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ABSTRACT
By facilitating automation and a higher order of decision-making,
Al has redefined data science. We review how the field has
progressed from rule-based approaches to contemporary machine
learning and deep learning, and how these have been woven into the
workflow. Core tech — NLP, computer vision, reinforcement
learning — now underpins predictive analytics in fields ranging from
finance to cybersecurity. There are undeniable advantages, but also
persistent issues around bias, privacy and interpretability. Then
again, with the rise of generative and explainable Al and federated
learning, we are heading for a time when data-driven systems will

be more transparent and autonomous.

INTRODUCTION

There is no denying that Artificial Intelligence (AI) has become one of the 21st century’s most

transformative technologies, changing the way we collect, process and make sense of data in every

field. We are in an age of digital transformation where social media, business dealings, healthcare,

sensors and all manner of internet-connected devices are churning out vast quantities of structured

and unstructured data by the second [1]. Old methods of data analysis simply cannot keep up with the

scale and speed of this deluge, which is why AI has become indispensable for any organization
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looking to derive real value from its information and make sound decisions [2].
Data science — a discipline that draws on statistics, computer science, and mathematics and domain
knowledge — has been greatly enhanced by the advent of machine learning, deep learning, natural
language processing and the like. The marriage of Al and data science means that analytical work can
be automated and hidden patterns uncovered with little need for human input [3]. By learning from
what has come before and adapting as conditions change, Al algorithms have pushed data science
past mere descriptive analytics into the realm of the predictive and prescriptive. It is now possible for
institutions to optimize their operations, cut costs and improve the customer experience in ways that
were not feasible before. You will see this reliance on Al in sectors as diverse as finance,
manufacturing, agriculture and cybersecurity [4].
Machine learning is at the heart of modern data science, allowing systems to spot trends and forecast
outcomes without being explicitly told how to. Then there is deep learning, with its multi-layered
artificial neural networks, which has put image and speech recognition on a fast track to advancement
[5]. And with natural language processing, a machine can parse human language to pull insights from
a research paper or a string of customer reviews. These are tools that have made data analysis far
more accurate and scalable [6].
Yet for all the strides made, there are still hurdles to clear. The reliability and uptake of Al are
hampered by questions of algorithmic bias, interpretability, computational expense and data privacy.
There is also the matter of accountability and fairness when so much depends on an AI’s judgment.
For policymakers and practitioners alike, it is important to have a clear view of both the promise and
the pitfalls of these applications. In this review we set out to give a thorough account of Al in data
science, from the core methodologies and practical uses to the challenges and what lies ahead. We
want to show how Al has redefined decision-making and point to the innovations that will drive
intelligent analytics in the future.

EVOLUTION OF ARTIFICIAL INTELLIGENCE IN DATA SCIENCE
To look at the history of Al in data science is to see a technological journey from conventional analysis
to fully automated, intelligent systems. What began as rule-based contrivances has given way to self-
learning algorithms that can wade through immense amounts of complexity. This has been made
possible by leaps in computing power and the kind of sophisticated machine learning that has turned
Al into a necessity for solving real-world problems [7].
One can trace the roots of Al to the 1950s and the first notions of machines emulating human thought.
Those early efforts were built on symbolic reasoning and hard-coded rules for logic and problem-

solving. While they showed what was possible, they were limited by the fact that they could not learn
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from data and demanded a great deal of manual programming [8]. Data analysis then was a largely
statistical affair, left to human experts with modest computational resources.
A turning point came in the 80s and 90s with the rise of machine learning. For the first time, computers
could be taught to find relationships in the data themselves rather than being programmed in the
traditional sense. Decision trees and support vector machines became the go-to for classification and
prediction [9]. As the volume of digital data swelled, machine learning offered a way to turn it into
something actionable, moving the field on from descriptive statistics.
More recently, the explosion of the internet, big data and cloud computing in the 21st century has
only hastened the fusion of Al and data science. The sheer volume of material coming in from online
sources and mobile devices has opened up new avenues for Al to work its magic. There is no denying
that deep learning has been a game changer for machine learning [10]. Modeled on the human brain,
this subset of the field has given computers the wherewithal to make sense of intricate data be it
images, audio or natural language. With the advent of sophisticated neural network architectures like
CNNs and RNNs, Al applications have seen a marked upturn in performance when it comes to image
recognition, speech and translation work [11].
These days you will find Al woven into the fabric of modern data science. From healthcare and
finance to retail and cybersecurity, industries are making use of generative Al, reinforcement learning
and natural language processing in their day-to-day operations. An Al system can spot fraud, forecast
disease or optimize a supply chain with a speed and accuracy that is hard to match [12]. On top of
that, open-source tools and cloud platforms have put advanced analytics within reach of researchers
and companies all over the world. Of course, progress has not come without its share of obstacles.
The maturation of Al in data science still has to contend with issues of ethics, transparency, data
quality and sheer computational demands [13]. But with the pace of innovation and research, we can
expect to see even greater capabilities down the road.

CORE AI TECHNOLOGIES IN DATA SCIENCE
For any organization looking to wrangle complex datasets and turn them into something of value, Al
has become indispensable. It is what allows for the kind of efficiency and scalability in analytical
methods that traditional statistics simply cannot provide. A number of core technologies are at play
here in converting raw data to knowledge [14]. Machine learning is perhaps the most ubiquitous of
these. In essence, it is the capacity of a computer to pick up on patterns and relationships in data
without having to be explicitly programmed for each and every task. You have your supervised
learning, which relies on labeled data for prediction and classification, and unsupervised learning for

uncovering structures in unlabeled sets [15]. Techniques such as random forests, support vector
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machines and decision trees are staples in everything from customer segmentation to building

recommendation engines.
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Figure 1. Core Machine Learning and Al in Data Science

Then there is deep learning, a more specialized offshoot of machine learning that has made a name
for itself by handling high-dimensional data with ease. Its artificial neural networks are designed to
mirror the brain, using multiple hidden layers to automatically learn from large volumes of
information. This is what drives the success of Al in understanding language or processing speech
[16]. For video and image analysis one might turn to a convolutional neural network, while
transformers and RNNs are better suited to sequential tasks. NLP is another must-have in the data
scientist’s toolkit. By marrying machine learning with computational linguistics, it lets a computer do
more than just read text; it can interpret and even generate human language [17]. As the volume of
unstructured data from social media and email continues to swell, NLP is key to pulling out the
insights you need for sentiment analysis or running a chatbot.

Computer vision works along similar lines but for the visual realm. Whether it is for an autonomous
car or a diagnostic tool in a hospital, these systems use deep learning to parse images and videos,
identifying objects and anomalies with precision [18]. And in the case of reinforcement learning, you
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have an agent that is taught through trial and error in an environment, reaping rewards or penalties to
hone its performance — a technique with growing relevance in robotics and resource management
[19].
DATA SCIENCE WORKFLOW AND AI INTEGRATION

At its heart, the data science workflow is a methodical way of going about the collection, processing
and interpretation of data so as to produce insights that can inform decisions. In the past, you would
have to put in a good deal of time and expertise to do this by hand, leaning on statistical methods for
your analysis [20]. However, the advent of Artificial Intelligence has put a new spin on the whole
process. By automating what used to be repetitive work and churning through large, complex datasets
with greater speed and precision, Al has become an indispensable part of the data science lifecycle,
from the moment data is first collected right through to model deployment and optimization [21].

It all starts with data collection and preprocessing. You are pulling in information from all manner of
sources: enterprise systems, the cloud, social media, sensors, databases and websites. The trouble is
that raw data is rarely perfect; it tends to be noisy or incomplete. Preprocessing is therefore a must to
guarantee reliability [22]. Here, Al tools take over the heavy lifting of cleaning the data, dealing with
missing values and spotting anomalies. Machine learning will pick up on patterns and inconsistencies
in a dataset far more efficiently than a person could manually, which in turn spares the human effort

and yields better quality data for the analysis to come [23].
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Figure 2. Data Science Workflow with Al Integration
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Then comes feature engineering and data preparation to set the stage for the model. The goal is to
cull or create the variables that will give you the best performance. Al makes short work of this with
automated dimensionality reduction and feature selection. With deep learning, you can even have the
system extract intricate features from unstructured text, speech or images on its own, obviating the
need for much manual input and making predictive modeling a more streamlined affair [24].
The core of the workflow is in the development and training of the model. This is where you put
historical data through Al algorithms — be they neural networks, support vector machines, decision
trees or regression — to get them to learn the trends and relationships. Deep learning is particularly
useful for unstructured data at scale [25]. Thanks to Al, data scientists are able to construct models of
high accuracy for anything from fraud detection and disease diagnosis to understanding customer
behavior.
Of course, you have to be sure the system is sound, which is why evaluation and validation are non-
negotiable. We look at metrics like F1-score, recall, precision and accuracy to judge how well the
model is doing. Al helps here too by automating cross-validation and hyper parameter tuning,
allowing for quicker experimentation and weeding out any bias or over fitting before it becomes an
issue [26]. The model has to be put to work. Whether it is for real-time automated decisions or
predictions, these Al applications are being rolled out into live systems with the help of edge Al and
cloud computing. And because the environment is always changing, the system can be retrained and
given feedback so it continues to learn and improve [27].

APPLICATIONS OF AI IN DATA SCIENCE
You will find that Artificial Intelligence (AI) has done much to broaden what data science can do in
virtually every sector. Through the use of sophisticated algorithms and large-scale processing, Al
gives organizations the means to put complex decision-making on autopilot, make sound predictions
and spot patterns that would otherwise go unnoticed [28]. In effect, it has turned old-fashioned
analytical methods into intelligent systems that learn from the data and get better with time. Today
you see Al at work in data science everywhere: in finance, healthcare, education, transportation,
cybersecurity and beyond [29].
Predictive analytics is perhaps the most vital of these applications. Machine learning tools are put to
work on historical and live data to project future trends. An e-commerce firm, for instance, might
deploy an Al system to look at a customer’s browsing and purchase history in order to offer up some
personalized product suggestions [30]. Or they may use predictive models for everything from sales
and inventory to financial planning, all in an effort to be more efficient and better gauge market

demand or risk.
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The impact is just as pronounced in healthcare. Al has changed the way medical diagnosis and
treatment are planned. With machine and deep learning, doctors can have their decisions backed by
systems that can pore over patient records, lab reports and medical images with remarkable precision.
These Al systems can flag early signs of cancer or cardiovascular disease, for example [31]. Then
there is natural language processing which is used to pull useful data out of clinical notes and research
to aid in patient care. In the world of finance, banks and other institutions depend heavily on Al for
things like automated trading and risk assessment [32]. The algorithms can wade through mountains
of transactions to find anything suspicious or unusual, stopping fraud in its tracks and limiting losses.
They are also better than the old ways of going about credit scoring or loan approvals because they
evaluate a customer’s financial history with greater exactitude [33].
For business intelligence and marketing, Al is indispensable. It is used to make sense of social media
chatter, buying habits and feedback. Sentiment analysis and segmentation let companies tailor their
marketing, while NLP-driven catboats handle customer service with instant replies [34]. On the
security front, Al is key to keeping an eye on network traffic and nipping cyber threats in the bud; a
machine learning model will pick up on malware or phishing where a conventional system might not.
We are also seeing Al become more important in the realms of industrial automation and smart city
transport [35].

AI TECHNIQUES FOR BIG DATA ANALYTICS
The proliferation of cloud computing, connected devices and internet use has given us big data in
spades — volumes of it that are hard for traditional systems to cope with given the velocity and variety
involved. This is where Al comes in. It allows for a level of processing and insight extraction from
these massive datasets that is simply not possible with conventional means, changing how industries
from retail to manufacturing make their data-driven calls [36].
Machine learning is the go-to technique here. Without the need for explicit programming, the
algorithms will find the relationships and trends in the data on their own, improving as they go. You
will see supervised learning for forecasting and unsupervised methods for uncovering customer
segments. Deep learning has been another game changer, using neural networks to handle
unstructured material like video or text [37]. While a CNN might be called upon for image work,
RNNs and transformers are the tools of choice for sequential data and NLP. And speaking of NLP, it
remains one of the most important techniques when you have to make sense of unstructured text in a

big data environment.
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Al Techniques for Big Data Analytics
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Figure 3. Al Techniques for Big Data Analytics

With NLP algorithms at their disposal, organizations can put to work the vast quantities of text data
that come in from social media, emails, online articles, customer reviews and business documents.
These techniques give systems the ability to make sense of human language, run sentiment analyses,
pull out key information or even produce a summary [38]. In practice, companies are using NLP to
get a handle on public opinion, derive business insights and enhance the way they interact with
customers.

Then there is the matter of big data analytics. Al makes for rapid processing and automated decisions
in real time. When you pair stream processing with machine learning, an organization can analyze
data as it comes in. That is no small thing in fields like fraud detection, network security, smart
transportation or industrial automation where you need an immediate response [39]. The scalability
and efficiency of such analytics have been bolstered by cloud computing and distributed Al
frameworks. High-performance resources on an Al-enabled cloud mean you can churn through
massive datasets without having to put your money into physical infrastructure. On top of that, Al
can be called on to automate the visualization and interpretation of complex data [40].

CHALLENGES AND LIMITATIONS

Artificial Intelligence has made great strides in data science and is widely used, but its effectiveness
and reliability are not without their share of problems. For all the power Al brings to automating
decisions and sifting through complex data, it also raises technical, ethical and operational questions

that researchers and organizations have to deal with. If one is to implement AI applications
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responsibly across an industry, these limitations must be understood [41].
Take data quality and availability, for instance. An Al model is only as good as the large volumes of
consistent, relevant data it is trained on. Yet the kind of data you find in the real world is often
incomplete, noisy or biased, which can throw off predictions and lead to bad decisions. And in
specialized areas like healthcare or scientific research, getting enough labeled data is hard. Preparing
and cleaning that data takes a lot of time and expertise [42]. bAlgorithmic bias is another thorny issue.
Since models pick up patterns from history, any prejudice in the training data be it along racial, gender
or socioeconomic lines can result in an Al system being unfair or discriminatory. You see this in loan
approvals, hiring or the criminal justice system. It is an ongoing challenge for data scientists to ensure
their models are fair and transparent [43]. There is also the problem of interpretability. Some of the
more sophisticated deep learning models are essentially “black boxes” when it comes to how they
arrive at a decision. Even if the results are accurate, the lack of transparency can erode trust in
sensitive matters like finance or medicine. This has given rise to Explainable Al (XAI) as a field of
study [44].
And let us not forget the cost. The computational heft needed to train large models demands powerful
GPUs and storage, driving up energy use and making such technology out of reach for some smaller
outfits or developing regions. There are privacy and security headaches to contend with. Al is often
working with highly sensitive personal or financial info, so the risk of a breach or misuse is real [45].
Not only do regulations demand responsible handling of that data, but the Al systems themselves can
be the target of adversarial cyber-attacks [46].

FUTURE DIRECTIONS
There is no question that Artificial Intelligence is changing at a breakneck pace, and in doing so it is
redefining the future of data science. As more and more organizations turn to intelligent systems to
automate their work and make decisions, technology firms and researchers have been hard at work
on new Al methods that offer greater adaptability, transparency and scale [47]. The result is a wave
of Al-driven trends that are putting smarter analytics and more personalized digital experiences within
reach of every industry, while also overcoming some of the old limitations of conventional analytical
approaches [48].
Generative Al has perhaps been the most talked about of these developments. Relying on deep
learning models like large language models and transformer-based neural networks, it can produce
text, video, code, audio and images with an uncanny degree of skill. You will find it being put to use
in everything from software development and customer service to education and research [49]. For

the data scientist, generative models are a boon for creating synthetic data or automating report
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writing and simulations, which in turn lessens the reliance on small datasets and sharpens analytical
accuracy.
Then there is the matter of Explainable Al (XAI). With Al systems growing in complexity, you can
no longer have a black box model and expect users to be comfortable with how a decision was
reached. XAl is all about bringing some interpretability and trust back into the process. This is non-
negotiable in areas like finance, law enforcement or healthcare where you need to know why an Al
made a particular call. It is only a matter of time before explain ability becomes a cornerstone of
ethical standards and regulation [50]. Privacy is another concern that has put federated learning in the
spotlight. Conventional machine learning tends to demand that data be brought to a central point,
raising security flags. Federated learning sidesteps this by training models across various devices and
sharing only the updates, not the sensitive information itself [51]. That kind of compliance is
invaluable for banks, mobile apps and the medical field.
We are also seeing a move toward Edge Al and TinyML. Rather than depending on the cloud, these
allow machine learning to run right on the device — be it a drone, a sensor or a smartphone. TinyML
takes it a step further with lightweight models for low-power hardware [52]. The benefits are obvious:
less latency, better energy use and real-time processing for things like autonomous cars or smart home
systems. The rise of autonomous data science is making its mark. With AutoML platforms now
handling the likes of hyper parameter optimization and feature selection without much input from a
human, the whole process of Al development is becoming less complex and far more open to those
who are not experts in the field [53].

CONCLUSION
You could say that Artificial Intelligence has put a new spin on data science, moving the discipline
well past conventional statistical analysis and into the realm of intelligent, automated systems that
can be scaled with ease. As this review makes clear, Al is more than just another tool in the data
scientist’s kit; it is the engine behind the entire data lifecycle. Whether you are looking at the
collection and preprocessing of data or the development, evaluation and deployment of a model, Al
technologies have done much to boost the speed and precision with which we can make sense of
large, complicated datasets.
The path Al has taken in data science is a telling one. We have seen a marked evolution from old rule-
based systems to sophisticated machine learning and deep learning models that can learn on their own
from the data at hand. This has given organizations the means to go beyond simple descriptive work
and get at the predictive and prescriptive analytics needed to be proactive about future outcomes.

With the advent of natural language processing, computer vision, reinforcement learning and the like,
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the analytical reach of data science has been broadened considerably.
The real-world results speak for themselves. In healthcare, Al is key to spotting disease early and
tailoring treatment. Finance relies on it for everything from fraud detection to running automated
trading. Marketers use it to better read the room via sentiment analysis, while sectors as varied as
industrial automation, smart cities and cybersecurity have all made use of its insights. Yet for all the
progress, there are hurdles. The review points out that you still have to contend with questions of data
quality, bias, privacy and the sheer computational demands of these systems, not to mention the fact
that they can be hard to interpret. To deploy Al in an ethical way, we need better governance and
models that are open and fair.
The trend is toward more autonomous, self-adaptive systems with less need for human input. New
developments in generative Al, federated and edge Al, and automated machine learning promise to
make advanced analytics more accessible and secure. Al has changed how we analyze and act on
data, bringing greater accuracy and scope to almost every industry. But as we move forward, it is
incumbent on us to see that these systems are developed responsibly and with transparency. The
partnership between Al and data science will be vital in tackling the world’s more intractable
problems and building a future driven by intelligence and data.

REFERENCES

[1]. Mamun MN. Role of Al and Data Science in Data-Driven DecisionMaking for it Business
Intelligence: A Systematic Literature Review. Available at SSRN 5402976. 2025 Apr 29.

[2]. Rahmani AM, Azhir E, Ali S, Mohammadi M, Ahmed OH, Ghafour MY, Ahmed SH,
Hosseinzadeh M. Artificial intelligence approaches and mechanisms for big data analytics: a
systematic study. PeerJ Computer Science. 2021 Apr 14;7:e488.

[3]. Sarker IH, Hoque MM, Uddin MK, Alsanoosy T. Mobile data science and intelligent apps:
concepts, Al-based modeling and research directions. Mobile Networks and Applications.
2021 Feb;26(1):285-303.

[4]. Costa CJ, Aparicio M. Applications of data science and artificial intelligence. Applied
Sciences. 2023 Aug 7;13(15):9015.

[5]. Selvarajan GP. Harnessing Al-Driven Data Mining for Predictive Insights: A Framework for
Enhancing Decision-Making in Dynamic Data Environments. International Journal of
Creative Research Thoughts. 2021 Jun;9(2):5476-86.

[6]. RamyaJ, Yerraguravagari SS, Gaikwad S, Gupta RK. Al and Machine Learning in

Predictive Analytics: Revolutionizing Business Strategies through Big Data Insights.

246
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/ajac.2.1.2026.236-251

S . cee ISSN : 3067-8293
& °e,, American Journal of Artificial Volume 2, Number 1, 2026

&..._’./""‘ Intelligence and computing https://doi.org/10.70445/ajac.2.1.2026.236-251

Library of Progress-Library Science, Information Technology & Computer. 2024 Jul
15:44(3).

[7]. Yalamati S, Vaddy RK. Algorithmic insights: Exploring Al and ML in practical
applications. InPractical Applications of Data Processing, Algorithms, and Modeling 2024
(pp. 30-43). IGI Global Scientific Publishing.

[8]. Reddy CS, Babu GA. Deep insights into artificial intelligence and machine learning
algorithms for computational and mathematical data processing. International Research
Journal of Education and Technology. 2024.

[9]. Yusof ZB. Integrating artificial intelligence in big data analytics: a framework for automated
data processing and insight generation. Orient Journal of Emerging Paradigms in Artificial
Intelligence and Autonomous Systems. 2025 Feb 7;15(2):10-9.

[10]. Bjaoui M, Sakly H, Said M, Kraiem N, Bouhlel MS. Depth insight for data scientist with
RapidMiner «an innovative tool for Al and big data towards medical applications».
InProceedings of the 2nd international conference on digital tools & uses congress 2020 Oct
15 (pp. 1-6).

[11]. Mohapatra H, Mishra SR. Unlocking insights: exploring data analytics and Al tool
performance across industries. InData analytics and machine learning: navigating the big
data landscape 2024 Mar 20 (pp. 265-288). Singapore: Springer Nature Singapore.

[12]. Rohani N, Gal K, Gallagher M, Manataki A. Providing insights into health data science
education through artificial intelligence. BMC Medical Education. 2024 May 23;24(1):564.

[13]. Volikatla H, Thomas J, Gondi K, Indugu VV, Bandaru VK. Al-driven data insights:
Leveraging machine learning in SAP Cloud for predictive analytics. International Journal of
Digital Innovation. 2022 Jul 27;3(1).

[14]. Safitra MF, Lubis M, Kusumasari TF, Putri DP. Advancements in artificial intelligence and
data science: models, applications, and challenges. Procedia Computer Science. 2024 Jan
1:234:381-8.

[15]. Qayyum J, Siddiqui HA, Al Prince A, Ahmad S, Raza M. Revolutionizing market insights
through Al and data analytics: The next era of competitive intelligence. The Critical Review
of Social Sciences Studies. 2025 Mar 17;3(1):3285-302.

[16]. Narne H. Al-Driven Data Analytics Transforming Big Data Into Actionable Insights.
International Journal of Artificial Intelligence & Machine Learning (IJAIML). 2023 Dec
29;2(01):142-54.

247
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/ajac.2.1.2026.236-251

Volume 2, Number 1, 2026

@ American Journal of Artificial ISSN : 3067-8293

\g Intelligence and computing https://doi.org/10.70445/ajac.2.1.2026.236-251
[17]. Obeagu El, Ezeanya CU, Ogenyi FC, Ifu DD. Big data analytics and machine learning in

[18].

[19].

[20].

[21].

[22].

[23].

[24].

[25].

[26].

[27]

This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.

hematology: Transformative insights, applications and challenges. Medicine. 2025 Mar
7;104(10):e41766.

Ramya R, VS AT. Overview of Al Algorithms and Data Science Techniques Relevant to
Education. InTransforming Education With Data Science in the Al Era 2026 (pp. 61-92).
IGI Global Scientific Publishing.

Raschka S, Patterson J, Nolet C. Machine learning in python: Main developments and
technology trends in data science, machine learning, and artificial intelligence. Information.
2020 Apr 4;11(4):193.

Hameed BZ, Prerepa G, Patil V, Shekhar P, Zahid Raza S, Karimi H, Paul R, Naik N, Modi
S, Vigneswaran G, Prasad Rai B. Engineering and clinical use of artificial intelligence (Al)
with machine learning and data science advancements: Radiology leading the way for
future. Therapeutic Advances in Urology. 2021 Sep;13:17562872211044880.

Khan Z. An insight on machine learning algorithms and its applications. European Chemical
Bulletin. 2023:6029-34.

Hegde P, Varughese RJ. Al-driven data analytics: Insights for telecom growth strategies.
International Journal of Research Science and Management. 2020 Jul 30;7(7):52-68.

Chen P, Wu L, Wang L. Al fairness in data management and analytics: A review on
challenges, methodologies and applications. Applied sciences. 2023 Sep 13;13(18):10258.
Aldoseri A, Al-Khalifa KN, Hamouda AM. Re-thinking data strategy and integration for
artificial intelligence: concepts, opportunities, and challenges. Applied Sciences. 2023
Jan;13(12):7082.

Georgieva I, Lazo C, Timan T, Van Veenstra AF. From Al ethics principles to data science
practice: a reflection and a gap analysis based on recent frameworks and practical
experience. Al and Ethics. 2022 Nov;2(4):697-711.

Pandit R, Wang J. A comprehensive review on enhancing wind turbine applications with
advanced SCADA data analytics and practical insights. IET Renewable Power Generation.
2024 Mar;18(4):722-42.

Turki H. Al-Powered Personalization in E-Commerce: Governance, Consumer Behavior,
and Explanatory Insights from Big Data Analytics. Technology in Society. 2025 Aug
5:103033.

248


https://doi.org/10.70445/ajac.2.1.2026.236-251

S . Lo s ISSN : 3067-8293
& °e,, American Journal of Artificial Volume 2, Number 1. 2026

&..._’./"" Intelligence and computing https://doi.org/10.70445/ajac.2.1.2026.236-251

[28]. Maddula SS, Shajahan MA, Sandu AK. From data to insights: Leveraging Al and reciprocal
symmetry for business intelligence. Asian Journal of Applied Science and Engineering.
2019 Jul 5;8(1):73-84.

[29]. Kar AK, Kushwaha AK. Facilitators and barriers of artificial intelligence adoption in
business—insights from opinions using big data analytics. Information Systems Frontiers.
2023 Aug;25(4):1351-74.

[30]. Zong Z, Guan Y. Al-driven intelligent data analytics and predictive analysis in Industry 4.0:
Transforming knowledge, innovation, and efficiency. Journal of the knowledge economy.
2025 Mar;16(1):864-903.

[31]. Paramesha M, Rane N, Rane J. Big data analytics, artificial intelligence, machine learning,
internet of things, and blockchain for enhanced business intelligence. Artificial Intelligence,
Machine Learning, Internet of Things, and Blockchain for Enhanced Business Intelligence
(June 6, 2024). 2024 Jun 6.

[32]. Nivedhaa N. From raw data to actionable insights: A holistic survey of data science
processes. International Journal of Data Science (1JDS). 2024 Jan 20;1(1):1-6.

[33]. Nyoni R. Harnessing data analytics for predictive insights: advancing Decision-Making with
big data innovations. International Journal of Research Publication and Reviews.
2025;6(1):2915-36.

[34]. Alshurideh MT, Ahmed G, Shrouf H, Shwedeh F, Alzoubi HM. Leveraging Artificial
Intelligence and Data Analytics for Digital Innovation: Insights from Banking Sector.

[35]. Bakharia A, Abdi S. Shaping programming and data science education: insights from GenAl
technical book trends. In2024 IEEE International Conference on Advanced Learning
Technologies (ICALT) 2024 Jul 1 (pp. 116-120). IEEE.

[36]. Angstrom RC, Bjérn M, Dahlander L, Mahring M, Wallin MW. Getting Al implementation
right: Insights from a global survey. California Management Review. 2023 Nov;66(1):5-22.

[37]. Abedalrhman K, Alzaydi A. Digital Innovations in Healthcare: Harnessing Artificial
Intelligence, 10T, and Big Data Analytics for Personalized Medicine and Improved Patient
Outcomes-Insights from the Syrian Healthcare Sector. 10T, and Big Data Analytics for
Personalized Medicine and Improved Patient Outcomes-Insights from the Syrian Healthcare
Sector (May 21, 2025). 2025 May 21.

[38]. Wang D, Weisz JD, Muller M, Ram P, Geyer W, Dugan C, Tausczik Y, Samulowitz H,

Gray A. Human-Al collaboration in data science: Exploring data scientists' perceptions of

249
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/ajac.2.1.2026.236-251

S . cee ISSN : 3067-8293
& °e,, American Journal of Artificial Volume 2, Number 1, 2026

&..._’./"" Intelligence and computing https://doi.org/10.70445/ajac.2.1.2026.236-251

automated Al. Proceedings of the ACM on human-computer interaction. 2019 Nov
7;3(CSCW):1-24.

[39]. Alhamrouni I, Abdul Kahar NH, Salem M, Swadi M, Zahroui Y, Kadhim DJ, Mohamed FA,
Alhuyi Nazari M. A comprehensive review on the role of artificial intelligence in power
system stability, control, and protection: Insights and future directions. Applied Sciences.
2024 Jul 17;14(14):6214.

[40]. Adewale TT, Eyo-Udo NL, Toromade AS, Ngochindo A. Optimizing food and FMCG
supply chains: A dual approach leveraging behavioral finance insights and big data analytics
for strategic decision-making. Comprehensive Research and Reviews Journal. 2024;2(1):00.

[41]. Khan ZF, Alotaibi SR. Applications of artificial intelligence and big data analytics in m-
health: A healthcare system perspective. Journal of healthcare engineering.
2020;2020(1):8894694.

[42]. Wang D, Weisz JD, Muller M, Ram P, Geyer W, Dugan C, Tausczik Y, Samulowitz H,
Gray A. Human-Al collaboration in data science: Exploring data scientists' perceptions of
automated Al. Proceedings of the ACM on human-computer interaction. 2019 Nov
7;3(CSCW):1-24.

[43]. Maddireddy BR, Maddireddy BR. Cybersecurity threat landscape: Predictive modelling
using advanced Al algorithms. International Journal of Advanced Engineering Technologies
and Innovations. 2022 Jun 11;1(2):270-85.

[44]. Ogugua JO, Onwumere C, Arowoogun JO, Anyanwu EC, Odilibe IP, Akomolafe O. Data
science in public health: A review of predictive analytics for disease control in the USA and
Africa. World Journal of Advanced Research and Reviews. 2024 Jan;21(1):2753-69.

[45]. Ziakis C, Vlachopoulou M. Artificial intelligence in digital marketing: Insights from a
comprehensive review. Information. 2023 Dec 17;14(12):664.

[46]. Harfouche AL, Nakhle F, Harfouche AH, Sardella OG, Dart E, Jacobson D. A primer on
artificial intelligence in plant digital phenomics: embarking on the data to insights journey.
Trends in Plant Science. 2023 Feb 1;28(2):154-84.

[47]. Chmait N, Westerbeek H. Artificial intelligence and machine learning in sport research: An
introduction for non-data scientists. Frontiers in sports and active living. 2021 Dec
8;3:682287.

[48]. Verma S, Sharma R, Deb S, Maitra D. Artificial intelligence in marketing: Systematic
review and future research direction. International Journal of Information Management Data
Insights. 2021 Apr 1;1(1):100002.

250
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/ajac.2.1.2026.236-251

~ . P ISSN : 3067-8293
Q.a American rnal of Artificial

\\&u erica Journal of tificia Volume 2, Number 1, 2026
Nvee— Intelligence and computing https://doi.org/10.70445/ajac.2.1.2026.236-251

[49]. Mohamed A, Najafabadi MK, Wah YB, Zaman EA, Maskat R. The state of the art and
taxonomy of big data analytics: view from new big data framework. Artificial intelligence
review. 2020 Feb;53(2):989-1037.

[50]. Korada L. Unlocking urban futures: The role of big data analytics and Al in urban planning-
A systematic literature review and bibliometric insight. Migration Letters. 2021;28(6):775-
95.

[51]. Doorn N. Artificial intelligence in the water domain: Opportunities for responsible use.
Science of the Total Environment. 2021 Feb 10;755:142561.

[52]. Agbehadji IE, Awuzie BO, Ngowi AB, Millham RC. Review of big data analytics, artificial
intelligence and nature-inspired computing models towards accurate detection of COVID-19
pandemic cases and contact tracing. International journal of environmental research and
public health. 2020 Aug;17(15):5330.

[53]. Ashal N, Morshed A. Balancing data-driven insights and human judgment in supply chain
management: The role of business intelligence, big data analytics, and artificial intelligence.

Journal of Infrastructure, Policy and Development. 2024 Jun;8(6):3941.

251
This is an Creative Commons License This work is licensed under a Creative
BY NC Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.70445/ajac.2.1.2026.236-251

