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Integrating AI robotics in emerging economies: What are the ethical limits?

Abstract
Purpose: The rapid integration of AI robotics into digital strategies has significantly transformed 
business operations, enhancing efficiency, decision-making, and connectivity. Emerging economies are 
particularly poised to leverage these technologies to drive economic growth. However, these regions 
face distinct challenges related to privacy, ethical considerations, and data security.
Design/methodology/approach: To investigate the complexities of AI robotics adoption in emerging 
economies, this study employs a two-step methodology. First, a systematic literature review synthesizes 
key contributions to the field, identifying relevant theoretical frameworks. Following this, a Multiple 
Correspondence Analysis based on homogeneity analysis of variance using alternating least squares is 
conducted in the R programming language.
Findings: The main findings suggest that the successful adoption of AI-driven digital strategies in 
emerging economies requires balancing innovation with robust privacy protections, ensuring that user 
trust is cultivated through transparent and user-centered practices for the adoption of AI robotics 
applications and services. Furthermore, ethical considerations, such as adaptability to local values and 
regulatory readiness, emerge as critical to aligning technological advancements with societal needs. The 
presence of outlier variables, such as the impact on employment and the risk of data leakage, highlights 
possible research gaps in the literature.
Originality: This study’s originality uniquely contributes to the field by addressing an area where 
limited research exists, the intersection of AI robotics in digital strategies, ethical considerations, and 
privacy in the emerging market context, with an innovative approach. 
Research limitations/implications: The MCA analysis in R, though effective for exploring relationships 
between variables, is sensitive to data quality and may not capture all dimensions of complex, real-
world applications in emerging economies. 
Practical/managerial implications and/or Social/economic implications: For successful AI robotics 
adoption in emerging economies, companies should focus on AI robotics systems that prioritize data 
security, fostering user trust and ensuring compliance with diverse regulatory environments, prioritize 
digital literacy initiatives and create user-friendly technologies that accommodate varying levels of 
digital skills.  
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Introduction 
In recent years, the rapid advancement of digital technologies has transformed how businesses operate 
and interact with their economies (Pagani and Pardo, 2017). The integration of artificial intelligence 
(AI), robotics process automation (RPA) (Ribeiro et al., 2021), machine learning, and connected devices 
has created opportunities to improve efficiency, streamline workflows, and enhance decision-making 
processes (Soori et al., 2023). These innovations, often used under digital and connected strategies, play 
a vital role in automating and optimizing business functions, particularly in emerging economies 
(Gravina and Pappalardo, 2022). In this way, emerging economies are made up of countries that are in 
the process of industrialization and accelerated economic growth, with developing markets and 
changing production structures (Peter et al., 2023). Although they do not have the level of income or 
stability of developed economies, they show significant potential for investment and expansion. These 
economies are undergoing a major digital transformation (Sojoodi and Baghbanpour, 2024), stand at 
the crossroads of harnessing these advancements to compete globally. In contrast, with the adoption of 
these technologies come pressing concerns regarding privacy, data security, and ethical use, especially 
as they relate to personal data collection and the potential implications of third-party data sharing.
In the present study, the term “ethical limits” refers to the socially defined boundaries that separate 
acceptable from unacceptable uses of AI robotics (Saura et al., 2024). These limits are shaped by the 
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 To explore theoretical perspectives on the ethical implications of AI robotics in digital
strategies for emerging economies.

• To investigate the main applications and impacts of AI and robotics on employment, societal
structures, and economic growth in emerging economies.

• To provide practical recommendations for sustainable and privacy-conscious digital strategy
implementation based on AI robotics in emerging economies.
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interaction between laws, industry norms, and culturally based moral values (Gabriel, 2020). They are 
not fixed, but evolve as different stakeholders, such as policymakers, companies, civil society 
organizations, and end-users, reconsider principles like autonomy, fairness, harm prevention, and 
justice in response to new technological developments (Saura and Bužinskienė, 2025). Thus, crossing 
an ethical limit means engaging in practices that, while technically possible, may violate fundamental 
rights, reduce public trust, or worsen social inequalities. Such practices should therefore be avoided, 
modified, or regulated (Swoboda and Lauwaert, 2025).
In this context, a substantial body of research has established that AI robotics can drive transformative 
results in businesses (see Agarwal et al., 2024). Therefore, process automation and machine learning 
algorithms enhance the capabilities of decision-makers, enabling data-driven decision-making, 
predictive analysis, and real-time optimization. However, the adoption of these technologies within 
emerging economies presents unique challenges and opportunities due to the rapid adoption of this 
field. Unlike developed economies, emerging economies face infrastructural, regulatory, and societal 
hurdles (Singh, 2024) that can impact the effective adoption and ethical implications of AI robotics. 
Furthermore, the diversity within these economies, where differences in regulatory standards, 
technological infrastructure, and cultural attitudes toward technology often vary significantly, demands 
a localized approach to implementing AI and robotics. Thus, AI robotics introduces a range of 
capabilities and characteristics, from supervised and unsupervised learning to pattern recognition or 
data mining, enabling a more personalized and adaptive user experience (Hernández-Tamurejo et al., 
2025). Additionally, the emerging concept of the Internet of Robotic Things (IoRT) has brought forth 
a new dimension of connected devices, which can independently interact with their environment and 
make data-driven adjustments in real-time. Despite these advancements, privacy concerns around data 
collection, data leakage, identity verification, and data anonymization remain significant (Goyal et al., 
2021).
Likewise, the ethical implications of adopting digital and connected strategies (Saura et al., 2023; 
Shatila et al., 2025) in emerging economies also deserve attention. While these economies often have 
limited regulatory frameworks (Mattoo and Meltzer, 2018), the societal impact of advanced 
technologies is profound. Therefore, AI robotics can lead to substantial gains in operational efficiency 
and market monitoring. However, it may also have unintended consequences, such as exacerbating 
unemployment or increasing inequality (Rawashdeh, 2023). As automation increasingly replaces 
repetitive tasks, there is a risk that employment opportunities may shrink, particularly in sectors that are 
traditionally labor-intensive. In this new paradigm, a balance must be set between technological 
advancement and social responsibility, ensuring that digital transformation contributes positively to 
both economic growth and societal well-being. 
Thus, despite the proliferation of AI robotics applications, few studies have analyzed the complexities 
surrounding the adoption of digital and connected strategies in emerging economies, understanding 
these as systems of automation, data-driven decision-making, and enhanced connectivity that drive 
efficiency and innovation. Also, while there is significant interest in the use of AI robotics for 
competitive advantage, less attention has been given to its ethical and privacy-related impacts within 
regions with evolving legal frameworks. To address this research gap, this study investigates the link 
between digital strategy, robotics, and privacy in emerging economies, examining both the drivers and 
barriers to adoption, aiming to shed light on the pathways through which AI and robotics can be 
ethically and effectively integrated into these economies. With the aim of investigating the issues 
presented before, the following research question (RQ) has been formulated: How can digital strategies 
leveraging AI robotics be ethically and effectively implemented in emerging economies to ensure user 
privacy and address broader societal impacts?
Additionally, this study also seeks to address the following research objectives: 
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The present study employs a methodological approach in two steps. Following a systematic literature 
review (SLR) that synthesizes key contributions in the field, this study applies Multiple Correspondence 
Analysis (MCA) within the framework of homogeneity analysis of variance using alternating least 
squares (HOMALS) (Hjellbrekke, 2018), alongside the Computer-Aided Text Analysis (CATA) (Short 
et al., 2018) approach, which is used to explore and preliminarily validate the variables identified in the 
study’s findings. This methodological approach is innovative in that it allows for the identification of 
relationships that are often overlooked, providing new insights into the ethical considerations and 
privacy aspects surrounding robotics and automation in emerging economies. 

Theoretical framework
AI robotics in organizations and emerging economies
The growing adoption of advanced technologies, such as AI robotics automation, is redefining 
organizational processes in emerging economies. In this context, automation through robotics, also 
known as the Robotic Automation Process (RPA), is increasingly becoming a key pillar in the 
transformation of multiple sectors (Van der Aalst et al., 2018). Its growing popularity stems from the 
need to optimize processes, reduce errors, and enhance efficiency in repetitive or complex tasks that 
were once exclusively human (Grau et al., 2020). Also, robotization is based on the concept of 
automation, which refers to performing tasks without constant human intervention. 
To further enhance robotic automation, it can integrate different methods, enabling robots to perform 
tasks autonomously and adaptively (Soori et al., 2023), such as the programming of specific rules 
through algorithms that define how to make decisions for automated processes. Automated robotics can 
be integrated with ML, AI (Ribeiro et al., 2021) or connected services to allow robot systems to process 
unstructured data, supporting a smart decision-making process based on structured, unstructured, 
historical data analysis or learned patterns. When combined with AI, robots expand their capacity to 
manage complex tasks and adapt to changing environments (Moderno et al., 2024). 
Moreover, advanced ML techniques and IA increase RPA’s adaptability, enabling robots to learn, adapt, 
and make informed decisions autonomously (Soori et al., 2023) and empowering RPA to identify 
patterns in data, allowing for continuous improvement and optimized decision-making. These 
techniques include supervised learning, where robots train on labelled data for tasks like classifying 
customer inquiries or forecasting demand unsupervised learning, which detects hidden patterns in 
unlabeled data for client segmentation or anomaly detection; and deep learning, which enhances RPA’s 
capacity to process complex unstructured data (e.g., text and images), useful for sentiment analysis or 
document categorization (Selvarajan et al., 2024).
In this context, decision-making management through AI robotics also provides entrepreneurial 
adaptability as it not only facilitates real-time optimization and customer personalization but also 
enhances the organization’s ability to respond dynamically to shifting conditions, changing demands, 
and evolving customer preferences.  Under this paradigm, it should be noted that emerging economies 
lag in adoption compared to the developed nations due to implementation costs, limited technological 
infrastructure, organizational resistance to change, regulatory or workforce training, and skills 
(Mukherjee et al., 2023). For emerging economies, the adoption of data processing and automation 
enhances decision-making for managers (Moraes et al., 2022), further enabling knowledge management 
and fostering innovativeness and competitive strategies (Trivedi and Srivastava, 2022). Additionally, 
other studies point out that AI robotic deployment is linked to income and education inequality (Fu et 
al., 2021). 

AI robotics, privacy, and ethical concerns
The primary privacy issues arise from handling confidential data across multiple and interconnected 
systems (Singh and Singh, 2023). As RPA integrates into digital strategies, organizations face an 
increased responsibility to safeguard this information with robust privacy measures and risk 
management protocols. This also implies an ethical approach in terms of how technology models and 
methods use, manage, and secure the information (Saura and Bužinskienė, 2025). This is further 
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Element Description Main Methods Strategic implications
o Enhances predictive

decision-making
o Improves personalized

experiences

Pattern 
recognition and 
data mining

Relates to data mining for 
identifying patterns within 
datasets, aiding in trend 
analysis and anomaly 
detection. o Identifies consumer trends

o Identification of market
growth opportunities

▪ Machine learning
▪ Deep learning
▪ Pattern mining

techniques
▪ Neural Networks

Predictive 
analysis and 
forecasting 
models

A data-driven technique that 
manage data to forecast 
future outcomes.

▪ Real-Time processing
▪ Data-mining

techniques
▪ Deep learning
▪ Pattern-Driven

Decision Support
▪ Prescriptive analysis

o Drives strategic planning
o Assists in resource allocation
o Enhances product demand

forecasting
o Supports market expansion
o Resources optimization in

emerging economies
o Promotes risk management

Real-time 
analysis

Immediate data 
processing/analysis and 
decision-making in dynamic 
environments.

▪ Data processing
▪ Streaming analytics
▪ IoT Integration
▪ Predictive analytics
▪ Complex event

processing

o Enables agile responses
o Supports operational

efficiency
o Reduces decision latency

Increases customer
satisfaction
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heightened by third-party data sharing, where automated robotic systems access various sources, 
including third-party services, internal systems, and external databases, to execute tasks accurately and 
adaptively. These dependencies and interoperability complicate data management as each data source 
might operate under different security standards, raising questions about data integrity and security, and 
the likelihood of data breaches and unauthorized access, as security standards vary widely across 
platforms (Sun et al., 2023).
Another critical challenge arises as automated robots make decisions based on historical data, so there 
is potential for unintended biases or inappropriate use of sensitive data (Akter et al., 2021). For instance, 
AI robotic systems using past information to make decisions about hiring, credit, or customer support 
could inadvertently introduce biases, leading to ethical and regulatory concerns (Varsha, 2024). 
Therefore, the algorithms driving these decisions create unique ethical implications, raising questions 
about whether technology should replace human judgment in sensitive areas. Maintaining effective 
privacy management requires implementing protective measures focused on security and compliance. 
Key strategies include data minimization, where only essential data is collected and processed, reducing 
unauthorized exposure risks (Majeed et al., 2020).
One major challenge is the complexity involved in complying with evolving privacy regulations, such 
as the General Data Protection Regulation (GDPR) in the European Union or the California Consumer 
Privacy Act (CCPA) in the United States. These laws mandate strict data protection practices and grant 
users rights over their data, including consent and control mechanisms, and aim to regulate data 
handling and collection transparently. According to Leenes et al. (2017), there are four major regulatory 
dilemmas in the field of robotics: (i) how to keep up with technological advances; (ii) how to strike a 
balance between stimulating innovation and the protection of fundamental rights and values; (iii) 
whether to affirm prevalent social norms or nudge social norms in a different direction; and, (iv) how 
to balance effectiveness versus legitimacy in techno-regulation. This could be particularly challenging 
when dealing with complex datasets and multiple systems, which in turn could be even harder for 
emerging economies in terms of technology deployment. 
In order to summarize the fundamental concepts analyzed in the literature referred to in this theoretical 
framework, Table 1 presents key elements that define the core characteristics of AI robotics in the 
context of digital strategy, privacy, and its application of Industry 4.0 technologies, particularly within 
emerging economies.

Table 1. AI robotics and key components 
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o Enhances responsiveness to
market changes

Systems 
Interoperability 
and connected 
systems

The ability of different 
systems, platforms, or 
software to communicate, 
exchange data, and work 
together seamlessly.

▪ IoT Integration
▪ Third-Party services
▪ Connected devices
▪ Standardization

Protocols
▪ Scalability

o Fosters tech ecosystem
growth

o Promotes collaborative
innovation

o Enhances service delivery
o Strengthens global data

collaboration/integration

Privacy and 
ethics

Exposes individuals to 
potential misuse of personal 
data within AI robotics 
applications.

▪ Data Anonymization
▪ Transparency
▪ Risk Assessment
▪ Identity verification
▪ Authentication
▪ User-centered practices

o Ensures regulatory
compliance

o Protects brand reputation
o Promotes ethical data design

and handling
o Fosters understanding of

privacy policies and ethical
data practices

Source: The authors based on the theoretical framework results

Methodology
Systematic literature review
To develop the SLR, a review focused on the analysis of academic databases closely related to the 
objectives of this research (Thomé et al., 2016), such as Web of Science (WoS), ScienceDirect, IEEE 
Xplore, ACM Digital Library, and AIS Electronic Library. It is important to note that SLRs are 
distinguished by their search for theoretical answers to research questions (Massaro et al., 2016). 
Therefore, before starting an SLR, it is essential to theorize and highlight the key contributions and 
contexts of the sector or field of study to be reviewed. Thus, once the problems have been formulated 
and explained, they should be linked to a research gap that, from a theoretical approach, is related to 
the results of the RLS. SLR is a particularly effective methodology when exploring emerging or 
innovative topics. To identify relevant studies, the search terms such as “Digital strategy” AND “Robot” 
AND “privacy” were used. Furthermore, by exploring the interactions between digital strategies, robots, 
and privacy, this analysis seeks to determine whether these actions may be aligned with ethical 
principles. Additionally, in cases where the results obtained did not meet the criteria considered, 
additional searches were performed using the term “Algorithm”. Consultations were conducted between 
October 9 and 16, 2024. To ensure a comprehensive and focused SLR review, a careful selection of 
keywords reflecting the central aspects of this study was carried out. The terms mentioned were 
specifically selected because they address the main research questions. Also, the precise use of these 
terms in the selected databases enriches the depth of the SLR, ensuring a broad coverage of perspectives.

MCA and HOLMAS methods
To develop the second phase of the proposed methodology, this study uses the MCA according to the 
approach of Hjellbrekke (2018). These analyses are framed within the theoretical model known as 
HOMALS (Barbosa et al., 2024), a procedure that generates visual matrices of clusters and both 
dependent and independent variables, allowing the identification and examination of relationships 
between multiple variables. The dimensional maps produced position keywords around two axes, 
showing the location of clusters and possible associations between them. The application of MCA 
provides a theoretical basis for exploratory statistical analysis of the descriptors represented in the 
dimensional map. To implement and calculate the MCA in R, categorical variables derived from the 
content analysis of the articles included in the SLR are identified and coded. This process is supported 
by CATA (Short et al., 2018), which is used to explore and validate variables identified in studies that 
analyze text corpora as samples, using advanced textual procedures. 

Page 5 of 19



6

Page 6 of 19

These categorical variables are organized into groups of words that constitute multivariate categories. 
In total, this study defines three key categorical variables: digital strategy, robots, and privacy. From 
these, 32 individual variables essential for SLR analysis have been identified, which are grouped into 
clusters around the main categorical variables. The first categorical variable, “Digital strategy,” 
represents the orientation of the studies in relation to the research objectives, with a particular emphasis 
on digital marketing. The second, “Robots,” describes the connection with robotics techniques and their 
applications on the Internet of Robotic Things (IoRT), providing a technological focus. Finally, the 
third variable, “Privacy,” focuses on the analysis of privacy in this study context. The studies analyzed 
may address one or more of these categorical variables.
The individual variables are: “Process automation” refers to the automation of routine tasks and 
processes through technology; “Data-driven decision making” involves making strategic decisions 
based on data rather than intuition; “Machine Learning” uses algorithms to enable systems to learn and 
improve without human intervention; “Supervised learning” is based on training an AI model with 
labeled data to make accurate predictions; “Data collection” focuses on gathering information for 
analysis and AI applications; “Data sources” represent the origins of data used in analysis and AI 
strategies; “Third-Party Data Sharing” examines the practice of sharing data with external entities; 
“Connected devices” studies the use of networked devices for data collection; “Predictive analysis” 
focuses on forecasting trends or future outcomes through AI models; “Unsupervised learning” refers to 
machine learning without labeled data, allowing the identification of hidden patterns; “Prescriptive 
analysis” suggests specific decisions based on analytical data; “Adaptability” examines the capacity of 
AI systems to adjust to environmental changes; “Sentiment Analysis” evaluates and classifies opinions 
or emotions expressed in textual content; “Real Time Optimization” focuses on the immediate and 
continuous improvement of AI strategies; “Pattern Recognition” identifies and classifies specific 
patterns within large datasets; “Risk management” analyzes the identification and mitigation of risks in 
AI systems; “Workflow automation” involves creating automated workflows to reduce human 
intervention; “Systems Interoperability” refers to the ability of AI systems to work in coordination with 
other systems; “Personalization” focuses on adapting user experiences and content through AI; “Market 
monitoring” examines market trend tracking using AI technologies; “IoRT” represents the integration 
IoRT, combining AI and robotics; “Scalability” evaluates a system’s capacity to expand according to 
demand; “Data leakage” analyzes the risk of accidental exposure of confidential data; “Identity 
verification” focuses on validating user identity in AI applications; “Authentication” studies 
mechanisms to confirm identity on digital platforms; “Encryption of private information” involves 
coding sensitive data to ensure security; “Transparency” analyzes clarity and openness in AI processes; 
“Ethical implications” examines ethical issues related to the use of AI; “User acceptance” evaluates 
users’ willingness to adopt AI technologies; “Impact on employment” explores how AI affects the labor 
market; “Data Anonymization” refers to removing personal information from data to protect privacy; 
and “Digital transformation” describes the process of adopting advanced digital technologies in 
business strategies.
As a result, the authors computed the following using an encoding protocol. This is based on previous 
studies using SLR samples and is designed to be processed by machine learning or Natural Language 
Processing (NLP) algorithms. In this way, a “0” is assigned if the variable does not appear in the 
development of the study or a “1” if the variable is present. This coding makes it possible to obtain an 
analysis of the distance between variables, thus generating dimensions that connect these variables. 
Several statistical variables are obtained as a result of the calculation of the MCA analysis in R, among 
them are: the chi-square test, it is a statistical tool that allows us to determine whether there is a 
significant difference between an expected and observed distribution; the variance, defined as the mean 
of the squared deviations from the mean, measures how much the data is dispersed around the mean or 
median value; the percent variance and the cumulative percent variance indicate, respectively, the 
proportional contribution of each parameter and the accumulation of these contributions within the data 
set; the p-value expresses the probability that the observed, or even more extreme, results may occur 
randomly under the null hypothesis. In the context of HOMALS analysis, the p-value is used to assess 
how accurately the variables are represented within the study. Therefore, the closer the variables are to 
the center of a category, the greater their degree of connection. In the graphs, if the results of group or 
individual variables appear in the same one-dimensional space on the X and Y axes, this indicates a 
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Authors SD RSG BOA WDO IEC RAE
Arias-Pérez and Vélez-Jaramillo (2022) + + + + + ?
Callari et.al. (2024) + ? ? + + -
Chen et.al. (2021) ? + + + + +
Coronado et.al. (2022) + + + + + +
Fink et.al. (2023) + ? ? ? + +
Haidegger et.al. (2023) + + + ? + ?
Howard, J. (2022) + + + + + +
Kabir, et.al. (2023) + ? + ? - ?
Kaivo-Oja et.al. (2017) ? ? ? + + -
Kamal et.al.(2022) - + + + ? -
Liang et.al. (2021) + + + + + -
Lo et.al. (2024) + + + + + +
Mukherjee et.al. (2023) + + ? ? + -
Qiao et.al. (2021) ? + ? ? + -
Santos et.al. (2024) ? + + + + ?
Sarker et.al. (2024) + + ? ? + +
Scarpi and Pantano (2024) + ? ? - ? +
Schulte-Derne and Gnewuch (2024) - + + + + ?
Setchi et.al. (2020) + + + ? + -
Sharma and Cupek (2023) ? + + ? + -
Sharma et.al. (2024) + ? + ? + -
Sinha et.al. (2020) + + - ? + +
Söderlund (2023) + + ? + ? +
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strong linkage between them. In addition, the proximity of a variable to the origin reflects the mean-
variance, highlighting a common response trend among the most frequent variables.

Analysis of results 
Systematic Literature Review results
As outlined earlier, specialized databases were utilized to conduct the SLR. The results are as follows: 
From WoS, 245 articles were identified, with 10 meeting criteria for the study sample. ScienceDirect 
yielded 1,014 articles, of which 14 were included in the sample. IEEE Xplore provided 214 articles, of 
which 4 were selected. In the ACM Digital Library, 81 articles were found, none of which were 
included. Finally, 492 results were identified in the AIS Electronic Library, with 1 article included in 
the sample. However, this number includes duplicates, as some articles appeared in more than one 
database. All duplicates were identified and removed during the screening process to ensure that only 
unique records were considered for inclusion in the study. Out of a total of 2,046 articles screened, 38 
met the inclusion criteria in the initial selection. After a thorough full-text review, 29 of these were 
ultimately retained for the final analysis. Using the PRISMA guidelines, additional exclusions were 
made for articles whose research objectives were not directly or indirectly related to the study’s focus.
Additionally, a Risk Bias Assessment (RBA) has been developed in Table 2. It evaluates studies on 
several variables to determine their quality for inclusion in the SLR results. These variables include 
Study Design (SD), which assesses the overall quality and academic coherence of the study; Random 
Sequence Generation (RSG), ensuring unbiased sampling and reducing systematic patterns that may 
affect results; Blinding of Outcome Assessment (BOA), which includes techniques to minimize bias in 
outcome evaluation; Withdraw and Dropout (WDO), which considers strategies to address high rates 
of withdrawal that may result in incomplete data; Inclusion-Exclusion Criteria (IEC), which examines 
the study's justification for variables and indicators used; and Reporting Adverse Events (RAE), which 
assesses whether the study accurately details any limitations encountered in the research process.

Table 2. RBA on SLR results
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Wake et.al. (2023) + + + + + ?
Wirtz et.al. (2023) + ? ? ? ? +
Yao et.al. (2024) + + - - - ?
Zafir et.al. (2024) + ? ? - + ?
Zhai et.al. (2024) ? + ? ? + -
Zong and Guan (2024) + + + + + +

Source: The authors

Multiple Correspondence Analysis results
As discussed earlier, HOMALS specifically facilitates analysis on a dimensional map, where keywords 
are plotted across two axes, allowing researchers to evaluate the spatial relationships and proximities 
among them. Additionally, it should be noted that the variables applied in this analysis are structured 
as word clusters that create multivariate categorical groupings (Barbosa et al., 2024). In this study, we 
identify 3 primary multivariate and 32 individual variables. Each of the 28 studies included in the SLR 
serves as a unique indicator, culminating in 32 individual variables and 3 overarching multivariate 
clusters used within the MCA framework. These clusters, designated as “dimensions” in the R-
generated model, focus on key themes like robots, privacy, and digital strategies, which are visualized 
graphically. Once the MCA is configured based on these structural characteristics, descriptive statistical 
variables are calculated to establish the model’s basis. In this context, the chi-square average value 
measuring the independence between two variables reaches 442.029, with an associated p-value of 1. 
It should be noted that if the chi-square result exceeds the critical threshold determined by degrees of 
freedom for row 1, column 1, and p = 1, then the row and column variables are not independent but are 
instead correlated, as observed in this study. Statistical indicators are presented in Table 3.

Table 3. Eigenvalues dimension 1 to 24
D D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D11 D12 D13 D14
R1 0.128 0.116 0.089 0.069 0.056 0.051 0.045 0.043 0.036 0.031 0.022 0.022 0.018 0.017
R2 15.587 14.155 10.833 8.393 6.854 6.265 5.548 5.200 4.340 3.808 2.743 2.669 2.160 2.016
R3 15.587 29.741 40.575 48.968 55.822 62.086 67.635 72.835 77.175 80.983 83.726 86.395 88.555 90.570
D D15 D16 D17 D18 D19 D20 D21 D22 D23 D24 D25 D26 D27 D28
R1 0.016 0.014 0.011 0.008 0.006 0.006 0.005 0.004 0.002 0.002 0.002 0.001 0.000 0.000
R2 1.981 1.693 1.321 1.025 0.784 0.711 0.632 0.451 0.274 0.195 0.184 0.129 0.050 0.000
R3 92.551 94.244 95.565 96.590 97.374 98.085 98.717 99.169 99.443 99.637 99.822 99.950 100.000 100.000

D = Dimensions, R1 =Variance, R2 =percentage of variance, R3 =cumulative percentage of variance.

In this way, using the data results computed in the MCA analysis presented in Table 3, Figure 1 shows 
the variables organized into five thematic clusters that correspond to the core areas of the study. The 
proximity of variables within these clusters reflects their thematic similarity; variables closer to each 
other indicate stronger conceptual associations, whereas more distant variables share fewer 
commonalities. 

Page 8 of 19
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Figure 1. Eigenvalues/Variances results using MCA

Source: The authors

It should be considered that Cos² reflects the degree to which each variable contributes to defining the 
two main dimensions (axes) of the MCA plot. Cos², often called the squared cosine, measures the 
quality of the representation of each variable. In this way, higher contributions to Cos² indicate that a 
variable is well represented along the displayed dimensions and significantly contributes to the 
interpretation of the axes. In the figure, the color gradient (from blue to orange) reflects as follows: 
variables colored more intensely (in orange) have higher Cos² values, indicating a stronger association 
with the main dimensions and central to the thematic structure represented by those dimensions. In 
contrast, variables in lighter shades (closer to blue) contribute less to the dimensions and may be less 
strongly aligned with the primary patterns in the data. It is important to note that, regardless of each 
variable's cos2 score, this study includes all variables within a cluster, even if their scores vary 
(Moschidis et al., 2022). In other words, both the interrelationships among variables and their cos2-
based influence in defining the cluster are considered in this analysis.
The percentages shown along each axis (15.6% for Dimension 1 (D1) and 14.2% for Dimension 2 (D2) 
indicate the proportion of the total variance in the dataset. D1, accounting for 15.6% of the variance, 
captures the primary axis along which the data is structured, grouping variables based on their strongest 
thematic associations. D2, explaining 14.2% of the variance, adds a secondary layer of variation, 
highlighting additional relationships among the variables that are not fully captured by D1. Together, 
these dimensions explain a combined 29.8% of the total variance, suggesting that these two axes provide 
a meaningful view of the underlying structure within the data. 
Thus, Figure 2 shows the contributions of row points in MCA, indicating the extent to which each row 
variable contributes to defining the principal dimensions of the analysis presented in Figure 1. High 
contribution values mean that these row points (variables) are more relevant in shaping the structure 
and thematic distribution of the dimensions, highlighting their importance in the overall interpretation.

Page 9 of 19
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Figure 2. Contributions of Row Points in MCA

Source: The authors

Regarding the data presented in Figure 1, firstly, Cluster 1 (C1), centrally positioned and colored in 
light blue green (turquoise), encompasses variables such as “Data Sources”, “User Acceptance”, 
“Connected Devices”, and “Digital Transformation”. The central location of these variables within the 
figure indicates a strong thematic connection among them, reflecting foundational aspects of digital 
transformation. In contrast, Cluster 2 (C2), shaded in pale green, is situated to the right and includes 
variables like “Machine Learning”, “Scalability”, and “Robots”. Additional variables within this 
cluster, such as “Privacy” and “Risk Management,” contribute to a broader thematic context focused 
on the secure and adaptable use of robotic technologies. Further to the left, Cluster 3 (C3), highlighted 
in pale yellow-gold, groups variables such as “Ethical Implications”, “Transparency”, “Adaptability”, 
“Workflow Automation”, and “Personalization”. The selection of variables within C3 underlines an 
area of analysis dedicated to the responsible implementation of AI and the facilitation of streamlined 
processes within ethical boundaries, for example, when developing personalized content. Meanwhile, 
Cluster 4 (C4), located in the upper-right quadrant and colored orange, includes variables like 
“Predictive Analysis”, “Data-Driven Decision Making”, “Pattern Recognition”, and “Real-Time 
Optimization”. This cluster is characterized by a focus on analytical techniques and predictive 
technologies used in strategic decision-making. Additionally, Cluster 5 (C5), positioned in the right-
central section and delineated in amber orange, comprises variables such as “Systems Interoperability”, 
“Third-Party Data Sharing”, “Encryption of Private Information”, and “Authentication”. The inclusion 
of these variables reflects a strong focus on data protection, secure identity verification, and reliable 
system integration, underscoring the importance of privacy and security mechanisms within the study’s 
scope. 
Finally, the figure highlights several outlier variables that do not align closely with any specific cluster, 
suggesting unique thematic distinctions. “Sentiment Analysis,” located in the upper right, stands apart 
from the central clusters and focuses on the interpretation of subjective textual data, a theme that 
diverges from the operational and technical variables grouped in other clusters. Similarly, 
“Unsupervised Learning” and “Prescriptive Analysis” are positioned independently, reflecting 
specialized machine learning techniques that do not share a strong thematic connection with the 
variables in the main clusters. At the lower left, “Impact on Employment” is isolated from other 
variables, indicating a societal focus distinct from the technical themes represented by the primary 
clusters. Lastly, “Data Leakage” and “Identity Verification,” both positioned in the lower-right 
quadrant, reflect specific concerns related to data security.
Next, Figure 3 introduces the MCA biplot, which presents a different perspective from the previously 
analyzed figure by integrating both row points (variables) and column points (dimensions). While 
Figures 1 and 2 were focused on the clustering and spatial distribution of variables to illustrate thematic 
groupings, the biplot provides additional insights by displaying the relationships between variables and 
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Similarly, the MCA biplot presented in Figure 4 shows the distances of variables from the center of the 
axes (X and Y), indicating their contribution to the main dimensions. Variables closer to the center 
represent general themes, while those farther away have a stronger, more distinct impact on defining 
the dimensions. 

Figure 4. MCA Biplot distances to the center of the axes (X and Y)

Source: The authors
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the principal components that define the dimensions. Furthermore, the biplot aids in interpreting the 
influence of specific variables on the dimensions themselves, offering a more comprehensive view of 
the multidimensional structure within the dataset.

Figure 3. MCA Biplot
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It should be noted that the variable “Market Monitoring” has been removed from the rest of the MCA 
results (Figures 1, 2, and 3) as its outlying position distorted the scale of the plots, and its relationships 
with other variables were not strong enough to warrant inclusion.

Discussion
In examining the integration of AI robotics within emerging economies, the present study addressed the 
ethical concerns associated with technological advancement in regions where digital infrastructure, 
regulatory frameworks, and socioeconomic contexts differ significantly from those in developed 
economies. Thus, regarding C1 results, positioned centrally around “Digital Strategy” and “Data 
Collection” embodies the core components of digital transformation necessary for implementing AI 
robotics in emerging economies. As presented before, this cluster includes variables that underscore the 
foundational role of data-driven strategies (Akter et al., 2021). Indeed, robust data sources and a focus 
on user acceptance are essential, as these elements form the infrastructure for scaling AI technologies 
in regions with variable digital literacy and infrastructure. Particularly in emerging economies, user 
acceptance is vital to fostering inclusive technological growth (Fu et al., 2021). A failure to account 
for user trust and digital literacy may result in resistance to AI robotics adoption, 
particularly in communities that lack prior exposure to algorithmic decision-making. This 
aligns with research emphasizing the importance of user-centric data strategies in digital 
transformation, as highlighted by authors like Callari et al. (2024). Therefore, C1 reveals the 
essential prerequisites for AI robotics adoption, a notion that is also supported by scholars who 
stress the need for dependable data systems and comprehensive user engagement, as also noted by 
Barbosa et al. (2024).
Similarly, C2 represents the technical framework required to implement AI robotics effectively while 
maintaining privacy and adaptability. ML and scalability are crucial for ensuring that AI technologies 
are flexible enough to respond to various market conditions, while privacy and risk management 
underscore the importance of data security (Mattoo and Meltzer, 2018). For emerging economies, C2 
highlights the need to balance innovation with robust privacy measures, fostering trust in digital 
systems. While many frameworks highlight technological readiness, the empirical gap remains on 
how to operationalize privacy by design in low-infrastructure settings. This finding is consistent 
with previous work by Sarker et al. (2024), who emphasized that privacy and risk mitigation are 
essential for fostering trust, particularly in economies with emerging regulatory frameworks. 
Furthermore, this need for adaptable, privacy-respecting AI models aligns with insights from other 
studies, such as those by Chen et al. (2021), who advocate for AI models that can evolve 
within rapidly changing environments.
Moving on to C3 analysis, it underscores the ethical and procedural concerns of AI robotics 
deployment, bringing attention to the critical role of transparency and adaptability. Given that 
regulatory frameworks in emerging economies are often still developing, ethical implications 
and transparency become particularly significant to ensure that technology aligns with local societal 
values and norms (Mukherjee et al., 2023). This observation is reinforced by the findings of Goyal 
et al. (2021), who suggest that transparency is crucial for public trust in AI, especially in 
contexts with less mature regulatory oversight. Additionally, workflow automation and 
adaptability indicate the necessity for AI systems that integrate seamlessly into existing socio-
economic structures. Such flexibility in AI systems should be based on transparent AI 
implementations that are essential for securing social acceptance in new market environments. 
Moreover, personalization adds a layer of complexity to this cluster, as it highlights the growing 
expectation for AI systems to cater to individual preferences and user-specific experiences. In 
emerging economies, personalization not only enhances user engagement but also increases the 
perceived value and relevance of AI technologies, making them more appealing and accessible to 
diverse populations.
Furthermore, C4 highlights the value of AI-driven insights for strategic decision-making, which is 
essential in dynamic and fast-paced economic environments typical of emerging economies. 
Predictive analysis and real-time optimization facilitate proactive responses to market shifts, 
enabling efficient resource allocation. As also stated by Sharma and Cupek (2023), real-time data 
insights are valuable for maintaining a competitive edge. Thus, C4 underscores the transformative 
potential of AI in strategic 
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planning, which demonstrates the impact of predictive analytics on operational efficiency. In addition, 
C5 brings focus to data security and interoperability, which are crucial when integrating AI robotics in 
emerging economies. For emerging economies, C5 suggests that robust security and 
interoperability standards are indispensable to foster confidence in AI robotics.
Next, the outlier variables indicate distinct thematic roles that could represent potential research gaps. 
For instance, “Sentiment Analysis” and “Prescriptive Analysis” are positioned as outliers, likely due 
to their focus on advanced analytics, which may not yet be foundational in emerging economies but 
could introduce user-centric insights if further developed. This observation aligns with the 
perspective of Sinha et al. (2020), who noted that advanced analytics could improve personalization 
in AI but may require more robust foundational structures in developing contexts. Similarly, 
“Unsupervised Learning” appears as an outlier, suggesting that its approach may not meet the 
current transparency needs in emerging economies. This observation reflects concerns raised by 
Selvarajan et al. (2024) about the complexity of unsupervised techniques in regulated 
environments where transparency and predictability are paramount.
Finally, “Impact on Employment” also stands apart, reflecting the socio-economic concerns of 
AI robotics adoption, particularly the potential for job displacement in emerging economies. The 
marginal position of employment-related variables suggests that labor market implications are not 
yet fully integrated into dominant digital strategy paradigms (Gonzalez-Padilla et al., 2024). The 
outlier status of this variable is also noted by Leenes et al. (2017), who emphasize that technological 
disruption can significantly impact employment, especially in economies with limited social safety 
nets. Finally, “Data Leakage” and “Identity Verification” emphasize specific privacy challenges that, 
while critical, do not integrate seamlessly with the broader security themes in C5. 

Theoretical Implications
The theoretical implications of this study offer new insights into the integration of AI robotics 
in emerging economies, particularly regarding privacy, digital strategies, and ethical concerns. 
The presence of C3 variables suggests that AI robotics must align with local social values and address 
ethical concerns, especially in under-regulated environments. This reinforces the importance of 
transparency and adaptability for building trust, implying that stakeholder theory in emerging 
economies must account for the ethical and procedural requirements of AI robotics 
deployment, emphasizing transparency and personalization as essential elements for securing 
stakeholder trust. Furthermore, the technical focus observed in C2 has theoretical implications for the 
Resource-Based View (RBV) of the firm, which sees organizational resources and capabilities as 
sources of competitive advantage (Lockett and Thompson, 2001). C2 suggests that technical 
infrastructure and data protection measures are crucial resources for competitive positioning in AI 
robotics. For emerging economies, this research proposes that the RBV should incorporate scalability 
and privacy as critical resources that enable firms to adapt to regulatory and infrastructural 
challenges. Additionally, the identification of data security and interoperability as core 
components in C5 supports the development of Information Systems Theory (IST) (Gregor, 2006) 
within emerging market contexts (Roztocki and Weistroffer, 2008). This cluster emphasizes the need 
for secure data practices and system interoperability, which are essential for effective AI robotics 
integration. The findings suggest that information systems theory should consider data protection 
and interoperability as foundational elements in digital ecosystems, especially in emerging 
economies where data privacy concerns are heightened due to varying regulatory standards. 
Finally, the outlier variables such as “Impact on Employment” and “Data Leakage” have implications 
for socio-technical systems theory (Sony and Naik, 2020), which examines the interaction 
between technology, people, and social systems. The separation of these variables from the 
main clusters suggests that certain socioeconomic impacts of AI robotics, like job displacement and 
privacy risks, are distinct concerns in emerging economies. Finally, this study contributes to socio-
technical theory by revealing the inconsistent integration of certain ethical and labor variables 
within current AI frameworks, thus calling for an expansion of this theory to accommodate 
the socio-economic vulnerabilities present in emerging markets.
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Practical Implications
The practical implications of this study suggest that, for successful AI robotics adoption in emerging 
economies, companies should prioritize digital literacy initiatives and create user-friendly technologies 
that accommodate varying levels of digital skills. This focus on accessibility can facilitate broader user 
acceptance and support inclusive technological progress. Additionally, balancing innovation with 
strong privacy protections is essential. Organizations should implement scalable AI robotics systems 
that prioritize data security. Thus, privacy-focused, adaptable models enable companies to remain agile 
and ethically responsible as they navigate these economies. This is particularly relevant in markets with 
diverse regulatory environments and limited institutional capacity, such as those found in many 
emerging economies, where companies must act as proactive agents of ethical implementation. 
Different industry actors, public and private, should serve not only as adopters but also as promoters of 
technology, focusing not just on technological development but also on the indirect enablers that 
support its successful implementation.
Finally, transparency, ethical accountability, and secure interoperability should be core components of 
AI robotics strategies. Policymakers and companies alike should work towards establishing clear 
guidelines and standards, ensuring that AI robotics deployment aligns with local values and supports 
sustainable and responsible growth. Practically, this entails engaging with local stakeholders, aligning 
with cultural norms, and participating in regulatory co-design where formal standards are still under 
development. These actions can enhance institutional trust and reduce barriers to AI acceptance and 
integration. Furthermore, in emerging economies, ethical AI and robotics adoption can drive local 
economic development by creating new business opportunities, fostering innovative ecosystems, and 
attracting responsible investment. Thus, strong public-private collaborations are essential in this 
context. These partnerships can support the development of shared standards, regulatory frameworks, 
and workforce training programs that align with local priorities and help attract capital from external 
investors. If governments and industry actors can work together so that technological advancement 
contributes to inclusive strategies for technology adoption, sustainable growth in emerging economies 
will be ensured.

Conclusions
Following the development of the present study in two phases, the SLR and MCA in R, a total of 32 
variables organized into 5 clusters were found, aligned with the research question and objectives 
discussed above. The dual methodology followed not only maps the intellectual structure of the field 
but also identifies latent connections between variables, such as privacy regulation, trust-building 
mechanisms, and employment impact, thereby advancing theory-building in the field of AI and robotics 
adoption within the context of emerging economies.
The main findings suggest that the successful adoption of AI-driven digital strategies in emerging 
economies requires balancing innovation with robust privacy protections, ensuring that user trust is 
cultivated through transparent and user-centered practices for the adoption of AI robotics applications 
and services. This reinforces the idea that ethical readiness should be seen as a core 
infrastructure alongside technological capacity. Furthermore, ethical considerations (such as 
adaptability to local values and regulatory readiness) emerge as critical to aligning technological 
advancements with societal needs. The findings enrich the existing literature by emphasizing the need 
for technological innovation and ethical alignment. Specifically, the study highlights that trust and 
ethical adaptation are not marginal but central to the success of AI strategies in emerging markets. 
This insight challenges more techno-centric models of digital transformation and underscores the 
value of inclusive and context-aware design, sensitive to both cultural diversity and resource 
constraints, in AI robotics adoption, especially within emerging economies. Furthermore, the 
presence of outlier variables such as employment disruption and data leakage risks highlight gaps 
in the current academic discussion and suggests specific avenues for future research. These 
underexplored aspects warrant deeper investigation, especially as they represent areas where 
technology intersects most visibly with human vulnerability. Scholars may further investigate the 
longitudinal effects of AI implementation on workforce dynamics or develop frameworks for 
adaptive data governance in low-infrastructure contexts. Besides, future studies could explore how 
the adoption of AI and robotics impacts employment dynamics in emerging economies 
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over time. Lastly, researchers may investigate how AI deployment connects with digital inequality, 
transparency, international data flows, and the ethical challenges associated with cross-
border applications of emerging technologies. Future studies should also consider how AI 
governance frameworks can be adapted to reflect the pluralistic values embedded in emerging 
economies.

Limitations of the study
The main limitations of this study lie in the use of SLR and MCA in R as methodological tools. The 
SLR process, while systematic, may have inherently excluded relevant studies due to keyword 
or database restrictions, potentially limiting the scope of variables identified. Additionally, the 
MCA is sensitive to data quality and may not capture all dimensions of complex, real-world 
applications in emerging economies. This present study is also based on the CATA framework, which 
is used to explore and validate variables identified in the findings in an exploratory and qualitative 
manner. While this approach offers valuable insights into emerging patterns and relationships within 
the literature, it does not provide statistically significant results or an extension of theories. Instead, 
the aim is to identify and refine relevant constructs that can serve as a foundation for future empirical 
research. These variables, once clearly defined, can be further tested through quantitative models 
that allow for statistical validation and generalizability in future research.
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