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ABSTRACT: Software effort prediction (SEP) is 

still a challenging task when it comes to software 

development because it is one of the factors that 

determines the quality of a software being delivered 

to clients. Overestimating or underestimating the 

effort required to complete a project can lead to waste 

of resources or delayed delivery. This study proposes 

a Feature weighted ridge model in which individual 

feature weights and the Ridge regularization 

parameter are optimized together using the Jaya 

algorithm. To enhance generalization, the 

regularization parameter controls the model’s 

complexity, while feature weights adjust the 

contribution of each feature. Minimizing the cross-

validated mean squared error is the optimization 

objective. The proposed approach is tested on twelve 

benchmark SEP datasets and the model’s 

performance is evaluated using several metrics. 

Across multiple independent runs, the experimental 

results computed shows a stable convergence and 

consistent predictive performance. Through the 

optimized feature weights, it is observed that 

individual features in the dataset do not contribute 

equally to effort estimation. The proposed approach 

provides a robust and computationally efficient way 

for improving software effort estimation through the 

optimization of feature weighting and regularization 

together. 

 

KEYWORDS: Software effort prediction, Machine 

learning, Optimization, Regression, Algorithms, 

Artificial intelligence. 

 

I. INTRODUCTION 
Software has become a very important 

aspect of our lives and our daily dependence on it is 

growing rapidly. Due to the complex nature of the 

problems that needs to tackled, software development 

approaches need to be innovative to increase risk 

mitigation, proper management of project and quality 

assurance [1]. When it comes to software 

development, huge money is spent on Research and 

Development (R&D) by companies on how software 

can be delivered on time, having a way to reliably 

predict how much time, resources or work it will take 

to build a software from start to finish is vital for 

successful delivering high quality software within 

budget and on time [2], this is what Software Effort 

Prediction (SEP) is all about. Overestimating and 

underestimating SEP can lead to significant budget 

and time of delivery challenges, this has led to the 

fact that SEP needs continuous improvement and it 

has attracted a lot of attention in terms of research 

with sole purpose of improving SEP [3], [4]. This 

study explores the effectiveness of combining a 

feature weighted ridge regression and Jaya algorithm 

for SEP. 

One widely used classical machine learning 

method for continuous feature prediction is the Ridge 

regression (RR) [5], [6]. High dimensionality, noise, 

and multicollinearity are some of the challenges that 

SEP datasets suffers from, this makes traditional 

Ordinary Least Squares (OLS) regression to be easily 

affected by high coefficient variance and overfitting 

[7]. To help address these issues, RR introduces L2 

regularization penalty to the objective function 

penalizing regression coefficients that are excessively 

large which leads to reducing model variance without 

completely eliminating predictor variables. Because 

of this, when dealing with correlated features, the 

model is generally more stable as a result of that, a 

common characteristic of software effort estimation 

datasets where project cost drivers often exhibit 

substantial interdependence. Recent studies have 

further demonstrated that the predictive performance 

of Ridge regression depends not only on the 

regularization mechanism itself but also on the 

appropriate selection of its tuning parameters [8], [9]. 

Aside from regularization, treating all input features 

as equally influential is another major shortcoming in 

traditional linear models for SEP. In real-world 

software engineering, project cost drivers such as 
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team experience, domain complexity, or software 

scale exhibit vastly different degrees of influence on 

total development effort. Ultimately, the predictive 

accuracy of Ridge regression in SEP depends on 

successfully tuning both the regularization strength 

alpha (α) and these individual feature weights [10]. 

This study optimized these parameters using the Jaya 

algorithm. 

In 2015, Rao proposed the Jaya algorithm 

and since then the algorithm has been studied and 

used by researchers widely, mostly because of its 

parameter-less nature [11]. When it comes to 

addressing different optimization problems, the basic 

Jaya algorithm has many advantages, but it also has 

shortcomings such as difficult coordination between 

search and development, low accuracy in addressing 

sophisticated high-dimensional issues, and slow 

convergence speed. In the past few years, many 

researchers have made effective improvements to the 

shortcomings of the Jaya optimization algorithm and 

successfully applied it to practical problems [12]. The 

Jaya algorithm is one out of many metaheuristic 

algorithms used to solve parameter tuning, for 

instance, Jaya algorithm was used as by of the 

solution to investigates the unmanned aerial vehicle 

scheduling problem (UAVSP) under gridded 

battlefield and logistics management [11]; Inspired 

by social behavior, the Jaya algorithm shows promise 

as an optimization method without algorithm-specific 

parameters, addressing the critical role of 

hyperparameter adjustment in MLP's success [13]. 

This study presents a software effort 

estimation model that uses the Jaya metaheuristic 

algorithm to fine tune feature relevance weights and 

the Ridge regression’s α. The goal is to implement 

and evaluate this integrated tuning process on 

multiple benchmark software engineering datasets. 

 

II. RELATED WORKS 

 

Software Estimation Prediction Techniques 

In general, there are three kinds of 

techniques used in SEP, they are statical based, 

experience based and machine learning (ML) based 

techniques [14]. Regression and parametric models 

are two examples of statistical techniques, this 

technique employ historical data and mathematical 

formulas to predict effort or reliability, although their 

accuracy often decreases with dynamic datasets [15]. 

Experience-based techniques rely on judgement of 

human domain experts, using the experience they 

have gathered over years [16]. ML approaches 

leverage input-output data correlations for 

predictions, examples of ML techniques are Artificial 

Neural Networks (ANN), Backpropagation Neural 

Networks (BPNN), Fuzzy Logic, and many others 

[17]. 

 

Machine Learning Approach to SEP 

Effective resource allocation, schedule 

planning, and risk reduction in software project 

management depend on precise effort estimation. 

Software effort prediction has gradually shifted over 

the last 20 years from inflexible parametric models 

and traditional expert judgment to data-driven 

Machine Learning (ML) techniques. In order to 

automatically identify underlying trends, predict non-

linear connections, and link multi-dimensional 

project attributes such as software scale, functional 

complexity, and team experience to estimate 

development effort, machine learning algorithms 

make use of past project data [18], [19]. Many 

researchers have used different machine learning 

models to predict and estimate software effort. For 

example, a study was conducted with the goal of 

improving software effort estimation in analogy-

based methods by introducing a hybrid approach that 

combines feature weighting with multiple regression 

methods. The suggested method assesses different 

regression models and combines them with analogy-

based estimation by combining project features in a 

weighted manner. The goal is to increase the 

accuracy of effort estimation through the 

optimization of project attribute weights and 

similarity functions. According to experimental 

results, the hybrid model achieves exceptional 

accuracy across a variety of software project datasets, 

greatly outperforming conventional analogy-based 

methods [20]. 

Metaheuristic algorithms such as Salp 

Swarm Algorithm (SSA), Genetic Algorithms (GA), 

Jaya algorithm, Particle Swarm Optimization (PSO), 

and more are used to optimize machine learning 

parameters in order to improve model’s accuracy 

when performing predictions. A paper [13], presents 

an innovative hyperparameter optimization technique 

that uses the Jaya method to enhance multilayer 

perceptrons (MLP). Inspired by social behavior, the 

Jaya algorithm shows promise as an optimization 

method without algorithm-specific parameters, 

addressing the critical role of hyperparameter 

adjustment in MLP's success. Similarly, because of 

its swarm intelligence characteristics, Particle Swarm 

Optimization (PSO) has been used to improve 

hyperparameters in Support Vector Machines 

(SVMs) and Artificial Neural Networks (ANNs), 

offering quick convergence in comparison to 

exhaustive search methods[21]. 
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III. METHODOLOGY 

Research Design 

This section describes the experimental 

approach and mathematical formulation of the 

proposed approach for estimating software effort. 

Combining a feature-weighted regularized linear 

model with the Jaya metaheuristic optimization 

algorithm, the technique optimizes both the Ridge 

regularization parameter and per-feature influence 

weights at the same time. This study experiments 

were done using Python (version 3.11.4) with Scikit-

learn library, Pandas and NumPy. The experiment 

was carried out on a 64-bit operating system, x64-

based processor HP laptop with the following 

specifications: 8 GB of RAM, AMD Ryzen 5 PRO 

5650U with Radeon Graphics (2.30 GHz), AMD 

Radeon(TM) Graphics (496 MB), 238 SSD storage. 

 

MinMax Scaling and Target Transformation 

Let 𝑋 ∈ ℝ𝑛×𝑑 denote the raw input feature 

matrix containing 𝑛 project instances and 𝑑 cost 

drivers, and let 𝑦 ∈ ℝ𝑛 represent the continuous 

target effort vector. To eliminate scale disparities 

across heterogeneous software metrics without 

distorting underlying distributional shapes, both 

features and target values are normalized 

independently to the closed interval [0,1] using 

MinMax scaling. 

For any feature matrix 𝑋, the scaling parameters are 

estimated strictly from the training partition 𝑋train to 

prevent data leakage: 

𝑥̂𝑖𝑗 =
𝑥𝑖𝑗 −min(𝑋train,𝑗)

max(𝑋train,𝑗) − min(𝑋train,𝑗)
 (1) 

where 𝑥𝑖𝑗  represents the value of feature 𝑗 for 

project instance 𝑖. Validation and held-out test 

partitions are transformed using the fixed minimum 

and maximum bounds derived from 𝑋train. Similarly, 

target transformation is performed using training 

target bounds: 

𝑦̂𝑖 =
𝑦𝑖 −min(𝑦train)

max(𝑦train) − min(𝑦train)
 (2) 

Model fitting, parameter optimization, and 

internal validation are conducted entirely within this 

normalized [0,1] target space. 

 

Feature Weighted Ridge Regression Model 

Standard Ridge regression applies uniform 

shrinkage across all features regardless of their 

relative domain relevance. The proposed model 

introduces an explicit weight vector 𝑤 =
[𝑤1, 𝑤2, … , 𝑤𝑑]

𝑇 ∈ ℝ𝑑, where each scalar multiplier 

𝑤𝑗 ≥ 0 adjusts the magnitude of the 𝑗-th scaled 

feature column. 

Given normalized feature matrix 𝑋̂ ∈ ℝ𝑛×𝑑, element-

wise feature scaling produces the weighted feature 

matrix 𝑋′ ∈ ℝ𝑛×𝑑: 

𝑥′𝑖𝑗 = 𝑤𝑗 ⋅ 𝑥̂𝑖𝑗  

The weighted matrix 𝑋′ is supplied to an 𝐿2-

regularized linear model. The regression coefficients 

𝛽 = [𝛽1, … , 𝛽𝑑]
𝑇 and unpenalized intercept 𝛽0 are 

estimated by minimizing the penalized sum of 

squared residuals: 

𝐽(𝛽, 𝛽0) = ∑(𝑦̂𝑖 − 𝛽0 −∑𝛽𝑗

𝑑

𝑗=1

𝑥′𝑖𝑗)

2
𝑛

𝑖=1

+ 𝛼∑𝛽𝑗
2

𝑑

𝑗=1

 (3) 

where 𝛼 > 0 governs the strength of 𝐿2 

regularization. Per the implementation specifications: 

• The intercept term 𝛽0 is explicitly fitted 

(fit_intercept=True) and is excluded from the 𝐿2 

penalty term. 

• To prevent numerical instability or division-

by-zero during matrix operations, the regularization 

parameter is defensively floored prior to fitting: 

𝛼eff = max(𝛼, 10−5) 
Candidate Solution Encoding and Search Space 

To avoid hand-tuning or disconnected sub-

optimization, the 𝑑 feature weights and the 

regularization parameter 𝛼 are concatenated into a 

single candidate solution vector 𝑉 ∈ ℝ𝐷, where the 

solution dimensionality 𝐷 = 𝑑 + 1: 

𝑉 = [𝑤1 , 𝑤2, … , 𝑤𝑑 , 𝛼] 

The search space boundaries are bounded 

strictly as follows: 

• Feature weights: 𝑤𝑗 ∈ [0.0,1.0] for 𝑗 =

1,… , 𝑑. 

• Regularization strength: 𝛼 ∈ [0.01,100.0]. 
The initial population of 𝑁 = 20 candidate 

solution vectors is generated uniformly at random 

across these bounded intervals using a reproducible 

pseudo-random state 

(numpy.random.RandomState(random_state)): 

𝑉𝑖,𝑚
(0)

∼ 𝑈(lower𝑚 , upper𝑚), 𝑖 = 1,… , 𝑁; 𝑚

= 1,… , 𝐷 

 

Jaya Metaheuristic Optimization Mechanism 

The Jaya algorithm modifies candidate solutions 

by drawing them toward the best-performing solution 
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while pushing them away from the worst-performing 

solution. Unlike standard evolutionary algorithms, 

Jaya requires no algorithm-specific control 

parameters (such as mutation or crossover rates). 

Let 𝑉best
(𝑡)

 and 𝑉worst
(𝑡)

 denote the candidate vectors 

possessing the lowest and highest cross-validated 

error in generation 𝑡, respectively. In each iteration, 

every candidate vector 𝑉𝑖
(𝑡)

 undergoes a synchronous 

update across all 𝐷 dimensions: 

𝑉𝑖,𝑚
temp

= 𝑉𝑖,𝑚
(𝑡)

+ 𝑟1,𝑚
(𝑡)
(𝑉best,𝑚

(𝑡)
− |𝑉𝑖,𝑚

(𝑡)
|)

− 𝑟2,𝑚
(𝑡)
(𝑉worst,𝑚

(𝑡)

− |𝑉𝑖,𝑚
(𝑡)
|) 

(4) 

where 𝑟1,𝑚
(𝑡)
, 𝑟2,𝑚

(𝑡)
∼ 𝑈(0,1) are independent 

uniform random values drawn separately for each 

dimension 𝑚. 

To maintain feasibility, candidate components 

exceeding search bounds are clamped: 

𝑉𝑖,𝑚
updated

= clamp(𝑉𝑖,𝑚
temp

, lower𝑚 , upper𝑚) 

A greedy selection mechanism is applied: 

𝑉𝑖
updated

 replaces 𝑉𝑖
(𝑡)

 in the population if and only if 

its fitness score 𝑓(𝑉𝑖
updated

) is strictly lower (better) 

than 𝑓(𝑉𝑖
(𝑡)
): 

𝑉𝑖
(𝑡+1)

= {
𝑉𝑖
updated

, if𝑓(𝑉𝑖
updated

) < 𝑓(𝑉𝑖
(𝑡)
)

𝑉𝑖
(𝑡)
, otherwise

 

Population update proceeds synchronously, 

meaning 𝑉best and 𝑉worst are identified once per 

generation. The search executes for 𝑇max = 49 

update iterations across 𝑁 = 20 candidate solutions, 

corresponding to 50 total logged generations 

(Generation 0 representing the initial baseline 

population). Upon completing all iterations, the 

globally optimal candidate 𝑉∗ is re-identified via an 

explicit argmin operation across the final population 

fitness array. The whole experiment is ran 30 

different times. 

 

3.2 Dataset 

All the datasets were gotten from two 

repositories, PROMISE and GitHub. The datasets 

vary in size and complexity, as shown in Table 3.1 

below, each entry includes information about the 

source, dimensions, time unit of the project, number 

of features, and dataset name. The Albrecht, 

Kitchenham, and Kemerer datasets have the fewest 

features, seven, seven, and six, respectively while the 

Maxwell and COCOMONASA II datasets have the 

most features 27 and 24, respectively. The Maxwell 

dataset is measured in function points, but the China 

dataset from PROMISE and the Desharnais dataset 

from GitHub are both measured in person-hours. The 

remaining datasets are measured in man-months, 

including Albrecht, which was gotten from 

PROMISE, and USP05, which was sourced from 

GitHub [4]. 

 

Table 3. 1: SEP datasets summary 

Dataset Features Dimension Unit Source 

Albrecht 7 24 Months PROMISE 

China 17 499 Hours PROMISE 

Cosmic 11 42 Months PROMISE 

COCOMO 81 17 63 Months PROMISE 

COCOMONASA I 17 60 Months PROMISE 

COCOMONASA II 24 93 Months PROMISE 

Desharnais 12 81 Hours GitHub 

Kemerer 6 15 Months PROMISE 

Kitchenham 7 145 Months PROMISE 

Maxwell 27 62 FP PROMISE 

Miyazaki 8 48 Months PROMISE 

USP05 8 203 Months GitHub 

Source: tera-PROMISE Category: Effort (openscience.us) 

 

i. Before the model was trained, all datasets 

underwent two preprocessing steps:  

Normalization: To keep high-magnitude 

characteristics from controlling the learning 

process, Min-Max scaling was applied to all 

numerical features, translating values to the 

[0, 1] range.  

ii. Categorical Encoding: To guarantee 

regression compatibility, categorical features 

were transformed into numerical form using 

one-hot encoding. 

 

Evaluation Metrics 

To evaluate the prediction accuracy of the model, 

several error and accuracy metrics were used. Let 𝑋𝑖 
denote the actual value, 𝑌𝑖 the predicted value, 𝑋‾ the 

mean of actual values, and 𝑛 the number of data 

points. 

https://openscience.us/repo/effort/
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Table 3. 2: Evaluation Metrics and Formulars 

 Metric Formular  

 
Mean Squared Error (MSE) 

MSE =
1

𝑛
∑(

𝑛

𝑖=1

𝑋𝑖 − 𝑌𝑖)
2 (5) 

 

Root Mean Squared Error (RMSE) 

 
RMSE = √

1

𝑛
∑(

𝑛

𝑖=1

𝑋𝑖 − 𝑌𝑖)
2 (6) 

 
Relative Absolute Error (RAE) 

RAE =
∑ |𝑛
𝑖=1 𝑋𝑖 − 𝑌𝑖|

∑ |𝑛
𝑖=1 𝑋𝑖 − 𝑋‾|

 (7) 

 

Root Relative Squared Error (RRSE) 

RRSE = √
∑ (𝑛
𝑖=1 𝑋𝑖 − 𝑌𝑖)

2

∑ (𝑛
𝑖=1 𝑋𝑖 − 𝑋‾)2

 (8) 

 
Mean Absolute Error (MAE) 

MAE =
1

𝑛
∑|

𝑛

𝑖=1

𝑋𝑖 − 𝑌𝑖| (9) 

 
Coefficient of Determination (𝑅2) 

 𝑅2 = 1 −
∑ (𝑛
𝑖=1 𝑋𝑖 − 𝑌𝑖)

2

∑ (𝑛
𝑖=1 𝑋𝑖 − 𝑋‾)2

 (10) 

 

Euclidean Distance (ED) 

ED = √∑(

𝑛

𝑖=1

𝑋𝑖 − 𝑌𝑖)
2 (11) 

 
Manhattan Distance (MD) 

MD =∑|

𝑛

𝑖=1

𝑋𝑖 − 𝑌𝑖 (12) 

 

IV. Results and Discussion  
The comparative analysis between the 

proposed method, Ridge Regression optimized with 

Jaya algorithm (JAYA-RR) and some other existing 

methods are presented below. In Table 4.1, it can be 

observed that the proposed model outperformed the 

Back Propagation Neural Network (BPNN) 

approach in all the datasets. The BPNN approach is 

a pure machine learning estimation technique 

carried out without any parameter optimization 

using a metaheuristic algorithm. On the other hand, 

the results in Table 4.2 shows the comparison 

between the proposed method and an optimized 

BPNN. The proposed method performed 

significantly well even when compare with an 

optimized neural network model, this shows how 

robust and efficient the proposed approached is.  

 

Table 4.1: Proposed Method compared with BPNN Approach 

Dataset Model MSE RMSE RAE RRSE MAE R2 (%) ED MD  

Albrecht 
BPNN 0.5474 0.7399 1.7905 2.1267 0.5598 35.2275 2.7779 33.5888 

JAYA-RR 0.0007 0.0269 0.2491 0.2410 0.0212 94.1920 0.0600 0.1062 

China 
BPNN 0.0216 0.1468 0.7391 1.0316 0.0565 06.4162 1.7982 8.4718 

JAYA-RR 0.0023 0.0481 0.5324 0.5151 0.0299 73.4662 0.4811 2.9870 

Cocomo 81 
BPNN 0.6974 0.8351 5.4654 3.6461 0.8008 12.2942 3.6401 15.2147 

JAYA-RR 0.0009 0.0292 1.3022 1.1902 0.0236 -41.6461 0.1054 0.3066 

Cocomonasa 

I 

BPNN 0.2870 0.5358 2.0948 1.8617 0.4082 24.6599 2.2730 7.3485 

JAYA-RR 0.0007 0.0273 0.2828 0.2503 0.0186 93.7326 0.0946 0.2230 

Cocomonasa 

II 

BPNN 0.3324 0.5765 2.6832 2.4516 0.4824 50.1032 3.0507 13.5074 

JAYA-RR 0.0013 0.0362 0.8814 0.9376 0.0264 12.0988 0.158 0.5023 

Cosmic 
BPNN 3.3319 1.8253 4.9570 4.9366 1.5491 23.3704 3.6507 6.1963 

JAYA-RR 0.0004 0.0193 0.3379 0.2929 0.0159 91.419 0.0579 0.143 

Desharnais BPNN 0.1451 0.3810 1.4796 1.5172 0.2838 13.0190 1.8663 6.8122 
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Table 4.2: Proposed Method Compared with BPNN optimized with Salp Swarm Algorithm (SSA-BPNN) 

Dataset Model MSE RMSE RAE RRSE MAE R2 (%) ED MD  

JAYA-RR 0.0047 0.0687 0.8225 0.7642 0.0558 41.603 0.2831 0.9492 

Kemerer 
BPNN 1.2860 1.1340 2.4443 2.9849 0.8425 79.0953 2.5357 4.2124 

JAYA-RR 0.0001 0.0112 0.1356 0.1176 0.0111 98.6173 0.0194 0.0333 

Kitchenham 
BPNN 0.3220 0.5675 2.1685 2.6079 0.3289 58.0136 2.1807 14.4702 

JAYA-RR 4.607E-05 0.0068 0.3074 0.2798 0.0053 92.1702 0.0366 0.1539 

Maxwell 
BPNN 0.1417 0.3765 1.7412 1.6004 0.2919 15.6141 1.6411 5.5457 

JAYA-RR 0.001 0.0321 0.6937 0.7926 0.0224 37.1737 0.1157 0.2912 

Miyazaki 
BPNN 0.3067 0.5538 2.5740 2.2841 0.3717 42.1694 2.1449 5.5748 

JAYA-RR 7.931E-05 0.0089 0.5799 0.5697 0.0068 67.5397 0.0282 0.0681 

USP05 
BPNN 0.0701 0.2648 2.3039 2.0161 0.1151 30.6449 2.0508 6.9056 

JAYA-RR 0.0003 0.0174 1.044 0.9461 0.0146 10.4989 0.1112 0.5967 

Dataset Model MSE RMSE RAE RRSE MAE R2 (%) ED MD  

Albrecht 

SSA-

BPNN 

0.0161 0.1271 0.3153 0.3652 0.0986 86.66 3.6971 5.9146 

JAYA-RR 0.0007 0.0269 0.2491 0.2410 0.0212 94.1920 0.0600 0.1062 

China 

SSA-

BPNN 

0.0030 0.0546 0.3795 0.3792 0.0292 85.62 0.6684 4.3815 

JAYA-RR 0.0023 0.0481 0.5324 0.5151 0.0299 73.4662 0.4811 2.9870 

Cocomo 

81 

SSA-

BPNN 

0.0160 0.1266 0.6870 0.5528 0.1007 69.44 0.5519 1.9124 

JAYA-RR 

0.0009 0.0292 1.3022 1.1902 0.0236 

-

41.6461 0.1054 0.3066 

Cocomo

nasa I 

SSA-

BPNN 

0.0074 0.0861 0.3602 0.2993 0.0702 91.04 0.3654 1.2635 

JAYA-RR 0.0007 0.0273 0.2828 0.2503 0.0186 93.7326 0.0946 0.2230 

Cocono

nasa II 

SSA-

BPNN 

0.0103 0.1013 0.3664 0.4307 0.0659 81.45 0.5360 1.8446 

JAYA-RR 0.0013 0.0362 0.8814 0.9376 0.0264 12.0988 0.158 0.5023 

Cosmic 

SSA-

BPNN 

1.34E-

07 

3.66E-

04 

9.19E-

04 

9.90E-

04 

0.0287 99.99 7.32E-

04 

1.15E-

03 

JAYA-RR 0.0004 0.0193 0.3379 0.2929 0.0159 91.419 0.0579 0.143 

Desharn

ais 

SSA-

BPNN 

0.0157 0.1251 0.5098 0.4984 0.0978 75.16 0.6131 2.3470 

JAYA-RR 0.0047 0.0687 0.8225 0.7642 0.0558 41.603 0.2831 0.9492 

Kemerer 

SSA-

BPNN 

1.62E-

04 

0.0127 0.0338 0.0335 0.0117 99.8877 0.0285 0.0583 

JAYA-RR 0.0001 0.0112 0.1356 0.1176 0.0111 98.6173 0.0194 0.0333 

Kitchen

ham 

SSA-

BPNN 

0.0229 0.1512 0.6721 0.6949 0.1019 51.7055 1.0030 4.4849 

JAYA-RR 4.607

E-05 0.0068 0.3074 0.2798 0.0053 92.1702 0.0366 0.1539 

Maxwel

l 

SSA-

BPNN 

0.0068 0.0824 0.3881 0.3504 0.0651 87.7239 0.3593 1.2362 

JAYA-RR 0.001 0.0321 0.6937 0.7926 0.0224 37.1737 0.1157 0.2912 

Miyazak

i 

SSA-

BPNN 

0.0035 0.0593 0.2928 0.2444 0.0423 94.03 0.2295 0.6341 

JAYA-RR 7.931 0.0089 0.5799 0.5697 0.0068 67.5397 0.0282 0.0681 
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The six plots below show that the proposed Jaya 

optimized feature weighted ridge regression model 

delivers consistent and successful optimization. The 

convergence curves plots demonstrate quick and 

consistent convergence, while the scatterplots show a 

steady reduction in solution variability as the search 

continues. The feature importance plots indicate that 

the model correctly separates the relevance of each 

feature by assigning suitable feature weights. 

Collectively, these data show that enhancing feature 

weights and the ridge regularization parameter 

together improves model stability and prediction 

performance. 

 

 
Fig. 4.1: Albrech Scatterplot 

 
Fig. 4.2 Cosmic Scatterplot 

Dataset Model MSE RMSE RAE RRSE MAE R2 (%) ED MD  

E-05 

USP05 

SSA-

BPNN 
0.0144 0.1201 1.2103 0.9145 0.0605 16.36 0.9303 3.6278 

JAYA-RR 0.0003 0.0174 1.044 0.9461 0.0146 10.4989 0.1112 0.5967 
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Fig. 4.3 Cosmic Feature Importance Boxplot  

 

 
Fig. 4.4 Albrecht Feature Importance Boxplot 
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Fig. 4.5 Cosmic Convergence (RMSE) 

 

 
    

Fig. 4.6 Albrecht Convergence (RMSE) 

 

V. CONCLUSION 
This paper introduced a collaborative 

optimization approach for software effort 

estimation that combines the parameter-free Jaya 

metaheuristic algorithm with a feature-weighted 

Ridge regression model. The proposed 

approach simultaneously optimizes each feature 

weight and the Ridge regularization parameter 
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inside a single solution vector, in contrast to 

traditional Ridge regression techniques that treat all 

predictors equally and maximize just the 

regularization parameter. The suggested method 

allows the regression model to highlight important 

software cost drivers while preventing overfitting 

through suitable regularization by simultaneously 

learning feature relevance and model complexity. 

The proposed framework converges 

consistently and generates stable performance across 

different individual runs, according to experimental 

evaluation on twelve benchmark software effort 

estimation datasets using repeated nested cross-

validation. The convergence behavior indicated 

effective exploration and exploitation by the Jaya 

algorithm, while the optimized feature weights 

showed that software cost drivers contribute 

unequally to prediction accuracy. 

Overall, by simultaneously optimizing 

feature significance and regularization strength, the 

proposed feature weighted ridge regression with 

Jaya optimization provides an effective approach for 

enhancing Ridge regression-based software effort 

estimation. Future study might broaden this 

framework by comparing it to other machine 

learning models and optimization algorithms, 

researching adaptive search techniques for the 

regularization parameter, and assessing its relevance 

to modern agile software development datasets. 
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