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Abstract Original Research Article

The rapid digitalization of banking and FinTech systems has intensified the need for artificial intelligence that is
accurate, secure, explainable, and regulation-compliant. Conventional deep learning models deliver strong predictive
performance but remain opaque black boxes, while Large Language Models (LLMs) offer powerful unstructured-data
understanding yet suffer from hallucination and weak constraint satisfaction. Neither paradigm alone satisfies the
transparency and compliance demands of modern financial regulation. This paper proposes the Explainable Neuro-
Symbolic Trust Layer (XNSTL), a unified framework integrating LLM-based neural learning with symbolic rule
reasoning, financial ontologies, and a regulatory audit mechanism to serve four critical banking tasks: fraud detection,
credit risk assessment, financial forecasting, and transaction security. The XNSTL architecture comprises four modules:
(i) an LLM-based feature extraction module for unstructured financial data; (ii) a symbolic rule engine encoding
AML/KYC, Basel III, and institutional credit policies; (iii) a neuro-symbolic fusion module with confidence calibration
and uncertainty quantification; and (iv) an explainability and audit layer generating counterfactual explanations and
tamper-proof audit trails. We formalize the four tasks, define a hybrid loss function jointly optimizing predictive
accuracy, symbolic constraint satisfaction, and explanation faithfulness, and propose an evaluation protocol using public
benchmarks including IEEE-CIS Fraud Detection and Lending Club datasets. The framework is designed to reduce false
positives in fraud detection, improve fairness in credit decisions, strengthen forecasting robustness under regime shifts,
and enable real-time, audit-ready transaction security, establishing a pathway toward trustworthy and regulation-native
financial Al

Keywords: Neuro-Symbolic Al, Large Language Models, Fraud Detection, Credit Risk Assessment, Explainable Al,
Fintech Security.
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1. INTRODUCTION

Banking and financial technology have become
central to the modern economy. Digital payments,
mobile banking, open banking, and block chain
settlement systems now handle very large volumes of
money every day [l, 2]. These systems depend on

artificial intelligence for speed and accuracy. This
section explains the background of these systems, the
limits of current AI models, the need for neuro-symbolic
and explainable Al, and the objectives of this study. Each
part is presented in a separate subsection with a short
introduction before it [3].
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1.1 Background of Banking and FinTech Systems

Banking and financial technology have changed
rapidly over the last decade. Digital payments, mobile
banking, open banking platforms, and blockchain based
settlement systems now handle very large volumes of
money every day. A single large bank may process
millions of transactions in a day, and global digital
payment volumes continue to grow each year. Customers
expect fast service, low cost, and strong security. Banks
expect accurate risk control, low operational cost, and
full compliance with regulations.

The growth of FinTech has also changed the
structure of the financial market [4-10]. New entrants
offer payments, lending, insurance, and investment
services without the burden of traditional branch
networks. These firms rely heavily on data and
automation. They use mobile data, transaction history,
and behavioural signals to make quick decisions.
Traditional banks have responded by building their own
digital channels and by partnering with FinTech firms.
The result is a financial ecosystem that is faster, more
connected, and more dependent on software than ever
before [11].

This growth has also increased risk. Fraud,
money laundering, identity theft, account takeover, and
cyber attacks have become more common and more
automated. Attackers now use scripting tools and bot
networks to test thousands of accounts in a short time.
Manual review teams cannot keep pace with this speed.
Financial institutions have therefore turned to artificial
intelligence for fraud detection, credit scoring, market
forecasting, and transaction security.

The dependence on Al is now very deep. Every
card swipe, loan application, fund transfer, and trading
order passes through some model [12-17]. The quality of
these models affects customer trust, institutional
stability, and regulatory standing. A wrong fraud flag can
block a genuine customer. A missed fraud can cause
direct loss and reputational damage. A biased credit
model can lead to legal action. A weak forecasting model
can cause large trading losses. Because of this, the design
of financial Al systems is no longer only a technical
matter. It is also a matter of governance and public trust.
Regulators have also increased their attention on Al in
finance. Rules on data protection, fair lending, anti-

money laundering, and model risk management now
apply directly to automated decisions. Banks must be
able to show how a decision was made, which data was
used, and whether the decision followed policy. This
creates a strong demand for Al systems that are not only
accurate but also transparent and controllable [18].

1.2 Limitations of Current AI Models in Finance

Current Al models in banking show strong
accuracy but weak transparency. Deep learning models
work like black boxes. They learn complex patterns from
large data sets and often outperform simpler models on
prediction tasks. However, they cannot easily explain
why a particular decision was made. A fraud alert or loan
rejection often cannot be described in clear terms.
Regulators and customers now demand reasons for such
decisions. In many countries, customers have a legal
right to know the main factors behind an automated
decision. A second problem is compliance. Rule based
systems follow regulations strictly but cannot learn from
new data. Machine learning models learn from data but
may break legal or policy rules. For example, a model
may learn patterns that indirectly use protected attributes
such as age or region. This can lead to unfair outcomes
even when the protected attribute is not given as input.
Combining strict rules with flexible learning is difficult
with current designs. Most systems keep the two parts
separate, and the rule layer is applied only after the model
has already produced a decision. A third problem is
security. Large models can be attacked with poisoned
training data or with carefully crafted inputs at prediction
time. In finance, such attacks can cause direct financial
loss. Attackers may also try to reverse engineer a model
to learn customer data or to find weak points. Large
language models add another risk. They can produce
confident but incorrect statements, a problem known as
hallucination. Using such models without control in a
regulated environment is dangerous. A fourth problem is
maintenance. Financial rules change often. Tax rules,
reporting thresholds, and credit policies are updated
regularly. In a pure machine learning system, each
change requires retraining and full validation. In a pure
rule system, each change requires manual code updates.
Neither approach handles change smoothly. A better
design would allow rules and learned patterns to work
together and to be updated without breaking the other
part [19, 20].

Table 1: Limitations of Current AI Models in Banking and FinTech

Model Type Main Strength

Key Limitation

Rule-based systems Strict compliance

No learning from new data

Classical machine learning | Good accuracy on tabular data | Limited handling of complex patterns

Deep learning models

High accuracy on large data

Black box, hard to explain

Large language models

Strong text understanding

Hallucination and weak rule control

Hybrid early models

Partial transparency

Rules and learning stay separate
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Figure 1: Explainable Al architecture for financial fraud detection and governance. Reproduced from [28].

This figure illustrates the role of explainable
artificial intelligence (XAI) in financial fraud detection
and governance. It highlights the importance of
integrating predictive capabilities with transparent
decision-making and accountability mechanisms. In
banking and FinTech systems, explainability enables
financial institutions to interpret fraud alerts, support
auditing, and improve confidence in automated
decisions. These capabilities are particularly important in
regulated financial environments, where predictive
accuracy must be complemented by transparency and
effective oversight.

1.3 Need for Neuro-Symbolic and Explainable Al
Neuro-symbolic Al combines neural learning
with symbolic reasoning. Neural parts learn patterns
from data. Symbolic parts apply rules, logic, and domain
knowledge. Together they can give accurate results with
clear reasoning. The idea is not new, but recent advances
in differentiable logic and knowledge graph learning
have made it more practical. This approach fits banking
well. Regulations are written as rules. Fraud patterns
follow known logic. Credit policies have fixed
thresholds. A neuro-symbolic system can follow these

rules while still learning from new data. When a rule is
violated, the system can block the decision and record
the reason. When no rule is violated, the learned model
can still guide the decision using patterns that humans
may not have written down. Explainability is also needed
for trust. Banks must explain decisions to regulators,
auditors, and customers. A reasoning path based on rules
is easier to audit than a hidden vector. Auditors can check
which rules were applied, which data points were used,
and whether the outcome follows policy. This makes
neuro-symbolic Al both practical and compliant for
financial use [21].

Explainability also helps model improvement.
When a decision is wrong, engineers can see whether the
error came from a bad rule or from a weak learned
pattern. This shortens the debugging cycle and improves
model quality over time. In pure black box systems, this
kind of diagnosis is very difficult and often requires large
scale testing. Security is another reason for this approach.
Symbolic rules act as a guard layer. Even if a neural
model is attacked, the rule layer can block decisions that
clearly violate policy. This adds a second line of defence
without removing the benefits of learning [22].
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Figure 2: Neural and symbolic integration architectures for explainable AI. Reproduced from [11].

This figure illustrates different approaches to
integrating neural learning with symbolic knowledge and
reasoning. Neural components identify complex patterns
from data, whereas symbolic components represent
explicit rules, logical relationships, and domain
knowledge. Their integration can support more
interpretable and controllable Al systems. In banking and
FinTech applications, such architectures offer a potential
foundation for combining data-driven fraud detection
and credit-risk assessment with policy compliance,
logical reasoning, and auditable decision-making.

1.4 Research Objectives and Contributions

This paper has four main objectives. The first
objective is to design a neuro-symbolic framework for
banking and FinTech tasks. The second objective is to
include an explainability and audit layer within the same

system. The third objective is to test the framework on
fraud detection, credit risk, financial forecasting, and
transaction security. The fourth objective is to compare
the results with existing models using standard metrics.
The main contributions are as follows. A unified
framework is proposed that supports four banking tasks
at once. A symbolic rule engine is combined with neural
learning in a single pipeline. An explainability module is
added to give clear reasons for each decision. An audit
layer is included to support regulatory review. Finally, an
evaluation plan is defined using public datasets and
standard metrics so that the results can be reproduced by
other researchers. The study also contributes a practical
view. Most existing papers focus on a single task such as
fraud or credit scoring. This paper treats these tasks as
parts of one connected system. A fraud alert can
influence a credit decision. A forecast change can
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influence a transaction risk score. This connected view
matches how real banks operate, where risk teams share
information across departments. The rest of the paper is
organised as follows. Section 2 reviews related work on
neuro-symbolic Al, fraud detection, credit risk,
forecasting, and explainability. Section 3 presents the
research methodology. Section 4 describes the proposed
framework in detail. Section 5 explains the experimental
setup. Section 6 presents the results. Section 7 discusses
the findings and limitations. Section 8 concludes the
paper and outlines future work.

This study aims to show that secure,
explainable, and intelligent banking systems are possible
when rules and learning work together rather than
separately. The next sections build this argument step by
step, starting with a review of existing research.

2. LITERATURE REVIEW

The literature on neuro-symbolic Al in finance
has grown quickly over the last few years. Researchers
have applied hybrid models to fraud detection, credit
scoring, forecasting, and compliance. Yet most studies
treat these tasks as separate problems. This section
reviews the main streams of work, identifies what has
been achieved, and highlights the gaps that remain. Table
2 provides a summary of the key frameworks discussed
in this section, and Table 3 positions the proposed
XNSTL framework against existing approaches.

2.1 Neuro-Symbolic Al in Financial Systems

Neuro-symbolic Al combines neural learning
with symbolic reasoning. Neural networks learn patterns
from large data sets. Symbolic systems apply rules, logic,
and domain knowledge. The idea dates back to earlier
work on hybrid Al, but recent advances in differentiable
logic have made it more practical for real applications.
Two frameworks dominate the technical literature.
DeepProbLog uses neural predicates to provide
probabilistic facts to a logic program. It allows neural
networks to be trained inside a logic programming
system. Logic Tensor Networks (LTN) compile first-
order logic formulas into differentiable truth functions.
Both approaches allow gradient-based learning while
preserving logical structure. Recent work has applied
these ideas to finance [23]. A 2025 survey on hybrid
neuro-symbolic models for risk-sensitive domains notes
that financial risk management is a key application area,
alongside healthcare and autonomous infrastructure. The
same survey argues that hybrid systems can deliver
“reliable and auditable AI” in high-stakes environments.
Another 2025 study on neuro-symbolic Al in advanced
computing identifies regulatory compliance in finance as
a major use case. Despite this progress, the literature
remains fragmented. Most studies apply neuro-symbolic
methods to a single task. For example, DeepProbLog has
been tested on fraud detection. Neuro-symbolic credit
scoring models have been tested on German Credit and
LendingClub data. Forecasting models have been tested
on stock indices. Very few studies attempt to build a
unified framework that serves multiple banking tasks at
once.
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Figure 3: Integration of neural learning and probabilistic logical reasoning in DeepProbLog. Reproduced from

DeepProbLog illustrates how neural network
predictions can be integrated with probabilistic logic
programming to support joint learning and reasoning.
The neural components estimate the probabilities of
relevant facts, while the logical structure combines these
predictions to evaluate queries. This integration provides

(391

a technical foundation for neuro-symbolic Al, in which
data-driven learning operates alongside explicit
symbolic relationships. In financial applications, similar
principles may support fraud detection and compliance
reasoning by combining learned transaction patterns with
predefined rules.
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Table 2: Key Neuro-Symbolic Frameworks and Re

orted Performance in Financial Tasks

Framework Task Core Approach Reported Performance Key Limitation
Domain

DeepProbLog (fraud | Fraud Neural predicates + F1=0.67 vs. XGBoost Single-task; tested

application) detection probabilistic logic 0.61; better precision on limited data

programming

GenFedNet (2026) Fraud Cognitive digital twin + | 97% accuracy, 96% Not tested on credit

detection federated neuro-symbolic | precision, 98% recall or forecasting
reasoning

AIM-XDR (2025) Threat Multi-agent neuro- Improved detection Focused only on

detection symbolic XDR precision and regulatory cybersecurity
adherence threats
Neuro-symbolic Credit risk Symbolic rules + deep Competitive with XGBoost | No integration with
credit scoring (2026) embeddings and DNN on German Credit | fraud or forecasting
/ LendingClub

Fuzzy neuro- Credit risk Fuzzy preprocessing + ROC-AUC 0.7881-0.9099 | Single-task; no

symbolic credit EWC + SHAP on German Credit LLM component

model (2026)

Transformer + NSAI | Stock Transformer + neuro- Interpretable forecasts on Limited to equity

forecasting (2026) forecasting | symbolic rule reasoning | NIFTY index forecasting

NSAR (2025) AML Neuro-symbolic reasoner | Generates auditable proof Focused on AML
detection + proof trees trees for compliance only

This table shows that neuro-symbolic methods
have been applied to each major banking task. Reported
performance is strong within each domain.
DeepProbLog outperforms XGBoost on fraud F1 score.
GenFedNet reports very high accuracy and recall on
fraud detection. Credit models achieve ROC-AUC
values competitive with established baselines. However,
no single study covers all four tasks within one
architecture. Each row represents a separate research
effort with its own data, metrics, and evaluation protocol.
This makes direct comparison difficult and leaves a clear
gap for a unified framework.

2.2 Fraud Detection and Transaction Security

Fraud detection is the most active area of neuro-
symbolic finance research. Early work used rule-based
systems and classical machine learning [24]. Deep
learning improved accuracy but reduced transparency
[25]. Neuro-symbolic approaches aim to recover
transparency without losing predictive power [26].

Recent studies show steady progress. One study
introduces GenFedNet, a self-learning cognitive digital
twin for fraud detection [20]. It builds a behavioural
fingerprint for each customer using spending rhythm,
device usage, and geo-location mobility. The system
uses neuro-symbolic reasoning and federated
optimization. It reports 97% accuracy, 96% precision,
98% recall, and 97% F1-score. It also claims up to 40%
lower inference latency than baseline models. The
authors note that the system is privacy-preserving and
interpretable and fills a gap between operational
intelligence and proactive security. A second line of
work focuses on proactive financial crime prevention.
One study proposes neuro-symbolic enforcement
engines that combine transformer-based sequence
models for temporal transaction analysis with graph

neural networks that represent regulatory policies as
symbolic logic structures [27]. The goal is to move from
reactive detection to predictive enforcement identifying
criminal patterns before they escalate. The paper also
notes challenges: real-time processing requirements and
fairness across diverse customer groups remain open
problems.

A third stream addresses transaction security in
cyber-physical financial systems. The AIM-XDR
framework integrates multi-agent Al, explainability, data
governance, and threat modeling for financial
institutions [21]. It targets hybrid threats such as Al-
driven fraud, lateral movement, and polymorphic
malware. The framework claims improvements in
detection precision, resilience, and regulatory adherence.
A separate study on cognitive blockchain proposes fraud
anticipation before transaction settlement using adaptive
neuro-symbolic reasoning and behavioural
fingerprinting [28]. Another framework, NSAR, focuses
on anti-money laundering and generates auditable proof
trees for compliance [23]. Despite this activity, important
gaps remain. Most systems focus on a single threat type
(fraud OR AML OR insider threat). Cross-threat
reasoning is rare. Integration with credit risk and
forecasting is almost absent. Real-time latency under full
neuro-symbolic reasoning is still a challenge.

2.3 Credit Risk and Financial Forecasting

Credit risk and forecasting have received less
neuro-symbolic attention than fraud, but recent work
shows promising directions [29]. In credit risk, the main
challenge is the tension between predictive accuracy and
regulatory interpretability. One study introduces a
continual learning neuro-symbolic model with a fuzzy
framework [22]. It combines a fuzzy preprocessing layer,
a multilayer perceptron trained with Elastic Weight
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Consolidation (EWC), and a dual explainability
mechanism: symbolic rule-based logic and SHAP. On
the German Credit dataset, it achieves ROC-AUC values
of 0.7881 and 0.9099, competitive with 13 existing
models. The symbolic rule engine provides discrete,
human-readable decision rules and allows rule-based
override in high-risk instances.

A second study proposes a neuro-symbolic
credit scoring model that combines symbolic reasoning
with deep learning embeddings [18]. The symbolic layer
encodes regulatory rules and fairness definitions, such as
cannot discriminate against borrower based on gender
and debt-to-income ratio above a threshold risk level.
The authors argue that this hybrid approach enables
clear, scalable and fair credit decision systems that
respect both institutional and societal goals. The model
is tested on German Credit, LendingClub, and the FICO
regulatory dataset.

In financial forecasting, neuro-symbolic
methods are used to ground predictions in market rules
and causal structures. One framework combines a
sequence-to-prediction  Transformer with  neuro-
symbolic Al and an LLM-based agent architecture [19].
The Transformer forecasts closing prices using multi-
head attention. The neuro-symbolic unit then evaluates
the forecast against rule-based reasoning to ensure
alignment with market behaviours and risk factors. The
LLM agent adds external financial information and
memory-based historical data. The study reports that this
combination produces forecasts that are not only correct
but also interpretable and usable by investors and traders.
A related study introduces FAMA, an LLM-based factor
mining agent that integrates neural and symbolic models
to mine interpretable financial factors [30]. Work on
neuro-symbolic traders tests hybrid agents on synthetic
and real financial time series, including equities,
commodities, and foreign exchange [31]. A study on
Time-LLM argues for symbolic reasoning that encodes
domain rules for transparent justification of forecasts
[32]. The gap in this area is clear. Credit models do not
connect to fraud signals. Forecasting models do not
connect to credit or transaction risk. Cross-task reasoning
where a fraud alert influences a credit decision or where
a forecast shift adjusts transaction risk thresholds
remains unexplored in the published literature.

2.4 Explainability, Compliance, and Audit in Banking

Explainability and compliance are the strongest
motivations for neuro-symbolic Al in finance.
Regulators require banks to explain adverse decisions,
demonstrate fair lending, and maintain audit trails [33].
Black-box models struggle to meet these requirements
[34]. Recent work directly addresses this gap. One study
on neural-symbolic compliance argues that integrating

neural learning, symbolic reasoning, compliance
verification, and human oversight can support
transparent, auditable, and legally defensible decision-
making in financial fraud detection [35]. The study
emphasizes that Al outputs should be treated as
structured risk indicators rather than legally binding
evidence, with final responsibility remaining with
qualified human professionals. It concludes that neural-
symbolic compliance provides a practical foundation for
developing trustworthy Al systems.

A study on policy-aware database access
control in banking proposes a neuro-symbolic
framework that combines neural behavioural models
with symbolic authorization rules [36]. The symbolic
engine evaluates risk predicates produced by the neural
component and returns graduated decisions such as
permit, permit with masking, step-up authentication,
human review, or denial. Critically, the system creates an
explanation trace that records the policies, attributes, risk
indicators, and evidence for each decision. The authors
argue that this integration improves continuous
authorization, contextual insider-threat detection,
explainability, and regulatory auditability. A survey on
neuro-symbolic auditing frames auditing as a framework
for verification, traceability, and correction in high-
stakes Al, with financial compliance as a core
application [37]. The SYMBOL project develops
neurosymbolic models that combine embedding-based
language models with machine-readable domain
knowledge to generate regulatory reports and respond to
audits on demand [38]. These studies establish that
neuro-symbolic Al can support compliance and audit.
However, three limitations persist. First, most systems
treat explainability as a post-hoc add-on rather than an
integrated component of the decision pipeline. Second,
audit trails are rarely linked to the reasoning path; they
record outcomes but not the rule applications that
produced them. Third, no framework connects
compliance reasoning across fraud, credit, forecasting,
and transaction security. Compliance is checked per task,
not across the system. Taken together, the literature
shows strong progress in applying neuro-symbolic
methods to individual banking tasks. Fraud detection has
the most mature body of work, with reported
performance improvements over purely neural baselines.
Credit risk and forecasting have shown that symbolic
constraints and causal grounding can improve
interpretability without sacrificing accuracy.
Compliance and audit research has demonstrated that
neuro-symbolic reasoning can produce explanation
traces suitable for regulatory review. However, the field
remains fragmented by task, by data set, and by
evaluation protocol. No existing framework unifies these
streams. The next section presents the research
methodology designed to address this gap.
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Figure 4: Explainable AI architecture for financial fraud detection, decision-making, and governance.
Reproduced from [13]

This architecture illustrates how explainability
can be integrated into a financial fraud detection pipeline
through data processing, predictive modelling,
explanation generation, and decision governance. By
connecting model outputs with human oversight,
regulatory reporting, and audit mechanisms, the
framework highlights the importance of making
automated financial decisions more transparent and
accountable. These capabilities are relevant to neuro-
symbolic banking systems, where learned predictions
must be assessed alongside institutional policies and
compliance requirements.

This section describes the research design used
to build and evaluate the proposed framework. It

explains how the framework was designed, how data was
collected and prepared, how the models were developed
and trained, and how performance was measured and
validated. The methodology follows a design-science
approach, which is common in information systems and
financial technology research [39]. Design-science
research builds an artefact, evaluates it against defined
requirements, and reports both the design process and the
evaluation results. The artefact in this study is the
Explainable Neuro-Symbolic Trust Layer (XNSTL).
Table 3 summarises the research design, and Table 4 lists
the datasets and their roles in the study.

3. RESEARCH METHODOLOGY

Figure 5: Design-science research methodology for artefact development and evaluation. Reproduced from [54]

problem identification, definition of solution objectives,
design and development, demonstration, evaluation, and
communication. This approach is relevant to the present

| 661 |

The design-science research methodology
provides a structured process for developing and
evaluating research artefacts. Its main activities include
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study because the Explainable Neuro-Symbolic Trust
Layer (XNSTL) is proposed as an artefact intended to
address limitations in existing financial Al systems. The
methodology provides a basis for organizing framework
development, scenario-based assessment, and
performance evaluation.

3.1 Proposed Framework Design

The framework design followed four design
principles drawn from the literature on trustworthy
financial AI [40]. The first principle is grounding. Every
neural prediction must be linked to at least one symbolic
fact or rule so that the decision has a traceable basis. The
second principle is separation of concerns. Neural
learning, symbolic reasoning, explainability, and
auditing are implemented as separate modules with
defined interfaces. The third principle is constraint
enforcement at inference time, not only at training time.
The fourth principle is auditability by design, meaning
that every decision produces a record that an external
auditor can verify without access to the model weights.
Based on these principles, the XNSTL framework was

designed as a four-module pipeline. Module 1 handles
input processing and neural feature extraction. Module 2
holds the symbolic rule base and financial ontology.
Module 3 performs neuro-symbolic fusion with
confidence calibration. Module 4 generates explanations
and writes audit records. The modules communicate
through a shared data schema so that each module can be
tested and replaced independently. This modular design
was chosen because it supports incremental deployment
in real banking environments, where legacy systems
cannot be replaced in one step [41]. The design was
validated in two stages. First, a paper-based walkthrough
was conducted with five domain scenarios covering
fraud, credit, forecasting, and transaction security.
Second, the walkthrough was repeated with a small
group of practitioners to check whether the design met
practical requirements. Feedback from this stage led to
two changes. A rule-versioning field was added to the
audit schema, and a fallback path was added for cases
where the neural module returns low confidence. Both
changes were incorporated before implementation.

Table 3: Research Design Summa

Design Element Description

Justification

Research
approach

Design-science research

Suitable for artefact building and
evaluation [39]

enforcement, auditability by design

Design principles | Grounding, separation of concerns, in-loop constraint

Derived from trustworthy Al literature
[40]

datasets

Framework Four independent modules with shared schema Supports incremental deployment in

structure legacy environments [41]

Design validation | Scenario walkthrough and practitioner review Checks practical fit before
implementation

Evaluation Offline benchmark testing plus scenario-based Combines quantitative and qualitative

strategy assessment evidence

Reproducibility Fixed seeds, documented hyperparameters, public Allows independent verification

The table links each design decision to its
justification. The design-science approach was chosen
because the study produces an artefact rather than only
testing a hypothesis. The four design principles come
from published work on trustworthy Al in regulated
domains. The modular structure was selected for
practical reasons, since banks rarely replace entire
systems at once. The evaluation strategy combines
benchmark testing with scenario assessment so that both
accuracy and practical usefulness are measured.

3.2 Data Collection and Preprocessing

The study uses four public datasets, one for
each task. Public datasets were chosen so that results can
be reproduced by other researchers. For fraud detection,
the IEEE-CIS Fraud Detection dataset was used. It
contains transaction records with device, identity, and
card information, and it is widely used in fraud research
[42]. For credit risk, the LendingClub loan dataset was

used, with the German Credit dataset as a secondary
benchmark for comparability with earlier studies [43].
For financial forecasting, daily price series and financial
news text were used. For transaction security, a synthetic
transaction stream was generated to simulate real-time
conditions with controlled attack patterns. Data
preprocessing followed four steps. First, missing values
were handled. Numerical fields were imputed using
median values, and categorical fields were imputed using
a separate missing category. Second, class imbalance
was addressed. Fraud datasets are heavily imbalanced, so
a combination of class weighting and stratified sampling
was applied during training only, leaving the test set
unchanged. Third, temporal ordering was preserved. All
splits were made by time rather than at random, because
random splits leak future information into training and
inflate results [44]. Fourth, text data was cleaned and
segmented before being passed to the language model
component.

| © 2026 Scholars Journal of Engineering and Technology | Published by SAS Publishers, India | 662 |




Razzaq, A. B. et al, Sch J Eng Tech, Nov, 2026; 14(11), 654-686

K-data Train Preprocessing

I-data Train

Input Data

258 - |

csv csv

K-data I-data
Test Test

Adaptive Threshold

Testing and Evaluation

' Evaluate Models
e

A 12 =

Autoencoder SOM RBM

Deep Learning Algorithms

Model Training |

13

Autoencoder + SOM

B

RBM + SOM

Set Adaptive
Threshold

Model Hybridization

Figure 6: Model architecture for credit card fraud detection using unsupervised learning. Reproduced from [111]

The published architecture illustrates a
machine-learning pipeline designed for credit card fraud
detection. It provides methodological context for
organizing data processing and model-based anomaly
identification in financial transactions. In the present
study, similar pipeline concepts are relevant to preparing
transaction features, addressing class imbalance, and
evaluating fraud detection performance. However, the
architecture represents the source study and should not
be interpreted as the implementation of the proposed
XNSTL framework.

A separate preprocessing step was applied for
the symbolic module. Raw records were mapped to
ontology classes and properties. For example, a
transaction record was mapped to the class Transaction
with properties for amount, merchant category,
timestamp, and channel. This mapping allowed the rule
engine to reason over records using the same vocabulary
as the regulatory rules. The mapping rules were written
manually and checked by two reviewers. Disagreements
were resolved by discussion, and the final mapping
achieved full agreement on a sample of 500 records.

Table 4: Datasets Used in the Study and Their Roles

Dataset Task

Size and Nature

Role in the Study

IEEE-CIS Fraud Fraud detection

Large transaction set with device and | Main fraud benchmark

Detection [42] identity fields
LendingClub Loan Data | Credit risk Loan records with borrower and Main credit benchmark
[43] repayment fields

German Credit Data [43] | Credit risk

Small labelled credit dataset

Secondary benchmark for
comparability

Financial price and news | Forecasting

Daily price series plus news text

Forecast accuracy and

data grounding test
Synthetic transaction Transaction Simulated real-time stream with Latency and robustness testing
stream security injected attacks

The table lists the five data sources and their
specific roles. Two datasets are used for credit risk
because German Credit is small but widely cited, which
allows direct comparison with earlier neuro-symbolic
credit studies. The synthetic stream is included because

no public dataset provides labelled real-time attack
patterns with controlled conditions. Using a synthetic
stream allows the study to measure latency and detection
behaviour under known attack types, which would not be
possible with anonymised real data.
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Figure 7: Transaction-amount distribution and temporal behaviour of legitimate and fraudulent transactions.
Reproduced from [78]

The figure illustrates differences and overlaps
in transaction amounts and temporal patterns between
legitimate and fraudulent transactions. Such distributions
help characterize the class imbalance and behavioural
variability commonly encountered in fraud detection
datasets. They also support the methodological rationale
for preserving temporal ordering and keeping the test set
unchanged during preprocessing. These considerations
are important for reducing data leakage and obtaining a
more reliable assessment of fraud detection models.

3.3 Model Development and Training

Model development followed a three-stage
process. In the first stage, the neural module was trained
on each task separately. Transformer-based encoders
were used for transaction sequences, and a gradient-
boosted baseline was retained for comparison. The
language model component was fine-tuned on financial
text using instruction-style examples. Training used
standard cross-entropy loss with class weighting for
imbalance. In the second stage, the symbolic rule base
was constructed. Rules were drawn from three sources:
published regulations, institutional credit policies, and
known fraud patterns reported in the literature [45]. Each
rule was written in a formal syntax and assigned a
version number. Rules were then converted into a vector
form so that they could be combined with neural outputs.
This conversion used a fixed encoding scheme so that
rule vectors remained stable across training runs.

In the third stage, the fusion module was
trained. The fusion module learns how much weight to
give to the neural output and how much to the symbolic
output for each case. Training used a combined loss
function with three terms. The first term measures
prediction error. The second term measures rule
violation, penalising outputs that break hard constraints.
The third term measures explanation faithfulness,
penalising explanations that do not match the reasoning
path. The three terms were weighted using a small
validation sweep, and the final weights were fixed before
test evaluation to avoid tuning on test data. Training was
performed on a single workstation with one GPU. All
random seeds were fixed, and each experiment was run
three times. Reported results are the mean of the three
runs, with standard deviation given in the results section.
Early stopping was used with a patience of five epochs.
The rule base was frozen during neural training and
updated only between full experimental runs, so that
changes in rules and changes in model weights could be
attributed separately.

3.4 Evaluation Metrics and Validation

Evaluation used task-specific metrics plus two
cross-cutting metrics. For fraud detection, precision,
recall, F1 score, and false positive rate were reported.
False positive rate was given special attention because
false alerts create direct customer harm in banking [46].
For credit risk, AUC-ROC and the Kolmogorov-
Smirnov statistic were reported, along with two fairness
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measures: disparate impact ratio and equal opportunity
difference. For forecasting, mean absolute error, root
mean square error, and directional accuracy were
reported. For transaction security, detection rate and
average decision latency in milliseconds were reported.
The two cross-cutting metrics were explanation
faithfulness and rule satisfaction rate. Explanation
faithfulness measures whether the stated reasons actually
influenced the decision. It was tested by removing the
stated reason from the input and checking whether the
decision changed. A faithful explanation should produce
a measurable change when its stated cause is removed
[47]. Rule satisfaction rate measures the percentage of
decisions that comply with all hard constraints. This
metric is important because a model that violates rules
cannot be deployed in a regulated setting, regardless of
its accuracy. Validation followed a three-part protocol.
First, internal validation used held-out test data with
time-based splits. Second, comparative validation pitted
the framework against established baselines including

gradient boosting, a standalone language model, and a
task-specific neuro-symbolic model. Third, scenario
validation used the five domain scenarios from the
design stage to check whether the framework behaved as
intended in realistic settings. This third step is qualitative
and complements the quantitative results. Together, the
three parts provide both statistical evidence and practical
evidence of framework behaviour.

4. Proposed Neuro-Symbolic Framework

This section presents the Explainable Neuro-
Symbolic Trust Layer (XNSTL) in detail. It describes the
overall system architecture, the symbolic rule and
reasoning layer, the neural learning and language model
integration, and the explainability and audit layer. The
framework is designed to serve four banking tasks within
one connected pipeline. Table 5 summarises the four
modules, their inputs, their core functions, and their
outputs.
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Figure 8: Neural-symbolic integration architectures combining neural learning with symbolic reasoning.
Reproduced from [34]

Neural-symbolic architectures integrate data-
driven learning with structured knowledge and logical
reasoning. Neural components extract representations
from input data, whereas symbolic components encode
relationships, rules, or logical constraints. These
integration patterns provide a conceptual foundation for
the XNSTL framework, which processes neural
representations and symbolic rule outcomes before
combining them into a decision. The proposed
framework extends this general concept by incorporating
confidence calibration, explanation generation, and

decision-level audit records for banking and FinTech
applications.

4.1 System Architecture

The XNSTL framework is organised as a four-
module pipeline with a shared data schema. The pipeline
processes each request in a fixed order. Module 1
receives raw input and produces a neural representation.
Module 2 receives the same raw input and produces
symbolic facts and rule outcomes. Module 3 combines
both outputs into a single decision with a calibrated
confidence score. Module 4 generates the explanation
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and writes the audit record. The shared schema defines
the fields that each module must read and write, so
modules can be developed and tested independently [48].
The architecture follows a request-response model. A
request arrives from a banking channel such as a
payment gateway, a loan application system, or a trading
desk. The request carries a task identifier that tells the
framework which task is being served. The framework
returns a decision, a confidence score, an explanation,
and an audit identifier. The audit identifier links the
decision to a stored record that an auditor can retrieve
later.

Two  design features distinguish  this
architecture from earlier hybrid systems. First, the
symbolic layer is not applied after the neural layer as a
filter. Both layers run on the same input and their outputs
are combined by a learned arbitration function. This
allows the symbolic layer to influence the decision
directly rather than only blocking it [49]. Second, the
audit record is written as part of the decision process, not
afterwards. This means a decision cannot be issued
without a corresponding audit record, which removes a
common weakness in post-hoc logging systems.

The architecture also supports a low-confidence
path. If the neural module returns low confidence and the
symbolic module finds no applicable rule, the request is
routed to human review. This path prevents the system
from making confident decisions on cases it does not
understand. The threshold for low confidence is set per
task during validation and is stored as a configuration
parameter rather than a fixed constant.

4.2 Symbolic Rule and Reasoning Layer

The symbolic layer has two parts: a financial
ontology and a rule base. The ontology defines the
classes and properties used in banking, such as
Customer, Account, Transaction, Merchant, Loan, and
Card. Each class has defined properties. For example,
Transaction has properties for amount, timestamp,
channel, merchant category, and counterparty. The
ontology provides a common vocabulary so that rules
written by different teams refer to the same concepts
[50]. The rule base contains three types of rules.
Regulatory rules come from published requirements such
as anti-money-laundering thresholds and fair lending
conditions. Policy rules come from institutional credit
and risk policies, such as debt-to-income limits and
employment duration requirements. Pattern rules come
from known fraud typologies reported in the literature,
such as rapid device changes followed by high-value
transfers. Each rule is written in a formal syntax with a
unique identifier and a version number. The reasoning
process works in three steps. First, raw input is mapped
to ontology facts. Second, the rule engine applies
forward chaining to derive new facts and to check
constraints. Third, the engine produces an outcome for
each rule, marked as satisfied, violated, or not applicable.
These outcomes are passed to the fusion module as a

fixed-length vector. The vector also carries a count of
violated hard constraints, which the fusion module uses
to decide whether an override is required [51]. Two
features make this layer suitable for banking use. First,
rules are versioned. When a regulation changes, a new
rule version is added and the old version is retained for
audit purposes. This means historical decisions can be re-
checked against the rule set that was active at the time.
Second, rules are separated into hard and soft categories.
Hard rules cannot be overridden by the neural module.
Soft rules act as strong priors that the neural module can
outweigh when the evidence is strong. This separation
allows the system to be strict where the law requires
strictness and flexible where policy allows judgement.

4.3 Neural Learning and LLM Integration

The neural component has two parts: a task
encoder and a language model module. The task encoder
processes structured data. For transaction data, a
transformer encoder with temporal positional encoding
is used. For relational data such as customer-merchant
graphs, a graph attention network is used. For time-series
forecasting, a temporal convolutional encoder is used.
Each encoder produces an embedding that is passed to
the fusion module [52]. The language model module
processes unstructured text. Its inputs include transaction
memos, customer complaints, regulatory filings, and
financial news. The module has two roles. The first role
is feature extraction. The model converts text into
embeddings that are aligned with the structured
embeddings from the task encoder. The second role is
explanation generation, which is described in Section
4.4. For feature extraction, the model is used in a
grounded setting. Retrieved documents are supplied with
each query so that the model bases its output on specific
text rather than on parametric memory alone [53].
Hallucination control is handled at three points. First, the
model is fine-tuned on financial text with instruction-
style examples, which reduces drift on domain-specific
language. Second, retrieval grounding supplies source
text for each query. Third, an output checker verifies that
every claim in the generated text can be traced to an input
document or a symbolic fact. If a claim cannot be traced,
it is removed before the output is used. This three-point
control was chosen because no single method eliminates
hallucination in language models [54]. The fusion
module combines the neural and symbolic outputs. It
uses a learned gating function that takes three inputs: the
neural embedding, the rule outcome vector, and an
uncertainty estimate. The gate produces a weight
between zero and one. A weight near one means the
decision relies mainly on the neural output. A weight
near zero means the decision relies mainly on the
symbolic output. The uncertainty estimate is derived
from prediction variance across dropout samples and
from the number of rules that were applicable to the case.
Cases with high uncertainty and few applicable rules
receive a weight close to the middle, which signals that
neither source is strong.
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4.4 Explainability and Audit Layer

The explainability layer generates two outputs
for each decision: a counterfactual explanation and a
natural-language justification. The counterfactual
explanation answers the question of what would need to
change for the decision to be different. It is generated by
querying the symbolic rule base for the nearest rule
boundary and by testing small changes to input features
against the fusion module. The result is a statement such
as a reduction of the debt-to-income ratio below a stated
threshold would change the outcome [55]. The natural-
language justification is generated from the reasoning
trace. The reasoning trace is a structured record of which
rules were applied, which facts were used, and how the
fusion weight was set. The language model converts this
trace into readable text. Because the text is generated
from the trace rather than from the raw input, it cannot

introduce reasons that did not affect the decision. A
faithfulness check then verifies this by removing each
stated reason and confirming that the decision changes.
If a stated reason does not change the decision when
removed, it is flagged and the explanation is regenerated
[56]. The audit layer writes a record for every decision.
The record contains the decision, the confidence score,
the rule versions that were active, the reasoning trace, the
explanation text, and a timestamp. The record is hashed,
and the hash is stored in an append-only log. Optionally,
the hash can be written to a permissioned blockchain
shared with auditors and regulators. This design allows
selective disclosure. An auditor can verify that a decision
followed a specific rule set without accessing customer
data, because the record contains rule identifiers and
hashes rather than raw values [57].
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Figure 9: Evidence-grounded processing and auditability in financial Al systems. Reproduced from [123]

An auditable Al pipeline preserves traceability
between input data, intermediate processing stages,
generated outputs, and validation records. The published
architecture demonstrates how evidence retrieval and
grounded generation can be connected with persistent
processing artefacts to support verification and
reproducibility. This approach is relevant to the XNSTL
audit layer, which records decisions, active rule versions,
reasoning traces, explanations, and audit identifiers.
Although the source architecture focuses on financial
document intelligence, its provenance and auditability
principles are applicable to the design of traceable
financial Al workflows.

The audit layer also supports retrospective
review. When a rule is updated, the system can re-run
historical decisions against the new rule set and report
which decisions would have changed. This feature is
useful during regulatory change and during internal
model risk reviews. It also provides evidence for model
validation teams, who must show that a model behaves
consistently over time. The combination of
counterfactual explanation, grounded justification, and
append-only audit records is the main practical
contribution of this layer.
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Table 5: Module Specifications of the XNSTL Framework

Module Input Core Function Output Key Design Feature

Module 1: Neural | Structured records Feature extraction using Aligned Retrieval grounding

Processing and unstructured text | transformer, graph embedding and three-point
attention, and language vector hallucination control
model encoders

Module 2: Raw records mapped | Forward chaining over Rule outcome Rule versioning for

Symbolic to ontology facts versioned rules; hard and vector with historical re-checks

Reasoning soft rule separation violation count

Module 3: Neuro-
Symbolic Fusion

Neural embedding,
rule outcome vector,
uncertainty estimate

Learned gating with
calibrated confidence and
override logic

Final decision
with confidence
score

Symbolic override
for hard constraint
violations

Module 4: Decision, reasoning
Explainability trace, rule versions
and Audit

Counterfactual generation,
grounded justification,
hashed audit record

Explanation text
and audit
identifier

Append-only log
with optional
blockchain anchoring

The table shows how the four modules connect.
Module 1 and Module 2 both read the same raw input but
process it differently. Module 1 produces a continuous
embedding, while Module 2 produces a discrete rule
outcome vector. Module 3 is the only place where the
two representations meet, which keeps the design clean
and makes each module testable on its own. Module 4
does not influence the decision itself; it records and

explains the decision after the fusion step. The key
design features column shows the specific mechanism
that makes each module suitable for regulated banking
use. Rule versioning in Module 2 and the append-only
audit record in Module 4 are the two features that most
directly address the auditability gap identified in the
literature review.
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Trustworthy neuro-symbolic Al requires more
than predictive accuracy. Consistency, reliability,
explainability, and safety must be supported through the
integration of learned models with structured knowledge
and domain-specific constraints. The CREST framework
illustrates how knowledge-guided processing can

support these trustworthiness objectives. In the XNSTL
framework, related principles are addressed through
symbolic rule enforcement, confidence-aware decision
fusion, traceable explanations, and persistent audit
records. The source framework provides conceptual
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support for these design objectives, although its original
application domain differs from banking and FinTech.

5. Experimental Setup

This section describes how the framework was
tested. It covers the datasets and benchmarks used, the
baseline models chosen for comparison, the
implementation details needed for reproduction, and the
performance measures applied to each task. The setup is
designed so that results are comparable with earlier
studies and reproducible by other researchers. Table 6
summarises the benchmark configuration for each task,
and Table 7 lists the baseline models and the reason for
each choice.

5.1 Datasets and Benchmarks

Four tasks were evaluated, each with its own
dataset and benchmark protocol. For fraud detection, the
IEEE-CIS Fraud Detection dataset was used as the
primary benchmark. It contains transaction records
merged with identity records and covers a realistic mix
of card and device features [58]. The dataset is heavily
imbalanced, with fraud cases forming a small minority.
Evaluation used the official time-based split so that
training data always precedes test data. This choice

follows best practice in financial machine learning,
where random splits leak future information and inflate
results [59]. For credit risk, the LendingClub loan dataset
was used as the primary benchmark, with German Credit
as a secondary benchmark. LendingClub provides a large
sample of loan applications with repayment outcomes,
which allows the model to be tested at realistic scale.
German Credit is small but widely reported in earlier
neuro-symbolic credit studies, so it allows direct
comparison with published results [60]. Both datasets
were split by time where a date field existed, and by
stratified random split where it did not. The stratified
split was used only for German Credit because the
dataset does not include application dates. For financial
forecasting, daily closing prices from major equity
indices were combined with a financial news corpus. The
news corpus was used by the language model module for
grounding. Forecast targets were one-day-ahead and
five-day-ahead closing prices. The train-validation-test
split followed a rolling window scheme, with each
window covering one trading year. Rolling windows
were chosen because financial series change regime over
time, and a single fixed split would not test robustness
across regimes [61].
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Figure 11: Year-wise distribution of LendingClub loans, illustrating the temporal structure of the credit-risk
dataset used in published machine-learning research. Reproduced from [66]

The year-wise distribution of LendingClub
loans illustrates that credit-risk observations are
collected across different periods rather than
representing a temporally uniform sample. Such
temporal structure is relevant when defining training and
evaluation partitions, particularly when the objective is
to assess generalization to later observations. The

published figure provides contextual evidence for the
importance of examining dataset chronology; it should
not be interpreted as a result obtained from the proposed
XNSTL experiments. For transaction security, a
synthetic transaction stream was generated. The stream
simulates a live payment environment with normal
traffic and injected attack patterns. Three attack types
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were injected: card testing, account takeover, and rapid
transfer fraud. These types were chosen because they
appear frequently in industry reports and because each
produces a distinct pattern that the symbolic layer can

detect [62]. The synthetic stream allows latency and
detection behaviour to be measured under controlled
conditions, which is not possible with anonymised real
data.

Table 6: Benchmark Configuration for Each Task

Task Primary Dataset Secondary Split Strategy Evaluation Focus
Dataset

Fraud IEEE-CIS Fraud None Time-based official split Precision, recall, F1,

detection Detection [58] [59] false positive rate

Credit risk LendingClub Loan Data | German Time-based split; stratified | AUC-ROC, KS
Credit [60] for German Credit statistic, fairness

measures

Financial Daily equity index prices | None Rolling window by trading | MAE, RMSE,

forecasting plus news corpus year [61] directional accuracy

Transaction Synthetic transaction None Chronological stream with | Detection rate, latency,

security stream injected attacks [62] robustness

The table shows that each task uses a split
strategy suited to its data type. Time-based splits are used
wherever dates exist, because financial data is ordered
and random splits create leakage. Rolling windows are
used for forecasting because market behaviour changes
across years, and a fixed split would hide this variation.
The synthetic stream is included only for transaction

security, since no public dataset provides labelled real-
time attack patterns under controlled conditions. The
evaluation focus column shows that each task is judged
by measures that reflect its real-world cost. False positive
rate is included for fraud because false alerts cause direct
customer harm.

1.0

Precision-Recall Curve for Mode Imputation Dataset

0.8

Precision
o
(=]

o
S

02

0.0
0.0 0.2 0.4

Recall

GBDT (AUC = 0.97)
KNN (AUC = 0.93)
SVM (AUC = 0.96)
ANN (AUC = 0.99)
CNN (AUC = 0.98)
LSTM (AUC = 0.99)

0.6 0.8 1.0

Figure 12: Missing-data characteristics of the IEEE-CIS Fraud Detection dataset, illustrating the preprocessing
challenges associated with high-dimensional and imbalanced financial transaction data. Reproduced from [79]

The IEEE-CIS Fraud Detection dataset presents
practical challenges for experimental evaluation,
including missing feature values, a high-dimensional
feature space, and a low proportion of fraudulent
transactions. These characteristics make preprocessing
decisions and evaluation protocols important when
comparing fraud detection models. The figure provides
published context for the data-quality challenges
associated with the benchmark; it does not represent the
performance of the proposed XNSTL framework.

5.2 Baseline Models

Five baseline models were used for comparison.
The first is gradient boosting, which remains a strong
baseline for tabular financial data and is widely used in
industry [63]. The second is a standalone deep learning
model without symbolic reasoning, to isolate the
contribution of the symbolic layer. The third is a
standalone language model used for prediction without
symbolic constraints, to test whether language model
capability alone is sufficient. The fourth is a task-specific
neuro-symbolic model drawn from the literature, to
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compare the unified framework against a specialised
design. The fifth is a rule-only system, to establish the
lower bound of performance without learning. Baselines
were chosen on three criteria. First, each baseline must
be reproducible with public code or a documented
configuration. Second, each baseline must represent a
distinct design philosophy, so that the comparison covers
the main alternatives rather than variations of one
approach. Third, each baseline must have been used in at
least one published financial study, so that the
comparison is meaningful to readers. These criteria

follow standard practice in comparative evaluation of Al
systems [64]. All baselines were trained and tested on the
same data splits as the proposed framework.
Hyperparameters for the baselines were taken from their
original papers where available, and tuned on the
validation set where not. This ensures that the
comparison reflects design differences rather than
differences in tuning effort. Each baseline was run three
times with different seeds, and the mean result is
reported.

Table 7: Baseline Models and Justification

Baseline Category

Purpose in Comparison

Justification

Gradient boosting
learning

Classical machine | Industry-standard reference point | Strong on tabular data and widely

deployed [63]

Deep learning without
symbolic layer

Neural only

Isolates the contribution of
symbolic reasoning

Shows whether rules add value
beyond learning alone

Standalone language LLM only Tests whether language Common current industry trend
model capability alone is sufficient in financial Al

Task-specific neuro- Hybrid, single Compares unified framework Represents the current state of the
symbolic model task against a specialist art

Rule-only system Symbolic only

Establishes the lower bound
without learning

Shows the cost of removing
neural learning [64]

The table shows that the baselines cover the
main design alternatives in financial Al. Gradient
boosting represents established practice. The deep
learning baseline shows what is lost when rules are
removed. The standalone language model tests a
currently popular approach and shows its limits in a
regulated setting. The task-specific neuro-symbolic
model is the most important comparison, because it
represents the strongest existing alternative to the
proposed unified design. The rule-only baseline sets the
floor, which helps readers judge how much of the final
performance comes from learning rather than from rules.

5.3 Implementation Details

The neural encoders were implemented in a
standard deep learning framework. The transformer
encoder used six layers with eight attention heads. The
graph attention network used two layers with residual
connections. The temporal convolutional encoder used
four dilated layers. These settings were chosen after a
small sweep on the validation set and then fixed before
test evaluation to avoid tuning on test data [65]. The
language model component was based on an open-
weight model fine-tuned on financial text. Fine-tuning
used instruction-style examples covering transaction
memos, complaint handling, and regulatory text. The
model was not trained from scratch, because domain
fine-tuning on a pre-trained base gives better results with
limited data. Retrieval grounding used a local document
index built from regulatory filings and internal policy
documents. The index was rebuilt for each experimental
run so that retrieval results stayed consistent with the rule
base version. The symbolic rule base was implemented
as a forward-chaining rule engine. Rules were stored in
a versioned repository, with each rule carrying an

identifier, a version number, a hard or soft flag, and a
source citation. The rule set contained 214 rules in total:
78 regulatory rules, 91 policy rules, and 45 pattern rules.
Rules were checked by two reviewers before use, and
any conflict between rules was resolved by a priority
ordering that placed regulatory rules above policy rules
and policy rules above pattern rules.

The fusion module was trained with the
combined loss described in Section 4. The three loss
weights were selected by a grid search on the validation
set, with the final weights fixed before test evaluation.
Training used early stopping with a patience of five
epochs. All random seeds were fixed, and each
experiment was run three times on the same hardware.
The hardware consisted of a single workstation with one
GPU and 64 GB of memory. Two practical choices were
made to support reproducibility. First, the complete rule
base and all configuration files were archived with
version numbers. Second, the code used to compute each
performance measure was released alongside the results
so that readers can verify the calculations. These choices
follow recent guidance on reproducibility in machine
learning research [66].

5.4 Performance Measures

Performance was measured using task-specific
metrics plus two cross-cutting metrics. For fraud
detection, precision, recall, F1 score, and false positive
rate were reported. False positive rate received special
attention because a false alert blocks a genuine customer
and creates direct harm. For credit risk, AUC-ROC and
the Kolmogorov-Smirnov statistic were reported, along
with two fairness measures: disparate impact ratio and
equal opportunity difference. These fairness measures
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were chosen because they are widely used in regulatory
reviews of credit models [67]. For financial forecasting,
mean absolute error, root mean square error, and
directional accuracy were reported. Directional accuracy
was included because a forecast that gets the direction
right but the magnitude wrong is often more useful in
trading than the reverse. For transaction security,
detection rate and average decision latency in
milliseconds were reported. Latency was measured from
request arrival to decision output, including all four
modules, because real-time payment systems require
end-to-end timing rather than per-module timing [68].
The two cross-cutting measures were explanation
faithfulness and rule satisfaction rate. Explanation
faithfulness was tested by removing each stated reason
from the input and checking whether the decision
changed. A faithful explanation should produce a
measurable change when its stated cause is removed.
Rule satisfaction rate measured the percentage of
decisions that complied with all hard constraints. This
measure matters because a model that violates hard rules
cannot be deployed in a regulated setting, regardless of
its accuracy. Both cross-cutting measures were
computed on the same test sets as the task-specific
measures so that all results are directly comparable [69].

6. RESULTS

This section reports the results of the
experiments described in Section 5. Results are presented
for each of the four tasks: fraud detection, credit risk
assessment, financial forecasting, and transaction
security with explainability. Each subsection reports the
main performance figures, compares the proposed
framework with the baselines, and explains what the
numbers mean in practical terms. All figures are the
mean of three runs with different random seeds. Standard
deviations were small in all cases and are reported where
they affect interpretation. Table 8 presents the fraud
detection and credit risk results, and Table 9 presents the

forecasting, transaction security, and explainability
results.

6.1 Fraud Detection Results

The proposed framework achieved an F1 score
0f 0.79 on the IEEE-CIS fraud benchmark. Precision was
0.81 and recall was 0.77. The false positive rate was 0.9
percent. These figures are higher than the gradient
boosting baseline, which reached an F1 score of 0.71,
and higher than the deep learning baseline without
symbolic reasoning, which reached 0.74 [70]. The
improvement over the deep learning baseline is the most
important comparison, because it isolates the
contribution of the symbolic layer. An F1 gain of five
points from adding symbolic reasoning is consistent with
earlier hybrid fraud studies, which report similar gains
when rule knowledge is combined with learned patterns
[71]. The gain came mainly from two sources. First, the
symbolic layer caught cases where a known fraud pattern
was present but the neural model gave a low score. Card
testing is a clear example. A card testing sequence
produces many small transactions across different
merchants in a short time. The neural model sometimes
treated these as normal because each transaction was
small. The rule layer flagged the sequence as a pattern
violation, and the fusion module raised the final risk
score. Second, the false positive rate fell because soft
rules suppressed alerts on cases that matched a known
legitimate pattern, such as a customer travelling abroad
and making purchases in a new country. The framework
also reduced false positives on high-value transactions.
These transactions often trigger alerts in purely neural
systems because their amounts are unusual. The
symbolic layer checked whether the transaction matched
the customer's known salary cycle and merchant history,
and if it did, the alert was downgraded. This behaviour is
important in banking, because false alerts on high-value
customers cause direct customer harm and can lead to
account closure requests [72].

Table 8: Fraud Detection and Credit Risk Results

Task Model Precision | Recall F1/AUC |False Fairness Gap
Positive Rate

Fraud detection | Gradient boosting 0.74 0.68 F1=0.71 1.6% Not applicable

Fraud detection | Deep learning, no symbolic layer |0.77 0.71 F1=0.74 1.3% Not applicable

Fraud detection | Standalone language model 0.69 0.63 F1=0.66 [2.1% Not applicable

Fraud detection | Task-specific neuro-symbolic 0.79 0.74 F1=0.76 1.1% Not applicable

Fraud detection | Proposed XNSTL 0.81 0.77 F1=0.79 [0.9% Not applicable

Credit risk Gradient boosting Not Not AUC=0.76 |Not 0.09
applicable |applicable applicable

Credit risk Deep learning, no symbolic layer |Not Not AUC=0.78 |Not 0.11
applicable |applicable applicable

Credit risk Standalone language model Not Not AUC=0.73 |Not 0.14
applicable |applicable applicable

Credit risk Task-specific neuro-symbolic Not Not AUC=0.80 [Not 0.06
applicable |applicable applicable

Credit risk Proposed XNSTL Not Not AUC =0.82 | Not 0.04
applicable |applicable applicable
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The table reports fraud and credit results side by
side because both tasks use the same fusion mechanism.
For fraud, the proposed framework gives the best
precision, recall, F1 score, and the lowest false positive
rate. The standalone language model performs worst,
which shows that language capability alone is not
sufficient for structured fraud detection. For credit, the
proposed framework gives the highest AUC and the
smallest fairness gap. The fairness gap is measured as the

difference between group-level true positive rates. A
smaller gap means the model treats customer groups
more evenly. The deep learning baseline has a higher
AUC than gradient boosting but a larger fairness gap,
which shows that accuracy and fairness do not always
move together. The symbolic fairness constraints in the
proposed framework reduce this gap without lowering
AUC.
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Figure 13: Published precision—recall curves for fraud detection under extreme class imbalance, illustrating the
use of precision—recall analysis to compare classifiers on imbalanced transaction datasets. Reproduced from [7]

Precision—recall ~curves are particularly
informative for fraud detection because fraudulent
transactions represent a minority class. They show the
trade-off between precision and recall across different
decision thresholds and complement threshold-specific
measures such as F1 score and false positive rate. The
published curves provide a methodological reference for
evaluating fraud classifiers; they do not represent the
experimental performance of the proposed XNSTL
framework.

6.2 Credit Risk Assessment Results

The proposed framework achieved an AUC-
ROC of 0.82 on the LendingClub benchmark. The
Kolmogorov-Smirnov statistic was 0.41. On the German
Credit dataset, the framework achieved an AUC of 0.87,
which is within the range reported by earlier neuro-
symbolic credit studies [73]. These results are higher
than the gradient boosting baseline and the deep learning
baseline on both datasets. The improvement over the
deep learning baseline was smaller for credit than for
fraud. This is expected, because credit data is more
structured and contains fewer hidden patterns that rules
can capture. The main gain in credit came from fairness

and compliance rather than from raw accuracy. The
fairness results are more important than the accuracy
results for this task. The disparate impact ratio for the
proposed framework was 0.91, compared with 0.84 for
gradient boosting and 0.81 for the deep learning baseline.
A ratio closer to 1.0 means more equal outcomes across
groups. The equal opportunity difference was 0.04 for
the proposed framework, compared with 0.09 for
gradient boosting and 0.11 for the deep learning baseline.
These improvements come from the symbolic fairness
constraints, which check whether changing a protected
attribute along the reasoning path would change the
decision. When such a change would alter the outcome,
the decision is escalated for review rather than issued
automatically [74]. The rule satisfaction rate for credit
decisions was 99.2 percent. This means that almost all
decisions complied with all hard constraints, such as
debt-to-income thresholds and minimum employment
duration. The deep learning baseline had a rule
satisfaction rate of 94.6 percent, which means that more
than five percent of its decisions would have violated a
hard policy rule if issued without review. This difference
matters in practice, because a single policy violation can
trigger a regulatory finding. The rule-only baseline
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achieved 100 percent rule satisfaction but a much lower
AUC of 0.69, which shows the cost of removing learning
entirely [75].
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Figure 14: Relationship between the credit-decision threshold and disparate-impact ratio, illustrating how
fairness assessments can vary with the operating threshold. Reproduced from [9]

Credit-risk  model  evaluation  requires
consideration of both predictive discrimination and
group fairness. Fairness metrics such as disparate impact
can change with the decision threshold, meaning that a
model’s fairness profile cannot be interpreted
independently of its operating point. This published
figure provides context for threshold-sensitive fairness
assessment and supports the need to report fairness
measures alongside AUC-ROC. Its values belong to the
original study and should not be interpreted as results for
XNSTL.

6.3 Financial Forecasting Results
The proposed framework achieved a mean
absolute error of 0.87 percent on the one-day-ahead

forecast and 2.14 percent on the five-day-ahead forecast.
Directional accuracy was 61.3 percent for one-day-ahead
and 57.8 percent for five-day-ahead. The gradient
boosting baseline achieved a mean absolute error of 1.02
percent and directional accuracy of 56.4 percent on one-
day-ahead. The deep learning baseline performed
slightly better than gradient boosting on error but worse
on directional accuracy. These results show that
symbolic grounding improves directional accuracy more
than it improves magnitude accuracy, which is consistent
with earlier work on causal event graphs for forecasting
[76].

The improvement in directional accuracy came
from two sources. First, the rule layer suppressed
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forecasts that contradicted known market relationships,
such as a forecast of rising prices during a period of
sharply rising volatility. Second, the language model
module supplied news context that the numerical
encoders could not see. For example, when a regulatory
announcement affected a sector, the language model
flagged the event, and the symbolic layer adjusted the
forecast accordingly. This combination of numerical and
textual evidence is difficult to achieve in a purely
numerical model. Robustness across market regimes was
also tested. The rolling window scheme covered both
calm and volatile periods. The proposed framework
showed smaller performance degradation during volatile
periods than the baselines. The average increase in mean
absolute error between calm and volatile windows was
0.31 percentage points for the proposed framework,
compared with 0.58 for gradient boosting and 0.49 for
the deep learning baseline. This suggests that symbolic
constraints help prevent the model from overfitting to
calm-period patterns, which is a known weakness of
purely data-driven forecasters [77].

6.4 Transaction Security and Explainability Results
The proposed framework achieved a detection
rate of 96.4 percent on the synthetic transaction stream
across all three attack types. Average decision latency
was 84 milliseconds end to end, including all four
modules. The latency requirement for real-time payment
systems is typically under 200 milliseconds, so the
framework operates within the practical limit [78]. The
deep learning baseline achieved a similar detection rate
of 95.1 percent but a much lower latency of 31
milliseconds. The additional latency in the proposed
framework comes from the symbolic reasoning step and
the audit record write. This trade-off is acceptable

because the framework provides explanations and audit
records that the baseline does not provide. Detection
rates varied by attack type. Card testing was detected at
98.2 percent, account takeover at 95.7 percent, and rapid
transfer fraud at 95.3 percent. Card testing was easiest to
detect because it produces a clear pattern that the
symbolic rules capture directly. Rapid transfer fraud was
hardest because the individual transactions look normal
and only the sequence reveals the pattern. The rule layer
handled this by tracking sequence-level facts rather than
single transactions. This shows the value of maintaining
symbolic state across events, which purely transaction-
level models do not do [79]. The explainability results
are reported in the lower part of Table 9. Explanation
faithfulness was 0.89 for the proposed framework. This
means that removing a stated reason changed the
decision in 89 percent of tested cases. The task-specific
neuro-symbolic baseline achieved 0.71, and the deep
learning Dbaseline achieved 0.58 when post-hoc
explanation methods were applied. The gain comes from
generating explanations from the reasoning trace rather
than from input feature importance. The rule satisfaction
rate for transaction security was 99.6 percent, which
shows that almost all decisions complied with hard
constraints. A small human evaluation was also
conducted with twelve banking analysts. Each analyst
reviewed twenty decisions with explanations. Analysts
rated the proposed framework's explanations as clearer
than the post-hoc explanations from the deep learning
baseline in 78 percent of cases. They also reported that
the counterfactual statements were more useful for
customer communication than feature importance
scores. This result is qualitative but important, because
explanations in banking are read by staff who must act
on them, not only by technical reviewers [80].

Table 9: Forecasting, Transaction Security, and Explainability Results

Measure Baseline Proposed Interpretation

Range XNSTL
Forecasting MAE, one-day (%) 0.98 —1.02 0.87 Lower error than all baselines
Forecasting directional accuracy, one- | 54.1 —56.4 61.3 Clear gain in direction prediction
day (%)
Regime-shift error increase 0.49 - 0.58 0.31 Better stability during volatile periods
(percentage points)
Transaction detection rate (%) 95.1 -96.0 96.4 Slight gain over best baseline
End-to-end latency (ms) 31-58 84 Higher, but within 200 ms limit
Explanation faithfulness 0.58-0.71 0.89 Large gain from trace-based generation
Rule satisfaction rate (%) 94.6 —99.1 99.6 Near-complete compliance
Analyst preference for clarity (%) 22 -41 78 Strong preference for trace-based

explanations

The table groups forecasting, security, and
explainability results because these three areas share a
common theme: the value of grounding. In forecasting,
grounding in rules and news text improves directional
accuracy and stability across regimes. In transaction
security, grounding allows sequence-level detection and
produces audit records. In explainability, grounding in
the reasoning trace produces faithful explanations that

analysts prefer. The latency result is the only measure
where the proposed framework is worse than the
baselines. This trade-off is acceptable because the
additional time buys explanation and audit capability,
which are required in regulated banking. The analyst
preference result shows that the practical value of the
framework extends beyond numerical metrics.

| © 2026 Scholars Journal of Engineering and Technology | Published by SAS Publishers, India |

675 |




Razzaq, A. B. et al, Sch J Eng Tech, Nov, 2026; 14(11), 654-686

Status = L1

Savings = L5

Duration <= 12

Feature

CreditHistory = L5

Property = L1

-0.1

LIME Explanation for Decision Tree (Test Sample 1)

Label: Good
Probability: 0.67
Explanation Fit: 0.24

- Supports
- Contradicts

.0

Figure 15: Example of a local explanation for a suspicious banking transaction, illustrating how feature-level
contributions can support the interpretation of an individual model prediction. Reproduced from [37]

Local explanation methods provide case-
specific information about the factors contributing to a
model’s prediction. In banking, this information can help
analysts understand why a transaction was flagged and
determine whether further investigation is warranted.
However, feature-attribution explanations are not
equivalent to explanations generated directly from a
symbolic reasoning trace, and their faithfulness must be
assessed separately. The published example therefore
provides a comparative reference for interpreting
individual fraud decisions rather than evidence of the
proposed XNSTL framework’s explanation-faithfulness
score.

7. DISCUSSION

This section discusses the results reported in
Section 6 and places them in a wider context. It compares
the proposed framework with existing approaches,
explains what the results mean for banking practice,
examines regulatory and compliance aspects, and states
the limitations of the study. The discussion is written in
plain terms so that both technical and non-technical
readers can follow the main points.

7.1 Comparison with Existing Approaches

The proposed framework differs from existing
approaches in three main ways. The first difference is
scope. Most earlier studies apply neuro-symbolic
methods to a single task, such as fraud detection, credit
scoring, or forecasting [81-85]. These task-specific
models report strong results within their own domain, but
they do not share rules, representations, or reasoning
traces with other tasks. The proposed framework serves

four tasks within one pipeline and shares the symbolic
rule base across them. This shared base allows
information from one task to inform another. A fraud
signal can raise the risk level of a credit application, and
a forecast shift can adjust transaction risk thresholds [86,
87]. Earlier task-specific models cannot do this, because
each model operates on its own data and its own rules.
The second difference is the role of the symbolic layer.
In many hybrid systems, rules are applied after the neural
model has produced a decision. The rule layer then acts
as a filter that either accepts or blocks the output [88-91].
In the proposed framework, rules and neural learning run
on the same input and are combined by a learned
arbitration function. This allows the symbolic layer to
shape the decision rather than only to veto it. The results
support this design. The F1 gain in fraud detection over
the deep learning baseline was larger than the gain
reported in filter-style hybrid studies, which suggests that
early integration adds value beyond post-hoc filtering
[92, 93]. The third difference is the treatment of
explainability. In most existing systems, explanations are
generated after the decision using methods such as
feature importance, attention weights, or surrogate
models [94-97]. These methods describe which inputs
were important, but they do not show which rules were
applied or why the outcome followed. The proposed
framework generates explanations from the reasoning
trace, so every stated reason is tied to a rule application
or a factual input. The faithfulness score of 0.89 reflects
this design. Earlier post-hoc methods typically score
below 0.70 on the same test, because removing a stated
reason often does not change the decision [98,99]. The
framework also compares well on compliance. The rule
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satisfaction rate of 99.6 percent for transaction security
and 99.2 percent for credit is higher than any baseline.
The deep learning baseline violated hard rules in more
than five percent of credit decisions. In a regulated
setting, this failure rate would not be acceptable, because
a single violation can trigger a regulatory finding
[100,101]. The rule-only baseline achieved perfect
compliance but much lower accuracy, which shows that
compliance and accuracy must be balanced rather than
treated as alternatives [102]. The comparison also reveals

a gap in the literature that the proposed framework
addresses. Earlier reviews of neuro-symbolic finance
systems note that most studies evaluate on a single
dataset with a single metric, which makes cross-study
comparison difficult [103-105]. The present study
reports results across four tasks with a shared evaluation
protocol, which allows readers to judge the framework
as a whole rather than as a collection of separate models.
This is a methodological contribution as well as a
technical one.
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Figure 16: Dual-layer neuro-symbolic architecture combining neural interpretation with symbolic constraint
verification for financial transaction execution. Reproduced from [32]

Neuro-symbolic financial systems can combine
the flexibility of neural language processing with explicit
symbolic verification of business constraints. In the
published VA-NSF architecture, a neural component
interprets financial instructions, while a symbolic
verifier checks whether the resulting representation
satisfies encoded constraints. This design illustrates how
rule enforcement can be integrated into a financial
decision workflow. Although the architecture provides a
useful comparison with the proposed XNSTL

framework, its specific implementation and evaluation
results are distinct from those of XNSTL.

7.2 Practical Implications for Banking Systems

The results have several practical implications.
The first is that banks can reduce false alerts without
losing detection power. False alerts are a major
operational cost in fraud teams. Each alert requires
analyst time, and each incorrect alert on a genuine
customer causes friction and can lead to account closure
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requests [106, 107]. The proposed framework reduced
the false positive rate from 1.3 percent to 0.9 percent
while also improving recall. In a bank that processes
millions of transactions per day, this difference translates
into thousands of fewer unnecessary customer contacts
each day [108]. The second implication is that
explanations can be produced at the point of decision
rather than afterwards. In current practice, explanations
are often generated by a separate team after a customer
complaint or a regulatory query. This process is slow and
expensive [109]. The proposed framework produces an
explanation with every decision, so staff can respond to
queries immediately. The human evaluation supports
this. Analysts preferred the framework's explanations in
78 percent of cases and found the counterfactual
statements more useful for customer communication
than feature importance scores [110, 111].

The third implication is that audit records can
be built into the decision process rather than added later.
The append-only log with hashed records means that a
decision cannot be issued without a corresponding
record. This removes a common weakness in post-hoc
logging, where records are written by a separate process
and can be incomplete or out of order [112, 113]. For
banks preparing for regulatory review, this design
reduces the effort needed to reconstruct decision
histories. The fourth implication is cost. The framework
adds latency compared with a purely neural model.
Average decision latency was 84 milliseconds, compared

with 31 milliseconds for the deep learning baseline. In
most payment systems this is acceptable, because the
limit is typically under 200 milliseconds [114,115].
However, in high-frequency trading or ultra-low-latency
payment rails, the additional time may not be acceptable.
Banks should therefore apply the framework selectively,
using it for decisions that require explanation and audit,
and using faster models for decisions that do not [116].

The fifth implication is deployment. The
modular design matters because banks rarely replace
entire systems at once. The four modules can be
deployed in stages. A bank could start with the symbolic
rule layer and the audit layer, keep its existing neural
model, and add the fusion and explainability layers later
[117, 118]. This staged path reduces risk and allows
teams to learn the system gradually. Earlier monolithic
hybrid designs do not offer this option, because their
components are tightly coupled [119]. The sixth
implication concerns staff workload. Explanations that
are clear and grounded reduce the time analysts spend
investigating alerts. Earlier studies report that unclear
explanations increase review time and reduce analyst
trust in the system [120, 121]. The proposed framework
addresses this by linking each explanation to a specific
rule application, which gives analysts a clear starting
point for review. This effect was observed informally
during the human evaluation but should be measured
formally in a field trial.
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In banking applications, explainability is most
useful when it is connected to the operational processes
that follow a model prediction. Integrating explanation
methods with human review and governance
mechanisms can support the investigation of suspicious
transactions, documentation of decisions, and regulatory
scrutiny. The published architecture illustrates this
broader operational perspective. XNSTL adopts a related

principle by linking explanations to symbolic reasoning
and audit records, although the two architectures should
not be regarded as identical implementations.

7.3 Regulatory and Compliance Aspects

Regulatory requirements were a main
motivation for this study, and the results have direct
regulatory relevance. The first point concerns
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explainability. Many jurisdictions now require that
customers receive a meaningful explanation for
automated decisions that affect them. A feature
importance score is often not considered meaningful,
because it does not state a reason in plain terms [122,
123]. The counterfactual statements produced by the
framework, such as a change in a specific ratio would
have changed the outcome, are closer to what regulators
expect [124].

The second point concerns fairness. The
fairness gap for credit decisions was 0.04 for the
proposed framework, compared with 0.11 for the deep
learning baseline. This improvement came from testing
whether changing a protected attribute along the
reasoning path would change the decision. When such a
change would alter the outcome, the decision is escalated
rather than issued [125,126]. This approach goes beyond
post-hoc fairness auditing, because the check is applied
before the decision is released rather than after [127].
The third point concerns auditability. Regulators
increasingly ask banks to show not only what decision
was made but also which rules and data were used. The
audit record in the proposed framework contains rule
versions, the reasoning trace, and a timestamp. Because
rules are versioned, a regulator can re-check a historical
decision against the rule set that was active at that time
[128]. This is difficult with purely neural models, where
the model weights may have changed and the original
behaviour cannot be reproduced. The fourth point
concerns human oversight. The framework includes a
low-confidence path that routes unclear cases to human
review. This aligns with regulatory guidance that
automated systems should not make final decisions in
cases where confidence is low or where rules do not
apply. The framework does not remove human
judgement; it focuses human attention on the cases that
most need it [129]. One limitation should be noted.
Regulatory rules differ across jurisdictions, and the rule
base in this study was built from a general set of
published requirements. A real deployment would need
a jurisdiction-specific rule base, reviewed by local legal
teams. The framework supports this through rule
versioning, but the work of building and maintaining
local rule sets remains substantial [130].

7.4 Limitations of the Study

This study has several limitations that should be
stated clearly. The first limitation concerns data. Three
of the four tasks used public datasets, which are cleaner
and more stable than live banking data. Live data
contains drift, missing fields, and unexpected events that
public benchmarks do not capture. The transaction
security task used a synthetic stream, which allowed
controlled testing but does not reflect the full variety of
real attacks. Results on live data may therefore differ
from those reported here [96, 97].

The second limitation concerns the rule base.
The rule set contained 214 rules, which is small
compared with the rule sets used in large banks. Building
and maintaining a larger rule base is a significant effort,
and rule conflicts become more likely as the base grows.
The framework includes conflict resolution through
priority ordering, but this mechanism was tested only at
the current scale. Larger rule bases may require more
sophisticated conflict handling [98, 99].

The third limitation concerns the language
model component. The model was fine-tuned on
financial text, and hallucination was controlled through
retrieval grounding and output checking. However, no
method eliminates hallucination entirely. In a small
number of cases, the output checker removed claims that
could not be traced, which reduced the completeness of
the explanation. This trade-off favours safety over
completeness, but it means some explanations are shorter
than they could be [100, 101].

The fourth limitation concerns evaluation
scope. The study measured accuracy, fairness,
faithfulness, and latency, but it did not measure long-
term effects such as customer trust, analyst workload
over time, or the cost of maintaining the rule base. These
factors matter for real deployment and should be studied
in field trials. The human evaluation was small, with
twelve analysts and twenty decisions each, so the results
should be treated as indicative rather than conclusive
[102, 103].

The fifth limitation concerns adversarial
robustness. The study tested detection of known attack
types but did not test adversarial attacks designed to fool
the framework itself. An attacker who knows the rule
base could try to craft transactions that satisfy all rules
while still being fraudulent. The symbolic layer provides
some protection, but it is not a complete defence.
Adversarial testing is an important direction for future
work [104, 105].

The sixth limitation concerns generalisation
across jurisdictions and institution sizes. The framework
was designed with large banks in mind, where rule bases
and audit teams already exist. Smaller institutions may
lack the resources to build and maintain a rule base. A
shared or industry-level rule base could address this, but
such an arrangement raises questions about liability and
data sharing that go beyond the technical scope of this
study [106,107]. Despite these limitations, the results
provide strong evidence that a unified neuro-symbolic
framework can deliver accurate, explainable, compliant,
and auditable decisions across multiple banking tasks.
The limitations point to clear directions for future work,
which are outlined in the next section.

| © 2026 Scholars Journal of Engineering and Technology | Published by SAS Publishers, India | 679 |




Razzaq, A. B. et al, Sch J Eng Tech, Nov, 2026; 14(11), 654-686

Fairness
and Non-

Discrimination

Trust-
worthiness

Accountability

Security

Figure 18: CREST framework illustrating consistency, reliability, user-level explainability, and safety as
complementary requirements for trustworthy neuro-symbolic AI. Reproduced from [100]

Trustworthy neuro-symbolic Al requires more
than predictive performance. Consistency, reliability,
user-level explainability, and safety are complementary
properties that must be considered when evaluating
systems intended for consequential decisions. The
CREST framework provides a conceptual basis for
examining these requirements and highlights why
incorporating symbolic knowledge does not eliminate
the need for rigorous validation. In banking, the same
principles motivate additional testing of rule-base
coverage, explanation faithfulness, adversarial
robustness, and behaviour across institutions and
jurisdictions. The source framework was developed in a
different application domain and should therefore be
interpreted as a general trustworthiness reference rather
than a banking-specific validation.

8. CONCLUSION AND FUTURE WORK
This paper set out to address a practical problem
in banking and FinTech: current Al systems are accurate
but opaque, and opaque systems cannot meet modern
regulatory and customer expectations. The proposed
Explainable Neuro-Symbolic Trust Layer was designed
to close this gap by combining neural learning with
symbolic reasoning across four connected banking tasks.
The study tested the framework on fraud detection, credit
risk assessment, financial forecasting, and transaction
security using public benchmarks, a synthetic transaction
stream, and a small human evaluation. The results
provide clear evidence that the approach works in
practice and that the combination of rules and learning
delivers benefits that neither approach can deliver alone.

The Main Findings of the Study Can Be Summarised
as Seven Key Takeaways

First, the framework improved fraud detection
performance without increasing false alerts. The F1 score
rose to 0.79 compared with 0.74 for a deep learning

baseline, and the false positive rate fell from 1.3 percent
to 0.9 percent. This combination matters because false
alerts are a major operational cost and a source of
customer harm in banking.

Second, credit decisions became fairer without
losing accuracy. The fairness gap fell to 0.04 compared
with 0.11 for the deep learning baseline, and the rule
satisfaction rate reached 99.2 percent. A model that
violates hard policy rules cannot be deployed in a
regulated setting, so this result is as important as the
accuracy gain.

Third, forecast reliability improved during
difficult market conditions. Directional accuracy rose to
61.3 percent, and the error increase between calm and
volatile market windows was smaller than for all
baselines. This suggests that symbolic constraints help
prevent overfitting to calm-period patterns.

Fourth, transaction security achieved a
detection rate of 96.4 percent with end-to-end latency of
84 milliseconds. This is within the practical limit for real-
time payment systems, which shows that full neuro-
symbolic reasoning can operate at production speed.

Fifth, explanations became far more faithful.
The faithfulness score rose to 0.89 compared with 0.58
to 0.71 for post-hoc methods, and banking analysts
preferred the framework's explanations in 78 percent of
cases. Faithful explanations are essential because staff
must act on them when speaking to customers and
regulators.

Sixth, audit records were built into the decision
process rather than added afterwards. Because rules are
versioned and records are hashed, historical decisions
can be re-checked against the rule set that was active at
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the time. This directly supports regulatory review and
model risk management.

Seventh, the modular design allows staged
deployment in real banking environments. Banks can
adopt the symbolic and audit layers first, keep their
existing models, and add fusion and explainability later.
This practical feature lowers the risk of adoption and
makes the framework usable beyond research settings.

The study also contributes to the field in several
ways. It provides a unified framework that serves four
banking tasks within one pipeline, rather than treating
each task as a separate problem. It shows how rules and
neural learning can be combined early in the pipeline
rather than applied as a post-hoc filter. It demonstrates
that explanations generated from a reasoning trace are
more faithful than post-hoc explanations. It links audit
records to the reasoning path so that regulators can verify
how a decision was made. Finally, it defines an
evaluation protocol that covers accuracy, fairness,
faithfulness, latency, and rule satisfaction together,
which allows readers to judge the framework as a whole
rather than by a single metric. Several directions for
future work follow from the limitations of this study.
Field trials with live banking data are needed to measure
long-term effects such as customer trust, analyst
workload, and rule base maintenance cost. Larger rule
bases should be tested to study conflict handling at scale.
Adversarial testing should examine whether attackers
can craft inputs that satisfy all rules while still being
fraudulent. Jurisdiction-specific rule bases should be
developed and validated with local legal teams. Smaller
institutions need shared or industry-level rule bases,
which raises questions about liability and data sharing
that deserve separate study. Federated learning could
allow multiple banks to improve the neural component
without sharing customer data. Finally, the framework
should be extended to adjacent domains such as
insurance claims and wealth management, where similar
transparency and compliance needs exist.

In conclusion, the results show that secure,
explainable, and intelligent banking systems are
achievable when rules and learning work together rather
than separately. The proposed framework does not
remove human judgement, but it focuses human attention
on the cases that most need it and provides the evidence
that regulators and customers now expect. These findings
offer a practical foundation for building trustworthy
financial Al systems that meet both technical and
regulatory standards.
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