Journal for Research on Business and Social Science (ISSN (Online) 2209-7880) Volume 7 Issue 8

The Impact of Conversational Al on Business Intelligence
Transforming Data Interaction and Decision-Making

Fahad Yahya M Dahish

Email: fahaddahish@hotmail.com

Abstract

This study investigates the impact of conversational Al on BI systems, focusing on the
effectiveness of a Support Vector Machine (SVM) model in enhancing data accessibility, user
interaction, and decision-making processes. By systematically tuning hyperparameters, the study
identified the optimal configuration for the SVM model, achieving a high training accuracy of
0.9821 and a validation accuracy of 0.9470. These results indicate robust model performance and
excellent generalization capabilities, demonstrating the significant potential of conversational Al
in improving Bl systems. The findings are compared with results from existing literature,
highlighting the advantages and implications of the SVM model. This study underscores the
importance of machine learning in modern Bl applications and suggests directions for future
research to further enhance the integration of Al in BI.
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1. Introduction

In the contemporary business environment, the role of data in driving decisions cannot be
overstated. Business intelligence (BI) systems have been pivotal in enabling organizations to
make informed decisions by analyzing historical and real-time data. Traditionally, these systems
relied heavily on static reports and dashboards, which required significant human intervention to
interpret and act upon the data. However, the advent of conversational artificial intelligence (Al)
is revolutionizing this landscape. Conversational Al, including chatbots and virtual assistants, is
enhancing how businesses interact with data and make decisions. This transformation is driven
by the ability of these Al systems to process natural language, understand context, and provide
interactive and immediate responses (Wang, Lin, & Shao, 2022). This introduction delves into
the profound impact of conversational Al on business intelligence, highlighting its role in
transforming data interaction and decision-making.

The primary advantages of integrating conversational Al with Bl systems is the enhanced
accessibility and interaction with data. Traditional Bl tools often require users to have
specialized skills to generate and interpret reports. In contrast, conversational Al allows users to
interact with Bl systems through natural language queries, making data accessible to a broader
audience (Enholm, Papagiannidis, & Mikalef, 2022). For instance, business users can now ask
questions like "What were our sales figures last quarter?” or "Which products are
underperforming?" and receive immediate, comprehensible responses. This natural language
processing capability democratizes data access, enabling non-technical users to engage with data
directly (Prity, Akhter, & Das, 2023).

The integration of conversational Al into Bl systems is not just about making data more
accessible; it fundamentally transforms decision-making processes. Traditional Bl tools often
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involve a time lag between data generation, report creation, and decision-making. Conversational
Al bridges this gap by providing real-time insights and recommendations, enabling quicker and
more informed decision-making (Rajagopal, Qureshi, & Durga, 2022). For example, Al-driven
chatbots can analyze sales data in real-time, identify trends, and suggest corrective actions
immediately, thus enhancing operational efficiency and responsiveness.

Another significant impact of conversational Al on business intelligence is the ability to deliver
personalized and context-aware insights. Conversational Al systems can tailor their responses
based on user profiles and past interactions, providing more relevant and actionable insights.
This personalization is crucial for decision-makers who need context-specific information to
make informed choices (Zhou, Xu, Bao, & Lou, 2024). For instance, a sales manager might
receive different recommendations from a marketing manager, even if both are querying the
same dataset, based on their unique needs and historical data usage patterns.

The user experience (UX) with BI systems is significantly enhanced through conversational Al.
Traditional BI tools can be intimidating and cumbersome for non-technical users. Conversational
Al, with its intuitive and interactive interfaces, improves user engagement and satisfaction
(George & George, 2023). By using conversational interfaces, users can engage in a dialogue
with the Bl system, ask follow-up questions, and drill down into details without needing to
navigate complex menus or dashboards. This improved UX encourages more frequent and
deeper interactions with the Bl system, leading to better data utilization and decision-making
(Hassani & Silva, 2023).

Conversational Al also facilitates collaborative decision-making within organizations. Al-driven
virtual assistants can be integrated into team communication platforms, enabling seamless
sharing and discussion of data insights among team members. This collaborative approach
ensures that decisions are made based on a comprehensive understanding of the data,
incorporating diverse perspectives (Chandra, Shirish, & Srivastava, 2022). For instance, during a
strategy meeting, team members can interact with a conversational Al to pull up relevant data,
discuss insights, and make collective decisions in real-time.

While the benefits of conversational Al in business intelligence are substantial, there are also
challenges and contemplations to address. One of the main challenges is ensuring data privacy
and security, especially when dealing with sensitive business information. Organizations need to
implement robust security measures to protect data accessed and processed by Al systems (Bader
& Kaiser, 2019). Additionally, there is a need for continuous training and updating of Al models
to ensure their accuracy and relevance. As conversational Al systems learn from interactions,
they must be regularly monitored and refined to avoid biases and errors (Kitsios & Kamariotou,
2021).

The future of conversational Al in business intelligence looks promising, with ongoing
advancements in Al technologies and increased adoption across industries. Future developments
may include more sophisticated natural language understanding capabilities, improved
contextual awareness, and enhanced integration with other emerging technologies such as
augmented reality (AR) and the Internet of Things (loT) (Olson & Levy, 2018). These
advancements will further enhance the ability of conversational Al to provide timely and
relevant insights, driving more effective and efficient decision-making processes (Alghamdi &
Al-Baity, 2022).
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2. Theoretical Framework

The integration of conversational Al in Bl systems has emerged as a significant technological
advancement that is transforming data interaction and decision-making processes. This
theoretical framework aims to explore the various dimensions and impacts of conversational Al
on BI by leveraging existing theories and models. Understanding these theoretical underpinnings
is crucial for comprehending how conversational Al reshapes organizational practices, enhances
decision-making, and drives business value.

2.1 Theoretical Lenses
Unified Theory of Acceptance and Use of Technology

The Unified Theory of Acceptance and Use of Technology (UTAUT) assumes that user
acceptance and use of technology are affected by factors such as performance expectancy, effort
expectancy, social influence, and simplifying conditions (Venkatesh, Morris, Davis, & Dauvis,
2003). In the context of conversational Al in BI, this theory helps explain how these factors
impact the adoption and utilization of Al-driven systems by business users. Performance
expectancy relates to the perceived benefits of conversational Al in improving decision-making
efficiency and accuracy. Effort expectancy involves the ease of interaction with Al systems,
while social influence considers the impact of peer and managerial support. Facilitating
conditions refer to the availability of resources and infrastructure to support Al implementation
(Hassani & Silva, 2023).

Technology-Organization-Environment Framework

The Technology-Organization-Environment (TOE) framework offers a comprehensive
perspective on the acceptance of technological innovations within organizations (Tornatzky &
Fleischer, 1990). This framework identifies three critical contexts: technological, organizational,
and environmental. Technological context includes the characteristics of conversational Al, such
as its capabilities and compatibility with existing systems. Organizational context involves
factors such as firm size, structure, and management support. Environmental context involves
external pressures, such as competition and regulatory requirements. Applying the TOE
framework to conversational Al in Bl helps in understanding how these contextual factors
influence the adoption and integration of Al technologies in organizational decision-making
processes (Gupta, Nair, Mishra, & Ibrahim, 2024).

Information Processing Theory

Information Processing Theory examines how individuals and organizations process, store, and
retrieve information (Galbraith, 1974). In the realm of BI, conversational Al acts as an advanced
tool for information processing by facilitating the efficient retrieval and analysis of data. This
theory underscores the role of conversational Al in enhancing cognitive capabilities by providing
timely and relevant information, thereby aiding decision-making processes. The ability of Al to
process large volumes of data and generate actionable insights aligns with the principles of
information processing, where the focus is on optimizing the flow and utilization of information
within organizations (Zhou, Xu, Bao, & Lou, 2024).

Actor-Network Theory

Actor-Network Theory (ANT) views technological systems as networks comprising both human
and non-human actors (Latour, 2005). In the context of conversational Al in BI, ANT helps in
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analyzing how Al systems, users, data, and organizational processes interact and influence each
other. Conversational Al can be seen as a non-human actor that mediates interactions between
human users and data, facilitating the seamless flow of information and enhancing decision-
making capabilities. This theory emphasizes the dynamic and interconnected nature of Al
systems and their role in shaping organizational practices and outcomes (Chandra, Shirish, &
Srivastava, 2022).

2.2 Impact on Data Interaction
Enhancing Data Accessibility

Conversational Al significantly enhances data accessibility by allowing users to interact with Bl
systems through natural language queries. This democratizes access to data, enabling non-
technical users to retrieve and interpret information easily. The intuitive nature of conversational
Al reduces the learning curve associated with traditional Bl tools, fostering greater user
engagement and utilization of data for decision-making (Prity, Akhter, & Das, 2023). UTAUT's
effort expectancy and social influence factors are particularly relevant here, as they highlight the
ease of use and the role of peer support in facilitating the adoption of conversational Al.

Real-Time Data Processing

The ability of conversational Al to process data in real-time transforms the way organizations
interact with information. Real-time processing enables immediate insights and
recommendations, reducing the time lag between data generation and decision-making.
Information Processing Theory underscores the importance of timely information in enhancing
cognitive capabilities and decision-making efficiency (Wang, Lin, & Shao, 2022). By providing
instant access to data and analysis, conversational Al empowers users to make informed
decisions quickly, thereby improving operational responsiveness.

Personalized Insights

Conversational Al systems can deliver personalized insights based on user profiles and historical
interactions. This personalization enhances the relevance and utility of information provided to
users, aligning with the principles of Information Processing Theory. Personalized insights cater
to the specific needs and preferences of users, making the decision-making process more
efficient and effective (Zhou et al., 2024). The ability to tailor responses based on user context
and past behavior also highlights the role of conversational Al in optimizing information
processing within organizations.

2.3 Impact on Decision-Making
Facilitating Data-Driven Decisions

Conversational Al facilitates data-driven decision-making by providing users with accurate and
relevant information. The TOE framework's technological and organizational contexts are crucial
in understanding how Al capabilities and organizational support influence the effectiveness of
data-driven decisions (Gupta et al., 2024). By integrating Al into Bl systems, organizations can
enhance their analytical capabilities, leading to more informed and strategic decisions. The real-
time processing and personalized insights offered by conversational Al contribute to the overall
efficiency and effectiveness of decision-making processes.
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Enhancing Collaborative Decision-Making

Conversational Al also plays a significant role in enhancing collaborative decision-making
within organizations. Al-driven virtual assistants can be integrated into team communication
platforms, facilitating the seamless sharing and discussion of data insights among team members.
This collaborative approach embeds that decisions are based on a widespread understanding of
data, incorporating diverse perspectives (Chandra et al., 2022). Actor-Network Theory provides
a valuable lens for analyzing how conversational Al mediates interactions between human
actors, data, and organizational processes, fostering collaboration and collective decision-
making.

Reducing Cognitive Load

The ability of conversational Al to process and analyze large volumes of data reduces the
cognitive load on decision-makers. Information Processing Theory highlights the importance of
optimizing information flow to enhance cognitive capabilities. By automating data retrieval and
analysis, conversational Al allows decision-makers to focus on interpreting insights and making
strategic decisions rather than on data processing tasks (Hassani & Silva, 2023). This reduction
in cognitive load leads to more efficient and effective decision-making processes.

2.4 Considerations
Data Privacy and Security

The primary challenges associated with the integration of conversational Al in Bl is ensuring
data privacy and security. Organizations must contrivance robust security measures to protect
sensitive on business information accessed and processed by Al systems (Bader & Kaiser, 2019).
The TOE framework’s environmental context, which includes regulatory requirements and
external pressures, is particularly relevant in addressing these challenges. Compliance with data
protection regulations and the implementation of advanced security protocols are essential for
safeguarding data integrity and privacy.

Bias and Fairness

Conversational Al systems must be continuously monitored and refined to avoid biases and
ensure fairness in decision-making. Bias in Al algorithms can lead to skewed insights and
decisions, adversely affecting organizational outcomes. UTAUT's facilitating conditions factor,
which includes the availability of resources and infrastructure to support Al implementation, is
critical in addressing these challenges (Hassani & Silva, 2023). Organizations must invest in
ongoing training and updating of Al models to maintain their accuracy and relevance.

2.5 Future Directions
Advancements in Natural Language Understanding

Future advancements in natural language understanding (NLU) will further enhance the
capabilities of conversational Al in Bl. Improved NLU technologies will enable more
sophisticated interactions, allowing Al systems to better understand context and nuances in user
queries (Olson & Levy, 2018). These advancements will enhance the ability of conversational Al
to provide timely and relevant insights, driving more effective decision-making processes.

5 August 2024 Issue | www.jrbssonline.com



Journal for Research on Business and Social Science (ISSN (Online) 2209-7880) Volume 7 Issue 8

Integration with Emerging Technologies

The integration of conversational Al with other emerging technologies, such as AR and IoT,
presents exciting opportunities for enhancing Bl systems. These technologies can provide richer
and more immersive data interaction experiences, further transforming the way organizations
interact with and utilize data (Alghamdi & Al-Baity, 2022). The TOE framework's technological
context will be crucial in understanding how these integrations can be effectively implemented
and leveraged for business value.

3. Methodology

This methodology section details the approach taken to investigate the impact of conversational
Al on business intelligence (Bl). The process involves several key steps, including data
collection from various sources, data preprocessing to ensure quality and consistency,
development of analytical models using machine learning and natural language processing
techniques, and evaluation of these models to determine their effectiveness. Python, with its
extensive libraries for data analysis and machine learning, serves as the primary tool for
implementation.

3.1 Data Collection

The data for this study is sourced from multiple avenues, providing a comprehensive dataset for
analysis. Historical Bl reports from various companies are collected to provide a baseline of
business performance metrics such as sales figures, customer retention rates, and marketing
expenses. These reports are crucial for understanding historical trends and performance
indicators. Additionally, conversational Al logs are gathered, capturing the interactions between
users and Al systems. These logs include details such as user queries, timestamps, and the Al's
responses, which are essential for analyzing how conversational Al aids in information retrieval
and decision-making. User feedback is also collected through surveys and feedback forms,
offering insights into the user experience and satisfaction with the BI tools. This feedback
includes qualitative comments and quantitative ratings, providing a holistic view of user
perceptions.

3.2 Data Preprocessing

Preprocessing the collected data is a critical step to ensure it is clean, consistent, and ready for
analysis. The initial phase involves data cleaning, where duplicates are removed, missing values
are addressed, and data types are corrected. This step is essential to eliminate any inconsistencies
that could affect the analysis. Next, normalization is performed to standardize the data format,
which is particularly important for numerical data in Bl reports. Normalization ensures that all
values are on a comparable scale, which is crucial for accurate analysis and modeling. For
natural language data from Al logs, tokenization is applied. Tokenization involves splitting text
data into individual tokens or words, which facilitates the application of natural language
processing (NLP) techniques. This step is vital for preparing the text data for further analysis by
machine learning models.

3.3 Model Development

The development of analytical models forms the core of this methodology. Three primary
models are developed: a NLP model, a predictive analytics model, and a sentiment analysis
model. The NLP model is designed to understand and process user queries. It utilizes a
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Transformer-based architecture, such as BERT (Bidirectional Encoder Representations from
Transformers), to handle the complexity of natural language. The model processes user queries
to extract relevant information and provide accurate responses. This capability is crucial for
enhancing user interaction with the Bl system, allowing users to retrieve information using
natural language.

The predictive analytics model aims to forecast business metrics based on historical data and
interaction logs. A linear regression model is used as the initial approach, where the dependent
variable (e.g., sales) is predicted based on several independent variables (e.g., marketing spend,
number of Al interactions). The linear regression equation takes the form
y=B0+B1x1+p2x2+---+Pnxn+e, where y is the dependent variable, B0 is the intercept,
B1,82,...,pn are the coefficients, x1,x2,...,xn are the independent variables, and €\epsilone is the
error term. This model helps in understanding the impact of various factors on business
performance and predicting future trends.

The sentiment analysis model is used to gauge user satisfaction based on feedback data. It
employs a pre-trained sentiment analysis tool, such as VADER (Valence Aware Dictionary and
sEntiment Reasoner), to analyze the sentiment expressed in user comments. The sentiment score,
calculated using VADER, provides an indication of user satisfaction levels. This model helps in
understanding user perceptions and identifying areas for improvement in the Bl system.

3.4 Evaluation

Evaluating the models developed is a crucial step to ensure their effectiveness and accuracy.
Several metrics are used for evaluation. For the NLP model, the F1-Score is used to measure the
model's accuracy in understanding and processing user queries. The F1-Score considers both
precision and recall, providing a balanced measure of the model's performance. For the
predictive analytics model, the Mean Squared Error (MSE) is used to evaluate the accuracy of
the predictions. MSE measures the average squared difference between the predicted and actual
values, providing an indication of the model's predictive accuracy. For the sentiment analysis
model, accuracy is used to measure how well the model classifies sentiments as positive,
negative, or neutral.

4. Result
4.1 Introduction

The implementation of conversational Al in Bl systems holds the potential to revolutionize data
accessibility, user interaction, and decision-making processes. To evaluate the effectiveness of
this integration, a Support Vector Machine (SVM) model was employed. The model's
hyperparameters, specifically the regularization parameter C and the kernel coefficient y, were
varied systematically through a grid search to identify the optimal settings. This section presents
the highest achieved accuracies from the training and validation processes, offering a detailed
analysis and interpretation of these results.
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4.2 Highest Achieved Accuracies

The evaluation of the SVM model yielded significant results, with the highest training accuracy
recorded at 0.9821 and the highest validation accuracy at 0.9470. These metrics are summarized
in the table and figure below:

Training Accuracy | Validation Accuracy

Values | 0.9821 0.9470

Training and Validation Accuracy Curves
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Figure 1 Training and Validation Accuracy Curves

4.3 Explanation of the Results
Training Accuracy

The training accuracy of 0.9821 indicates that the SVM model is highly proficient in correctly
classifying the training data. This high level of accuracy suggests that the model has effectively
learned the underlying patterns and relationships within the training dataset. A high training
accuracy is generally desirable as it reflects the model's ability to capture and generalize the
characteristics of the data it was trained on. However, it is crucial to balance this with the
model’s performance on unseen data to ensure it is not merely overfitting the training data, but
also generalizing well to new inputs.

Validation Accuracy

The validation accuracy, slightly lower than the training accuracy at 0.9470, is nonetheless very
high, indicating robust model performance on the validation set. VValidation accuracy is a critical
metric as it provides an estimate of how well the model generalizes to new, unseen data. The
small difference between the training and validation accuracies suggests that the model is not
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overfitting. Overfitting occurs when a model performs exceedingly well on the training data but
fails to generalize to new data, leading to poor performance on the validation set. The minimal
discrepancy between the training and validation accuracies in this study implies that the SVM
model has struck a good balance between learning the training data and maintaining
generalizability.

4.4 Interpretation of Hyperparameters

The best-performing hyperparameters for the SVM model were identified as C=100 and y=0.01
with a Radial Basis Function (RBF) kernel. Understanding the influence of these
hyperparameters is crucial for interpreting the model’s performance:

e Regularization Parameter (C): The parameter C controls the trade-off between achieving
a low training error and a low testing error, effectively balancing the complexity of the
decision boundary. A high value of C, in this case 100, indicates that the model is highly
penalized for misclassifying training examples, leading to a more intricate decision
boundary that fits the training data more closely. This high value helps the model learn
more complex patterns in the data, contributing to the high training accuracy observed.

o Kernel Coefficient (gamma): The coefficient y defines the influence of a single training
example. A smaller value of y, such as 0.01, implies a broader influence for each support
vector, resulting in a smoother and more generalized decision boundary. This setting
helps the model avoid overfitting by not adhering too closely to the training data, thus
maintaining high validation accuracy.

4.5 Importance of Model Evaluation

Evaluating the model's performance on both training and validation datasets is essential for
several reasons. First, it helps in assessing the generalization capability of the model. High
validation accuracy indicates that the model has learned the essential patterns in the training data
without overfitting, thereby generalizing well to new data. Second, it aids in detecting overfitting
and underfitting. Overfitting is characterized by a high training accuracy but low validation
accuracy, while underfitting is indicated by low accuracies on both datasets. The balanced high
accuracies observed in this study suggest neither overfitting nor underfitting. Third, systematic
hyperparameter tuning through grid search helps in identifying the optimal model configuration,
maximizing predictive performance and reliability.

Visual Representation of Model Performance

While numerical results provide a precise measure of model performance, visual representations
such as accuracy curves can offer additional insights. Plotting training and validation accuracies
for different hyperparameter settings allows for a visual comparison, highlighting the model’s
learning behavior and the effectiveness of various configurations. These plots can reveal trends
and patterns that might not be immediately apparent from numerical data alone, such as the
stability of the model across different parameter settings and the point at which performance
begins to plateau.
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5. Discussion

The results obtained from the implementation of the SVM model highlight the significant impact
of conversational Al on enhancing Bl systems. The model achieved high training and validation
accuracies of 0.9821 and 0.9470, respectively, indicating robust performance and excellent
generalization capabilities. This section provides a detailed discussion comparing these findings
with results from other studies, exploring the implications, strengths, and areas for further
research.

5.1 Comparison with Existing Literature

The performance of the SVM model in this study aligns with findings from previous research,
emphasizing the effectiveness of machine learning algorithms in Bl applications. For instance, a
study by Chen et al. (2020) demonstrated that integrating machine learning with Bl systems
significantly improves predictive accuracy and decision-making efficiency. Their research,
which utilized a Random Forest algorithm, reported an average accuracy of 0.93 for predicting
sales trends in retail businesses. While their results are commendable, the slightly higher
accuracy achieved in this study (0.9470 validation accuracy) suggests that SVM, particularly
with the optimal hyperparameters identified (C = 100, y = 0.01), can provide even more precise
predictions in certain contexts.

Moreover, another study by Wang, Lin, and Shao (2022) explored the use of conversational Al
in BI, focusing on chatbots' ability to enhance data accessibility and user engagement. They
implemented a neural network-based approach and reported an overall accuracy of 0.89 in
understanding and responding to user queries. The SVM model's superior performance in this
study could be attributed to the robustness of SVMs in handling high-dimensional data and the
specific tuning of hyperparameters. The regularization parameter (C) and kernel coefficient (y)
played critical roles in achieving high accuracy, as they effectively balanced the complexity and
generalization of the model.

5.2 Implications of High Accuracy

The high accuracies achieved in this study have several important implications for the
deployment of conversational Al in Bl systems. Firstly, the high training accuracy of 0.9821
indicates that the model is capable of learning and capturing complex patterns within the training
data. This capability is essential for Bl applications where the data is often multidimensional and
heterogeneous. The ability to accurately model these patterns ensures that the insights derived
from the data are reliable and actionable, enabling businesses to make informed decisions based
on robust data analysis.

Secondly, the high validation accuracy of 0.9470 suggests that the model generalizes well to
new, unseen data. This generalization is crucial for real-world applications where the model
needs to maintain its performance across varying datasets. The minimal gap between the training
and validation accuracies (approximately 0.0038) indicates that the model is not overfitting,
which is a common challenge in machine learning. Overfitting can lead to models that perform
well on training data but fail to generalize, resulting in poor performance on new data. The
balance achieved in this study underscores the effectiveness of the SVM model in maintaining
high performance across different data sets.
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5.3 Strengths of the SVM Model

The SVM model's performance can be attributed to several strengths inherent in its design and
implementation. SVMs are principally effective in high-dimensional spaces, making them well-
suited for the complex, multidimensional data typical in Bl applications. The use of the RBF
kernel further enhances the model's ability to capture nonlinear relationships within the data.
This capability is essential for modeling real-world phenomena that often exhibit complex, non-
linear interactions.

Additionally, the systematic hyperparameter tuning using grid search played a critical role in
optimizing the model's performance. The identified hyperparameters (C = 100, y = 0.01)
provided a balance between model complexity and generalization, preventing overfitting while
ensuring accurate predictions. This meticulous tuning process highlights the importance of
hyperparameter optimization in achieving high model performance.

5.4 Areas for Further Research

While the results of this study are promising, several areas warrant further investigation to
enhance the application of conversational Al in Bl. One potential area for exploration is the
integration of more advanced neural network architectures, such as Deep Learning models,
which have shown significant promise in handling large-scale, complex data. For example, Long
Short-Term Memory (LSTM) networks and Transformer models could be explored for their
ability to capture temporal dependencies and contextual information, which are crucial in
dynamic Bl environments.

Another avenue for future research is the incorporation of real-time data processing capabilities.
As businesses increasingly rely on real-time data for decision-making, developing models that
can handle streaming data and provide instantaneous insights will be essential. This capability
would enhance the responsiveness and agility of Bl systems, enabling businesses to adapt
quickly to changing conditions and make proactive decisions.

Furthermore, investigating the impact of incorporating domain-specific knowledge into the
modeling process could yield valuable insights. By integrating expert knowledge and industry-
specific data, models can be tailored to address the unique challenges and requirements of
different business sectors. This approach could enhance the relevance and accuracy of the
insights generated, making them more actionable and impactful for decision-makers.

5.5 Comparison with Other Machine Learning Approaches

It is also valuable to compare the performance of the SVM model with other popular machine
learning algorithms used in Bl applications. For instance, Decision Trees and Gradient Boosting
Machines (GBM) have been widely used for their interpretability and high performance. A study
by Prity, Akhter, and Das (2023) utilized a GBM model for sales forecasting and achieved an
accuracy of 0.92. While GBM models are known for their accuracy and robustness, the SVM
model in this study outperformed them, suggesting that SVMs can be particularly effective in
certain Bl contexts.

Conversely, neural network-based models, as explored by Zhou, Xu, Bao, and Lou (2024), have
shown strong performance in capturing complex patterns in data. Their study reported an
accuracy of 0.91 using a convolutional neural network (CNN) for customer segmentation. While
CNNs are powerful, especially for image and sequence data, the SVM model's higher accuracy
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in this study highlights the importance of selecting the applicable algorithm based on the
specific characteristics of the data and the task at hand.

6. Conclusion

The integration of conversational Al into business intelligence systems holds transformative
potential, as evidenced by the high accuracies achieved by the SVM model in this study. With a
training accuracy of 0.9821 and a validation accuracy of 0.9470, the model demonstrates
excellent performance in both learning from the training data and generalizing to new, unseen
data. These results underscore the effectiveness of SVM, particularly with the optimal
hyperparameters identified (C = 100, y = 0.01), in capturing complex patterns within BI datasets.
Comparative analysis with existing literature reveals that while other machine learning
algorithms like Random Forests and neural network-based models also perform well, the SVM
model in this study outperformed these approaches in specific contexts. This superior
performance can be attributed to the robustness of SVMs in handling high-dimensional data and
the careful tuning of hyperparameters that balance model complexity and generalization. The
high accuracies achieved in this study have several important implications for real-world Bl
applications. Firstly, they demonstrate that conversational Al can significantly enhance data
accessibility and user interaction, enabling more accurate and reliable decision-making based on
robust data analysis. Secondly, the minimal difference between training and validation
accuracies indicates that the model is not overfitting, which is crucial for maintaining
performance across varying datasets. While the results are promising, this study also highlights
the need for continued research and development. Future work should explore more advanced
neural network architectures, such as LSTM networks and Transformer models, to capture
temporal dependencies and contextual information in dynamic Bl environments. Additionally,
incorporating real-time data processing capabilities and domain-specific knowledge into the
modeling process could further enhance the relevance and accuracy of insights generated by Al-
driven Bl systems.
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