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1. Introduction 

Accurate effort estimation in software development is a rudimentary objective of software project management, 

because it ensures effective roles in the planning and resource allocation for the projects. Similarly, critical to this 

is an assessment of the accuracy and dependability of the models for estimations, because this would provide the 

most valuable clue to the software engineering fraternity. Estimating in software development involves predicting 

resources, time, and effort in the development or maintenance of a software application. Estimation then forms the 

basis for an effective project management and decision-making process. Proper estimation may involve accurate 

forecasting of software costs in planning, budgeting, controlling, and ultimately efficient project management. 

Additionally, estimating effort might be benefit in predicting the resources that will be needed in the future [1]. 

During designing and developing software, accurate cost and time prediction are crucial for reasonable resource 

allocation and planning. The success of a project heavily relies on effective planning, since this stage entails 

estimating the time and financial restrictions needed to finish [2]. Inaccurate effort estimation can have significant 

consequences: underestimating may lead to delays and budget overruns, potentially causing project failure, while 

overestimating could result in inefficient resource allocation, adversely affecting other critical projects [3]. 

Consequently, precise cost estimation is essential to ensure project success. 

In the last four decades, researchers have developed various models for estimating software project expenses. 

These models encompass Boehm's COCOMO models and several empirical methodologies [4] to the methods of 

analysis used in research [5-7]. Empirical methods rely on data from past projects to assess the current one, 

obtaining basic formulas by an examination of the database at available. On the other hand, the analytic model 

Journal of Intelligent Systems and Internet of Things 

Vol. 15, No. 02, PP. 29-40, 2025 

DOI: https://doi.org/10.54216/JISIoT.150203  

Abstract 
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employs formulas based on global assumptions, like the developer's rate of problem solving and the number of 

available problems [8]. The project manager and development team should conceptualize and support a good 

software cost estimate. Numerous models were investigated to provide better effort estimation [9-12]. The 

following are examples of major models, which are frequently used as standards to gauge software effort: 

Walston-Felix model.  

Doty model (for KLOC > 9). 

Bailey-Basili model.  

Halstead model. 

To explore the relationship between project size and development effort, these models were constructed by 

analyzing a vast collection of completed software projects spanning various applications and organizations. 

However, these methods remain incapable of accurately estimate software effort.  

According to more recent research, two of the most important data-driven methods for estimating software effort 

are Artificial Neural Networks (ANNs) and Adaptive Neural-Based Fuzzy Inference System (ANFIS) [13-17]. 

Other than traditional software effort estimation methods. Among the key merits of the proposed Artificial 

Intelligence (AI) techniques is their enhanced capability to learn from examples for better generalization, resulting 

in reduced prediction errors. This research applies to these state-of-the-art AI-driven methodologies, ANN and 

ANFIS, for estimating software effort. Using the NASA dataset for both training and testing, a proposed model 

showed excellent predictability. Comparing proposed models to established models presented in the literature 

further validated this research through strong consistency from previously presented findings. 

This paper is structured as follows: Section 2 presents an overview of pertinent studies that have used various data-

driven methodologies for effort estimate in software development. The formulae presently used for effort 

calculation are delineated in Section 3. Section 4 describes the technical specifics of approaches utilizing ANN 

and ANFIS. The dataset used while conducting this study is specified in Section 5. Section 6 lists the various 

evaluation metrics that were considered to apply to the proposed models. Section 7 discusses, in detail, the 

experiments conducted with their results. Section 8 concludes this paper by summary of major findings and 

implications. 

2. Literature Review  

Accurate and reliable estimation of development effort is crucial for effective software project management. 

Despite numerous studies conducted over the past decades, predicting software effort remains a challenge for the 

software community. Over time, researchers have introduced a variety of techniques to address this issue. 

Sandhu, et al. [8] performed a broad study using datasets from NASA to predict effort in software development, 

facilitated by two advanced data-driven models: Neuro-Fuzzy Inference Systems and Fuzzy-GA. Their analysis 

indicated the NF model to be a lot more accurate compared to other methodologies. On a related note, Mohsin [14] 

tested the performance of an ANN model against various statistical regression techniques based on the 

COCOMO'81 database that included 63 software projects. The metrics of MMRE and R were used for the 

comparison, and it was determined that the ANN model outperformed all the regression models and established it 

as reliable and accurate for the purpose of effort estimation in software projects. Detailed research on ISBSG 

datasets by using four different types of ANNs: Multi-Layer Perceptron (MLP), General Regression Neural 

Networks (GRNN), Cascade Correlation Neural Networks (CCNN), and Radial Basis Function Neural Networks 

(RBFNN), was performed by Nassif et al. [16] From the comprehensive performance evaluation concerning 

multiple performance criteria, the best model was Cascade Correlation Neural Networks. Mohsin [13] suggests a 

model for estimating software effort using ANFIS approach. The same was trained and validated using the 

comprehensive database called the COCOMO dataset consisting of data from 63 projects published in 1981. 

Performance assessment was evaluated with the key metrics, MMRE, and R. The findings demonstrated that the 

performance of ANFIS outperformed other traditional models, including FPA, Basic COCOMO, and SLIM in 

terms of robustness and performance for the effort estimation. Nanda et al., [19] proposed a more efficient model 

for software development effort estimation by integrating Particle Swarm Optimization (PSO) with the Adaptive 

Neuro-Fuzzy Inference System technique (ANFIS). In the study, the authors utilized the NASA dataset and 

subsequently optimized 17 cost driver parameters with the PSO algorithm. The optimized parameters improved 

the accuracy of predictions when the Neuro-Fuzzy prediction model is trained using it as an input. The results 

showed that the hybrid PSO-ANFIS could yield significant improvements in accuracy and, therefore, can be 

considered as a robust and effective method for software development effort estimation. Mohsin [20] utilized both 

Adaptive Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural Network (ANN) models to predict 

software development effort. The forecasts from these soft computing models were juxtaposed with those of 

regression models. The COCOMO dataset, comprising 16 input variables and one output variable, was employed 
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to develop the models. While both models successfully predicted software effort, ANFIS outperformed ANN based 

on two statistical indicators: MMRE and R. Kamal et al., [21] utilized a fuzzy logic methodology to forecast 

software development effort. The linguistic fuzzy values in the COCOMO II model were represented by the 

triangle membership function. Using measures like Mean Magnitude of Relative Error (MMRE), Variance 

Accounted for (VAF), and Prediction (PRED), the accuracy of the suggested model was assessed and contrasted 

with regression models. The results demonstrated that the fuzzy logic method outperformed other approaches in 

modeling software development effort. Edinson and Muthuraj [22] explored three Artificial Intelligence (AI) 

techniques for software effort estimation: Elman Neural Networks (Elman NN), and two Adaptive Neuro-Fuzzy 

Inference System (ANFIS) variants—ANFIS with Fuzzy C-Means clustering (ANFIS-FCM) and ANFIS with 

Subtractive Clustering (ANFIS-SC). The study utilized multiple datasets, including the COCOMO dataset, 

Desharnais dataset, Maxwell dataset, and IKH dataset, which integrates data from the IBM, Kemerer, and 

Hallmark databases. Comparative analysis of prediction results revealed that the ANFIS-FCM model had the 

lowest prediction error, outperforming the other AI models in estimating software development effort. 

The primary objective of this study is to identify the most effective approach for quantifying software development 

effort. Subsequently, two distinct data-driven approaches (i.e., ANFIS and ANN) were examined to formulate the 

suggested models. Three performance indicators were used to assess the suggested models. 

3. Existing Models Used for Effort Calculation 

Several models have been developed to estimate the effort of software development: Walston-Felix, Doty, Bailey-

Basili, and Halstead. All these models are based on mathematical equations that estimate the effort parameters. 

Their formulation is briefly summarized in Table 1. 

Table 1: The considered equations 

Model Name        Equation 

Walston-Felix model Effort = 5.2(KLOC)0.91 

Doty model Effort = 5.288 (KLOC)1.047 

Bailey-Basili model Effort = 5.5 + 0.73(KLOC)1.16 

Halstead model Effort = 0.7(KLOC)1.5 

 

4. Prediction Methods 

4.1. ANN 

A neural network is a nonlinear computation framework consisting of a number of interconnected processing 

elements or nodes, also called artificial neurons, in a structure inspired by the biological nervous system [23]. as 

depicted in Figure 1, The architecture of ANN, basically consists of the following architectural components: input 

parameters, weights, transfer functions, activation functions, thresholds, and outputs. 

 

Figure 1. Typical neural network topology [24]. 
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Thus, an artificial neuron works according to different multiple inputs that are given with appropriate weights and 

calculate a weighted sum which, once the transfer functions are applied, returns their outward value [25], Equation 

1 defines thus the operation taking place.  

                           Total activation:   𝑛𝑒𝑡 𝑗 = ∑ (𝑤𝑖𝑗)𝑥𝑖 − T𝑗
𝑛
𝑖=1                                                (1) 

In this context j represents the node number, n is the total number of nodes, wij denotes the weight of the connection 

between nodes. where Tj is the bias given to the node and xi is the input variable. 

 

The overall activation is dependent on the amount of the internal threshold T𝑗. If T𝑗 is positive or large, indicating 

a high internal threshold for the neuron, which inhibit node-firing. Conversely, if T𝑗 is negative or zero, then the 

neuron has a low internal threshold, and this low value of T𝑗 excites node-firing [25]. After that, a transfer function 

modifies this activity to produce the final output of the node using the equation below [25]: 

 

                                                  𝑥𝑗 = 𝜑(𝑢𝑗 − 𝜃𝑗)                                                                       (2) 

Where 𝑥𝑗 denotes the desired output, 𝜃𝑗 denotes the j node's bias term. [26]. The most used activation function 

(logistic sigmoid) is: 

                                                   𝜑𝑥 =
1

1+exp (−𝑥)
                                                                    (3) 

In this research, the feedforward backpropagation algorithm was used for developing the ANN model. Three 

distinct layers make up an ANN's design: an input layer that records input parameters; one or more hidden layers 

where computations take place; and an output layer with a single node that provides a software development effort 

forecast. Experimental findings indicated that a neural network comprising two hidden layers surpassed those with 

a single hidden layer. Specifically, the optimal ANN structure was achieved with two hidden layers—the first 

consisting of six nodes and the second with one node—resulting in the lowest Root Mean Square Error (RMSE). 

Figure 2 illustrates the schematic diagram for the ANN model. Two variables, representing the KLOC and 

Methodology, were chosen as input parameters for this study. Training a neural network means that the connection 

weights should be adjusted to minimize an error between the model's forecasted results and the real values. This 

will, therefore, ensure that an acceptable accuracy level is met. The number of hidden layers, the number of neurons 

per layer, the choice of activation functions, and the normalization of input data are important factors to take into 

account while optimizing models. These parameters must, therefore, be put under careful settings to improve the 

network performance. Once the errors are minimized, the model is evaluated using a separate test dataset, distinct 

from the training data, to assess its predictive capability. Upon completion of the training process, the neural 

network produces a model that can reliably predict the desired output for given input patterns. 

 

 

            

 

 

 

 

 

 

 

 

 

 

Figure 2. The architecture of the proposed ANN model. 
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4.2. ANFIS 

The ANFIS, introduced by Jang [28], is a widely used neuro-fuzzy model that integrates a fuzzy system within an 

adaptive network framework. Neural networks excel in learning mappings between inputs and outputs with a self-

organizing structure, while fuzzy logic offers an effective means to represent system behavior using fuzzy IF-

THEN rules [29]. Each node in the five levels that make up ANFIS performs a distinct node function on the 

incoming signals [28]. Circular and square nodes are used to denote different adaptive capabilities. Adaptive 

learning parameters are improved by incremental learning rules to establish the appropriate correlation between 

input and output properties.  

In first order Sugeno fuzzy inference systems with two inputs, x1 and x2 and an output, y, a typical rule base will 

have two IF-THEN statements [30] Given below is the form used for these rules: 

Rule 1: If  𝑥1 𝑖𝑠 𝐴1 and 𝑥2 𝑖𝑠 𝐵1. then 𝑦1 =  𝑓1 = 𝑝1𝑥1 + 𝑞1𝑥2 + 𝑟1  

Rule 2: If 𝑥1 𝑖𝑠 𝐴2 and 𝑥2 𝑖𝑠 𝐵2. then 𝑦2 =  𝑓2 = 𝑝2𝑥1 + 𝑞2𝑥2 + 𝑟2 .   

In this context, Ai  and Bi  are fuzzy set linguistic labels, and p1, q1, r1, p2, q2, r2  are parameters defining the output 

functions. These parameters of the model are determined and tuned through the training and testing phases.  The 

architecture of the ANFIS is shown in Figure 3.  

 

 

 

Figure 3. The general architecture of ANFIS technique [28]. 

The following are explanations of each layer's properties in the architecture: 

Input nodes (Layer 1): The node function for each node in this layer is calculated as follows: 

Ο𝑖
1 = μAi 

(𝑥)                                                                   i = 1,2                                                    (4) 

Within this architecture, x signifies the input to node i, Ai denotes the linguistic label linked to node i, and 

μAi indicates the membership function of the linguistic label Ai, Premise parameters are the usual term used to 

describe the parameters in this layer. 

Rule Nodes (Layer 2): The nodes in this layer are fixed and labeled as M, as illustrated in Figure 3. The outputs of 

this layer are denoted as 𝛰𝑖
2  are computed as a product of incoming signals transmitted from Layer 1: 

𝛰𝑖
2 = 𝑤𝑖 =  𝜇𝐴𝑖  (𝑥) 𝜇𝐵𝑖  (𝑥).                                               i = 1,2                                                                (5)  

 

Average Nodes Layer 3: The nodes in this layer are static and designated as N (Figure 3). Each node in this layer, 

particularly the ith node, computes the ratio of the ith rule's firing strength to the aggregate firing strength of all 

active rules. The computation that follows is as follows: 

Ο𝑖
3 = 𝑤̅𝑖 =  

𝑤𝑖

w1+w2
.                                                                  i = 1,2                                         (6) 

Consequent Nodes Layer 4: Each Node i in this layer acts as an adaptive node. Such nodes can be defined 

to realize mainly:  

Ο𝑖
4 = 𝑤̅𝑖  𝑓𝑖 =  𝑤̅𝑖  (𝑝𝑖 𝑋1 +  𝑞𝑖𝑋2 + 𝑟𝑖),                             i = 1,2                                     (7) 
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where 𝑤̅𝑖 is the output of layer 3, and {𝑝𝑖 . 𝑞𝑖 . 𝑟𝑖  } is the consequent parameter  . 

Output Nodes (Layer 5): This layer includes a single node, named as Ʃ, it represents the node that is to compute 

the overall output of the ANFIS model. The node function aggregates the contributions from the preceding layers 

to generate the final output: 

Ο𝑖
5 =  ∑ 𝑤̅𝑖  𝑦𝑖𝑖 =  

∑ 𝑤̅𝑖 𝑦𝑖𝑖

∑ 𝑤̅𝑖𝑖
                                                            i = 1,2                                         (8) 

More information on the ANFIS algorithm and its mathematical foundation can be found in.[28]. 

5. Data Description 

In this study, NASA [31] dataset have been used to develop the ANFIS and ANN models for effort estimation. 

The dataset utilized comprises two independent variables: created lines and methods, and one dependent variable: 

effort. Developed lines are quantified in KLOC, while effort is quantified in person-months. Table 2 displays the 

dataset for the 18 projects that are used for constructing the proposed models. These data were randomly divided 

into two groups: a training set comprising 13 projects, and a testing set containing 5 projects. 

Table 2: Dataset of NASA Software Projects [31] 

Project Number KLOC Methodology Actual Effort 

1  46.2 20 96 

2  90.2 30 115.8 

3  46.5 19 79 

4  31.1 35 39.6 

5  12.8 26 18.9 

6  3.1 26 7 

7  67.5 29 98.4 

8  2.1 28 5 

9  21.5 31 28.5 

10  4.2 19 9 

11  54.5 20 90.8 

12  7.8 31 7.3 

13  10.5 34 10.3 

14  5 29 8.4 

15  78.6 35 98.7 

16  9.7 27 15.6 

17  12.5 27 23.9 

18  100.8 34 138.3 

 

6. Performance Criteria   

a. MMRE represents the average of absolute percentage errors, serving as a key metric for assessing prediction 

accuracy [32]. 

 

𝑀𝑀𝑅𝐸 =
1

𝑁
∑

|Actual Effort−Predicted Effort|

Actual Effort

𝑁
1                                                                           (9) 

 

     where N denotes the total number of software projects. 
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b. The R quantifies the strength and direction of the linear association between real and estimated values. The 

range is from -1 to 1, with values approaching 1 signifying a more robust positive correlation and enhanced 

model performance. 

𝑅 = 1 − √
∑ (Actual Effort−Predicted Effort)2𝑁

𝑖=1

∑ (Actual Effort)2𝑁
𝑖=1

                                                                               (10) 

Where N representing the total count of input variables. 

c. RMSE is a commonly used metric for evaluating a model's accuracy in predicting numerical data. 

 

RMSE = √
∑ (Actual Effort−Predicted Effort)2𝑁

𝑖=1

𝑁
                                                                                 (11) 

 

Where N is the total number of input parameters. 

7. Results and Discussion 

7.1 Generation of the ANN model 

In this study, ANN were used to estimate software development effort using a feedforward backpropagation 

technique. The Neural Network Toolbox in MATLAB was used to create the neural network model  [33] The 

output layer used a linear activation function, whereas the input and hidden layers utilized a logistic sigmoid 

activation function. To facilitate model training, it was essential to meticulously calibrate many key parameters: 

The quantity of concealed layers, the aggregate number of nodes within each concealed layer, and the count of 

training epochs. Root means square error RMSE was the metric utilized as a yardstick in training and testing to 

ensure the predictive accuracy of the ANN model. Experimental results demonstrated that this network with two 

hidden layers outperformed its single-layer counterpart considerably. Through a process of trial and error, the best 

hidden layer architecture was determined, where the number of nodes varied from 1 to a total of 10. The 

configuration of six neurons in the first hidden layer and one neuron in the second hidden layer yielded the lowest 

RMSE. The ANN (2-6-1-1) model was identified as the most appropriate for effort prediction. The network was 

trained iteratively; weights were updated until the error goal of 0.00312 was reached after 132 epochs. Table 3 

summarizes the predicted values of the test dataset that used different models for effort estimation. Figure 4 shows 

a comparison of predicted vs actual effort during the testing phase, which proves that the current ANN model is 

very accurate. Similarly, Figure 5 represents a one-to-one performance comparison of actual and predicted efforts. 

From this figure, it has been observed that the proposed ANN model fits the target data very closely. Further 

analysis of the test set has yielded an RMSE of 4.457, a correlation coefficient (R) of 0.996, and an MMRE of 

0.0903, further establishing the ANN model as of very high predictive accuracy. The strength and reliability of the 

suggested ANN configuration for software work estimation are highlighted by these results. 

Table 3: Actual and predicted effort using different effort estimation methods. 

Project 

ID. 
Actual ANFIS ANN 

Walston-

Felix 

model 

Doty 

model 

Bailey-

Basili 

model 

Halstead 

model 

14 8.4 5.49 7.39 22.494 28.518 10.222 7.826 

15 98.7 104.6 106.7 275.955 510.269 120.849 487.789 

16 15.6 16.21 15.69 41.112 57.074 15.685 21.147 

17 23.9 19.12 18.4 51.784 74.431 19.169 30.936 

18 138.3 129.6 136.3 346.061 662.086 159.435 708.417 
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Figure 4. ANN predictions vs. actual (target) results for the test data. 

 

 

Figure 5. A comparison of the proposed ANN model for the test data with the actual (target) effort. 

 

7.2 Generation of the ANFIS Model 

In this work, the model based on ANFIS was developed in MATLAB R2013a. The proposed ANFIS was 

developed using the genfis2 function of MATLAB, which is supported by the subtractive clustering technique as 

introduced by Chiu. This function allows an easy way of creating an initial rule base by arranging any number of 

input-output data in clusters. Every data point may be a possible center for the first cluster, according to the theory 

of subtractive clustering. Once identified, all points lying within this radial distance from the center of this cluster 

are eliminated. The algorithm repeatedly computes the successive centers of clusters by iterating through the same 

process and guarantees that every data point within a given radius of each cluster center is assigned to the 

appropriate cluster [35]. Each cluster center's degree of effect across all data dimensions is determined by the r. 

The larger the radius, the fewer the number of clusters, turning this model more generalized and coarse; the smaller 

the radius, the greater the number of clusters, it allows the model to be more detailed and fine [36]. Among the 

popular fuzzy inference systems, The most widely used and effective models in numerous applications are the 

Mamdani and Sugeno models [37, 38]. The suggested ANFIS model in this research has been developed using the 

Sugeno-type fuzzy inference system. The subtractive clustering method was used to build the suggested model, 

which was then trained on 13 NASA datasets and tested on 11 additional test datasets. This model gives the best 

performance with a hybrid learning methodology after trying an extensive set of learning algorithms and numbers 
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of epochs. This approach has integrated the backpropagation algorithm, which fine-tunes the premise parameters, 

while the least squares is used to adjust consequent parameters. Gaussian membership functions for the input 

variables and linear membership functions for the output variable were used in this context in the proposed ANFIS 

model. The best configuration under optimization was obtained with a cluster radius of r = 0.22 and 50 training 

epochs. This setting outperformed the other configurations; It was chosen as the best model as a result. After 50 

epochs of testing, the optimal ANFIS model yielded a final error of 5.36, demonstrating its effectiveness in 

software effort estimation. The predicted values for each testing dataset are presented in Table 3, while Figure 6 

shows a comparison between the actual effort made during the testing period and the anticipated outcomes of the 

suggested ANFIS model. The R is 0.995, indicates that the model demonstrated high predictive accuracy. A 

thorough comparison between the actual effort levels and the forecast accuracy of the suggested ANFIS model is 

shown in Figure 7. The results demonstrate a strong alignment between the actual and anticipated datasets, 

highlighting the model's excellent effort estimation, accuracy and dependability. Overall, the ANFIS model 

performed satisfactorily in modeling software effort, with the evaluation metrics showing an RMSE of 5.36, R of 

0.995, and an MMRE of 0.142. 

 

Figure 6. ANFIS predictions vs. actual (target) results for the test data. 

 

 

Figure 7. A direct comparison between the actual (target) effort values and the predictions of the proposed 

ANFIS model for the test dataset. 
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7.3 Comparison of Techniques 

Figure 8 demonstrates the estimated values versus the actual values of software effort from ANN, ANFIS, and 

those obtained from four existing methods for the testing data sets. Predictions by ANFIS for testing are close to 

those predicted by ANN (ANN is slightly better than ANFIS). With careful investigation of the Figure 8, It is 

evident that the ANFIS and ANN models outperform the other four models currently in use. To further support 

this conclusion, statistical measurements like RMSE and MMRE were computed and are presented in Table 4. 

According to Table 4, although ANN performed slightly better than ANFIS, both ANN and ANFIS achieved the 

lowest values of RMSE and MMRE compared to the other approaches. It can be said that out of all the models, 

the data-driven models in this study perform the best. In fact, it is evident that both ANN and ANFIS produce a 

higher accuracy compared with the existing models and thus can serve as simple and reliable tools to estimate the 

software development effort. 

 

Figure 8. Difference among the test dataset's predicted predictions and actual effort values. 

Table 4: Comparison of performance measured for the different models. 

Performance 

Criteria 

Model Used 

ANFIS ANN 

Walston-

Felix 

model 

Doty 

model 

Bailey-Basili 

model 

Halstead 

model 

RMSE 5.36 4.457  123.708 299.47 13.878 308.708 

MMRE 0.142 0.0903 1.556 3.025 0.16 1.757 

 

8. Conclusion 

In this study, two data-driven approaches, ANN and ANFIS, were developed to predict software project effort. 

The proposed models used methodology and KLOC (thousands of lines of code) as input variables, with effort as 

the target output. A dataset of 18 projects from NASA software projects was utilized, with 5 initiatives for testing 

and 13 to training. Three variables were applied to measure the models' effectiveness: R, RMSE, and MMRE for 

ANFIS. After testing various structures, the optimal model was identified using a hybrid-learning algorithm with 

a cluster radius (r) of 0.22 and 50 epochs. The ANN model's optimal structure was determined through a trial-and-

error process, resulting in ANN (2-6-1-1) being selected. Both models were further compared to traditional effort 

estimation methods, including the Walston-Felix, Doty, Bailey-Basili, and Halstead models. The results 

demonstrated that ANN and ANFIS significantly outperformed these traditional methods in effort estimation. 

Between the two, the ANN model produced slightly more accurate predictions than the ANFIS model. This study 

confirmed that both ANN and ANFIS are simple yet reliable tools for estimating software development effort. 
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