
METHODS
published: 15 March 2022

doi: 10.3389/fams.2022.805524

Frontiers in Applied Mathematics and Statistics | www.frontiersin.org 1 March 2022 | Volume 8 | Article 805524

Edited by:

Hien Duy Nguyen,

The University of

Queensland, Australia

Reviewed by:

Lochner Marais,

University of the Free State,

South Africa

Biljana Mileva Boshkoska,

Institut Jožef Stefan (IJS), Slovenia

*Correspondence:

Emmanuel Kabundu

kabunduemmanuel@gmail.com

Specialty section:

This article was submitted to

Statistics,

a section of the journal

Frontiers in Applied Mathematics and

Statistics

Received: 30 October 2021

Accepted: 11 February 2022

Published: 15 March 2022

Citation:

Kabundu E, Botha B, Mbanga S and

Crafford G (2022) Application of

Copulas to Improve the Modeling of

Housing Tenure and Affordability.

Front. Appl. Math. Stat. 8:805524.

doi: 10.3389/fams.2022.805524

Application of Copulas to Improve
the Modeling of Housing Tenure and
Affordability
Emmanuel Kabundu 1*, Brink Botha 2, Sijekula Mbanga 3 and Gerrit Crafford 4

1Department of Building and Human Settlements Development, Nelson Mandela University, Port Elizabeth, South Africa,
2Department of Construction Management, Nelson Mandela University, Port Elizabeth, South Africa, 3Department of Building

and Human Settlements Development, Nelson Mandela University, Port Elizabeth, South Africa, 4Department of Quantity

Surveying, Nelson Mandela University, Port Elizabeth, South Africa

The tenure statuses made by households (renter-occupancy or owner-occupancy) are

influenced by a multitude of factors, some of which cannot be directly measured.

However, economists are still interested in knowing the relative severity and patterns

of influence these factors have on housing tenure status. The purpose of this research

was to determine the effect of assuming joint dependency between housing tenure

and affordability on the model results. The effect of model-mis-specification on severity

and relative importance of the explanatory variables was also assessed. Joint bivariate

binary regression was applied to multi-year cross-sectional General Household Survey

(GHS) data from Statistics South Africa (STATSA). An assumption of a univariate model

when modeling both housing affordability and tenure led to model mis-specification,

because most of the coefficients between the univariate and bivariate joint models

were significantly different. Model mis-specification also led to significant differences in

rankings of the levels of influence of the explanatory variables. Bivariate joint modeling

with appropriate error-model copulas improved the model results. Older households

that were above 49 years were consistently more likely to be owner-occupiers, and the

household head age variable for older households was the most influential factor for

housing owner-occupancy and affordability.

Keywords: housing affordability, endogeneity, housing tenure-of-choice, multicollinearity, association parameter

INTRODUCTION

The housing tenure statuses by households (renting or owner-occupancy) are influenced by a
multitude of factors, some of which cannot be directly measured [1]. Though it is neither possible
nor practical to measure and include all the explanatory variables that influence housing tenure and
affordability, economists are still interested in studying the patterns and levels of influence of any
available measurable explanatory variables (for example [2–5]).

Several studies have modeled housing tenure based on univariate modeling. Some of these
studies preferred to use probit models, where the underlying distribution is considered a normal
distribution. However, the assumption of normality is not based on proper justification. Therefore,
some studies have opted to use other binary link functions such as the logit function, which assumes
a more flexible logistic distribution. However, the methods used in these studies do not allow
for joint modeling, where dependence is assumed to exist between the binary responses [4, 6–8].
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Other studies (such as [2, 5]) which have assumed existence
of joint dependence (with one of the responses being housing
tenure), have employed a 2 or 3-stage least squares method
(that uses structural equation modeling) to model the responses.
The least-squares method is, however, not good for modeling
in scenarios where the binary response variables are involved
[9]. Furthermore, the least squares method is only applicable
where linear relationships are assumed and the estimates made
are possible only about the mean [10, 11].

This paper sets out to determine whether the assumption
of reverse causality between housing tenure and affordability
is justified during modeling. The study will determine if
the use of a bivariate binary joint model (with endogenous
treatment) is better than a univariate binary model for housing
tenure and affordability [12]. The most influential variables
and corresponding patterns of influence, will be determined.
This kind of modeling allows for dealing with unobserved
confounding and non-Gaussian dependencies between treatment
and outcome [12]. This paper adds value to current research in
that, in contrast to previous studies, it approaches the modeling
of housing tenure and affordability by assuming possible joint
dependency between the two responses, and possible presence
of non-Gaussian copula error models. The resulting model if
justified would be a significant model improvement compared to
previous models.

The paper is divided into the following sections: Section
(ii) will deal with the housing tenure and affordability context
in South Africa. It will also explore various factors that have
been identified to influence housing tenure and affordability
from previous studies. Section (iii) will discuss the methodology.
Section (iv) will present the results while section (v) will deal with
the discussion of the results. Finally, section (vi) will summarize
the contribution of the paper to existing knowledge and propose
future areas for further research.

BACKGROUND

Factors That Influence Housing
Affordability and Tenure
Housing affordability: Studies that identify factors that influence
housing affordability are mostly not based on regression
modeling methodology or are based on the univariate modeling
regression methodology. However among the factors that
influence housing affordability include housing-tenure,
demographic factors, migration, location, race, time, planning
and zoning, living conditions, income inequalities, ownership
of land, rents, government policy, income, race, education, and
household size [13, 14].

Housing tenure: Various factors have been identified
as relevant for inclusion in modeling housing tenure and
affordability. Research done using multi-level logistic regression
in China used age, marital status, education level of household
head, household income, household size, number of workers in
the household, building price, nature of job held and locational
factors as the variables influencing tenure. Both market
mechanisms and institutional factors affected housing tenure

in urban areas of China. Social-economic factors such as age,
household size and income and house price had similar effects
as in the western countries. The factors related to education and
some factors related to employment were the ones that did not
turn out to be significant at the 5% level [6]. On the other hand,
Liao and Zhang [15] also carried out research in China and
used various models, including ordinary least squares, two-stage
least squares, probit and bivariate probit models. The level of
significance was again 5%. The locational factors, age, marital
status, years of education, household income, and employment
in the government sector were used. All factors were significant
for all the models except the government employment factor
concerning the two-stage least squares model and one of the
ordinary least squares models.

Tandoh and Tewari [7] used the logistic regression to model
tenure in Ghana by using income, house price index, household
size, marital status, gender, employment status of household
head, value to rent ratio and urban locational status of the
household. The value to rent ratio, highest education at university
and highest education at secondary school were all not significant
at 5% level. The rest of the factors were significant.

In his research in the United States of America (USA),
Carter [2] emphasized the need to control for endogeneity when
modeling housing tenure-of-choice with respect to the second
household income. The methodology used involved use of the
2-Stage least squares method (2SLS). The results showed that
the probability of homeownership was increased by 4–6% when
modeling is not controlled for endogeneity. When endogeneity
was controlled for (using least squares and probit regression in
two stages), all variables were significant at the 5% level except the
Metropolitan Statistical Area median rent values. The variables
included the wife’s income, permanent income, the number of
children, the wife’s age, the combined tax rate of the couple, the
house price index and locational factors.

Spalkova and Spalek [4] also researched to find out the factors
that influence housing tenure-of-choice in the Czech Republic
using the logit model. The data consisted of an annual cross-
sectional survey for 5 years. The variables included income,
proportion of household members in various age categories,
locational factors, floor area per person, gender, marital status,
employment status, work status, age, and educational status
of the household head. All variables were significant at the
5% level except a few variables related to the proportions of
household members in certain age categories for some years.
The study indicated that apart from income, tenure is also
significantly influenced by household size and location in Prague,
the capital of the Czech Republic. The study indicated that Prague
households are more likely to be renters than owner-occupiers.

Bazyl [3] also investigates the factors influencing housing
tenure in other European countries. The study indicated that
marriage was generally a significant determinant of switching
from renting to owner-occupancy. Other factors that were
significant in some countries but not in others included the
nationality, income, and age of the household head.

Summary: The above studies indicate that most factors that
influence housing affordability also influence housing tenure.
Careful examination of the studies also reveals that housing
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affordability seems to influence housing tenure. On the other
hand, housing tenure also influences housing affordability.

South Africa
Historical context of tenure: Land tenure consists of the terms
and conditions under which land is held, used and transacted
and is a major determinant in both the management of resources
and distribution of benefits [16]. From 1913 up to 1991, the
South African history of ownership of property rights was
shaped by a series of Acts of Parliament that encouraged
territorial segregation based on race, and prohibited natives from
occupancy or acquisition of land in some designated areas. Urban
areas are typical examples where these restrictions once applied.
But the restrictions also extended into other areas such as rural
and farming areas. The Natives Land Act 27 of 1913, for example
reserved only <10% of South African land for Blacks. The
Native Trust and Land Act 18 of 1936, had an aim of abolishing
individual land ownership by Black natives and introduced trust
tenure through the South African Development Trust. This
Government body would acquire land only in specially “released
areas” for settlement by native Black South Africans [17–19].

The Group Areas Act 41 of 1950 and the Group Areas Act 36
of 1966 are other instruments that were introduced by the then
existing Government, that ultimately established group areas
according to race (Native Black, Colored, Asian, andWhite areas)
and prohibited both land acquisition and land occupation by any
race in any area which was not allotted to that particular race. It
enforced residential and commercial segregation in urban areas.
These Acts led to forced evictions of about 3.5 million people
between 1960 and 1983 [17, 20, 21]. The segregation therefore
negatively affected Natives, Coloreds and Asians with respect to
freedom of acquisition of property rights, occupation and ability
to conduct business.

It was against this backdrop of almost 80 years of restricted
occupancy and property ownership which was heavily biased
against Black, Asian and Colored South Africans, that it was
necessary to introduce the “Abolition of Racially Based Land
Measures Act 108 of 1991”. This Act both abolished the previous
four (4) Acts and phased out the South African Development
Trust [22]. The new Government in 1994 was faced with the
problem of high incidence of poverty among most of the South
African households because of the iniquities related to property
ownership that had been in place for almost 80 years. A direct
consequence of this is that, while urban real estate is one of
the major assets in which wealth is vested within South Africa,
90–95% of South African wealth is owned by just 10% of the
population, majority of whom are white population that were not
negatively affected by segregationist policies. As a result, there
are persistent severe high income inequalities in South Africa
[17, 23].

It was therefore necessary to introduce extensive housing
subsidy programs that would help to alleviate poverty and, to an
extent, improve the quality of life for as many of the previously
marginalized communities as possible. One such a program
was the Reconstruction for Development Program (RDP) that
was aimed at providing housing subsidies through provision of
complete housing units to such households. The program in

its improved format ensures that the location of the homes are
in economically strategic areas, through an integrated human
settlements approach [24, 25].

Major forms of tenure: Land tenure systems in South Africa
can be broadly categorized into Privately owned land (72% of
total), State owned land (14% of total) and Customary owned
land (14% of total) systems [16]. If permanent improvements are
taken into consideration, the various classification of individual
forms of housing tenure include the freeholds, time shares,
permission to occupy (PTO), Leaseholds (short and long
term leases), block shares and sectional titles [26]. Freehold
involves perpetual ownership of land and buildings, whereby
the ownership rights are registrable at the Deeds Registry (end
result is a registered title deed). A freehold owner possesses the
most comprehensive rights in property, subject to the laws and
regulations from the respective Government. In a sectional title
form of ownership, the land and some permanent improvements
that are shared by all occupants (such as parking areas, walkways
and lifts) are taken to be under common ownership while most
of the permanent improvements on the land mostly consist of
individually owned sections. Ownership of each section and the
corresponding undivided share in common property, whose size
depends upon the participation quota, is registrable under a title
deed [26, 27].

A leasehold grants the lessee almost the same benefits of a
freehold owner, but only for a limited time. While leaseholds do
not confer ownership to lessees, long term leases (>10 years)
need to be registered in South Africa. In a share block, a single
company may own a given property and an individual is allowed
to buy the rights to use a specific unit by buying shares in
the company. There is no title granted to an owner of a share
block, but he only obtains a creditor’s right against the share
block company to use a certain part of the building, as specified
in the Share Blocks Control Act 59 of 1980. According to the
South African Time Shares control Act 75 of 1983, a time share
provides the holder of the time share unit the right to use such
a unit for a given period annually. The holder of a time share
could be such by virtue of co-ownership of the accommodation
or could be a lessee under a time-share developer [28]. A time
share holder, therefore, may or may not hold a title deed over the
time share property under consideration. On the other hand, the
permission to occupy (PTO) is a right granted by Government to
certain types of rural and unsurveyed land, but may be revoked
by the Government after consultation with tribal authorities.
Since the holder is given the right to live on the land, he
can erect permanent improvements such as a house on that
land, but cannot obtain a title deed against such a property.
While such a right is registrable in some departments in South
Africa, it is not registrable in the Deeds Registry, and appears
insecure. Currently, tribal authorities are, instead, expected to
provide more secure forms of tenure with a formal title deed.
Alternatively, some existing PTO’s have been converted to long
term leases [26, 29, 30].

In 2017, while 94% of all land in South Africa was registered
in the Deeds Registry, 6% was not registered but was in the
process of being surveyed, registered and given to individual
and community owners. On the other hand, while urban land
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accounted for 3% of the total land area of the Country, the
number of parcels in urban areas comprised of 94% of all land
parcels in South Africa and were owned by 93% of all land owners
[31]. This highlights the significantly higher economic utility
and locational rent possessed by urban land, in comparison with
non-urban land in South Africa.

For data collection purposes with respect to their surveys,
the major forms of tenure in South Africa, as indicated by
STATSA [32], however, include housing units rented from private
individuals, housing units that are owned but not fully paid off
to financial institutions, housing units that are rented from the
municipalities or social housing institutions, housing units that
are owned but not fully paid off to a private lender, housing
units that are owned but fully paid off, and housing units that
are occupied, but rent-free. The households staying in housing
units which they owned, irrespective of whether they have fully
paid them off or not, will be classified here as owner-occupiers.
The households that are renting housing units (irrespective of
the type of landlord) or are occupying housing units that are not
theirs, but without paying rent permanently or temporarily will
be classified as renter-occupiers.

Housing market:The housingmarket, however, can be broadly
categorized into private sponsored housing and government-
sponsored housing. Each of these two (2) forms of housing can
be further categorized into owner-occupied and rent-occupied
housing. Government-sponsored housing based on subsidies
(finance-linked and non-finance-linked) is usually targeted from
low-income groups up to lower-middle-income groups. There
are sixteen (16) National Housing Programmes that benefit
from the housing subsidies [24]. Prominent among these 16
is the Individual Subsidy Programme (ISP), which provides
access to funding of individual house ownership in the form
of either a credit-linked (finance linked) or non-credit linked
subsidies [24]. The demand for owner-occupied housing (both
government-sponsored and privately sponsored) has historically
outstripped the housing supply in South Africa, resulting in an
ever-increasing housing backlog, especially since 2010 [33]. It has
been exacerbated by the effects of the global COVID pandemic
and its associated lockdown phases that have negatively impacted
the South African economy. According to estimates, the South
African economy contracted by about 7.0% in 2020, mainly
owing to Covid-19-related lockdown measures [34]. This has
also meant limited household access to funds from both the
government housing subsidies and the private sector.

Trends: Before 2020, the historical data related to owner-
occupancy and renting in south Africa already was showing
a steadily increasing proportion of renter-occupiers in South
Africa. However, the housing market was still biased toward
owner-occupancy. This trend was evident across all provinces,
with Gauteng province (Gauteng is the most urbanized
province, followed by the Western Cape) which consistently
had the highest proportions of renters, increasing from
30.2% in 2009 to 36.2 % in 2018. The corresponding
figures for Western Cape were 24.4% in 2009 and 31.8%
in 2018 [32, 35]. This indicates a steady decline in the
affordability of owner-occupancy, with the eventual alternative
being renter-occupancy.

Though accurate data for 2020 and 2021 is not available, a
poor performing economy during this period may have shifted
the housing market still further toward renter-occupancy. At
any rate, evidence strongly indicates that renting is becoming
ever more important to the South African household across
all provinces.

METHODS

Housing Affordability and Tenure Modeling
Housing affordability is that which is concerned with securing
some given standard of housing (or different standards) at a
price or a rent which does not impose (in the eyes of some third
party; usually, but not always the government) an unreasonable
burden on household incomes [36]. Housing affordability can
be measured based on ratios of housing expenses to income
as applied in percentage-of-income method [37]. Therefore,
housing affordability can be considered equivalent to the ratio of
monthly mortgage or rent payments to the monthly household
income. The following formulas apply:

fown =
Gm

Cm
(1)

frent =
Tm

Cm
(2)

Where:

• Gm represents the monthly mortgage
• Tm represents the monthly rent
• Cm represents the monthly income
• fown represents the affordability ratio for owner occupancy
• frent represents the affordability ratio for renter occupancy

These housing affordability ratios can be transformed into binary
formats since financial institutions in South Africa consider
households that have ratios equal to or below 0.3 or thirty per
cent (30%) not to have affordability problems (These ratios are
assigned a value of one), while households with ratios above
thirty per cent (30%) have affordability problems (these are
assigned a value of zero). The explanatory variables can be
factors such as household incomes, household head age category,
dummy variables, household size, provincial location dummy
variables, the household metro location dummy, household head
age, gender, the household subsidy status, house values and
the household head race [32, 35, 38–40]. The housing tenure
response variable can also be assigned binary values in such a
way that if a household was an owner-occupier, then it would
be assigned a value of one (1). If the household were renter-
occupiers, it would be assigned a value of zero (0).

Binary regression modeling (probit, logit, or cloglog
modeling) would be the best form of modeling in a case
where both housing tenure and affordability are expressed as
binary variables. Probit models are a form of binary choice
models used when the dependent variable in a mathematical
model is binary in nature, and the errors for the log linearized
model are normally distributed. If the errors follow a standard
extreme value distribution or double exponential distribution,
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then the appropriate mathematical model for use would be a
complementary log- log or the cloglog model. On the other
hand, if the errors follow a standard logistic distribution, then
the appropriate mathematical model for use is a logit model [41].
Thus, by assigning the outcome of owner occupancy to be one
(1) and renter occupancy to be zero (0), it is possible to construct
a probit, logit, or cloglog model and conduct housing tenure and
affordability-based analysis on appropriate household data.

The Bivariate Binary Joint Regression
Model
A joint Bivariate binary regression model was proposed for use.
The first equation, which corresponds to housing affordability
as the response variable, is the endogenous treatment equation.
The second equation that corresponds to housing tenure is the
outcome equation that receives the treatment. It is assumed that
yai and yti are a pair of binary random variables for housing
affordability and tenure, respectively. We shall also assume that
i=1 to n, whereby n is the sample size from which yai and
yti are drawn. The corresponding linear predictors for housing
affordability and tenure are denoted as ηai and ηti. It follows that
yai = 1 when ηai > 0 and yti = 1 when ηti > 0.

The linear predictor corresponding to the endogenous
treatment equation (affordability) is given in Equation (3) below.

ηai = ZT
aiβa

+εai (3)

The linear predictor for the outcome equation (tenure) is given
in Equation (4) below.

ηti = ϕ
(

yai
)

+ ZT
tiβt+εti (4)

The term ϕ is a measure of the effect of the treatment
(affordability) on the outcome (housing tenure) based on the
scale of the linear predictor. The term Zai is a vector that
contains parameters (such as intercept, dummy, and categorical
variables). The term βa is a vector that contains the coefficients
to the parameters in Zai [42]. Therefore, there are 2 forms of
endogeneity that are of interest. The first form is due to the
omitted or non-included terms in each of the equations. The
second form is due to the association or interdependency (reverse
causality) between each of the response variables. The model
that best suits this kind of assumption is the bivariate binary
regression model with endogenous treatment as represented in
Equations (3) and (4).

The model is completed by including a linear predictor
(ηci) for the association parameter. Equation (5) represents the
equation for this linear predictor.

ηci = ZT
ciβc

(5)

Where ηci is the additive predictor for the copula representing the
bivariate error model. Because of the introduction of the copula
model equation, the error terms εwi and εti become part of the
copula model equation.

The Degree of Association (Association Parameter

and Kendall’s Tau)
One of the outputs of the joint modeling is an association
parameter (theta or θ), whose magnitude of departure from zero
(0) is a measure of the strength between housing affordability
and housing tenure [43, 44]. A high association parameter is an
indicator of a high dependence between housing affordability and
housing tenure. From Equation (5), the association parameter
θ = mηci, where m is a scaling factor that is applied to ensure that
θ falls within the required range [12]. The association parameter
can be transformed into Kendall’s Tau for easier interpretation.
The transformation varies according to the selected copula and
the binary pair link function being used [45]. The interpretation
of Kendall’s Tau is as follows:

• If Tau is less or equal to 0.10, the association is very weak.
• If Tau is >0.10 but less than or equal to 0.19, the association

is weak.
• If Tau is >0.19 but less than or equal to 0.29, the association

is moderate.
• If Tau is >0.29, the association is strong.

Design
Pseudo-panel secondary data from field surveys conducted by
STATSA was used for 2015, 2016, 2017, and 2018. These datasets
included both housing subsidy beneficiaries and housing subsidy
non-beneficiaries. Conditions for beneficiaries are specified
under the Reconstruction for Development Programme (RDP) in
the National Housing Code [24]. Once the datasets were cleaned,
the research set out to accomplish the following tasks:

• Twomodel equations will be formulated and variance inflation
factors will be computed to test for multicollinearity. The
Akaike information criteria (AIC) will be used to test for the
best bivariate error model.

• The datasets will be transformed (scaled), and scaled models
will be computed. The mean of the coefficients will then
be evaluated a comparison of their relative influence on the
response variables (housing affordability and housing tenure)
will be made.

• The rankings of the relative importance of the scaled
coefficients will be made for both the univariate and
bivariate models in order to evaluate how severely the
model mis-specification affects the relative importance of the
explanatory variables.

• Statistical tests will be done to test for the significance of
the differences between the values of the univariate model
coefficients and the values of the bivariate model coefficients.

Sampling
Statistics South Africa did a multi-stage sampling. It was based
on a stratified design, with the stratification being based on
the primary unit sizes, the geography, and the characteristics of
the population [32, 38–40]. The population consisted of all the
households in South Africa. The sample sizes for the data used
correspond to the General Household Survey sample sizes for the
respective years (2018, 2017, 2016, and 2015).
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Instrument Design and Data Collection
The questionnaire was developed and administered by Statistics
South Africa. Therefore, the data collected was secondary data
(General Household Survey data) from Statistics South Africa.
Field staff members were trained by Statistics South Africa on
how to administer the questionnaires. The metadata files for the
General Household Surveys have the detailed descriptions of the
fields for the questionnaire used for each respective survey. It was
ensured that the trained staff members were on hand to assist
householders to fill in the questionnaires [32, 38–40].

Parameter Interpretation and the
Equations
Table 1 presents the parameter (variable) interpretation for all
the parameters used in the binary joint regression modeling
equations.

The implications of housing affordability influencing housing
tenure and vice versa (reverse causality) are that if housing
tenure is a response variable, then housing affordability must
be one of its corresponding explanatory or anteceding variables.
Alternatively, if housing affordability is a response variable,
then most of the explanatories corresponding to housing tenure
must also be the corresponding explanatory or anteceding
variables for housing affordability. The solution to this kind of
problem would be a bivariate binary joint regression model, with
endogenous treatment being received by housing tenure from
housing affordability [12]. This modeling is implemented in the
Generalized Joint regression modeling (GJRM) package [44, 46].
The following Equations (6) and (7) were used for the bivariate
binary joint modeling.

AFFRATIO∼HHSIZE+ as.factor (PROV)

+ as.factor (HHEADAGE1) + as.factor (HHRACE1)

+MHSEX + YESRDP + as.factor (GEOTYPE)

+ YESMETRO + as.factor(HSG_VALUE)

+ INC_EXP2 (6)

OWN∼AFFRATIO1 + HHSIZE + as.factor (PROV)

+ as.factor (HHEADAGE1) + as.factor (HHRACE1)

+MHSEX + YESRDP + as.factor (GEOTYPE)

+ YESMETRO + as.factor(HSG_VALUE

+ INC_EXP2 (7)

Equation (6) is the implementation of Equation (3) using GJRM
package in R. Equation (7) is the implementation of Equation
(4) using the GJRM package in R. The second Equation (7)
describes the binary outcome of housing tenure or “OWN” as
a function of the binary treatment or housing affordability. The
first Equation (6) determines whether the endogenous treatment
is received. The parameter vector estimate is obtained by using
the penalized maximum likelihood method. Other covariates
were also included in the model. It was assumed that the latent
errors of the two equations followed a bivariate joint distribution
(according to Equation 5) having an association parameter called
theta (θ). The evaluation of the association parameter is preceded

by the selection of an appropriate copula for the bivariate binary
error model (based on AIC), as described earlier [12].

Data Analysis
Summary statistics for each dataset corresponding to each year
were computed, and missing data analysis was first carried
out with the help of the finalfit package of R, followed by
a computation of reliability measures [47–49]. For categorical
or dichotomous data, polychoric correlations were used rather
than Pearson’s correlations [50]. The copula methods inherent
in GJRM are, however, very effective in dealing with datasets
that have missing not at random (MNAR) data, with tolerances
of up to 50% of missing data [51]. Precautions were taken
not to include explanatory variables that are strongly correlated
together on the same side of the regression equations during
the formulation of the regression formulae. Variance inflation
factors (VIF) were evaluated to detect this phenomenon of
multicollinearity. For interpretation purposes, the following
information was used.

• If VIF was equal to 1, then there was no correlation.
• If VIF was between 1 and 5 then the correlation was moderate.
• If VIF was 5 and above, then there was a high correlation.

A higher VIF value indicates a higher corresponding
multicollinearity with respect to the independent variable.

The Akaike information criteria (AIC) are then used to determine
the best bivariate error model. The binary regressionmodels were
then generated, using the bivariate error model with the lowest
AIC value for each dataset [44].

Scaling the Coefficients
To perform an analysis of the relative importance of the factors
that influence housing tenure and affordability, it was necessary
to scale the datasets, and hence use the scaled coefficients.
Gelman [52] proposed scaling that involves subtracting the mean
and dividing by twice the standard deviation of the data field
elements in question. Equation (8) illustrates this:

Xs =
X −m

(2× sd)
(8)

Where:

“Xs” is the scaled version of the observation corresponding to
observation “X”.
“m” is the mean of the variable representing the X-values.
“sd” is the standard deviation of the variable representing
the X-values.

Logistic Coefficients and Their Interpretation:

Conditional Odds Ratio
The exponents of the logit coefficients provide conditional
odds ratios for the occurrence of homeownership. In this
case the conditional odds ratio is the ratio of occurrence of
homeownership to the non-occurrence of homeownership, given
that the occurrence is caused by a unit increase in the explanatory
variable in question [change of affordability ratio from a value less
or equal to thirty per cent (30%) to a value greater than thirty per
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TABLE 1 | Variable interpretation.

Parameter code Parameter type Parameter name

PROV Discrete (Locational factor variable) The South African provinces.

Western Cape Province = 1; Eastern Cape province = 2; Northern Cape & Free State

provinces = 3; Kwazulu-Natal Province = 4; North West Province = 5; Gauteng province = 6;

Mpumalanga province = 7; Limpopo Province = 8

AFFRATIO1 Binary (Affordability dummy variable) The affordability ratio

If Housing is affordable, AFFRATIO1 = 1

HHEADAGE Discrete (Integer variable) Actual age of households Household head in full years at the time of survey.

HHEADAGE1 Discrete (factor variable) Age (in years) of household head:

Age < 30 = 1; Age between 20 and 40 = 2; Age between 30 and 50 = 3; Age between 49

and 65 = 4; Age between 64 and 80 = 5; Age between 79 and 95 = 6; Age > 94 = 7.

HHSIZE Discrete (Integer variable) Size of household

HHRACE1 Discrete (Factor variable) The race of the South African household head.

Black = 1; Colored = 2; Indian/Asian = 3; White = 4

MHSEX Binary (Gender dummy variable) If household head is Male, then MHSEX = 1

YESRDP Binary (Subsidy dummy variable) If Household stays in RDP house (hence benefits from housing subsidy), then YESRDP = 1

GEOTYPE Discrete (Locational factor variable) If the household is in urban formal area, GEOTYPE = 1; If the household is Located in

traditional area, GEOTYPE = 2; If the household is Located in a farm area, GEOTYPE = 3.

HSG_VALUE Discrete (Factor variable) Market value of property (in Rands).

Less than R50,000 then HSG_VALUE = 1; From 50,001–250,000, then HSG_VALUE = 2;

From 250,001–500,000, then HSG_VALUE = 3; From 500,001–1,000,000, then HSG_VALUE

= 4; From 1,000,001–1,500,000, then HSG_VALUE = 5; From 1,500,001–2,000,000, then

HSG_VALUE = 6; From 2,000,001–3,000,000, then HSG_VALUE = 7; From 3,000,001 and

above, then HSG_VALUE = 8;

INC_EXP2 Continuous variable Household monthly income

YESMETRO Binary (Metro locational dummy variable) If Household is in metro area, then YESMETRO = 1

OWN Binary (Tenure status dummy variable) If Household are owner-occupiers, then OWN = 1

Source: Author.

cent (30%)], assuming the other explanatory variables other than
the explanatory variable under consideration are constant. The
conditional probabilities for the occurrence of homeownership
can be derived from the conditional odds ratios. The equation for
their derivation is shown as Equation (9):

pc =
ORc

(1+ ORc)
(9)

where “pc” is the conditional probability of homeownership, and
“ORc” is the conditional odds ratio. The results for the logit-logit
link pair with respect to both housing tenure and affordability
modeling were then tabulated [44].

Significance of Differences in Coefficients Between

the Univariate and Bivariate Models
In order to evaluate how the differences in modeling housing
tenure and affordability will affect the individual coefficients
(excluding the constant term), z-scores will be computed to test
if the respective coefficients in each of the models are equal.
Equation (10) was used to generate the z-score [53].

zib,u =
βib − βiu

√

(s2ib + s2iu )
(10)

The values β are coefficients for variable “i.” The values s are the
standard errors of the coefficients for variable “i.” The symbols

b and u represent the bivariate joint binary model and the
univariate binary model, respectively. The value z represents the
z-statistic. Using the z-statistic, the p-values for each coefficient
are computed and compares to the 5% level of significance.
The null hypothesis (H0) is that the value of a given coefficient
in the bivariate joint binary model is equal to the value of its
corresponding coefficient in the univariate binary model. The
alternative hypothesis (HA) is that these two values are not equal.
A two-tailed test is then carried out. If the p-value is<5% the null
hypothesis is rejected in favor of the alternative hypothesis, and
vice versa.

Ethical Considerations
The identity of the participants or households in the publicly
available general household survey datasets was hidden, and
the data collected was used only for the research for which it
was intended. This agreed with recommended ethical principles
[35, 54]. Therefore, the likely damage to the households due to
the re-use of the data as secondary data was non-existent. The
research was also in compliance with relevant South African data
protection and access policies.

RESULTS

All initial datasets were large (sample sizes 20,908 for 2018;
21,225 for 2017; 21,218 for 2016 and 21,601 for 2015) and were
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TABLE 2 | Ranking of bivariate error models based on AIC.

Code Name df AIC:2018 AIC: 2017 AIC: 2016 AIC: 2015 Average rank

bpN Normal 64 22866.39 (9) 21507.21 (8) 24595.18 (8) 25225.79 (9) 8.5

bpF Frank 64 22864.75 (8) 21507.24 (9) 24596.17 (9) 25221.88 (8) 8.5

bpC0 Clayton 64 22867.68 (12) 21517.14 (13) 24611.72 (14) 25231.4 (13) 13.0

bpC180 Survival Clayton 64 22860.86 (6) 21489.55 (5) 24581.6 (5) 25207.44 (6) 5.5

bpG0 Gumbel 64 22859.46 (3) 21488.52 (3) 24581.32 (2) 25204.93 (3) 2.8

bpG180 Survival Gumbel 64 22867.68 (12) 21511 (10) 24603.91 (10) 25229.28 (12) 11.0

bpJ0 Joe 64 22858.4 (2) 21486.79 (2) 24579.79 (1) 25202.67 (2) 1.8

bpJ180 Survival Joe 64 22867.68 (12) 21517.14 (13) 24611.72 (14) 25231.4 (13) 13.0

bpHO Hougaard 64 22859.46 (3) 21488.52 (3) 24581.32 (2) 25204.93 (3) 2.8

bpAMH Ali-Mikhail-Haq 64 22867.14 (11) 21514.64 (12) 24607.44 (12) 25228.72 (11) 11.5

bpFGM Farlie-Gumbel-Morgenstern 64 22866.89 (10) 21513.78 (11) 24605.18 (11) 25228.02 (10) 10.5

bpGAL0 Galambos 64 22862.73 (7) 21492.39 (7) 24584.19 (6) 25210.6 (7) 6.8

bpGAL180 Survival Galambos 64 22867.68 (12) 21517.14 (13) 24607.7 (13) 25231.4 (13) 12.8

bpPL Plackett 64 22860.04 (5) 21490.26 (6) 24584.57 (7) 25206.55 (5) 5.8

bpT Student-T 64 22858.19 (1) 21480.36 (1) 24581.32 (2) 25193.4 (1) 1.3

Source: Author. The bold values represent the best Akaike Information Criteria Values. The values in brackets represent the rankings of the models.

TABLE 3 | Summaries of VIF factors generated for each of the explanatory variables.

Affordability

ratio 2018

Tenure

2018

Affordability

ratio 2017

Tenure

2017

Affordability

ratio 2016

Tenure

2016

Affordability

ratio 2015

Tenure

2015

Mean VIF 1.763 1.730 1.842 1.764 1.832 1.798 1.809 1.790

Minimum VIF 1.072 1.077 1.073 1.071 1.064 1.065 1.060 1.064

Maximum VIF 3.003 3.005 2.990 2.997 2.960 2.958 3.052 2.900

VIF standard deviation 0.731 0.638 0.765 0.666 0.698 0.677 0.715 0.671

Source: Author.

appropriate to be used for regression despite instances of missing
data. The percentages of missing data after cleaning the datasets
were 8.9% for 2018, 14.9% for 2017, 8.3% for 2016, and 7.8% for
2015. This corresponded to final sample sizes of 19,042 for 2018;
18,060 for 2017; 19,466 for 2016, and 199,24 for 2015. Therefore,
the highest instance of missing data was 14.9% in 2017. On the
other hand, the GJRM copula routines have been tested and can
tolerate missing data of up to 50% [51]. Although a missing
data analysis was carried out, there was no necessity to present
its results because the worst scenario dataset had about 14.9%
missing data, which was within the tolerance limits of the GJRM.
The omega total values were classified as “good.” The values for
omega-total were 0.81, 0.88, 0.90, 0.90, and 0.97 for the years
2015–2018, respectively. Table 2 shows the AIC values for the
bivariate error models based on the logit-logit pair link function.
The best bivariate error model for 2018, 2017, and 2015 was the
Student-T copula model. The best bivariate error model for 2016
was the Joe copila model.

Variance Inflation Factors for
Multicollinearity (VIF)
Table 3 shows the mean, maximum, minimum and standard
deviations of the VIF factors evaluated for each dataset with
respect to housing affordability and tenure as responses. All

the VIF values were consistently below 5. Therefore, there was
moderate or low correlation.

Since all the VIF factors were below 5, there would be
no significant multicollinearity even for scenarios involving
univariate models.

Association Parameters and Kendal’s Tau
Table 4 shows these values together with their 95% confidence
intervals in brackets. The association parameters between
housing tenure and affordability, together with their 95%
confidence intervals (in brackets), were all well above zero.
This implies presence of significant endogeneity due to reverse
causality between housing tenure and affordability for all the
datasets under consideration. The lowest boundary value of
the association parameter for the 95% confidence interval was
0.611 for the 2018 dataset. All association parameter values were
significantly above zero (0).

The confirmation of the consistent presence of endogeneity
due to reverse causality between affordability and housing tenure
justifies the use of the joint binary regression modeling between
housing tenure and housing affordability. The corresponding
Kendall’s tau results indicate that the association between
housing tenure and affordability was strong for the 2018, 2017,
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TABLE 4 | Association parameters as confirmation of the presence of significant dependence.

Dataset 2015 (Student-T: T) 2016 (Student-T: T) 2017 (Joe : J0) 2018 (Student-T: T)

Association parameter (θ) 0.645 (0.642, 0.649) 1.60 (1.59, 1.61) 0.712 (0.708, 0.716) 0.606 (0.601, 0.611)

Kendall’s tau (τ ) 0.446 (0.444, 0.45) 0.252 (0.25, 0.254) 0.504 (0.501, 0.508) 0.415 (0.411, 0.418)

Source: Author.

and 2015 datasets, except for the 2016 dataset where the
association wasmoderate.

The results above show that modeling housing affordability
and housing tenure should always consider possible existence
of joint dependency between the two variables. By applying the
bivariate binary joint modeling in the presence on unobserved
confounders (using appropriate copulas to model the errors),
more errors are accounted for, and the final models produced are
more reliable, as a basis for decision making.

The Coefficients
Tables A1–A4 in the Appendix A present the joint bivariate
binary models with scaled coefficients. Apart from the household
head age range above 95 years (for all the four datasets) and the
Kazulu-Natal provincial variable for the 2016 dataset with respect
to affordability, the rest of the parameters were significant at the
5% level for all datasets. The R-square values were not computed
for the bivariate binary joint models because they do not hold
any meaning for these non-linear bivariate joint binary (logit)
models. The corresponding results for the univariatemodels were
also generated and are in Tables B1A–B4B (Appendix B).

Factors That Most Significantly Influence
Affordability and Home Ownership
The datasets were first scaled (using Equation 8) in order to
obtain the coefficients in Tables A1–A4 (Appendix A). The
research used the outcome equation (for housing tenure) instead
of the treatment equation (for housing affordability) when
comparing the rankings and when testing for the significance
of differences between the coefficient values of both models
(univariate and bivariate models).

Differences in Relative Influence of the Coefficients
The absolute values of the scaled coefficients for the bivariate
joint models were then derived from the models and they
were ranked according to their magnitude for each dataset. The
procedure was also repeated and the absolute values of scaled
coefficients for the univariatemodels were also generated.Table 5
shows the rankings representing the relative importance of the
coefficients for both the bivariate joint binary model and the
univariate model. The table also shows the differences in rankings
and the mean rankings for all the four datasets. The smaller rank
values indicate higher influence of a particular coefficient on the
outcome (housing tenure):

Differences in coefficient rankings between models: Because
of the difference in nature of modeling between the joint
bivariate binary model and the corresponding univariate model,
there were significant differences between these models in the
relative importance of the explanatory variables (with respect to

housing tenure as the outcome). In this case, differences were
highest in the affordability ratio (“AFFRATIO”), the household
race [“(HHRACE1)4”], household income (“INC_EXP2”), house
values between R 1,000,001 and 1,500,000, house values
between R 1,500,001 and 2,000,000, subsidy beneficiary status
(“YESRDP”), and household head age range from 40 to 49 years
[“(HHEADAGE1)3”] in that order. The failure to take inter-
dependency or reverse causality between housing affordability
and housing tenure would mis-represent the relative importance
of the housing affordability variable by an average of 10 ranking
points for the 2015–2018 datasets (from the column of differences
in mean ranks). However, further details show that the highest
mis-representation of affordability was 21 ranking points in 2017
(2017 differences), while the lowest mis-representation was 4
ranking points in 2018 (2018 differences). Similar conclusions
can be drawn for other variables.

Significance of Differences in the Coefficients
Equation (10) was used to evaluate the z-scores. Hypothesis
testing was done for each coefficient with respect to each dataset.
Table 6 shows the results. The symbol “E” indicates that there
was significant evidence showing that the coefficient under
consideration was the same for both models (Null hypothesis
is true). The symbol “NE” indicates that the corresponding
coefficient values in the two models were significantly not equal
(Null hypothesis is false).

The table shows further that the values of 94% of the
coefficients used in the bivariate joint binary model for the 2015
dataset were significantly different from their corresponding
values in the univariate model for the same dataset. The values
for the 2016, 2017, and 2018 datasets were 97, 84, and 81%,
respectively. The significant difference in most of the model
coefficients shows that the severity of the influence of most
of these coefficients would either be over-estimated or under-
estimated, if a univariate model were to be used.

Other Observable Patterns of Influence
The odds ratios and probabilities discussed under this sub-
section are conditional in nature. Table 5 shows that higher
household head age ranges (above 49 years) exerted most
influence on tenure. The higher age of a household head
positively increased the probability of owner-occupancy, when
the age was above 49 years. Other factors that exerted more
influence on tenure were occupation of houses whose values
were above R 3 million, location in a traditional geographical
area, occupation of houses whose values were between R
250,001 and 500,000 (2015 and 2016 datasets), affordability
ratio (2015, 2016, 2018 datasets), occupation of houses whose
values were between R 500,001 and 1,000,000 (2015 dataset),
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TABLE 5 | Rankings for relative influence (severity) of the coefficients.

Outcome equation

(tenure)

2015

joint

rank

2016

joint

rank

2017

joint

rank

2018

joint

rank

2015

univariate

rank

2016

univariate

rank

2017

univariate

rank

2018

univariate

rank

2015

differences

2016

differences

2017

differences

2018

differences

Mean

rank

(joint)

Mean

rank

(univariate)

Differences

in mean

ranks

as.factor (HHEADAGE1)2 29 21 20 23 29 22 20 24 0 −1 0 −1 23.3 23.8 −0.5

as.factor (HHEADAGE1)3 14 12 7 9 15 13 13 9 −1 −1 −6 0 10.5 12.5 −2.0

as.factor (HHEADAGE1)4 5 4 4 4 7 6 5 5 −2 −2 −1 −1 4.3 5.8 −1.5

as.factor (HHEADAGE1)5 3 3 3 3 4 4 4 4 −1 −1 −1 −1 3.0 4.0 −1.0

as.factor (HHEADAGE1)6 2 1 2 2 3 2 3 3 −1 −1 −1 −1 1.8 2.8 −1.0

as.factor (HHEADAGE1)7 1 2 1 1 2 3 1 2 −1 −1 0 −1 1.3 2.0 −0.7

scale (HHSIZE) 19 18 14 15 18 18 16 17 1 0 −2 −2 16.5 17.3 −0.8

as.factor (PROV)2 30 25 29 21 30 25 27 20 0 0 2 1 26.3 25.5 0.8

as.factor (PROV)3 21 29 31 29 22 30 31 30 −1 −1 0 −1 27.5 28.3 −0.8

as.factor (PROV)4 25 31 27 31 27 31 26 31 −2 0 1 0 28.5 28.8 −0.3

as.factor (PROV)5 18 20 26 28 17 20 25 29 1 0 1 −1 23.0 22.8 0.2

as.factor (PROV)6 13 14 17 13 13 16 18 14 0 −2 −1 −1 14.3 15.3 −1.0

as.factor (PROV)7 15 23 21 16 16 23 22 19 −1 0 −1 −3 18.8 20.0 −1.2

as.factor (PROV)8 17 19 18 11 19 19 19 15 −2 0 −1 −4 16.3 18.0 −1.7

as.factor (HHRACE1)2 26 28 30 24 26 27 29 27 0 1 1 −3 27.0 27.3 −0.3

as.factor (HHRACE1)3 31 30 24 30 28 29 30 28 3 1 −6 2 28.8 28.8 0.0

as.factor (HHRACE1)4 28 26 19 19 31 28 24 25 −3 −2 −5 −6 23.0 27.0 −4.0

MHSEX 24 24 22 22 25 24 23 21 −1 0 −1 1 23.0 23.3 −0.3

YESRDP 20 15 8 8 20 17 14 8 0 −2 −6 0 12.8 14.8 −2.0

as.factor (GEOTYPE)2 4 6 5 6 5 7 7 7 −1 −1 −2 −1 5.3 6.5 −1.2

as.factor (GEOTYPE)3 27 17 15 12 24 15 15 12 3 2 0 0 17.8 16.5 1.3

YESMETRO 23 27 28 25 23 26 28 26 0 1 0 −1 25.8 25.8 0.0

as.factor (HSG_VALUE)2 16 16 16 18 14 14 17 18 2 2 −1 0 16.5 15.8 0.7

as.factor (HSG_VALUE)3 8 9 10 10 10 11 11 10 −2 −2 −1 0 9.3 10.5 −1.2

as.factor (HSG_VALUE)4 7 13 12 14 8 12 12 11 −1 1 0 3 11.5 10.8 0.7

as.factor (HSG_VALUE)5 9 8 13 17 9 8 8 13 0 0 5 4 11.8 9.5 2.3

as.factor (HSG_VALUE)6 12 11 11 20 11 10 9 16 1 1 2 4 13.5 11.5 2.0

as.factor (HSG_VALUE)7 11 10 9 27 12 9 10 23 −1 1 −1 4 14.3 13.5 0.8

as.factor (HSG_VALUE)8 6 5 6 7 6 5 6 6 0 0 0 1 6.0 5.8 0.2

scale (INC_EXP2) 22 22 25 26 21 21 20 22 1 1 5 4 23.8 21.0 2.8

AFFRATIO1 10 7 23 5 1 1 2 1 9 6 21 4 11.3 1.3 10.0

Source: Author.
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TABLE 6 | Significance of the differences between the corresponding coefficient values.

Outcome equation

(housing tenure)

2015

Z-score

2015

P-value

2015

result

2016

Z-score

2016

P-value

2016

result

2017

Z-score

2017

P-value

2017

result

2018

Z-score

2018

P-value

2018

result

as.factor (HHEADAGE1)2 8.65 0.00 NE 10.75 0.00 NE 5.38 0.00 NE 0.08 0.94 E

as.factor (HHEADAGE1)3 11.96 0.00 NE 8.23 0.00 NE 6.30 0.00 NE 1.70 0.09 E

as.factor (HHEADAGE1)4 20.55 0.00 NE 20.67 0.00 NE 17.75 0.00 NE 8.38 0.00 NE

as.factor (HHEADAGE1)5 26.05 0.00 NE 19.62 0.00 NE 15.93 0.00 NE 11.48 0.00 NE

as.factor (HHEADAGE1)6 8.37 0.00 NE 6.21 0.00 NE 7.20 0.00 NE 0.85 0.40 E

as.factor (HHEADAGE1)7 3.48 0.00 NE 3.61 0.00 NE 1.91 0.06 E 1.28 0.20 E

scale (HHSIZE) 4.09 0.00 NE 2.62 0.01 NE −7.50 0.00 NE −0.89 0.38 E

as.factor (PROV)2 4.07 0.00 NE −5.78 0.00 NE 0.43 0.66 E 7.64 0.00 NE

as.factor (PROV)3 −3.31 0.00 NE −4.57 0.00 NE −0.77 0.44 E 4.34 0.00 NE

as.factor (PROV)4 5.44 0.00 NE −2.81 0.00 NE 3.91 0.00 NE 5.30 0.00 NE

as.factor (PROV)5 −2.70 0.01 NE −7.93 0.00 NE −6.88 0.00 NE −2.39 0.02 NE

as.factor (PROV)6 −0.08 0.94 E −9.35 0.00 NE −6.26 0.00 NE 5.00 0.00 NE

as.factor (PROV)7 1.73 0.08 E −1.56 0.12 E 2.09 0.04 NE 2.88 0.00 NE

as.factor (PROV)8 4.09 0.00 NE −4.60 0.00 NE −0.58 0.56 E 1.53 0.13 E

as.factor (HHRACE1)2 6.68 0.00 NE −3.75 0.00 NE 0.38 0.70 E −2.66 0.01 NE

as.factor (HHRACE1)3 −20.88 0.00 NE −11.29 0.00 NE −21.23 0.00 NE −18.00 0.00 NE

as.factor (HHRACE1)4 −25.20 0.00 NE −19.49 0.00 NE −27.46 0.00 NE −21.06 0.00 NE

MHSEX 12.08 0.00 NE 4.67 0.00 NE 3.19 0.00 NE 2.26 0.02 NE

YESRDP 19.24 0.00 NE 14.66 0.00 NE 23.21 0.00 NE 22.03 0.00 NE

as.factor (GEOTYPE)2 14.02 0.00 NE 10.01 0.00 NE 20.13 0.00 NE 23.61 0.00 NE

as.factor (GEOTYPE)3 20.87 0.00 NE 14.99 0.00 NE 15.34 0.00 NE 17.08 0.00 NE

YESMETRO −7.40 0.00 NE −4.61 0.00 NE −11.60 0.00 NE −3.00 0.00 NE

as.factor (HSG_VALUE)2 −25.17 0.00 NE −20.12 0.00 NE −27.83 0.00 NE −18.38 0.00 NE

as.factor (HSG_VALUE)3 −48.32 0.00 NE −45.71 0.00 NE −39.56 0.00 NE −33.83 0.00 NE

as.factor (HSG_VALUE)4 −54.74 0.00 NE −42.92 0.00 NE −42.99 0.00 NE −38.62 0.00 NE

as.factor (HSG_VALUE)5 −40.59 0.00 NE −35.98 0.00 NE −47.56 0.00 NE −33.00 0.00 NE

as.factor (HSG_VALUE)6 −37.91 0.00 NE −34.37 0.00 NE −29.26 0.00 NE −25.39 0.00 NE

as.factor (HSG_VALUE)7 −28.19 0.00 NE −29.67 0.00 NE −12.29 0.00 NE −14.44 0.00 NE

as.factor (HSG_VALUE)8 −28.49 0.00 NE −31.12 0.00 NE −32.80 0.00 NE −22.65 0.00 NE

scale (INC_EXP2) 76.70 0.00 NE 66.16 0.00 NE 72.53 0.00 NE 62.94 0.00 NE

AFFRATIO1 −153.25 0.00 NE −145.51 0.00 NE −178.38 0.00 NE −87.52 0.00 NE

Percentage of

coefficients that are not

equal

94% 97% 84% 81%

Source: Author.
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TABLE 7 | Odds ratios and corresponding probabilities for the 2018 dataset.

Variable Interpretation Probability–2018

(affordability)

Odds ratio–2018

(affordability)

Probability–2018

(tenure)

Odds ratio–2018

(tenure)

as.factor (HHEADAGE1)2 30–39 0.521 1.087 0.565 1.299

as.factor (HHEADAGE1)3 40–49 0.594 1.465 0.685 2.178

as.factor (HHEADAGE1)4 50–64 0.777 3.483 0.826 4.752

as.factor (HHEADAGE1)5 65–79 0.907 9.742 0.907 9.706

as.factor (HHEADAGE1)6 80–94 0.876 7.054 0.910 10.054

as.factor (HHEADAGE1)7 94 and above 1.000 794093.110 0.950 18.839

scale (HHSIZE) Household size 0.556 1.250 0.618 1.619

as.factor (PROV)2 Eastern Cape: EC 0.595 1.470 0.428 0.747

as.factor (PROV)3 Northern Cape and

Freestate: NC & FS

0.555 1.246 0.533 1.141

as.factor (PROV)4 Kwazulu-Natal : KZN 0.577 1.363 0.507 1.026

as.factor (PROV)5 North West: NW 0.453 0.829 0.541 1.178

as.factor (PROV)6 Gauteng: GP 0.497 0.987 0.376 0.603

as.factor (PROV)7 Mpumalanga: MP 0.643 1.805 0.596 1.472

as.factor (PROV)8 Limpopo: LP 0.559 1.266 0.629 1.699

as.factor (HHRACE1)2 Colored 0.366 0.577 0.441 0.788

as.factor (HHRACE1)3 Asian 0.217 0.277 0.527 1.116

as.factor (HHRACE1)4 White 0.132 0.152 0.418 0.718

MHSEX Male 0.456 0.837 0.432 0.762

YESRDP RDP household 0.871 6.770 0.713 2.480

as.factor (GEOTYPE)2 Traditional area 0.905 9.533 0.762 3.199

as.factor (GEOTYPE)3 Farm area 0.854 5.832 0.375 0.601

YESMETRO Metropolitan area 0.481 0.927 0.558 1.264

as.factor (HSG_VALUE)2 50,001–250,000 0.329 0.490 0.585 1.412

as.factor (HSG_VALUE)3 250,001–500,000 0.212 0.268 0.639 1.770

as.factor (HSG_VALUE)4 500,001–1,000,000 0.116 0.131 0.619 1.623

as.factor (HSG_VALUE)5 1,000,001–1,500,000 0.082 0.089 0.590 1.438

as.factor (HSG_VALUE)6 1,500,001–2,000,000 0.065 0.069 0.580 1.380

as.factor (HSG_VALUE)7 2,000,001–3,000,000 0.185 0.227 0.541 1.178

as.factor (HSG_VALUE)8 3,000,001+ 0.061 0.065 0.727 2.665

scale (INC_EXP2) Income 0.824 4.686 0.450 0.817

AFFRATIO1 Affordability ratio 0.797 3.932

Source: Author.

occupation of houses whose values were between R 1,000,001
and 1,500,000 (2015 and 2016 datasets) and occupation of
houses whose values were between R 2,000,001 and 3,000,000
(2016 and 2017 datasets). Other more detailed observable
patterns in the 2018 dataset are shown in Table 7. Higher
household head age ranges also exerted most influence on
housing affordability. If other predictor variables were held
constant, households with heads between ages of 49 and 65 years
[(HHEADAGE1)4] were about 3.483 times or 248.3%more likely
to have affordable housing compared to households whose heads
were below 30 years (reference group). Their corresponding
relative probability of having affordable housing was about
0.78. The odds ratios and probabilities when tenure was the
response variable for the 2018 dataset of the same age category
were 4.752 times or 375.2% more likely to be owner-occupiers
(with probability of 0.826) compared to the age category below
30 years.

Household size: Households with higher household sizes
tended to have a higher likelihood of being affordable owner-
occupiers. This is because the odds ratios for household sizes were
greater than one (1) for both tenure and affordability as response
variables. However, higher household sizes had a greater impact
on tenure compared to affordability. Increasing household size
may indicate a married couple or even more than one working
adult in the household, which means more household income (as
in the case of dual income households). On the other hand, larger
household sizes may mean less desire for mobility when the need
arises to transfer from one house to another when renting. This
may lead such households to try and get a permanent home and
avoid mobility inconveniences. The larger households will spend
more on monthly rental amounts, due to demand for bigger
space. If the rental amounts are significantly higher than the
required monthly mortgage payments for home ownership, the
households may opt to own their own home. On the other hand,
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small families which are new, and have just entered the workplace
may usually not have the savings (say for down payment) to
purchase a home. They may opt to rent while saving for a later
purchase of their own residential property.

Provincial variations: The Western Cape province was
taken to be the reference. Compared to the western cape
province, the probability of owner-occupancy for the rest of
the provinces was higher than the probability of renting,
except for Gauteng province (probability was 0.376). The same
pattern was also applicable when housing affordability was the
response variable, with the exceptions being Gauteng (probability
was 0.497) and the North-West provinces (probability was
0.453). Therefore, it was more likely for households to
be renters and also face affordability problems in Gauteng
province. This meant that a household located in Gauteng
province was 0.603 times likely (or 39.7% less likely) to
be an owner-occupier compared to a similar household in
Western Cape.

Race: The black South African population group was taken
as the reference. Compared to the black South African headed
households, the probabilities of owner-occupancy for Asian,
colored and white South African population groups (in that
order) were lower than the probabilities for renting for these
same groups. This trend also applied to housing affordability,
with exception that the magnitude of these relatively lower
probabilities was highest with colored, and lowest with white
South Africans. This trend could be partly due to a number
of reasons. The first reason could be due to effect of housing
subsidies (such as RDP subsidies). Compared to other population
groups, the black south African households consisted of majority
of the South African Households and were the majority
beneficiaries of housing subsidies, because of being part of the
previously marginalized groups with respect to property rights
ownership. Compared to its status when it is not a subsidy
beneficiary, a household that was an RDP beneficiary had its
likelihood of owner-occupancy increased almost 2.5 times or by
148%. The likelihood of having affordable tenure increased by
6.77 times (or by 577%). The second reason could be due to the
effect of location of homes in traditional areas (GEOGTYPE 2).
Compared to other population groups, majority of households
living in traditional (rural) areas are black headed South African
households. Table 7 shows that, other variables remaining
constant, location of a household in a traditional area (compared
to its location in urban areas) would approximately increase the
likelihood of owner-occupancy by 3.2 times (or by 219.9%) and
the likelihood of having affordable tenure by 9.5 times (or by
853.3%). Households located in farm areas are also less likely
to face affordability problems but are more likely to be renters
since the probability of owner-occupancy is >0.5 (probability
is 0.375). Several Acts of Parliament have made provisions to
improve living conditions, and provide secure and affordable
tenure for workers who are farm dwellers (majority of whom
are still black South Africans). These include the South African
Extension of Security of Tenure Act (No. 62) of 1997 and the
South African Housing Act (No. 107) of 1997 [55, 56]. Wherever
farm subdivisions and transfer of ownership to workers in
not possible, recommendations for renting through institutional
subsidy programmes or some form of project-based rental

housing development are proposed by the National Housing
Code [24].

Property values: There was a tendency for households in
South Africa to prefer owner-occupancy across all property price
levels, when compared to the reference property price level (<R
50,000 level). The odds ratios were all greater than one (1),
which meant there was a relatively higher probability of owner-
occupancy compared to renting. However, the households were
more likely to face affordability problems since the probabilities
of having affordable tenure were all <0.5 across all property
value levels. Since the housing affordability reduced as the
property values increased, there were greater financial difficulties
in acquiring higher priced homes. Higher household incomes,
perhaps tended to favor affordable renting more than affordable
owner-occupancy because higher-income households were more
likely not to face affordability problems (probability of 0.824) but
were less likely to be owner-occupiers (probability of 0.452).

Affordability ratios: Assuming other variables remained
constant, the effect of the affordability ratio variable changing
from zero (0) to one (1) would be to increase the likelihood of
owner-occupancy 3.93 times (or by 293.2%). There were other
impediments to owner-occupancy that were not captured by the
model, such as the saving culture and actual household wealth
which contribute toward sufficient household down-payment as
a pre-requisite to obtaining a home loans.

Scenario without subsidies: The trend of older households
being more likely to become owner-occupiers was true even
though the housing RDP subsidies were not taken into
consideration. A linear hypothesis analysis was run, having set
the “YESRDP” variable to zero (0) instead of one (1), and the
analysis was restricted to Eastern Cape province, for black South
African household heads. Figure 1 shows the results.

The probability of owner-occupancy was lower for low-priced
homes among younger households. Younger households tended
to prefer ownership of residential property whose price was
higher (indicating better quality). Thus, they opted to rent
lower priced property, probably to save for future better home
ownership. Younger households tend to be smaller in size or
are even childless. Therefore, the inconvenience of movement
from home to home while renting for the younger households
may not be as great as the inconvenience experienced by older
households, due to renting. The older households may, therefore,
prefer staying in their own home, irrespective of its value or
quality. This may explain why the graphs for older Black South
African households are significantly higher than the rest of the
other groups, with respect to lower priced homes. The graphs
for these older households are also significantly less steep. This
may indicate less motivation or demand to own new higher-
priced homes, due to a reluctance to move or change homes. This
is in agreement with the findings of Aliu [57], Clark [58], and
Huang et al. [59] which show that age of the household and the
presence of children in the household plays a significant role in
household mobility.

DISCUSSION

The most important finding for this research is that the bivariate
joint binary regression modeling in the presence of endogenous
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FIGURE 1 | Variation of probabilities of owner-occupancy in Eastern Cape in 2018 (Source: Author).

treatment due to inter-dependence is more suitable for modeling
of housing affordability and housing tenure, when compared to
the respective univariate models. A consideration of presence
of endogeneity due to reverse causality between housing tenure
and housing affordability is therefore necessary when modeling
within the South African context. The univariate and bivariate
models were also compared. The differences in the modeling
method has also revealed significant differences in rankings of the
relative importance of some of the explanatory variables. There
were also significant differences in most of the corresponding
coefficient values when both models were compared. Since
there is hardly any previous research that has attempted to
jointly model housing affordability and tenure in this way, the
significant difference in both the severity of the effects and the
relative rankings of the influence of the individual explanatories
should be borne in mind as a basis for distinct difference with
previous findings, although the patterns with previous studies
may appear similar.

This research also showed that higher (or older) household
head-age category variables were the most significant in affecting
housing affordability and housing tenure. The other variables that
had high influence included house values, household location
in traditional geographical areas, and affordability ratios. The
large influence due to the older age of the household-head could
be due to older South Africans having acquired more wealth
(and hence having higher incomes) than younger ones. This
wealth is a source of income for such people. Studies conducted
among older citizens in other countries such as Australia confirm

the fact that older citizens hold more income and wealth than
younger ones to be true [60]. Owner-occupancy was heavily
in favor of black-headed households because the South African
black population group was the majority population group (80%
of total population) in South Africa. In addition, since the
black population group were among the previously marginalized
groups, along with coloreds and Asians, they formed the majority
of the beneficiaries of Government housing subsidies. Owner-
occupancy in South African urban areas was also less likely
compared to traditional areas and firms. Although the patterns
are similar to some previous studies, the severity of the impact
may differ due to differences in modeling techniques used.

CONCLUSIONS

This research has shown that there exists dependence between
housing tenure and housing affordability. The bivariate binary
joint model with endogenous treatment allows for dealing
with this kind of problem much better than a univariate
model. The research has also highlighted that both income and
wealth have consistently been the most significant influencers of
housing affordability and housing tenure in South Africa. Other
important factors include property or house values, household
location in traditional areas, and affordability ratios. Housing
policy in South Africa should also be both space and time-specific
owing to differing household lifecycle stages and profiles. It is
important to investigate if there are significant improvements
in the joint modeling of housing tenure and affordability, when
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non-linear additive predictors are used on individual cross
section datasets. This is a further possible area of research.
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