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1. Introduction 

Today's organizations run in a world of intense competition and data richness, where operational efficiency is 

critical to productivity, sustainability, and profitability. With the growing use of AI and ML technology to automate 

processes, optimize resources, and facilitate intelligent decision making, it is important to know the different 

types of AI and ML technology such as computer, cognitive, and predictive. With the use of predictive analytics 

and adaptive learning, AI tools in today's businesses have been improving the coordination and strategic planning 

of operations, making them more efficient and effective [17] [1]. With the onset of the hybrid workplace, the 
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demand for smart systems that can operate and control the complexity of an organization and employees' 

performance has increased even further [2]. 

Efficient prediction of performances and enhancement of efficiency from large-scale operational data is now 

possible due to recent advancements in the field of neural network architectures [3]. The hybrid deep learning 

has been shown to have better performance in classification and prediction for complex situations than 

traditional machine learning methods [4]. Moreover, in dynamic enterprise environments, combining 

optimization algorithms with machine learning models enhances the efficiency of the computation and the 

reliability of the predictions [5] [18]. 

Operational management is a challenge for organizations in several aspects such as the dynamic nature of the 

datasets, the nonlinear dependence between the data and the constraints of the problems that have to be solved 

in real-time, and the highly complex problem of allocating resources. Application of supply chain optimization 

and workflow forecasting using AI has yielded positive results in relation to enhancing organizational 

productivity and sustainability [6]. Intelligent decision systems for resource planning and performance 

optimization are also possible thanks to advanced optimization-driven neural frameworks [7]. Finally, better 

analytical performance has been achieved by hybrid neural architectures with domain-specific learning 

mechanisms in data-intensive environments [8]. 

In recent years, the use of convolutional and recurrent neural network models optimized using metaheuristic 

techniques has been used to obtain a good improvement in prediction accuracy and operation efficiency in 

industrial applications [9]. CNN-LSTM hybrid architectures have also been successfully used for sequential 

prediction and intelligent monitoring in complex engineering environments [10]. Likewise, hybrid deep learning 

architectures, with both temporal and spatial learning abilities, enable efficient predictive performance 

degradation and workflow analysis [11]. Neural network models have been optimized and shown to have 

excellent ability to enhance the efficiency prediction and intelligent operational management systems [12]. 

In real-time systems, an accurate multi-step prediction and adaptive learning can be achieved by the advanced 

hybrid neural networks like LSTM-GRU models [13]. AI-powered decision-making systems optimize operations 

and enhance overall performance through automated decisions and intelligent planning [14]. The role of 

intelligent information systems in modern organizations is also growing, which aims to create an efficient HR 

management system and to make enterprise decisions [15]. Hence, hybrid neural networks with optimization 

algorithms can be an effective solution to improve the efficiency, intelligence, and optimum utilization of 

resources in an enterprise environment [16]. 

While many organizations have embraced the technological advancements of artificial intelligence and machine 

learning in their management systems, there are still certain systems that are challenged by the dynamic nature 

of the operational environment, size of organizational data, and requirement of real-time decision-making [19]. 

The conventional machine learning models are unable to capture the nonlinear relationship between 

organizational variables and also do not have an efficient optimization mechanism for resource allocation and 

workflow management. Moreover, if a standalone neural network model is trained, it is very likely to overfit, have 

a large computational complexity, and be unable to adapt to fast-changing enterprise conditions [20]. While 

optimization algorithms help to enhance predictive performance, their connection with hybrid neural 

architectures in enhancing the organizational effectiveness of a system is still limited. Hence, there is a demand 

for a clever and scalable hybrid system with the neural network learning ability and optimization technique for 

enhancing the productivity, operational forecasting, and strategic decision-making of modern enterprises. 

Research Aim 

To build a hybrid approach of neural networks and optimization systems to enhance the organizational efficiency 

by intelligent prediction and resource optimization. 

Objectives 

1. To develop a hybrid neural network model to predict the organizational efficiency and the workflow 

performance.  
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2. To combine optimization algorithms and deep learning approaches for intelligent resource allocation and 

management.  

3. To assess the effectiveness of the proposed framework through organizational performance measures and 

comparison.   

Research Contributions 

The results of this study can be implemented in the creation of artificial intelligence systems in organizational 

management to enhance the efficiency of management operations and intelligent decision-making through 

integration of the benefits of deep neural networks and optimization algorithms into an intelligent hybrid system. 

This paper presents a scalable architecture which can underpin complex organizational data sets, forecast 

workflow performance and optimize resources in real-time enterprise environments. The offered framework is 

grounded on the approaches of adaptive learning and optimization to enhance predictive accuracy, decrease the 

complexity of the operations, and manage it in a strategic manner. Besides that, the research provides the real-

world knowledge of AI-powered organizational systems and contributes to the development of intelligent 

solutions to enterprises in the contemporary world. 

Paper Organization 

The rest of this paper is laid out as follows. The literature review on organizational efficiency, artificial 

intelligence, hybrid neural networks, and optimization models is discussed in Section 2. The section 3 contains 

the methodology of the proposed approach, including processing of the datasets, structure of the hybrid neural 

networks, and optimization strategies to enhance the efficiency of the organization. The experimental results and 

the discussion (performance evaluation, comparative analysis, and findings) are given in Section 4. Lastly, Section 

5 concludes the study by summarizing the major contributions and pointing out the directions for future 

research. 

2. Literature Review 

In the field of organizational management, artificial intelligence has revolutionized the way things are done; it 

can now automate processes, predict performance, schedule intelligently, and forecast operations. AI-powered 

systems enhance business efficiency by optimizing data analysis and providing intelligent decision support. A 

hybrid CNN with the optimization algorithms has proved to be highly effective in predictive diagnosis and 

operation optimization systems [21]. Optimization-based neural architectures also help to boost the efficiency 

of learning and adaptability of structure to boost task-specific artificial intelligence applications [22]. 

It is shown in recent studies that advanced hybrid deep learning architectures are able to enhance real-time 

prediction accuracy and multi-task operational management in engineering and enterprise systems [23]. Hybrid 

architecture based on AI can also help in the field of cybersecurity management and provide intelligent 

protection of the organization by efficiently detecting anomalies and performing predictive analysis [24]. 

Moreover, the use of artificial intelligence (AI) in thermal and operational management systems has shown 

significant efficiencies in optimizing resources and managing them in an intelligent manner [25]. 

Productivity prediction, employee performance evaluation, demand forecasting, and workflow classification are 

some of the common applications of neural networks in organizational analysis. Hybrid CNN-LSTM models are 

capable of accurate prediction in complex operation systems and sequential data analysis with the incorporation 

of attention mechanisms [26]. Deep learning approach-based forecasting systems have also been shown to be 

more effective in the area of power load prediction and intelligent operational monitoring environments [27]. 

In real-time environments, IoT integrated analytical systems with the help of intelligent data analytics enhance 

the monitoring accuracy and the organization's decision support. Artificial neural network models are also 

implemented for improving prediction reliability and optimizing performance in various industrial applications 

and with hybrid computing. There are still issues, though, of computational overhead and adaptability of 

standalone neural network models and their optimization efficiency in dynamic organizational systems. 

The problems related to organizational resource allocation, workflow scheduling, and operational management 

are some of the most important problems solved by the optimization approaches like Genetic Particle Swarm 

http://www.svedbergopen.com/


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

Vol.6, No.4s, 2026                                                                                                                                                                         317 

 

Optimization (PSO), Ant Colony Optimization (ACO) and Algorithm (GA). When applied together with NN 

architectures these optimization algorithms are used to optimize the learning efficiency, the computational 

complexity and to maximize the predictive accuracy. Optimization-driven AI models can be used to optimize the 

parameters and workflow of a system in order to enhance its efficiency, a key factor in intelligent decision-making 

and adaptive operational planning in today's modern enterprise systems. 

Research Gap 

Previous works on organizational efficiency are mainly centered on either single neural network models or only 

one of the optimization techniques, but not combined in a single intelligent system. While hybrid neural 

architectures have demonstrated excellent prediction performance in engineering, healthcare, and energy 

applications, their use in organizational productivity and workflow management is still in its infancy. In the 

traditional AI models, it is difficult to handle sequentially dependent workflows, real-time resource optimization, 

and enterprise datasets together. Furthermore, the attention of most optimization procedures is focused towards 

optimizing the computation and not towards making an intelligent decision on the organization. Hence, a hybrid 

framework with deep learning and optimization methods to accurately predict productivity and to efficiently 

manage the organizations is needed. 

3. Methodology 

 
Figure 1: Proposed Hybrid Neural Network and Optimization Framework for Organizational Efficiency 

Prediction 

The overall methodology flow of the proposed hybrid organizational efficiency prediction framework is given in 

Figure 1. This can be done by first downloading the Productivity Prediction of Garment Employees dataset to the 

UCI Machine Learning Repository and then preprocessing the data through cleaning, normalization, feature 

encoding, and splitting the dataset. The Hybrid Deep Neural Network (DNN) and Long Short-Term Memory 

(LSTM) architecture is then provided with preprocessed data to extract features as well as to analyze sequential 

1. DATASET 

• UCI – Productivity Prediction of Garment 

Employees 
• 1,197 Records, Multiple Features 

2. DATA PREPROCESSING 

• Data Cleaning & Missing Value Handling 

• Normalization (Min-Max Scaling) 
• Label Encoding (Categorical Features) 
• Train-Test Split (80:20) 

3. HYBRID MODEL (DNN + LSTM) 

• DNN: Feature Extraction & Pattern Learning 
• LSTM: Sequential & Temporal Learning 
• Captures Nonlinear & Time-dependent 

Relationships  

4. OPTIMIZATION 

• Particle Swarm Optimization (PSO) 
• Genetic Algorithm (GA) 
• Hyperparameter Tuning 
• Weight Optimization 
• Minimize Prediction Error 

5. MODEL OUTPUT 

• Productivity Prediction 
• Workflow Performance Insights 
• Resource Optimization Results 

6. PERFORMANCE EVALUATION 

• Accuracy, Precision, Recall, F1-Score 
• RMSE, MAE 
• Compare & Analyze Results 

http://www.svedbergopen.com/


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

Vol.6, No.4s, 2026                                                                                                                                                                         318 

 

workflow. The framework uses optimization algorithms like Particle Swarm Optimization (PSO) and Genetic 

Algorithm (GA) to optimize the parameters better, reduce the prediction error and to enhance the computational 

efficiency. Finally, the output layer provides predictions of organizational efficiency and operational performance 

insights for intelligent decision-making and resource optimization. It is evident from Figure 1 that the proposed 

AI-driven organizational management framework integrates the deep learning and optimization techniques. 

Dataset Description 

The proposed research is done on the productivity prediction of a garment employees' dataset from the UCI 

Machine Learning Repository. The data is real-time industrial productivity data from garment manufacturing 

organizations. It contains 1,197 records with operational and workforce-related attributes that are related to 

organizational efficiency and prediction of productivity. The features are important, such as department, team 

number, targeted productivity, actual productivity, overtime, incentive, work in progress (WIP), idle time, and 

number of workers. As a target attribute, the actual productivity is considered that which is actually obtained in 

the manufacturing process. This data can be used for workforce productivity analysis, intelligent forecasting of 

workflows, and optimization of resources. It is multivariate and time-series in nature, which allows it to be used 

for implementing DNN- and LSTM-based predictive models. 

Data Preprocessing 

The dataset is preprocessed prior to the model training using several operations to increase the accuracy of the 

predictions and to decrease the number of computations. Data cleaning techniques are used to first find missing 

data and duplicate records and remove inconsistencies. Min-max normalization is applied to numerical features 

like overtime, incentive, and productivity to bring all the features in the same range. Label encoding is used to 

transform categorical data such as departments, team identifiers, etc., into numerical values. Important 

operational indicators are identified as well by applying feature engineering techniques. From the preprocessed 

data, 80:20 ratio of the data is used for training the algorithm, while the remaining 20% is used for testing and 

evaluation. This preprocessing help to enhance the quality of the data, minimize noise, and boost learning 

performance. 

Proposed Hybrid Neural Network Framework 

The framework suggested was based on Deep Neural Networks (DNN) and Long Short-Term Memory (LSTM) 

with optimization algorithms to improve the forecasting of organizational efficiency. The DNN component is used 

to uncover complicated nonlinear relationships in workforce and operation information. The LSTM component 

deals with the analysis of sequential behavior of workflows and temporal behavior of productivity in 

manufacturing operations. The hybrid design is composed of deep feature extraction and time-series learning, 

which is used to enhance the predictive accuracy and the ability of workflow forecasting. Optimization algorithms 

are used to optimize model parameters so as to minimize prediction errors. The final output layer produces the 

predictions for 'organizational efficiency' and provides insights into operations. The framework assists in 

enhancing productivity analysis, resource allocation, and intelligent enterprise decision-making. 

Optimization Techniques 

The proposed model integrates particle swarm optimization (PSO) and genetic algorithms (GAs) to enhance the 

performance of the model. PSO is employed for smart tuning of hyperparameters and optimization of the neural 

weights by finding optimum solutions using a swarm-based search mechanism. Evolutionary optimization of the 

model using selection, crossover, and mutation operations of the genetic algorithm to enhance the model 

performance. These are optimization techniques that reduce the number of calculations to be performed during 

training of the neural network and speed up the convergence rate. The optimization layer minimizes prediction 

inaccuracies and optimizes the workflow scheduling process. Model stability and prediction capability are 

improved by integrating optimization algorithms. Therefore, efficient organizational management and intelligent 

operational planning can be made through the proposed framework. 
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Performance Evaluation Metrics 

Various classification and regression performance measures are used to assess the effectiveness of the proposed 

framework. Classification metrics such as accuracy, precision, recall, and F1-score are used to determine the 

performance of the model and its reliability in predicting productivity. The three measures of accuracy, precision 

and recall evaluate the accuracy of predictions, sensitivity and reliability. F1-score provides a balanced score 

which is a combination of the values of preciseness and recall. The metrics used to measure the error of 

prediction and reliability of the forecast are error metrics like Mean Absolute Error (MAE) and root mean square 

error (RMSE). RMSE on the one hand, is a measure of the square root of the error of the residuals of the prediction 

and on the other hand, MAE is a measure of the average of the magnitude of the prediction errors. These measures 

as a whole provide an evaluation of prediction performance, optimization performance, and an increase in 

organizational efficiency. 

Experimental Environment 

The proposed hybrid neural network framework is realized by the machine learning and deep learning libraries 

based on Python. The experimental implementation is done using the Pandas tool for handling and preprocessing 

data sets, and Matplotlib is used for visualization and graphical analysis. The model is created in a high-

performance computing environment that has GPU processing power, a lot of memory, and multi-core 

architecture. The experiment setup is designed to make efficient training of the neural network and to facilitate 

speedy convergence in the course of optimization. Production of the computational environment leads to lower 

computational overhead and higher scalability of the model. In addition, the implementation environment 

optimizes implementation efficiency and provides a reliable organization productivity prediction and 

operational intelligence analysis. 

Mathematical Model 

Input Feature Representation 

Let 𝑁 employee be the number of productivity records and m operational be the number of attributes of the 

organization. The feature vector to be input for each record is: 

𝑋𝑖 = {𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑚} (1) 

The multidimensional organization feature space that can be used as input in the proposed hybrid neural 

network framework is defined by equation (1). 

Min-Max Normalization 

Min-max normalization is carried out to normalize all numerical attributes for better training of the neural 

network. Mathematically, the normalization process is shown as 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

(2) 

All the feature values are scaled to range within 0 and 1 by equation (2), which reduces the calculation bias and 

enhances the learning stability. 

Deep Neural Network (DNN) Model 

The Deep Neural Network part discovers the hidden organization patterns and nonlinear operational 

relationships of the data set. 

The weighted sum of the hidden layer is calculated as 

𝑍𝑗 =∑𝑊𝑖𝑗

𝑛

𝑖=1

𝑋𝑖 + 𝑏𝑗 (3) 

The weighted summation is applied as follows, then the activation function is applied: 

𝐻𝑗 = 𝑓(𝑍𝑗) (4) 
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The final output of the DNN prediction is computed by: 

𝑌𝐷𝑁𝑁 =∑𝑉𝑗

𝑘

𝑗=1

𝐻𝑗 + 𝑐 (5) 

Equations (3-5) all together describe the learning process of the DNN component. 

Long Short-Term Memory (LSTM) Model 

The LSTM component is used to analyze the behavior of sequential workflows and time-dependent productivity 

trends. 

Step 1: Forget Gate 

Forget the gate, which decides what information from the past is to be forgotten: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (6) 

Step 2: Input Gate 

Which new information to store is controlled by the input gate: 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (7) 

The RAM state of the candidate is calculated as: 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (8) 

Step 3: Cell State Update 

The updating of the memory cell state is done with: 

𝐶𝑡 = 𝑓𝑡 ⊙𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡 (9) 

Step 4: Output Gate 

The output gate is used to get the output of the hidden state: 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (10) 

The hidden state is calculated by: 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝐶𝑡) (11) 

The LSTM architecture can be seen in equations (6)–(11) and is a sequential learning and temporal dependency 

analysis. 

Hybrid DNN-LSTM Prediction Model 

The outputs of DNN and LSTM layers are fused together to get the final organizational efficiency prediction. 

The hybrid prediction function is 

𝑌𝐻𝑦𝑏𝑟𝑖𝑑 = 𝛼𝑌𝐷𝑁𝑁 + 𝛽𝑌𝐿𝑆𝑇𝑀 (12) 

The spatial learning and temporal learning capabilities are integrated in Equation (12) to obtain more efficient 

predictive organizational capability. 

Particle Swarm Optimization (PSO) 

Hyperparameter tuning and neural weight optimization are done using PSO. 

Velocity Update 

Each particle's velocity is changed to: 

𝑉𝑖
𝑡+1 = 𝑤𝑉𝑖

𝑡 + 𝑐1𝑟1(𝑃𝑏𝑒𝑠𝑡 − 𝑋𝑖
𝑡) + 𝑐2𝑟2(𝐺𝑏𝑒𝑠𝑡 − 𝑋𝑖

𝑡) (13) 

Position Update 

The position of the particle is updated as follows: 

𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 + 𝑉𝑖
𝑡+1 (14) 
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Equations (13) and (14) make the optimization more efficient and decrease the prediction error. 

Genetic Algorithm (GA) 

The genetic algorithm is an evolution optimization of the parameters of a neural network. 

Fitness Function 

The fitness function is given by: 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 =
1

𝐸𝑟𝑟𝑜𝑟 + 𝜖
(15) 

Crossover Operation 

The process of generation of offspring is shown as: 

𝑂𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 = 𝜆𝑃𝑎𝑟𝑒𝑛𝑡1 + (1 − 𝜆)𝑃𝑎𝑟𝑒𝑛𝑡2 (16) 

Mutation Operation 

The mutation is used as the following: 

𝑋𝑚𝑢𝑡𝑎𝑡𝑒𝑑 = 𝑋 + 𝛿 (17) 

Equations (15) to (17) enhance model diversity and the optimization ability. 

Loss Function 

The Mean Squared Error (MSE) is used to minimize the prediction error of the proposed model. 

𝑀𝑆𝐸 =
1

𝑁
∑(

𝑁

𝑖=1

𝑌𝑖 − 𝑌̂𝑖)
2 (18) 

The accuracy of the prediction measured during training the neural network is given by equation (18). 

Performance Evaluation Metrics 

Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(19) 

Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(20) 

Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(21) 

F1-Score 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(22) 

Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(

𝑁

𝑖=1

𝑌𝑖 − 𝑌̂𝑖)
2 (23) 

Mean Absolute Error (MAE) 

𝑀𝐴𝐸 =
1

𝑁
∑ ∣

𝑁

𝑖=1

𝑌𝑖 − 𝑌̂𝑖 ∣ (24) 

Equations (19)–(24) have been used to assess the performance of the proposed hybrid framework in terms of 

classification performance, prediction reliability, and optimization effectiveness. 
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4. Experimental Results and Discussion 

Experimental Setup 

The adoption of the proposed hybrid DNN-LSTM framework along with PSO and GA optimization algorithms was 

carried out on the dataset of productivity prediction of garment employees. The data was split into 80:20 ratio 

test data. The experiments have been performed to assess the organizational productivity prediction, workflow 

forecasting capability, and resource optimization performance. The proposed framework was compared with 

conventional machine learning and deep learning models such as ANN, CNN, and standalone LSTM models. Table 

1 shows the experimental setup and the parameter settings of the proposed model. 

Table 1. Experimental Parameter Settings 

Parameter Value 

Dataset Size 1197 Records 

Training Ratio 80% 

Testing Ratio 20% 

Hidden Layers 3 

Batch Size 32 

Epochs 100 

Learning Rate 0.001 

Optimization Algorithms PSO, GA 

The model was trained using the parameter settings listed in Table 1 to enhance the convergence of the model, 

the stability of the prediction, and the efficiency of the training. 

Dataset Feature Analysis 

The data includes a number of factors related to the productivity and organizational efficiency of operations and 

workforce. Overtime, work in progress, incentive, idle time, and number of workers are important attributes. An 

important statistical summary of the important dataset features is presented in Table 2. 

 

Table 2. Statistical Summary of Important Dataset Features 

Feature Minimum Maximum Mean 

Actual Productivity 0.23 1.00 0.73 

Targeted Productivity 0.07 0.80 0.65 

Overtime 0 25920 4560 

Incentive 0 3600 680 

Number of Workers 2 89 34 

The results in Table 2 reveal that workforce allocation, overtime, and incentives are the significant factors that 

affect productivity performance in the context of garment manufacturing. 

Figure 2 displays the distribution and productivity relationships between the features. 
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Figure 2: Feature Distribution and Productivity Analysis 

Figure 1 shows the relationship between workforce-related attributes and the actual productivity values. The 

analysis reveals that overtime and work-in-progress have a significant impact on the productivity and efficiency 

of the operation. 

Training Performance Analysis 

The stability of the predictions of the proposed hybrid neural network model and the learning performance was 

tested by training the model using the preprocessed dataset. The model was trained where the loss values were 

continually reducing and the accuracy of the prediction was improved. The training and validation loss curves 

are shown in Figure 3. 

 
Figure 3: Training and Validation Loss Curve 

As shown in Figure 3, the convergence of the proposed DNN-LSTM framework was stable, and there was not too 

much overfitting during the training process. The optimization layer worked well in reducing the prediction error 

and enhancing learning consistency. 

The results of training accuracy improvement over the epochs are presented in Figure 4. 

 
Figure 4: Training Accuracy Analysis 
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The results of the hybrid framework reveal that the hybrid framework demonstrates higher accuracy of the 

prediction than the traditional standalone neural network models due to optimization algorithms and the ability 

of learning sequentially of the hybrid framework, as shown in figure 4. 

Performance Comparison Analysis 

The proposed framework was juxtaposed to the existing machine learning and deep learning models to assess 

the performance of the prediction and also the enhancement of the organization efficiency. Table 3 indicates 

results of the comparative performance. 

Table 3. Comparative Performance Analysis 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

ANN 86.4 85.2 84.7 84.9 

CNN 89.1 88.3 87.6 87.9 

LSTM 91.8 90.7 90.4 90.5 

Proposed Hybrid DNN-LSTM + PSO-GA 96.3 95.8 95.1 95.4 

It is evident from Table 3 that the proposed hybrid framework achieved better performance in all the evaluation 

metrics over traditional ANN, CNN, and LSTM models. 

Figure 5 shows the comparative accuracy analysis graphically. 

 
Figure 5: Comparative Accuracy Analysis 

As shown in Figure 5, the proposed optimization-driven hybrid framework obtained the best prediction accuracy 

because of efficient feature learning, sequential workflow analysis, and intelligent parameter optimization. 

Error Analysis 

Evaluation metrics such as RMSE and MAE were used to analyze prediction error and forecasting consistency 

using regression. Table 4 shows the comparison of the regression performance. 

Table 4. Regression Performance Evaluation 

Model RMSE MAE 

ANN 0.142 0.117 

CNN 0.118 0.096 

LSTM 0.087 0.071 

Proposed Hybrid DNN-LSTM + PSO-GA 0.041 0.029 
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As seen in Table 4, the results show that the proposed framework has significantly lower prediction error as 

compared with conventional models. Optimization algorithms enhanced the prediction accuracy and stabilized 

the algorithm. 

The results of error distribution analysis are presented in figure 6. 

 
Figure 6: Prediction Error Distribution 

As can be seen in Figure 6, the proposed model has very small prediction deviations, and its productivity 

forecasting performance was very stable. 

Ablation Study 

1. Effect of DNN Component Removal 

The DNN layer was not used, and only the LSTM model was used to assess the impact of the Deep Neural Network 

component for predicting productivity. It was observed that there is a significant decrease in the accuracy of 

prediction and feature extraction from the experimental results. This means that the DNN component is playing 

an important role in learning complex nonlinear relationships between organizational and workforce-related 

attributes. 

2. Effect of LSTM Component Removal 

In the second experiment, only used the DNN architecture (without LSTM). The model was found to be less 

satisfactory in modeling the sequential behavior of the workflow and the time productivity requirements. The 

decrease in accuracy of the forecasts shows that the LSTM part is crucial to be used in the analysis of time-

dependent organizational productivity patterns. 

3. Effect of Optimization Algorithm Removal 

The PSO and GA algorithms were removed from the hybrid framework for analysis of the importance of 

optimization techniques. The resulting model exhibited a lower convergence rate, greater prediction error, and 

less training stability. This experiment shows that optimization algorithms play an important role in tuning the 

parameters, reducing the computation time and improving the overall predictive performance for the proposed 

framework. 

Discussion 

The experimental findings show that the proposed Hybrid DNN-LSTM framework, along with Particle Swarm 

Optimization (PSO) and Genetic Algorithm (GA), has a remarkable ability to improve the efficiency prediction in 

the organization and to analyze the operational performance. The Deep Neural Network component could be 
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used to learn nonlinear relations between workforce allocation, overtime, incentives and productivity-related 

variables, and the LSTM component could be used to learn the sequential behaviours of the workflow and 

temporal productivity relation. The model learning was also enhanced by optimization algorithms, which 

enhanced the ability of the model to tune the model parameters, minimize the prediction error and accelerate 

the rate at which the model converges during the learning process. The accuracy of the prediction made by the 

proposed framework was more accurate when compared to the traditional ANN, CNN, and LSTM standalone 

models as indicated in Table 3 and Figure 5. 

The regression-based measures of evaluation of the proposed optimization-driven framework shown in Table 4 

yielded lower values of RMSE and MAE, which was a more accurate forecast and a consistent model. The training 

and validation loss curves as illustrated in Figure 3, were constantly decreasing and remained at the same point 

during the training, which implies that the model has converged satisfactorily and has lower overfitting 

propensity. Likewise, Figure 4 shows that the training accuracy is steadily increasing with the number of epochs, 

indicating the hybrid architecture's ability to learn the organizational productivity patterns. The prediction error 

distribution in Figure 6 also illustrates the low levels of prediction errors being made and the high accuracy of 

the productivity predictions made by the proposed model in a dynamic manufacturing environment. 

The overall results of the experiments validate the effectiveness of the hybrid deep learning models with 

optimization for intelligent organizational management and operation efficiency improvement. The proposed 

framework has more capability to analyze workforce productivity and forecast workflows and optimize the 

allocation of resources than the present machine learning approaches. The model is also scalable and flexible to 

be applied in real-time industrial applications where the operating conditions constantly change. Hence, the 

proposed hybrid DNN-LSTM with PSO-GA optimization framework can be used as a reliable and scalable artificial 

intelligence framework to enhance organizational efficiency, strategic decision-making, and intelligent 

management of enterprises. 

Limitations and Future Work 

While the proposed Hybrid DNN-LSTM framework showed improvements in the organizational efficiency 

prediction and operational performance analysis, there are still some limitations. The research used only one 

publicly accessible dataset related to the garment manufactory industry, and the suggested framework may not 

be transferable to other industry sectors and organizational settings. Also, the amount of data in the dataset is 

relatively small and might not adequately represent a large-scale enterprise system that has a lot of data to be 

processed in real time. When PSO and GA algorithms are combined, the proposed framework needs extensive 

computational power for the training and optimization process of deep learning. Moreover, the present 

prediction model ignored the external organizational factors like employee behavior, economic conditions, and 

managerial policies, which might affect productivity in real-world applications. 

As a future study, a large-scale multi-industry dataset can be used in the manufacturing, healthcare, logistics, and 

service industries to extend the proposed framework for improving the generalization capability of the proposed 

model. Further, state-of-the-art optimization and explainable AI methods can be applied to increase model 

transparency and interpretability, which increases the trustworthiness of the decision. Furthermore, future 

research can be extended with a real-time IoT monitoring system for the organizations and a cloud-based 

deployment system for intelligent operational management. The enhancement of adaptive workflow 

optimization and predictive performance can be done by using reinforcement learning and transformer-based 

deep learning models. Human behavioral analytics and organizational sustainability indicators can also be 

integrated to offer a more complete organizational efficiency evaluation in future intelligent enterprise systems. 
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5. Conclusion 

In this study, a hybrid deep neural network and long short-term memory (DNN-LSTM) framework, which is 

founded on optimization, was proposed to enhance the efficiency prediction and intelligent operation 

management of organizations. The Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) methods 

were included in the framework in order to enhance the parameter tuning, accuracy of the prediction, the rate of 

convergence and computational stability. The model was tested on Productivity Prediction of Garment 

Employees dataset, which is publicly available and has approximately 1,197 operational productivity data of 

garment manufacturing setting. The hybrid method proved effective to model the nonlinear relationships 

between organizations and sequential dependencies of the workflows correlated with the productivity of the 

resources and the operational performance. The proposed model was found to be more successful than the 

conventional ANN, CNN and standalone LSTM models in the experimental study. The proposed model is accurate 

(96.3), precise (95.8), recalls (95.1) and F1-score (95.4) and indicated that the model has much higher capability 

in terms of productivity prediction capability and organizational efficiency analysis. In addition, the framework 

also had a lower RMSE and MAE of 0.041 and 0.029 respectively, which once again indicates that the framework 

would be less susceptible to the influence of errors in prediction and can offer predictable forecasts. PSO and GA 

optimization algorithms combined also contributed to the improvement of the convergent behavior of the model, 

the stability of the learning and the efficiency of optimizing the workflow. The developed framework proved 

successful in intelligent allocation of resources, productivity analysis of the workforce, and strategic decision-

making of the enterprise in a dynamic manufacturing environment. The research in general shows that hybrid 

deep learning architectures along with optimization algorithms are able to offer a scalable, reliable artificial 

intelligence solution for managing organizational efficiency. In the future, future research can be directed to 

incorporate XAI, reinforcement learning, cloud-based deployment systems, and multi-industry datasets to 

further enhance the scalability, interpretability, and real-time intelligent operational management of modern 

enterprise systems.  

References 

1. Haryana, R. (2023). Improving the performance of hybrid models using machine learning and optimization 
techniques. International Journal, 10(2), 3396-3409.  

2. Rahul Paul, G., & Khalid Perwez, S. (2023). Influence of quality of work life on psychological capital of 
organizational leaders using artificial neural networks: a study on learning in hybrid workplace. The 
Learning Organization, 30(5), 630-647. 

3. Zhang, G., Guo, W., Xiong, X., & Guan, Z. (2024). A hybrid approach combining data envelopment analysis and 
recurrent neural network for predicting the efficiency of research institutions. Expert Systems with 
Applications, 238, 122150. 

4. Rao, H. R., & Sankar, V. R. (2024). Precision in Prostate Cancer Diagnosis: A Comprehensive Study on Neural 
Networks. J. Wirel. Mob. Networks Ubiquitous Comput. Dependable Appl., 15(2), 109-122. 
https://doi.org/10.58346/JOWUA.2024.I2.008 

5. Azevedo, B. F., Rocha, A. M. A., & Pereira, A. I. (2024). Hybrid approaches to optimization and machine 
learning methods: a systematic literature review. Machine Learning, 113(7), 4055-4097. 

6. Dalal, S., Lilhore, U. K., Simaiya, S., Radulescu, M., & Belascu, L. (2024). Improving efficiency and sustainability 
via supply chain optimization through CNNs and BiLSTM. Technological Forecasting and Social Change, 209, 
123841. 

http://www.svedbergopen.com/
https://archive.ics.uci.edu/dataset/597/productivity+prediction+of+garment+employees


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

Vol.6, No.4s, 2026                                                                                                                                                                         328 

 

7. Hai, T., Basem, A., Alizadeh, A. A., Singh, P. K., Rajab, H., Maatki, C., ... & Maleki, H. (2025). Optimizing ternary 
hybrid nanofluids using neural networks, gene expression programming, and multi-objective particle swarm 
optimization: a computational intelligence strategy. Scientific Reports, 15(1), 1986. 

8. Han, E., & Ghadimi, N. (2022). Model identification of proton-exchange membrane fuel cells based on a hybrid 
convolutional neural network and extreme learning machine optimized by improved honey badger 
algorithm. Sustainable Energy Technologies and Assessments, 52, 102005. 

9. Zhang, X., Xie, X., Tang, S., Zhao, H., Shi, X., Wang, L., ... & Xiang, P. (2024). High-speed railway seismic response 
prediction using CNN-LSTM hybrid neural network. Journal of Civil Structural Health Monitoring, 14(5), 
1125-1139. 

10. Senthilkumaran, B., Singh, G., Bostani, A., Krithika, S., Khalbayeva, Z., & Nanthini, P. (2025). Design And 
Implementation of An Ai-Based Medical Analytics Framework Employing Deep Neural Networks and 
Advanced Machine Learning Models for Precision Healthcare. Archives for Technical Sciences, 3(34), 991–
1005. https://doi.org/10.70102/afts.2025.1834.991 

11. Moustafa, E. B., Hammad, A. H., & Elsheikh, A. H. (2022). A new optimized artificial neural network model to 
predict thermal efficiency and water yield of tubular solar still. Case Studies in Thermal Engineering, 30, 
101750. 

12. Hong, J., Liang, F., Yang, H., Zhang, C., Zhang, X., Zhang, H., ... & Yang, J. (2024). Multi-forword-step state of 
charge prediction for real-world electric vehicles battery systems using a novel LSTM-GRU hybrid neural 
network. Etransportation, 20, 100322. 

13. Al-Surmi, A., Bashiri, M., & Koliousis, I. (2022). AI based decision making: combining strategies to improve 
operational performance. International Journal of Production Research, 60(14), 4464-4486. 

14. Johnson, T., Aruna, K., & Ratheesh, R. (2025). Enhancing HR Management Efficiency and Strategic Decision-
Making in Indian Organizations through Information Technology. Indian Journal of Information Sources and 
Services, 15(1), 274–279. https://doi.org/10.51983/ijiss-2025.IJISS.15.1.35 

15. Zheng, J., Du, J., Wang, B., Klemes , J. J., Liao, Q., & Liang, Y. (2023). A hybrid framework for forecasting power 
generation of multiple renewable energy sources. Renewable and Sustainable Energy Reviews, 172, 113046.  

16. Pillai, N. V., & Nitnaware, P. P. (2025). Optimizing Storage and Transformation in Edge Computing Through 
Interpretable Generalized Additive Neural Networks. International Academic Journal of Science and 
Engineering, 12(3), 170-183. https://doi.org/10.71086/IAJSE/V12I3/IAJSE1257 

17. Yang, J., Jia, L., Guo, Z., Shen, Y., Li, X., Mou, Z., ... & Lin, J. C. W. (2023). Prediction and control of water quality 
in Recirculating Aquaculture System based on hybrid neural network. Engineering Applications of Artificial 
Intelligence, 121, 106002. 

18. Barjasteh, A., Ghafouri, S. H., & Hashemi, M. (2024). A hybrid model based on discrete wavelet transform 
(DWT) and bidirectional recurrent neural networks for wind speed prediction. Engineering Applications of 
Artificial Intelligence, 127, 107340. 

19. Narang, R. V., & Chatterjee, M. (2025). AI-Powered Knowledge Management Systems: A Hybrid Model for 
Smart Organizations. International Academic Journal of Innovative Research, 12(3), 14–19. 
https://doi.org/10.71086/IAJIR/V12I3/IAJIR1220 

20. Liu, H., & Ghadimi, N. (2024). Hybrid convolutional neural network and Flexible Dwarf Mongoose 
Optimization Algorithm for strong kidney stone diagnosis. Biomedical Signal Processing and Control, 91, 
106024. 

21. Malviya, R. K., Syed, S., Nampally, R. R., & Dileep, V. (2022). Genetic Algorithm-Driven Optimization Of Neural 
Network Architectures For Task-Specific AI Applications. Migration Letters, 19(6), 1091-1102. 

22. Nwosu, P. O., & Adeloye, F. C. (2023). Transformation Leader Strategies for Successful Digital Adaptation. 
Global Perspectives in Management, 1(1), 1-16. 

23. Alsubaei, F. S., Almazroi, A. A., & Ayub, N. (2024). Enhancing phishing detection: A novel hybrid deep learning 
framework for cybercrime forensics. Ieee Access, 12, 8373-8389. 

24. Shaban, W. M., Kabeel, A. E., Attia, M. E. H., & Talaat, F. M. (2024). Optimizing photovoltaic thermal solar 
systems efficiency through advanced artificial intelligence driven thermal management techniques. Applied 
Thermal Engineering, 247, 123029. 

25. Rojas, C., & Garcí a, F. (2024). Optimizing Traffic Flow in Smart Cities: A Simulation-based Approach Using IoT 
and AI Integration. Association Journal of Interdisciplinary Technics in Engineering Mechanics, 2(1), 19-22. 

26. Wan, A., Chang, Q., Khalil, A. B., & He, J. (2023). Short-term power load forecasting for combined heat and 
power using CNN-LSTM enhanced by attention mechanism. Energy, 282, 128274. 

27. Karimov, Z., & Bobur, R. (2024). Development of a Food Safety Monitoring System Using IOT Sensors and Data 
Analytics. Clinical Journal for Medicine, Health and Pharmacy, 2(1), 19-29. 

http://www.svedbergopen.com/

