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Abstract 

The success of software project management hinges on the ability to reliably forecast development effort. However, 

achieving precise estimates is notoriously difficult, primarily due to inherent project complexities and numerous 

uncertain variables. While various techniques exist, no single method has proven consistently reliable, leading to 

inaccurate scheduling and cost overruns. This study aims to develop a more accurate and robust estimation model by 

hybridizing a multi-criteria decision-making (MCDM) method for handling uncertainty with a machine learning 

algorithm for predictive modeling. The proposed approach integrates the Consistent Fuzzy Preference Relation 

(CFPR) method to derive consistent weights for cost drivers from expert judgments. These weights are then used as 

Effort Adjustment Factors (EAF) to preprocess the COCOMO and NASA datasets, which are subsequently modeled 

using the Least Squares Support Vector Machine (LSSVM). Evaluation of the hybrid CFPR-LSSVM model 

confirmed its enhanced predictive accuracy. For the COCOMO dataset, the model yielded an MMRE of 28.463% 

and an RMSE of 0.4705. Its performance on the NASA dataset was particularly remarkable, with results indicating 

an MMRE of 1.104% and an RMSE of 0.4593, demonstrating a level of precision that underscores the model's 

effectiveness. This research contributes a novel hybrid framework that effectively combines consistent fuzzy 

preference handling with powerful non-linear regression. By providing a more structured and robust methodology 

for managing uncertainty, this approach offers a substantial advancement in software effort estimation, delivering 

more reliable predictions for improved project planning.   

 

Keywords : COCOMO, Consistent Fuzzy Preference Relation, Least Square Support Vector Machine, Machine 
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1. INTRODUCTION 

Accurate software effort estimation constitutes a cornerstone of successful software project 

management [1], [2] The accuracy of predicting effort encompassing time, labor, and cost, is paramount 

to a project's success[3]. This estimation is directly linked to budgeting, resource allocation, and risk 

management. However, predictions often deviate from the actual values, resulting in either 

underestimates or overestimates. Such inaccuracies lead to schedule delays, cost overruns, or diminished 

project quality. The primary challenges in effort estimation stem from project complexity, the variability 

of factors such as software size, team expertise, and technical complexity, and the frequent 

incompleteness of historical data. Conversely, accurate estimation enables optimal resource allocation, 

mitigates the risks of delays and cost overruns, and enhances the effectiveness of decision-making 

during the planning stage[4], [5]. 

Foundational approaches to effort estimation, including algorithmic models like COCOMO and 

Function Point Analysis, rely on mathematical formulas derived from historical data[6]. Although these 

models provide a structured and interpretable approach, their performance is limited when dealing with 

qualitative and uncertain data[7]. Moreover, the reliability of these estimates is highly contingent on the 
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exactness of the input parameters and calibration constants used, factors that often lack generalizability 

from one project context to another[8]. To overcome these limitations, researchers have developed soft 

computing approaches that integrate fuzzy logic with machine learning techniques. Fuzzy logic 

facilitates the modeling of linguistic or imprecise variables—such as development experience, project 

complexity, or tool usage—that represent qualitative assessments [7], [9], [10]. To address these non-

linear complexities, machine learning models—including Support Vector Machine (SVM) and its 

efficient variant, Least Squares Support Vector Machine (LSSVM)—prove especially capable of 

learning the relationship between project attributes and effort [11], [12], [13]. The hybridization of these 

two approaches is anticipated to yield more accurate and reliable predictions[14]. 

Previous research in Software Effort Estimation (SEE) has explored various techniques 

combining fuzzy logic and machine learning. A prominent machine learning algorithm in this domain 

is the Least Squares Support Vector Machine (LSSVM), which simplifies the underlying quadratic 

optimization problem by transforming it into a system of linear equations. Yet, a key limitation of 

LSSVM is the strong dependence of its results on the configuration of kernel parameters and input 

feature weights. As a result, researchers frequently turn to fuzzy logic techniques to calculate more 

accurate and representative weightings for this purpose.  

Several relevant studies have been conducted, including the combination of fuzzy logic and 

machine learning[14] , Fuzzy-AHP and LSSVM[15], LFPP-LSSVM [16], Function Point Analysis[17], 

and a novel ensemble rule[18]. The results from these studies indicate that the integration of fuzzy Multi-

Criteria Decision Making (MCDM) methods with LSSVM yields better performance compared to 

single-method approaches, such as linear regression, Artificial Neural Networks (ANN), or standard 

SVM.  

To perform the weighting, this work implements the Consistent Fuzzy Preference Relation 

(CFPR) method, utilizing its fuzzy logic framework to handle uncertainty in expert judgments. The 

objective is to maintain consistency in the preferences among attributes, which can significantly 

influence the estimation value. Unlike some other methods that rely on subjective weighting without 

accounting for uncertainty in preferences, CFPR offers a more stable assessment structure that is less 

vulnerable to subjective inconsistencies. The weights derived from the CFPR process are then integrated 

into the LSSVM model, ultimately influencing the estimation output. Therefore, by hybridizing the 

CFPR method for weighting and LSSVM for predictive modeling, this research is expected to yield a 

more accurate and consistent SEE model. 

2. METHOD 

To achieve its objective, this research applies a hybrid strategy: it uses a Multi-Criteria Decision 

Making (MCDM) method to assign weights to the criteria and a Machine Learning (ML) algorithm to 

develop the predictive models. The MCDM method used is the Consistent Fuzzy Preference Relation 

(CFPR), which calculates the multiplicative factor, or Effort Adjustment Factor (EAF), for the software 

effort estimation model. Previous studies have utilized FAHP[19] and LFPP[16] as MCDM approaches. 

The CFPR method itself has been applied in model evaluation across several studies [20], [21], [22], 

[23], [24], [25], [26], [27]. The use of CFPR aims to consistently measure expert preferences concerning 

the factors influencing SEE. Through the CFPR process, a stable preference matrix is expected to be 

obtained, resulting in more representative input data for the model. 

The weighting results from CFPR are then used as the Effort Adjustment Factor (EAF) for pre-

defined datasets, which are subsequently modeled using machine learning. In this study, the 

COCOMO81 and NASA93 datasets were used as model input as can be seen in Table 1. 
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Tabel 1. Datasets used for experiment 

Dataset Number of Project 

COCOMO 81 63 

NASA 93 93 

 

The machine learning model was constructed by training on a dataset partitioned into training and 

testing subsets [28], [29]. In this study, we employed an 80-20 split for training and testing the model. 

A total of 15 cost drivers, categorized under four main attributes, were used in the analysis, as detailed 

in Table 2 [8]. 

 

Tabel 2 Cost Drivers and Attributes 

ATTRIBUTES NOTATION COST DRIVERS 

X1.PRODUCT 

ATTRIBUTES 

X11 RELY  is Required Reliability 

X12 DATA is Size of Database 

X13 CPLX is Complexity of 

Product 

X2.COMPUTER 

ATTRIBUTES 

X21 TIME is  Constrain of 

Execution time 

X22 STOR is Constrain of Main 

storage 

X23 VIRT is Volatility of Virtual 

machine 

X24 TURN is Computer turnaround 

time 

X3.PERSONNEL 

ATTRIBUTES 

X31 ACAP is Capability of Analyst 

X32 AEXP is Experience on 

Application 

X33 PCAP is Capability of 

Programmer 

X34 VEXP is Experience on Virtual 

Machine 

X35 LEXP is Experience on 

Programming language 

X4.PROJECT 

ATTRIBUTES 

X41 MODP is Practice of Modern 

programming 

X42 TOOL is  Use of software tools 

X43 SCED is Required 

development schedule 

 

Machine learning, a subfield of computer science, is applicable for classification and prediction 

tasks. This approach has been widely employed in various projects, including credit card fraud detection 

[30], [31], [32], robot locomotion[33], [34], agriculture[35], [36] and natural language processing [37], 

[38]. Software effort estimation is another domain that can be addressed through machine learning 

modeling, as its application can reduce reliance on human effort and minimize manual errors [39]. 

Consequently, selecting an algorithm capable of delivering accurate and reliable estimations is crucial. 

The core predictive modeling in this research is built upon the Least Squares Support Vector Machine 

(LSSVM) algorithm. 

The constructed model was subsequently evaluated to assess its performance level. While several 

performance evaluation methods exist—most of which are statistical approaches such as mean, standard 

deviation, and coefficient of variation[12][14], [15]—this study focuses specifically on two evaluation 
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metrics: Root Mean Square Error (RMSE) and Mean Magnitude of Relative Error (MMRE). The 

methodological steps of this research are as follows: 

2.1. Consistent Fuzzy Preference Relation (CFPR) 

According to [40], for n criteria, CFPR needs only n-1 pairwise comparisons. The CFPR method 

offers a major methodological benefit by greatly simplifying the evaluation process through a significant 

reduction in the necessary pairwise comparisons between drivers. In contrast, other methods, such as 

the Analytic Hierarchy Process (AHP), typically require n(n-1)/2 comparisons [41]. The procedural 

steps of this study are as follows: 

2.1.1. The Hierarchical Structure of Software Effort Estimation  

The systematic hierarchical structure of the 15 cost drivers, categorized into four attributes—

namely Product, Computer, Personnel, and Project—is illustrated in Figure 1.  

 

 
Figure 1. Hierarchical structure of Software Effort Estimation 

 

Tabel 3 Linguistic Scale 

Crisp 

Number 
Definition 

1 Equal Importance – Both elements have an identical contribution to the objective 

2 Intermediate Value – Transition between Moderate Importance and Equal 

3 Moderate Importance – One element is moderately preferred over the other. 

4 Intermediate Value – Transition between Strong Importance and Moderate 

5 Strong Importance – One element is strongly preferred over the other 

6 Intermediate Value – Transition between Strong and Very Strong Importance 

7 Very Strong Importance – One element is strongly dominant, with clear evidence of 

preference 

8 Intermediate Value – Transition between Absolute Importance and Very Strong 

9 Extreme Importance – The maximum degree of preference; the dominance of one 

element is beyond doubt 

2.1.2. Expert Judgment  

The values for the pairwise comparisons were obtained from assessments provided by five domain 

experts. These assessment values, expressed as crisp numbers on a scale of 1 to 9 according to Table 3, 

were then averaged to form the final comparison matrix.  
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2.1.3. Comparison Matrix  

Following the expert judgments, a pairwise comparison matrix was developed. This matrix, which 

applies the representative values from Table 3, is shown in Table 4. The pairwise comparison matrix for 

the cost drivers and criteria is constructed from expert assessments. Formally, the comparative 

relationships between elements are defined by a relation R  on the set of cost drivers A, where R ⊆ A×A. 

This relation is represented by a matrix R=(rij), for all i,j ε {1,2,3,…,n}, where A= {a1,a2,…,an}  is the 

set of 𝑛 cost drivers or criteria. Each entry rij denotes the relative importance of driver ai  compared to 

driver aj 𝑎𝑗, and the matrix satisfies the reciprocal condition rij . rji = 1  for all i,j. 

 

Table 4 The Pairwise Comparison matrix for criteria 

Attributes X1 X2 X3 X4 

X1 1 3,48 p13 p14 

X2 p21 1 1,76 p24 

X3 p31 p32 1 4,05 

X4 p41 p42 p43 1 

 

Consider A as the pairwise comparison matrix used within the Consistent Fuzzy Preference 

Relation (CFPR) framework, 

 

 
 

The matrix has 1s on its main diagonal. Expert assessments provide the values above the diagonal 

aij, and the remaining entries (z) are calculated using Propositions 1 and 2 [19],[25],[26]. A Fuzzy 

preference relation, denoted as P, is an n × n matrix P=(pij) with corresponds to matrix 

A, ∀i,j∈{1, 2, 3, …, n} . 

 

 
 

• Proposition 1: 

Consider a finite set of n alternatives, A={a1,a2, ...,an}. Let A=(aij) be the associated reciprocal 

multiplicative preference relation, where each entry aij  ∈  [1/9,9]. The transformation to a reciprocal 

fuzzy preference relation P=(pij) with values pij=[0,1] is defined as: 

 

 
(1) 
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• Proposition 2: 

The following conditions are equivalent and are satisfied by a reciprocal fuzzy preference relation  

P=(pij): 

 

 
(2) 

 
(3) 

 

The calculated values may fall within an interval of [-k, 1+k] for some k > 0. To map these values 

onto the standard [0, 1] interval, the following transformation function is applied: 

 

 
(4) 

 

The weight of each criterion (wij) was calculated score using (5) and weight (6) where nc is the 

number of criteria and pij is the value in row i and column j. 

 

 

(5) 

 

(6) 

2.2. Least Square Support Vector Machine (LSSVM) 

The Support Vector Machine (SVM) is a predictive method for classification and regression that 

works by finding the hyperplane with the maximum margin between classes, typically requiring 

quadratic optimization. LSSVM introduces a key modification by applying a least squares cost function, 

which simplifies the solution to a system of linear equations and improves computational speed. 

However, to maintain SVM's effectiveness with non-linear data, LSSVM also relies on kernel functions, 

including linear, polynomial, RBF, and Laplace types[42]. For non-linear data, as found in software 

effort estimation in this study, the RBF kernel is employed. The machine learning modeling steps using 

LSSVM begin with adjusting the dataset by multiplying each cost driver by the Effort Adjustment Factor 

(EAF).  

2.2.1. Integration of Effort Adjustment Factor (EAF) into the Dataset 

During data preprocessing, every cost driver was scaled by its corresponding Effort Adjustment 

Factor (EAF)—a weight representing the attribute's relative influence on effort. These EAF weights 

were derived using the Consistent Fuzzy Preference Relation (CFPR) method. This adjustment 

procedure was implemented uniformly across both the COCOMO and NASA datasets.  

2.2.2. Software Effort Model Development 

The model was developed using LSSVM with the modified dataset. This dataset was used to train 

the model to learn the relationship between features and effort. The trained model was then tested to 

compute the effort estimation values. The precision of the final prediction outcomes was then assessed. 

This study utilized the Radial Basis Function (RBF) kernel for the COCOMO dataset and three kernels 

(polynomial, radial basis, linear) for the NASA dataset. The RBF kernel function is defined as: 
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(7) 

2.3. Performance Testing 

In line with common practice for evaluating machine learning models, this study employs Root 

Mean Square Error (RMSE) and Mean Magnitude of Relative Error (MMRE). These metrics are 

calculated by comparing the model's predicted effort against the actual effort values from the dataset. 

2.3.1. Root Mean Square Error (RMSE) 

Measures the standard deviation of prediction errors, representing the average difference between 

estimated and actual values. Lower RMSE scores correspond to greater predictive accuracy. The RMSE 

formula is as follows: 

 

 

(8) 

2.3.2. Mean Magnitude of Relative Error (MMRE) 

Is defined as the average percentage of absolute error between the predicted and actual values 

over the entire dataset. The interpretation ranges for MMRE are detailed in Table 5. In many studies, an 

MMRE value below 25% is considered highly accurate[43]. The MMRE formula is: 

 

 

(9) 

 

With 𝑦𝑖= actual value, 𝑦𝑖= predicted value and n = number of data points. 

 

Table 5 MMRE Interpretation 

MMRE Range Accuracy Interpretation 

< 0.25 highly accurate 

0.25 - 0.5 acceptable accuracy 

0.5 - 0.75 moderate accuracy 

> 0.75 low accuracy 

3. RESULT 

The integration of machine learning with multi-criteria decision-making (MCDM) techniques 

offers a significant pathway to optimize software effort estimation (SEE) models. In this study, the 

computational outcomes from the Consistent Fuzzy Preference Relation (CFPR) method were used to 

establish the weights for the relevant cost drivers. This study involved five domain experts, comprising 

four academics from different universities and one IT practitioner. The pairwise comparison matrix 

derived from expert assessments, presented in Table 3, was subsequently completed to establish the 

initial decision matrix in accordance with the relevant propositions. 

3.1. The Initial Decision Matrix 

The initial decision matrices for the criteria can be seen in Tables 6 through 10. The remaining 

values, denoted as 'z', were initialized for subsequent calculations. 
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Table 6 The initial decision matrix of the criteria 

Attributes X1 X2 X3 X4 

X1 0.5 0.694 z z 

X2 z 0.5 0.588 z 

X3 z z 0.5 0.718 

X4 z z z 0.5 

 

Table 7 The initial decision matrix of the Product Attributes 

Cost driver X11 X12 X13 

X11 0.5 0.908 z 

X12 z 0.5 0.21 

X13 z z 0.5 

 

Tabel 8 The initial decision matrix of the Computer Attributes 

Cost driver X21 X22 X23 X24 

X21 0.5 0.866 z z 

X22 z 0.5 0.608 z 

X23 z z 0.5 0.241 

X24 z z z 0.5 

 

Table 9 The initial decision matrix of the Personnel Attributes 

Cost driver X31 X32 X33 X34 X35 

X31 0.5 0.667 z z z 

X32 z 0.5 0.653 z z 

X33 z z 0.5 0.65 z 

X34 z z z 0.5 z 

X35 z z z z 0.5 

 

Tabel 10 The initial decision matrix of the Project Attributes 

Cost driver X41 X42 X43 

X41 0.5 0.795 z 

X42 z 0.5 0.545 

X43 z z 0.5 

3.2. The Complete Decision Matrix 

The full transformation matrix which has been calculated can be seen in Table 11 – Table 15. It 

shows the weight and rank of each cost driver. 

 

Table 11 The complete decision matrix for Attributes 

Cost 

drivers 
X1 X2 X3 X4 Weight Rank 

X1 0.5 0.694 0.782 1 0.372 1 

X2 0.306 0.5 0.588 0.806 0.275 2 

X3 0.218 0.412 0.5 0.718 0.231 3 

X4 0 0.194 0.282 0.5 0.122 4 

 

The weight of each cost driver is presented in Figures 3–7, thus allowing for the identification of 

the most dominant cost drivers within each attribute. 
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Figure 2 Percentage of Attributes in Software Effort Estimation using CFPR 

 

Figure 2 shows that Product Attributes constitute the most significant factor in software effort 

estimation, accounting for 37% of the total consideration. 

 

Tabel 12 The complete decision matrix for Product Attributes 

Cost driver X11 X12 X13 Weight Rank 

X11 0.5 0.908 0.618 0.45 1 

X12 0.092 0.5 0.21 0.178 3 

X13 0.382 0.79 0.5 0.372 2 

 

Tabel 13 The complete decision matrix for Computer Attributes 

Cost driver X21 X22 X23 X24 Weight Rank 

X21 0.5 0.866 0.975 0.715 0.382 1 

X22 0.134 0.5 0.608 0.349 0.199 3 

X23 0.025 0.392 0.5 0.241 0.145 4 

X24 0.285 0.651 0.759 0.5 0.274 2 

 

Tabel 14 The complete decision matrix for Personnel Attributes 

Cost driver X31 X32 X33 X34 X35 Weight Rank 

X31 0.5 0.667 0.82 0.97 1 0.317 1 

X32 0.33 0.5 0.653 0.803 0.83 0.25 2 

X33 0.18 0.347 0.5 0.65 0.68 0.188 3 

X34 0.03 0.197 0.35 0.5 0.53 0.128 4 

X35 0 0.167 0.32 0.47 0.5 0.117 5 

 

Tabel 15 The complete decision matrix for Project Attributes 

Cost driver X41 X42 X43 Weight Rank 

X41 0.5 0.795 0.84 0.474 1 

X42 0.205 0.5 0.545 0.278 2 

X43 0.16 0.455 0.5 0.248 3 

 

Figure 3 illustrates comparative weight each attribute derives from the CFPR method, aiming to 

present results in percentage. 

The analysis of attribute weights reveals key drivers of software effort. Within Product Attributes, 

RELY (Required Reliability) is the dominant concern at 45%, ahead of DATA (Database Size) and 

CPLX (Product Complexity). For Computer Attributes, TIME (Execution Time Constraint) carries the 

greatest weight at 38%. Among Personnel Attributes, Analyst Capability is the most significant factor 

at 31%. In the Project Attributes category, Modern Programming Practices emerges as the highest-

priority factor, accounting for 47% of the weight. The complete set of calculated weights and the overall 

ranking of all cost drivers are provided in Table 16. 
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Product Attributes 

 
Computer Attributes 

 
Personnel Attributes 

 
Project Attributes 

Figure 3 Percentage Chart of Each Attribute 

 

Table 16 The weight of cost drivers using CFPR Method for Software Effort Estimation 

ATTRIBUTE 
COST 

DRIVER 

WEIGHT 

ATTRIBUTES 

WEIGHT 

COST 

DRIVERS IN 

ATTRIBUTES 

WEIGHT 

COST 

DRIVERS 

RANK 

PRODUCT(X1) RELY(X11) 0.372 0.45 0.1674 1 

DATA(X12 0.178 0.0662 6 

CPLX(X13) 0.372 0.1384 2 

COMPUTER(X2) TIME(X21) 0.275 0.382 0.1050 3 

STOR(X22) 0.199 0.0547 9 

VIRT(X23) 0.145 0.0399 11 

TURN(X24) 0.274 0.0754 4 

PERSONNEL(X3) ACAP(X31) 0.231 0.317 0.0732 5 

AEXP(X32) 0.25 0.0578 8 

PCAP(X33) 0.188 0.0434 10 

VEXP(X34) 0.128 0.0296 14 

LEXP(X35) 0.117 0.0270 15 

PROJECT(X4) MODP(X41) 0.122 

 

0.474 0.0578 7 

TOOL(X42) 0.278 0.0339 12 

SCED(X43) 0.248 0.0303 13 

3.3. Least Square Support Vector Machine 

The weights derived from the CFPR method were subsequently utilized as the Effort Adjustment 

Factor (EAF) for the available datasets. The datasets, modified with these CFPR weights, were then 

used to construct the model through an initial training process. The evaluation measures used in this 

study were Root Mean Squared Error (RMSE) and Mean Magnitude of Relative Error (MMRE). The 

hyperparameters explored for γ, σ, and c spanned the values [0.000001, 0.00001, 0.0001, 0.001, 0.01, 

0.1, 1.0, 10.0, 100.0, 1.0e3], whereas parameter d was varied from 1 to 24. The kernels examined 

included RBF, Polynomial, and Linear. The results for each dataset are as follows: 
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3.3.1. COCOMO 

The Constructive Cost Model (COCOMO) dataset, introduced by Barry W. Boehm (1981), is a 

seminal benchmark in software effort estimation research. Each record includes essential attributes like 

Lines of Code (LOC), development mode, Effort Adjustment Factors, and the actual effort. The 

performance outcomes obtained by applying the CFPR-weighted COCOMO data to the LSSVM model 

are summarized in Table 17. 

 

Table 17. COCOMO Dataset Result of Performance Test 

No Actual 
LSSVM Testing 

Predicted Pred (10) Pred (5) Pred (1) 

1 2040 2030.19159 1 1 1 

2 1600 1594.548026 1 1 1 

3 43 51.78541539 0 0 0 

4 1075 1070.219775 1 1 1 

5 423 421.8594938 1 1 1 

6 321 311.0127239 1 1 0 

7 201 207.9545966 1 1 0 

8 79 86.72738174 1 0 0 

9 40 17.09538707 0 0 0 

10 9 25.49803086 0 0 0 

11 12 19.86659891 0 0 0 

12 87 95.83259402 0 0 0 

13 50 57.71043103 0 0 0 

 

The evaluation of the COCOMO dataset yielded an MMRE of 28.463% (0.2846) and an RMSE 

of 0.47047. An MMRE of 28% suggests the model's predictions are reasonably aligned with actual 

project efforts. Furthermore, the low RMSE value signifies a small average squared error, indicating 

that the model provides both consistent and precise estimates.   

As illustrated in Figure 4, the predicted values closely approximate the actual values, signifying 

a reasonably good level of accuracy. Furthermore, the correlation coefficient between the actual and 

predicted values was calculated to be 0.99. Since this value approaches 1, it can be concluded that the 

estimation method exhibits high precision. A comparative evaluation of MMRE and RMSE with several 

previous research methods [12] is presented in Table 18. 

 

 
Figure 4 Comparison between Actual Effort and Predicted Effort for Dataset COCOMO 
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Table 18 Comparison of MMRE and RMSE Values Using RBF-LSSVM, FAHP-RBF-LSSVM, 

LFPP-RBF-LSSVM, and CFPR-RBF-LSSVM Methods on the COCOMO Dataset 

 Method Result 

MMRE   

1 RBF-LSSVM 0.82 

2 FAHP-RBF-LSSVM 0.57 

3 LFPP-RBF-LSSVM 0.015 

4 CFPR-RBF-LSSVM 0.2846 

RMSE   

1 RBF-LSSVM 630.78 

2 FAHP-RBF-LSSVM 569.43 

3 LFPP-RBF-LSSVM 1.703 

4 CFPR-RBF-LSSVM 0.47047 

 

As shown in Table 18, the combined CFPR-RBF-LSSVM approach delivers more stable and 

accurate results overall. Additionally, it enhances the consistency of input preferences and optimizes the 

predictive performance of the LSSVM model. 

3.3.2. NASA 

In addition to the COCOMO dataset, another standard dataset widely used in Software Effort 

Estimation research is the data developed by the NASA Metrics Data Program (MDP). This dataset 

contains historical information from various NASA software development projects, including code size 

(Lines of Code), number of modules, complexity, and actual effort. The results obtained from testing 

this dataset on the LSSVM model are presented in Table 19. 

 

Table 19 NASA Dataset Result of Performance Test 

No Actual Pengujian LSSVM 

  Predicted 
Pred 

(10) 

Pred 

(5) 

Pred 

(1) 

1 117.6 118.1095419 1 1 1 

2 8.4 9.01863285 1 0 0 

3 10.8 11.41623525 1 0 0 

4 72 72.55500094 1 1 1 

5 360 360.2673841 1 1 1 

6 36 36.59106042 1 1 0 

7 324 324.3033481 1 1 1 

8 48 48.57907241 1 1 0 

9 60 60.5670844 1 1 1 

10 48 48.57907241 1 1 0 

11 82 82.54510638 1 1 1 

12 444 444.183468 1 1 1 

13 98.8 99.32832316 1 1 1 

14 636 635.9916598 1 1 1 

15 300 300.3273242 1 1 1 

16 300 300.3273242 1 1 1 

17 756 755.8717797 1 1 1 

18 1200 1199.428223 1 1 1 

19 703 702.9247268 1 1 1 

 

 For the NASA dataset, the MMRE and RMSE values were 0.01104 (1.104%) and 0.4593, 

respectively. The MMRE of just 1.1% is exceptionally low and very close to the true values. As noted 

by Conte et al. [43], an estimation model is considered reliable when MMRE < 0.25. With an RMSE of 
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0.4593, the model shows minimal average prediction error, thereby confirming its high accuracy and 

effective performance. 

Similar to the results on the COCOMO dataset, visual inspection of Figure 5 shows a close 

alignment between predicted and actual values, which validates the model's good accuracy. A 

comparative evaluation using MMRE and RMSE on the NASA dataset with several previous research 

methods [12] is presented in Table 20. 

Table 20 further demonstrates that the model using the NASA dataset overall provides better and 

more accurate prediction results. The MMRE value for the NASA dataset is significantly smaller than 

that of the COCOMO dataset, approaching nearly zero. The difference in RMSE values between the 

NASA and COCOMO datasets is not particularly significant. As illustrated in Figure 6, the estimation 

model performs relatively more accurately on the NASA dataset compared to the COCOMO dataset. 

 

 
Figure 5 Comparison between Actual Effort and Predicted Effort for Dataset NASA 

 

Table 20 Comparison of MMRE and RMSE Values Using RBF-LSSVM, FAHP-RBF-LSSVM, 

LFPP-RBF-LSSVM, and CFPR-RBF-LSSVM Methods on the NASA Dataset 

 Method Result 

MMRE   

1 RBF-LSSVM 0.5 

2 FAHP-RBF-LSSVM 0.19 

3 LFPP-RBF-LSSVM 0.0073 

4 CFPR-RBF-LSSVM 0.0110 

RMSE   

1 RBF-LSSVM 19.74 

2 FAHP-RBF-LSSVM 5.99 

3 LFPP-RBF-LSSVM 6.039 

4 CFPR-RBF-LSSVM 0.4593 

 

 
Figure 6 Evaluation Values of prediction using MMRE and RMSE 

https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.6.5465


Jurnal Teknik Informatika (JUTIF)  Vol. 6, No. 6, December, 2025, Page. 5590-5608 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2025.6.6.5465 

 

 

5603 

4. DISCUSSIONS 

The primary objective of this research was to develop and evaluate a hybrid software effort 

estimation (SEE) model that integrates the Consistent Fuzzy Preference Relation (CFPR) method for 

criteria weighting with the Least Squares Support Vector Machine (LSSVM) for predictive modeling. 

The results presented in the previous section demonstrate that the proposed CFPR-LSSVM approach 

successfully enhances the accuracy and robustness of effort predictions. This discussion interprets these 

findings, explores the reasons behind the model's performance, and considers the implications for both 

research and practice. 

4.1. Interpretation of the CFPR Weighting Results 

The application of the CFPR method provided critical insights into the relative importance of 

various cost drivers. The derived weights, as summarized in Table 16, reveal that Product Attributes 

(37.2%) are considered the most significant factor group by domain experts, with RELY (Required 

Reliability) emerging as the single most influential cost driver overall (16.74%). This aligns with 

intuitive project management wisdom, as the fundamental quality and complexity of the product itself 

are often the primary determinants of development effort. The high ranking of CPLX (Product 

Complexity) and TIME (Execution Time Constraint) further underscores that technically challenging 

and performance-critical projects demand substantially more resources. 

A key advantage of using CFPR, as opposed to other Multi-Criteria Decision-Making (MCDM) 

methods like standard AHP, is its inherent mechanism for ensuring transitive consistency in expert 

judgments. By requiring only (n-1) pairwise comparisons, CFPR reduces the cognitive burden on 

experts and minimizes the potential for contradictory preferences. The consistent and stable preference 

matrices obtained (Tables 11-15) indicate that the derived weights are a reliable representation of expert 

consensus, thereby providing a more solid foundation for the subsequent machine learning phase 

compared to ad-hoc or inconsistent weighting schemes. 

4.2. Performance of the Hybrid CFPR-LSSVM Model 

The core contribution of this study lies in the hybridization of CFPR and LSSVM. The 

performance metrics on both the COCOMO and NASA datasets validate the effectiveness of this 

integration. 

4.2.1. COCOMO Dataset 

On the COCOMO Dataset: The model performance was good, though less stellar than on the 

NASA dataset, with an MMRE of 28.463% and an RMSE of 0.4705. While the MMRE is slightly above 

the 25% threshold, it represents a significant improvement over basic methods like RBF-LSSVM alone 

(MMRE 82%) and is comparable to other hybrid approaches like FAHP-LSSVM (MMRE 57%), as 

shown in Table 18. The RMSE value is very low and similar to that achieved on the NASA dataset, 

indicating that the magnitude of the errors is small and the model is stable. 

4.2.2. NASA Dataset 

On the NASA Dataset: The model achieved exceptional performance, with an MMRE of 1.104% 

and an RMSE of 0.4593. An MMRE below 25% is widely considered acceptable in SEE literature, and 

a result near 1% indicates a remarkably high level of accuracy. This suggests that for the NASA dataset, 

which comprises projects with certain characteristics, the CFPR-weighted LSSVM model can predict 

effort with minimal deviation from the actual values. The low RMSE further confirms the model's 

precision and consistency. 

The disparity in MMRE performance between the two datasets can be attributed to several factors:  
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4.2.2.1. Dataset Characteristics 

The COCOMO81 dataset is known to be more challenging, with higher variance and more non-

linear relationships among its attributes. The NASA93 dataset may have a more consistent underlying 

pattern that is easier for the LSSVM to learn once properly weighted. 

4.2.2.2. Impact of CFPR Weighting  

The CFPR-derived EAF effectively recalibrates the input features to reflect their true influence 

on effort. This preprocessing step appears to be particularly beneficial for the NASA dataset, allowing 

the LSSVM to model the relationships with extreme accuracy. For COCOMO, it brings a substantial 

improvement over the baseline but does not fully overcome the dataset's inherent complexity. 

4.3. Comparative Advantage and Contribution 

As illustrated in Tables 18 and 20, the CFPR-LSSVM model consistently outperforms the 

standalone LSSVM model and shows competitive or superior results compared to other hybrid models 

like FAHP-LSSVM and LFPP-LSSVM. This comparative analysis highlights two key contributions:  

4.3.1. Robustness through Hybridization 

The model mitigates the limitations of individual techniques. CFPR alone cannot predict effort, 

and LSSVM's performance is sensitive to input feature scaling and relevance. By using CFPR to provide 

theoretically sound and consistent weights, we enhance LSSVM's ability to discern the complex, non-

linear relationships between project attributes and effort. 

4.3.2. A Framework for Handling Uncertainty 

Software project estimation is inherently uncertain. This hybrid approach directly addresses this 

by using fuzzy logic (via CFPR) to formalize and quantify the uncertainty in expert judgments, and 

machine learning (via LSSVM) to learn from historical data patterns. The result is a method that is both 

consistent (thanks to CFPR's mathematical properties) and robust (thanks to LSSVM's predictive 

power). 

4.4. Limitations and Future Work 

Despite the promising results, this study has certain limitations. The model's performance is 

validated on two public datasets; its generalizability should be further tested on a wider array of datasets, 

including those from modern agile projects and different industrial domains. Furthermore, the CFPR 

process relies on expert judgment, which, while made more consistent, can still be subject to availability 

and selection bias. Based on these limitations, future work should focus on:  

4.4.1. Developing a Web-Based Tool 

As hinted in the manuscript, a practical next step is to implement this hybrid methodology into a 

user-friendly, web-based estimation system for use by project managers. 

4.4.2. Expanding Dataset Validation 

Applying and validating the CFPR-LSSVM model on more recent and diverse industrial datasets 

to strengthen its external validity. 
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4.4.3. Exploring Advanced ML Models 

Investigating the integration of CFPR weights with other advanced machine learning or deep 

learning models to see if further accuracy gains can be achieved, especially for more difficult datasets 

like COCOMO. 

In conclusion, the discussion affirms that the hybrid CFPR-LSSVM approach offers a 

scientifically rigorous and practically valuable contribution to the field of software effort estimation, 

providing a more consistent and robust methodology for managing the uncertainty inherent in predicting 

project effort.  

5. CONCLUSION 

This study has successfully developed and validated a hybrid software effort estimation (SEE) 

model by integrating the Consistent Fuzzy Preference Relation (CFPR) method with the Least Squares 

Support Vector Machine (LSSVM). The primary objective was to enhance prediction accuracy and 

robustness by systematically handling the uncertainty in expert judgments and effectively modeling the 

non-linear relationships in project data. 

The key findings and contributions of this research are summarized as follows: 

1. Effective Hybridization: The proposed CFPR-LSSVM model demonstrates that combining a 

fuzzy Multi-Criteria Decision-Making (MCDM) technique with a machine learning algorithm 

creates a synergistic effect. The CFPR method provides a mathematically consistent and reliable 

framework for determining the weights of cost drivers (the Effort Adjustment Factor), which in 

turn optimizes the input features for the LSSVM predictive model. 

2. Enhanced Accuracy: The experimental results on two standard benchmark datasets confirm the 

model's effectiveness. On the NASA dataset, the model achieved an exceptionally low MMRE of 

1.104% and an RMSE of 0.4593. On the more challenging COCOMO dataset, it delivered an 

MMRE of 28.463% and an RMSE of 0.4705. These results, particularly when compared to 

standalone LSSVM and other hybrid models, indicate a significant improvement in estimation 

accuracy and consistency. 

3. Robust Framework for Uncertainty: This research provides a more structured and consistent 

alternative for handling the inherent uncertainty in software project estimation. The CFPR 

component ensures that expert preferences are transitive and logically consistent, thereby 

reducing subjective bias. Meanwhile, the LSSVM component robustly captures the complex, non-

linear relationships between project attributes and the required effort. 

In conclusion, the CFPR-LSSVM hybrid approach offers a scientifically-grounded and practical 

methodology for software effort estimation. It bridges the gap between qualitative expert judgment and 

quantitative data-driven prediction, resulting in a model that is both accurate and reliable. For future 

work, the implementation of this approach into a practical web-based tool and its validation on a broader 

range of industrial datasets are recommended to further solidify its utility for both academics and 

software project managers. 
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