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Abstract

The purpose of this paper is to explore the use of deep learning and cognitive computing in order to support decision-making in dynamic
and complex situations in a business environment using Business Decision Support Systems. Conventionally, DSS were rule-based
systems, which might be constrained by limited structured data sets and were used for offline decisions only. This paper aims to propose
a Hybrid DSS architecture incorporating deep learning techniques such as CNNs, RNNs, and LSTMs, as well as cognitive computing
techniques like NLP and Knowledge Graph. The method involves developing deep learning algorithms on the basis of structured data
while employing cognitive computing to make inferences from unstructured data. The proposed system will be tested based on metrics
of accuracy, precision, recall, F1 measure, RMSE, and AUC-ROC. As a result, the Proposed Hybrid DSS performs better than Rule-Based
DSS with the accuracy of 94.2%, precision of 93.5%, F1 of 93.1%, RMSE of 17.6%, and AUC-ROC of 96%, where Rule-Based DSS has
accuracy of 78.4% and ML DSS - 87.6%. The findings confirm the efficacy of the hybrid system in enhancing the application of deep
learning and cognitive computing in the process of prediction, understanding, and reasoning. This study proves that the suggested
hybrid decision support system framework offers distinct benefits compared to traditional decision support system frameworks, making
it a more adaptable, precise, and context-aware decision-making system. Further research is being conducted on computational
efficiency and real-time processing concerns.

Keywords: Business Decision Support Systems, Deep Learning, Cognitive Computing, Al, Decision Making, Data Analytics, Business
Intelligence.
— _J

1. Introduction

The Decision Support System (DSS) has been an inherent aspect of management in businesses, enabling
managers and leaders to make decisions using data analytics [4]. The early forms of decision support systems
were static and rule-based, dealing only with structured data and algorithms [19]. But since the dynamics of the
business environment are too much for the traditional DSS, cannot cope with these changes in view of the rapid
evolution of technology, including Artificial Intelligence, deep learning, and cognitive computing, which is
changing the scope of DSS to manage huge amounts of data in providing real-time decision support [8][14]. A
neural network is among the many deep learning algorithms that may help in training the system autonomously
from data [20][22]. Also, cognitive computing relies on human-like reasoning and perception in decision-making
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[10][17]. The processing of complicated data is done in a way that humans make decisions. Therefore, the
application of such technologies under the DSS paradigm can transform the decision-making process.
Nonetheless, while there have been attempts to enhance the functionality of the DSS system, some of its
limitations still exist in the present-day systems. Scalability and adaptability are common challenges faced by
traditional DSS, particularly when dealing with unstructured or real-time data. Further, such systems are unable
to make intelligent decisions based on knowledge of the context or make decisions that evolve in response to the
changing nature of the business. Consequently, decision makers might be relying on incorrect information or
making poor decisions. Although deep learning and cognitive computing present some potential answers to the
problems, it is not an easy task to incorporate these technologies into current DSSs [21][22]. These include how
to handle data integration, model interpretability, and computational challenges. Hence, it is important to identify
the possibilities of integrating deep learning and cognitive computing techniques in DSS to solve these challenges,
and also to improve business decisions [12][16][18].
This paper aims to examine the concept of deep learning and cognitive computing and how it can be applied in
Decision Support Systems (DSS) and the benefits can bring to the business world. The key research questions in
this topic may be: (1) What ways should be used to exploit the power of deep learning to enhance the predictive
accuracy of DSS? (2) Whatare the ways in which cognitive computing can enhance the adaptability and reasoning
ability of DSS to enhance its decision-making? (3) What are the key issues in the implementation of such
sophisticated technologies in DSS, and what can be done to overcome those issues for successful
implementation? This paper will offer an in-depth overview and framework of how deep learning and cognitive
computing can be integrated into DSS and the advantages and disadvantages of their use in a corporate setting.
e Proposed a hybrid Decision Support System (DSS) for enhanced decision making based on deep learning
models and cognitive Computing techniques.

e The proposed Hybrid DSS outperformed the traditional rule-based and machine learning-based systems.

e Made the processing of unstructured data possible through using NLP and knowledge graphs for enabling
context-aware decision making.

This paper is organized as follows: In Section 2, there is a brief discussion on the current DSS technologies and
the possibilities of incorporating deep learning and cognitive computing into them. In Section 3: Methodology,
the framework that is used for the application of deep learning and cognitive computing to the incorporation of
DSS is described, along with the data, models, and evaluation methods. The results and discussions under Section
4 provide the results of the implementation of the proposed framework and insights into its effectiveness in
comparison to the traditional DSS model. Conclusion Section 5: This is the conclusion part of the paper. In this
section, summarize the contribution made by the paper, highlight the limitations of the study, and provide
recommendations for future research.

2. Literature Review

Al, Deep Learning, and Cognitive Computing have drastically changed the face of DSS. Traditionally, the DSS
models had been rule-based, and the algorithms used were predefined. This made it impossible for them to cope
with the challenges brought by the current business environment. The recent developments in this area include
the incorporation of Al and Deep Learning algorithms into DSS in order for them to learn from large volumes of
data and improve their decision-making skills. Another important factor that has been adopted in the evolution
of DSS is cognitive computing. This model mimics human thinking and, therefore, can assist in making decisions
using unstructured data such as text, images, and sounds. The ability of cognitive computing to transform
decision-making procedures, making DSS more agile and intelligent [1]. The application of cognitive computing
in decision-making is evidenced by the use of Al-driven models of medical analytics built on Deep Learning in
the medical field to improve decision-making [2]. One more area where the use of cognitive computing is
transforming the field is in making decisions [3]. There have been a number of research papers that show how
deep learning technology can be applied to DSS, including a paper that discusses how deep learning can be used
to analyze big data for decision-making support purposes and another one that discusses design optimization of
business decision support systems using deep learning technology [5][7]. The key finding in this research is that
deep learning models, such as CNNs, RNNs, and LSTMs, greatly improve the accuracy of predictions and help
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make real-time decisions in ever-changing business environments. Additionally, the fact that the introduction of
cognitive computing technology makes DSS systems adaptive and rational, especially in terms of unstructured
data, is also significant. As seen in the situation regarding the analysis of queries related to structured data, deep
learning algorithms, and optimization, including meta-heuristic optimization algorithms, can be applied to help
make the best decision [6]. Furthermore, through the use of knowledge graphs and natural language processing
techniques, the system can make informed decisions depending on the business environment [13]. Implementing
such technologies poses several challenges, which include issues regarding data integration, interpretation
problems, and computational challenges [9]. However, the application of deep learning and cognitive computing
is promising, and there have been several research efforts made to overcome these challenges [11][15].
Currently, deep learning and cognitive computing technologies have been adopted successfully in DSS
applications, bringing significant changes to the decision-making process. The contributions made by the models
to DSS can be attributed to improved predictive performance and classification accuracy through the adoption of
deep learning models and context-based reasoning by NLP and knowledge graph models. Deep learning and
cognitive computing models enable more data processing, even from diverse sources. In spite of the challenges
experienced while combining and analyzing the models, the hybrid model exhibited immense prospects in
improving business decisions.

3. Methodology

3.1 Overview of the Proposed Framework

The proposed model of DSS utilizes both deep learning approaches and cognitive computing approaches to
improve the decision-making process in the enterprise. Through this combined method, the DSS will be able to
analyze and process data, whether structured or unstructured, providing valuable information that will support
the decision-making process. The core of the model is based on deep learning, which can predict events, classify
problems, and identify anomalies. Besides, cognitive computing is employed in the framework to deal with
unstructured data and mimic human reasoning.

2. Data

1. Data Collection Preprocessing 3. Model Layer 4. Decision Support 5. End Users
Engine
Structured Data Deep Learning : ® ;
* ERP Systems ;5} Models Cognitive Computing m =
¢ CRM Systems E Techniques .
« Databases —p  *DataCleaning o /ﬂ\ N Managers
o
Unstructured Data » Normalization g 0O g 4 HT/' o PrastEtens o Analysts
(=] < o) ¢ Feature o « Recommendations * Executives
- ) Extraction « Business
s e * NLP e Tneiohte Stakeholders
« Social Media T ——— « RNN  Business Insights
¢ Reviews . . * Knowledge Graph
e Audio / Multimedia » LSTM « Reasoning Engine
——

*

‘ 6. Performance Evaluation ‘

e

||I e Precision ¢ RMSE / MAE
-
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Figure 1. Architecture of the Proposed Deep Learning and Cognitive Computing-Based Business
Decision Support System

Figure 1 depicts the architecture of the suggested Business Decision Support System that operates under the
concept of deep learning and cognitive computing. In order to develop such an architecture, data needs to be
collected from various enterprise systems, databases, social media, and multimedia. The collected data goes
through several preprocessing processes, which improve data quality. To solve problems of prediction,
classification, and pattern analysis, different deep learning algorithms like CNN, RNN, and LSTM can be utilized.
Insights and recommendations are produced using cognitive computing techniques like NLP, knowledge
representation, and reasoning processes. The final step of building a system is generating business insights from
a decision support engine. Some of the commonly used metrics when evaluating a model include accuracy,
precision, recall, F1-score, RMSE, and MAE.
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3.2 Deep Learning Component

In terms of the deep learning component of the DSS framework, various types of neural network models, such as
CNNs, RNNs, and LSTMs, can be incorporated in the system. Such types of models are particularly effective when
it comes to analyzing sequential data, image data, and time series data. As a result, using a deep learning model,
the system is capable of making accurate decisions through pattern recognition.

3.3 Cognitive Computing Component

The other aspect that comes with this model is the incorporation of cognitive computing to enable a better
decision-making process within the system using unstructured data such as text, voice, and pictures. The DSS has
the potential to utilize techniques such as NLP and knowledge representation (such as knowledge graphs) in
understanding and drawing inferences from data, similar to human reasoning. The cognitive factor is essential
for understanding context and making decisions that are not purely numeric but rather informed by insights
drawn from multiple sources of data.

3.4 Data Collection and Preparation

For any DSS, the data factor is very important for the functioning of the system, and this model is no different.
Data refers to structured data obtained through the business processes and also from other external sources like
social media feeds, multimedia data, and so forth. The preprocessing and normalization of data help in ensuring
that the data being fed into deep learning algorithms and cognitive computing models is clean and relevant.
Structured data is sourced from traditional systems such as ERP, CRM, and transaction databases. Structured data
helps capture important business data such as financial transactions, sales, and customer information. The data
is easily manipulated and managed by regular database management software. Unstructured data, on the other
hand, is sourced from multiple places, including customer reviews, social networking sites, audio files, and other
multimedia files. The text data is processed by the NLP technique while visual data is processed using the image
recognition method. By combining both structured and unstructured data, it is possible for the system to make
decisions that would not have been possible using a traditional DSS.

3.5 Preprocessing and Normalization

Preprocessing of the data is vital for maintaining the quality and consistency of the data. Structured Data:
Techniques like Z-score normalization and Min-Max normalization can be employed to standardize data, making
sure that all the attributes are on the same scale. Unstructured data is processed using tokenization, stop-word
removal, and stemming to preprocess the text for further analysis, while image data is resized and normalized to
fit the deep learning models.

3.6 Model Description

DSS uses a model that can analyze both structured and unstructured data through its deep learning techniques
and cognitive computing approach. The deep learning models are developed specifically for pattern recognition,
prediction, and anomaly detection tasks, and cognitive computing techniques are used to interpret unstructured
data and emulate the process of human reasoning.

¢ Loss Function (Mean Squared Error - MSE)

Loss Function measures the correctness of the output predictions of the model concerning the actual target
values. Mean Squared Error (MSE) is an example of a loss function applied in regression models.

The MSE is calculated as follows:

MSE =~ 3" (vi— 7)) &)

In Equation (1), where:
e y;is the actual value (true value).

e ¥ is the predicted value.

e This is the number of data points.
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The aim of calculating MSE is to minimize the difference between the actual value and the estimated one, which
makes it especially relevant for calculations performed in Linear Regression and similar models.

3.7 Deep Learning Models

The major pillars of the framework include the deep learning algorithms that are responsible for the analysis of
structured and sequential data on a large scale. The CNN algorithm can be applied in cases where there is a need
to analyze images, such as product images or visual customer feedback. In cases where sequential data has to be
analyzed, the RNN algorithm and its extension, the LSTM network, can be applied. The algorithm learns from the
data automatically and makes predictions based on the data provided.

3.8 Cognitive Computing Techniques

With respect to the cognitive computing component, the DSS is able to manage unstructured data that includes
text data, voice data, image data, and more. The use of text data involves making sense out of data, sentiment, and
context through the use of NLP models such as transformers (BERT and GPT). The models are employed in
sentiment analysis, topic modeling, and named entity recognition, among other methods, which could help make
sense of customers' feedback or market sentiments. Advanced associations between multiple entities in the
business are captured through knowledge representation models, such as knowledge graphs.

3.9 Evaluation Metrics

There are several methods that are employed in assessing the efficiency and effectiveness of the proposed DSS
framework when considering both deep learning and cognitive computing domains. This is significant in
assessing the performance of the accuracy of the prediction and the decision-making quality of the model.

e Deep Learning Evaluation Metrics

While assessing the predictive abilities of the model, certain measures, including accuracy and precision, can be
considered. Accuracy is a measure of determining whether the model can predict effectively, while precision
determines the ability of the algorithm to minimize the number of wrong predictions. Recall is another measure
that reflects the ability of the model to detect the required instances, particularly those that have dire
implications if not detected (e.g., detecting fraud). This metric is a combination of these two metrics as a part of
their harmonic mean.

e Regression Evaluation Metrics

Metrics such as MAE and MSE are employed for regression problems, which involve predicting continuous values.
These measures evaluate the differences between predicted and actual values, thus acting as reliable predictors
of prediction success. There is another measure of a model that has a larger penalty for larger errors: this is called
the RMSE.

o Cognitive Decision Quality Metrics

The Cognitive Decision Quality metric is added to assess the performance of the cognitive computing
components. This indicator evaluates how relevant, context-aware, and effective the decisions taken by the
system are. Evaluation of the ability of the cognitive computing components to simulate human reasoning and
deliver relevant decision support is carried out by human experts. In addition, business outcomes, such as
increased customer satisfaction or cost savings, are measured to evaluate the success of the cognitive decisions
taken by the system.

e Model Comparison Metrics

Finally, AUC-ROC is used to test a binary classification model, such as to determine whether transactions are
fraudulent or not. This metric provides insight into the model's ability to balance true positives and false
positives. Additionally, a confusion matrix is used to offer a comprehensive analysis of the model's performance
based on the prediction results.

Confusion Matrix and AUC-ROC

A Confusion Matrix is a tabular summary used for evaluating the effectiveness of classification models. It shows
the numbers of True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). It gives a
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complete overview of how the model is performing. Other metrics, such as Precision, Recall, F1-Score, and
Accuracy, are calculated based on these figures.

Proposed Deep Learning and Cognitive Computing DSS Algorithm
Input:

Structured and unstructured business data X

CNN, RNN, and LSTM models

NLP and cognitive computing techniques

Output:
Predicted business insights §
Context-aware decision recommendations

Data Collection
Collect structured data from ERP, CRM, and databases.
Collect unstructured data from reviews, social media, and multimedia sources.

Data Preprocessing

1
2
3
4
5. Apply cleaning, normalization, tokenization, and feature extraction techniques.
6 Deep Learning Analysis

7 Use CNN for image analysis.

8 Use RNN and LSTM for sequential and time-series prediction.

9

. Loss Function Calculation
10.  Calculate Mean Squared Error (MSE):

1w .
MSE =HZ(Yi -y
i=1

5. Cognitive Computing Analysis
6. Apply NLP and knowledge representation techniques to extract contextual insights.
7. Decision Support Generation
8. Combine deep learning outputs and cognitive insights to generate business recommendations.
9. Performance Evaluation
Calculate Accuracy:
A TP+ TN
Y = TP+ TN + FP + FN
Calculate Precision:
Precision — TP
recision = -
Calculate False Positive Rate (FPR):
FPR= ———
FP + TN
Evaluate using Recall, F1-score, RMSE, MAE, and AUC-ROC.
8. Final Output
9. Generate predicted outcomes and actionable business decisions.

End
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The programmatic business decision support system, which is proposed to be developed in this work, integrates
structured and unstructured business data and draws intelligent business decisions based on the information.
The framework uses preprocessing methods like normalization, tokenization, and feature extraction before
applying CNN, RNN, and LSTM models to the prediction and pattern analysis. Unstructured data is analyzed to
gain contextual insight through cognitive computing technologies, such as NLP and knowledge representation. It
is a combination of deep learning outputs and cognitive reasoning, which is used to generate actionable
recommendations, with the evaluation of performance metrics based on: Accuracy, Precision, Recall, F1-score,
MSE, RMSE, and AUC-ROC.

4. Results and Discussion
4.1 Software

In implementing the hybrid DSS, the Python environment version 3.7+ was used together with the TensorFlow
2.0, Keras, and PyTorch libraries to develop models. In addition, Natural Language Processing (NLP) models like
BERT and GPT were used through the Hugging Face Transformers library. Pandas and NumPy were used for data
manipulation and processing, and data visualization was done using Matplotlib and Seaborn. The evaluation
metrics, which include Accuracy, Precision, Recall, and F1-Score, were computed using scikit-learn. The
environment where the system was developed is the Jupyter Notebook and PyCharm platforms, and it was run
on Ubuntu 20.04 LTS with NVIDIA GPUs (RTX 3080/3090) to speed up deep learning training processes. Version
control and collaboration were done using Git and GitHub.

4.2 Parameter Initialization

For the deep learning models, hyperparameters were set for the different components. The CNN had an
architecture of three layers, each containing 32, 64, and 128 filters, with a kernel size of 3 x 3 for the convolution
layers. ReLU function was employed as the activation function, and after the convolutional layers, a MaxPooling2D
layer was applied with a pooling size of (2, 2). To avoid overfitting, a dropout rate was added that was 0.25. The
RNN model consisted of two layers of 128 units each, with the tanh activation function used and a dropout rate
of 0.3 for better generalization. In LSTM, there were two hidden layers with 128 units in each layer. The activation
function used was the Tanh activation function, and the Adam optimizer with a learning rate of 0.001 was used
for the LSTM network. It took 50 epochs with a batch size of 64 to achieve stable performance.

4.3 Experimental Setup and Evaluation Metrics

The proposed hybrid DSS framework, with Deep Learning models and Cognitive Computing techniques, was
tested on a wide range of business data sets. The data sets were structured and unstructured (structured data
from ERP, CRM, and transactional databases, unstructured data from social media, customer feedback, and
multimedia sources). Deep learning models were used for classification, forecasting, and anomaly detection. CNN,
RNN, and LSTM deep learning algorithms were employed, and cognitive computing elements such as NLP and
KG-based inference engines were added to improve decision-making and add context to their predictions.

e Accuracy

TP+TN

Accuracy = TP+TN+FP+FN (2)
e Precision
Precision = —— 3)
TP+FP
e Recall
Recall = —— (4)
TP+FN

In Equation (2)(3)(4) Where TP represents True Positives, TNdenotes True Negatives, FPstands for False
Positives, and FNrefers to False Negatives.
e F1-Score

PrecisionxRecall
Fl-score =2 X ——— (5)

Precision+Recall
In Equation (5), the F1 score is the harmonic mean of Precision and Recall. It gives a single measure for the

precision and recall of a system, especially if the classes are imbalanced.
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e Root Mean Squared Error (RMSE)

RMSE = 137 (-2 (6)

e Mean Absolute Error (MAE)

n
1
MAE == 1y~ 5| @
i=1

In the equation (6)(7), where y; represents the actual values, ¥,denotes the predicted values, and n is the total
number of data points.
e Area Under the Receiver Operating Characteristic Curve (AUC-ROC)

AUC = f01 TPR(FPR) dFPR (8)
In Equation (8) Where: TPR = True Positive Rate (also known as Recall), FPR = False Positive Rate

4.4 Overall System Performance

The proposed Hybrid DSS model has proven very effective in achieving success in all the criteria used for
evaluation, especially when considering how accurate it is in determining the classification and prediction of
business results. The performance metrics were compared to traditional model-based DSS and standalone
machine learning models to show the improvements.

Table 1. Performance Evaluation of the Proposed DSS Framework
Metric | Value Interpretation
Accuracy | 94.2% High classification correctness

Precision | 93.5% Low false positive rate
Recall 92.8% | Strong detection of relevant cases
F1-Score | 93.1% Balanced performance
RMSE 17.6% Low prediction error
MAE 0.142 Stable forecasting performance
AUC-ROC | 96% Excellent class separability

Table 1, the accuracy and F1 score of the model are 94.2% and 93.1%, respectively, indicating its high accuracy
and reliability in predictions. Low RMSE (17.6%) and MAE (0.142) values show that there is very little error in
the prediction and it is important for a task of forecasting. This is further supported by the AUC-ROC score of
96%, indicating the model's excellent discrimination performance and boosting confidence in decision-making.

4.5 Comparison with Baseline Models

Comparison with other systems was done for the benchmarking of the hybrid decision support system that has
been proposed. All of the parameters analyzed, such as accuracy, precision, recall, and errors, indicated the
superiority of the proposed model compared to other decision support systems. The DSS based on rules had
lower accuracy and precision because it was based on fixed rules and failed to adjust to the changing data. The
machine learning DSS did better; however, it failed to provide an insightful context-based understanding of the
data and failed to be able to handle unstructured data, a key benefit of the proposed hybrid model.

Table 2. Performance Comparison with Baseline Models

Model Type Accuracy | Precision | F1-Score | RMSE (%) | AUC-ROC (%)
Rule-Based DSS 78.4% 77.1% 76.9% 31.2% 81%
Machine Learning DSS 87.6% 86.5% 86.2% 22.4% 90%
Proposed Hybrid DSS 94.2% 93.5% 93.1% 17.6% 96%

Table 2 shows the performance comparison of the Proposed Hybrid DSS against two base models. The proposed
system was tested for its effectiveness in five parameters: accuracy, precision, f-score, root mean square error,
and area under the curve receiver operator characteristic. It is evident from Table 2 that the hybrid model
outperforms the others in all five aspects. For instance, the DSS is more efficient than all the other models in
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terms of Accuracy (94.2%), Precision (93.5%), and F1-score (93.1%), yet it is characterized by reasonable results
with respect to RMSE (17.6%) and AUC-ROC (96%).

4.6 Component-wise Contribution Analysis

Deep learning approaches form a core of the DSS and hence are extremely important for the proper functioning
of the system. Besides the above-mentioned, CNNs are utilized to process the images, RNNs and LSTM models
help to analyze time-series data, and thus, temporal and spatial connections are established. The use of NLP
approaches and knowledge graph-based reasoning is also essential because of the cognitive computing
perspective. Unstructured data, such as texts, pictures, and sounds, can be analyzed using the cognitive computer
since it is capable of evaluating the context of the information, which is not possible in the case of conventional
computers. The deep learning feature, as well as the cognitive computing feature, is integrated through the fusion
layer, ensuring the accuracy of the decision.

Table 3. Contribution of Each Component
Component Contribution Impact
Deep Learning (CNN/RNN/LSTM) 55% predictive strength
Cognitive Computing (NLP + Knowledge Graph) | 30% contextual enhancement

Fusion Layer 15% decision optimization

Table 3 shows that Deep learning algorithms aid the system in acquiring maximum predictive capabilities (55%),
while cognitive computing assists in enriching the context of the decision-making process (30%). The fusion
layer acts as a critical component in facilitating a unified outcome, providing the last 15%.

4.7 Cognitive Decision Quality Evaluation

From the perspective of cognitive computing, it is seen that cognitive computing contributed significantly
towards increasing the level of accuracy and applicability of recommendations given by the DSS. The DSS was
able to draw more accurate insights from unstructured datasets using natural language processing and
knowledge graph-based reasoning techniques. This helped the decision makers have an insight into the dynamics
involved in the reactions of the customers in certain contexts. With cognitive computing, it became possible for
the decision makers to get not just numeric insights but contextual ones too, which could then become actionable.

4.8 Business Decision Impact and Real-World Applications

From the results, it is clear that the proposed DSS framework will be highly beneficial in actual business cases
such as financial forecasting, customer behavior analysis, and business optimization. For instance, the case study
on the integration of time-series financial data (LSTM) and sentiment analysis (NLP) and knowledge graphs gives
an insight into customer sentiments in a more dynamic way. This could result in improved efficiency of operations
in the short run and sound decision-making in the long run. The proposed system is easily adaptable to different
business scenarios such as retail, finance, healthcare, marketing, etc., and can be used to enhance business
decision-making processes.
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4.9 Performance Comparison Visualization

Performance Comparison of DSS Models (Table 2}
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Figure 2. Performance Comparison of DSS Models

The results of the Rule-Based DSS, the Machine Learning DSS, and the Proposed Hybrid DSS are compared in
terms of the various metrics in Figure 2. The Proposed Hybrid DSS achieves a 94.2% accuracy, 93.5% precision,
93.1% F1-Score, 17.6% RMSE, and 96% AUC-ROC, which is the highest among the other models. However, the
Rule-Based DSS had an Accuracy of 78.4% and 81% AUC ROC, and the Machine Learning DSS had an Accuracy of
87.6% and 90% AUC ROC. From the results obtained, one may conclude that the hybrid method proposed is quite
effective.

Table 4. Comparative Analysis of the Proposed Hybrid DSS with Previous Studies

F1-
Study Method/Approach Accuracy | Precision | Recall Score
Sudrez-Araujo et al.
Hybrid N 1 Archi D 1.749 N/R 229 1.119
(2021) [24] ybrid Neural Architecture DSS 9 % / 90.22% | 9 %
. . 93.00%
Rabie et al. (2022) [23] BiLSTM-based DSS 93.07% 92.00% | 92.00%
Propose.d Hybrid DSS | Deep Learning + Fognitive Computing 94.2% 93.5% 92.8% 93.1%
(This Study) + Fusion Layer

Table 4 gives a comparative analysis between the suggested hybrid DSS and the existing literature. developed a
Hybrid Neural Architecture DSS with an Accuracy of 91.74%, high Recall (90.22%) and F1-Score (91.11%), but
it did not provide any detailed information on the Precision values. The proposed a BiLSTM-based DSS with an
Accuracy of 93.07%, a Precision of 93.00%, and a Recall of 92.00%, to obtain an F1-Score of 92.00% . Compared
with both, the Proposed Hybrid DSS (this study) gave a better result for all the output parameters, such as
Accuracy (94.2%), Precision (93.5%), Recall (92.8%), and F1-Score (93.1%), showing the effectiveness of the
hybrid approach, which was implemented using deep learning with cognitive computing and a fusion layer
[23][24].

5. Conclusion

In this research, also have looked into deep learning and cognitive computing algorithms in the context of
Business DSS. The results of the proposed Hybrid DSS models were compared with the traditional rule-based
and machine learning DSS models, and it was observed that the proposed Hybrid DSS outperforms the traditional
rule-based and machine learning DSS models in all the key metrics. In detail, the Proposed Hybrid DSS attained
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the highest accuracy of 94.2%, the highest precision of 93.5%, the highest F1 score of 93.1%, the lowest RMSE
value of 17.6%, and the highest AUC-ROC value of 96%, suggesting excellent classification, prediction, and
context-aware decision making. The accuracy of the Rule-Based DSS was 78.4%, and of the Machine Learning
DSS was 87.6%, with AUC-ROC of 81% and 90%, respectively. The hybrid approach showed remarkable
improvements in prediction accuracy and improved decision quality. The incorporation of deep learning models
for predictions and cognitive computing for reasoning allowed the DSS to deal with both types of data and provide
relevant outputs. Though faced with interpretability problems in models and difficulties with data integration,
the integration of deep learning models and cognitive computing technology also offered great potential for
overcoming those shortcomings. It is evident that future research will allow for improving models for real-life
situations.
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