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Abstract 

Violence against women is a global phenomenon and is practiced all over the world. This 

has been confirmed by a study of the World Health Organization (2012), as data were 

collected from more than 24,000 women from 10 different countries. The study 

confirmed that violence against women is practiced on a large scale. Moreover, the 

Human Development Report published by the United Nations Development Programme 

Regional Office for Arab States in 2005 and 2009 confirmed that women in the Arab 

world are exposed to various forms of dramatic violence. This thesis analyze the results 

of a survey carried out by the Palestinian Central Bureau of Statistics in (2011) on 

domestic violence which singled out a special part of it for violence against women in the 

Palestinian Territories of various forms.  

Previous studies had been designed to identify and describe the phenomenon of violence 

against women, only through some descriptive statistics. 

The aim of this study is to analyze the survey data on domestic violence in 2011  with 

emphasis on violence against women in order to get the best statistical model that can 

describe the phenomenon of violence against women as a dependent variable and to find 

out most important risk factors affecting violence against women in the Palestinian 

society. 

 To achieve this goal we compared the applicability of three statistical methods, 

"Multinomial Logistic Regression , Discriminant Analysis , Neural Networks", and found 

out that the best model was "Multinomial Logistic Regression Model". This is because 

the total prediction accuracy of the model is  57.1% . The reason for the accuracy of the 

model as not being so high is that: 

1) The absence of some of the independent variables that have a significant role on 

violence against women in the data. 

2) The proportions of elements belonging to certain categories of the dependent variable 

are small and this affects the accuracy of the final model. 
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 ملخص

لمنظمة دراسة ؤكده ، وهذا ما ت العنف ضد المرأة ٌعتبر ظاهرة عالمٌة وٌمارس فً كل انحاء العالم

،  مختلفةبلدان  01من امرأة  20111حٌث تم جمع بٌانات من أكثر من  (2102) الصحة العالمٌة

وكذلك تقرٌر التنمٌة البشرٌة ، ق واسعن العنف ضد المرأة ٌمارس على نطاوأكدت الدراسة أ

 (2112)المكتب االقلٌمً للدول العربٌة لعام  –الصادر عن برنامج االمم المتحدة االنمائً 

وفً ، شكال مختلفة من العنف وبشكل كبٌر، ٌؤكد ان المرأة فً العالم العربً تتعرض أل(2112)و

حصاء الفلسطٌنً بعنوان مسح العنف مسح نفذه الجهاز المركزي لإلهذه الدراسة نقوم بتحلٌل نتائج 

جمٌع الدراسات . وبٌنت فً فلسطٌنه للعنف ضد المرأة االسري وأفرد جزء خاص من

للتعرف على ظاهرة العنف ضد المرأة ووصفها فقط   فقط كانت تهدفأنها ات السابقة اءواالحص

 الوصفً .التحلٌل من خالل 

وتأتً أهمٌة هذا البحث من انه تمكن من بناء نموذج إحصائً ٌستطٌع التنبؤ بحاالت العنف ضد 

 -الجزء الخاص بالعنف ضد المرأة  – المرأة فً فلسطٌن باستخدام بٌانات مسح العنف االسري

نماذج إحصائٌة ثالث ( ، وتم اختبار 2100)الذي نفذه الجهاز المركزي لإلحصاء الفلسطٌنً عام 

للحصول على أفضل نموذج  )التحلٌل اللوجستً المتعدد ، تحلٌل التماٌز ، تحلٌل الشبكات العصبٌة(

على  ساعدالتً تالخطر عوامل تابع وأهم رأة باعتبارها متغٌر ٌستطٌع وصف ظاهرة العنف ضد الم

وجود العنف ضد المرأة ، وكانت خالصة التحلٌل أن أفضل نموذج حصلنا علٌه كان باستخدام 

%( ، وٌرجع السبب فً أن 2.70اللوجستً المتعدد( حٌث بلغت درجة دقة التنبؤ ) نموذج االنحدار)

 دقة النموذج لٌس كبٌرة لعدة أسباب أهمها :

وجود العنف ضد المرأة ضمن  لمتغٌرات المستقلة التً لها دور كبٌر فًبعض اغٌاب  (0

 . البٌانات 

بعض فئات المتغٌر التابع قلٌلة وبالتالً هذا ٌؤثر على دقة النموذج فً العناصر عدد  (2

 .النهائٌة 
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Chapter 1 

1.1 Introduction 

Violence against women is a worldwide phenomenon, and of a great interest to many 

researchers in a variety of fields. Some international reports suggest that women in Arab 

societies suffer from many types of violence. According to Palestinian Central Bureau of 

Statistics (PCBS), 2011, the main findings of the survey titled; "violence survey in  the 

Palestinian Society", were "women in the Palestinian society suffer from many types of 

violence from many sources". 

In this thesis the researcher uses a survey data from the  PCBS on domestic violence to study 

the violence against woman only in Palestine. The goal of the research is to establish a model 

to explore the most important risk factors affecting the existing forms of violence against 

woman in Palestine "Psychological violence,  physical violence and sexual violence".  

1.2  Research Motives 

The motivation of this study is what promoted in general about the phenomenon of violence 

against women and its increasing in size, especially in Palestinian society. It is useful to 

discuss  this topic to have the reality of the problem especially in the presence of recent data 

compiled by the PCBS. There is a large number of institutions in Palestine which work on the 

issue of violence against women but their role is only about how to treat this problem.  These 

institutions mainly  do therapeutic procedures. They provide assistance in various forms to 

those women who face violence. However,  there were no  preventive intervention  measures 

before the occurrence of the problem. 

Therefore, the main goad of this study is to establish  statistical models which involve the 

most significant factors affecting violence against women and which could classify different 

types of violence against women in the Palestinian society . 

Although violence against women is a global phenomenon, there seems to be very few studies 

based on thorough statistical analysis to investigate the causes of the problem. So the 

Researcher found it useful to investigate this topic in order to propose solutions towards 

reducing the prevalence of the problem. 
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1.3 Research Problem 

The problem of this study is that violence against women is increasingly prevailing in 

Palestine despite the fact that many datasets are available on the phenomenon. These data sets 

had never been described and analyzed through any statistical model that can best classify and 

predict different types and sources of violence or identify the most important risk factors on 

violence against women in Palestine .  

1.4  Research Objectives 

1.4.1  Research General Objectives 

The main objective of this study is to expose the importance, assumptions and advantages of 

statistical methods that can be used when the dependent variable is categorical in practical 

problem, such as the violence against women which can identify the most important risk 

factors of various types of violence against woman in Palestinian society. 

1.4.2 Research Specific Objectives 

 Discussing statistical methods that can be used when the dependent variable is 

categorical. 

 Comparing three statistical models to get the best results. 

 Identify and build the best model for describing the relationship between violence 

against women of various forms as a dependent variable and the most important 

influencing  factors as independent variables. 

 Making inference about the final best model . 

 Identify the most important risk factors on violence against women. 

 Draw some conclusions to decrease the level of violence against women in Palestine 

based on the above results. 
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1.5  Research Methodology 

A)  The first part  of the study is a theoretical part to discuss the importance, assumption and 

advantages of the three statistical methods that can be used when the dependent variable is 

categorical. 

B)  The second part analyzes the secondary data of the (PCBS) titled “Domestic Violence 

Survey”. We fit the most suitable model using each of the three statistical methods 

"multinomial logistic regression, discriminant analysis and neural network" and compare the 

results of the three models in terms of their correct classification rate and ROC curves. The 

results of the analyses will be used to build a final model to define the relationship between  

violence against woman (VAW) as “dependent variable” and various risk factors as 

“independent  variables” . 

1.6  Data Description  

PCBS has executed a specialized national survey regarding violence in the Palestinian society 

"The Violence survey in the Palestinian Society, 2011", with financial   and   technical   

cooperation  between MDG-F / UNDP/PAPP,   UNICEF   and UNFPA. This survey is the 

second of its kind to be executed  nationwide to study this phenomenon during the year 2011. 

The survey data was made available to us for research through direct communication with the 

officials of the PCBS according to a special agreement between the Bureau and Al-Azhar 

University - Gaza. Methods of data collection were followed by the international scientific 

standards and according to the definitions below: 

Sampling Frame: 

Sample frame was composed of enumeration areas that were defined in the population,  

housing, and  establishment census  -  2007 and they were close in size of the geographic areas  

where the number of households was 124 household and enumeration areas were used as 

primary sampling units. 
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Target Population: 

1. Currently or previously married women. 

2. Unmarried young people (males and females) of age group of 18-64 years and over. 

3. Children of age group of 12-17 years. 

4. The elderly of 65 years old and over. 

5. Husbands. 

However, the study population here is limited to only currently married women which is 

included in a single part in the questioner. 

Sample Size: 

The  sample size is  5,811  households  located in  300  enumeration areas in the Palestinian 

Territory, distributed by  3,891  households in West Bank and  1,920  in Gaza Strip. However, 

the sampling unit is one randomly selected currently or  previously married women in each 

selected household. Thus, the sample is a statistical clustered strata sample  of two stages: 

The First Stage: A cluster random probability sample that is proportional to the size 

of each enumeration area of households  composed of (190) enumeration areas were 

selected.  

The Second Stage: 30 households were selected, from each enumeration area that was 

selected in the first stage, in systematic random way. 

Kish table (see appendices 29) were used to select one eligible women (ever married women) 

and one eligible youth aged 18-64 years and one eligible child aged 12-17 years, when there 

are more than one eligible individuals in these targeted group in same household. 

In this thesis the researcher considered in particular the part of (VAW) in Palestine. The 

dependent variable "violence against women" is not clearly specified but we can identify if a 

women faced violence from three sources. "violence of husband , violence of other  , violence 
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in other place". These three dependent variables are used to make the main dependent variable 

(violence from all sources ) 

1.7  Violence Against Women Terminology  

1.7.1 Definition of  Violence Against Women(VAW) 

VAW is defined according to the Declaration on the elimination of violence against women 

general assembly : resolution 48/104 of 20 December 1993 . 

Article 1: of this declaration states that " For the purposes of this Declaration, the term "violence against 

women" means any act of gender-based violence that results in, or is likely to result in, physical, sexual or 

psychological harm or suffering to women, including threats of such acts, coercion or arbitrary deprivation of 

liberty, whether occurring in public or in private life." 

1.7.2  Violence Against Women Forms: 

 There are many forms  of the violence against women 

1- Physical Abuse:  is the abuse that involve contact to cause feelings of intimidation, 

pain, injury, or other physical suffering. Physical abuse includes hitting, slapping, 

punching, choking, pushing, burning and other types of contact that result in physical 

injury. It can also include behaviors such as denying of medical care when needed, 

depriving of sleep or other functions necessary to live. 

2- Sexual Abuse: is any situation in which force or threat is used to obtain 

participation in unwanted sexual activity. 

3- Emotional Abuse: (also called psychological abuse or mental abuse) can include 

humiliating the person ,isolating from friends and family, or denying access to money 

or other basic resources. Emotional abuse can include verbal abuse or any behavior as 

threatens, intimidates, or controls the freedom . and public humiliation , that damage 

the self-esteem , name-calling. 
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4- Verbal Abuse: is a form of emotionally abusive behavior involving the use of 

language. Verbal abuse can also be referred to as the act of threatening, and may 

include aggressive actions such as name-calling, blaming, ridicule, disrespect, and 

criticism, 

5- Economic Abuse:  is a form of abuse when the person has control access to economic 

resources  of his partner's and exploiting his economic resources . 

 

1.8 Violence Against Women in Different Countries  

On 2012, the World Health Organization (WHO) make multi-country study on women’s 

health and domestic violence against women, which collected data from more than (24,000) 

women in (10) countries; Bangladesh, Brazil, Ethiopia, Japan, Namibia, Peru, Samoa, 

Thailand, the former state union of Serbia and Montenegro, and the United Republic of 

Tanzania . 

The study confirmed that (VAW) is widespread in all countries. The results of the study 

provide that: 

 13–61% reported ever having experienced physical violence by a partner ; 

 4–49% reported having experienced severe physical violence by a partner ; 

 6–59% reported sexual violence by a partner at some point in their lives; and  

 20–75% reported experiencing one emotionally abusive act, or more, from a partner 

in their lifetime. 

(VAW) is a worldwide phenomenon, and the Arab countries are not exception.  The Arab 

Human Development Reports (AHDR) 2005 & 2009 conducted by the United Nation of 

Development Programme (UNDP); Regional Bureau for Arab States (RBAS) provides that 

"women are still  suffer from many types of violence"; whereas, in some Arab countries 

women find themselves in a subservient position within the family and  receive little  

protection from the legal  system against violations inflicted by male family members. Further, 

the reports shows that, violence against women is practiced in different phases of their lives.  
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Although recorded many cases of violence against women, however, the report do not reflect 

the real situation in the Arab region but, rather, reveal only the noticed and reported cases. 

There are many cases that go undetected by studies on the subject. In addition, some forms of 

violence pass unnoticed and cannot be reported. Examples of these are insults, verbal violence, 

and cases of violence which women are very often embarrassed to report. 

In Palestine and According to the (PCBS), 2011, the Main   findings of violence survey in  the 

Palestinian society, 2011.  Ramallah – Palestine were: 

Regarding violence inside the household: 

- More of psychological violence against women by their husbands was found,  

- About 37% of women who ever been married were exposed to one form of violence by 

their husbands; 29.9% in the West Bank vs 51.1% in Gaza Strip. 

 The rate of those who were exposed to psychological violence “at least for one time” among 

those women out of violated women was 58.6%; 

55.1% were exposed to economical violence; 

 54.8% were exposed to social violence; 

23.5% were exposed to physical violence and  11.8%  were exposed to sexual 

violence. 

Table (1.1) Ever married women who were exposed to violence from the husband by 

region and type of  violence  

Region                 Exposed to 

Violence            

Psychological         

violence           

physical  

violence        

sexual           

violence 

social        

violence 

Economical 

Violence 

Palestinian territory 37.0 58.6 23.5 11.8 54.8 55.1 

West Bank 29.9 48.8 17.4 10.1 44.8 41.5 

Gaza Strip                         51.1 76.4 34.8 14.6 78.9 88.4 

 

Further, the report shows that, 30.2% of  women who were married and exposed to violence 

by their husbands had recourse to the house of one of the brothers or sisters; 65.3% preferred 
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the silent. while the rate  of women who have been exposed to violence and  headed to center 

soliciting advise did not exceed 0.7%. 

          [17% of women said that they practice violence against their husbands] 

The report provides that; the wife has been asked if she had practiced any form of violence 

against the husband during the period of 12 months before July / 2011 , it was found that: 

17.1% of women said  that they practice violence against their husbands;  13.3% in the West 

Bank vs 24.1% in Gaza Strip;  35.1% of them were exposed to psychological violence, 20.2% 

were exposed to physical violence, 4.5% were  exposed to social violence and 4.9% were 

exposed to economical violence. 

Table (1.2) Percentage of ever married women who indicated that they practice violence 

against their husbands during the last 12 months by region and type of violence . 

Region                 Exposed to 

Violence                 

Psychological   

Violence                 

physical   

Violence                 

social     

Violence                 

Economical 

Violence                 

Palestinian territory  17.1 35.1 20.3 4.5 4.9 

West Bank 13.3 29.8 13.4 3.6 4.4 

Gaza Strip 24.1 44.6 32.9 6.1 6.1 

 

1.9  Literature Review Previous Studies 

The literature review of the research covers two main aspects; the first one covers the previous 

studies related to the statistical methods. The second part of the literature review covers the 

studies related to violence against woman. That is because no previous studies on violence 

against women that uses statistical methods have been found in the literature . 

1.9.1   Previous Studies on Statistical Methods 

Salih (2005), conducted a research study on the use of a new method for the analysis of 

disaggregated data. Objective manner path analysis by building models of causation proposed 

and determine the relative importance between the variables specified in the models, and study 

their effects of direct and indirect phenomenon studied the system causal cascade full in the 
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event that the explanatory variables intermittent and variable response descriptive multiple 

response using logistic model with conditional probability to describe the system of causal 

variables classified) 

Another study by Sabbah (2009) aimed to investigate the health of the expense of some 

biomarkers on births and deaths and illness for children preterm period of time (2004-2006), 

through which constructing a model healthy rate through the application of statistical 

standards to choose the best model and investigate its performance using logistic regression 

model. And dissemination of a standard formula (Focused information criterion) and short 

denoted ((FIC based on the determination of absolute class P. and then apply another standard 

aims to choose the model is characterized by being carries a minimum probability of 

misclassification new watch for the purpose of forecasting. 

In a study of Pai. (2009) aimed to determine the efficiency of mathematical programming 

classification models, more specifically, Linear Programming LP methods vis-à-vis statistical 

approaches such  as discriminant analysis (Mahalanobis) and logistic regression, and artificial 

intelligence (AI) technique such as a neural network, and a non-parametric technique such as 

k-nearest neighborhood (k-NN) for four-group classification problems, the researcher also 

proposed an integrated (hybrid) model that combines a non-parametric classification technique 

and a LP approach to enhance the overall classification performance. Furthermore, the study 

extended an existing two-group LP model (Bal et al. 2006) based on the work of (Lam and 

Moy 1996b) and applied it to four-group classification problems. These models were tested 

through robust computational experiments under varying data conditions using a financial 

product example. The characteristics of a real dataset were used to simulate (Monte Carlo 

method) multiple sample runs for four group classification problems with three continuous 

independent variables. The experimental results showed that LP approaches in general and the 

proposed integrated method in particular consistently have lower misclassification rates for 

most data characteristics. Furthermore, the integrated method utilized the strengths of both the 

methods: k-NN and linear programming, thereby considerably improving the classification 

accuracy. 

A research conducted by 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 
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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. 

1.9.2 Previous Studies on Violence Against Woman 

Woman’s Affairs Center (2005) conducted a study on the phenomenon of violence against 

women in the Gaza Strip this study comes to the diagnosis of this phenomenon and to identify 

the priorities to be addressed, within the conditions of the Gaza Strip, and within a feminist 

vision is that the phenomenon of violence a product of unbalanced power relations in society. 

The study found that one out of every five women in the Gaza Strip are exposed to physical 

violence, and one of three Sana exposed to violence, verbal humiliation, and one out of every 

ten are exposed to violence and abuse, social, and although the study does not seek to compare 

the magnitude of the phenomenon in the Gaza Strip and size in other places regionally and 

internationally, but the incoming indicators are alarming indicators. 

In another study conducted by the Woman’s Affairs Center (2009) and  focused  on (64) 

questions that addressed all  issues and problems that the women of Gaza strip suffer from, the 

researchers got insight on the causes of problems such as (wither director  indirect) and 

consequential results, through detailed presentation of the problem tree and presentation of 

women rights 'violations. The conclusions (verified through the use of quantitative and 

qualitative tools) reflected priority issues as per women and men desire and according to 

information sources included in the study, to be  as follow.  The  first    issue, which has 

scored highest percentage, is the denial of women's inheritance and  the seizure of their 
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money. The second priority is the stereotype of  women  in the media. The third  issue is the 

impact of  the internal Palestinian  situation instability on women. The fourth priority is the 

vulnerability of women to psychological abuse  from neighbors. The fifth priority is the 

impact of women's problems on the psycho-social situation.  And the sixth priority is the 

coercion of women to do work that does not respect her dignity.  

1.10  Organization of the Study 

 In the next chapter the researcher discuss the theoretical background of three different 

statistical techniques, "Discriminant Analysis (DA) , Multinomial Logistic Regression (MLR) 

and Neural Networks(NN)" that can be used for data classification when the dependent 

variable is nominal and for the sake of assessment of the suitability of the three models for our 

data set in terms of their classification accuracy and the ROC curve. Chapter 3 presents the 

data analysis and the results of comparison between the three models and the final model that 

provides best fit to our data. It starts with describing the sample and population using 

descriptive statistics then application of the three statistical methods that we described in the 

chapter 2 . Chapter 4 provides a comparison between the results of the three models that were 

fitted to the data in chapter 3 using the three different statistical methods and presents the 

conclusion, recommendations, and suggest some prospective topics for further research . 

 

 

 

 

 

 

 

 

 



 (12) 
 

Chapter (2) 

Theoretical Background 

2.1 Introduction 

Scientific researches not only aim to describing a current situation, but also constantly  

bringing up cause and  effect relations  between actions. It can be stated that scientific  

research tries to present the cause and effect relations in a model. These models can describe 

the relation between the outcome as (dependent variable ) and the set of causes affecting  the 

outcome as (independent variable) . Linear regression models (univariate linear, multiple, and 

multivariate linear) are commonly used models in social sciences; these models require the 

dependent  and independent  variables to  be continuous numeric (quantitative). Moreover, 

they also require meeting assumptions  such  as the  distribution of normality of the 

independent variable sets, and the error terms. On the contrary. The outcome variables 

obtained in social  sciences are typically categorical and so they are not possible to study them 

within linear regression models’ context. Accordingly,  we must use statistical methods that 

are appropriate for categorical or nominal dependent variables (outcomes) . 

In this chapter we will discuss three classification methods: Logistic Regression , Discriminant 

Analysis and Neural Networks, that we will applying in this study . Moreover , we are going 

to discuss also some of assessment techniques for the above classification methods . However 

, in the next chapter we will apply all these statistical methods on  our data set of violence 

against women by all sources in Palestine that has been obtained from the Palestinian Center 

Bureau  Statistics . 
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2.2  Discriminant Analysis 

The objective of a discriminant analysis (DA) is to classify objects, using a set of independent 

variables, into one of two or more mutually  exclusive and exhaustive categories. For example, 

on the basis of an  applicant's age,  length , income ,educational level,   etc.,  we may classify  

persons as either acceptable or not . For simplicity   we   will   limit   this   discussion   to   

two-group classifications, later we will comment on n-group discriminant analysis.  For 

notation, let 

         individual’s value of the     independent variable , 

   = discriminant coefficient for the      variable , 

   =     individual’s discriminant score  , and 

           = critical value for the discriminant score .  

Let each individual's discriminant score     be a linear function of the independent variables. 

That is,  

             =     +          +        + .. +                …………………………….(2-1) 

The classification procedure is as follows:  

   >             individual is classified as Group 1, 

   <             , individual is classified as Group 2. 

The classification boundary will then be the locus of points, as defined in equation(2-1) 

When n  (the number of independent variables)= 2,  the classification boundary is a straight 

line. Every individual on one side of the line is classified as Group 1, and those on the other 

side,  are classified as Group 2. When n = 3, the classification boundary is a two-dimensional 

plane in 3-dimensional space .The classification boundary is  generally an   n-1  dimensional 

hyperplane in n space (Morrison, 1969).  

In discriminant analysis, the objective  is to construct a locus of points that are equidistant 

from the two group centroids. The distance,  which is adjusted for the covariance among the 
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independent variables , is used to determine a posterior probability that can be used as the 

basis for assigning the observation to one of the two groups.  Thus, although the discriminant 

function is linear in nature, the procedure also provides a probability of group membership, 

i.e., a nonlinear function of the   independent variables in the model. When this probability of 

group membership corresponds to the probability of choice, effectively we have a choice 

model with a different functional form  (Pai., 2009) . 

2.2.1  Discriminant Function Analysis Assumptions 

The following assumption hold on discriminant analysis model: 

1- Sample size: The smallest sample size should be at least 20 for a few (4 or 5) 

predictors. unequal sample sizes are acceptable 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 as 

the independent variables . (Tabachnick and Fidell, 1996).  

2- Normal distribution: It is assumed that all variables in the data represent samples from 

a multivariate normal distribution. We can test whether or not variables are normally 

distributed using histograms. However, note that violations of the normality 

assumption are not "fatal" and the results are still reliable .We may also use specific 

tests for normality in addition to graphs. (Tabachnick and Fidell, 1996). 

3- Homogeneity of variances/covariances: 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.  

4- Outliers: DA is highly sensitive to the inclusion of outliers. We may 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. 

5- Non-multicollinearity: 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 
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discriminant solution. There must 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) 

2.2.2 Classification of Cases. Once we have computed the classification scores for a case, it is 

easy to decide how to classify the case. In general we classify the case as belonging to the 

group for which it has the highest classification score (unless the a priori classification 

probabilities are widely disparate). Thus, if we were to study high school students' post-

graduation career/educational choices (e.g., attending college, attending a professional or trade 

school, or getting a job) based on several variables assessed one year prior to graduation, we 

could use the classification functions to predict what each student is most likely to do after 

graduation. However, we would also like to know the probability that the student will make 

the predicted choice. Those probabilities are called posterior probabilities, and can also be 

computed. However, to understand how those probabilities are derived, let us first consider the 

so-called Mahalanobis distance is a measure of distance between two points in the space 

defined by two or more correlated variables. When the variables are correlated, the axes in the 

plots can be thought of as being non-orthogonal; that is, they would not be positioned in right 

angles to each other. In those cases, the simple Euclidean distance is not an appropriate 

measure, while the Mahalanobis distance will adequately account for the correlations. 

 For each group in our sample, we can determine the location of the point that represents the 

means for all variables in the multivariate space defined by the variables in the model. These 

points are called group centroids. For each case we can then compute the Mahalanobis 

distances (of the respective case) from each of the group centroids. Again, we would classify 

the case as belonging to the group to which it is closest, that is, where the Mahalanobis 

distance is smallest. (StatSoft , Inc., 1984- 2000). 

Using the Mahalanobis distances to do the classification, we can now derive probabilities. The 

probability that a case belongs to a particular group is basically proportional to the 

Mahalanobis distance from that group centroid (it is not exactly proportional because we 

assume a multivariate normal distribution around each centroid). Because we compute the 

location of each case from our prior knowledge of the values for that case on the variables in 

the model, these probabilities are called posterior probabilities. In summary, the posterior 
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probability is the probability, based on our knowledge of the values of other variables, that the 

respective case belongs to a particular group. (StatSoft , Inc., 1984- 2000) . 

There is one additional factor that needs to be considered when classifying cases. Sometimes, 

we know ahead of time that there are more observations in one group than in any other; thus, 

the a priori probability that a case belongs to that group is higher. For example, if we know 

ahead of time that 60% of the graduates from our high school usually go to college (20% go to 

a professional school, and another 20% get a job), then we should adjust our prediction 

accordingly: a priori, and all other things being equal, it is more likely that a student will 

attend college that choose either of the other two options. Different a priori probabilities may 

be specified, to be used to adjust the classification of cases (and the computation of posterior 

probabilities) accordingly (StatSoft , Inc., 1984- 2000). 

2.2.3  Estimating the Discriminant Functions 

It is well known that in Linear Regression the total (Sums of Squares)         is partitioned 

into. Regression (Sums of Squares)           

Residual (Sums of Squares) +             

Therefore, the total sum of squares can be written as:  

           (    )
 
+             --------------------------- (2-2)   

Where:  : the linear regression score . 

  : the mean of linear regression score . 

The goal is to estimate the parameters to get the estimates that minimize the Residual Sums of 

Squares (SS). However, in Discriminant analysis: the total Residual Sums of Squares (SS) 

      ̅   is partitioned into:  

Between Group SS:     ̅    ̅    

Within Groups SS:  (      ̅  )
 
 

The total SS can be written as: 

       ̅    =    ̅    ̅     +         ̅   
 ------------------------(2-3) 

where  i = an individual case,  j = group j 

   = individual discriminant score 

 ̅ =  grand mean of the discriminant  scores 
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 ̅  = mean discriminant score for group j 

The goal here is to estimate the parameters and obtain the estimates that minimize the Within 

Group SS . 

Discriminant analysis uses Ordinary Least Squares (OLS) to estimate the values of the 

parameters (b0 ,b1, …, bn) that minimize the Within Group SS. 

 

 

 f of Y 

 

 

 

             Probation (0)       Prison (1) 

 

 

Between (Sums of Squares) =     ̅    ̅    +    ̅    ̅  =    ̅    ̅   = BSS  …….(2-4) 

Within (Sums of Squares)=(        ̅ 
 +  (        ̅ 

 =  (        ̅ 
 = WSS ……….(2-5) 

Total (sums of squares) =      ̅   = TSS    ………………………….(2-6) 

The means   ̅ and   ̅ are called centroids, and they are the mean discriminant score for each 

group. (Friel , 2008) 

2.2.4 Parameter Estimation 

Given training set {(   ,   ) ,  i=1,2…,N}    { 0,1}  and        We aim to learn p(x; y ). 

Specifically, we factorize p(x; y ) = p(x|y)p(y) , where p(y) is the prior distribution of y. We 

will denote p(y = 1) =   . to make the simplifying assumption that p(x|y)= N (x|      That is, 

𝑌 ̅ �̅� 𝑌 ̅  

Figure (2-1) Discriminant Analysis with Two Groups 
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we assume that the data from class 0 and class 1 come from two different Gaussians, each with 

distinct mean   ,   , but shared covariance . This is the basic assumption behind Linear 

discriminant analysis. 

Hint: We will use a general term   M to denote the model (parameters) we try to estimate , and 

we will use a general term  D to denote the data that we observe . 

We need to estimate the parameters to fully specify the joint distribution p(x; y ), which 

includes   ,    ,    and  We will apply maximum likelihood estimation for this. The 

likelihood function is as  follows. 

log P (D\M ) =∑     
    p (  ,  )  

∑     
     {[  . N (  |  ,  )                              }   ………………………..(2-7) 

∑   
           +        N (  |  ,)                   +                       } ……… (2-8) 

Let's first estimate   Consider the parts that contain   , we have: 

∑   
            +                  }   ……………………………………...(2-9) 

Take the derivative over   : 

 

 
 ∑   

 
     

 
    

 ∑      
 
       ……………………..………..(2-10) 

Setting it to zero and let    =   ∑   
 
     and     = ∑      

 
      , we have : 
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We now move onto estimating   (   is exactly the same). Consider the parts that contain 

   ,we have: 

∑        
    N(  |  ,  ) = ∑   
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             ∑             

 
              …………..(2-11) 

Take the derivative over    and set it to zero, we have: 

 ∑  ∑        
 
        = 0    
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 ∑           …………………….(2-12) 

Similarly we have: 
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Finally, we will estimate   Taking the part that contains , we have: 
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Taking derivative over   and set it to zero, we have: 

= S= 
  

 
        

  

 
                                          (Filzmoser et al,  2012) 

2.3  Multinomial Logistic Regression 

We start with discussing binary logistic regression (LR) as a base of multinomial logistic 

regression . 

2.3.1  Binary Logistic Regression  

Logistic regression (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).   

Logistic regression is particularly suitable for estimating categorical  (dichotomous or 

polytochomous) dependent variables using Maximum  Likelihood Estimation (MLE) 

procedure.  Logistic regression models use MLE as their convergence criterion. Logistic 

regression  allows  one to  predict   dichotomous outcome  such as  presence / absence, success 

/failure, buy /  don’t  buy,  and survive / die.  The independent variables may be categorical, 
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continuous or a combination of both. We can think of categorical variable as dividing the 

observations into several classes. For example, if  Y as a dependent variable denotes a 

recommendation on accept or reject the deal ,then we have a categorical variable with 2 

categories. Thus the deal will belong to one of two classes, "accept" class or " reject " class . 

Of course, this is based on the data available (independent variables) . Logistic  regression  has 

two  broad  applications in  applied  research: classification (predicting group membership) 

and profiling (differentiating between two  groups based on certain factors) (Shmueli et al. 

2010).   

 In general, the binary logistic regression model has the form  

Log [
 

   
] =    +     +      + ...+       = x      ---------------------------------------(2-15) 

where   is the probability of the outcome of interest  =P(Y=1),    is an intercept term, and  

   , i=1,2,…n , is the coefficient associated with the corresponding dependent (explanatory) 

variable    ,  

     =  (1,   ,   ,...,  )     ,   and   = (  ,   ,..,   )  

The probability of outcome of interest,    is expressed as a non-linear function of   the 

predictors in the form as: 

  =
 

                                   
    --------------------------------------------------------------(2-16) 

Equation (2-8) ensures   that the right hand side  will always lead to values within the  interval 

(0, 1).  This is called the logistic response function. 

 In the equation (2-7), the term 
 

   
=   is defined as odds  and can be rewritten as : 

   = 
    

      
    -----------------------------------------------------------------------------------(2-17) 

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 exponentials of both sides of equation (2-7) leads to 
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      -      

    +            

  =  
    

          ------------------------------------------------------------------------------- (2-18) 

The odds ratio is equal to exp(B), or sometimes written    .  Thus, if we take the exponent 

constant (about 2.72) and raise it to the power of B ,we get the odds ratio. For example, if the  

printout indicates the regression slope is 0.75, the odds ratio is approximately 2.12 (because 

exp(0.75)=          = 2.12). This means that the probability that Y equals 1 is twice as likely 

( 21.2   times to be exact) as the value of X is increased one unit. An odds ratio of 0.5 indicates 

that Y=1 is half as likely with an increase of X by one unit (so there is a negative relationship 

between X and Y). An odds ratio of 1.0 indicates there is no relationship between X and Y1 

In our study, we use multinomial logistic regression (or MLR) with cumulative logit method. 

For example, in our study the dependent variable involves four categories; No violence , 

Psychological violence , Physical violence and Sexual violence .  We denote that 0 = No 

violence , 1= Psychological violence , 2= Physical violence , 3=  Sexual violence ,  We look at 

the cumulative probabilities of the class membership for segmentation. The probabilities that 

are estimated by the model are P(X≤0), i.e. the probability of a women suffer from Sexual 

violence and P(X≤1) i.e. the probability of a women suffer from  Physical violence or  Sexual 

violence .  The three non-cumulative probabilities of class membership can be easily derived 

from the two cumulative probabilities: 

P(X=0)= P(X   0)  

P(X=1)= P(X   1) - P(X   0) 

P(X=2)= P(X   2) - P(X   1) - P(X   0) 

P(X=3)= 1- P(X   2) 

Hence, for three classes and three independent variable case, we would have 
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P(X=0)= P(X   0) =   
 

    
                           

    

P(X=1)= P(X   1) - P(X   0)= 
 

    
                           

 - 
 

    
                           

 

P(X=2)=P(X 2)-P(X 1)-P(X 0)= 
 

    
                           

- 
 

    
                           

 - 

 

    
                           

 

P(X=3)= 1- P(X   2)= 
 

    
                           

 

The above formulation does not assume that the explanatory variables are multivariate 

normally distributed or having equal covariance matrices. They must be independent and can 

be dichotomous zero-or-one variables, or some are multivariate normal and some 

dichotomous. This makes logistic regression relatively robust compared to linear regression. 

Also, logistic regression models do not assume homoscedasticity between the dependent and 

independent variables. Under non-normality of explanatory variables, which is very often the 

case with real-life data, the MLE compares slightly better than, say, linear discriminant 

estimators. Logistic regression has been extensively used in many studies and social  sciences , 

business and related fields.( Pai. , 2009 & Hosmer & Lemeshow , 2001).  

2.3.2  Logistic Regression Assumptions:  

Logistic regression assumes a linear relationship between the logit of the independent 

variables and the dependent variables  However, it does not assume a liner relationship 

between the actual dependent and independent variables . Reliability of estimation declines 

when there are only a few cases in a class ,  Independent variables are not linear functions of 

each other ,  Normal distribution of the dependent variable is not necessary or assumed for the 

dependent variable ,  Homoscedasticity is not necessary for each level of the independent 

variables , Normally distributed errors is not assumed and the independent variables need not 

be interval level (Schüppert, 2009) 

2.3.3 Goodness of Fit test of Logistic Regression  

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 
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by the model are to 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 prediction does not significantly differ from the 

observed.  

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.( Hosmer, 2000) 

2.3.4  Multinomial Logistic Regression (MLR)  

Multinomial logistic regression is a simple extension of binary logistic regression that allows 

for more than two categories of the dependent or outcome variable. The basic setup is the 

same as in logistic regression, the only difference being that the dependent 

variables are categorical rather than binary, i.e. there are K possible outcomes rather than just 

two. Like binary logistic regression, multinomial logistic regression uses maximum likelihood 

estimation to evaluate the probability of categorical membership. (Schwab, 2002). 

Now, if we have n independent observations with q-explanatory variables, and the qualitative 

response variable has k categories, to construct the logits in the multinomial case, one of the 

categories must be considered as the base level and all the logits are constructed relative to it. 

Any category can be taken as the base level, then we can take category j as the base level. 

Since there is no ordering, it is apparent that any category may be labeled j. Let pj denote the 

multinomial probability of an observation xi falling in the j
th
 category           , to find 

the relationship between this probability and the q explanatory variables, X1 , X2 ,........., Xq, 

the multiple logistic regression model is then can be written as: 

Log [
  

    
] =     +      +       + ...+        = x   ……………………..(2-19) 

http://en.wikipedia.org/wiki/Logistic_regression
http://en.wikipedia.org/wiki/Dependent_variable
http://en.wikipedia.org/wiki/Dependent_variable
http://en.wikipedia.org/wiki/Categorical_variable
http://en.wikipedia.org/wiki/Binary_variable
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If we exponentate both sides, and solve for the probabilities, we get: 

          = 
 
                                   

    
                                   =

      ∑       
 
    

         ∑       
 
   

 
       …………..(2-20) 

for  i= 1, 2, …... , n ,  j= 1, 2, …... , (k-1) and ∑      
   . Therefore, we can use this to find 

the probabilities of each observation falling into the category  j= 1, 2, …... , (k-1) as: 

           =
      ∑       

 
    

         ∑       
 
   

 
 ……………………….…………..(2-21) 

           =
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 …………………………………..(2-22) 

............................................................... 

               =
      ∑          

 
    

         ∑          
 
   

 
 …………………………(2-23) 

The fact that we run multiple regressions reveals why the model relies on the assumption 

of independence of irrelevant alternatives described above. (Greene, 1993). 

MLR is used to predict categorical placement in a category or the probability of category 

membership of a specific observation based on multiple independent variables. The 

independent variables can be either dichotomous (i.e., binary) or continuous  (i.e., interval or 

ratio in scale). Multinomial logistic regression does necessitate careful consideration of the 

sample size and examination for outlying cases. Like other data analysis procedures, initial 

data analysis should be thorough and include careful univariate, bivariate, and multivariate 

assessment. Specifically, multicollinearity should be evaluated with simple correlations among 

the independent variables. Also, multivariate diagnostics (i.e. standard multiple regression) 

can be used to assess for multivariate outliers and for the exclusion of outliers or influential 

cases. Sample size guidelines for multinomial logistic regression indicate a minimum of 10 

cases per independent variable (Schwab, 2002).  

Multinomial logistic regression is often considered an attractive analysis because: it does not 

assume normality, linearity, or homoscedasticity. A more powerful alternative to multinomial 

logistic regression is discriminant function analysis which requires these assumptions are met. 

Indeed, multinomial logistic regression is used more frequently than discriminant function 

http://en.wikipedia.org/wiki/Independence_of_irrelevant_alternatives
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analysis because the analysis does not have such assumptions. Multinomial logistic regression 

has very few assumptions, such as the assumption of independence among the dependent 

variable choices. This assumption states that the choice of or membership in one category is 

not related to the choice or membership of another category (i.e., the dependent variable). The 

assumption of independence can be tested with the Hausman-McFadden test. Furthermore, 

multinomial logistic regression also assumes non-perfect separation. If the groups of the 

outcome variable are perfectly separated by the predictor(s), then unrealistic coefficients will 

be estimated and effect sizes will be greatly exaggerated. (Starkweather and Moske ,2011) 

There are different parameter estimation techniques based on the inferential goals of 

multinomial logistic regression analysis. One might think of these as ways of applying 

multinomial logistic regression when strata or clusters are apparent in the data. (Starkweather 

and Moske ,2011) 

Multinomial logistic regression technique has a number of major advantages  such as:   

(1) It is more robust to violations of assumptions of multivariate normality and equal variance-

covariance matrices across groups;  

 (2) It is similar to linear regression, but more easily interpretable diagnostic statistics.  

(3) Most importantly, MLR does not assume a linear relationship between the dependent and 

independent variables . 

(4) Independent variables need not to be continues or quantitative . 

 (5) MLR does not require that the independent variables be unbounded . 

 (6) 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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  2.4  Neural  Networks 

2.4.1  Introduction to Neural Networks 

Neural networks are preferred tools for many predictive data mining applications because of 

their power and flexibility . Predictive neural networks are particularly useful in applications 

where the underlying process is complex, such as: 

 Forecasting consumer demand to streamline production and delivery costs1 

 Predicting the probability of response to direct mail marketing to determine which 

households on a mailing list should be sent an offer1 

 Scoring applicants to determine their risk of extending credit  1 

 Detecting fraudulent transactions in an insurance claims database1 

Neural networks used in predictive applications, such as the Multilayer Perceptron (MLP) and 

Radial Basis Function (RBF) networks, are supervised techniques in the sense that the model-

predicted results can be compared against known values of the target variables. (IBM 

Corporation , 2011). Neural networks are also called Artificial Neural Network (NN). First 

studies on NN started with modeling the nerve cells  forming the brain, and the application of 

these modelings into the computer systems. Afterwards, it has become common in many fields 

in parallel with the development in computer systems. NN has efficient usage in many fields 

such as medicine, industry, biology, electronic systems, optimization, and social sciences 

(Golden, 1996). 

2.4.2 Neural Networks Setup  

The importance of neural networks comes from the ability of the neural networks to decipher 

and solve nonlinear relationships problems . Moreover , research over last two decades 

indicate that neural networks may achieve better classification and prediction compared to 

other standard statistical methods . (Pai. , 2009 & Sharda, 1994).This   has   been corroborated 

by a number of successful NN applications such as bankruptcy prediction, bank   failure 

prediction,   and  market segmentation  to name a few. Neural networks structure captures 

complex relationships between the predictor variables and the response variable  through a 

layer of neurons. Some have one layer -  single- layer    neural   networks (SLNN)  and  some  

have more - multilayer neural  networks(MLNN).  
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 The most successful applications in classification and prediction have been multilayer 

feedforward networks . The layer where input patterns are applied is the input layer.   The 

layer from which an output response is desired is the output layer. In the case of a binary 

outcome, the network has only one output node. Layers between the input and output layers 

are known as hidden or transfer layers, because their outputs are not readily observable. (Pai. , 

2009). 

Figure(2-2) shows a simple multilayer  feedforward network comprising of nodes and arrows. 

The nodes in the network represent neurons while the arrows indicate communication path 

associated with a synaptic strength or weight value. The arrows connect neurons from one 

layer to next layer and do not leapfrog layers. The outputs of node in a layer are inputs to the 

nodes in next layer.  

 

 

 

 

 

 

 

 

 

 

The values on   the connecting arrows are called weights, and the weights on the arrow from 

node     to node     are denoted by         . The bias terms, denoted by      serve as an intercept 

for the output  from node    . The predictor values are supplied as inputs to the input nodes. 

Their output is the same as the input. If there are     predictors, we have    nodes in the input 

layers. The outputs of the input nodes forms input to each of the nodes in the hidden layer. 

There may be more than one hidden layer depending upon the user’s objectives.  In such case, 

the output of one hidden layer becomes input to the next hidden layer.   

 
Figure (2-1) a diagram of Neural 

Network 

Figure (2-2)A diagram of Neural Networks 
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Consider figure(2-2) again. Suppose there are p inputs ( p +1 including the bias  term)  

        ,…,    . We compute the output of node  j  by taking the weighted sum  

   + ∑    
 
      ,  where   ,     ,      ,…,       are weights that set randomly and then 

adjusted as the network “learns”. We take a function f , called a transfer function of this 

output. The transfer function can be a monotone function such as a linear function ( f (x )= ax 

), an exponential  function (f  (x ) =     ),  a function producing output between -1 and  1 

(f(x)= tanh(x ) ), and a logistical or sigmoidal function (f(x)=
 

        ).  

The logistic function is commonly used as transfer function because it is a differentiable 

monotonic function which asymptotically approaches some limit in either direction and thus 

supplies a good approximation to the  function (Pai. ,2009 , from Hertz et al. 1991).  As in 

logistic regression, the output value is between (0 , 1) .Using a logistic function we can now 

write the output of node  j  in the hidden layer as:  

       = (f(x)+∑    
 
     ) =

 

   
      ∑    

 
   

    
 ……………………………….. (2-24) 

The learning occurs through the adjustment of path weights and the intercept or bias terms. 

The values of which are typically initialized to small numbers in the range 0.00 ±0.05.  A 

neural network model is first trained on a set of input-output using training set data.  Training 

the model means estimating the weights that leads to the best predictive results. The most 

common method used for the adjustment is an algorithm called the back   propagation. In this 

method, the weights are  adjusted  to minimize the squared difference between the model 

output and the desired output. The adjustments are based on gradient descent algorithm.(Pai. , 

2009, Shmueli, et al. 2010). 

Despite several advantages such as good predictive performance, high tolerance to noisy data, 

and its ability to capture and solve complex relationships problems, neural networks have   

some   disadvantages. First, a neural network does not provide insight into the structure of 

relationship between the predictor and response variables. Second, a neural network does not 

have built-in variable selection mechanism and hence there is a need to evaluate the 

importance of adding predictor variables to the model using other statistical methods. Third, a 
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neural network relies heavily on having   sufficient  data  for training purposes, otherwise the 

model performs poorly. Fourth, a  choice of improper hidden layers or nodes may cause 

overfitting, that is, the model could get caught in a local rather than a  global minimum. 

Finally,   a neural   network   takes relative   higher   computational time, which increases with 

the number of predictors (Pai. , 2009 , from Uysal & Roubi 1999 & Shmueli et al. 2006) . 

2.5 Assessment of the Accuracy of Classification Methods 

On the question of accuracy assessment, we should always bear in mind that accuracy as 

measured on merely the training set and accuracy as measured on a subset of the unseen data 

(the test set) are often very different. Indeed it is not uncommon, especially in Machine 

Learning applications, for the training set to be perfectly fitted, but performance on the test set 

can to be very often disappointing. Usually, it is the accuracy on the unseen data, when the 

true classification is unknown, is of practical importance. The generally accepted method for 

estimating this is to use the given data, in which we assume that all class memberships are 

known, as follows. Firstly, we use a substantial proportion (the training set) of the given data 

to train the procedure and obtain the rule. This rule is then tested on the remaining data (the 

test set), and the results compared with the known classifications. The proportion of correct 

classification in the test set is an unbiased estimate of the accuracy of the rule provided that 

the training set is randomly sampled from the given data. In this chapter , we discuss different 

methods of measuring the accuracy of classification methods as an introduction to apply these 

measures on the three classification methods we are interested to compare in this study. 

2.5.1  Classification Table 

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. 

 

 

 P N 

P PP PN 

N NP NN 
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As we see from the above table , we have the results of classification (PP) (actually positive 

and classified as positive) , (PN) (actually positive, but classified as negative)  , (NP) actually 

negative, but classified as positive, and (NN) (actually negative, but classified as negative) . 

2.5.2 Binary Classifiers 

When dealing with two class classification problems we can always label one class as a 

positive and the other one as a negative class. The test set consists of P positive and N 

negative examples. A classifier assigns a class to each of them, but some of the assignments 

are wrong. To assess the classification results we count the number of true positive (TP), true 

negative (TN), false positive (FP) (actually negative, but classified as positive) and false 

negative (FN) (actually positive, but classified as negative) examples. 

It holds 

             TP + FN = P  

And      TN + FP = N 

The classifier assigned TP + FP examples to the positive class and TN + FN examples to 

the negative class. 

Let us define a few well-known and widely used measures: 

FPrate =  
  

 
    ,  TPrate = 

  

 
 =  Recall                  Yrate = 

     

   
      

Precision =  
  

     
     , Accuracy = 

      

    
       

Precision and Accuracy are often used to measure the classification quality of binary 

classifiers. Several other measures used for special purposes can also be defined. We 

describe them in the following sections. (Vuk  , 2006). 
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2.5.3 Probabilistic Classifiers 

Probabilistic classifiers assign a score or a probability to each example. A probabilistic 

classifier is a function f: X → [0, 1] that maps each example x to a real number f(x). Normally, 

a threshold t is selected for which the examples where f (x) ≥ t are considered positive and the 

others are considered negative. This implies that each pair of a probabilistic classifier and 

threshold t defines a binary classifier. Measures defined in the section above can therefore also 

be used for probabilistic classifiers, but they are always a function of the threshold . 

Note that TP(t) and FP(t) are always monotonic descending functions. For a finite example set 

they are stepwise, not continuous. By varying t we get a family of binary classifiers. The rest 

of this paper will focus on evaluating such families of binary classifiers (usually derived from 

probabilistic classifier). The three techniques we mentioned in the introduction each offer its 

own way to visualize the classification ”quality” of the whole family. They are used to 

compare different families and to choose an optimal binary classifier from the family. (Vuk, 

2006) 

2.5.4  ROC curve 

The ROC curve graph is a technique for visualizing, organizing, improving and selecting 

classifiers based on their performance. ROC graph is defined by a parametric definition 

x = FP rate(t), y = TP rate(t). 

Each binary classifier is represented by a point (FPrate, TPrate) on the graph. By varying the 

threshold of the probabilistic classifier, 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. An example of a probabilistic 

classifier and its results on a given test set are shown in Table (2-1). Figure (2-3) shows the 

ROC curve for this classifier. ROC graph in the above example is composed of a discrete set 

of points. There are several ways to make a curve out of these points. The most common is 

using the convex hull that is shown in Figure (2-3).  Such representation also has a practical 

meaning, since we are able to construct a binary classifier for each point on the convex hull. 

Each straight segment of a convex hull is defined with two endpoints that correspond to two 
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classifiers. We will label the first one A and the other one B. A new (combined) classifier C 

can be defined. For a given value of parameter α (0, 1) we can combine the predictions of 

classifiers A and B. We take the prediction of A with probability α and the prediction of B 

with probability 1 − α. The combined classifier C corresponds to the point on the straight 

segment and by varying the parameter α we cover the whole straight segment between A and 

B. If the original ROC graph corresponds to probabilistic classifier, its convex hull also 

corresponds to a probabilistic classifier that is always at least as good as the original one. 

Convex hull is just one approach for constructing a ROC curve from a given set of points. 

Other approaches are presented in the next section. 

Table (2-1):  Probabilistic classifier. The table shows the assigned scores and the real 

classes of the examples in the given test set 

Inst# Class Score Inst# Class Score Inst# Class Score 

1 P 0.9 1 N 0.52 1 N 0.36 

2 P 0.8 2 P 0.51 2 N 0.35 

3 N 0.7 3 N 0.505 3 P 0.34 

4 P 0.6 4 P 0.4 4 N 0.33 

5 P 0.55 5 N 0.39 5 P 0.30 

6 P 0.54 6 P 0.38 6 N 0.1 

7 N 0.53 7 N 0.37    

Now we plot the data in above table : when the class is P we plot the vertical point , and when 

the class is N we plot the Horizontal point , then matching  the point to obtain the next Figure :  

 

 

 

 

  

 

 

 
Figure: (2-3) ROC graph of the probabilistic classifier from Table(2-1) Thresholds are also marked on the graph. 
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2.5.5 Area Under Curve (AUC)  

Area under the ROC curve is often used as a measure of quality of a probabilistic classifier. It 

is close to the perception of classification quality that most people have. Area under ROC 

curve is computed using the following formula: 

    = ∫
  

 

 

 
  d 

  

 
 = 

 

  
 ∫          

 

 
 

A random classifier (e.g. classifying by tossing up a coin) 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. 

Now take a look at what AROC really expresses. We will use the basic stepwise ROC 

 

 

 

 

 

 

 

 

curve (e.g. the dashed line in Figure (2-2)) obtained from a given set of points and we will also 

assume that our probabilistic classifier assigns a different score to each example. 

Then the above formula instructs us: for each negative example count the number of positive 

examples with a higher assigned scores than the negative example, sum it up and divide 

everything with P N . This is exactly the same procedure as used to compute the probability 

that a random positive example has a higher assigned score than random negative example. 

 
Figure: (2-4) ROC graph with convex hull of the probabilistic classifier  from table (2-1) 

. 
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                                                             ………(2-25) 

Remark: P(X ) denotes the probability of event X and has no connection with P which 

denotes the number of positive examples in test set. 

If we allow that several positive and several negative examples can have the same assigned 

score, then there are several equivalent approaches to construct a ROC curve, each resulting in 

different AUC . Table (2-2) shows an example of such classifier and Figure(2-4) shows ROC 

curves constructed using approaches defined below. 

The equation (2-25) still holds true if two adjacent points are connected with lower sides of a 

right-angled triangle (see Figure (2-4)). We will label the AUC computed using this approach 

as       . A more natural approach is connecting the two adjacent points with a straight line. 

AUC computed using this approach will labeled as       . To compute       

we must define the Wilcoxon test result  (Vuk  and Curk , 2006). 

S (      )= {

                  

                   

                

                

W = 
 

  
  ∑ ∑                              

Then the following equality holds true 

     =W=P(random pos. > random neg.) +(1\2)P (random pos. = random neg.) 

To better comprehend the difference between       and        see Figure (2-4). Note 

that none of the areas defined in this section correspond to the area under the convex hull. 

Table (2-2): Probabilistic classifier that assigns the same score (0.4) to two examples in a 

given test set. 
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Using the above formulae we can compute        and       directly (without a graph) and 

they both have a mathematical meaning and interpretation. In general, both measures  tell us 

how well a classifier distinguishes between positive and negative examples. While it is an 

important aspect of a classification, it is not a guarantee of good classification accuracy nor of 

other classifier’s qualities . 

If the proportion of examples with the same assigned value between all examples is 

small, then the difference between       and       becomes negligible . 

 

 

 

 

 

 

 

 

 

 

Table (2-2) 

Example number Class Score  

1 P 0.9 

2 P 0.6 

3 N 0.4 

4 P 0.4 

5 N 0.2 

 

Figure (2-5): comparison of method s 𝐴𝑅𝑂𝐶  and 𝐴𝑅𝑂𝐶  

 

Figure (2- 6): Tangent on a ROC curve when 
𝑁

𝑃
= 

6

 
  and 

 the point of optimal classification accuracy 
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2.5.6 Optimal Classification Accuracy 

Every point on a ROC curve corresponds to a binary classifier, for which we can calculate the 

classification accuracy and other quality measures. To compute the classification accuracy we 

need to know the P : N ratio. Knowing this we can find a point on the graph with optimal 

classification accuracy. Even the probabilistic classifier with a perfect ROC curve (    = 1), 

has 100% classification accuracy in only one point (upper left corner). 

A procedure for finding the point of optimal classification accuracy is as follows : 

Using the formula for accuracy 

Accuracy= 
     

   
 =  

                         

   
   

we can get a definition of a straight line connecting the points with equal classification 

accuracy (iso-performance or iso-parametric line) (Fawcett (2003)).  

        = 
                             

 
 =  

 

 
        

                 

 
   

Using this formula we get a set of parallel lines each representing a different classification 

accuracy. The best one goes through the upper left corner and the worst one goes through 

lower right one. The point of optimal classification accuracy of a probabilistic classifier is the 

intersection of the iso-performance tangent and the ROC curve. A graphical example is given 

in Figure (2-6). 

Note that other points on a curve can have considerably lower classification accuracy. Also, it 

is easy to imagine two ROC curves with the same      , but with considerably different 

classification accuracy (for the same P : N ratio).We can define other iso-performance lines 

for other measures of classification quality (e.g. error cost). Another important aspect of ROC 

performance analysis is the ability to assign weights to positive and negative errors. Weights 

influence just the angle of the tangential line and thus influence the selection of the optimal 

binary classifier.( (Vuk  , 2006) 
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2.6 Summary 

In this chapter we discuss three data mining classification methods that can predict the 

violence against women . 

  The first method is the discriminant analysis which aim to a discriminant analysis (or  DA) is 

to classify objects, using a set of independent variables, into one of two or more mutually  

exclusive and exhaustive categories. The second method is 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. The third method is the artificial Neural Networks (NN) 

became a common solution for a wide variety of problems in many fields. NN is an 

information processing paradigm that is inspired by the way biological nervous systems, such 

as the brain. The most important features of the human brain is the ability to learn from the 

past, according to a complex system of sending and receiving electrical pulses between 

neurons. The NN is composed of many artificial neurons that are linked together according to 

a specific network architecture. The objective of the neural network is to transform the inputs 

into meaningful outputs. A Simple design of neural networks allows only unidirectional 

forward connections among neurons. That is why it is called feed-forward neural network, or 

Perception. 
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Chapter (3) 

Analysis of Violence  

Against Women Data  

3.1  Introduction : 

In this chapter  we are going to describe the data set that we will analyze for our case study 

and will describe the variables in the data using descriptive statistics to illustrate some  of the 

important features in the data then we build the statistical models, that we discussed in the 

previous chapter. These models include multinomial logistic regression, Discriminant  analysis 

and Neural networks. The dependent variables are: Violence by husband, Violence by others , 

Violence in other places and violence from all sources. Each of the above four dependent 

variables  involves four categories (No Violence, Psychological Violence, Physical Violence 

and Sexual Violence). The goal is to find the best model which can describe the relationship 

between different types of violence against women  and other factors that can be  considered  

as independent variables and have effects on each dependent variable. Our aim is to find the 

best model. That discriminates between women who face different types of violence from all 

sources. Therefore in this thesis we are going to analyze four sources of violence against 

women (violence of husband, violence of other, violence in other place and violence from all 

sources). For each source  (dependent variable) we use different independent variables and 

analyze their effects on the above four sources subsequently. Therefore,  the four dependent 

variable that  will be analyzed in this thesis are : 

1- Violence by husband . 

2- Violence by other . 

3- Violence in other place . 

4- Violence of all sources . 

In the next sections of this chapter we are going to analyze each dependent variable 

separately, after deleting cases with missing values. 
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3.2  Description of  the Data : 

In this thesis we are interested in analyzing different types of violence against women in the 

Palestinian society . Further , we will look at the effects of different socioeconomic and 

demographic indicators on each of different sources of violence against women . The data of 

this study has been taken from the " Violence Survey in the Palestinian Society " that has been 

gathered by the Palestinian Central Bureau of Statistics (PCBS) in 2011. The aim of all this 

survey is to study the violence against women in the Palestinian society. This survey is the 

second of its kind to be executed  nationwide to   study this phenomenon. The survey data has 

been obtained through direct communication with the PCBS's officials according to a special 

collaboration agreement between PCBS and Al-Azhar University – Gaza . 

Study Population: 

The study population of the PCBS's survey is composed of all individuals in the population 

having the following properties  : 

1. Currently or previously married women. 

2. Unmarried young people (males and females) of age group of 18-64 years and over. 

3. Children of age group of 12-17 years. 

4. The elderly of 65 years old and over. 

5. Husbands. 

Sampling Frame: 

Sampling  frame is composed of the (300)enumeration areas in the Palestinian territories. They 

were close in geographical size and number of households  in each area . 

The Sample : 

The  sample is composed of  5,811  households  located in all the  300  enumeration areas in 

the Palestinian Territory, distributed to  3,891  households in West Bank and  1,920  in Gaza 

Strip. The sample is a statistical clustered strata sample  of two stages: 
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The First Stage: A cluster random probability sample that is proportional to the size of each 

enumeration area of households  composed of (190) enumeration areas were randomly 

selected.  

The Second Stage: systematic random subsamples of 30 households each were selected, from 

each enumeration area that was selected in the first stage. 

The Data of This Study : 

Since the PCBC's survey had been collected in order to provide information on violence of all 

types faced by all individuals in the Palestinian society and we are only interested in the 

analysis of data on violence against previously married women in the society, we will only use 

the first section of the PCBS survey (Currently or previously married women). However,  

violence against women come from the following sources that define the dependent variables: 

1) Violence by husband: This is a subsection in the PCBS and involves (32) questions. 

From these questions we have three types of violence (psychological violence, physical 

violence and sexual violence). 

2) Violence by others : This subsection involves (21) questions on the same three types of 

violence. 

3) Violence in other places: This is another subsection that involves (8) questions, on the 

same three types of violence. 

4) From the   above three sources of violence we get a new dependent variable (violence 

against women from all sources).  That is, this dependent variable has also four 

categories of violence faced from any of the above three sources. 

Therefore , the data that we are going  to use in the analysis of (VAW) in the 

Palestinian society is restricted only by four dependent variables representing four 

sources of violence and each having four categories representing different types of 

(VAW) . For this analysis we also have (30) independent variables. Those include 

many socio-economic independent such as: region (West bank, Gaza Strip) , 

governorate , type of location (Urban , Rural , Camp) and economic status. 
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3.3  Violence by Husband  

3.3.1  Preliminary Analysis : 

Investigating the violence against women by husband, we now illustrate some descriptive 

statistics for the important variables in the study . 

Table (3-1) Frequencies for violence by husband 

Categories of (DV)  Frequency Valid Percent 

No Violence 1671 37.4 

Psychological violence 1637 36.7 

Physical violence. 674 15.1 

Sexual violence. 483 10.8 

Total 4465 100.0 

 

Table (3-1) illustrates that (62.6%) of women in the sample suffer from violence by husband. 

(37.4%) of women in the sample did not  suffer from any type of violence, (36.7%) suffered 

from Psychological violence, (15.1%) suffered from  Physical violence and (10.8%), suffered 

from sexual violence. Figure (3.1) illustrates the above percentages. These results indicate that 

psychological violence is the most prominent type of violence against women by husband 

prevailed in the Palestinian society . 

 

 

 

 

 

 

 

In order to compare the prevalence rates of (VAW) by husband in the West Bank and Gaza 

Strip , we illustrate the distribution of violence cases by type of violence and region in table 

(3.2) .Table (3-2) shows the relationship between violence by husband and the region . 

 

Figure (3-1) percentage of violence by husband 
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 Table (3-2) Relation between violence by husband and Region  

violence form by husband Region Total 

West bank Gaza strip 

No Violence Count 1359 312 1671 

% within Region 46.7% 20.1% 37.4% 

Psychological violence Count 966 671 1637 

% within Region 33.2% 43.2% 36.7% 

Physical violence. Count 314 360 674 

% within Region 10.8% 23.2% 15.1% 

Sexual violence. Count 272 211 483 

% within Region 9.3% 13.6% 10.8% 

Total Count 2911 1554 4465 

% within Region 100.0% 100.0% 100.0% 
 

From Table (3-2) we can see that women in Gaza Strip suffer more than women in West 

bank from all types of violence. Among these (79.9%) of women in Gaza Strip  suffer 

from violence by husband versus (53.3%)  in West Bank. Moreover, (43.2%) of women 

in Gaza Strip  suffer from Psychological violence versus (33.2%) in West Bank,  (23.2%) 

of women in Gaza Strip suffer from Physical violence versus (10.8%) in West Bank, and 

(13.6%) of women in Gaza Strip suffer from sexual violence versus (9.3%) in West 

Bank. 

 The relationship between the type of violence against women by husband and region can 

be tested using    test (see appendices 5-1) of independence. Results of the Chi-Square 

test show that the region is not independent of violence by husband as the p-value is so 

close to (0.0) . This result indicates that there is a significant difference between types of 

violence against women living in  the West Bank and the Gaza Strip. To be more specific 

we examined the relationship between different types of Palestinian governorates and 

types of violence against women. The     test of independence has been also used. 

Table (3-3) exhibits the relation between types of violence by husband and the 

Governorate as independent variable. 
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Table (3-3) Relation between violence  by husband and Governorate  

Governorate violence by husband Total 

No 

Violence 

Psychological 

violence 

Physical 

violence. 

Sexual 

violence. 

 

Jenin 

Count 132 132 45 32 341 

% within Governorate 38.7% 38.7% 13.2% 9.4% 100.0% 

Tubas Count 55 39 13 9 116 

% within Governorate 47.4% 33.6% 11.2% 7.8% 100.0% 

Tulkarm Count 86 82 20 19 207 

% within Governorate 41.5% 39.6% 9.7% 9.2% 100.0% 

Nablus Count 188 106 47 32 373 

% within Governorate 50.4% 28.4% 12.6% 8.6% 100.0% 

Qalqiliya Count 69 43 7 8 127 

% within Governorate 54.3% 33.9% 5.5% 6.3% 100.0% 

Salfit Count 41 52 11 12 116 

% within Governorate 35.3% 44.8% 9.5% 10.3% 100.0% 

Ramallah and  Al-

Bireh 

Count 188 82 20 17 307 

% within Governorate 61.2% 26.7% 6.5% 5.5% 100.0% 

Jericho and  Al-

Aghwar 

Count 33 31 20 21 105 

% within Governorate 31.4% 29.5% 19.0% 20.0% 100.0% 

Jerusalem J2 Count 75 65 10 9 159 

% within Governorate 47.2% 40.9% 6.3% 5.7% 100.0% 

Jerusalem  J1 Count 119 114 39 38 310 

% within Governorate 38.4% 36.8% 12.6% 12.3% 100.0% 

Bethlehem Count 136 51 14 12 213 

% within Governorate 63.8% 23.9% 6.6% 5.6% 100.0% 

Hebron Count 237 169 68 63 537 

% within Governorate 44.1% 31.5% 12.7% 11.7% 100.0% 

North Gaza Count 33 146 72 45 296 

% within Governorate 11.1% 49.3% 24.3% 15.2% 100.0% 

Gaza Count 55 223 127 91 496 

% within Governorate 11.1% 45.0% 25.6% 18.3% 100.0% 

Deir Al – Balah Count 23 127 68 34 252 

% within Governorate 9.1% 50.4% 27.0% 13.5% 100.0% 

Khan  Yunis Count 94 126 61 28 309 

% within Governorate 30.4% 40.8% 19.7% 9.1% 100.0% 

Rafah Count 107 49 32 13 201 

% within Governorate  53.2% 24.4% 15.9% 6.5% 100.0% 

Total Count 1671 1637 674 483 4465 

% within Governorate 37.4% 36.7% 15.1% 10.8% 100.0% 
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From table (3-3) we can observe the following remarks: 

- Women in Deir Al-Balah are the most who suffer from different forms of violence by 

husband , the percentage of women who do not suffer from any forms of violence is 

only (9.1%), and those women are the most who suffer from psychological and 

physical violence with rate (50.4%) and (27%) respectively . 

- Women in Bethlehem are the most who do not suffer from any form of violence by 

husband with rate (63.8%), and they are  the least who suffer from Psychological 

violence with rate (23.9%). 

- Women in Qalqiliya are the least who suffer from Physical violence  with rate  (5.5%) . 

- Women in Jericho and Al-Aghwar are the most who suffer of sexual violence with rate 

(20%) 

- Women in Ramallah and Al-Bireh are the least who suffer from Sexual Violence with 

rate (5.5%). 

The results of the     test (see appendices 5-2) of independence show that the 

Governorate is significantly related with the types of violence against women by 

husband as the p-values are close to zero. This indicates that some Palestinian 

governorates have much higher prevalence rates than other governorates in different  

types of violence against women and thus need more attention. To further discuss the 

effect of type of locality in Palestine on type of violence against women , we examined 

the significance of  the relationship between type of locality and type of violence 

against women by husband . The      test of independence has been applied. Table 

(3.4) shows the distribution of women by their type of locality and their types of 

violence. 
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Table (3-4) Relation between  violence by husband and type of locality 

violence form by husband Locality Total 

Urban Rural Camp 

No Violence Count 1149 392 130 1671 

% within locality 36.6% 48.7% 24.8% 37.4% 

Psychological violence Count 1171 254 212 1637 

% within locality 37.3% 31.6% 40.5% 36.7% 

Physical violence. Count 475 88 111 674 

% within locality 15.1% 10.9% 21.2% 15.1% 

Sexual violence. Count 341 71 71 483 

% within locality 10.9% 8.8% 13.5% 10.8% 

Total Count 3136 805 524 4465 

% within locality 100.0% 100.0% 100.0% 100.0% 

 

From table (3-4) : we may observe the following remarks : 

- Women in rural areas suffer less than women in other types of localities from all forms of 

violence with rate (51.3%) compared to women in urban areas and camps with rate 

(63.4%) (75.2%) respectively . 

-  Women in camp areas suffer from all forms of violence more than women in other types 

of localities with rate (75.2%) compared to women in rural and urban areas with rate 

(51.3%) and (63.4%) respectively. 

- (40.5%) of women in camps suffer of psychological violence versus (37.3%) in urban and 

(31.6%) in rural areas . 

- (21.2%) of women in camps suffer from physical violence versus(15.1%) in urban areas 

and (10.9%) in rural areas . 

- (13.5%) of women in camps suffer of sexual violence versus(10.9%) in urban and (8.8%) 

in rural areas. 

Results of the    test(see appendices 5-3) show that the type of locality is significantly related 

to the types of violence against women by husband . This indicates that the type of locality  

that women live in has significant effect on the type of violence by the husband they suffer 

from  . 

We now investigate the effects of household economic status on violence against women in 

the Palestinian society. Table (3-5) exhibits the relation between both variables . 
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Table (3-5) Relation between violence by husband and household economic status   

violence form by husband In general, do you consider your household situation as Total 

Excellent Very good Good Average Poor Very Poor 

 

No Violence 

Count 27 140 328 938 184 53 1670 

% within, household situation  37.5% 41.3% 38.0% 38.8% 31.9% 27.5% 37.4% 

Psychologic

al violence 

Count 31 134 327 918 167 60 1637 

% within, household situation  43.1% 39.5% 37.8% 37.9% 28.9% 31.1% 36.7% 

Physical 

violence 

Count 6 37 122 334 132 43 674 

% within, household situation  8.3% 10.9% 14.1% 13.8% 22.9% 22.3% 15.1% 

Sexual 

violence 

Count 8 28 87 229 94 37 483 

% within, household situation  11.1% 8.3% 10.1% 9.5% 16.3% 19.2% 10.8% 

Total Count 72 339 864 2419 577 193 4464 

% within, household situation  100% 100% 100% 100% 100% 100% 100% 
 

From table (3-5)we can observe that :  

- Women with (very poor and poor) household economic status  are the most who suffer 

from violence. 

- Women with  (Excellent) and (very good) household economic status are the most who 

suffer from psychological violence with rate (43.1%)and (39.5%) respectively . 

Women with (poor) and (very poor) household situation  are the most who suffer from 

physical violence with rate (22.9%) and (22.3%) respectively ,  

- Women with (poor) and (very poor) household economic status  are the most who 

suffer from sexual violence with rate (16.3%) and (19.2%) respectively. 

Results of the     test (see appendices 5-4) show that the household economic status is 

significantly related with the types of violence against women from husband. This 

indicates that the household economic status of women has significant effect on the 

type of violence they suffer from. 
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3.3.2  Statistical Analysis of Violence by Husband Using Multinomial 

Logistic Regression : 
 

In this section we  analyze the violence against women by their husbands as a dependent 

nominal variables that involves four categories (No Violence, Psychological Violence, 

Physical Violence and Sexual Violence). 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, their p-values and  odds 

ratioes in table (3-6)below. 

Table (3-6) The most important variables in the model 

Variable   p-value Odds 

Region West Bank, Gaza strip 0.310 0.608 

 ID02 Governorate : Qalqiliya 0.189 1.983 

 ID02 Governorate : Salfit 0.154 0.512 

 ID02 Governorate : Ramallah and Al-Bireh 0. 215 1.599 

ID02 Governorate : Jericho and Al-Aghwar 0.042 0.414 

ID02 Governorate : Jerusalem J1 0.005 0.349 

ID02 Governorate : North Gaza 0.000 0.127 

ID02 Governorate : Gaza 0.000 0.073 

ID02 Governorate : Deir Al – Balah 0.000 0.085 

ID02 Governorate : Khan Yunis 0.041 0.376 

Loctype locality type: urban  0.028 1.659 

Loctype locality type:  Camp 0.054 1.724 

HC01 type of the residence: Villa 0.628 0.403 

HC01 type of the residence: House 0.420 0.255 

HC01 type of the residence: Apartment 0.444 0.274 

HC01 type of the residence: Independent room  0.684 0.436 

HC09_1 The family have Private car 0.001 1.933 

HC12 In general, do you consider your household situation: 

Excellent 

0.769 0.828 

HC12 In general, do you consider your household situation: Very 0.553 1.289 
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good 

HC12 In general, do you consider your household situation: good 0.834 0.926 

HC12 In general, do you consider your household situation: 

Average 

0.380 1.340 

HC12 In general, do you consider your household situation: Poor 0.663 1.167 

HR05A Age= 16 0.995 3.908 

HR05A Age=17 0.989 65.303 

HR05A Age>66 0.961 5 

WB01B Your husband faced troubles at work within the last 12 

months 

0.252 0.518 

WB14B One of your children was involved in social illegal issues 

(Subject to law penalties) within the last 12 months 

0.028 0.301 

WZ01 your husband jealous and does not want you to talk with 

other males 

0.996 0.067 

WZ02 your husband try to limit your connections with your family 

or (female) friend 

0.995 0.061 

WZ03 your husband urge you to tell him about whom you talk to 

and where you are always 

0.996 0.078 

WZ08 your husband prohibit you from travelling abroad 0.051 0.325 

WZ10 your husband prohibit you from the freedom of expression 0.416 0.16 

WL01 Who make decision to:  Buying a car (wife ) 0.505 2.148 

WL01 Who make decision to:  Buying a car ( husband ) 0.026 0.450 

WL01 Who make decision to:  Buying a car ( both) 0.540 0.663 

 

As we can see in the above table, the variable region is the first variable in the model 

with odds ratio equals (0.608) which means that women in Gaza Strip have the chance 

to suffer from violence by husband approximately twice as much as women in West 

Bank, where(VAW) in West Bank = 0.608 X (VAW) in Gaza Strip, The second 

significant variable in the model is the governorate. Except  for Qalqilia and Ramallah 

and Al-Bireh where women there have the less chance of experiencing violence by their 

husbands than other women in Palestine , women in other governorates particularly 

Sulfit , Jericho and Al-Aghwar , Jerusalem J1, North Gaza , Gaza, Deir Al – Balah and 



 (03) 
 

Khan Yunis, have nearly double the chance of experiencing violence by their husbands 

than women in other governorates in Palestine. The third variable is the type of locality 

that have three categories (Urban , Rural and Camp areas). Women in Urban areas and 

Camps nearly have one and half chance of experiencing violence by their husbands in 

comparison with women in Rural area with odds ratio as (1.659) and (1.724) 

respectively . The fourth variable is type of residence : women who live in House or 

Apartment nearly have double chance of experiencing violence by their husband than 

other women. Next variable is if the family owns a Private car. Women in families who 

do not have private care suffer from violence nearly twice as much as women in 

families who have private car , with odds ratio as (1.933).  Next variable is age . Young 

woman in age group (15, 16 and 17) years old  and old women with age greater than 

(66) years old nearly have more than triple the chance of experiencing violence by their 

husbands than women of other ages. Next variable is if the women's husbands had 

troubles at work within the last 12 months suffer nearly double chance of experiencing 

violence by their husbands  with odds ratio (0.518). Next variable is if one of the 

women's children was involved in social illegal issues (subject to law penalties) within 

the last 12 months have nearly triple chance of experiencing violence by their husbands  

with odds ratio as (0.301). Other significant variables include if  women husband 

jealous which have much more chance of experiencing violence by their husbands (with 

odds ratio equals (0.067), women's husband try to limit their connections with their 

families or (female) friends (with odds ratio equals 0.062), women's husband urge them 

to tell about whom  they talk to (with odds ratio equals (0.014), women's husbands 

prohibit them from travelling abroad (with odds ratio equals 0.325), women's husbands 

prohibit them from the freedom of expression (with odds ratio equals 0.16), and women 

who do not  participate in decision making to buy a car (with odds ratioes equal 0.45 

and 0.663 respectively). 

Since all the above independent variables have significant effects on the dependent 

variable (violence against women by their husband) with all model parameters 

significantly deferent from zero, all these independent variables have been included in 

the model.  



 (44) 
 

Now , we test the goodness of fit of the final model . The results of the test are given in 

table (3-7) 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. 

 

 

 

 

 

  Classification Results of  Multinomial Logistic Regression : 

The initial model (with no independent variables included) can predict violence against 

women with overall percentage accuracy equals (37.4%) (see appendices 5-7). The table 

below shows the Classification  results of applying the final model of multinomial logistic 

regression.  

 

Table (3-8) indicates that  the model can correctly predict the first category (No violence) with 

percentage accuracy of (76.5%), the second category (Psychological violence) with percentage 

accuracy of (60%), the third category (Physical violence) with percentage accuracy of 

(36.5%), and can  predict the fourth category (Sexual violence) with percentage accuracy of 

(35.4%). As we can see from the table, prediction of the third and fourth categories are so 

small because the elements in those categories are so small. The model can predict violence 

against women with overall percentage accuracy of (60%). 

The ROC curve Analysis of Multinomial logistic Regression Model : 

The ROC curve illustrates the performance of a classifier system as its threshold is varied. As 

it has been described in section (2.5.4 ) in the previous chapter, the ROC curves have been 

Table (3-7) Goodness-of-Fit 

 Chi-Square Df Sig. 

Pearson 12854.164 12519 .018 

Deviance 8264.598 12519 1.000 

Table (3-8)Classification table for multinomial logistic regression with independent variables 

Observed Predicted 

No Violence Psychological 

violence 

Physical 

violence. 

Sexual 

violence. 

Percent 

Correct 

No Violence 1276 340 35 18 76.5% 

Psychological violence 495 986 100 56 60.2% 

Physical violence. 86 284 246 58 36.5% 

Sexual violence. 66 166 80 171 35.4% 

Overall Percentage 43.1% 39.8% 10.3% 6.8% 60.0% 
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drown and exhibited in figure (3-2 ) and the area under the curve have been computed for 

different classes of the dependent variable in table (3-9). As the ROC curve has been designed 

for the binary classifiers each class has been considered separately as the positive values if it 

was true and all other values were considered negative if that class was false. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for multinomial logistic regression model. 

Table (3-9) the area under curve  

No violence 0.848 

Psychological  violence 0.742 

Physical violence 0.826 

Sexual violence 0.854 

Multi-class area under the curve: 0.7664 
 

The table above shows that the area under the curve of the first category "no violence" is 

(84.8%), the area under the curve of second category "psychological violence" is (74.2%), the 

area under the curve of third category "physical violence" is (82.6%) and the area under the 

curve of fourth category "sexual violence" is (85.4%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (76.64%). this 

result indicates that the multinomial logistic regression model performs well as it produces 

very good classification with high correct classification rates for all categories of the 

dependent variable. 

 
Figure (3-2) ROC curve of multinomial logistic regression 
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Estimates of the Multinomial Logistic Regression model. 

Table (3-10A) Model1 ( Psychological violence) 

(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

3.3595981 1.3785828 -0.0073885 0.0731697 0.0346871 0.1186895 -0.2428354 0.1049924 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.1647375 -0.0507250 -0.0212359 0.1238552 -0.0014002 -0.0623443 0.0512858 -0.0530484 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.0323665 -1.0044021 -0.0740985 -0.0719612 -0.1431229 -0.1455384 -0.0907609 -0.0401169 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1287769 -0.1247585 0.0834081 -0.0512338 0.1800175 0.1116251 -0.0524172  

 

Table (3-10B) Model2 ( Physical violence.) 
(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

7.4030548 1.8723582 -0.0056378 0.0897230 0.0132321 0.1214857 -0.3146249 0.1477497 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.3072783 0.2667616 0.0448363 0.2294820 -0.0257912 -0.1411191 -0.0928534 -0.1103671 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.1183974 -1.9155820 -0.2856962 -0.2064950 -0.1713379 -0.1698318 -0.1144579 -0.2214344 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1751056 -0.2620810 0.0735704 -0.1211924 0.2451055 0.1112881 -0.0202726  

 

Table (3-10C) Model3 (Sexual violence.) 

(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

7.8077226 1.3372481 -0.0031410 0.1365495 0.0699880 0.0344194 -0.3365023 0.4993058 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.4466974 0.1671030 -0.0340976 0.1458692 -0.0287212 -0.2034045 -0.1048461 -0.0849611 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.2923841 -1.7074942 -0.1924038 -0.1588224 -0.1842099 -0.2828692 -0.1553808 -0.2508351 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1488181 -0.3481556 0.0105596 -0.1143650 0.2294286 0.2163732 0.0233573  

 

It is known that the MLR model takes the following form as described in section (2.3.4): 

Pr(    = k-1) = 
              

   ∑             
   

  .  We have three models. 
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3.3.3 Statistical Analysis of Violence by Husband Using Discriminant 

Analysis : 

Now, we analyze the violence against women by their husbands as a categorical variable using 

another classification method; namely the Linear Discriminant Analysis. We examined all the 

available independent variables to be involved in the final model. The resulting discriminant 

functions with the estimates of the parameters of the independent variables included in the 

model appear in table (3-11) below.  

 Table (3-11) Classification Results by Discriminant Analysis 
  

violence forms from 

husband 

Predicted Group Membership Total 

  
No Violence Psychological 

violence 

Physical 

violence. 

Sexual 

violence. 

 

 

 

 

Original 

Count No Violence 1217 414 15 24 1670 

Psychological violence 617 845 106 69 1637 

Physical violence. 118 285 173 98 674 

Sexual violence. 87 187 79 130 483 

Ungrouped cases 3 9 1 0 13 

% No Violence 72.9 24.8 .9 1.4 100.0 

Psychological violence 37.7 51.6 6.5 4.2 100.0 

Physical violence. 17.5 42.3 25.7 14.5 100.0 

Sexual violence. 18.0 38.7 16.4 26.9 100.0 

Ungrouped cases 23.1 69.2 7.7 .0 100.0 

 

 

Cross-

validated
b
 

Count No Violence 1211 420 15 24 1670 

Psychological violence 621 836 109 71 1637 

Physical violence. 119 285 165 105 674 

Sexual violence. 87 189 81 126 483 

% No Violence 72.5 25.1 .9 1.4 100.0 

Psychological violence 37.9 51.1 6.7 4.3 100.0 

Physical violence. 17.7 42.3 24.5 15.6 100.0 

Sexual violence. 18.0 39.1 16.8 26.1 100.0 

a. 53.0% 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. 52.4% of cross-validated grouped cases correctly classified. 

 

Table (3-11) illustrates the classification results of the linear discriminant analysis model and 

indicates that  the model can correctly predict the first category (No violence) with percentage 



 (40) 
 

accuracy of (76.5%), the second category (Psychological violence) with percentage accuracy 

of (60%), the third category (Physical violence) with percentage accuracy of (36.5%) , and can  

predict the fourth category (Sexual violence) with percentage accuracy of (35.4%). As we can 

see from the table, prediction of the third and fourth categories are so small because the 

elements in those categories are so small. The original  model can predict violence against 

women with overall percentage accuracy of (53%). Appling cross-validation technique, we 

found that predicted  violence against women with overall percentage accuracy was (52.4%). 
 

The ROC curve Analysis of Discriminant Analysis Model : 

The ROC curve has been drown for different categories of dependent variables separately in 

the same graph in figure (3-3) and the area under the ROC curves have been computed for 

different categories of the dependent variable (violence by husband: No violence, 

Psychological violence, Physical violence and Sexual violence) and shown in table (3-12). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the discriminant analysis model. 

Table (3-12) the area under curve  

No violence 0.696 

Psychological violence 0.525 

Physical violence 0.551 

Sexual violence 0.582 

Multi-class area under the curve: 0.5212 
 

 
Figure (3-3) ROC curve of the linear discriminant analysis model 
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The table above shows that the area under the curve of the first category "no violence" is 

(79.6%), the area under the curve of second category "psychological violence" is (62.5%), the 

area under the curve of third category "physical violence" is (75.1%) and the area under the 

curve of fourth category "sexual violence" is (78.2%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (52.12%). This 

results indicates that the Discriminant Analysis model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

Estimates of the Discriminant Analysis model. 

Table (3-13A) Model1 ( Psychological violence) 

 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

 0.96675982 -0.00330499 0.06349665 0.02584796 0.04108432 -0.1870361 0.16779018 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.2210791 0.09089698 -0.00313337 0.11505103 -0.0134215 -0.0921542 -0.0252227 -0.0532977 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.0965931 -1.1046925 -0.13414099 -0.1133078 -0.1054224 -0.1198695 -0.0847030 -0.1515698 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.0951735 -0.1569466 0.027668032 -0.0672084 0.13561901 0.08982551 -0.0075294  
 

 

Table (3-13B) Model2 ( Physical violence.) 

 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

 -1.691282 0.01239531 -0.036627 -0.006248 -0.200563 0.21351148 0.0037892 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.02235929 0.197942012 0.01657646 -0.114272 -0.012133 -0.021394 -0.1914943 0.05938330 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.17919410 0.037801613 -0.00550164 -0.059608 0.1655137 -0.091520 -0.0050995 -0.2288714 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

0.116416334 -0.340900553 -0.14467850 0.0196802 -0.158953 -0.036402 0.20387650  
 

Table (3-13C) Model3 (Sexual violence.) 

 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 
 -0.170739 -0.0029704 0.13384089 0.15362660 -0.030409 -0.2379238 0.4570998 
HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 
-0.2291024 -0.400758 -0.1592732 -0.1185431 0.01495476 -0.078034 0.17154914 0.02791365 
WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 
-0.2080690 1.14934124 0.27354816 0.22379416 -0.1159745 -0.362972 -0.1557845 0.11429264 
WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  
0.00701380 -0.1570156 -0.0380865 0.06684922 0.03545652 0.2822976 0.02097247  

 

It is known that the DA model takes the following form as described in section (2.2): 

 

             =     +          +        + .. +           
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3.3.4  Statistical Analysis of Violence by Husband Using Neural Network: 
 

Now , we analyze the violence against women by their husbands as a categorical variable 

using another classification method; namely the Neural Network . We examined all the 

available independent variable to be involved in the final model . The resulting neural network 

with model appear in table (3-14) below. 
 

Table (3-14) Classification by Neural Network 

Sample Observed Predicted 

No 

Violence 

Psychological 

violence 

Physical 

violence. 

Sexual 

violence. 

Percent 

Correct 

Training No Violence 895 258 4 6 77.0% 

Psychological violence 505 597 27 27 51.6% 

Physical violence. 93 264 62 40 13.5% 

Sexual violence. 53 168 41 69 20.8% 

Overall Percent 49.7% 41.4% 4.3% 4.6% 52.2% 

Testing No Violence 391 108 1 6 77.3% 

Psychological violence 188 254 25 14 52.8% 

Physical violence. 40 115 26 34 12.1% 

Sexual violence. 31 79 16 26 17.1% 

Overall Percent 48.0% 41.1% 5.0% 5.9% 51.5% 

Dependent Variable: violence form from husband 
 

Table (3-14) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (77.3%), the second category (Psychological violence) with 

percentage accuracy of (52.8%), the third category (Physical violence) with percentage 

accuracy of (12.1%), and can  predict the fourth category (Sexual violence) with percentage 

accuracy of (17.1%). As we can see from the table,  prediction of the third and fourth 

categories are so small because the elements in those categories are so small. The model can 

predict violence against women for the training set with overall percentage accuracy of 

(52.2%), and can predict violence against women for the test set with overall percentage 

accuracy of (51.5%). 

 

The ROC curve Analysis of  Neural Network  Model : 

The ROC curve has been drown for different categories of the dependent variable separately in 

the same graph as in figure (3-4) and the area under the ROC curves have been computed for 
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different categories (violence by husband: No violence , Psychological violence, Physical 

violence and Sexual violence) and shows in table (3-15). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the Neural Network model. 

Table (3-15) the area under curve  

No violence 0.804 

Psychological violence 0.658 

Physical violence 0.757 

Sexual violence 0.782 

Multi-class area under the curve: 0.7219 
 

The table above shows that the area under the curve of the first category "no violence" is 

(80.4%), the area under the curve of second category "psychological violence" is (65.8%), the 

area under the curve of third category "physical violence" is (75.7%) and the area under the 

curve of fourth category "sexual violence" is (78.2%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (72.19%). There 

results indicates that the Neural Network  model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  
 

 
Figure (3-4) ROC curve of the  model Neural Networks 
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3.3.5 Comparison Between the Three Statistical Methods : 

Table (3-16). Show the correct  classification ratio of the three statistical methods for the 

first dependent variable(violence by husband). 

Table (3-16) Classification Result of three statistical methods: 

 Multinomial logistic Discriminant Analysis Neural Network  

Classification 60% 53% 51.5% 

 

Table (3-16) illustrates that  the (MLR) model can be predict the violence against women by 

husband with correct classification rate of (60%), the (DA) model can be predict the violence 

against women by husband with correct classification rate of (53%),  and the (NN) model can 

be predict the violence against women by husband with correct classification rate of (51.5%).  

The ROC curve has been drown for three statistical methods for dependent variable (violence 

by husband) separately in the graph as in figure (3- 5) and the area under the ROC curves have 

been computed for different categories (violence by husband: No violence , Psychological 

violence, Physical violence and Sexual violence) and shows in table (3-17). 

 

 

 

 

 

 

 

 

  

 

 

 

 

Figure (3-5) ROC curve of the three statistical models 
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Now we see the area under curve in table below for the three statistical methods. 

Table (3-17), area under the curve for three statistical methods  

 MLR DA NN 

The area under the curve 0.7664 0.5212 0.7219 

 

The table above shows that the area under the curve of the three statistical methods, The area 

under the curve for the (MLR) is (76.64%),  The area under curve for the(DA) is (52.12%) and 

the area under curve for (NN) is (72.19%).  

The multinomial logistic regression (MLR) give the best model compared to Discriminant 

Analysis (DA) and Neural Network (NN). 

Thus the results we have from Multinomial Logistic Regression model are much better 

than the results of both Discriminant Analysis and Neural Network model for this data set . 
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3.4  Violence Against Women by Others  

3.4.1  Preliminary Analysis : 

The others means here stepfather , stepmother, father in law, a teenager son or daughter, male 

from the extended family, female from the extended family, friend (male), friend (female), 

Stranger (male), stranger (female), colleague at work (male), colleague at work (female), 

doctor at the medical care (male), doctor at the medical care (female), outstanding 

religious/social individual, employer, superior person  at work, Palestinian security person and 

Israeli occupation soldier/settler. Investigating the violence against women by others  ,we now 

illustrate some  descriptive statistics for the important variables in the study . 

 

 

 

 

 
 

Table (3-18) illustrates that (21.8%) of women in the sample suffer from violence by others . 

(78.2%) of women in sample did not  suffered from any type of violence ,(13%) Among these 

who suffered from Psychological violence , (6.9%) suffered from  Physical violence and 

(1.9%) suffered from sexual violence . Figure (3.2) illustrates the above percentage  

 

 

 

 

 

 

 

Table (3-18) Frequencies for  violence by others 

violence by others Frequency Valid Percent 

No Violence 3458 78.2 

Psychological Violence 574 13.0 

Physical Violence 304 6.9 

Sexual Violence 84 1.9 

Total 4420 100.0 

Figure(3-6) percentage  of  violence  from  others 
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In order to compare the prevalence rates of violence against women by others  in the West 

Bank and Gaza Strip , we illustrate the distribution of violence cases by type of violence and 

region in table (3-19 ). Table (3-19) shows the relation between violence by others and the 

region . 

 Table (3-19 ) Relation between violence by others and  Region  

Violence by others Region Total 

West Bank Gaza strip 

 

No Violence 

Count 2375 1083 3458 

% within region 81.9% 71.3% 78.2% 

Psychological Violence Count 294 280 574 

% within region 10.1% 18.4% 13.0% 

Physical Violence Count 180 124 304 

% within region 6.2% 8.2% 6.9% 

Sexual Violence Count 52 32 84 

% within region 1.8% 2.1% 1.9% 

Total Count 2901 1519 4420 

% within region 100.0% 100.0% 100.0% 
 

From Table (3-19) we can see that women in Gaza Strip suffer more than women in West 

Bank of all types of violence. Among these (28.7%) of women in Gaza Strip  suffer from 

violence by others versus (18.1%)  in West Bank. Moreover, (18.4%) of women in Gaza Strip  

suffer from psychological violence versus (10.1%) in West Bank,  (8.2%) of women in Gaza 

Strip suffer from Physical violence versus (6.2%) in West Bank, and (2.1%) of women in 

Gaza Strip  suffer from Sexual violence versus (1.8%) in West Bank . 

 The relationship between type of violence against women by others and region can be tested 

using    test (see appendices 5-8)of independence. Results of the Chi-Square test shows that 

the region is not independent of violence by others as the p-value close to (0.0), this result 

indicate that there is a significant different between type of violence against women living in 

the West Bank and the Gaza Strip. To be more specific we examined the relationship between 

different types of Palestinian governorates and type of violence against women. The    test of 

independence has been also used. Table (3-20) the relation between type of violence against 

women from others and Governorate . 
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Table(3-20)Relation between Violence by Others and Governorate 

 

Governorate 

Violence by Others Total 

No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Jenin Count 251 71 18 3 343 

% within Governorate 73.2% 20.7% 5.2% 0.9% 100.0% 

Tubas Count 84 14 6 3 107 

% within Governorate 78.5% 13.1% 5.6% 2.8% 100.0% 

Tulkarm Count 179 18 5 2 204 

% within Governorate 87.7% 8.8% 2.5% 1.0% 100.0% 

Nablus Count 309 19 31 8 367 

% within Governorate 84.2% 5.2% 8.4% 2.2% 100.0% 

Qalqiliya Count 118 4 3 1 126 

% within Governorate 93.7% 3.2% 2.4% 0.8% 100.0% 

Salfit Count 101 5 7 3 116 

% within Governorate 87.1% 4.3% 6.0% 2.6% 100.0% 

Ramallah and 

Al-Bireh 

Count 272 17 10 9 308 

% within Governorate 88.3% 5.5% 3.2% 2.9% 100.0% 

Jericho and 

Al-Aghwar 

Count 75 10 19 1 105 

% within Governorate 71.4% 9.5% 18.1% 1.0% 100.0% 

Jerusalem J2 Count 119 22 14 1 156 

% within Governorate 76.3% 14.1% 9.0% 0.6% 100.0% 

Jerusalem  J1 Count 219 55 29 11 314 

% within Governorate 69.7% 17.5% 9.2% 3.5% 100.0% 

Bethlehem Count 199 8 4 1 212 

% within Governorate 93.9% 3.8% 1.9% 0.5% 100.0% 

Hebron Count 449 51 34 9 543 

% within Governorate 82.7% 9.4% 6.3% 1.7% 100.0% 

North Gaza Count 172 80 21 10 283 

% within Governorate 60.8% 28.3% 7.4% 3.5% 100.0% 

Gaza Count 325 106 55 13 499 

% within Governorate 65.1% 21.2% 11.0% 2.6% 100.0% 

Deir Al – 

Balah 

Count 172 51 21 4 248 

% within Governorate 69.4% 20.6% 8.5% 1.6% 100.0% 

Khan  Yunis Count 246 39 18 4 307 

% within Governorate 80.1% 12.7% 5.9% 1.3% 100.0% 

Rafah Count 168 4 9 1 182 

% within Governorate 92.3% 2.2% 4.9% 0.5% 100.0% 

Total Count 3458 574 304 84 4420 

% within Governorate 78.2% 13.0% 6.9% 1.9% 100.0% 
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From table (3-20) we can observe the following remarks : 

Women in North Gaza are the most who suffer from different forms of violence by others, 

the percentage women who did not suffer from any forms of violence with rate (60.8%), 

and they are the most who suffer from psychological violence with rate (28.3%) and 

Sexual violence with rate (3.5%) and Jerusalem J1 have the same rate about Sexual 

violence with rate(3.5%). Women in Bethlehem are the most who did not suffer from any 

type of violence with rate (93.9%), and they are the least who suffer from Physical 

violence and Sexual violence with rate(1.9%) and (0.5%) respectively. Women in Rafah 

are the least who suffer from Psychological and sexual violence with rate (2.2%) and 

(0.5%) respectively .The result of the    (see appendices 5-9) test of independence show 

that the governorate is significantly related with the types of violence against women by 

other as the p-value are close to zero. This indicates that some Palestinian governorates 

have much higher prevalence rates than other governorates in different  types of violence 

against women and thus need more attention. To further discuss the effect of type of 

locality in Palestine on type of violence against women, we examined the significance of 

the relationship between type of locality and type of violence against women. The  test 

of independent has been applied. Table (3-21) shows the distribution of women by their 

type of locality and their types of violence. 

 Table(3-21) Relation between violence by others and  type of locality   

Violence by others Locality Total 

Urban Rural Camp 

 

No Violence 

Count 2414 679 365 3458 

% within locality 77.5% 84.8% 72.4% 78.2% 

Psychological Violence Count 437 63 74 574 

% within locality 14.0% 7.9% 14.7% 13.0% 

Physical Violence Count 207 40 57 304 

% within locality 6.6% 5.0% 11.3% 6.9% 

Sexual Violence Count 57 19 8 84 

% within locality 1.8% 2.4% 1.6% 1.9% 

Total Count 3115 801 504 4420 

% within locality 100.0% 100.0% 100.0% 100.0% 

From table (3-21)  we may observe the following remarks: 
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- Women in Rural areas suffer less than women in other types of locality from all forms of 

violence with rate (15.2%) compared to women in urban areas and camp with rate (22.5%) 

and (27.8%) respectively. 

- Women in rural areas are the least women who suffer from psychological and physical 

violence with rate (7.9%) and (5%) respectively, and they are the most who suffer from sexual 

violence with rate (2.4%). 

- Women in camps areas are the most who suffer from psychological and physical violence 

with rate (14.7%) and (11.3%) respectively, and they are the least how suffer from sexual 

violence with rate (1.6%) . 

- (14.7%) of women in camp areas suffer of psychological violence versus (14%) in urban 

areas versus (7.9%) in rural , (11.3%) of women in camps  suffer of physical violence 

versus(6.6%) in urban areas versus (5%) in rural, (1.6%) of women in camps suffer of sexual 

violence versus(1.8%) in urban areas versus (2.4%) in rural.  

Results of the    test (see appendices 5-10) shows that the type of locality is significantly 

related to violence by others  . this indicates that the type of locality  that women live in has 

significant effect on the type of violence by other they suffer from. We now investigate the 

effects of household economic status on violence against women in the Palestinian society 

.Table (3-22) exhibits the relation between violence by others and the household economic 

status . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (3-22)Relation between  violence by others  and economic status  

 

        Violence by others 

In general, do you consider your household situation as Total 

Excellent Very 

good 

good Average Poor Very 

Poor 

 

No Violence 

Count 56 270 669 1896 420 146 3457 

% within household situation 83.6% 81.3% 78.4% 79.0% 73.2% 76.0% 78.2% 

Psychologic

al Violence 

Count 5 42 111 298 93 25 574 

% within household situation 7.5% 12.7% 13.0% 12.4% 16.2% 13.0% 13.0% 

Physical 

Violence 

Count 5 15 57 164 48 15 304 

% within household situation 7.5% 4.5% 6.7% 6.8% 8.4% 7.8% 6.9% 

Sexual 

Violence 

Count 1 5 16 43 13 6 84 

% within household situation  1.5% 1.5% 1.9% 1.8% 2.3% 3.1% 1.9% 

Total Count 67 332 853 2401 574 192 4419 

% within household situation  100% 100% 100% 100% 100% 100% 100% 
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From table (3-22) we can observe that : 

- The women with poor household economic status are the most who suffer from 

psychological violence by others with rate (16.2%) . 

- The women with  poor and very poor  household economic status are the most who 

suffer from physical violence by others with rate (8.4%) and (7.8%) respectively. 

- The women with  poor and very poor  household status are the most who suffer from 

sexual violence by others with rate (2.3%) and  (3.1%) respectively. 

Results of the    test (see appendices 5-11) shows that the household economic status is 

significantly related with violence by others. This indicates that the household economic status 

of women has significant effect on the type of violence they suffer from. 

 

3.4.2  Statistical Analysis of Violence by Other  Using Multinomial Logistic 

Regression : 
 

In this section we analyze the violence against women by others. as a dependent nominal 

variables that involves four categories (No violence, Psychological violence, Physical violence 

and Sexual violence). 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,  their p-values  and  odds  ratios  in  table 

(3-23) below. 

  

Table (3-23) The most important variables in the model 

Variable   p-value Odds 

1 Region West Bank, Gaza strip 0.976 1.020 

 ID02 Governorate : Qalqiliya 0.365 0.602 

ID02 Governorate : Tubas 0.195 0.487 

 ID02 Governorate : Salfit  0.594 0.354 

 ID02 Governorate : Ramallah and Al-Bireh 0.021 0.403 

ID02 Governorate : Jericho and Al-Aghwar 0.699 1.312 

ID02 Governorate : Jerusalem J1 0.000 0.094 

ID02 Governorate : North Gaza 0.041 0.263 

ID02 Governorate : Gaza 0.080 0.341 
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ID02 Governorate : Deir Al – Balah 0.820 0.854 

Loctype locality type: urban  0.915 1.035 

Loctype locality type:  Camp 0.367 1.474 

HC01 type of the residence: Villa 0.684 0.166 

HC01 type of the residence: House 0.660 0.148 

HC01 type of the residence: Apartment 0.727 0.220 

HC01 type of the residence: Independent room  0.326 0.013 

HC09_1 The family have Private car 0.176 1.377 

HC12 In general, do you consider your household situation: 

Excellent 

0.965 1.041 

HC12 In general, do you consider your household situation: Very 

good 

0.268 0.563 

HC12 In general, do you consider your household situation: good 0.370 0.671 

HC12 In general, do you consider your household situation: Average 0.692 0.852 

HC12 In general, do you consider your household situation: Poor 0.617 1.243 

WB01B Your husband faced trouble at work within the last 12 

months 

0.050 4.121 

WB14B One of your children was involved in social illegal issues 

(Subject to law penalties) within the last 12 months 

0.136 0.306 

WZ01 your husband jealous and does not want you to talk with 

other males 

0.996 0.102 

WZ02 your husband try to limit your connections with your family 

or (female) friend 

0.77 0.496 

WZ03 your husband urge you to tell him about whom you talk to 

and where you are always 

0.994 0.033 

WZ08 your husband prohibit you from travelling abroad 0.782 1.762 

WZ10 your husband prohibit you from the freedom of expression 0.823 0.103 

WL01 Who make decision to:  Buying a car (wife ) 0.220 4.107 

WL01 Who make decision to:  Buying a car ( husband ) 0.010 0.264 

WL01 Who make decision to:  Buying a car ( both) 0.408 0.656 

As we can see in the above table, region is the first variable in the model with p-value equal 

(0.976), and the odds ratio equals (1.020), which means that women in Gaza Strip have nearly 
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the same chance to suffer from violence by other. The second significant variable in the model 

is the governorate. For Qalqiliya, Tubas, Salfit, Ramallah and Al-Bireh and Gaza where 

women then have nearly double chance of experiencing violence by other than other women in 

Palestine, women in other governorates particularly Deir Al – Balah, Jericho and Al-Aghwar 

have much less chance of experiencing violence by other and the women in Jerusalem J1 are 

the most who suffer from violence by others. The third variable is type of locality that have 

three categories (Urban , Rural , Camp ). Women in camp nearly have one and half chance of 

experiencing violence by others than women in urban areas and rural with odds ratio as 

(1.474).  The fourth variable is type of residence : women who live in independent room have 

very big chance of experiencing violence by others than other women. Next variable is if the 

family owns a Private car. Women in families who do not have private care suffer from 

violence nearly one and half as much as women in families who have private car , with odds 

ratio as (1.377). Next variable economic status, women with economic status very good and 

good have more chance of experiencing violence by others with odds ratio as (0.563) and 

(0.671 ) respectively. Next variable: is if one the women's children was involved in social 

illegal issues (Subject to law penalties) within the last 12 months have nearly three time more 

chance of experiencing violence by others with odds ratio (0.306). Other significant variables 

include if women's husband jealous which have much more chance of experiencing violence 

by others ( with odds ratio equal 0.102), women's husband try to limit their connections with 

their families or (female) friends ( with odds ratio equal 0.496), women's husbands urge them 

to tell about whom they talk to (with odd ratio equal 0.033) and women's husbands prohibit  

then from the freedom of expression (with odds ratio equal0.103) . 

Since all the above independent variables have significant effects on the dependent 

variable (violence against women by others) with all model parameter significantly 

deferent zero,  all these independent variables have been included in the model .  

Now , we test the goodness of fit of the final model . The results of the test are given in 

table (3-24) below. This  shows that the model provides significant fit to the data as the 

p-value of Pearson goodness of fit test is close to(0.00). 

Table (3- 24) Goodness-of-Fit 

 Chi-Square Df Sig. 

Pearson 40222.225 12303 .000 

Deviance 5350.819 12303 1.000 
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Classification Results of Multinomial Logistic Regression : 

 The initial model (with no independent variables included) can predict violence against 

women with overall percentage of accuracy equals (78.2%). The table below shows the 

classification results of applying the model of multinomial logistic regression. 

Table (3-25)Classification table for multinomial logistic regression without independent variable 

Observed Predicted 

No Violence Psychological Violence Physical Violence Sexual Violence Percent Correct 

No Violence 3458 0 0 0 100.0% 

Psychological Violence 574 0 0 0 0.0% 

Physical Violence 304 0 0 0 0.0% 

Sexual Violence 84 0 0 0 0.0% 

Overall Percentage 100.0% 0.0% 0.0% 0.0% 78.2% 
 

Table (3-25) illustrates that  the model can be predict the first category (No violence) percent 

correct of cases is (100%) and the model cannot be predict any other categories. The table 

below shows the classification results of applying the final model of (MLR). 

Table (3-26)Classification table for multinomial logistic regression with independent variable 

Observed Predicted 

No Violence Psychological Violence Physical Violence Sexual Violence Percent Correct 

No Violence 3127 130 80 99 91.0% 

Psychological Violence 349 169 31 22 29.6% 

Physical Violence 174 26 88 12 29.3% 

Sexual Violence 45 2 2 35 41.7% 

Overall Percentage 84.1% 7.4% 4.6% 3.8% 77.9% 
 

Table (3-26) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (91%), the second category (Psychological violence) with 

percentage accuracy of (29.6%), the third category (Physical violence) with percentage 

accuracy of (29.3%) and the model can correctly predict the fourth category (Sexual violence) 

with percentage accuracy of (41.7%). As we can see from the table,  prediction of the third and 

fourth categories are so small because the elements in those categories are so small. The model 

can predict violence against women with overall percentage accuracy of (77.9%).  
 

The model with independent variables is better than the model without independent variable, 

although the percent correct of cases of model without independent variable slightly larger, 
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because we can see the model with independent variable  can predict elements of  all the 

categories of dependent variable. 

The ROC curve Analysis of Multinomial Logistic Regression Model : 

The ROC curve illustrates the performance of a classifier system as its threshold is varied. As 

it has been described in section (2.5.4 ) in the previous chapter, the ROC curves have been 

drown and exhibited in figure (3-7) and the area under the curve have been computed for 

different classes of the dependent variable in table (3-27). As the ROC curve has been 

designed for the binary classifiers each class has been considered separately as the positive 

values if it was true and all other values were considered negative if that class was false. 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the multinomial logistic regression model. 

Table (3-27) the area under curve  

No violence 0.797 

Psychological 0.807 

Physical violence 0.810 

Sexual violence 0.912 

The area under the curve: 0.9279 
 

The table above shows that the area under the curve of the first category "no violence" is 

(79.7%), the area under the curve of second category "psychological violence" is (80.7%), the 

area under the curve of third category "physical violence" is (81%) and the area under the 

curve of fourth category "sexual violence" is (91.2%). Finally The area under curve of 

 
Figure (3-7) ROC curve of multinomial logistic regression 
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multinomial logistic regression model (multi-class area under the curve) is (92.79%). this 

result indicates that the multinomial logistic regression model performs well as it produces 

very good classification with high correct classification rates for all categories of the 

dependent variable.  

3.4.3  Statistical Analysis of Violence by Others Using Discriminant Analysis 

Now , we analyze the violence against women by others as a categorical variable using 

another classification method; namely the Linear Discriminant Analysis . We examined all the 

available independent variable to be involved in the final model . The resulting discriminant 

functions with the estimates of the parameters of the independent variables included in the 

model appear in table (3-28) below. 

Table (3-28) Classification Results by Discriminant Analysis 
  

 

(Violence by others 

Predicted Group Membership Total 

  
No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Original Count No Violence 3372 57 9 0 3438 

Psychological Violence 517 51 3 0 571 

Physical Violence 259 27 14 0 300 

Sexual Violence 75 5 4 0 84 

Ungrouped cases 79 5 1 0 85 

% No Violence 98.1 1.7 .3 .0 100.0 

Psychological Violence 90.5 8.9 .5 .0 100.0 

Physical Violence 86.3 9.0 4.7 .0 100.0 

Sexual Violence 89.3 6.0 4.8 .0 100.0 

Ungrouped cases 92.9 5.9 1.2 .0 100.0 

Cross-

validated
b
 

Count No Violence 3370 58 10 0 3438 

Psychological Violence 518 49 4 0 571 

Physical Violence 259 29 12 0 300 

Sexual Violence 75 5 4 0 84 

% No Violence 98.0 1.7 .3 .0 100.0 

Psychological Violence 90.7 8.6 .7 .0 100.0 

Physical Violence 86.3 9.7 4.0 .0 100.0 

Sexual Violence 89.3 6.0 4.8 .0 100.0 

a. 78.2% 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. 78.1% of cross-validated grouped cases correctly classified. 
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Table (3-28) illustrates the classification results of the linear discriminant analysis model and 

indicates that  the model can correctly predict the first category (No violence) with percentage 

accuracy of (98.1%), the second category (Psychological violence) with percentage accuracy 

of (8.9%), the third category (Physical violence) with percentage accuracy of (4.7%) and the 

model can correctly predict the fourth category (Sexual violence) with percentage accuracy of 

(0%). As we see from the table prediction of the except first category are so small because the 

elements in this categories are so small. The original  model can predict violence against 

women with overall percentage accuracy of (78.2%). Appling cross-validation technique, we 

found that predicted  violence against women with overall percentage accuracy was (78.1%) 

The ROC curve Analysis of Discriminant Analysis Model : 

The ROC curve has been drown for different categories of dependent variable separately in the 

same graph in figure (3-8) and the area under the ROC curves have been computed for 

different categories of the dependent variable (violence by others: No violence, Psychological 

violence, Physical violence and Sexual violence) and shown in table (3-29). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the discriminant analysis model. 

 
Figure (3-8) ROC curve of the linear discriminant analysis model 
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Table (3-29) the area under curve  

No violence 0.671 

Psychological violence 0.601 

Physical violence 0.540 

Sexual violence 0.50 

Multi-class area under the curve: 0.5284 
 

The table above shows that the area under the curve of the first category "no violence" is 

(71.9%), the area under the curve of second category "psychological violence" is (70.1%), the 

area under the curve of third category "physical violence" is (75.1%) and the area under the 

curve of fourth category "sexual violence" is (78.2%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (52.84%). This 

results indicates that the Discriminant Analysis model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

3.4.4  Statistical Analysis of Violence by Others Using Neural Network : 
Now, we analyze the violence against women by others as a categorical variable using another 

classification method; namely the Neural Network. We examined all the available independent 

variable to be involved in the final model. The resulting neural network with model appear in 

table (3-30) below. 
 

 Table (3-30) Classification by Neural Network 

Sample  

Violence by other 

Predicted 

No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent 

Correct 

Training No Violence 2348 22 1 0 99.0% 

Psychological Violence 388 21 0 0 5.1% 

Physical Violence 211 10 2 0 0.9% 

Sexual Violence 58 4 0 0 0.0% 

Overall Percent 98.0% 1.9% 0.1% 0.0% 77.4% 

Testing No Violence 1046 16 3 0 98.2% 

Psychological Violence 144 17 1 0 10.5% 

Physical Violence 68 9 0 0 0.0% 

Sexual Violence 22 0 0 0 0.0% 

Overall Percent 96.5% 3.2% 0.3% 0.0% 80.2% 

Dependent Variable: Dependent_Variable2 (Violence from others) 

 

Table (3-30) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (99%), the second category (Psychological violence) with 
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percentage accuracy of (5.1%), the third category (Physical violence) with percentage 

accuracy of (0.9%) and can  predict the fourth category (Sexual violence) with percentage 

accuracy of (0%). As we can see from the table prediction of the second, third and fourth 

categories are so small because the elements in those categories are so small. The  model can 

predict violence against women for the training set with overall percentage accuracy of 

(77.4%), and can predict violence against women for the test set  with overall percentage 

accuracy of (80.2%). 

 

The ROC curve Analysis of  Neural Network  Model : 

The ROC curve has been drown for different categories of the dependent variable separately in 

the same graph as in figure (3-9) and the area under the ROC curves have been computed for 

different categories (violence by others: No violence, Psychological violence, Physical 

violence and Sexual violence) and shows in table (3-31). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3-9) ROC curve of the  model Neural Networks 
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Now we see the area under curve in table below for the Neural Network model. 

Table (3-31) the area under curve  

No violence 0.682 

Psychological violence 0.679 

Physical violence 0.640 

Sexual violence 0.609 

Multi-class area under the curve: 0.6139 
 

The table above shows that the area under the curve of the first category "no violence" is 

(68.2%), the area under the curve of second category "psychological violence" is (67.9%), the 

area under the curve of third category "physical violence" is (64%) and the area under the 

curve of fourth category "sexual violence" is (60.9%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (61.39%). There 

results indicates that the Neural Network  model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

 

3.4.5 Comparison Between the Three Statistical Methods: 
 

Table (3-32). Shown the correct classification rates of the three statistical methods for 

second dependent variable(violence by others). 
 

Table (3-32) Classification Result of three statistical methods: 

 Multinomial logistic Discriminant Analysis Neural Network  

Classification 77.9% 78.2% 77.4% 

 

Table (3-32) illustrates that  the (MLR) model can be predict the violence against women by 

others with correct classification rate of (77.9%), the (DA) model  can predict the violence 

against women by others with correct classification rate (78.2%)  and the (NN) model can be 

predict the violence against women by other  with correct classification rate of (77.4%). The 

ROC curve has been drown for three statistical methods for dependent variable (violence by 

others) separately in the graph as in figure (3-10) and the area under the ROC curves have 

been computed for different categories (violence by others: No violence , Psychological 

violence, Physical violence and Sexual violence) and shows in table (3-33). 
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Now we see the area under curve in table below for the three statistical methods. 

Table (3-33), area under the curve for three statistical methods  

 MLR DA NN 

The area under the curve 0.9279 0.5284 0.6139 

 

The table above shows that the area under the curve of the three statistical methods, The area 

under the curve for the (MLR) is (92.79%),  The area under the curve for the(DA) is (52.84%) 

and the area under the curve for (NN) is (61.39%).  

The multinomial logistic regression (MLR) give the best model compared to Discriminant 

Analysis (DA) and Neural Network (NN). 

Thus the results we have from Multinomial Logistic Regression model are much better 

than the results of both Discriminant Analysis and Neural Network model for this data set . 

 

 

 

 

Figure (3-10) ROC curve of the three statistical models 
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3.5  Violence in Other Places  

3.5.1  Preliminary Analysis : 

The term "other places" means here (Street, Shopping places (Market or shopping stores), 

Israeli check points, Transportation, Health, social, cultural services centers, 

School/university, Work place). Investigating the violence against women in other place, we 

now illustrate some  descriptive statistics for the important variables in the study . 

 

 

 

 

 

 

 

 
 

Table (3-34) illustrates that (13.1%) of women in sample suffer from violence in other Places. 

(86.9%) of women in sample did not suffer from any type of violence, (8.9%)of women in 

sample suffered from Psychological violence, (1.2%) suffered from Physical violence and 

(3%) suffered from sexual violence. Figure (3.11) illustrates the above percentages.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In order to compare the prevalence rates of violence against women in other place in the West 

Bank and Gaza Strip , we illustrate the distribution of violence cases by type of violence and 

Table (3-34) Frequencies for  Violence form in other places 

Violence in other place Frequency Valid Percent 

No Violence 3867 86.9 

Psychological Violence 397 8.9 

Physical Violence 55 1.2 

Sexual Violence 132 3.0 

Total 4451 100.0 

Figure (3-11) percentage  of violence  in other places 
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region in table (3-35). Table (3-35) show the relation between violence in other place and the 

region . 

 Table (3-35)Relation between Violence in other places and region  

Violence form in other places Region Total 

West Bank Gaza strip 

No Violence Count 2595 1272 3867 

% within region 89.0% 82.8% 86.9% 

Psychological Violence Count 208 189 397 

% within region 7.1% 12.3% 8.9% 

Physical Violence Count 40 15 55 

% within region 1.4% 1.0% 1.2% 

Sexual Violence Count 72 60 132 

% within region 2.5% 3.9% 3.0% 

Total Count 2915 1536 4451 

% within region 100.0% 100.0% 100.0% 
 

From Table (3-35) we can see that women in Gaza Strip suffer more than women in West 

Bank from psychological violence and sexual. Among these (17.2%) of women in Gaza Strip 

suffer from violence in other places versus (11%)  in West Bank moreover, (12.3%) of women 

in Gaza Strip are suffer from psychological violence versus  (7.1%) in West Bank,  (3.9%) of 

women in Gaza Strip are suffer from Sexual violence versus (2.5%) in West Bank, (1.0%) of 

women in Gaza Strip suffer of Physical violence versus (1.4%)in West Bank. 

 The relationship between the type of violence against women in other place and region can be 

tested using    test (see appendices 5-15) of independence. Results of the Chi-Square test 

shows that the region is not independent of the violence in other places as the p-value close to 

(0.0). This is result indicate that there is a significant different between type of violence 

against women living in the West Bank and the Gaza Strip. To be more specific we examined 

the relationship between different types of Palestinian governorates and type of violence 

against women. The    test of independence test has been also used. Table (3-36) exhibits 

The relation between type of violence against women in other place  and Governorate as 

independent variable. 
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Table(3-36)Relation between violence in other place and  Governorate  

Governorate Violence form in other places Total 

No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

 

Jenin 

Count 278 48 6 11 343 

% within Governorate 81.0% 14.0% 1.7% 3.2% 100.0% 

Tubas Count 97 4 2 5 108 

% within Governorate 89.8% 3.7% 1.9% 4.6% 100.0% 

Tulkarm Count 194 10 0 2 206 

% within Governorate 94.2% 4.9% 0.0% 1.0% 100.0% 

Nablus Count 350 10 3 10 373 

% within Governorate 93.8% 2.7% 0.8% 2.7% 100.0% 

Qalqiliya Count 119 7 0 0 126 

% within Governorate 94.4% 5.6% 0.0% 0.0% 100.0% 

Salfit Count 106 8 1 1 116 

% within Governorate 91.4% 6.9% 0.9% 0.9% 100.0% 

Ramallah and  Al-Bireh Count 284 16 5 3 308 

% within Governorate 92.2% 5.2% 1.6% 1.0% 100.0% 

Jericho and  Al-Aghwar Count 92 8 4 2 106 

% within Governorate 86.8% 7.5% 3.8% 1.9% 100.0% 

Jerusalem J2 Count 143 12 1 1 157 

% within Governorate 91.1% 7.6% 0.6% 0.6% 100.0% 

Jerusalem  J1 Count 239 46 9 22 316 

% within Governorate 75.6% 14.6% 2.8% 7.0% 100.0% 

Bethlehem Count 208 4 0 1 213 

% within Governorate 97.7% 1.9% 0.0% 0.5% 100.0% 

Hebron Count 485 35 9 14 543 

% within Governorate 89.3% 6.4% 1.7% 2.6% 100.0% 

North Gaza Count 226 57 3 10 296 

% within Governorate 76.4% 19.3% 1.0% 3.4% 100.0% 

Gaza Count 388 81 9 22 500 

% within Governorate 77.6% 16.2% 1.8% 4.4% 100.0% 

Deir Al – Balah Count 213 29 1 7 250 

% within Governorate 85.2% 11.6% 0.4% 2.8% 100.0% 

Khan  Yunis Count 274 16 1 19 310 

% within Governorate 88.4% 5.2% 0.3% 6.1% 100.0% 

Rafah Count 171 6 1 2 180 

% within Governorate 95.0% 3.3% 0.6% 1.1% 100.0% 

Total Count 3867 397 55 132 4451 

% within Governorate 86.9% 8.9% 1.2% 3.0% 100.0% 
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From table (3-36) we can observe the following remarks :  

Women in Jerusalem J1 are the most who suffer from violence, the percentage of women that 

did not suffer of any types of violence is (75.6%) , and those women are the most who suffer 

from Sexual violence with rate (7%) . Women in Bethlehem are the most  who did not  suffer 

from any form of violence with rate (97.7%) , and they are the least women suffer from 

Psychological and Physical violence with rate (1.9%), (0%) respectively ,  Tulkarm and 

Qalqiliya have the same rate of Physical violence (0%). Women in North Gaza  are the most 

who suffer of Psychological violence with rate (19.3%). Women in Qalqiliya are the least 

women who suffer from Sexual  violence with rate (0%). The result of the     test of 

independence show that the Governorate is significantly related with the types of violence 

against women in other place as the p-value are close to zero. This indicates that some 

Palestinian governorates have much higher prevalence rates than other governorates in 

different  types of violence against women and thus need more attention. To further discuss 

the effect of type of locality in Palestine on type of violence against women, we examined the 

significance of the relationship between type of locality and type of violence against women. 

The    test (see appendices 5-16) of independent has been applied. Table (3.37) shows the 

distribution of women by their type of locality and their types of violence. 

Table(3-37) Relation between violence in other places and type of locality 

Violence form in other places Locality Total 

Urban Rural Camp 

 

No Violence 

Count 2718 728 421 3867 

% within locality 86.6% 90.3% 83.2% 86.9% 

Psychological Violence Count 280 59 58 397 

% within locality 8.9% 7.3% 11.5% 8.9% 

Physical Violence Count 36 9 10 55 

% within locality 1.1% 1.1% 2.0% 1.2% 

Sexual Violence Count 105 10 17 132 

% within locality 3.3% 1.2% 3.4% 3.0% 

Total Count 3139 806 506 4451 

% within locality 100.0% 100.0% 100.0% 100.0% 

 

From table (3-37) we may observe the following : 
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- Women in rural areas suffer less than women in other types of locality from all forms 

of violence with rate (9.7%) comparison to women in urban areas and camps  with rate 

(13.4%) and (16.8%) respectively . 

-  Women in camp area suffer more than all women in different types of locality from all 

forms of violence with rate (16.8%) and (11.5%%) of women in camps suffer of 

psychological violence and (8.9%) in urban areas versus (7.3%) in rural, (2%) of 

women in camps suffer of physical violence and (1.1%) in urban areas versus (1.1%) 

in rural , (3.4%) of women in camps suffer of sexual violence and (3.3%) in urban 

areas and (1.2%) in rural. 

Results of the above table    test (see appendices 5-17) shows that the locality as 

independent variable is significantly related with the types of violence against women as 

dependent variable . which indicated that the type of locality  that women live in has 

significant effect on the type of violence they suffer from. Table (3-38)exhibits the relation 

between violence form in other places and the household economic status: 

 Table (3-38 )Relation between  Violence in other places and  household economic status  

Violence form in other places In general, do you consider your household situation as Total 

Excellent Very 

good 

Good Average Poor Very 

Poor 

No Violence Count 57 284 739 2122 495 169 3866 

% within household economic status  81.4% 84.5% 86.1% 87.9% 85.2% 88.0% 86.9% 

Psychological 

Violence 

Count 7 38 83 187 63 19 397 

% within household economic status 10.0% 11.3% 9.7% 7.7% 10.8% 9.9% 8.9% 

Physical 

Violence 

Count 2 3 8 34 7 1 55 

% within household economic status 2.9% 0.9% 0.9% 1.4% 1.2% 0.5% 1.2% 

Sexual 

Violence 

Count 4 11 28 70 16 3 132 

% within household economic status 5.7% 3.3% 3.3% 2.9% 2.8% 1.6% 3.0% 

Total Count 70 336 858 2413 581 192 4450 

% within household economic status 100% 100% 100% 100% 100% 100% 100% 

From table (3-38) we can see in general the women with  household economic status  

(Excellent) and (very good) are the most women who suffer from violence in other places with 

rate (18.6%) and (15.5%) respectively. 

- Women with (Excellent) household economic status are the most who suffer of 

Physical violence with rate (2.9%). 
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- Women with (Excellent) , (very Good) and (Good) household economic status  are the 

most who suffer from sexual  violence with rate (5.7%) , (3.3%) and (3.3%) 

respectively.  

Results of the    test (see appendices 5-18)shows that the household economic status is not 

significantly related to violence in others places . 

This because the ratios is nearly close. 
 

 

3.5.2   Statistical Analysis of Violence in Other Places Using Multinomial 

Logistic Regression : 
 

In this section we analyze the violence against women in other places, as a dependent nominal 

variable that involves four categories (No violence, Psychological violence, Physical violence 

and Sexual violence). 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,  their p-values and  odds ratios  in  table 

(3-39) below . 

Table (3-39) The most important variables in the model 

Variable   p-value Odds 

1 Region West Bank, Gaza strip 0.707 0.788 

 ID02 Governorate : Qalqiliya 0.502 1.633 

ID02 Governorate : Tubas 0.551 0.706 

 ID02 Governorate : Salfit 0.631 1.397 

 ID02 Governorate : Jerusalem J2 0.487 1.549 

ID02 Governorate : Jerusalem J1 0.072 0.457 

ID02 Governorate : North Gaza 0.556 0.686 

ID02 Governorate : Gaza 0.230 0.499 

ID02 Governorate : Deir Al – Balah 0.583 0.702 

ID02 Governorate : Khan Yunis 0.192 0.463 

HC01 type of the residence: Villa 0.776 0.412 

HC01 type of the residence: House 0.915 0.721 
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HC01 type of the residence: Apartment 0.900 0.683 

HC01 type of the residence: Independent room  0.996 1.016 

HC12 In general, do you consider your household situation: 

Excellent 

0.568 0.639 

HC12 In general, do you consider your household situation: 

Very good 

0.828 0.878 

HC12 In general, do you consider your household situation: 

good 

0.673 0.798 

HC12 In general, do you consider your household situation: 

Average 

0.664 0.803 

HC12 In general, do you consider your household situation: 

Poor 

0.646 0.785 

WB01B Your husband faced troubles at work within the last 

12 months 

0.803 0.842 

WB14B One of your children was involved in social illegal 

issues (Subject to law penalties) within the last 12 

months 

0.149 0.396 

WZ01 your husband jealous and does not want you to talk 

with other males 

0.670 0.033 

WZ02 your husband try to limit your connections with your 

family or (female) friend 

0.961 1.132 

WZ03 your husband urge you to tell him about whom you 

talk to and where you are always 

0.881 6.762 

WZ08 your husband prohibit you from travelling abroad 0.954 1.288 

WZ10 your husband prohibit you from the freedom of 

expression 

0.831 2.195 

WL01 Who make decision to:  Buying a car (wife ) 0.945 0.938 

WL01 Who make decision to:  Buying a car ( husband ) 0.854 0.854 

WL01 Who make decision to:  Buying a car ( both) 0.565 0.746 

 

As we can see in the above table, region is the first variable in the model with p-value equal 

(0.707) ,and the odds ratio equals (0.788) which means that women in Gaza Strip have the 
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chance to suffer from violence in other place approximately one and half as much as women in 

West Bank. The second variable in the model is the governorate: Khan Yunis , Deir Al – 

Balah , Gaza, North Gaza and Jerusalem J1 where women have nearly double the chance of 

experiencing violence in other places than other women in other governorates in Palestine. 

Third variable is the type of the residence: women who live in villa, apartment and house have 

the chance to suffer from violence in other places approximately nearly twice with odds ratio 

(0.412) , (0.683) and (0.721) respectively. Next variable economic status, women with 

excellent economic status have the chance to suffer from violence in other places 

approximately nearly twice with odds ratio (0.639). Next variable is if women's husbands had 

troubles at work within the last 12 months have the chance to suffer from violence in other 

places approximately nearly one and half with odds ratio (0.842). Next variable: is if one of 

the women's children was involved in social illegal issues (Subject to law penalties) within the 

last 12 months have nearly triple chance of experiencing violence in other places with odds 

ratio (0.396). Other significant variable include if women's husband which have much more 

chance of experiencing violence in other places (with odds ratio 0.033), women's husbands 

urge them to tell about whom they talk to, and women's husbands jealous and does not want 

him  to talk with other males have much less  the chance to suffer from violence in other 

places. 

Since all the above independent variables have significant effects on the dependent 

variable (violence against women in other places) with all model parameters 

significantly deferent from Zero, all these independent variables have been included in 

the model. Now, we test the goodness of fit of the final model . The results of the test 

are given in table (3-40) below, this  shows that the model provides significant fit to the 

data as the p-value of Pearson close to(0.00). 

 

Table (3- 40) Goodness-of-Fit 

 Chi-Square Df Sig. 

Pearson .
a
 12396 . 

Deviance 559433.574 12396 .000 

a. Floating point overflow occurred while computing this 

statistic. Its value is therefore set to system missing. 
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Classification Result of  Multinomial Logistic Regression : 

The initial model (with no independent variables included) can predict violence against 

women overall percentage of accuracy (86.9%) (see appendices 21). the table below shows the 

classification results of applying the final model of multinomial logistic regression. 

Table (3-41)Classification table for multinomial logistic regression with independent variable 

Observed Predicted 

No Violence Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent 

Correct 

No Violence 3834 4 10 3 99.6% 

Psychological Violence 374 10 3 1 2.6% 

Physical Violence 41 0 11 0 21.2% 

Sexual Violence 127 0 0 4 3.1% 

Overall Percentage 99.0% 0.3% 0.5% 0.2% 87.3% 

 

Table (3-41) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (99.6%), the second category (Psychological violence) with 

percentage accuracy of (2.6%), the third category (Physical violence) with percentage 

accuracy of (21.2%) and the model can correctly predict the fourth category (Sexual violence) 

with percentage accuracy of (3.1%). As we can see from the table  prediction except first 

category is so small because the elements in these categories are so small. The model can 

predict violence against women with overall percentage accuracy of  (87.3%) .  

 

The model with independent variables is better than the model without independent variable , 

although the percent correct of cases of model without independent variable slightly larger , 

because  we can see the model with independent variable  can predict elements of  all the 

categories of dependent variable. 

The ROC curve Analysis of Multinomial Logistic Regression Model : 

The ROC curve illustrates the performance of a classifier system as its threshold is varied. As 

it has been described in section (2.5.4 ) in the previous chapter, the ROC curves have been 

drown and exhibited in figure (3-12 ) and the area under the curve have been computed for 

different classes of the dependent variable in table (3-42). As the ROC curve has been 



 (34) 
 

designed for the binary classifiers each class has been considered separately as the positive 

values if it was true and all other values were considered negative if that class was false. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the multinomial logistic regression model. 

Table (3-42) the area under curve  

No violence 0.806 

Psychological violence 0.824 

Physical violence 0.934 

Sexual violence 0.857 

The area under the curve: 0.9249 
 

The table above shows that the area under the curve of the first category "no violence" is 

(80.6%), the area under the curve of second category "psychological violence" is (82.4%), the 

area under the curve of third category "physical violence" is (93.4%) and the area under the 

curve of fourth category "sexual violence" is (85.7%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (92.49%). this 

result indicates that the multinomial logistic regression model performs well as it produces 

very good classification with high correct classification rates for all categories of the 

dependent variable. 

 

 

Figure (3-12) ROC curve of multinomial logistic regression 
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3.5.3  Statistical Analysis of Violence in Other Places Using Discriminant 

Analysis : 

Now, we analyze the violence against women in other places as a categorical variable using 

another classification method; namely the Linear Discriminant Analysis. We examined all the 

available independent variable to be involved in the final model. The resulting discriminant 

functions with the estimates of the parameters of the independent variables included in the 

model appear in table (3-43) below. 

 

 Table (3-43) Classification Results by Discriminant Analysis 
  

Violence form in other 

places 

Predicted Group Membership Total 

  
No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Original Count No Violence 3838 15 0 0 3853 

Psychological Violence 378 10 0 0 388 

Physical Violence 52 0 0 0 52 

Sexual Violence 129 2 0 0 131 

Ungrouped cases 54 0 0 0 54 

% No Violence 99.6 .4 .0 .0 100.0 

Psychological Violence 97.4 2.6 .0 .0 100.0 

Physical Violence 100.0 .0 .0 .0 100.0 

Sexual Violence 98.5 1.5 .0 .0 100.0 

Ungrouped cases 100.0 .0 .0 .0 100.0 

Cross-

validated
b
 

Count No Violence 3837 16 0 0 3853 

Psychological Violence 379 9 0 0 388 

Physical Violence 52 0 0 0 52 

Sexual Violence 129 2 0 0 131 

% No Violence 99.6 .4 .0 .0 100.0 

Psychological Violence 97.7 2.3 .0 .0 100.0 

Physical Violence 100.0 .0 .0 .0 100.0 

Sexual Violence 98.5 1.5 .0 .0 100.0 

a. 87.0% 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. 86.9% of cross-validated grouped cases correctly classified. 

Table (3-43) illustrates the classification results of the linear discriminant analysis model and 

indicates that  the model can correctly predict the first category (No violence) with percentage 
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accuracy of (99.6%), the second category (Psychological violence) with percentage accuracy 

of (2.6%), the third category (Physical violence) with percentage accuracy of (0.0%) , and can  

predict the fourth category (Sexual violence) with percentage accuracy of (0.0%). As we can 

see from the table  prediction except first category is so small because the elements in these 

categories are so small. The original  model can predict violence against women with overall 

percentage accuracy of (87%). Appling cross-validation technique, we found that predicted  

violence against women with overall percentage accuracy was (86.9%) 

 

The ROC curve Analysis of Discriminant Analysis Model : 

The ROC curve has been drown for different categories of dependent variable separately in the 

same graph in figure (3-13) and the area under the ROC curves have been computed for 

different categories of dependent variable (violence in other places: No violence , 

Psychological violence, Physical violence and Sexual violence) and shown in table (3-44) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the discriminant analysis model. 

 

 
Figure (3-13) ROC curve of the linear discriminant analysis model 
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Table (3-44) the area under curve  

No violence 0.691 

Psychological violence 0.690 

Physical violence 0.524 

Sexual violence 0.501 

Multi-class area under the curve: 0.5193 
 

The table above shows that the area under the curve of the first category "no violence" is 

(70.7%), the area under the curve of second category "psychological violence" is (69%), the 

area under the curve of third category "physical violence" is (77.7%) and the area under the 

curve of fourth category "sexual violence" is (72.3%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (51.93%). This 

results indicates that the Discriminant Analysis model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

 

3.5.4  Statistical Analysis of Violence in Other Places Using Neural Network 

 
Now, we analyze the violence against women in other places as a categorical variable 

using another classification method; namely the Neural Network. We examined all the 

available independent variables to be involved in the final model. The resulting neural 

network with model appear in table (3-45) below. 

Table (3- 45) Classification by Neural  Network 

Sample Observed Predicted 

No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent 

Correct 

Training No Violence 2642 0 0 3 99.9% 

Psychological Violence 271 0 0 1 0.0% 

Physical Violence 44 0 0 0 0.0% 

Sexual Violence 81 0 0 1 1.2% 

Overall Percent 99.8% 0.0% 0.0% 0.2% 86.9% 

Testing No Violence 1205 1 0 0 99.9% 

Psychological Violence 116 0 0 0 0.0% 

Physical Violence 8 0 0 0 0.0% 

Sexual Violence 49 0 0 0 0.0% 

Overall Percent 99.9% 0.1% 0.0% 0.0% 87.4% 

Dependent Variable: Violence form in other places 

 



 (33) 
 

Table (3-45) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (99.9%), the second category (Psychological violence) with 

percentage accuracy of (0.0%), the third category (Physical violence) with percentage 

accuracy of (0.0%), and can  predict the fourth category (Sexual violence) with percentage 

accuracy of (1.2%). As we can see from the table,  prediction except first category is so small 

because the element in these categories are so small. The model can predict violence against 

women for the training set with overall percentage accuracy of (77.4%). And the model can 

predict violence against women for the test set with overall percentage accuracy of (80.2%) 

 

The ROC curve Analysis of  Neural Network  Model: 

The ROC curve has been drown for different categories of dependent variable separately in the 

same graph in figure (3-14) and the area under the ROC curves have been computed for 

different categories (violence in other places: No violence , Psychological violence, Physical 

violence and Sexual violence) and shows in table (3-46) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure (3-14) ROC curve of the  model Neural Networks 
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Now we see the area under curve in table below for the Neural Network model. 

Table (3-46) the area under curve  

No violence 0.717 

Psychological violence 0.715 

Physical violence 0.665 

Sexual violence 0.643 

Multi-class area under the curve: 0.6537 
 

The table above shows that the area under the curve of the first category "no violence" is 

(71.7%), the area under the curve of second category "psychological violence" is (71.5%), the 

area under the curve of third category "physical violence" is (66.5%) and the area under the 

curve of fourth category "sexual violence" is (64.3%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (65.37%). There 

results indicates that the Neural Network  model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

 
 

3.5.5  Comparison Between the Three Statistical Methods : 
 

Table (3-47). Shown the correct classification rates of the three statistical methods for third  

dependent variable(violence against women in other places). 
 

 

Table (3-47) Classification Result of three statistical methods: 

 Multinomial logistic Discriminant Analysis Neural Network  

Classification 87.3% 87% 86.9% 

 

Table (3-47) illustrates that  the (MLR) model can be predict the violence against women by 

others with correct classification rate of (87.3%), the (DA) model  can predict the violence 

against women by others with correct classification rate (87%)  and the (NN) model can be 

predict the violence against women by other  with correct classification rate of (86.9%). The 

ROC curve has been drown for three statistical methods for dependent variable (violence by 

others) separately in the graph as in figure (3-15) and the area under the ROC curves have 

been computed for different categories (violence in other places: No violence , Psychological 

violence, Physical violence and Sexual violence) and shows in table (3-48). 
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Now we see the area under curve in table below for the three statistical methods. 

Table (3-48), area under the curve for three statistical methods  

 MLR DA NN 

The area under the curve 0.9249 0.5193 0.6537 
 

The table above shows that the area under the curve of the three statistical methods, The area 

under the curve for the (MLR) is (92.49%),  The area under the curve for the(DA) is (51.93%) 

and the area under the curve for (NN) is (65.37%).  

The multinomial logistic regression (MLR) give the best model compared to Discriminant 

Analysis (DA) and Neural Network (NN). 

Thus the results we have from Multinomial Logistic Regression model are better than the 

results of both Discriminant Analysis and Neural Network model for this data set . 

 

 

 

 

 

 

Figure (3-15) ROC curve of the three statistical models 
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3.6  Violence of All Sources  

3.6.1  Preliminary Analysis  : 

Investigating the violence against women for each sources, we now illustrate some  descriptive 

statistics for the important variables in the study . 

 

 

 

 

 

Table (3-49) illustrates that (67%) of women in the sample suffer from violence for all 

sources. (33%) of women in the sample did not  suffer from any type of violence, (34.8%) 

suffered from Psychological violence, (17.6%) suffered from  physical violence and (14.6%) 

suffered from sexual violence. Figure (3.16) illustrates the above percentages. These results 

indicate that psychological violence is the most prominent type of violence against women for 

all sources in the Palestinian society . 

 

 

 

 

 

 

 

In order to compare the prevalence rates of violence against women from all sources in the 

West Bank and Gaza Strip , we illustrate the distribution of violence cases by types of 

 

Table (3-49) Frequencies for types of violence of all sources  

 Frequency Valid Percent 

No Violence 1445 33.0 

Psychological Violence 1521 34.8 

Physical Violence 772 17.6 

Sexual Violence 638 14.6 

Total 4376 100.0 

 

Figure(3- 16) Frequencies for types of violence for all sources  
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violence and region in table (3.50). Table (3-50) shown the relationship between violence for 

all sources and the region . 

Table (3-50) Relation between violence from all sources and region 

violence of all sources Region Total 

West bank Gaza strip 

 

No Violence 

Count 1189 256 1445 

% within Region 41.4% 17.0% 33.0% 

Psychological Violence Count 916 605 1521 

% within Region 31.9% 40.2% 34.8% 

Physical Violence Count 403 369 772 

% within Region 14.0% 24.5% 17.6% 

Sexual Violence Count 363 275 638 

% within Region 12.6% 18.3% 14.6% 

Total Count 2871 1505 4376 

% within Region 100.0% 100.0% 100.0% 
 

From Table (3-50) we can see that women in Gaza Strip suffer more than women in West 

Bank of all types of violence. Among these (83%)of women in Gaza Strip  suffer from 

violence versus (58.6%)  in West Bank. Moreover, (40.2%) of women in Gaza Strip suffer 

from Psychological violence versus (31.9%) in West Bank,  (24.5%)of women in Gaza 

Strip suffer from Physical violence versus (14%) in West Bank, and (18.3%) of women in 

Gaza Strip  suffer from sexual violence versus (12.6%) in West Bank. 

 The relationship between types of violence against women from all sources and region can 

be tested using    test (see appendices 5-22) of independence test. Results of the Chi-

Square test show that the region as not independent of the violence from all sources as the 

p-value close to (0.0). This is results indicate that there is a significant different between 

type of violence against women living in the West Bank and the Gaza Strip. To be more 

specific we examined the relationship between different types of Palestinian governorates 

and types of violence against women, the   test of independence test has been also used  

this relationship.. Table (3-51) exhibits the relation between types of violence against 

women from all sources and Governorate as independent variable. 
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 Table (3-51)Relation between violence from all sources and  Governorate 

Governorate violence of all sources  Total 

No 

Violence 

Psychologica

l Violence 

Physical 

Violence 

Sexual 

Violence 

Jenin Count 115 126 56 42 339 

% within Governorate. 33.9% 37.2% 16.5% 12.4% 100.0% 

Tubas Count 45 35 11 14 105 

% within Governorate. 42.9% 33.3% 10.5% 13.3% 100.0% 

Tulkarm Count 76 82 22 20 200 

% within Governorate. 38.0% 41.0% 11.0% 10.0% 100.0% 

Nablus Count 165 86 69 46 366 

% within Governorate. 45.1% 23.5% 18.9% 12.6% 100.0% 

Qalqiliya Count 66 43 8 9 126 

% within Governorate. 52.4% 34.1% 6.3% 7.1% 100.0% 

Salfit Count 37 49 14 16 116 

% within Governorate. 31.9% 42.2% 12.1% 13.8% 100.0% 

Ramallah and Al-

Bireh 

Count 168 82 29 28 307 

% within Governorate. 54.7% 26.7% 9.4% 9.1% 100.0% 

Jericho and  Al-

Aghwar 

Count 29 26 25 24 104 

% within Governorate. 27.9% 25.0% 24.0% 23.1% 100.0% 

Jerusalem J2 Count 62 62 20 10 154 

% within Governorate. 40.3% 40.3% 13.0% 6.5% 100.0% 

Jerusalem J1 Count 87 106 54 58 305 

% within Governorate. 28.5% 34.8% 17.7% 19.0% 100.0% 

Bethlehem Count 131 50 17 14 212 

% within Governorate. 61.8% 23.6% 8.0% 6.6% 100.0% 

Hebron Count 208 169 78 82 537 

% within Governorate. 38.7% 31.5% 14.5% 15.3% 100.0% 

North Gaza Count 23 129 72 58 282 

% within Governorate. 8.2% 45.7% 25.5% 20.6% 100.0% 

Gaza Count 43 195 137 118 493 

% within Governorate. 8.7% 39.6% 27.8% 23.9% 100.0% 

Deir Al – Balah Count 19 115 70 42 246 

% within Governorate. 7.7% 46.7% 28.5% 17.1% 100.0% 

Khan Yunis Count 84 120 58 44 306 

% within Governorate. 27.5% 39.2% 19.0% 14.4% 100.0% 

Rafah Count 87 46 32 13 178 

% within Governorate. 48.9% 25.8% 18.0% 7.3% 100.0% 

Total Count 1445 1521 772 638 4376 

% within Governorate. 33.0% 34.8% 17.6% 14.6% 100.0% 
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From table (3-51) we can observe the following remarks : 

- Women in Deir Al-Balah are the most , who suffer from different forms of violence, the 

women that do not suffer of any forms of violence is only (7.7%), and they are the most who 

suffer from psychological violence with rate (46.7%) and physical violence with rate (28.5%).  

- Women in Bethlehem are the most who don't suffer from any form of violence with rate 

(61.8%). 

- Women in Gaza city are the most who suffer of sexual violence with rate (23.9%). 

- Women in Nablus are the least who suffer from Psychological Violence with rate (23.5%). 

- Women in Qalqiliya are the least who suffer from Physical Violence with rate (6.3%). 

-Women in Jerusalem J2 are the least who suffer from sexual violence  with rate (6.5%). 

The results of the     test of independence show that the Governorate is significantly related 

with the types of violence against women  for all sources as the p-value are close to zero. This 

indicates that some Palestinian governorates have much higher prevalence rates than other 

governorates in different  types of violence against women and thus need more attention. To 

further discuss the effect of types of locality in Palestine on type of violence against women, 

we examined the significant of the relationship between types of locality and types of violence 

against women. The    test (see appendices 5-23) of independent has been applied. table (3-

52) shows the distribution of women by their types of locality and their types of violence. 

Table(3-52)Relation between violence from all sources and type of locality  

violence of all sources Locality Total 

Urban Rural Camp 

No Violence Count 996 357 92 1445 

% within locality 32.3% 44.7% 18.7% 33.0% 

Psychological Violence Count 1091 242 188 1521 

% within locality 35.4% 30.3% 38.1% 34.8% 

Physical Violence Count 536 108 128 772 

% within locality 17.4% 13.5% 26.0% 17.6% 

Sexual Violence Count 461 92 85 638 

% within locality 14.9% 11.5% 17.2% 14.6% 

Total Count 3084 799 493 4376 

% within locality 100.0% 100.0% 100.0% 100.0% 

 From table (3-52) we may observe the following : 

-  
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- Women in rural areas suffer less than women in other types of localities from all forms of 

violence with rate (55.3%) compared to women in urban areas and camps with rate 

(67.7%) and (81.3%) respectively. 

-  (38.1) of women in camp suffer from psychological violence versus(35.4%) in urban 

areas and (30.3%) in rural areas. (26%) of women in camps suffer from physical 

violence versus (17.4%) in urban areas and (13.5%) in rural areas. (17.2%) of women 

in camps suffer from sexual violence versus(14.9%) in urban  areas and  (11.5%) in 

rural areas . 

Results of the    test (see appendices 5-24) show that the type of location is significantly 

related with the violence of all sources against women. which indicated that the type of 

locality  that women live in has significant effect on the type of violence they suffer from. 

We now investigate the effects of household economic status on violence against women 

in the Palestinian society. Table (3-53) exhibits the relation between violence from all 

sources and household economic status. 

From table (3-53) we can observe: Women with excellent and very good  household economic 

status  are the most  who suffer from psychological violence with rate (40%) and (39.4%) 

respectively. 

- The women with  poor and very poor household economic status are the most who suffer 

from physical  violence with rate (24.3%) and (26.7%) respectively. 

                      Table(3-53)  Relation between  violence for all sources and economic status 

 violence for all sources In general, do you consider your household situation as Total 

Excellent Very good  Good Average Poor Very poor 

No Violence Count 20 119 283 821 157 44 1444 

% within economic status  30.8% 36.4% 33.4% 34.5% 27.7% 23.0% 33.0% 

Psychological 

Violence 

Count 26 129 309 844 159 54 1521 

% within economic status 40.0% 39.4% 36.5% 35.5% 28.0% 28.3% 34.8% 

Physical 

Violence 

Count 8 43 137 395 138 51 772 

% within economic status 12.3% 13.1% 16.2% 16.6% 24.3% 26.7% 17.6% 

Sexual 

Violence 

Count 11 36 118 318 113 42 638 

% within economic status 16.9% 11.0% 13.9% 13.4% 19.9% 22.0% 14.6% 

Total Count 65 327 847 2378 567 191 4375 

% within economic status 100% 100% 100% 100% 100% 100% 100% 
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- The women with poor and very poor  household economic status are the most who suffer 

from sexual  violence with rate (19.9%)and  (22%) respectively. 

Results of the Chi-Square test (see appendices 5-25) show that the household economic status 

is significantly related  with violence of all sources as the p-value close to (0.0). This indicates 

that the household economic status of women has significant effect on the type of violence 

they suffer from. 

 

3.6.2  Statistical Analysis of Violence Against Women of All Sources  Using 

Multinomial Logistic Regression : 

 
In this section we  analyze the violence against women of all sources. as a dependent nominal 

variables that involves four categories (No violence, Psychological Violence, Physical 

Violence and Sexual Violence). 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, their p-value and odds ratios in table 

below.  

Table (3-54) The most important variables in the model 

Variable   p-value Odds 

1 Region West Bank, Gaza strip 0.108 0.469 

 ID02 Governorate : Qalqiliya 0.011 3.480 

 ID02 Governorate : Salfit 0.152 0.548 

 ID02 Governorate : Jerusalem J2 0.143 1.955 

ID02 Governorate : Jerusalem J1 0.000 0.213 

ID02 Governorate : North Gaza 0.000 0.080 

ID02 Governorate : Gaza 0.000 0.124 

ID02 Governorate : Deir Al – Balah 0.000 0.080 

ID02 Governorate : Khan Yunis 0.010 0.310 

Loctype locality type: urban  0.019 1.690 

Loctype locality type: Rular 0.018 1.883 

HC01 type of the residence: Villa 0.439 0.236 

HC01 type of the residence: House 0.288 0.154 
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HC01 type of the residence: Apartment 0.317 0.172 

HC01 type of the residence: Independent room  0.649 0.389 

HC09_1 The family have Private car 0.317 1.754 

HC12 In general, do you consider your household situation: 

Excellent 

0.512 0.682 

HC12 In general, do you consider your household situation: 

Very good 

0.299 1.534 

HC12 In general, do you consider your household situation: 

good 

0.902 0.957 

HC12 In general, do you consider your household situation: 

Average 

0.597 1.188 

HC12 In general, do you consider your household situation: 

Poor 

0.605 1.195 

HR05A Age= 15 0.998 0.419 

WB14B One of your children was involved in social illegal 

issues (Subject to law penalties) within the last 12 

months 

0.038 0.571 

WZ01 your husband jealous and does not want you to talk 

with other males 

0.992 0.013 

WZ02 your husband try to limit your connections with your 

family or (female) friend 

0.907 0.003 

WL01 Who make decision to:  Buying a car (wife ) 0.901 0.907 

WL01 Who make decision to:  Buying a car ( husband ) 0.050 0.488 

WL01 Who make decision to:  Buying a car ( both) 0.037 0.474 

 

As we can see in the above table, region is the first variable in the model with p-value equal 

(0.108) ,and the odds ratio equals (0.469) which means that women in Gaza Strip have the 

chance to suffer from violence of all sources approximately twice as much as women in West 

Bank. The second significant variable in the model is the governorate. Women in Salfit suffer 

have nearly double the chance of experiencing violence of all sources, women in Khan Yunis 

suffer have nearly triple the chance of experiencing violence of all sources, women in Gaza, 

North Gaza and Deir Al – Balah have much more chance of experiencing violence of all 
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sources than other women in other governorate in Palestine. Third variable is the type of 

residence: women who lives in independent room are the lest suffer from violence of all 

sources, the women who lives in house and Apartment  are the most who suffer from violence. 

Next variable family owns a private car. Women in families who do not have car suffer from 

violence of all sources nearly twice as much as women in families have private car. Next 

variable economic status. Women with excellent economic status have the chance to suffer 

from violence of all sources approximately twice as much as other women. Next variable is 

age. Young women in the age (15) years old nearly have more than double chance of 

experiencing violence of all sources than women in other ages with odds ratio (0.419). Next 

variable is if one of the women's children was involved in social illegal issues (Subject to law 

penalties) within the last 12 months have  nearly twice chance of experiencing violence of all 

sources with odds ratio (0.571). Other significant include if women's  husband jealous which 

have much more chance of experiencing violence of all sources with odds ratio equal (0.013), 

women's husband try to limit their connections with their families or (female) friends (with 

odds ratio equals (0.003), and women who do not participate in decision making to buy a car 

(with odds ratio equal 0.488 and  0.474). 

Since all the above independent variables have significant effects on the dependent 

variable (violence against women of all sources) with all model parameters significantly 

deferent from zero, all these independent variables have been included in the model .  

Now, we test the goodness of fit of the final model . The results of the test are given in 

table (3-55) below. This shows that the model provides a significant fit to the data as the 

p-value of Pearson goodness of fit test is less than 0.05. 

 

   Table (3- 55)Goodness-of-Fit 

 Chi-Square Df Sig. 

Pearson 12666.400 12240 .003 

Deviance 8687.192 12240 1.000 
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 Classification Results Multinomial Logistic Regression : 

 The initial model (with no independent variables included) can be predict violence against 

women with overall percentage of accuracy equals (34.8%)(see appendices 5-28). The table 

below shows the classification results of applying the final model of multinomial logistic 

regression. 

 

 

 

 

 

 

 

 

 

 

 

Table (3-56) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (75.1%), the second category (Psychological violence) with 

percentage accuracy of (59.9%), the third category (Physical violence) with percentage 

accuracy of (35%) and the model can correctly predict the fourth category (Sexual violence) 

with percentage accuracy of  (36.4%). As we can see  from the table the prediction of the third 

and fourth categories are so small because the elements in this categories are so small. The 

model can  predict violence against women with overall percentage accuracy of  (57.1%).  

 

The ROC curve Analysis of Multinomial Logistic Regression Model : 
 

The ROC curve illustrates the performance of a classifier system as its threshold is varied . As 

it has been described in section (2.5.4 ) in the previous chapter, the ROC curves have been 

drown and exhibited in figure (3-17)and the area under the curve have been computed for 

different classes of the dependent variable in table (3-57). As the ROC curve has been 

designed for the binary classifiers each class has been considered separately as the positive 

values if it was true and all other values were considered negative if that class was false. 

` 

Table (3-56)Classification table for multinomial logistic regression with independent variable 

Observed Predicted 

No Violence Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent Correct 

No Violence 1083 300 30 30 75.1% 

Psychological Violence 421 911 120 69 59.9% 

Physical Violence 119 289 270 94 35.0% 

Sexual Violence 85 219 102 232 36.4% 

Overall Percentage 39.0% 39.3% 11.9% 9.7% 57.1% 
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Now we see the area under curve in table below for the multinomial logistic regression model. 

Table (3-57) the area under curve  

No violence 0.852 

Psychological violence 0.731 

Physical violence 0.793 

Sexual violence 0.824 

The area under the curve: 0.7394 
 

The table above shows that the area under the curve of the first category "no violence" is 

(85.2%), the area under the curve of second category "psychological violence" is (73.1%), the 

area under the curve of third category "physical violence" is (79.3%) and the area under the 

curve of fourth category "sexual violence" is (82.4%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (73.94%). this 

result indicates that the multinomial logistic regression model performs well as it produces 

very good classification with high correct classification rates for all categories of the 

dependent variable.  

 

 

Figure (3-17) ROC curve of multinomial logistic regression 
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Estimates of the Parameter of Multinomial Logistic Regression model 

Table (3-58A ) Model1 ( Psychological violence) 

(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

4.496007 1.263717 -0.00598494 0.05323091 0.0402295 0.0983256 -0.213816 -0.0022523 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.1481225 0.0141918 -0.01917839 0.09950324 -0.0048558 -0.1308455 0.0309757 -0.0615160 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.0370616 -0.960842 -0.06653715 -0.06648612 -0.1273189 -0.1441388 -0.0919920 -0.0524045 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1257111 -0.19530 0.10360948 -0.07016848 0.1793769 0.0905893 -0.0772680  
 

 

Table (3-58B) Model2 ( Physical violence) 
(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

7.748461 1.539355 -0.0044153 0.0576382 0.01721302 0.1114610 -0.233825 0.096003971 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.3160967 0.2479607 0.08799946 0.2348609 -0.0207870 -0.203394 -0.0893152 -0.10212440 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.1001567 -1.696499 -0.2710998 -0.1853814 -0.1613365 -0.146692 -0.1374261 -0.21633796 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1452151 -0.302056 0.08411020 0.1437459 0.2264529 0.1130570 -0.1134121  
 

Table (3-58C) Model3 (Sexual violence) 

(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

8.429479 1.246957 -0.0018256 0.0839273 0.0671054 0.0930659 -0.406921 0.32389479 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.392285 0.1863049 -0.0140594 0.1197073 -0.0243226 0.197615 -0.0630545 -0.0538281 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.2057110 -1.532348 -0.2244872 -0.0956419 -0.168989 -0.240969 -0.1938388 -0.2861794 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1488616 -0.396755 0.02412467 -0.1204707 0.220249 0.1602191 -0.0065343  
 

 

 

It is known that the MLR model takes the following form as described in section (2.3.4): 

Pr(    = k-1) = 
              

   ∑             
   

  .  We have three models. 
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3.6.3  Statistical Analysis of Violence of All Sources Using Discriminant 

Analysis : 

Now, we analyze the violence against women of all sources as a categorical variable using 

another classification method; namely the Linear Discriminant Analysis. We examined all the 

available independent variable to be involved in the final model. The resulting discriminant 

functions with the estimates of the parameters of the independent variables included in the 

model appear in table (3-59) below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (3-59) illustrates the classification results of the linear discriminant analysis model and 

indicates that  the model can correctly predict the first category (No violence) with percentage 

 Table (3-59) Classification Results by Discriminant Analysis 
  violence for all 

sources 

Predicted Group Membership Total 

  
No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Original Count No Violence 991 410 16 27 1444 

Psychological Violence 520 809 98 94 1521 

Physical Violence 156 340 147 129 772 

Sexual Violence 119 261 84 174 638 

Ungrouped cases 35 45 13 9 102 

% No Violence 68.6 28.4 1.1 1.9 100.0 

Psychological Violence 34.2 53.2 6.4 6.2 100.0 

Physical Violence 20.2 44.0 19.0 16.7 100.0 

Sexual Violence 18.7 40.9 13.2 27.3 100.0 

Ungrouped cases 34.3 44.1 12.7 8.8 100.0 

Cross-

validated
b
 

Count No Violence 982 417 16 29 1444 

Psychological Violence 523 798 103 97 1521 

Physical Violence 159 342 136 135 772 

Sexual Violence 119 264 87 168 638 

% No Violence 68.0 28.9 1.1 2.0 100.0 

Psychological Violence 34.4 52.5 6.8 6.4 100.0 

Physical Violence 20.6 44.3 17.6 17.5 100.0 

Sexual Violence 18.7 41.4 13.6 26.3 100.0 

a. 48.5% 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. 47.6% of cross-validated grouped cases correctly classified. 

 



 (440) 
 

accuracy of (68.6%), the second category (Psychological violence) with percentage accuracy 

of (53.2%), the third category (Physical violence) with percentage accuracy of (19%) , and can  

predict the fourth category (Sexual violence) with percentage accuracy of (27.3%). As we can 

see from the table prediction of the third and fourth categories are so small because the 

element in those categories are so small. The original  model can predict violence against 

women with overall percentage accuracy of (48.5%). Appling cross-validation technique, we 

found that predicted  violence against women with overall percentage accuracy was (47.6%) 

 

The Roc curve Analysis of Discriminant Analysis Model : 
 

The ROC curve has been drown for different categories of dependent variable separately in the 

same graph in figure (3-18) and the area under the ROC curves have been computed for 

different categories (violence of all sources: No violence, Psychological violence, Physical 

violence and Sexual violence) and shows in table (3-60). 

 

 

 

 

 

 

 

 

 

 

 

 

Now we see the area under curve in table below for the discriminant analysis model. 

Table (3-60) the area under curve  

No violence 0.690 

Psychological violence 0.536 

Physical violence 0.512 

Sexual violence 0.548 

Multi-class area under the curve: 0.5158 
  

 

Figure (3-18) ROC curve of the linear discriminant analysis model 
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The table above shows that the area under the curve of the first category "no violence" is 

(79%), the area under the curve of second category "psychological violence" is (63.6%), the 

area under the curve of third category "physical violence" is (71.2%) and the area under the 

curve of fourth category "sexual violence" is (74.8%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (51.58%). This 

results indicates that the Discriminant Analysis model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  

 

Estimates of the Parameter of Discriminant Analysis model. 

Table (3-61A ) Model1 ( Psychological violence) 
 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

 0.9015128 -0.0027399 0.0483344 0.0314512 0.0639189 -0.211065 0.1375025 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.2310510 0.1378903 0.02272023 0.1202898 -0.014925 -0.127688 -0.047916 -0.050633 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.0842495 -1.006305 -0.1619616 -0.085462 -0.114674 -0.100962 -0.112029 -0.169111 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.0915404 -0.155390 0.0337265 -0.082441 0.1378851 0.0901212 -0.052476  

 
 

Table (3-61B ) Model2 (Physical violence) 

 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

 -1.535406 0.0130193 -0.049047 -0.013705 -0.147316 0.0598954 0.190106 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.029344 0.146279 0.0254430 -0.1098401  -0.0062839 0.1132488 -0.1181625 0.108993 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.1401438 0.058379 -0.063183 0.0193069 0.1378768 -0.077790 -0.0695427 -0.30147 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

0.099696 -0.32535 -0.189207 0.046340 -0.160669 -0.017233 0.25092030  
 

Table (3-61C) Model3 (Sexual violence) 

 Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

 -0.004687 -0.0028501 0.081513 0.155623 0.028294 -0.4556357 0.220550 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.027514 -0.327811 -0.331324 -0.311087 0.010673 -0.009914 0.2000699 0.058065 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.113754 1.050687 0.2440490 0.3382264 -0.064505 -0.294394 -0.139355 0.01641 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.071298 -0.17558 0.0071119 0.098090 0.0589224 0.1331782 0.21733160  

It is known that the DA model takes the following form as described in section (2.2): 

 

             =     +          +        + .. +           
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3.6.4  Statistical Analysis of Violence of All Sources Using Neural Network: 
 

Now, we analyze the violence against women of all sources as a categorical variable using 

another classification method; namely the Neural Network. We examined all the available 

independent variable to be involved in the final model. The resulting neural network with 

model appear in table (3-62) below. 

Table (3- 62) Classification by Neural Network 

Sample Observed Predicted 

No Violence Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent 

Correct 

Training No Violence 704 268 5 27 70.1% 

Psychological Violence 330 629 31 64 59.7% 

Physical Violence 84 269 76 122 13.8% 

Sexual Violence 59 200 47 151 33.0% 

Overall Percent 38.4% 44.6% 5.2% 11.9% 50.9% 

Testing No Violence 316 104 4 13 72.3% 

Psychological Violence 154 246 27 39 52.8% 

Physical Violence 47 106 21 47 9.5% 

Sexual Violence 25 82 14 60 33.1% 

Overall Percent 41.5% 41.2% 5.1% 12.2% 49.3% 

Dependent Variable: violence for all sources  

Table (3-62) indicates that  the model can correctly predict the first category (No violence) 

with percentage accuracy of (70.1%), the second category (Psychological violence) with 

percentage accuracy of (59.7%), the third category (Physical violence) with percentage 

accuracy of (13.8%), and can  predict the fourth category (Sexual violence) with percentage 

accuracy of (33%). As we can see from the table prediction of the third and fourth categories 

are so small because the elements in those categories are so small. The model can predict 

violence against women for the training set with overall percentage accuracy of (50.9%), and 

the model can predict violence against women for the testing set with overall percentage 

accuracy of (49.3%). 

The ROC curve Analysis of  Neural Network  Model: 

The ROC curve has been drown for different categories of the dependent variable separately in 

the same graph as in figure (3-19) and the area under the ROC curves have been computed for 

different categories (violence by husband: No violence , Psychological violence, Physical 

violence and Sexual violence) and shows in table (3-63) 
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Now we see the area under curve in table below for the Neural Network model. 

Table (3-63) the area under curve  

No violence 0.783 

Psychological violence 0.613 

Physical violence 0.700 

Sexual violence 0.735 

Multi-class area under the curve: 0.7084 
 

The table above shows that the area under the curve of the first category "no violence" is 

(78.3%), the area under the curve of second category "psychological violence" is (61.3%), the 

area under the curve of third category "physical violence" is (70%) and the area under the 

curve of fourth category "sexual violence" is (73.5%). Finally The area under curve of 

multinomial logistic regression model (multi-class area under the curve) is (70.84%). There 

results indicates that the Neural Network  model performs well as it produces good 

classification with high correct classification rates for all categories of the dependent variable.  
 

 
Figure (3-19) ROC curve of the  model Neural Networks 
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3.6.5  Comparison Between the Three Statistical Methods : 

Table (3-64). Shown the correct classification rates of the three statistical methods for 

fourth dependent variable(violence of all sources). 
 

Table (3-64) Classification Result of three statistical methods: 

 Multinomial logistic Discriminant Analysis Neural Network  

Classification 57.1% 48.5% 50.9% 

 

 

Table (3-64) illustrates that  the (MLR) model can be predict the violence against women by 

others with correct classification rate of (57.1%), the (DA) model  can predict the violence 

against women by others with correct classification rate (48.5%)  and the (NN) model can be 

predict the violence against women by other  with correct classification rate of (50.9%). The 

ROC curve has been drown for three statistical methods for dependent variable (violence by 

others) separately in the graph as in figure (3-20) and the area under the ROC curves have 

been computed for different categories (violence of all sources: No violence , Psychological 

violence, Physical violence and Sexual violence) and shows in table (3-63). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (3-20) ROC curve of the three statistical models 
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Now we see the area under curve in table below for the three statistical methods. 

Table (3-65), area under the curve for three statistical methods  

 MLR DA NN 

The area under the curve 0.7394 0.5158 0.7084 

 

The table above shows that the area under the curve of the three statistical methods, The area 

under the curve for the (MLR) is (73.94%),  The area under curve for the(DA) is (51.58%) and 

the area under curve for (NN) is (70.84%).  

The multinomial logistic regression (MLR) give the best model compared to Discriminant 

Analysis (DA) and Neural Network (NN). 

Thus the results we have from Multinomial Logistic Regression model are better than the 

results of both Discriminant Analysis and Neural Network model for this data set . 
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Chapter (4) 

Conclusion And Recommendations 

4.1) Concluding Remarks 

From the preliminary analysis of the data we can conclude the following remarks:  

1. Violence by husband is one of the most common form of violence faced by women in 

Palestine, where (62.6%) of women in the sample faced different types of violence by 

husband. 

2. Women in Deir Al-Balah are the most who face at least one form of violence by 

husband, with rate (90.9%). Women in Bethlehem are the least who face any form of 

violence by husband with rate (36.2%) . 

3. Violence by others is not highly prevalent in the Palestinian Society, where only 

(21.8%) of women in sample suffer from at least one type of violence by others.  By 

other sources we mean (stepfather, stepmother, father in law, a teenager son/daughter, 

member of the extended family (male\female), friend (male\female), stranger 

(male\female), colleague at work (male\female), doctor at the medical care 

(male/female), outstanding religious/social individual, employer, superior person  at 

work, Palestinian security person or Israeli occupation soldier/settler). 

4. Violence in other places is also not highly prevalent in the Palestinian society where 

only (13.1%) of women in the sample suffer from at least one form of violence in other 

places. A percentage of (8.9%)of women in the sample face Psychological violence, 

(1.2%) face Physical violence and (3%) suffered from sexual violence in other places. 

(Other places mean here means: street, shopping places; market or shopping stores, Israeli 

check points, transportation, health, social, cultural services centers, school/university and 

work place) . 

5.  Women in Gaza strip suffer more than women in the West Bank from all types of 

violence. A percentage of (83%) of women in Gaza strip face at least one form of 

violence compared to (58.6%) in West Bank . 

6. Women in Deir Al-Balah are the most who suffer from different forms of violence. 

The percentage of women who do not face any form of violence is only (7.7%), but the 
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percentage of those who face psychological violence is (46.7%) and physical violence 

is (28.5%) . 

7. Women in Bethlehem are the most who don't face any form of violence with rate 

(61.8%). 

8. Women in Gaza City are the most who face sexual violence with rate (23.9%). 

9. Women in Nablus are the least who face Psychological Violence with rate (23.5%). 

10. Women in Qalqiliya are the least who face Physical Violence with rate (6.3%). 

11. Women in Jerusalem (J2) are the least who face sexual violence with rate (6.5%). 

12. Women in rural areas suffer less than women in other types of localities from all forms 

of violence with rate (55.3%) compared to women in urban areas and camps with rates 

(67.7%) and (81.3%) respectively. 

13.  A percentage of (38.1) of women in camps face psychological violence compared to 

(35.4%) in urban areas and (30.3%) in rural areas. A percentage of (26%) of women in 

camps face physical violence compared to (17.4%) in urban areas and (13.5%) in rural 

areas. A percentage of (17.2%) of women in camps face sexual violence compared to 

(14.9%) in urban  areas and  (11.5%) in rural areas . 

 

4.2) Comparison between the three statistical methods  
 

We now compare the three statistical models we investigated and applied to our data set and 

provide a comparison based on both the classification table and the ROC curves. Multinomial 

Logistic Regression proved to provide much better fit than both Discriminant Analysis and 

Neural Network to the violence against women data. We can see that from the comparison 

between the three statistical method below. 

 

a) The Classification Table: 

Table (4-1) shows the classification results of the three statistical methods (Multinomial 

Logistic Regression, Discriminant Analysis and Neural Network) for the most important 

dependent variable (violence of all sources). This form of violence summarizes all sources of 

violence that Palestinian women face and all the results of other three dependent variable give 

similar results to those of this dependent variable.  
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Table (4-1) Classification Result of three statistical methods: 

 Multinomial logistic Discriminant Analysis Neural Network  

No Violence 75.1% 68.6% 70.1% 

Psychological Violence 59.9% 53.2% 59.7% 

Physical Violence 35.0% 19.0% 13.8% 

Sexual Violence 36.4% 27.3% 33.0% 

Classification of model 57.1% 48.5% 50.9% 

 

Table (4-1) indicates that the MLR model can correctly classify the first category (No 

violence) with a percentage accuracy of (75.1%) compared to (68.6%) for DA model and 

(70.1%) for NN model. The MLR model can correctly classify the second category 

(Psychological violence) with a percentage accuracy of (59.9%) compared to (53.2%) for DA 

model and (59.7%) for NN model. The model can correctly  classify the third category 

(Physical violence) with a percentage accuracy of (35.0%) compared to (19.0%) for DA model 

and (13.8%) for NN model. Finally the model can correctly classify the fourth category 

(Sexual violence) with a percentage accuracy of (36.4%) compared to (27.3%) for DA model 

and (33.0%) for NN model. The model  of MLR can correctly classify violence against 

women with overall percentage accuracy of (57.1%) compared to (48.5%) for DA model 

compared to (50.9%) for NN model.  As we can see from the above results, the correct 

classification rates for all categories by the MLR model  is better than other methods . 

 

b) ROC curve analysis: 

The ROC curve has been constructed for the three different models separately for each 

category of the dependent variable and displayed in figures (4-1) to (4-4) below. The area 

under the ROC curves have been also computed for different models for all categories 

(violence of all sources: No violence, Psychological violence, Physical violence and Sexual 

violence) and the results are shown in tables (4-2) below. 
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Table (4-2) Area Under the Curve 

violence from all sources Area (MLR) Area(DA) Area(NN) 

No violence 8.025 0.690 8.3780 

Psychological Violence 0.731 0.536 0.5938 

Physical Violence 0.793 0.512 0.6613 

Sexual Violence 0.824 0.548 0.6726 

For the model 0.7394 0.5158 0.7084 

 

 

Figure(4-1)ROC curve for the first category 

(No violence) 

 

Figure(4-2)ROC curve for the second category 

(Psychological Violence) 

 

Figure(4-3)ROC curve for the third category 

(Physical violence) 

 

Figure(4-4)ROC curve for the fourth category 

(Sexual violence) 
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The ROC curve of all the three statistical models have been drown in the same graph for each 

category of the dependent variable separately and displayed in figures (4-1) to (4-4). The areas 

under the ROC curve has also been computed for each category (violence of all sources: No 

violence, Psychological Violence, Physical Violence and Sexual Violence) respectively. The 

figures can clearly show that, for all categories, the ROC curve of the MLR is always higher 

than those of the other two models. This indicates that the MLR model provides classification 

for all categories with much higher accuracy than other two models. 

The areas under the ROC curves are computed and presented in table (4-2) for the all 

categories separately. Table (4-2) indicates that  the area under curve for the first category (No 

violence) using MLR is (82.35%) compared to that of  LDA is (50%) and of ANN (73.04%). 

Results of the MLR proved to be much better than those of the other methods in correctly 

classifying the first category. Similarly, for all other three categories of the dependent variable, 

the results of the MLR model showed that they are much better than those of the other two 

models. This can be seen clearly from the results in table(4-2). 

Finally, we can conclude that Multinomial Logistic Regression model always performs much 

better than the both Discriminant Analysis and Neural Networks models for our data. 

4.3) The Final models 

In the previous section, we  concluded that the Multinomial Logistic Regression model is the 

one which is the most suitable to correctly predict all categories of the independent variables 

in our data. Below we show the final MLR model that can provide the best fit to our data set 

together with its estimates of the parameters. 
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Table (4-3C) Model3 (Sexual violence.) 
(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

8.429479 1.246957 -0.00182569 0.08392736 0.06710547 0.09306599 -0.4069213 0.323894798 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.3922852 0.18630492 -0.01405944 0.11970733 -0.02432267 0.1976158 -0.06305450 -0.05382812 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.20571109 -1.5323484 -0.22448721 -0.09564196 -0.1689894 -0.2409695 -0.19383884 -0.28617943 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1488616 -0.3967556 0.02412467 -0.12047078 0.2202495 0.16021916 -0.00653435  
 

The MLR model takes the following form as described in section (2.3.4): 

Pr(    = k-1) = 
              

   ∑             
   

  .  We have three models. 

Where : 

    is the vector of explanatory variables describing observation i  . 

   is a vector of parameters corresponding to outcome k. (Greene, 1993) 

Estimates of the parameters of the three MLR models for k=1,2,3 corresponding to the three 

categories of violence are shown in tables (4-3A), (4-3B) and (4-3C) respectively. 

Table (4-3A) Model1 ( Psychological violence) 

(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

4.496007 1.263717 -0.005984943 0.05323091 0.04022958 0.09832564 -0.2138161 -0.00225237 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.1481225 0.01419187 -0.01917839 0.09950324 -0.00485588 -0.1308455 0.03097574 -0.06151601 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.03706164 -0.9608421 -0.06653715 -0.06648612 -0.1273189 -0.1441388 -0.09199204 -0.05240455 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1257111 -0.1953009 0.10360948 -0.07016848 0.1793769 0.09058937 -0.07726806  

Table (4-3B) Model2 ( Physical violence.) 
(Intercept) Reg ID02 IR04 IR05 HC05 HC06 HC09_1 

7.748461 1.539355 -0.00441539 0.05763828 0.01721302 0.11146107 -0.2338258 0.096003971 

HC09_11 HC09_14 HC12 Loctype HR05A HR06 HR08 HR10 

-0.3160967 0.24796073 0.08799946 0.23486096 -0.02078705 -0.2033944 -0.08931525 -0.10212440 

WB01B WB11B WB14B WZ02 WZ03 WZ04 WZ06 WZ07 

-0.10015671 -1.6964997 -0.27109980 -0.18538164 -0.1613365 -0.1466927 -0.13742615 -0.21633796 

WZ08 WZ10 WL01 WL04 WL05 WL06 WL10  

-0.1452151 -0.3020568 0.08411020 0.14374596 0.2264529 0.11305703 -0.11341212  
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In the tables above, we can see the most important independent variables in the model which 

are the most important risk factors on different types of violence against women in Palestine. 

The most important influential independent variables and risk factors in the model are found to 

be: Governorate, locality type(urban areas, rular areas and camp), region (West Bank and 

Gaza Strip),  age,  refugee status, relation to the labor force, number of rooms in the residence, 

number of bedrooms in the residence,  household economic status, the husband jealous and 

does not like his wife to talk with other males,  the husband try to limit his wife's connections 

with her family or (female) friend, the husband urges his wife to tell him about whom she talks 

to and where she is always, the husband prohibits his wife from travelling abroad, the  

husband prohibits his wife from freedom of expression, who makes the decision about buying 

a car, whether the family have Private car, type of the residence (villa, house, apartment or 

independent room). 

4.4) Recommendations 

Form the results of the previous sections we may recommend the following: 

 Using statistical models in the analysis of data on violence against women is 

important because it contributes to helping to solve many problems, in addition to 

their ability to provide good classification and prediction, and identifying the most 

important risk factors on violence against women.  

 For overcoming the phenomenon of violence against women, special care should 

be given to the husband as he was the primary source of violence against women. 

 It is important to give priority to women in Gaza Strip in any program that aims to 

limit violence against women as women in Gaza Strip suffer more than women in 

West Bank from all sources of violence. 

 More attention and focus should be given to Governorates with high level of 

violence against women, in particular, Deir Al-Balah and Northern Gaza 

Governorates, where more than (90%) suffer from at least one form of violence. 

 Multi-disciplinarily approach programs should be given to women in the refugee 

camps in any program that aims to reduce the level of violence against women, 

then to women in urban areas, and finally to women in  rural areas. 
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 More attention should be given to the young woman in the age group (15, 16 and 

17) years old  and to the old women with age greater than (66) years old  because 

they have more risk of experiencing violence than women of other ages. 

 Multi-disciplinarily approach programs should be given to the women with (very 

poor and poor) household economic status because they are the most who suffer 

from many types of violence from many sources . 

 Giving priority to women who do not participate in decision making in their 

families as they suffer from violence more than other women.  

 More attention must be given to community development in order to eliminate 

violence against women. 

 Further research should be conducted that take into consideration the inclusion of 

additional independent variables related to violence against women to achieve a 

model with higher rate of correct classification. 
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Appendices 

 The table for the first dependent variable (violence by husband)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table (5-1): Result of Chi-Square Tests for Relation between violence by 

husband and Region 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 338.910
a
 3 .000 

Likelihood Ratio 352.884 3 .000 

Linear-by-Linear Association 181.810 1 .000 

N of Valid Cases 4465   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 168.10. 

 

Table (5-2): Result of Chi-Square Tests for Relation between violence  by 

husband and Governorate 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 632.459
a
 48 .000 

Likelihood Ratio 691.183 48 .000 

Linear-by-Linear Association 79.530 1 .000 

N of Valid Cases 4465   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 11.36. 

 

Table (5-3): Chi-Square Tests for Relation between  violence by husband and 

type of locality 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 87.022
a
 6 .000 

Likelihood Ratio 87.360 6 .000 

Linear-by-Linear Association 3.772 1 .052 

N of Valid Cases 4465   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 56.68. 

 

Table (5-4): Result of Chi-Square Tests for Relation between violence by 

husband and household economic status   

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 100.504
a
 15 .000 

Likelihood Ratio 94.745 15 .000 

Linear-by-Linear Association 39.033 1 .000 

N of Valid Cases 4464   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 7.79. 
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 The tables for the second dependent variable (violence by others)  

 

 

 

 

 

 

 

Table(5-9): Result Of Chi-Square Tests for Relation between Violence by 

Others and Governorate 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 336.126
a
 48 .000 

Likelihood Ratio 346.189 48 .000 

Linear-by-Linear Association 9.537 1 .002 

N of Valid Cases 4420   

a. 9 cells (13.2%) have expected count less than 5. The minimum expected count is 2.00. 

Table (5-7): Classification table for multinomial logistic regression without independent variable 

Observed Predicted 

No Violence Psychological 

violence 

Physical 

violence. 

Sexual 

violence. 

Percent 

Correct 

No Violence 1671 0 0 0 100.0% 

Psychological violence 1637 0 0 0 0.0% 

Physical violence. 674 0 0 0 0.0% 

Sexual violence. 483 0 0 0 0.0% 

Overall Percentage 100.0% 0.0% 0.0% 0.0% 37.4% 

Table(5-8): Result Chi-Square Tests for Relation between violence by 

others and  Region 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 73.190
a
 3 .000 

Likelihood Ratio 70.718 3 .000 

Linear-by-Linear Association 30.607 1 .000 

N of Valid Cases 4420   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 28.87. 

Table(5-5): Model Fitting Information for (MLR) model 

Model Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square df Sig. 

Intercept Only 11263.068    

Final 8264.598 2998.471 867 .000 

 

Table (5-6): Goodness-of-Fit for (MLR) model 

 Chi-Square df Sig. 

Pearson 12854.164 12519 .018 

Deviance 8264.598 12519 1.000 
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Table(5-10): The Result Of  Chi-Square Tests for Relation between 

violence by others and type of locality 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 46.717
a
 6 .000 

Likelihood Ratio 47.249 6 .000 

Linear-by-Linear Association 1.159 1 .282 

N of Valid Cases 4420   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 9.58. 

 

 

 

 

 

 

 

 

 

 

 

 

Table (5-13): Goodness-of-Fit for (MLR) model 

 Chi-Square Df Sig. 

Pearson 40222.225 12303 .000 

Deviance 5350.819 12303 1.000 

Table (5-12):  Model Fitting Information 

Model Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square df Sig. 

Intercept Only 6289.752    

Final 5350.819 938.933 867 .045 

Table (5-14): Classification table for multinomial logistic regression without independent variable 

Observed Predicted 

No Violence Psychological 

Violence 

Physical 

Violence 

Sexual Violence Percent 

Correct 

No Violence 3458 0 0 0 100.0% 

Psychological Violence 574 0 0 0 0.0% 

Physical Violence 304 0 0 0 0.0% 

Sexual Violence 84 0 0 0 0.0% 

Overall Percentage 100.0% 0.0% 0.0% 0.0% 78.2% 

Table(5-11): Result of  Chi-Square Tests for Relation between  violence 

by others  and household situation 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 16.861
a
 15 .327 

Likelihood Ratio 16.857 15 .328 

Linear-by-Linear Association 7.161 1 .007 

N of Valid Cases 4419   

a. 3 cells (12.5%) have expected count less than 5. The minimum expected count is 1.27. 
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 The table for the third dependent variable (violence in other places)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table(5-15): Result of Chi-Square Tests for  Relation between Violence in 

other places and region 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 42.872
a
 3 .000 

Likelihood Ratio 41.347 3 .000 

Linear-by-Linear Association 18.435 1 .000 

N of Valid Cases 4451   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 18.98. 

Table(5-16): Result of  Chi-Square Tests for  Relation between violence in 

other places and  Governorate 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 253.892
a
 48 .000 

Likelihood Ratio 261.981 48 .000 

Linear-by-Linear Association 7.433 1 .006 

N of Valid Cases 4451   

a. 20 cells (29.4%) have expected count less than 5. The minimum expected count is 1.31. 

Table(5-17): Chi-Square Tests for Relation between violence in other 

places and type of locality 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 20.312
a
 6 .002 

Likelihood Ratio 22.033 6 .001 

Linear-by-Linear Association .162 1 .687 

N of Valid Cases 4451   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 6.25. 

 

Table(5-18): Chi-Square Tests for Relation between  Violence in other 

places and  household situation 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 17.522
a
 15 .289 

Likelihood Ratio 17.114 15 .312 

Linear-by-Linear Association 2.881 1 .090 

N of Valid Cases 4450   

a. 4 cells (16.7%) have expected count less than 5. The minimum expected count is .87. 
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Table (5-21): Classification table for multinomial logistic regression without independent variable 

Observed Predicted 

No Violence Psychological 

Violence 

Physical 

Violence 

Sexual Violence Percent Correct 

No Violence 3867 0 0 0 100.0% 

Psychological Violence 397 0 0 0 0.0% 

Physical Violence 55 0 0 0 0.0% 

Sexual Violence 132 0 0 0 0.0% 

Overall Percentage 100.0% 0.0% 0.0% 0.0% 86.9% 

 

 The table for the fourth dependent variable (violence of all sources)  

Table (5-22): Result of Chi-Square Tests for Relation between violence from all 

sources and Region 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 280.573
a
 3 .000 

Likelihood Ratio 297.480 3 .000 

Linear-by-Linear Association 152.209 1 .000 

N of Valid Cases 4376   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 219.42. 

 

 

 

Table (5-19): Model Fitting Information for (MLE) model 

Model Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square Df Sig. 

Intercept Only 4337.246    

Final 559434.997 . 867 . 

Table (5-20):  Goodness-of-Fit for (MLE) model 

 Chi-Square Df Sig. 

Pearson .
a
 12396 . 

Deviance 559433.574 12396 .000 

a. Floating point overflow occurred while computing this statistic. 

Its value is therefore set to system missing. 
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Table (5-24): Results of  Chi-Square Tests for Relation between violence from 

all sources and type of locality 

 Value df Asymp. Sig. (2-sided) 

Pearson Chi-Square 105.732
a
 6 .000 

Likelihood Ratio 106.853 6 .000 

Linear-by-Linear Association 2.974 1 .085 

N of Valid Cases 4376   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 71.88. 

 

 

Table (5-25): Result of Chi-Square Tests for Relation between  violence for 

all sources and household situation 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 81.479
a
 15 .000 

Likelihood Ratio 78.943 15 .000 

Linear-by-Linear Association 31.272 1 .000 

N of Valid Cases 4375   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 9.48. 

 

 

 

 

 

 

 

Table (5-23): Result of  Chi-Square Tests for  Relation between violence 

from all sources and  Governorate 

 Value Df Asymp. Sig. (2-sided) 

Pearson Chi-Square 604.966
a
 48 .000 

Likelihood Ratio 667.036 48 .000 

Linear-by-Linear Association 68.456 1 .000 

N of Valid Cases 4376   

a. 0 cells (0.0%) have expected count less than 5. The minimum expected count is 15.16. 

Table (5-26): Model Fitting Information for (MLE) model 

Model Model Fitting Criteria Likelihood Ratio Tests 

-2 Log Likelihood Chi-Square df Sig. 

Intercept Only 11548.145    

Final 8687.192 2860.953 879 .000 
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Table (5-27): Goodness-of-Fit for (MLE) model 

 Chi-Square Df Sig. 

Pearson 12666.400 12240 .003 

Deviance 8687.192 12240 1.000 

 

 

Table (5-28): Classification table for multinomial logistic regression without independent 

variable 

Observed Predicted 

No 

Violence 

Psychological 

Violence 

Physical 

Violence 

Sexual 

Violence 

Percent 

Correct 

No Violence 0 1445 0 0 0.0% 

Psychological Violence 0 1521 0 0 100.0% 

Physical Violence 0 772 0 0 0.0% 

Sexual Violence 0 638 0 0 0.0% 

Overall Percentage 0.0% 100.0% 0.0% 0.0% 34.8% 

 

Appendices(29): 

  Kish table is a method for selecting members within a household to be interviewed. It uses 

a pre-assigned table of random numbers to find the person to be interviewed. It was developed 

by statistician Leslie Kish in 1949 . 
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Appendices (30) 

list of all independents variable in the model. 

# Variable Explain # Variable Explain  

1 Reg Region (West Bank , Gaza Strip) 2 ID02 Governorate 

3 IR04 Number of household males 4 IR05 Number of household females 

5 HC05 Number of rooms in residence 6 HC06 Number of bedrooms in the residence 

7 HC09_1 Family having Private car  8 HC09_11 Family having Library 

9 HC09_14 Family having Palestinian internet 

line 

10 Loctype locality type: urban, Rural , Camp 

11 HR05A Age 12 HR06 Refugee status(Registered refugee, 

unregistered refugee, not a refugee) 

13 HR08 Educational status 14 HR10 Relation to the labor force 

15 HC12 In general, do you consider your household situation as(Excellent, very good, good, 

average, poor, very poor) 

16 WB01B Your husband had troubles at work Within the last 12 months 

17 WB11B Troubles between you and your husband increased Within the last 12 

18 WB14B One of your children was involved in social illegal issues (Subject to law penalties) Within 

the last 12 months 

19 WZ02 your husband try to limit your connections with your family or (female) friend 

20 WZ03 your husband urge you to tell him about whom you talk to and where you are always 

21 WZ04 your husband conceal information about the family income even if you ask 

22 WZ06 your husband try to control the way and what you usually wear 

23 WZ07 your husband careless about you 

24 WZ08 your husband prohibit you from travelling abroad 

25 WZ10 your husband prohibit you from the freedom of expression 

26 WL01 Who make decision to:  Buying a car (Wife only, Wife mostly, Husband & wife, Husband 

mostly, Husband only, Not applicable) 

27 WL04 Who make decision to: Internal family affairs,e.g. kitchen or house renovation…etc 

28 WL05 Who make decision to: Buying or building a new house 

29 WL06 Who make decision to: Working or not (other than household work) 

30 WL10 Who make decision to:  Visiting your husband's relatives or friends 

 


	الغلاف
	المقدمه
	chapter1
	chapter2
	chapter3
	chapter4
	الملاحق

