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Integrating Technology for Enhanced Audit Efficiency

and Risk Management in Real Estate Banking
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Abstract- The meeting point of technology and real estate
banking has radically changed audit processes and risk
management structures. This paper evaluates the
combination of developing technologies (including
artificial intelligence (AI), machine learning (ML),
blockchain, robotic process automation (RPA), and cloud
computing) into real estate audit operations within
banking institutions.Through review of current
applications, case studies, and industry shifts, this
research shows how technology acceptance improves
audit performance, improves risk review accuracy, and
strengthens legal requirements. Banking is expected to
produce a yearly capacity of USD 200 billion to USD 340
billion of added economic value from AI uptake, mostly
firom increased productivity. The findings show that
integrated technology solutions reduce audit cycle times
by up to 50 percent, increase property value accuracy by
15 to 30 percent, and permit instant monitoring skills
previously impossible through manual processes. This
study examines the powerful role of technology in
improving performance review and risk management in
the real estate banking sector. By boosting machine
learning and automation, financial institutions can ease
audit processes, find potential risks, and make calculated
decisions. This detailed framework examines the planned
rollout of artificial intelligence, machine learning,
robotic  process automation, blockchain, cloud
computing, and advanced metrics to change traditional
manual audit processes into intelligent, automated, and
fact-based tasks that deliver better risk insights while
reducing costs and response times.

Keywords: Real Estate Banking, Audit Technology,
Artificial Intelligence, Risk Management, Digital
Transformation, Property  Valuation, Compliance
Automation.

L INTRODUCTION

Real estate financing represents a notable unit of
banking collections, demanding strict audit processes
to assess regulatory value, credit evaluation, and
confirm legal requirements. In 2023, U.S.
commercial real estate transactions reduced by 53
percent compared with 2022, representing the lowest
transaction amount since 2012, showing the critical
importance of correct property pricing and strong risk
review in a developing market environment.
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Traditional real estate audit systems have long been
demanding, time-consuming, and at risk of human
error. Field auditors spend much time on
administrative responsibility, manual data entry, and
report generation, delaying key ending decisions and
prolonging audit cycle times. The productivity ratio
has been increasing globally in recent years, but is
expected to increase in 2024 due to slow revenue
growth and high operating costs, with many banks
continuing to invest in technology to remain
competitive.

The fast growth of digital technologies has created
special opportunities for banking institutions to
update their real estate audit operations. Audit
technology has transformed the way businesses
operate, offering many benefits such as increased
productivity, accuracy, and improved client service.
The next generation of audit solutions utilizes
combined, cloud-based technology, creating an
easier, faster, and global audit experience that is led
by humans and data-driven.

According to the NACD's 2025 Public Company
Board Practices and Oversight Survey, more than
62percent of participant show their board is setting
aside agenda time for Al discussions, compared with
only 28 percent of boards in 2023, showing the
primary focus of the organizations.

IL. RESEARCH OBJECTIVES

This paper aims to

»  Examine the key technologies transforming real
estate audit processes in banking

*  Analyze the impact of technology unification on
audit efficiency and accuracy

* Examine risk management enhancements
allowed by advanced technological solutions

* Identify application challenges and best
practices for successful acceptance

* Examine future patterns and developing
technologies in real estate banking audit
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III. TECHNOLOGY LANDSCAPE IN REAL
ESTATE BANKING AUDITS

3.1 Enhanced Accuracy Through Machine Learning
Predictive valuation models consistently exceed
classic methods, reducing pricing errors by 15 to 30
percent, while formulas can analyze thousands of
properties immediately, allowing investors to
identify opportunities and detect risks with unique
speed and accuracy. Research shows that ML-based
computer-assisted models reduced absolute
percentage error by 18.4percent compared to
traditional practical pricing models, changing
directly to more correct valuations and
knowledgeable decisions.

The coming together of Al and machine learning in
real estate has forced a radical change that is
changing the industry in 2024. According to a PwC
report, 97 percent of real estate organizations believe
that automation and digitization will impact their
business plans, indicating not just refining methods
but unlocking formerly hidden value and awareness
that classic methods cannot have. Real estate
companies that successfully carry out advanced
evaluations can achieve a 5 to 7 percent increase in
operating profit.

IV.  AUTOMATED VALUATION MODELS

4.1 Regulatory Framework and Implementation

In 2024, six federal regulatory bodies, the Office of
the Comptroller of the Currency , Board of Governors
of the Federal Reserve System, Federal Deposit
Insurance Corporation (FDIC), National Credit
Union Administration (NCUA), Consumer Financial
Protection Bureau (CFPB), and Federal Housing
Finance Agency (FHFA) accepted final rules
carrying out quality control standards for AVMs used
by mortgage lenders and resale market providers in
pricing residential real estate. This legal framework
secures the credibility and integrity of automated
valuation models through compulsory quality control
standards.

AVMs control multiple data sources and advanced
procedures to create property valuations

4.2 Data Sources and Feature Integration:

*  Past transaction Data: similar sales within a
defined location and temporal factor, recording
actual transaction prices, dates, and property
features
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* Property Characteristics: measurable features
including square footage, batch size, number of
bedrooms and bathrooms, age, construction
quality, and condition reviews

* Location and Neighborhood Examination:
Location-based conditions such as school district
quality, crime rates, usability scores,
transportation access, employment centers, and
facilities

 Market Trends and Economic measures:
immediate market uptake rates, supply levels,
days on market, interest rate movements, and
local economic conditions

*  Environmental and Regulatory Factors: Flood
risk zone, environmental danger, zoning
districts, building regulatory standards, and
historical preservation restrictions

4.3 Advanced Algorithmic Approaches

Companies like CoreLogic and HouseCanary
activate complex ML models that consider thousands
of data points to create correct property valuations in
seconds, typically achieving central error rates of 2to
4 percent compared to 5to 6 percent with classic
methods.

Studies show that ML models, including social media
reviews, transportation usage patterns, and mobile
phone location data, predicted renewal patterns in
urban areas with 85 percent accuracy 18 months in
advance.

Several machine learning methods have been

confirmed particularly useful in property valuation:

* Reversal methods: Predict continuous property
values by capturing irregular relationships
between features. Boosted regression trees yield
better results compared to simple linear
regression by modeling complex feature
interactions.

* Deep Learning network: mode complex
interactions and raw data like property images to
extract influential factors not captured in classic
organized data points.

* Ensemble Methods: decision Forest and tree
Boosting approaches combined performance
boost in most situations, with research showing
that combining models produced valuations with
a standard percentage error of 8.71percent
compared to 11.59 percent for standard models.

* Natural Language Processing (NLP): Converts
property descriptions into numeric data points of

ICONIC RESEARCH AND ENGINEERING JOURNALS 219



© NOV 2025 | IRE Journals | Volume 9 Issue 5 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I15-1711761-2004

housing features, collecting information, wraps
up, remodeling quality, and special features that
precisely impact valuations.

4.4 Hybrid Valuation Approaches

Modern banking institutions accept mixed valuation
models combining traditional appraisal methods with
ML to create stronger valuations. Research reviewing
commercial real estate valuation found that a
machine learning method considering 50 variables
can reduce differences between market values and
next transaction prices, thereby increasing review
accuracy and removing structural favourism

These hybrid approaches provide:

* Confidence Intervals: Rather than an exact
location calculation, models create probability
distributions showing valuation risk

* Feature Value Quantification:
measurement of specific feature contributions to

accurate

overall value

*  Abnormal Detection: Identification of mispriced
properties whose asking prices are different
from model plans, creating investment
opportunities

* Dynamic Pricing Models: current price
adjustments based on current market conditions,
showing activity, and market forces

V. OPERATIONAL IMPLEMENTATION IN
BANKING

These models provide initial valuations within
seconds, allowing rapid loan approval decisions
while marking properties requiring detailed manual
appraisal by skilled valuators.

The typical workflow includes:

e Initial Screening: AVM generates a preliminary
valuation with an assured score

e Risk-Based evaluation: precise valuations for
standard properties proceed; low-confidence or
high-value properties set off manual appraisal

e Validation and Reconciliation: Comparison of
AVM outputs with appraisals when both are
performed, identifying systematic errors.

¢ Continuous Learning: Model retraining with
new transaction data, appraisal results, and
market information to maintain accuracy.
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5.1 Risk Evaluation and Predictive Analysis

The key AI/ML application focus areas for bank risk
management teams are lending risk management and
fraud detection, with generative Al use cases being
investigated for broader regulation and policy
structures.

Computerized notifications when properties or
borrowers exceed risk limit, payment spread, and
regulatory changes affecting specific properties.

5.2 Lend Risk Management with AI/ML

Overview

Credit risk management represents one of the most
significant applications of artificial intelligence and
machine learning in banking operations. According
to the Basel Committee on Banking Supervision
(2021), machine learning models have demonstrated
superior performance in predicting credit defaults
compared to traditional statistical approaches, with
banks increasingly adopting these technologies for
credit scoring.

5.3Machine Learning Applications

Predictive Modeling

Petropoulos et al. (2020) found that machine learning
techniques, including random forests and gradient
boosting  machines,  significantly  surpassed
traditional operations and decreased models in
predicting bank failures, realizing accuracy rates
above 90 percent in their data analysis. The
researchers noted that collection methods were
particularly  effective at capturing complex
relationships in financial data.

Khandani, Kim, and Lo (2010) demonstrated that
consumer credit risk models using machine learning
could reduce prediction errors by up to 25 percent
compared to traditional credit scoring methods,
particularly when including behavioral and business
data.

Alternative Data Integration

According to Jagtiani and Lemieux (2018), fintech
lenders using machine learning with optional data
sources can assess credit score for populations
traditionally overlooked by established banks, with
their models showing similar or better predictive
power than traditional FICO scores. The study found
that alternative data, including cash flow patterns and
digital track improved credit assessments for
borrowers with limited credit history.
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Berg et al. (2020) demonstrated that digital track
data, when analyzed through machine learning
methods, contains important information about credit
risk beyond traditional credit bureau scores, with
their research showing a 10 percent improvement in
risk assessment accuracy.

Deep Learning Approaches

Sirignano, Sadhwani, and Giesecke (2016) applied
deep learning to mortgage risk prediction using
individual loan data, finding that deep learning
models could identify multiface structure and
temporal relationships that traditional models missed.
Their research shows that neural networks reduced
prediction errors by approximately 15 percent
compared to benchmark models.

Fu et al. (2016) applied refining neural networks to
credit card fraud detection by treating transaction
order as images, achieving detection accuracy of
97.5 percent with little feature engineering. This
approach shows the power of automatic feature
learning in fraud detection.

VL CASE STUDIES AND REAL-WORLD
APPLICATIONS

6.1 Cloud Platform Implementation

JC CPAs and Advisors was immediately functional
after a recent hurricane, using cloud-based strategies
unlike competitors who faced significant breakdowns
relying on local systems, maintaining operations with
little interruption and showcasing the flexibility and
accuracy of cloud technology.

This case shows the business stability advantages of
cloud-based audit platforms, particularly important in
real estate banking, where property inspections must
continue despite breakdowns affecting central
offices.

JPMorgan Chase has been at the leading edge of Al
application in banking risk management. According
to Son (2017), the bank deployed COiN (Contract
Intelligence), a machine learning program that shows
commercial loan agreements, completing in seconds
what formerly required 360,000 hours of legal work
annually. The system achieved 95% accuracy in
pulling out key data po According to Business Insider
(2020), JPMorgan's Al-powered fraud detection
systems reduced false positive rates by 20 percent
while upgrading detection accuracy, saving the bank
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an estimated $150 million annually in fraud losses
and operational cost

Bertsch (2019) reported that JPMorgan invested over
$11 billion in technology in 2018, with important
portions dedicated to machine learning for fraud
detection, credit risk assessment, and anti-money
laundering. The bank processes approximately 5
billion transactions daily through Al-powered
tracking systems.

VIL RECOMMENDATIONS AND
CONCLUSIONS

1. Adopt a Phased Implementation Approach
According to McKinsey & Company (2023), banks
should carry out AI/ML systems through step by step
approach, beginning with a test project in a specific
risk field before extending further. Their research
shows that institutions using phased implementations
achieved 40 percent higher success rates and 25
percent better ROI compared to those trying at the
same time across multiple functions.

Deloitte (2024) suggests that banks start with use
cases offering clear business value and manageable
complications, such as credit scoring for specific
product lines or fraud detection for particular
transaction types, before expanding to more complex
methods. This approach allows organizations to build
internal skills while showing value to investors.

2. Establish Robust Model Governance Frameworks
The Basel Committee on Banking Supervision
(2021) highlighted that effective AI/ML deployment
requires detailed model governance structures
containing model  development, validation,
application, and active monitoring. Banks must
establish clear accountability structures with defined
roles for model developers, validators, and business
owners.

The Office of the Comptroller of the Currency (2021)
recommends implementing three lines of defense for
AI/ML model risk management: business units
owning models as the first line, independent model
validation as the second line, and internal audit as the
third line. This structure shows proper review while
maintaining operational productivity.

Barocas and Selbst (2016) argue that governance
structure must directly address data bias and fairness,
with regular audits to detect and ensure equity,
particularly in credit decisioning and fraud detection
systems.
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3. Invest in Data Infrastructure and Quality
According to Gartner (2023), poor data quality
remains the main barrier to successful Al
applications, with 85 percent of Al projects failing to
deliver expected value due to data issues. Banks
should invest in data quality management and master
data management before applying AI/ML initiatives.
Provost and Fawcett (2013) stressed that data
preparation typically consumes 60 to 80 percent of
data science effort, and organizations must build a
strong data pipeline supporting model training,
validation. Structures should allow current data
access, feature engineering, and model serving
broadly.

Redman (2018) recommends that banks implement
detailed data quality programs measuring accuracy,
intergrity, consistency, timeliness, and validity across
all data sources used in AI/ML models.

7.1 Conclusion

The combination of advanced method into real estate
banking audit processes represents an important
transformation ~ with  thoughtful results for
effectiveness, and risk management.
Computerized audit solutions, machine learning
models, robotic process automation, and blockchain
technology jointly change audit process, offering
increased performance, improved accuracy, and
improved client service.

accuracy,

Al and machine learning are central to digital
transformation, though CROs expect risks to increase
as technology adoption speeds up, with boards
needing to ensure companies take complete and
strategic methods to oversee Al usage.

Looking forward, new technologies—generative Al,
quantum computing, [oT sensors, added reality, and
advanced imaging—promise even greater skills.
Organizations that thoughtfully invest in technology
integration while intentionally managing associated
risks will gain important competitive advantages in
efficiency, risk management, and customer service.

The future of real estate banking audits is undeniably
technology-driven. Institutions must embrace this
transformation, not as an option, but as an essential
for remaining competitive, managing risks
effectively, and meeting investors' expectations in a
progressive digital financial services environment.
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