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Abstract: Despite the growing criminal activities in South Africa, many victims still
do not report the crimes, therefore there was a need to understand the determinants
of the likelihood of reporting a crime in the country. Binary logistic regression is a
supervised machine learning algorithm that can assist in predicting the likelihood of
reporting a crime but the selection of relevant variables to add in the model varies
from one author to the other. Selection of theoretically sound and statistically
relevant independent variables is key to achieving parsimonious multivariate
models. This study sought to test the efficiency of some commonly used variable
selection methods for logistic regression models in order to identify the most relevant determinants of the likelihood of reporting a crime of housebreaking. The study
used 17 candidate variables such as the victims’ demographic variables and their
perceptions on the police. The multivariate model fitted using stepwise selection
was found to be a best fit for the data based on the lowest AIC, the highest classification accuracy rate and the highest Area under the Receiver Operating Characteristic curve. The model fitted using the Hosmer-Lemeshow (H-L) algorithm was the
worst fit for the data. The study revealed a limitation of the stepwise selection
method which is that this method may select different independent variables for
each unique set of randomly selected observations of the same dataset. The study
established a multivariate logistic regression model to predict the likelihood of a
victim reporting a crime of housebreaking and the determinants thereof.
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1 Introduction
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. As such, there was a need to understand the variables
which influence the victims not to report crimes, hence the interest in the likelihood
of reporting a crime in this study. According to Statistics South Africa (Stats SA)’s
Victims of Crime Survey (VOCS) 2015/16 released on 14 February 2016, the reason
provided by most households as to why they made the choice not to report the crime
was that they believed the police could not or would not do anything. However, this
perception of victims on the competency of the police is not the only variable that is
available in the VOCS of 2015/2016. As such, this study generally sought to utilise
both the victims’ demographic variables and the different variables describing the
victims’ perceptions on the police to determine how such variables influence the
victim’s likelihood of reporting a crime of housebreaking in South Africa.
The aim was to seek for a model that can best predict the likelihood of reporting a
crime or that can best explain the variation in the likelihood of reporting a crime but
using only the most relevant variables from a pool of variables in the dataset, that is,
a parsimonious model. Statistical modelling seeks to fit a multivariate model that can
produce results that are representative of the data and this is achieved by only
retaining significant variables in the final model (Hosmer and Lemeshow 2004). The
correct selection of variables 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, that is, models which explain a lot of variation with few variables. Purposeful selection of variables can also help to avoid over-determined models, that is,
models having more variables than observations.
There are several methods that have been used by previous studies in selecting
appropriate variables for multivariate logistic regression models. Hacke et al.
(2004) used Spearman’s rank correlation to test for the correlation between the
dependent variable and the other continuous independent variables and they also
used likelihood-ratio test (LRT) to check the relationship between the dependent
variable and the categorical independent variables. Similar to the study by
Hacke et al. (2004), Larkin et al. (2010) used the chi-square test of association to
check the relationship between categorical or binary independent variables and
the dependent variable but for continuous independent variables, the authors
implemented the Mann-Whitney’s U-test and t-tests. The independent variables
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showing signiﬁcant correlations and associations with the dependent variable
were then included in the multivariate model.
Shervin et al. (2009) implemented analysis of variance (ANOVA) to test the
relationship between continuous independent variables and the dependent variable whereas the chi-square test of association was used to determine the association between categorical independent variables and the dependent variable.
Bivariate Cox proportional hazards regression models were initially built using
each candidate variable and the dependent variable. All variables considered
theoretically sound as well as the variables found to be signiﬁcant in each of the
Cox regression models were included in the multivariate model.
Some studies such as the one conducted by North et al. (2011) implemented a
combination of approaches to select variables for their multivariate model. These
authors implemented the chi-square test of association as a pre-selection method
to identify all the categorical independent variables with a bivariate association
with the dependent variable. Moisey et al. (2013) used a similar approach but they
also used the Mann-Whitney U-test to test the signiﬁcance of the continuous variables and the Fisher’s test (depending on the expected frequencies) to conﬁrm the
signiﬁcance of the relationship between categorical independent variables and the
dependent variable. 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 variables. Chen et al. (2009) used a
similar approach but due to the nature of their data, they also used the t-test to
compare the continuous independent variables to the dependent variable.
In another study which used a combination of variable selection methods,
Austin and Tu (2004) used the chi-square test of association to determine the
statistical signiﬁcance of the association between the categorical independent
variables and the dependent variable and they used bivariate logistic regression
models to determine the statistical signiﬁcance of the association between each of
the continuous independent variable and the dependent variable. The variables
showing signiﬁcant bivariate relationships with the dependent variable were
included in the multivariate model and backward, forward and stepwise selection
methods were used in ﬁtting the ﬁnal multivariate model.
Other authors such as Bursac et al. (2008) and Bohlke et al. (2009) implemented a purposeful selection algorithm that automates the purposeful selection
of variables to be included in the multivariate logistic regression model. The
method they used is similar to that proposed by Hosmer and Lemeshow (2000) and
is also referred to as the H-L Algorithm in this paper. Each variable was checked for
statistical signiﬁcance using a certain p-value cut-off point such as 0.25 and all the
independent variables showing a reasonable association with the dependent
variable were entered into the multivariate model. The stepwise selection method
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was then used and variables that did not meet the level of signiﬁcance to stay in the
model were removed.
The parameter estimates of the remaining variables were evaluated and once a
significant change of say, at least 15% in an excluded variable or 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.
From the previous studies interrogated in this paper, it was noticed that purposeful variable selection is usually guided by theoretical soundness of the relationship between the variables and the dependent variable. Also, the method used
also depends on the measurement scale of the variables. For example, continuous
variables are selected using an approach which differs from how the categorical
variables are selected. It was also noticed that most of these previous studies did not
compare the efficiency of the different variable selection approaches; they were
focusing more on the application of such. As such, the most appropriate approach to
purposefully selecting variables for parsimonious multivariate logistic regression
models remains unknown. Therefore, this paper sought to address this gap in
literature. Another methodological contribution of this study is that it compares the
different variable selection approaches under more than one sample so as to observe
whether the results will be consistent across the samples or not, which is something
that has never been done by previous studies focusing on this topic.
It was also noticed that most of the previous studies reviewed in this paper used
purposeful selection of variables when fitting clinical data. Examples of such studies
include the studies by Hosmer and Lemeshow (2000), Bohlke et al. (2009), Fanelli
et al. (2011), Randall et al. (2013), and Folkerson et al. (2015). As such, little is known
about purposeful selection of variables for data from other disciplines than clinical
studies, including in crime statistics. Therefore, this paper also sought to extend the
scope of previous studies by exploring purposeful variable selection of variables for
a different dataset (crime statistics) which to the best of the researchers’ knowledge
has never been considered in previous studies on this topic. As such, this led the
study to considering crime statistics as the area of interest.

2 Methods
2.1 The General Binary Logistic Model
Binary logistic regression is used in this study to fit the final multivariate model for
predicting the likelihood of reporting a crime of housebreaking after using several
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purposeful variable selection methods to select the appropriate independent
variables. The study sought to estimate parameters for the general model:
logReporting housebreaking1  yes, 0  no  β0 + β1 X 1 + β2 X 2 + ⋯ + βi X j , (1)
where βi, i = 0, 1, 2, …, βi are parameter estimates and Xj, j = 0, 1, 2, …, n are the
independent variables. Mathematically, when the LRM involves only one
explanatory variable, say X1 such that X1 takes on only two values of Yi , so that
i = (0, 1) where 0 is not reported and 1 is reported, an LRM for this data would
correspond to:
log

π(X 1  1)
  β0 + β1 ,
1 − π(X 1  1)

(2)

where:
– X1: Equal to 1 when it represents Reported housebreaking.
– β0: Represents the logarithm of the odds of response for Not Reporting
housebreaking.
– β1: Represents the logarithm of the odds of response for Reporting
housebreaking.

2.2 Model 1: Variables Selected Using the Stepwise Selection
Method
As Bursac et al. (2008) and Olusegun, Dikko, and Gulumbe (2015) explain, stepwise
selection is a combination of the forward and backward methods. The authors add
that 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. Variables are checked for signiﬁcance and entered into the model
using forward selection and once entered, the variables are tested for signiﬁcance
and if found not to be signiﬁcant, they are removed using the backward elimination process (Murtaugh 2009).
According to Olusegun, Dikko, and Gulumbe (2015), the stepwise selection
process uses the F statistic for its selection. The F statistic is found by comparing
the Mean Square of the Regressors (MSR) and the Mean Square of the Error (MSE)
and it is deﬁned as follows (Olusegun, Dikko, and Gulumbe 2015):
F∗ 

MSR(X k )
,
MSE(X k )

(3)
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where Xk is the k potential independent variables. In this study, those are Police
Visibility, Police Accessibility, Police response, Service level and Satisfaction level
to mention a few. 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 signiﬁcance level of
0.05 as recommended by Murtaugh (2009). The model can be written as:
logπ i  β0 + β1 X 1 + β2 X 2 + ⋯ + βi X i ,

(4)

where πi are the log odds of reporting housebreaking and Xi are all the independent
variables, associated with reporting a crime of housebreaking.

2.3 Model 2: Variables Selected Using the Chi-Square Test of
Association
The chi-square statistic is defined by:
χ 2  ∑r ∑c

(Prc − π rc )
,
π rc

(5)

where Prc is the observed proportion from the data (observed count) and π rc is the
expected proportion (Heeringa, West, and Berglund 2010). The chi-square test is
used to check association between the likelihood of reporting a housebreaking
crime and each of the independent variables. All the pairs of variables used in
these chi-square tests are categorical, therefore, the statistic used is appropriate for
this measurement scale. Chi-square tests with a p-value less than the signiﬁcance
level of 0.05 was used in selecting variables for the multivariate model.

2.4 Model 3: Several Bivariate Regression Models Used in
Identifying Significant Variables for the Multivariate
Model
In this approach, the bivariate relationship between reporting a crime of housebreaking and each of the dependent variables was confirmed by performing
bivariate binary logistic regression models of the form:
log π i  β0 + β1 X 1 ,

(6)

where: log πi are the log odds of reporting a crime of housebreaking, β0 is the
intercept and X1 the independent variable.
The F statistic similar to the one in Eq. (3) is used to test the signiﬁcance of the
overall model. If the model is found to be signiﬁcant overall, the Wald chi-square
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test is then used to test whether the variable is also signiﬁcant in the mode. The
Wald test is given by (Heeringa, West, and Berglund 2010):
Fwald  Qwald ×

df − (R − 1)(C − 1)) + 1
∼ F(R−1)(C−1)+1 under H 0 ,
(R − 1)(C − 1)df

(7)

where C are the columns, R the rows and df the degrees of freedom. The statistical
signiﬁcance of the overall model and the variable are tested at 5% level of signiﬁcance. Only when both the overall model and the variable are signiﬁcant, the
variable was considered for inclusion in the multivariate model.

2.5 Model 4: Variables selected using the H-L algorithm
In this model, this paper used an automated purposeful selection algorithm proposed by Hosmer and Lemeshow (2000) for building the multivariate logistic
regression of the form:
π(x) 

e β0 +β1 X
.
1 + e β0 +β1 X

(8)

with a logit transformation of π (X i ) given as:
π(x)
g(x)  ln

1 − π(x)

(9)

 β0 + β1 x
To fit the model with an outcome y = 0, 1, the unknown parameters β0 and β1 should
ﬁrstly be estimated. This is achieved by constructing a likelihood function deﬁned
as
n

lβ  ∏ π(xi )yi [1 − π(xi )]1−yi

(10)

i1

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. The estimate of βi is expressed as β and π (X i ) is the maximum
i

likelihood estimate of π(X i ). A p-value of 0.05 is used to check statistical signiﬁcance of the variables.
A univariate analysis is performed on each variable using the likelihood ratio
test and the Wald statistic the variables are selected for the multivariable analysis.
All the variables from the univariate analysis that reported a p-value of 0.25 are
candidates for the model along with other unknown variables considered to be
important pertaining to the subject matter. This step results in a model containing
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all the selected variables. Veriﬁcation of the importance of each selected variable
included in the multivariable model in step 2 is performed. This is achieved by
examining the Wald statistic for each selected variable and comparing the estimated coefﬁcient to the coefﬁcient from the model with only the variable. A new
model is ﬁtted including only the contributing or signiﬁcant variables, those that
do not contribute to the model are removed. This veriﬁcation process results in a
preliminary main effects model.
The significance of the variables retained in the preliminary main effects
model is checked closely to insure that they should remain in the model. Once the
variable is identified as significant, the accurate parameter relationship or scale of
the variables is obtained in the model refinement stage. This step results in a main
effects model. Interactions among the variables in the main effects model are
checked after insuring that each variable is scaled correctly. Interaction variables
are created and included in the model one at a time and their signiﬁcance is
assessed using a likelihood ratio test. This results in a preliminary ﬁnal model.

2.6 Comparison of the Models
The following comparison criteria were used in this study to compare the four
models under each of the five samples:
2.6.1 The Akaike information criterion (AIC)
The model with the lowest AIC is considered to be the best model and the AIC is
defined as follows:
AIC  −2logL θ + 2k,

(11)

where θ is the set (vector) of model parameters
 is the likelihood of the candidate model given the data when evaluated at
L(θ)
the maximum likelihood estimate of θ and k is the number of estimated parameters
in the candidate model (Fabozzi et al. 2014; Hilbe 2011).
2.6.2 The Bayesian information criterion (BIC)
As is for AIC, the model with the lowest BIC also referred to as the Schwarz
Information Criterion or Schwarz Bayesian Information criterion is considered to
be the best model (Fabozzi et al. 2014). The BIC is a model selection method set on a
Bayesian context but based on information theory and is computed as:
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(12)

where its terms are the same as those described for AIC above and n is the number
of observations (Fabozzi et al. 2014).
2.6.3 Area under the Receiver Operating Characteristic (ROC) curve
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 curve 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
(Park 2013). The ROC is formed by plotting the true positive rate (TPR) against the
false positive rate (FPR):
TPR 

TP
,
TP + FN

(13)

FPR 

FP
,
FP + TN

(14)

or
FPR  1 − specificity,

(15)

where TP is the true positive result, FP is the false positive result, TN true negative
results and FN false negative (Hajian-Tilaki 2013).
2.6.4 Classification Rate
A classification table evaluates the predictive accuracy of a LRM, by crossclassifying observed responses and predicted values at a specified cut-off point
(cut-off value specified by the user) (Schlotzhauer 1993). Classiﬁcation using biasadjusted 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,
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Sensitivity 

TP
,
TP + FN

(16)

Specif icity 

TN
,
FP + TN

(17)

where TP is the true positive result, FP is the false positive result also known as a
Type I error, TN the true negative results and FN false negative results also known
as a Type II error. The higher the classiﬁcation rate, the better the model.

2.7 Evaluation of the Final Multivariate Model
The most preferred model from the five samples was applied to the whole dataset
and the multivariate model founded was further evaluated using statistics AIC,
BIC, AUC, Sensitivity and Specificity which are explained by Eq. (11) though to (17).
In addition, the study used the following statistics to evaluate the multivariate
model:
2.7.1 Wald Test for Overall Significance of the Multivariate Model
According to Park (2013) a chi-square statistic deﬁned as:
n

χ 2  ∑ r2i

(18)

i1

can be formed based on residuals yi − yi to test the ﬁt of the logistic regression
model, where the standardized residuals can be deﬁned as:
ri 

yi − yi
yi 1 − yi 

(19)

and the standard deviation of the residuals is following a chi-square distribution
with n − (k + 1) degrees of freedom to test the overall model ﬁt. The current study
uses the chi-square of the Wald test to assess the model ﬁt by checking if any of the
coefﬁcients included in the model are not equal to zero. If all the coefﬁcients in the
model are equal to zero, then the model is considered to be insigniﬁcant.
2.7.2 The Hosmer and Lemeshow Goodness-of-Fit Test
Using the Pearson chi-square statistic calculated from the 2-by-g table of the
observed and the expected frequencies (where g is the number of groups) the
Hosmer and Lemeshow statistic can be obtained. The test checks the similarities
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between the observed proportions of the events and the predicted probabilities of
occurrence in subgroups of the overall model (Park 2013; Sarkar and Midi 2010).
The value of the statistic is written as:
g

χ 2HL  ∑

﹘

ok − n′k π k
﹘

′
k1 nk π k

﹘

1 − πk

2

,

(20)

where n′k is the number of observations in the kth group, ok is the sum of event
﹘
outcomes in the kth group and π k is the average estimated probability of an event
outcome for the kth group (Sarkar and Midi 2010). A chi-square distribution with
(g − n) degrees of freedom is compared to the H-L statistic (the default value for n is 2)
and a large value of the H-L statistic with a small p-value indicate a lack of ﬁt of the
model to data while a small value with a large p-value indicate a good ﬁt (Park 2013;
Sarkar and Midi 2010).
2.7.3 Wald Test for Significance of Individual Parameters
The Wald statistic given as:
Wj 

β2j
SE2βj

(21)

is defined as the ratio of the square of the regression coefficient to the square of the
standard error of the coefficient under the null hypothesis H0:βi = 0 (i = 1, 2, …, n)
the Wald statistic is distributed as a chi-square with a one degree of freedom (Park
2013; Sarkar and Midi 2010).
2.7.4 Odds Ratios
The relationship between the coefficients and the odds ratio for a logistic regression model with a binary independent variable coded 1 and 0 is (Hosmer and
Lemeshow 2000)
OR  e βi .

(22)

The odds ratio compares two odds relative to different events (odds of an event is
the proportion of the probability of occurrence against non-occurrence (Park
2013)). It measures the association between an experience and an outcome and for
any two events A and B the corresponding odds of A occurring relative to B
occurring can be given as:
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OR{AvsB} 

odds{A}
PA
PB

odds{B} (1 − PA ) (1 − P )
B

(23)

An odds ratio equal to one indicates no association, odds ratio greater than one
indicates higher odds of outcome and odds ratio less than one indicate lower odds
of outcome.

3 Results
3.1 Data
This study used data from the VOCS 2015/16 collected by StatsSA. 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.
This paper focused on the likelihood of reporting of a crime of housebreaking by
victims based on their perception of the police as well as their demographic. The data
set comprised 1061 observations. The likelihood of reporting a crime of housebreaking was used as the dependent variable (0 meant No, and 1 meant Yes) and 17
other variables were used as candidate independent variables for the multivariate
model. From the dataset, 54.9% of the subject reported the crime of burglary
whereas the remaining 45.1% did not. Appendix 1 shows the descriptive statistics for
the variable Age (which is continuous) and Appendix 2 presents frequencies for each
independent variable (all of which are categorical). These candidate variables
included the Gender of the victim, Marital status of the victim, Average time to police
station, Satisfaction with police and Whether the victim has visited the police station
in three years to mention a few. The data was analysed using the Statistical Analysis
System (SAS) version 9.4, and was prepared, cleaned and captured in the Statistical
Package for Social Sciences (SPSS) version 25 prior to being analysed.

3.2 Sampling and Replication
To ensure the validity and replication of results as well as statistical rigour, the
study randomly selected five samples with a variable-to-observation ratio of 1:10
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from the 1061 observations. This variable-to-observation ratio is deemed sufficient
for a multivariate logistic regression model by Hosmer David and Stanley (2000),
Peng et al. (2002), and Menard (2002). Since there are 18 variables in this study,
each sample comprised 180 observations. This sampling and replication was used
in conﬁrming whether the purposeful variable selection methods under study are
able to select the same independent variables for each sample, and to conﬁrm
whether the same variable selection method will be identiﬁed as the most efﬁcient
across all the samples. These samples were treated as training datasets. The
various purposeful variable section methods were used to ﬁt multivariate models
for each sample and were compared using some comparison criteria. This was
done to ensure that the rightful purposeful variable selection model is chosen prior
to applying it to the whole dataset in order to ﬁt the ﬁnal multivariate logistic
regression model for the study.

3.3 Model Comparison and Selection
Using a ranking order in which 1 = lowest AIC and 4 = highest AIC (The lower the
better), Model 1 was the most preferred model since it had the lowest AIC in
Samples 2,3,4 and 5 and has the second lowest AIC for Sample 1 according to the
results in Table 1. The results in Table 1 also show that the second best model was
Model 3, followed by model 2 and Model 4 was the least preferred model based on
the AIC.
Using a ranking order in which 1 = lowest BIC and 4 = highest BIC (The lower
the better), it was found that for three samples (Samples 1, 4 and 5), Model 4 had the
lowest BIC and also had the second lowest BIC for Sample 3 as shown in Table 2. As
such, based on the BIC, Model 4 is the preferred model. The results in Table 2 also
show that Model 3 had the second highest BIC for two samples (Samples 4 and 5)
and also had the third lowest BIC for sample 1 and 3. As such, Model 3 is the second
Table : AIC.

Model 
Model 
Model 
Model 

Sample 

Sample 

Sample 

Sample 

Sample 

AIC Rank

AIC Rank

AIC Rank

AIC Rank

AIC Rank

.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.
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Table : BIC.

Model 
Model 
Model 
Model 

Sample 

Sample 

Sample 

Sample 

Sample 

BIC Rank

BIC Rank

BIC Rank

BIC Rank

SBI Rank

.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






most preferred model. In addition, Table 2 further shows that the BIC results are
inconclusive for Model 1 since there is no trend in the ranking of this model
whereas Model 2 is the least preferred model having the highest BIC for Samples 2,
3, 4 to 5.
Using a ranking order in which 1 = highest AUC and 4 = lowest AUC (The higher
the better), Model 1 was the most preferred model since it had the highest AUC for
four samples (Samples 1, 2, 4 and 5), and also has the second highest AUC for
Sample 3 according to the results in Table 3. Model 2 was the second most preferred
model since it had the highest AUC for Sample 3, second highest for Samples 2 and
4, and third highest AUC for Samples 1 and 5 as shown in Table3. The table also
shows that relative to Model 2, Model 3 is the third most preferred model, and
Model 4 had the lowest AUC for three samples, therefore it was deemed the least
preferred.
Using a ranking order in which 1 = highest Classiﬁcation Rate and 4 = lowest
Classiﬁcation Rate (The higher the better), Model 1 was the most preferred model
since it had the highest classiﬁcation rate for all the ﬁve samples. Model 2 had the
second highest classiﬁcation rate for Samples 2 and 4, and the third highest for the
remaining samples, therefore it was deemed the second most preferred model as
shown in Table 4. The table also shows that Model 3 is the third most preferred
Table : AUC.
Sample 

Model 
Model 
Model 
Model 

Sample 

Sample 

Sample 

Sample 

AUC

Rank

AUC

Rank

AUC

Rank

AUC

Rank

AUC

Rank

.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.
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Table : Classiﬁcation rate.
Sample 

Model 
Model 
Model 
Model 

Sample 

Sample 

Sample 

Sample 

AUC

Rank

AUC

Rank

AUC

Rank

AUC

Rank

AUC

Rank

.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






.
.
.
.






model since unlike Model 4 which had the lowest classiﬁcation rate for Samples 3,
4 and 5, Model 3 had the lowest classiﬁcation rate for Samples 1 and 2, it also had
the second highest classiﬁcation rate for Samples 2 and 5 whereas Model 4 only had
a second highest classiﬁcation rate for Sample 1.
Since three of the model comparison criteria namely: AIC, AUC and Classification Rate favoured Model 1, which was fitted using stepwise selection, the study
concluded that stepwise selection gives the best fit of the data. In Table 5, this
paper examined the variables that were selected by the stepwise selection (Model
1) across the ﬁve samples. Table 5 shows that although stepwise selection outperformed the other three competing purposeful variable selection approaches, it
selected different variables across the ﬁve samples, and this lack of consistency is
deemed to be a limitation of this purposeful variable selection method.
Table : Variables selected by stepwise selection method (Model ).
Sample 

Sample 

Sample 

Sample 

Sample 

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
three years

Population group
(race) of persons,
visited the police
station in three
years, ofﬁcial
contact with
police, police
response in
emergency, satisfaction with
police, police
ofﬁcers on duty

Population group
(race) of persons,
visited the police
station in three
years, ofﬁcial
contact with
police, police
ofﬁcers on duty,
specialised
police operations

Population group
(race) of persons,
marital status,
education level
attained, visited
the police station
in three years,
ofﬁcial contact
with police, police
response in
emergency, satisfaction with
police

Age, nearest
police station,
average time to
police station,
visited the police
station in three
years, police
ofﬁcers on duty,
specialised
police operations, children
approach police
ofﬁcer, SAPS,
trust in metro/
trafﬁc police
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Although it has a limitation of inconsistent selection of variables across
samples, stepwise selection was most preferred purposeful variable selection
approach and was used on the complete dataset to fit a multivariate logistic
regression for predicting the likelihood of a victim reporting a crime of housebreaking. To address the stepwise selection’s limitation of selecting varying variables for different observations of the same dataset, the researchers used
Bootstrapping with 1000 replications to select the optimum multivariate model for
predicting the likelihood of a victim reporting a crime of housebreaking. The model
was further assessed for overall significance, significance of individual parameters, model fit, and prediction ability, the results are presented in Section 3.4.

3.4 A Multivariate Logistic Regression Model to Predict the
Likelihood of Reporting a Crime of Housebreaking
The Wald chi-square test tests whether the overall multivariate LRM is significant.
The test is significant at 5% (Chi-Square = 136.639, df = 11, p-value < 0.05) which
indicates that at least one of the coefﬁcients of the model is not equal to zero,
meaning that the model is signiﬁcant overall.
Table 6 lists all the variables selected by stepwise selection for entry into the
ﬁnal multivariate model at a signiﬁcance level of 0.3 and the signiﬁcance level for
Table : Summary of the variables entered in the model.
Step Effect entered

DF

Score chisquare



Race



.







QContPolice
QNEARPOLSTA
QTime
QSatisﬁed
QPOLSTAYRS







.
.
.
.
.



QMSTATUS



.




QTime
QHIEDU




.
.




QAPPROACH
Gender




.
.

Pr > Chi- Variable label
square
<. Population group of the persons in the
household
<. Ofﬁcial contact with police
<. Nearest police station
. Average time to police station
. Satisfaction with police
. Visited the police station in three
years
. Marital status of the persons in the
household
. Police response in emergency
. Educational attainment of the persons in the household
. Children approach police ofﬁcer
. Gender of persons in the household
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Table : Model ﬁt Statistics.
Criterion
AIC
BIC

Intercept-only

Intercept and variables

.
.

.
.

the variable to stay in the model was 0.35 (SAS defaults). The table shows that 11 of
the 17 candidate variables were retained in the ﬁnal model.
Table 7 shows the results of the tests performed on the ﬁnal model yielded by
stepwise selection method after all the variables are selected against the interceptonly model. The model with the intercept and variables ﬁts the data well compared
to the intercept-only model since it has the lowest AIC and BIC as shown in Table 7.
The Hosmer and Lemeshow 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%
(Chi-Square = 10.9819, df = 8, p-value = 0.203), therefore the results of the Hosmer
and Lemeshow test conﬁrm those in Table 7 that the multivariate LRM established
in this study ﬁts the data well.
Table 8 shows that the following variables are signiﬁcant (p-values < 0.05)
determinants of the likelihood of reporting a crime of housebreaking: Population
group of the persons in the household (Race), Average time to police station
(Q62Time), Visited the police station in three years (Q63POLSTA3YRS), Ofﬁcial
contact with police (Q64ContPolice), and Satisfaction with police (Q68Satisﬁed).
To determine the effect of these signiﬁcant variables on the likelihood of reporting
a crime of housebreaking, the study considered the odds ratios in Table 9.
Table : Test for signiﬁcance of individual parameters.
Parameter
Intercept
Gender
Race
QMSTATUS
QHIEDU
QNEARPOLSTA
QTime
QPOLSTAYRS
QContPolice
QTime
QSatisﬁed
QAPPROACH

DF

Estimate

Standard error

Wald chi-square

Pr > Chi-square














−.
−.
.**
−.
.
.
−.*
−.**
−.**
−.
.**
−.

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

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

.
.
<.
.
.
.
.
.
<.
.
.
.
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Table : Odds ratios for signiﬁcant determinants of the likelihood of reporting a crime of
housebreaking.
Variables in the equation
B

Population group of the
persons in the household()
Population group of the
persons in the household()
Population group of the
persons in the household()
Average time to police
station()
Average time to police
station()
Average time to police
station()
Average time to police
station()
Visited the police station in
three years()
Visited the police station in
three years()
Ofﬁcial contact with
police()
Ofﬁcial contact with
police()
Satisfaction with police()
Constant

S.E.

Wald df

Sig.

Exp
(B)

% C.I. for
EXP (B)
Lower

Upper

.**

. .

 . . .

.

.**

.

.

 . . .

.

−.

.

.

 . . .

.

−.

.

.

 . . .

.

−.

.

.

 . . .

.

−.

.

.

 . . .

.

.

.

.

 . . . .

−.

.

.

 . . .

.

.

.

.

 . . .

.

−. .

.

 . . .

−. .

.

 . . .

.**
.
−. .

.
.

 . . .
 . .

.

Only variables which are significantly contributing to the variation in the
likelihood of reporting a crime of housebreaking as shown in Table 8 are presented
in Table 9. Table 9 shows that the odds of a victim reporting a crime of housebreaking is 4.508 times greater for victims in the population group (race) of 1 (Black
African) as opposed to those in the other population groups, and is 2.671 times
greater for victims in the population group (race) of 2 (Coloured) as opposed to
those in the other population groups. The table also shows that the odds of
reporting a crime of housebreaking is 1.605 times greater for victims who indicated
their satisfaction with the police as 1 (Yes) as opposed to those who indicated that
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they are not satisﬁed with the police. All other categories are either insigniﬁcant at
5% level of signiﬁcance (p-values > 0.05) or did not converge (no statistics in the
upper conﬁdence interval).
Table 10 shows the confusion matrix describing the performance of the classiﬁer. The results in the table show that the rate of correctly predicting an event of
reporting a crime (also known as sensitivity) using the multivariate LRM established in this study is 72.9%. Table 10 also shows 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 table further indicates 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).
Figure 1 shows that the model with all the stepwise selected variables (step 11)
has more predictive ability for the likelihood of reporting a crime of housebreaking
when compared to the models ﬁtted at each stage of the stepwise selection process.
Generally, the AUC in Figure 1 is 73.73% and 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 of housebreaking and
the chance of not reporting the crime.

4 Discussion and Conclusions
This paper sought to identify the most efficient variable selection method for fitting
a parsimonious model to predict the likelihood of reporting a crime of housebreaking through a comparison of the H-L algorithm, the bivariate logistic
regression, stepwise selection and the chi-square test of association. This was done
not only to identify the best variable selection method but to also identify the
contributing factors to 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. However, it is worth
noting that given the same variables and the same number of observations, the
Table : Confusion matrix.
Predicted group

Housebreaking/burglary – reporting crime to the police
Total

Yes
No

Yes

No

.%
.%
.%

.%
.%
.%
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Figure 1: Receiver operating characteristic (ROC) curve.

study found that the stepwise selection method tends to select different variables
for each unique set of observations as it 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.
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 by 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 variables (based
on an assumption that there are six important variables) 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 H-L-algorithm correctly identiﬁed and
retained variables 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
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of the current study may be differing from those obtained by Bursac et al. (2008)
due to the difference in methodology followed such as using ﬁve samples, and the
different cut-off points used.
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 this purposeful selection method to ﬁt a multivariate model in
order to test associations in their data and they were not interested in conﬁrming
whether this novel variable selection method ﬁtted the data well when compared
to the other popularly used variable 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 this paper to the literature around purposeful variable selection
approaches for logistic regression is through a comparison of all four popular
variable 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 variable 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 variables for the different observations of the same dataset, which is something that was never discovered
before. To the best of the researchers’ knowledge, there has never been a study
conducted to statistically determine the determinants of a victim’s likelihood of
reporting a crime of housebreaking. As such, the current study contributed a new
idea to the literature of crime studies.
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
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(or samples) with the same 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 variable selection methods. However, such researchers are advised to use
Bootstrapping to determine the optimum model since stepwise selection was
found to select different variables for different samples of the same dataset.
Emanating from the findings of the current study, it is also 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 housebreaking. By
focusing on these variables, these parties may be able to encourage the victims to
report such crimes and this will enable law enforcers to address such cases
effectively. It is also recommended that future studies may consider comparing
the purposeful variable selection methods considered in this study under
different conditions such as a mixture of categorical and continuous variables,
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 for other predictive models such as
discriminant analysis.
Funding: This paper forms part of research dissertation which was ﬁnancially
supported by the North West University (NWU), South Africa.
Availability of data and material: The data may be made available on request.
Code availability: The SAS code may be made available on request.
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There is neither conﬂict of interest nor competing interests.

Appendices
Appendix 1: Descriptive Statistics for Age

Descriptive statistics

Age of persons in the household

n

Minimum

Maximum

Mean

Std. deviation







.

.
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Appendix 2: Frequency Table for Categorical Variables

Frequency Percent
House breaking/burglary – report- Yes
ing crime to the police
No
Total
Ofﬁcial contact with police
Yes
No
Unspeciﬁed
Total
Police response in emergency
Less than  min
Less than  h (but more than  min)
Less than  h (but more than  h)
More than  h
Never arrive
Unspeciﬁed
Total
Satisfaction with police
Yes
No
Total
Police ofﬁcers on duty
At least once a day
At least once a week
At least once a month
More than once a month
Never
Unspeciﬁed
Total
Specialised police operations
Yes
No
Unspeciﬁed
Total
Children approach police ofﬁcer
Yes
No
Unspeciﬁed
Total
Trust in the SAPS
Yes
No
Unspeciﬁed
Total
Trust in metro/trafﬁc police
Yes
No
Unspeciﬁed
Total
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(continued)
Frequency Percent
Gender of persons in the
household

Male
Female
Total
Population group of the persons in Black African
the household
Coloured
Indian/Asian
White
Total
Marital status of the persons in the Married
household
Living together like husband and wife
Divorced
Separated, but still legally married
Widowed
Single, but have been living together
with someone as husband
Single and have never been married/
never lived together as h
Unspeciﬁed
Total
Educational attainment of the per- Grade R/
sons in the household
Grade /Sub A/Class 
Grade /Sub B/Class 
Grade /Standard /ABET  (Kha Ri
Gude, Sanli)
Grade /Standard 
Grade /Standard /ABET 
Grade /Standard 
Grade /Standard /ABET 
Grade /Standard /Form 
Grade /Standard /Form /ABET 
Grade /Standard /Form 
Grade /Standard /Form 
Grade /Standard /Form /Matric
(No Exemption)
Grade /Standard /Form /Matric
(Exemption *)
NTC /N/NC (V) level 
NTC /N/NC (V) level 
NTC /N/NC (V) level 
N/NTC 
N/NTC 
N/NTC 
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.
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.
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(continued)
Frequency Percent

Nearest police station

Average time to police station

Visited the police station in three
years

Certiﬁcate with less than Grade /Std

Diploma with less than Grade /Std

Certiﬁcate with Grade /Std 
Diploma with Grade /Std 
Higher Diploma (Technikon/University
of Technology)
Post Higher Diploma (Technikon/University of Technology, Mas)
Bachelor?s degree
Bachelor?s degree and post-graduate
diploma
Honours degree
Higher degree (Masters, Doctorate)
Other (specify in the box below)
Do not know
No schooling
Unspeciﬁed
Total
Yes
No
Unspeciﬁed
Total
Less than  min
Less than  h (but more than  min)
Less than  h (but more than  h)
More than  h
Not applicable
Unspeciﬁed
Total
Yes
No
Not applicable
Unspeciﬁed
Total
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