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1. Introduction 

To develop and implement new forms of BI systems that have the capabilities of working with the vast amounts 

of unstructured data generated by today's business environments [21]. Since businesses are constantly creating 

both structured and unstructured data, and because the volume and variety of data continue to grow, it is 

essential for businesses to have appropriate BI systems that can provide them with the means to quickly and 

cost-effectively extract actionable insights from their data [4]. In addition to being able to process both structured 

and unstructured data, BI systems must also be able to provide the means for automatically extracting actionable 

insights from both types of data in order to eliminate the bottleneck in the decision-making process. As a result, 
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businesses are able to provide themselves with a competitive advantage over other businesses by developing and 

implementing better BI systems that automatically extract actionable insights from both structured and 

unstructured data, provide businesses with the ability to quickly and cost-effectively extract actionable insights 

from their data, and eliminate the bottleneck in the decision-making process [8]. 

To explore how deep learning and natural language processing can be used together to create actionable insights 

for business intelligence, this paper is address whether deep learning can be used to automate the analysis of 

large datasets, whether those datasets are structured, unstructured, or both, and examine the application of 

natural language processing as a technique for processing textual data. The goals of this research it include 

developing an entirely automated business intelligence system that requires minimal human intervention, 

increases the efficiency of business intelligence systems, and provides faster decision-making through the 

provision of meaningful insights that can be readily obtained and used by organisations. 

• In this paper, a model is proposed that combines deep learning methodologies with structured datasets 

and natural language processing methodologies with unstructured datasets, providing a comprehensive solution 

for business intelligence (BI) automation. 

• The suggested methodology greatly increases both speed and accuracy, making it possible to make better 

decisions at a higher speed compared to conventional business intelligence systems. 

• A framework for the scalable automation of BI is offered, capable of being adapted to any sector and type 

of data. 

The structure of the paper as follows: Section I highlights the use of automated business intelligence using 

structured and unstructured data; Section II summarises the relevant literature regarding AI, ML, and NLP 

technologies; Section III describes the methodology for processing data, creating deep learning models, and 

applying NLP algorithms; Section IV provides a detailed overview of the results and their discussion; Section V 

outlines the implications of the models and compares them to previous studies; and Section VI summarises the 

major findings and offers possible directions for future research. 

2. Literature Review 

Due to the general advancement of technology, especially artificial intelligence (AI), machine learning (ML), and 

natural language processing (NLP), the discipline of BI has changed considerably, especially regarding its 

practical implementation [10][17][23]. The use of advanced technology means an opportunity for BI systems to 

enhance their current functions, such as processing larger and more unstructured data sets. The study 

investigates how AI and ML can be integrated with Business Intelligence and what trends, techniques, and 

opportunities this combination are create [1] [18] [22]. According to a variety of tools currently available for 

analyzing big data sets include/are being developed to automatically perform data analysis by providing 

businesses with improved methods for making decisions based on these analyses [7] [16]. Additionally, notes 

that ML can also revolutionize BI by identifying previously unrecognized patterns/trends within the data [3]. 

Finally, note that the importance of NLP in BI continues to grow as well - especially for deriving insights from 

textual sources such as customer responses, e-mails, and market reports [2] [6]. By utilizing NLP and ML, 

illustrate how operational data is converted to BI. The authors indicate that should be accurate and sustainable 

[5]. In their research, It also provide an overview of text analytics and NLP techniques for business insights 

[19][20]. 

The application of deep learning for business intelligence is a rapidly expanding area of research and practice. 

With deep learning's ability to quickly analyze complex data, it has proven to be effective in extracting timely and 

relevant insights from large volumes of unstructured data from social media [15]. Additionally, it was identified 

that by combining deep learning with machine learning and natural language processing, there is a marked 

improvement in both the accuracy and scalability of business intelligence systems [15]. Th study also observed 

that the use of these AI methods creates "smarter" and "more adaptive" business intelligence systems that can 

adapt to changing conditions within the business environment [13]. 

The continued development of AI, ML, and NLP technologies is changing the face of BI by automating the manual 

processes previously used to generate BI insights, allowing for greater speed and quality of BI insights [14]. The 
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study indicates that business intelligence (BI) systems become increasingly viable through the synergistic use of 

big data analytics,  (AI), and (ML), resulting in an overall increase in the robustness and scalability of BI systems, 

thus enhancing an organisation's ability to compete successfully [9][11] [12].  

The review of historical sources has indicated that the fields of Artificial Intelligence (AI), Machine Learning (ML), 

and Natural Language Processing (NLP) have come together to facilitate the processing of structured data using 

Business Intelligence (BI) technology and unstructured data using BI technology based on the information 

provided by AI, ML, and NLP. The combined efforts of these technologies are lead to the ability to provide 

businesses with better informed and supported decision-making, therefore, creating a competitive advantage in 

today's data-dependent market. 

3. Methodology 

Data Collection and Preprocessing 

The data collected from various sources for this study included old business records, corporate financial 

accounts, and consumer opinions. Corporate financial statements (e.g., annual reports, balance sheets) were 

obtained through datasets that can be accessed publicly as well as through major corporations' filings with the 

SEC. Consumer opinions were obtained via social media, product reviews/ratings, and surveys .  Unstructured 

text data is analyzed for sentiment and used as a source of meaningful insights. The purpose of data pre-

processing is to ensure that the data is accurate and can be used for analysis. For structured data, you can use 

imputation to fill in missing observations and use statistical methods (like z-score analysis) to identify and 

remove outliers. After cleaning structured datasets into a form suitable for machine learning models, the 

numerical characteristics of the datasets are normalized to a similar range. To prepare unstructured text datasets 

for analysis, several NLP techniques have been applied to those text datasets. One such technique is tokenization, 

which divides the text into individual words or terms. 
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Figure 1: Proposed Methodology Architecture for Business Intelligence Automation 

The architecture of a deep-learning-based natural language processing (NLP) business intelligence (BI) system 

provides insight into how data can be collected, processed, and converted into actionable intelligence. The system 

collects data from multiple data sources (historical business data, financial reports, customer feedback), 

preprocesses this data through the use of NLP techniques (data cleaning, transformation, and feature 

extraction—i.e., tokenization & word embeddings), creates deep learning models that utilize CNNs for structured 

data and RNNs/BiLSTMs for sequential data, identifies sentiment and topics through NLP analyses such as 

sentiment analysis topic modelling and named entity recognition (NER), delivers insights to decision-makers 

through a prediction layer, and optimizes the model through training using techniques such as minimization of 

loss functions and backpropagation. This BI system provides an end-to-end architecture to support automated, 

accurate, and scalable BI insights. 

Deep Learning Models 

In the present research project, the CNN and RNN models employed extract features from structured data sources 

and from unstructured data sources, respectively, because have been proven to demonstrate strong performance 

with each type of data. 

• Convolutional Neural Networks: Convolutional Neural Networks (CNN) are comprised of multiple levels to 

extract features from images (structured data). These multiple levels consist of convolutional, activation, pooling, 

and fully connected layers. The purpose of the convolutional layer is to apply a series of "filters" (or "kernels") to 

an input image to learn how to extract the spatially based (and temporally based, in the case of a recurrent neural 

network (RNN)) relationship between different pixels within each image. After the spatially based features are 

learned, are passed through an activation layer to determine the corresponding activation value, e.g., using the 

Rectified Linear Unit (ReLU) function. A mathematical expression of the ReLU function is as follows: 

𝑓(𝑥) = max(0, 𝑥)      (1) 

The equation (1)  for an activation function, where 𝑥 represents the input value. This allows for non-linearities 

in the model to enable learning more complex patterns. The pooling layers support decreasing the dimensionality 

of the data through operations such as maximum pooling, where the maximum value is selected from a set of 

input values, allowing for computational efficiency in constructing the model. 

• Recurrent Neural Networks: RNNs are most suited for processing data that is sequentially ordered, such 

as time-series data obtained from financial reports or business metrics. Incorporating a sequence of data as an 

input source, a recurrent neural network it have the capacity to develop an internal memory of previously 

encountered states to assist the model in determining how the currently provided input relates temporally to 

other inputs that were previously; and this memory development occurs through the structure of the RNN 

architecture where each RNN unit has an internal hidden state memory which is continuously updated with the 

provision of sequential inputs to the RNN. 

ℎ𝑡 = 𝜎(𝑊𝑥𝑡 + 𝑈ℎ𝑡−1 + 𝑏)                    (2) 

In Equation (2), where: 

o ℎ𝑡This is the hidden state at time step 𝑡,  

o 𝑥𝑡is the input at time step 𝑡,  

o 𝑊and 𝑈are weight matrices,  

o 𝑏is the bias term,  

o 𝜎is an activation function (such as tanh or sigmoid).  

The hidden state, ℎ𝑡 , is passed from one instance of the RNN to another instance at the next time step, allowing 

the model to keep track of data from previous instances of input. 

NLP Algorithms 
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This research utilizes various algorithms from the field of Natural Language Processing (NLP) to identify insights 

from sources of unstructured textual data, including, but not limited to, customer feedback and information 

posted on social media platforms. 

• Sentiment Analysis: The main goal of using this approach is to analyze customer reviews or comments 

to understand the sentiment expressed in the comments (whether positive, negative, or neutral). To determine 

the sentiment, analyze the occurrence of positive and negative words and phrases, based on a set of predefined 

lexicons or machine learning classifiers. The overall sentiment score can be derived as follows: 

𝑆 =
𝑁𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 − 𝑁𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑁𝑡𝑜𝑡𝑎𝑙
 

where 𝑁𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒and 𝑁𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒are the counts of positive and negative words, respectively, and 𝑁𝑡𝑜𝑡𝑎𝑙  is the total 

number of words in the text. 

• Topic Modeling (Latent Dirichlet Allocation - LDA): Using topic modeling can find latent topics (areas 

of discussion) in a vast amount of customer feedback text. Specifically, use Latent Dirichlet Allocation (LDA) to 

obtain a set of topics that present the best explanation for the distribution of words across a collection of 

customer feedback documents. The probabilistic model for LDA is as follows: 

𝑃(𝑤, 𝑧) =∏∏𝑃(

𝑁𝑑

𝑛=1

𝐷

𝑑=1

𝑤𝑑𝑛 ∣ 𝑧𝑑𝑛 , 𝜃𝑑)𝑃(𝑧𝑑𝑛 ∣ 𝜙) 

where: 

• 𝑤𝑑𝑛is the 𝑛-th word in document 𝑑,  

• 𝑧𝑑𝑛is the topic assigned to word 𝑤𝑑𝑛 ,  

• 𝜃𝑑is the document-specific topic distribution,  

• 𝜙is the word distribution over topics.  

By using this approach, are able to extract major themes or topics from a set of customer feedback documents, 

which assist businesses with identifying the most pressing areas of interest or concern. 

Algorithm: Business Intelligence Automation 

Input: 

o Raw data (structured and unstructured)  

o Historical business data (e.g., stock prices, trading volumes)  

o Financial reports (e.g., balance sheets, income statements)  

o Customer feedback (e.g., social media posts, reviews, surveys)  

Output: 

• Business insights and actionable reports for decision-making  

Step 1: Data Collection 

1. Collect historical business data, financial reports, and customer feedback from various sources (e.g., Yahoo 

Finance, public company filings, social media).  

2. Store the collected data in a structured format (e.g., CSV, database).  

Step 2: Data Preprocessing 

1. Structured Data Preprocessing:  

o Handle missing values (imputation or removal).  

o Remove outliers using statistical methods (e.g., Z-score).  

o Normalize or scale the data to ensure uniformity in range.  
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2. Unstructured Data Preprocessing (NLP):  

o Tokenize text data (split text into individual words or phrases).  

o Perform text cleaning (remove stop words, punctuation, and special characters).  

o Apply stemming or lemmatization to reduce words to their root forms.  

o Use Named Entity Recognition (NER) to extract key entities like company names, products, etc.  

 

Step 3: Feature Engineering 

1. Structured Data:  

o Convert raw numerical data into meaningful features (e.g., moving averages, trends).  

2. Unstructured Data (NLP):  

o Convert text data into numerical representations (e.g., word embeddings, TF-IDF).  

 

Step 4: Model Selection and Training 

1. Deep Learning Models for Structured Data:  

o Use Convolutional Neural Networks (CNNs) for detecting spatial patterns in structured data (e.g., stock 

prices).  

o Train the CNN model using backpropagation and optimize using an Adam optimizer.  

2. Recurrent Neural Networks (RNNs) for Sequential Data:  

o For time-series data or sequential data (e.g., financial trends), use RNNs or LSTMs to capture temporal 

dependencies.  

o Train the RNN model on historical data to learn temporal relationships.  

3. NLP Models for Textual Data:  

o Apply NLP techniques such as sentiment analysis to analyze customer feedback.  

o Use Topic Modeling (e.g., Latent Dirichlet Allocation) to identify hidden topics in large text corpora.  

o Train models to classify sentiment (positive, negative, neutral) from text data.  

 

Step 5: Model Evaluation 

1. Evaluate the performance of the models using appropriate metrics:  

o Accuracy: Measure the overall correctness of predictions.  

o Precision and Recall: Evaluate the model's ability to correctly identify relevant data.  

o F1-Score: The harmonic mean of precision and recall to assess the balance between the two.  

 

Step 6: Business Insights Generation 

1. After training and evaluating the models, generate insights based on the predictions and analysis.  

2. For structured data, use the model outputs (e.g., trend predictions, future stock prices) to generate 

actionable insights.  

3. For textual data, use the sentiment analysis and topic modeling results to uncover business trends, 

customer sentiments, and potential areas for improvement.  

 

Step 7: Report Generation and Optimization 

1. Automate the generation of business reports with key insights and recommendations.  

2. Use feedback from decision-makers to further optimize the model (e.g., adjusting hyperparameters, 

training with more data).  
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End: Output the final business insights for decision-making. 

The following algorithm outlines a process for automating the extraction of Business Intelligence (BI) insights 

through Deep Learning & Natural Language Processing (NLP) technologies. At each step, there is a smooth 

transition from data preprocessing through to model training, model evaluation, and ultimately producing 

actionable BI from the data extracted. 

4. Results and Discussion 

Experimental Setup 

The suggested Business Intelligence Automation Framework, which makes use of Deep Learning and Natural 

Language Processing technologies, was created by utilizing Python programming in conjunction with the 

following libraries: TensorFlow, Keras, Scikit-learn, and NLTK library. Intel Core i7, 16 GB RAM, and an NVIDIA 

GPU were the hardware configurations used for the trials, which sped up the Deep Learning procedures. 

Unstructured business customer feedback and structured business financial data were the two types of data that 

were collected from a wide range of business sources to create the dataset that was utilized for the generation of 

business intelligence reports.  

In order to guarantee an accurate evaluation of the model's capacity to recognize business trends and provide 

business intelligence reports, the dataset was segmented into three subsets: three % for training, fifteen % for 

validation, and fifteen % for testing. The Convolutional Neural Networks (CNNs) model was used to discover 

patterns in Structured Business financial data, whilst Recurrent Neural Networks (RNNs) or Long Short Term 

Memory (LSTM) topology methods were used for time-series sequential financial data. A combination of natural 

language processing (NLP) techniques, including sentiment analysis and topic modeling, were utilized in order 

to examine customer feedback. 

Performance Evaluation of Deep Learning Models 

The results obtained using the proposed framework demonstrated strong predictive performance across the 

range of evaluation metrics used for the model. The CNN model demonstrated an ability to identify patterns in 

Structured Business Data, while the RNN model demonstrated an ability to discover temporal dependencies in 

sequential financial data.  

Performance Metrics 

To determine the proposed model's capacity for creating predictions that can be acted upon through quality 

assessments, the performance metrics of the proposed model included accuracy, precision, recall and F1 to 

provide an overall assessment of its performance. These performance metrics demonstrate that the proposed 

model is capable of processing structured and unstructured data and therefore producing actionable insights 

from processed data. Therefore, results generated by the proposed model consistently demonstrate the 

robustness of its performance with respect to predicting outcomes in actual environmental conditions. By 

providing dependable predictions in the form of accurate, precision, and recall values, the proposed model 

supports sound decision-making in usable processes. 

Here are the formulas for the performance metrics: 

• Accuracy(A): 

A =
TP+TN

TP+TN+FP+FN
  (4) 

• Precision(P): 

P =
TP

TP+FP
     (5) 

This measures the proportion of positive predictions that were actually correct. 

• Recall: 

R =
TP

TP+FN
     (6) 

In Equation (4) (5) (6), where TP = True Positive, TN = True Negative, FP = False Positive, 𝐹𝑁 = False Negative. 
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This measures the proportion of actual positives that were correctly identified by the model. 

• F1-Score(F1): 

F1=2 ×
Precision×Recall

Precision+Recall
    (7) 

By Equation (7), the F1 Score that provides a trade-off between the precision and recall values is the harmonic 

mean of both.  

Table 1: Performance Metrics of Deep Learning Models 

Model Accuracy (%) Precision Recall F1-Score 

CNN 94.2 0.93 0.92 0.92 

RNN/LSTM 95.6 0.95 0.94 0.94 

Hybrid CNN-RNN 97.1 0.96 0.96 0.96 

The models CNN, RNN/LSTM, and the hybrid CNN-RNN are compared by their performance metrics presented 

in Table 1. The Hybrid CNN-RNN had an accuracy of 97.1, while RNN/LSTM and CNN had 95.6 and 94.2, 

respectively. Additionally, the Hybrid models are also evaluated by their precision, recall, and F1 scores, which all 

have scores of 0.96. High precision and recall values suggest that the Hybrid CNN-RNN model has a balanced 

performance when identifying true positives or minimizing false positives. RNN/LSTM and CNN models had 

equal precision and recall values (both of approximately 0.95), demonstrating the effectiveness of deep learning 

models for this task. 

In this study, the Hybrid CNN-RNN model displayed the best performance with an accuracy of 97.1% due to its 

capabilities to provide simultaneous processing of both structured and sequential data. As a result, the F1 score 

of 0.96 indicates a balance between precision and recall, which further illustrates the potential of this Hybrid 

CNN-RNN model for real-world business intelligence applications. 

Sentiment Analysis Results 

Customer sentiment analysis based on customer-generated feedback (reviews) and social media activity was 

performed to analyze how customers felt about the products and/or services provided to them. The proposed 

NLP model successfully categorized the customer sentiments as either Positive, Negative, or Neutral. 

Table 2: Sentiment Classification Results 

Sentiment Category Number of Reviews percentage (%) 

Positive 4,520 62.4 

Neutral 1,860 25.7 

Negative 870 11.9 

Table 2 shows the classification results of customer reviews per their sentiment analysis results. The majority of 

the customer reviews (62.4% of all the reviews) were classified as Positive, meaning those customers had 

favourable views of the service/product(s) provided. Neutral reviews represented 25.7% of total reviews, 

meaning those customers did not exhibit strong satisfaction nor strong dissatisfaction with the 

service/product(s) received. The number of negative sentiment reviews represented 11.9% of the total number 

of customer reviews. Thus, there may be opportunities to improve customer experience based on these reviews. 

Positive customer feedback shows an overall high level of customer satisfaction. Additionally, there were a large 

number of reviews that were associated with negative sentiment that were primarily related to delivery delays 

and customer support issues; thus, this type of review provides the business with valuable information for 

consideration for improvements to its business practices. 
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Figure 2: Topic Modeling Results (LDA) 

The results of LDA can be seen in Figure 2, which shows how the most frequently occurring topics from the 

customer review dataset were represented in a bar chart. The item with the most reviews was Product Quality 

(40%), which suggests that customers often commented on product quality, such as durability, material, and 

overall product quality. Delivery Times was the second most frequently mentioned topic (30%) and indicates 

that delivery times, or lack thereof, are an important issue for customers. Finally, Customer Service was the third 

most common topic at 20%, and shows support and service quality as areas that need improvement. There were 

also small %ages of Pricing & Value (12.6%) and Website & Usability (8.9%), which indicate that pricing issues 

and website usability are factors that can affect customer feedback. 

 
Table 3: Comparative Analysis of Proposed Framework with Previous Studies 
Study Method Used Task Accuracy (%) F1-Score 

Dang et al. (2020) 

[24] 

CNN, RNN, LSTM Sentiment Analysis 

(Twitter) 

~85–88 ~0.84–0.87 

Mohbey et al. 

(2024) [25] 

CNN-LSTM Hybrid Sentiment Analysis 

(tweets) 

~92.00 ~0.91 

Proposed 

Framework 

CNN / RNN-LSTM / 

Hybrid CNN-RNN 

BI Automation (Financial + 

Sentiment) 

94.2 / 95.6 / 

97.1 

0.92 / 0.94 / 

0.96 

Comparative Analysis of Proposed Framework Of BI Automation (Sentiment Analysis) Compared To Previous 

Researches In The Domain Of Sentiment Analyses & Business Intelligence (BI) Automation: The Comparative 

Analysis Was Conducted In The Form Of A Table 3. Which Depicts The Journal Articles Compared, Method Used, 

Task, & Performance Measures (Accuracy & F1 Scores For Various Models); The Proposed Framework Uses CNN, 

RNN-LSTM, & Hybrid CNN-RNN Architectures To Automate Business Intelligence (BI) Tasks Associated With 

Sentiment & Financial Data. The Proposed Framework Provides Higher Values Of Accuracy (94.2, 95.6, & 97.1) 

As Well As F1 (0.92, 0.94, & 0.96) Compared To Previously Documented Models, Thus Displaying The Proposed 

Frameworks' Improved Performance & Effectiveness Compared To Existing Approaches [24][25]. 

5. Discussion 

Results acquired by utilizing the designed BI automation architecture demonstrated the ability to provide both 

greater accuracy and efficiency than traditional business intelligence techniques. The Hybrid CNN-RNN 
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methodology utilized a CNN to handle structured data and an RNN to process sequential information, producing 

a prediction accuracy of 97.1%, which is superior to both individual models (CNN = 94.2%; RNN = 95.6%). The 

prediction accuracy achieved by combining these different neural network structures demonstrates the value of 

utilizing alternative neural processing architectures to analyze structured and unstructured data, resulting in a 

flexible BI automation solution for any BI task. Additionally, precision, recall, and F1-scores also match the high 

level of accuracy; thus, demonstrating the model's capacity to generate very few false positive predictions and 

accurately identify relevant insights. In analyzing customer sentiment from their feedback, 62.4% of the analyzed 

customer reviews reported feeling positively about the business, while 11.9% indicated had issues such as 

delivery delays and customer service problems, suggesting potential improvement opportunities for businesses. 

The resultant data would enable organizations to further enhance their business operations. Furthermore, 

utilizing topic modelling via LDA to determine the most frequently discussed areas about customers' experiences 

with products, delivery time frames, and customer service provides additional opportunities for organizations 

to leverage in developing strategies. The performance of the proposed model has been improved beyond that of 

earlier studies and is evidenced by a significant increase in both accuracy and F1 scores when compared with 

other models, such as Dang et al. (2020) and Mohbey et al. (2024), that have previously demonstrated lower 

levels of accuracy, measured at approximately 85 % to 92 %. The increase in performance exhibited by the model 

was attributed to the hybrid modelling technique, as well as to the usage of Deep Learning (DL) and Natural 

Language Processing (NLP), which allowed the model to efficiently process large amounts of unstructured data 

across numerous datasets. 

The results obtained from this study confirm that the proposed framework for business decision-making the 

undoubtedly improve the ability of businesses to obtain faster, more accurate, and timely information to assist 

with making data-driven decisions. Future studies may investigate the potential for the model to be improved by 

using more sophisticated algorithms and by integrating multi-modal data types into the framework for use when 

presented with real-time data sets. 

An ablation assessment measured how the various aspects of the suggested Business Intelligence (BI) 

automation framework affected its effectiveness. The CNN, which works with processed structured data, has a 

94.2% accuracy rate, while its potential for handling sequential as well as unstructured data is limited. The 

RNN/LSTM works better with sequential data than the CNN, achieving a 95.6% accuracy rate; however, it also 

has difficulty with unstructured data. The results of the two architectures can be compared using a hybrid CNN-

RNN model, which achieves a higher accuracy than either of them alone (97.1%) and displays a balanced level of 

performance for both types of data processed. Additionally, integrating natural language processing (NLP) 

approaches, including sentiment analysis and topic modeling, yielded further improvements by identifying and 

extracting insights from customer input; thereby showing that deep learning and NLP approaches combined to 

improve work related to BI and its automation. 

6. Conclusion 

The BI automation framework presented demonstrates the use of Neural Networks as well as Deep Learning in 

conjunction with NLP to automate Business Intelligence processes. The Hybrid CNN-RNN combined model 

performed exceptionally well at an accuracy of 97.1 %, while precision, recall, and F1 score were 0.96 across 

Financial and Sentiment Analysis Tasks. It is significantly better than either the CNN only, with 94.2 % accuracy, 

or the RNN/LSTM model, with 95.6 % accuracy, when independently evaluated. Furthermore, the Sentiment 

analysis classified 62.4 % of all customer reviews as positive, indicating a level of customer dissatisfaction, while 

the topic modelling analysis identified key areas of business improvement surrounding product quality and 

customer service. These results lend further credence to the ability of this framework's capabilities to effectively 

process both structured and unstructured data, representing a complete solution for automating insights derived 

from BI. The ablation study confirmed that Hybrid CNN-RNN models in combination with NLP techniques 

resulted in significant performance improvements. Overall, all models demonstrated great statistical 

improvements across all tasks with F1 scores of 0.92, 0.94, and 0.96 for the CNN, RNN, and Hybrid Models, 

respectively. Therefore, this research supports the hypothesis that the proposed framework provides a strong 

engineering basis for developing an automated Business Intelligence solution. In terms of possible areas of future 

research, there is great potential to investigate the use of multi-modal datasets; to develop models with greater 
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complexity, including transformer-like models; and to improve the scalability and adaptability of models by 

enabling them to continuously learn in real-time. The future use of business intelligence may also be 

strengthened by applying larger and more diverse datasets, as well as utilizing explainable AI to provide better 

insights into the business process. 
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