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Abstract. This paper provides a comprehensive review of the application of artificial intelligence (AI) in 
business analytics (BA) with a focus on trust and transformative impacts. Employing topic modeling and 
PRISMA as methods for literature review, a thematic analysis of 61 academic articles published between 
2019 and 2024 was conducted, uncovering key trends in trust, decision-making, data- driven processes, and 
AI-driven transformations. The study identifies five primary themes: the integration of AI in business 
intelligence and machine learning (ML); organizational strategies for innovation, the role of big data in 
education and skills development; methodological advancements in AI applications; customer adoption of 
AI-driven tools; and the broader implications of AI in Business Analytics. Sentiment analysis reveals 
predominantly positive perspectives on AI’s transformative potential, though challenges such as 
organizational resistance, skill gaps, and methodological limitations persist. This review highlights the 
critical need for interdisciplinary research to address these challenges and foster trust in AI-driven business 
analytics.  
 
Keywords: business analytics, artificial intelligence, machine learning, trust, topic modelling, data-driven 
transformation. 
 
Introduction 
The adoption of artificial intelligence (AI) and machine learning has revolutionized business 
analytics (BA), enabling organizations to derive insights and make strategic decisions starting from 
data. While AI enhances decision-making processes, its integration requires alignment with 
organizational goals and trust-building principles like transparency, accountability, and reliability. 

Business organizations now use machine learning algorithms and artificial intelligence 
technologies to advance business analytics and improve their decision-making processes (Kaggwa 
et al., 2024). This new perspective on data-driven transformation has completely changed the way 
they gather information, decide what to do, and develop business strategies (Brink et al., 2024; 
Badmus et al., 2024; Gómez-Caicedo et al., 2022). As both analytics and data are increasingly 
defining and refining decision making in modern organizations (Power et al., 2018), business 
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analytics (BA) advances the discourse on leveraging value from data by using various tools, 
methods, and models for data analysis, to extract insights from the data and make better informed 
decisions (Raghupathi & Raghupathi, 2021; Baabdullah, 2024; Neiroukh et al., 2024). 

However, the integration of AI technologies into decision-making processes in business 
organizations should not occur in isolation (Kulkov et al., 2024), (Groenewald et al., 2024). Rather, 
it should be harmonized with other critical domains such as innovation, education, and 
organizational strategy (Adama et al., 2024). These processes require not only technological 
advancements, but also the development of improved theoretical frameworks to ensure alignment 
with broader organizational goals and social expectations (Borsatto et al., 2024; Costa, 2024) while 
building trust on fairness and accountability along the whole data analytics life cycle (Osasona et 
al., 2024; Odejide & Edunjobi, 2024). Nonetheless, the boundaries between these domains remain 
fluid and poorly defined, underscoring the need for a comprehensive study. Such an investigation 
would uncover opportunities, identify challenges, and pinpoint areas of impact, providing a 
foundation for establishing clearer frameworks. In addition, it would pave the way for future 
research directions, facilitating the responsible and effective adoption of AI technologies in 
interconnected domains. 

The aim of this article is to evaluate how trust in AI-based decision-making processes can 
be attained, which requires a deliberate focus on transparency, accountability, and reliability 
throughout the entire analytics lifecycle. Henceforth, to achieve this, topic modeling is employed 
to uncover thematic trends and key challenges associated with building trust and understanding the 
transformative role of AI in the business analytics domain. Section 2 evaluated recent work on this 
domain. Section 3 presents our working methodology for data collection and structuring. Section 
4 presents and analyses the results of the topic modeling process, and Section 5 concludes the 
paper. 
 
Literature review 
Recent research in business analytics has increasingly focused on the integration of machine 
learning and artificial intelligence (AI) to enhance decision-making processes (East, 2024), for 
improving the performance of information systems (Alduweib et al., 2024), and to evaluate trust 
in AI-assisted decision making (Vereschak et al., 2021; Tiwari, 2023; Soundararajan & 
Shenbagaraman, 2024). 

Some studies have highlighted the role of Automated Machine Learning (AutoML) in 
democratizing AI adoption, allowing non-technical stakeholders to leverage advanced analytical 
tools effectively (Kharat & Mathur, 2023; Salehin, 2024). A recent study (Schmitt, 2023) showed 
that the new developments in (AutoML) have demonstrated great promise in addressing the 
difficulties brought on by the expanding need for BA applications of machine learning (ML). The 
study conducted that the new developments play a crucial role in bridging the gap between the 
supply and demand of ML expertise, promoting the integration of AI-driven solutions in a highly 
competitive and rapidly digitalizing marketplace. 

Various works emphasize the importance of explainability and transparency in these 
automated systems, as trust remains a pivotal factor in their adoption (Sajid, 2025; Amirineni, 
2024). Explainability and model interpretability in AI-based systems transcends application 
domains, while the AI’s transformative potential in predictive and prescriptive analytics showcasts 
its ability to identify patterns, simulate scenarios, and optimize strategies in various dynamic 
business environments, such as manufacturing (Colosimo & Centofanti, 2022; Stradowski & 
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Madeyski, 2024),  financing (Hasan et al., 2024; Park et al., 2021), or information governance 
(Olateju et al., 2024), to name but a few. 

However, challenges such as data quality, algorithmic bias, and the ethical implications of 
data-drive, AI-based decision-making continue to be active areas of investigation, underscoring the 
need for robust frameworks that balance innovation with accountability (Ali et al., 2023; 
Paramesha et al., 2024; Giudici et al., 2024; Chander et al., 2024). 
 
Methodology 
This section presents the methodologies that have been employed to conduct a thematic analysis 
of relevant papers retrieved from the Web of Science (WoS) database. The primary objective of 
this investigation is to use topic modeling approaches to find key concepts about trust, decision-
making, data-driven processes, and the role of AI in business analytics (BA), using as a software 
tool SAS Visual Text Analytics in SAS Viya©. At the same time, we applied the PRISMA 
methodology (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) as being 
widely used to ensure transparency and rigor in systematic literature reviews. Hence, the PRISMA 
guidelines were used as part of this research to make the process of the systematic review 
transparent and complete. We begin by outlining the topic modeling methodology, detailing the 
steps involved in the process. 
  
Data collection 
The articles have been retrieved within the WoS database, and the following query has been 
applied:  
 
TS = (("business analytics") AND ("artificial intelligence" OR "AI") AND 
("trust*" OR "decision*" OR "data*" OR "data-driven" OR "AI-driven" OR 
"transformation")) AND PY = (2019-2024). 
 

The search covered both peer-reviewed journal articles and conference papers, and it has 
been limited to those published between January 1, 2019, and November 21, 2024. To ensure the 
relevance and quality of the dataset, only articles written in English have been selected. After 
excluding papers that were not directly related to the study’s focus and duplicates, a final selection 
of 61 out of 100 articles has been selected for the analysis. The papers selected highlight topics like 
trust, decision-making, and data-driven transformation, and they reflect a variety of perspectives 
on the use of AI in BA. 

Figure 1 illustrates the distribution of document and publication types within the selected 
scientific papers. Among the documents included, proceeding papers (conference papers - C) 
account for 15%, while most publications are journal articles (J).  

Within journal publications, 66% have been categorized as standard articles, 8.2% as 
articles with early access, and 11% as review articles. This distribution highlights the predominance 
of traditional journal articles in the dataset, followed by a significant but smaller representation of 
review articles and conference papers, with early access articles forming the smallest proportion of 
journal types. 
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Figure 1. The distribution of document and publication types in selected scientific papers 

Source: Authors’ own research results/contribution. 
 

A word cloud representation of the research areas from the selected papers has been 
illustrated in Figure 2, emphasizing the main study domains that are represented in it. The most 
common research fields have been identified as "Business & Economics" and "Computer Science" 
and the size of the terms reflects their frequency. This visualization provides an overview of the 
interdisciplinary focus of the selected papers, highlighting the contributions of various academic 
topics. 

 
Figure 2. Word cloud representation of research areas from the selected papers 

 Source: Authors’ own research results/contribution. 
 

Figure 3 shows advances in research interest in AI-driven business analytics by showing 
the frequency of publications by year for different document categories. For document type 
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"Article", there is a slight increase in research interest from 2019 to 2024, reaching a peak in 2022 
with 19.67% of the total publications and maintaining interest in 2024 at 14.75%. Similarly, for 
document type "Article; Early Access", 2024 marks a value of 6.56%. In contrast, document types 
such as "Proceedings Paper" and "Review" did not exhibit a significant increase in frequency over 
the analyzed period, suggesting a relatively stable but less dynamic presence in literature. 

 
Figure 3. Frequency of selected papers by publication year and document type 

 Source: Authors’ own research conducted in SAS Visual Analytics©. 
 
Processing the data 
To ensure the quality and consistency of the dataset, several preprocessing steps have been applied 
to get the textual data ready for topic modeling. The workflow, depicted in Figure 4, consists of 
the following sequential steps: 

 
Figure 4. Data processing pipeline, created in SAS Visual Analytics© 

 Source: Authors’ own research. 
 
Data Preparation 
The dataset containing abstracts and unique IDs have been imported and structured to ensure 
compatibility with the modeling process. 
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Concept Identification 
Key concepts within the abstracts have been identified, serving as a foundation for text analysis by 
highlighting meaningful terms and phrases. The average number of matches per document in 
Figure 5 depicts the amount of information extraction performed by the concept inside each 
document where it matches.  

 
Figure 5. The average number of matches per document 

 Source: Authors’ own research SAS Visual Analytics©. 
 

In this data set, for example, when nlpDate matches in a document, it matches 3.33 times 
on average as also shown in Table 1. 
 

Table 1. The average number of matches per document and the meaning of each concept 
Concept Matches Description 

nlpTime 1 Temporal expressions or 
references 

nipple 1.25 Geographical locations mentioned 
in the text 

nlpPercent 2.33 Percentage values 
nlpOrganization 2.8 References to organizations, 

institutions, or groups 
nlpDate 3.33 Specific calendar dates 
nlpNounGroup 31.56 Significant noun phrases 

Source: Authors’ own research. 
 

The calculation of the average number of matches per document does not include 
documents where the match count is zero for that concept. This aids in prioritization during the 
model’s concept development process when a concept reaches the appropriate level of depth. 
 
Text Parsing 
The text parsing step processed the abstracts, filtering irrelevant or redundant words and breaking 
the text into standardized tokens to improve model accuracy. The text has been standardized and 
cleaned to remove unnecessary parts of the text. This involved the removal of stopwords (common 
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words such as "and", "or" and "the") that do not contribute meaningful information for the analysis 
of the text. Additionally, to preserve consistency and prevent treating words with different cases 
(such as "AI" and "ai") as distinct keywords, all text has been also transformed to lowercase. After 
that, tokenization has been utilized to divide the content into distinct words or significant phrases 
and reduce words to their most basic forms (e.g. "decisions" to "decision") so that related phrases 
can be grouped together. Irrelevant elements such as punctuation, numerical values and non-
alphabetic characters have been removed to enhance the focus on core content. 

Figure 6 presents a visual summary of the terms identified during text parsing, categorizing 
each term by its assigned role label. The bar heights in the report represent the frequency of each 
role type across the dataset. The most frequently occurring roles are nouns (N) and verbs (V), which 
together account for 43.06% of the terms. 

 
Figure 6. Role by frequency, created in SAS Visual Analytics© 

 Source: Authors’ own research. 
 

The bars in the chart illustrate the proportion of terms retained versus those excluded for 
each role, with the two colors representing these categories. In this case, 65.78% of the terms 
present in the data have been excluded from topic modeling. Terms have been removed either 
because they appeared on a stop list or failed to meet the frequency threshold specified by the 
minimum number of documents parameter. 

Each identified role corresponds to either a part of speech (content or function word) or a 
concept. Parts of speech are categorized with labels such as N (noun), CONJ (conjunction), PN 
(proper noun), ADV (adverb), NUM (numeric), PUNC (punctuation), among others. Concepts may 
include noun groups (nlpNounGroup) as well as those defined and passed along from an upstream 
"Concepts" node in the analysis pipeline. 

The dataset’s patterns are highlighted by descriptive statistics in Table 2. The average 
sentence length, measured by the number of terms, is 27.91, with a range spanning from 3 to 117 
terms. Similarly, the average document length is 230.64 terms, with lengths ranging from 106 to 
542 terms. These statistics offer a high-level overview of the dataset, helping to identify any 
unexpected characteristics that may require further investigation. 
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Table 2. Descriptive statistics of sentence and document lengths 
Measure   Terms in a sentence Terms in a document  

Minimum 3 106 
Maximum 117 542 
Mean 27.9147 230.6393 

Source: Authors’ own research. 
 
Sentiment Analysis 
Sentiment analysis has been applied to evaluate the emotional tone of the abstracts, classifying 
them into positive, negative, or neutral categories to complement topic identification. 
 
Topic Modeling 
Finally, the topic modeling process has been conducted to identify and extract the key themes 
embedded within the textual content of the abstracts of the selected 61 academic papers related to 
AI-driven business analytics. Feature selection has been performed by applying natural language 
processing (NLP) functions, emphasizing domain-specific terms such as "AI" "Business analytics" 
"trust" "data-driven" and "transformation". This ensured that only terms of thematic relevance have 
been kept in the preprocessed text. The tool used for topic modeling in this paper was SAS Viya, 
which employs LDA - an algorithm widely recognized as an effective method for uncovering 
hidden topics. It facilitated the identification of new themes based on the distribution of words 
across the documents, making it a suitable choice for this study.  

The identified themes have been manually reviewed to ensure their relevance to the study’s 
focus on trust, decision-making, data-driven processes, and AI transformation in BA. 

As highlighted, our study employed a systematic review approach to evaluate the role of 
trust in AI-driven business analytics, guided by the PRISMA© framework. The following steps were 
undertaken. 

 
Identification: 
Articles were retrieved from the Web of Science (WoS) database using a comprehensive search 
query combining terms like "business analytics," "artificial intelligence," "trust," and "decision-
making." 
 
Search period: January 1, 2019, to November 21, 2024. 
Results: 100 articles initially identified. 
Exclusion criteria: non-English papers, duplicates, studies outside the scope of AI, trust, and 
decision-making in business analytics 
 
Screening: titles and abstracts reviewed for relevance to the research focus 
Number of Records After Duplicate Removal: 91. 
Records excluded for irrelevance: 30. 
 
Eligibility 
Full-Text Articles Assessed: 61. 
Exclusions:  
Papers not addressing trust, AI, or business analytics.  
Irrelevant methodological focus. 
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Inclusion: 
Final dataset of 61 papers included in the review 
Results analyzed for relevance to transparency, accountability, and reliability in AI-driven business 
analytics. 
 
Results and discussions 
The visual representation of the distribution of documents across topics within the dataset is 
depicted in Figure 7. The chart includes five bars representing the number of topics identified, 
while the sixth bar illustrates the documents that have been not assigned to any topic. The height 
of each bar corresponds to the number of documents allocated to each respective topic, with some 
documents potentially being assigned to multiple topics. Within the dataset, 23 documents (37.7%) 
have not been assigned to any topic. The bars representing each topic have been segmented by 
sentiment (positive, neutral, negative, or no sentiment), with color coding indicating the sentiment 
distribution for each topic. 

 
Figure 7. Distribution of documents across topics, created in SAS Visual Text Analytics© 

 Source: Authors’ own research results/contribution. 
 

Five themes have been identified with the use of topic modeling, offering insight into the 
different fields of study in AI-driven business analytics. In addition to representing the main 
subjects of interest, these themes may also capture the variety of emotions conveyed in literature, 
ranging from optimism to critical viewpoints. The terms represented by the "+" sign indicate the 
most influential terms in shaping the topics. 
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Theme 1: Business Intelligence (BI), Business Analytics (BA), Machine Learning (ML), and 
Artificial Intelligence (AI). 
Identified topics: bi, ba, +define, ml, intelligence 
Documents: Alghamdi & Baity, 2022; Žigienė et al., 2022; Ratia et al., 2019; Chen & Siau, 2020; 
Farooqi & Khozium, 2022; Alqhatani et al., 2022. 

This theme focuses on the concepts of machine learning, business analytics, and business 
intelligence, emphasizing how these ideas are applied and integrated in business settings. Key 
terms such as "bi," "ba" "ml" and "intelligence" highlight the increasing significance of these 
technologies in improving data-driven decision-making and business management. This theme’s 
sentiment is primarily positive (5 out of 6 documents), with only one document expressing negative  
emotion, indicating some challenges or concerns regarding the implementation of these 
technologies. 
 
Theme 2: Firm Strategy, Organizational Theory, and Innovation. 
Identified topics: +firm, organizational, +moderate, +theory, +innovation 
Documents: Chaudhuri et al., 2024; Rana et al., 2022; Arias-Pérez et al., 2023, Chatterjee et al., 
2024; Hayajneh et al., 2022; Chen & Siau, 2020, Zeebaree et al., 2020. 

The second theme may suggest how businesses use AI technologies in their entire structure 
and strategy. Key terms such as "firm" "organizational" and "innovation" may highlight how AI 
promotes innovation and drives organizational change within a business. This theme also includes 
theoretical perspectives on how businesses adapt to technological advancements. Theoretical 
viewpoints on how companies adjust to technology developments are also included in this theme. 
While the sentiment is generally positive (5 documents), there are also negative sentiments (2 
documents), reflecting critiques or challenges in applying AI within organizational frameworks. 

 
Theme 3: Big Data, Skills Development, and Implementation in Education. 
Identified topics: big, +skill, big data, +implement, +student 
Documents:  González-Carrasco et al., 2019; Amin & Rai, 2020; Wisniewski, 2020; Niederman, 
2021; Sun & Huo, 2019; Anand & Mitchell, 2022, Karpa et al., 2023, Salvetti et al., 2022; Javed 
et al., 2021. 

The integration of skills development and big data in education is the primary focus of this 
theme. The key terms such as "big data" "skill" and "student" suggest that the necessity to train and 
prepare the workforce to use AI and big data technologies are at the core of the theme. The positive 
sentiment predominates in this theme (6 documents), but some negative (2 documents) and neutral 
(1 document) sentiments highlight the difficulties in implementing AI and big data techniques in 
educational contexts. 
 
Theme 4: Technological Methods, Reviews, and Future Directions.  
Identified topics: +method, +review, technological, +direction, design  
Documents: Giermindl et al., 2022, Neiroukh et al., 2024; Borges et al., 2021; Jabeur et al., 2024; 
Wissuchek & Zschech, 2024; Bender, 2024; Zeebaree et al., 2020; Thakral et al., 2023; Hoang, & 
Bui, 2023. 

This subject focuses on reviews of current technologies and methodological advancements 
in AI-driven business analytics. Key terms such as "technological," "method” review" and 
"direction" imply that this theme includes reviews of current approaches, future development 
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considerations, and the continuous evolution of techniques in the field. The sentiment in this topic 
is largely positive (5 documents), with some negative (3 documents) and neutral (1 document) 
sentiments. This suggests that there are still discussions about the topic and what methods need to 
be further improved. 

 
Theme 5: Customer Adoption, Machine Learning, and Simulation. 
 Identified topics: +customer, ml, +method, +adoption, +simulation 
 Documents: Schmitt, 2023; Beinabadi et al., 2024; Rabia & Bellabdaoui, 2022; Gubela, et al., 
2024; Sundaram et al., 2023; Biswas & Sanyal, 2019; Chen et al., 2024; Kaur et al., 2022; Alqhatani 
et al., 2022. 

This theme focuses on the use of AI and machine learning techniques to understand and 
influence consumer behavior. Key terms such as "customer," "adoption" and "simulation" refer to 
studies on how AI can be used to improve decision-making, predict customer preferences, and 
maximize the customer experience. The sentiment is largely positive (8 documents), although 
negative sentiments (2 documents) suggest there are still challenges in customer adoption and the 
practical application of these methods. 

The "No Matching Topic" bar refers to documents that did not align with any of the 
predefined topics. These papers might discuss more general or broader aspects of AI in business 
analytics that are difficult to classify. This category contains the largest number of documents, with 
16 positive, 3 neutral, and 4 negative sentiments. Even though they don’t relate to any specific 
subject, the documents in this theme are generally positive and offer a hopeful view of AI in BA. 

Overall, these five themes are closely interconnected, demonstrating how AI and ML 
integration across different industries can drive innovation and future advancements, as such: 

• Theme 1 focuses on advanced technologies and data-driven decision-making, enabling 
businesses to make well-informed decisions. 

• These technologies are also central to Theme 2, as they influence the entire business 
structure and strategy, as discussed in the paper. 

• In Theme 3 (Education), Big Data and skills development play a crucial role in preparing 
students for the increasing integration of AI and ML technologies across various industries. 

• Theme 4 explores how these technologies (e.g., from Theme 1) continue to evolve, offering 
insights into future developments. 

• Theme 5 highlights how technologies such as ML can be leveraged to analyze and predict 
customer behavior, a key factor in business success. 
At the same time, we illustrate in Figure 8 the PRISMA© framework methodology applied 

in our research. ensures the systematic identification, selection, and analysis of studies, enhancing 
the transparency and replicability of the literature review process. Consequently, the method 
supports a robust evaluation of AI's role in business analytics, focusing on trust and its implications.  
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Figure 8. Prisma Flow Diagram ©for literature systematic review  

 Source: www. shribe.eu/prisma-literature-review and authors’ own search. 
 
Conclusion 
By conducting the topic modeling and sentiment analysis on the selected dataset of scientific papers 
in an automatic way, five key thematic themes have been identified that highlight the complexity 
of research in the field of BA. In this study, we employed LDA within an automated data processing 
pipeline using SAS Viya Text Analytics. Our approach did not incorporate other NLP techniques 
such as word embeddings or transformer architectures. The preprocessing, topic extraction, and 
mapping of paper abstracts to topics were conducted entirely within SAS Viya, leveraging its built-
in functionalities. Stopword removal and other text preprocessing steps followed the default 
configurations provided by the platform. This standardized pipeline ensures reproducibility and 
transparency within the SAS Viya environment. 

The obtained results highlight the positive sentiment associated with these topics, reflecting 
the optimism and potential surrounding the transformative capabilities of AI in business analytics. 
However, the presence of negative and neutral sentiments across the identified themes underscores 
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the multifaceted challenges and complexities involved in implementing AI technologies in real-
world contexts. These challenges may include organizational resistance to change, skill gaps 
among employees, ethical concerns, and limitations in existing methodologies and technologies. 
Addressing these issues in future research is crucial for maximizing the benefits of AI while 
ensuring its sustainable and responsible adoption.  

While this study provides insights by analyzing journal articles and conference papers, 
several limitations and potential biases should be acknowledged. The selection of these types of 
sources may exclude other types of publications, potentially omitting relevant studies. The limited 
number of papers analyzed may affect the generalizability of the findings, as a larger dataset could 
enhance robustness. Additionally, the focus on research published between 2019 and 2024 may 
overlook significant earlier contributions. The use of LDA for topic modeling presents challenges, 
such as selecting the optimal number of topics and ensuring interpretability. Lastly, restricting the 
analysis to English-language publications may exclude valuable research from other linguistic and 
regional contexts. 

As further research, the emerging regulations and recommendations outlined in the EU AI 
Act and more specifically the very recent Artificial Intelligence Action Summit in Paris reshaping 
dramatically the European research directions on AI, in February 2025, must be taken into 
consideration in our further studies, as they provide critical guidelines for ethical, transparent, and 
trustworthy AI deployment. These regulatory frameworks will play a key role in shaping the 
adoption of AI technologies in business analytics and ensuring their alignment with societal and 
ethical values. 
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