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Abstract

Estimating software effort is used to accurately predict the effort
exerted to develop software projects in terms of (person_ hours or person
months). Early estimation of software effort during the early stages of the
software life cycle is one of the most important challenges facing software
engineers and developers due to the uncertainty caused by the lack of
requirements or their change« As overestimation or underestimation may
lead to the cancellation or failure of projects¢ and because of the difference
in software projects¢ researchers and software engineers have used many
methods¢ the most recent of which depend on machine learning methods
that have proven highly efficient in the estimation process because of their
role in reducing the uncertainty that occurs and thus reducing the time and
costs during the implementation phase of projects and their delivery within
the specified scheduling and cost.

In order to get an accurate estimation of the effort as close as
possible to the real effort¢ in this thesis an EE Tool was built and
developed to help engineers and project managers to estimate the effort
using the machine learning algorithm (Random Forest RF) and deep
learning model( Long short Term Memory LSTM« Stacked Long short
Term Memory Stacked LSTM:« Bidirectional Long short Term Memory
Bi LSTM) with five data sets. (china< Albrecht¢ Maxwell¢« Desharnais«
Kitchenham )¢ where a series of pre-processing and normalization of the
data was first carried out¢ and then the features with the strongest
correlation with the real effort were selected to reduce time and increase the
efficiency of the tool models¢ and then the effort is predicted using the tool
models and then the evaluation matricsc (MAE< RMSE¢< MSE¢ R
_Squared« MRE ) are calculated based on the estimated effort and the real
effort and comparison between models and highlighting the best among
them for each data set.

A comparison was made between the tool's models using
evaluation metrics for each data set to clarify the model that gives the best
performance. For example, in the China data set, the best performance was
for the LSTM network, with a percentage of 0.9859 for the R_Squared
metric. In the Albrecht data set, the Bidirectional long short term memory
network outperformed . Bi LSTM trend with a percentage of 0.9755 for
R _Squared metric, and in Desharnais data set, the best value for R_Squared
metric was 0.6461 for LSTM network, and the best performance was for



bi-directional long short term memory network Bi LSTM with
Kitchneham data set by 0.9816 for R_Squared metric, and in Maxwell data
set the best performance The bi-directional long-short-term memory model
had a Bi_ LSTM ratio of 0.8234 for the R _Squared metric.

The performance of the tool models was also compared with
previous work that used the same metrics with the same data sets and
included four models for machine learning and deep learning which are:
(Deep net¢ Neuralnete Support Vector Machine« Random Forest) and the
results showed that the tool models outperform the models from the
previous work depends on evaluation metrics (MAE<MSE¢<« RMSE¢« R
_Squared).



