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Why Evaluating Al Applications
Matters

As Al is rapidly advancing, its use in critical systems (like healthcare,
finance, transportation, government services) is growing at fast
pace.

Since Al outputs are probabilistic, meaning - results can change
even with the same input, they must be carefully validated to reduce
bias (for example, a hiring tool favoring one set of candidates over
another) and avoid unpredictable behavior.

Responsible Al means knowing its limits, testing edge scenarios (like
rare diseases in healthcare or unusual fraud cases in banking), and
adding safeguards (such as human review, extra rules, or alerts) to

stop harmful outcomes and ensure reliable results.

‘— Probabilistic vs. Deterministic

Al outputs are probabilistic, not deterministic, making systems flexible yet

uncertain - requiring careful evaluation before deployment.

@—  Unpredictable & Vulnerable

Al's power is undeniable, yet its unpredictability, biases, and vulnerabilities

demand scrutiny.

®—  Ensuring Trust, Fairness, Safety

Traditional QA checks functionality. AI evaluation ensures trust, fairness,

and safety.

"AI delivers value only when it is trusted. Evaluation is

how we build that trust”
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Why Evaluating Al is Different?

Traditional Testing

Traditional software development and testing is based on fixed rules and
predictable behavior, where the same input gives the same result.
The main focus is on functionality and correctness, with pass/fail outcomes

driven by finding the gaps, risks, defects, errors in the code.

Testing is guided by the user’s requirements, business needs, and risk level,

ensuring the software works as expected without failures that impact customers
or operations

e Logic: Rules-based (follows fixed instructions)

e Outputs: Deterministic (same input = same output)

e Bugs: Defects in Software - Errors in code

o Testing Goal: Functionality, correctness, asses risk etc.,

e Outcomes: Binary (Pass/Fail), usable high quality Software

Al Evaluation

Al applications learn patterns from data and can adapt or change over time.

Because they are probabilistic (the same input can give different outputs),

evaluation cannot rely on simple pass/fail checks.

Instead, Al evaluation looks at accuracy, fairness, robustness, safety and
trustworthiness, checking for bias in data or models and reviewing results
through confidence scores and probabilities.

e Logic: Data-driven (learns from examples, not fixed rules)

e Outputs: Probabilistic (same input = output may differ)

e Bugs: Bias or flaws in data/model

o Testing Goal: Fairness, safety, reliability, trust, security

e Outcomes: Confidence scores, probabilities (not just pass/fail), responsible,

trustworthy Al that servers the purpose

“Al evaluation is not about proving it works, it's about
ensuring it works fairly, safely, and in ways people can

trust.”
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What Happens When Al Goes Unevaluated?

© a

Unpredictable Behavior Bias & Discrimination Data Drift & Model Decay
Al may act inconsistently or produce Untested Al can worsen or amplify existing As real-world data changes over time, Al
unexpected results in new or unseen biases, leading to unfair results in the models may lose accuracy and perform
scenarios, leading to operational instability critical areas like hiring, lending, or less effectively
healthcare
Hallucinations Privacy Breaches Adversarial Attacks
Generative Al, in particular, can produce Without proper evaluation, Al systems Small changes in input data can trick Al
factually incorrect or misleading outputs, might accidentally expose sensitive or into making wrong or erroneous decisions
undermining trust and reliability personal information, leading to severe
privacy violations
Lack of Explainability Regulatory Non-Compliance
When Al decisions are hard to explain or justify, people lose trust, Skipping evaluation can lead to violations of data protection and Al-
making adoption difficult specific regulations (e.g., GDPR, HIPAA, EU Al Act), resulting in hefty
penalties.

"‘An untested Al is not just a technical risk - it's a business, ethical, and societal risk.”
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Industry Scenarios Where Al Evaluation is Critical

Where Evaluation Protects Businesses and Users

Healthcare

Diagnostic Al missing rare conditions

— delayed treatment.

Triage chatbots misclassifying

emergencies — patient safety at risk.

Finance

Credit scoring model unfairly rejecting

applicants due to biased data.

Fraud detection Al failing when

fraudsters adapt to new patterns.

—_——

E-commerce & Retail

e Recommender systems surfacing

unsafe or harmful products.

e Personalization engines overusing

sensitive data — privacy violations.

A3

Enterprise & Public Sector Chatbots

Providing inaccurate compliance or legal advice.

Generating toxic or biased responses damaging brand trust.

hazards.

» Inconsistent object detection at night or in bad weather — safety

e Over-reliance on training data from limited geographies.

=

=

Autonomous Vehicles

“Across industries, Al errors aren't just technical bugs - they carry human, financial, and legal

consequences”
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What to Evaluate in Al Systems

Key Dimensions of Al Evaluation

Data Quality
» Representativeness (Does the data cover all types of users?)
e Completeness & consistency (Is the data accurate and ®
reliable?) Model Performance

e Bias detection (Does the training data favor or ignore « Accuracy, Precision, Recall (measures of how correct the

j ? , .
certain groups?) model’s predictions are)

@ —— -« Faithfulness (does the output stay true to known facts?)

e Error Analysis (by Segments) (checking where the model

Fairness & Bias makes more mistakes, Ex., certain users, regions, or
« Demographic parity checks (Are outcomes balanced scenarios)
across groups?)
o Equal opportunity metrics (Do all groups get the same —e
chance for success?)

Robustness & Security
» Disparate impact analysis (Does the system

unintentionally disadvantage certain users?) e Edge Case Handling (can the Al deal with rare or unusual

situations?)

Adversarial Attack Resistance (can it resist tricks designed

. . to fool it?)
Explainability & Transparency

e Noisy Input Behavior (does it still work when data is

e Output explainability (tools like SHAP, LIME to show why incomplete or messy?)

Al made a decision)

e Model documentation & audit (clear records of how the

model was built and tested)

Safety & Reliability

» Decision traceability (ability to track how inputs led to

outputs) e Guardrails (blocks or filters to stop harmful or unsafe

outputs)
¢ » Fail-Safe Mechanisms (backup actions if the Al fails, Ex.,

) human takeover)
Compliance & Governance
o Ethical Guidelines Alignment (ensuring Al follows

e GDPR/ HIPAA / EU Al Act (laws that protect data privacy
and safe Al use)

principles of fairness and responsibility)

e Accountability frameworks (clear roles for who is ®

responsible for Al decisions)

e Regular audits & monitoring (routine checks to ensure

rules and standards are followed)

"Al that is accurate but unfair or unsafe cannot be trusted - evaluation ensures all three”
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Framework for Al Evaluation

A Lifecycle Approach to Al Evaluation

System Security
Integration Evaluation .
. - Application
Model Evaluation Testing * Vulnerability Testing
» Validate APIs testing. Production
e Measure ' o Verif B
fai latency, and e Adversarial attack IY bilit 4 Monitoring
Data Validation accuracy, fairness, ‘ ‘ explainability an '
th hput. lation. e Detect drift
_ and robustness. RS SInHEHon safety in real use. ehee ‘r1 '

e Check quality, . e Ensure scalability =~ ¢ Data privacy anomalies, and
balance, and bias * Testagainst aineler lerel celhErenee. > o U e performance
‘n datasets adversarial/edge- accessibility, and decay

case inputs. inclusivity.

e Prevent data drift e Continuous

before model feedback loop for

training. re-training.

"True AI maturity comes from continuous evaluation at every stage.”
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KPIs & Success Metrics for Al

How Do We Measure Al Quality?

Al evaluation is incomplete without measurable outcomes. These KPIs ensure systems are accurate, fair,
safe, and reliable.

Category KPI / Metric Why It Matters

Model Accuracy Precision, Recall, F1-score Captures correctness beyond raw accuracy

Reliability Error rate, Uptime, Consistency Stability across scenarios

Hallucination Rate % of factually wrong outputs Critical for LLMs & Generative Al

Fairness Demographic parity, Equal Ensures no group is disadvantaged
opportunity

Robustness Accuracy under noisy/adversarial Resilience against attacks & edge cases
Inputs

Security Vulnerability scan results, Attack Protects against malicious attacks & data
surface reduction breaches

Latency & Throughput Response time per request Impacts usability & scalability

User Trust Satisfaction surveys, UX trust score Gauges real-world adoption readiness

Safety Harmful outputs prevented Protects users & brand reputation

Compliance GDPR / HIPAA / Al Act checks passed Meets regulatory standards

Efficiency Cost per inference Balances performance with resource use

"In Al the right metrics don't just measure performance - they measure trust”
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Case Studies in Al Evaluation

How Evaluation Prevents Risk and Builds Trust - An Example

ghla

Healthcare Startup

« Challenge: An Al diagnostic tool performed well in
training dataset, but failed to detect some rare diseases

in real-world cases.

o Evaluation: Bias and robustness tests were carried out

using more diverse and underrepresented medical data.

e Outcome: The model became more reliable, improving

patient safety and supporting regulatory approval.

FinTech Credit Scoring

Challenge: An Al system for loan approval was unfair,
often rejecting applications from certain groups of

people.

Evaluation: Checks were done to find hidden
unfairness (bias) and to make sure the system could not

be easily misused.

Outcome: The system became fairer and safer, helping
customers trust it and reducing problems with

regulations.

“Evaluation is not just about accuracy - it’s about avoiding harm, ensuring

compliance, and protecting lives”

linkedin.com/in/manjunathnp

Manjunath N P



The Human Intelligence in Ensuring AI Quality

In the age of Al, the tester’s role is more crucial than ever before. Al can self-optimize, but it cannot self-
evaluate for fairness, ethics, or usability. That requires human judgment. Testers bring a unique blend of
skills and experience that no automated metric can replace.

Why Testers Are Indispensable in Al Evaluation:

Applying Core Testing Skills Applying Insights & Experience Across

_ : : Products & Domains
Designing edge cases, negative scenarios, boundary

testing. Stress testing under real-world variability, Years of testing web, mobile, APIs, cloud, and services
Security testing against adversarial inputs and misuse — sharp instincts for spotting failure patterns. Domain
attempts expertise (finance, healthcare, travel, etc.) = ensures

Al outputs align with business and user needs.

Human Judgment & Empathy Ethical Oversight
Asking: "Does this answer actually help the user?” Acting as the last line of defense against unsafe or
Spotting bias, exclusion, or harm that metrics miss. non-compliant Al behavior.

‘All the testing skills we ve built over years - design, analysis, critical thinking, domain expertise are

now the foundation for evaluating AI"
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Quuality & Trust in the Age of
Artifical Intelligence

1] 1]
Al is now critical across Evaluation is the new
healthcare, finance, and cornerstone of quality
daily life. But its power assurance. From data to
demands responsibility: deployment, every step of
unevaluated Al amplifies the Al lifecycle demands
risks and bias. rigorous, transparent, and
ethical validation.
2 2
1]
As QA professionals and leaders, our role expands: not just
finding bugs, but safeguarding trust in intelligent systems.
9

"‘Our greatest contribution as Testers is not
just finding bugs, it's ensuring that these

intelligent systems & products serve
humanity responsibly”
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