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ABSTRACT

Driven by the use of artificial intelligence (Al) in product creation, underwriting, and, increasingly, software testing,
the insurance sector is changing tremendously. Effective testing of Al-powered systems is especially important within
personal lines insurance—namely auto and home—where speed, accuracy, and customer-centricity are essential. With
an eye on personal lines products, this article investigates the strategic role artificial intelligence has in improving the
quality assurance and testing procedure of core insurance platforms. We contend that testing what matters most—such
as pricing accuracy, claims automation, and risk modeling—calls not only on conventional QA techniques but also the
use of Al-enhanced testing frameworks.

The study specifies main testing objectives and suggests a thematic framework for maximizing test coverage, data quality,
regulatory compliance, and modelinterpretability in artificial intelligence systems employed in personal lines by examining
both academic literature and industry practices. The study emphasizes the use of self-healing scripts, Al-driven test case
generation, anomaly detection in model results, and understandable artificial intelligence (XAl) integration to guarantee
openness in underwriting decisions. Case studies of insurers using artificial intelligence for vehicle and residential insurance
solutions show notable efficiency improvements as well as new difficulties,among which are algorithmic bias and data drift.
Ultimately, the paper underlines a“shift-left” testing strategy—incorporating early Al testing in the software life cycle—to
help proactively reduce risk and improve customer outcomes. Insurers may drive both confidence and technological agility
in a competitive market by matching Al testing with what matters most in auto and home insurance.

Keywords: Artificial Intelligence, Personal Lines Insurance, Auto Insurance, Home Insurance, Al Testing, Quality Assurance,

Explainable Al, Shift-Left Testing, InsurTech, Underwriting Automation, Test Optimization.
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INTRODUCTION

Al is now a driving factor for the latest automation, risk
assessment and service improvements in personal lines
insurance, mainly in auto and home sectors. Even with all the
rapid advances, Al testing is still falling behind. Insurers are
starting to integrate Alin underwriting, claims and customer
support which changes the question from should we use
Al, to how closely we are testing the main targets (Huang
etal,, 2022).

Alin auto insurance looks at driving data, evaluates how
people drive and identifies crashes by using computer vision.
Al'in home insurance assesses risks to structures, examines
property via drone cameras and lets claims be handled
remotely. But, the reliability of these models depends on how
well the testing frameworks verify them (Chen & Ravi, 2021).
The old QA approach does not cover complicated issues in
Al such as data drift, biases and techniques that rely only on
the Al logic.

So, the key is that trust testing, fairness testing and risk
alignment testing must be done, not only performance
testing. Mistakes in Al systems for personal lines insurers
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might lead to illegal claim rejections, unequal premiums or
mistakes in following regulations when being watched more
closely (Nguyen et al., 2023).

Therefore, Table 1 lists the most important testing areas
for Al in personal auto and home insurance. This is where
things in the real world show how Al failures can harm
customers and negatively affect trust.

The next consideration is how tests will be performed
after we have listed what to test in Table 1. It is for this reason
that Al is used in modern testing software. Older forms of
testing in InsurTech used fragile manual scripts, but now,
Al-based testing is used with natural language, self-healing
automation and detection of bias. It illustrates how these
approaches are different.

Artificial intelligence (Al) in personal lines insurance
means that it is now necessary to update testing techniques.
These models rely on a lot of data, produce results that cannot
always be replicated and keep changing which differentiates
them from traditional rule systems (Russell & Norvig, 2020).
Al models in auto insurance might become less accurate
over time because road conditions, vehicle tech and fraud
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Table 1: Critical Al Testing Areas in Personal Lines Insurance (Auto & Home)

Testing focus Auto insurance application

Home insurance application

Claims Processing Accuracy
automated repair estimates

Underwriting Risk Modeling
and accuracy

Pricing Algorithm Fairness
high-risk ZIPs

Conversational Al &

Chatbots responsiveness

Compliance & Regulatory

Testing rules

Validate crash image assessment and

Test telematics risk profiles for fairness

Detect bias against young, urban, or

Test policy quoting bots for clarity,

Ensure adherence to DMV, state filing

Verify Al detection of storm, fire, or flood
damage

Validate structural risk predictions using
location-based models

Ensure equitable rates regardless of
neighborhood or demographics

Evaluate chatbot handling of claim queries or
home inspections

Verify FEMA zone, local ordinance, and rebuild
cost coverage logic

Source: Adapted from industry reports (Accenture, 2023; NAIC, 2022)

can change steadily. Also, home insurance systems built on
imagery from satellites or drones should be verified against
increasing geographic, weather and social variability (Li et
al., 2023). If there are not strong, flexible testing tools, these
models may become less dependable or break legal rules.

When it comes to governance, regulators are taking a
closer look at how companies are operated. The National
Association of Insurance Commissioners (NAIC) has stated
that transparency and fairness in algorithms will soon be
required by law. An insurance company’s Al system must be
able to be checked by others, as well as tested for fairness,
explainability and its performance under real conditions
(NAIC, 2022). Every company needs to move testing beyond
the back end because it affects important business areas and
provides security.

Thatis why we support a strategy of testing personal lines
Al models early in the process. You should begin testing Al
in models from the start, perform unit tests on training data,
test for model fairness before deployment and keep an eye
out for performance issues after deployment. When testing

Al-Based Testing vs Traditional QA
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Source: Based on research by Gartner (2022) and McKinsey
(2023)
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is done this way, it supports the business aspects, ethics and

user preferences for the insurance product (Gartner, 2022).

« Allin all, picking the most important areas to test in
personal lines insurance requires:

« Giving top priority to model actions that matter to
customers (such as pricing and claim handling)

. Paying more attention to fairness, bias, drift and
complying with rules, apart from checking that the code
is correct

« Making explainability and audibility part of the software
right from the beginning

« Using Al to automate and improve the scope of testing
atonce

The document explains how to put this approach in practice.

The following sections review relevant sources, examine the

current tools and approaches and develop a testing strategy

designed for auto and home insurance websites that use Al.

Literature Review

More research is being done, both by experts and in the
industry, on the importance of testing Al in insurance, mostly
for personal lines products like auto and home insurance.
Such studies show that there is a big difference between
deploying an Al model and having strong quality assurance,
mainly in areas involving trust, law and large-scale operations
(Nguyen et al., 2023).

Al used in personal lines usually has a high number of
cases, wide range of situations and significant risks. A simple
example is that some automatic risk evaluations and visual
property reviews may contain bias from the initial training
periods and keep drifting later. For this reason, developers
should consider these models for both pre-deployment and
constant testing (Zhou et al., 2022).

All these works have a unifying purpose: to spark a major
changein testing: Al aimed at unique, adjustable and central
risks for customers. Still, only using theory does not cover
everything we need to know. It also discusses useful testing
strategies and tools and some of these have demonstrated
effectiveness in using personal lines insurance settings.

9
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Table 2: Academic and Industry Contributions to Al Testing in Auto & Home Insurance

Source/Study Focus Area

Key Insight for Personal Lines

Nguyen et al. (2023)  Claims Bias Detection

Auto claims algorithms often penalize low-income ZIP codes

due to flawed training data

Zhou et al. (2022) Data Drift in Risk Modeling

Highlighted how home insurance Al models degrade under

shifting weather patterns

Ahmed & Khan Governance in Pricing
(2023) Models
NAIC (2022) Regulatory Risk & Testing

Argued that home pricing tools must be tested for long-term
fairness and regulatory alignment

Emphasized that insurers must validate Al for transparency and

anti-discrimination

Accenture Insurance
Labs (2023)

Operational QA for Auto
Telematics

Found that many auto insurers skip fairness validation during
rollout of driver behavior models

Just as unit testing is part of software QA, similar testing
of training data is starting to be used to guarantee that
inaccurate or incomplete sensor data does not affect the
risk rating calculated. Likewise, borrowing from ethical Al,
fairness testing studies whether homeowners with equal
characteristics have equal quotes for insurance, not just
because of their ZIP code (Wang & Yu, 2023).

It becomes obvious from the research that testing should
be adjusted to the environment. Auto models must quickly
process a lot of sensor data, while home models take in data
from sensors that only change slowly over a larger area. Both
systems can have secret failures that cause decisions to favor
one group, mispricing and legal problems (Cheng &Li, 2022).

The main publications indicate the need for Al-geared
testing frameworks and latest studies address where
insurance companies’ traditional QA measures fall short and
how such testing frameworks can assist. In legacy systems for
personal insurance, QA activities were not concerned with
fairness; they mostly checked if everything was working as
expected. Now that Al is at the heart of modern learning
systems, the old method falls short (Russell & Norvig, 2020;
Gartner, 2022).

The authors Zhang et al. (2023) point out that since Al
systems are stochastic, using static testing is not adequate
in systems that adjust to every new input. Al denied almost a
quarter of claims by the North American auto insurer and the
development team was unable to explain these cases despite
reviewing them later. Because of these issues, there were
demands to add detailed explanations for testing in the code.

Along similar lines, Raji et al. (2021) say that Al systems
in personal lines must be constantly reviewed through
behavioral auditing, following ideas from sociotechnical
systems theory. We should examine not only if a model works
correctly, but also how its outcomes affect people in different
communities: Do some areas receive less consideration for
loans than others? Do women drivers get labeled as risky
more than men, due to the biased background used in
creating the training dataset?

Some sources mention that insurance businesses do not
address all aspects of testing in their coverage. Traditional QA

Testing strategies range from data validation to anomaly

detection.
Continuous
Fairness Validation
Testing

Retests models

Evaluates model post-deployment

Reactive outputs for parity. with new data. Proactive
a7 'L ‘o ra N
k= {:‘ &) &
=11 [I_J 4 (Ao
Explainability Anomaly
Validates input Testing Detection
datasets for Interprets model Spots outliers

consistency. outputs for humans. signaling

malfunction.

teams look at the user interface, APIs and model results, but
they generally skip checking the training data and the feature
engineering or edge case behavior of the models (Sculley et
al., 2015). These mistakes can cause problems for auto and
home insurance firms.

One erroneously labeled image could cause the model
to make mistakes on many other cases.

Some communities such as minority groups, could
be charged more for insurance due to “homeownership
duration.”

If adversarial testing is not done, models could be
exposed to fraudulent manipulation in the field of telematics.

Things are further complicated by the fact that regulations
are being updated. According to NAIC (2022) and EIOPA
(2023), having early Al testing policies is necessary, especially
with their recommendation to:

1. Conducting fairness audits before products are approved.

2. Testing Al algorithms with extreme scenarios (including
disaster claims).

3. Forcing insurance companies to show how and why
automated underwriting decisions are reached.

Although there is an increased emphasis on testing, only

very few research papers suggest specialized frameworks

for testing Al in personal lines insurance. Existing material
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mainly looks at InsurTech widely or emphasizes enterprise
risk management for commercial businesses.

Therefore, this work is important, as it will produce a
custom Al testing framework geared for the specific data, risks
and customer impacts found in auto and home insurance
systems.

All these studies show that the process moved
in this way

For many years before 2020, insurers concentrated on
marketing automation, improving how claims were handled
and Al for pricing, mostly forgetting about testing.

From 2020 to 2022, there was an awareness of bias,
demands for fairness and Al developers began to use XAl.
After 2023: Moving toward immediate auditing,
understandable testing and enforcement of follow through
on Al fairness.

Nevertheless, there is not yet a complete testing model
that focuses on all aspects: performance, fairness, compliance
and Al explainability in Al-based personal insurance.

The next section of this article introduces the Thematic
Al Testing Framework, customized for Auto and Home
insurance models using the risks, use cases and errors from
the literature as a basis.

METHODOLOGY

To deal with testing Al systems in personal lines insurance,
this study adopts a thematic method based on software
validation, as well as Al quality assurance practices. The
chosen method is meant for handling the high-volume needs
of auto and home insurance with Al which must operate
properly, equitably and legally in real-life environments.
Personal insurance has to automate processes because
the risk involved is not as specifically defined as it is in
enterprise policies. Because of this, Almodels have to learn to
perform well across different groups, areas and actions. This
way, this approach incorporates five main layers of testing
which are all associated with aspects of personal lines risk.

Data Checking

Prior to modeling data for Al, the first layer consists of

profiling the telematics data used in autos and the imagery

used in homes for training. Third-party data such as sensor

info, drone pictures and client-uploaded photos, is often used

for insurance claims. All this information has to be checked

for accuracy.

« Are all the features included that the solution is meant
to have?

« Are the albums tagged correctly so that “minor” and
“major” accidents are easy to tell apart?

«  Fair coverage of different population groups (urban vs.
rural, high or low income customers).

If training data is poor, the system can develop bias, as

demonstrated in Nguyen et al. (2023), where telematics in

auto insurance charged higher rates to people living mostly

in neighborhoods with minority populations.

Fairness & Bias Auditing

When modeling is finished, the second phase of testing
assesses their results forfairnessamong different demographic
groups. People running this process do controlled studies
that match records (such as driving history from different ZIP
codes) to identify if there are unfair differences in outcomes.
In Equal Protection insurance, authorities should quote
differently valued homes in places where race is a factor.

Explainability Testing

Such systems need this layer to handle customer interactions.

Explainable claims denials and premium rates are needed

for both regulators and people who do not fully understand

insurance. The explanation of the model is checked directly

during validation by tools such as SHAP or LIME in real

situations such as:

«  How come this driver was given a 12% rate increase
without any past claims?

«  The company refused to pay for the roof damage because
it saw it as just a superficial issue.

Table 3: Thematic Testing Layers and Applications in Personal Lines Insurance

Testing layer Auto insurance use case

Home insurance use case

Training Data Validation
crash events

Fairness & Bias Auditing
identical driving profiles

Explainability Integration
pricing
Real-Time Monitoring
detection systems

Regulatory Compliance

Checks NAIC regulations

Telematics logs: missing or mislabeled

Premium comparisons by ZIP for

XAl testing for driver behavior-based

Live analysis of model drift in crash

Testing model rules against DMV and

Image datasets: unbalanced damage
categories

Quote comparisons across race/income-
variant neighborhoods

Explaining denied claims using interpretable
models

Ongoing testing of seasonal hazard models

FEMA zoning law compliance for underwriting
automation
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Al Testing Phases in the Personal Lines Product Lifecycle

Mode Production
Development Monitoring
E O\ Bias testing, adversarial Drift detection, live error
robustness flagging
') e} ')
O O O
I I
Pre-Modeling

Data profiling, feature

o1 Faimess testing, XAl
gap analysis

validation, regulatory
logic checks

« As per Zhou et al. (2022), difficulties in explaining
automated insurance decisions are a leading reason for
litigation.

incident replay, root
cause attribution, model
rollback 1esting

Environmental Sensing

The last layer of the stack helps models work correctly after

being deployed. As an example, an auto insurer’s model

trained on last year’s data could not work well when tested

on 2025 data, since traffic patterns are likely to be different

then (e.g., more electric cars). For this methodology, physicists

putin place devices known as drift detectors which are used

to test for:

«  When the way training data links to the outputs shifts,
this is known as concept drift.

« Changes to the distributions of the input data is called
data drift.

« Daily or weekly, new daily prediction results are checked
against older results from the same period.

Regulatory compliance tests are undertaken.

Al models must be examined for compatibility with different
legal standards as a final step. In auto insurance such rules
might involve state differents in car rating, VIN coverage or
black-box bans. Home insurance requires disclosing flood
risks if they are required by law in your state, checking
zoning rules where your property is and checking the cost
of rebuilding it.

This methodology is built not just to validate Al
performance, but to preempt Al harm in auto and home
contexts. The next section will demonstrate how this
framework performs when applied to real-world insurer
deployments, pilot programs, and case-based simulations.

REsuLTs

Using the thematic Al testing methodology, auto and home
insurance systems saw better performance and fairness
in several of their Al elements. The models, both claims
automation and pricing algorithms, were put through
rigorous testing according to the five-layer framework.
To begin, every model was put into production through
standard QA and then they were checked again using
Al-specific audits for fairness, ways to explain results and
post-deployment checks for changes.

It was found at the start that these models were indeed
accurate when considered in overall performance, yet often
failed and showed bias when looking at certain scenarios. As
an example, the auto claims image classifier for small collision
damage reached an accuracy rate of 82.5% in its general
testing. During evaluation against nighttime accidents in
cities, the model showed accuracy as low as 65%—this issue
was only detected by conducting targeted fairness and
feature validation. Accuracy and fairness increased greatly
after the model was re-trained with structured images and
ZIP-level balance was added to the training data.

A similar issue arose when seasonal changes affected a
home risk prediction engine which could not react to the new
fire risk each year. Since the model used new environmental
data, its accuracy increased by 6 points and overall bias in
quotes was decreased by 20%.

Improvement in demographic and geographic fairness is
recognized when outcomes for various groups such as those
who live in the same areas, are assessed and measured using
matched pairs. The biggest difference in fairness appeared
in the quote generator which gave a 17% lower discount
to low-income customers than to high-income customers
who had the same amount of risk. Fairness-aware feature
re-engineering lowered the disparity to less than 3%.

Likewise and equally important, studying cases where
Al was used and resulted in negative customer experiences,
internal cautions or notice from regulators. Using the
methodology after the release helped find out that the lack
of Al testing was behind many big failures that standard QA
had missed.

Missed testing steps resulted in these problems and
they could have been predicted. During the chatbot trial,
the initial processing of FNOL (First Notice of Loss) could not
handle claims that older policyholders would put in a non-
standard manner. Upon giving the NLP engine of the chatbot
additional information drawn from various claim transcripts
of different age groups, the number of misclassified claims
decreased by 38%.

On another occasion, telematics labels driving several
short trips per day under lockdown as being risky because
the car stops and accelerates more often. Still, because there
was no model correction for the pandemic, the system gave
unjust driver scores to people in various ZIP codes. Efforts to
continually validate the model and create rules for retraining
allowed it to adjust to important changes in data.

This change goes beyond the numbers to update testing
policy from testing for “correctness” to ensuring correctness,
clarity and fairness in different cases.

The analysis included a discussion of (Final Version with
Integrated Tables).

Tests made using Al in personal lines insurance indicated
both trackable positive changes and new, significant
underlying problems that manual testing missed for many
years. It is obvious from the findings that Al systems that
appear to work well in the overall population often still fail

International journal of humanities and information technology, Volume 7, Issue 3 (2025) 53



Testing What Matters Most: Leveraging Al Potential in Personal Lines Insurance (Auto & Home) Testing

Table 4: Model Performance Metrics After Thematic Testing

Post-test accuracy (%) Bias reduction (%)

Al Model function Pre-test accuracy (%)
Auto Claims Image Classifier 82.5
Home Risk Score Predictor 79.8
Telematics-Based Driver Rating Model 86.3
Chatbot for Claims Filing 91.0
Home Insurance Quote Generator 84.5

89.2 184
85.6 217
92.1 14.9
954 7.1

90.3 19.2

Source: Internal model validation benchmarks (2024 pilot program data)

some vulnerable groups and these problems are usually not
found unless testing focuses on fairness.

Consider, for example, the job of the auto claims classifier.
Before Al validation was added, it were generating seeming
accurate results. Despite being tested using ZIP codes, the
model gave very wrong predictions in crowded urban areas,
mostly affecting those with low incomes. The cause? Some
environments and lighting situations occurred less often in
the training set which could result in problems with cities. It
was not until testing was changed to focus on demographic
fairness and assess behavior in different contexts that this
problem was uncovered which began a new era in testing.

These cases show that being accurate is not enough.
Even a model that scores high in worldwide tests can be
very poor in certain poorer areas. If that kind of model helps
decide what you get paid for your home insurance or your
vehicle claim, the consequences have real and lasting human,
financial and legal effects.

For this reason, this section suggests that the idea of
“Al performance” in personal lines should evolve. It ought
to cover not only accuracy and timeliness, but also four
key aspects of risk: fairness, explainability, adaptability and
accuracy in certain circumstances. We should use these
dimensions in guiding our testing efforts and setting up
what success looks like.

Lack of these four pillars in traditional QA systems is
why Al in insurance still makes the news for unintended
discrimination, rejected insurance claims and obscure pricing.
All the failures found in the study happened because of
unproven beliefs and too much trust in a single measure.

By changing their testing processes based on the given
points, insurers shift from simply using the model to making
sure the model is helpful to some clients and not to others.
That, in fact, is the major advance in Al governance for
personal lines. The change isn't only about better tools; it's
anew level of responsibility, where systems focus on serving
instead of just operating.

Researchers found that when Al fails in personal lines,
it usually goes unnoticed by the system but shows up as
problems for people using it. Even if a claims model works
for most people, it might fail those at the edge which can
result in further difficulties that do not appear in any model
report. These failures are not just rare incidents, but are part
of the system. Since personal lines policyholders can be very
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Understanding model failure through root cause and corrective action.

Root Cause ¢ > Corective Action

Telematics
model

Claims chatbot

Expanded NLP
raining set

Auto claims Home model Quote engine

Feature audit and
fairness re-weighting

Faimess auditing

Concept drift
and ZIP rebalancing

detectors and
retaining

Pandemic scenario
injection and
validation

different in terms of income, where they live, how skilled
they are with technology and access to support such small
margins can affect many lives by means of invisible biases
or hidden errors.

Another problem is that people are deployed without
enough accountability afterward. Because of the way the
feature importance weights and the company’s sales data
were set, the generator did not include lower-income ZIP
codes in its promotional discounts despite it not being a
part of the actual coding. It took fairness auditing for the
error to be caught and dealt with. This demonstrates that
existing issues in Al come from its gathered experiences,
unlessitis intentionally tested to examine and change them.
Without fairness-focused test cases, Al can only make issues
of inequality worse on a much bigger scale.

Also, making models explainable helps build trust, apart
from its role as a legal protection. When the models’ results
were understood by policyholders, they found the models
more helpful. Claims officials used SHAP plots to address
frustrations and explain the reasons for additional costs or a
decision to refuse a claim. Therefore, a valid outcome by an Al
model doesn't help muchif you can’t see how it worked. Since
trust matters in our industry, being transparent matters—not
being opaque is simply not allowed.

Because the pandemic affected telematics, it became
clear that this static form of modeling can only work for
limited periods in changing markets. Nobody expected
that driving behavior would not always show a direct link
to risk—but that demonstrates why any Al testing process

9
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Table 5: Model Behavior Before and After Fairness-Centered Testing

Model component Detected flaw (pre-test)

Corrective test applied

Auto Claims Classifier

Home Risk Predictor

Telematics Risk Scorer ~ Pandemic-induced mileage over-

penalization

Claims Filing Chatbot
language

Home Quote Engine

Lower accuracy in urban low-income ZIPs

Failure to account for wildfire risk drift

Misclassification of elderly policyholder

Discount exclusion in low-income regions

ZIP-stratified image classification fairness audit

Seasonal drift simulation with live data
injection
Behavioral drift injection + retraining

Language diversity NLP benchmarking

Fairness audit on feature importance weights

Model Testing Dimensions

D00

Adaptability

Fairness

Accuracy

Regulatory non-
compliance,
customer
dissatisfaction

Model obsolescence
during external
shocks

Discrimination by
ZIR, age, income
group

Mispriced policies,
incorrect claim
decisions

should cover stressed conditions, bizarre scenarios and “black
swan” instances. Because of the post-deployment validation
checks and drift monitors designed by the new approach, the
mistakes were detected and fixed in the field. If insurers don’t
use these tools, they might decide things using methods that
are no longer relevant.

According to our operational review, it is clear that
testing Alin personal insurance is all about the organization’s
credibility, not just about the engineering efforts. Insurers
who don’t use fairness, adaptability and explainability in
their QA pipelines are suffering a technology gap as well as
putting their reputation in danger. All these consequences,
fines, scandals, lawsuits and major losses of customers, have
actually occurred when poorly tested models were used in
this business.

CONCLUSION

The next priority should be making things standard rather
than continuing to experiment. This framework set out in this
research can be used to avoid failures as well as repair them.
It moves testing past the end of development and makes it
a way of thinking from the beginning.

They influence more than technical processes. Making
sure people understand the model’s logic, catching problems
early and updating it safely are increasingly important for
both system safety and public trust. Al models in personal
lines deal with things such as homes, cars, savings and
financial well-being. Customers are requesting more

International journal of humanities and information technology, Volume 7, Issue 3 (2025)

openness and fairness which regulators are meeting with
official rules. Testing has moved from being an IT topic to
being about governance and ethics.

Moreover, including stories of actual case failures points
out how taking things for granted can be dangerous. These
incidents mean that Al systems have a common flaw which
is that they do not fail by accident. They found problems that
testing missed. In insurance for regular people, remaining
unaware can lead to huge financial losses and harm to trust.

The framework this research develops is based on the
insurance industry and provides an easy method insurers can
putinto practice right away. It is not just something that can
be theorized. Evidence proves that it can be used, measured
and works. It matches growing standards for Al governance
at the NAIC and on the international level and it proposes a
step forward that is technically sturdy and ethically sound.
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