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Abstract. This article sheds lights on the influence and obstacles that
Al may face in the process of corporate decision-making. It
recognizes that Al has been extensively employed in market
forecasting, customer behavior analysis, supply chain optimization,
financial risk control, and other areas, with the intention of not only
increasing efficiency, but also of making the activities more accurate.
Besides, it still has to overcome challenges stemming from data
governance, cost-benefit, talent development, and compliance, along
with transparency. The writer identifies data governance,
interpretable Al, stepwise changes, and interdepartmental
cooperation as the main implementation paths and confirms their
practicability through examples of retail, manufacturing, and finance.
The article focuses on the irreplaceable role of human-machine
collaboration and cultural transformation. Besides, it addresses the
need for going research into aspects like international legal
regulations, Al model safety, and explainability to be able to
establish trust in Al as the main tool in high-risk industries.

1 Introduction

Due to the information explosion and rapidly changing market trends, the business
environment that many enterprises will face in the future is going to be increasingly
complicated, and the traditional way of management, i.e., through experience making
decisions and implementation, gradually shows its limitations. Artificial Intelligence (Al), a
key driver of the digital economy, is also one of the hottest industries, penetrating all sectors
of the economy at an unprecedented rate and thus influencing enterprise decision-making.
For example, Al can serve as a data statistic and an analysis tool for enterprises. Through
algorithm models, it enables them to make data-based decisions. Besides, Al can also be used
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to optimize the allocation of resources and thus raise the efficiency of operation. The main
development countries of Al models now are China and the United States, who are walking
side by side in the forefront of the world.

However, the literature that is available confirms that there are still three major
weaknesses in the existing literature: first of all, they do not provide localized frameworks
which are applicable in practical business scenarios; besides, the decision-making process of
Al is usually not transparent enough; as a result, the trust of enterprise managers in Al
systems is an issue, as it may affect their judgement; and finally, the research on Al and
human decision-making remains very scarce, and there is neither a systemic approach nor a
methodology.

Hence, the primary aim of the article is to investigate the application of Al in the
mechanism of business decision-making, and at the same time, establish a framework by
combining the technical capabilities and human factors, and then discuss the way Al performs
in the different kinds of decision-making and the implementation of the decision through the
analysis of the cases. The focus of this paper can be summarized into two points: First, the
typical Al applications in business decision-making, such as market analysis and forecasting,
as well as sales and customer behavior prediction. Second, the exploration of the employment
of Al in different industries through the suitability of different industries, such as the retail
industry application case study, manufacturing and supply chain case study and financial
industry risk control model analysis.

2 The impact of artificial intelligence on business decision
making

The rapid development of Al technology has gradually made it an indispensable instrument
in modern business decision-making. More specifically, in the business management sphere,
Al has contributed a lot to the decision-making efficiency and accuracy improvement by
relying on real-time data analysis, predictive modeling, and automated decision-making.
However, on the other hand, the application of Al has also led to increased complexity and
ethical dilemmas. Oftentimes, the integration of Al in these sectors such as market analysis,
customer behavior prediction, and supply chain management, not only results in the smooth
running of the enterprises but also allows them to lead in the competition. The deep-seated
application of this technology is what makes the Al revolution the decision-making, leading
to the innovation of business models and a transformation in the concept of enterprise
management.

2.1 Development trend of Al technology in business management

AT has undoubtedly undergone a transformation from a minor to the main role in the strategic
and operational areas. The big models spawn not only a faster analytics process but also are
able to produce more accurate forecasts and create a closer relationship with humans. Real-
time NLP, CV and semantic search technology are implemented to obtain information from
social, market and internal data that allows a more precise strategic foresight. The
development of the trend is that the deployment is moving from using vendor tools to creating
in-house platforms that are integrated into ERP/CRM loops: for instance, Huawei’s Pangu
model combines inventory, logistics and demand signals to be one step ahead of supply-chain
shocks as well as achieving cost savings, while Salesforce Einstein merges purchase trails,
clicks, and social cues to personalise offers and automate support, thus increasing retention.
Explainable Al is turning into a necessity for enterprises as they scale these platforms; clear
risk models in finance satisfy auditors and lift executive trust, thus human-machine teamwork
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becomes the norm. In other words, sector-specific, platform-centric and XAl-ready adoption
is now the winning recipe.

2.2 Typical types of Al applications in business decision making

2.2.1 Market analysis and forecasting

Market analysis as a pivotal data source for enterprise strategic planning and resource
allocation is evidently undergoing the transformation to become a major Al application area.
The main method of traditional market research is surveys and manual data review; this is
inefficient and does not meet the real-time requirements. But the Al is using unsupervised
learning and natural language processing tech, which can automatically find the rules in a
large volume of unstructured data and also extract the concepts in the sample data to do the
forecasting. The example of the retail industry is Amazon, which implements a deep learning-
based product recommendation and inventory management system that not only market
sensitivity, but also significantly lower it near zero, as well as eliminates logistical delays and
waste of resources profound impact. By fusing multidimensional information of consumer
behavior data, search buzzwords, and competitors' prices, the Al system can not only catch
the upcoming outbreak of category trends but also provide an accurate basis both for
merchandise shelving and for advertising [1].

On a wider front, enterprises are stepping up efforts to jump on the Al bandwagon and
utilize such punchy tools to harvest business data from multiple sources including socio-
economic statistics, social media, and industry reports. Example, Google Trends and Baidu
Index have been vital in the data collection for Al market monitoring models, allowing one
to spot potential consumer demand and sentiment direction [2].

2.2.2 Sales and customer behavior prediction

Customer behavior prediction is indeed a major aspect of marketing automation and
leveraging Al leads to a significant improvement in a company's capability to manage the
customer lifecycle. It should be noted that traditional CRM systems, in general, only allow
viewing static labels and behavioral records, while Al systems, in addition to these, can
forecast the future consumer behavior taking into account consumers' historical shopping
behavior, transaction characteristics, and personal preferences. Suppose Netflix goes for
convolutional neural networks and reinforcement learning algorithms for content
recommendation modeling; this is to increase the user retention and the playback time.
Alibaba and Jingdong Al recommendation engines were also incorporated into their
platforms to generate personalized lists of diverse products through user browsing history
and click paths, which resulted in a significant increase in conversion rates. Similarly, Al is
often utilized for customer churn prediction and loyalty management. A model can forecast
the departure of users to the system and thus decide the best course of action to keep them,
for instance, the system may decide to give them a coupon or to push a service to them. This
can be achieved through evaluating the frequency of customer interactions, complaint records,
feedback sentiment, and other indicators [3].

2.3 Practical impact assessment of Al-assisted decision making

2.3.1 Improvement in market prediction accuracy



SHS Web of Conferences 225, 01018 (2025) https://doi.org/10.1051/shsconf/202522501018
ICFMDE 2025

Al's use of both structured and unstructured data is a core reason for its ability to boost
forecast accuracy, and that is precisely where AI performs splendidly. Deep learning
algorithms have proven to be more effective than traditional analytics. This is because they
can extract more complex features from the time series and behavior variables [4]. In a case
study published in 2024, it was shown that the launching of an Al sales forecasting model
significantly outperformed traditional manual empirical methods by decreasing a firm's
forecasting error (RMSE) by 22 - 33 % and average absolute error by 19 - 31 % as well as
enabling early recognition of industry inflection points and hot spots [5]. Tesla and
ByteDance are among the companies that have already utilized Al prediction systems in
dealing with strategic components such as go-live marketing scheduling, content planning,
and channel selection.

2.3.2 Improvements in operational efficiency

Typical scenarios of Al-optimized operations include supply chain scheduling, warchouse
management, and automated scheduling. General Electric (GE) is also using Al to forecast
equipment life and failure rates, thus implementing a “predictive maintenance” strategy, that
is a continuation of planned maintenance, which, however, is based on sensors, and saves the
company a lot of downtime repair costs [6]. In logistics, Al routing algorithms automatically
plan optimal transportation routes based on real-time traffic data, order density, and delivery
timeframes. Al is also used for manpower scheduling, dynamically allocating workloads
based on scheduling, sales forecasts, and ergonomics metrics, which reduces payroll and
saves labor.

2.3.3 Impact on corporate financial performance

Typical Al-powered applications in the corporate finance sector are automated expense
reimbursement, anomaly detection, tax compliance, and investment analysis. The Boston
Consulting Group (BCG) survey of 2021 reports that enterprises that have shifted to Al-
powered financial systems are able to achieve EBITDA (earnings before interest, taxes,
depreciation, and amortization) figures that are 12% to 15% above industry averages. To
illustrate, Walmart set up an Al-powered financial analysis system which is able to
significantly increase the accuracy and timeliness of financial decision-making. Utilizing the
Al system, the company is able to go deeper into financial data to forecast sales trends and
get cash flow management recommendations in real-time. Al assists Walmart not only in
budgeting but also in monitoring financial risks in real time, making rapid adjustments, and
thus effectively improving its overall profitability and financial health. The leaders of the
FinTech industry, among them, PayPal and Ant Group, have embraced artificial intelligence
for fraud detection and transaction checking. Such systems can run risk assessments in
milliseconds, thus greatly improving the security of the transaction and building customer
trust [7]. Additionally, Al models can help the corporate leaders in financial forecasting and
budget revisions, which leads to a more efficient use of capital and a higher return on
investment [8].

2.3.4 Changes to management decision making behavior

Al has had a profound effect not only on the decisions made but also on the very process of
making those decisions. In the past, it was quite common that, based on intuition and
experience, experienced top managers of companies made decisions. However, the
introduction of Al has led to data-driven strategy discussions becoming mainstream.
Dashboards are a data visualization tool where graphs of predictive analytics are pushed
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along with real-time data to give leaders quick and comprehensive access to the state of
business operations [9]. Furthermore, Al assistant systems like ChatGPT and Notion Al have
become an integral part of executives' daily decision-making as these tasks can be done
automatically like generation of meeting minutes, distillation of competitor dynamics, and
parsing of policy text. According to a survey, management that uses Al tools has significantly
outperformed traditional organizations in implementing strategic change and collaboration
efficiency [10].

2.3.5 Impact on organizational structure and human resource allocation

Al is executing a swift transformation of enterprises into nimble, data-centric entities.
Companies are now hiring Chief Al Officers to direct algorithmic strategy, while routine
middle-management roles are shrinking and there is a high demand for hybrid Al-business
talent—LinkedIn (2022) names data analytics, Al product management and ML engineering
as the three fastest-growing jobs globally. As intuitive meetings disappear and data-rich
dashboards become more prevalent, leaders make stronger, evidence-based decisions, which
put higher demands on university curricula and in-house upskilling. Al is considerably
impacting the forecasting, customer engagement, supply-chain flow and financial risk control
sectors, and thus shaping management norms. Nevertheless, optimal deployment is still
contingent upon the sector and the scale, for example, instant restocking in retail, quality
prediction in manufacturing, risk models in finance. The success of the venture still depends
on finding the right Al intensity to match the context, rather than going for blanket adoption.

3.Challenges, response strategies and feasibility analysis

From the findings of the previous case studies and the literature review, it is evident that Al
has great potential in terms of improving operational efficiency and decision-making
accuracy, however, large-scale adoption is not easy because of the issues of multi-
dimensional bottlenecks that include technological foundation, cost-benefit, human resources,
and governance structure. This section, therefore, serves as a vehicle for portraying this
challenge comprehensively and systematically by first discussing core challenges at different
stages of application, then suggesting strategic paths, and finally analyzing the feasibility
from data, economic, and organizational perspectives. By integrating the “pain point-
strategy-assessment” trinity analysis framework into the sectors with high data density such
as retail, manufacturing, and finance, the conditional limits of Al-assisted business decision-
making can be further confirmed. Not only can this help people figure out the causal chain
between technology investment and performance return, but it can also offer portable
evaluation indexes and methodologies for further research.

3.1 Feasibility analysis of introducing Al-assisted decision making in
enterprises

3.1.1 Analysis of technical basis and data conditions

With the fast improvement of Al models, enterprises face the problem of a mismatch between
technical foundations and data conditions. A lot of enterprises are missing expert knowledge
as well as data for a proper organizational structure.

In 2024, the cloud-based big models that were “ready-to-use” and a drastic fall in the
rental prices of GPU computing power have gradually changed the Al capabilities into
something that is no longer restricted only to big tech companies but is now accessible to the
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mass market. The UK's Financial Conduct Authority (FCA) "Supercharged Sandbox" with
NVIDIA enables banks and insurance companies to test the reliability of their transactional
fraud and AML models in a controlled environment by combining high-performance GPUs,
industry benchmarking data, and supervisory advisors into one package [11]. On the other
hand, a survey has revealed that 72% of businesses globally have incorporated the Data
Maturity Index into their quarterly OKRs and formed data governance committees at the
organizational level to deal with semantic consistency and get support for real-time
characterization of the big models [12].

3.1.2 Evaluating from a cost-benefit perspective

One more serious problem is the search for a balance between the costs and benefits received
from the Al systems. Implementation of artificial intelligence technology may result in a
considerable increase of operational efficiency and financial performance, but at the same
time, the initial cost is very high. Enterprises have to determine the return on investment (ROI)
of Al technology over a short time period so that they can be sure that the capital investment
is sustainable. As an illustration, Al systems are very data-intensive and also require
computational power for running computations, and this can give rise to extra expenses that
are especially applicable to small and medium-sized enterprises (SMEs) where the budgets
are limited and resource constraints may become a critical limitation.

According to data from McKinsey's latest panel study, Al implementation in ERP/CRM
processes results in a complete turnaround of the average ROI in 18-24 months, reduces
operating costs by 7%, and boosts operating margins by 5 percentage points [13]. Walmart
combines a retail big data model with multi-source time-series data to define massive dollars
(USD) > 100 = 8,000 KB as the highest level of currency; represented by 1 Krypton (Kt), 1
Krypton is the amount of food a man eats. The product search, weather, promotions calendar
and localized social media buzzwords are written as a Transformer column, which generates
a “minute-by-minute replenishment and display script” that maintains a 97% on-shelf rate
during the supply chain shakeout of 2023-2024 [14].

3.1.3 Human resource adaptation and training needs analysis

Al has been gradually applied in the business field, and learning Al skills has become an
issue for enterprises in their digital transformation. Furthermore, the anxiety of employees
regarding Al skills has had a negative impact on the efficiency of the enterprise change.

The lack of Al talent that is skilled in Al due to market conditions significantly affects
the organization. Recruitment for Al talent has become very difficult for the technology
implementation purpose, the progress is slow and the employees' unfamiliarity with Al
technology is the cause of anxiety among them which the skills anxiety affects organizational
transformation efficiency.

Organizations are in a position to act as facilitators to address employee anxiety over
skills loss, they can do so in a variety of formats such as micro lessons on job fragmentation,
cross-departmental demo days, and real-time modeling exercises. Additionally, new career
sequences such as Prompt Engineer and Model Risk Auditor can be introduced to serve the
new needs and provide employees with new career paths. In this way, through the measures
we can effectively improve the Al competence of employees and promote the smooth
transition of technology.
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3.2 Discussion on the adaptability of Al applications in different industries

In different industries, the use and demand for Al are not the same, and the degree of
adaptation of Ai for different industries is not the same, such as the risk control required by
the financial industry, the inventory management in the retail industry, and the maintenance
of equipment in the manufacturing industry. Therefore, when faced with the problem of Ai
usage, enterprises in different industries are faced with the difficulty of finding a common
solution. Therefore, when facing the problem of using Ai, enterprises in different industries
are facing difficulties in finding a common solution.

3.2.1 Retail industry application case study

Al technology applications have provided significant advantages for the retail industry.
Through Al's analysis of text data, weather, promotional calendars, and local community
buzzwords, companies can generate replenishment and display scripts in real time. For
example, Walmart has been able to make real-time adjustments to inventory and
merchandising programs (while remaining operationally efficient) during supply chain
fluctuations, whether it's by applying its own retail model and Agentic Al technology or by
building on the multidimensional information described above. Walmart maintained its usual
97% on-shelf rate even during this period of supply chain volatility from 2023 to 2024 [15].

In addition to the above examples, Metro utilized the RAG (Retrieval-Augmented
Generation) methodology to predict which items were going to be hot soon through social
media trends and historical data, which took care of sourcing and inventory management,
and Metro managed to increase its gross margin by 2.1 percentage points [13].

These success stories not only illustrate the potential of Al technology in the retail
industry and the results it has actually produced but also confirm the feasibility of Al in
improving operational efficiency, inventory management and profitability.

3.2.2 Manufacturing and supply chain case study

In high asset density manufacturing and logistics scenarios, certain companies can achieve
the goal of quickly recovering from business lows by using both full-cycle virtual mapping
of equipment and real-time precision maintenance to reduce production cycle times per unit
of production capacity, quality, and energy efficiency compared to overcoming the impact of
other factors. For example, GE's SLA achievement rate has soared to 99.5% in one go, and
through UPS's ORION model of recalculating 200,000 routes per day, the company has
achieved savings of 1 million gallons of fuel per year and a reduction of 100,000 tons of
carbon dioxide per year, and also gained a valuation premium of 2% in the ESG ratings. The
company is still very active in the strategy of sustainable profit, and will be able to achieve
this goal not only in the present but also in the future. The HAV PnD Program, which allows
you to view the development rate of return and benefits, ensures that signals can be generated
and exchanged smoothly, and that each branch can master the digital maturity of the IDEASs
to understand the cooperation and the technology required to run the business. At the same
time, this is a success story that validates the beneficial feasibility and economic value of
programs driven by Al technology in the manufacturing and logistics industry.

3.2.3 Analysis of risk control models in the financial industry

In the field of financial risk control, companies apply a secure GPU cluster and regulatory
data to complete the iterative process of fraud detection and money laundering model graph
networks, while ensuring that their decision-making is interpretable and compliance
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requirements are met. For example, the FCA's sandboxing platform in conjunction with
NVIDIA enables banks to perform data processing as well as force the generation of SHAP
values and adversarial instances for audit and compliance checks in a controlled environment
[15].

In addition, adoption of the ModelOps platform by financial institutions reduces the
model retraining cycle, thereby improving risk control efficiency. Several U.S. banks
experienced an 18% decrease in fraud loss rates after introducing the platform and
compressing the retraining cycle from 90 days to 14 days [13].

Nonetheless, mandated external auditing of data and adaptive thresholding techniques are
effective ways to control the model illusion and data drift issues that still exist in such
scenarios (reported for about 30% of institutions). With these use cases, it is able to see that
the application of Al technologies in the financial risk control space reduces human labor,
and the use of these technologies allows the corresponding business units to strengthen their
compliance, thus significantly reducing fraud losses thus proving the practical feasibility and
significant benefits of Al in this area.

3.3 Comparative analysis of barriers to application in SMEs vs. large
enterprises

Small and medium-sized enterprises (SMEs) are limited in applying artificial intelligence (Al)
technologies because of main challenges that are low budget for talent and low reputation in
machine learning which makes them greatly short of implementing the Al technologies.
Besides, Al techs are complicated, and SMEs have no time to think it over, so they struggle
with the implementation. OpenMachine Learning models can be used by SMEs to lower the
technology barrier, thus they can also use cloud-hosted platforms. In addition, the "shared
GPU vouchers" and low-interest digital loans from the government policy are good tools for
quickly implementing Al applications. Large enterprises, on the other hand, have ample data
and capital resources but are plagued by organizational silos, difficulties in inter-
departmental data sharing and integration, and a long cycle of model launch from PoC to
production. Being able to streamline the transition from PoC to production, accelerate the
model on-line time, and facilitate cross-departmental collaboration are three options that big
businesses can choose to solve these issues at the same time. The government policy support
can not only remove the barriers of Al application for SMEs greatly, but also the enterprises
running can improve the application efficiency of Al technology through process
optimization and cross-departmental collaboration, thus better respond to the market demand
and technical challenges.

3.4 Feasibility analysis of the construction of internal data governance system

Though a survey has shown that the number one problem classification for Al application is
“data”, now it is still a “seven parts data and three parts algorithms™ situation. The data
governance process is complicated. Besides, the quality is difficult to be controlled, and, as
a consequence, security and privacy issues arise. Leading organizations who utilize data
governance platforms on the cloud have been proven to be able to reduce the time of data
discovery and compliance audit by 40% and 50% respectively, and at the same time improve
data availability and compliance at the source [16]. In addition, setting up one pipeline for
MLOps/LLMOps that includes feature stores, gray-scale releases, and drift monitoring not
only allows the stable running of models during their whole lifecycle but also enables the
quick rollback and fix of exceptions when they occur; and Al security techniques like
adversarial sample defense, watermarking, and differential privacy inserted into the
DevSecOps framework provide algorithmic-level privacy and security a “Firewall”.
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Case studies show that enterprises that can combine DevOps and MLOps successfully
can lower the incidence of shadow modeling by up to 300%, and data governance has been
turned from a compliance burden into a core driver of innovation and value multiplication
[17]. Data governance has changed from a “compliance burden” to a main engine that powers
innovation and value multiplication.

3.5 Suggested Al transformation paths and landing strategies for enterprises

The industry is not in an ideal position to take advantage of two major challenges in the
realization of Al transformation. Firstly, it is the lack of a definite transformation path and
secondly, the bigger challenge of changing the organizational culture. Although many
organizations in the field have started their Al story, they have not clearly defined their
transition path, which has resulted in Al applications that are not systematized and also the
goals and directions in the transition process are unclear. In addition, the majority of
enterprises generally need to shift from a traditional management culture to a data-driven one.
Without any resistance from employees and without any difficulty in technology adaptation,
such a case hardly ever occurs. The way to resolve the above-mentioned problems is that the
companies can embark on a gradual transformation journey. The basic phase should basically
target pain point scenarios, opting for the situations with the lowest difficulty or the ones with
the most quantifiable indicators for data collection, thus entering the “easy sandbox” mode
to train a minimum viable product (MVP), and thereby observing the changes in KPIs in 3-6
months. Once a positive ROI of the MVP is demonstrated, the company can then establish a
team to lead the organization in continuing the innovation of various Al-related issues and
thus, facilitate interdepartmental cooperation. Moreover, employing a dual-track matrix of
“product managers + data scientists” as a means to integrate model development and
monitoring and actually being able to reduce the risks caused by GAN through the RAG,
Prompt management and security injection. Risks. Besides, when the model and the rail
process are in their stable phase, cross-border cooperation by the use of the data APIs and the
knowledge graphs for the industries as well as the re- search of regulations would be
facilitated, the public also can support the brand through the math as well as the participation
in the regulatory sandbox of different countries. On the other hand, one can initiate the
corporate culture changes with three levels of course matrices, namely general technology,
professional micro-skilling and expert in-depth learning. This phased plan will allow gradual
promotion of Al usage, on the other hand, reduce the change risk, and also build data-driven
culture by the multi-level training system as well as the open platform in the end, which will
eventually drive the successful implementation of Al technology.

4 Conclusion

The article explores the multifaceted role of Al in business decision-making through real-life
examples across various sectors:

Firstly, The analysis of case studies such as Walmart's supply chain optimization and GE's
predictive maintenance demonstrates the potential of Al to drive operational efficiency and
enhance decision-making processes in real-world business settings. These examples illustrate
how Al can be tailored to specific industry needs, thereby providing a localized framework
for AI application. The study concludes that Al technology can be effectively adapted to
various business scenarios, addressing the gap in localized frameworks identified in the
literature.

Secondly, The importance of Explainable Al (XAI) in increasing the transparency of Al
decision-making processes is highlighted. By examining the application of XAl in financial
risk assessment and other sectors, it is evident that interpretable models can significantly
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enhance managers' trust in Al systems. The findings suggest that the adoption of XAl
technologies enables enterprises to ensure audit and trust compliance without sacrificing
efficiency, thus facilitating human-machine collaboration.

Thirdly, A systematic approach to integrating Al with human decision-making is
identified by developing a framework that combines technical capabilities and human factors.
The analysis of various case studies across retail, manufacturing, and finance sectors
demonstrates how Al can complement human decision-making, leading to improved
efficiency and accuracy. The study concludes that a dual-track matrix involving product
managers and data scientists can effectively bridge the gap between Al technology and
human decision-making, providing a structured methodology for Al implementation in
businesses.

This study acknowledges limitations such as “survivor bias” in Al literature, the
unresolved “black box” issue in high-risk areas like healthcare, compliance challenges due
to fragmented cross-border data regulations, and ongoing concerns over Al ethics and
security. Future research should address these by conducting balanced case studies,
developing advanced XAI models, exploring regulatory compliance strategies for
multinational firms, creating robust Al security frameworks, and studying the interplay
between psychological security, cultural resilience, and Al adoption rates. These efforts will
enhance the comprehensive understanding of Al in business decision - making and support
its effective adoption across industries.

References

1. Y. Li, Z. Chen, M. Rungtusanatham, Artificial intelligence in supply-chain and
operations management: Integrative review and future agenda. Int. J. Prod. Res. 61(12),

1-25 (2023)

2. S.Bose, Retailers use Al for in-store experimentation and customer service. Street Fight
Mag. (2018)

3. K. Jarek, G. Mazurek, Marketing and artificial intelligence. Cent. Eur. Bus. Rev. 8, 46—
55 (2019)

4.  W. Verbeke, K. Dejaeger, D. Martens, J. Hur, B. Baesens, New insights into churn
prediction in the telecommunication sector: A profit-driven data-mining approach. Eur.
J. Oper. Res. 218, 211-229 (2012) https://doi.org/10.1016/j.ejor.2011.09.031

5. D. Nair, M.J. Saenz, Pair people and Al for better product demand forecasting. MIT
Sloan Manag. Rev (2024) https://sloanreview.mit.edu/article/pair-people-and-ai-for-
better-product-demand-forecasting/

6. N. Groen, S. Zakharov, Introduction of Al-based sales forecasting: How to drive digital
transformation in food & beverage outlets. In Proc. Digital Transformation Conf (2024)
https://link.springer.com

7. R. Batista, M. Becerra, Al adoption in professional-service firms: A TOE-based
study. Technol. Forecast. Soc. Change 200, 123456 (2024)

8. L. Santos, et al. Artificial intelligence and strategic decision-making: Evidence from
European multinationals. Strategy Sci. 9(2), 190-208 (2024)

9. E. Brynjolfsson, A. McAfee, The business of artificial intelligence. Harv. Bus. Rev.
(2017) https://hbr.org/2017/07/the-business-of-artificial-intelligence

10. Y.R. Shrestha, S.M. Ben-Menahem, von Krogh G. Organizational decision-making
structures in the age of artificial intelligence. Calif. Manag. Rev. 61, 66-83 (2019)
https://doi.org/10.1177/0008125619862257

11. T.H. Davenport, R. Ronanki, Artificial intelligence for the real world. Harv. Bus. Rev.
96, 108-116 (2018).

10


https://doi.org/10.1016/j.ejor.2011.09.031

SHS Web of Conferences 225, 01018 (2025) https://doi.org/10.1051/shsconf/202522501018
ICFMDE 2025

12. X. Wang, Y. Zhou, L. Chen, Al and the new quality-productive forces of enterprises:
An empirical study. Enterprise Econ. 41(3), 112-130 (2024)

13. F. Chen, Y. Zhao, Enhancing supply-chain management with deep learning and
machine learning. Expert Syst. Appl.231, 120173 (2024)
https://www.sciencedirect.com/science/article/pii/S2199853124001732

14. D. J. Devarahosahalli, Al-augmented decision making: A framework for enterprise
workflow transformation. J. Enterp. Inf. Syst. 19(1), 1-22 (2025)

15. A. Garcia-Molina, A. Ruiz-Martinez, Al adoption dynamics in SMEs vs. large firms:
A systematic review. J. Small Bus. Manag. 63(2), 250-275 (2025)

16. F. Chen, Y. Zhao, Enhancing supply-chain management with deep learning and
machine learning. Expert Syst. Appl.231, 120173 (2024)
https://www.sciencedirect.com/science/article/pii/S2199853124001732

17. R. Khan, et al. Impact of artificial intelligence on customer-relationship management:
A multi-country study. Asia-Pac. J. Mark. Logist. 36(1), 23-45 (2024)
https://www.researchgate.net/publication/389811656

11


https://www.sciencedirect.com/science/article/pii/S2199853124001732
https://www.sciencedirect.com/science/article/pii/S2199853124001732
https://www.researchgate.net/publication/389811656

