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Abstract. The increasing role of Artificial Intelligence (Al) in enterprise transformation necessitates compre-
hensive assessment models that capture the full spectrum of Al-driven smartization. This study introduces the
Al-Enterprise Smartization Index (AIES-Index) — a structured framework designed to evaluate Al adoption
across five key dimensions: Al adoption level, decision-making autonomy, explainability and transparency,
operational efficiency, and sustainability contributions. Unlike existing Al maturity models, which primarily
focus on strategic or financial aspects, AIES-Index integrates quantifiable metrics that measure AI’s real-world
impact on business operations, decision-making processes, and sustainability efforts.

The study employs a multi-criteria weighted index methodology, where each category is assigned a specific
weight based on its significance in Al-enabled smartization. A min-max normalization approach ensures com-
parability across enterprises, allowing for objective benchmarking. To differentiate AIES-Index from existing
models, a comparative analysis highlights its advantages in measuring Al adaptability, transparency, and ESG
alignment, areas often overlooked in traditional Al capability frameworks.

The results demonstrate that AIES-Index provides a more holistic and quantifiable assessment of Al-driven
smartization, incorporating both financial and non-financial metrics. The model emphasizes Al’s role in en-
hancing operational efficiency, optimizing business processes, improving explainability, and driving sustain-
able innovation. A key finding is that Al transparency and decision-making autonomy are critical factors influ-
encing enterprise-wide adoption and regulatory compliance.

Future research will focus on empirical validation of AIES-Index using real enterprise data, enabling prac-
tical applications across industries. Additionally, a sensitivity analysis will be conducted to assess the model’s
robustness by evaluating how variations in specific indicators affect the overall AIES-Index score. These steps
will ensure the model’s adaptability to dynamic business environments and sector-specific AI implementations.

The proposed AIES-Index framework serves as a valuable tool for enterprises, policymakers, and research-
ers, offering a structured methodology to evaluate AI’s transformative impact on business processes while align-
ing with modern governance, ethical, and sustainability standards.

Keywords: Al-Enterprise Smartization Index (AIES-Index), Artificial Intelligence (Al), Smartization,
Decision-Making Autonomy, Explainability and Transparency, Operational Efficiency.
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1. Introduction

In recent years, artificial intelligence (AI) has
emerged as a transformative force in enterprise man-
agement, driving digitalization and automation across
various sectors [1]. Smartization refers to the intelli-
gent transformation of business processes, products,
and services through Al and other digital technologies
[2]. By leveraging Al-driven analytics, automation,
and decision-making capabilities, enterprises can en-
hance efficiency, reduce costs, and improve strategic
agility. The integration of Al into enterprise operations
facilitates predictive analytics, process optimization,
and real-time adaptability, making businesses more
competitive in an increasingly digitalized economy.

The aim of this article is to develop and justify the
Al-Enterprise Smartization Index (AIES-Index) as
a structured framework for assessing the role of Ar-
tificial Intelligence in enterprise smartization. The
study focuses on quantifying Al-driven transformation
by integrating key dimensions such as Al adoption,
decision-making autonomy, explainability, operational
efficiency, and sustainability contributions. To achieve
this goal, the following scientific tasks were systemat-
ically accomplished:

1. Develop a structured methodology for assessing
Al-driven smartization: define the AIES-Index model,
selecting measurable indicators and determining ap-
propriate weighting for key smartization dimensions.

2. Justify the five key categories of AIES-Index:
analyze why Al adoption, decision-making autonomy,
explainability, operational efficiency, and sustainabil-
ity are critical factors in enterprise transformation.

3. Compare AIES-Index with existing Al assess-
ment models: identify the limitations of conventional
Al maturity and impact assessment frameworks and
highlight the advantages of AIES-Index in providing
a multi-dimensional evaluation.

4. Apply a quantitative weighting and normaliza-
tion methodology: develop a formula for calculating the
ATES-Index score using expert evaluation, weighted
indicators, and min-max normalization techniques.

5. Discuss implications and future research direc-
tions: Assess how AIES-Index can be applied to real
enterprise data, evaluate its potential sensitivity to
changes in input parameters, and propose directions
for empirical validation.

By addressing these objectives, the article provides
a comprehensive framework for measuring Al-driven
smartization, contributing to both academic research
and practical enterprise applications. The findings
support business leaders and policymakers in eval-
uating AI’s role in enterprise transformation while
ensuring alignment with transparency, efficiency, and
sustainability goals..

The integration of artificial intelligence into en-
terprise operations has significantly contributed to
the transition towards smartization — a process in
which data-driven decision-making, automation, and
cognitive computing play a fundamental role. Exist-
ing studies have examined AI’s impact on enterprise

digital transformation, focusing on efficiency gains,
cost reductions, and innovation acceleration. However,
the need for standardized approaches to evaluating
Al-driven smartization remains a critical challenge.

A notable contribution to this discourse is the DIK-
WP Conceptualization Semantics Standards Version
1.0 [3], which introduces an advanced framework for
testing and evaluating Al performance. This model
extends the traditional Data-Information-Knowledge-
Wisdom (DIKW) [4] paradigm by incorporating Pur-
pose, emphasizing goal-oriented cognitive process-
ing. The DIKWP model conceptualizes Al’s ability to
transform raw data into actionable insights, aligning
with the core principles of enterprise smartization. It
highlights AI’s role in semantic understanding, bias
assessment, value alignment, and decision-making
transparency, which are crucial for evaluating AI-driv-
en business transformation.

The management of smartization in enterprises has
been explored from both theoretical and practical per-
spectives. Bashynska (2023) [2] provides a comprehen-
sive examination of the theoretical and methodological
aspects of business process smartization in industrial
enterprises, defining the key components required for
the transition from traditional to Al-enhanced busi-
ness models. Meanwhile, Bashynska (2020) [5] inves-
tigates the role of smartization in ensuring economic
security, outlining frameworks for managing smart
business processes to enhance resilience, adaptability,
and efficiency. These works highlight the importance of
structured Al integration within corporate strategies,
bridging the gap between digital transformation and
long-term business sustainability.

Several assessment methodologies have been pro-
posed to evaluate AI’s impact on enterprises. AI matu-
rity models, such as Gartner’s AT Maturity Framework
[6] and McKinsey’s Al Readiness Model [7], classify
enterprises into stages based on their level of AT adop-
tion, ranging from experimental implementation to
full Al-driven automation. These models provide stra-
tegic guidance but often lack the granularity needed
to assess AI’s cognitive and ethical dimensions within
smartization. Meanwhile, The demand for Al transpar-
ency has led to the development of frameworks such
as DARPA’s Explainable AI (XAI) program [8] and the
EU Trustworthy Al Guidelines [9]. These approaches
emphasize interpretability, fairness, and accountabil-
ity in AI decision-making.

Beyond technical evaluation, researchers such
as Brynjolfsson and McAfee [10] and Kaplan and
Haenlein [11] have examined AI’s contribution to
business efficiency through metrics like productivity
gains, cost reductions, and innovation rates. Howev-
er, a major challenge remains in isolating AI’s direct
impact from broader digital transformation trends.
Other studies, such as those by Binns [12] and Jobin
et al. [13], have shifted the focus to ethical and so-
cioeconomic assessments, exploring AI’s implications
for workforce dynamics, regulatory compliance, and
privacy concerns. These perspectives highlight the
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importance of balancing automation with responsible
ATl governance.

From the perspective of enterprise smartization, ex-
isting assessment methodologies remain fragmented.
Frameworks such as the Industry 4.0 Readiness Index
and the Digital Economy and Society Index (DESI)
provide valuable insights into digital transformation
but focus primarily on technological infrastructure
rather than AT’s strategic role in business intelligence
and automation. Other studies, such as those by Lee
et al. [14] and Xu et al. [15], have proposed enterprise
smartness models based on Al-driven process optimi-
zation, autonomous decision-making, and adaptability.
However, these models still lack a unified standard for
measuring AI’s integration into corporate decision-
making.

Key performance indicators have also been sug-
gested for evaluating enterprise smartization, with
research by Porter and Heppelmann [16] and Kager-
mann [17] emphasizing real-time data utilization,
Al-enhanced customer interactions, and predictive
maintenance efficiency. Recent developments have
further integrated sustainability metrics, with stud-
ies such as those by Sauter et al. [18] advocating for
Al-driven approaches to energy efficiency, resource
optimization, and circular economy principles as es-
sential elements of smartization assessment.

While each of these methodologies provides valu-
able insights, they remain either technologically fo-
cused or ethically driven, lacking a comprehensive,
multi-dimensional framework for evaluating AI’s role
in enterprise smartization. The DIKWP model offers
a potential bridge between these perspectives by inte-
grating technical performance, cognitive adaptability,
and ethical compliance within a structured evaluation
approach. This highlights the need for future research
to develop standardized, adaptable assessment models
that capture AT’s strategic business value, adaptability,
and long-term sustainability in enterprise environ-
ments.

The literature indicates that while AI and smar-
tization are closely linked, there is no integrated as-
sessment model that captures the holistic impact of
Al-driven smartization. Developing a comprehensive
evaluation framework that integrates Al maturity,
enterprise smartization levels, and sustainability in-
dicators would provide businesses with a more action-
able tool for measuring progress and making informed
decisions..

2. Materials and Methods
2.1. Data collection and sources
The study utilizes primary and secondary data
sources:

* Primary data: expert interviews with business lead-
ers, Al specialists, and digital transformation con-
sultants to gain insights into Al-driven smartization
strategies.

* Secondary data: analysis of industry reports, aca-
demic publications, and publicly available datasets

from institutions such as the OECD, World Economic
Forum, European Commission, and consulting firms
(e.g., McKinsey, Gartner).

2.2. Limitations of the study

While this research aims to provide a comprehen-
sive assessment of Al-driven enterprise smartization,
certain limitations exist:
* Theoretical-methodological nature of the model: the
AIES-Index developed in this study is theoretical
and methodological, meaning that it has not yet been
empirically tested on real enterprise data. Future
research will focus on validating and refining the
model through practical applications.
Data availability: access to proprietary enterprise Al
adoption data may be restricted, limiting the ability
to fully verify the model’s applicability across differ-
ent industries.
Industry-specific challenges: the dynamics of Al-driv-
en smartization vary significantly across industries,
making it difficult to create a one-size-fits-all assess-
ment framework. Sector-specific adjustments to the
AIES-Index may be necessary.
Ethical considerations: Al-related risks, such as algo-
rithmic bias, workforce displacement, and regulatory
compliance, require further in-depth analysis beyond
quantitative assessments, particularly in areas of
explainability and fairness.

Given these limitations, future research will focus
on empirical validation of the AIES-Index using real
enterprise data and conducting sensitivity analysis to
refine the model’s accuracy and applicability.

2.3. Methodological framework for Al-driven
smartization assessment

The study develops the Al-Enterprise Smartization
Index (AIES-Index) to measure the extent of Al-driven
enterprise transformation. Table 1 presents the key
assessment dimensions and indicators.

The AI-Enterprise Smartization Index
(AIES-Index) is designed to quantitatively assess
the level of smartization in enterprises driven by Ar-
tificial Intelligence (AI). The model evaluates enter-
prises based on five key dimensions: Al adoption level,
decision-making autonomy & adaptability, explainabil-
ity & transparency, operational efficiency & business
impact and sustainability contributions.

a) structure of the index

AIES-Index is calculated as a weighted composite
index based on the five dimensions, each consisting of
multiple measurable indicators. The overall index is
computed using the following formula:

AESI =w M +w,D +w,B+w, +w,S (1)

where:
M is Al adoption level;
D is decision-making autonomy & adaptability;
B is explainability & transparency;
I is operational efficiency & business impact;
S is sustainability contributions.
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Table 1

Key indicators for AI-Enterprise Smartization Index (AIES-Index)

Assessment category

Key indicators

AT adoption level

Al integration across business functions (e.g., manufacturing, HR, supply chain), auto-
mation percentage, investment in Al-driven processes, adoption of machine learning & Al
decision support systems

Decision-making autonomy
& adaptability

Share of Al-driven decisions vs. human decisions, Al adaptation speed, model update fre-
quency, Al performance in dynamic environments, risk management & anomaly detection

Explainability & transpar-
ency

Al interpretability (SHAP/LIME), number of explainability case studies, user complaints
about Al decision opacity, compliance with DARPA XAI guidelines, implementation of AI
bias detection tools (e.g., fairness auditing models).

Operational efficiency &
business impact

AT ROI, workforce productivity improvement, percentage of business processes automated
by AI, supply chain optimization using AI, Al-driven customer service enhancements,
financial performance impact of Al

Sustainability contributions

Al-driven resource consumption reduction, Reduction of carbon footprint through Al-pow-
ered optimizations, Al applications in circular economy strategies, Al-enhanced environ-

mental impact monitoring

Source: Combination of indicators proposed by the authors

w,, w,, w,, w,, w, are weights assigned to each cat-
egory based on their relative importance.
The sum of weights is 1:

(2)

w; + W, +wy +w, +wyg =1

b) indicator selection and scoring

Each dimension is assessed using multiple indica-
tors, normalized to a 0—100 scale, where 0 represents
no Al-driven smartization and 100 represents full
smartization.

¢) normalization of scores

To ensure comparability across enterprises, raw
values for each indicator are normalized using min-
max scaling:

X-X .
X =——mm 700 3)
rorm Xmax - Xmin
where
X is normalized score (0—100 scale);

nqrm . .
X is actual value of the indicator;

X o> X are maximum and minimum obser-
ved values in the dataset.

Min-max scaling ensures that all indicators fall
within a standardized 0-100 range, allowing for direct
comparability across enterprises. Alternative normal-
ization techniques, such as z-score standardization,
were considered but not implemented due to potential
distortion in non-normally distributed data.

In the normalization process, X . and X _ rep-
resent the minimum and maximum observed values
for each indicator. These values can be derived from
different reference points, depending on the scope of
analysis. If the study aims to compare enterprises
across an industry, X . and X__ should be sourced
from industry-wide benchmarks or publicly available
datasets. Alternatively, for an enterprise-level assess-
ment, normalization can be performed using historical
company data or a peer group of similar enterprises.
This approach ensures that the Al-Enterprise Smar-
tization Index (AIES-Index) reflects both industry

positioning and internal progress over time, making

the assessment more adaptable to different business
contexts.

Each category score is computed as the weighted
sum of its indicators:

M= Zn:wl.Xi 4
i=1

D= iwiXi (5)
i=1

B= Zn:wiXi (6)
i=1

I= Zn:wiXi (7)
i=1

(8)

S= Zn:wiXi
i=1

d) adjusted weight distribution

To reflect the varying importance of each dimension
in enterprise smartization, the following weights are
assigned:

AESI =0,3M +0,25D +0,2B + 0,151 +0,1S

where:

M (AI adoption level) — 30%: evaluates enterprise
Al maturity and integration.

D (decision-making autonomy & adaptability) —
25%: measures Al-driven decision automation and
adaptability.

B (explainability & transparency) — 20%: assesses
Al interpretability and compliance with ethical stan-
dards.

I (operational efficiency & business impact) — 15%:
quantifies AI’s contribution to business performance.

S (sustainability contributions) — 10%: evaluates Al’s
role in reducing resource consumption and emissions.

Each category score is computed using a set of
measurable indicators and weighted according to its

9
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significance. The weights assigned to the five AIES-In-
dex categories (M = 30%, D = 25%, B = 20%, 1 = 15%,
S = 10%) were determined based on expert evalua-
tion involving specialists in Al implementation, digi-
tal transformation, and business strategy, using the
methodology based on the expert evaluation method
using a priori ranking and the concordance coefficient
[19]. A panel of industry experts and academic re-
searchers was consulted to assess the relative impor-
tance of each category in the enterprise smartization
process. Their insights emphasized that AI adoption
and data utilization (M & D) contribute the most to
enterprise smartization, followed by business process

optimization (B), while innovation & adaptability (I)
and sustainability & ethics (S) play supportive roles
in long-term transformation.

e) indicator selection and measurement

To ensure a structured assessment of Al-driven en-
terprise smartization, the AI-Enterprise Smartization
Index ATES-Index) utilizes a set of quantifiable indi-
cators, each weighted according to its relative signifi-
cance. The determination of these weights was based
on expert evaluation, incorporating insights from spe-
cialists in Al implementation, digital transformation,
and business strategy. The methodology follows the
a priori ranking method and concordance coefficient

Table 2
Al-Enterprise Smartization Index (AIES-Index) categories, indicators, and weights
. Weight in
Category Indicator Category
AT maturity level (0-5 scale) 35%
Al investment in corporate strategy (percentage of company budget allocated to Al, 25%
presence of an Al-driven corporate strategy)
. Number of Al-driven processes (number of business processes automated by Al, 15%
AT adoption level h as A dd ine. Al .
M) — 30% such as Al-powered document processing, Al in HR recruitment)
Use of AI Maturity Models (e.g., Gartner, McKinsey) (use of corporate Al assess- 10%
ment models for planning digital transformation)
Al-driven decision support systems implemented (existence of Al systems for de- 15%
mand forecasting, automated reporting, Al in financial analysis)
% Al-driven decisions (vs. human decisions) (percentage of decisions made by Al 30%
without human intervention, such as automated loan approvals)
AT adaptation speed to new conditions (time required for Al systems to adapt to 30%
Decision-making |changes, e.g., updating recommendation algorithms)
autonomy & AI model update frequency (how often Al models are updated, e.g., the number of 15%
adaptability (D) — | times per year Al is retrained with new data)
25% Al performance in dynamic environments (AI’s ability to make decisions in volatile 10%
conditions, e.g., Al in algorithmic trading or supply chain forecasting)
Al-enabled risk management & anomaly detection (use of Al for predicting opera- 15%
tional risks, fraud detection in banking, cybersecurity monitoring)
SHAP/LIME-based Al interpretability score (how well Al decisions can be ex- 35%
plained using methods like SHAP and LIME)
Explainabil; Number of explainable Al case studies published (number of published studies or 35%
& )t(p ainability | o00rts on Al explainability, e.g., in corporate ESG reports)
ransparenc
(B) —pZO% Y [User complaints about Al decision opacity (number of complaints from users re- 20%
garding “unexplained” Al decisions, e.g., rejected applications without reasoning)
Compliance with DARPA XAI guidelines (alignment of Al systems with DARPA 10%
Explainable Al standards, e.g., use of interpretable machine learning techniques)
AI ROI (Return on Investment) 40%
0 onal effi Al-driven workforce productivity improvement (increase in employee productivity 30%
; perationa C- | Que to Al e.g., reducing time spent on task processing)
ciency & business - :
impact (I) — 15% % of business processes automated by Al (e.g., Al chatbots in customer support) 20%
AT’s impact on financial performance (AI’s effect on revenue growth, cost reduction, 10%
e.g., Al in inventory management)
Al-driven reduction in resource consumption (reduction in water, electricity, and 35%
raw material usage through Al, e.g., Al optimizing energy consumption in factories)
S nabili AT’s role in carbon footprint reduction (decrease in CO, emissions due to Al e.g., Al 35%
usta}na 1 1y lin logistics to optimize vehicle routes and reduce mileage)
contributions T . - - -
(S) — 10% AT applications in circular economy strategies (use of Al for waste recycling, AI-driv- 15%
en waste management in industrial enterprises)
Sustainability reports mentioning Al-driven improvements (presence of Al initia- 15%
tives in sustainability reports, e.g., Al for emissions monitoring in ESG disclosures)
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analysis, ensuring a balanced representation of critical
Al-driven factors.

The detailed structure of AIES-Index categories, in-
dicators, and assigned weights is presented in Table 2,
outlining the key measurable dimensions that contrib-
ute to evaluating Al-driven enterprise smartization.

f) calculation methodology

Each category score is computed using a weighted
sum of normalized indicators:

M =(0.35X, +0.25X, +0.15X, +0.10X, +0.15X ) (10)
M =(0.30X, +0.30X, +0.15X, +0.10X, +0.15X; ) (11)
M =(0.35X, +0.35X, +0.20X, +0.10X, ) (12)
M =(0.40X, +0.30X, +0.20X, +0.10X, ) (13)

M =(0.35X, +0.35X, +0.15X, +0.15X, ) (14)

e) interpretation of AIES-Index scores

To ensure a clear understanding of how enterprises
can be evaluated using the AIES-Index, the scoring
system is structured into five levels based on the de-
gree of Al-driven smartization. Each level reflects the
extent to which Al is integrated into business pro-
cesses, ranging from full Al adoption and autonomy
to minimal or no implementation.

Table 3 presents the interpretation of AIES-Index
scores, categorizing enterprises according to their Al
integration level and describing the corresponding
characteristics of each stage. This classification helps
businesses, policymakers, and researchers assess the
maturity of Al adoption and identify areas for further
improvement.

3. Results and Discussion

3.1. Justification for the five categories in the
AIES-Index model

The Al-Enterprise Smartization Index (AIES-In-
dex) was developed to provide a comprehensive, multi-
dimensional assessment of how Al contributes to en-
terprise smartization. The model is structured around
five key categories, each selected based on its direct
impact on Al-enabled business transformation:

1. Al adoption level (30% weight)

Why it was chosen: Al adoption is the foundational
factor of smartization, determining how extensively Al
is integrated into enterprise functions.

Key differentiator: unlike existing maturity mod-
els (e.g., Gartner AI Maturity Model, McKinsey Al

Capability Model), AIES-Index quantifies Al adop-
tion not only through organizational maturity but also
through tangible investments and decision support
system implementations.

2. Decision-making autonomy & adaptability (25%
weight)

Why it was chosen: enterprises that successfully
implement Al must demonstrate autonomous decision-
making capabilities and adaptability to changing mar-
ket conditions.

Key differentiator: most existing Al assessment
models focus on task automation but overlook AI’s
self-learning adaptability — AIES-Index uniquely
evaluates Al’s ability to make independent, dynamic
decisions and adjust in real time.

3. Explainability & transparency (20% weight)

Why it was chosen: as Al adoption increases, reg-
ulatory compliance and public trust depend on how
explainable and interpretable Al-driven decisions are.

Key differentiator: unlike ISO/IEC Al governance
frameworks that mainly focus on policy compliance,
AIES-Index measures practical implementation of
explainability techniques such as SHAP, LIME, and
DARPA XAI compliance.

4. Operational efficiency & business impact (15%
weight)

Why it was chosen: Al’s primary business value
lies in improving efficiency, cost savings, and overall
performance.

Key differentiator: traditional Al impact assess-
ments (e.g., AT ROI models from PwC, Accenture) fo-
cus solely on financial return — AIES-Index extends
beyond ROI to include business process automation,
productivity gains, and Al-driven supply chain opti-
mizations.

5. Sustainability contributions (10% weight)

Why it was chosen: sustainability should be the
fundamental principle of modern business, influenc-
ing long-term competitiveness, regulatory compliance,
and corporate social responsibility. Al is increasingly
leveraged to enhance sustainability by optimizing re-
source consumption, reducing environmental impact,
and driving circular economy strategies..

Key differentiator: most Al assessment models
overlook sustainability as a core business factor —
AIES-Index uniquely integrates AI’s role in energy
efficiency, carbon footprint reduction, and sustainable
innovation, ensuring alignment with ESG (Environ-
mental, Social, and Governance) objectives and future-
oriented business strategies.

Table 3
Interpretation of AIES-Index scores
AIES-Index score Smartization level Description

80-100 Fully smartized enterprise |Al is fully integrated, autonomous, and adaptive.

60-79 Advanced smartization Al optimizes business processes with significant automation.
40-59 Intermediate smartization |AI adoption is moderate, digital transformation is ongoing.

20-39 Basic smartization Early-stage Al adoption, limited business impact.

0-19 No smartization No significant Al implementation in the enterprise.
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Table 4
Comparison with existing Al assessment models
Model Focus Key Limitation AIES-Index’s Advantage
Gartner Al Maturity | Al adoption in busi- Lacks quantifiable impact ATES-Index incorporates measurable
Model ness strategy metrics Al-driven decision-making and effi-
ciency indicators
McKinsey AI Capabil- | Al maturity in orga- | Does not assess Al sustainabili- AJES-Index includes AI’s role in
ity Model nizations ty contributions carbon footprint reduction & circular
economy
ISO/IEC 42001 AI | Al governance & risk | Does not evaluate business effi- | AIES-Index integrates Al-driven oper-
Management System management ciency or decision autonomy ational impact & adaptability
PwC AI ROI Frame- | Financial return on Limited to financial metrics, AIES-Index assesses both financial
work Al investment ignores business process auto- and operational Al efficiencies
mation
OECD AI Policy Ob- | AI regulatory compli- | Does not measure Al adoption AIES-Index includes Al investment
servatory ance & ethics levels in enterprises levels & integration maturity

3.2. Comparison with existing Al assessment
models

To further validate the need for AIES-Index, a com-
parative analysis of existing Al assessment models was
conducted. As shown in Table 4, each existing mod-
el focuses on a specific aspect of Al implementation,
while AIES-Index integrates multiple dimensions to
offer a holistic perspective on Al-driven enterprise
smartization.

3.3. Discussion and key findings

The comparative analysis highlights the limitations
of existing Al assessment models and demonstrates
how AIES-Index provides a more holistic evaluation
framework. Specifically:

1. Bridging the gap between Al maturity and busi-
ness impact:

— while models like the Gartner AI Maturity Model
focus on strategy, they fail to quantify AI's actual
impact on business operations.

— AIES-Index addresses this gap by integrating mea-
surable indicators of Al-driven efficiency, adapt-
ability, and decision-making.

2. Incorporating sustainability as a key factor:

— unlike existing models that do not consider AI’s
environmental contributions, AIES-Index includes
sustainability metrics, ensuring alignment with
modern ESG requirements.

3. Enhancing Al transparency and governance:

— many existing models prioritize policy-level com-
pliance, whereas AIES-Index provides practical,
measurable indicators for AI explainability and
fairness, making it more applicable to real-world
Al deployments.

The findings suggest that AIES-Index provides

a more comprehensive and future-oriented approach

to Al-driven enterprise smartization. By integrating

Al adoption, decision autonomy, explainability, busi-

ness impact, and sustainability, the ATES-Index model

enables enterprises to:

— quantify Al integration beyond traditional matu-
rity scales;

— improve Al decision-making and adaptability;

— ensure transparency and regulatory compliance;

— maximize business efficiency and ROI;
— leverage Al for long-term sustainability and ESG
goals.
This multi-dimensional approach makes AIES-In-
dex a unique and practical tool for enterprises looking
to evaluate and enhance their Al-driven transformation.

4. Conclusions

This study introduces the AI-Enterprise Smarti-
zation Index (AIES-Index) as a comprehensive frame-
work for assessing the impact of Al on enterprise
transformation. The AIES-Index model integrates
five key dimensions — Al adoption, decision-making
autonomy, explainability, operational efficiency, and
sustainability — providing a holistic evaluation of
Al-driven smartization.

Key findings:

1. AIES-Index offers a multi-dimensional assess-
ment that surpasses traditional Al maturity models,
which often focus only on strategy, financial returns,
or governance.

2. The model quantifies Al adoption beyond theo-
retical frameworks, incorporating real business invest-
ments, automation levels, and Al-supported decision-
making processes.

3. Al transparency and explainability are critical
for trust and regulatory compliance, making ATES-In-
dex valuable for enterprises navigating Al governance
challenges.

4. Operational efficiency and business impact indi-
cators enable enterprises to measure tangible benefits
from AI implementation, such as productivity gains
and process automation.

5. AIES-Index uniquely integrates sustainability
metrics, emphasizing AI’s role in resource optimiza-
tion, carbon footprint reduction, and ESG compliance,
a factor missing in many existing models.

Future research directions. While the AIES-Index
model presents a structured methodology for evaluat-
ing Al-driven smartization, further research is required
to validate its effectiveness in real-world applications.

1. Empirical validation. Future research will focus
on testing and validating the AIES-Index model on
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real enterprise data across various industries, ensur-
ing its practical applicability.

2. Sensitivity analysis. A critical aspect of future
work will be conducting a sensitivity analysis to assess
how changes in individual indicators (e.g., Al adoption
level, sustainability contributions) influence the over-
all AIES-Index score. This will help refine the model
and improve its robustness.

3. Industry-specific adjustments. Different indus-
tries may require customized weighting of AIES-Index
categories, as the role of Al varies across sectors such
as manufacturing, finance, healthcare, and logistics.

Thus, the AIES-Index model provides a structured
and quantifiable approach to evaluating enterprise
smartization, offering a valuable tool for businesses,
policymakers, and researchers seeking to understand
and optimize Al-driven transformations. By integrat-
ing AI maturity, decision autonomy, transparency,
efficiency, and sustainability, AIES-Index serves as
a forward-looking assessment framework that aligns
with modern technological, economic, and environmen-
tal challenges. Future empirical testing will further
refine and validate its applicability in dynamic busi-
ness environments.
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BII/INB HIITYYHOI'O IHTEJIERKTY
HA CMAPTUSAIIIIO ITIIAITPUEMCTB

Anomauisa. 3pocmaioua ponv wmyurozo inmenexnyy (III1) y mpancgopmauii nionpuemema nompebye
PO3POOKU KOMNIEKCHUX Modesieli OUIHIBAHNA, AKL OXONJAI0Mb nodruli cnexkmp ennugy LI na npouecu
emapmuszauyii. ¥ yvomy docnidocernni npedcmasnerno indexke emapmusdayli nionpuemems Ha ocrosi I (AIES-
Index) — ecmpyxmyposany memodurxy ouinku piena enposadxcenrna IIII 3a n’amvma KHOUOBUMU HANPAMAMU:
pisenb enposadocerns I, asmoroMHICMb NPUTIHAMMA PIULEHD, NOACHIOBAHICMb MaA NPO30PICMb, ONePaulliHa
epexxmusHicmd ma 8Hecok y cmanicmy. Ha eiominy 6id icryrowux modeneti spinocmi 1111, axi 30ebinvuiozo 3oce-
pedaceni Ha cmpamezivHux abo gpinancosux acnekmax, AIES-Index inmezpye KinbKICHI MEMPUKU, W0 BUMIDIO-
tomd peanvruli enus I na 6i3nec-onepauli, npouecu yxXeaieHHA PLUleHb Mma IHIYIAMUBU CIaJji020 PO3BUIMKY.

Memodonozia docnidxrcenna bazyemvesa Ha bazamoKpumepiaibHoMy 6a2080MY IHOeKCHOMY nidxo0i, 0e KoxcHA
Kamezopia ompumye nesry 6azy 3aexcro 8i0 ii snawyuw,ocmi y npouecax cmapmusauii. Buxopucmarnnus memody
HOpMQAI3ayll min-max 3abesneuye MOXCUBICMb NOPLEHAHHA MIdC NIONPUEMCMBEAMU, W0 0038014 00 EKMUBHO
nposodumu benumapkine. J[nsa niomeepdiiceHHA YHIKAIbHOCMI MOOeL nPo8edeH0 NOPIBHANLHUL AHAL3 ICHY0-
yux nidxodie do ouinku I, axuii demorncmpye nepesazu AIES-Index y sumiprosanni adanmusrnocmi LI, iiozo
nposopocmi ma eidnosidnocmi ESG-kpumepiam, wo wacmo iznopyemuvca 8 mpaduyitinux modenax oyinxu III1.

Pezynomamu docnidocernnsa noxasyomy, wo AIES-Index 3ab6esneuye 0libli KOMNIEKCHE MA KLIbKICHO 8UMI-
prosame oulHI8aHHA cmapmusayii nionpuemcms va ocrosl II11, inmeezpyouu ax Qinancosl, max i He@IHAHCO8L
noxasrnuru. Modenwv nidxpecnroe snawywiicms LI y nidsuwenni onepayliinol epekmusrocmi, onmumizayii
6i3nec-npouecis, NOKPAWEHHI NOACHIO8AHOCMI MA PO3BUMKY IHH08aULl Y chepl cmaiozo pozsumky. O0num i3
KJLI0408UX BUCHO8KLE € me, w0 nposopicmy IIII ma 1iozo0 aemoroMHIcCmMb Y NPULLHAMMI PLUEHb € KDUMUYHUMU
gaxmopamu, aKi eniusaroms Ha macuimabre enposadxicenns I na nionpuememasax ma ix 8i0nosioHicmy
HOPMAMUBHUM 8UMOZAM.

ITodanvwi docnidocenna 6ydymos cnpamosari Ha anpobayito modeni AIES-Index na peanvrux darnux nid-
npuemcma 014 nepesipku il NPAKmMuUYHOL 3aCmoco8HocmL y pidnux zanysax. Kpim mozo, 6yde nposedero ananis
yymausocmi mo0eni, AKuii 00360UMb OUIHUMU 8NJIUE 3MIH OKPeMUX NOKASHUKLE Ha 3azanbHull indexc AIES-
Index. Ile cnpusmume nid8uwieHHI0 MOYHOCMI MaA ZHYy4KOCMI Modesi 8 yMosax OuHAMIYHO020 bi3Hec-cepedosulya.

3anpononosaruii indexc AIES-Index e yinHum iHcmpymenmom 014 niONPpuUeMcms, noaLMmuKL8 ma HayKosuls,
ocklnivku Hadae cmpykmyposanuti nidxid do ouyinku enausy LI na 6iznec-npouecu ma so0Houac 3abesnevye
810N08IOHICMb CYUACHUM SUMO2AM YNPABIIHHA, eMUKU Ma CMaAJI020 PO3BUMKY.

Knrouosi cnosa: Indexc cmapmuszauii nionpuemems na ocrhosi LI (AIES-Index), wmywnuii inmenexm (LLI),
CMAPMU3AYLA, ABMOHOMHICIb NPULHAMMSA PLUEHb, NOACHIOBAHICIb MA NPO30PICMb, 0NEPAULIHA e(heKMUBHICMb.



