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Abstract: Traditional business intelligence tools are used for the visualization of the data by the organizations, but the major
problem is analysts have to make efforts to find the insights from this and also find the predictions on the basis of any one factor
or metric; this makes the whole process time-consuming and difficult. This project proposes a framework focusing on decision-
based analytics using a transactional dataset and creating a platform using Python and Streamlit that will provide a platform
with options for data visualization and provide automated insights and predictions based on multiple variables with the help of a
real-world dataset. The prediction model created using the Random Forest algorithm achieved an R score of 0.99 and the Mean
Absolute Error (MAE) of 37.93, thus the prediction deviation is low. This study also highlights the importance of Artificial
Intelligence by implementing it the system using Machine Learning, showing how Al can help in advancing the dashboards
from the traditional dashboards. The dashboard created will help to demonstrate how this proposed idea will enhance the
efficiency and reduce the effort required for manually analyzing and interpreting and be easily usable by anyone, whether from
a technical or non-technical field. The proposed system dashboard is reliable, time saving and requires less efforts, less complex
and efficient.

Keywords: Business Intelligence, Data and Predictive Analysis, Machine Learning, Automated Insights, Streamlit, What-if
Analysis

I. INTRODUCTION
In the current economy, which is data-driven, there is a generation of a huge amount of transactional data. This data can be used for
interpreting the organization's work and making decisions for the future. Most of the companies use traditional business intelligence
tools to visualize their historical data. But then these visualizations alone cannot be equal to getting insights.
The analysts have to spend lots of hours identifying the required details, like trends and changing variables, to see the change in
patterns and so on. And all these tasks have to be done by them manually, which is time-consuming, brings a lag for interpretation,
and makes the decision-making process slow and expensive.

TRADITIONAL BI Al-ENHANCED BI

Static Interactive
Manual Automated
Single-factor Multi-factor

Fig. 1. Traditional Bl vs Al-Enhanced BI.

The challenge is twofold. First, traditional tools usually focus on univariate analysis. This means it looks at one metric at a time, but
business outcomes are dependent on multiple variables. For example, an increase in revenue is rarely just because of a price drop; it
happens because of the result of a combination of changes in variables like unit price, volume, and promotional timing. There is a
technical barrier that stops the business decision-makers from using predictive models that are advanced. In real life they don't need to
know the programming or code just for understanding the changes; for example, increasing the discount will increase or decrease the
profit. Fig 1. shows the difference between the traditional Bl and Al-enhanced BIl. This project solves these inefficiencies by
introducing a decision-centric framework built on a Python-Streamlit stack. By moving away from static dashboards, this research
introduces an interactive environment where predictive modelling is baked into the Ul. Using a Random Forest Regressor, the system
analyzes the complex relationships within a real-world Amazon transactional dataset to provide instant "What-1f" scenarios.
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The main objective is to ensure that data science can be used by all. By integrating automated insights and Explainable Al (XAI)
features—such as feature importance plots—the dashboard allows even people from non-technical backgrounds to also see and
understand which factors are actually driving their revenue. Instead of "What happened?”, changing to "What will happen if we
change X?" It makes working with the data simpler, so organizations can act on insights more quickly.

Il. RELATED WORK
In previous studies, instead of practical implementations, the concept of implementing Al and BI together is suggested in the form of
a study in various papers, just suggesting some conceptual frameworks.
The usage of Al is mentioned to extend the business intelligence beyond the normal dashboards that are made by mentioning the need
to enable automated insights for decision support [1]. Transformations that can be brought by Al-enhanced dashboards and their
impact on business planning, and later their impact on company performance over various sectors, are compared [2]. Analytics based
on Al can help in real-time insight generation, and Al will be the key element in future Bl systems [3]. Automating the tasks of
analysis of big data with the help of AU can increase the insight generation, and this will help the organizations to respond to the
changes as fast as possible [4]. The existing business intelligence tools were reviewed, and the dashboard techniques suggest the
importance of it in supporting managerial-level decision-making [5]. The combination of artificial intelligence and machine learning
can help in improving predictive analytics by accurately forecasting and deciding the business strategy for the future [6].
These studies all suggest the potential of Al for transforming traditional Bl and the need for developing tools for solving such gaps to
save time and effort, helping the organizations.
Table 1 show cases the comparative analysis of related work.

TABLE I. COMPARITIVE ANALYSIS OF RELATED WORK
Ref Title Proposed Idea Limitations
Ismael & Mohd (2025) — | Conceptual ideas about Bl dashboards . .
.| There is no practical or
Beyond Dashboard: How | that are Al-enhanced can help in
[1] . . . . deployable
Al Shaping Business | predictive decision support. . .
. implementation.
Intelligence
Jain  (2023) - Al- | Proposed Al dashboards for decision-
. . Focused on theory, no
[2] Powered Business | making across sectors ractical implementation
Intelligence Dashboards P P '
Shaffi (2024) - AI-| S ted id f I-ti .
? o ). uggeste . _I ea or rea-time They did not research
Driven Analytics: The | automated insights.
[3] . about ease of use or efforts
Future of  Business
. for analysts.
Intelligence
Cate (2025) — Al-Driven | Suggested idea of automating the | They did not consider the
[4] Automation of Big Data | analysis of big data with the help of | usability for users from
Insights for Bl Al. non-technical field.
Ezeilo et al. — Systematic | they reviewed All the existing Bl tools
5] Review of Bl Tools and | and dashboard methods. Only skilled analysts can
Dashboarding use the system easily.
Techniques
Ramya et al. (2024) — Al | Suggested models of AI/ML for | They focused on models,
[6] and ML in Predictive | predicting the business outcomes. not on a complete BI
Analytics system.
From Visualization to | A complete Al-based BI system built
This Work Insight: A Decision- | using Streamlit with transactional | There is a gap of real-time
Centric Analytics | dataset,  providing  visualization, | data integration.
Approach automated insights and multi-variable
predictions.
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I1l. NOVELTY
This framework is different from other works, as it not only shows the data but also predicts the outcomes using an interactive
dashboard. The main contributions are:

A. Interactive Prediction and Multi-Variable Analysis

Unlike the usual systems, which show only fixed and pre-calculated values, in this proposed system, a random forest model is used to
make predictions in real time. The user can provide inputs through the sliders provided in the interface and can also select sections
from the interface made using Streamlit, allowing instant predictions. It provides various factors in the slider to adjust, thus helping to
know the effect of combined factors. For example, users can easily see how the change in discount and unit price at the same time can
affect the target variable.

B. Explainable Insights using Feature Importance

For the analysts and planners, it's important to know which factor contributes the most, so to solve this problem, Explainable Al is
used to plot a graph showing the feature importance. This will help the system to show, percentage-wise, which input factor is more
important and played the most important role in making the predictions. The system becomes easier to understand, trust and interpret.

C. Automated Insight Generation

The system has a section for automated insight generation that analyzes the transactional data (which is used for this study) using
simple logic rules. Instead of calculating and getting the final insights manually, the system automatically does basic calculations like
max and avg to get the summaries, which are easy to read and can be downloaded for later reference. This helps convert the raw
numbers to direct statements so that they can be easily understood by decision makers.

D. Lightweight and Easy-to-Deploy Bl System

From the system point of view, the analytics tool, which is simple and made using Python, Streamlit, and machine learning, is used
for creating predictive model. This is an efficient tool and can be used with minor changes with various datasets. It's less complex and
more advanced than the traditional BI tools.

IV. METHODOLOGY

The proposed system follows a structured workflow that transforms transactional data into meaningful insights through preprocessing,
visualization, prediction, and automated interpretation. The dataset used for this study was first cleaned by removing records with
missing values in key fields such as quantity, unit price, and discount. Only relevant attributes influencing revenue were retained for
analysis. Basic standardization was applied to ensure consistency across visualizations and model inputs. The Streamlit-based
dashboard allows users to interact with the system by selecting visualization, multi-variable prediction, or automated insights. For
predictive analysis, a Random Forest regression model dynamically generates revenue estimates based on user-selected input values.
Random Forest regression was selected due to its ability to model non-linear relationships and handle multi-variable data effectively
[10]. Model performance was evaluated using R? and Mean Absolute Error (MAE) to ensure reliable predictions. Explainable Al
techniques help improve transparency and trust in predictive models by highlighting feature contributions [11]. Fig 2. shows the
workflow of the proposed analytic system approach. In detail each part is implemented as follows:

A. Data Collection and Preprocessing

The dataset used for showing the functionality of this proposed system is Amazon.csv. This is a transactional dataset with a large
amount of data. Initially, before using any dataset, it should be prepared so that it doesn't contain any values that are missing and has
standardized column names.

B. Visualization Layer

In the visualization section, the visualizations for the data are generated using the various graphs and charts with the help of
matplotlib libraries. It would be similar to the other Bl tools' visualization. We can visualize various things, like the sales performance
of each brand, the revenue generated from each product, and many other such visualization graphs. These visual patterns will help
make comparisons much easier that will also contribute to the decision-making process. Visual patterns are more suitable for
comparisons, making it much clearer.
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Fig. 2. Feature Correlation Heatmap

The correlation heatmap helps identify the relationship between different variables in the dataset. It shows that quantity and unit
price have a strong positive correlation with revenue, while discount has comparatively lower influence.

C. Multi-Variable Predictive Analysis
In this paper, Random Forest algorithm is used for multi-variable prediction. Unlike the single input analysis, this is more useful as in
reality the changes can happen because of multiple factors.
Let the Equation (1) for the feature vector be:
X =(x1lx2,x3, ...x,)
@)
Where, the x1,x2,..., x,, are the input features.
So the Equation (2) according to this system for revenue predictions is:
Totaldmount = f{Guentity, Uniti'rice, Discount)
)
Where,
o frepresents the Random Forest regression model and
e The prediction will be generated dynamically based on user selected values.
This will help the users to analyze how the changes in various factors together will affect the predicted revenue.

D. Model Evaluation

For evaluating the model Equation(3) and Equation(4) is used. These equations are:
1) Mean Absolute Error (MAE):
MAE is used for measuring the average prediction error,

1
MAE = H—Z |Yactual — Ypredicted)|

©)
If the MAE value will be lower, then the prediction accuracy will be better.
2) Model performance using it > score:
This score helps to know how well the model can explain the variations in the data.
R 1 Prediction Lrror
- Total Variance
(4)

If the score is closer to 1, then it has a stronger model  performance.

To evaluate the consistency and reliability of the predictive model, k-fold cross-validation technique was applied. The dataset
was divided into several parts, allowing the model to be trained and tested multiple times on different data combinations. This
process helps in checking how effectively the model performs on unseen data and ensures that the predictions are stable,
accurate, and less prone to overfitting.
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Fig. 3. K-Fold Cross-Validation Performance

E. Feature Importance
This shows the importance of each input variable to the final prediction. The values that are extracted using the Equation(5) is used

for plotting the graph to show how each feature contributes to the prediction

Contribution of Fetaure
# 100

®)

Feature Importance% = ; -
P Total Contribution

Feature Importance Analysis

Importance Score

Quantity Unit Price Discount
Features

Fig. 4. Feature Importance Analysis

F. Generation of Automated Insights

Along with the other two options for visualization and prediction, the third option is to get automated insights and save them for later
for planning and decision-making. This is implemented by structuring the data and finding the key drivers that will lead to making
changes in the performance. Then grouping and summarizing these to highlight some important patterns. For example, summing the
revenue by any category to find which category is the lead for generating

the revenue, etc. Then from the computed metrics, it's transformed to statements that can be understood by anyone, thus human-
readable. So these will be derived directly from the data, no user intervention is required for manually writing it.

G. Implementation Environment

Python and Streamlit are used for implementing the idea to develop the interactive web-based dashboard with the options on the left
side for viewing the data visualization, multi-variable analysis, and automated insights and providing these sections to switch between
each other, making it an interactive dashboard.
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Fig.5. Proposed dashboard system workflow.

V. RESULTS AND DISCUSSION

Select Section

Data Visualization

Data Visualization
Multi-Variable Analysis

Automated Insights

Fig.6. Select section in the system interface.

Decision-Centric Analytics
Dashboard

Auto-Generated One-Line Insights

- Electronics category generates the highest total revenue.
- CoreTech is the top-performing brand by revenue.
- Average discount across orders is 0.07%.

« Quantity and unit price influence revenue more than discount.

Download Insights

Fig.7. Visualization interface.
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Fig.8. Multi-Variable Analysis interface.
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Fig.9. Scenario Inputs for Multi-variable analysis.

Decision-Centric Analytics

Fig 10. Automated Insights interface.

Fig. 6. shows the select section of the Analytics Dashboard, providing the options to the user, to select the options according to the
usage. It has options: Data Visualization, Multi-Variable Analysis and Automated Insights.

Fig 7. Shows the data visualization interface of the system. It shows the pre-defined KPIs, thus provides the high-level summary of
business performance with the help of graphs and charts. The visualization for the used transactional dataset focuses on comparisons
based on product categories, which will help the decision-makers to quickly compare the current condition of the company in the
market.

Fig 8. is the multi-variable analysis interface of the dashboard system. It has the slider as shown in the Fig 9. For inputs. The user can
adjust the inputs like, unit price, discount and quantity to predict the change in the revenue.
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To support predictive decision-making, Random forest model is used for the prediction. As shown in Fig 10. the performance of the
system was evaluated with the help of metrics R? and Mean Absolute Error (MAE). As shown in the Table 2, the R2 score is equal to
0.99. As its closer to 1, this means that the model can capture nearly all variability in the target variable,. This means that the model is
fit and stronger. The value of MAE is 37.93. It’s a lower value, thus the prediction accuracy is better.

These performance metrics are used internally in the system to validate if the predictive model is reliable by the business users before
deploying it for the usage of end users. This design ensures that decision-makers benefit from accurate predictive analytics without
needing to interpret technical evaluation measures. This was of prediction based on the basis of multiple factors helps the user to
analyze the conditions, understand the importance of each features, and use these insights in future during sudden situations in the
business market.

Model Performance Metrics

Metric Value
E B BN ¥
5 & 8 & ]

w

o

R* Score Mean Absolute Error (MAE}

Fig.11. Model Performance Metrics

TABLE II. Model Evaluation Metrcics
Metric Value
R2 Score 0.99
Mean 37.93
Absolute
Error
(MAE)

Fig 10. shows the automated insights generation interface. It directly shows the insights derived from the graphs in the form of
simpler lines which can be used to understand the data along with the visualizations. These are easily understandable and readable by
anyone. There is an option provided for downloading this insights. The downloaded insights will be stored in the form of .txt file.
Overall, together all components of the proposed system successfully provides an interface for the users, which is time saving,
efficient and less complex. The interface of the system can be used by anyone, even from non-technical field as its user-friendly. The
decision making and interpreting becomes much simpler with the help of this system.

VI. CONCLUSION

This paper shows a project that implements a decision-based data visualization dashboard, which provides options to generate
automated insights and download them for making decisions instead of manually finding them from the visualizations, and also
predictions using a machine learning regression algorithm on the basis of multi-variable data, allowing the users to change the values
of the variables and see the changes in the revenue accordingly. The prediction model performs well with a R? score of 0.99 and MAE
score of 37.93.

In the future, the idea can be extended by providing real-time visualization by incorporating the changes in the dataset, also adding
various other prediction features, and providing the advanced natural language processed insights. We can also add an explanation for
the events that occurred with the help of XAI. Overall, this paper suggests an efficient application for decision-centric data
visualization and can also be used for various datasets with some changes.
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