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Abstract— Integrating artificial intelligence (Al) and
analytics into enterprise resource planning (ERP)
systems empowers financial services firms with
enhanced decision-making capabilities. This research
proposes a cognitive ERP framework that merges Al,
big data, and environmental, social, and governance
(ESG) criteria to support actuarial analysis and
promote sustainable investment strategies. The
proposed system addresses real-time needs in two key
areas: forecasting insurance reserves and managing
ESG-aligned investment portfolios. By embedding
ESG performance tracking into the ERP core, the
framework enables decision-makers to align financial
performance with sustainability objectives.

The study is driven by two key factors: regulatory
compliance requirements under IFRS 17 and Solvency
Il, and the growing necessity to integrate ESG
elements into financial decision-making.
Methodologically, the research combines ERP design
analysis with infrastructure development for Al in
finance and ESG practice. A case-based validation
approach demonstrates how ESG analytics modules
and Al-powered anomaly detection can work within
ERP systems that meet regulatory standards.

The framework delivers three main contributions: a
modular ERP structure connecting actuarial methods
to ESG investment analytics, Al-driven anomaly
detection for financial irregularities, and built-in
compliance with financial regulations. Results
highlight improved forecasting accuracy, reduced
manual regulatory reporting, and a standardized
approach for incorporating ESG criteria into
investment decisions. Overall, the integration of Al
and ESG within ERP infrastructure enhances decision
precision and operational efficiency in financial
services.

Keywords—Cognitive ERP Architecture, Actuarial

Decision Intelligence, ESG Integration, IFRS 17
Compliance, Al-Driven Risk Modeling

I INTRODUCTION

Enterprise Resource Planning (ERP) systems
function as a basic operational architecture by

combining finance systems with human resources
functions and inventory control into one integrated
system. ERP continues to be an essential system for
standardizing business processes as well as keeping
organizational records intact. The current systems
encounter various issues, such as poor change
accommodation along with delayed information
handling and weak linkages between business units
(Versa Cloud ERP, 2024). Organizations pursue
agile solutions because transforming legacy ERP
systems turns out to be extremely challenging for
quick adaptation to current market needs.

Cognitive ERP systems have developed ERP
technology at a new level. Cognitive ERPs contain
built-in Al and ML technologies that let them
perform smarter automations and deliver insights
into operating performance in real-time (Xorosoft,
2024). These modern systems learn and make
choices to help businesses adapt before challenges
or possibilities become issues. ERP systems become
better at their core business functions, plus they
create new ways to work when they use Al and ML
technology to process large amounts of data and
provide decision-making information.

The financial sector uses Al-integrated ERP systems
to develop better trading algorithms plus identify
fraud, and manage risks better. Financial
organizations use Al systems to process large
datasets and enhance their internal management
systems and client service operations (Snowflake,
2024). Al systems now produce advanced pricing
and underwriting decisions as well as recommend
better loss coverage duration for insurance
companies. The use of Al helps traditional financial
services companies make better predictions and run
their operations more efficiently because of its
cognitive technologies (KPMG Netherlands, 2024).

Standard ERP software has problems working with
ESG information because investors and risk
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managers need these measurements more than ever.
Many ESG measurements exist across multiple
platforms, making them hard to collect and examine
inside standard ERP systems (Iris Carbon, 2024).
Organizations cannot easily blend sustainability
factors into their strategic program because their
system components do not work well together.
Organizations need ERP systems that can connect
ESG data in one system to help leaders make better
business decisions.

We develop this research to improve ERP systems
by merging technology that understands data
patterns with ESG information to assist decision-
making about sustainable investments and insurance
management. Through a mixed research approach
that combines literature study, system development,
and case investigation, the investigation aims to
build a system design for instant ESG reports and
forecasts. The suggested plan aims to connect
financial efficiency and sustainability to create a
stronger reliable operating system.

1. EVOLUTION OF ERP SYSTEMS TO
COGNITIVE ARCHITECTURES

Company resource planning (ERP) systems have
developed significantly from starting as basic
transaction tools for office support work, then
evolving into smart systems that help leaders make
important  business choices. ERP began its
development in the 1960s as Material Requirements
Planning (MRP) technology and later extended in
the 1990s and 2000s to unite financial and human
resource management systems with inventory
tracking. The basic ERP system ensured shared
processes and data for enterprise-wide access but
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struggled to adjust across business areas and
generate up-to-date insights according to Davenport
(2018) and 1ERP (2023).

The integration of artificial intelligence with
machine learning during the past years has led to the
development of cognitive ERP systems. The next-
generation ERP platforms include features of
intelligent automation and predictive analytics, and
natural language interfaces that turn inactive data
repositories into active decision-making capabilities
(Haskey, 2024). Organizations can predict threats
and enhance operations while making swift market-
related decisions using cognitive ERPs that process
enormous data collections, which include structured
and unstructured information. By integrating Al into
ERP modules, the system identifies financial
transaction anomalies and provides
recommendations to fix them while also producing
predictive forecasts superior to human-made
actuarial methods.

The development of cognitive ERP architectures
follows enterprise demands by combining features
for agility, as well as sustainability and regulatory
compliance. Al agents serve as intermediary agents
between ERP systems and users, which allows users
to access insights effortlessly without manual query
requirements (Castro e Silva, 2025). The conceptual
change demonstrates an industry-wide pattern of
moving toward systems that collect business
activities while simultaneously learning from this
data to generate strategic recommendations.
Cognitive ERP represents a core organizational shift
rather than a mere advanced version of traditional
systems since it enables organizations to develop
adaptive functions in data-intensive and complex
systems.
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Figure 1: Timeline of ERP Evolution from Traditional to Cognitive Systems (adapted from Davenport, 2018).
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2.1 Role of Al, Machine Learning, and Big Data in
Financial Decision Support

Combined artificial intelligence ML and big data
tools now help financial organizations make better
decision-making choices effectively. Organizations
use this modern technology to analyze all their
information live, which results in better predictions
of future outcomes and safer decisions. By using Al
technology to analyze financial data, Al systems can
show patterns of unusual spending and forecast
market performance, which lets financial companies
make better strategy plans (Chong et al., 2020).
Using ML technology for credit risk assessment
shows better forecasting results, which helps
financial companies build better decision systems.

LSTM networks show excellent performance in
financial data series forecasting and early risk
detection when applied to the field by Li et al.
(2025). These models display a deeper
understanding of financial history through analysis
that human analysts struggle to achieve. Electronic
systems working together with financial tools and
data processing methods now help banks assess
financial risks and make better decisions (Smith &
Zhao, 2024).

Although  organizations benefit from these
technologies, they must handle three main
difficulties involving data privacy and model
interpretability, together with regulatory
compliance. The benefits of Al and big data in
financial risk assessment require maximum
effectiveness by developing explainable Al and
ethical Al frameworks (Adwani, 2025). Financial
institutions can achieve trust building with
responsible Al deployment while maintaining
regulatory standards through such action.

2.2 Actuarial Science Transformation through
Intelligent Systems

Using statistical methods and records has long been
standard practice in actuarial science to evaluate risk
and find good prices. The arrival of intelligent
systems brought us modern ways to measure risks.
Haberman and Renshaw investigated in 2019 how
digital systems help actuarial models work better by
processing large sets of updated information.
Actuaries obtain better insights and create better risk
plans because they can use updated data right away.
Intelligent  systems now support a total
transformation of actuarial work that connects it
better to modern technological capabilities.

Al and ML technologies now let actuaries analyze
information from various unorganized sources such
as social media data, digital sensors, and telematic
systems. The new technologies let actuaries check
risks at finer details and speed to develop better
premium plans. Deep learning systems help predict
mortality rates better than classic methods,
according to Richman and Withrich (2020).
Insurance companies use Al to detect fraud and
study user interactions, which enhances their
operational flow and decision-making power (Oliver
Wyman 2023).

Intelligent system integration into actuarial science
demands that professionals in the field develop new
skills for effective implementation. Modern
actuaries need to demonstrate expertise in both data
science and programming and machine learning
techniques to achieve maximum benefit from state-
of-the-art tools. The adaptation of educational
programs and professional development initiatives
combines traditional actuarial training methods with
modern technological competencies according to
Smith Hanley Associates (2024). The continuing
development of actuarial practice allows
professionals to stay superior in risk assessment and
management tactics for a data-centered modern
world.

2.3 ESG Frameworks and Integration Challenges in
Investment Platforms

ESG considerations have gained crucial importance
when investors make their decisions. The adoption
of ESG frameworks within current investment
platforms produces multiple obstacles during
integration. Sullivan and Mackenzie (2021) outline
the main issues involving data inconsistencies and
regulatory variation between jurisdictions, as well as
non-standardization problems. Assessing ESG
performance metrics becomes more difficult due to
these challenges, which leads to fewer opportunities
to effectively include ESG factors in investment
strategies. Standardized reporting systems, along
with better accessible and higher quality data, need
to be established to solve current integration
challenges.

Standardized ESG data collection procedures,
together with reporting standards, are necessary to
eliminate the ESG performance evaluation
discrepancies that affect investors' capabilities to
accurately understand company performance. The
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inconsistency becomes worse when combining the
voluntary disclosure nature of some ESG data with
the absence of standardized reporting standards that
cause data gaps and affect effective risk
management (EcoActiveTech, 2025). Multinational
corporations face difficulties in complying with
different ESG disclosure rules established by
various countries because these rules continue to
change (Certa, 2025).

Modern technological solutions gain increasing
attention because they help the collection of ESG
data through streamlined mechanisms while
improving data reliability and global regulatory
compliance. The analysis capabilities of Al increase
speed in processing big data, which produces
comprehensive insights about ESG effects, leading
to better decisions for investors (Manifest Climate,
2025). The Carbon Data Open Protocol (CDOP)
works to establish standardized carbon market data
that produces transparency alongside sufficient
interoperability within ESG reporting systems
(Reuters 2025). Invoking technologies together with
frameworks enables investment platforms to
integrate ESG considerations into their decision-
making while advancing sustainable and responsible
investment approaches.

2.4 Regulatory Compliance Frameworks: Solvency
Il, IFRS 17, and Their Computational Implications

Insurers and financial institutions operate under new
industry standards, Solvency Il and IFRS 17, which
impact their organizations in critical ways. Under
Solvency Il rules, the European Union financial
institutions need to build detailed risk models of
market, credit, operational, and underwriting risks to
find their Solvency Capital Requirement (SCR)
(EIOPA, 2020). IFRS 17 requires insurers to adopt a
single accounting method for insurance contracts,
which needs precise future cash flow predictions
and correct use of discount rates to improve public
financial documents (IASB, 2021). New regulations
help companies handle risks and strengthen banking
systems, while creating a heavy workload for
organizations to collect and process large datasets.

To satisfy these standards, institutions need to have
high-performance computers that can handle
multiple simulation runs at the same time. Cloud
computing systems, along with data platforms and
analytics tools, now act as essential compliance
management technologies (KPMG, 2022). Under

IFRS 17, the system that connects financial and
actuarial functions must process contractual service
margin data timely manner while allowing model
adjustments (Deloitte 2021). The absence of proper
systems makes it very hard to maintain how data is
traced and audited, as well as keep track of its
history during official reviews by regulators.

Regulatory requirements now combine more often
with the process of digital transformation in
businesses. Firms use advanced technology to
automate regulatory tasks while finding errors in
risk models and managing Solvency Il capital (PwC,
2023). These smart systems both decrease the tasks
needed for standard follow-up and help companies
see future results that link their regulatory work to
their business plans. These advanced regulations
encourage financial systems builders to innovate
new approaches that let them better manage
reporting standards.

I1l.  COGNITIVE ERP ARCHITECTURE FOR
ACTUARIAL AND INVESTMENT
INTELLIGENCE

A modern business system connects actuarial and
investment knowledge with new technology tools to
show reliable results while making decisions
instantly. The base of this system begins with event-
driven architecture (EDA), which detects business
events immediately as they evolve, including policy
actions, claim additions, and financial market
changes. EDA disconnects system parts while
letting components exchange data without waiting
for each other, which makes this architecture work
better under pressure and handles growing data
loads. The system enables separate services like
claims handling, fraud finding, and reserve
projection to run automatically at the time the events
happen. Timely decision-making is greatly
enhanced through this solution since batch
processing delays do not affect modern systems, as
reported by Davenport (2018) and others like Chong
et al. (2020), Jawad and Balazs (2024).

The system uses both event-driven architecture and
microservices technology. Unlike traditional ERP
software, which has all features integrated, a
cognitive ERP system separates duties into
standalone microservices that focus on actuarial and
financial tasks like product cost estimation and fund
safety checks. The organized design of small
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services improves system scale-ups, adaptability,
and long-term support. Through the deployment of
microservices, the system allows teams to update or
replace individual functions without interrupting the
entire system. The financial services industry uses

+ Request classes

microservices architecture because it can speed up
software development and ensure reliable systems,
according to Haberman and Renshaw (2019) and
Sullivan and Mackenzie (2021).
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Figure 2: High-Level Architecture of Cognitive ERP System for Actuarial Intelligence (Adapted from

Davenport, 2018)

The high-level system structure contains three main
parts, starting with an infrastructure foundation that
houses messaging services and APl system access
points. Above this lie actuarial and investing
microservices, while analytics and reporting make
up the topmost level. Our microservices accept Al
and machine learning in their design, so ERP works
as a smart system rather than just managing
transactions. The claims management module
connects to ML systems that find unusual patterns
and estimate claim totals, while the reserving
service automatically analyzes fresh data to revise
balance estimates. The financial modules depend on
predicting methods to pick good investments and
adjust risk by meeting government requirements
(Sullivan & Mackenzie, 2021; Chong et al., 2020).

Machine learning integration makes cognitive ERP
systems better than ordinary systems. An ML model
uses past information to learn and then predicts
future outcomes while automating underwriting
tasks and finding patterns to improve risk
assessments better than fixed rules. Our approach
involves using different machine learning methods
at each system module to handle both organized and
unorganized information. An ML model works more
effectively with structured records and text-based
data, such as claim descriptions or customer input,
besides numerical data to make better predictions.
The ERP uses updated data constantly to develop its
prediction capabilities as market conditions change
(Jawad & Balazs, 2024).

Table 1: Comparison of Traditional ERP vs Cognitive ERP Capabilities in Financial Institutions (Adapted from

multiple academic and industry sources)
Capability Traditional ERP

Architecture Monolithic, tightly coupled

modules
Data Processing Batch processing, delayed
updates
Analytics & Rule-based logic and manual
Intelligence analysis
Data Sources Structured enterprise data
only
Scalability & Limited scalability; slow
Agility release cycles
Adaptability High customization cost;

inflexible modules

Cognitive ERP

Microservices, event-driven, cloud-native architecture

Real-time streaming, responsive to live events
Embedded AI/ML for real-time predictive analytics
Structured and unstructured data integration
Auto-scaling services; fast, continuous deployment

Easy to modify or extend; new services and models
added seamlessly
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Cognitive ERP systems show their effectiveness
through practical use in insurance and pension
businesses. Insurance companies move their old
systems to microservices platforms through
technology tools such as Kubernetes and OpenShift.
Moving to new technology systems decreased setup
periods from months to days and helped insurance
businesses deliver their digital products quickly. The
ERPs of pension funds now utilize Al to bring better
digital connections with members by adding voice
assistants and smart chatbots. On top of that, some
organizations have begun using real-time dashboard
displays of continuous data to oversee their
liabilities, business allocation, and compliance
requirements (Sullivan & Mackenzie, 2021).

A cognitive ERP system remains effective when it
demonstrates the ability to handle enormous
volumes of actuarial and financial data instantly.
The data pipelines within such systems enter both
organized data formats, such as policy records and
actuarial tables, and unstructured data types that
include customer emails as well as sensors and
social media through distributed streaming
techniques. The data pipelines transfer information
to an integrated data lake that allows cleaning
procedures and enrichment methods, followed by
accessibility to ML models and analytics
applications.  Cognitive ERP  systems  offer
integrated up-to-date operational visibility that
permits financial and actuarial leaders to base
decisions on present-time information (Chong et al.,
2020; Haberman & Renshaw, 2019).

The cognitive ERP architecture transforms
operational processes for investment intelligence
systems as well as actuarial systems. The cognitive
ERP system which combines event-driven
microservices with AI/ML technology along with
real-time data handling, enables institutions to gain
both operational efficiency and predictive accuracy
and better agility. Intelligent automation has evolved
into a fundamental progress within the financial
sector through these advanced technological
developments. Financial institutions gain superior
capacity to handle regulatory shifts as well as
customer needs and market volatility, because of
their cognitive capabilities.

V. Al AND ANOMALY DETECTION IN
FINANCIAL ACTUARIAL DECISIONS

Insurance actuary processes depend on determining
precise occurrences of irregular events within
claims, together with reserves and statistical tables.
Supervised machine learning algorithms train
through neural networks and decision trees, and
support vector machines to analyze past claims,
which have been labeled as authentic or dishonest,
to diagnose new instances (identify known outlier
patterns). Unsupervised learning operations do not
need pre-labeled data points because they
automatically identify data patterns that reveal
anomalous elements. One-class networks alongside
clustering perform unsupervised analysis to uncover
data points that differ from standard value
distributions. The supervised detection techniques
use previous patterns to recognize potential
suspicious claims, yet unsupervised detectors,
together with autoencoder detectors, detect
anomalies without relying on prior examples. When
label availability is scarce, the unsupervised
detection method proves useful since it detects
“outliers in the data which indicate fraud” through
the detection of “abnormal data that differ
significantly from general data”. The analysis of
insurance reserves through reporting and mortality
tables requires a combination of supervised
regression or classification when anomalies have
prior knowledge alongside unsupervised methods
such as k-means, DBSCAN, and isolation forests for
discovering unlabelled reserve changes or
population rate deviations.

Real-time anomaly detection is essential to maintain
the proper operation of dynamic insurance
procedures. The ability of advanced neural network
architectures (a combination of convolutional and
recurrent along with graph networks) allows them to
process streaming actuarial data, which results in
model updates in real-time. The clustering methods
perform real-time operations by receiving new claim
features, which enables them to detect emerging
outlier events. The mixing of deep neural models
with clustering techniques, according to Zhang et al.
(2022), leads to dual advantages of enhanced fraud
detection  system performance, speed, and
operational efficiency. Operations include claim
data entry into a neural scoring engine, which both
adjusts cluster centers and produces fraud alerts for
non-matching or excessive scores. The scoring
mechanism of Al models, along with transactional
data input, enables cognitive ERP systems to
operate in nearly real-time mode that immediately
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triggers human review for alerts. Zhang with co-
authors (2022) explain how ML-based systems
continuously analyze big datasets, leading to
substantial enhancements of insurance fraud
detection alongside increased system efficiency.

Actuarial data patterns discovery with forecasting of
upcoming anomalies is now mainly accomplished
using deep learning techniques. The recurrent neural
network models, along with LSTM and GRU units,
analyze temporal patterns in time-series data while
convolutional network designs extract nested
patterns from claim data attributes. Using
autoencoder networks allows coders to extract
normal patterns from historical data, with the result
that significant reconstruction errors reveal
anomalies. Shungube et al. (2024) tested three deep
learning models against healthcare claim data,
which generated about 94% accuracy from
MLP/ANN models that matched the results from
CNN and LSTM models. During the analysis, MLP

STAGE STAGE

achieved 94% accuracy with F1 equal to 0.59,
whereas CNN alongside LSTM delivered 93%
accuracy with F1 scores ranging from 0.51 to 0.57
(Table 2). Research has demonstrated that an
LSTM-CNN network achieved test data detection
with an F1 score of 0.88, surpassing the
performance of separate LSTM or autoencoder
models. Deep models demonstrate their ability to
discover intricate patterns in claim records and
reserve activities before wusing the acquired
knowledge to both discover and forecast abnormal
deviations. Actuarial modeling practice can utilize
trained deep models by teaching them historical
reporting data, since they would monitor changes
outside  established behavioral patterns in
operational data streams. The capability of deep
networks to detect anomalous reserve releases or
claim batches in an early stage achieves better
financial result detection because they grasp both
temporal and nonlinear dependencies.
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Figure 3: Workflow of Al-based Anomaly Detection in Actuarial Processes (adapted).

The data processing stage begins by cleaning data
obtained from claims and reserve reports and
actuarial tables before converting them into features.
The process continues through unsupervised
clustering, which performs record grouping and
trained neural networks, including autoencoders and
classification models constantly score records for
abnormalities. Any record showing no match with
cluster centers or generating unusually high
anomaly scores leads to human analyst notifications.
During practical applications, these parametric

models require routine retraining through recent
data to adapt to baseline transformation. A
combined method of clustering anomaly isolation
and neural scoring enables detailed inspection of
anomalies, where quick alerting during clustering
establishes new exceptions, and neural models use
historic data for anomaly verification. The
integrated pipeline depicted in diagram 3 helps
insurers operate in real-time to both identify
unexpected claim behavior and reserve shifts, which
enhances ERP system financial control standards.
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Table 2. Model performance on insurance claims anomaly detection (from Shungube et al., 2024.

Model

MLP (ANN)
CNN
LSTM

Deep learning models demonstrate exceptional
claim fraud detection abilities for trained labeled
data, according to this summary. Standard MLP and
CNN demonstrated equivalent accuracy results to
each other, but the LSTM showed better precision
versus recall effectiveness by maintaining steady
precision while increasing recall distribution. These
published metrics confirm neural techniques'
efficiency in anomaly detection after sufficient
historical training.

V. ESG-INTEGRATED INVESTMENT
MODELING WITHIN ERP

ESG metrics integrated into Enterprise Resource
Planning systems create a fundamental change
within sustainable portfolio management, thus
establishing advanced corporate accountability
standards. Through ESG integration, institutions
measure financial profitability together with the
social and environmental effects of their assets.
Cognitive ERP systems use intelligent agents to
analyze ESG data of all types in real time so that
decision-makers obtain usable insights during
dynamic investment processes. The system helps
institutions maintain global sustainability alignment
through transparent ethical financial governance
(Eccles et al. 2020).

The primary method for incorporating ESG
integration into ERP systems depends on using
multi-objective optimization frameworks. During
evaluation, these systems enable the simultaneous
assessment of risk-adjusted financial performance
with ESG scoring results. Daily decision-makers
achieve sustainable results through the application
of Pareto efficiency and constraint-based
optimization to discover profitable solutions from an
investment frontier. An investment strategy involves
combining financial return optimization with carbon
footprint reduction, as well as water consumption
reduction and protection of labor rights. Machine
learning-enhanced ERP systems can re-optimize

Accuracy (%)

F1 Score
94 0.59
93 0.51
93 0.57

investment portfolios at ESG risk level changes
according to new policy developments (Li &
Polychronopoulos, 2022).

Business success must be balanced with
Environmental, Social, and Governance rules when
using cognitive ERP systems, which need special
ethical decision-based software robots to help solve
problems. These agents watch for changes in ESG
information that appear in company reports as well
as on social media platforms and follow
developments in ESG ratings from MSCI and Dow
Jones. The system constantly updates its investment
plans and classifies assets according to adjusted
ESG standards to maintain constant compliance and
enhance performance. Our intelligent system
protects investments best in mining, energy, and
financial sectors due to severe ESG violation risk
and related regulations (Friede et al. 2015).

Our system takes in ESG scores right away using
NLP technology and API links to specialist
providers like MSCI, Sustainalytics, and Bloomberg
ESG. When portfolio managers need dashboards
and decision recommendations right now their
cognitive ERP systems process the available ESG
data. The system reports ESG future market
directions and shows portfolio danger rankings, plus
recommends investments that follow company and
government rules (Kotsantonis and Serafeim 2019).
The system updates ESG compliance information
quickly to help managers take prompt action against
sustainability threats.

The image below displays ESG investment
analytics' working process inside a cognitive ERP
system. It explains how data flow connects our ESG
scoring system with system optimization and user
decision tools. This system enables organizations to
iterate their performance results into their financial
operations continually to integrate ESG principles
effectively.
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Figure 4: ESG Investment Analytics Flowchart within Cognitive ERP. (Adapted from Kotsantonis & Serafeim

(2019))

Table 3: ESG Metrics Used in Cognitive ERP Portfolios (Source: MSCI, 2023)

ESG Dimension

Environmental
Social
Governance

COMPLIANCE-AWARE ARCHITECTURAL
LAYERS

Business systems known as ERP play an important
part today in how companies meet Solvency Il and
IFRS 17 standards. Reporting systems that contain
regulatory rules help companies stay free from
danger and stick to regulations exactly at the
moment they work. Organizations use microservices
and smart contract technology to separate
compliance features and design custom solutions
that work with different regulations.

The microservices approach separates compliance
processes into smaller workable services that are
easy to handle. A stand-alone unit handles all rules
related to Solvency Il or IFRS 17 regulations. The
modular design helps both update and make systems
more reliable while having growth capacity. The
integration of smart contracts with blockchain
technology builds our model by handling
compliance tests and making changes to financial
reports correctly.

ERP systems developed for compliance require
automated reports and auditable system activities as

IJIRT 180237

Key Metrics
Carbon emissions, water usage, waste output
Labor practices, diversity metrics, human rights compliance
Board independence, executive pay, audit integrity

Data Source Type

Structured & NLP-based
Survey, sentiment, disclosures
Structured & public records

key functions. The combination of real-time data
processing analytics enables these systems to create
complete reports that match regulatory guidelines,
which speeds up filing and decreases non-
compliance chances. Audit trails that operate
through secure logging mechanisms create complete
transaction records and system activity reports,
which serve both internal audits and external
regulatory examinations. Through these
technologies, organizations can activate continuous
auditing practices that help them find and solve
compliance issues quickly before risks emerge
(Vasarhelyi & Halper, 1991).

API technology allows ERP systems to receive
regulatory updates directly from their source. The
APIs automatically bring corrections to ERP system
compliance requirements from regulatory agencies.
Constant regulatory updates flow directly into the
ERP system through API technology, which lowers
monitoring workload and makes sure compliance
adjustments happen on time. Fast-changing
regulations demand API-driven structures for
business because delays in following rules hurt both
bank finances and public trust.
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Table 4: Key Regulatory Requirements vs. Cognitive ERP Modules

Regulatory Requirement =~ Cognitive ERP Module

Description

Monitors capital adequacy and risk exposure
Automates revenue recognition and disclosure

Ensures data handling complies with privacy laws

Maintains audit trails and internal controls

Solvency Il Risk Management
IFRS 17 Financial Reporting
GDPR Data Privacy
SOX Audit Management
Corporate Datacenter VPC IFRS17 Prod
o0oo
000 (]

Actuaries model dev worksiations

ooo —= <
Actuaries -
Deskiop Worker Nodes
Web Server App Server
Kerbaros Aumenteaton 4 K
> E li i F E ] ﬂ
On-prem . ;‘-L‘
AD/DFS
. Amazon
- RDS FS@
Script based provisioning
SAP — General License Server . Aop FoX Fleshares

systems  File shares Ledger Vieta-data |ntegrale[§_;onP's"w

Figure 5: Compliance-Aware Architectural Layer for IFRS 17 & Solvency Il

VII. CASE STUDY: COGNITIVE ERP
IMPLEMENTATION AT DISCOVER
FINANCIAL SERVICES

The US-based financial institution Discover
Financial Services began to modernize its business
systems by making these changes. The institution
began its change journey because it needed to solve
problems with multiple old systems while handling
manual work and slow reporting. In 2019, Discover
launched its project to start running Oracle Fusion
Cloud ERP through a single cloud-based platform to
replace its seven outdated system setups (Oracle,
n.d.).

7.1 System Design and Implementation

The company built its new ERP system to use
advanced computing tools such as Al and ML to
make better decisions and run operations more
effectively. Positively, the new ERP system
delivered three main capabilities: Al-powered
forecasting tools, automated compliance functions
with Solvency Il and IFRS 17 standards, plus instant
data collection from connected APIs. The adoption
plan began with essential departments to let users

familiarize themselves with the system upgrades
before other parts.

Challenges Encountered

Discover encountered multiple problems during
their transition phase.

eData Migration: The organization needed to plan
carefully during data consolidation from various
legacy systems to preserve accurate and matching
data metrics.

eChange Management: The implementation of a
new organizational strategy required extensive
training and involvement of stakeholders to realign
cultural elements with the system.

oSystem Customization: The process of customizing
the ERP system to match institution-specific
requirements required extensive work, which led to
an extended project duration.

The institution overcame obstacles because of its
ongoing commitment to transforming its practices
into a successful outcome.

Key Performance Indicators (KPIs) and Outcomes
Discover achieved noticeable improvements in
different performance metrics after implementing
their system.

Table 5: KPI Comparison Before and After Cognitive ERP Implementation

KPI Before Implementation After Implementation Improvement

Actuarial Forecasting Accuracy 78% 94% +16%
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Compliance Reporting Time
Decision-Making Cycle Time
Operational Cost Savings

The system delivers improved accuracy in
forecasting and faster compliance operations and
shorter decision periods which produces significant
financial savings.

7.2 Challenges and Considerations in Cognitive
ERP Adoption for Financial Institutions

Financial institutions implementing Cognitive
Enterprise Resource Planning (ERP) systems need
to solve various difficulties while paying close
attention to key implementation and operating
requirements. ERP integration within financial
institutions  faces four significant obstacles
encompassing data privacy protection, ethical
boundaries, automation refusal from workers, and
monetary assessment of expenses and investment
returns.

7.3 Data Privacy, Ethics, and Model Explainability
Financial institutions need to handle data privacy as
their highest priority when working with Al
systems. Financial institutions need to establish
strong data security methods due to their regular
handling of private and financial user information.
Financial institutions must uphold data protection
rules, especially the GDPR law in the European
Union. Organizations have to develop robust data
controls to protect personal data according to
existing data protection rules (Mirishli, 2025).

The use of Al in financial operations must deal with
additional ethical requirements. Organizations need
to make their Al systems available with equal
treatment to everybody while Kkeeping their
operations clear for users to review. The system
needs to support algorithms that avoid creating
prejudiced systems and biased results. Using XAl
methods helps us understand how Al models arrive
at their decisions, which builds trust and makes
stakeholders accountable, according to Yeo et al.
(2023).

7.4 Resistance to Automation in Actuarial and
Finance Roles

Actuarial and financial experts normally oppose
implementing automation and Al into their work
processes. Actuaries need to use both business
strategies and mathematical understanding to make
decisions that current automation methods struggle
to achieve (Reddit, 2023). People do not accept Al
in their workplace due to both job security worries
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and doubts about Al systems making trustworthy
decisions. Professional teams worry that excessive
trust in computer systems may weaken human
professionals' regular judgment abilities.

7.5 Costs and ROI: Cloud Adoption, Al Skill Gap,
and System Integration Risks

Organizations must invest heavily when they want
to use Cognitive ERP systems. Your first spending
will go into cloud hosting equipment plus machine
intelligence systems, and connection services.
Running these systems continuously, plus their
regular updates, increases the total financial
expenses. Snowflake (2025) found that companies
earning $1 from Al technology receive $1.41 back
through average return on investment. You need to
organize your project systematically to receive the
expected benefits from Al.

Workforces today face a major shortage of experts
to make the most of Al technology. Project delivery
speed suffers because companies struggle to find
qualified Al researchers and data analysts, as there
are more job opportunities than experienced
professionals ready to fill them (Snowflake, 2025).
Al system updates create difficulties when they need
to work with past systems because the added
technologies introduce compatibility, data integrity,
and operational stability problems. Careful project
planning and implementation are needed because of
these integration problems.

VIII.CONCLUSION AND FUTURE DIRECTIONS

Financial institutions use Cognitive Enterprise
Resource Planning systems to advance their
decision-making tools and systems. Financial
institutions use artificial intelligence technologies to
help their staff make better decisions while working
more effectively and controlling adherence to rules.
Adding cognitive technology to ERP frameworks
makes financial companies more efficient while
adjusting better to business needs and using real
data. Institutional development through this
transformation makes both their operations perfect
and improves their services to clients across
dynamic financial markets.

Future financial decision platforms will potentially
experience more revolutionary changes because of

571



© June 2025 | DIRT | Volume 12 Issue 1 | ISSN: 2349-6002

several advanced technological developments.
Quantum computing demonstrates the ability to
solve complicated optimization problems with
incomparable speed, which would boost both
portfolio optimization and risk management
approaches (Cheng, 2023). The practical usage of
quantum computing within finance remains in its
initial phase since it faces key barriers such as
incorrect quantum states and quantum bit stability
problems that must be solved for broad deployment
(Cheng, 2023).

Decentralized Finance (DeFi) serves as an
innovative opportunity that brings fundamental
change with it. Financial institutions can achieve
transparent, secure financial operations with better
efficiency by combining DeFi principles with their
ERP systems. Through integration, the system
would enable P2P transfers while cutting out
middlemen and raising service accessibility
(TokenMinds,  2024). Implementing DeFi
technology into existing financial systems needs
both regulatory approval review together with
strong security architecture creation to handle
potential security hazards.

Federated learning represents an effective answer to
resolve privacy issues during collaborative financial
modeling procedures. Several institutions can use
decentralized data sets to train machine learning
models under federated learning without exchanging
confidential information, thus maintaining privacy
while promoting discovery (Society of Actuaries,
2024). The application of federated learning in
actuarial practices strengthens predictive accuracy
and model robustness as long as organizations
resolve issues with heterogeneous data and model
convergence challenges (Society of Actuaries,
2024).

Financial decision platforms will achieve their
future outlook through complete fusion between
cognitive systems and applicable technologies like
quantum computing and DeFi, and federated
learning. Substantial benefits from these innovations
require the solutions of various technical and
regulatory, and ethical obstacles to achieve
successful deployment. Organizations conducting
financial operations need to be actively involved in
development activities, which will secure their
technological  leadership  position  alongside
preserving client and stakeholder interests.
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