Cairo University

MLRMUD: A MULTI LINEAR REGRESSION APPROACH
FOR MISSING VALUES PREDICTION WITH
UNKNOWN DEPENDENT VARIABLE

By

Ahmed Karama Mahboab Alhebshi

A Thesis Submitted to the
Faculty of Engineering at Cairo University
in Partial Fulfillment of the
Requirements for the Degree of

MASTER OF SCIENCE
in
Computer Engineering

FACULTY OF ENGINEERING, CAIRO UNIVERSITY
GIZA, EGYPT
2019



MLRMUD: A MULTI LINEAR REGRESSION APPROACH
FOR MISSING VALUES PREDICTION WITH
UNKNOWN DEPENDENT VARIABLE

By
Ahmed Karama Mahboab Alhebshi

A Thesis Submitted to the
Faculty of Engineering at Cairo University
in Partial Fulfillment of the
Requirements for the Degree of
MASTER OF SCIENCE
in
Computer Engineering

Under the Supervision of

Prof. Dr. Samir I. Shaheen Prof. Dr. Amir F. Atiya
Professor Professor
Computer Engineering Department, Computer Engineering Department,
Faculty of Engineering, Cairo Faculty of Engineering,Cairo
University University

Dr. Mona F. Ahmed
Assistant Professor
Computer Engineering Department,
Faculty of Engineering,Cairo
University

FACULTY OF ENGINEERING, CAIRO UNIVERSITY
GIZA, EGYPT
2019



MLRMUD: A MULTI LINEAR REGRESSION APPROACH
FOR MISSING VALUES PREDICTION WITH
UNKNOWN DEPENDENT VARIABLE

By
Ahmed Karama Mahboab Alhebshi

A Thesis Submitted to the
Faculty of Engineering at Cairo University
in Partial Fulfillment of the
Requirements for the Degree of
MASTER OF SCIENCE
in
Computer Engineering

Approved by the

Examining Committee

Prof. Dr. Samir I. Shaheen Thesis Main Advisor
Prof. Dr. Ihab Elsayed Talkhan Internal Examiner

Prof. Dr. Reda Abd-Alwahab Ahmed External Examiner

FACULTY OF ENGINEERING, CAIRO UNIVERSITY
GIZA, EGYPT
2019






Engineer’s Name:

Date of Birth:
Nationality:
E-mail:
Phone:
Address:

Registration Date:

Awarding Date:
Degree:
Department:

Ahmed Karama Mahboab Alhebshi
20/5/1985

Yemeni

engcmp505@gmail.com
01091655230

Giza-Main Mahattah street
1/10/2014

cod oo

Master of Science

Computer Engineering

&

e

) —

Supervisors:
Prof. Dr. Samir . Shaheen
Prof. Dr. Amir F. Atiya
Dr. Mona F. Ahmed

Examiners:
Prof. Dr. Samir I. Shaheen  (Thesis Main Advisor)
Prof. Dr. Ihab Elsayed Talkhan (Internal Examiner)
Prof. Dr. Reda Abd-Alwahab (External Examiner)
Professor in faculty of computers and information
Cairo university

Title of Thesis:

MLRMUD: A Multi Linear Regression Approach for Missing Values Prediction with
Unknown Dependent Variable
Key Words:

missing values; splitting algorithm; dependent variable; multi linear regression; regression
coefficients

Summary:

The Missing Value problem (MV) is the problem of predicting the missing value in the
data set while achieving accurate values. An Additional attribute has been imposed on the
missing value problem which is an unknown dependent variable.

In this work, a new approach, MLRMUD, based on Multiple Linear Regression is used to
predict Missing values for a data set with an Unknown Dependent variable if complete
rows are at least 20%. If they are less than that the Mean method is used to fill some rows
until the complete rows reach 20%, after that MLRMUD can be applied normally. This
approach is composed of three algorithms; splitting algorithm, dependent variable
selection algorithm and multi linear regression algorithm.

MLRMUD is compared to other counterparts in the literature where it was proved that it
outperforms them all in the accuracy of missing values computation determined in terms
of the Root Mean Square Error (RMSE) and Mean Standard Error (MSE). A method to
determine the unknown dependent variable from the training set is proposed. The results
show that the proposed method can successfully select the dependent variable with an
accuracy of 83% overall the data sets examined
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