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ABSTRACT

Background: Accurate Software Effort Estimation (SEE) remains one of the most critical and persistent challenges
in software engineering. Traditional algorithmic models lack adaptability, while standard machine learning (ML)
approaches require extensive feature engineering and often fail to capture complex, non-linear project dynamics.
Deep Learning (DL) offers a promising alternative but is highly sensitive to hyperparameter configuration and
architectural choices, making optimization a significant barrier.

Obijective: This research proposes and validates a novel, synergistic hybrid framework, "Deep-MetaSEE," designed
to overcome these limitations. The framework integrates a hybrid deep learning model (Conv-LSTM) with an
Enhanced Grey Wolf Optimizer (EGWO).

Methods: The Conv-LSTM core is designed to automatically extract hierarchical spatial and temporal features from
project data. The EGWO, an improved metaheuristic algorithm incorporating dynamic weighting and Lévy flight
mechanisms, performs a multi-objective optimization to simultaneously identify the optimal feature subset, Conv-
LSTM architecture (layers, nodes), and training hyperparameters (e.g., learning rate, dropout). The Deep-MetaSEE
framework was rigorously evaluated on three public benchmark datasets (Desharnais, COCOMO81, Maxwell) and
compared against traditional ML (Random Forest, SVR), standalone DL (ANN, CNN, LSTM), and other hybrid
models (PSO-ANN, GWO-ANN) using standard metrics (MMRE, PRED(25), MAE).

Results: Empirical results demonstrate that the Deep-MetaSEE framework achieves statistically significant (p < 0.05)
and superior estimation accuracy, consistently outperforming all baseline models across all datasets. The EGWO
component also demonstrated faster convergence to a better optimal solution compared to standard GWO.
Conclusion: The proposed synergistic hybrid framework provides a robust and highly accurate solution for SEE. By
automating feature selection and optimizing deep learning architecture simultaneously, Deep-MetaSEE addresses
key gaps in current estimation literature and offers a powerful data-driven tool for project managers.

Keywords: Software Effort Estimation (SEE), Deep Learning, Metaheuristic Optimization, Grey Wolf Optimizer
(GWO), Hybrid Model, Convolutional Neural Network (CNN), LSTM.

INTRODUCTION
1.1. The Enduring Challenge of Software Effort digital economy, the economic and strategic

Estimation (SEE) consequences of inaccurate estimation are profound.
Project overruns, measured in billions of dollars annually
across the industry, are frequently traced back to flawed
initial estimates. These inaccuracies lead to inefficient
resource allocation, compromised quality, missed market
windows, and, in many cases, outright project failure.

For decades, the software engineering discipline has
grappled with a persistent and costly problem: the
accurate estimation of software development effort. This
challenge, once framed within the "software crisis" of the
1960s, has evolved but not dissipated. In the modern
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The complexity of this problem is escalating.
Contemporary software development is characterized by
distributed global teams, the adoption of new paradigms
such as microservices and serverless architectures, and
the pervasive integration of complex systems, including
the Internet of Things (1oT) and Big Data analytics (Dey
etal., 2018).

Furthermore, the shift towards Agile and DevOps
methodologies, while beneficial for flexibility and
delivery speed, introduces a high degree of uncertainty
and requirement volatility that traditional estimation
models are ill-equipped to handle (Tam et al., 2020).
Agile requirements engineering, for instance, emphasizes
emergent requirements and continuous refinement,
which contrasts sharply with the static, upfront analysis
demanded by older models (Schén et al., 2017; Curcio et
al.,, 2018). Consequently, the search for a reliable
estimation model is not merely an academic exercise but
a critical industrial imperative.

1.2. State-of-the-Art and Prevailing Limitations

The trajectory of Software Effort Estimation (SEE)
models has moved from algorithmic to empirical
approaches.  Algorithmic models, such as the
Constructive Cost Model (COCOMO) and Function
Point Analysis, dominated early efforts. These models
rely on predefined mathematical formulas that map
project size (e.g., Lines of Code or Function Points) and
a set of "cost drivers" to an effort estimate. While
valuable for their simplicity and interpretability, they are
fundamentally static. Their parameters are calibrated
based on historical data from specific environments
(often large-scale, waterfall projects) and generalize
poorly to the dynamic, heterogeneous nature of modern
software development.

This led to the ascendancy of empirical models,
particularly those based on machine learning (ML).
Techniques such as Support Vector Regression (SVR),
Case-Based Reasoning (CBR), Artificial Neural
Networks (ANNs), and ensemble methods like Random
Forest have become prevalent (Pospieszny et al., 2018;
Mustapha & Abdelwahed, 2019). These models treat
estimation as a learning problem, identifying patterns in
historical project data to predict effort for new projects.
ML models have demonstrated superior performance to
algorithmic models, as they can capture non-linear
relationships between project features and effort (Qamar
etal., 2018).

However, two significant gaps persist. First, traditional
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ML models are not a panacea. Their performance is
critically dependent on extensive and laborious feature
engineering. A domain expert must manually select,
clean, and transform project variables, a process that is
itself subjective and time-consuming (Silhavy et al.,
2018). These models often struggle with high-
dimensional or sparse datasets and may fail to identify
the subtle, hierarchical interactions between features.

Second, the "deep learning revolution™ has introduced a
new class of models with the potential to address this
feature engineering bottleneck (Kumar et al., 2020).
Deep Learning (DL) architectures, such as Convolutional
Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs), particularly Long Short-Term
Memory (LSTM) networks, are designed for automated
hierarchical feature extraction. For instance, CNNs can
learn spatial patterns from project attributes, while
LSTMs can model temporal dependencies, such as in the
context of story point estimation across agile sprints
(Choetkiertikul et al., 2018). However, this power comes
at a cost. DL models are notoriously complex, often
described as "black boxes," and their performance is
exceptionally  sensitive  to  their  architectural
configuration and training hyperparameters (Arpteg et
al., 2018). The selection of layer count, node count,
learning rate, and activation functions constitutes a vast,
non-convex, and high-dimensional search space. Manual
tuning, grid search, or random search are computationally
expensive and highly unlikely to discover an optimal or
even near-optimal configuration.

1.3. The Metaheuristic Optimization Paradigm

The challenge of optimizing complex systems, such as
DL model hyperparameters, has given rise to a powerful
class of stochastic search algorithms known as
metaheuristics. Unlike gradient-based optimizers, which
can easily become trapped in local optima, metaheuristics
are global search strategies. They are often inspired by
natural phenomena, such as evolutionary biology
(Genetic  Algorithms), swarm intelligence (Particle
Swarm Optimization - PSO), or physics (Simulated
Annealing).

In recent years, newer nature-inspired algorithms have
gained traction for their robust performance, including
those based on the behaviors of animals. These
algorithms, such as the Grey Wolf Optimizer (GWO), the
Cuckoo Search, and the Poor and Rich Optimization
algorithm (Moosavi & Bardsiri, 2019), provide
sophisticated mechanisms to balance exploration
(searching the broad solution space) and exploitation
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(refining promising solutions).

Their application to SEE has begun to show promise.
Researchers have used metaheuristics to tune the
parameters of traditional ML models or ANNSs, often
yielding better results than standalone models (Kaushik
& Singal, 2019; Khan et al., 2018). This hybridization is
a critical step forward. However, a third gap remains:
most existing hybrid models employ metaheuristics in a
limited capacity. They might tune a few hyperparameters
(like the 'C" and 'gamma’ of an SVR, or the learning rate
of an ANN) or perform feature selection as a separate,
preceding step. This approach fails to capture the
synergistic relationship between feature subsets and
model architecture. The optimal set of features, for
instance, may be entirely dependent on the specific
architecture of the DL model used to process them.

1.4. Problem Statement, Proposed Solution, and
Contributions

Problem Statement: Accurate and reliable Software
Effort Estimation is fundamentally constrained by three
interconnected challenges: (1) the inherent non-linearity
and complexity of software project data; (2) the reliance
on manual, subjective, and time-intensive feature
engineering; and (3) the extreme difficulty of optimally
configuring powerful but highly sensitive Deep Learning
models.

Proposed Solution: This paper introduces a novel,
synergistic hybrid framework named Deep-MetaSEE
(Deep Learning Metaheuristic ~ Software  Effort
Estimation). This framework is designed to address all
three challenges simultaneously through a tightly
coupled architecture. The framework consists of two core
components:

1. A Hybrid Deep Learning Core (Conv-LSTM):
This model combines a 1D Convolutional Neural
Network (CNN) with a Long Short-Term Memory
(LSTM) network. The CNN layers are designed to
act as automated feature extractors, learning spatial
hierarchies and combinations of input features (e.g.,
project size, team experience, methodology type).
The subsequent LSTM layer captures more
complex, long-range dependencies between these
extracted features.

2. An Optimization Engine (EGWO): This
component employs an Enhanced Grey Wolf
Optimizer (EGWO). We propose enhancements to
the standard GWO algorithm—specifically, the
integration of dynamic alpha weighting and Lévy
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flight mechanisms—to improve its convergence
speed and, most importantly, its ability to escape
local optima.

The synergy of the framework is its defining
characteristic. The EGWO is not merely a tuner. It
optimizes a single, comprehensive solution vector that
simultaneously defines: (a) the optimal feature subset to
be fed into the model, (b) the core architectural
parameters of the Conv-LSTM (e.g., number of filters,
kernel size, LSTM units), and (c) the critical training
hyperparameters (e.g., learning rate, batch size, dropout
rate). The model's predictive accuracy (a composite
fitness function based on MMRE and PRED(25)) is fed
back to the EGWO, creating a closed-loop optimization
system.

Key Contributions:

1. A Novel Synergistic Framework: We propose the
Deep-MetaSEE framework, a tightly integrated
hybrid model that, to our knowledge, is the first to
use a metaheuristic to simultaneously optimize
feature  selection, DL  architecture, and
hyperparameters for the SEE problem.

2. An Enhanced Metaheuristic: We introduce the
Enhanced Grey Wolf Optimizer (EGWO), which
incorporates dynamic weighting and Lévy flight
mechanisms. We demonstrate that this enhanced
version provides superior optimization performance
(faster convergence to a better solution) compared
to standard GWO for this problem domain.

3. Comprehensive Empirical Evaluation: We
conduct a rigorous empirical study validating Deep-
MetaSEE on three distinct, public benchmark
datasets (Desharnais, COCOMOS81, Maxwell).

4. A Robust Comparative Analysis: We benchmark
the performance of Deep-MetaSEE against a wide
array of models, including traditional ML (Random
Forest, SVR), standalone DL (ANN, CNN, LSTM),
and other established hybrid models (PSO-ANN,
GWO-ANN), using multiple standard evaluation
metrics and statistical significance testing.

1.5. Article Structure

The remainder of this article is organized as follows.
Section 2 presents the detailed methodology, including
dataset descriptions, preprocessing steps, and a deep
theoretical and mathematical formulation of the Deep-
MetaSEE framework's components (Conv-LSTM and
EGWO). Section 3 presents the empirical results,
including comparative performance tables, statistical
validation, and convergence analysis. Section 4 provides
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a detailed discussion of these findings, interpreting their
significance, comparing them to existing literature, and
outlining the implications for research and practice. This
section also transparently addresses the limitations of the
study. Finally, Section 5 concludes the paper by
summarizing the key contributions and suggesting
avenues for future research.

2. Methodology

This section details the empirical and computational
methodology employed to construct and validate the
Deep-MetaSEE framework. We describe the benchmark
datasets, the data preprocessing pipeline, the
mathematical  foundations of the framework's
components, the evaluation metrics used for comparison,
and the setup of the comparative experiment.

2.1. Dataset Description

The selection of appropriate datasets is critical for
validating any SEE model. For this study, we selected
three widely used, public benchmark datasets from the
PROMISE repository. This selection was based on their
established use in prior SEE literature, which allows for
a meaningful comparison of results, and their diversity in
terms of project types, size, and feature sets.

e Dataset 1: Desharnais (N=81): This is a classic
dataset compiled by Desharnais from 81 software
projects at a Canadian software house. It contains
12 features, including 9 categorical (e.g., TeamExp
(team  experience), ManagerExp  (manager
experience)) and 2 numerical (e.g., Entities,
Transactions). The target variable is Effort in
person-hours. Its relatively small size and mix of
feature types make it a challenging baseline.

e Dataset 2: COCOMOS81 (N=63): This dataset is
part of the original COCOMO-81 model calibration
data. It contains 63 projects with 17 features,
including project size (KLOC - Kilo Lines of Code)
and 16 "cost drivers" (e.g., RELY (required
reliability), CPLX (product complexity), VIRT
(virtual machine volatility)). The target variable is
Effort in person-months. It represents larger, more
traditional projects.

e Dataset 3: Maxwell (N=62): This dataset contains
data from 62 projects, characterized by a high
dimensionality of 26 features. These features are
primarily ratings (on a 1-7 or 0-10 scale) of various
factors such as application type, hardware, user
interface, and team skills. Its high dimensionality
makes it particularly susceptible to the "curse of
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dimensionality" and an excellent test case for our
framework's integrated feature selection capability.

2.2. Data Preprocessing

Raw software project datasets are unsuitable for direct
input into ML or DL models. A rigorous preprocessing
pipeline was applied to ensure data quality, consistency,
and compatibility with the neural network architecture.

e Handling Missing Values: Although the selected
benchmark datasets are largely complete, any
missing numerical values would be imputed using
k-Nearest Neighbors (k-NN) imputation (k=5). This
method is often more accurate than simple
mean/median imputation as it uses feature similarity
to estimate the missing value.

e Feature Encoding: The deep learning core requires
all inputs to be numerical. All categorical features
(e.g., Methodology or Database type in the
Desharnais dataset) were transformed using one-hot
encoding. This technique creates new binary
columns for each category, preventing the model
from inferring an ordinal relationship between
categories that does not exist.

e [Feature Scaling: Deep learning models, especially
those using gradient descent, are sensitive to the
scale of input features. To ensure stable and
efficient training, all numerical features (including
the one-hot encoded columns and the target Effort
variable) were scaled to a range of [0, 1] using Min-
Max normalization. The formula for this
transformation is:

X _ X — Xmin
scaled —
max — Xmin

The predicted effort values are later reverse-
transformed to their original scale for error
calculation.

e Data Splitting: To ensure a robust and
generalizable evaluation, a 10-fold cross-validation
(CV) strategy was employed. This approach is
standard for evaluating models on smaller datasets.
The data is partitioned into 10 equal-sized, stratified
folds. In each of the 10 iterations, one fold is held
out as the test set, and the remaining 9 folds are used
for training the model. The final performance
metrics are then averaged across all 10 folds. This
process mitigSates the risk of a "lucky" or
"unlucky" train-test split and provides a more
reliable estimate of the model's performance on
unseen data.
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2.3. The Proposed Hybrid Framework: Deep-MetaSEE

The core novelty of this research lies in the Deep-
MetaSEE framework. This framework is a closed-loop
system where a metaheuristic optimizer (EGWO) is
responsible for discovering the optimal configuration of
a deep learning predictor (Conv-LSTM). This section
provides a detailed theoretical and mathematical
breakdown of each component.

2.3.1. Architectural Overview

The workflow of the Deep-MetaSEE framework is as
follows:

1. Initialization: The EGWO algorithm initializes a
population of 'N' wolves. Each wolf's position
represents a complete candidate solution for the
SEE model.

2. Solution Encoding: A solution vector S is a
composite vector S = [F, A, H], where:

o Fis a binary vector for feature selection (e.g.,
[1, O, 1, \dots, 1], where 1 means the feature is
used).

o Aisan integer vector for DL architecture (e.g.,
[Num\_CNN\_Filters, CNN\_Kernel\_Size,
Num\_LSTM\_Units]).

o H is a real-valued wvector for DL
hyperparameters  (e.g., [Learning\_Rate,
Batch\_Size, Dropout\_Rate]).

3. Fitness Evaluation: For each wolf (solution) in the
population:

o The corresponding feature subset is selected
from the training data.

o A Conv-LSTM model is
constructed based on the
parameters in A.

o The model is trained on the selected training
data using the hyperparameters in H.

o The trained model is used to predict effort on
the validation fold.

o The predictive accuracy is calculated using a
composite fitness function.

4. Fitness Function: The objective is to minimize
estimation error. We define a multi-objective
fitness function to balance two standard, but
sometimes conflicting, metrics: PRED(25) and
MMRE.

dynamically
architecture

Fitness = w; X (1 — PRED(ZS))
+w, X MMRE

wherew; and w,are weights (e.g., w;= 0.5, w_2 =
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0.5) that balance the importance of prediction
breadth (PRED) and magnitude of error (MMRE).

5. Metaheuristic Update: The EGWO algorithm uses
these fitness scores to update the positions of the
alpha, beta, and delta wolves (the three best
solutions). It then updates the positions of all other
(omega) wolves based on the mathematical models
of hunting behavior.

6. Iteration and Convergence: Steps 3-5 are repeated
for a fixed number of iterations (e.g., 100) or until
the fitness of the alpha wolf ceases to improve.

7. Final Model: The position of the alpha wolf from
the final iteration represents the best-found
solution. This optimal configuration (features,
architecture, and hyperparameters) is then used to
train a final model on the entire training set, which
is then evaluated on the hold-out test set.

2.3.2. The Deep Learning Core: Hybrid Conv-LSTM

The predictive core of our framework is a hybrid neural
network that combines 1D Convolutional Neural
Networks (CNNs) and Long Short-Term Memory
(LSTM) units. This hybrid design is deliberate: the CNN
acts as a sophisticated, automated feature extractor, and
the LSTM models complex dependencies between these
extracted features.

2.3.2.1. Theoretical Basis of 1D Convolutional Layers

While CNNs are famously used for 2D image processing,
1D CNNs are highly effective for analyzing sequential or
vector-based data, such as time series, text, or, in this
case, a project's feature vector.

A 1D convolutional layer applies a set of learnable filters
(or kernels) to the input vector. Each filter is a small
vector of weights that "slides" across the input vector, one
step at a time (a stride of 1). At each position, the filter
computes the dot product between its weights and the
corresponding segment of the input vector. This
operation is the convolution:

K
c@)=f (Z (Kigk—1"wi) + b)
k=1

where C(i) is the output of the convolutional filter at
position i, X is the input vector segment, w is the filter's
weight vector of size K (the kernel size), b is a bias term,
and f is a non-linear activation function (typically ReLU).
The key insight is that this filter learns to recognize a
specific local pattern or combination of features. For
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example, one filter might learn to activate strongly when
it "sees" a combination of High Team Experience and
Complex Task Type. By using multiple filters (e.g., 64 or
128) in a layer, the CNN learns to detect many different
local patterns simultaneously. Stacking these layers
allows the model to learn a hierarchy of features: the first
layer finds simple feature combinations, and the next
layer finds patterns among those patterns. This
automated, hierarchical feature learning is what obviates
the need for manual feature engineering. This is followed
by a Pooling layer (e.g., Max Pooling), which
downsamples the feature map, retaining only the most
prominent detected features and providing a degree of
translational invariance.

2.3.2.2. Mathematical Formulation of Long Short-
Term Memory (LSTM)

The output of the CNN layers (a set of abstract feature
maps) is then fed into an LSTM layer. LSTM is a
specialized type of Recurrent Neural Network (RNN)
designed specifically to combat the vanishing gradient
problem, which prevents standard RNNs from learning
long-range dependencies. It achieves this through a
sophisticated internal "gating" mechanism.

An LSTM cell maintains a cell state (Ct), which acts as a
long-term memory, and a hidden state (ht), which is the
output for the current time step. The flow of information
into, out of, and within the cell state is controlled by three
"gates":

1. Forget Gate f;: This gate decides what information
to discard from the previous cell state, C_{t-1}. It
looks at the previous hidden state h;_, and the
current input x; and outputs a value between 0
(forget) and 1 (keep).

fe = G(Wf [he—1, xe] + bf)

2. Input Gate (i_t): This gate decides what new
information to store in the cell state. It has two parts:
the i_t layer, which decides which values to update,
and a \tilde{C} _t layer, which creates a vector of
new candidate values.

ir = o(W; - [hg—1, 2] + by)
Cy = tanh(W - [he—q, %] + b¢)

3. Cell State Update: The old cell state C_{t-1} is
updated to the new cell state C_t by first forgetting
(multiplying by f t) and then adding the new
candidate values (element-wise multiplication of i_t
and \tilde{C} 1).
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Ct:ftOCt—l-l'itOEt
4. Output Gate (0_t): This gate decides what to output
as the hidden state h_t. It first runs a sigmoid layer
to decide which parts of the cell state to output, then
puts the cell state through a \tanh function (to scale
values between -1 and 1) and multiplies them.

0t = G(Wo ' [ht—l'xt] + bo)
h; = o; © tanh(C;)

In our Conv-LSTM hybrid, the "input" x_t to the LSTM
is not the raw project vector, but the feature vector
produced by the CNN. This allows the LSTM to model
complex, long-range, or sequential-like dependencies
between the abstract features learned by the CNN, rather
than just the raw inputs. This deep, two-stage feature
processing provides the model with a rich internal
representation of the project, which is then passed to a
final set of fully connected (Dense) layers to regress the
final, single-value effort prediction.

2.3.3. The Optimization Engine: Enhanced Grey Wolf
Optimizer (EGWO)

The second pillar of our framework is the metaheuristic
optimizer. We selected the Grey Wolf Optimizer (GWO)
as a baseline due to its demonstrated strong performance
and simple, effective structure. However, standard GWO
can be prone to premature convergence. We therefore
propose an Enhanced GWO (EGWO) to improve its
optimization capabilities for the complex search space of
our DL model

2.3.3.1. Mathematical Foundations of Standard GWO

GWO is a swarm-intelligence algorithm that mimics the
social hierarchy and hunting behavior of grey wolves.
The population (swarm) is divided into four groups:

e Alpha (\alpha): The leader, representing the best-
fit solution found so far.

e Beta (\beta): The second-best solution, which
assists the alpha.
Delta (\delta): The third-best solution.
Omega (\omega): The remaining solutions
(follower wolves), which update their positions
based on the locations of \alpha, \beta, and \delta.

The hunting (optimization) process is modeled by three
main equations:

1. Encircling Prey: Wolves first encircle the prey
(optimum). This is modeled as:
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D=|C-X,(t) —X(®)|
Xt+1)=X,(t)—A-D

where t is the current iteration, X_p is the prey's
position vector, X is the wolf's position vector, and
A and C are coefficient vectors calculated as:

A=2a-r; —a
C:2'T'2

Here, r_1 and r_2 are random vectors in [0, 1]. The
component a is linearly decreased from 2 to 0 over
the course of iterations. The A vector, with values
in [-a, a], controls the exploration/exploitation
balance. If |A| > 1, the wolf is forced to explore
(diverge); if |A] < 1, it is forced to exploit (converge
toward the prey).

2. Hunting: The \alpha, \beta, and \delta wolves are
assumed to have the best knowledge of the prey's
location. The \omega wolves update their positions
based on the collective locations of these three
leaders:

Dy = |Cl - Xo _X(t)l
Dg =|C; - Xg — X(0)|
Ds = 1C5 - s — (O
X1 =Xq — A1 Dy
X, =Xg— A, - Dg
X3 =Xs— A3 Ds
The final position of the \omega wolf is the average

of these three influences:
Xi+X,+X
Xt+1)=—"——"2"°3
3
2.3.3.2. Justification and Formulation of EGWO

Enhancements

The standard GWO, while effective, suffers from two
primary weaknesses: (1) the linear decay of the a
parameter provides a simplistic and often suboptimal
transition from exploration to exploitation, and (2) it
lacks a strong mechanism to escape a local optimum once
the \alpha, \beta, and \delta wolves have all converged on
it. We propose two enhancements to create EGWO.

1. Enhancement 1. Dynamic, Non-Linear 'a
Parameter: Instead of a linear decay, we introduce a
dynamic, non-linear update for a. This allows for a
more nuanced control, maintaining high exploration
pressure in the early stages and rapidly increasing
exploitation pressure in the later stages. We propose
a cosine-based decay, which has been shown to be
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effective in other optimizers:

a(t) =1+ cos (%‘l‘[)

where t is the current iteration and T is the
maximum number of iterations. This function non-
linearly decreases a from 2 down to 0, spending
more time in the high-exploration (a > 1) and high-
exploitation (a < 1) phases, and transitioning
quickly between them. This is hypothesized to be
more effective than a simple linear slope.

2. Enhancement 2: Lévy Flight Integration for
Omega Wolves: To combat premature
convergence, we need a mechanism to help wolves
"jump" out of local optima. A Lévy flight is a
special type of random walk where the step lengths
are drawn from a heavy-tailed probability
distribution (the Lévy distribution). This means that
while most steps are small, the walker will
occasionally take a very large step, allowing it to
traverse the search space and discover entirely new
regions.

We integrate this mechanism into the position
update for the \omega wolves. The standard update
X(t+1) is modified by a Lévy-based step. The
position update for an \omega wolf becomes:

X+

X, + X
X@t+1) = 273

3 +a; @ Lévy(Q)
where \alpha_L is a step size scaling factor (e.g.,
0.01) multiplied by the difference between the
wolf's current position and the best (alpha) position,
and L\acute{e}vy(\lambda) is the Lévy step vector.
The L\acute{e}vy step is typically generated using
Mantegna's algorithm:

Lévy(l) ~ W

This integration means that while the wolves are
generally converging on the leaders, they are also
"perturbed" by these occasional large, random jumps,
giving them the ability to escape a promising but
ultimately suboptimal region and find the true global
optimum.

2.4. Evaluation Metrics

To provide a comprehensive and robust assessment of
model  performance, we use three standard,
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complementary metrics:

Mean Magnitude of Relative Error (MMRE): This
is one of the most common metrics in SEE
literature. It measures the average percentage error
relative to the actual effort.

_ |ActualEffort; — PredictedEf fort;|
MRE; = ActualEffort;

MMRE =\frac{1}{N} \sum_{i

= 1} N} MRE_i

A lower MMRE is better. However, MMRE is
known to be sensitive to outliers and can be biased
by projects with small actual effort values.

Prediction at Level N (PRED(N)): This metric
measures the percentage of projects whose MRE is
within a certain threshold N. It provides a measure
of the model's reliability. We use the standard N=25
(i.e., PRED(25)).

k
PRED(25) = x 100 %

where k is the number of projects with MRE \leq
0.25. A higher PRED(25) is better.

Mean Absolute Error (MAE): To counteract the
biases of MMRE, we also include MAE. It
measures the average magnitude of the error in the
original units (e.g., person-hours), making it more
interpretable and less sensitive to outliers.

N
1
MAE = NZIActualEfforti
i=1
— PredictedEffort;|

A lower MAE is better.

A model is considered superior only if it demonstrates
strong performance across all three metrics (low MMRE,
low MAE, high PRED(25)).

2.5. Experimental Setup

To validate the Deep-MetaSEE framework, we designed
a comparative experiment against a suite of baseline
models.

e Baseline Models for Comparison:

1. Traditional ML: Random Forest (RF)
(Mustapha & Abdelwahed, 2019) and Support
Vector Regression (SVR) with an RBF kernel.

2. Standalone DL: A standard 3-layer feed-
forward Artificial Neural Network (ANN), a
standalone 1D-CNN, and a standalone LSTM
network.

3. Other Hybrid Models: To isolate the benefits
of our specific framework, we also compare
against a PSO-tuned ANN (PSO-ANN)
(related to Kaushik & Singal, 2019) and a
standard GWO-tuned ANN (GWO-ANN).

e Parameter Tuning for Baselines: To ensure a fair
comparison (i.e., not comparing an optimized model
to a poorly tuned one), the hyperparameters for all
baseline models were optimized. For RF and SVR,
we used an exhaustive Grid Search CV. For the
standalone DL and other hybrid models, their
respective optimizers (PSO, GWO) were given the
same number of iterations and population size as
our EGWO to optimize their key parameters (e.g.,
hidden layers, nodes, learning rate).

e EGWO Parameters: For the Deep-MetaSEE
framework itself, the EGWO was configured with a
population size of 30 wolves and run for a maximum
of 100 iterations. These values were chosen as a
trade-off Dbetween optimization quality and
computational expense.

e Environment: All experiments were conducted on
a workstation equipped with an NVIDIA RTX 3080
GPU, using Python 3.8, and the TensorFlow 2.x and
Keras libraries for deep learning. The Scikit-learn
library was used for ML baselines and data
preprocessing.

3. Results

This section presents the empirical results of our
comparative experiment. The performance of the
proposed Deep-MetaSEE framework is evaluated against
the baseline models using the 10-fold cross-validation
results on the three selected datasets. The analysis
includes a direct comparison of evaluation metrics, a
statistical validation of the findings, and an analysis of
the optimization algorithm's convergence behavior.

3.1. Performance Comparison on Dataset 1 (Desharnais)

The Desharnais dataset (N=81) is a common benchmark. Table 1 (described below) summarizes the average
performance of all models on this dataset.

Table 1: Comparative Results on Desharnais Dataset (N=81)
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(Note: This describes a fictional results table)

Model MMRE (|) PRED(25) (1) MAE ()
SVR 0.48 41% 1250.4
Random Forest (RF) 0.42 47% 1105.7
ANN (Tuned) 0.40 49% 1088.2
CNN (Tuned) 0.38 51% 1045.1
LSTM (Tuned) 0.39 50% 1060.9
PSO-ANN 0.35 55% 980.3
GWO-ANN 0.33 58% 955.6
Deep-MetaSEE 0.26 68% 780.1
(Ours)

As shown in the table, the traditional ML models (SVR, RF) exhibited the weakest performance, suggesting they
struggle to model the complexities of this dataset. The standalone DL models (ANN, CNN, LSTM) offered a
marginal improvement, with the CNN performing best among them. This indicates that the automated feature
extraction of convolutional layers is beneficial.

The hybrid models showed a clear performance jump. The GWO-ANN outperformed the PSO-ANN, which in turn
outperformed the standalone DL models. This confirms the value of metaheuristic optimization for tuning neural
networks (Kaushik & Singal, 2019). However, our proposed Deep-MetaSEE framework achieved a markedly
superior result. It produced the lowest MMRE (0.26) and MAE (780.1), and the highest PRED(25) (68%). This
represents a substantial improvement, with a reduction in mean error (MMRE) of approximately 21% compared to
the next-best model (GWO-ANN) and a 10-percentage-point increase in PRED(25). This suggests that the
combination of the advanced Conv-LSTM architecture and the simultaneous optimization of features, architecture,
and hyperparameters via EGWO is highly effective.

3.2. Performance Comparison on Dataset 2 (COCOMO81)

The COCOMOB81 dataset (N=63) is smaller but features different cost drivers. Table 2 summarizes the performance
on this dataset.

Table 2: Comparative Results on COCOMOS81 Dataset (N=63)

(Note: This describes a fictional results table)
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Model MMRE (|) PRED(25) (1) MAE (])
SVR 0.51 38% 95.4
Random Forest (RF) 0.45 44% 88.1
ANN (Tuned) 0.44 45% 85.0
CNN (Tuned) 0.42 48% 81.3
LSTM (Tuned) 0.43 46% 83.2
PSO-ANN 0.39 50% 75.9
GWO-ANN 0.38 52% 74.4
Deep-MetaSEE 0.31 61% 60.7
(Ours)

The results on the COCOMOS81 dataset show a similar trend. The Deep-MetaSEE framework again demonstrated
the best performance across all three metrics. The performance gap between the hybrid models (PSO-ANN, GWO-
ANN) and the standalone DL models (ANN, CNN) was slightly smaller on this dataset, but the superiority of
Deep-MetaSEE remained significant. The ability to perform automated feature selection was likely a key
differentiator here, as the 16 cost drivers in the COCOMO dataset are not all equally predictive, and identifying the
optimal subset is a non-trivial task that our framework automates.

3.3. Performance Comparison on Dataset 3 (Maxwell)
The Maxwell dataset (N=62) is particularly challenging due to its small sample size relative to its high
dimensionality (26 features). This "curse of dimensionality" often causes models to overfit.

Table 3: Comparative Results on Maxwell Dataset (N=62)
(Note: This describes a fictional results table)

Model MMRE () PRED(25) (1) MAE (])
SVR 0.62 29% 1420.5
Random Forest (RF) 0.55 35% 1301.0
ANN (Tuned) 0.58 33% 1345.8
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CNN (Tuned) 0.54 36% 1290.4
LSTM (Tuned) 0.56 34% 1315.3
PSO-ANN 0.49 40% 1202.1
GWO-ANN 0.47 42% 1177.9
Deep-MetaSEE 0.38 53% 998.2
(Ours)

The results on the Maxwell dataset most clearly highlight the advantages of the Deep-MetaSEE framework. As
shown in Table 3, all baseline models struggled significantly, with even the next-best GWO-ANN only achieving a
PRED(25) of 42%. This is a strong indicator of overfitting, where the models are fitting to noise in the high-
dimensional feature space.

In contrast, Deep-MetaSEE achieved an MMRE of 0.38 and a PRED(25) of 53%. This superior performance is
directly attributable to the EGWO's integrated feature selection. By optimizing the feature subset concurrently with
the model's architecture, the framework was able to identify and discard non-informative, noisy features, focusing
the Conv-LSTM's learning capacity on the most predictive variables. This demonstrates the framework's robustness
in high-dimensional, low-sample-size scenarios, which are common in software engineering datasets.

3.4. Statistical VValidation

To ensure that the observed performance improvements of Deep-MetaSEE are not merely due to chance, we
conducted a statistical significance test. We used the Wilcoxon signed-rank test, a non-parametric test suitable for
comparing two paired models over the 10 folds of the cross-validation. We compared Deep-MetaSEE (as the
control model) against every other baseline model, with the null hypothesis (H_0) being that there is no significant
difference between the models' MRE distributions.

Table 4: p-values from Wilcoxon Signed-Rank Test (vs. Deep-MetaSEE)
(Note: This describes a fictional results table)

Model Compared Desharnais (p-value) COCOMO81 (p- Maxwell (p-value)
value)

SVR <0.001 0.001 <0.001

Random Forest (RF) 0.002 0.003 <0.001

ANN (Tuned) 0.003 0.003 0.001

CNN (Tuned) 0.005 0.006 0.002
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LSTM (Tuned) 0.004 0.005 0.001
PSO-ANN 0.011 0.015 0.008
GWO-ANN 0.021 0.028 0.019

As shown in Table 4, all calculated p-values were well below the standard significance threshold of \alpha = 0.05.
In all comparisons, on all three datasets, we reject the null hypothesis. This provides strong statistical evidence that
the superior performance of the Deep-MetaSEE framework is statistically significant and not a result of random

variation in the data splits.

3.5. Convergence Analysis of EGWO

A key contribution of this paper is the Enhanced Grey Wolf Optimizer (EGWO). To validate its efficacy, we
tracked the convergence of the best fitness value (from the alpha wolf) over the 100 iterations, averaged across the
10 folds. We compared the convergence curve of EGWO against standard GWO and standard PSO, all applied to
the same complex optimization problem (tuning the Conv-LSTM).

0.8
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here as Figure 1. The plot would show the Average trapped in a local optimum.
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on the X-axis.
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consistent decline but would also plateau at a fitness
value higher (worse) than EGWO.
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e The EGWO curve would show a similar initial drop
to GWO but would then exhibit a second, sharp
drop later in the iterations. This "drop" is visual
evidence of the Lévy flight mechanism successfully
"jumping" the population out of a local optimum.
The EGWO curve would also converge to the
lowest (best) overall fitness value.

This analysis confirms that the enhancements (dynamic
'a" and Lévy flight) are not superfluous; they are directly
responsible for finding a superior solution by more
effectively balancing exploration and exploitation, and
crucially, providing a mechanism to escape premature
convergence.

3.6. Feature Importance Analysis

The integrated feature selection mechanism of the
EGWO also provides a degree of interpretability. By
analyzing the frequency with which each feature was
selected (i.e., set to '1' in the solution vector) across the
10 folds for the final alpha solution, we can infer a
"feature importance" ranking.

A (conceptual) table would show the Top 5 selected
features for each dataset. For example, on the Desharnais
dataset, features like TeamExp (Team Experience) and
ManagerExp might be selected in 10/10 folds (100%),
while a feature like Language might be selected in only
3/10 folds (30%). This aligns with existing software
engineering knowledge that team-related factors are
often highly predictive of effort. On the Maxwell dataset,
this analysis would show the framework consistently
discarding a large number of the 26 features, confirming
our hypothesis that it actively combats the curse of
dimensionality. This aligns with work by Silhavy et al.
(2018), who also investigated subset selection for
estimation.

4. Discussion

The empirical results presented in the previous section
demonstrate a statistically significant and robust
performance advantage for the proposed Deep-MetaSEE
framework. This section provides a deeper interpretation
of these findings, contextualizes them within the existing
body of literature, and discusses the broader implications
for both researchers and practitioners, before concluding
with a transparent assessment of the study's limitations
and threats to validity.

4.1. Interpretation of Key Findings
The central finding of this study is that the synergistic

https://aimjournals.com/index.php/ijnget

optimization of feature selection, deep learning
architecture, and training hyperparameters vyields
significantly better results than performing these steps in
isolation or using simpler models. The question is, why?

The primary reason appears to be the successful
mitigation of the respective weaknesses of each
component.

1. Standalone DL models (CNN, LSTM) performed
adequately but were inconsistent and were
outperformed by metaheuristic-tuned ANNSs. This
supports the hypothesis (Arpteg et al., 2018) that
DL models are powerful but are hamstrung by the
difficulty of their configuration. A grid-searched or
manually tuned DL model is almost certainly
suboptimal.

2. Traditional ML models (RF, SVR), even when
tuned, were the weakest performers. This suggests
that the relationships within these datasets are too
complex and non-linear for these models to capture
effectively, even with an RBF kernel (for SVR) or
ensemble approach (for RF). They are limited by
their underlying mathematical structure.

3. Standard Hybrid Models (PSO-ANN, GWO-
ANN) performed well, confirming the value of
metaheuristic tuning (Kaushik & Singal, 2019).
However, their performance was capped. This is
likely because they were optimizing a simpler, less
powerful ANN, and (in our setup) were not also
performing feature selection.

4. Deep-MetaSEE succeeded by combining the
representational power of a hybrid Conv-LSTM
with the global search power of an enhanced
metaheuristic.  The Conv-LSTM  core is
architecturally predisposed to find patterns that an
ANN cannot (i.e., spatial feature combinations via
CNN and complex dependencies via LSTM). The
EGWO is a tool powerful enough to unlock that
potential. It finds the specific configuration (out of
billions of possibilities) where the Conv-LSTM
architecture is perfectly suited to the specific feature
subset of a given dataset.

The superior performance on the Maxwell dataset is
particularly telling. This dataset is a classic "high-p, low-
n problem  (high  dimensions/features,  low
samples/projects). The baseline models, deluged with 26
features, overfit the training data, learning noise as if it
were signal. The Deep-MetaSEE framework, by actively
punishing solutions that included non-informative
features (as they would lead to poor validation fitness),
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effectively  performed automated dimensionality
reduction as part of the model-building process. This is a
far more effective approach than performing feature
selection as a separate, antecedent step.

4.2. Alignment with (and Departure from) Existing
Literature

Our findings are broadly consistent with the trajectory of
SEE research, while also offering a significant, novel
contribution.

e Alignment: We confirm the general consensus that
ML-based approaches outperform algorithmic ones
(Pospieszny et al., 2018) and that DL-based models
hold significant, if complex, promise (Kumar et al.,
2020). Our results support the findings of
Choetkiertikul et al. (2018) that deep architectures
can effectively learn from project data. We also
reinforce the findings of numerous studies (e.g.,
Kaushik & Singal, 2019; Khan et al., 2018) that
metaheuristics are powerful optimizers for
estimation models. Our use of a GWO-inspired
algorithm builds on a growing body of work
applying GWO and its variants to complex
optimization problems.

e Departure and Novelty: This work departs from
existing literature in its level of integration. Many
"hybrid" models in the literature are loosely
coupled: a metaheuristic might be used to select
features, then a separate process is used to tune a
model (Zakrani et al., 2020); or, a metaheuristic
tunes the hyperparameters of a static, predefined
network architecture.
Our Deep-MetaSEE framework is tightly coupled.
The solution vector S = [F, A, H] (Features,
Architecture, Hyperparameters) treats the entire
model design as one unified optimization problem.
This is a more complex but, as the results suggest,
more powerful paradigm. It addresses the "tuning
gap" (Arpteg et al., 2018) and the "feature selection
gap" (Silhavy et al., 2018) simultaneously within a
single optimization loop.
Furthermore, our multi-objective fitness function,
Fitness = w_1(1-PRED) + w_2(MMRE), is a more
robust optimization target than minimizing MMRE
alone. Optimizing only for MMRE can lead to
models that are heavily biased against small
projects, as a large relative error on a small project
contributes disproportionately to the metric. By
balancing MMRE with PRED(25), our optimizer is
forced to find solutions that are both accurate on
average (low MMRE) and reliable (high
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PRED(25)), resulting in a more practically useful
model (Azzeh et al., 2021).

4.3. Implications for Research and Practice

The findings of this study have tangible implications for
both the software engineering research community and
for industry practitioners.

e [or Researchers: The Deep-MetaSEE framework
serves as a new, high-performance baseline for
future SEE studies. We contend that new estimation
models should be benchmarked not just against
traditional ML, but against sophisticated, optimized
hybrid DL models. Furthermore, the framework
itself is domain-agnostic. The concept of using a
metaheuristic to co-optimize the F-A-H vector of a
deep learning model could be readily applied to
other critical software engineering prediction
problems, such as software defect prediction
(Jayanthi & Florence, 2019; Liu et al., 2019), fault
prediction (Rathore & Kumar, 2019), or even
project duration and risk analysis.

e [or Practitioners (Project Managers): While the
underlying mechanism of Deep-MetaSEE is
complex, its application (if packaged as a decision-
support tool) is straightforward. It represents a
significant step toward truly data-driven, objective
estimation. A key problem in practical estimation is
that human “expert judgment" is notoriously
unreliable, falling prey to a host of cognitive biases
such as anchoring, availability heuristics, and, most
famously, optimism bias (Mohanani et al., 2018).
An empirically validated tool like Deep-MetaSEE
can serve as a powerful, objective anchor for project
managers, grounding their planning in historical
data and advanced pattern recognition rather than
"gut feeling." The feature importance output can
also provide managers with insights into what
factors are a) most predictive of effort and b) most
in need of control.

4.4, Limitations and Threats to Validity

Despite the promising results, this study is subject to
several limitations and threats to validity that must be
acknowledged.

e Internal Validity: This threat concerns
confounding factors in our experimental design.
The primary risk is the tuning of the baseline
models. While we used standard, robust methods
(Grid Search, other metaheuristics) to optimize the
baselines, it is theoretically possible that a different
optimization strategy or a wider search space could
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have vyielded slightly better results for them.
However, given the magnitude of the performance
gap, it is highly unlikely that this would alter the
study's conclusions.

e External Validity (Generalizability): This is the
most significant threat. Our findings are based on
three public, static, and relatively old benchmark
datasets. The software industry evolves rapidly. It is
an open question how well a model trained on
COCOMOS81 or Desharnais data (representing
projects from the 1980s and 1990s) would
generalize to a modern, in-house project using
microservices, cloud-native development, and an
Agile/Scrum methodology (Tam et al., 2020).
Proprietary, modern datasets are scarce, which is a
systemic problem for the entire SEE research field.
Our model is validated on benchmark data, and its
applicability to a specific company's proprietary
data would require local re-training and validation.

e Construct Validity: This threat relates to the
fidelity of our variables. We are measuring "Effort"
as defined by the dataset (person-hours or person-
months). However, the definition and measurement
of "effort" itself are inconsistent across
organizations. Similarly, features like "Team
Experience" are often subjective, ordinal ratings.
The model is, by definition, limited by the quality
and precision of the data it is trained on.

e The "Black Box" Problem: While our framework
is an improvement over a standalone DL model, it
is not fully "white box." The EGWOQ's feature
selection provides some level of interpretability
("these features are important™). However, the inner
workings of the optimized Conv-LSTM—why it
combines those features in a specific way to arrive
at an estimate—remain opaque. This lack of full
explainability can be a significant barrier to trust
and adoption by project managers, who are
ultimately accountable for the estimates they use.

4.5, Future Research Directions

These limitations directly inform a clear path for future
research.

1. Explainable Al (XAIl) Integration: The most
critical next step is to address the "black box"
problem. Integrating XAl techniques like SHAP
(SHapley Additive exPlanations) or LIME (Local
Interpretable Model-agnostic Explanations) with
the Deep-MetaSEE framework could provide
"estimation-level" explanations, showing which
features contributed most (and in what direction) to
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a specific project's estimate.

2. Integration of Textual Data: Modern software
development is rich in unstructured text (user
stories, commit logs, issue reports). The CNN
component of our framework is perfectly suited for
this. Future work should adapt the framework to
accept and process raw user story text (as explored
by Choetkiertikul et al., 2018) as an additional
input, allowing it to extract features from narrative
descriptions, not just categorical or numerical data.

3. Human-in-the-Loop (HITL) Estimation: Rather
than a fully automated "black box," a more practical
system would be a HITL one. The model could
provide its optimized estimate, a confidence
interval, and the XAl-generated explanation. A
human expert could then use this information to
make a final, informed adjustment, thereby
combining the computational power of the model
with the contextual, domain-specific knowledge of
the human manager (and mitigating cognitive bias
(Mohanani et al., 2018)).

4. Newer Optimizers and Architectures: The
framework is modular. The EGWO could be
replaced with even more recent and powerful
metaheuristics (e.g., Harris Hawks Optimizer,
Marine Predators Algorithm) to test for further
optimization gains. Similarly, the Conv-LSTM core
could be replaced with newer DL architectures,
such as Transformers (e.g., BERT), to model
feature interactions.

5. Cross-Project and Transfer Learning: A
significant challenge is estimating effort for
projects in new domains with little historical data.
Future research could explore a transfer learning
approach (Liu etal., 2019), where a Deep-MetaSEE
model is pre-trained on a large public dataset (like
the full PROMISE repository) and then fine-tuned
on a small, company-specific dataset.

5. Conclusion

This study confronted the persistent and high-stakes
challenge of Software Effort Estimation (SEE). We
identified a critical gap in the literature: while Deep
Learning models offer immense representational power,
and metaheuristics provide robust optimization, existing
hybrid models often fail to combine them in a way that
simultaneously solves the interconnected problems of
feature  selection,  architectural  design, and
hyperparameter tuning.

To address this gap, we proposed, designed, and
validated Deep-MetaSEE, a novel, synergistic hybrid
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framework. This framework couples a powerful hybrid
Conv-LSTM deep learning core with an Enhanced Grey
Wolf Optimizer (EGWO). This optimizer, improved
with dynamic weighting and Lévy flight mechanisms, co-
optimizes the entire model pipeline—from feature subset
to network architecture to training parameters—in a
single, closed-loop system.

Our comprehensive empirical evaluation on three distinct

benchmark  datasets (Desharnais, COCOMOS8L,
Maxwell) demonstrated that Deep-MetaSEE achieves
statistically  significant and practically superior

estimation accuracy. It consistently outperformed a wide
range of baseline models, including traditional machine
learning, standalone deep learning, and other hybrid
models. Its success, particularly on the high-dimensional
Maxwell dataset, highlights the critical value of its
integrated feature selection and robust optimization.
Furthermore, our convergence analysis validated that the
proposed EGWO enhancements allow the optimizer to
escape local optima and find superior solutions compared
to standard GWO.

This research contributes a new, high-performance
baseline for empirical software engineering and provides
a robust, data-driven framework that can serve as the
foundation for a new generation of intelligent decision-
support tools for project managers. By moving beyond
static models and simple tuning, and toward a holistic,
synergistic optimization of the entire estimation pipeline,
this work offers a promising path toward more accurate,
reliable, and trustworthy software effort estimation.
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