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ABSTRACT
There are many possible techniques for classification of data. Multinomial Logistic
Regression and Linear Discriminant Analysis are two techniques that commonly used
for data classification. Both of them are applied at Labor Force in Palestine data in
order to predict the probability of a specific categorical of Labor Force based upon
several explanatory variables. While both are appropriate for the development of
classification models, LDA needs more assumptions about the underlying data.
Hence, it is assumed that MLR is the more flexible. They do not have to be normally
distributed, linearly related or equal variance within each group. We demonstrate that
logistic regression can be powerful analytical technique for use when the outcome
variable is polytomous. The thesis consists of two parts: theoretical aspect and
application aspect of MLR and LDA . In practical way, we used a real data of Labor
Force from a survey of Labor Force 2012 which was conducted by Palestinian Central
Bureau of Statistics (PCBS). The data sample size had been 25353 observations from
West Bank and Gaza Strip. The target group was the age group (15- 65) years for
both sexes. Labor Force data has 12 variables; the dependent variable is nominal
with three categories

( Employment, Unemployment and Outside of LF) and 11

independent variables, all of them are nominal except age variable is numerical. This
study aims to choose the best statistical model for Labor Force data in Palestine. We
had two models for each method . Models had been tested through a set of statistical
tests to certain the best model. Correct classification is 83.5% for Multinomial
Logistic Regression model compared with 81.1% for Linear Discriminant Analysis. In
addition that the area under the ROC curve is 91.89 % for MLR and 52.8% for Linear
Discriminant Analysis.

These results demonstrate that Multinomial Logistic

Regression can be more powerful analytical technique for use than Discriminant
Analysis which requires some assumptions to be met.
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الملخـــص
هناك العديد من طرق التصنيف لمبيانات ،ويعتبر االنحدار الموجستي المتعدد والتحميل التمييزي

أكثرها

استخداما .وقد تم تطبيق كال الطريقتين عمى بيانات القوى العاممة في فمسطين لمتنبؤ بفئات قوة العمل
معتمدة عمى العديد من المتغيرات المفسرة ورغم مالئمة كال الطريقتين لتحميل البيانات إال أن التحميل
التمييزي يضع العديد من الشروط عمى البيانات لذلك يعتبر االنحدار الموجستي المتعدد أكثر مرونة فهو
ال يحتاج أن تكون البيانات معتدلة التوزيع وال يفترض تساوي التباين في كل مجموعة .ويبدو جميا أن
االنحدار الموجستي المتعدد أقوى في التحميل عند استخدامه لبيانات يكون المتغير التابع فيها متعدد
(أكثر من فئتين).
ويتكون البحث من جزأين :جانب نظري وآخر تطبيقي والذي استخدم فيه بيانات حقيقية من مسح لمقوى
العاممة في فمسطين  2012حيث تم الحصول عميها بالتواصل مع الجهاز المركزي لإلحصاء الفمسطيني
حيث بمغ حجم البيانات

 25353مشاهدة في الضفة الغربية وقطاع غزة لمفئة العمرية (

) 65 -15

لكال الجنسين  .وتتكون البيانات من  12متغير  :المتغير التابع وهو متغير اسمي ويتكون من ثالث
فئات( العمالة ،البطالة ،و خارج القوى العاممة)

باإلضافة إلى  11متغير مستقل  ،وتهدف الدراسة

الختيار أفضل نموذج إحصائي لبيانات القوى العاممة في فمسطين لذلك يوجد نموذجين لكل طريقة وقد
تم اختبارهم من خالل مجموعة من االختبارات

اإلحصائية لتحديد أفضل نموذج حيث بمغت نسبة

التصنيف الصحيحة  % 83.5لنموذج االنحدار الموجستي المتعدد مقارنة ب

 % 81.1لمتحميل

التمييزي باإلضافة إلى أن المساحة تحت منحنى  ROCكانت  % 91.98لالنحدار الموجستي المتعدد
بينما بمغت مساحة منحنى نموذج التحميل التمييزي  .% 52.8وقد أظهرت النتائج بوضوح أن االنحدار
الموجستي المتعدد أفضل من نموذج التحميل التمييزي الذي يحتاج لبعض الفرضيات .
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Chapter 1

Introduction
1.1 General Introduction
The classification methods are used in order to categorize
statistical community on different groups

certain data of

based on one or more of the basic

properties of these data. The nature of data help or restrict us to choose the best
classification method. It is meaningful to address how the analyst can deal with data
representing multiple independent variables and a categorical dependent variable, how
independent variables can contribute to the discovery of differences in the categories.
The assignment of observations or objects into predefined homogenous groups is a
problem of major practical and research interest. The most popular method is the
Multinomial Logistic Regression (MLR) which applied to find out the best model
that can be used in the analysis, and Discriminant Analysis (DA) which has been
widely used for the analysis of data. The basic principle of Multinomial Logistic
Regression is similar to that for Binomial Logistic Regression, in that it is based on
the probability of membership of each category of the dependent variable.
Multinomial Logit Models are used to model relationships between a polytomous
response variable and a set of regressor variables. These polytomous response models
can be classified into two distinct types, depending on whether the response variable
has an ordered or unordered structure. We have statistical analysis on Labor Force
using MLR

and LDA. The data consist of 11 independent variables and one

dependent variable which has three categories (Employment, Unemployment and
Outside of LF ) . The goal is to find the best model according to model selection
criteria and ROC curve will validate the model.
1.2 Research Motivation
The categorical variables have no numerical meaning, since the data are nominal. We
will deal with data representing multiple independent variables and a categorical
dependent variable. Independent variables can be used to contribute to the discovery
of differences in the categories. In addition to that, large data needs appropriate
classification method. Two of the most widely used statistical methods for analyzing
1

categorical outcome variables are Linear Discriminant Analysis (LDA) and Logistic
Regression (LR). The current study will fundamentally evaluate the efficacy LDA and
MLR in terms of multi-group classification problems. Even though the two techniques
often reveal the same patterns in a set of data, and both are appropriate for the
development of linear classification models, the two methods differ in their basic
idea.LDA makes more assumptions about the underlying data, while MLR is
considered an attractive analysis because it doesn‟t assume normality, linearity,
homoscedasticity.
1.3 Research problem
In this thesis, how MLR and LDA models behave under LF data.

The problem to

be discussed and analyzed is to verify the feasibility of classification accuracy, which
is a major issue of the classification models using MLR, and LDA to choose suitable
method and best model. The simplest and the most frequently used criterion between
the two methods is classification error ( percent of incorrectly classified objects).
Which classification model that gives the highest classification accuracy and which
validation method implemented in LF data that gives the most accurate results in
classification.

1.4 Objectives
The main goals and objectives of this study could be stated as follows:
1- Applying classification methods for analyzing categorical data.
2- Determining which model to select according to various model selection
criteria.
3- Demonstrate the use of MLR and LDA in analysis of LF data.
4- Demonstrate how to assess the fit of MLR and LDA model in analysis with
the presence of independent variables.

1.5 Methodology
The methodology of our thesis will be consist of two stages. The first stage is the
theoretical aspects of DA and MLR classifiers . The second stage is predictive
models, and we will discuss the various model validation and evaluation techniques
The researcher used two statistical models including MLR and DA . In this study we
will choose two statistical assessment tools to assess the method of estimation and the
2

accuracy of the two models to arrive at the best model . They are the Cross- validation
with leave-one-out cross-validation and ROC curve. The data were drawn from Labor
force survey 2012 in Palestine. The data contains 11 independent variables and one
dependent variable which has three categories. The target group used in this study
was people living in west bank and Gaza governorate in the age group 15 – 65
years in both sexes . Sample size had been 25353 observations of whom 25353 is
valid and no missing value. The data will be analyzed using SPSS and R software.

1.6

Concepts and Definitions

Labor Force:
All persons aged 15 years and over who are either employed or unemployed.

Employed:
Persons aged 15 years and over who were at work at least one hour during the
reference period, or who were not at work during the reference period, but held a job
or owned business from which they were temporarily absent (because of illness,
vacation, temporarily stoppage, or any other reason) he\ she was employed, unpaid
family member or other. The employed person is normally classified in one of two
categories according to the number of weekly work hours, i.e. 1-14 work hours and 15
work hours and above. Also the absence due to sick leave, vacation, temporarily
stoppage, or any other reason considered employed from 1-14 hours .

Unemployed
Unemployed persons are those individuals 15 years and over who did not work at all
during the reference period, who were not absent from a job and were available for
work and actively seeking a job during the reference period by one of the following
methods news paper, registered at employment office, ask friends or relatives or any
other method.
.

3

Persons Outside Labor Force:
The population not economically active comprises all persons 15 years and over, who
were neither employed nor unemployed accordingly to the definitions above.
Classifies persons outside labor force by reason in the following categories:
 Student :The individual who is regulated in a regular study in order to have a
specific qualification and is not engaged to any work during the reference period,
housekeeping, hobbies are not included within the work definition.
 Housekeeping: The individual (male or female) who are not worked and not
regulated in a regular study and worked at home in order to serve the household and
does not include the paid housekeeping service for others, as this type of service is
within the work definition.
 Abstinent from work: Individual who is 15 years and Above but not engaged to
any type of work during the reference period and do not looking for work and so is
not available to work and not attend t regular study in order to obtain a scientific
qualification.
 Guest :The individual who live in a particular institution such as prisons, clinics,
nursing homes and such as.
 Old, Illness: The individual who cannot practice any kind of work because of
chronic illness or disability or because of old age.
 Retired: The individual who does not practice any kind of work because of
availability of a revenue or receiving a pension (PCBS, 2012).

1.7 Literature Review
Recently, many studies had been used the MLR to analyze categorical data. These
studies had varied on different subjects including those related to social and medical
issues, behavioral, and some scientific experiments.
4

Chao and Rebecca (2002) demonstrated the utility of MLR model to identify
adolescent at greatest health risk from their personal as well as family characteristics.
They used the model to predict the likelihood of a categorical response variable, using
a sample of 432 students enrolled in two junior high school (grades 7 through 9). The
response variable was students' risk level on the behavioral risk scale with three levels
(high, medium, and risk). Explanatory variables included gender (two categories),
intention to drop out of school (two categories), and family structure (with three
categories). The research hypothesis posed to the data was stated as follows: the
likelihood that an adolescent is at high, medium, or low behavioral risk is related to
his/her gender, intention to drop out of school, family structure, emotional risk and
self esteem. The study used Statistical Analysis System software (SAS) to calculate
MLR. Model was validated by significant test of overall model and tests of regression
parameters, goodness-of-fit measures and validation of predicted probabilities.
Logistic Regression results supported the statistical significance of four explanatory
variables

Pohar et al.(2004) considered the problem of choosing between the LDA and MLR
and used several simulated datasets, the convergence of the two methods is examined
when the linear discriminant assumptions for normality of the distribution of
explanatory variables are met, when they are violated, and when they are categorized
for various parameters of the explanatory variables such as sample size, covariance
matrix, Mahalanobis distance, and the direction of the distance between the group
means. The authors concluded that LDA is a more appropriate method when the
explanatory variables are normally distributed. For categorized predictor variables,
LDA remains preferable, and logistic regression overcomes discriminant analysis only
when the number of categories is small. and the results of LDA and MLR are close
whenever the normality assumptions are not too badly violated.
Nichols et al. (2005) compared self-reported dry eye disease across contact lens
wearers, spectacles wearers, and clinical emmetropes (those not requiring refractive
correction). Response variable was mode of refractive correction with three
categories: contact lens wearers, spectacle wearers, and clinical emmetropes. Sample
size was (n=893). The explanatory variables were: gender, age, dryness, light
sensitivity, and self– reported. Researchers used special scoring to build the dryness
and light sensitivity variables. Chi-squared test was used to determine the relation
5

between gender and mode of correction. Analysis of covariance (ANCOVA) was used
to determine the relation between age and mode of correction. Logistic regression was
used to examine the relation between mode of refractive correction and self-reported
dry eye disease, using the cutoff scoring 17 algorithm, controlling for age and gender.
Adjusted odds ratio(OR), 95% confidence interval, and probability were reported.
Hosmer-Lemeshow goodness-of-fit test was used to examine the final calibration of
the model. When the chi-squared value for this test is small (high probability), the
model is considered well calibrated, the discriminative ability of the models was
evaluated using the area under the receiver operating characteristic(ROC) curve,
discrimination was assessed using the following guidelines for area under the ROC
curves: 0.5 indicated no discrimination, between 0.7 and 0.8 indicated acceptable
discrimination, between 0.8 and 0.9 indicated excellent discrimination, and greater
than 0.9 indicated outstanding discrimination. The frequency of each symptom was
reported, stratified by mode of correction, a multinomial logistic regression was then
used to model the relation between the frequency of each symptom and mode of
refractive correction. ANCOVA was used to determine the relation between daily
fluctuations in symptom intensity, and mode of refractive correction. Change in
symptom intensity was determined as the difference between morning and evening
self-reported intensity of each symptom and ANCOVA was then used to determine
the relation between mode of refractive correction and mean change in intensity,
while controlling for age and gender. Post hoc pair-wise comparisons were made
using the Tukey method of multiple comparison, as appropriate.
Raymo and Sweeney (2006), investigated relationships between retirement
preferences and perceived levels of work-family conflict, evaluated the extent to
which work–family conflict was mediating mechanism between stressful work and
family circumstances and preferences to retire and explored potential gender
differences in the association between work- family conflict and preferring retirement.
To achieved this goal, a sample size of 4106 was used with some restrictions about
generalization the results to the entire population of the similarly age (52-54 years).
The response variable was consist of three categories: working full time, working part
time, not working (retired, or something else). Explanatory variables were: family
stress spillover into work, work stress spillover into family, potentially stressful job
characteristics, potentially stressful family characteristics, marital status and
relationship quality, sex, hourly wage, pension eligibility, health insurance, self-rated
6

health, educational attainment, has working spouse. Researchers evaluated their
hypotheses by estimating a series of MLR models. They estimated a single model for men
and women as they noted initial exploratory analyses indicated that adding the full set of
interactions with gender did not significantly improve model fit. They also considered
potential violations of the assumption of independence of irrelevant alternatives, but
Hausman tests showed no difference in parameters for either full or partial retirement
when the other alternative was not available. The response variable in all models was the
log odds of preferring either to be working part time or not to be working at all relative to
working full time 10 years later (age 62–64). Researchers produced four models, model 1
was the baseline model, and another three models to check three hypotheses were putting
by the researchers. Also here we noted same mistake regarding to descriptive statistics for
categorical variables.

Slingerland et al. (2007) examined the effect of retirement on changes in the three
major aspects of physical activity as response variable (work-related transportation,
sports, non sports leisure time). Over 13 years' follow-up among employees aged 40–
65 years who participated in the GLOBE Study: "Health and Living Conditions of the
Population of Eindhoven and surroundings 1991–2004". Specifically, the study
hypothesized that people who retired during follow-up would be more likely to have
reduced their work-related physical activities but increased their sports and non-sports
leisure-time physical activities. The study performed analyses on retired and
employed participants for whom complete data on age, sex, marital status, chronic
disease, and education were available at baseline (n=971), to make the sample is
representative of the original population. Researcher applied weighting factors, taking
into account the sampling design and no response. MLR model used to explore the
effect of retirement on the change in physical activity between baseline and followup. Full models without missing values were used for each of the aspects of physical
activity. MLR model indicated that retirement was associated with a significantly
higher odds for a decline in work-related transportation physical activity. Chronic
disease, and education, remarkably, retirement were not significantly associated
with a decline. In sports participation, retirement was associated with a significantly
lower odds for a decline in nonsupport's leisure-time physical activity, compared with
those remaining employed but not with an increase in non sports leisure-time physical
activity.
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Antonogeorgos et al. (2009) applied both Logistic regression and discriminant
analyses in their clinical study in order to predict the probability of a specific
categorical outcome based upon several explanatory variables. The aim of this work is
to evaluate the convergence of these two methods when they are applied in data from
the health sciences. For this purpose, they modeled the association of several factors
with the prevalence of asthma symptoms with both the two methods and compared
the result. In conclusion, logistic and discriminant analyses resulted in similar models,
and in order to decide which method should be used, we must consider the
assumptions for the application of each one.
Lee (2010) proposed a method for multi-way classification problems using
ensembles of multinomial logistic regression models. A multinomial logit model was
used as a base classifier in ensembles from random partitions of predictors. The
multinomial logit model showed that it can be applied to each mutually exclusive
subset of the feature space without variable selection. By combining multiple models
the proposed method could handle a huge database without a parametric constraint
needed for analyzing high-dimensional data, and the random partition could improve
the prediction accuracy by reducing the correlation among base classifiers. The
proposed method has been implemented using R and the performance including
overall prediction accuracy, sensitivity, and specificity for each category is evaluated
on real data sets and simulation data sets. To investigate the quality of prediction in
terms of sensitivity and specificity, area under the ROC curve (AUC) is also
examined. Performance of the proposed model was compared to a single multinomial
logit model and another ensemble method combining multinomial logit models using
the algorithm of Random Forest. The proposed model showed a substantial
improvement in overall prediction accuracy over a multinomial logit model.
Al-khatib and Al-Horani (2012) investigated the role of a set of financial ratios in
predicting financial distress of publicly listed companies in Jordan. Using Logistic
Regression and Discriminant Analysis a comparison has been made between the two
models to determine which is more appropriate to use as well as which of the
financial ratios are statistically significant in predicting the financial distress of
Jordanian companies. During the period 2007 to 2011, the results show that both
logistic regression and Discriminant Analysis can predict financial distress and that
Return on Equity (ROE) and Retursn on Assets (ROA) are the most important two
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financial ratios which help in predicting the financial distress of public companies
listed in Amman stock Exchange.
As a result, some researches find the characteristics that may affect the classifier
performance, consider the assumptions for the application of each one. These studies
said that MLR gives better results than LDA in classification and prediction because
LDA needs some conditions but MLR is free.

1.8 Organization of Research
The thesis contains five basic chapters, chapter one: Introduction is related to
importance of thesis and discussed some important previous studies. Chapter two:
classification methods, describing the conceptual framework for MLR and LDA,
definitions, advantages and disadvantages mathematical setup. Chapter three:
validation and evaluation of classification models, discussing the assessment
techniques of classifiers (namely, Cross Validation with random one observation
omitted at each time, and ROC curves) in terms of their estimation of classification
accuracy and error rates. In chapter four: analysis of LF in Palestine data, describing
the dependent variable and the independent variables in the data discussing the results
of classification, comparison between the two methods. Chapter five, conclusion and
recommendation.

1.9 Summary
In this study we will build and compare two statistical models (MLR, LDA) using
different assessment techniques ( classification table, Leave one out cross validation,
Roc curve) to get the best model with highest accuracy.
Chapter one summarizes the thesis, it contains basic concepts, research problem, its
importance. Methodology consists of two parts theoretical aspects and predictive
model. There are various studies in literature review that have been performed to
compare and evaluate classifier performance especially the performance of Linear
Discriminant Analysis and Multinomial Logistic Regression. Finally, organization of
thesis.
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Chapter 2

Classification Methods

2.1 Introduction
Classification is the problem of identifying to which of a set of categories (subpopulations) a new observation belongs, on the basis of a training set of data
containing observations whose category membership is known. The individual
observations are analyzed into a set of quantifiable properties, known as
various explanatory variables. There are many techniques for classification of data.
MLR and LDA are two commonly used techniques for data classification and
dimensionality reduction . MLR was presented as a flexible technique for analyzing
the relationships between multiple independent variables and a single dependent
variable. LDA method maximizes the ratio of between-class variance to the withinclass variance in any particular data set thereby guaranteeing maximal separability.
The task of classification occurs in a wide range of human activity. At its broadest,
the term could cover any context in which some decision or forecast is made on the
basis of currently available information, and a classification procedure is then some
formal method for repeatedly making such judgments in new situations. MLR
technique has a number of major advantages such as: It is more robust to violations of
assumptions of multivariate normality and equal variance covariance matrices across
groups. It is similar to linear regression, but more easily interpretable diagnostic
statistics. Most importantly, MLR does not assume a linear relationship between the
dependent and independent variables . Independent variables need not to be continues
or quantitative . MLR does not require that the independent variables be unbounded .
Normally distributed error terms are not assumed. The wide use of MLR as a problem
solving tool, particularly in the fields of medicine, psychology, mathematical finance
and engineering are as a result of the above advantages listed. (Bayaga , 2010) .
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2.2 Objectives
Multinomial Logistic Regression (MLR) can be used to model unordered categorical
response variable. The study demonstrate the use of multinomial logistic regression in
risk analysis and evaluate the use of maximum likelihood methods to perform MLR
risk analysis. How to assess the fit of MLR model in the risk analysis with the
presence of independent variables. Discriminant analysis is a statistical technique that
allows one to understand the differences of objects between two or more groups with
respect to several variables simultaneously. It is the first multivariate statistical
classification method used for decades by researchers and practitioners in developing
classification models (Hamid, 2010). Discriminant function analysis is used to
determine which continuous variables discriminate between two or more naturally
occurring groups. LDA easily handles the case where the within-class frequencies are
unequal and their performances has been examined. This method maximizes the ratio
of between-class variance to the within-class variance in any particular data set
thereby guaranteeing maximal separability. The assignment of alternatives
observations or objects into predefined homogenous purposes of DA. To investigate
differences between groups on the basis of the attributes of the cases, indicating which
attributes contribute most to group separation. The descriptive technique successively
identifies the linear combination of attributes known as canonical discriminant
functions (equations) which contribute maximally to group separation. Predictive DA
addresses the question of how to assign new cases to groups. The DA function uses a
person‟s scores on the predictor variables to predict the category to which the
individual belongs. To determine the most parsimonious way to distinguish between
groups. To classify cases into groups. Statistical significance tests using chi square
enable you. To see how well the function separates the groups. To test theory
whether cases are classified as predicted. The aim of the statistical analysis in DA is
to combine (weight) the variable scores in similarly, at the end of the DA process, it is
hoped that each group will have a normal distribution of discriminant scores. The
degree of overlap between the discriminant score distributions can then be used as a
measure of the success of the technique.
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2.3 Multinomial Logistic Regression (MLR)
MLR used in generally effective where the response variable is composed of more
than two levels or categories. The basic concept was generalized from binary logistic
regression. Continuous variables are not used as response variable in logistic
regression, and only one response variable can be used . MLR can be used to predict
a response variable on the basis of continuous and/or categorical explanatory
variables to determine the percent of variance in the response variable explained by
the explanatory variables, to rank the relative importance of independents, to assess
interaction effects and to understand the impact of covariate control variables.

2.3.1 GLM on Categorical Data Analysis (CDA)
The regression models can be divided into two groups, the first related to linear
relationship models, and the second related to non-linear relationship models. The
linear models, considered up to this point, are satisfactory for most regression
applications. Nonlinear model used when the linear model is not suitable anyhow.
The theory and an algorithm appropriate for obtaining maximum likelihood estimates
where the response follows a distribution in the exponential family was introduced in
1972 by Nelder and Wedderburn (Salkind, 2007). They introduced the term General
Linear Model (GLM) to refer to a class of models that could be analyzed by a single
algorithm. The theoretical and practical application of GLMs has received attention in
many articles and books. GLMs contain a wide range of models such as linear
regression, binary logistic regression, and Poisson regression for count data outcomes.
The GLM requires a link function that characterizes the relationship of the mean
response to a vector of covariates. In addition, a GLM requires of a variance function
that relates the variance of the outcomes as a function of the mean. The derivation of
the iteratively reweighted least squares algorithm appropriates for fitting GLMs
begins with the likelihood for the exponential family. Within an iterative algorithm,
an updated estimate of the parameter vector may be obtained via weighted ordinary
least squares where the weights are related to the link and variance specifications
(Salkind, 2007).
Many categorical response variables have only two categories: for example, whether
you take public transportation today (yes, no), or whether you have had a physical
exam in the past year (yes, no). Denote a binary response variable by Y and its two
12

possible outcomes by 1 (“success”) and 0 (“failure”).
The distribution of Y is specified by probabilities P(Y = 1) = π of success and
P(Y = 0) = (1 − π) of failure. Its mean is E(Y) = π. For n independent observations,
the number of successes has the binomial distribution specified by the index n and
parameter π. Each binary observation is a binomial variate with n = 1. This section
introduces GLMs for binary responses. Although GLMs can have multiple
explanatory variables, for simplicity we introduce them using a single x. The value of
π can vary as the value of x changes, and we replace π by π(x) when we want to
describe its dependence on that value. In ordinary regression, μ = E(Y) is a linear
function of x. For a binary response, an analogous model is
π(x) = α + βx

………………….(2.1)

This is called a linear probability model, because the probability of success changes
linearly in x. The parameter β represents the change in the probability per unit
change in x. This model is a GLM with binomial random component and identity
link function.
This model is simple, but unfortunately it has a structural defect. Probabilities fall
between 0 and 1, whereas linear functions take values over the entire real line. This
model predicts π(x) < 0 and π(x) > 1 for sufficiently large or small x values. The
model can fit adequately over a restricted range of x values. For most applications,
however, especially with several predictors, we need a more complex model form.
The ML estimates for this model, like most GLMs, do not have closed form; that is,
the likelihood function is sufficiently complex that no formula exists for its
maximum. Software for GLMs finds the ML estimates using an algorithm for
successively getting better and better approximations for the likelihood function near
its maximum, This fitting process fails when, at some stage, an estimated probability
𝜋(x) = αˆ + 𝛽 x …………………..(2.2)
falls outside the 0–1 range at some observed x value. Software then usually displays
an error message such as “lack of convergence.”
If we ignored the binary nature of Y and used ordinary regression, the estimates of the
parameters would be the least squares estimates. They are the ML estimates under the
assumption of a normal response. These estimates exist, because for a normal
response an estimated mean of Y can be any real number and is not restricted to the
(0 –1 )range. Of course, an assumption of normality for a binary response is not
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sensible; when ML fitting with the binomial assumption fails, the least squares
method is also likely to give estimated probabilities outside the 0–1 range for some x
values (Agresti, 2002).

2.3.2 Logistic Regression
Logistic Regression(LR) is a statistical modeling technique designed for binary
response variables, for which the response outcome of each subject is a “success” or
“failure”. Binary data are the most common form of categorical data, and the most
popular model for binary data is logistic regression model (Agresti, 2002).
Logistic regression (sometimes called the logistic model or logit model) is used for
prediction of the probability of occurrence of an event by fitting data to a logistic
function. Similar to other forms of regression analysis, it makes use of one or more
predictor variables that may be either numerical or categorical. It is used extensively
in the medical and social sciences fields, as well as marketing applications. It allows
one to predict a discrete outcome, such as group membership, from a set of variables
that may be continuous, discrete, dichotomous, or a mix of any of these. In binary
logistic model, the dependent or response variable is dichotomous, such as presence
absence or success/failure. We will present statistical inference for the binary logistic
model parameters. LR, as a statistical modeling technique for categorical data
analysis, has been expanded from biomedical research to fields such as business and
finance, engineering, marketing, economics, and health policy . The availability of
sophisticated statistical software and high speed computing facilities has further
increased the utility of logistic regression as an important statistical tool (Shmueli et
al. 2010). In binary logistic regression models, is usually dichotomous, that is, the
dependent variable can take the value 1 with a probability of success q, or failure with
the value 0 with probability 1- q. This type of variable is called a Bernoulli (or binary)
variable. Although not as common and not discussed in this treatment, applications of
logistic regression have also been extended to cases where the dependent variable is
of more than two cases, known as multinomial or polytomous (Tabachnick and Fidell
,1996) use the term polychotomous. As mentioned previously, the independent or
predictor variables in logistic regression can take any form. That is, logistic regression
makes no assumption about the distribution of the independent variables. They do not
have to be normally distributed, linearly related or of equal variance within each
group.
14

2.3.3 Multinomial Logistic Regression (MLR) Model
LR can be binomial or multinomial. Binomial or binary logistic regression deals with
situations in which the observed outcome for a dependent variable can have only two
possible types. In binary logistic regression, the outcome is usually coded as "0" or
"1" .

MLR is used to analyze relationships between a dependent variable and

continuous or discrete independent variables. MLR does not make any assumptions of
normality, linearity, and homogeneity of variance for the independent variable. It
deals with situations where the outcome can have three or more possible types. Many
of statisticians believe that the Logistic Regression Model (LRM) is one of the
important models can be applied to analyze a categorical data, this model is our
interest. MLR was chosen to answer the research question for two reasons; first, MLR
provides an effective and reliable way to obtain the estimated probability of belonging
to a specific population and the estimate of odds ratio; second, MLR is a procedure by
which estimates of the net effects of a set of explanatory variables on the response
variable can be obtained. MLR can be used to predict a response variable on the basis
of continuous and/or categorical explanatory variables to determine the percent of
variance in the response variable explained by the explanatory variables; to rank the
relative importance of independents to assess interaction effects; and to understand
the impact of covariate control variables. MLR allows the simultaneous comparison
of more than one contrast ,that is the log odds of three or more contrasts are estimated
simultaneously (Garson, 2009).
If the response variable has two categories , 1 for success and 0 for failure called
binary logistic regression
log

𝜋
1−𝜋

= β0 + β1x1+ β2x2+…+βnxn = βx

………………(2.3)

where π is the success probability p=P(Y=1), β0 is an intercept term and βi is the
coefficient for explanatory variables xi ,
x= (1, x1, x2, …, xn) , and β = (β0, β1, …, βn )
the term

𝜋
1−𝜋

is defined as odds and has another formula π =
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𝑜𝑑𝑑𝑠
1+𝑜𝑑𝑑𝑠

Hence, in logistic regression, one estimates the log of probability odds also known as
the logit by a linear combination of the predictor variables. The logit takes on values
from -∞ to +∞. Taking exponential of both sides of equation ( 2.3 )

π = 𝑒 𝑥𝛽 - π 𝑒 𝑥𝛽 ………………………………..(2.4)
π(1+ 𝑒 𝑥𝛽 )= 𝑒 𝑥𝛽 ………………………………..(2.5)
Exponent constant is about 2.72 (pai, 2009).
If the response variable has more than two values, and there is no natural ordering of
the categories, it called Multinomial Logistic Regression.

Suppose

we have n

independent variable has k categories, to construct the logits in the multinomial case,
one of the categories must be considered the base level and all the logits are
constructed relative to it. Any category can be taken as the base level, so we will
choose any category k as the base level.
Let πj denote the multinomial probability of

an

observation falling in the jth

category, to find the relationship between this probability and the p explanatory
variables, x1, x2, … xp, the MLR model is

log

πj (x i )
πk (x i )

= α0i+β1jx1i+β2jx2i+… βpjxpi

…. (2.6)

where j = 1 , 2 , . . , (k - l), i = 1 , 2 , ..,n. This equation reduces to

log( πj (xi )) =

exp (α 0i +β 1j x 1i +⋯+β pj x pi )
1+

k −1
j=1 exp (α 0i +β 1j x 1i +β 2j x 2i +⋯+β pj x pi )

………. (2.7)

for j = 1,2, . . ,(k-1), the model parameters are estimated by the method of MLE.
Practically, we use statistical software to do this fitting (Chatterjee and Hadi, 2006).
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2.3.4 Baseline-category logit model
Let πi(x) = p(y = j/x) at a fixed setting x for explanatory variables, and {π1(x), π2(x),
…, πj(x)}be the response probabilities satisfying Σ jπj =1, When one takes independent
observations based on these probabilities, the probability distribution for the number
of outcomes that occur as each of the J types is multinomial (Agresti , 2002).
If a category is fixed as a baseline category, we have J - 1 log odds paired with the
baseline category. When the last category (J) is the baseline, the baseline-category
logits are log(

𝜋𝑗
𝜋𝐽

) , j = 1,…, J-1

The logit model using baseline-category logits with predictor x has the form
𝜋𝑗

log( ) = 𝛼𝑗 + 𝛽𝑗′ 𝑋 , 𝑗 = 1, … , ( 𝐽 − 1) ……………………(2.8)
𝜋𝐽

The model consists of J - 1 logit equations, with separate parameters. By fitting these
J - 1 logit equations simultaneously, estimates of the model parameters can be
obtained, and the same parameter estimates occur for a pair of categories regardless of
the baseline category. The estimates of the response probabilities can be expressed as

log(𝜋𝑗 ) =

exp (𝛼 𝑗 +𝛽 𝑗′ 𝑋)
1+

𝑗 −1
 =1 exp

𝛼  + 𝛽 ′ 𝑋

𝑗 = 1, … , 𝐽 − 1

………(2.9)

X is a matrix. For J= 2 , (2.4) simplifies to the formula used for binary Logistic
regression, (Agresti, 2002)

2.3.5 Model fitting
The goodness of fit or calibration of a model measures how well the model describes
the response variable. Assessing goodness of fit involves investigating how close
values predicted by the model are with the observed values .The Hosmer -Lemshow
statistic evaluates the goodness-of-fit by creating 10 ordered groups of subjects and
then compares the number actually in each group (observed) to the number predicted
by the logistic regression model (predicted). Thus, the test statistic is a chi-square
statistic with a desirable outcome of non significance, indicating that the model
X2 =

(O i – E i )2
Ei

…………………(2.10)

where Oi is the observed frequency and Ei is the expected frequency
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If the computed test statistic is large, then the observed and expected values are not
close and the model is a poor fit to the data.
The 10 ordered groups are created based on their estimated probabilities; those with
estimated probabilities below 0.1 form one group, and so on, up to those with
probability 0.9 to 1.0. Each of these categories is further divided into two groups
based on the actual observed outcome variable (success, failure). The expected
frequencies for each of the cells are obtained from the model. If the model is good,
then most of the subjects with success are classified in the higher deciles of risk and
those with failure in the lower deciles of risk.
Examining a model`s goodness-of-fit involves determining whether the fitted
model`s residual variation is small, displays no systematic tendency and follows the
variability postulated by the model. Evidence of lack-of-fit

may come from a

violation of one or more of these three characteristics. Thus, in the context of a
logistic regression model, the essential components of fit are specified by the
following assumptions:
(A1) the logit transformation is the correct function linking the covariates with the
conditional mean, logit[π(x)]= x'β

…………………..….(2.11)

(A2) the linear predictor, x'β , is correct (we do not need to include additional
variables, transformations of variables, or interactions of variables)
(A3) the variance is Bernoulli, var( yi| xi )= π(xi) [1- π(xi)]………………...(2.12)
Assessment of model fit may occur at a number of stages in the modeling process.
We may use it as an aid in model development where our goal is to find violations
primarily in (A2) and/or to verify that a final model does fit where the emphasis is
more towards examining (A1) and (A3). In the case of a logistic regression model we
are faced with the practical problem that assumptions (A1)-(A3) are not mutually
exclusive. Specifically, assumption (A3) may be confounded with (A1) and/or (A2)
( Hosmer and Lemshow, 2000).
The maximum likelihood estimate (MLE) of θ is that value of θ that maximizes L(θ):
it is the value that makes the observed data the most probable.

L(θ; y1, …, yn ) = Py (y1; θ) … Py(yn; θ)…………..….…..(2.13)
It`s exact same formula as the joint pdf

L(θ; y1, …, yn ) =

𝑛
𝑖=1 𝑓(𝑦𝑖

; θ ) ……………………………(2.14)
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Which is the product of the individual density functions evaluated at each or sample
point.
The value θ = θ^ that maximizes the likelihood is the Maximum Likelihood Estimate.
Often , it is found using calculus by locating a critical point

dL/d θ = 0 nda d2L/d θ2 < 0……………..(2.15)
In some instances the model may not reach convergence. When a model does not
converge this indicates that the coefficients are not meaningful because the iterative
process was unable to find appropriate solutions. A failure to converge may occur for
a number of reasons: having a large ratio of predictors to cases, multicollinearity,
sparseness, or complete separation. Although not a precise number, as a general rule
of thumb, logistic regression models require a minimum of 10 cases per variable
(Peduzzi et al, 1996) .

2.3.6 Model Interpretation
LR technique yields coefficients for each independent variable based on a sample of
data. Logistic regression models (LRM) with two or more explanatory variables are
widely used in practice. The parameters of LRM are commonly estimated by
maximum Likelihood. The advantage of LR is that, th` rough the addition of an
appropriate link function to the usual linear regression model, the variables may be
either continuous or discrete, or any combination of both types, and they do not
necessarily have normal distributions (Lee, 2010). In the linear regression model, the
interpretation of the slope coefficients (the estimated β^ is relatively straight forward)
The slope coefficients represent the change in the dependent variable when the
independent variable changes by one unit (when all other independent variables are
held constant).
The mathematical reason for this is that there is no link function involved (or,
expressed more correctly, the link function is the identity function y = y).
In the logistic regression model, the link function is the logit transformation .

g(x) = 𝑙 𝑜𝑔

𝜋(𝑥)
1−𝜋(𝑥)

= β^ x

……………………….(2.16)

The slope coefficient therefore represents the change in the logit corresponding to a
change of one unit in the independent variable (all other independent variables held
constant). The interpretation depends on placing meaning on the difference between
two logits. That is β1= g(x +1) – g (x) for any value of x. The log odds ratio for a
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change of ( c ) units in (x) is obtained from the logit difference

cβ1= g(x + c ) – g(x),

and the associated odds ratio is obtained by exponentiation this logit difference
exp(cβ1) . A measure to make interpretation easier is the odds ratio. The odds for the
outcome to be present among individuals with a covariate value of x = 1 are defined
as relation of the probability of the outcome to be present to the probability of the
outcome not to be present

𝜋(𝑥=1)
1− 𝜋(𝑥=1)

Vice versa, the odds for the outcome being present among individuals with the
covariate value x = 0 are defined by:

𝜋(𝑥=0)
1− 𝜋(𝑥=0)

So the odds ratio (OR) is given by the equation

OR =

𝜋(𝑥=1)

𝜋 (𝑥=0)

1− 𝜋(𝑥=1)

1− 𝜋(𝑥=0)

= exp(𝛽) ………………… (2.17)

An odds ratio expresses how much more likely it is for the outcome to be present
among those with covariate values of x= 1 than among those with x = 0 . An odds
ratio of two would mean that the risk for a certain outcome of a subject with covariate
x =1 is twice as high as the risk of a subject with x = 0 in the study population. An
odds ratio lower than one indicates that a covariate value of x = 1 reduces the risk,
while an odds ratio of one indicates that the covariate does not have an effect.
For dichotomous variables, the odds ratio indicates the change of risk in relation to
the reference category (usually). In the case of polytomous variables with

k>2

categories, K - 1 slope coefficients have to be estimated. The odds ratios of these
coefficients also indicate the change of risk in relation to the reference category. The
adequacy of this interpretation is entirely dependent on the adequacy of the model
assumptions, namely linearity and constant slope. Departure from this makes
interpretation inappropriate. One of these departures is called interaction. The
relationship of independent variable and logit is still linear, but the slopes differ for
certain groups. When interaction is present, the association between risk factor and
outcome variable depends in some way on the level of the covariate. The effect of the
risk factor cannot be specified without also specifying the level of the covariate
(Hosmer & Lemeshow, 2000).

20

Multinomial Logistic Regression uses a linear predictor function f(k, i) to predict the
probability observation i has outcome i of the following form
f(k, i)= β0,k + β1,kx1,i+ β2,kx2,i +…+ βm,kxm,I …………………(2.18)
where βm,k is a regression coefficient associated with the mth explanatory variable
and the kth outcome. As explained in the logistic regression article, the regression
coefficients and explanatory variables are normally grouped into vectors of size M+1,
so that the predictor function can be written more compactly

f(k, i) = βkxi ………………………………………………..(2.19)
where βk is the set of regression coefficients associated with outcome k, and xi a row
vector) is the set of explanatory variables associated with observation I as a set of
independent binary regressions
one fairly simple way to arrive at the multinomial logit model is to imagine, for k
possible outcomes, running k-1independent binary logistic regression models, in
which one outcome is chosen as a "pivot" and then the other k-1outcomes are
separately regressed against the pivot outcome. This would proceed as follows, if
outcome k ( the last outcome) is chosen as the pivot :

log

Pr (Yi=1)

log

Pr (Yi=2)

log

Pr (Yi =k−1)

Pr (Yi=k)

Pr (Yi=k)

= β1.xi

……………………………..(2.20)

= β2.xi ……………………………….. (2.21)

Pr (Yi =k)

= βk-1.xi ………………………….….(2.22)

note that we have introduced separate sets of regression coefficients, one for each
possible outcome. If we exponentiate both sides, and solve for the probabilities, we
get
Pr(Yi=1) = Pr(Yi=k) eβ 1 x i …………..…………….(2.23)
Pr(Yi=2) = Pr(Yi=k) eβ 2 x i ………………………….(2.24)
Pr(Yi=k-1) = Pr(Yi=k) eβ k −1 .x i ………………..…. (2.25)
Using the fact that all k of the probabilities must some to one, we find
Pr(Yi=k)=

1
1+

k −1 β k .x i
k =1 e

………………………..……..(2.26)

We can use this to find the other probabilities
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Pr(Yi=1)=
Pr(Yi=2)=

e β 1 .x i
1+

e β 2 .x i
1+

Pr(Yi=k-1)=

…………………….(2.27)

k −1 β k .x i
k =1 e

k −1 β k .x i
k =1 e

………………………(2.28)

e β k −1 .x i
1+

k −1 β k .x i
k =1 e

………………… (2.29)

We will used this equation to graph ROC Curve. We have (k-1) models.

2.4 Discriminant Analysis (DA)
Discriminant Analysis is a classic method of classification that has stood the test of
time. It often produces models whose accuracy approaches (and occasionally exceeds)
more complex modern methods. It can be used only for classification (i.e., with a
categorical target variable), not for regression. The target variable may have two or
more categories. The number of functions required to maintain maximum separation
for a subset of the original variables is called the rank or dimensionality of the
separation. The goals of (DA) are to construct a set of discriminants that may be used
to describe or characterize group separation based upon a reduced set of variables, to
analyze the contribution of the original variables to the separation, and to evaluate the
degree of separation (Timm, 2002). Some of the ideas associated with (DA) go back
to around 1920. The English statistician Karl Pearson (1857–1936) proposed what
was called the coefficient of racial likeness (CRL), a type of intergroup distance
index. The CRL was studied extensively by G. M. Morant (1899–1964) in the 1920s.
In the 1920s, study of another distance index started in India, to be formalized by P.
C. Mahalanobis (1893–1972) in the 1930s. The idea of multivariable intergroup
distance was translated to that of a linear composite of variables derived for the
purpose of two-group classification by R. A. Fisher (1890–1962) in the 1930s. The
distance and variable composite ideas appeared in print prior to Fisher‟s seminal (DA)
article in 1936 (“The use of multiple measurements in taxonomic problems,” which
appeared in Annals of Eugenics). At the suggestion of Fisher, M. M. Barnard applied
two-group (predictive) (DA) in a 1935 study involving seven Egyptian skull
characters . The extension of two-group classification to multiple groups was given by
C. R. Rao in 1948 (Croux et al., 2005). Many other extensions and refinements of
Fisher‟s ideas have appeared since the 1940s.
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2.4.1 Assumptions of DA model
DA is computationally very similar to MANOVA, and all assumptions for MANOVA
apply. Unequal sample sizes are acceptable. The sample size of the smallest group
needs to exceed the number of predictor variables. As a “rule of thumb”, the smallest
sample size should be at least 20 for a few (4 or 5) predictors. The maximum number
of independent variables is n - 2, where n is the sample size. While this low sample
size may work, it is not encouraged, and generally it is best to have 4 or 5 times as
many observations and independent variables. It is assumed that the data (for the
variables) represent a sample from a multivariate normal distribution. You can
examine whether or not variables are normally distributed with histograms of
frequency distributions. However, note that violations of

the normality assumption

are not "fatal" and the resultant significance test are still reliable as long as nonnormality is caused by skewness and not outliers (Tabachnick and Fidell, 1996).
DA is very sensitive to heterogeneity of variance-covariance matrices. Before
accepting final conclusions for an important study, it is a good idea to review the
within-groups variances and correlation matrices. Homoscedasticity is evaluated
through scatter plots and corrected by transformation of variables.
DA is highly sensitive to the inclusion of outliers. Run a test for univariate and
multivariate outliers for each group, and transform or eliminate them. If one group in
the study contains extreme outliers that impact the mean, they will also increase
variability. Overall significance tests are based on pooled variances, that is, the
average variance across all groups. Thus, the significance tests of the relatively larger
means (with the large variances) would be based on the relatively smaller pooled
variances, resulting erroneously in statistical significance.
If one of the independent variables is very highly correlated with another, or one is a
function (e.g., the sum) of other independents, then the tolerance value for that
variable will approach 0 and the matrix will not have a unique discriminant solution.
There must also be low multicollinearity of the independents. To the extent that
independents are correlated, the standardized discriminant function coefficients will
not reliably assess the relative importance of the predictor variables (poulsen and
French, 1999)
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2.4.2 Discriminate Analysis with MANOVA
DA is multivariate analysis of variance (MANOVA) reversed. In MANOVA, the
independent variables are the groups and the dependent variable is the predictors. In
DA, the independent variables are the predictors and the dependent variable is the
groups. As previously mentioned, DA is usually used to predict membership in
naturally occurring groups. It answers the question: can a combination of variables be
used to predict group membership? Usually, several variables are included in a study
to see which ones contribute to the discrimination between groups. (DA) is broken
into a 2-step process: (1) testing significance of a set of discriminant functions, and;
(2) classification. The first step is computationally identical to MANOVA. There is a
matrix of total variances and covariances;

likewise, there is a matrix of pooled

within-group variances and covariances. The two matrices are compared via
multivariate F tests in order to determine whether or not there are any significant
differences (with regard to all variables) between groups. One first performs the
multivariate test, and, if statistically significant, proceeds to see which of the variables
have significantly different means across the groups. Discriminant analysis can be
conceptualized as the inverse of MANOVA. MANOVA can be used to see the effect
on multiple dependents of a single categorial independent, while DA can be used to
see the effect on a categorical dependent of multiple interval independents.
Mathematically, MANOVA and DA are the same (Chandran, 2009). DA is just the
inverse of a one-way MANOVA, the multivariate analysis of variance. The levels of
the independent variable (or factor) for MANOVA become the categories of the
dependent variable for DA, and the dependent variables of the MANOVA become the
predictors for DA.

In MANOVA we ask whether group membership produces

reliable differences on a combination of dependent variables. If the answer to that
question is 'yes' then clearly the combination of variables can be used to predict group
membership. If the dependent variable is a dichotomy, there is one discriminant
function; if there are k levels of the dependent variable, up to k-1 discriminant
functions can be extracted, and we can test how many it is worth extracting.
Successive discriminant functions are orthogonal to one another, like principal
components, but they are not the same as the principal components you would obtain
if you just did a principal components analysis on the independent variables, because
they are constructed to maximize the differences between the values of the dependent
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variable (lea, 1997). Essentially, the multivariate technique known as Discriminant
Analysis is quite similar to MANOVA. In Discriminant Analysis we consider the
problem of finding the best linear combination of variables for distinguishing several
groups. The coefficients (Betas) are chosen in order that the ratio of the „betweengroups sums of squares‟ to the total sums of squares‟ is as large as possible.
MANOVA can be viewed as a problem of first finding linear combinations of the
dependent variables that „best separate the groups‟ and then testing „whether these
new variables are significantly different for the groups‟. In the MANOVA situation,
we already know which categories the cases belong to, and thus are not interested in
classification BUT in identifying a composite variable (y) which illuminates the
differences among the groups. In both procedures the composite variable (y) is known
as a discriminant function. In a MANOVA, discriminant function is a weighted sum
of the dependent variables, with the weightings chosen such that the distributions of y
for the various groups are separated to the greatest possible extent. In a Discriminant
Analysis, the discriminant function is used to predict category membership to the
greatest extent possible. Thus, both techniques have very much in common.
MANOVA is used when the dependent variables are CORRELATED. MANOVA is a
procedure utilized when our dependent variables are correlated. Multivariate analysis
helps control the error rate, or the chance of getting something significant when in
actuality it is not. Very similar in process to discriminant analysis, MANOVA permits
a direct test of the null hypothesis with respect to ALL of the analysis‟ dependen
variables (Gebotys, 2000).
2.4.3 Basic Theory of LDA Algorithm
If we have several populations, we have to classify sampling unit (object) into one of
Kth populations. The information we have available consists of the p variables in the
observation vector X measured on the sampling unit. The random P-vector X given
by X= (X1, · · ·,Xp)ˋ .
When there are k populations, we can use a classification procedure due to Fisher
(1936). Fisher suggested a sensible procedure to distinguish between groups . The
first discriminant function is the linear combination of the observed variables,
𝑋1𝑡 : x = L11x1 + . . . + L1PXP …………………..(2.30)
that maximizes the ratio of the between-group sum of squares to the within-group
sum of squares. Which means that the separation is made in such a way that within
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each group the objects are as similar as possible but, at the same time, the groups are
as different as possible.
A maximum of s = min (k − 1, p) discriminant functions can be defined as linear
combinations of the observed variables, uncorrelated with the previous ones, which
verify

the

same

Linear

Discriminant

optimality

criteria

(Nogueira

and

Oliveira,

2000).

Analysis (LDA) tries to discriminate the input data by

dimension reduction (Gul, 2003). LDA searches for the best projection to project the
input data, on a lower dimensional space, in which the data of different classes are
well-separated as much as possible as in Figure (2.1). LDA searches for those vectors
in the underlying space that best discriminate among classes (rather than those that
best discriminates between the data).
The method for classifying patterns will be implemented in the case when the feature
space is two-dimensional and two classes of patterns exist. The patterns are
considered to be a set of 2D points and the features are their horizontal and vertical
coordinates. It is also known that these points are divided in two classes and we know
for each point to what class it belongs. The objective is to classify them using the
linear discriminant analysis method.
If we can assume that the groups are linearly separable, we can use linear discriminant
model (LDA). Linearly separable suggests that the groups can be separated by a linear
combination of features that describe the objects. If only two features, the separators
between objects group will become lines. If the number of features is three, the
separator is a plane and if the number of features (i.e. independent variables) is greater
than 3, the separators become a hyper-plane.
In Figure (2.1), this criteria for LDA can be observed. The principal assumption for
Fisher‟s procedure is that the K populations have the same covariance matrix ∑1 = ∑2
=…= ∑k and normality is not required(Johnson and Wichern, 1999).
Figure 2.1 : The two dimensional distributions are projected onto one dimensional
subspaces, described by normal vectors W1 and W2. As LDA tries to find the greatest
seperation among the classes, W1 is better than W2 for LDA
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Figure (2.1 ) : Projection of 2-classes feature data
We seek to obtain a scalar 𝑦 by projecting the samples 𝑥 onto a line 𝑦=𝑤T 𝑥
Of all the possible lines we would like to select the one that maximizes the
separability of the scalars. The goal is to project high-dimensional data onto a lower
dimensional subspace (Dimentional Reduction)
In order to find a good projection vector, we need to define a measure of separation
between the projections. The mean vector of each class in x and y feature space is:

Y = ℓ' X …………………………..(2.31)
and variance var ( Y ) = ℓ' cov ( X ) ℓ = ℓ'∑ ℓ for all populations
, ℓ ' is a linear combination of variables and x is projection sample
The idea is to maximize the ratio of between-groups sums of squares ( B ) and
minimize within-groups sums of squares ( W ).
let µ denote the mean vector of the combind populations and 𝐵µ the between groups
sums of cross product

𝐵𝜇 =
Where µ =

𝑘
(𝜇
𝑖=0 𝑖
1
𝑘

𝑘
1

− µ )(𝜇𝑖 − µ )` … … … … … … … …( 2.32 )

𝜇𝑖
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µY =
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𝑘
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𝑘 ′
1 ℓ 𝜇𝑖

𝑘

= ℓ' (

1
𝑘

𝑘
1

𝜇𝑖 ) = ℓ'µ………….(2.33)

And form the ratio :
sum of squared distances from
populations to over all mean of Y
variance of Y
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𝑘
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ℓ

ℓ

…………….(2.34)

………………(2.35)

…………………………….(2.36)

we need to maximize equation (2.14) , so we choose ℓ
since ∑ and µ are unavailable. Suppose the training set consists of a random sample
size ni from population πi , i = 1, 2,…, k . Denote the ni × p

data set, from

population πi , by Xi and its jth row by x'ij .
Sample mean vectors is

𝑥i =

1
𝑛𝑖

𝑛𝑖
𝑗 =1 𝑥𝑖𝑗 ……………………………………(2.37)

And x is the total sample mean vector

𝑥=

𝑘
𝑖=1 𝑛 𝑖 𝑥 𝑖
𝑘
𝑖=1 𝑛 𝑖

=

𝑛𝑖
𝑘
𝑖=1 𝑗 =1 𝑥 𝑖𝑗
𝑘
𝑖=1 𝑛 𝑖

…………………..(2.38)

Which is the p × 1 vector average taken over all of the sample observations in the
training set .
We define the sample between groups matrix B which includes the sample sizes

B=

𝑘
𝑖=1 𝑛𝑖 (

𝑥 𝑖 − 𝑥 ) ( 𝑥 𝑖 − 𝑥 )′

… … … ….(2.39)

An estimate of ∑ is based on the sample within groups matrix

W=

𝑘
𝑖=1(

𝑛𝑖 − 1 ) 𝑆𝑖 =

𝑘
𝑖=1

𝑛𝑖
𝑗 =1(

𝑥 𝑖𝑗 − 𝑥 𝑖 )( 𝑥 𝑖𝑗 − 𝑥 𝑖 )′ ……..(2.40)
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Where ni is the number of samples in the kth class and x i is the mean vector of class
i, k is the number of classes , x ij is the jth sample of class i .
𝑆𝑝𝑜𝑜𝑙𝑒𝑑 = W / (𝑛1 + 𝑛2 + … + 𝑛𝑘 – k )

is the estimate of ∑ .

So, the goal of LDA is to maximize the between-class measure while minimizing the
within-class measure. This objective function can be described by :

F = maxℓ

ℓ′ 𝐵 ℓ
ℓ′ 𝑊 ℓ

= maxℓ

𝑡𝑟 (ℓ′ 𝐵 ℓ)
𝑡𝑟 (ℓ′ 𝑊 ℓ)

… … … … … … … … … … …( 2.41 )

where tr( ) denotes the matrix trace. If we define the total scatter matrix as
T=

𝑛
𝑖=1(

𝑥𝑖 − 𝑥 )(𝑥𝑖 − 𝑥 ) ′

Then we have T = B + W
If W is a nonsingular matrix, then the optimal projection matrix ℓ which maximizes
the criterion (2.10) can be solved finding the first eigenvectors associated with the
maximum eigenvalues of the following generalized eigenvalue problem
Bℓ =WℓɅ

…………………………. (2.42)

It should be noted that B rank is bounded by k − 1, and therefore there should be at
most k − 1 eigenvectors corresponding to nonzero where Ʌ is a diagonal eigenvalue
matrix. Sort the eigenvectors by the associated eigenvalues from large to small and
keep the first k − 1 eigenvectors and then these eigenvectors form the basis vectors of
the LDA-projected space (Andrew , 2002).

2.5 Summary
In this chapter we discussed theoretical framework for two classification methods.
The first method is Multinomial Logistic Regression model, is used for prediction of
the probability of occurrence of an event by fitting a logistic function to the data. One
advantage of the logistic regression model is that there are no assumptions made on
the distributional properties of the independent or predictor variables, and they can be
numeric or categorical or in any form. They do not have to be normally distributed,
linearly related or of equal variance within each group.
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The second method is DA which aim is to classify objects, using a set of independent
variables, by determining linear combinations of the predictor variables and looking at
multivariate differences among groups, it maximizes the ratio of between-class
variance to within-class variance to split the observations, but the application of LDA
has some important assumptions. Multivariate analyses of variance (MANOVA)
differs from univariate analyses of variance (ANOVA) in the number of dependent
variables utilized. The major purpose of univariate analyses of variance is to
determine the effects of one or more independent variables upon ONE dependent
variable. However, there arise situations in which measurements are available on
more than one dependent variable. The extension of univariate analysis of variance to
the case of multiple dependent variables is known as Multivariate Analysis of
Variance (MANOVA). MANOVA allows for a direct test of the null hypothesis with
respect to ALL the dependent variables in an experiment. In MANOVA, a linear
function (y) of the dependent variables in the analysis is constructed, so that “intergroup differences” on y are maximized. The composite variable y is then treated in a
manner somewhat similar to the dependent variable in a univariate ANOVA, with the
null hypothesis being accepted or rejected accordingly.
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Chapter Three
Validation and Evaluation of Classification Models
3.1 Introduction
There are many methods of validation such that cross validation, k- fold cross
validation, Hold out validation, leave one out cross validation, Bootstrap.

ROC

curve is used for evaluation of classification model . Validation and Evaluation of a
data classification model is one of the most important step at building models` steps .
The purpose of validation is to estimate the level of performance we may expect from
models generated by our modeling process.
The objective of building a classification rule is to correctly classify as many future
units as possible. There are several criteria available to evaluate a set of classification
rules, The simplest and the most frequently used criterion for comparison between
two methods is error rate or misclassification rate (Harrell, 1997).
This is simply the proportion of units misclassified by the rule. On the other side, the
hit rate is the proportion of units classified correctly by the rule. There are three types
of probabilities of correct classification: The first is the optimal hit rate obtained when
a classification rule is based on known parameter. The second is the conditional hit
rate: this is the hit rate obtained by applying a rule based on a particular sample to
future samples taken from the same population. The third is the unconditional or
expected error rate, which is the expected value of actual conditional hit rates over all
possible samples of the given size. In practice population parameters are unknown.
Therefore, most research on the error rate estimation focused on the actual hit rate
(Hussain, 2002). Probably the simplest and most widely used method for estimating
prediction error is cross-validation. This method directly estimates well the expected
prediction error (Hastie et al, 2009).
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3.2 Methods of validation

One way to avoid bias is to split the sample into two parts, The “training”
sample and the “validation” sample. Then, the classification rule is created
using the training sample and the apparent error rate is determined using the
validation sample.
3.2.1 Hold-Out Method
The basic concept for Hold – out method is dividing data into training set and testing
set. One way to avoid bias is to split the sample into two parts, The “training” sample
and the “validation” sample. Then, the classification rule is created using the training
sample and the apparent error rate is determined using the validation sample. With the
training sample, we calculate classification functions. We then submit each
observation vector in the validation sample to the classification functions obtained
from the training sample. Since these observations are not used in calculating the
classification functions, the resulting error rate is unbiased. To increase the
information gained, we could also reverse the roles of the two samples so that the
classification functions are obtained from the validation sample and evaluated on the
training sample. The holdout method, sometimes called test sample estimation
(Kohavi,1995). Suppose the total number of available observations is n . One portion
of the set of observations (the training set containing observations) is used to design
the classification rule, and the remaining ( N- n) test sample (the validation set) is
used to estimate the error rate and validating the classification rule. It is common to
designate 2/3 of the data as the training set and the remaining 1/3 as the test set. There
are a problems associated with holdout method (Hussain, 2002). First, this method
requires a large sample size, but in applications large sample is not always available.
Second, the classification rule that is validated is not the one that would actually be
used. Third, there is a problem associated with the appropriate relative size of the
training sample to the testing sample.

3.2.2 Cross-Validation Method
Cross-validation, sometimes called rotation estimation, is a technique for assessing
how the results of a statistical analysis will generalize to an independent data set. It is
mainly used in settings where the goal is prediction, and one wants to estimate how
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accurately a predictive model will perform in practice. Training an algorithm and
evaluating its statistical performance on the same data yields an overoptimistic result.
In most real applications, only a limited amount of data is available, which leads to
the idea of splitting the data: Part of data (the training sample) is used for training the
algorithm, and the remaining data (the validation sample) are used for evaluating the
performance of the algorithm. The validation sample can play the role of new data
(Arlot and Celisse, 2010). The ideal procedure of Cross Validation: Divide data into
three sets, training, validation and test sets. Find the optimal model on the training
set, and use the test set to check its predictive capability. See how well the model can
predict the test set . The validation error gives an unbiased estimate of the predictive
power of a model .
This type of validation is, of course, more expensive computationally, but useful
when the most accurate estimate of a classifier‟s error rate is required. A popular
choice for the value of k is , yielding the well-known leave-one-out method.

3.2.3 K-fold cross validation
The basic form of cross-validation is k-fold cross-validation, if we had enough data,
we would set aside a validation set and use it to assess the performance of our
prediction model. Since data are often scarce, this is usually not possible. To finesse
the problem, K-fold cross validation uses part of the available data to fit the model,
and a different part to test it (Hastie et al, 2009).
The advantage of this method is that every data point gets to be in a test set exactly
once, and gets to be in a training set k-1 times. The variance of the resulting estimate
is reduced as k is increased. The disadvantage of this method is that the training
algorithm has to be rerun from scratch k times, which means it takes k times as much
computation to make an evaluation. A variant of this method is to randomly divide the
data into a test and training set k different times. The advantage of doing this is that
you can independently choose how large each test set is and how many trials you
average over.
For a dataset with N examples, perform N experiments n For each experiment use N-1
examples for training and the remaining example for testing As usual, the true error is
estimated as the average error rate on test examples

E =𝑁1

𝑁
𝑖=1 𝐸𝑖

………………………………………………..………(3.1)
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The choice of the number of folds: firstly, With a large number of folds,
The bias of the true error rate estimator will be small (the estimator will be very
accurate).

The variance of the true error rate estimator will be large and the

computational time will be very large as well (many experiments)
Secondly, With a small number of folds
The number of experiments and, therefore, computation time are reduced.
The variance of the estimator will be small. The bias of the estimator will be large
(conservative or higher than the true error rate)
In practice, the choice of the number of folds depends on the size of the dataset. For
large datasets, even 3-Fold Cross Validation will be quite accurate n For very sparse
datasets, we may have to use leave-one-out in order to train on as many examples as
possible. A common choice for K-Fold Cross Validation is K=10 (Gutierrez, 2014)

3.2.4 Leave-one-out cross-validation
As the name suggests, leave-one-out cross-validation (LOOCV) involves using a
single observation from the original sample as the validation data, and the remaining
observations as the training data. This is repeated such that each observation in the
sample is used once as the validation data. This is the same as a K-fold crossvalidation with K being equal to the number of observations in the original sample.
The function approximator is trained on all the data except for one point and a
prediction is made for that point as does the resubstitution method with less bias than
other

cross-validation

methods

in

the

estimated

classification

error

rate

(Lesaffre et al, 1989). The fitting process optimizes the model parameters to make the
model fit the training data as good as possible This is called over fitting , and is
particularly likely to happen when the size of the training data set is small, or when A
confusion matrix shows the number of correct and incorrect predictions made by the
classification model compared to the actual outcomes (target value) in the data.
The matrix is NxN, where N is the number of target values (classes). Performance of
such models is commonly evaluated using the data in the matrix. The following table
displays a 2x2
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Table(3.1): Confusion matrix for two classes (Positive and Negative).
Target
Positive Negative
Positive
a
B
Positive Predictive Value
a/(a+b)
Model
Negative
c
D
Negative Predictive Value d/(c+d)
Sensitivity Specificity
Accuracy = (a+d)/(a+b+c+d)
a/(a+c)
d/(b+d)

Confusion Matrix



Accuracy : the proportion of the total number of predictions that were correct.



Positive Predictive Value or Precision : the proportion of positive cases that
were correctly identified.



Negative Predictive Value : the proportion of negative cases that were
correctly identified.



Sensitivity or Recall : the proportion of actual positive cases which are
correctly identified.



Specificity : the proportion of actual negative cases which are correctly
identified.

3.3

Evaluation of a Classification Model

Some classification models produce continuous scores as final results. For two
classes' problems, there is an important graphical technique for evaluating
classification models that produce continuous scores.

3.3.1 ROC Curve
The ROC curve graph is a technique for visualizing, organizing, improving and
selecting classifiers based on their performance Receiver Operating Characteristics
(ROC) curve is a graphical representation of the performance of classification model
(Classifiers), ROC curves were originally designed as tools in communication theory
to visually determine optimal operating points for signal discriminators. Recently it is
widely used by the medical decision making community, it‟s a technique used for
visualizing the performance of a classifier, it has been extended to visualize, and rank,
the performance of a competing set of classifiers for selecting the best of them; by
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plotting them together in the same graph ( Fawcett, 2004). It provides a powerful
alternative to traditional model performance assessment using confusion matrices. We
have seen that in traditional scalar performance metrics such as accuracy, sensitivity,
and specificity derived from the confusion matrix, in contrast ROC analysis provides
a highly visual account of a model‟s performance over a range of possible scenarios.
ROC curves have since been used in fields ranging from electrical engineering and
weather prediction to psychology and are used almost ubiquitously in the literature on
medical testing to determine the effectiveness of medications. The ROC curve plots
the sensitivity or “hits” (e.g., true positives) of a model on the vertical axis against
1-specificity or “false alarms” (e.g., false positives) on the horizontal axis. The result
is a bowed curve rising from the 45 degree line to the upper left corner – the sharper
the bend and the closer to the upper left corner, the greater the accuracy of the model.
The area under the ROC curve is a convenient way to compare different predictive
binary classification models when the analyst or decision maker has no information
regarding the costs or severity of classification errors.

3.3.2 Area under the curve (AUC)
Typically and especially when the models are not nested, the ranking of the ROC
curves from different models will be less clear cut. It is normal for the ROC curves
from different models to cross repeatedly making it difficult to say which model is
best. A partial resolution of this difficulty lies in the following observation: better
models have ROC curves that are closer to the left and top edges of the unit square .
Said differently the area under a ROC curve for a good model should be close to 1
(the area of the unit square). This suggests that the area under the ROC curve (AUC)
might be a reasonable single number summary to use to compare the ROC curves of
different models. Although their ROC curves two models may cross each other, the
ROC curve of the better model will on average enclose a greater area.
ROC graph is defined by a parametric definition

x = FPrate(t), y = TPrate(t)…………………………(3.2)
Each binary classifier (for a given test set of examples) is represented by a point
(FPrate, TPrate) on the graph. By varying the threshold of the probabilistic classifier,
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we get a set of binary classifiers, represented with a set of points on the graph. The
ROC curve is independent of the P : N ratio and is therefore suitable for comparing
classifiers when this ratio may vary

A ROC=

1 𝑇𝑃
0 𝑃

𝑑

𝐹𝑃
𝑁

=

1
𝑁𝑃

𝑁
𝑇𝑃
0

𝑑𝐹𝑃 …………………………….(3.3)

A random classifier has an area under curve 0.5, while a perfect classifier has 1.
Classifiers used in practice should therefore be somewhere in between, preferably
close to 1.
The positive predictive value (PPV) and negative predictive value (NPV) can also be
calculated from Bayes‟ theorem using the estimates of sensitivity and specificity and
the prior probability of LF Status (1) before the test is applied. PPV is the proportion
of positive test results that are true positive responders, PPV can be defined to be a
function of the overall probability of true response. The NPV is the proportion of
negative test results that are true negative responders. PPV and NPV are calculated
through the posterior probability of the LF Status (1) after the test results are known.
Let p denotes the prevalence of the LF Status (1) in population and Sen and Spe in
the sensitivity and specificity of diagnostic test, then the PPV and NPV are formulated
using Bayes‟ theorem as follows:
PPV=p× Sen / [p ×Sen+ (1-p) ×Spe …………………………..……….(3.4)
NPV= (1-p) ×Spe / [p×(1-Sen)+(1-p) ×Spe] ………………. ………(3.5)

Testing of accuracy index (AUC) of a single diagnostic test
Suppose a test the accuracy (AUC) of a single diagnostic test as unknown parameter
with a pre-specified value of AUC0. Thus, the null and alternative hypotheses are: H0:

AUC=AUC0 versus H1: AUC ≠ AUC0. With normal approximation of asymptotic
properties of AUC, the Z-score under H0 is as follows:

Z= A𝑈C - A𝑈𝐶0

A𝑈 C − A𝑈 𝐶0
𝑆𝐸(A𝑈 C)

………………..………………..(3.6 )

where A𝑈C and its standard error can be estimated either parametric (binomial
model) or purely nonparametric approaches.
The accuracy of these two diagnostic tests are usually calculated on the same subjects
(i.e. each subject undergoing two alternative diagnostic tasks) for the purpose of the
efficiency of design. Let us suppose AUC1 and AUC2 are the accuracy of MRI and
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CT respectively. The null and alternative hypothesis H0: AUC1 =AUC2 versus H1:
AUC1 ≠ AUC2.
Using the normal approximation under the null hypothesis, the Z-score is as follows

Z= ((A𝑈𝐶1 - A𝑈 𝐶2 )/ SE(A𝑈𝐶1 - A𝑈𝐶2 )) …………………..(3.7)
where
SE(A𝑈𝐶1 - A𝑈𝐶2 ) = Var A𝑈 𝐶1 + Var A𝑈 𝐶2 -2COV(A𝑈𝐶1 , A𝑈𝐶2 )
COV(A𝑈𝐶1 , A𝑈𝐶2 ) = r SE (A𝑈 𝐶1 ) 𝑆𝐸( A𝑈𝐶2 )
where r and SE denote the correlation between two AUC‟s and standard error of each
AUC. If the two diagnostic tests are not examined on the same subjects, obviously the
two estimated AUC‟s are independent and the covariance term would be zero
(Tilaki ,2013)

3.4 Summary
There are several criteria available to evaluate a set of classification rules, we
discussed methods of validation such as hold out method, k –fold cross
validation method and leave one out cross validation. Error on the training data is not
a good indicator of performance on future data.
The classifier was computed from the same training data, any estimate based that
data will be optimistic. In addition, new data will probably not be exactly the same as
the training data. 10-fold cross-validation is commonly used. If k equals the sample
size, this is called "leave-one-out" cross-validation.
In Leave One Out Cross Validation (LOOCV), each of the training sets look very
similar to each other, differing in only one observation. When you want to estimate
the test error, you take the average of the errors over the folds. That average has a
high variance. The ROC curve is a fundamental tool for diagnostic test evaluation.
Roc graphs are able to provide a richer measure of classification performance than
accuracy or error rate can, and they have advantages over other evaluation measures .
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Chapter Four
Analysis of Labor Force in Palestine
4.1 Introduction
In this chapter we will describe the data set and the variables in the data using
descriptive statistics to illustrate some of the important features in the data . Analysis
and build the statistical models (MLR and LDA ), that we discussed in the previous
chapter. We fit the two classification models MLE and LDA to the LF data in
Palestine, then we assess the accuracy of each model using methods of testing the
accuracy; namely cross- validation and ROC curves.

4.2 Labor Force Data
Real data of LF Survey, 2012 where conducting by Palestinian Center Bureau of
Statistics (PCBS) used for application of the MLR and LDA. The data were used for
the purposes of scientific research according to a special agreement between PCBS
and Al –Azhar University- Gaza. The sample size had been 25353 observations of
whom 25353 is valid and no missing value. 62.7% residing in the West Bank 37.3%
residing in Gaza Strip. Dataset contains 12 variables. We are interested on Labor
Force status(1) variable. This variable has been used as a dependent variable in this
analysis. It involves three categories (Employment, Unemployment, and Outside of
LF. The goal is to find the best model which can describe the relationship between
different types of LF and

other factors that can be considered as independent

variables and have effects on each dependent variable. As a result we conclude the
best model. The target group used in this study was people living in west bank and
Gaza governorate in the age group 15 – 65 years in both sexes .
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4.3 Preliminary Analysis
The dependent variable has three categories (Employment, Unemployment, Outside
of LF )

Table (4.1) :Frequencies for Labor Force Status (1)
Categories of (DV)
Employment

Frequency
7613

Valid Percent
30

Unemployment

2198

8.7

Outside of LF

15542

61.3

Total

25353

100

Table (4-1) demonstrates

that

30 % of persons are Employment,

8.7% are

unemployment and 61.3% are Outside of labor Force. Figure (4.1) illustrate the
above percentages.
Table (4.2) : The explanatory variables
NO.

Variable Name

Value Label

Description

1.

Region
WBGS

1.West Bank
2. Gaza Strip

MARITALS

1. Never Married
2. Married
3. Other

2.

3.

Martial Status

INDUSTRY

4.

Sex

5.
6.

Age
Attend

7.

PR4

Industry
1. Agriculture
2. Manufacturing
3. Construction
4. Commerce, Hotels and
Restaurants
5. Transport, Storage and
Communication
6. Services
1. Male
2. Female
15- 65
1-Currently Attending
2-Attended and left
3-Attended and graduated
4-Never attended
1-Illiterate
2-Can Read and Write
3-Elementary
4-Preparatory
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Does…currently attending
school

Educational Attainment
(higher Qualification)

8.

PR6

9.

HR5

10.
11.

ID7
HR4

5-Secondary
6-Associatte Diploma
7-BA\ BSc
8-Higher Diploma
9-Master Degree
10-Ph.D
1-Currently Attending
2-Attended and graduated
3-Attended and left
4-Never attended

1-Registered
2-Not Registered
3-Not Refugee
-Urban, Rural, Camp
Head, spouse, son\daughter,
father\mother, brother\ sister, grand
father\mother, grand child, Son Wife\
Daughter Husband, Other relative,
Others

Training course attendance
(such as training course that
managed by ministry of
labour, Qalandia institute )
must present certificate at the
end of the training course
Refugee Status

Locality Type
Relationship to the Head of
Household

In table (4-2) we describe all variables in the study. There are 11 independent
variables. All of them are nominal except age variable.

Table(4.3) : Industry variable Categories
Variable Categories
Agriculture

Frequency
1627

Percent
6.4

Manufacturing

1075

4.2

Construction

1496

5.9

Commerce-Hotels

1626

6.4

Transport-storage

545

2.1

Services

18984

74.9

Total

25353

100

Table (4.3) demonstrate that the industry variable has six categories. Transportstorage has the minimum percentage 2.1% . Agriculture has 6.4 % while
manufacturing category has 4.2% . Construction category has 5.9% but CommerceHotels has 6.4%. Other category has nearly 75%.
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Table (4.4) : Region variable Categories
Variable Categories

Frequency

Percent

West Bank

15889

62.7

Gaza Strip

9464

37.3

Total

25353

100.0

From table (4.4) we can say that The sample size had been 25353 observations. 62.7%
of them are in the West Bank and 37.3% are in Gaza Strip. Figure (4.3) illustrates
the above percentage.
To compare the rates of Labor Force status (1) with West Bank and Gaza Strip , we
illustrate the distribution of dependent variable cases and region in table (4.5) .
Table (4.5): Comparison between Labor Force Status (1) and Region
Region
West Bank

Gaza
Strip

Total

5418

2195

7613

34.10%

23.20%

30.00%

1161

1037

2198

7.30%

11.00%

8.70%

Outside of LF

% within
Region
Count

9310

6232

15542

58.60%

65.80%

61.30%

Total

% within
Region
Count

15889

9464

25353

% within
Region

100.00%

100.00%

100.00%

Employment

Count

% within
Region
Unemployment Count

From table (4.5) there are (11%) Of

persons in Gaza Strip suffer from

Unemployment versus (7.3%) in West Bank. Moreover, (23.2%) of persons in Gaza
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Strip are Employment versus (34.1%) in West Bank. (65.8%) of persons in Gaza
Strip are outside of LF versus (58.6%) in West Bank.
Table (4.6) : Comparison between Labor Force Status (1) and Locality Type
Locality Type
Urban
Rural
Camp
Employment

1918

793

7613

29.4%

34.4%

25.5%

30.0%

Count

1491

404

303

2198

% within Locality Type

8.9%

7.3%

9.7%

8.7%

Count

10283

3246

2013

15542

% within Locality Type

61.7%

58.3%

64.7%

61.3%

Count

16676

5568

3109

25353

100.0%

100.0%

100.0%

100.0%

% within Locality Type
Unemployment

Outside of LF

Total

Total

4902

Count

% within Locality Type

From table (4.6) : we may observe the following remarks :
- Persons in Rural areas suffer from unemployment less than persons in other types
of localities from all forms of LF(1) with rate (7.3%) compared to persons in Urban
areas and Camps with rate (8.9%) and (9.7%) respectively .
- The highest Employment rate is in Rural areas with rate (34.4%) compared to other
types of localities areas in urban and camp with rate (29.4%) and (25.5%)
respectively.
- The highest outside of LF rate is in camp areas with rate (64.7%) versus (61.7%)
in urban areas and (58.3%) in Rural areas.

4.4 Statistical Analysis of LF using MLR
Multinomial Logistic Regression is a statistical technique that uses several
explanatory variables to predict the outcome of a response variable. The goal of MLR
is to model the relationship between the explanatory and response variables.
The model for MLR, given n observations, is:
yi = B0 + B1xi1 + B2xi2 + ... + Bpxip + Ei where i = 1,2, ..., n

……..(4.1)

MLR takes a group of random variables and tries to find a mathematical relationship
between them. Various statistical analysis have been applied to the measured spectra
for the intrinsic quality assessment of Labor Force data to produce higher efficiency
prediction model.
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4.4.1 Building MLR model
In this section we will perform multinomial logistic regression analysis on the Labor
force data set. There is a good relationship between the dependent variable and
combination of independent variables is based on the statistical significance of the
final model chi-square. We are focusing on the response variable the number of the
valid observations used in our model is 25353 distributed among the three categories
30% of the valid case subjected to Employment, 8.7% unemployment, and 61.3% by
outside of LF.

Table (4.7) : Model Fitting Information
Model

Model Fitting Criteria
-2 Log Likelihood

Likelihood Ratio Tests
Chi-Square

Df

Sig.

Intercept Only 41765.168
Final 18565.678

23199.490

76

.000

As it is clear in Table (4.7), that -2 log likelihood value of basic model only with
intercept term was (41765.168), this value decreased into (18565.678) with the
independent variables appearance in the model. The probability of the model chisquare (23199.490) was 0.00, less than the level of significance (0.05). The null
hypothesis was rejected since that there was a difference between the model without
independent variables and the model with independent variables . That is an evidence
of existence of a relationship between the independent variables and the dependent
variable.

Used in statistics and statistical modelling to compare an anticipated frequency to an
actual frequency. Goodness-of-fit tests are often used in business decision making. In
order to calculate a chi-square goodness-of-fit, it is necessary to first state the null
hypothesis and the alternative hypothesis, choose a significance level (such as α = 0.5)
and determine the critical value.
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Table (4.8) :Goodness-of-Fit
Chi-Square

Df

Sig.

Pearson

60374.407

26682

.000

Deviance

17003.575

26682

1.000

In table (4-8), we test the goodness of fit of the final model . The results of the test are
given in table (4.8) below. This shows that the model provides a significant fit to the
data as the p-value of Pearson goodness of fit test less than 0.05.

Table (4.9) : Pseudo R-Square
Cox and Snell R2

Nagelkerke R2

McFadden R2

0.6

0.726

0.524

Table (4.9) explain the ratios of dependent variables upon independent variables.
According to the results shown in above, it is seen that independent variables define
60% of the variance in dependent variables ( the proportion of variance of the
response variable explained by the predictors) according to Cox &Snell R

2

value,

72.6 % according to Nagelkerke R2 value, and 52.4% according to McFadden value.
Table (4.10) : Likelihood Ratio Tests
Model Fitting Criteria

Likelihood Ratio Tests

-2 Log Likelihood of
Reduced Model
18565.678a

Chi-Square
0.000

0

19194.472

628.794

2

0.000

Sex

19146.736

581.058

2

0.000

Attend

21187.523

2621.845

6

0.000

PR4

21076.054

2510.377

18

0.000

PR6

18830.996

265.318

6

0.000

HR5

18573.680

8.002

4

0.091

ID7

18573.449

7.771

4

0.100

Wbgs

18674.448

108.771

2

0.000

Maritals

18617.642

51.964

4

0.000

Industry

23917.124

5351.446

10

0.000

HR4

18826.274

260.596

18

0.000

Effect
Intercept
Age
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Df

Sig.

Table(4-10) demonstrates the likelihood ratio test evaluates the overall relationship
between an independent variable and the dependent variable. we checked the same
point with all explanatory variables used to build model separately. The result was
referred that the existence of a relationship between each of the explanatory variables
and the response variable was supported. According to the results shown in Table
(4.10), it is seen that there is a statistically significant relationship between all the
independent variables and the dependent variable except two variables HR5 and ID7.
Since the dependent variable has three categories, we have two models.


Estimates MLR Models
Table ( 4.11 ): MLR Model (1) Employment

Intercept

Age

[sex=1]

[attend=1]

[attend=2]

[PR4=1]

[PR4=2]

-11.18

-0.052

1.847

-1.987

1.318

-4.279

-5.462

[PR4=3]

[PR4=4]

[PR4=5]

[PR4=6]

[PR6=1]

[PR6=2]

[wbgs=1]

-5.112

-4.831

-4.241

-2.245

-1.646

0.99

0.298

[Maritals=2]

[Industry=1]

[Industry=2]

[Industry=3]

[Industry=4]

[Industry=5]

0.314

4.538

4.163

2.919

3.913

2.768

Table (4.12) : MLR Model (2) Unemployment
-Intercept

Age

[sex=1]

[attend=1]

[attend=2]

[PR6=1]

[PR6=2]

-29.86

-0.078

1.794

-2.369

2.638

-2.618

1.199

[HR5=1]

[wbgs=1]

[Industry=1]

[Industry=2]

[Industry=3]

[Industry=4]

[Industry=5]

0.173

-0.335

3.409

2.968

3.029

2.499

1.812

[HR4=1]

[HR4=2]

[HR4=3]

[HR4=5]

[HR4=7]

[HR4=8]

13.522

12.375

12.978

13.25

13.318

12.38

Table (4.11) and table (4.12) there are two models since the dependent variables has
three categories . The form of the model is

Pr(yi= k-1)=

𝑒 𝐵 𝑘−1 . 𝑥 𝑖
1+

𝑘−1 𝐵 𝐾 . 𝑋 𝑖
𝑘=1 𝑒

………………………………(4.2)

Xi is the vector of explanatory variables describing observation i
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Bk is a vector of parameters corresponding to outcome k .
K is the number of categories

4.4.2 Interpretation of the odds ratio of the Parameter Estimation
In this section we analyze the labor force state (1) as a dependent variable that
involves three categories (Employment, Unemployment and Outside labor force).
There are many independent variables that have effects on this dependent variable. A
multinomial logistic regression model has been constructed for this dependent
variable using the most appropriate independent variables. We now display the most
important independent variables in the model. The "exp(b)'' column in SPSS's label
for odds ratio of the explanatory variables with the response variable, it is predicted
change in odds for a unit increase in the corresponding explanatory variable. Odds
ratios less than 1 correspond to decreases and odds ratio more than 1.0 correspond to
increases. Odds ratios close to 1.0 indicates that unit changes in that explanatory
variable does not affect the response variable. Sometimes, the variable is significant
but some variable categories aren`t significant. The model contains the significant
variable categories only.

1- Sex variable Categories
Likelihood ratio test information ( chi – square = 628.794 )
Table(4.13) : The parameter Estimates of response variable versus Sex
Response
variable

Age
variable B

Std.
Error

Wald

Df Sig.

Employment

Intercept

-11.18

3747.045

0

1

Age

-0.052

0.003

390.222

1

0

0.95

[sex=1]

1.847

0.088

441.432

1

0

6.342

[sex=2]
Intercept

0b
-29.86

3246.573

0

0
1

Age

-0.078

0.004

430.686

1

0

0.925

[sex=1]

1.794

0.101

316.211

1

0

6.015

Unemployment

[sex=2]

b

0

Table (4.13) demonstrate that Sex

Exp(B)

0

has two categories, 1-male, 2-female.

response LF(1) by Employment, the odds ratio of Sex as "male" is 6.342.
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For

we can therefore say that the odds of being Employment rather than Outside of LF is
increased by a factor of 6.342 by being the "sex" of the person is male rather than the
person is female, controlling for other variables in the model. In the same way, we can
interpret the parameter estimates of the response LF(1) by Unemployment the odds
ratio for "sex" as male is 6.015. We can say that the odds of being Unemployment
rather than Outside of LF is increased by factor of 6.015 by being the person is male
rather than the person is female, controlling for other variables in the model.

2- Region (Wbgs) variable Categories
Likelihood ratio test information ( chi – square = 108.771 )
Table (4.14) : The parameter Estimates of response variable versus Region
Response
variable
Employment

Unemployment

Age
variable

B

Std.
Error

Wald

Df

Intercept

-11.18

3747.045

0

1

[wbgs=1]

0.298

0.059

25.613

[wbgs=2]
Intercept

0b
-29.86

3246.573

[wbgs=1]

-0.335

0.071

[wbgs=2]

0b

Sig.

Exp(B)

1

0

1.347

0

0
1

0.993

22.501

1

0

0.715

0

Table (4.14) demonstrate that Region has two categories, 1-West Bank, 2-Gaza Strip
For response LF(1) by Employment, the odds ratio of Region as " West Bank " is
1.347. we can therefore say that the odds of being Employment rather than Outside of
LF is increased by a factor of 1.347 by being the " Region " of the person is in West
Bank rather than the person is in Gaza Strip, controlling for other variables in the
model. In the same way, we can interpret the parameter estimates of the response
LF(1) by Unemployment the odds ratio for " Region " as West Bank is 0.715. We can
say that the odds of being Unemployment rather than Outside of LF is decreased by
factor of 0.715 by being the person is in West Bank rather than the person is in Gaza
Strip, controlling for other variables in the model. P- value for Region variable
categories is 0.0 which is less than 0.05 , so region variable is significance and is
contained in the model as it is clear in tables (4-11), (4-12).
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3- Attend variable
Likelihood ratio test information ( chi – square = 2621.845 )
Table (4.15) : The parameter Estimates of response variable versus Attend
Response
variable
Employment

Age
variable

B

Std.
Error

Wald

Df

Sig.

Exp(B)

-11.18
-1.987

3747.045
0.663

0
8.969

1
1

0.003

0.137

1.318

0.657

4.021

1

0.045

3.734

[attend=3]

0.946

0.661

2.049

1

0.152

2.575

[attend=4]
Intercept

0b
-29.86

3246.573

0

0
1

[attend=1]

-2.369

1.189

3.973

1

0.046

0.094

[attend=2]

2.638

1.179

5.008

1

0.025

13.986

[attend=3]

2.286

1.182

3.739

1

0.053

9.837

[attend=4]

0b

Intercept
[attend=1]
[attend=2]

Unemployment

0

In table( 4.15) Attend has four categories, 1-Attend1(currently Attending), 2-Attend2
(Attended and left),3-Attend 3 (Attended and graduated)

4 –Attend4 (Never

attended).
For response LF (1) by Employment, the odds ratio of Attend as currently Attending
is 0.137. So the odds of being Employment rather than Outside of LF is decreased by
a factor of 0.137by being the Attend is Attend1(currently Attending) rather than
Attend4 (Never attended), controlling for other variables in the model.
The odds of being Unemployment rather than Outside of LF is decreased by factor of
0.094 by being Attend1(currently Attending) rather than Attend4 (Never attended),
controlling for other variables in the model.
For response LF(1) by Employment, the odds ratio for Attend2 (Attended and left) is
3.734. So we can say that the odds ratio of being Employment rather than Outside of
LF is increased by a factor of 3.734 by being the Attend2 (Attended and left) rather
than the Attend4 (Never attended), controlling for other variables in the model.
The odds of being Unemployment rather than Outside of LF is increased by a factor
of 13.986 by being Attend as Attend2 (Attended and left) rather than Attend4 (Never
attended), controlling for other variables in the model.
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4- Industry variable
Likelihood ratio test information ( chi – square = 5351.446 )
Table (4.16) : The parameter Estimates of response variable versus Industry
Response
variable
Employment

Unemployment

Age
variable

B

Std.
Error

Wald

Df

Intercept

-11.18

3747.045

0

1

[Industry=1]

4.538

0.1

2072.974

[Industry=2]

4.163

0.152

[Industry=3]

2.919

[Industry=4]

Sig.

Exp(B)

1

0

93.528

747.066

1

0

64.269

0.126

532.713

1

0

18.53

3.913

0.12

1057.375

1

0

50.034

[Industry=5]

2.768

0.197

198.368

1

0

15.923

[Industry=6]
Intercept

0b
-29.86

3246.573

0

0
1

[Industry=1]

3.409

0.133

654.32

1

0

30.246

[Industry=2]

2.968

0.18

270.425

1

0

19.443

[Industry=3]

3.029

0.139

472.267

1

0

20.675

[Industry=4]

2.499

0.149

282.477

1

0

12.168

[Industry=5]

1.812

0.225

64.683

1

0

6.124

[Industry=6]

0b

0

Table ( 4.16 ) demonstrates the Industry variable has the maximum value of chi –
square among all response variables (chi-square = 5351.446, df =10)
Industry has sex categories, 1- Agricuture, 2- Manufacturing, 3- Construction,
4 -Commerce, Hotels and Restaurant, 5- Transport, Storage, and 6- Communication.
For response LF (1) by Employment, the odds ratio of Industry as Agriculture is
93.528. So the odds of being Employment rather than Outside of LF is increased by
a factor of 93.528 by being the Industry

is Agriculture rather than Services,

controlling for other variables in the model.
The odds of being Unemployment rather than Outside of LF is increased by factor of
30.246 by being Agriculture rather than Services, controlling for other variables in
the model.
For response LF(1) by Employment, the odds ratio for Manufacturing is 64.269. So
we can say that the odds ratio of being Employment rather than Outside of LF is
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increased by a factor of 64.269 by being the Manufacturing rather than the Services,
controlling for other variables in the model.
The odds of being Employment rather than Outside of LF is increased by a factor of
18.530 by being Industry as Construction rather than Services, controlling for other
variables in the model. By comparison with the odds of Construction in
Unemployment is 20.675

5- Martial variable
Likelihood ratio test information ( chi – square = 51.964)
Table (4.17) : The parameter Estimates of response variable versus Marital
Response
variable
Employment

Unemployment

Age
variable

B

Std.
Error

Wald

Df

Intercept

-11.18

3747.045

0

1

[Maritals=1]

-0.263

0.176

2.234

[Maritals=2]

0.314

0.159

[Maritals=3]
Intercept

0b
-29.86

[Maritals=1]

Sig.

Exp(B)

1

0.135

0.769

3.892

1

0.049

1.369

3246.573

0

0
1

-0.022

0.235

0.009

1

0.924

0.978

[Maritals=2]

-0.135

0.231

0.342

1

0.559

0.874

[Maritals=3]

0b

0

It is clear in table (4-17) that Marital has three categories: Never Married, Married,
and Other (widow, divorced).
The increase of Never Married compared with Others leads to decrease of the odds
ratio of the Employment subjected of LF(1) by [(1-.769)*100]= 23.1% compared to
Outside of LF subjected to LF(1) at all, and leads to decrease of the odds ratio of
Unemployment subjected of LF(1) by [(1-.978)*100] = 2.2% compared to Outside of
LF subjected to LF(1) at all.
For response LF(1) by Employment, the odds ratio for Never Married is 0.769. So
we can say that the odds ratio of being Employment rather than Outside of LF is
decreased by a factor of 0.769 by being the Never Married rather than the Other,
controlling for other variables in the model.
The odds of being Employment rather than Outside of LF is increased by a factor of
1.369 by being Martial as Married rather than Other, controlling for other variables
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in the model. In the same way, we can interpret the parameter estimates of the
response LF(1) by Unemployment, the odds ratio for Martial as Married is 0.874. We
can say that the odds ratio of being Unemployment rather than Outside of LF is
decreased by factor of 0.874 by being Martial as Married rather than Martial as
other, controlling for other variables in the model.

6- Locality Type variable
Likelihood ratio test information ( chi – square = 7.771 )
Table (4.18) : The parameter Estimates of response variable versus Locality Type
Response
variable

Cat. of
variable

B

Std.
Error

Wald

Df

Employment

Intercept

-11.18

3747.045

0

1

[ID7=1]

-0.122

0.08

2.302

[ID7=2]

-0.025

0.094

Unemployment

Sig.

Exp(B)

1

0.129

0.885

0.072

1

0.789

0.975

b

[ID7=3]
Intercept

0
-29.86

3246.573

0

0
1

0.993

[ID7=1]

-0.041

0.096

0.184

1

0.668

0.96

[ID7=2]

-0.102

0.115

0.782

1

0.376

0.903

[ID7=3]

b

0

0

Table (4 .18) demonstrate that Locality Type has three categories, 1-Urban, 2-Rural,
3-Camp. Firstly, we start with category Urban, for response LF (1) by Employment,
the odds ratio for Urban is 0.885. We can therefore say that the odds of being
Employment rather than Outside of LF is decreased by a factor of 0.885 by being
Locality Type as Urban rather than Locality Type as Camp, controlling for other
variables in the model.

In the same way, we can interpret the parameter estimates of

the response LF(1) by Unemployment, the odds ratio for Locality Type as Urban is
0.960. We can say that the odds ratio of being Unemployment rather than Outside of
LF is decreased by factor of 0.960 by being Locality Type as Urban rather than
Locality Type as Camp, controlling for other variables in the model.
Secondly , we have category Rural, for response LF (1) by Employment, the odds
ratio for Urban is 0.975 and by Unemployment, the odds ratio is 0.903. Exp(B) for
Urban and Rural haven`t effect because the values are very close to "1" . The two
categories aren`t significant. This result support the result in table (4-10) which say
Locality Type variable is omitted from the model.
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7- Refugee Status variable (HR5)
Likelihood ratio test information ( chi – square = 8.002 )
Table(4.19) : The parameter Estimates of response variable versus Refugee Status
Response
variable
Employment

Unemployment

Age
variable

B

Std.
Error

Wald

Df

Sig.

Intercept

-11.18

3747.045

0

1

0.998

[HR5=1]

0.021

0.059

0.13

1

0.719

1.021

[HR5=2]

-0.277

0.367

0.571

1

0.45

0.758

[HR5=3]
Intercept

0b
-29.86

3246.573

0

0
1

0.993

[HR5=1]

0.173

0.071

5.908

1

0.015

1.189

[HR5=2]

-0.068

0.463

0.021

1

0.884

0.934

[HR5=3]

0b

Exp(B)

0

In table( 4.19 ) Refugee Status has three categories, 1- HR5=1(Registered), 2- HR5=2
(Not Registered) , 3- HR5=3 (Not Refugee)
For response LF(1) by Unemployment, the odds ratio for HR5=1 (Registered) is
1.189. So we can say that the odds ratio of being Unemployment rather than Outside
of LF is increased by a factor of 1.189 by being the HR5=1(Registered) rather than
the HR5=3 (Not Refugee), controlling for other variables in the model. All Refugee
Status variable aren`t significant so, HR5 isn`t contained in the model.

8- Training course Attendance (PR6)
Likelihood ratio test information ( chi – square = 265.318 )
Table(4.20) : The parameter Estimates of response variable versus Training
course Attendance
Response
variable
Employment

Unemployment

Age
variable

B

Std.
Error

Wald

Df

Sig.

Intercept

-11.18

3747.045

0

1

0.998

[PR6=1]

-1.646

0.299

30.201

1

0

0.193

[PR6=2]

0.99

0.084

138.666

1

0

2.692

[PR6=3]

-0.312

0.427

0.533

1

0.465

0.732

[PR6=4]
Intercept

0b
-29.86

3246.573

0

0
1

0.993

[PR6=1]

-2.618

0.426

37.746

1

0
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Exp(B)

0.073

[PR6=2]

1.199

0.097

151.738

1

0

3.317

[PR6=3]

0.616

0.446

1.911

1

0.167

1.851

[PR6=4]

0b

0

In table( 4.20) Training course attendance has four categories, 1- PR6=1(currently
Attending), 2- PR6=2 (Attended and graduated) , 3- PR6=3 (Attended and left) 4 –
PR6=4 (Never attended).
For response LF (1) by Employment, the odds ratio of Training course attendance as
currently Attending is 0.193. So the odds of being Employment rather than Outside
of LF is decreased by a factor of 0.193by being PR6=1 (currently Attending) rather
than PR6=4 (Never attended), controlling for other variables in the model.
The odds of being Unemployment rather than Outside of LF is decreased by factor
of 0.073 by being PR6=1(currently Attending) rather than PR6=4 (Never attended),
controlling for other variables in the model.
For response LF(1) by Employment, the odds ratio for PR6=2 (Attended and
graduated) is 2.692. So we can say that the odds ratio of being Employment rather
than Outside of LF is increased by a factor of 2.692 by being the PR6=2(Attended
and graduated)

rather than the PR6=4 (Never attended), controlling for other

variables in the model. The odds of being Unemployment rather than Outside of LF
is increased by a factor of 3.317 by being Training course attendance (PR6) as PR6=2
(Attended and graduated) rather than PR6=4 (Never attended), controlling for other
variables in the model.
4.4.3 Classification results of labor force data set
The initial model (with no independent variables included) can predict labor force
with overall percentage accuracy equals (61.3%). The table (4.21) shows the
Classification results of applying the final model of Multinomial Logistic Regression.
Table (4.21) :Initial MLR Model

Observed
Employment
Unemployment
Outside of LF
Overall
Percentage

Employment
0
0
0
0.0%

Predicted
Outside
Unemployment
of LF
0
7613
0
2198
0
15542
0.0%
100.0%

Percent Correct
0.0%
0.0%
100.0%
61.3%

The model with independent variables is better than the model without independent
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variables, although the percent correct of cases of model without independent variable
slightly large, because we can see the model with independent variable can predict
elements of all the categories of dependent variable.

Table (4.22) : Classification By Using MLR Method
Predicted
Observed
Employment
Unemployment
Outside of LF
Overall
Percentage

Employment

Unemployment

6263
1269
944

197
402
96

Outside
of LF
1153
527
14502

33.4%

2.7%

63.8%

Percent Correct
82.3%
18.3%
93.3%
83.5%

Table (4.22) indicates that the model can correctly predict the highest percentage for
outside of LF category (93.3%). The lowest percentage is for
category (18.3%)

Unemployment

. The third category (Employment) has percentage accuracy

of(82.3%). The model can predict LF with overall percentage accuracy of (83.5%).

4.4.4 The ROC curve analysis of MLR model

0.6
0.4
0.2
0.0

Sensitivity

0.8

1.0

The ROC curve is a fundamental tool for diagnostic test evaluation.

1.0

0.8

0.6

0.4

0.2

Specificity

Figure (4.1): The ROC curve for MLR model
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0.0

The ROC curves have been drown and exhibited in figure below and the area under
the curve have been computed for different classes of the dependent variable. As the
ROC curve has been designed. Area under the curve = 91.89

4.5 Statistical Analysis of LF using LDA
Linear Discriminant Analysis ( LDA) is used to analyze data. It consist of 11
independent

variables and one dependent

variable with three categories.

Determination whether these variables will discriminate between those three
categories of dependent variable. This follows the process in SPSS as described below
except there will be more than one set of Eigen values, Wilk`s Lambda`s and beta
coefficient. The number of sets is always one less than the number of DV groups.

4.5.1 Application of DA Model to the LF Data


Box's Test of Equality of Covariance Matrices

In Discriminant Analysis (DA) the basic assumption is that the variance-co-variance
matrices are equivalent. Box‟s M tests the null hypothesis that the covariance matrices
do not differ between groups formed by the dependent. We want this test not to be
significant so that the null hypothesis that the groups do not differ can be retained.
Table (4.23): Log Determinants for LF(1)
Labor Force Status (1)
Employment

Rank
11

Log Determinant
-2.193

Unemployment

11

-2.213

Outside of LF

11

-2.882

Pooled within-groups

11

-1.534

For this assumption to hold, the log determinants should be equal. When tested by
Box‟s M, we are looking for a non-significant M to show similarity and lack of
significant differences.
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Table (4.24): Test Results
Box's M

27470.930
Approx.

207.871

df1
df2
Sig.

F

132
121178057.071
.000

In this case the log determinants appear similar and Box‟s M is 27470.93 with
F =207.871 which is significant at p < 0.05 . So we can reject the hypothesis that the
groups covariance matrices are equal.

4.5.2 The Results of Discriminant Analysis
Wilks' lambda is a test statistic used in multivariate analysis of variance (MANOVA)
to test whether there are differences between the means of identified groups of
subjects on a combination of dependent variables.
It results chi-square tests of significance for the function. The associated chi-square
statistic tests the hypothesis that the means of the functions listed are equal across
groups. The small significance value means that the discriminant function is good
because it does at separating the groups well.

Table (4.25) :Wilks' Lambda
Test of Function(s)

Wilks' Lambda Chi-square Df

1 through 2
2

.406
.949

22842.511
1327.807

22
10

Sig.
.000
.000

It is clear that the second function is significant and the combination of the two is.
Wilks‟ lambda combines both discriminant functions allows you to predict all but
.406 of the variation in level of LF Status(1). we can see that the Wilks‟ Lambda is
big (.949) with chi square (1327.807) had a probability of 0.0 which was less than or
equal to the level of significance of 0.05 that means that bout 94% of the variance
unexplained. But when we add the first function to the predictive equation, we reduce
the unexplained variance to only about 40.6% .
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The standardized canonical discriminant function coefficients
The standardized coefficients can compare variables measured on different scales.
Coefficients with large absolute values correspond to variables with greater
discriminating ability, so it measure the relative importance of the selected variables,
the larger absolute value of the coefficient corresponds to greater discriminating
ability, and mean that the groups differ a lot on that variables.
The coefficients will see how the original variables combine to make a new one that
maximally “separates” the LF Status(1) categories. You can interpret the standardized
discriminant function coefficients as a measure of the relative importance of each of
the original predictors.

Table (4.26) : Standardized Canonical Discriminant Function
Coefficients

Sex
Age at last Birthday
Does…currently attending school

Function
1
2
.516
-.114
.282
-.538
-.514
.892

Educational Attainment( higher Qualification )

-.478

.037

.143

-.098

.017
-.008
.051
-.135
.734
.158

-.085
-.022
.264
-.404
.225
.307

Training course attendance (such as training course that
managed by ministry of labour, Qalandia institute )
Refugee Status
Locality Type
Region
Marital Status
Industry group
Relationship to the Head of Household

Table (4-26) provides two functions. In function one, the sign indicates the direction
of the relationship. Industry group (.734) was the strongest predictor while sex group
(0.516) was next in importance as a predictor. These two variables with large
coefficients stand out as those that strongly predict allocation to the LF categories.
In function two, the strongest predictor is Attend variable with value .892. The second
one is Age variable with value 0.538

The discriminant function coefficients b or standardized form beta both indicate the
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partial contribution of each variable to the discriminate function controlling for all
other variables in the equation.
Table (4.27): Canonical Discriminant Function Coefficients

Sex
Age at last Birthday
Does…currently attending school
Educational Attainment( higher Qualification )

Function
1
2
1.159 -.256
.017
-.033
-.614 1.067
-.331 .025

Training course attendance (such as training course that
managed by ministry of labour, Qalandia institute )

.247

-.170

Refugee Status

.018

-.086

Locality Type

-.011

-.031

Region
Marital Status

.106
-.239

.549
-.717

INDUSTRY group

.575

.176

Relationship to the Head of Household

.138

.267

(Constant)

-3.651 -1.211

In table (4.27) These unstandardized coefficients (b) are used to create the
discriminant function (equation). In function 1 discriminant score is -3.651. New
cases would be classified into groups depending on the group whose centroid their
own vector of scores was closest to. Table (4-28) explain the model for function
(1)and the table (4.29) explain the model of function (2).

Constant
-3.651
Wbgs
0.106

Table (4.28) : LDA Model (1) Employment
Sex
Age
Attend PR4
PR6
HR5
1.159
0.017
-0.614
-0.331 0.247
0.018
Maritals
Industry
HR4
-0.239
0.575
0.138

Constant
1.211
Wbgs
0.201

Table (4.29) : LDA Model (2) Unemployment
Sex
Age
Attend PR4
PR6
HR5
-0.256
-0.033
1.054
0.027
-0.164
-0.087
Maritals
Industry
HR4
-0.721
0.168
0.267
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ID7
0.011

ID7
-0.021

4.6 Classification table
Finally, there is the classification phase. The classification table, also called a
confusion table, is simply a table in which the rows are the observed categories of the
dependent and the columns are the predicted categories. When prediction is perfect all
cases will lie on the diagonal. The percentage of cases on the diagonal is the
percentage of correct classifications.
Finally, there is classification table, also called a confusion table. When prediction is
perfect all cases will lie on the diagonal. The percentage of cases on the diagonal is
the percentage of correct classifications.

Table (4.30) : Classification Resultsa,c By Using LDA Method
Predicted Group Membership
Labor Force Status (1)
Original
Count

%

Crossvalidatedb

Count

%

Employment

Employment
5752

Unemployment
254

Outside of
LF
1607

Total
7613

Unemployment

1037

273

888

2198

Outside of LF

848

169

14525

15542

Employment

75.6

3.3

21.1

100.0

Unemployment

47.2

12.4

40.4

100.0

Outside of LF

5.5

1.1

93.5

100.0

Employment

5750

254

1609

7613

Unemployment

1041

269

888

2198

Outside of LF

853

169

14520

15542

Employment

75.5

3.3

21.1

100.0

Unemployment

47.4

12.2

40.4

100.0

Outside of LF

5.5

1.1

93.4

100.0

a. 81.1% of original grouped cases correctly classified.
b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the
functions derived from all cases other than that case.
c. 81.0% of cross-validated grouped cases correctly classified.

According to the results shown in Table (4.30) it is seen that 81.1% of respondents
were classified correctly into

Employment, Unemployment, or Outside of LF
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groups. Outside of LF were classified with higher accuracy (93.5%) than Employment
(75.6%). The third category (Unemployment) with percentage accuracy of (12.4%) .

4.7 ROC curve for DA model
For a perfect predictor, the area under the ROC curve (AUC) is 1. AUC curve serves
as a measure of how good the model is at predicting
If Sensitivity close to 1, specificity will close to 0. if Sensitivity close to 0, specificity
close to 1, ROC curve is a plot of the points (1-specificity, sensitivity)
as c changes. Area under the curve= 52.8 %

Figure (4.2 ): The ROC Curve for LDA model
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4.8 Comparison Between the Classification Methods
We can see from the comparison between the two statistical method below that
comparison based on both the classification table and the ROC curves. MLR is better
fit than LDA.
(a) The Classification Table:
The most frequently used criterion for comparison between the two methods is
classification error. Table (4.31) shows the classification results of the two statistical
methods (MLR and LDA) for dependent variable Labor Force status(1).
Table (4.31) Classification Result of two statistical methods
MLR

LDA

Employment

82.3%

75.6%

Unemployment

18.3%

12.2%

Outside of LF

93.3%

93.50%

Classification of model

83.5%

81.10%

Table (4.31) indicates that the MLR model can correctly classify the first category
Employment with accuracy (82.3%) compared to (75.6%) for LDA model . At the
second category Unemployment, Correct classification accuracy of MLR model
(18.3%) is less than the DA model (12.2%) . Both of them have nearly the same
percentage for Outside of LF which equal 93.5%. As we can see from the above
results, the correct classification rates for all categories by the MLR model is better
than DA model. The classification accuracy of LDA using the cross-validation with
one random observation omitted at each time is estimated at 81% , and the
misclassification rate at 19 % .

The classification accuracy of MLR using the

cross-validation with one random observation omitted at each time is estimated to be
equal 83.5 % , and the misclassification rate to be equal 16.5 % . Table (4.31) shows
the comparison between the two models in terms of their accuracy rate using crossvalidation with random one observation omitted at each time methods .
(b) Comparison with ROC Curves
To compare the two models using the ROC curves, table (4.32) shows the area under
the ROC curve for two curves LDA and MLR. Moreover the two ROC curves are
displayed in figure (4.3) below to make the comparison easier.
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Table (4.32): Area under the curve for two models
Models

Area (MLR)

Area under the ROC curve

Area(LDA)

91.89%

52.8%

Figure (4.3): Two curves for the two models
The ROC curve of all the two statistical models have been drawn in the same graph.
The area under the ROC curve has also been computed for each category. The figure
(4-3) can clearly show that, the ROC curve of the MLR is always higher than the
other

model. This indicates that the MLR model provides classification for all

categories with much higher accuracy than LDA model when the two methods are
applied at LF (2012) data. The areas under the ROC curves are computed and
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presented in table (4.32). The area under curve for MLR model is 91.89 % compared
to that of LDA is (52.8%) . Results of the MLR proved to be much better than LDA.
Finally, we can conclude that MLR model is the best model since its curve is the
closest to the upper right hand corner in the graph.

4.9 Summary
Two of the most widely used statistical methods for analyzing categorical outcome
variables are Multinomial Logistic Regression (MLR) and Linear Discriminant
Analysis (LDA). The effectiveness of the logistic model was shown to be supported
by significance tests and descriptive and inferential goodness-of-fit indices, and
predicted probabilities.

The overall test of relationship among the independent

variables and groups defined by the dependent is based on the reduction in the
likelihood values for a model which does not contain any independent variables and
the model that contains the independent variables. MLR uses maximum-likelihood
estimation to compute the coefficients for the logistic regression equation. This
method finds attempts to find coefficients that match the breakdown of cases on the
dependent variable. This difference in likelihood follows a chi-square distribution.
LDA was conducted to predict whether a person was Employment, Unemployment or
Outside LF. The log determinants were quite similar, BOX`S M indicated that the
assumption of equality of covariance matrices was violated. Two method applied at
Labor Force 2012 which has 11 independent variables and one dependent variable
with three categories. There exist a significant relationship between all explanatory
variables except Refugee Status variable and Locality Type variable. In presenting
the assessment of two methods results, researcher should have information about an
overall evaluation of the two models, statistical tests of individual predictors,
goodness of fit statistics and an assessment for the model. So, we assess the overall
goodness of fit of this model and perform model diagnostics.

Overall correct

classification rate for MLR was 83.5% . LDA was conducted to classify and predict.
Box‟s M indicated that the assumption of equality of covariance matrices was
violated. The discriminate function revealed a significant association between groups
and all predictors, The cross validated classification showed that overall 81.1% were
correctly classified. The ROC curves of the aforementioned models clearly indicate
that MLR model is not similar to the LDA model (i.e., difference in the area under
the curve (AUC), 91.8% versus 52.8% ).
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Chapter 5

Conclusion and Recommendation

5.1 Conclusion
In this study, we have used two different classification methods, MLR and LDA.
Using different assessment techniques in order to achieve to the best model that
represents the dataset of Labor Force. We compared the performance of LDA and
MLR on LF data. The sample size has the most s obvious impact on the difference
between and the errors it makes in prediction two methods. LDA assumes normality
but MLR assumes nothing about it. Both methods are different in results. Correct
classification is 83.5% for MLR model compared with 81% for LDA. In addition that
the area under the ROC curve is 91.89 % for MLR and 52.8% for LDA. The model
means that any one (observation) in Palestinian region ( West bank and Gaza Strip )
can answer 11 questions ( independent variables ) and the age is between ( 15- 65).
MLR and LDA model can classify it into one of three groups (Employment,
Unemployment and Outside LF) with misclassification 16.5 % and 19% respectively.
These results demonstrate that Multinomial logistic regression can be more powerful
analytical technique than Discriminant Analysis .
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5.2


Recommendations
We recommend the researcher, should use Multinomial logistic regression
method because of its efficiency in predicting and to conduct more research
and comparisons between Multinomial logistic regression and Discriminant
Analysis models .



We recommend to use Multinomial logistic regression methods in classifying
and prediction technique in other fields, such as medical research, genetics
research and physics research.



It`s important to give priority to unemployment problem especially in Gaza
Strip in any program that aims to limit the unemployment rate.



More attention and focus should be given to governorates with high level of
unemployment especially in Refugee Camps.



Using MLR for analysis Labor Force data with additional independent
variables to achieve a model with higher qualification and less error rate.

66

References
1. Al-khatib, H and Al-Horani , A (2012), " Using Logistic Regression and
Discriminant Analysis to predict financial distress of publicly listed companies
in Jordan ", European Scientific Journal, Vol.8, No. 15, PP. 1 -17.
2. Agresti Alan. (2002), "Categorical Data Analysis", 2nd Edition, University
of Florida, New York: Wiley.
3. Andrew R. Webb. (2002),

"Statistical Pattern Recognition", 2nd

Edition, John Wiley & Sons, Ltd.
4. Antonogeorgos G , Demosthenes B , Kostas N , Anastasia T. (2009), "Logistic
Regression and Discriminant Analyses in Evaluating Factors Associated with
Asthma Prevalence: Divergence and Similarity of the Two Statistical
Methods", International Journal of Pediatrics, No. 952042, PP. 1– 6.
5. Arlot Sylvain, Celisse Alain. (2010), "A Survey Of Cross-Validation
Procedures For Model Selection", Statistics Surveys: Vol. 4, PP. 40 –79.
6. Bayaga,

Anass. (2010),

"Multinomial Logistic Regression: Usage And

Application In Risk Analysis", Journal of applied Quantitative Methods",
Vol.5, No.2, PP. 288 - 297 .
7. Chandran,

Raj Kumar.(2009), "The Effectiveness Of Stepwise

Discriminant Analysis", Antimicrob Agents Chemother, vol.(7), No.
35, PP: 2887–2891.
8. Chao.Y.P and Rebecca.N.N (2002), "Using multinomial logit models to
predict
Methods,

adolescent behavioral risk", Journal of Modern Applied Statistical
Spring 2003, Vol. 2, No.1.

9. Chatterjee S, and Hadi A (2006) "Regression Analysis by Example", John Wiley
& Sons.

10. Croux, C., Filzmoser, P. and Joossens, K.(2005), "Robust Linear Discriminant
Analysis For Multiple Groups: Influence And Classification Efficiencies",
Vol. 18, pp. 581-599.
11. Fawcett, Tom (2004), "ROC Graphs: Notes and Practical Considerations for
Researchers". Technical report HPL No. 4, PP. 1- 38.
12. Garson D. (2009), "Logistic Regression With SPSS", North Carolina State
University, Public administration Program.
67

13. Gebotys, Robert.(2000),"Multivariate Analysis of Variance". Online
https://www.wlu.ca/documents/45782/manova.pdf
14. Gul A., Alatan A. (2003), "Holistic Face Recognition By Dimension
Reduction", M.Sc. Thesis, Dept. of Electrical and Electronics Engineering,
Middle East Technical University, Iran.
15. Gutierrez, Ricardo.(2014) "Lecture 13: Validation" California Institute of
Technology " , http/research.cs.tamu.edu/prism/lectures/iss/iss_l13.pdf
16. Hamid, Hashibah.(2010), "A New Approach for Classifying Large Number of
Mixed Variables", World Academy of Science, Engineering and Technology
Vol. 4, PP. 128- 133.
17. Harrell, F.E.(1997), "Translating Probability Models Into Clinical

Decisions", Lecture Notes.
18. Hastie T., Friedman J., Tibshirani R.(2009), "The Elements of Statistical

Learning", 2nd Edition, Springer-Verlag, New York.
19. Hosmer, David W. Lemeshow,

Stanley. (2000),

"Applied Logistic

Regression", 2nd Edition, New York: Wiley.
20. Hussain M, Wright S, Petersen L.(2002),

"A Comparing performance of

multinomial logistic regression and discriminant analysis for monitoring
access to care for acute myocardial infarction", Journal of Clinical
Epidemiology, Vol. 55, No. 4, PP. 400-406.
21. Johnson ,Richard A. Wichern, Dean W.(1999), "Applied Multivariate
Statistical Analysis", 4th Edition, New Jersey, Prentice Hall, P 650-683.
22. Kohavi Ron. (1995), "A Study Of Cross Validation And Bootstrap For
Accuracy

Estimation

And

Model

Selection",

Stanford

University,

International joint conference on Artificial intelligence, Volume 2, pp 11371143.

23. Lea , (1997), "Logistic regression and discriminant analysis" , University of
Exeter , Washington Singer Laboratories, UK.
24. Lee, Kyewon. (2010). A Multi-class Classification using Ensembles of
Multinomial Logistic Regression Models. The Graduate School, Stony Brook
University: Stony Brook, NY.
25. Lesaffre. E. ,Willemsa J.L , Albert A. (1989), "Estimation of error rate in
multiple group logistic discrimination .
68

The approximate leaving-one-out

method, Journal: Communication in statistics: Theory and methods, Vol.18,
No. 8, PP. 2989-3007
26. Nichols J.J, Ziegler C, Mitchell G.L, and Nichols K.K (2005), "Self-Reported
Dry Eye Disease across Refractive Modalities", Association for Research in
Vision and Ophthalmology, Vol. 46, No. 6, PP. 1911 -1914.
27. Nogueira, A and Oliveira, M , (2001), "Classification of Internet Users using
Discriminant Analysis and Neural Networks ", University of Aveiro/Institute
of Telecommunications.
28. PCBS, (2012), "User guide, Labor Force Survey 2012", Palestinian Central
Bureau of Statistics.
29. Peduzzi, P; Concato, J, Kemper, E, Holford, TR, (1996 ) "A simulation study
of the number of events per variable in logistic regression analysis” , Veterans
Affairs Medical Center, Vol. 49, No. 12, PP. 1373-1379.
30. Pohar M., Blas M., and Turk S. (2004), "Comparison of logistic regression
and linear discriminant analysis: a simulation study", Metodoloski Zvezki,
Vol. 1, No. 1, pp. 143–161.
31. Poulsen, John and French, Aaron. (1999), "Discriminant Function Analysis ".
online: http://userwww.sfsu.edu/efc/classes/biol710/discrim/discrim.pdf
32. Raymo J.M and Sweeney M.M, (2006), "Work-Family Conflict and Retirement
Preferences", The Journals of Gerontology series B : Psychological Sciences and
Social Sciences, Vol.61, No. 3 PP. S161-S169.

33. Salkind N.J (2007), " Encyclopedia of measurement and statistics", USA;
SAGE, Publication, Inc.
34. Shmueli, Galit and Nitin, Patel R. and Bruc, C. Peter. (2010), "Data Mining
for Business Intelligence: Concepts, Techniques, and Applications in
Microsoft Office Excel with XLMiner". 2 nd Edition , published by John Wiley
and Sons, Inc., Hoboken N.J.
35. Slingerland A.S, Van Lenthe F.J, Jukema J.W, Kamphuis C.B.M, Looman
C, Giskes.K, Huisman M, Narayan K.M.V, Mackenbach J.P, and Brug J.
(2007), "Aging Retirement, and Changes in Physical Activity : Prospective
Cohort Findings from GLOBE Study", American Journal of Epidemiology,
Volume 165, Number 12, pp. 1356-1363.

69

36. Tabachnick, B.G., Fidell, L.S. 1996, "Using Multivariate Statistics", NY:
Harper Collins.
37. Tilaki, Karimollah H.(2013), " Receiver Operating Characteristic (ROC)
Curve Analysis for Medical Diagnostic Test Evaluation", Caspian Journal of
Internal Med. Spring, Vol.4, No. 2, pp.627- 635.
38. Timm Neil H. (2002), "Applied Multivariate Analysis", Springer, Verlag,
New York, USA.
39. Vuk, Miha and Curk,Tomaˇz. (2006), " ROC Curve, Lift Chart and
Calibration Plot", Metodoloˇski zvezki, Vol. 3, No. 1, PP. 89-108, Slovenia.

70

