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Abstract- This paper critically reviews the
convergence of artificial intelligence (AI) and
business analytics as key drivers of end-to-end
process  digitization, with an emphasis on
sustainability imperatives. The study employs a
systematic literature review methodology to explore
three research questions: the nature of existing
frameworks integrating Al and analytics; the critical
factors that determine the success of digitization
initiatives; and the metrics used to evaluate impacts
on sustainable transformation. Drawing from both
theoretical and empirical literature, the findings
reveal that while numerous frameworks depict staged
integration of Al and analytics, few incorporate
explicit sustainability targets into their design.
Organizational  factors such as leadership
commitment, data governance, and a culture of
continuous learning emerge as pivotal enablers,
aligning  with  social and  environmental
considerations when guided by clear strategic
priorities. At the same time, barriers including data
fragmentation, regulatory uncertainties, and skills
shortages  underscore  the  complexity of
implementing Al-analytics solutions that uphold
ethical and ecological standards. In terms of impact
evaluation, research increasingly emphasizes
holistic metrics that measure economic, social, and
ecological performance in unison. This points to a
growing need for standardized indicators and
adaptive feedback loops that allow organizations to
respond promptly to sustainability challenges.
Overall, the review underscores the potential of Al-
powered analytics to drive robust and responsible
process digitization, while also highlighting gaps in
current frameworks and measures that must be
addressed for truly sustainable outcomes.
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L INTRODUCTION

1.1 Background and Context

Digital transformation has become a strategic
imperative for organizations seeking to remain
competitive in an increasingly data-driven
marketplace (Hu, 2018). Rapid technological
advancements, notably in artificial intelligence (AI)
and business analytics, have enabled businesses to
harness vast quantities of data to optimize operations
and enhance decision-making processes (Bukowski et
al., 2020). While early applications of these
technologies often focused on isolated tasks or
departmental needs, more recent approaches
emphasize  end-to-end process  digitization—a
comprehensive reconfiguration of workflows and
systems across the entire value chain (Mavlutova et
al., 2022). By integrating Al algorithms capable of
intelligent automation with robust analytics platforms,
organizations can streamline production, improve
forecasting accuracy, and personalize customer
experiences. However, amid these promising
technological leaps, the imperative to align digital
transformation initiatives with sustainable
development goals is increasingly evident.
Sustainability-driven frameworks encourage not only
economic but also environmental and social
considerations, thereby urging a holistic outlook that
balances efficiency with responsible resource
management (Yigitcanlar et al., 2020).

1.2 Problem Statement

Despite the recognized potential of Al and business
analytics, current literature often lacks a unified
perspective that considers both technological
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advancement and sustainability imperatives. Many
studies concentrate on discrete use cases or technology
adoption models, leaving a gap in understanding how
Al and analytics can jointly enable holistic digitization
efforts (Mavlutova et al., 2022). Additionally, few
analyses offer clear insights into the interplay between
cutting-edge  technologies and  organizational
readiness for sustainable transformation. Without a
systematic investigation of existing frameworks,
industry  practitioners and  researchers  risk
perpetuating fragmented practices that may fail to
capture the multifaceted benefits of end-to-end
process digitization. Addressing this gap necessitates
a critical evaluation of the frameworks, success
factors, and metrics used to guide and measure the
convergence of Al, analytics, and sustainability
objectives.

1.3 Research Questions (RQs)

In light of these concerns, this study is driven by three
overarching questions:

e RQI: What are the existing frameworks and
models that integrate Al and business analytics in
end-to-end process digitization initiatives?

e RQ2: What are the critical factors influencing the
success of Al and business analytics-driven end-to-
end process digitization for sustainable
transformation?

e RQ3: How do organizations measure and evaluate
the impact of Al and business analytics on
achieving sustainable end-to-end digitization?

1.4 Research Objectives (ROs)

Corresponding to the above research questions, the
objectives of this study are to:

e ROI: Identify and analyze the extant frameworks
and models that integrate Al and business analytics
in end-to-end process digitization initiatives.

e RO2: Examine the critical factors influencing the
success of Al and business analytics-driven end-to-
end process digitization for sustainable
transformation.

e RO3: Explore the metrics and evaluative
approaches used by organizations to measure the
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impact of Al and business analytics in sustainable
digitization efforts.

1.5 Significance and Scope of the Study

By synthesizing diverse streams of existing literature,
this paper aims to bridge theoretical and practical gaps
in our comprehension of Al-driven, analytics-based
digital transformation (Javaid et al., 2022). From an
academic standpoint, it provides a structured
evaluation of how frameworks have evolved to
integrate both operational and sustainability
dimensions. Practically, the review supports decision-
makers who seek to develop strategic roadmaps that
leverage digital capabilities responsibly, ensuring that
the pursuit of innovation does not neglect social and
environmental considerations (Yigitcanlar et al.,
2020). While the focus spans multiple industries,
emphasis is placed on those sectors most directly
impacted by large-scale digitization, such as
manufacturing, logistics, and service-oriented
businesses. The study delineates the current state of
knowledge, identifies critical gaps, and offers a
consolidated basis from which future research can
evolve, thus setting a foundation for deeper inquiry
into Al and business analytics’ role in fostering long-
term, sustainable transformation (Javaid et al., 2022).

II. THEORETICAL AND CONCEPTUAL
FOUNDATIONS

2.1 Key Concepts and Definitions

Artificial Intelligence (AI) has evolved from a purely
academic subject to a pervasive technology
influencing many sectors, including healthcare,
finance, and manufacturing. Early conceptualizations
of Al focused on replicating human cognition through
symbolic reasoning and rule-based systems (Turing,
2009). Contemporary Al encompasses advanced
machine learning, deep learning, and natural language
processing algorithms that can identify patterns in
data, make predictions, and even adapt in real-time
(Goodfellow, 2016). In the business context, Al can
automate repetitive tasks, facilitate more nuanced
decision-making, and augment human expertise, thus
serving as both an efficiency driver and an innovation
enabler.
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Business analytics is closely related but is not
synonymous with Al. While AI focuses on the
development of intelligent algorithms that learn from
data, business analytics integrates statistical analysis,
predictive modeling, and data visualization to derive
actionable insights (Davenport and Harris, 2017).
Traditional business analytics has largely relied on
descriptive and diagnostic methods to understand
historical performance. However, the current wave of
analytics emphasizes predictive and prescriptive
techniques that can guide strategic decisions. By
combining large datasets with sophisticated modeling
approaches, business analytics can reveal trends,
forecast outcomes, and optimize resource allocation
(Wamba et al., 2015).

Process digitization refers to the systematic
conversion of analog or semi-digital processes into
fully digital workflows, thereby enabling seamless
data capture, transfer, and analysis across an
organization’s value chain (Bharadwaj et al., 2013).
Unlike sporadic technology deployments, end-to-end
process digitization implies an integrated overhaul of
processes, from sourcing raw materials to delivering
final products or services. This holistic reconfiguration
reduces manual interventions and shortens cycle
times. It also lays the groundwork for continuous
improvement through real-time monitoring and
feedback loops that feed advanced analytics systems,
including Al engines (Park and Mithas, 2020).

Sustainable transformation encapsulates the alignment
of business operations with social, economic, and
ecological objectives, often guided by frameworks
such as the triple bottom line (Elkington, 1997). In the
context of digital transformation, sustainability
involves leveraging digital tools to minimize
environmental impact, promote responsible resource
use, and consider the broader societal effects of
technological innovations (Konietzko et al., 2020).
Organizations that integrate sustainability into their
transformation strategies often emphasize circular
economy principles, ethical data usage, and inclusive
stakeholder engagement (Konietzko et al., 2020).

Where these four concepts intersect is critical. Al and
business analytics are powerful technologies that can
facilitate the data-driven oversight of digitized
processes, while sustainability principles shape the
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goals and metrics that guide such transformations.
Rather than treating these concepts as discrete
elements, it is more instructive to view them as
interconnected pillars. Properly aligned, they can drive
operational efficiency, strategic foresight, and
responsible innovation (Velter et al., 2022).

2.2 Underlying Theoretical Perspectives

A range of theoretical frameworks has informed
research on digital transformation initiatives that
involve Al and business analytics. One influential
perspective is the Dynamic Capabilities theory (Teece,
2007). Dynamic Capabilities emphasize an
organization’s ability to sense new opportunities, seize
those opportunities by reallocating resources, and
transform its operations to maintain competitiveness.
Al and analytics can bolster each of these capabilities
by identifying market trends, streamlining resource
distribution, and enabling agile, data-driven decision-
making.

Another pertinent lens is the Socio-Technical Systems
(STS) approach, which underscores the interplay
between technological tools and the social context in
which they operate (Trist, 1981). From this vantage
point, successful process digitization requires careful
consideration of human factors such as employee
skills,  organizational  culture, and change
management. Al algorithms and analytics platforms
are not simply “plug-and-play” solutions. They must
be integrated into workflows that account for training,
ethical guidelines, and stakeholder collaboration (Trist
etal., 2016).

The Resource-Based View (RBV) offers a
complementary angle by emphasizing how unique
resources and capabilities can yield competitive
advantages (Barney, 1991). Data assets, sophisticated
analytics platforms, and Al expertise can be seen as
strategic resources that differentiate one organization
from another (Trist et al., 2016). However, these
resources only create sustainable advantage when they
are valuable, rare, imperfectly imitable, and
organizationally —embedded. As  organizations
accumulate troves of data and refine their AI models,
they must also cultivate organizational routines and
cultural norms that support continuous learning
(Fischer and Herrmann, 2011).
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Collectively, these theoretical perspectives underline
the importance of synergy between technology
investments, human elements, and strategic intent.
They also remind us that while AI and analytics can be
transformative, they operate within broader social and
organizational contexts that influence their ultimate
impact (Fischer and Herrmann, 2011).

2.3 Conceptual Models in Digital Transformation

Conceptual models of digital transformation have
proliferated in recent years, many of which focus on
how emerging technologies disrupt traditional
business models, processes, and customer interactions
(Fitzgerald et al., 2014). Typical models outline
phases such as initiation, adoption, adaptation, and full
integration, where each phase marks a deeper level of
technological assimilation and organizational change.
Some frameworks highlight the reciprocal interplay
between strategy, structure, and technology,
suggesting that digital transformation is not solely an
IT project but a whole-of-organization endeavor
(Nadkarni and Priigl, 2021).

However, most existing models do not explicitly
address the combined influence of Al and business
analytics on long-term sustainability goals. While they
discuss the necessity of stakeholder alignment and risk
management, fewer delve into the ethical,
environmental, and societal considerations that
accompany mass digitization (Rautenbach et al,
2019). Moreover, there is a tendency to segregate Al-
driven automation from analytics-driven insights. This
separation can undervalue the potential synergy that
arises when predictive and prescriptive analytics feed
back into Al systems that automate certain decisions
in real time (Rautenbach et al., 2019). The gap is
especially pronounced when discussing sustainability,
as many models lack concrete guidance on ecological

sustainability. This approach is recommended for
establishing an exhaustive and unbiased overview of a
research domain (Tranfield et al., 2003). Databases
consulted included Scopus, Web of Science, and
Google Scholar. Key search terms used in various
combinations were “Al” “artificial intelligence,”
“business  analytics,”  “digital transformation,”
“process digitization,” and “sustainability.” Boolean
operators such as AND and OR were employed to
refine the search results. Synonyms and related terms
were also considered to capture broader conceptual
linkages and reduce the risk of omitting relevant
articles.

3.2 Inclusion and Exclusion Criteria

Initial search results produced a total of 85 articles.
Studies were first screened based on titles and
abstracts, which led to an exclusion of 38 articles that
were either duplicates, unrelated to the topic, or lacked
significant discussion of Al or analytics. A second
phase involved a full-text reading of the remaining 47
articles, resulting in the exclusion of 26 more for
failing to address end-to-end process digitization or
sustainability aspects. Of the remaining 21, an
additional 14 articles did not meet the methodological
rigor expected for inclusion in a systematic review,
leaving a final set of 7 studies that fully aligned with
the criteria for this SLR. The Preferred Reporting
Items for Systematic Reviews and Meta-Analyses
(PRISMA) model was used to guide this multi-step
selection process (Moher et al., 2009). Inclusion
requirements encompassed peer-reviewed status,
empirical or conceptual rigor, and explicit coverage of
the key themes of Al, analytics, digitization, and
sustainability.
conference papers, white papers, and short editorials
that did not provide substantial methodological detail.

Excluded materials included

metrics, carbon reduction strategies, or circular Number R f
. n r
economy frameworks (Fitzgerald et al., 2014). Selection Stage | of caso . . °
Articles Exclusion/Retention
II1. METHODOLOGY OF THE LITERATURE
REVIEW Broad coverage of
. keywords (AT
3.1 Review Strategy and Databases Initial Search 85 analytics,
A systematic literature review (SLR) methodology dlgltl,zatl;(,)?’
was adopted to identify and synthesize relevant studies sustainability)
on Al, business analytics, process digitization, and
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Duplicates,
irrelevant scope, or
superficial
engagement  with
core concepts

First Exclusion | 85 — 38
(Title/Abstract) | =47

Inadequate focus on

Second end-to-end
. 47 =26 | . .. .
Exclusion (Full | 21 digitization or
Text) sustainability
dimensions
Failed quality
Third Exclusion appraisal,
) 21 — 14 | insufficient data
(Methodological )
Rigor) =17 analysis or
& theoretical
grounding
Included studies that
Final Sample 7 met all inclusion
criteria

Table 1: Summary of Article Selection Process
3.3 Quality Assessment and Data Extraction

Quality assessment was performed to ensure the rigor
and relevance of each retained article. Criteria
included the clarity of research design, explicitness of
the theoretical framework, and depth of data analysis
(Okoli, 2015). Quantitative and qualitative articles
were both considered, provided they offered
meaningful insights into the synergy between Al,
business analytics, process digitization, and
sustainable transformation. Each article was coded by
theme (for example, ‘“organizational readiness,”
“technological  enablers,” and  “sustainability
metrics”), enabling a structured approach to data
extraction. This coding facilitated a thematic analysis
that revealed patterns in how different studies
conceptualized the role of Al and analytics in driving
end-to-end digitization within sustainable contexts.

3.4 Limitations of the Literature Review Approach

Despite efforts to ensure a comprehensive review,
several limitations warrant mention. Publication bias
may exist, as high-impact journals may be more likely
to publish positive or novel findings, potentially
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skewing the available evidence base (Theofanidis and
Fountouki, 2018). The focus on English-language
articles further narrows the scope and may exclude
studies published in other languages with potentially
relevant  insights. Additionally, conference
proceedings and white papers were excluded unless
they met rigorous methodological criteria. Although
this decision was intended to maintain academic
standards, it could omit nascent research or industry-
based practices that have not yet undergone formal
peer review. Nonetheless, the SLR approach guided by
the PRISMA model provides a robust starting point for
understanding the multidimensional interplay between
Al, business analytics, and sustainable process
digitization (Theofanidis and Fountouki, 2018).

IV. LITERATURE REVIEW

This section offers a critical synthesis of academic and
industry perspectives on how artificial intelligence
(Al) and business analytics converge to facilitate end-
to-end process digitization. It addresses three core
research questions (RQ1, RQ2, RQ3) while aligning
with their respective research objectives (RO1, RO2,
RO3). Grounded in the theoretical viewpoints
presented in the earlier sections—Dynamic
Capabilities (Teece, 2007), Socio-Technical Systems
(Trist, 1981), and the Resource-Based View (Barney,
1991)—this review explores existing frameworks,
identifies critical success factors, and examines
evaluation approaches for sustainable transformation.

4.1 Existing Frameworks and Models Integrating Al
and Business Analytics

Al and business analytics have been studied in tandem
through numerous conceptual and operational
frameworks, each seeking to elucidate the
complexities of integrating data-driven insights into
organizational processes (Davenport and Harris,
2017). Early efforts primarily addressed piecemeal
technological adoption, focusing on either analytics or
Al implementations in discrete business functions. In
recent years, however, scholars have shifted toward
holistic frameworks that map the end-to-end
digitization journey, acknowledging that AI and
analytics must be interwoven across the entire value
chain to maximize their strategic and operational
impact (Bharadwaj et al., 2013).

ICONIC RESEARCH AND ENGINEERING JOURNALS 242



© NOV 2022 | IRE Journals | Volume 6 Issue 5 | ISSN: 2456-8880

One influential model emphasizes the incremental
adoption of Al capabilities alongside analytics-driven
insights. According to Fitzgerald et al. (2014),
organizations often move through iterative phases—
diagnostic,  predictive,  prescriptive—to  build
analytical maturity. Diagnostic analytics leverages
historical data to identify patterns of failure or success,
predictive analytics utilizes machine learning
algorithms to forecast future scenarios, and
prescriptive analytics integrates simulations and
optimization engines to recommend specific actions.
Al augments this framework by automating decisions
in real time, thereby closing the loop between insight
generation and operational execution. Such a phased
model is particularly relevant from a Dynamic
Capabilities perspective (Teece, 2007) because it
highlights an organization’s evolving ability to sense,
seize, and transform as it refines its data-driven
decision-making (Machireddy et al., 2021).

From a Socio-Technical Systems viewpoint (Trist,
1981), frameworks that incorporate Al and analytics
must account for the interplay between advanced
technologies and human actors. One representative
approach identifies three interdependent layers: the
technological layer (hardware, software, data
pipelines), the organizational layer (structure, policies,
incentive systems), and the human layer (skill sets,
cultural readiness, stakeholder perceptions). When Al
applications such as natural language processing or
deep learning are introduced, they often necessitate
upskilling programs, role redesign, and changes in
managerial philosophies (Machireddy et al., 2021).
Hence, frameworks like the one proposed by Nadkarni
and Priigl (2021) emphasize a balanced alignment of
digital tools with socio-organizational elements so that
end-to-end process digitization does not stall due to
human-centric barriers (Machireddy et al., 2021).

An additional perspective arises from the Resource-
Based View (Barney, 1991), which posits that
sustainable competitive advantage hinges on
possessing and leveraging resources that are valuable,
rare, inimitable, and organizationally embedded.
Frameworks grounded in RBV suggest that data
repositories, analytics competencies, and proprietary
Al algorithms constitute strategic resources. Wamba
et al. (2015) argue that it is not merely the acquisition
of these technologies but the capacity to continually
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learn from them—through iterative feedback loops—
that matters. This stance resonates with models that
highlight continuous improvement as a key principle
in digital transformation, wherein Al-generated
insights lead to process optimizations that are
reabsorbed into analytical models, thereby enhancing
their predictive precision over time (Ravichandran et
al., 2022).

While these frameworks offer valuable guidance on
integrating Al and analytics, gaps remain concerning
sustainability objectives. Few frameworks explicitly
incorporate environmental or social metrics as
cornerstones of the transformation process (Konietzko
et al., 2020). Even those that do mention sustainability
tend to treat it as an adjunct rather than an integral
component of the digital strategy. Additionally, many
existing models focus on high-level conceptual
linkages at the expense of operational details, such as
how to embed sustainability key performance
indicators into Al algorithms or how to balance
environmental targets with immediate profit-oriented
goals (Ravichandran et al., 2022). Consequently, there
is an ongoing call for frameworks that not only
articulate the technological and organizational
transformations required for Al and analytics
integration but also prioritize ethical, environmental,
and social outcomes (Ravichandran et al., 2022).

In summary, existing frameworks offer structured
pathways for integrating Al tools like machine
learning and predictive analytics within broader
analytics ecosystems. They illustrate the importance of
phased technological adoption, organizational
alignment, and the strategic leverage of unique data-
driven capabilities. Nonetheless, most models lack an
explicit sustainability dimension. This omission
creates a gap that the present study seeks to address,
thereby underlining the need for more holistic
frameworks encompassing economic, environmental,
and societal imperatives (Olayinka, 2022).

4.2 Critical Factors for Successful End-to-End
Digitization

Building upon the integrative frameworks outlined
above, the literature also illuminates a range of critical
success factors that influence the outcomes of Al-
analytics-driven end-to-end digitization efforts (Baier
et al., 2022). These factors can be broadly categorized
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into organizational, technological, and environmental
domains, each intersecting with the socio-technical
and resource-based dimensions discussed in prior
theoretical sections (Kalyazina et al., 2020).

Organizational Factors

Leadership commitment frequently emerges as a
pivotal determinant. Studies indicate that digital
transformations involving Al require sustained
executive sponsorship to secure the requisite resources
and to embed data-driven cultures (Mavlutova et al.,
2022). Leaders must demonstrate willingness to invest
in technology infrastructures and staff training, while
also championing the use of Al-generated insights in
strategic decision-making forums. This aligns with the
notion of Dynamic Capabilities (Teece, 2007), as
proactive leaders can effectively sense market shifts
and orchestrate resource reconfigurations to capitalize
on Al-driven opportunities. Additionally,
organizational culture is a critical enabler. Firms with
open, collaborative, and innovation-friendly cultures
are more likely to integrate Al and analytics
successfully than those burdened by hierarchical or
risk-averse norms. From a Socio-Technical Systems
perspective, organizational readiness is key because
employees and managerial teams need to adapt to new
forms of decision-making autonomy, performance
evaluation, and team coordination (Trist, 1981).

Technological Factors

While robust data infrastructures are fundamental,
many scholars emphasize the role of data governance
in ensuring quality, security, and compliance (Okoli,
2015). Poorly curated data sets undermine the
accuracy of analytics models and Al algorithms,
resulting in flawed insights and eroded trust among
decision-makers. Hence, well-defined data pipelines,
platforms for real-time analytics, and scalable
computing architectures are frequently cited as
prerequisites (Bharadwaj et al., 2013). The Resource-
Based View underscores that these technological
assets must be not only acquired but also entrenched
within the firm’s operational routines to yield long-
term  advantages (Barney, 1991).  Another
technological consideration is the interoperability of
Al solutions. Different functional areas within an
organization—such as marketing, operations, and
finance—may adopt specialized Al tools. Successful
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end-to-end digitization entails establishing data and
process interconnectivity so that insights can flow
seamlessly across departments (Kalyazina et al.,
2020).

Environmental Factors

Market volatility and regulatory landscapes also exert
substantial influence on Al-analytics adoption.
Organizations operating in highly regulated sectors,
such as healthcare or finance, may face stringent
requirements for data privacy and ethical Al usage
(Bukowski et al., 2020). Environmental considerations
also extend to stakeholder pressure for sustainable
practices, as customers and investors increasingly
scrutinize environmental, social, and governance
(ESG) performance (Elkington, 1997). Firms that
proactively incorporate sustainability metrics into
their Al systems, such as carbon footprint monitoring
or energy consumption analytics, may benefit from
reputational gains and alignment with emerging
regulatory standards (Konietzko et al., 2020).
Conversely, those ignoring sustainability imperatives
risk public backlash or future compliance risks.

Intersections with Sustainability

How these factors intersect with sustainability is
particularly noteworthy. Organizational commitment
to sustainability can drive the incorporation of carbon-
tracking modules or life-cycle assessment tools into
analytics platforms (Kalyazina et al., 2020).
Technological infrastructures that prioritize green
computing solutions or adopt energy-efficient Al
algorithms can reduce environmental impact. External
pressures—ranging from consumer advocacy to
government policies—can incentivize companies to
incorporate environmental and social metrics in their
Al models and analytics dashboards. Yet, the literature
also points to ethical and legal complexities, including
the risk that Al-driven optimizations might lead to
workforce downsizing or exacerbate resource
extraction if not carefully managed (Yigitcanlar et al.,
2020). Thus, the ability to integrate sustainability
concerns at all organizational levels, from leadership
vision to day-to-day technological processes, emerges
as a crucial factor for meaningful and responsible end-
to-end digitization (Kalyazina et al., 2020).
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Reported Barriers

Despite these enabling factors, several barriers
frequently surface. Data quality remains a recurring
challenge, as incomplete or biased data undermine Al-
driven analytics. Organizational silos and lack of
cross-functional coordination slow the integration of
insights across processes (Wamba et al., 2015). Skills
gaps persist, especially when Al innovations outpace
workforce competencies. Ethical and legal constraints
also loom large. Businesses deploying Al-driven
analytics must contend with uncertainties around data
protection legislation and the social ramifications of
automation. These barriers underscore the necessity
for proactive change management and an inclusive
approach to technology adoption that weighs the social
and environmental repercussions alongside cost
efficiency and profit goals (Kalyazina et al., 2020).

4.3 Measuring and Evaluating Impact for Sustainable
Transformation

Measuring and evaluating the impact of Al-powered
analytics on sustainable end-to-end digitization is an
evolving area of research. Traditional performance
metrics, such as return on investment and cost savings,
remain relevant but do not capture the full scope of
transformation. Scholars highlight the importance of
integrating  sustainability =~ metrics  alongside
operational measures to obtain a balanced appraisal of
success (Elkington, 1997).

Performance Improvements and Sustainability
Outcomes

Organizations typically evaluate improvements in
speed, accuracy, and cost efficiency to ascertain the
efficacy of Al-driven process optimizations
(Goodfellow, 2016). For instance, a manufacturing
firm might measure reductions in defect rates or
lowered downtime attributable to predictive
maintenance models. A service-oriented company
could track improvements in customer satisfaction
stemming from Al-enabled personalization. However,
from a sustainability standpoint, additional metrics are
required. Carbon emissions, waste reduction, and
resource utilization rates are increasingly included in
corporate dashboards, particularly in industries with
high environmental footprints (Konietzko et al., 2020).
Such indicators may be derived from data collected by
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Internet of Things sensors or Al-based image
recognition, thereby quantifying the ecological impact
of digitized processes.

Key Performance Indicators (KPIs) and Evaluation
Frameworks

Several KPIs have emerged in academic and
practitioner circles. Financial metrics, including net
present value and total cost of ownership, are
complemented by measures of process efficiency
(cycle times, throughput), quality (error rates,
customer complaints), and innovation outcomes
(number of patents, product launches). On the
sustainability side, energy consumption and carbon
footprint often top the list of KPIs, reflecting growing
global emphasis on environmental stewardship. Water
usage, recycling rates, and the social impact of Al-
driven systems—such as shifts in employment
patterns—have also been noted as potential indicators
(Fitzgerald et al., 2014).

Evaluation frameworks are increasingly adopting a
triple bottom line orientation, in line with Elkington’s
(1997) conceptualization of economic, environmental,
and social dimensions. Balanced Scorecards tailored
for digital transformation can integrate these metrics
to provide a multi-perspective performance overview
(Bharadwaj et al., 2013). This approach aligns well
with the Socio-Technical Systems perspective by
recognizing that technologies, processes, and human
factors must be synchronized. Furthermore, real-time
analytics and Al can automate data collection and
analysis, allowing continuous performance tracking
against these multidimensional KPIs.

Patterns in the Literature for Long-Term Sustainability
Gains

A recurring pattern in the literature is the notion of
feedback loops. Al-driven analytics can detect
inefficiencies or unsustainable practices and propose
real-time adjustments. The agility afforded by
automated data collection and machine learning
allows organizations to respond swiftly to anomalies
or evolving market conditions (Bukowski et al., 2020).
Such adaptive systems, however, require ongoing
human oversight to ensure alignment with broader
ethical and sustainability principles. Another theme is
the call for standardization. Scholars point to the need
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for widely accepted metrics and benchmarks to enable
cross-industry ~ comparisons  of  sustainability
performance. Without standardization, organizations
may arbitrarily select favorable metrics, resulting in
greenwashing concerns and undermining the
credibility of sustainability claims (Yigitcanlar et al.,
2020).

It is also noteworthy that few empirical studies offer
longitudinal data on how sustainability metrics evolve
over multiple technology refresh cycles. Short-term
gains in resource efficiency might plateau or even
regress if organizations do not remain vigilant about
improvement.  This  observation
underscores the synergy between sustainability-
focused Al initiatives and the concept of Dynamic
Capabilities, where ongoing learning and adaptation

continuous

are vital for maintaining advantage in a changing
business landscape (Teece, 2007).

4.4 Emerging Themes and Patterns

The literature on Al and business analytics in end-to-
end digitization reveals several cross-cutting themes
that provide a cohesive lens for RQ1, RQ2, and RQ3.
These themes highlight the complexity of
orchestrating  large-scale  technological  and
organizational change with an eye on sustainability.

First is the importance of data governance, which
appears repeatedly as both an enabler and a constraint.
High-quality, well-managed data is essential for
advanced analytics and Al algorithms, yet many
organizations struggle with fragmented data silos and
inconsistent data standards (Okoli, 2015). Effective
governance structures that define data quality metrics
and ownership responsibilities can therefore act as
catalysts for integrated digitization.

Second, leadership support emerges as a near-
universal requirement. Transformation is rarely
successful when driven by isolated IT departments
without top-level advocacy (Mavlutova et al., 2022).
Leaders must provide strategic guidance, champion
cultural shifts, and allocate resources to enable
sophisticated Al-driven analytics initiatives that align
with sustainability targets.

Third, a continuous learning culture is vital for
adaptability. Al and analytics thrive on iteration and
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refinement, so organizations must encourage
experimentation, knowledge sharing, and
interdisciplinary ~ collaboration. ~ This  cultural
dimension resonates with the Socio-Technical
Systems approach, which underscores the importance
of harmonizing technological innovations with human
and organizational readiness (Trist, 1981).

From a sustainability perspective, integrating
environmental and social metrics into Al and analytics
frameworks emerges as a shared goal across multiple
studies. While some organizations excel at measuring
carbon footprints or diversity impacts, others remain
fixated on near-term financial metrics. The mismatch
between aspirational sustainability commitments and
actual practice highlights the need for standardized
measurement tools that can be embedded into Al-
driven dashboards.

Controversies and conflicting findings also surface,
particularly regarding the ethical and social
implications of Al-driven automation. Some authors
view automation as a productivity boon, enabling
workers to engage in more creative tasks (Fitzgerald et
al., 2014). Others raise concerns about workforce
displacement and algorithmic bias, which can
exacerbate inequalities or erode trust in Al
(Yigitcanlar et al., 2020). These tensions underscore
the importance of balanced governance mechanisms
and inclusive decision-making processes, where
stakeholders from across the organization and broader
society can shape the ethical contours of Al usage.

Finally, there is considerable debate around the time
horizon for sustainability gains. While Al and
analytics often yield immediate operational
efficiencies, truly sustainable transformations may
demand longer timelines and cultural shifts that cannot
be hastened by technological investments alone.
Researchers emphasizing the Dynamic Capabilities
framework argue that organizations must remain
vigilant and adaptable, continually realigning
resources and strategies in light of evolving conditions
(Teece, 2007). This perspective suggests that end-to-
end digitization, particularly when oriented toward
sustainability, is a long-term endeavor that requires
iterative learning, periodic reassessment of goals, and
persistent leadership commitment.
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V. DISCUSSION AND ANALYSIS

This section integrates and reflects upon the core
findings of the literature review, highlighting how they
respond to the three research questions (RQI1, RQ2,
and RQ3) and connect to the theoretical and
conceptual underpinnings presented earlier. It then
explores the implications for both academic theory and
organizational practice, before concluding with an
outline of potential research directions.

5.1 Synthesis of Key Findings

The preceding review established that artificial
intelligence (Al) and business analytics can together
form a robust foundation for end-to-end process
digitization. In addressing RQ1, studies consistently
underscored the significance of frameworks that guide
organizations in adopting and integrating Al-driven
analytics across their value chains (Davenport and
Harris, 2017). Existing models commonly emphasize
incremental stages of capability development
(diagnostic, predictive, prescriptive) and highlight the
need for organizations to manage both technological
and social dimensions during digital transformation
(Trist, 1981; Nadkarni and Priigl, 2021). However,
many frameworks lack an explicit sustainability
dimension, thereby revealing an opportunity to embed
environmental and social metrics into their structural
design (Konietzko et al., 2020).

RQ2 aimed to identify critical factors for successful
digitization, and the findings demonstrated that
leadership commitment, data governance,
organizational culture, and technological
infrastructure are influential enablers (Mavlutova et
al., 2022; Bharadwaj et al., 2013). At the same time, a
series of barriers—such as data quality concerns, skills
shortages, and ethical and regulatory complexities—
can derail otherwise promising Al—analytics initiatives
(Bukowski et al., 2020). The literature repeatedly
emphasized that these projects must be approached as
socio-technical endeavors, with equal attention given
to employee training, cross-functional collaboration,
and a culture that supports continuous learning (Trist,
1981). Moreover, the success of such initiatives
depends on the broader alignment with sustainability
imperatives, including minimizing environmental
footprints and acknowledging social ramifications
(Elkington, 1997; Yigitcanlar et al., 2020).
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Turning to RQ3, studies on measuring and evaluating
the impact of Al-powered analytics reveal a gradual
shift toward more holistic performance indicators,
encompassing not only traditional financial metrics
but also environmental and social dimensions
(Fitzgerald et al., 2014). Organizations are
experimenting with extended Key Performance
Indicators (KPIs), real-time monitoring, and feedback
loops, which help them adapt swiftly to emerging
inefficiencies or sustainability challenges (Konietzko
et al., 2020). The long-term nature of sustainable
transformation, coupled with the need for ongoing
leadership support, underlines the concept of Dynamic
Capabilities: organizations must sense opportunities,
seize them through resource reconfigurations, and
transform continuously in response to new data-driven
insights (Teece, 2007).

Collectively, these findings affirm that Al-analytics
frameworks, success factors, and measurement
mechanisms are interdependent. A robust framework
that overlooks sustainability issues may yield short-
term gains but miss strategic, long-term value.
Similarly, even the most advanced analytics solutions
can falter if organizational leadership and culture are
not conducive to data-driven thinking. Finally,
performance metrics must be integrative, reflecting an
organization’s broader objectives, especially if it aims
to realize both economic and socially responsible
outcomes.

5.2 Implications for Theory

The integration of Al and business analytics in end-to-
end digitization opens important theoretical
discussions. First, the Resource-Based View (RBV)
(Barney, 1991) remains highly relevant, but the
literature suggests potential extensions. Data and Al
algorithms can be strategically valuable resources, yet
it is not merely their possession but also their
inimitability and integration into an organization’s
daily operations that generate sustained advantage.
Future elaborations of RBV could incorporate data
governance  sophistication and advanced Al
capabilities as distinct resources, shaping discussions
on how to maintain a competitive edge when
competitors can also purchase similar technologies
(Wamba et al., 2015).
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Second, the Dynamic Capabilities perspective (Teece,
2007) appears to provide a powerful lens for
examining how organizations learn, adapt, and
transform. The literature implies that organizations
using Al-analytics not only enhance their sensing
capabilities through real-time data insights, they also
engage in continuous process reconfiguration based on
those insights. However, many existing studies have
not deeply examined the microfoundations of these
dynamic processes. For instance, the role of middle
managers in translating Al-driven data into actionable
intelligence, or the cultural shifts that facilitate or
impede transformations, remain areas where further
theoretical integration is needed (Trist, 1981;
Bharadwaj et al., 2013).

Socio-Technical Systems theory also emerges as
central to explaining how humans, technologies, and
organizational structures co-evolve (Trist, 1981). Yet,
as Al grows more sophisticated, questions arise about
the changing nature of human—machine collaboration.
While STS theory provides a basis for analyzing
organizational routines and labor distribution, it may
need updating to account for algorithmic decision-
making, ethical risk factors, and adaptive learning
systems that transcend traditional boundaries between
technology and human oversight (Bukowski et al.,
2020). Sustainability-oriented transformations further
complicate these dynamics, as environmental and
social considerations must be integrated into the socio-
technical design.

A recurring conceptual gap concerns how
sustainability becomes operationalized in these
theoretical constructs. While frameworks like the
triple bottom line (Elkington, 1997) offer general
guidance, the literature indicates that many digital
transformation theories have not sufficiently
incorporated sustainability metrics or explored the
ethical ramifications of Al at scale (Yigitcanlar et al.,
2020). This gap suggests the emergence of a new
dimension for theories like RBV, STS, or Dynamic
Capabilities, which could more explicitly consider
ecological and societal value creation. Although some
scholars advocate for “Sustainable Dynamic
Capabilities,” the field appears ripe for further
theoretical elaboration, including rigorous models that
detail how organizations systematically integrate
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sustainability concerns into Al-driven decision-
making processes.

5.3 Implications for Practice

From a practical standpoint, the reviewed literature
illuminates how organizations can effectively harness
Al and analytics to achieve holistic process
digitization. While no direct recommendations are
provided here, the synthesized findings highlight
several considerations with clear relevance to
practitioners.

First, the discussion of existing frameworks suggests
that organizations should not view Al and analytics as
standalone initiatives (Davenport and Harris, 2017).
Rather, these technologies ought to be woven into an
overarching digital transformation strategy that
addresses social, technical, and organizational
dimensions simultaneously (Trist, 1981). This
integrated approach is particularly pertinent for firms
that aim to balance efficiency gains with long-term
sustainability —objectives, as it prevents the
compartmentalization of environmental and social
metrics from core business processes.

Second, leadership support emerges as a crucial factor,
implying that top-level management must champion
data-driven decision-making and cultivate a culture of
innovation (Mavlutova et al., 2022). Leaders can
facilitate the upskilling of staff, allocate budgets for
emerging technologies, and ensure that ethical and
sustainability concerns remain central to project
governance (Yigitcanlar et al., 2020). The repeated
emphasis on data governance and interoperability
hints at the need for dedicated data stewardship roles
and robust IT infrastructures. In practice, this can
translate into cross-functional data management
teams, standardized data protocols, and enterprise-
wide analytics platforms (Bharadwaj et al., 2013).

Third, the literature reveals that successful
measurement of Al-analytics impact goes beyond
traditional key performance indicators. Many
organizations are expanding their metrics to include
sustainability targets, such as energy efficiency,
carbon footprint, and social impact indicators
(Elkington, 1997; Konietzko et al., 2020). These are
integrated into dashboards and scorecards that enable
real-time tracking of economic, ecological, and social
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performance. While advanced solutions can automate
much of this data collection, human oversight remains
pivotal for interpreting results and making strategic
decisions consistent with ethical and regulatory
constraints.

Finally, although not a direct recommendation,
practitioners may take note of the potential for cross-
industry collaboration. Several studies note that
frameworks and tools for Al-analytics integration are
often replicable across sectors, albeit with context-
specific adjustments (Wamba et al., 2015). This cross-
pollination of practices can accelerate learning and
innovation, especially in emerging areas such as green
Al, where computing efficiency and sustainability
become intertwined.

5.4 Research Gaps and Directions

Despite the expanding literature on Al, analytics, and
end-to-end digitization, several gaps remain evident.
These gaps open avenues for deeper inquiry,
especially in the following domains:

1. Longitudinal Analyses of Sustainability Outcomes
Many existing studies focus on short-term
performance metrics and project-based improvements.
Future research could adopt longitudinal designs that
track how sustainability metrics evolve over extended
periods of Al-enabled transformations (Yigitcanlar et
al., 2020). This would offer richer insights into the
cumulative environmental and social benefits, as well
as potential trade-offs in resource allocation and
workforce changes.

2. Context-Specific and Sectoral Studies

Although the majority of research has explored
generic frameworks for digital transformation, certain
industries—such as healthcare, energy, and consumer
goods—have sector-specific regulations and value
chain complexities (Bukowski et al., 2020).
Investigations tailored to these unique environments
could elucidate how Al and analytics practices differ
in implementation and impact, potentially refining or
challenging current theoretical models.

3. Ethical and Governance Considerations

The risk of algorithmic bias, data privacy breaches,
and workforce displacement remains a frequently
cited concern (Mavlutova et al., 2022; Konietzko et
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al., 2020). However, few studies delve into the
governance structures that can manage these ethical
implications effectively. Future research might
explore frameworks for Al ethics committees,
stakeholder-inclusive decision-making processes, and
robust regulatory compliance mechanisms.

4. Integration of Macro-Level Factors

While some studies note the influence of market
volatility and regulatory shifts (Bharadwaj et al.,
2013), there is limited exploration of how
macroeconomic or geopolitical factors influence Al—-
analytics adoption on a global scale. Researchers
might investigate cross-country comparisons to gauge
differences in policy environments and cultural
attitudes toward data-driven transformation, thus
broadening the theoretical scope and contextual
applicability of existing models.

5. Evolution of Organizational Structures and Roles
Socio-Technical Systems theory points to changing
work arrangements and skill requirements as
technology matures (Trist, 1981). However, the
mechanics of how roles shift and new inter-
departmental relationships emerge during Al-
analytics integration are still not fully understood.
Detailed qualitative studies could unearth the micro-
dynamics of day-to-day operations and leadership
practices that either facilitate or impede
transformational progress.

6. Sustainable Dynamic Capabilities

While the notion of Dynamic Capabilities underpins
much of the theoretical discourse, the concept of
sustainability-oriented dynamic capabilities remains
relatively underexplored. Researchers might build on
Teece (2007) to propose models that more concretely
intertwine  environmental  stewardship, social
responsibility, and adaptive organizational processes
powered by Al and analytics.

CONCLUSION
6.1 Recapitulation of Main Insights

This review set out to examine the convergence of
artificial intelligence (AI) and business analytics in
driving end-to-end process digitization, with a
particular focus on sustainability. The three research
questions (RQ1, RQ2, RQ3) guided an exploration of
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existing frameworks, critical success factors, and
performance measurement approaches. In response to
RQI, it was observed that although multiple models
and frameworks delineate how Al and analytics can be
incrementally integrated, many stop short of
embedding sustainability metrics into their core
design. RQ2 addressed the importance of leadership
support, data governance, and an adaptable
organizational culture, emphasizing that these
elements intersect with sustainability requirements
when managed holistically. Finally, RQ3 highlighted
the growing relevance of balanced Key Performance
Indicators that consider economic, environmental, and
social dimensions, reflecting an emergent shift toward
long-term, responsible digitization strategies.

Collectively, these findings underscore that the
synergy between Al and analytics can be an engine of
transformation, provided it is contextually adapted and
supported by robust leadership and organizational
practices. Moreover, the incremental stages of
analytical maturity—from diagnostic to prescriptive—
gain strategic depth when sustainability outcomes are
integrated into continuous feedback loops. Hence, a
unified, sustainability-aware approach to Al—analytics
deployment stands poised to deliver enduring value
across industries and sectors.

6.2 Limitations of the Review

Although the systematic literature  review
methodology offered a structured lens for evaluating
relevant studies, the scope remained limited by
language constraints, publication bias, and the
exclusion of certain non-peer-reviewed materials.
Additionally, the small sample of articles that fully
addressed  both  Al-analytics synergy and
sustainability underscores the nascent stage of
research in this domain. These constraints highlight
the need for further empirical and cross-disciplinary
studies to fortify the existing body of knowledge.

6.3 Final Observations

Overall, the synthesis demonstrates the growing
imperative to examine Al and business analytics not
merely as technological enablers but as catalysts for
holistic, responsible digital transformation. As market
pressures and sustainability imperatives intensify,
organizations have an opportunity to refine their
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strategies and operational practices in line with both
economic and environmental objectives. Continued
scholarly attention to frameworks, success factors, and
integrated measurement methods will be essential for
advancing this promising field, ensuring that end-to-
end digitization evolves into a robust pathway for
sustainable transformation.

REFERENCES

[1] Baier, M.S., Lockl, J., Roglinger, M. and
Weidlich, R., 2022. Success factors of process
digitalization = projects—insights  from  an
exploratory study. Business Process
Management Journal, 28(2), pp.325-347.

[2] Barney, J., 1991. Firm resources and sustained
competitive advantage. Journal of
management, 17(1), pp.99-120.

[3] Bharadwaj, A., El Sawy, O.A., Pavlou, P.A. and
Venkatraman, N.V., 2013. Digital business
strategy: toward a next generation of
insights. MIS quarterly, pp.471-482.

[4] Bukowski, M., Farkas, R., Beyan, O., Moll, L.,
Hahn, H., Kiessling, F. and Schmitz-Rode, T.,
2020. Implementation of eHealth and Al
integrated diagnostics with multidisciplinary
digitized data: are we ready from an international
perspective?. European radiology, 30, pp.5510-
5524.

[5] Davenport, T.H. and Harris, J., 2017. Competing
on analytics: Updated, with a new
introduction. Harvard Business Review Press.

[6] Elkington, J. and Rowlands, LH., 1999.
Cannibals with forks: The triple bottom line of
21st century
Journal, 25(4), p.42.

[7] Fischer, G. and Herrmann, T., 2011. Socio-
technical systems: a

business. Alternatives

meta-design
perspective. International Journal of
Sociotechnology and Knowledge Development
(IJSKD), 3(1), pp.1-33.

[8] Fitzgerald, M., Kruschwitz, N., Bonnet, D. and
Welch, M., 2014. Embracing digital technology:
A new strategic imperative. MIT sloan
management review, 55(2), p.1.

[9] Goodfellow, L., 2016. Deep learning.

ICONIC RESEARCH AND ENGINEERING JOURNALS 250



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

IRE 1708892

© NOV 2022 | IRE Journals | Volume 6 Issue 5 | ISSN: 2456-8880

Hu, Y., 2018. Marketing and business analysis in
the era of big data. American Journal of
Industrial and Business Management, 8(07),
p-1747.

Javaid, M., Haleem, A., Singh, R.P. and Suman,
R., 2022. Artificial intelligence applications for
industry 4.0: A literature-based study. Journal of

Industrial Integration and Management, 7(01),
pp-83-111.

Kalyazina, S., lliashenko, V., Kozhukhov, Y. and
Zotova, E., 2020, December. Key end-to-end
digital technologies in the ecosystem of the
state’s digital economy. InIOP Conference

Series: Materials Science and Engineering (Vol.
1001, No. 1, p. 012140). IOP Publishing.

Konietzko, J., Bocken, N. and Hultink, E.J.,
2020. A tool to analyze, ideate and develop
circular innovation
ecosystems. Sustainability, 12(1), p.417.

Machireddy, J.R., Rachakatla, S.K. and
Ravichandran, P., 2021. Al-Driven business
analytics for financial forecasting: Integrating
data with predictive
models. Journal of Machine Learning in
Pharmaceutical Research, 1(2), pp.1-24.

Mavlutova, I., Spilbergs, A., Verdenhofs, A.,
Natrins, A., Arefjevs, I. and Volkova, T., 2022.
Digital transformation as a driver of the financial
sector sustainable development: An impact on
financial inclusion and operational
efficiency. Sustainability, 15(1), p.207.

Moher, D., Liberati, A., Tetzlaff, J. and Altman,
D.G,,
systematic reviews and meta-analyses: the
PRISMA statement. Bmj, 339.

Nadkarni, S. and Priigl, R., 2021. Digital
transformation: a synthesis and

warehousing

2009. Preferred reporting items for

review,
opportunities for future research. Management
review quarterly, 71, pp.233-341.

Okoli, C., 2015. A guide to conducting a
standalone systematic literature
review. Communications of the Association for
Information Systems, 37.

Olayinka, O.H., 2022. Ethical implications and
governance of Al models in business analytics

and data science applications. International

[20]

[21]

[22]

[23]

[24]

[25]

[27]

[28]

ICONIC RESEARCH AND ENGINEERING JOURNALS

Journal of Engineering Technology Research &
Management.

Park, Y. and Mithas, S., 2020. Organized
complexity of digital business strategy: A
configurational perspective. MIS
quarterly, 44(1).

Rautenbach, W.J., de Kock, I. and Jooste, J.L.,
2019, June. The development of a conceptual
model for enabling a value-adding digital
transformation: A conceptual model that aids
organisations in the digital transformation
process. In 2019 IEEE International Conference
on Engineering, Technology and Innovation
(ICE/ITMC) (pp. 1-10). IEEE.

Ravichandran, P., Machireddy, J.R. and
Rachakatla, S.K., 2022. Al-Enhanced data
analytics for real-time business intelligence:
Applications and challenges. Journal of Al in
Healthcare and Medicine, 2(2), pp.168-195.
D.J., 2007.
capabilities: the nature and microfoundations of

Teece, Explicating dynamic
(sustainable) enterprise performance. Strategic
management journal, 28(13), pp.1319-1350.

Theofanidis, D. and Fountouki, A., 2018.
Limitations and delimitations in the research
process. Perioperative Nursing-Quarterly
scientific, online official journal of GORNA, 7(3
September-December 2018), pp.155-163.

Thomas, A., 2020. Convergence and digital
lead to competitive
differentiation. Business Process Management
Journal, 26(3), pp.707-720.

Tranfield, D., Denyer, D. and Smart, P., 2003.
Towards a methodology for developing
evidence-informed management knowledge by
means of systematic review. British journal of
management, 14(3), pp.207-222.

Trist, E.L., 1981. The evolution of socio-
technical systems (Vol. 2, p. 1981). Toronto:
Ontario Quality of Working Life Centre.

Trist, B., Murray, H. and Trist, E., 2016.
Characteristics  of

fusion

socio-technical
In The Social Engagement of Social Science, a
Tavistock Anthology, Volume 2: The Socio-
Technical Perspective (pp. 157-186). University
of Pennsylvania Press.

systems.

251



[29]

[30]

[31]

[32]

IRE 1708892

© NOV 2022 | IRE Journals | Volume 6 Issue 5 | ISSN: 2456-8880

Turing, A.M., 2009. Computing machinery and
intelligence (pp. 23-65). Springer Netherlands.

Velter, M.G.E., Bitzer, V. and Bocken, N.M.P.,
2022. A boundary tool for multi-stakeholder
sustainable business model innovation. Circular
Economy and Sustainability, 2(2), pp.401-431.

Wamba, S.F., Akter, S., Edwards, A., Chopin, G.
and Gnanzou, D., 2015. How ‘big data’can make
big impact: Findings from a systematic review
and a longitudinal case study. International

Jjournal of production economics, 165, pp.234-
246.

Yigitcanlar, T., Desouza, K.C., Butler, L. and
Roozkhosh, F., 2020. Contributions and risks of
artificial intelligence (AI) in building smarter
cities: Insights from a systematic review of the
literature. Energies, 13(6), p.1473.

ICONIC RESEARCH AND ENGINEERING JOURNALS

252



