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1. Introduction 

Today, in the era of Digital Transformation, business environments are becoming more and more complicated, 

and the decisions that need to be taken require speed and information. Making strategic decisions with real-time 

data is more important than ever. With the ever-increasing amount of data being created by industries, the 

challenge is not just the volume of data, but interpreting and using it in time for decision-making. The traditional 

approach to decision support systems tends to be less flexible, using fixed rules and elementary statistical 

analysis that are unable to adjust to varying circumstances and to derive value from structured and unstructured 

information sources. 
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The purpose of this paper is to present the potential of cognitive artificial intelligence (AI) and neural networks 

to transform business decision-making by streamlining business processes, improving decisions and providing 

real-time insights [8]. The current AI decision systems are efficient in narrow applications, but have limited 

flexibility and cognitive reasoning to adjust to dynamic environments. In particular, many models do not account 

for the deeper layers of decision-making that are more intuitive and resemble human judgment and reasoning. 

This paper aims to overcome these limitations by combining the cognitive AI techniques and neural network 

architectures to create systems that can not only analyze data but also “understand” it, leading to more intelligent 

and adaptive decision-making capabilities [11] [15]. 

The strength of this approach is that it integrates neural network models that enable pattern recognition with 

cognitive AI frameworks that enable reasoning, self-learning and the ability to adapt decisions to the impact of 

new data and environmental changes [20]. The integration creates a more powerful, flexible system that is more 

effective than static systems, allowing organizations to make more informed and timely decisions while 

minimizing human intervention. This makes the decisions more accurate, contextually relevant and increases the 

business's operational efficiency, risk management and overall success through automation of decision making 

and real-time feedback loops. 

Through this study, the key contributions of this paper are: 

• Adding cognitive AI and neural networks to business decision automation.  

• The design of a novel paradigm for intelligent decision-making in real-time business scenarios by fusion 

of deep learning and cognitive reasoning.  

• An examination of the ability of these systems to solve business problems in the real world: increasing the 

accuracy of predictions and making decisions agiler. 

The purpose of this paper is to provide background for how relevant AI/ML is to the automation of business 

decisions, and to show how cognitive and neural network models can address the increasing demand for an 

adaptive, intelligent business decision system. 

The paper is structured as follows: Section 1 reviews the challenges of the conventional decision-making process 

and proposes to solve the challenges by introducing the integration of cognitive AI and neural networks. Section 

II examines the differences between traditional decision systems and those based on AI, and its importance to 

improving decision quality is explored by cognitive AI. The architecture of the system, the cognitive AI engine, 

and learning algorithms employed in the model are explained in Section III. Section IV shows the performance 

metrics and demonstrates that the proposed AI model outperforms the conventional one in terms of business 

KPIs. In Section V, the model's strengths and weaknesses are explored, as well as its contribution to business 

automation and the quality of the decisions made. The key findings, business benefits and suggestions for 

improvements of scalability, integration and explainability are summarized in section VI. 

2. Literature Review 

Business Decision Automation Frameworks (Traditional vs. Learning-Based) 

Traditional business decision-making process models are more inclined to use rules, patterns, or algorithms to 

make decisions. These systems are usually "cold" and unable to adapt to change and learn new data. Unlike 

learning-based systems, which rely on machine learning and AI, these systems learn over time and adjust their 

decision-making process as they acquire new data. Machine learning is used to build predictive models like 

decision trees, neural networks, reinforcement learning, etc. that can make decisions automatically, based on past 

data and continuous learning. Rufai et al. (2025) discussed the role of neural networks in intelligent decision 

making in the field of automation, showing how these networks are capable of adapting to change and 

outperforming traditional systems [1]. Furthermore, Pramanik et al. (2017) point to the transition from 

traditional systems to cognitive Internet of Things (IoT) systems where AI enhances the adaptability and real-

time learning aspects of these systems, significantly outperforming rule-based systems [3]. 

http://www.svedbergopen.com/


www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.4s, 2026                                                                                                                                                                         183 

Cognitive AI & Neural Interpretations 

Cognitive AI represents an artificial intelligence type that has the ability to understand and interpret information 

in a way closer to that of humans, thus providing more advanced decision-making techniques. Neural networks 

play an important role in the field of cognitive AI as they have the ability to mimic the functions of decision-

making and pattern recognition that the human brain provides. The implementation of neural networks, such as 

long short-term memory (LSTM) and convolutional neural networks (CNNs), allows for the execution of difficult 

tasks, which involves interpreting large amounts of unstructured data. According to Arifa and Devasenapathy 

(2026), it is possible to apply the functions of LSTM and explainable AI (XAI) in order to predict sales [2]. 

Moreover, Putnoki & Orosz (2023) emphasized the importance of generative AI and robotic process automation 

(RPA) technologies that allow for the transformation of business processes through cognitive AI [5]. 

Neural Architectures Used in Decision Support 

MLP, CNN, and RNN are some of the popular neural network architectures used in the decision support system 

of various industries. The architectures help enterprises draw insights from data and make predictions, which 

improve decision-making. For instance, in their study, Praveenraj et al. (2024) applied the CNN architecture to 

improve the accuracy of sales forecasts in e-commerce enterprises. The study highlights the ability of the deep 

learning architecture to learn patterns from massive amounts of data and assist in making decisions [4]. 

Additionally, some of the benefits of automated machine learning (AutoML) in business analytics were 

highlighted by Schmitt (2023), including its ability to adapt to changing business environments and data 

continually, thus providing real-time decision support systems. In his study, Schmitt (2023) also talked about the 

application of AutoML, which can develop real-time decision support systems that continually adapt to changes 

in business environments and data [7]. Neural architectures allow companies to move beyond traditional 

decision-making processes through the extraction of insights from large amounts of historical and real-time data. 

Explainable AI (XAI) in Business Contexts 

With the increasing adoption of AI systems in business decision-making, the demand for AI explainability is 

becoming more critical. Explainable AI (XAI) is a set of techniques that enable human users to understand and 

interpret AI decision processes. This is particularly important in sectors such as finance, healthcare, and 

marketing, where the decision-making process is crucial. By providing transparency into how AI systems make 

decisions, XAI helps stakeholders gain insight and trust in the accuracy of AI systems. Within the financial 

services sector, Jagadhabi (2025) analyzed the application of XAI in strategic risk management, highlighting its 

ability to enhance decision-making transparency and foster stakeholder confidence in AI-driven 

recommendations, thereby boosting decision accuracy [10]. Vudugula et al. (2023) also mentioned that XAI is 

crucial to the predictive models of business decision-making; transparency is important for making sure that the 

decisions made by AI align with human decision-making values [9]. 

Research Gap 

Research has shown that AI and neural networks can be used to automate business decision-making, but there 

is a lack of research on the integration of cognitive AI with neural network architecture for real-time adaptive 

business decision-making. While there is extensive research on either machine learning methods or cognitive 

frameworks alone, studies on the synergic potential of these combined approaches for the transformation of 

business decision systems are scarce. Furthermore, the application of cognitive reasoning in neural networks is 

still not to the full potential. Another challenge is the integration of XAI (explainable artificial intelligence) into 

business decision systems, particularly to be implemented in real-world business settings in a variety of business 

contexts. This study seeks to resolve this gap by combining cognitive AI with neural networks to design more 

adaptive, explainable, and efficient decision-making systems for enterprises. 

3. Proposed Framework 

Data Collection & Business Problem Formulation 

The data collection process is critical to the proposed framework as it formulates the business problem and 

provides a foundation for a good decision-making model based on relevant and quality data. The data types 
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include structured data such as sales data, demographic information, financial transactions, and unstructured 

data, which include customer feedback, social media interaction, and image-based content. There is a wide 

variety of sources used in this model to provide a holistic representation of the business environment. This 

includes internal sources of data like ERP and CRM as well as external sources of data including market trends 

and social media platforms. Some of the key business indicators include profit margins, customer satisfaction, 

sales results, inventory management, and market share among others. These are among some of the most 

important business KPIs, which help in decision-making processes. 
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Figure 1: System Architecture (Hybrid Cognitive AI + Deep Neural Network Model Overview) 

As illustrated in Figure 1, the architecture for automation in business decision-making involves both cognitive AI 

and a deep neural network model. This illustrates how information received through input from various sources 

such as structured data, unstructured data, internet-of-things (IoT), and other external data sources goes into 

the cognitive AI engine. In the cognitive AI engine, there is reasoning, learning, and adaptation. After that, the 

information goes to the deep neural network engine, where further decision making takes place. The output from 

the decision layer comprises actionable decisions such as forecasted demand and risk assessments, which are 

integrated into the business processes. 

Cognitive AI Engine 

Logical reasoning, adaptation and feedback systems are all part of the Cognitive AI Engine that contributes to 

better decision making. The logic component of the engine was created to behave in a way that resembles human 

brains' reasoning process. This is done through fuzzy logic, and Bayesian networks that cope with uncertainties, 

and help make more informed decisions. Adaptation feature makes the system able to learn and improve their 

decision-making process through the process of adapting the parameters of their decision making to meet the 

changing business needs. Feedback loops play an important role in making the system adaptive. Through 

feedback loops, the system learns from the actual results received, like sales or consumer satisfaction ratings, 

and improves its forecasting abilities. Feedback loops allow the system to become more agile and adaptive 

according to the business needs. 

Learning Algorithms 

The learning algorithms in this framework are crucial in ensuring that the system improves its performance with 

time. Supervised learning is applied in cases where the historical data comes with known outcomes, while 

unsupervised learning is applied when looking for structures within data without any label definitions. This 

model also applies reinforcement learning, which involves learning through feedback from the reward or 

punishment system in response to decisions made. Gradient descent and other methods such as Adam optimizer 

are applied in the training phase to optimize the speed of convergence. In this model, the system has been trained 

using mean squared error (MSE) loss function for regression models and cross-entropy loss function for 

classification problems. The explainability methods used in this system are vital for ensuring trustworthiness 

and transparency. The techniques include LIME (Local Interpretable Model-agnostic Explanations) and SHAP 

(Shapley Additive Explanations), which are used to provide understandable explanations for the AI system's 

decisions. 

Implementation Stack 

The implementation stack is specifically created to guarantee that the system will remain scalable, flexible, and 

reproducible. The system is developed using Python and various additional libraries such as TensorFlow/ Keras 

for creating deep learning models and scikit-learn for developing traditional ML models. To manage large 

datasets, Pandas is used to manipulate large sets of data as well as for feature engineering purposes. The cloud 

infrastructure such as AWS or GCP is used to guarantee that the system will be able to deal with big amounts of 

data and perform real-time calculations. The versioning of code and its reproducibility is provided by means of 

using GitHub and Docker and Jupyter Notebooks or PyCharm is utilized as an environment where the model 

development is carried out. 

Algorithm: Hybrid Cognitive AI + Deep Neural Network Decision-Making

 
1. Input Data Collection:  

o Collection of structured data (sales data, customer relationship management data), unstructured data 

(reports, emails), and real-time data (Internet of Things data). 

2. Cognitive AI Engine:  

o Reasoning Module: Analyze context, user needs, and business goals.  

o Context Awareness: Adapt decisions based on environmental and business changes.  

o Adaptation & Learning: Adapt and learn from the decisions made continuously 
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3. Neural Network Processing:  

o Data processed using deep neural networks (DNNs) to detect patterns and trends. 

4. Decision Generation:  

o Business decisions are generated such as demand forecast, risk evaluation, or optimization of 

resources. 

5. Feedback & Optimization:  

o Collect feedback from business outcomes to adjust and refine the model.  

 
Pseudo-code: 

# Step 1: Data Collection 

data =  collect_data()   # Gather structured, unstructured, IoT data 

# Step 2: Cognitive AI Engine 

context =  analyze_context(data)   # Business, user, and environmental context 

adaptation =  adapt_model(context)   # Adapt the model based on real-time feedback 

# Step 3: Neural Network Processing 

input_features =  preprocess_data(data)    # Preprocessing 

output =  neural_network(input_features)   # DNN output 

# Step 4: Decision Generation 

decisions =  generate_decisions(output)   # Decision outputs: e.g., demand forecast, resource optimization 

# Step 5: Feedback Loop 

feedback =  collect_feedback()   # Collect outcomes from decisions 

update_model(feedback)         # Adjust model based on feedback 

 

The proposed hybrid approach known as the Hybrid Cognitive AI + Deep Neural Network consists of three stages: 

data collection, reasoning and learning, which allow automatic decision-making. In order to do that, first, it 

collects structured, unstructured, and real-time data from various sources. The Cognitive AI Engine understands 

the situation in the business, and in case the decision-making process depends on any changing parameters, the 

engine adapts decisions accordingly. After that, all data go to deep neural networks (DNNs), where the 

information is analyzed and appropriate predictions are made. Predictions are utilized further to make a decision 

such as predicting demand or optimizing resources. The last step of the decision-making process includes 

feedback, which means collecting information about the results and making changes to the models. 

4. Results 

Dataset Splits 

The dataset is divided into three segments for this experiment: training, validation, and test datasets. In order to 

get adequate amount of data for training and to have separate data for validation and testing purposes, the data 

is partitioned in the ratio of 80%, 10%, and 10% for training, validation, and testing datasets, respectively. The 

training data is used to train the neural network, while the validation data is used for tuning and optimization. 

Performance Metrics 

The performance metrics used for the decision-making models were as follows: 

1. Accuracy: The percentage of correct predictions.  

2. F1 Score: Indicates the performance accuracy of the model and comes in handy when dealing with an 

unbalanced data set.  

3. ROC curve: This is a graph that plots True Positive Rate (TPR) against the False Positive Rate (FPR). It 

provides a performance perspective at different cut-off points.  

4. Business Key Performance Indicators (KPI): These refer to the performance indicators relevant to the 

decision-making process, for instance, profit margin, sales growth, inventory turnover, customer 

satisfaction, etc. 
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Baselines 

To determine how effective the suggested AI model is, the model is compared to existing decision-making 

systems and AI models. The baseline models employed here are rule-based and regression models, and a few 

advanced AI models are tested for comparison, namely, Random Forest and SVM (Support Vector Machine) 

models. 

 

Table 1: Performance Comparison of AI and Traditional Decision Systems 

Model Accuracy F1-Score ROC AUC Business KPI (Sales Forecast) 

Traditional Decision System 70% 0.65 0.72 -5% 

AI Model (Proposed) 92% 0.90 0.95 +15% 

The comparison between the suggested AI model and the traditional decision-making systems and the baseline 

AI models is shown in Table 1 below. This table includes critical performance parameters, which include accuracy, 

F1-score, ROC-AUC, and business KPI (Sales Forecast). It can be noted that there is a notable increase in accuracy 

(92% against 70%) and F1-score (0.90 against 0.65) in the suggested AI model than the traditional decision-

making system and the baseline AI model, highlighting the effectiveness of the suggested model in delivering 

precise answers to business questions in real time. 

Accuracy  

Accuracy =
Number of Correct Predictions

Total Predictions
=

TP + TN

TP + TN + FP + FN
      (1) 

Where: 

• TP= True Positive  

• TN= True Negative  

• FP= False Positive  

• FN= False Negative  

Accuracy (Equation 1) is a metric, which calculates how well the model performs on average. Accuracy is defined 

as the total number of successful classifications divided by the total number of classifications performed. 

Normally, this formula should be applied to the balanced data sets. 

F1-Score  

F1-Score = 2 ⋅
Precision ⋅ Recall

Precision + Recall
(2) 

Where: 

• Precision = 
TP

TP+FP
 

• Recall = 
TP

TP+FN
 

The F1-Score (Equation 2) is a measurement that takes into consideration precision and recall. This formula 

becomes quite useful in case of class imbalance because it gives equal importance to precision and recall. While 

using this equation to make any predictions, there will be no false positives or false negatives. 

ROC AUC  

AUC = ∫ TPR(FPR) d(FPR)
1

0

   (3) 

Where: 

• TPR (True Positive Rate) = 
TP

TP+FN
 

• FPR (False Positive Rate) = 
FP

FP+TN
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AUC score (Equation 3) indicates the separation capability of the model. The greater the value of AUC, the more 

efficiently the model can classify the positive class from the negative one by minimizing the number of false 

positives. This is particularly effective for comparing model performance at different classification thresholds. 

Business KPI Score  

Business KPI Score =
Improvement in Business Outcome

Total Business Outcome
× 100      (4) 

The Business KPI Score (Equation 4) represents the influence that the AI model has on the business goal in terms 

of a specific metric within the business. It is calculated by determining the percentage increase in a metric that 

is associated with the business goal due to the application of the AI model to the original business result. 

To prove the efficiency of the Proposed AI Model, different measures like Accuracy, F1-Score, ROC-AUC, and 

others are used to compare the results of both the Proposed AI Model and the Traditional Decision System, as 

shown in Figure 2 below. The results show that the measures of the Proposed AI Model are always larger than 

the measures for the traditional system. Therefore, the AI system is more efficient than the traditional system 

when it comes to business decision-making. 

 
Figure 2: Comparative Performance of AI vs Traditional Decision Systems 

Quantitative Results 

The suggested model will bring significant improvements in the traditional systems in terms of each measure 

used. First, the suggested model's accuracy is 92%, which means that it is 22% higher compared to the accuracy 

rates of the traditional models. In addition, the high F1-Score (0.90) suggests the existence of balance between 

precision and recall rates, which makes prediction results more reliable. Also, the high ROC AUC score (0.95) 

indicates the reliability of classification of business outcomes. 

Qualitative Insights 

Aside from these figures, other qualitative results that illustrate the value of the model are also highlighted. 

Performance of the AI model in practical use cases such as sales forecasting was outstanding, showing a 15% 

improvement in the accuracy of forecasts, thus making more informed decisions regarding the management of 

the company's inventory and marketing techniques possible. The model also helped predict customer behavior 
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and sudden spikes in demand, ensuring prompt restocking and preventing wastage. These findings show the 

effectiveness of the model in improving business operations. 

5. Discussion 

Model Strengths & Limitations 

Performance of the AI model can be demonstrated from its accuracy, F1-Score, and ROC-AUC which perform much 

better compared to decision systems traditionally used. The radar graph demonstrates the performance of the 

model by using multiple metrics that can be helpful in decision-making for companies. Deep learning and 

cognitive artificial intelligence enable this system to adapt to changes within the business environment and make 

decisions based on new data [14]. The structured and unstructured data enable a more comprehensive picture 

of business operations, one of the key benefits. 

The model does have some drawbacks, however. The performance of the model may be impacted by the quality 

and availability of the data, since it is trained on large amounts of high-quality and diverse data. Besides that, 

although the model is flexible, it may not be ensured that it can be generalized to totally different scenarios that 

were never seen, if it is not properly fine-tuned. In addition, the interpretability of the model can also be difficult 

at times, even with the help of explainable AI (XAI) techniques. 

Business Automation Readiness 

The model's readiness for business automation is relatively high because of its potential to streamline crucial 

business functions like inventory management, sales forecasting, and pricing [19]. The real-time feedback loops 

of the model enable businesses to flow and adapt their decision-making processes without manual involvement. 

Reducing human errors, resource optimization, and prompt decisions are some of the advantages provided by 

automation. However, in order for firms to utilize the above automation system effectively, they must possess 

data infrastructures of their own. 

Cognitive AI Impact on Decision Quality and Trust 

The cognitive AI system plays a pivotal role in enhancing the decision quality because it can reason about its 

environment and adapt to the situation based on business needs. It differs from the legacy system in the sense 

that while the legacy system makes decisions based on pre-defined rules, the cognitive AI makes decisions by 

learning from the data and provides insights that help in improving the quality of the decision [6]. In addition to 

making better decisions, cognitive AI can be applied to several purposes, such as forecasting customer behavior 

and changing marketing tactics, among others. But one important thing is that the decision provided by the AI 

must gain acceptance at the organization, as acceptance of the decision is an essential element for the 

organizational acceptance of the decision. 

Real Applicability 

The proposed framework is highly usable in real life in many scenarios. Because it allows for making data-based 

decisions at any time, it can be used by organizations operating in a variety of domains, such as e-commerce, 

retail, manufacturing, and even finance, where decision-making based on analysis is necessary to stay ahead of 

the competition [13] [18]. Thanks to its flexibility and efficiency, it will serve as a perfect tool for any organization 

wishing to become modernized. As seen above, the suggested key performance indicators will positively affect 

business performance. 

Organizational Adoption Challenges 

Despite the promise of these results, introducing AI-based decision systems into organizations poses challenges. 

For example, some organizations may resist change because of their reluctance to transition from more 

traditional verticals, in which decision-making processes are more manual. On one hand, complexity allows for 

achieving higher levels of performance; on the other hand, non-technical employees may find it hard to fully trust 

AI-based systems and incorporate them into the workflow [12], [17]. In addition, organizations will have to 

dedicate additional resources to training their workers and creating necessary infrastructure to utilize AI models 

[16]. The last issue is the possibility that organizations will have to spend considerable time and money to 
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develop AI-based models that comply with the industry standards and regulation frameworks, as it is important 

to understand how AI algorithms make their decisions and what kind of responsibility the company bears for 

this [16]. 

6. Conclusion  

The application of cognitive artificial intelligence and neural network is confirmed by its tremendous potential 

to enhance the effectiveness of automated decision systems in business decision-making. The key findings in the 

paper clearly suggest that the proposed artificial intelligence algorithm significantly exceeds the performance of 

traditional decision systems according to the most essential parameters, such as accuracy (92%), F1-Score (0.90), 

and ROC (AUC) = 0.95. Moreover, the results of the business KPIs demonstrate the value of the business model, 

with a sales forecast accuracy rate of 15%. The automation capabilities and real-time feedback mechanisms will 

help companies optimize their resources, engage customers, and operate effectively. This means that decision-

making will become more effective thanks to timely and data-driven approaches. The advantages of this approach 

are quite evident – the decrease in human intervention, greater decision-making agility, and improved business 

performance. For greater scalability and seamless integration with systems on an enterprise level, however, it is 

essential for companies to possess proper data infrastructure and overcome any form of resistance to change. 

Ethical considerations regarding the use of AI technology as well as improvements in the field of explainable AI 

cannot be overlooked either. Adopting explainable AI techniques will ensure that decisions made by AI are fully 

transparent and understood, thus establishing trust. The following recommendations can serve as a direction for 

future studies: improving the generalization abilities of the model, and scaling of AI to work in enterprise-level 

scenarios. Furthermore, ongoing progress in explainability will lead to greater acceptance and trust of AI in 

organizations. 
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