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Abstract – This article analyzes the impact of artificial 

intelligence on business operational efficiency through a 

systematic literature review based on the PICOC methodology. A 

total of 219 records were collected in Scopus, of which 44 met the 

inclusion criteria after applying the PRISMA statement. The 

results identified factors limiting operational efficiency, such as 

lack of automation, human error and resistance to change. AI 

emerged as a key driver for improving productivity, automating 

processes and optimizing decisions, with the greatest impact in 

sectors such as manufacturing, logistics and finance. Companies 

that adopt AI show greater flexibility, cost reduction and resource 

optimization compared to those that do not. It is concluded that 

AI transforms operational efficiency, with more marked effects in 

sectors where automation is crucial, highlighting it as a strategic 

tool to improve business performance. 

Keywords-- Operational efficiency, artificial intelligence, 

organizational productivity, performance, businesses. 

 

I.  INTRODUCTION 

Today, artificial intelligence (AI) is increasingly being 

used to support a wide variety of business activities, 

including improving services, developing products, evolving 

business models and promoting innovation. This 

technological advancement offers a vast array of 

opportunities for all industries and sectors. However, its 

implementation is still at a nascent stage [1][2][3][4]. 

Companies starting to integrate AI into their operations 

often face challenges and make mistakes due to the lack of 

established parameters and standards. This situation is 

understandable, given that the adoption of any novel 

technology can entail a significant learning curve and the 

risk of initial failures. Added to this is the volatile nature of 

the market, which does not follow fixed patterns and 

continually adapts to changing circumstances. This volatility 

can have a considerable impact on the operational efficiency 

of companies, as the market context directly influences how 

AI solutions are implemented and optimized [1][5]. 

The question arises: is it feasible for artificial 

intelligence (AI) to improve operational efficiency in 

businesses? Although not all the ways in which AI can 

contribute to business efficiency have been delineated, 

preliminary studies provide some promising indications. In 

particular, in the manufacturing sector, one of the main 

concerns is the maintenance of production-critical 

machinery. Anticipating failures and errors that may affect 

daily operability has always been a critical challenge. In this 

context, intelligent systems have proven to be particularly 

useful in supporting decision-making processes by applying 

the concept of predictive maintenance. These systems make 

it possible to anticipate problems before they occur, which 

in turn helps to maintain operational continuity and reduce 

downtime [6][5]. In addition, AI can optimize lean 

maintenance, a strategy that increases the operational 

efficiency of companies' technical infrastructure by ensuring 

that equipment performs optimally and is repaired or 

replaced just in time [6]. 

Also in the agricultural sector, exploratory studies have 

shown some good results in the use of artificial intelligence 

(AI) to boost business performance. These studies indicate 

that AI can improve various aspects of agricultural 

production, such as crop management and resource 

optimization. However, these initial results also point out 

that the adoption of AI in agriculture is highly dependent on 

the size of the company, as well as social factors and market 

competition. Larger companies tend to have an easier time 

implementing advanced technologies due to their greater 

financial and technical resources, while smaller companies 

may face significant barriers. In addition, social acceptance 

of the technology and competitive pressure also play 

important roles in AI adoption [2]. 

Likewise, in service companies, where success is 

largely based on the quality of customer relations, it has 

been shown that the use of artificial intelligence (AI) makes 

it possible to homogenize standards and optimize forms of 

interaction. AI not only contributes to establishing 

consistent and efficient procedures, but also improves 

qualitative aspects, such as the feelings generated during 

interactions. This, in turn, translates into improved well-

being for both customers and employees. Through AI, it is 

possible to analyze behavioral patterns and extract 

meaningful data from conversations, which facilitates 

strategic decision making. For example, AI can monitor and 

evaluate brand reputation, as well as measure customer 

satisfaction more accurately. This ability to analyze and 

adapt enables service companies not only to maintain high 

levels of customer service quality, but also to continuously 

improve based on the feedback and data collected. In short, 

the implementation of AI in this sector promises significant 

progress in customer relationship management and business 

success [7]. 

Despite these promising findings, the studies are still 

exploratory and suggest the need for more in-depth and 

detailed research. Further study is needed to better 

understand the scope and limitations of AI in the agricultural 

sector, as well as to develop effective strategies to enable its 

wider and more efficient implementation [2][8]. As 

companies continue to explore and adopt AI technologies, it 

is likely that new applications and benefits will be 

discovered that have not yet been fully contemplated. 

However, it is crucial to continue to research and document 

these advances to establish clear parameters and standards to 

guide their effective implementation. This research will be 

conducted in several stages. First, a comprehensive review 

of the existing literature on the use of AI in various 

industrial sectors will be conducted. Then, gaps and 

discrepancies in current studies will be identified to 

highlight areas that require further research. 
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Finally, recommendations based on the findings will be 

proposed to guide future implementations of AI in the 

business environment. To this end, the main objective of this 

research is to analyze and synthesize the existing evidence 

on the impact of artificial intelligence on the operational 

efficiency of enterprises. Through this systematic review, 

we seek to provide a clear understanding of how AI can 

contribute to improve efficiency, identify the challenges 

associated with its implementation and offer guidelines for a 

more effective adoption of this technology in the business 

environment. 

II. METHODOLOGY 

A. Review Question 

The main review question for this study was: how does 

the use of artificial intelligence influence the improvement 

of operational efficiency in companies? 

The review question was elaborated according to the 

criteria established in the PICOC search strategy, which is 

based on the formulation of questions that precisely identify 

the five key components of the information to be retrieved 

as shown in Table I. 
TABLE I 

PICOC QUESTION - COMPONENTS 

Acronym Component Description 

P Problem Operational efficiency in companies 

I Intervention Impact of artificial intelligence 

C Comparison Comparison between companies that use 

AI and those that do not use AI. 

O Result 

(Outcome) 

Improved operating efficiency 

C Context Companies from different sectors and 

industries. 

 R.Q. How does the use of artificial intelligence 

influence the improvement of operational 

efficiency in companies? 

As shown in Table I, component (P) described the 

research problem, in this case, operational efficiency in 

companies. Component (I) referred to the proposals or 

solutions developed to solve the problem, that is, artificial 

intelligence impact. Component (C) pointed to the 

comparison between companies that use AI and those that 

do not use AI. Component (O) considered the improvement 

in operational efficiency. Finally, component (C) or 

"context" defined the boundaries of the problem, including 

companies from different sectors and industries. 

The following questions are presented here for each 

PICOC element: 

P = Problem: What are the main factors affecting 

operational efficiency in firms? 

What challenges do firms face in maintaining and 

improving their operational efficiency? 

I = Intervention: How does the implementation of 

artificial intelligence impact operational efficiency in 

enterprises? 

What artificial intelligence-based solutions have proven 

to be most effective in improving operational efficiency in 

enterprises? 

C = Comparison: What differences in operational 

efficiency exist between companies that use artificial 

intelligence and those that do not? 

How do the operational practices of firms that adopt 

artificial intelligence compare with those of firms that do 

not? 

O = Outcome: What specific improvements in 

operational efficiency can be observed following the 

implementation of artificial intelligence in companies? 

Which operational efficiency metrics show the greatest 

improvement following the implementation of artificial 

intelligence in companies? 

C = Context: How does the impact of artificial 

intelligence on operational efficiency vary across firms in 

different sectors and industries? 

To what extent does the impact of artificial intelligence 

on operational efficiency vary between small, medium and 

large companies in different industries? 

 

B. Search strategy 

A set of keywords relevant to each component of the 

PICOC question was selected, as described in Table II. 

These keywords, organized in a search equation, were used 

to perform a systematic literature search in one database: 

Scopus (see Table III). These were selected because they are 

the main databases of bibliographic references and citations 

of peer-reviewed periodicals and include publications in 

high-impact journals from the world's leading universities, 

institutions and scientific publishers. 

Although the review question identified the comparison 

component (C), it was decided not to include it in the 

literature search equation, since its inclusion generated 

significant biases in the results. It was considered that 

omitting the comparison did not affect the inclusion or 

exclusion criteria, because the objective of the study is 

different. The main focus is to delimit and analyze the 

improvement of operational efficiency with the use of 

artificial intelligence (AI), emphasizing its limitations and 

success factors. 
TABLE II 

SELECTED KEYWORDS 

 Problem (p) 
Intervention 

(i) 

Comparison 

(c) 

Results 

(o) 

Context 

(c) 

Key 

words 

Operational 

efficiency 

Artificial 

intelligence 

Manual 

processes 

Operating 

Efficiency 

industrial 

company 

Business 

performance 

AI-driven 

efficiency 

Traditional 

company 
Performance 

companies 

Corporate 

efficiency 

AI technology 

adoption 
 

Operational 

gains 

Businesses 

Organizational 

productivity 

AI 

implementation 
  

 

 
TABLE III 

SEARCH EQUATIONS USED TO SEARCH FOR SCIENTIFIC LITERATURE IN 

THE SELECTED DATABASES 
Scopus 

( TITLE-ABS-KEY ( "Operational efficiency" OR "Business 

performance" OR "Corporate efficiency" OR "Organizational 

productivity" ) AND TITLE-ABS-KEY ( "Artificial intelligence" OR 

"AI-driven efficiency" OR "AI technology adoption" OR "AI 

implementation" ) AND TITLE-ABS-KEY ( "Operating Efficiency" OR 

"Performance" OR "Operational gains" ) AND TITLE-ABS-KEY 

( "industrial company" OR "companies" OR "Businesses" ) ) 

 

 

The studies retrieved as a result of the application of 

this search equation were reviewed and selected according 

to the following criteria presented in Table IV: 
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TABLE IV 

INCLUSION AND EXCLUSION CRITERIA FOR THE RELEVANT SCIENTIFIC 

LITERATURE SEARCH 
Inclusion criteria Exclusion criteria 

C.I.1 Studies focused on 

operational efficiency 

with the use of AI. 

C.I.2 Original articles, full-text 

paper published in 

journals indexed to 

Scopus. 

C.I.3 Studies published in 

English. 

C.E.1 Population-focused studies 

of non-profit 

organizations or 

government entities. 

C.E.2 Studies published as 

editorial, retracted, book. 

C.E.3 Studies that synthesize or 

review the state of 

knowledge on the subject 

(Review-type documents). 

 

C. Search process and article selection 

The application of the search equations indicated in 

Table II made it possible to retrieve a total of 219 scientific 

publications from the Scopus databases (n=219). These 

results were subjected to a screening procedure following 

the guidelines of the PRISMA statement presented in Fig. 1. 
 

Fig. 1 Statement PRISMA. 

 

The flow diagram above (Fig. 1) summarizes the steps 

and process of publication selection, which are described 

below: 

Before proceeding with the screening, 2 records were 

automatically excluded by applying filters available in the 

databases, specifically in terms of language. 

During the initial screening stage, the 217 selected 

articles were evaluated by reviewing their titles and 

abstracts. At this stage, 24 records that did not meet the 

inclusion and exclusion criteria were excluded, leaving a 

total of 193 studies remaining. 

The final step in the screening process consisted of 

evaluating the full studies for eligibility. Initially, we 

attempted to obtain the full papers of the 193 studies 

selected for a comprehensive review but were unable to 

retrieve 102 of them. The studies retrieved in their entirety 

(n=91) were evaluated according to the prespecified criteria. 

Of these, 47 studies did not meet at least one of the 

aforementioned criteria, resulting in the final selection of 44 

studies for inclusion in the Systematic Literature Review 

(SLR). 

III. RESULTS 

Multiple studies have been compiled and analyzed to 

provide a more comprehensive view of the impact of AI on 

the operational efficiency of companies. Systematic reviews 

typically analyze, synthesize and compare previous studies, 

providing a clearer understanding of key trends and 

conclusions. From the studies reviewed, an outline of 

specific points is presented in Fig. 2 as a synthesis of the 

information reviewed: 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2 Results of analysis of year and publication in journals 

Note. Each bar represents the range of years (indicated on the X-axis) with 

the total number of items on the Y-axis. 

 

The first bar (2020.2, 2024.6) shows 27 events, 

meaning that the most recent period has the most records. 

The second interval (2015.8, 2020.2) has 10 events, a 

significantly smaller number. The next bars (2011.4, 2015.8 

and 2007, 2011.4) show 4 and 3 events, respectively, 

indicating a progressive reduction in the number of events as 

one moves back in time. The line across the graph shows the 

cumulative frequency, which indicates the total percentage 

accumulated by the categories as they are summed. This line 

starts at 0% and reaches 100% when the last group of data is 

reached. The line shows that about 80% of the total events 

are concentrated in the first two periods (2020.2-2024.6 and 

2015.8-2020.2), which follow the Pareto principle. 

Table V also shows the absolute frequency of 

publications. 
TABLE V 

ABSOLUTE FREQUENCY OF PUBLICATION OF ARTICLES AND 

CONFERENCE PAPERS IN THE YEARS UNDER ANALYSIS 

 
Document Type 

Total 
Article Conference paper 

Year 2007 0 1 1 

2008 0 1 1 

2011 1 0 1 

2012 0 1 1 

2013 1 1 2 

2014 1 0 1 

2017 1 1 2 

2018 1 1 2 

2019 0 3 3 

2020 2 1 3 

2021 2 0 2 

2022 9 2 11 

2023 6 1 7 

2024 7 0 7 

Total 31 13 44 
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Over the period 2007-2024, a total of 44 documents 

have been produced. Of these, 31 are articles and 13 are 

conference papers. The majority of the papers are articles 

(31), while conference papers make up a smaller proportion 

(13). Between 2007 and 2019, the number of papers 

published per year is relatively low, with most years having 

only 1 or 2 publications. Exceptions include 2019 with a 

total of 4 papers. From 2020 onwards, there is a notable 

increase in the number of publications, especially in 2022, 

which is the year with the highest number of papers (11 in 

total). 2022 stands out as the most productive year with 9 

papers and 2 conference presentations. In 2023 and 2024, 

the rate of publications remains high with 7 papers in 2023 

(6 articles and 1 paper) and 7 papers in 2024 (all articles, no 

papers). No publications are observed in the years 2009 and 

2010, thus concluding that a significant increase in the 

number of published papers is observed from 2020 onwards. 

The maximum peak is in 2022 with 11 papers. This 

indicates a greater research or academic activity in recent 

years, due to more active research projects or a renewed 

interest in the production of academic papers. Since 2020, 

the number of conference papers is relatively low, with 

publication of articles being more common. 

Likewise, the most cited article as presented in Fig. 3, 

“Design and development of logistics workflow systems for 

demand management with RFID” (81 citations), describes 

the development and design of logistics workflow systems 

using RFID technology to optimize demand management. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 3 Most Cited Author 

 

Fig. 4 below shows the context of application of various 

strategies, technologies and innovations in two major areas: 

the physical and industrial sphere and the business and 

marketing sphere [9]. In the first, practical applications in 

global companies, the management of critical assets in 

industrial environments and the implementation of 

forecasting and occupational health systems are highlighted 

[10][11][12].  In the second, aspects related to the adoption 

of artificial intelligence in the agricultural sector [13][14], 

the analysis of market perception of emerging technologies 

and the role of communication in innovation and 

collaboration are addressed [15][16][17]. This outline 

provides a clear vision of the possible areas of study and 

application, establishing a framework for exploring 

solutions in different environments. 

Fig. 4 Outline of particular points on application context 

 

Fig. 5 shows the methods and techniques used, 

summarizing the main approaches applied in data and 

sentiment analysis to evaluate perceptions and efficiency in 

different contexts. It highlights the use of the Vader 

algorithm to measure emotional responses in large volumes 

of online observations [15], as well as its effectiveness in 

market perception. In addition, advanced techniques such as 

efficiency analysis through DEA (Data Envelopment 

Analysis) [11][18], data mining applied in the industry and 

statistical models such as regression and structural equations 

[19], which allow the identification of complex relationships 

between variables [20][21], are presented. This outline 

provides an overview of the tools used in data-driven 

studies. 
 

 
Fig. 5 Outline of particular points on methods and techniques used 

 

Fig. 6 includes the measurements and metrics that 

organize the tools used to evaluate efficiency and results in 

different business contexts. The Efficiency Indicators 

include metrics such as RPN (Risk Priority Number) for 

asset evaluation [10], OEE (Overall Equipment 

Effectiveness) to measure maintenance effectiveness [22], 

and others related to performance, such as ROI and 

technical efficiency. In Performance Evaluation, 

methodologies such as the comparison of composite scores 

in sentiment analysis [23], the measurement of effectiveness 

in the adoption of technologies [24], and the analysis of the 

relationship between digital capabilities and business 

performance stand out [13]. 
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Fig. 6 Outline of particular points on measurements and metrics 

 

Fig. 7 presents a hierarchical scheme that organizes the 

conclusions and recommendations into two main categories: 

Proposed Solutions and Successful Technology Adoption. In 

the Proposed Solutions, the implementation of ontological 

models to prioritize assets [10], the improvement of artificial 

intelligence (AI) communication to optimize performance 

[13], and the development of resilient planning frameworks 

in logistics stand out [25]. Furthermore, the application of 

advanced data mining techniques to improve business 

performance can be crucial for optimizing operational 

strategies [26]. On the other hand, in the Successful 

Adoption of Technologies, the identification of emerging 

practices in the use of AI [13], the importance of human 

capital and its training in the implementation process [12], 

and the need for a strategic approach to operational risk 

management are highlighted [27]. Additionally, fostering a 

deep understanding of AI's impact on business models and 

technology innovation is key to enhancing adoption success 

[28]. This outline suggests a comprehensive approach to 

address both technological optimization and operational 

strategy in the context of artificial intelligence. 

 
Fig. 7 Outline of particular points on conclusions and 

recommendations 
 

A. P = Problem 

The authors point out that one of the key issues is the 

complexity of decision making that companies face when 

trying to manage multiple attributes in their operations. 

Often, companies are constrained by the lack of 

comprehensive tools that allow them to optimize their 

processes efficiently, leading to decisions that do not always 

maximize productivity or minimize costs [10]. This 

challenge is also addressed by decision support systems, 

which aim to provide businesses with more efficient ways to 

meet their objectives and improve operational processes 

[29]. Additionally, advanced modeling techniques can be 

employed to predict and enhance business success, guiding 

companies towards better decision-making strategies [30]. 

Another factor mentioned by these authors is the lack of 

automation and reliance on manual processes. Companies 

that do not have advanced technologies rely on outdated 

operational processes, which increases the likelihood of 

human error and makes operations slower and more costly 

[12]. This lack of automation can be mitigated by adopting 

advanced technologies, such as RFID for logistics workflow 

management, which can significantly enhance operational 

efficiency [31]. Furthermore, the integration of big data and 

AI technologies can enable better data processing and 

decision-making, helping organizations overcome the 

challenges of managing large volumes of data and reduce 

the risk of human error [32]. Overall, the authors stress that 

inefficient resource management, inability to process large 

volumes of data, and organizational resistance to 

technological change are major barriers to operational 

efficiency [33]. 

 

B. AI as a Driver of Operational Efficiency 

The studies reviewed address key issues about the 

ability of AI to improve business operational efficiency. For 

example, one of the titles on "An ontological modelling of 

multi-attribute", suggests that artificial intelligence can be 

used to model decisions based on multiple attributes [10]. 

This indicates that AI has the ability to help companies 

make faster and more accurate decisions, optimizing their 

processes. The fact that an ontological model is used implies 

that AI not only improves traditional workflows, but also 

redefines the way companies understand and prioritize 

decisions. By taking multiple variables into account, AI 

could help eliminate operational inefficiencies, automate 

processes and increase accuracy in tasks that previously 

relied on human judgment [13]. Additionally, AI's ability to 

process large datasets and make informed decisions is also 

reflected in models used for financial data mining, which 

further support more efficient business operations [34]. 

Furthermore, AI technologies can be leveraged to improve 

risk management and business performance by helping 

businesses navigate operational risks with greater precision 

and agility [35]. 

 

C. I = Intervention 

The implementation of artificial intelligence has a 

transformative impact on the operational efficiency of 

companies, as seen in the article “What is the market value 

of artificial intelligence?”. The authors highlight that AI 

brings tangible value by enabling automation of routine 

processes, which reduces operational burden and improves 

accuracy in everyday tasks. A good example of this is 

Robotic Process Automation (RPA), which is used to reduce 

human intervention in repetitive tasks, thus minimizing 

errors and speeding up response times [12]. 

In addition, AI enables companies to implement 

predictive solutions that optimize business decisions by 

anticipating market trends, supply chain issues or future 

operational needs. These predictive tools, based on machine 

learning algorithms and big data analysis, improve planning 

and prevent bottlenecks in operations [33]. 

On the other hand, other studies indicate that AI also 

plays a crucial role in managing complex decisions, helping 

companies to balance multiple criteria and improve their 

ability to prioritize key decisions more efficiently [10]. 
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D. C = Comparison 

When you compare companies that use AI with those 

that do not, you see clear evidence of differences in 

operational efficiency. Companies that implement AI are 

more agile and able to react quickly to market fluctuations, 

in part because AI allows them to analyze large volumes of 

data much faster than traditional methods [33]. These 

companies achieve greater optimization of resources, as they 

can accurately forecast product demand and adjust their 

inventories and production accordingly, resulting in less 

waste and greater operational efficiency [15]. 

In contrast, companies that do not use AI rely on 

manual processes or decisions based on intuition, making 

them less flexible and more prone to errors. In addition, 

companies without AI often struggle to handle data growth 

and operational complexity, limiting their ability to improve 

efficiency [13]. Companies without AI miss key 

opportunities to optimize their processes, as they lack the 

tools to handle multiple variables simultaneously [12]. 

 

E. Economic Impact and Market Value of AI 

The literature explores how the implementation of AI in 

companies can generate tangible value. This type of study is 

crucial because operational efficiency not only improves the 

internal processes of organizations but can also influence the 

economic value of firms. By adopting AI, companies reduce 

operating costs, improve the quality of their products or 

services, and generate new sources of revenue by offering 

innovative technology-based solutions [1][36][37][38] 

Therefore, from a market value perspective, AI not only 

optimizes what exists, but also transforms a company's 

positioning in the digital economy, making it more 

competitive and agile in the face of technological change 

[33][13]. 

 

F. O = Outcome 

The results following the implementation of AI in 

companies are significant, according to the studies analyzed 

companies experience a drastic reduction in operating costs 

by automating tasks that previously required intensive labor. 

This automation not only saves costs, but also frees 

employees to focus on more strategic activities that bring 

greater value to the company [10]. 

Another key improvement is increased productivity. AI 

enables companies to complete operational processes in 

much shorter times by eliminating bottlenecks and reducing 

cycle times. In addition, decision-making accuracy improves 

substantially, as AI algorithms are able to analyze complex 

data in real time and provide fact-based recommendations 

[23]. 

Among the operational efficiency metrics that show the 

greatest improvement are production cycle time, error 

reduction in critical processes, and better use of resources. 

The use of AI improves consistency in results by eliminating 

variability caused by human error [15][33]. 

 

G. C = Context 

The impact of AI on operational efficiency varies 

significantly depending on the sector and size of the 

company. In sectors such as manufacturing and logistics, AI 

has a particularly strong impact, as automation and supply 

chain optimization are critical aspects of operational 

efficiency in these sectors [39]. For example, in 

manufacturing, AI is used to perform predictive 

maintenance, which reduces unplanned downtime and 

increases equipment lifetime [40]. 

In the financial sector, AI is used for risk analysis and 

automation of administrative processes, which improves 

both efficiency and accuracy in decision making [33]. 

However, in more traditional or skill-intensive industries, AI 

adoption is slower and the benefits are not yet as 

pronounced. 

A key finding in the analysis of the impact of AI on 

operational efficiency is the influence of firms' level of 

technological readiness. The successful adoption of AI-

based solutions by SMEs is highly dependent on factors 

such as available digital infrastructure, staff training and 

institutional support. According to the TOE (Technology-

Organization-Environment) framework, organizations with 

greater technological maturity achieve more significant 

improvements in their operational performance after 

incorporating these tools, while those with limited 

capabilities face barriers that make it difficult to take full 

advantage of their benefits. This shows that the impact of AI 

is not uniform, but varies according to the degree of 

technological readiness, which underlines the need for 

differentiated strategies for its implementation in different 

business contexts [13].  

In this sense, technological readiness is consolidated as 

a determining factor to obtain positive results with the 

incorporation of AI. This readiness goes beyond having 

digital infrastructure; it also includes the ability to manage 

change, the development of digital competencies in 

personnel and the existence of a strategic vision aligned with 

digital transformation. Companies with greater 

technological maturity not only adopt Industry 4.0 

technologies more easily, but also manage to translate their 

potential into concrete efficiency improvements. Elements 

such as access to specialized talent and investment in 

training are decisive for this transformation to be reflected in 

tangible operational benefits [24]. 

 

IV. DISCUSSION OF RESULTS 

The results of the present study confirm that artificial 

intelligence generates a positive impact on the operational 

efficiency of companies, which is in line with the reference 

[1]. These improvements are attributable to process 

automation, reduction of human error and the ability to 

manage complex data. However, challenges such as the 

learning curve and the absence of standardized parameters, 

also noted in reference [2] and [4], represent significant 

initial barriers. In line with reference [10], this analysis also 

highlights that AI tools enable companies to optimize their 

decision making and redefine operational strategies, thus 

increasing their competitiveness in a dynamic environment 

[12]. 

The study reaffirms that the adoption of AI can be a 

transformative tool for companies, especially in sectors such 

as manufacturing, where predictive maintenance has proven 

to be crucial to improve efficiency, as mentioned in 

reference [6] [41] and [5]. In the service sector, AI not only 

homogenizes standards, but also personalizes interactions 

with customers, generating qualitative and quantitative 



23rd LACCEI International Multi-Conference for Engineering, Education, and Technology: “Engineering, Artificial Intelligence, and Sustainable Technologies in service of 

society”. Hybrid Event, Mexico City, July 16 - 18, 2025 

7 

advantages [7]. However, sectors such as agriculture still 

face significant barriers due to limitations in infrastructure, 

social acceptance and lack of resources, challenges that 

require priority attention to close technological gaps. 

Although a homogeneous adoption of AI across 

companies was expected, marked differences were observed 

according to size and sector. Large manufacturing 

companies, for example, showed substantial improvements 

due to their ability to integrate advanced technologies. In 

contrast, SMEs and traditional sectors, such as agriculture, 

have experienced limited progress, probably due to 

technological and cultural resource constraints. This result 

underscores the importance of a differentiated approach 

when designing AI implementation strategies [13]. 

The findings depend on the context of the companies 

analyzed, especially in terms of technological resources and 

adaptability. The sample may also not fully capture the 

diversity of sectors, as some, such as agriculture and certain 

SMEs, have unique characteristics that affect AI 

implementation [42]. In addition, the lack of a uniform 

regulatory framework and market volatility complicate 

comparison across cases [43]. 

Further research into AI applications in sectors with 

lower levels of adoption is recommended, exploring scalable 

and adaptable models for small businesses and rural areas 

[44]. While this study confirms the positive impact of AI on 

operational efficiency, it is critical to provide practical 

guidelines for companies looking to integrate this 

technology into their operations.  

First, organizations should assess their level of 

technological readiness, considering available digital 

infrastructure, staff competencies and strategic alignment 

with digital transformation. Having a clear understanding of 

internal capabilities enables realistic expectations to be set 

and appropriate AI tools to be selected. Secondly, it is 

recommended to identify operational areas with high 

volumes of manual tasks, repetitive processes or frequent 

decision-making needs, as they are often more suitable for 

optimization using AI. The adoption process should start 

with small-scale pilot projects, allowing for impact 

measurement and adjustments before full implementation.  

In addition, staff training plays a key role in reducing 

resistance to change and ensuring effective adoption. 

Companies should invest in developing digital skills and 

strengthening data literacy to maximize the benefits of AI 

integration. Finally, establishing measurable metrics; such 

as reduced processing times, reduced errors and lower 

operational costs; allows progress to be monitored and 

encourages continuous improvement. By following these 

strategic steps, companies can move from exploratory AI 

adoption to sustained operational transformation. 

V. CONCLUSION 

The research confirms that artificial intelligence (AI) 

positively impacts business operational efficiency, aligning 

with the main objective of analyzing how its implementation 

optimizes processes, reduces errors and improves decision 

making in various sectors. The results obtained reflect that, 

although the improvements are significant, the impact varies 

according to the business context: sectors such as 

manufacturing and services have successfully adopted AI 

technologies, while areas such as agriculture and SMEs face 

economic, technological and cultural barriers that limit their 

implementation. This shows that operational efficiency 

depends not only on technological capabilities, but also on 

organizational, sectoral and contextual factors. 

The contribution of this Systematic Literature Review 

(SLR) to the existing study lies in providing a 

comprehensive perspective on AI applications in various 

economic sectors, synthesizing previous findings and 

highlighting areas with high potential for development. The 

SLR has identified not only the key benefits of AI, such as 

automation and resource optimization, but also the current 

limitations and challenges, such as the lack of regulatory 

standards and the associated learning curve. This analysis 

broadens the understanding of the impact of AI in specific 

contexts, providing a solid foundation for future research 

that seeks to address technology gaps and promote inclusive 

implementation strategies. 

VI. LIMITATIONS AND STUDY FORWARD 

Although this study offers a deep insight into the impact 

of AI on the operational efficiency of companies, it has 

several limitations that deserve to be highlighted. One of the 

main ones is the variability in the results obtained depending 

on the sector and size of the organizations. This diversity of 

effects underscores the urgent need to develop more 

differentiated approaches to AI adoption studies, adapted to 

the particular contexts of each sector and type of firm. Thus, 

future studies should consider variables such as 

technological infrastructure, innovation capacity and 

specific organizational barriers. 

A critical limitation is the absence of a uniform 

regulatory framework for AI implementation. This lack of 

standardization generates significant disparities in the 

adoption and use of technology, which could create a 

competitiveness gap between companies operating under 

disparate regulations and technological capabilities. In this 

sense, it is essential to create international regulatory 

frameworks to guide the implementation of AI, ensuring its 

ethical and effective use, and to promote a level playing 

field for all companies, regardless of their size or sector. 

Going forward, the importance of conducting 

longitudinal studies that measure the effects of AI adoption 

over time is highlighted. This approach would capture the 

progressive transformations in companies as they move 

forward in their digitization process, providing a more 

accurate perspective on the long-term benefits and 

challenges. In addition, it is essential to address sectoral and 

business size differences, providing customized solutions 

that enable small and medium-sized enterprises (SMEs) to 

overcome the technological and cultural barriers inherent in 

the adoption of these technologies. 
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