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Abstract: In the dynamic exercise of assessing artificial intelligence, several matters are exclusive to the field since corporations
are moving beyond test prototypes towards powerful manufacturing systems. This entire article explains why the cataloguing testing
systems are now critical components in the responsible technology development, as candidates in the core mechanisms of the
identification of buried biases, performance constraints, and the reduction of deployment risks. The concept of Al evaluations
emerges as multi-layered processes reaching beyond simple accuracy measurements to thoroughly examine how models behave
across countless real-world situations. Practical guidance follows on constructing effective assessment frameworks, stressing the
need for well-defined objectives, truly representative data collections, and extensive testing scenarios. Different evaluation metrics
receive careful consideration, including narrative coherence, contextual relevance, factual precision, bias identification, safety
parameters, and resource utilization. Closing recommendations highlight proven implementation approaches throughout development
cycles, showing pathways toward creating dependable Al solutions that satisfy technical standards while respecting broader
community expectations despite the intricate challenges production environments present.

Keywords: Al Evaluation Frameworks, Generative Artificial Intelligence, Production Deployment, Model Performance Metrics,

Responsible Al Development.

INTRODUCTION

Recent years mark a dramatic shift in how
businesses approach artificial intelligence testing.
Gone are the days when simple accuracy metrics
sufficed; modern evaluation frameworks now act
as vital gatekeepers between experimental
prototypes and market-ready solutions deployed
across business operations.

Take the powerful effect of advanced generative
models in different industries nowadays. These
technologies unleash the potential of automation
that could only be imagined, creative uses, and
decision support tools. But with all this exciting
news, there are dark clouds on the horizon when it
comes to reliability, safety, and conformity with
societal beliefs. Most of the bright Al prototypes
fail in the process of becoming production-ready,
as reliability becomes a hard struggle.

Case studies published in "Developing a
Framework for Evaluating the Business Impact of
Acrtificial Intelligence™ reveal striking patterns:
organizations employing  structured testing
methodologies throughout development cycles
report dramatically higher success rates when
maintaining systems in production environments
(Ayo, O. & mark, J. 2024). These results
emphasize the inadequacy of the conventional
software testing methods used in testing the
current capabilities of Al.

The route from idea to implementation is filled
with  various technicalities and institutional
problems. McKinsey's authoritative report on

industry trends emphasizes that market leaders
achieving maximum business impact share a
common characteristic: robust evaluation practices
assessing not merely technical metrics but also
business alignment, ethical considerations, and
practical operational feasibility (Singla, A. et al.,
2025). These progressive companies do not
consider evaluation a mandatory final box, but
rather ongoing processes that accompany their Al
rollouts through the years, looking into the
dimensions of raw accuracy to fairness of treating
various populations, adversarial degradation
protection, and business-specific strategic fitness.

The changing environments of regulation across
the globe also increase the need for thorough
testing procedures. Organizations face mounting
pressure to demonstrate thorough assessment
across diverse scenarios, particularly situations
presenting potential risks to users or stakeholders.
Evidence suggests companies with mature
evaluation protocols adapt more readily to
emerging compliance requirements while meeting
industry standards for responsible development.
Research findings highlight how organizations
integrating evaluation throughout development
processes identify and address risks earlier,
substantially reducing expensive remediation
efforts and reputation damage (Ayo, O. & mark, J.
2024).

Market competition further reinforces the strategic
value of rigorous testing frameworks. McKinsey's
analysis reveals that companies systematically
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evaluating Al systems against well-defined metrics
achieve faster time-to-value alongside sustainable
competitive advantages compared to organizations
using ad-hoc approaches (Singla, A. et al., 2025).
Structured  evaluation  enables  data-driven
prioritization decisions regarding  which
capabilities warrant development investment,
ensuring perfect alignment between technical
possibilities  and business  requirements.
Comprehensive testing also helps organizations
recognize system limitations, setting appropriate
expectations with stakeholders about technological
capabilities and boundaries.

These tests of testing strategies come at a critical
point in artificial intelligence development. With
generative technologies moving on to become not
only research curiosities but mission-essential
business tools, the need to integrate the more
complex and multidimensional approaches to
testing becomes more and more evident. The
following segments will present an overview of
essential constituents of effective evaluation
systems, examine vital metrics related to the
measurement of generative Al performance, and
provide a set of recommendations to create a
practical implementation guide to develop strong
evaluation systems during the construction process
across development cycles.

THE IMPERATIVE OF Al
EVALUATIONS

The dynamic explosion of developments relating
to generative technologies brings about immediate
needs for advanced testing protocols. Such
evaluation systems have crucial roles in
identifying the covert biases, defining performance
frontiers, and responding to any unseen dangers
before the final release to the people. Without a
comprehensive  assessment,  businesses  risk
unleashing systems that generate misleading,
prejudiced, or potentially harmful content. This
challenge grows increasingly critical as models
become vastly more complex and spread across
diverse applications — from frontline customer
interactions to media creation platforms and
decision systems handling sensitive operations.

Technological acceleration has vastly outpaced
corresponding quality assurance methodologies,
creating troubling gaps in validation practices. A
deep analysis by Lee et al. in "SAIF:. A
Comprehensive Framework for Evaluating the
Risks of Generative Al in the Public Sector”
demonstrates how organizations embracing
structured  evaluation  frameworks  achieve

remarkably improved risk management. Their
systematic examination of model behaviors under
various testing conditions reveals that companies
implementing thorough assessment protocols
significantly reduce unexpected behaviors during
live deployment, correspondingly lowering
financial losses and brand damage (Lee, K. et al.,
2025). Such evidence positions evaluation not
merely as a technical necessity but as a strategic
business imperative directly impacting operational
outcomes and stakeholder confidence.

The multidimensional nature of generative
technology risks demands assessment approaches
transcending traditional accuracy metrics. Industry
analysis from Actian regarding Al governance
gaps indicates market leaders now implement
increasingly nuanced evaluation frameworks
examining models across multiple facets: factual
correctness, reasoning capabilities, potential for
generating harmful content, and alignment with
organizational principles (Radh, D. 2025). These
comprehensive assessments help organizations
uncover subtle failure patterns that otherwise
remain hidden until triggered in production
environments.  Further  evidence  suggests
companies incorporating multidimensional
evaluations deploy systems maintaining consistent
performance when confronting real-world data
distributions and usage patterns inevitably
differing from controlled training environments.

Integrating evaluation throughout development
represents a fundamental departure from earlier
practices treating testing as the final verification
stage. Governance research indicates that
embedding assessment across multiple
development phases — from initial concept
exploration through continuous monitoring of
deployed systems — dramatically enhances abilities
to detect and address potential issues before
affecting customers or business operations. This
"shift-left" testing philosophy mirrors proven
evolutions in software engineering, demonstrating
effectiveness in reducing defects while improving
quality outcomes. According to Actian's
examination of high-performing technology teams,
those adopting continuous evaluation practices
achieve greater development agility while
maintaining stronger safety margins within
deployed systems (Radh, D. 2025).

Evolving regulatory frameworks add critical
dimensions to evaluation requirements. As
governmental bodies worldwide establish new
accountability standards, organizations
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maintaining  robust testing practices find
themselves better positioned to demonstrate
compliance and due diligence. Lee et al.'s findings
highlight how thorough evaluation documentation
provides crucial evidence of responsible
development practices, potentially reducing
regulatory penalties and compliance costs (Lee, K.
et al., 2025). This regulatory aspect strengthens
business justifications for  investing in
comprehensive testing methodologies,
withstanding external scrutiny while building
internal confidence regarding system behaviors.

As generative technologies continue transforming
business operations across sectors, structured
evaluation grows increasingly vital. Forward-
thinking enterprises establishing comprehensive
assessment frameworks position themselves to
capture substantial benefits from powerful
technologies while effectively managing inherent
risks. Investment in thorough testing represents not
simply a technical requirement but a strategic
advantage,  ensuring  technologies  deliver
sustainable value while maintaining perfect
alignment with business objectives and community
expectations.

Risk Management

= ldentify biases

+ Performance boundaries

Business Value

= Reduced financial losses
- Brand protection

- Strategic advantage

Core Evaluation Components

Multi-Dimensional
Assessment

Beyond accuracy metrics

* *Strategi‘cﬁm:comes

Lifecycle Integration

= Continuous monitoring
= "Shift-left” approach

Regulatory Compliance

+ Documentation
= Due diligence

- Reduced penalties

Fig 1: The Imperative of Al Evaluations Framework (Lee, K. et al., 2025; Radh, D. 2025)

DEFINING AI EVALUATIONS

Modern artificial intelligence assessment demands
rigorous methodologies far beyond basic testing
approaches. These structured evaluation processes
measure quality, accuracy, and effectiveness
across systems generating complex outputs like
text, images, code, and audio. Comprehensive
testing frameworks examine model behavior
across countless scenarios, providing vital insights
unavailable through conventional approaches.

Market adoption of advanced generative
technologies has fundamentally transformed
evaluation requirements. Landmark research from
the team, published in "Beyond Accuracy:
Behavioral Testing of NLP Models with
CheckList," revolutionized testing approaches by
demonstrating critical limitations in traditional
benchmarks. Their groundbreaking methodology
reveals how behavioral examination across
multiple dimensions delivers dramatically deeper
insights into model capabilities and limitations

than standard testing alone (Ribeiro, M. T. et al.,
2020). This approach gives technology teams
unprecedented visibility into how systems might
behave when confronting real-world deployment
conditions featuring unexpected inputs and edge
cases.

Effective evaluation requires examining multiple
critical dimensions to determine fitness for specific
applications. Cross-domain performance
assessment reveals broader capabilities while
identifying potential knowledge or reasoning gaps.
Liang's influential paper "Holistic Evaluation of
Language Models" demonstrates how systematic
testing across domain boundaries uncovers
generalization capabilities otherwise remaining
hidden until production deployment (Bommasani,
R. et al., 2023). These cross-domain assessments
help set realistic expectations regarding
technological limitations while identifying specific
areas requiring human oversight or complementary
systems integration.
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Response consistency represents another vital
assessment dimension. This evaluation aspect
measures performance stability when facing minor
input variations that logically shouldn't alter
expected outputs. Liang's research highlights how
counterfactual testing and perturbation analysis
reveal brittleness in model responses, potentially
creating unpredictable  behaviors  during
deployment (Bommasani, R. et al., 2023).
Organizations incorporating these robustness
assessments gain crucial insights into system
stability, enabling implementation of protective
guardrails against potential failure scenarios.

Security  vulnerability  assessment  grows
increasingly critical as generative technologies
integrate deeper into business operations. Testing
how systems respond to deliberately crafted
adversarial inputs reveals potential exploitation
vectors that conventional approaches miss entirely.
Ribeiro's  methodology  demonstrates  how
structured security testing exposes vulnerabilities
that standard accuracy measures never detect,
allowing implementation of defensive measures
before deployment (Ribeiro, M. T. et al., 2020).
This security dimension becomes particularly
significant as applications expand into sensitive
contexts where breaches could cause substantial
harm.

Value alignment testing extends beyond technical
metrics to examine how systems conform with
societal expectations and user needs. This
assessment dimension evaluates whether outputs
reflect appropriate ethical considerations while
avoiding potentially harmful content. Forward-

Cross-Domain Performance -

- ldentifies knowledge gaps
- Reveals generalization capabilities

Security Vulnerability
- Adwversarial input testing
- Exposure of exploitation vectors

thinking organizations implement systematic
alignment  testing across diverse scenarios,
ensuring deployed systems behave appropriately
even when confronting ambiguous or problematic
inputs. This evaluation aspect demonstrates a
commitment  to  responsible  deployment,
considering broader societal impacts beyond pure
technical performance.

Output consistency over time and demographic
fairness represent additional essential testing
dimensions. These assessments examine whether
systems maintain stable performance while
delivering equitable results across different
population segments. Liang's findings emphasize
how longitudinal evaluation combined with
demographic fairness testing provides crucial
insights into reliability and potential disparate
impacts (Bommasani, R. et al, 2023).
Organizations building these dimensions into
testing protocols position themselves to deploy
systems, maintaining consistent performance while
avoiding unintended biases, potentially creating
legal exposure or reputation damage.

As generative technologies continue expanding
across industries, evaluation frameworks must
evolve accordingly. Market leaders implementing
comprehensive testing protocols demonstrate
readiness to deploy systems performing excellently
across technical metrics while aligning perfectly
with  organizational values and  societal
expectations. This multifaceted approach enables
responsible deployment, producing sustainable
value across diverse production environments.

Output Consistency & Fairmness
= Longitudinal evaluation
* Demographic faimess testing

Key Benefits: Responsible Deployment & Sustainable Value
Aligning technical excellence with organizational values and societal expectations

== Response Consistency

- Counterfactual testing
- Perturbation analysis

Value Alignment
- Ethical considerations

- Harm avocidance testing

Fig 2: Defining Al Evaluations: Key Dimensions Framework (Ribeiro, M. T. et al., 2020; Bommasani, R. et
al., 2023)

BUILDING EFFECTIVE EVALUATION
FRAMEWORKS

Creating meaningful evaluation frameworks
requires careful planning and execution. The first
thing that organizations need to do is to have clear
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evaluation objectives that are specific to their use
cases and risk profiles. The goals must capture not
just the technical performance requirements but
also broad-based ethical considerations. Such a
primary step lays the parameters through which
future evaluation efforts will be dictated, and the
evaluation efforts will be directed to the most vital
factors in the performance of the model in the
context of the intended application. The process of
building effective evaluation frameworks begins
with a comprehensive assessment of organizational
objectives and risk tolerance. According to
Sambasivan et al., in their influential paper
"Everyone Wants to Do the Model Work, Not the
Data Work: Data Cascades in High-Stakes Al,"
organizations that invest substantial resources in
defining evaluation criteria based on specific
business requirements achieve significantly more
reliable Al deployments than those employing
generic  benchmarks alone. Their research
demonstrates  that evaluation  frameworks
specifically tailored to organizational contexts
provide substantially more actionable insights than
standardized approaches, enabling more targeted
improvements to model performance (Sambasivan,
N. et al., 2021).

The selection of appropriate datasets represents
another crucial element in evaluation design. Test
data sets that represent the model of actual usage
tendencies are the ideal setups since test data
results correctly indicate how the model will
perform when implemented in the actual user
condition. As detailed in Raji et al's
comprehensive work "Al and the Everything in the
Whole Wide World Benchmark," evaluation
datasets must capture the diversity of inputs that
systems will encounter in real-world deployments,
including edge cases and potential failure modes

that might not appear in standard benchmarks
(Raji, I. D. et al., 2021).

Diversity in content and perspective within
evaluation datasets helps ensure that models
perform consistently across varying contexts and
user populations. This diversity should encompass
not only technical variations but also cultural,
linguistic, and demographic factors that might
influence model behavior. According to Raji's
research, evaluation datasets that incorporate
diverse perspectives help organizations identify
potential biases or performance disparities that
might create equity issues or legal risks in
deployed systems (Raji, I. D. et al., 2021).

The thoughtful selection of sets of evaluation data
to avoid reflecting current bias is a critical part of
framework creation. If not taken care of when
developing and evaluating Al, historical
information frequently carries biases that may be
propagated or strengthened by Al systems.
Periodically updating evaluation datasets ensures
that the conditions under which the datasets are
evaluated are kept up with the changing
circumstances and arising issues. The Evaluation
frameworks shall also be altered to keep pace with
the changing nature of the usage patterns and the
new edge cases that will soon arise.

Full test scenarios must be designed whereby the
costumes of the model will be tested in terms of
expected and edge cases with specific regard to
possible issues of undesired scenarios such as
creating harmful content, security exposures, and
demographic biases. The testing must depend upon
the typical issues and dangers particular to the
proposed use setting, so that assessments give
helpful advice on manufacturing preparedness.

Planning . - -
Clear Evaluation Goals

- Aligned with use cases
- Reflect risk profiles.

- Technical & ethical requirements

=28 .

Dataset Diversity

- Techmnical variations

execution (@)

- Cultural & linguistic factors.
- Demaographic representation

nerston ()

E:Bhprehensive Test Scenaﬁ&é

- Expected and edge cases
- Focus on harmiul content. security wulnerabiliies

- Test for demographic disparities

Representative Datasets

- Mirror real-world usage
- Include edge cases

- Cower potential failure modes.

Bias Mitigation & Updates

- Awoid reinforcing existing biases
- Regular dataset updates
- Adapt to changing conditions

Fig 3: Building Effective Evaluation Frameworks (Sambasivan, N. et al., 2021; Raji, I. D. et al., 2021)
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METRICS FOR GENERATIVE Al

This choice of metrics is the basis of an evaluation
framework. In the case of generative Al systems,
appropriate metrics are likely to be coherence and
fluency, relevance, factual accuracy, bias
detection, safety alignment, and efficiency. These
indicators serve as quantitative and qualitative
guidelines of how the models perform and how
performance can be improved over time.
Organizations should develop custom metric
combinations  that reflect their  specific
requirements and risk tolerances.

The selection of appropriate evaluation metrics
represents a critical decision point in the
development of effective assessment frameworks
for generative Al systems. According to research
by Gehrmann et al. in their comprehensive
analysis "The GEM Benchmark: Natural Language
Generation, its Evaluation and Metrics,”
organizations that implement structured evaluation
protocols with clearly defined metrics achieve
substantially more reliable assessments of model
capabilities than those employing ad hoc
approaches. Their work demonstrates that
carefully selected metrics provide consistent
reference points for tracking improvements and
identifying potential issues throughout the
development lifecycle (Gehrmann, S. et al., 2021).

Coherence and fluency metrics assess the logical
flow and naturalness of generated content,
focusing on whether outputs demonstrate
appropriate structure and linguistic quality.
Relevance metrics measure how well outputs
address the given prompt or query, assessing
whether generated content provides appropriate

responses to user inputs. Fact-based measures
confirm the correctness of the information created,
which is one of the major concerns of a generative
Al system.

Bias detection metrics help organizations specify
the unwanted biases in model outputs that they do
not want and quantify each one to the degree that
the organization might require. As detailed in Zhu
et al.'s extensive paper "PromptBench: Towards
Evaluating the Robustness of Large Language
Models on Adversarial Prompts,” organizations

implementing

structured  safety  evaluations

identify potential risks that might not be apparent

in

standard performance testing, enabling

implementation of appropriate safeguards before
deployment (Zhu, K. et al., 2023).

S

models

afety alignment metrics evaluate how well
avoid generating harmful content,

addressing critical concerns regarding potential
misuse or unintended consequences. Measures of
efficiency of computational resources used to

generate and quantify practical

aspects  of

deployment costs and scale.

Instead of using standardized approaches, which
may be ineffective in fulfilling the unique needs of

a

company, organizations should come up with

their own unique combinations of metrics that
support their requirements and risk tolerances.
Through understanding performance at several

d

imensions,  varying in  each  direction,

organizations are able to obtain an overall picture

of abilities and shortfalls,

which drives the

decisions of deployment as well as the continued
enhancement activities.
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Fig 4: Metrics for Generative Al Evaluation (Gehrmann, S. et al., 2021; Zhu, K. et al., 2023)
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BEST PRACTICES FOR
IMPLEMENTATION

Effective application of Al evaluations should be
incorporated at all stages of the development
process and not used as the end-of-process
verification. Industry leaders suggest setting
minimum performance requirements early in the
development, carrying out evaluation cycles
during the development of models, not tying the
development and evaluation sets, writing up
evaluation procedures and outcomes fully,
consulting with various stakeholders in evaluation
design, and having feedback systems between the
results of evaluation and development of models,
as well as determining clear tolerance levels of
acceptable performance.

The use of best evaluation practices is a key
success indicator in coming up with a fool-proof
generative Al. According to research, "Closing the
Al Accountability Gap: Defining an End-to-End
Framework for Internal Algorithmic Auditing,"”
organizations that integrate evaluation throughout
the development lifecycle achieve substantially
more reliable deployment outcomes than those
treating assessment as a final verification step.
Their study shows that an early and continual
evaluation will allow for the identification and
correction of possible problems before they grow
too large to be fixed in time and significantly
lower the costs and risks related to problems that
happen in later phases (Raji, I. D. et al., 2020).

Establishing a proper performance base early in
development creates critical points of reference
that can be used to monitor the process and see
future regression as models continue to develop.
Conducting regular evaluation cycles as models
evolve enables continuous monitoring of progress
and timely identification of potential issues. As
detailed in Mitchell et al.'s comprehensive paper
"Model Cards for Model Reporting,” organizations
implementing structured evaluation cadences
achieve more consistent progress toward
performance objectives than those employing less
systematic approaches (Mitchell, M. et al., 2019).

Separate development and evaluation datasets
should also be considered a core good practice
intended to make the assessment outcomes more
reliable. By thoroughly documenting evaluation
methods and outcomes, transparency,
reproducibility, and sharing of knowledge are
made possible within development teams and
between stakeholders in the project. The

participation of various stakeholders in the design
of evaluations can go a long way in making sure
that assessment structures accommodate the entire
gamut of things to take into consideration in terms
of satisfactory implementation.

The development of feedback among evaluation
findings and model updates allows one to engage
the systematic improvement process aimed at
eliminating the specified shortcomings. The setting
of the objective standards of acceptable
performance offers an objective time point at
which it will be determined that one is ready to get
deployed, and it also provides areas that should be
further improved. Throughout the development
lifecycle, the incorporation of end-to-end
evaluation enables organizations to design more
secure systems at a lower cost and risk, which are
incurred during the post-deployment detection of
problems.

CONCLUSION

With generative Al transforming businesses and
societies, comprehensive testing structures are
necessary to assist these new-fangled technologies
in providing the desired outcome. With the help of
multifaceted evaluation strategies, the companies
can significantly reduce the possible threats,
achieve higher levels of customer trust, and
develop truly reliable technological services and
solutions. The transition of experimental ideas on
artificial intelligence into solutions ready to enter
the market requires intense and extensive testing
protocols not only in terms of pristine technical
performance but also in a larger social context.
Thoughtful designing and implementation of
evaluation  procedures  enables  farsighted
companies to unleash the disruptive power of
generative Al and deal with the built-in risks
concurrently. These types of evaluation practice
are not only technical requirements but form a
strategic competitive advantage, allowing the
production of sustainable values without ignoring
the absolute alignment with the business and local
standards. In a dynamic and constantly changing
environment of rules and solutions, companies that
focus on streamlined evaluation processes have the
best available chances to go through new
challenges by also seizing  undreamed
opportunities, which can be found with generative
technologies in modern markets.

REFERENCES
1. Ayo, O. & mark, J., "Developing a Framework
for Evaluating the Business Impact of

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 618
(CC BY-NC-ND 4.0) International License

Publisher: SARC Publisher



Jaggavarapu, M. K. R.

Sarc. Jr. Eng. Com. Sci. vol-4, issue-7 (2025) pp-612-619

Acrtificial Intelligence," ResearchGate, (2024).

on Human Factors in Computing Systems.

https://www.researchgate.net/publication/3863 (2021).

21336 Developing_a_ Framework for Evalua 8. Raji, I. D., Bender, E. M., Paullada, A.,
ting_the Business Impact of Artificial Intell Denton, E., & Hanna, A."Al and the
igence everything in the whole wide world
Singla, A., Sukharevsky, A., Yee, L., Chui, benchmark." arXiv preprint
M., & Hall, B. "The state of Al: How arXiv:2111.15366 (2021).

organizations are rewiring to capture 9. Gehrmann, S., Adewumi, T., Aggarwal, K.,
value." McKinsey & Company 12 (2025). Ammanamanchi, P. S., Anuoluwapo, A.,
Lee, K., Kim, H., & Whang, J. J. "Saif: A Bosselut, A., & Zhou, J. "The gem
comprehensive framework for evaluating the benchmark: Natural language generation, its
risks of generative ai in the public evaluation and metrics." arXiv  preprint
sector." arXiv preprint arXiv:2102.01672 (2021).

arXiv:2501.08814 (2025). 10. Zhu, K., Wang, J., Zhou, J., Wang, Z., Chen,
Radh, D. "The Governance Gap: Why 60% of H., Wang, Y., ... & Xie, X. "Promptrobust:
Al Initiatives Fail,” Actian Corporation, Towards evaluating the robustness of large
(2025). https://www.actian.com/blog/data- language models on adversarial
governance/the-governance-gap-why-60- prompts.” Proceedings of the 1st ACM
percent-of-ai-initiatives-fail/ workshop on large Al systems and models with
Ribeiro, M. T., Wu, T., Guestrin, C., & Singh, privacy and safety analysis. (2023).

S. "Beyond accuracy: Behavioral testing of 11. Raji, I. D., Smart, A., White, R. N., Mitchell,
NLP models with CheckList." arXiv preprint M., Gebru, T., Hutchinson, B., ... & Barnes, P.
arXiv:2005.04118 (2020). "Closing the Al accountability gap: Defining
Bommasani, R., Liang, P., & Lee, T. "Holistic an end-to-end framework for internal
evaluation of language models." Annals of the algorithmic auditing." Proceedings of the 2020
New York Academy of Sciences 1525.1 (2023): conference on fairness, accountability, and
140-146. transparency. (2020).

Sambasivan, N., Kapania, S., Highfill, H., 12. Mitchell, M., Wu, S., Zaldivar, A., Barnes, P.,

Akrong, D., Paritosh, P., & Aroyo, L. M.
“Everyone wants to do the model work, not
the data work™: Data Cascades in High-Stakes
Al." proceedings of the 2021 CHI Conference

Vasserman, L., Hutchinson, B., ... & Gebru, T.
"Model cards for model
reporting." Proceedings of the conference on
fairness, accountability, and transparency.
(2019)

Source of support: Nil; Conflict of interest: Nil.
Cite this article as:
Jaggavarapu, M. K. R. “The Evolution of AI Evaluations: From Proof of Concept to Production” Sarcouncil

Journal of Engineering and Computer Sciences 4.7 (2025): pp 612-619.

Copyright © 2022 The Author(s): This work is licensed under a Creative Commons Attribution- NonCommercial-NoDerivatives 4.0 619
(CC BY-NC-ND 4.0) International License

Publisher: SARC Publisher


https://www.researchgate.net/publication/386321336_Developing_a_Framework_for_Evaluating_the_Business_Impact_of_Artificial_Intelligence
https://www.researchgate.net/publication/386321336_Developing_a_Framework_for_Evaluating_the_Business_Impact_of_Artificial_Intelligence
https://www.researchgate.net/publication/386321336_Developing_a_Framework_for_Evaluating_the_Business_Impact_of_Artificial_Intelligence
https://www.researchgate.net/publication/386321336_Developing_a_Framework_for_Evaluating_the_Business_Impact_of_Artificial_Intelligence
https://www.actian.com/blog/data-governance/the-governance-gap-why-60-percent-of-ai-initiatives-fail/
https://www.actian.com/blog/data-governance/the-governance-gap-why-60-percent-of-ai-initiatives-fail/
https://www.actian.com/blog/data-governance/the-governance-gap-why-60-percent-of-ai-initiatives-fail/

