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ABSTRACT 

Most previous studies have applied the covariate selection method proposed by Hosmer and 

Lemeshow (2000) (also referred to in the current study as the Hosmer and Lemeshow 

algorithm (H-L algorithm)) in attempt to fit parsimonious regression models, However, such 

previous studies did not evaluate or question the efficiency of the H-L algorithm against other 

common purposeful selection covariate selection methods, but they were merely application 

studies. As such, little is known about the efficiency of this renowned and novel purposeful 

covariate selection method. This study sought to bridge this gap. The study conducted a 

comparative experiment which sought to test the efficiency of the H-L algorithm against the 

other competing popular approaches namely: the bivariate logistic regressions, stepwise 

selection and the chi-square test, to identify the most efficient purposeful covariate selection 

method for fitting parsimonious logistic regression models (LRMs). This was achieved through 

the application of different model selection criteria which identified the stepwise selection 

method as the most efficient covariate selection approach compared to the other three 

methods under study, but this algorithm may tend to select different covariates for the different 

observations of the same dataset. 
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CHAPTER 1 

1. INTRODUCTION 

1.1. Background and motivation  

“The problem in model building processes is often in the selection of covariates that should 

be included in the ‘best model’” (Bursac et al., 2008). There are a number of methods that are 

used in the selection of the correct variables such as the backward and forward elimination 

method, stepwise, and other purposeful pre-selections which identify the significant covariates 

to be included in regression models. The correct selection of covariates is fundamental when 

fitting logistic regression models (LRMs). It aids in identifying the variables that are 

theoretically and empirically related to the dependent variable and assists researchers in 

achieving parsimonious models. Purposeful selection of covariates can also help to avoid over 

-determined models, when observations are less than the variables. The selection criteria for 

covariates vary across different disciplines (Bursac et al., 2008). 

Statistical modelling seeks to fit a model that can produce results that are representative of 

the data and this is achieved by only retaining significant covariates in the final model (Hosmer 

and Lemeshow, 2004). In purposeful selection of variables, the significance of the relationship 

between the predictor variable and target variable is tested using different statistical methods 

based on measurement scales of variables. For example, the Pearson correlation coefficient 

is often used for continuous covariates and the chi-square or the likelihood ratio tests of 

association are usually used for categorical variables (Hacke et al., 2004; Bursac et al., 2008). 

The final model usually undergoes various goodness-of-fit tests using statistics such as the 

Stukel score test and the H-L test to ensure that it is representative of the data (Hosmer. et 

al., 1997; Prabasaj et al.,2013). To date, most previous studies applied purposeful selection 

of covariates for regression models (Hacke et al., 2004; Griffin et al., 2013), but the various 

purposeful selection methods of covariates are seldom evaluated or compared against each 

other. As such, the current study generally seeks to compare some of the most popular 

purposeful covariate selection methods with the intention to identify and recommend the most 

efficient one(s).  

The rest of this chapter is structured as follows: section 1.2 discusses the problem statement, 

section 1.3 outlines the aim of the study, section 1.4 alludes to the research objectives, section 

1.5 describes the expected contribution of the study, section 1.6 describes the significance of 

the study, section 1.7 describes the research design, section 1.8 alludes to the ethical 

considerations of the study, section 1.9 then describes the structure of the study. 
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1.2. Problem Statement 

Most of the previous studies have followed the covariate selection method proposed by 

Hosmer and Lemeshow (2000) (which is explained in detail in the methodology section) in an 

attempt to fit parsimonious regression models (Hacke et al., 2004; Griffin et al., 2013), 

thereafter referred to as the H-L algorithm. However, these previous studies did not evaluate 

the efficiency of the H-L algorithm against other common purposeful selection covariate 

selection methods, they were merely application studies. As such, despite the popular 

application of the H-L algorithm, little is known about the efficiency of this renowned purposeful 

covariate selection method. For this reason, there was the need for a study that will bridge this 

gap in literature. Therefore, the current study bridges this gap by conducting a comparative 

experiment which sought to test the efficiency of the H-L algorithm against the other competing 

popular approaches, and to identify the most efficient purposeful covariate selection method 

for fitting parsimonious LRM’s. 

1.3. The aim of the study 

Emanating from the problem identified in 1.2 above, the current study aimed to test the 

efficiency of the renowned and popularly applied H-L algorithm against the other popular 

purposeful covariate selection methods with the intention to identify and recommend the most 

efficient approach.  

1.4 Research Objectives 

The objectives of the current study are to:  

1.4.1 conduct a meta-analysis of the most-commonly used methods used in purposeful 

selection of covariates for LRM’s, 

1.4.2 identify and adopt the most-commonly used criteria for comparing and selecting the most 

efficient purposeful covariate selection methods for fitting LRM’s, 

1.4.3 implement various purposeful covariate selection methods for LRM’s,  

1.4.4compare the fit, efficiency and accuracy of the models built from different purposeful 

covariate selection methods, and to 

1.4.5 identify the most efficient purposeful covariate selection method(s) from the commonly 

used methods, and make recommendations for future researchers. 
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1.5 Expected Contribution of the Study 

This study was expected to contribute to literature by extending the scope of previous studies 

through a comparison of the most popular purposeful covariate selection methods for LRM’s 

as opposed to the mere application of such, which has been the norm in previous studies. 

Furthermore, the study hoped to contribute to practice, as it aims to identify and highlight the 

significant variables that contribute to a victim’s choice to report a crime of burglary in South 

Africa. As such, the findings of the study were expected to inform the law enforcers about 

variables which have a significant influence on one’s decision to report a crime, and in turn 

may assist such parties to focus on and address these determinants of reporting a crime of 

housebreaking. The study was expected to contribute to the on-going research around the 

principle of parsimony by looking at the importance of selecting the appropriate covariates for 

binary LR to enable researchers to explain a lot with a little. In addition, the methodology of 

testing the efficiency of the four covariate selection methods under different similar datasets 

(same variables, same size) but with different observations is expected to contribute a new 

idea of confirming the replicability, validity and statistical rigour when comparing statistical 

methods. 

1.6 Significance of the Study 

It was significant to conduct this study since the evaluation of the efficiency of the most 

popularly used H-L algorithm has not been of interest in previous research, which is a gap in 

the literature. Another gap in literature is that generally, little is known about the most efficient 

purposeful covariate selection method(s), which is necessary to ensure that researchers 

select the right variables without jeopardising the fit of the model. As such, it was significant 

to conduct the current study in an attempt to bridge these gaps. With the rise in criminal 

activities in South Africa, reporting crimes is imperative but the dataset considered in this study 

shows evidence that there are still many unreported cases of housebreaking. According to 

Statistics South Africa’s (Stats SA) Victims of Crime Survey (VOCS) 2015/16 released on 14  

February 2016, the reason provided by most households  why they made the choice not to 

report the crime was because they believed the police could not or would not do anything. As 

such, there was a need to understand the variables which influence the victims not to report 

crimes, therefore conducting the study was also significant in this regard, although the main 

interest was on the covariate selection approaches rather than on the dataset. 
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1.7. RESEARCH DESIGN 

1.7.1 Research Approach 

This study followed an exploratory quantitative research design (Salkind, 2010) in an attempt 

to explore an under-researched area on purposeful selection of covariates for LRM’s. An 

experimental design (Alferes, 2012) was also adopted, where actual data is used to test the 

efficiency of the methods of interest, with the procedure replicated various times. As a 

secondary method, the study adopted and applied a correlational design which explores the 

relationship between variables with the aim of fitting a model that best predicts an occurrence 

(Salkind, 2010). In a nutshell, the study adopted a blend of three quantitative approaches 

namely: exploratory, experimental and correlational. 

1.7.2 Research Participants 

Secondary data from the VOCS for the period 2015/16 on police and housebreaking/burglary 

collected from 21 374 respondents was used in this study. The targeted population comprised 

private households in South Africa, including residents in workers’ hostels. It excluded living 

quarters such as students’ hostels, old-age homes, hospitals, prisons and military barracks. It 

is only representative of non-institutionalised and non-military persons or households. 

(Statistics South Africa, 2016). Only the variables that are perceived to be practically related 

to the odds of an individual reporting a crime of housebreaking (the dependent variable) were 

considered in the current study. These potential covariates include the following: Knowledge 

of the location of the nearest police station, time it takes on average to get to the police station, 

how long it takes police on average to respond to an emergency call, police visibility in the 

area, satisfaction with the police in the area, etc. The data is available at: www.statssa.gov.za. 

1.7.3 Measuring Instrument 

The questionnaire used in collecting the data was designed by StatsSA and is available at: 

www.statssa.gov.za. This questionnaire is explained or described using metadata. This 

metadata contains information on the nature of records, the population covered, description 

of variables, questions and the code list. It provides sufficient information that allows for proper 

use and interpretation of statistical information, as well as a better understanding of the 

properties of the data provided. It ensures that information is interpretable. The metadata 

provides descriptions of the underlying concepts, variables and classifications that have been 

used, and the method of data collection, processing and estimation used in the production of 

statistics. 
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1.7.4 Data Analysis 

The Statistical Package for Social Scientists (SPSS) version 25 and the Statistical Analysis 

Software (SAS) version 9.4 were used in conducting the analysis. The data analysis steps are 

Figure 1: A summary of the data analysis steps followed in the current study 

 

1.7.5 Literature Review 

The sources that were interrogated include: Journal articles from Google Scholar, EBSCO 

Host, StatsOnline, Intranet, etc. 

 Statistics text books 

 VOCS survey statisticians 

 Dictionary 

 Crime reports 
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1.8. ETHICAL CONSIDERATIONS 

This study uses secondary data received from the Department of Statistics South Africa. The 

information was collected under section 16 of the Statistics Act, 1999 (Act No. 6 of 1999). 

1.8.1 Permission and informed consent 

The department received consent when collecting information from citizens under the 

Statistics Act of 1999. The information is made available to data users and researchers in 

order for them to conduct studies, and users are granted consent and permission for use. The 

researcher also obtained permission to use the data for the current study. 

1.8.2 Anonymity 

Each respondent’s information is captured under a specific unique number.  This unique 

number is compiled using the primary sampling unit (PSU) segment number, the dwelling unit 

number and the household number of a particular respondent. This ensures that the identity 

of the respondent is protected and kept anonymous when making information available to 

users. The current study also does not intend to disclose the identity of the participants. 

1.8.3 Confidentiality 

The completed questionnaire remains confidential to Stats SA in accordance with section 17 

of the Statistics Act, 1999 (Act No. 6 of 1999). The information received is captured under a 

unique code as an identifier for each individual belonging to a specific PSU. The data is 

received on an Excel spreadsheet indicating only the unique code as an identifier and no other 

information about the respondent is disclosed; this ensures that the confidentiality clause is 

kept to protect the identity of the respondents. The current study does not intend to disclose 

any information which is deemed confidential. 

1.9 THE STRUCTURE OF THE REMAINING CHAPTERS 

The remainder of the study is structured as follows: chapter 2 reviews the literature, chapter 3 

describes the methodology used in the study, chapter 4 presents the data analysis results and 

chapter 5 discusses the findings of the study, gives some conclusions and discusses some 

recommendations as well as limitations of the study. 
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CHAPTER 2  

 LITERATURE REVIEW 

2.1 Introduction 

The literature review explores material documented on purposeful selection of variables for 

logistic regression (LR). The chapter outlines all the selection methods used by previous 

authors, seeks to identify reasons for choosing to use such methods, and where applicable it 

also identifies the best method and the criteria used for determining such in each of the 

reviewed studies. The review intends to aid in identifying advantages and disadvantages of 

using each variable selection method and it also assists in identifying gaps in previous 

literature. This chapter also outlines the similarities and differences highlighted by various 

researchers that relate to problem statement. In this chapter the researcher reviews studies 

on purposeful selection of variables for multivariate logistic regression models (MLRMs) with 

focus on the methods used as well as their advantages and disadvantages. 

2.2 Review of studies on purposeful selection of variables for multivariate 

logistic regression 

Bursac et al. (2008) introduced a purposeful selection algorithm that automates the purposeful 

selection of variables to be included in the logistic regression model (LRM). Authors compared 

the performance of purposeful selection algorithm to traditional selection methods namely: 

forward, backward and stepwise. A SAS macro that automated the purposeful selection 

process made use of the Wald’s test and the p-value to identify significant variables for the 

model. Bursac et al. (2008) revealed that the purposeful selection algorithm did assist in 

retaining the most significant covariates, and that it is better to use this method when modelling 

risk factors. The authors also advise that, compared to an automated computer algorithm with 

the intent of producing a relatively richer model, purposeful selection in modelling processes 

which involve a skilled analyst making decisions at each step of a model in order to ensure an 

effective outcome remains effective. 

In another study, Austin and Tu (2004) determined the reproducibility of LRMs using 

automated variable selection methods. The Ontario Myocardial Infarction Database (OMID) 

was used to draw 1000 bootstrap samples. The study by Austin and Tu (2004) used 29 

candidate variables for predicting mortality after acute myocardial infarction (AMI). Automated 

backward, forward and stepwise selection methods were used in identifying independent 

variables for the LRM. The author used bootstrap methods to examine the stability of the 
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models produced to predict 30-day mortality after AMI. The chi-square test of association was 

used to determine the statistical significance of the association between the categorical 

variables and mortality. Univariate logistic regression models (ULRMs) were fitted to 

determine the statistical significance association between each of the continuous independent 

variables and mortality within 30 days of admission. The study by Austin and Tu (2004) found 

that the limitation of the model depends on its key function. The authors explain that if the 

model was developed to predict and not for hypothesis testing, this key function is not a major 

limitation and the selection method does not have much effect on the results. 

Another study that implemented pre-selection of variables for LR was conducted by Hacke et 

al. (2004). The authors used a multivariate logistic regression (MLR) to check the outcome of 

administering recombinant tissue plasminogen activator (rt-PA) to stroke patients at different 

time intervals upon admission. Spearman’s rank correlation was used to test for the correlation 

between the stroke onset to start of treatment (OTT) and the other baseline continuous 

variables, whereas the likelihood-ratio test (LRT) was used to check the relationship between 

treatment and the other baseline categorical variables. The variables showing significant 

correlations and associations with the dependent variable were included in the multivariate 

model. The backward stepwise selection was then used for selecting the final covariates. The 

study confirmed association between the time the treatment was administered and type of 

outcome. It is worth noting that the study under review did not compare different methods used 

for purposeful selection of variables as it was an application study which differentiates it from 

the current study, which is set to compare the efficiency of some purposeful selection methods. 

As such, the current study extends the scope of the one conducted by Hacke et al. (2004). 

North et al. (2011) developed a predictive model for pre-eclampsia based on clinical risk 

factors for nulliparous women and to identify a subgroup at increased risk. The study 

implemented the chi-square test of association as a pre-selection method to identify all the 

associated categorical variables. Variables found to be significantly associated with the 

dependent variable were included in the multivariate model and stepwise regression was then 

used to select the final covariates. The study by North et al. (2011) adopted a similar method 

to the one used in the study by Hacke et al. (2004), except that Hacke et al. (2004) used 

Spearman’s rank correlation and LRT instead of the chi-square test of association due to the 

nature of the dependent variable. 

Larkin et al. (2010) evaluated key pre-arrest factors and their collective ability to predict post-

cardiopulmonary arrest mortality. The authors used univariate analysis of design set data to 

identify the independent variables which were then included in the multivariate models. In 

doing so, the chi-square test of association was used to check the relationship between 
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categorical variables and the dependent variable as well as between the binary variables and 

the dependent variable. For continuous variables, the authors implemented the Mann-

Whitney’s U-test and t-tests. A hundred bootstrap samples were drawn and stepwise logistic 

regression was subsequently performed on each sample. The Hosmer and Lemeshow (H-L) 

goodness-of-fit statistics and the area under the receiver-operator characteristic (AUROC) 

curve were used to assess the performance of the multivariate models drawn from the 

samples. The MLRM derived from variables selected from 80% of the bootstrap samples was 

selected as the final model based on the Bayesian Information Criteria (BIC). Variables whose 

coefficients were not significant in the selected model were dropped and regression analysis 

was redone. 

In another study, Randall et al. (2013) estimated a LRM to determine the relationship of 6 

forms of implicit cognition about death, suicide, and self-harm with the likelihood of inflicting 

self-harm in the future. The authors implemented purposeful selection modelling on the 

identified theoretically potential predictors in order to derive the logistic model. In doing so, 

Randall et al. (2013) considered a p-value of less than 0.1 and previous research indicating 

the clinical relevance of a variable before it was included in the initial model. The authors 

added the variables to the LRM one at a time and the variable with the highest p-value was 

removed from the model if the p-value of the overall model happed to increase to more than 

the cut-off point of 0.1. Furthermore, each variable that was removed from the model was 

tested to determine whether it had what the authors referred to as “a confounding effect” on 

the remaining variables. Randall et al. (2013) used a 15% change in the parameter estimates 

of the LRM as a benchmark for the confounding effect. Compared to the studies reviewed 

before, the study conducted by Randall et al. (2013) used a distinct approach to purposeful 

selection of variables, and a comparison of this approach to the approaches used in other 

previous studies may be necessary in eminent studies in order to identify the most efficient 

approach. The current study intends to fill this gap, among other things. 

Griffin et al. (2013) conducted a study to identify the factors influencing cardiovascular events 

in community-acquired pneumonia (CAP). The study used a binary dependent variable (0= 

with cardiovascular events and 1= without cardiovascular events) and several potential 

predictors of cardiovascular events including age, sex, family history of cardiac disease, and 

current smoking status, to mention a few. The independent variables included in the model 

were identified based on the chi-square test of association or Fisher’s exact test (depending 

on the expected frequencies) which were used to test the significance of association between 

the categorical predictor variables and the dependent variable. The Mann-Whitney U-test was 

used to check continuous variables. The authors then used a purposeful selection algorithm 

to fit a predictive LRM. Griffin et al. (2013) explain that all variables identified as potential 
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cofounders (factors that contribute to the risk of cardiovascular complications) were included 

in the purposeful algorithm. The authors explain that the purposeful selection algorithm initially 

selected variables with bivariate p-values ≤ 0.25, and fitted a model using backwards 

elimination. Subsequently, as in the study by Randall et al. (2013), variables eliminated by the 

backwards elimination method were further assessed for potential confounding with the 

remaining variables. The authors used a 15% change in the parameter estimates of the 

regression model as a benchmark for the confounding effect and they replaced such variables, 

as Randall et al. (2013) did in their study. 

Moisey et al. (2013) conducted a study to test the hypothesis on clinical outcomes of elderly 

patients admitted to Intensive Care Units (ICU) following trauma, by testing the effect of low 

muscularity and low adiposity on patient’s outcome. Physical characteristics and variables 

were obtained from the patients participating in the study and all variables were perceived as 

clinically sound. The authors used the Mann-Whitney U test  to test the significance of the 

continuous variables and the chi-square test of association or Fisher’s test (depending on the 

expected frequencies) to  confirm the significance of the relationship between categorical 

predictor variables and the dependent variable. The independent variables which were found 

to be related to the dependent variable and included in the initial models included inter-alia 

the age, gender and laboratory values of the patients. Purposeful regression modelling was 

then implemented by first using the stepwise selection method to determine significant 

independent variables and subsequently including such variables in a sequential (rather than 

simultaneous) manner to both multivariate logistic and linear regression analyses. 

Bohlke et al. (2009) conducted a study to develop a multivariate linear regression model in 

order to identify factors associated with health-related quality of life (HRQoL) of patients after 

undergoing kidney transplantation. The socio-economic, demographic, clinical and laboratory 

variables were used as independent variables. The method of purposeful selection of predictor 

variables implemented by Bohlke et al. (2009) was similar to the one used by Bursac et al. 

(2008), which was proposed by Hosmer and Lemeshow (2000), also referred to as the H-L 

purposeful method. Each variable was checked for statistical significance using a p-value cut 

off point of 0.25 and all the variables showing a reasonable association with the dependent 

variable were entered into the multivariate model. The stepwise selection method was then 

used and variables that did not meet the level of significance to stay in the model were 

removed. 

Using a similar approach as in the studies conducted by Griffin et al. (2013) and Randall et al. 

(2013), the parameter estimates of the remaining variables in the study by Bohlke et al. (2009) 

were evaluated and once a significant change (at least 15%) in an excluded variable or 
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coefficient of other variables was observed, the variable was entered back into the model. The 

authors explain that this process was followed until there were no significant variables left to 

be added to the model and all variables included had a significant association to the dependent 

variable. Bohlke et al. (2009) discovered that the final model was able to identify the factors 

associated with HRQoL but it explained only a small part of the HRQoL differences. 

Chen et al. (2009) conducted a study to fit a LRM for predicting pyogenic liver abscess (PLA) 

for elderly patients (at least 65 years of age) and non-elderly patients (less than 65 years of 

age). The chi-square test of association was used to compare the significance of the 

association between the categorical independent variables and the dependent variable 

whereas the t-test or Mann-Whitney U-test compared the continuous variables between the 

elderly patients and non-elderly patients. The significant independent variables were then 

included in the MLRM which was fitted to analyse the outcomes between non-elderly patients 

and older patients. P-values of at most 0.20 were used to identify the significant variables 

which were included in the final LRM. That is, a p-value greater than 20% was used as an 

indicator of an important change in a parameter estimate. The purposeful selection approach 

used in the study by Chen et al. (2009) is similar to the one used in the studies conducted by 

Bohlke et al. (2009), Griffin et al. (2013) and Randall et al. (2013). 

In another study, Folkerson et al. (2015) used a purposeful MLRM to test the hypothesis that 

traumatic brain injury (TBI) subtype and coagulation status would be predictors of progressive 

haemorrhagic injury (PHI). The chi-square test of association or Fisher’s exact test (depending 

on the nature of the data) was used to analyse the association between the independent 

categorical variables and the dependent variable. The significant independent variables were 

then included in the final model. Conner et al. (2009) also used a purposeful selection method 

to construct a MLRM to examine the association of reactive aggression (RA) and proactive 

aggression (PA) with suicidal behaviour. The variable selection approach was similar to the 

one used in the studies by Bohlke et al. (2009) Chen et al. (2009), Griffin et al. (2013) and 

Randall et al. (2013), such that a p-value greater than 20% was used as an indicator of an 

important change in a parameter estimate. The significant variables were retained and 

simultaneously entered into the model. The Likelihood ratio test (LRT) was used to identify 

variables that needed to be removed from the model based on their significance and the effect 

of their removal on the coefficients monitored to identify potential confounders. A final model 

was built using the identified significant variables and results obtained from the associations. 

No model tests were conducted to check the accuracy of the model and the results obtained. 

The authors recommend the need for additional studies on the topic, hence the current study 

seeks to extend the scope of the one conducted by Conner et al. (2009) through a comparison 

of purposeful selection methods and model evaluation. 
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Fanelli et al. (2011) created a MLRM to check the association of patients treated for acne (risk 

factor) with the infection of the nose or throat by S-aureus (outcome of interest). The 

association between categorical independent variables and the dependent variable was tested 

using the chi-square test of association. Purposeful selection of variables was used when 

selecting variables for the MLRM. Initially all clinically important variables were included in the 

model and additional variables included systematically in the model. The prevalence odds 

ratios (pORs) with 95% confidence intervals (CIs) were used to identify which variables to 

keep in the final multivariate model, and once a variable had no effect on the pORs, it was 

removed from the model. The final model identified the association between acne treatment 

and the occurrence of infection by S-aureus. Compared to all the studies before, the study 

conducted by Fanelli et al. (2011) extended the scope by using pORs as a purposeful variable 

selection criterion, unlike many of the studies reviewed before, Bohlke et al. (2009), Chen et 

al. (2009), Griffin et al. (2013) and Randall et al. (2013). 

In another study, Radwan et al. (2013) created a MLRM using purposeful regression modelling 

described by Hosmer and Lemeshow (2000) which is a similar method adopted by Bohlke et 

al. (2009), Chen et al. (2009), Folkerson et al. (2015), Griffin et al. (2013) and Randall et al. 

(2013). The significance of the relationship between continuous variables and the dependent 

variable was assessed using the Mann-Whitney test, and the chi-square test of association 

was used to confirm the relationship between categorical independent variables and the 

outcome variable. The authors chose to include variables which were clinically sound and 

independent. The selected independent variables which were found to be significantly related 

with the target variable included age, gender, 24-hour fluid administration and transfusions to 

name a few. Furthermore, stepwise regression was used to identify the variables which were 

multivariately related to the dependent variable from the matrix of pre-selected variables. The 

significant variables were then included in a MLR analysis evaluating the relationship between 

the variables and thawed plasma (TP). 

Shervin et al. (2009) implemented purposeful variable selection in building a model for 

multivariate analysis applying the Cox regression with the aim of identifying predictors of 

mortality in early systemic sclerosis. Analysis of variance (ANOVA) was used to test the 

relationship between continuous independent variables and the dependent variable whereas 

the chi-square test of association determines the t categorical independent variables which 

were related to the dependent variable. Cox proportional hazards regression models were 

initially built using each independent variable and the dependent variable. All variables 

considered clinically sound as well as the variables found to be significant in each of the Cox 

regression models were included in the multivariate model. P-values were used to identify 

insignificant covariates and such covariates were removed from the model. P-values were 
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also used for monitoring any change in the coefficients of the remaining covariates caused by 

the removed covariates. This approach of using p-values to identify covariates with a 

confounding effect is similar to the one used by Bohlke et al. (2009), Chen et al. (2009), 

Folkerson et al. (2015), Griffin et al. (2013), Radwan et al. (2013) and Randall et al. (2013). 

In another study, Wehman et al. (2015) developed a LRM to predict successful employment 

outcomes for youth with disabilities and to determine variables associated with employment 

after completing high school. The authors performed two separate analyses on the predictor 

variables in order to understand their association with the outcome variable. The chi-square 

test of association was used to identify the predictor variables which are significantly 

associated with the dependent variable. The backward selection method was then used when 

fitting the MLRM. The study by Wehman et al. (2015) identified a final model to describe the 

effects of the predictor variables on employment. 

2.3 Summary 

Literature showed that most previous studies, those by Bohlke et al. (2009), Chen et al. (2009), 

Folkerson et al. (2015), Griffin et al. (2013) , Radwan et al. (2013),Randall et al. (2013) and 

Shervin et al. (2009) followed a methodology described by Hosmer and Lemeshow (2000) 

when building models using purposeful selection. The purposeful selection process proposed 

by Hosmer and Lemeshow (2000) begins with a bivariate analysis of each independent 

variable and the dependent variable to identify the significant predictor variables to be included 

in the model. The chi-square test of association, LRT and Fisher’s exact test, are the most-

commonly used methods for confirming the bivariate relationship prior to fitting the desired 

multivariate model, as shown by Austin and Tu (2004); Chen et al. (2009); Fanelli et al. (2011); 

Folkerson et al. (2015); Griffin et al. (2013); Larkin et al. (2010); Moisey et al. (2013); North et 

al. (2011); Radwan et al. (2013) and Shervin et al. (2009). The commonly used method for 

checking relationships between continuous independent variables and the dependent variable 

prior to fitting the model is the Mann-Whitney’s U-test and the t-test shown by Chen et al. 

(2009); Larkin et al. (2010); Moisey et al. (2013); Griffin et al. (2013) and Radwan et al. (2013). 

The next step in the purposeful selection method proposed by Hosmer and Lemeshow (2000) 

is to fit a model based on the covariates selected from the bivariate tests using either forward, 

backward or stepwise selection methods as used by Austin and Tu (2004); Bohlke et al. 

(2009); Bursac et al. (2008); Chen et al. (2009); Fanelli et al. (2011); Folkerson et al. (2015); 

Griffin et al. (2013); Hacke et al. (2004); Larkin et al. (2010); North et al. (2011); Moisey et al. 

(2013); Radwan et al. (2013) and Shervin et al. (2009). Most authors such as Austin and Tu 

(2004); Bohlke et al. (2009); Bursac et al. (2008); Hacke et al. (2004); Larkin et al. (2010); 
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Moisey et al. (2013); North et al. (2011) and Radwan et al. (2013) implemented stepwise 

selection which is a combination of the backward elimination. The stepwise selection method 

includes all the variables in the model and drops the insignificant variables until only the 

significant variables are remaining, and the forward selection, which is the opposite of the 

backward elimination, begins with an empty model and a model is built by adding significant 

variables until a best model is fit (Austin and Tu (2004) and Bursac et al. (2008)). The common 

thresholds or cut-off points for including variables in the models when applying the H-L 

algorithm are p=0.25 and p=0.05 (Austin and Tu, (2004); Bohlke et al. (2009); Bursac et al., 

(2008); Fanelli et al. (2011); Griffin et al. (2013); Larkin et al. (2010); Moisey et al. (2013) and 

Radwan et al. (2013). 

The current study has identified a gap in literature which is that most of the previous studies 

on purposeful selection of covariates for multivariate did not evaluate the method proposed by 

Hosmer and Lemeshow (2000), but they were merely application studies. As such, there is a 

need for the current study to assess the efficiency of the algorithm proposed by Hosmer and 

Lemeshow (2000) by comparing it to other methods used for purposeful selection of covariates 

for MLRM. As such, the current study seeks to compare the efficiency of the following models 

in attempt to fill this gap in literature: 

Model 1: which includes all variables in the model and implements stepwise selection to 

determine significant covariates, 

 Model 2: which uses several bivariate regression models, and only variables that yield 

significant results are included in the multivariate model, 

Model 3: which uses chi-square/Fisher’s/LTR to pre-select variables and then stepwise 

selection method is used to select significant variables for the multivariate model, and 

Model 4: which uses the algorithm proposed by Hosmer and Lemeshow (2000). 

These approaches are discussed extensively in the succeeding chapter. 
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CHAPTER 3  

METHODOLOGY 

3.1 Introduction 

Stoltzfus (2011) explains that for a LR procedure to produce an accurate model, critical factors 

which include independent variable selection and the proper choice of the model building 

strategy should be taken into account.  Taking that into consideration, this chapter explains 

the methodological steps followed in addressing the objectives of this study. Stoltzfus (2011) 

emphasises the importance of following correct procedures when selecting independent 

variables for inclusion in the model, the importance of making sure that the assumptions are 

met, the essential role of selecting the relevant model building strategy, the importance of 

validation checks both internally and externally, and the correct interpretation of the model 

results. As such, this chapter explains how all these processes are followed in the current 

study. The remaining sections of the chapter are structured as follows: section 3.2 explains 

the assumptions of LR, section 3.3 discusses the selection of covariates and model fitting, 

section 3.4 explains the criteria for comparing and selecting the best model and section 3.5 

gives a summary of the chapter. 

3.2 Data and variables 

The study uses data from StatsSA on VOCS 2015/16 data. VOCS is only representative of 

non-institutionalised and non-military persons or households in South Africa, that is, 

information is sought from a sample of all private households in all nine provinces of South 

Africa and residents in workers’ hostels. The data collected provides information on the 

experiences and perceptions of crime of the South African households and victims of crime. 

The survey also focuses on the respondent’s views of accessibility of police services, their 

response rate to crime and the criminal justice system.  

The current study focuses on reporting of housebreaking by victims and their perception of 

the police, which is covered by questions in section 6 of the questionnaire. The data set 

consists of 21 374 observations/ respondents with binary variables (32) from section 6 on 

police as the independent variables being tested against section 12 variable (12.7) reporting 

housebreaking/ burglary, which is the dependent variable. The study aims to identify the binary 

variables (reasons most associated with a victim’s chance of reporting or not reporting 

housebreaking to the police). This is achieved by identifying the best suitable model among 

four models built using different selection methods to identify the significant variables. This not 
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only allows for the identification of significant variables but also assists in identifying the best 

variable selection method in building a significant binary regression model. 

3.3 Sampling and replication 

To ensure the validity, replication of results and statistical rigour, the study randomly selected 

five samples of a variable-to-observation ratio of 1: 10. This variable-to-observation ratio is 

deemed sufficient by Peng et al. (2002b), Menard (2002) and Hosmer David and Stanley 

(2000). Since there are 18 variables in this study, each sample comprise 180 observations. 

These samples are treated as training datasets. The four models are fitted for each sample 

and are compared using some comparison criteria. The model(s) selected from the training 

dataset are applied to the actual dataset (the complete dataset, not the samples) to 

demonstrate their efficiency in fitting a parsimonious regression model to predict the likelihood 

of reporting a crime. This sampling and replication confirms whether the covariate selection 

methods under study are able to select the same variables for each sample, and to confirm 

whether the same model(s) will be identified as the most efficient across the samples. If these 

assumptions are not evident in the results, this will mean that the variable selection 

approaches under study do not always give the same results for similar datasets.  

3.4 Logistic regression 

A LR analysis will be done on reporting housebreaking as a dependent variable. Reporting 

Housebreaking variable, will be used to perform LR to determine the odds of reporting against 

Police accessibility, Police visibility, Police response, Satisfaction with police, Trust, etc. as 

the independent variables.  

LR is used to predict the category of outcome for individual cases. This is achieved by creating 

model that includes the factors (called “predictor variables”) that are useful in predicting the 

outcome. This step yields insight into how good the estimate is, in other words, how much the 

factors under investigation contribute to the explanation of the observed variations. It is helpful 

that LR gives information about the comparison between the prediction and the actual 

distribution of the data.  

3.4.1 Binary logistic model 

Binary logistic regression is used in this study to determine the factors associated with 

reporting housebreaking. The general model is as follows: 
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      0 1 1 2 2log(Reporting housebreaking(1 = yes, 0 = no)) = i iX X X ,  (1) 

where  , 0,1,2, ,i i n  are parameter estimates and , 0,1,2, ,jX j n are the independent 

variables. 

The likelihood of reporting a housebreaking incident is modelled using the binary LRM with 

the model outcomes 0= No and 1= Yes. 

Mathematically, when the LRM involves only one explanatory variable, say 
1X  such that 

1X  

takes on only two values of 
iY  , so that (0,1)i  where 0 is not reported and 1 is reported, a 

LRM for this data would correspond to: 

 1

0 1

1

1
log

1 ( 1)

X

X


 



 
  

  
,   (2) 

where: 

1X : Equal to 1 when it represents Reported housebreaking 

0 : Represents the logarithm of the odds of response for Not Reporting housebreaking 

1 : Represents the logarithm of the odds of response for Reporting housebreaking. 

 

3.5 Assumptions of binary logistic regression 

3.5.1 Discrete dependent variable 

The dependent variable should be dichotomous/ binary in nature (e.g., occurrence vs non-

occurrence). The current study meets the assumption since the dependent variable is the 

likelihood of reporting a housebreaking crime which is binary. 

3.5.2 The independence of observations 

Stoltzfus (2011) defines this as the absence of duplicate responses, whereby all outcomes 

are separate from each other. LR requires each observation to be independent. If 

independence is violated and observations are not independent of each other and the data 

consists of duplicate observations, then there will be high correlation between variables 

leading to high error. Errors will be similarly correlated if data used includes repeated 

measures or correlated outcomes according to Stoltzfus (2011) thus resulting in bias results 
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not representative of the population of interest. (A unique number ensures that there are no 

duplicates of observations). Statistics South Africa uses unique numbers to distinguish each 

questionnaire collected. This is to ensure confidentiality of the respondents is maintained at 

all times. Each household or response unit is allocated a unique number to differentiate it from 

the others. This means that observations are independent from each other and that there are 

no repeated units in the data. 

3.6 Selection of covariates and model fitting 

3.6.1 Model 1: Covariates selected using the stepwise selection method 

As Bursac et al. (2008) and Olusegun et al. (2015) explain, stepwise selection is a combination 

of the forward and backward methods. This is done such that variables are included and 

removed from the model in such a way that each forward selection process may be followed 

by one or more backward elimination steps until no other variable can be added into or 

removed from the model (Bursac et al., 2008); Olusegun et al., 2015). Variables are checked 

for significance and entered into the model using forward selection and once entered, the 

covariates are tested for significance and if found not to be significant, removed using the 

backward elimination process (Murtaugh, 2009).   

According to Olusegun et al. (2015), the stepwise selection process uses the F statistic for its 

selection. The F statistic is found by comparing the Mean Square of the Repressors (MSR) 

and the Mean Square of the Error (MSE) which is defined as follows (Olusegun et al., 2015): 

 
* ( )k

k

MSR X
F

MSE X
,   (3) 

where: 𝑋𝑘 the k potential predictor variables. In this study, those are Police Visibility, Police 

Accessibility, Police response, Service level, Satisfaction level etc. 

The p-value is used to identify the variables to be included into or excluded from the model. 

The current study uses the F-test at a p-value significant level of 0.05 as recommended by 

Murtaugh (2009). The model can be written as: 

        0 1 1 2 2log i i iX X X ,   (4) 

where 
i  are the log odds of reporting housebreaking and 

iX  are all the predictor variables, 

namely Police visibility, Police accessibility, Police service satisfaction levels, etc. associated 

with reporting a crime.  
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3.6.2 Model 2: Covariates selected using the chi-square test of association 

The chi-square statistic is defined as 







 2 ( ˆ )

ˆ

rc rc

r c
rc

P
,   (5) 

where 
rcP  is the observed proportion from the data (observed count) and ˆrc  is the expected 

proportion (Heeringa et al., 2010). Chi-square test is used to check association between the 

dependent variable (likelihood of reporting a housebreaking crime) and the independent 

variables (Police accessibility, Police visibility, Police response, Satisfaction with police, Trust, 

etc.). As in the studies by Austin and Tu (2004) and Larkin et al. (2010) to name a few, the 

current study uses chi-square test to check the bivariate association of the variables and to 

identify significant predictors to be entered into the multivariate model. A p-value cut-off point 

of 0.05 is used in choosing the significant covariates to be used in fitting the multivariate model. 

Hosmer and Lemeshow (2000) outlined a procedure for applying LR as follow: 

1. The dependent dichotomous variable can be coded into values 0 and 1 

2. A case is represented in the data set only once (No repetition or duplicates in the data) 

3. The model must be correctly specified, i.e. contains all relevant predictors and they must 

be mutually exclusive and collectively exhaustive. 

4. Relatively large samples are required (standard errors for maximum likelihood coefficients 

are large-sample estimates).  

The identified significant covariates are then used to fit the multivariate LRM. 

3.6.3 Model 3: Several bivariate regression models used in identifying 

significant variables for the multivariate model 

In this approach, the bivariate between reporting a housebreaking and each of the dependent 

variables form is checked by performing bivariate binary logistic analyses in the form:  

   0 1 1log i X ,   (6) 

where: 
i  are the log odds of reporting housebreaking, 

0  is the intercept and 
1X  the 

predictor variable. 

The F statistic is used to test the significance of the overall model. If the model is found to be 

significant overall, Wald chi-square test is given by (Heeringa et al., 2010), 
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wald wald R C

df R C
F Q F H

R C df
,  (7) 

where C are the columns, R the rows and df the degrees of freedom is then used to test if the 

covariate is also significant in the model. The statistical significance of the overall model and 

the covariate are tested at 5% level of significance. Only when both the overall model and the 

covariate are both significant the covariate is considered for inclusion in the multivariate model. 

3.6.4 Model 4: Covariates selected  using Hosmer and Lemeshow’s (2000) 

algorithm. 

A purposeful selection algorithm proposed by Hosmer  and Stanley (2000) for variable 

selection and model building is used to build a LRM of the form: 
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.   (8) 

To fit the model, the unknown parameters 
0 1 and    should firstly be estimated. This is 

achieved by constructing a likelihood function. The obtained maximum likelihood function 

produces values for the estimates of the unknown parameters which maximise the probability 

of obtaining the observed set of data (Hosmer and Stanley, 2000). The estimate of 
i   is 

expressed as ˆ
i  and  ˆ iX  is the maximum likelihood estimate of  iX  A p-value of 0.05 

is used to check statistical significance of the variables. 

3.7 Comparison and evaluation of the models 

3.7.1 Chi-square goodness-of-fit test 

Chi-square is the traditional measure for evaluating overall model fit as stated by Hooper et 

al. (2008).  

A chi-square test can be based on the residuals  ˆ
i iy y , where 

iy  is the observed dependent 

variable for the ith subject and ˆ
iy  is the corresponding prediction from the model. The chi-

square statistic,  




2 2
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n

i

i

r ,   (9) 

is used to calculate p-values with  1n k   degrees of freedom (Park, 2013). A p-value cut-

off point of 0.05 is used in the current study to either accept or reject the null hypothesis. The 
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null hypothesis assumes that there is no significant difference between the observed and the 

expected value and the alternative hypothesis assumes that there is a significant difference 

between the observed and the expected value.  

3.7.2 The likelihood ratio test (LRT) 

The LRT is used to identify the strength of the relationship between the independent variables 

and the dependent variable. This is achieved by assessing the fit of a model without (includes 

only the intercept) the independent variables (Police Accessibility, Visibility, Service 

satisfaction levels etc.) and that with the independent variables. The best fit model provides a 

better fit compared to the model without the independent variables. The model is tested under 

the null hypothesis:      0 1 2: 0kH   by comparing the deviance with just the intercept 

(-2 log likelihood of the null model) to the deviance when the k independent variables have 

been added to the model (-2 log likelihood of the given model), usually represented, according 

to Park (2013), as 

likelihood of the null model
2log

likelihood of the given model
 .   (10) 

The ratio test measures the impact the independent variables have on the dependent variable. 

This is tested using a 0.05 p-value level of significance to either accept or reject the null 

hypothesis. 

3.7.3 The Akaike information criterion (AIC) 

The AIC was created after Akaike (1971) identified a relationship between the maximum 

likelihood estimate and the Kullback-Leibler measure (Fabozzi et al., 2014). The Kullback-

Leibler measure was developed by Kullback and Leibler to measure a model that is believed 

to be good if it minimizes the loss of information. Akaike (1971) derived a criterion used for 

model selection and is considered as the first model selection criterion that should be used in 

practice (Fabozzi et al., 2014) . The model with the lowest AIC is considered to be the best 

model and the AIC is equated as: 

   ˆ2log 2AIC L k ,   (11) 

where  is the set (vector) of model parameters  

 ˆL   is the likelihood of the candidate model given the data when evaluated at the 

maximum likelihood estimate of  . 
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k is the number of estimated parameters in the candidate model (Fabozzi et al., (2014) and 

Hilbe (2011). 

3.7.4 The Schwarz criterion (SC) 

The SC, also known as the Bayesian information criterion (BIC), is a model selection method 

set on a Bayesian context but based on information theory computed as: 

   ˆ2log logSC L k n ,   (12) 

where the terms are the same as those described for AIC above and n is the number of 

observations (Fabozzi et al., 2014). Like with AIC, the model with the minimum SC is 

considered to be the best model. 

3.7.5 The Hosmer and Lemeshow (H-L) goodness-of-fit test 

Peng et al. (2002a) described the H-L statistic as a Pearson chi-square statistic, calculated 

from a 2xg table of observed and estimated expected frequencies, where g is the number of 

groups formed from the estimated probabilities. The H-L test examines the similarities 

between the proportions of events and the predicted probabilities of occurrence in subgroups 

of the model population (Park, 2013). A small value of the H-L statistic with a large p-value 

closer to 1 indicate a good overall model fit (good fit to data), while a greater value with a 

smaller p-value indicates poor fit to the data. The H-L statistic is denoted as 
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E
,   (13) 

where gO  and gE  are the observed and the expected events for the gth risk decile group 

(Park, 2013).  

3.8 Predictive accuracy and discrimination  

3.8.1 Receiver Operating Characteristic (ROC) 

The ROC curve originates from signal detection theory. It plots the probability of detecting a 

true signal and false signal for an entire range of possible cut points (Sarkar and Midi, 2010). 

The ROC is used to test the accuracy of the fitted model. The model fit is measured using the 

area under the curve (AUC). According to Sarkar and Midi (2010) an ideal curve has an area 

of 1, with the worst case scenario being 0.5 and the accuracy of the ROC test is dependent 

on the level at which the test is able to separate the group being tested into those with or 

without the criteria in the model. A larger AUC indicates better predictability of the model, 
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(Park, 2013). ROC is formed by plotting the true positive rate (TPR) also known as sensitivity, 

recall or probability of detection, against the false positive rate (FPR) also known as the fall-

out or probability of false alarm, at all classification thresholds, defined as: 




TP
TPR

TP FN
,   (14) 




FP
FPR

FP TN
,   (15) 

or 

  1 specificityFPR ,   (16) 

where TP is the true positive result, FP is the false positive result, TN true negative results 

and FN false negative (Hajian-Tilaki, 2013). 

3.8. 2 Classification Table 

A classification table evaluates predictive accuracy of LRM, by cross-classifying observed 

responses and predicted values at a specified cut-off point (cut-off value specified by the user) 

(Schlotzhauer, 1993). Classification using bias-adjusted predicted probabilities estimates bias 

caused by using all observations to fit the model since each observation will influence the 

model used to classify itself (classification table-analysis-model). Here observations are 

adjusted and classified according to the cut-off(s) specified. Park (2013) indicates that a model 

with a better fit is indicated by classification table resulting with higher sensitivity and 

specificity,  




TP
Sensitivity

TP FN
,   (17) 




TN
Specificity

FP TN
,   (18) 

where TP is the true positive result, FP is the false positive result also known as a Type 1 

error, TN the true negative results and FN false negative results  also known as a Type 2 error. 

3.9 Summary of the chapter 

The current chapter covered the methodology which is used in building and testing the four 

LRMs. The chapter described assumptions that will be tested considered in the current study. 

Once the assumptions are tested and the data is deemed suitable for analysis, four models 

are produced using different covariate selection methods. Five samples are drawn from the 

https://en.wikipedia.org/wiki/Information_retrieval#Fall-out
https://en.wikipedia.org/wiki/Information_retrieval#Fall-out


  

24 
 

VOCS data and four variable selection methods applied on each sample to identify the 

desirable selection method. This is done to identify the selection method which produces the 

best fitted model. In order to achieve this, overall model fit of the four models is tested. This is 

done using goodness-of-fit tests to identify the model with the best fit. Once identified, the 

model’s predictive ability is tested using the ROC curve. All this will be done practically in the 

following chapter. 

 



  

25 
 

CHAPTER 4  

DATA ANALYSIS 

4.1 Introduction 

The chapter reports data results which were computed to address the objectives of this study. 

It presents and interprets the results obtained from fitting the competing models. The chapter 

is structured as follows: section 4.2 shows the covariates which were selected for Model 2 

(Using the chi-square test of association) and for Model 3 (Using several bivariate regression 

models), and section 4.3 compares the models using different comparison criteria as 

discussed in Chapter 3 for each of the five samples.  

As explained in Chapter 3, this study replicated the results five times by taking equal samples 

of the same size to confirm whether the models will perform the same across different 

observations of datasets with similar attributes. This replication is done to validate the results 

and to ensure statistical rigour of the selected model(s). In section 4.4, the most efficient 

model(s) is identified and is then applied to the whole dataset to build a LRM to predict the 

likelihood of one reporting a crime of house robbery based on several covariates. A chapter 

summary is given in section 4.5 

4.2 Pre-analysis results for the selection of covariates for model 2 and model 3 

4.2.1 Selection of covariates for Model 2 using the Chi-Square Tests of 

Association 

In this sub-section, the study tests the bivariate associations between the likelihood of 

reporting a crime of housebreaking and each covariate. Only the covariates which showed 

some significant association with the dependent variables are reported. 

Table 1: Sample 1 

Association between the likelihood of 
reporting a crime and: 

Chi-Square Value df Asymp. Sig. 
(2-sided) 

Population group (race) of persons Likelihood Ratio  22,857 3 ,000 

Marital status Likelihood Ratio  14,130 7 0,049 

Visited the police station in 3 years Likelihood Ratio  8,624 3 0,035 

 

Table 1 shows that for Sample 1, only the race, marital status and whether the respondent 

visited the police station in 3 years are significantly associated with the likelihood of reporting 
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a crime of housebreaking at 5% level of significance (p-values < 0.05). As such, these 

covariates are included in the multivariate model (Model 2 for Sample 1). 

Table 2: Sample 2 

Association between the likelihood of  
reporting a crime and: 

Chi-Square Value df 
Asymp. Sig. 
(2-sided) 

Population group (race) of persons Likelihood 
Ratio  

18,804 3 0,000 

Marital status Likelihood 
Ratio  

18,387 7 0,010 

Visited the police station in 3 years Likelihood 
Ratio  

13,384 2 0,001 

Official contact with police Pearson Chi-
Square 

10.425 1 0,001 

Police response in emergency Pearson Chi-
Square 

16.326 4 0,003 

 

In addition to the covariates selected in Table 1, for Sample 2, having an official contact with 

the police and the police’s response in emergency situations are significantly associated with 

the likelihood of one reporting a crime of housebreaking at 5% level of significance (p-values 

<0.05). All the variables in Table 2 are therefore included in the multivariate model (Model 2 

for Sample 2). 

Table 3: Sample 3 

Association between the likelihood of 
reporting a crime and: 

Chi-Square Value df 
Asymp. Sig. 
(2-sided) 

Population group (race) of persons Likelihood 
Ratio  

18,984 3 0,000 

Visited the police station in 3 years Likelihood 
Ratio  

21,080 3 0,000 

Official contact with police Pearson Chi-
Square 

11.344 1 0,001 

Education level attained Likelihood 
Ratio  

40,136 27 0,050 

Average time to police station Likelihood 
Ratio  

15,898 4 0,003 

 

Table 3 shows that for Sample 3, only five out of thirteen covariates (race, whether the 

respondent visited the police station in 3 years, official contact with the police, educational 

level attained and the average time taken to reach the police station) are significantly 

associated with the likelihood of reporting a crime of housebreaking at 5% level of significance 

(p-values < 0.05). Only these significant covariates are included in the multivariate model 

(Model 2 for Sample 3). 
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Table 4: Sample 4 

Association between the likelihood of 
reporting a crime and: 

Chi-
Square 

Value df 
Asymp. Sig. (2-
sided) 

Population group (race) of persons Likelihood 
Ratio  

33,29
6 

3 0,000 

Visited the police station in 3 years Likelihood 
Ratio  

12,93
3 

3 0,005 

Official contact with police Likelihood 
Ratio  

11,97
1 

2 0,003 

Police response in emergency Pearson 
Chi-Square 

12.47
5 

4 0,014 

Province Pearson 
Chi-Square 

20.85
2 

8 0,008 

Age Likelihood 
Ratio  

76,50
8 

54 0,024 

Education level attained Likelihood 
Ratio  

45,70
6 

28 0,019 

Average time to police station Likelihood 
Ratio  

18,08
9 

5 0,003 

 

Table 4 shows that for Sample 4, only the race, whether the respondent visited the police 

station in 3 years, official contact with the police, police response in emergency, the province, 

the age of the respondent, their highest educational level attained and the average time taken 

to reach the police station are significantly associated with the likelihood of reporting a crime 

of housebreaking at 5% level of significance (p-values < 0.05), a decline in the number of 

covariates selected in Table 3.These covariates are included in the multivariate Model 2 for 

Sample 4. 

Table 5: Sample 5 

Association between the likelihood of  
reporting a crime and: 

Chi-Square Value df 
Asymp. Sig. 
(2-sided) 

Population group (race) of persons Likelihood 
Ratio  

23,39
6 

3 0,000 

Marital status Likelihood 
Ratio  

18,25
5 

7 0,011 

Visited the police station in 3 years Likelihood 
Ratio  

10,55
4 

2 0,005 

Official contact with police Pearson Chi-
Square 

21.73
9 

1 0,000 

Age Likelihood 
Ratio  

77,59
4 

53 0,015 

Education level attained Likelihood 
Ratio  

40,55
4 

23 0,013 

Average time to police station Likelihood 
Ratio  

13,07
5 

5 0,023 

Children approach police officer Likelihood 
Ratio  

7,921 2 0,019 

 

For Sample 5 the race, marital status, whether the respondent visited the police station in 3 

years, official contact with police, age, educational level attained, average time to police 
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station and the parent’s willingness for their children to approach the police officer are 

significantly associated with the likelihood of reporting a crime of housebreaking at 5% level 

of significance (p-values < 0.05). The selected covariates are then included in the 

multivariate model (Model 2 of Sample 5). 

4.2.2 Selection of variables for Model 3 using several bivariate logistic 

regression models  

In this sub-section, the study tests whether each bivariate model between the likelihood of 

reporting a crime of housebreaking and each of the covariates is significant overall, and if so, 

it further confirms whether the covariate in the bivariate model is significant as well. If these 

two conditions are satisfied, the covariate is included in the multivariate model. The sub-

section only reports significant results. 

4.2.2.1 Overall significance of each bivariate model 

Table 6: Sample 1 

Omnibus Tests of Model Coefficients 

Bivariate model between the likelihood of reporting a crime 
and: Chi-square df Sig. 

Gender 11,096 1 0,001 

Population group (race) of persons 22,642 1 0,000 

Marital status 7,007 1 0,008 

 

Table 6 shows that for Sample 1, the bivariate models between the likelihood of reporting a 

crime and each of the following variables: gender, race and marital status are each significant 

at 5% level of significance overall. Table 11 confirms whether each of these covariates are 

also individually significant in their respective bivariate models. 

Table 7: Sample 2 

Omnibus Tests of Model Coefficients 

Bivariate model between the likelihood of reporting a crime 
and: Chi-square df Sig. 

Population group (race) of persons 17,915 1 0,000 

Official contact with police 10,596 1 0,001 

Police response in emergency 7,370 1 0,007 

 

For Sample 2, Table 7 above indicates that the bivariate models between the likelihood of 

reporting a crime against race, official contact with police and police response in emergency 
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respectively are each significant at 5% level of significance. The individual significance of 

these covariates in their respective bivariate models is confirmed in Table 12. 

Table 8: Sample 3 

Omnibus Tests of Model Coefficients 

Bivariate model between the likelihood of reporting a crime 
and: Chi-square df Sig. 

Province 5,012 1 0,025 

Age 4,691 1 0,030 

Population group (race) of persons 14,298 1 0,000 

Education level attained 4,234 1 0,040 

Official contact with police 11,590 1 0,001 

Specialised police operations 4,252 1 0,039 

 

Table 8 shows that for Sample 3, the bivariate models between the likelihood of reporting a 

crime and each of the following covariates: the province, age, race, educational level attained 

the official contact with the police and the specialised police operations are significant at 5% 

level of significance. Table 13 confirms whether each of these covariates are also individually 

significant in their respective bivariate models. 

Table 9: Sample 4 

Omnibus Tests of Model Coefficients 

Bivariate model between the likelihood of reporting a crime 
and: Chi-square df Sig. 

Population group (race) of persons 26,895 1 0,000 

Marital status 7,605 1 0,006 

Average time to police station 4,794 1 0,029 

Official contact with police 11,967 1 0,001 

Police response in emergency 5,903 1 0,015 

 

Table 9 shows that the overall bivariate models between the likelihood of reporting a crime 

with race, marital status, average time to police station, official contact with police and the 

polices response in emergency respectively are significant at 5% level of significance for 

Sample 4. Significance of each of these covariates is confirmed in Table 14. 
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Table 10: Sample 5 

Omnibus Tests of Model Coefficients 

Bivariate model between the likelihood of reporting a crime 
and: Chi-square df Sig. 

Population group (race) of persons 20,451 1 0,000 

Marital status 8,261 1 0,004 

Official contact with police 23,131 1 0,000 

Police response in emergency 6,000 1 0,014 

 

Table 9 shows that for Sample 5, the bivariate models between the likelihood of reporting a 

crime and each of the following variables: race, marital status official contact with police and 

police response in emergency are significant at 5% level of significance. This is confirmed in 

Table 15 by checking whether each of these covariates are also individually significant in their 

respective bivariate models. 

4.2.2.2 Significance of each covariate in the bivariate regression model 

Table 11: Sample 1 

Variables in the Equation 

  B S.E. Wald df Sig. 

Gender 1,038 0,317 10,733 1 0,001 

Population group (race) of persons -0,763 0,190 16,069 1 0,000 

Marital status 0,153 0,059 6,828 1 0,009 

 

Table 11 shows that each of the covariates from the significant overall models in Table 6 

contribute significantly to the likelihood of reporting a crime of housebreaking in each of the 

bivariate models fitted using data from Sample 1 (p-values corresponding to the Wald tests 

are each < 0.05). As such, the variables in Table 6 and Table 11 are included in the multivariate 

model (Model 3 for Sample 1). 

Table 12: Sample 2 

Variables in the Equation 

  B S.E. Wald df Sig. 

Population group (race) of persons -0,815 0,236 11,902 1 0,001 

Official contact with police 1,008 0,316 10,176 1 0,001 

Police response in emergency 0,343 0,129 7,082 1 0,008 

 

The variables in Table 7 and Table 12 are included in the multivariate model (Model 3 of 

Sample 2) since they each contribute significantly to the likelihood of reporting a crime of 
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housebreaking in each of the bivariate models fitted using data from Sample 2. This is as 

shown in Table 12 with each of the covariates having a significant p-value corresponding to 

the Wald test being less than 0.05. 

 

Table 13: Sample 3 

Variables in the Equation 

  B S.E. Wald df Sig. 

Province 0,125 0,057 4,890 1 0,027 

Age -0,023 0,011 4,518 1 0,034 

Population group (race) of persons -0,618 0,184 11,261 1 0,001 

Education level attained -0,042 0,021 4,044 1 0,044 

Official contact with police 1,073 0,323 11,009 1 0,001 

Specialised police operations -0,738 0,361 4,181 1 0,041 

 

The Wald tests for each covariate are significant at 0.05 thus these variables are included in 

the multivariate model (Model 3 for Sample 3). Table 8 and Table 13 show that each of the 

covariates contribute significantly to the likelihood of reporting a crime of housebreaking in 

each of the bivariate models fitted using Sample 3.  

Table 14: Sample 4 

Variables in the Equation 

  B S.E. Wald df Sig. 

Population group (race) of persons -0,989 0,247 16,001 1 0,000 

Marital status 0,161 0,059 7,412 1 0,006 

Average time to police station 0,384 0,199 3,702 1 0,054 

Official contact with police 0,948 0,323 8,620 1 0,003 

Police response in emergency 0,293 0,123 5,711 1 0,017 

 

Each of the covariates from the significant overall models in Table 9 each contribute 

significantly to the likelihood of reporting a crime of housebreaking in each of the bivariate 

models fitted using Sample 4 data, as shown in Table 14. The variables in Table 9 and Table 

14 are included in the multivariate model (Model 3 of Sample 4) since they each have a 

significant p-value for the Wald test at 5% level of significance. 

 

 



  

32 
 

Table 15: Sample 5 

Variables in the Equation 

  B S.E. Wald df Sig. 

Population group (race) of persons -0,923 0,264 12,231 1 0,000 

Marital status 0,173 0,061 8,036 1 0,005 

Official contact with police 1,648 0,370 19,816 1 0,000 

Police response in emergency 0,299 0,124 5,808 1 0,016 

 

Table 15 shows that each of the covariates from the significant bivariate models in Table 10 

each contribute significantly to the likelihood of reporting a crime of housebreaking in each of 

these bivariate models (each p-value of the covariates corresponding to the Wald tests is 

significant at 0.05 level of significance). Variables in Table 10 and Table 15 are therefore 

included in Model 3 for Sample 5 (the multivariate model).  

4.3 Model comparison and selection 

This section compares the different models for each of the five samples which were fitted 

using the four different variable selection methods described in Chapter 3. Goodness-of-fit 

tests are applied to each of the models within the different samples and for each sample the 

best model is selected based on the results. The overall best model will be the model that is 

selected as the best or the most efficient model for most, if not all the samples.  
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Table 16: Selection of the model that fits the data well for Sample 1 

  AIC SC Area under the curve 
Classification 

rate (%)  
Variables in the model  

Model 1 222.686 251.422 0.7713 58.9 

Population group (race) of persons, 
Average time to police station, Gender, 
Age, Satisfaction with police, Trust in 
metro/traffic police, Children approach 
police officer, Visited the police station 
in 3 years 

Model 2 227.642 240.414 0.7222 54.4 
Population group (race) of persons, 
Marital status, Visited the police station 
in 3 years 

Model 3 230.361 246.326 0.7188 53.3 
Gender, Population group (race) of 
persons, Marital status, Police 
response in emergency 

Model 4 221.732 237.696 0.7401 58.3 
Age, Average time to police station, 
Gender, Population group (race) of 
persons 
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Table 16 continued ….  

  AIC SC Area under the curve Classification rate (%)   

Each of the columns shows the  
Model Rank (from best to worst  
based on the different goodness-of-fit tests) 
e.g. the first column ranks the models based 
on the lowest AIC to the highest AIC. 
   
  

Model 4 Model 4 Model 1 Model 1 

 

Model 1 Model 2 Model 4 Model 4 

Model 2 Model 3 Model 2 Model 2 

  Model 3 Model 1 Model 3 Model 3 
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Table 16 shows that when compared to the other models fitted using data from Sample 1, 

Model 4 and Model 1 fit the data best, since Model 4 has the lowest AIC and SC whereas 

Model 1 has the highest classification accuracy rate and highest AUROC compared to the 

other models.  
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Table 17: Selection of the model that fits the data well for Sample 2 

  AIC SC Area under the curve 
Classification 

rate (%)  
Variables in the model  

Model 1 222.378 244,729 0.7532 60.0 

Population group (race) of persons, 
Visited the police station in 3 years, 
Official contact with police, Police 
response in emergency, Satisfaction 
with police, Police officers on duty 

Model 2 228.583 247.741 0.7144 56.7 

Population group (race) of persons, 
Marital status, Visited the police station 
in 3 years, Official contact with police, 
Police response in emergency 

Model 3 226.522 239.294 0.7008 55.6 
Population group (race) of persons, 
Official contact with police, Police 
response in emergency 

Model 4 233.423 246.195 0.6660 56.7 
Satisfaction with police, Average time 
to police station, Population group 
(race) of persons  

Each of the columns shows the  
Model Rank (from best to worst  
based on the different goodness-of-fit tests) 
e.g. the first column ranks the models based 
on the lowest AIC to the highest AIC. 
 

Model 1 Model 3 Model 1 Model 1 

 

Model 3 Model 1 Model 2 Model 4 

Model 2 Model 4 Model 3 Model 2 

Model 4 Model 2 Model 4 Model 3 
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Table 17 shows that Model 1 fit Sample 2 data best when compared to the other models since 

Model 1 has the lowest AIC, and the highest classification accuracy rate as well as highest 

AUROC. Model 1 also has the second lowest SC. These results differ from those for Sample 

1 where both Model 1 and Model 4 were found to be the most efficient. 
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Table 18: Selection of the model that fits the data well for Sample 3 

  AIC SC Area under the curve 
Classification 

rate (%)  
Variables in the model  

Model 1 221.907 241.065 0.7617 61.1 

Population group (race) of persons, 
Visited the police station in 3 years, 
Official contact with police, Police 
officers on duty, Specialised police 
operations 

Model 2 236.781 281.482 0.7661 58.9 

Province, Gender, Age, Population 
group (race) of persons, Marital status, 
Education level attained, Average time 
to police station, Visited the police 
station in 3 years, Official contact with 
police, Police response in emergency, 
Satisfaction with police, Police officers 
on duty, Children approach police 
officer 

Model 3 226.151 248.501 0.7469 60.0 

Province, Age, Population group (race) 
of persons, Education level attained, 
Official contact with police, Specialised 
police operations 

Model 4 237.008 243.394 0.6414  55.6 Population group (race) of persons 
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Table 18 continued ...  

  AIC SC Area under the curve Classification rate (%)   

Each of the columns shows the  
Model Rank (from best to worst  
based on the different goodness-of-fit tests) 
e.g. the first column ranks the models based 
on the lowest AIC to the highest AIC. 
 

Model 1 Model 1 Model 2 Model 1 

 

Model 3 Model 4 Model 1 Model 3 

Model 2 Model 3 Model 3 Model 2 

Model 4 Model 2 Model 4 Model 4 
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Table 18 shows the conclusion drawn from the results for Sample 3 are similar to those made 

for Sample 2. That is, Model 1 fits the data best with the lowest AIC and SC, the highest 

classification rate and the second highest when it came to the area under the curve. 
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Table 19: Selection of the model that fits the data well for Sample 4 

  AIC SC Area under the curve 
Classification 

rate (%)  
Variables in the model  

Model 1 215.622 241.165 0.7889 64.4 

Population group (race) of persons, 
Marital status, Education level 
attained, Visited the police station in 3 
years, Official contact with police, 
Police response in emergency,  
Satisfaction with police 

Model 2 222.779 251.516 0.7808 61.7 

Province, Age, Population group (race) 
of persons, Education level attained, 
Average time to police station, Visited 
the police station in 3 years, Official 
contact with police,  

Model 3 219.567 238.724 0.7710 61.1 

Population group (race) of persons, 
Marital status, Average time to police 
station, Official contact with police, 
Police response in emergency 

Model 4 225.371 238.142 0.7338 53.3 
Province, Police response in 
emergency, Population group (race) of 
persons 
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Table 19 continued ...  

  AIC SC Area under the curve Classification rate (%)   

Each of the columns shows the Model Rank  
(from best to worst based on the different 
 Goodness-of-fit tests) 
e.g. the first column ranks the models based 
on the lowest AIC to the highest AIC. 
 

Model 1 Model 4 Model 1 Model 1 

 Model 3 Model 3 Model 2 Model 2 

  Model 2 Model 1 Model 3 Model 3 

  Model 4 Model 2 Model 4 Model 4 
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The results in Table 19 confirm the results in Table 17 and Table 18. That is, Model 1 remains 

the best model for fitting the data in Sample 4 with the lowest AIC, the highest classification 

accuracy rate as well as the highest AUROC, and the third lowest SC.  

 



  

44 
 

Table 20: Selection of the model that fits the data well for Sample 5 

  AIC SC Area under the curve 
Classification 

rate (%)  
Variables in the model  

Model 1 208.628 237.365 0.7954 65.0 

Age, Nearest police station, Average 
time to police station, Visited the police 
station in 3 years, Police officers on 
duty, Specialised police operations, 
Children approach police officer, 
SAPS, Trust in metro/traffic police 

Model 2 216.409 245.146 0.7673 62.8 

Age, Population group (race) of 
persons, Marital status, Education 
level attained, Average time to police 
station, Visited the police station in 3 
years, Official contact with police, 
Children approach police officer 

Model 3 210.124 229.282 0.7705 63.9 

Population group (race) of persons, 
Marital status, Nearest police station, 
Official contact with police, Police 
response in emergency 

Model 4 222.217 228.603 0.6475  62.2 Population group (race) of persons 
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Table 20 continued ... 1 

  AIC SC Area under the curve Classification rate (%)   

Each of the columns shows the  
Model Rank (from best to worst  
based on the different goodness-of-fit tests) 
e.g. the first column ranks the models based 
on the lowest AIC to the highest AIC. 
 

Model 1 Model 4 Model 1 Model 1 

 

Model 3 Model 3 Model 3 Model 3 

Model 2 Model 1 Model 2 Model 2 

Model 4 Model 2 Model 4 Model 4 
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The results in Table 20 confirm the results in Tables 17, 18 and 19. That is, Model 1 remains 

the best model to fit the data from Sample 5 having the lowest AIC, the highest classification 

accuracy rate and the highest AUROC.  

4.4 Summary 

Based on the AIC, SC, the classification rate and the AUROC, Model 1 was identified as the 

best model for four of the samples (Samples 2, 3, 4 and 5). Model 4 ranked best in Sample 1 

alone (together with Model 1) and was ranked as the least efficient model for all the other four 

samples. Generally, Model 1, which selected the covariates using the stepwise selection 

method, fits the data best when compared to the other three covariate selection approaches. 

The common variables across all samples for Model 1 are Population group (race) of persons, 

Official contact with police, Satisfaction with police, Police officers on duty, Trust in 

metro/traffic police, Children approach police officer, Visited the police station in 3 years, Age, 

Police response in emergency, Specialised police operations and Average time to police 

station. However, the number of variables selected varies from one sample to another. Since 

it has been identified as the best based on the random samples, stepwise selection is applied 

in building the final multivariate model for the current study using all observations from the 

actual dataset (not samples). The results for this model are presented in section 4.5. 

4.5 Application of the stepwise selection method using the actual dataset 

Since the models fitted using the stepwise regression algorithm (Model 1) have been identified 

as fitting the data reasonably well compared to the other three covariate section approaches 

under study in section 4.3, the stepwise regression is therefore applied to the actual dataset 

in order to establish a model that can be used to predict the likelihood of reporting a crime of 

housebreaking. The results presented in this section show that the stepwise selection 

procedure obtained the optimum solution for the actual data on the 11th iteration. The stepwise 

section algorithm identified 11 covariates as having a contribution towards the variation of the 

likelihood of reporting a crime of housebreaking. The results are explained in detail next. 

Table 21: Global null hypothesis test: Betas=0 

Test Chi-Square DF Pr > ChiSq 

Wald 136.6394 11 <.0001 

 

The global null hypothesis chi-square test in Table 21 tests whether the overall LRM is 

significant. The test is significant at 5% which indicates that at least one of the coefficients is 

not equal to zero in the model meaning that the LR is significant overall.  
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Table 22: Summary of the variables entered in the model 

Ste
p 

Effect Entered 
DF 

Score Chi-
Square 

Pr > ChiSq Variable Label 

1 Race 1 95.9406 <.0001 
Population group of the persons in the 
household 

2 Q64ContPolice 1 24.4519 <.0001 Official contact with police 

3 
Q61NEARPOLS
TA 

1 44.8877 <.0001 Nearest police station 

4 Q62Time 1 12.1950 0.0005 Average time to police station 

5 Q68Satisfied 1 8.3096 0.0039 Satisfaction with police 

6 
Q63POLSTA3YR
S 

1 6.9141 0.0086 Visited the police station in 3 years 

7 Q12MSTATUS 1 3.3526 0.0671 
Marital status of the persons in the 
household 

8 Q671Time 1 3.2487 0.0715 Police response in emergency 

9 Q13HIEDU 1 2.3526 0.1251 
Educational attainment of the persons 
in the household 

10 
Q614APPROAC
H 

1 2.3466 0.1256 Children approach police officer 

11 Gender 1 1.3057 0.2532 Gender of persons in the household 

 

Table 22 lists the covariates selected for entry into the final multivariate model at a significance 

level of 0.3 and the significance level for the variable to stay in the model was 0.35 (SAS 

defaults).  

Table 23: Model fit Statistics 

Criterion Intercept-Only Intercept and Covariates 

AIC 1462.450 1293.465 

SC 1467.417 1353.068 

 

Table 23 shows the results of the tests performed on the final model produced by stepwise 

selection method after all the covariates are selected against the intercept-only model. The 

model with the intercept and covariates fits the data well compared to the intercept-only model 

since it has the lowest AIC and SC as shown in Table 23. This indicates that the inclusion of 

the covariates into the model improved its fit. 

 

Table 24: Hosmer and Lemeshow Goodness-of-fit test 

Chi-Square DF Pr > ChiSq 

10.9819 8 0.2027 
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The H-L test indicates that there is not enough evidence that the model is not a good fit since 

the p-value of the test is insignificant at 5%, therefore the results in Table 24 confirm those in 

Table 23 that the LRM established in this study fits the data well. 

Table 25: Test for significance of individual parameters 

Parameter DF Estimate Standard Error Wald Chi-Square Pr > ChiSq 

Intercept 1 -1.7279 1.3226 1.7069 0.1914 

Gender 1 -0.1672 0.1464 1.3046 0.2534 

Race 1 0.6057** 0.0906 44.6792 <.0001 

Q12MSTATUS 1 -0.0362 0.0278 1.7023 0.1920 

Q13HIEDU 1 0.0134 0.00823 2.6620 0.1028 

Q61NEARPOLSTA 1 2.5771 1.3209 3.8064 0.0511 

Q62Time 1 -0.2017* 0.0904 4.9842 0.0256 

Q63POLSTA3YRS 1 -0.2464** 0.0951 6.7089 0.0096 

Q64ContPolice 1 -0.6469** 0.1406 21.1602 <.0001 

Q671Time 1 -0.1083 0.0625 3.0058 0.0830 

Q68Satisfied 1 0.5034** 0.1542 10.6507 0.0011 

Q614APPROACH 1 -0.1256 0.0805 2.4380 0.1184 

 

Table 25 shows the values of the estimates of the final multivariate model which indicate the 

relationship between the independent variables and the dependent variable. As such, the LRM 

for predicting the odds of reporting a crime of housebreaking is parameterised as follows: 

 

   

 

log reporting housebreaking 1.7279 0.1672Gender 0.6057Race

                                                 0.0362Marital status 0.0134Educational attainment

                                         





        2.5771Nearest police station

                                                 0.2017Average time to police station

                                                 0.2464Visited the police st





ation in 3 years

                                                 0.6469Official contact with police

                                                 0.1083Police response in emergency

                



                                 0.5034Satisfaction with police

                                                 0.1253Children approach police

 (19) 
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Table 26: Odds ratios for each category of the variables in the model 

Variables in the Equation 

 B S.E. Wald df Sig. Exp(B) 95% C.I.for 

EXP(B) 

Lower Upper 

Population group 

of the persons in 

the household(1) 

1.506** .307 24.00

2 

1 .000 4.508 2.468 8.234 

Population group 

of the persons in 

the household(2) 

.983** .371 7.007 1 .008 2.671 1.291 5.529 

Population group 

of the persons in 

the household(3) 

-.233 .637 .134 1 .715 .792 .227 2.762 

Average time to 

police station(1) 

-.905 .877 1.065 1 .302 .405 .073 2.257 

Average time to 

police station(2) 

-.931 .885 1.106 1 .293 .394 .070 2.235 

Average time to 

police station(3) 

-.238 .945 .064 1 .801 .788 .124 5.026 

Average time to 

police station(4) 

.190 1.450 .017 1 .896 1.210 .071 20.733 

Visited the police 

station in 3 

years(1) 

-.523 .684 .583 1 .445 .593 .155 2.267 

Visited the police 

station in 3 

years(2) 

.356 .689 .267 1 .605 1.427 .370 5.503 

Official contact 

with police(1) 

-

21.329 

22131.

684 

.000 1 .999 .000 .000 . 

Official contact 

with police(2) 

-

20.818 

22131.

684 

.000 1 .999 .000 .000 . 

Satisfaction with 

police(1) 

.473** .167 8.023 1 .005 1.605 1.157 2.227 

Constant -

19.882 

40193.

441 

.000 1 1.00

0 

.000 
  

 

Only covariates which are significantly contributing to the variation in the likelihood of reporting 

a crime of housebreaking as shown in Table 24 are presented in Table 26 which indicates the 

odds ratios for each covariate category. To explain this further, Table 26 shows that the odds 

of respondents with a population group (race) of 1 (Black African) reporting a crime of 
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housebreaking is 4.508 whereas the odds of those with the population group (race) of 2 

(Coloured) stand a relatively low chance of reporting a crime (2.671). The odds of reporting a 

crime by respondents who indicated their satisfaction with the police as 1 (Yes) is 1.605. All 

other categories are insignificant at 5% level of significance. 

Table 27: Odds Ratio Estimates 

Effect Point Estimate 95% Wald Confidence Limits 

Gender 0.846 0.635 1.127 

Race 1.833 1.534 2.189 

Q12MSTATUS 0.964 0.913 1.018 

Q13HIEDU 1.014 0.997 1.030 

Q61NEARPOLSTA 13.158 0.988 175.206 

Q62Time 0.817 0.685 0.976 

Q63POLSTA3YRS 0.782 0.649 0.942 

Q64ContPolice 0.524 0.398 0.690 

Q671Time 0.897 0.794 1.014 

Q68Satisfied 1.654 1.223 2.238 

Q614APPROACH 0.882 0.753 1.033 

 

The odds ratio estimates of reporting a crime for each covariate are shown in Table 27. 

Knowledge of the location of the nearest police station (Q61NEARPOLSTA) has the highest 

odds of being a good predictor of reporting a crime when compared to the other covariates. 

Table 28: Confusion matrix 

 
Predicted group 

Yes No 

Housebreaking/burglary - Reporting crime 

to the police 

Yes 72.9% 27.1% 

No 36.8% 63.2% 

Total 56.6% 43.4% 

 

Table 28 shows the confusion matrix describing the performance of the classifier. The results 

show that the rate of correctly predicting an event of reporting a crime (also known as 

sensitivity) using the LRM established in this study is 72.9%. The results also show that the 

chance of the model correctly predicting a non-event that is, not reporting the crime (also 

known as specificity) is 63.2%. The results indicate a possible 36.8% chance of Type I error 

(false positives) and 27.1% chance of Type II error, which is the chance of incorrectly 

predicting the reported crimes as being non-reported (false negatives). 



  

51 
 

Figure 2: Receiver Operating Characteristic (ROC) 

 

 

The model with all the significant covariates (step 11) has more predictive ability for reporting 

or not reporting a crime when compared to the models fitted at each stage of the stepwise 

selection process as reported by the AUROC curve results shown in Figure 2. Generally, the 

AUROC curve is 73.73%. This indicates that the stepwise selection method resulted in a good 

model since it is capable of correctly distinguishing between a victims’ chance of reporting a 

crime and not reporting a crime.  

4.6 Summary  

The current chapter sought to identify the best variable selection method between chi-square 

test of association, bivariate regression, H-L algorithm and stepwise selection detailed in 

Chapter 3. This was achieved by drawing five equal samples with a variable-to-observation 

ratio of 1: 10 which were then used to build four models for each sample, using the different 

variable selection methods under study. The models obtained for each sample were compared 

using different goodness-of-fit tests to identify the best model. After all tests were performed, 



  

52 
 

the model fitted using stepwise selection was identified as the best based on the goodness-

of-fit tests when compared to the others. This variable section approach was then applied to 

the actual dataset to establish a multivariate model for predicting the likelihood of reporting a 

crime of housebreaking. Eleven significant variables were identified after eleven iterations of 

the stepwise procedure. Based on the significance tests, as well as the AIC, SC, the AUROC 

curve, the H-L test, and the confusion matrix this model is significant overall and fits the data 

reasonably well. 
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CHAPTER 5 

 CONCLUSION 

5.1 Introduction 

This chapter summarises and gives an overview of all the findings of the study, 

recommendations and conclusions. It also reviews the results of all the methods and tests 

explained in Chapter 3, performed and interpreted in Chapter 4 to achieve the study’s 

objectives listed in Chapter 1. It discusses the findings and the contribution of the study as 

well as recommendations for future research and limitations of the study. 

5.2 Evaluation of the study 

This study was set to address the problem identified in the first chapter which is that most of 

the previous studies did not evaluate the efficiency of the H-L algorithm against other common 

purposeful selection covariate selection methods, they were merely application studies, 

therefore little is known about the efficiency of this renowned purposeful covariate selection 

method. As such, this section revisits the objectives which were set to address the problem, 

to confirm whether they were satisfied. 

Objective 1: To conduct a meta-analysis of the most-commonly used methods used in 

purposeful selection of covariates for logistic regression models. 

Analysis of meta-data on purposeful variable selection methods for LR methods in order to 

identify the most-commonly used selection methods was explored. From the literature review, 

four commonly used covariate selection methods were identified from the literature (the chi-

square test of association between each candidate covariate and the dependent variable 

(Austin and Tu (2004); North et al. (2011); Larkin et al. (2010); Chen et al. (2009)), bivariate 

LR between each candidate covariate and the dependent variable (Griffin et al.,2013), the H-

L algorithm (Bursac et al. (2008), Randall et al. (2013)) and the stepwise section method 

(Moisey et al. (2013); North et al. (2011);  Austin and Tu (2004); Bursac et al. (2008)). 

Objective 1 was therefore achieved by the study. 

Objective 2: To identify and adopt the most-commonly used criteria for comparing and 

selecting the most efficient purposeful covariate selection methods for fitting logistic 

regression models. 
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The AIC, SC, AUROC and the classification rate were used to identify the most efficient 

variable selection method. The identified efficient purposeful selection method was then used 

to fit a final model. 

Objective 3: To implement various purposeful covariate selection methods for logistic 

regression models 

The competing models as identified from literature were then fitted for each of the five samples 

which were drawn from the actual dataset. As such, this study managed to achieve Objective 

3. 

Objective 4: To compare the fit, efficiency and accuracy of the models built from different 

purposeful covariate selection methods. 

To address Objective 4, this study used the AIC, SC, classification accuracy (specificity, 

sensitivity, type 1 error and type 2 error) and the AUROC curve. For four of the five samples, 

the stepwise selection method was identified as fitting the data well. As such, the study also 

achieved Objective 4. 

Objective 5: To make recommendations to eminent research about the most efficient 

purposeful covariate selection method (s) 

Emanating from the results, this study gives some recommendations in section 5.5. As such, 

this objective is also achieved. 

In a nut shell, the study managed to address all objectives, therefore it has addressed the 

problem identified in the problem statement. The following section gives a discussion of the 

findings. 

5.3 Discussion 

The current study aimed to identify the most efficient covariate selection method through a 

comparison of the H-L algorithm and the three other popular covariate selection techniques, 

namely, the bivariate logistic regression, stepwise selection and the chi-square test. This was 

done not only to identify the best variable selection method but to also identify the contributing 

factors in a victim’s likelihood of reporting a crime of housebreaking. The stepwise selection 

method was identified as the most efficient compared to the other three selection methods, 

across all the five samples, which shows replicability, consistency and validity of the results in 

terms of the most efficient covariate selection method. However, it is worth noting that given 

the same variables and the same number of observations, the study found that the stepwise 

selection method tends to select different covariates for each unique set of observations as it 
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was observed across the five random samples used in this study. Since it was identified as 

the most efficient, stepwise selection method was then applied to the actual dataset (including 

all the observations) to identify the determinants of the victim’s likelihood of the reporting a 

crime of housebreaking in South Africa. This model was significant overall at a 5% level and 

also found to fit the data well. 

From the literature review, the study found that Bursac et al. (2008) performed a similar 

comparative study testing the H-L algorithm against the backward, forward and stepwise 

selection methods. The current study is similar to that of Bursac et al. (2008) since both studies 

used the stepwise selection procedure versus the H-L algorithm. However, the current study 

extended the scope of the study by Bursac et al. (2008) by considering the use of bivariate 

logistic regression methods and the chi-square test of association as the other competing 

models. In their study, Bursac et al. (2008) used two simulation experiments whereas the 

current study extended the approach of Bursac et al. (2008) by drawing five equal samples 

from a real life dataset. Unlike in the study by Bursac et al. (2008) who ran two  simulations, 

both having equal covariates (based on an assumption that there are six important covariates) 

under different sample sizes, the current study was not interested in the sample size variation, 

but on whether the results can be replicated.  

Bursac et al. (2008) found that the HL-algorithm correctly identified and retained covariates at 

a larger rate compared to stepwise selection methods in their study. Unlike Bursac et al. (2008) 

the current study found stepwise selection to be the better selection method in comparison to 

the competing methods and the H-L algorithm did not perform as well as in the study by Bursac 

et al. (2008). The results of the current study may differ from those obtained by Bursac et al. 

(2008) due to the difference in methodology followed, the different cut off points used and the 

fact that Bursac et al. (2008) did not use the H-L algorithm exactly as specified by Hosmer and 

Lemeshow (2000). 

Austin and Tu (2004) and Griffin et al. (2013) etc. used purposeful selection methods to fit 

models and to identify the association between the covariates and the dependent variable. 

Austin and Tu (2004) found that it is important to identify and specify the key function of a 

model. Doing so increases the model’s effectiveness when applied. Most authors did not 

compare the selection methods used in fitting the models, as their main objectives were 

different from those of the current study hence it is impossible to discuss the findings of the 

study against theirs.  
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5.4 Contribution of the study 

Authors such as Radwan et al. (2013), Folkerson et al. (2015), Chen et al. (2009), Randall et 

al. (2013), Griffin et al. (2013) and Bohlke et al. (2009), to name a few, used the H-L algorithm 

to fit multiple logistic regression models. However, these authors only used the purposeful 

selection method to fit a multivariate model in order to test associations in their data and they 

were not interested in checking whether this novel covariate selection method fits the data 

well when compared to the other popularly used covariate selection methods. Some studies 

such as the ones conducted by Austin and Tu (2004) and by Bursac et al. (2008) compared 

some of the approaches considered in the current study but none of these studies considered 

all the popular approaches simultaneously. As such, the main contribution of the current study 

to the literature around covariate selection approaches for LR is through a comparison of all 

four popular covariate selection methods simultaneously. 

Another contribution of this study is the use of five randomly selected equal samples which 

were selected from the actual dataset. Although some previous studies such as those 

conducted by Austin and Tu (2004) and Larkin et al. (2010) have used bootstrap samples, 

these studies did not compare the competing covariate selection methods simultaneously 

under each of the bootstrap samples. Instead, such studies selected the optimum model from 

each of the samples, and then they compared all the selected models, therefore the approach 

of a simultaneous comparison of models under each sample in this study has never been used 

previously. The use of five randomly selected and equal samples was done to ensure the 

validity of results, whether the results are replicative, and statistical rigour. Through this, the 

current study ensured that the recommended variable selection method remains to be 

stepwise selection regardless of using different observations of the same dataset, and was 

able to identify that although the method is the most efficient, its limitation is that it selected 

different covariates for the different observations of the same dataset, which is something that 

was never discovered before. To the best of the researcher’s knowledge, there has never 

been a study conducted to statistically determine the determinants of a victim’s likelihood of 

reporting a crime. As such, the current study contributed a new idea to the literature of crime 

studies. 

5.5 Recommendations 

 Based on the methodology implemented in this study, it is recommended that future 

researchers should not only divide the data into two (training data and application data) or 

compare models using only one dataset but should ensure validity and replicability of the 

results by comparing models using several datasets (or samples) with the same 
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characteristics. It is also recommended that researchers who do not specialise in Statistics 

and who may not be more interested in comparing the models may use the stepwise selection 

method to attain a good fit for the data with good classification ability as this method was found 

to outperform the other covariate selection methods. Although the current study was primarily 

focused on comparing the covariate selection techniques, it is recommended that policy-

makers, crime-fighting agencies, crime researchers and other interested parties should take 

into consideration the results of this study relative to the determinants of a victim’s likelihood 

to report a crime of burglary. By focusing on these variables, the police may make it easier for 

the victims to report the crime and will be able to address such cases. It is also recommended 

that future studies should compare the covariate selection methods considered in this study 

under different conditions such as a mixture of categorical and continuous covariates, different 

sample sizes and in the presence of missing values, to name a few. Similar studies may be 

conducted for other regression methods other than the binary logistic regression method or 

other predictive models such as discriminant analysis. It is recommended that in future if an 

author seeks to use any secondary data they should also look into the sampling design of the 

data, and ensure that they take such into consideration when modelling. 

5.6 Limitations and delimitations 

The focus of this study was more on the statistical methodology than the dataset. The scope 

of this study was limited to the commonly used covariate selection methods and may not have 

included all known covariate selection methods. In addition, only AIC, SC, Classification 

Accuracy measures and the AUROC curve were used in comparing the models, as these 

statistics were readily available in the SAS outputs for such models. The focus was also limited 

to binary logistic regression methods and methods such as multinomial regression, ordinal 

regression and linear regression were not considered. Only the victims of housebreaking 

crimes for the period 2015/2016 were considered since these data are the most recent and 

are readily available, and by considering only housebreaking cases the study was still able to 

achieve its objectives. Only SAS version 9.4 and SPSS version 25 were used to analyse the 

data. Some of these limitations and delimitations are addressable through future research as 

suggested under the recommendations section. 
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