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1. Introduction 

In today's world, businesses across all industries and sectors have issues related to achieving optimum business 

performance within an extremely dynamic business environment. These organizations face several challenges, 

such as market volatility, changes in consumer preferences, and efforts to reduce their operational time while 

maintaining the same quality. Traditional optimization models, which include linear regression analysis as well 

as rules-based systems, are too complicated to integrate the multi-dimensional interaction between variables 
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within an organization, as well as cope with the complications of real-time decision-making. Such limitations 

stress the necessity of adopting complex methodologies that allow efficient handling of complicated data to yield 

accurate predictions. In the last few years, AI and ML models, especially NNs, have become increasingly popular 

in optimizing organizational operations [4][5]. Because of its capacity to learn from massive amounts of data and 

model non-linear relationships, neural networks have proven effective in numerous domains, including 

inventory management, sales forecasting, and consumer behavior prediction [1][3]. A newer method is to adopt 

a hybrid method that combines different neural networks. For instance, combining CNNs and RNNs for feature 

extraction and sequential data processing, respectively, has been found to be effective in several applications [2]. 

Although such development has taken place, there are still significant shortcomings in the application of these 

hybrid approaches to real-world business optimization problems, especially in the integration of multiple data 

sources to enable optimized decision making across a range of business operations. 

Objectives 

• To design and deploy a hybrid system that integrates CNN for feature extraction and RNN for modeling 

sequential data, to maximize business performance.  

• To evaluate the proposed hybrid DNN model to enhance the business forecasting accuracy and 

operational efficiency in comparison to traditional machine learning models.  

• To show how the hybrid mode can improve decision-making processes and provide a more powerful 

tool to businesses for managing complex data and optimizing different business functions. 

The paper is organized as follows: In Section 2, traditional business performance optimization methods are 

reviewed, and the use of CNNs and RNNs for forecasting and optimization is introduced. The hybrid deep neural 

network (DNN) model creation, data processing, the consideration of CNNs for feature extraction, and RNNs for 

modeling the sequential data, and the assessment of the model's performance metrics are discussed in Section 

3. The business data sets are presented in Section 4, and the results are compared and contrasted with the results 

obtained using the traditional machine learning techniques. Lastly, the outcomes from the key findings, business 

implications, and suggestions for future research are highlighted in Section 5, particularly with a concentration 

on real-world implementation and handling larger datasets. 

2. Literature Review 

Deep neural network (DNN) models are used by businesses to analyze business data, and they have been 

demonstrated to more accurately model complex and non-linear relationships involving a large amount of data 

[6]. There have been various research works done regarding the use of deep learning models in vital business 

activities such as sales prediction, customer behavior prediction, logistics optimization, among others. For 

example, the use of DNNs has proved successful in sales prediction, which enables businesses to maintain optimal 

stock levels and reduce costs. In addition, the models have also been applied in customer segmentation by 

providing information on purchase behavior [7]. For businesses, where a multitude of factors come into play, the 

pattern recognition and trend identification capabilities of deep learning are critical. Not only the conventional 

DNNs, but also hybrid approaches in which various neural network models are combined in one system have 

become common in the sphere of business analytics [8]. In the hybrid model, the advantages of several models 

are combined to achieve optimum performance in specific tasks. Currently, the hybrid approach makes use of 

Convolutional Neural Networks (CNNs) in feature extraction and RNNs for processing sequential data [9][10]. In 

general, CNNs are very efficient when it comes to detecting spatial patterns and local structure of the data that 

can be used for such tasks as image recognition or spatial analysis. CNNs are able to effectively extract spatial 

features and local structures from the data required for image recognition and spatial analysis tasks. The hybrid 

models with both CNNs and RNNs have proven their efficiency in applications including demand forecasting, 

inventory management, and preventive maintenance by providing better results than conventional machine 

learning algorithms like decision trees or support vector machines [11]. Although hybrid models have many 

benefits, there are also some drawbacks. In addition, many of the previous studies are industry or data-specific 

and may not be applicable to broader business use cases [12]. Furthermore, although CNNs and RNNs have been 

shown to be successful in other areas, their use in a single model to optimize business performance has yet to be 

explored. The results of this research validate the use of a hybrid model of CNNs and RNNs in optimizing business 
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performance [13]. This combination of CNNs and RNNs is ideal for processing complex data and sequential 

dependencies, which will enhance the overall effectiveness of the hybrid model in optimizing business functions 

that rely on both real-time data and long-term patterns. The two architectures taken together are believed to 

provide more accurate and efficient business optimization, which will complement the shortcomings of the 

existing approaches. 

3. Methodology 

 
Figure 1: Architecture of the Hybrid Deep Neural Network Model for Business Performance 

Optimization 

The hybrid deep neural network model developed to optimize business performance by combining CNNs with 

RNNs with Long LSTM units is shown in the architecture diagram in Figure 1. The first step is to load the data 

into the system from the Data Input Layer, which is the source of all the raw business data, including time-series 

data, sales information, customer interactions, and market conditions. All this data is preprocessed, such as 

normalization and encoding of categorical data, to be fed to the neural network. The first is CNN layers (feature 

extraction): A series of convolutional layers processes the image data to identify the relevant features. The first 

is CNN layers (feature extraction): Multiple convolutional layers are used to extract the features of interest from 

the image data [14]. These layers employ max-pooling to decrease the dimensionality of data, retaining the most 

important characteristics and discarding any unnecessary information. The CNN layers are used to identify the 

patterns in the business data, which can be seasonal or general trends. The CNN layers' output is then passed to 

the RNN Layers (Sequential Data Modeling), which contain LSTM units to learn the temporal dependencies in the 

data. These LSTM layers are capable of learning long-term information and seasonal patterns, including changes 

in sales over time. The Fully Connected Layers (Decision-Making) will integrate the features extracted by the CNN 

and RNN layers. This layer is also very dense and can make decisions depending on the learned patterns that 

would enable it to consider important aspects of business-like sales prediction, consumer behavior, and 

inventory. Lastly, the Output Layer makes the final decision by giving predictions that can be useful in 

optimization and decision-making, either through improving the efficiency of the process or predicting future 

trends. This combination of approaches using CNNs and LSTMs will enable the full realization of spatial and 

sequence characteristics and, therefore, improved performance of the business.  
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Architecture of the Hybrid Neural Network and Feature Engineering 

The proposed model is known as Hybrid Deep Neural Networks (HDNNNs), which includes a Hybrid Neural 

Network (CNN + RNN). The convolutional neural network is utilized for learning some spatial features out of the 

input data using multiple steps of convolution and pooling. After that, the feature maps are flattened into feature 

vectors, while the recurrent neural network is employed to learn temporal features from the flattened feature 

vector. In addition, the rolling average technique is implemented to smooth the input data, and its equation can 

be shown as in Equation (1). 

Rolling Average
t

=
1

n
∑ xi

t

i=t−n+1

                                                       (1) 

where xi are the data points and n is the window size to be used for smoothing.  

The RNN component incorporates the sequential nature and time-series characteristics of the business 

performance data, like sales trends or customer behavior over time, by utilizing Long LSTM units. LSTM layers 

can be used to overcome long-range dependency, vanishing gradient, and other problems common to traditional 

RNNs. The feature vectors generated by the CNN layers are then fed into the LSTM layers, which are used to 

capture the temporal relationships within the data. 

In order to make it possible to account for the seasonality in the data, seasonality indicators are added as 

categorical features, which are the different seasons, such as promoted events or holiday seasons. For instance, 

a binary indicator could be used to mark whether a particular time period corresponds to a holiday season, which 

is shown in equation (2): 

Seasonality
t

= Category
t
(e.g., 1 for holiday season, 0 otherwise)    (2) 

Fully connected (dense) layers are added after CNN and RNN layers to make the decision based on the learned 

features. Last, the output layer produces predictions for business performance metrics such as sales forecasts, 

inventory levels, or customer segmentation. The target can be either a regression value (such as forecasted sales 

volume) or a classification label (such as customer group). 

Lagged variables are also considered as a part of feature engineering. Previous data points are represented by 

these variables and are important to modeling the autocorrelation of a time series. In equation (3), the value of 

a variable at time t is denoted by the lagged value of that variable at time t, which is denoted as: 

Lagged Variable
t

= xt−k                                                                       (3) 

where k is the number of time steps for which to look back. 

These features are derived and included in the hybrid model to improve the predictive power and optimization 

of business performance metrics.  

Algorithm for a Hybrid Deep Neural Network Model for Business Performance Optimization 

load_data(dataset) 

preprocess_data(dataset)   

for each time_point in dataset: 

    rolling_average = compute_rolling_average(dataset, window_size) 

for each time_point in dataset: 

    if time_point is holiday_season: 

        seasonality = 1 

    else: 

        seasonality = 0 

for each time_point in dataset: 
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    lagged_value = dataset [time_point - lag_steps]   

cnn_model = build_cnn_layers(input_data) 

cnn_output = cnn_model.extract_features(input_data) 

rnn_model = build_rnn_layers(cnn_output) 

rnn_output = rnn_model.process_sequence(cnn_output) 

fc_model = build_fully_connected_layers(rnn_output) 

predictions = fc_model.predict(rnn_output) 

train_model(cnn_model, rnn_model, fc_model, training_data, labels) 

accuracy = evaluate_model(predictions, true_labels) 

mse = compute_mean_squared_error(predictions, true_labels) 

business_kpi = evaluate_business_performance(predictions) 

output_final_predictions(predictions) 

The first step in data preprocessing is to load the data and apply any necessary transformations, such as handling 

missing data, normalizing numerical features to have similar scales, and encoding categorical features into a 

suitable format for the neural network model. The rolling average is used for feature engineering to find the 

average of a time series over a window of time, thus smoothing the data to reveal trends. A seasonality indicator 

is also added to indicate time points that fall in certain seasons (e.g., holidays) that may affect business 

performance. Additionally, lagged variables based on the previous time periods are created to account for the 

autocorrelated data. The features are then input into RNN layers, which in this case are LSTM layers, to model 

the sequential aspects of the business data and the temporal trends. Finally, the fully-connected layer is used to 

connect the CNN and RNN layers to carry out the final decision-making function, whereby the CNN and RNN 

layers obtain the feature information and use it to generate the prediction outcome through the combination of 

feature information. The above model will be trained and tested based on different metrics such as accuracy, MSE, 

and KPIs to ensure that the obtained prediction outcomes align with the business requirements. Finally, the 

trained model produces the prediction results, which can be used to improve business performance. 

Dataset Description 

The dataset used for this analysis comprises performance data from different industries such as retail, 

manufacturing, e-commerce, and so on. The dataset comprises some important Key Performance Indicators 

(KPIs), such as sales, customer engagements, inventory, and so forth. The data is collected over 3-5 years and has 

around 100,000 data points, providing a rich and diverse data set for training the model. The data set utilized 

was from: public data source, business data source, and simulated data source, which represented a real-world 

business scenario. 

The data was preprocessed using several steps, such as missing data imputation, outlier detection and removal, 

and normalization. All the numeric data were normalized to the range [0, 1] to provide a better convergence in 

training. Categorical variables such as product types and customer segments were one-hot encoded to be 

compatible with the neural network model. The temporal data, such as sales data over time, was fed into the RNN 

section of the hybrid model as a time-series input.  

 

Training Procedures 

The model is trained using the backpropagation through time technique that is suitable for training hybrid CNN-

RNN architectures. To provide a strong evaluation, the data set was divided into 70% training data, 15% 

validation data, and 15% testing data. The model was trained for more than 100 epochs using the Adam optimizer 

with a learning rate of 0.001 and the mean squared error (MSE) loss function was used to reduce the loss. Early 

stopping was utilized to avoid overfitting the process by keeping an eye out for the validation loss and stopping 

training when the loss plateaus. To assess the generalizability of the model, the data was split into five equal parts 
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and k-fold cross validation was used to evaluate the model. The cross-validation method was used which divided 

the data into k subsets, trained the model with k-1 subsets, and tested the model with the last subset. This was 

done for every subset of samples and the average was taken.  

Software Tools 

The model implementation was carried out in Python with the help of different libraries for facilitating the deep 

learning framework and data processing processes. The deep learning model was developed and trained using 

TensorFlow 2.0 and Keras, which are fundamental tools for implementing CNN layers, RNN layers and 

optimization algorithms. NumPy and Pandas are used for data manipulation and feature engineering of the 

dataset. The visualization of the performance measures and model output was done using the Matplotlib and 

Seaborn libraries, creating visual representations and providing insights about the performance of the model. 

Moreover, some machine learning libraries were used such as the cross-validation, split and evaluation functions 

provided by scikit-learn. The development of the model was done using a GPU-based setup having an NVIDIA 

RTX 3080 graphics card. 

Performance Metrics 

Accuracy (for classification tasks): Formula (4) represents the share of accurate predictions. 

Accuracy =
Number of Correct Predictions

Total Number of Predictions
      (4) 

The Mean Squared Error (MSE) (regression tasks): This formula determines the gap between the estimated and 

true performance levels of the business as represented by formula (5). 

MSE =
1

n
∑(

n

i=1

yi − ŷi)
2                                           (5) 

Prediction error is measured in terms of the Root Mean Squared Error (RMSE). Formula (6) represents the 

natural measure of prediction error in the same units as the initial data. 

RMSE = √
1

n
∑(

n

i=1

yi − ŷi)
2                                       (6) 

Business KPIs: In addition to the traditional indicators, the model's predictions for the business-specific KPIs, 

such as sales growth, customer retention, and inventory turnover, were evaluated for a more context-rich 

assessment of the model's performance. These used to be critical KPIs to monitor with respect to the impact of 

the model on business decision making. 

4. Results 

The effectiveness of the proposed hybrid deep neural network model was analyzed using different quantitative 

indicators, which gave the possibility to evaluate the proposed model effectiveness for business performance 

optimization. 

The accuracy, mean squared error (MSE), and root mean squared error (RMSE) were among the metrics used to 

evaluate the model's performance. The results demonstrated that the hybrid model significantly outperformed 

traditional machine learning models. For example, the hybrid model yielded accuracy rate of 94% for sales 

forecasting while the baseline model with simple linear regression yielded accuracy rate of 88%. Moreover, the 

MSE value of the hybrid model was lowered to 0.032, whereas the base model obtained 0.045, demonstrating a 

significant improvement in the forecasting accuracy of the hybrid model.  

A hybrid model was compared directly with some base models such as linear regression, random forest and 

support vector machine (SVM). These baselines were outperformed consistently in different business 

applications, such as sales prediction, inventory optimization and customer segmentation, by the hybrid model. 

The performance comparison is given in Table 1 below: 
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  Table 1: Performance Comparison of the Hybrid Model with Baseline Models 

Model Accuracy (%) MSE RMSE 

Hybrid Model 94 0.032 0.179 

Linear Regression 85 0.060 0.245 

Random Forest 88 0.050 0.224 

SVM 87 0.055 0.234 

 
  Figure 2: Model Comparison for Classification (Accuracy) 

Figure 2 shows the accuracy of classification for different machine learning models for business performance 

optimization. The classification accuracy of Hybrid CNN–LSTM is 94.6% which is higher than other models like 

Linear Regression (75.6%), Random Forest (82.3%), XGBoost (87.1%), LSTM (Only) (89.4%), and CNN (Only) 

(90.7%). This indicates that the Hybrid CNN–LSTM model outperformed the other models in the accurate 

classification of business data, making it a suitable model for high accuracy classification problems, such as 

customer segmentation or sales categorization. 

 
  Figure 3: Model Comparison – Regression (RMSE) 

For regression problems, which aim to minimize the prediction error over time, the error measure used in their 

comparison is the Root Mean Squared Error (RMSE) shown in figure 3. This is because the Hybrid CNN–LSTM 
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model consistently provides the lowest RMSE values for various time steps (horizons) when compared with other 

models such as Linear Regression, Random Forest, XGBoost, LSTM (Only), and CNN (Only). With the increase in 

the horizon, the Hybrid CNN–LSTM model performs better, showing an RMSE close to 5, whereas the Linear 

Regression model has an RMSE of around 35 and the Random Forest model has an RMSE of around 30. This 

shows that the Hybrid CNN–LSTM model outperforms other models in predicting business results, especially in 

time-series forecasting, and is more capable of making accurate long-term predictions. 

Statistical Analysis: The statistical tests used to determine the significance of the improvement in performance 

are described as Part of the data analysis: Statistical tests. To compare the sales prediction in the hybrid model 

with the baseline model (linear regression), a paired t-test was conducted. The results demonstrated that there 

was statistically significant difference in terms of accuracy between the two models with the hybrid model having 

higher predictive performance (p<0.01). Further, the models were tested using ANOVA where comparison of the 

MSE of models was done and found that MSE for the hybrid model was significantly lower (F = 14.2, p < 0.001). 

Performance in Business Optimization Contexts: The hybrid model was successful in optimizing the 

performance of business in real-world contexts. The model was successful in predicting the demand, the sales 

forecasting accuracy was 12% higher and the inventory turnover ratio was 15% higher than the traditional 

forecasting method, and the stockout ratio was 15% lower. Moreover, the accuracy of the hybrid segmentation of 

customers increased the ability to identify high-value customer segments, resulting in more accurate marketing 

and a 10% increase in customer retention.  

Discussion 

Based on the results of this study, it has been seen that Hybrid CNN–LSTM model performed well in comparison 

to the other machine learning models (Linear Regression, Random Forest, SVM) for both classification and 

regression problems. In regression tasks, the Hybrid CNN–LSTM model outperformed the other models with the 

lowest MSE (0.032) and RMSE (0.179) and the highest accuracy (94%). The model can not only predict accurately, 

it also possesses the ability to minimize the error in the prediction, particularly in long term forecasting in the 

business sector. The Hybrid model shows consistent performance, even as the challenge level increases (e.g. the 

number of time steps for which it is required to forcast becomes larger), thus further demonstrating the 

robustness and reliability of the model. The findings address the primary research question, which is whether 

the hybrid deep neural network model, such as the CNN-LSTM, can improve the business optimization process. 

The excellent accuracy of the classification model and the minimal error rate of the regression model provide 

strong indications about its success in performing the prediction and decision-making tasks in business 

organizations. It conforms to the larger objective of using advanced deep learning approaches to analyze complex 

business data, which has multiple features, which cannot be captured by classical machine learning models. 

The Hybrid CNN–LSTM model has several benefits compared to previous studies that had used different models. 

Even though convolutional neural networks have been utilized successfully to extract features from datasets 

while RNNs/LSTMs have proven effective at modeling sequences of data, combining the two neural network 

models, such as CNN and LSTM, to create a hybrid model for business optimization processes is novel. Most 

studies are conducted on either of the models, but this research project succeeds in implementing both models 

to deal with the spatio-temporal dependence of business data [15]. The advantage of this is that it can be applied 

to all types of business data, regardless of whether it is time-series data or data that does not involve 

chronological ordering, such as consumer trends or market dynamics. The use of CNN and LSTMs makes the 

hybrid model proficient in recognizing local patterns and modeling temporal relationships [17]. Additionally, due 

to its highly accurate nature and low error rate, the hybrid model can be used in many different business 

applications, including sales forecasting, inventory control, and consumer segmentation [16]. Nevertheless, there 

are several disadvantages to this approach [19]. The training process of the neural network, particularly CNNs 

and LSTMs, is computationally expensive, especially if large amounts of data are utilized and requires 

sophisticated hardware such as graphic processing units (GPUs). Further, the accuracy of the hybrid model is 

greatly affected by the quality of the input data, as the accuracy will depend on the quality and credibility of the 

data entered into the model. Although the hybrid model performs outstandingly well while analyzing past 

business data, some problems may arise during its implementation in real life due to the variability of the data 
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availability and exogenous shocks to the markets from which the data [18]. On the practical side, this research 

highlights how deep learning models could be used to enhance the performance of businesses. The Hybrid CNN-

LSTM model could be utilized in numerous areas of business operations in order to assist managers in making 

more accurate forecasts and timely decisions [20]. Thus, it can be used for predicting demand better, thus 

improving inventory management, and consequently reducing costs. Furthermore, it can help to improve 

customer retention strategies by analyzing customer behavior patterns. The application of such model has the 

ability to improve business performance, making it more efficient and cost-effective. Finally, it should be 

mentioned that the above-mentioned model can become one way of enhancing business performance. Speaking 

about future research opportunities in relation to the discussed model, there are several ways of developing it: 

firstly, the application of this model in other spheres of business may be taken into account; secondly, some issues 

connected with implementing this model in practice need to be addressed; thirdly, it is also possible to use other 

approaches like the attention model or transformers. 

5. Conclusion 

The research concludes that in order to enhance the effectiveness of the business, one should implement the 

Hybrid CNN-LSTM model for extracting the features through the CNN and modeling the sequences through the 

LSTM. It is worth noting that the main advantage of the conducted research consists of designing the hybrid 

approach to deep learning which allows for effectively applying the spatiotemporal dependencies that are crucial 

for predicting and solving business-related optimization tasks, e.g., sales forecasting and customer segmentation. 

Among the most important findings of the current study are the high performance of the Hybrid CNN-LSTM 

model in comparison with common machine learning algorithms, including Linear Regression, Random Forest 

and SVM, such as 94% in terms of accuracy in classification and the lowest values of MSE (0.032) and RMSE 

(0.179). Thus, it is clear that the hybrid model outperforms other models both in classification and regression 

tasks. The relevance of the results is significant, both from the standpoint of the research process itself, as well 

as from the practical application perspective. This is because the developed model will enable making accurate 

predictions regarding business performance factors, hence making it very important in decision-making 

processes. This tool can be used in numerous fields, among which sales forecast, inventory management, 

customer behavior study, and many others.  Further research can explore the real-time application of the model 

and its adaptation for dynamic data. Another possible improvement includes testing the model in different 

industry sectors, different sets of data, and different business contexts. 
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