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Abstract

Technological approaches towards innovation in the field of data analytics employing Al and
ML are steering up the continents of decision-making. Analyzing these technologies, it is
possible to identify the increase in data volumes, variety, and velocity that these tools help to
address, producing insights previously unavailable to organizations. In this paper, the next
frontier of radical scholarship is discussed by identifying how new techniques exist in data
analysis can improve on decision making through use of Al and machine learning. These
technologies assist the decision makers in obtaining the key information that enables efficient,
accurate, and swift decision-making processes by automating data analysis, pattern recognition
as well as forecasting. Some of the most important measures guiding the adoption of Al and
ML in data analytics are discussed in the study and they include cloud architectures,
sophisticated algorithms, and partnership models. It also looks at the responsibilities of
effective data governance, ethical issues, and skill management in relation to deploying these
technologies. To illustrate the above, real-life use cases across the finance, healthcare, supply
chain, and sustainability industries are explored to illustrate the efficiency and effectiveness of
Al analytics. Furthermore, it discusses certain problems like data security, algorithms’ biases,
and compliance with the requirements, and offers the ways of their solution. And also gives
the strong message to adapt the culture of innovation and collaboration for the maximum
utilization of Al and ML in competitive business environment. With the use of sustainable and
progressive approaches, both developed and LMIC organizations can enjoy competitive
benefits and better utilize their resources in order to foster sustainable growth. It argues that Al
and ML make them crucial for the future strategy, as decisions will continue to be based on

data in a rapidly evolving global environment.

Keywords: Innovation Strategies, Data Analytics, Artificial Intelligence (Al), Machine
Learning (ML), Decision-Making, Predictive Analytics, Data Governance, Sustainable
Growth.
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Introduction

Over the recent past, there has been an exponential increase in data, and this had offered
organisations fresh opportunities and challenges globally. Automatically produced via every
communication, exchange, and activity on the web and through social media, big data is created
through every transaction. However, the focus is in the data quality rather than the quantity:
the real value comes from the possibilities of how to work with these numbers and make sense
of them. While broad classical approaches to data interpretation, storage and processing have
been quite helpful, it has become difficult for them to deal with the flood of data, its velocity
and its variety. This has created the evolution of unique approach to DATA ANALYTICS,
mainly with influencing of Artificial Intelligence(Al) and Machine Learning (ML). These are
among the technologies that are changing the way the decisions are made, to move from more

often decision making restricted to hunches to decision making grounded on facts and figures.

Presiding over this change is the Al and ML’s basic capability of dealing with structured as
well as unstructured data and thus providing insights that are beyond human provision. These
technologies, with such specific Al techniques like advanced algorithms and models, can
identify trends, forecast the result and come up with suggestions for the proper actions to take
that can be immediate. For example, natural language processing lets an organization’s Al
systems perform text analytics on customer feedback or social media and detect patterns of
sentiment that inform marketing directions. On the same vein, computer vision application
enable businesses to glean important insights from content found in images and / or videos for
instance quality checks in production, or use of facial recognition portfolios. These advanced
analytics capabilities have also placed Al and ML as vital components in the different

industries.

The applicability of Al data analysis is not limited to important sectors like health, finance,
marketing, supply, and logistics and even in environmental concerns. In healthcare for instance,
predictive models enable early disease outbreak prediction, patient treatment recommendation
and resource utilization. To be specific, machine learning algorithms are more often applied to
fraud detection, algorithmic trading, and credit risk in order to minimize risks of the financial

activity’s security and efficacy. Grocers have been been using artificial intelligence in demand
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forecasting, inventory management, using recommendations to demonstrate client satisfaction
imperatives. In the case of supply chains Al & ML, are applied in the systems for demand
planning, route planning and real-time tracking of logistics thus making the processes more
efficient and less costly. Similarly, in the area of sustainability, data analytics with help of Al
is useful for observing changes of environment and transforming energy consumption and
carbon footprint strategies.

30, Adoption of AlI/ML in Data Analytics Across Key Industries
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Figure 1: Growth of AlI/ML Adoption in Business Decision-Making Over Time (2010-2023)

As highlighted in figure 1, the uses of Al and ML in analytics is evolving in ath various fields.
This describes the different degrees of adoption, with healthcare, finance, retailing , SCM and

sustainability being among the most active industries that use these technologies

Nevertheless, the Al and ML in data analytics have their inconveniences and limitative factors
involved in their application. There is an important aspect of data privacy and security since
most companies depend on personal and sensitive data. Such concerns include bias, where the
algorithms used to make the relevant decisions may or may not have been designed with the
best intentions; this question of who is being served, and by what, brings up issues of fairness
and exactly who is responsible for making the respective decisions. However, the application
of these technologies is usually associated with large investments for infrastructure, human
capital, and change management. For LIMC’s the challenges aforementioned are compounded

by resource constraints, lack of sufficient infrastructure on the digital divide, and disjointed

485 Niraj Kumar Verma et al 483-499



Journal of Computational Analysis and Applications VOL. 31, NO. 3, 2023

legal and regulatory systems for which there is need to develop country appropriate solutions

for.

In analyzing Al and ML for data analytics, it is critical to accept that the implementation of
these technologies goes beyond the software tools that are required. This includes setting a
good governance structure for data that can include quality and accuracy of the data that is
collected and the compliance of such data to set standard of the law. Maintaining cloud and big
data analytical solutions can improve organizational capabilities for handling big data. Just as
important is the promotion of innovation centred culture that brings together multi-disciplinary
teams that will ensure that business solutions align with technological solutions. There is thus
a clear need to plan for an adequate capacity not only of designing but also deploying and

sustaining these Al based analytics systems, and this implies developing profession capacity.

This paper seeks to undertake an analysis of the innovation strategies that can be used to get
the maximum out of Al and ML in data analytics. It goes on to subcategories these benefits
relative to the uses of the technologies in terms of performance predictability, work flow, and
visibility of new patterns. Further, the paper provides the experience of their implementation
and the problems seen with their use in terms of ethics, resource limitations, and new
regulations. Hence, the case study approach and best practices approach involved in the study
aims at providing the organizations, especially those in LMICs with practical frameworks and
guidelines through which they can address the challenges of integrating Al and ML. Finally,
this work makes it clear that Al data analytics hold the key to positive and profound change in

a rapidly integrating and evolving global economy and society.
Literature Review

Data analytics with the aid of Al and ML has revolutionised decision-making across number
of industries in the recent years. This paper aims at reviewing the literature on data analytics,
the use of Al and ML, their applications, innovation strategies, challenges, and future

prospects.

Business intelligence used to rely on simple statistical analysis methods that have been
progressively replaced by complex algorithms supported by Al and ML. Earlier it was more
about data descriptions where historical data where used to make decisions. Analytics which
involves the use of large amounts of data has developed slowly to probabilities and prognosis
and the ability to make anticipative decisions. This transition has been made possible by
exciting new algorithms and computational capacity, which can handle big- and complex-data
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(Chen et al., 2020). This evolution has been improved by the integration of Al and ML, in that
it automated the process of data acquisition as well as the extraction of insights that are more

extensive than simple patterns.

Both Al and ML have emerged as crucial data analytics tools as they provide solutions in tools,
patterns recognition as well as generative insights. Some of the algorithms include, neural
networks, decision trees, and the support vector machines which have been very efficient in
enhancing the accuracy of data analysis (Goodfellow et al., 2016). Another type of ML called
deep learning has provided significant results in processing of structural information data in
particular, images, videos, and text, thus including into the sphere of data analysis many
applications that have not been previously covered by this field (LeCun et al., 2015). These
developments have helped organizations to get meaningful insights, and therefore improve
operational decision making, strategy formulation and planning (Domingos, 2012).

Al and ML in data analytics has made a significant contribution in many sectors, and each
respective industry uses the technologies to improve their decision making process Al
progressed used in predictive analytics in healthcare to forecast diseases outbreak, treatment
plans and resource utilization. Ankush Reddy Sugureddy(2023) For example, patient
readmission has been predicted by the ML models to allow doctors to take preventive measures
(Rajkomar et al., 2019), in finance, Al and ML use are in fraud detection, credit scoring and
investment portfolio. Through analyzing transaction patterns, ML can be used to flag
suspicious transactions and help improve security (Li et al., 2022), While applying Al in the
demand forecasting system and the route optimization have played a massive role in
redesigning the supply chain through minimizing the cost and time experienced on the delivery
process. Due to historical information and market tendencies analysis, demand fluctuations can
also be foreseen by Al models that assist in inventory management (Waller & Fawcett, 2013),
Al and ML help in environment, renewable energy and wastes management, and occurrence
of sustainable development. For instance, the use of ML models has enabled the prediction of

energy consumption making resource consumption easier (Rolnick et al., 2019).

It is possible to identify several innovation strategies that can engage Al and ML into data
analyticsto the fullest extent. Ankush Reddy Sugureddy (2022) This makes the use of cloud

based analytic platform and collaborative ecosystems promote scalability and innovation
(Marston et al., 2011). Internet infrastructure and services enable Big Data to be managed
within the large cloud computing infrastructure that is required for the storage and processing

of massive databases (Hashem et al., 2015). Adopting sustainable data governance procedures
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and ethical standards defines how the Al system should use data and how it solves future
problems while preventing potential data misuse and algorithms’ inclusion of bias (Floridi et
al., 2018). Another fruitful source of innovation includes using open source tools and,
collaborations extended to academic facilities as these allow leveraging state-of-art
technologies and publications (Jiang et al., 2016).

In spite of that, Al integrated data analysis has its strengths and several challenges respond to
it. Privacy and security issues are critical as most big data pro cessing deals with big amount
of data that contains sensitive information (Zhang et al., 2018). Over the years, algorithmic
prowess and opacity have brought ethical issues that called for the creation of XAl models. In
addition, lack of skilled human capital including talent in the alternative industry and
inadequate resources especially in LMICs pose a challenge to Al for data analytics. These
difficulties need strategic approaches such as policy, knowledge, and capital (infrastructural)
(Chui et al., 2018).

Al and ML are the future in data analytics technology with the trend in explainable Al (XAl),
federated learning, and edge analytics leading the future of the field. Sudeesh Goriparthi (2023)
XAT’s primary goal is to explain and justify Al decisions to improve and resolve issues of trust
and responsibility (Gunning et al., 2019). Models can be trained across decentralized devices
in federated learning and this increases data privacy (Kairouz et al., 2021). Data refreezing
refers to the processing of data near the source, thus minimizing Big Data latency of real-time
analytics. Sudeesh Goriparthi (2022) Such developments are focused on enlarging the existing
issues to scale up and find ways to make Al systems more interpretable and explainable, so
that further development of the reliable and ethical Al solutions for data analysis can be
provided (Shi et al., 2016).

Problem Statement

Today more than ever, due to advancing digital technology of business environments,
organizations in various industries are creating and using an enormous amount of data to
support their decision-making processes. This data is vast, it is moving at the velocity at which
it is hard to comprehend and it comes in many varieties, however, traditional analytics tools
have been unable to meet the demands of this type of data thus causing critical challenges in
data management, data interpretation and data utilization. These challenges hamper timely and

top-quality decisions with regard to the market changes and keep organizations away from
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achieving competitive advantages. As the range and depth of the data landscape increase, new

solutions become needed to reveal value and promote tactical advantage.

This paper recognises the growth in technology and the use of Artificial Intelligence (Al) and
Machine Learning (ML) in data analytics still poses various challenges and barriers to their
utilisation. It is found that a lot of organizations have not been able to fully incorporate Al and
ML into their decision making models because of various factors ranging from resources,
expertise and infrastructure. However, factors such as, data credibility, privacy, and
algorithmic bias deepen the problem and thus become impediments to the efficient use of these
disruptive technologies. These are more evident in LMICs where a few facilities are

technologically equipped, and the scarcity of a skilled population hampers improvement.

The third problem is all the more terrible, and that hinges on the ethics and regulation of Al
data analytics. Centrally, the applications of Al and ML in decision-making present yet
untapped opportunities in improving prediction and prescription while also addressing
unprecedented questions over the concepts of transparency, accountability, and fairness. One
major concern that has come up with algorithmic decisions in the recent past is that of the black
boxing of the decisions arrived at; hence most of the decisions being made by algorithms are
not easily explained hence people grow to distrust them. However, the complete neglect, or
poorly controlled, implementation of these technologies can lead to negative side-effects, such
as unfair treatment, data leakages, or loss of consumer trust. It is important to find solutions for
these ethical issues to help make the use of Al-generated data and analytics as advantageous

for everyone as it is possible.

These challenges are further exacerbated by the lack of a clear innovation strategy where Al
and ML adoption are usually fragmented and conducted in an uncoordinated approach. This
absence of strategic leadership inhibits their capacity to grow solutions, increase efficiency,
and fully leverage the capabilities of those technologies. However, the study reveals that
several of these organizations do not integrate Al and ML with organisation-wide goals and
objectives, therefore making them ineffective and ineffectual. This incoherence raises the need
for an appropriate blueprint, which can effectively coordinate the technological competencies

of an organization with its goals.

Given these challenges, this research aims to answer the following research question: how can
organizations maximize on the Al and ML opportunities in data analytics for decision-making?

It wishes to identify solutions for technical, ethical, and organisational challenges but also
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stress creativity and effectiveness for sustainable developments. Mitigating these challenges,
the study aims to offer practical recommendations necessary to realise Al and ML’s value,
transformational capabilities, and downstream benefits as key levers of organisational

competitiveness, optimisation, and advancement in a Data-First Economy.

Methodology

This research uses a broad approach aimed at assessing the best way Atrtificial Intelligence (Al)
and Machine Learning (ML) can be integrated with data analysis for improved decision-
making. The approach to meet these objectives includes both qualitative and quantitative
research to ensure a comprehensive view on the possibilities and the problems with

implementing Al and ML.

The research starts with primary data collection through which data is collected directly from
the stakeholders in industries where data analysis is relevant. These are interviews with key
stakeholders, professional and academic in nature, including professionals in industries of
health, finance, supply-chain, and sustainability, data scientists and key decision-makers.
These interviews will therefore focus on gaining insights on the practical use of Al and ML,
problems experienced during deployment and the perceived value in using these technologies.
It is flexible while interviewing specific things but be very standardized between interviews.
Moreover, questionnaires are also conducted targeting various types of organizations to get the
quantitative measure of adoption, key performance indicators, and Al and MLimplementation
challenges.

Marketing and Advertising
Technology

Consulting

Teaching

Accounting

Healthcare

Figure:2 AI/ML Adoption Rates Across Industries
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Thus, having discussed the market overview of data analytics with Al and ML integration, the
key domains, including healthcare, finance, supply chain, and sustainability, were considered
(Figure 2). What has been missing so far in the literature and in the analysis of the current state
of BIM adoption is the examination of how different industries adopt BIM in different rates.

Organizations Using AI/ML

x 100
Total Organizations

Adoption Rate =

The second one is the secondary data collection, which goes hand in hand with the primary
data and consist in the use of some reports, scientific articles, public databases. These source
serve to offer a background for the study by presenting general trends in the adoption,
investment and performance of Al and ML across the world. The use of secondary source of
data also assists in cross-checking the results gotten from primary data collection and

employment of this study confirms that the study was rooted on existing information.
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Figure: 3 Challenges in AlI/ML Implementation

The identified challenges to AI/ML implementation were clustered in line with the participants’
responses and review of literature. As noticed in Figure 3 major issues such as cost, lack of

appropriate human capital, and ethical considerations cropped up frequently across industries.

491 Niraj Kumar Verma et al 483-499



Journal of Computational Analysis and Applications VOL. 31, NO. 3, 2023

Instances of Specific Challenge
Total Reported Challenges

Challenge Percentage =

In this context, the research provides the case studies taken from industries that have applied
Al and ML for the purposes of data analysis. In an effort to assure the selection of relevant,
innovative and scalable Al and ML solutions each case study is chosen. In the analysis of case
studies, the issues in the implementation process are highlighted as well as the results obtained.
Taking a number of cases, the research reveals the key success factors and sector-specific
characteristics which allow for best practices recommendations for organizations interested in

implementing similar strategies.

The data collected is analyzed from both qualitative and quantitative perspective from a
research unit. Raw feedback from surveys end up being analyzed using statistical tools to come
up with trends, patterns and relationships. Means, correlation and regression, and contingency
tables and chi-square tests are used to analyze the association between Al/ML use and decision-
making performance. However, interviews and case data are analysed thematically, and coding
approaches are applied in the analysis process to identify emerging patterns. The reason such
an approach is useful is that it gives a clear numerical response to the research problem while
providing rich, qualitative data.
Positive Responses on Dimension

S = > 100
core Total Responses

The framework proving Al and ML adoption in data analytics is presented as one of the key
elements of the methodology. These have been gathered from primary data and secondary data
sources of healthcare organisations and focuses on technical, organisational and ethical issues.
The roadmap entails best practices on infrastructure deployment, approaches to linking Al
projects with company strategies in organisations, and possible solutions to application
challenges. The framework also touches in data governance & ethics in the sustainable use of
Al and ML.

As a method of confirming that the framework is both credible and usable, validation is
performed. The proposed framework is first forwarded to a set of anonymous referees from
acadmeia, industry and government. To improve the practical applicability and, at the same
time, the transferability of the framework, their feedback is integrated. This back-and-forth
makes recommendations feasible on one hand and academically sound on the other hand to

avoid becoming wishy-washy.
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There is an ethical consideration in the conduct of the study through the process. Each
individual concerned in the interviews and the completion of questionnaires provide their
consent in the undertaking, the purpose and the handling of their rights. There is due
consideration of data privacy and confidentiality where participant information is kept
anonymous. The research also follows code of ethics especially in query formulation regarding

bias of search algorithm and data ethics.

Lastly, the use of the chosen methodology is described, including its strengths and possible
biases, and ways of minimizing their impact. For example, imbalance in participants’ response
is avoided by having more than one set of data. Further, using various subject cases and
inclusion of both quantitative and qualitative research is effective in handling issues to do with
generalization of the outcome across industry and geographical area. Through a systematic and
comprehensive analysis adopting both quantitative and qualitative data, this research seeks to
present practical recommendations for advancing the applications of both Al and ML for data

analysis to support decision making across the sectors.
Results and Discussions

Consequently, the analysis shows that there is great disparity between industries in the
implementation of AI/ML technologies. The highest adoption rates are evident in healthcare
with a 70% adoption rate followed by supply chain with 65%. This could be attributed to the
fact that data analytics is central to the health delivery system and logistics. The next is the
financial sphere with a 60% of utilization needed in fraud detection, credit scoring and
algorithmic trading. In contrast, retail and sustainability claims show lesser adoption at 50%
and 55% respectively. The difference best depicts the levels of technological adoption, relative

resource endowment, and propensity to value technologies differently across industries.
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Figure: 4 AlI/ML adoption rates Across Industries

Complementing figure 4 shows the rate of integration of the AI/ML technologies in the
different industries. Health care (70%) and supply chain (65%) dominate the application due
to the necessity of dependence on data analytics for enhancing performance and results.
However, retail and sustainability sectors are lower which proves there is a necessity for
interventions to improve usage.

These results make sense with literature that suggests that there is unequal adoption of AI/ML
owing to adoption barriers and enablers by sector. Field, which is most heavily regulated,
overall shows a higher tendency to implement advanced analytics to meet those standards and
streamline operations. Conversely, there are challenges such as budget constraints and data
availability, which have small scale deployment of technology in sectors like retail and
sustainability.
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According to this study, cost constraints are the biggest barrier to Al/ML adoption followed by
lack of skills, which is not far behind, and lack of infrastructure, which took third place in the
survey. Ethical consideration and data privacy is also problematic, but these are the least of
challenge at 15% and 10% respectively. Cost and skill constraints dominate the list of barriers
to implementing Al solutions This fact shows that organizations need to work on developing
human capital initiatives and use affordable yet effective Al tools.

40 Challenges in AI/ML Implementation
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15%

=
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10

Cost Skill Gap Infrastructure Ethical Concerns Data Privacy
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Figure: 5 Challenges in AI/ML Implementation

As revealed in the enhancer for interaction of Al with HAC, and as illustrated in the Figure 5,
the most crucial hindrances perceived in the study include skill gaps with a ratio of 30% and
cost at 25%, and infrastructure constraints at 20%. Despite being less often mentioned, ethical
issues and concerns over data protection remain among the major challenges in important fields
like financial and medical industries.

These challenges are worst where there is scarcity of resources as is often the case in the low-
middle income countries due to limited technological advancement. Of lesser importance from
the article but equally important are ethical concerns and data privacy concerns are equally
pretty important particularly in the area of finance or healthcare where data security is of
particular concern. As such, there is a need to establish comprehensive data governance

structures and ethical standards of using the information to enhance public confidence and
greater usage.

Perceived Benefits of AI/ML Adoption
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Field data reveal that organizations have great expectations from the integration of AI/ML. To
be more precise, approximately 4 out of 5 respondents state that the main benefit of analytics
is the improved decision-making, whereas the other respondents indicate operational efficiency
(approximately 75%) and innovation advantages (about 65%). These results corroborate the
change-making impact of Al and ML in enriching the firm’s resources and performing a

strategic operation.

It is also shown in the present results that perceived benefits are not universal for all sectors.
For example, decisions of healthcare will entail decision-making improvements while those of
the supply chain companies will more likely entail operational improvements. Such variation
makes it clear that there is a need to develop AI/ML solutions that are capable of addressing

needs of a particular industry.

The responses received during the validation phase of the AI/ML adoption framework were
generally compelling, where authorities recommended the following framework for data
governance, infrastructure, ethical standards, and organisational alignment. The experts
stressed the relevance of the framework and that it focuses on how decision-makers implement
AI/ML projects tied to their goals. But they also identified that there had been insufficient

emphasis on issues regarding their scalability and applicability across dissimilar organizations.
Discussion of Insights

The results present several fundamental findings in the application and deployment of AI/ML
in the data analytics field. First, the high adoption rates we have observed in some industries,
including healthcare and finance, indicate that these industries have quite mature approaches
toward advanced analytics adoption. Nevertheless, the significance of Specific objectives is
seen in comparatively low rates of leveraging in the retail industry and in sustainability; thus,
the call for subsidies for Al implementation in businesses with constrained resources.

Second, the emerging issues, chiefly, costs and shortage of skilled personnel signal the need
for governments and organizations to fund learning and Al with the capacity to grow. LPDs
could be of immense importance in bearing these barriers through the public-private

partnership as a vehicle of innovation systems and sharing.

Lastly, the findings summarise the significance of ethical factors and protection of data. As
firms continue to utilize Al and data analytics to make critical decisions, concerns of bias,

effectiveness of algorithms, and expiry dates for those algorithms become fundamental. For
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the long-term effective implementation of Al and ML, ethical frameworks as well as the

displayed procedures must be credible to the stakeholders.
Future Directions

The study brings out some recommendations that should guide future attempts while focusing
on the perceived benefits of Al and ML but overcoming the challenges noted above. Efforts to
address the gap, including focused training activities and introducing AI/ML learning into
degree studies, would prove beneficial in improving workforce capability. Also, enhancement
of affordable, innovative Al solutions that are appropriate for underfunded industries would

advance the application of Al adoption.

More so, this study also underlines the necessity for future research regarding the burgeoning
of the ethical issues associated with the employments of AlI/ML in data analytics in LMICs. It
is thereby proposed that analysing how XAl and federated learning can mitigate ethical and

data privacy considerations represent an area for further research.
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