistic raw

Sparse logistic regression
Random forest/gradient boosting
XGBoost/Light GBM

PCA + gradient boosting
Haar + gradient boosting

Random signs + gradient
boosting

Selected WHT + gradient
boosting

Raw + selected WHT + boosted
model

EBM/TabPFN

Linear baseline

Sparse interpretable selection
Tree-based tabular predictors

Modern boosted-tree comparators

Adaptive orthogonal
representation

Alternative fixed orthogonal
representation

Cheap random projection control
Interpretable contrast-only model

Hybrid WHSDA predictor

Interpretable additive model
and tabular foundation-model

Tests whether WHT adds anything beyond raw linear
information
Corrected label for the L1-regularized comparator

Strong practical nonlinear baselines

Responds to the reviewer request for methods beyond
simple baselines; recent benchmarking confirms
the continued strength of gradient-boosted trees on
structured tabular classification [24, 33, 34]

Tests against data-adaptive components [30]
Tests hierarchical contrasts [29]
Tests whether semantic sign patterns matter

Measures retained contrast information

Tests whether selected contrasts add useful variables

Interpretable additive model and tabular foundation-
model references | Acknowledged contemporary

references

comparators; recent EBM-based risk-modeling work
shows the relevance of glass-box additive boosting,
while WHSDA-ALI differs by providing a fixed signed-
contrast dictionary rather than a fitted additive surface
or foundation-model prediction [21, 35, 36].

8. Results

The results are reported in a conservative way. WHSDA-
Al is evaluated as a representation and explanation layer, not
as a claim that WHTs universally improve all classifiers. The
important tests are therefore whether selected WHT contrasts
outperform random sign dictionaries and Haar/PCA controls
in structured risk settings, whether raw-plus-WHT features can
complement modern boosted-tree predictors, and whether the
explanation layer remains compact and stable.

8.1. Banking diagnostic benchmark

The banking diagnostic benchmark is not external banking
validation. It is a controlled test of the pipeline. In this set-
ting, selected WHT contrasts are expected to help because the
positive class is generated through group-level imbalance rather
than arbitrary coordinate noise. In the repeated-split version,
sparse logistic regression achieves AP = 0.654 +/— 0.143, raw
XGBoost achieves AP = 0.301 +/— 0.131, and raw LightGBM
achieves AP = 0.306 +/— 0.074. Selected WHT plus gradient
boosting reaches AP = 0.619 +/— 0.117, while raw plus selected
WHT plus XGBoost reaches AP = 0.643 +/- 0.071. These results
show that WHSDA-AI is competitive in the structured-imbalance
regime and can complement modern boosted-tree predictors.
The repeated-split average-precision comparison is visualized in
Figure 3, while the complete banking diagnostic results for AP,
PR-AUC, ROC-AUC, Precision@?20, and the retained coefficient
count are reported in Table 9.
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The representation ablation shown in Figure 4 provides a
direct comparison of selected WHT coefficients with PCA, Haar,
and random signed projections under the same gradient-boosting
setting.

8.2. General structured AI benchmarks

The credit-style fraud benchmark provides a second risk-style
test. Logistic and sparse logistic models remain strong because
the simulated fraud signal has partially linear group-level struc-
ture. The selected WHT representation remains informative and
is stronger than PCA, Haar, and random signed projections. Raw
plus selected WHT plus XGBoost reaches AP = 0.532 +/— 0.148,
improving over raw XGBoost AP = 0.476 +/— 0.185 in this bench-
mark. The repeated-split average-precision comparison for this
credit-style fraud experiment is shown in Figure 5.

The corresponding complete metric results across all
evaluated models are reported in Table 10.

The general public benchmarks show a more nuanced pat-
tern. On saturated datasets such as Breast Cancer and Wine,
strong raw-feature models already achieve very high AP, so the
selected WHT layer has little room to improve accuracy. On Dig-
its high-vs-low, selected WHT contrasts are competitive but do
not replace strong raw-feature random forests. These results are
important: WHSDA-AI is not universally accuracy-improving.
Its empirical benefit depends on whether class separation is
meaningfully expressed through stable group-level contrasts. This
heterogeneous pattern across the Breast Cancer, Wine, and Digits
benchmarks is summarized in Table 11.
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Figure 3

Banking diagnostic benchmark: repeated-split AP for raw and selected-WHT variants

Banking diagnostic benchmark: repeated-split AP
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Banking diagnostic benchmark results, mean +/- standard deviation over five splits

Model

AP

PR-AUC

ROC-AUC

P@20

K

Logistic raw

Sparse logistic regression

Random forest raw

Gradient boosting raw

XGBoost raw

LightGBM raw

PCA + Gradient boosting

Haar + Gradient boosting

Random signs + Gradient
boosting

Selected WHT + Gradient
boosting

Raw + selected WHT + XGBoost

Raw + selected WHT +
LightGBM

0.641 +/-0.139
0.654 +/-0.143

0.248 +/-0.085
0.135 +/-0.048
0.301 +/-0.131
0.306 +/-0.074
0.185 +/-0.096
0.184 +/-0.105
0.085 +/-0.020

0.619 +/-0.117

0.643 +/-0.071
0.636 +/-0.138

0.632 +/-0.142
0.644 +/-0.145

0.225 +/-0.088
0.131 +/-0.065
0.276 +/-0.132
0.282 +/-0.079
0.174 +/-0.095
0.165 +/-0.092
0.077 +/-0.018

0.611 +/-0.131

0.620 +/-0.057
0.623 +/-0.142

0.938 +/-0.054
0.946 +/-0.049
0.814 +/-0.046
0.686 +/—0.071
0.815 +/-0.120
0.805 +/-0.082
0.799 +/-0.119
0.784 +/-0.125
0.677 +/-0.075

0.954 +/-0.044

0.952 +/-0.050
0.937 +/-0.073

0.390 +/-0.074
0.380 +/-0.057

0.210 +/-0.082
0.120 +/-0.045

0.260 +/-0.096
0.220 +/-0.027

0.180 +/-0.091
0.140 +/-0.119
0.080 +/-0.057

0.420 +/-0.084

0.430 +/-0.097
0.430 +/-0.091

4.0
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Figure 4

Representation ablation: selected WHT against PCA, Haar, and random signed projections
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Figure 5

Credit-style fraud benchmark: repeated-split AP for raw and selected-WHT variants

Credit-style fraud benchmark: repeated-split AP

0.7 9

0.6 q

Average precision

o)

N
'\S‘I‘C @

0.592 0.600

A0
B 9%
\
o0

N N ©
@ @ Ne
¥ -gv‘(’?’@\ e

W

X
" -

Table 10
Credit-style fraud benchmark results, mean +/- standard deviation over five splits

Model AP PR-AUC ROC-AUC P@20 K
Logistic raw 0.592 +/-0.193 0.579 +/-0.204 0.916 +/-0.036 0.440 +/-0.143 6.4
Sparse logistic regression 0.600 +/-0.174 0.587 +/-0.181 0.908 +/-0.052 0.460 +/-0.164 6.4
Random forest raw 0.352 +/-0.127 0.333 +/-0.138 0.827 +/-0.049 0.330 +/-0.076 6.4
Gradient boosting raw 0.376 +/-0.141 0.372 +/-0.151 0.806 +/-0.090 0.300 +/-0.112 6.4
XGBoost raw 0.476 +/-0.185 0.461 +/-0.195 0.851 +/-0.060 0.400 +/-0.117 6.4
LightGBM raw 0.472 +/-0.113 0.463 +/-0.115 0.827 +/-0.065 0.340 +/-0.096 6.4
PCA + Gradient boosting 0.116 +/-0.060 0.105 +/-0.059 0.651 +/-0.072 0.090 +/-0.065 6.4
Haar + Gradient boosting 0.179 +/-0.097 0.172 +/-0.113 0.684 +/-0.111 0.170 +/-0.140 6.4
Random signs + Gradient 0.120 +/-0.058 0.107 +/-0.056 0.621 +/-0.066 0.120 +/-0.076 6.4

boosting
Selected WHT + Gradient 0.371 +/-0.129 0.367 +/-0.138 0.810 +/-0.089 0.310 +/-0.082 6.4

boosting
Raw + selected WHT + 0.532 +/-0.148 0.523 +/-0.152 0.860 +/—0.038 0.390 +/-0.096 6.4

XGBoost
Raw + selected WHT + 0.454 +/-0.111 0.441 +/-0.112 0.848 +/-0.056 0.370 +/-0.084 6.4

LightGBM

Table 11

General structured-data benchmark summary, mean +/— standard deviation over five splits

Dataset

Representative model

Raw AP

Raw + selected
WHT AP

Interpretation

Breast Cancer
Breast Cancer

Wine class-0-vs-rest
Wine class-0-vs-rest

Digits high-vs-low

Digits high-vs-low

Logistic regression

XGBoost

Random forest
XGBoost

Logistic regression

Random forest

0.996 +/-0.004

0.993 +/-0.005

0.995 +/-0.005
0.974 +/-0.023

0.945 +/-0.012

0.995 +/-0.003

0.996 +/-0.004

0.993 +/-0.005

not better than raw
0.969 +/-0.024

competitive

not better than raw

Saturated raw-feature task;
little room for improvement

Modern boosted tree already
near ceiling

Small saturated benchmark

Selected WHT does not
improve this task

WHT captures some global
pixel-block contrasts

Strong raw nonlinear model
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8.3. Isometry sanity check

Across all benchmarks, raw Euclidean distance and full-
WHT Euclidean distance are identical up to numerical precision.
As shown quantitatively in Table 12, the raw-space and full-
WHT Euclidean scores agree up to numerical precision across the
evaluated benchmarks. This confirms that performance changes
observed in selected-WHT or raw-plus-WHT models arise from
coefficient selection or downstream model interaction rather than
from any change in Euclidean geometry induced by the full
orthogonal transform.

8.4. Public credit-card fraud benchmark

As an additional public fraud-validation benchmark, we
evaluated WHSDA-AI on the public Credit Card Fraud Detec-
tion dataset, which contains 284,807 credit-card transactions
and 492 fraudulent transactions. The original profile consists of
anonymized transaction variables V1-V28 together with Time and
Amount, and Class is used as the binary fraud label. The 30-
dimensional transaction profile is normalized using training-only
statistics and padded to 32 dimensions before applying the WHT.

The same leakage-free protocol was used: the split was
performed before preprocessing; normalization parameters, coef-

Table 12 ficient ranking, and K selection were learned only from the
Isometry sanity check across benchmarks training/validation partitions; the test partition was used only
for final evaluation. Because the public benchmark is highly
R.aw F ull-WHT imbalanced, AP, PR-AUC, ROC-AUC, and Precision@?20 remain
Euclidean Euclidean . the principal metrics. The repeated-split average-precision com-
Bencl.lmark AP AP Difference parison is visualized in Figure 6, while the complete results in
Bagkmg ) 0.055 0.055 0.000 Table 13 are reported as mean +/- standard deviation over two
diagnostic stratified splits.
Breast Cancer 0.862 0.862 <le-14 On this public fraud benchmark, raw boosted-tree models
Digits 0.689 0.689 < le-14 are already strong: XGBoost raw reaches AP = 0.875 +/— 0.011
Wine 0.996 0.996 <le-14 and LightGBM raw reaches AP = 0.879 .+/— 0.915. The raw-plus-
selected-WHT hybrids remain competitive, with raw + selected
Figure 6
Public credit-card fraud benchmark: repeated-split AP for raw and selected-WHT variants
10 Public credit-card fraud benchmark: repeated-split AP
0.8 4
:g 0.6
g 0.4
<
0.24
00- Logistic Sparse XGBoost LightGBM WHT + GB Raw+WHT Raw+WHT
logistic raw raw +XGBoost +LightGBM
Table 13
Public credit-card fraud benchmark, mean +/- standard deviation over two stratified splits
Model AP PR-AUC ROC-AUC P@?20 K
Logistic raw 0.746 +/-0.001 0.770 +/-0.007 0.981 +/-0.000 0.825 +/-0.035 24.0
Sparse logistic regression 0.744 +/-0.000 0.769 +/-0.007 0.981 +/-0.000 0.925 +/-0.035 24.0
Random forest raw 0.872 +/-0.009 0.875 +/-0.008 0.967 +/-0.015 0.975 +/-0.035 24.0
Gradient boosting raw 0.328 +/-0.247 0.386 +/-0.297 0.518 +/-0.290 0.625 +/-0.035 24.0
XGBoost raw 0.875 +/-0.011 0.875 +/-0.011 0.983 +/-0.002 1.000 +/-0.000 24.0
LightGBM raw 0.879 +/-0.015 0.879 +/-0.015 0.985 +/-0.000 1.000 +/-0.000 24.0
PCA + Gradient boosting 0.202 +/-0.098 0.280 +/-0.070 0.670 +/-0.322 0.425 +/-0.035 24.0
Random signs + Gradient boosting 0.114 +/-0.051 0.129 +/-0.062 0.275 +/-0.053 0.600 +/—0.071 24.0
Selected WHT + Gradient boosting 0.665 +/-0.018 0.679 +/-0.018 0.913 +/-0.020 0.825 +/-0.247 24.0
Raw + selected WHT + XGBoost 0.880 +/-0.018 0.879 +/-0.018 0.986 +/-0.001 1.000 +/-0.000 24.0
Raw + selected WHT + LightGBM 0.884 +/-0.021 0.884 +/-0.021 0.982 +/-0.004 1.000 +/—0.000 24.0
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WHT + XGBoost reaching AP = 0.880 +/— 0.018 and raw +
selected WHT + LightGBM reaching AP = 0.884 +/— 0.021. The
selected-WHT-only gradient-boosting model obtains AP = 0.665
+/— 0.018, which is lower than the best raw boosted-tree mod-
els but substantially stronger than PCA + gradient boosting and
random signed projections. This confirms that selected Walsh-
Hadamard signed contrasts carry fraud-relevant information on a
real public dataset, while the strongest operational use remains as
an auditable feature and explanation layer alongside competitive
tabular predictors.

8.5. Statistical robustness and conservative
interpretation

Because the reported experiments use repeated stratified
splits, the results are interpreted through uncertainty intervals
and robustness patterns rather than through a single split. For
each metric, the manuscript reports mean +/— standard deviation.
Key comparisons are assessed through overlap of 95% confidence
intervals, paired split-level testing when raw split outputs are avail-
able, and agreement between predictive results, representation
ablation, bootstrap coefficient stability, and the fullWHT isom-
etry sanity check. Small differences between strong raw-feature
models and raw-plus-WHT models are not treated as universal

evidence of superiority unless they are stable across splits and
supported by the ablation controls.

9. Explanation Cards and Governance

The explanation output of WHSDA-AI is a compact card
rather than a long list of raw variables. A card records the selected
coefficient indices, the positive and negative feature groups, the
reference used, the deviation direction, the coefficient contribu-
tion, bootstrap stability, and consistency with the downstream
model. This design is aligned with model governance because
the explanation can be regenerated from the same feature-map
version and the same coefficient dictionary [1-3]. The principal
interpretability and governance metrics are illustrated in Figure 7,
while the fields included in a compact WHSDA-AI explanation
card are specified in Table 14.

10. Runtime and Scalability

The computational burden of WHSDA-AI is low. For a
profile of length n = 2™, the fast Walsh-Hadamard transform
(FWHT) computes all coefficients in O(n log n) additions and
subtractions and O(n) memory. Selected coefficient extraction
and reference deviation scoring are linear in K after the transform.

Figure 7
Interpretability and governance metrics: stability, fidelity, and dictionary coverage

Interpretability and governance metrics

1.000

N W A N\l 2
S o ’0‘?'(\62\\ d\xé‘a‘o‘ c:S\‘(\de Co“e(ag
VAN N 15 @
o™ 2 e
Table 14

Compact explanation-card fields

Field Example explanation

Risk or class rank
Reference

Coefficient ID
Positive-side features
Negative-side features
Interpretation
Stability

Top 2% of monitored objects in the current review queue

Normal median profile built from training objects with y =0

WHT coefficient & = 17 in feature-map version F-2026-05

Outgoing amount; short-window repetition; high-risk counterparty share

Active days; incoming amount; repeated benign recipients

Outgoing and high-risk counterparty pressure is high relative to ordinary activity

Coefficient selected in 89% of bootstrap resamples
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Figure 8
FWHT scaling: profile transform cost grows as O(n log n)

FWHT scaling: O(n log n) profile transform
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Table 15
Runtime illustration for selected dimensions
FWHT time Selected-score

n per profile (ms) time (ms) Interpretation
64 0.012 0.003 Compact profile monitoring
128 0.027 0.004 Typical customer-risk profile
256 0.060 0.006 Expanded transaction features
512 0.135 0.008 Larger profile with device and graph features
1024 0.312 0.012 High-dimensional operational profile
2048 0.704 0.019 Large engineered feature set

This makes the layer suitable for large monitoring pipelines in
which explanation cards must be generated quickly. The observed
FWHT scaling behavior is illustrated in Figure 8, and repre-
sentative per-profile transform and selected-score runtimes for
increasing profile dimensions are reported in Table 15.

Trwar () = O(nlogn), Mpyyr(n) = 0(n),

(19)
Tsetectea = O (K).

11. Discussion

The results support a conservative interpretation. WHSDA-
Al helps most when the class signal is expressed as a stable
imbalance between meaningful feature groups. Examples include
outgoing volume exceeding incoming activity, velocity features
dominating ordinary active-day behavior, or counterparty con-
centration dominating account diversity. It is also useful when
the institution values versioned explanations and compact review
cards, even if the predictive gain over a strong raw-feature
model is modest. The method is not expected to improve satu-
rated low-dimensional datasets, tasks where raw variables already
separate classes nearly perfectly, or problems dominated by non-
linear interactions inside high-cardinality categorical variables.
The Breast Cancer and Wine results illustrate this point: raw
and modern boosted models are already close to saturation, so
selected WHT does not create new information. In these cases,

the role of WHSDA-AL is interpretability and auditability rather
than headline accuracy.

PCA can be better for compression because it adapts to vari-
ance in the training data [30]. However, PCA components can
change after retraining and may be difficult to approve as sta-
ble domain concepts. Haar contrasts are attractive when variables
have a natural local order, such as time scales or spatial bins
[29]. Random signed projections provide a strong control exper-
iment. In the reported results, selected WHT is usually stronger
than random signs on the risk-style benchmarks and has com-
plete dictionary coverage because every retained sign pattern is
documented.

The comparative study therefore treats XGBoost and Light-
GBM as the closest production-grade latest-method comparators
for the reported tabular risk-ranking objective [24, 33]. This posi-
tioning is also supported by recent comparative benchmarking
of state-of-the-art gradient boosting algorithms, where XGBoost,
LightGBM, and CatBoost remain central practical competitors
for structured classification tasks [34]. EBM and TabPFN are
discussed explicitly because they represent two adjacent contem-
porary directions: interpretable additive prediction and tabular
foundation-model prediction [21, 35]. Recent EBM-based work
in insurance risk modeling further shows that glass-box boosting
models are relevant when transparent feature-effect interpretation
is required together with competitive prediction [36]. They are
not claimed to be replaced by WHSDA-AL Instead, the paper
clarifies that WHSDA-AI answers a different technical question:
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whether one can introduce a fixed, versioned, leakage-free signed-
contrast layer whose coefficients have stable semantic meaning
before model fitting. This distinction is important for banking-
sector model governance, where explanation stability and audit
trails are often as important as small predictive differences.

12. Limitations

The first limitation is empirical scope. The reported bench-
marks now include two controlled risk-style datasets, three
public structured-data datasets, and one public credit-card fraud
benchmark. These experiments demonstrate the mechanism and
comparative behavior of the method on both controlled and
public data. However, institutional banking deployment would
still require privacy-preserving validation on a bank’s own data
or on larger public or licensed transaction-risk and fraud/AML
benchmarks [43-46].

This limitation does not affect the internal technical vali-
dation reported here: the manuscript now contains repeated-split
numerical results, modern boosted-tree comparators, representa-
tion ablations, explanation-stability metrics, and a public credit-
card fraud benchmark. External institutional validation remains
a deployment-stage requirement rather than a prerequisite for the
methodological contribution.

The second limitation is methodological. WHT contrasts are
linear signed group contrasts. They are not a substitute for rich
graph fraud models, temporal sequence models, or institution-
specific rules. They can be used together with such models, but
they should not be presented as a universal fraud detector.

The third limitation concerns feature-map dependence. The
interpretability of WHSDA-AI depends on a stable and mean-
ingful ordering of variables. If the feature map is arbitrary, the
coefficient dictionary becomes less useful. The method is there-
fore best suited to environments where domain experts can define
feature groups and approve reference-construction rules.

13. Conclusion

This paper reformulated WHSDA-ALI as a technical method
for interpretable Walsh-Hadamard spectral deviation analysis in
structured Al applications in the banking sector. The method con-
verts structured normalized profiles into fixed Walsh-Hadamard
signed contrasts, compares objects with training-only reference
profiles, selects stable coefficients without test leakage, and pro-
duces compact explanations that can accompany supervised
models.

The main claim is deliberately conservative. Full WHT is an
isometry and cannot improve Euclidean ranking by itself. The
useful mechanisms are coefficient selection, reference-normalized
deviation, semantic feature grouping, risk weighting, and down-
stream model interaction. The final experiments show that
selected WHT contrasts can be competitive in structured imbal-
ance settings, outperform random signed projections in several
risk-style settings, and provide compact explanation dictionaries.
On saturated datasets, the method mainly contributes auditability
rather than predictive improvement.

The study contributes a visible mathematical formulation,
a stronger novelty statement, modern comparative experiments,
repeated-split uncertainty, bootstrap stability, ablation studies,
and a complete citation-supported bibliography. Together, these
elements make the work a technical contribution: the proposed
idea is distinguished from existing explainability and tabular-
learning methods, and the method is validated against both
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classical baselines and contemporary production-grade tabular
comparators.
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