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ABSTRACT 

Today, location is entrenched in many organisations in both the public and private sectors. 

Organisations, both locally and internationally, are realising the importance of location – and 

therefore maps – but do they know how to visually communicate this spatial knowledge? 

Geospatial data visualisation techniques have evolved rapidly over the past decade. Today, 

most geographic information system (GIS) software has a plethora of built-in spatial analysis 

and visualisation techniques that enable users to quickly and effortlessly visualise spatial 

patterns in data. Choropleth maps are among the oldest and still one of the most frequently 

used techniques for visualising quantitative data in a GIS. The challenge with using choropleth 

maps in South Africa is selecting a data classification method that effectively displays unequal 

and dispersed population densities.  

The aim of this research was to assess the suitability of different data classification methods 

for effectively visualising population demand using choropleth maps in South Africa. The 

research focused on geographic accessibility as a use case where choropleth maps are used 

to visualise population demand, allowing decision makers to identify over- or underserved 

areas for the provisioning of service centres. This was achieved with a user study. The user 

study included the design of an online questionnaire featuring map interpretation questions 

specifically related to geographic accessibility. Subsequently, the results from the user study 

were compared to a recommended mathematical equation that measures the error between 

class breaks, in a data classification method. 

The user study shows that respondents were more likely to provide correct answers when 

presented with maps using the quantiles and natural breaks (Jenks) data classification 

methods, suggesting that these methods are easier to interpret and analyse for understanding 

population distribution in South Africa. A goodness of variance fit calculation that measures 

the error between class breaks delivered somewhat different results. Based on these 

calculations, natural breaks (Jenks) and geometric interval were considered the optimal data 

classification methods, while logarithmic scale and quantiles were ranked lowest. 

Based on the results of both the user study and error calculations, a more comprehensive 

view of the use of data classification methods was obtained. This research emphasises the 

importance of including human interpretation when assessing methods or techniques used to 

represent spatial phenomena.  
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1. INTRODUCTION AND BACKGROUND INFORMATION 

1.1 Overview 

“Use a picture. It’s worth a thousand words” (Arthur Brisbane, 1911). But then, “If a picture is 

worth a thousand words, then a map must be worth a million” (Patrick Abbott, 2009).1 Pictures 

such as maps or charts, as powerful as they are, can also mislead or confuse the audience. 

Communicating information clearly and effectively is greatly influenced by the type and 

complexity of the data, as well as the intended target audience. 

Today, location is deeply ingrained in many organisations, both in the public and private 

sectors. Many use location data and perform some form of data analysis. Regardless of their 

core business, companies and organisations, both locally and internationally, are realising the 

importance of location and, therefore, maps. They are increasingly becoming aware of the 

possibilities of spatial thinking and geographic data analysis, which can enable them to 

increase revenue, save money, maintain a competitive edge in their field of expertise, 

potentially enhance client or customer satisfaction, and improve overall service delivery for 

citizens. But do they know how to visually communicate this spatial knowledge? 

Data visualisation, or rather geospatial data visualisation techniques, has evolved rapidly over 

the past decade. Today, any geographic information system (GIS) software application offers 

a plethora of built-in spatial analysis and visualisation techniques, including choropleth maps, 

kernel density estimation heat maps, firefly maps, dot maps, graduated symbols, point density 

or isochrones, among others. These enable users to visualise spatial patterns in data quickly 

and effortlessly. With the increased processing capability of desktop computers, high-speed 

internet connections, cloud computing (Zhang et al., 2019), and parallel processing (Zhao et 

al., 2016), analysing and displaying large volumes of geographic data has become easier and 

faster, making it accessible to anyone. 

Current proprietary and open-source GIS software development companies and communities 

are continually simplifying their applications, allowing non-GIS professionals to execute 

advanced spatial queries and visualisation techniques with just a few clicks. User interfaces 

are designed to guide end users, regardless of their GIS background, through logical steps to 

analyse geospatial data and prepare maps. Whether it is to create a topographic or choropleth 

map or to visualise travel distances with isochrones to optimise service locations, the software 

guides the user through the analysis and visualisation in a stepwise approach. Although these 

steps enable non-GIS users to create maps, the software cannot guarantee that the story is 

                                                
1 https://blog.education.nationalgeographic.org/2009/11/20/patrick_abbott-_a_map_is_worth_a_

million_words/  
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told effectively and that the visual message is communicated. “Because anyone with the right 

software and an internet connection can now make and publish maps, mapmakers can also 

easily lie to themselves and others” (Monmonier, 2018). 

Due to its history, the geographic distribution of the South African population presents unique 

challenges for visualising spatial patterns on a map for effective decision-making. The Group 

Areas Act 41 of 1950 “prohibited the multiracial use or occupation of urban land” (Strauss, 

2019). Segregated zones were created in urban areas, allowing only certain racial groups to 

live and work there. This resulted in the establishment of densely populated townships and 

informal settlements outside city centres and suburban living spaces. Mostly poor people 

reside in these areas, and access to basic services and public service centres is limited and 

insufficient. Connecting the population to public services requires decision makers to 

understand where the population demand is for these services in relation to public service 

facilities (Snyman & Coetzee, 2024). Population demand refers to the “number of people who 

may need the services” (Ma et al., 2018). To determine this, supply (service centres or 

facilities) and demand (population) maps are needed to visualise potential gaps and shortfalls. 

Generally, choropleth maps have been proven effective in visualising the population 

distribution when expressed in densities or ratios (Tyner, 2014). 

Choropleth maps are one of the oldest and most frequently used techniques for visualising 

quantitative data in a GIS (Tyner, 2014). Slocum et al. (2014) noted that a choropleth map is 

“the most commonly used (and abused) method of thematic mapping”. A choropleth map 

categorises observations into several classes, either manually or based on a data 

classification method. Today, GIS software offers a range of data classification methods for 

creating choropleth maps, allowing users to easily select and apply a method from a drop-

down menu. Each data classification method has its advantages and disadvantages, which 

can vary based on factors such as the geographic scale and spatial distribution of the data. 

Kraak et al. (2021) pointed out that classification could potentially increase uncertainty since 

patterns derived from a classification are influenced by the positioning of class breaks. 

Choosing the wrong or inappropriate data classification method to visualise data with 

choropleth maps can potentially distort spatial patterns, causing misleading representations 

and a potential oversimplification of information (Brewer, 2006; Evans, 1977; Monmonier, 

2018). However, the target audience, such as policymakers, who will be interpreting the maps 

should also be considered (Tyner, 2014). 

The challenge with data classification methods for choropleth maps in South Africa is selecting 

a classification method that effectively displays the country’s unequal and dispersed 

population densities (demand). It should emphasise not only the city centres and their 
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surroundings but also secondary or tertiary populated areas, such as townships and informal 

settlements, that are segregated from the city centre. 

1.2 Problem Statement 

South Africa is characterised by an uneven population distribution, with unequal access to 

service facilities. A World Bank report on poverty and inequality describes South Africa as one 

of the most unequal countries in the world, stating that “inequality has increased since the end 

of apartheid in 1994” (World Bank, 2018). Approximately 67% of the country’s population lives 

in urban spaces, with an estimated urban growth rate of 1.97% (UN-Habitat, n.d.). This affects 

service delivery, resulting in an ever-increasing unemployment rate and rising levels of crime. 

Understanding and managing the growing population’s demand for current and available 

services requires a geographic visualisation method that depicts demand and supply, allowing 

decision makers to identify optimal locations for service facilities. Choropleth maps are one of 

the oldest and most frequently used geospatial data visualisation techniques for analysing and 

visualising population densities (Monmonier, 1993; Tyner, 2014). 

A major challenge associated with choropleth maps is choosing a suitable data classification 

method (Slocum et al., 2014) that displays and communicates the data distribution clearly and 

effectively. Using the wrong data classification method can distort spatial patterns, providing 

a misleading representation of population densities and identifying wrong or inappropriate 

locations for positioning service centres. This, in turn, can lead to poor service delivery and 

frustrated citizens. Additionally, the question arises as to whether a target audience, such as 

decision makers or map users, can use choropleth maps that depict population demand to 

identify areas with inadequate access to services, as well as those that are overserved. 

1.3 Research Questions 

The following research questions about data classification methods for choropleth maps were 

examined: 

1. Which data classification methods are frequently used to visualise statistical data with 

choropleth maps? 

2. Which measurement techniques are used to evaluate the suitability and effectiveness 

of these data classification methods? 

3. For a geographic accessibility analysis of service centres in South Africa, which data 

classification method(s) for choropleth maps depicting population demand are best 

interpreted by map users or decision makers, and which are also statistically proven 

to be effective? 
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1.4 Research Aim and Objectives 

This research aimed to assess the suitability of different data classification methods for 

effectively visualising population demand in South Africa using choropleth maps. The research 

focused on geographic accessibility as a use case in which choropleth maps were used to 

visualise population demand, allowing decision makers to identify areas that are either over- 

or underserved in the provision of service centres. 

The following primary objectives were defined to achieve the research aim: 

• Objective 1 (Research Question 1) – Review literature on data classification 

methods for visualising demographic data with choropleth maps. 

• Objective 2 (Research Question 2) – Identify methods for evaluating the 

effectiveness of data classification methods for choropleth maps. 

• Objective 3 (Research Question 3) – Identify the most suitable data classification 

method(s) for visualising population demand for decision makers in geographic 

accessibility studies in South Africa. 

• Objective 4 (Research Question 3) – Statistically assess the effectiveness of data 

classification methods depicting population distribution in South Africa. 

1.5 Contributions and Significance of the Research 

The contributions of this research include: 

● A comprehensive review of data classification methods for choropleth maps and an 

evaluation of their effectiveness. 

● An empirical assessment of the effectiveness of the various classification methods for 

visualising the unique population distribution in South Africa, based on a user study 

(see Chapter 4). 

● An empirical calculation and evaluation of the classification methods using the 

mathematical equations recommended in the literature (Chapter 5). 

● An example and guidance for other countries seeking to assess the suitability of 

choropleth maps for visualising population distribution. 

The research makes a significant contribution to cartography, as the effectiveness of data 

classification methods for choropleth maps has not been previously evaluated for South 

African data intended for a South African target audience. This study is unique in that its use 

case focuses on data visualisation for geographic accessibility to service centres in South 

Africa, where settlement typologies are highly diverse and dynamic. Furthermore, the concept 

of geographic accessibility analysis is closely related to various sustainable development 
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goals (SDGs) which were adopted by all United Nations Member States in 2015. Adequate 

access to infrastructure (SDG 9 - Build resilient infrastructure, promote inclusive and 

sustainable industrialization and foster innovation), medical and health services (SDG 3 - 

Ensure healthy lives and promote well-being for all at all ages) or green spaces (SDG 11 - 

Make cities and human settlements inclusive, safe, resilient and sustainable) promote health 

and well-being for all citizens.   

The results of this research will be valuable for professionals who prepare choropleth maps 

for various applications, such as the Electoral Commission of South Africa to illustrate voter 

registration patterns and election results, as well as Statistics South Africa to present census 

results. The findings from this research could also be beneficial for other countries with similar 

population distribution characteristics and dynamics. 

Lastly, the research benefits the broader academic community. The following abstracts were 

published in conference proceedings: 

• Snyman, L., Coetzee, S., & Rautenbach, V. 2023. Evaluating data classification 

methods for choropleth maps to visualise geographic accessibility in South Africa: A 

usability study. Abstracts of the International Cartographic Association, 6, 241. 

https://doi.org/10.5194/ica-abs-6-241-2023 

• Snyman, L., Coetzee, S., & Rautenbach, V. 2024. Assessing the suitability of data 

classification methods for choropleth maps depicting population distribution in South 

Africa. Abstracts of the International Cartographic Association, 7, 160. 

https://doi.org/10.5194/ica-abs-7-160-2024 

1.6 Structure of this Dissertation 

The remainder of the dissertation is structured as described below. 

Chapter 2 addresses Research Questions 1 and 2. Firstly, the chapter describes cartographic 

maps and geospatial data visualisation, followed by a review of choropleth maps with a 

specific focus on the underlying data classification methods used to visualise statistical data. 

Secondly, various techniques for measuring and assessing the effectiveness of data 

classification methods for choropleth maps are discussed. Thirdly, this is followed by a brief 

historical overview of population distribution in South Africa, which describes the country’s 

diverse population patterns and unequal access to service facilities. Lastly, the chapter 

explores the concept of geographic accessibility, which serves as the use case for this 

research, highlighting the key factors relevant to the optimal positioning of service facilities to 

ensure effective service delivery. 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



6 
 

Chapter 3 first describes the materials and methods used for choosing appropriate or suitable 

study areas, geographic units, and data classification methods that will be evaluated for this 

research. Secondly, it outlines a series of choropleth maps depicting population demand. 

Chapters 4 and 5, which address Research Question 3, evaluate the effectiveness of the 

selected data classification methods, initially through a user study, which is described in 

Chapter 4. The user study included the design of an online questionnaire, in which participants’ 

interpretations of choropleth maps were assessed based on real-world scenarios. Additionally, 

a second approach is to calculate an accuracy score, as recommended in the literature. The 

accuracy score calculation measures the error between class breaks for each data 

classification method as described in Chapter 5. 

Chapter 6 concludes with a summary of the findings and recommendations for using data 

classification methods to effectively visualise population demand in South Africa using 

choropleth maps. Also, limitations and shortcomings are highlighted, and potential topics for 

future research are identified and discussed. 

The study includes the following supporting information: 

• Appendix A is the approved ethics document. 

• Appendix B includes a test for data normality. 

• Appendix C includes the Qualtrics questionnaire, which was designed for the user 

study. Results are described and discussed in Chapter 4. 

• Appendix D comprises the R Code that was used to measure the error between class 

breaks for each selected data classification method. Results are described and 

discussed in Chapter 5. 
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2. LITERATURE REVIEW 

2.1 Introduction 

The purpose of this chapter is to address Research Objectives 1 and 2, as defined in 

Section 1.4. Firstly, the chapter describes cartographic maps and geospatial data 

visualisation, followed by a review of choropleth maps with a specific focus on the underlying 

data classification methods used to visualise statistical data. 

Secondly, various techniques for measuring and assessing the effectiveness of data 

classification methods for choropleth maps are discussed. This is followed by a brief historical 

overview of population distribution in South Africa, which describes the country’s diverse 

population patterns and unequal access to service facilities. 

The final section of the chapter explores the concept of geographic accessibility, which serves 

as the use case for this research, highlighting the key factors relevant to the optimal positioning 

of service facilities for effective service delivery. 

2.2 Background: Cartographic Maps and Geospatial Data Visualisation 

Kraak and Ormeling (2020) highlighted that geospatial data has a “specific location in space”; 

hence, these locations can be visualised and analysed on a map. They also argued that “It is 

not possible to get an overview of an area in any way other than by consulting a map” (Kraak 

& Ormeling, 2011). Some of the earliest examples of visualisation were by means of geometric 

diagrams, “in tables of the positions of stars and other celestial bodies, and in the making of 

maps to aid in navigation and exploration” (Friendly, 2008). 

Maps, in particular, are subjective by nature and are described as partially displaying objective 

realities, while also partially showing subjective elements (Wright, 1942). Maps are further a 

distortion of reality based on three elements, namely map scale, map projection, and map 

symbolisation (Monmonier, 2018). Monmonier (2018) further commented in his book How to 

Lie with Maps that “Not only is it easy to lie with maps, it’s essential”. Thus, in general, a 

scientist or cartographer needs to manipulate spatially referenced data, including place 

boundaries, lines, point features, and raster imagery. This allows them to highlight and 

accentuate specific spatial elements or phenomena relevant to their research while distorting 

or hiding irrelevant data in an attempt to avoid clutter. 

The data displayed on a map, along with the chosen method of visual presentation, convey 

information, whether it is a topographic orientation map or a statistical map depicting 

population densities. In most cases, these maps are designed for interpretation and analysis 
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by a target audience, enabling them to gain knowledge about a specific subject. This, in turn, 

empowers them to solve a particular problem. In the end, knowledge – sometimes referred to 

as insights – is transformed into wisdom. This flow from data to information, then to knowledge, 

and finally to wisdom has received significant attention over the years (Baskarada & Koronios, 

2013; Bellinger et al., 2004; Hey, 2004). Bellinger et al. (2004) described information as “data 

that has been given meaning”. For example, population density data that is visualised using a 

choropleth map depicts high- and low-density patterns, providing insight to those analysing 

population patterns. They further explain that knowledge is “the collection of information, such 

that it’s intent is useful”. Lastly, Bellinger et al. (2004) concluded that wisdom is a “uniquely 

human state” from which we as humans can derive a sense of understanding, “which there 

has previously been no understanding”. 

Several factors influence geospatial data visualisations, including (a) the level of measurement 

or measurement scale, such as nominal, ordinal, interval, or ratio (Kraak & Ormeling, 2020); 

(b) data resolution, also referred to as granularity (Slocum et al., 2014), or geographic units 

(Boscoe & Pickle, 2003), such as census blocks, wards, districts or hexagons; and (c) the data 

visualisation technique. GIS Geography (2019) highlights a number of these techniques. They 

include, among others, firefly maps, dot maps, graduated symbols, vector direction maps, 

distributive flow, density-equalizing cartograms, Voronoi diagrams, choropleth maps, heat 

maps (point density), isochrones, dasymetric maps, space-time cubes, topographic maps, 

contours (isolines), non-contiguous cartogram, Dorling cartogram, surface maps, schematics, 

and network flows. 

Another important aspect to consider, especially when static maps are produced as map 

image files, is the cartographic scale. Cartographic scale refers to the relationship between 

the “map and earth distances” (Slocum et al., 2014). For example, a 1:50 000 cartographic 

scale indicates that one unit of distance measured on the map corresponds to 50 000 units of 

distance in reality. These factors play a vital role in the overall map designing process. 

As expected, geovisualisation is not without its problems. As O’Sullivan and Unwin (2014) 

pointed out, the abundance of “graphic variables” and the ability to design “colourful, dynamic 

displays” can create problems. Also, “just because technology allows you to do something 

clever doesn’t mean that you should” (O’Sullivan & Unwin, 2014). In 1942, Wright observed 

that because maps are created by people and not produced automatically, they are “influenced 

by human shortcomings”. Hogräfer et al. (2020) described the concept of map-like 

visualisations as a technique in which abstract data are presented or incorporated into 

cartographic maps. In their overview of map-like visualisations, the problem of choosing the 

appropriate technique for visualising a specific problem or task was emphasised. They argued 
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that excessive schematisation of a visualisation or excessive map imitation could “confuse” 

the map reader, resulting in “misinterpretation of map symbolism” (Hogräfer et al., 2020). 

2.3 Choropleth Maps 

One of the oldest and still one of the most frequently used techniques for visualising 

quantitative data in a GIS is choropleth maps (Tyner, 2014). The term ‘choropleth’ originates 

from the Greek words choros, meaning area, and plethos, meaning value (Kraak & Ormeling, 

2011). Slocum et al. (2014) noted that a choropleth map is “the most commonly used (and 

abused) method of thematic mapping”. A choropleth map is a simple, easy-to-use and easy-

to-read technique for classifying and visualising data for statistical areas (Shaito & Elmasri, 

2021; Tyner, 2014), such as enumerator areas, wards, municipalities or districts. Choropleth 

maps are also referred to as thematic maps. De Smith et al. (2018) defined choropleth maps 

as maps that display information about an area based on a particular theme, using techniques 

such as colour shading, categorised into different classes. Juergens (2020) stated that “an 

essential purpose of choropleth maps is the visual perception of spatial patterns”. 

Generally, there are three types of choropleth maps: a simple choropleth map, a dasymetric 

choropleth, and an unclassed choropleth (Tyner, 2014). A simple choropleth map uses 

different colours or patterns (Tyner, 2014) to group spatial entities with similar characteristics, 

enabling users to recognise spatial patterns in the data. Simple choropleth maps are used 

frequently and are appropriate for analysing and visualising population densities and/or other 

intensity data measures (Monmonier, 1993). Dasymetric choropleth maps are more 

challenging to create, which is why they are used less often. The fundamental principle of a 

dasymetric choropleth map is to exclude areas within geographic units that are irrelevant for 

visualisation, such as uninhabited mountains, lakes, or industrial areas. Thereafter, densities 

are calculated based on the remaining areas relevant to the analysis, resulting in a more 

accurate distribution of the population (Barrozo et al., 2016). Unlike simple and dasymetric 

choropleth maps, an unclassed choropleth map does not categorise geographic units into 

distinct classes, so the data are not generalised. Instead, each geographic unit is displayed 

with a different pattern or colour intensity. Therefore, the map legend only displays low and 

high values based on the colour density. 

To create simple choropleth maps, Robinson (1995) identified three elements, including the 

size and shape of areas or polygons, the number of classes, and the class limits. These are 

discussed in more details in the sections that follow. 
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2.3.1 Size and Shape of Polygons 

The size and shape of polygons are frequently referred to as geographic units. A geographic 

unit refers to the spatial resolution or granularity of the data, such as enumerator areas, census 

tracts, wards, or municipalities. These units can also include polygons of equal size, such as 

hexagons or grid blocks. One important factor that is often overlooked is the availability of data 

for a usable and fit-for-purpose geographic unit. Data may not necessarily be available at a 

suitable resolution for effectively visualising spatial patterns using a choropleth map. Boscoe 

and Pickle (2003) defined the following ideal characteristics of geographic units, among other 

factors: 

• “A high degree of resolution, 

• homogeneity of population size and land area, 

• minimum population thresholds and land area thresholds, 

• compactness of shape, 

• audience familiarity, and 

• functional relevance”. 

Population data derived from national census surveys are typically aggregated into specific 

geographic units, such as enumerator areas, wards, or municipal boundaries. It is generally 

recommended to visualise population data as ratios, such as population per square kilometre 

or rate, instead of actual values (Tyner, 2014). In a South African context, other data 

aggregation types include crime statistics by police precinct and information on voter 

registration and party support by voting district. 

2.3.2 Number of Classes 

Kraak and Ormeling (2020) mentioned that “it is a good cartographic practice to conveniently 

arrange the data before displaying them. This process is called classification”, which is indeed 

a form of data generalisation. Five to seven classes are generally accepted throughout the 

literature (Brewer, 2015; Kraak & Ormeling, 2011; O’Sullivan & Unwin, 2010). Furthermore, 

Peterson (2015) mentioned the five-shade rule: “the human eye can only distinguish between 

five shades of the same colour”. Additionally, fewer than five class intervals are not 

recommended, as the level of detail will be lost or severely limited. The opposite is true when 

more than nine class intervals are used. The display becomes too detailed, and “key 

differences between classes are difficult to see“ (De Smith et al., 2018). 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



11 
 

2.3.3 Class Limits 

When choosing a specific number of classes, the choropleth map designer should also 

consider the upper and lower limits of each class. According to Robinson (1995), “no aspect 

of choropleth mapping has received more space in the cartographic literature than methods 

to determine class limits”. Over the years, numerous data classification algorithms have been 

developed and integrated into GIS software applications. Since each data classification 

method has its own advantages and disadvantages, choosing an appropriate method should 

be considered carefully. One of the key aspects to consider is the overall distribution of the 

data. “Different frequency distributions suggest different class interval systems” (Evans, 1977). 

Some methods, such as standard deviation, are more effective when the data are evenly or 

normally distributed. In contrast, natural breaks are typically used when the data distribution 

is skewed. 

Brewer (2006) stated that “there is no one correct way to class a dataset”. Monmonier (2018) 

pointed out in his book How to Lie with Maps that different sets of categories (or class limits) 

can lead to completely different interpretations. He further mentioned that mapping software 

can “encourage laziness” and inadvertently assist the “first-timers” who simply use the default 

classification methods to define class limits and the number of classes when creating a 

choropleth map without exploring the other options available in the software. 

Numerous data classification methods, or methods for determining class limits, for choropleth 

maps are described in the literature, for example Slocum et al. (2014) highlighted six frequently 

used methods of data classification. These include equal intervals, quantiles, mean-standard 

deviation, maximum breaks, natural breaks, and the optimal method. Cromley (2019) 

observed that the most frequently used optimal classification is the Jenks optimal 

classification. Tyner (2014) mentioned arithmetic progression and geometric progression as 

additional classification methods. 

De Smith et al. (2018) compiled a comprehensive list of frequently used data classification 

methods for choropleth maps, which are typically used to analyse univariate data that include 

a single variable, such as population density or mortality rate. Besides those mentioned above, 

De Smith et al. (2018) included unique values, exponential intervals, percentiles, and box 

plots. Other data classification methods that are worth mentioning include equal feature areas 

(Lloyd & Steinke, 1977), harmonic series (Kraak & Ormeling, 2011), and nested means (Dent 

et al., 2009; Kraak & Ormeling, 2011). 

For a more customised approach, class breaks could be manually adjusted to accentuate a 

particular phenomenon relevant to the analysis. While other potential data classification 

methods are mentioned in the literature, they are not readily available in GIS applications. 
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Schiewe (2023) introduced a change preservation metric that evaluates the effectiveness of a 

data classification method. The metric could be used as a data classification method that 

“explicitly takes the preservation of changes into account” (Schiewe, 2023; 2024). Całka 

(2018) and Jiang (2012) described a head-tail break data classification, which is useful for 

data with a heavy-tailed distribution that are not normally distributed. Traun and Loidl (2012) 

proposed an autocorrelation-based regioclassification method, which groups polygons if their 

attributes are similar and spatially adjacent. 

While there are various GIS software applications available for spatial analysis, mapping, and 

visualisation (both open source and licenced), ArcGIS Pro2 and QGIS3 are considered the 

most popular and frequently used applications globally, including in South Africa (GIS 

Geography, 2022). Bolstad (2012) mentioned that ArcGIS is by far the most popular GIS 

software. Furthermore, GIS Geography’s (2022) ranking of the 30 best GIS software 

applications placed ArcGIS Pro in the top spot, followed by QGIS. Hence, for the purpose of 

this research, the effectiveness of data classification methods for choropleth maps available 

in either ArcGIS Pro or QGIS will be examined. The following section provides a detailed 

description of each data classification method. 

2.3.3.1 Data Classification Methods Available in ArcGIS Pro or QGIS for Calculating 

Class Limits 

Table 1 shows the nine data classification methods that are available in either ArcGIS Pro or 

QGIS. The geometric interval data classification method is only available in ArcGIS Pro, while 

QGIS offers specific methods, including logarithmic scale and pretty breaks. Defined (or fixed) 

interval, equal interval, manual interval, natural breaks (Jenks), quantiles, and standard 

deviation are available in both ArcGIS Pro and QGIS. 

Table 1: Data classification methods available in ArcGIS Pro and QGIS 

Data Classification 
Method 

GIS Software 

ArcGIS Pro QGIS 

Defined (or Fixed) Interval 🗹 🗹 

Equal Interval 🗹 🗹 

Geometric Interval 🗹   

Logarithmic Scale   🗹 

Manual Interval 🗹 🗹 

Natural Breaks (Jenks) 🗹 🗹 

Pretty Breaks   🗹 

Quantiles 🗹 🗹 

Standard Deviation 🗹 🗹 

                                                
2 https://www.esri.com/en-us/home 
3 https://www.qgis.org/en/site/ 
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To illustrate the diverse visualisations that can be achieved using these data classification 

methods, a series of choropleth maps depicting population density by municipality in South 

Africa was created (see Figure 1 to Figure 7). For this purpose, the Census 2011 municipal 

boundaries along with population density estimates were used. There are 234 municipalities 

across nine provinces in the country. The minimum population density is 0.33 people per 

square kilometre, while the maximum is 2 961 people per square kilometre, with a mean 

density of 96.5 (Statistics South Africa, 2012c). 

2.3.3.2 Choropleth Maps Depicting Population Density by Municipality 

With the exception of the manual and defined interval methods, which require the user to set 

custom or manual limits for each class, the choropleth maps that follow highlight population 

density based on seven data classification methods: equal interval, geometric interval, 

logarithmic scale, natural breaks (Jenks), pretty breaks, quantiles, and standard deviation. 

Where possible, five classes were chosen. 

Defined (or Fixed) Interval and Manual Interval 

Both these data classification methods require manual input. For a defined (or fixed) interval, 

the user specifies a fixed size for each class break. If the data ranges between a minimum 

value of 0 and a maximum of 100 and the user specifies a fixed size of 10, the GIS application 

will generate ten classes: 0–10;10–20; 20–30; 30–40; 40–50; 50–60; 60–70; 70–80; 80–90; 

and 90–100. The manual intervals data classification method requires the user to define both 

the custom class limits and the number of classes. 

Equal Interval 

The equal interval classification method creates equal-sized class breaks based on a specified 

number of classes, using the minimum and maximum data values. Figure 1 shows five 

classes, each with a class limit of approximately 540. The number of features within classes 

is skewed, with 227 of the 234 features (municipalities) allocated to the first class (0.3–538). 

This method works best if the data are uniformly distributed, meaning the data distribution has 

no peak and is consistent (Kraak et al., 2021). 
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Map (A) Equal Interval 

 
 

Figure 1: Equal interval data classification 

Geometric Interval 

The geometric interval data classification method is only available in ArcGIS Pro. In theory, 

the method attempts to group an equivalent number of features in each class while maintaining 

consistent class intervals. This is done by minimising the sum of squares for the data in each 

class. The population density map in Figure 2 shows a significantly lower feature count for the 

fourth and fifth class breaks. Additionally, the class intervals are inconsistent. The first class 

ranges from 0.3 to 11, while the last two classes range from over 195 to 728 and from over 

728 to 2 961, respectively. This method is usually preferred if the data are skewed (Evans, 

1977). 

Map (B) Geometric Interval 

 
 

Figure 2: Geometric interval data classification 
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Logarithmic Scale 

The logarithmic scale, which is only available only in QGIS, creates an exponential increase 

between each class break. This method is useful when data span a wide range of values. The 

population density map in Figure 3 illustrates these increments based on five class breaks: 

0.33–100 (0.33–1); 100–101 (1–10); 101–102 (10–100); 102–103 (100–1 000); and 103–104 

(1 000–10 000). Since the legend is difficult to interpret, the map designer should consider 

changing the legend text manually. 

Map (C) Logarithmic Scale 

 

 

Figure 3: Logarithmic scale data classification 

Natural Breaks (Jenks) 

Jenks implemented a data classification algorithm in 1977, which was proposed by Fisher, to 

identify data belonging to the same class (as cited in Dent et al., 2009). The method, known 

as the optimal method, is now more commonly referred to as natural breaks (Jenks) in modern 

GIS software applications. The objective is to minimise the measure of data classification 

errors. Data with similar values are grouped into classes, with class breaks defined where 

there are significant differences between the data values. The number of features in each 

class is usually unevenly distributed, and the intervals between class breaks are not 

consistent. One advantage of this method is that it is effective for data that are not normally 

distributed (Całka, 2018). The population density map in Figure 4 shows that most 

municipalities are allocated to the first two classes, with 149 and 69, respectively, while only 

a few polygons are allocated to the other classes. 
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Map (D) Natural Breaks (Jenks) 

 
 

Figure 4: Natural breaks (Jenks) data classification 

Pretty Breaks 

The pretty breaks data classification method, which is only available in QGIS, is similar to the 

equal interval method, in which equal-sized class breaks are created based on the minimum 

and maximum data values. The pretty breaks data method, however, does attempt to round 

(or simplify) the upper- and lower-class breaks, making them easier to read. As an example, 

the first and second class break intervals in Figure 5 were 0.3 to 538, and 538 to 1 076, 

respectively, compared to the pretty breaks data of 0.3 to 500, and greater than 500 to 1 000, 

respectively. Again, this method works best if the data are uniformly distributed, meaning the 

data distribution has no peak and is consistent (Kraak et al., 2021). 

Map (E) Pretty Breaks 

 
 

Figure 5: Pretty breaks data classification 

Quantiles 

Quantiles attempt to group an equal number of features in each class (De Smith et al., 2018). 

As a result, class intervals are usually not consistent. This method is effective if the data are 

not normally distributed. The population density map in Figure 6 indicates that four of the five 
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classes comprise 47 municipalities each, with 46 municipalities in the last class. One 

advantage of this method is that no class interval will be empty, meaning features are 

distributed across all classes (Vasilca, 2019), compared to equal interval and pretty breaks, 

where some classes may be empty. 

Map (F) Quantiles 

 
 

Figure 6: Quantiles data classification 

Standard Deviation 

Standard deviation measures the difference between each feature’s data value and the overall 

mean. ArcGIS Pro creates class breaks with equal ranges. The population density map in 

Figure 7 shows an interval size of one standard deviation, resulting in only three classes. The 

legend displays the difference between the means but not the actual class breaks (Całka, 

2018). The number of classes is generated automatically based on the interval size. This 

method is usually recommended when the data are normally distributed without outliers 

(Slocum et al., 2014). 

Map (G) Standard Deviation 

 
 

Figure 7: Standard deviation data classification 
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2.3.4 Problems with Simple Choropleth Maps 

One disadvantage of choropleth maps when visualising statistical data is the tendency to 

“overemphasize large, yet often sparsely populated, administrative areas because of their 

strong visual weight” (Besançon et al., 2020). This is also true for population data depicting 

urban and rural areas, as rural areas encompass a larger geographic space than urban areas 

(Harris et al., 2017). Furthermore, since statistical data are usually captured on various 

administrative boundaries, such as enumerator areas or wards, which are demarcated 

artificially, “it is not possible to show variation within enumeration areas” (Tyner, 2014). Slocum 

et al. (2014) stated that choropleth maps are most effective and accurate when the size and 

shape of the polygons are fairly similar. 

One of the major challenges associated with choropleth maps is selecting a suitable data 

classification method that displays and communicates the data distribution in a clear and 

effective way (Slocum et al., 2014). Using the wrong data classification method can distort 

spatial patterns, resulting in a misleading representation of population densities. This may 

highlight incorrect or inappropriate locations for the positioning of service centres, ultimately 

leading to poor service delivery and frustrated citizens. Another challenge with choropleth 

maps in South Africa is selecting a classification method that effectively displays unequal and 

dispersed population densities (demand). It should emphasise not only the city centres and 

their surroundings but also secondary or tertiary populated areas such as townships and 

informal settlements that are segregated from the city centre. 

Kraak et al. (2021) pointed out that classification could potentially increase uncertainty, as the 

patterns derived from a classification are influenced by the positioning of class breaks. 

Additionally, Jenks (1963) commented that “a cartographer makes a series of judgments 

without really understanding what effect these judgments will have upon the reader’s 

interpretation of the distribution”. Choosing the wrong or inappropriate data classification 

method for visualising data with choropleth maps could potentially distort spatial patterns, 

causing misleading representations and a possible oversimplification of information (Brewer, 

2006; Evans, 1977 Monmonier, 2018). Schiewe (2023) further noted that standard or 

traditional data classification methods are not ideal for visualising multi-temporal data, where 

temporal changes are either lost or incorrectly highlighted. 

2.4 Measurement Techniques 

As discussed in Section 2.3.3, a key consideration in choosing a data classification method 

for a specific data set is the data distribution. “Different frequency distributions suggest 

different class interval systems” (Evans, 1977). Some methods, such as standard deviation, 
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are more effective when the data are evenly or normally distributed, while natural breaks are 

often preferred for skewed data distributions. 

Besides data distribution, the literature highlights two effective techniques for measuring or 

assessing data classification methods for choropleth maps. These include, firstly, a user study 

in the form of a survey or questionnaire and, secondly, mathematical equations that measure 

the error between class breaks. This is useful for understanding the extent of data 

generalisation within class breaks. 

In user studies, questionnaires are frequently used to assess respondents’ interpretation of 

choropleth maps that depict different data classification methods. The user study typically 

includes a series of map-specific questions. The correct and incorrect answers are analysed 

to determine which method(s) the target audience understands better, specifically the 

respondents participating in the user study. 

The literature discusses various mathematical equations for determining the error between 

class breaks, with references dating back to the 1970s. These equations calculate an accuracy 

score or index that indicates the level of data generalisation within each class break. Jenks 

and Caspall (1971) highlighted the fact that since a choropleth map is a “generalization of 

reality based on an aerial (or location) distribution, it must include some degree of error”. 

The next section provides a detailed description of each technique. 

2.4.1 User Studies 

“User studies can objectively establish which method is most appropriate for a given situation” 

(Kosara et al., 2003). User studies are conducted using a survey or questionnaire. Survey 

questionnaires have been used for many years (Clifford et al., 2016), including in the field of 

geography, and have proven to be an important tool for evaluating people’s perceptions or 

interpretations of a subject. These questionnaires are frequently referred to as explicit reports 

due to their explicitness, “People know they are providing information to a researcher when 

they are surveyed” (Montello & Sutton, 2012). Designing a questionnaire requires careful 

planning, and the questions should be structured to address a specific topic or research 

problem effectively. Clifford et al. (2016) further described the following three basic principles 

for designing questions: 

• “Keeping the questions simple, 

• Define and describe relevant terminology clearly and effectively, and lastly 

• Try to use plain and simple wording; easily understood by the target audience”. 
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As internet connectivity is becoming more available and affordable, online questionnaires are 

increasingly being considered as a great cost-effective approach compared to traditional 

methods such as face-to-face or telephonic interviews (Regmi et al., 2016). To design online 

questionnaires, Regmi et al. (2016) defined six key components. Firstly, a user-friendly design 

makes it easy for respondents to navigate the interface and respond to the various questions. 

Secondly, selecting the appropriate respondents to participate in the survey is a crucial aspect 

to consider. Not just regarding their required level of expertise on a subject but also their age, 

technical literacy, and experience with online applications. Thirdly, multiple responses from 

respondents should be avoided as much as possible by requesting that potential participants 

register for the survey. The forth component is data management. Data management is 

important. Secure data storage, along with the ability to export survey results, enables 

researchers to analyse data using various platforms such as MS Excel or a database 

management system. Next, ethical issues, which include informed consent, privacy and 

confidentiality, and the right to withdraw are noted in the questionnaire. The final component 

involves piloting. Once the questionnaire design is complete and available on an online 

platform, it is advisable to conduct a pilot study with a small group of targeted individuals. The 

pilot is required to test the functionality of the online questionnaire, identify potential issues, 

and evaluate the structure and format of the captured data. 

The following section highlights various user studies described in the literature. The review 

begins with examples of how questionnaires were used to assess map reading skills. The 

Santa Barbara Sense of Direction Scale developed by Hegarty et al. (2002) has proven to be 

a useful tool for predicting spatial abilities in different environments. The scale consists of 27 

self-evaluation questions, with responses ranging from 1 (strongly agree) to 7 (strongly 

disagree). During the discussion, Hegarty et al. (2002) noted that while evidence suggests 

that people often “overestimate their abilities”, their study’s observations reveal that people 

are “somewhat truthful and accurate in estimating their environmental spatial abilities”. 

Lee and Bednarz (2012) developed a spatial thinking ability test. The test was designed to 

cover the following spatial thinking components: orientation and direction, map and graphic 

information, choosing locations on a map, slope profiles, spatial distribution of map features, 

visualising three-dimensional images, “overlaying and dissolving maps”, and understanding of 

point, line and polygon features. In their conclusion, Lee and Bednarz (2012) highlighted the 

fact that spatial thinking is a “collection of various skills”, and in order to test students’ 

knowledge of spatial thinking, they should “demonstrate what they have learned in different 

ways”. 
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In another example, Tomaszewski et al. (2015) presented a modified version of the spatial 

thinking ability test. They conducted a logistic regression analysis to assess the significance 

of the variables. The results of the study indicate that students from urban schools performed 

better than those from rural schools. Tomaszewski et al. (2015) also found statistically 

significant differences between the gender groups. 

A map reading experiment regarding the interpretation of COVID-19 data compared 

choropleth map visualisations with graduated symbols, which were considered the most 

frequently used techniques for visualising COVID-19 data at the time. Results from an online 

questionnaire revealed the opposite, showing that choropleth maps were much easier to read 

and understand than graduated symbols (Sukraini et al., 2022). 

Albert et al. (2016) tested the general map reading skills of 488 higher education students. 

The questions focused on orientation, distance, topographic elements, geographic names, 

map symbols, and hypsography. The results of their study revealed variations in map reading 

competency based on gender, nationality, and age group. 

Rautenbach et al. (2014) conducted a map literacy test using both two-dimensional maps and 

three-dimensional models. The test was conducted using various methods, including a focus 

group and a questionnaire, and it examined aspects such as map orientation, direction, and 

distance. Twenty-one students participated in the experiments. The preliminary results from 

the study showed that participants performed equally well when exposed to two-dimensional 

maps and three-dimensional models. Subsequently, Rautenbach et al. (2017) developed and 

evaluated a task taxonomy for spatial planning through a map literacy experiment involving 

49 map-literate participants using topographic maps. The task taxonomy included tasks 

ranging across six levels of increasing difficulty. Qualtrics was used to design the online 

questionnaire. Participation was voluntary, and there was no time limit for completing the 

questionnaire. The results were evaluated based on an accuracy score, which reflected the 

correct and incorrect responses of participants. The results indicate that the accuracy score 

of participants correlated with their self-perceived difficulty levels for each question. 

Rautenbach et al. (2017) also found that gender “had no effect on confidence and task 

completion time”. Lastly, the map literacy experiment demonstrated that there was no 

significant correlation between participants’ self-rated experience levels and their accuracy in 

performance. 

Lloyd and Bunch (2008) evaluated map reading efficiency based on gender, memory and 

geographic information. Their experiment included a map reading task, in which respondents 

were asked to locate specific states on a map of the United States based on their names. The 
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slowest mean reaction time and the lowest mean accuracy were recorded for females (Lloyd  

& Bunch, 2008). 

Questionnaires are also useful for assessing how respondents interpret maps depicting 

statistical data. Schiewe (2019) evaluated the visual perception of spatial patterns with 

choropleth maps based on three effects: “dark-is-more bias, area-size bias, and data-

classification effect”’. The study involved designing an online questionnaire, which was used 

to examine responses from 260 participants. The results revealed that higher values are 

indeed associated with darker colours. The analysis also confirmed area-size bias, as 30–

40% of participants overlooked smaller areas on the map. 

Afifah (2019) tested data classification methods and colour symbol schemes to visualise 

population density in the Special Region of Yogyakarta. Although a proportion assessment 

test was used to evaluate the effectiveness of data classification methods, a questionnaire 

was also designed featuring choropleth maps to evaluate various colour symbol schemes. 

Based on the time and duration required to assess maps using eye-tracking technology, 

effective colour symbol schemes were identified. The results from his proportion test suggest 

that the arithmetic interval data classification method was the most effective. The eye-tracking 

analysis revealed that a diverging colour scheme was the most effective. 

The use of questionnaires to evaluate the effectiveness of data classification methods for 

choropleth maps is not a new concept. Through questionnaires, respondents are typically 

asked to answer a series of map-specific questions based on choropleth maps that depict 

various data classification methods. Percentage accuracy scores, which represent the 

percentage of correct answers provided by respondents, are used to compare data 

classification methods and determine which methods are most suitable for a specific data set 

and use case. 

Brewer and Pickle (2002) assessed various data classification methods for classifying 

epidemiological data using choropleth maps. The study comprises nine series of mortality 

maps for the United States, which are based on seven different classification methods. These 

include hybrid equal intervals, quantiles, box plots, standard deviation, natural breaks (Jenks), 

minimum boundary error, and shared area. A total of 56 respondents, all students at 

Pennsylvania State University, participated in the study. The map interpretation questions 

were designed in such a way that certain question types were more difficult than others. 

Brewer and Pickle (2002) conducted a logistic regression analysis to evaluate the accuracy of 

responses derived from the seven data classification methods. Findings from the study 

indicate that quantiles and the minimum boundary error classification methods produced the 
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most accurate results, which were best interpreted by participants, followed by natural breaks 

(Jenks) and a hybrid version of equal intervals. 

2.4.2 Error Calculation Between Class Breaks 

Calculating the error between class breaks to evaluate data classification methods for 

choropleth maps is well-documented in the scientific literature. Jenks and Caspall (1971) 

highlighted the fact that since a choropleth map is a generalisation of reality based on an aerial 

or locational distribution, it must include some degree of error. Jenks and Caspall (1971) 

further noted that factors such as the visual attractiveness of patterns and the creation of class 

breaks defined at “critical” values were considered effective by writers such as Jones (1930) 

and Schultz (1961). In general, Jenks and Caspall (1971) commented that writers or 

researchers recognise the need for an objective approach to define and evaluate accurate 

data classes. 

For example, Figure 8 illustrates the level of generalisation, distortion, or error that occurs 

when data are grouped into different classes. Figure 8(A) shows an unclassed three-

dimensional prism map. Each polygon is displayed at a certain unique height (as opposed to 

a unique colour for each polygon), hence no generalisation. Figure 8(B) shows a two-

dimensional choropleth map with generalisation based on a data classification method with 

five class intervals. Lastly, Figure 8(C) illustrates the generalisation or distortion of Figure 8(B), 

this time using a three-dimensional prism map that shows areas (polygons) belonging to the 

same class. Thus, polygons in the same class are displayed at a uniform height, which makes 

it difficult for the user to discern variations within that class. This phenomenon is known as 

generalisation, distortion, or error. 

 

Figure 8: Generalisation based on data classification 

Source: Jenks and Caspall (1971) 
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Robinson (1984) and Slocum et al. (2014) described two statistical criteria for calculating the 

error for class limits, namely goodness of variance fit and goodness of absolute deviation fit. 

Goodness of Variance Fit 

A measurement technique frequently described in the literature is the goodness of variance fit 

(GVF) measure (Armstrong et al., 2003; Chandra & Mistri, 2011; Declerq, 1995; Golian et al., 

2010; Robinson, 1984; Slocum et al., 2014; Smith, 1986). The GVF score ranges from 0 to 1, 

with 1 representing the highest accuracy. This means there is no generalisation or distortion, 

ensuring that each polygon belongs to a distinct class. The GVF measures the “sum of 

squared deviations about the class mean” based on the following formula: 

𝐺𝑉𝐹 = 1 −
𝑆𝐷𝐴𝑀 − 𝑆𝐷𝐶𝑀

𝑆𝐷𝐴𝑀
 

Where SDAM is the squared deviation from the array mean and SDCM is the total sum of square 

deviation from the array mean (Robinson, 1984). 

An existing R package called Jenks71 and classInt is available for automatically calculating 

GVF, the overview accuracy index, and tabular accuracy index scores simultaneously for any 

given data classification method, using a specified number of class intervals (the overview 

accuracy index and tabular accuracy index are described in more detail below). For example, 

see the Jenks71 R script (Figure 9) depicting five class intervals based on the quantile data 

classification method. 

 

Figure 9: Jenks71 R package 

Goodness of Absolute Deviation Fit 

The goodness of absolute deviation fit (GADF) is also used to assess the accuracy of data 

classification methods. GADF is calculated with the following formula: 

𝐺𝐴𝐷𝐹 = 1 −
𝐴𝐷𝐶𝑀

𝐴𝐷𝐴𝑀
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Where ADCM is the sum of absolute deviations about class median (Slocum et al., 2014) 

(Vasilca, 2019) and ADAM is the sum of absolute deviations about the median for the entire 

data set. 

Jenks and Caspall (1971) developed three additional algorithms to assess the error of a 

classification method: the overview accuracy index, tabular accuracy index, and boundary 

accuracy index. These measurement techniques were designed to evaluate data classification 

methods based on these questions: (a) “Which map creates the most accurate overview?; 

(b) Which map provides the most accurate intensity values?; (c) Which map has boundaries 

that occur along major breaks in the statistical surface?” (Jenks & Caspall, 1971). The 

accuracy index ranges from 0 to 1, with 1 representing the highest level of accuracy. 

Lastly, another measure for calculating classification error is based on the sum of absolute 

deviations from the class medians (ADCM), which is illustrated in Table 2. This calculation 

was used to develop an optimal data classification method. The classification errors for the 

optimal method (on the right) and the quantiles method (on the left) are calculated separately. 

For example, Class 2 in the quantiles classification includes 14, 31, and 32. The median is 31, 

so the error calculation is as follows: (14 – 31 = 17) + (31 – 31 = 0) + (32 – 31 = 1) = (17 + 0 + 1) = 18. 

Note the significantly smaller error for the optimal classification method when the data are 

grouped differently. The calculated error for the quantiles is significantly higher at 87, 

compared to the optimal method, which has an error of only 7. 

Table 2: Sum of absolute deviations from the class medians 

Source: Slocum et al. (2014) 

The following section highlights various examples from the literature where data classification 

methods were evaluated based on the error calculation between class breaks. 

Declerq (1995) compared the GVF to two other measurement techniques: the goodness of 

deviation around the median fit and the GADF for data classification accuracy. Their intention 

was to determine the optimal number of class intervals using various data classification 

methods. These include: the Jenks optimal method, equal intervals, a suboptimal method 

“minimising image fragmentation”, and another suboptimal method “minimising class break 

Raw Data: 11, 12, 13, 14, 31, 32, 33, 99, 100   

Quantiles Classification Optimal Classification 

Class Value Error Class Value Error 
1 11, 12, 13 2 1 11, 12, 13, 14 4 
2 14, 31, 32 18 2 31, 32, 33 2 
3 33, 99, 100 67 3 99, 100 1       

 ADCM = 87  ADCM = 7 
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complexity”. During the study, a GVF accuracy of 0.95 or higher was considered “satisfactory”. 

Results from this study suggest that seven or eight classes are required for accurate 

choropleth maps. 

Chandra and Mistri (2011) used the GVF measurement technique to test for the most suitable 

classification method when the data are normally distributed. For this, they used the population 

density data of the Bankura District. Five data classification methods were tested: equal range 

(or equal interval), nested mean, parameters of normal distribution (or standard deviation), 

quantiles, and areal equal steps. The equal range classification achieved the highest accuracy 

of 82.96%. This was followed by standard deviation, quantiles, and nested means. Areal equal 

steps was ranked the lowest. 

Additionally, Vasilca (2019) used the GADF to assess the effectiveness of the data 

classification methods available in ArcGIS Pro. For this purpose, thematic maps were created 

to illustrate the correlations between emergency calls and the populations of various regions 

in Romania. The GADF measure yielded the highest value for natural breaks at 0.82, followed 

by geometric interval, which scored 0.76. The lowest accuracy score was quantiles at 0.49. 

Smith (1986) compared five traditional data classification methods – quartile, equal interval, 

standard deviation, natural breaks, and an optimisation method – based on the GVF 

measurement. It wat determined that only the optimisation method, nowadays commonly 

referred to as natural breaks (Jenks), produced accurate results. For this study, a sample of 

117 data sets was derived from the 1977 County and City Data Book, which includes data 

such as birth rate, population density, and income. 

2.5 Population Distribution in South Africa 

South Africa has an uneven population distribution, which leads to unequal access to service 

facilities. Weir-Smith and Dlamini (2024) further mentioned that “unequal spatial concentration 

is at the heart of economic imbalance in South Africa” and that post-apartheid policies did not 

resolve economic imbalances caused by the apartheid era. A report by the World Bank (2018) 

on poverty and inequality describes South Africa as one of the most unequal countries in the 

world, stating that “inequality has increased since the end of apartheid in 1994”. 

People in South Africa are highly segregated, and this segregation is inherently geographical 

(Brown & Chung, 2006). The Group Areas Act 41 of 1950 (apartheid) “prohibited the multiracial 

use or occupation of urban land” (Strauss, 2019). Segregated zones were established in urban 

areas, allowing only certain race groups to live and work there. This resulted in the 

establishment of densely populated townships and informal settlements outside city centres 
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and suburban living spaces. Mostly poor people reside in these areas, and access to basic 

services and public service centres is limited and insufficient. Around 67% of the country’s 

population live in urban spaces, with an estimated urban growth rate of 1.97% (UN-Habitat, 

n.d.), affecting service delivery and resulting in an ever-increasing unemployment rate and 

rising crime levels. Moeti et al. (2023) analysed quality of life survey data from the Gauteng 

City-Region Observatory and found that residents of informal settlements have significantly 

poorer access to healthcare facilities compared to those living in formal housing structures. 

2.5.1 Population Data 

Statistics South Africa4 is the custodian of demographic data in South Africa. The last national 

census survey was conducted in 2022. Unfortunately, demographic data has not yet been 

released at a more granular level than local or metropolitan municipalities. Hence, for this 

research, demographic (or population) data from the previous national census conducted in 

2011 were used. The following section first describes national and provincial population 

dynamics based on Census 2022, followed by a more granular description of population 

distribution based on the Census 2011 data (Statistics South Africa, 2012c). 

The country covers a land area of approximately 1.2 million square kilometres. The total 

population is estimated to have reached 62 million in 2022, an increase from 51.7 million in 

2011. Of the nine provinces, most people reside in Gauteng (15 million) and KwaZulu-Natal 

(12.4 million). The dominant population groups are Africans (81.4%) and coloured people 

(8.2%). The white population is estimated to be 7.3%. The total number of households is 

estimated at 17.8 million. Access to basic services, such as water, sanitation, and electricity, 

was also documented. It was estimated that around 82% of households has access to piped 

water, which includes access inside a dwelling or in the yard. Most households (70%) have 

flush toilets, followed by access to pit toilets without ventilation (12.5%). It was also reported 

that 94.7% of households use electricity as their main source of energy (Statistics South Africa, 

2023a). 

For Census 2011, the country was demarcated into approximately 103 000 enumerator areas 

“based on specifications of administrative boundaries, size, and population density” (Statistics 

South Africa, 2012a), which were used to capture all the demographic data. These enumerator 

areas were subsequently classified into ten enumerator area types “according to a set criteria 

profiling land use and human settlement within the area” (Statistics South Africa, 2012b). Of 

the 51.8 million people in South Africa, more than half (55.8%) live in formal residential areas, 

                                                
4 https://www.statssa.gov.za/ 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 

https://www.statssa.gov.za/


28 
 

followed by traditional residential areas and informal residential areas, with 31.3% and 5.8%, 

respectively. See Table 3. 

Table 3: Population distribution by enumerator area type 

Enumerator Area Type Population Percentage 

Formal residential 28 885 090 55.8% 

Informal residential 2 991 477 5.8% 

Traditional residential 16 213 521 31.3% 

Farms 2 078 722 4.0% 

Parks and recreation 35 999 0.1% 

Collective living quarters 609 907 1.2% 

Industrial 157 978 0.3% 

Small holdings 451 811 0.9% 

Vacant 59 588 0.1% 

Commercial 286 478 0.6% 

Total 51 770 571 100.0% 
Source: Compiled from Statistics South Africa; Interactive data in SuperCROSS (2012) 

Census data are accessible to the public through an online portal5 and a software application 

called Census 2011 Community Profiles in SuperCROSS. SuperCROSS allows users to 

download a range of demographic variables, including age, gender, population group, income, 

and employment data, for various geographic units or scales. These include a small area layer, 

sub-place, ward, main place, municipality, district, and province. 

The small area layer is the smallest geographic unit for which demographic data are available. 

The data set is an aggregation of enumerator areas consisting of approximately 84 000 

polygons. Sub-places represent “a suburb, section or zone of a township, smallholdings, 

village, sub-village, ward or informal settlement” (Statistics South Africa, 2012b). Main places 

include cities, towns, townships, tribal authorities, and administrative areas. 

Based on the 2011 municipal demarcation, South Africa has 234 municipalities, including 226 

local municipalities and eight metropolitan municipalities. Some municipalities are 

characterised by a diverse and distinctive geographic spread of urban, farm, and traditional 

spaces. The population within municipalities is unevenly distributed. In addition to densely 

populated central business districts, most municipalities also feature scattered pockets of 

populated townships or informal settlements located in peri-urban areas or outside the city 

centre. Henderson (2006) noted that a graphic visualisation of the data is “essential to assess 

the data distribution”. The histogram (Figure 10), which contains 20 bins calculated in ArcGIS 

                                                
5 https://superweb.statssa.gov.za/webapi/jsf/login.xhtml 
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Pro and illustrates population density (POPKM2), highlights the fact that at the municipal level, 

the population is not normally distributed but rather skewed at 6.7 (kurtosis = 54.6). 

 

Figure 10: Population distribution by municipality 

Due to its history, the geographic distribution of the South African population presents unique 

challenges for visualising spatial patterns on a map for effective decision-making. To 

effectively connect the population with public services, decision makers must understand 

where the population demand is in relation to public service facilities (Snyman & Coetzee, 

2024). To do this, supply (service centres or facilities) and demand (population) maps are 

needed to visualise potential gaps and shortfalls. Choropleth maps are commonly used and 

effective for visualising population distribution (see Section 2.5.2 for a discussion on the use 

of choropleth maps in South Africa). 

The challenge with data classification methods for choropleth maps in South Africa lies in 

selecting a classification method that effectively displays the unequal and dispersed 

population densities (demand). It should emphasise not only the city centres and their 

surroundings but also secondary or tertiary populated areas, such as townships and informal 

settlements, that are segregated from the city centre. 

2.5.2 Choropleth Maps in South Africa 

Choropleth maps are frequently used by the Electoral Commission of South Africa (IEC) to 

visualise voting and voter registration patterns. The IEC’s (2019) Atlas of Results6 enables 

users to analyse political party support with pregenerated choropleth maps (Figure 11) for 

different geographic units such as voting districts, wards or municipalities. The Atlas is an 

online portal that showcases election results from 1999 to 2019. Voter registration choropleth 

                                                
6 https://atlas.elections.org.za/npeatlas/# 
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maps at the voting district level (highlighting high- and low-density patterns) enable decision 

makers to optimise voting district boundaries and voting station locations in preparation for 

election day (IEC, 2019). 

 

Figure 11: Choropleth maps showing voter registration and party support 

Source: IEC (2019) 

Statistics South Africa (2023b) uses choropleth maps to display population distribution and 

growth patterns across the country.7 Other examples include (a) a study by Public Health that 

used choropleth maps to analyse cervical cancer screenings (Makura et al., 2016); and (b) an 

analysis of population distribution in relation to economic activity across the Gauteng city 

region (Mosiane & Murray, 2021). In a study conducted by the University of Pretoria, 

choropleth maps were used to show both isochrones – indicating travel time to catheterisation 

laboratories (cath lab) facilities – and population density by ward. The aim of the study was to 

identify densely populated areas across South Africa where access to cath lab facilities 

exceeds the specified travel-time thresholds (Coetzee et al., 2021). 

A Scopus search for articles and abstracts that included the key phrases ‘choropleth map’ and 

‘South Africa’ yielded four more relevant publications. Bekker (2023) analysed the occurrence 

of protest incidents using both dot distribution and choropleth maps and suggested that 

protests per capita are best represented with choropleth maps. Friesen et al. (2018) described 

a proof of concept web application that displays community-oriented primary care data using 

both choropleth maps and proportional circle maps. Friesen et al. (2018) concluded that for 

choropleth maps, “an automated determination of the optimal number of classes” based on a 

specific variable would be desirable. In health science, Khumalo et al. (2022) utilised the 

capabilities of choropleth maps to analyse the distribution of community health workers in 

relation to HIV prevalence in the KwaZulu-Natal province. A final example of the use of 

choropleth maps is a study by Motlana et al. (2021) that visualised the spatial distribution of 

cancer cases across three public hospitals in KwaZulu-Natal from 2015 to 2017. 

                                                
7 https://census.statssa.gov.za/#/ 
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2.6 Geographic Accessibility and Population Demand 

For this research, visualising population demand for geographic accessibility analysis was 

selected as a use case to assess the effectiveness of data classification methods for 

choropleth maps. This section provides a brief overview of the concept of geographic 

accessibility. 

“Accessibility is the most widely used metric in measuring the value of a location in public 

service delivery” (Church & Murray, 2009). In connecting the population to public services, 

decision makers must understand where the population demand is in relation to public service 

facilities (Snyman & Coetzee, 2024). To achieve this, it is essential to create maps that 

visualise both supply (service centres or facilities) and demand (population) in order to identify 

gaps and shortfalls. “Improving service delivery to all people in South Africa is a key priority of 

government“ (Green, 2012). Population demand refers to the “number of people who may 

need the services” (Ma et al., 2018). 

Effectively communicating or presenting the results of a geographic accessibility analysis is 

as important as the results themselves. Although visualising population demand is not the only 

metric used to analyse geographic accessibility, it is one of the prominent outputs of such a 

study, which is usually presented to a target audience. Generally, choropleth maps are 

effective for visualising statistical data such as population densities (Tyner, 2014). Other 

critical factors to consider are a road network and the location of service centres or facilities 

(DPSA, 2021). If service centres are situated too far away from the population demand, 

reaching these centres are “costly and time-consuming” (Church & Murray, 2009) which could 

result in poor service delivery and frustrated citizens. Rodrique et al. (2009) defined spatial or 

geographic access as “the measure of the capacity of the locations to be reached by, or to 

reach, different locations” based on both time and distance (Ashiagbor et al., 2020) between 

people and service centres. 

Snyman and Coetzee (2024) measured geographic access to service facilities in the rural 

areas of the Eastern Cape, South Africa, where roads and footpaths are often not mapped. 

For the study, they compared travel distances based on a straight line, a road network, and 

an augmented travel network that includes a triangular irregular network to serve as a proxy 

for unmapped roads and footpaths. The results from their study suggest that an augmented 

travel network is a suitable alternative for measuring geographic access to service centres, 

especially in data-poor areas where rural roads and footpaths are not mapped. Choropleth 

maps were used throughout the study to visualise travel distances to service centres. 
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Earlier work by the Department of Public Service and Administration (DPSA, 2012) includes 

the development of a practical step-by-step guideline for improving geographic access to 

government service points. While the guideline was comprehensive regarding developing 

access standards, collecting and using quality geospatial data, conducting accessibility 

studies, and developing an implementation strategy, little attention was given to the 

geographic visualisation of results. 

Questions relating to geographic accessibility differentiate between densely and sparsely 

populated areas, while also identifying locations that are either over- or underserved for the 

optimal provision of service centres. Questions were structured based on the following facility 

location models as identified in the DPSA’s (2012) geographic access guideline: 

• Expansion model 

• Reduction model 

• Relocation model 

The expansion model encompasses two approaches: greenfield and brownfield. For the 

greenfield approach, optimal locations for service centres are determined regardless of the 

current footprint of service centres. The brownfield approach considers the current footprint 

when determining optimal locations (DPSA, 2012). If service centres are not optimally located 

(close to the people) due to possible settlement growth or movement patterns, they could 

either be relocated (relocation model) or closed down (reduction model).   

Examples of geographic accessibility studies that mapped population demand using 

choropleth maps include published work by Ab Hamid et al. (2023), Chen et al. (2023), and 

DPSA (2013). 

 

The literature review explored the use of choropleth maps and emphasised the importance of 

choosing an appropriate data classification method for a specific dataset. Also, previous 

research identified two effective techniques for measuring or assessing data classification 

methods for choropleth maps. These include, firstly, a user study in the form of a survey or 

questionnaire and, secondly, mathematical equations that measure the error between class 

breaks. To assess different data classification methods based on these two techniques, maps 

are needed. 

The next chapter (Chapter 3) focuses on the research design with a technical description of 

the processes that were followed to create choropleth maps for evaluation. These include the 

selection of study areas, geographic units, number of classes, colour schemes, and data 

classification methods. 
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3. RESEARCH DESIGN 

Chapter 3 describes the choropleth map design process. The first section provides an 

overview of the research approach and ethical considerations, followed by a technical 

description (Sections 3.3 to 3.6) of how the data and choropleth maps were prepared. Figure 

12 illustrates the five steps of the map design process. 

 

Figure 12: Choropleth map design process flow 

3.1 Approach 

Based on the recommendations of the empirical literature review, this research adopted two 

quantitative research methods (Research Objective 2) to assess the effectiveness of data 

classification methods for choropleth maps. These include elements of both explicit reports 

(experimental design) and statistical data analysis (nonexperimental design). The explicit 

reports were based on a user study (presented in Chapter 4), which consisted of an open-

ended online questionnaire that assessed participants’ interpretation of choropleth maps 

depicting different data classification methods for geographic accessibility analysis (Research 

Objective 3). For the user study, convenience sampling was used which included voluntary 

participation of students from the University of Pretoria. 

Statistical data analysis involved measurement techniques to assess and evaluate the 

effectiveness of data classification methods for visualising population demand in South Africa. 

For this, the error between class breaks was measured using a recommended mathematical 

equation (Research Objective 4). The statistical data analysis process and results are 

presented in Chapter 5. 

For this research, priority was given to the user study. The error between class breaks 

measurement was used to compare findings from the user study against a well-known 

mathematical equation. The combination of these two methods provided a more 

comprehensive view of the use of data classification methods for choropleth maps. 

3.2 Ethical Considerations 

The research aim and objectives were approved by the Ethics Committee, Faculty of Natural 

and Agricultural Sciences, University of Pretoria (NAS021/2023). Please see Appendix A for 
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the ethics approval document. Participants who accepted the invitation to participate in the 

user study were informed about the research’s purpose and objectives and they were required 

to give their consent before completing the questionnaire. 

The following geographic data sets were used with permission from the data custodians: 

● Census 2011 population data, aggregated by small area layer and sub-place from 

Statistics South Africa. https://www.statssa.gov.za/?page_id=425 

● Eskom Holdings SOC Ltd Spot Building Count; a geo-referenced dwelling or building 

frame point data set.  https://www.eskom.co.za/paia-popia/ 

3.3 Study Areas 

The aim was to identify suitable study areas that are representative of the unique spatial 

distribution of people in South Africa, as described in Section 2.5. Choropleth maps showing 

various study areas at different geographic units, or geographic scales as defined in 

Section 3.4, were designed to eliminate a possible learning effect. Specifically, to avoid or limit 

the likelihood that participants’ responses to a question based on a choropleth map would be 

influenced or affected by their answers to previous questions in the questionnaire. 

The population in South Africa is not evenly distributed. In addition to the densely populated 

central business districts, which are characterised by high-rise residential buildings, and 

suburban residential zones in metropolitan or local municipalities, there are also scattered 

pockets of densely populated townships and informal settlements located in peri-urban areas 

or on the outskirts of city centres. The challenge with data classification methods for choropleth 

maps lies in effectively displaying the varying densities. Choropleth maps should highlight not 

only primary locations such as city centres and their surrounding suburban areas but also 

populated secondary and tertiary locations such as townships and informal settlements. 

Statistics South Africa is the custodian of demographic data in South Africa. Although a 

national census survey was conducted in 2022, demographic data has not yet been released 

on a more granular level than local and metropolitan municipalities. Hence, for this research, 

demographic (or population) data from Census 2011 were used (Statistics South Africa, 

2012c), as the data are available at more granular levels, referred to as small area layers and 

sub-places. Small area layer polygons are the smallest geographical units with demographic 

data, whereas sub-places are aggregated polygons derived from small area layers that 

represent suburbs or villages (Statistics South Africa, 2012b). 

Based on the Census 2011 results, the country has a population of 51.7 million covering a 

total land area of 1.2 million square kilometres. South Africa has 234 municipalities, which 
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include 226 local municipalities and eight metropolitan municipalities (Statistics South Africa, 

2012c). Furthermore, areas are categorised into ten enumerator area types: formal residential, 

informal residential, traditional residential, farms, parks and recreation, collective living 

quarters, industrial, small holdings, vacant, and commercial, highlighting the diverse 

landscape of the country (SuperCROSS, 2012). 

To effectively evaluate and assess the suitability of data classification methods for choropleth 

maps that depict population demand in a diverse geographic setting, representative 

municipalities were selected as study areas where populations are distributed across all ten 

enumerator area types. Table 4 shows the top ten municipalities based on total population 

distributed across all enumerator area types. 

Table 4: Top ten municipalities based on total population distributed across all enumerator area types 

Local and Metropolitan Municipality Total Population Rank 

eThekwini Metropolitan Municipality 3 442 360 1 

City of Tshwane Metropolitan Municipality 2 921 488 2 

Buffalo City Metropolitan Municipality 755 094 3 

Mangaung Metropolitan Municipality 747 432 4 

Polokwane Local Municipality 629 000 5 

The Msunduzi Local Municipality 618 536 6 

Thulamela Local Municipality 618 462 7 

Mbombela Local Municipality 588 794 8 

Rustenburg Local Municipality 549 574 9 

Bushbuckridge Local Municipality 541 249 10 
Source: Compiled from Statistics South Africa; Interactive data in SuperCROSS (2012) 

The aim was to identify four suitable study areas that are representative of the unique spatial 

distribution of people in South Africa (see Figure 13), namely the City of Tshwane Metropolitan 

Municipality, Buffalo City Metropolitan Municipality, Mangaung Metropolitan Municipality, and 

Polokwane Local Municipality.  
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Figure 13: Municipalities in South Africa showing the four selected study areas 

Source: Map created in ArcGIS Pro using built-in data from Esri (2024). These include Esri South Africa, TomTom, 

Garmin, FAO, NOAA and USGS. Other sources include Statistics South Africa (2011) and naturalearthdata.com 

(2023) 

Table 5 depicts the percentage distribution of the population per enumerator area type for 

each of the four selected study areas. Most people reside in formal residential areas, except 

for the Polokwane Local Municipality, where 54.8% of the population lives in traditional 

residential areas, followed by 37.4% in formal residential areas. 

Table 5: Percentage population distribution per enumerator area type for each of the four selected study areas 

Enumerator Area Type 
Buffalo City 
Metropolitan 
Municipality 

City of 
Tshwane 

Metropolitan 
Municipality 

Mangaung 
Metropolitan 
Municipality 

Polokwane 
Local 

Municipality 

Formal residential 67.4% 78.1% 83.4% 37.4% 

Informal residential 12.6% 10.3% 8.4% 2.3% 

Traditional residential 16.4% 5.2% 1.6% 54.8% 

Farms 1.2% 0.6% 1.6% 0.7% 

Parks and recreation 0.0% 0.0% 0.0% 0.1% 

Collective living quarters 1.3% 2.1% 2.3% 1.2% 

Industrial 0.3% 0.3% 0.7% 0.1% 

Small holdings 0.2% 2.3% 1.6% 2.8% 

Vacant 0.1% 0.0% 0.1% 0.2% 

Commercial 0.6% 1.0% 0.3% 0.5% 
Source: Compiled from Statistics South Africa; Interactive data in SuperCROSS (2012) 
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Figure 14 to Figure 17 show detailed orientation maps of each study area, depicting municipal 

boundaries as demarcated in 2011. The maps were designed in Maptitude GIS, highlighting 

primary cities and towns, as well as general topographic features such as road and railway 

infrastructure, along with natural features including dams, river networks, and nature reserves. 

Data sources include OpenStreetMap, NAVTEQ, and Statistics South Africa. 

City of Tshwane Metropolitan Municipality 

The metropolitan area is situated in Gauteng province and covers more than 6 300 square 

kilometres, making it the largest of the four selected study areas. With a total population 

estimate of just under 3 million, based on Census 2011, the population density is 

approximately 460 people per square kilometre (Statistics South Africa, 2012d). Major cities 

include Pretoria, the country’s capital, along with various densely populated localities such as 

Mamelodi, Atteridgeville, Centurion, Akasia, Ga-Rankuwa and Mabopane, which are in close 

proximity to the capital. Secondary localities across the metropolitan area include 

Bronkhorstspruit, Cullinan, Rayton, Ekangala, and Temba. 

“Tshwane stretches almost 121 km from east to west and 108 km from north to south, making 

it the third-largest city in the world after New York and Tokyo/Yokohama” (City of Tshwane, 

n.d.). 

“The municipality’s main economic sectors are community services and government, followed 

by finance and manufacturing” (Statistics South Africa, 2012d). 
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Figure 14: City of Tshwane Metropolitan Municipality 

Source: Map created using data from NAVTEQ (2012), OpenStreetMap (2024), and Statistics South Africa (2011) 

Buffalo City Metropolitan Municipality 

The Buffalo City Metropolitan Municipality is situated in the Eastern Cape province and has a 

coastline of 68 kilometres along the Indian Ocean. The metropolitan is approximately 2 500 

square kilometres with a population density of just under 300 people per square kilometre. 

East London is the largest city in the metro, situated on the coast and “boasting air, road, rail, 

and sea logistics” (Buffalo City Metropolitan Municipality, n.d.). Densely populated localities 

across Buffalo City include Mdantsane, Bhisho, and Qonce. 
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Figure 15: Buffalo City Metropolitan Municipality 

Source: Map created using data from NAVTEQ (2012), OpenStreetMap (2024), and Statistics South Africa (2011) 

Mangaung Metropolitan Municipality 

The Mangaung Metropolitan Municipality is located in the Free State province. Mangaung 

translates to the place of the cheetah. “The economy is strongly driven by the government 

sector”, followed by the finance sector (Statistics South Africa, 2012e). The largest city is 

Bloemfontein, which is also the largest city in the province, with densely populated secondary 

localities including Botshabelo, Mangaung, and Thaba Nchu. The physical size of the 

metropolitan area is just below 6 300 square kilometres with around 750 000 people (120 

people per square kilometre). 
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Figure 16: Mangaung Metropolitan Municipality 

Source: Map created using data from NAVTEQ (2012), OpenStreetMap (2024), and Statistics South Africa (2011) 

Polokwane Local Municipality 

The Polokwane Local Municipality is situated in the Limpopo province, bordering Botswana, 

Zimbabwe, and Mozambique. The municipality spans just over 3 800 square kilometres and 

has a population of close to 630 000 (Statistics South Africa, 2012c). Polokwane is the largest 

city in the municipality and serves as the capital of the province. Most people in the municipality 

reside in traditional residential dwellings (55%), followed by formal residential dwellings (37%) 

and small holdings (3%) (Statistics South Africa, 2012c). 
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Figure 17: Polokwane Local Municipality 

Source: Map created using data from NAVTEQ (2012), OpenStreetMap (2024), and Statistics South Africa (2011) 

3.4 Geographic Units 

A geographic unit, also referred to as data resolution, “is related to scale, indicates the 

granularity of the data that are used in mapping” (Slocum et al., 2014). Since geographic units, 

such as census blocks, wards, and hexagons, are important factors to consider when selecting 

geospatial data visualisation techniques, various geographic units that depict population 

distribution were identified for this research. 

The aim was to evaluate and test the impact of different geographic units on the effectiveness 

of data classification methods for choropleth maps. Firstly, geographic units depicting 

population demographics were selected from the Census 2011 Community Profiles in 

SuperCROSS database, an official and freely available data source. These include a small 

area layer and sub-places. Small area layer polygons are the smallest geographical units with 

demographic data, whereas sub-places are aggregated polygons derived from small area 

layers that represent suburbs or villages. Secondly, since both small area layer and sub-place 

polygons vary in size, hexagons were created to represent equal-sized polygons, the 

researcher also wanted to determine whether equal- or varied-sized polygons could influence 

participants’ interpretation of choropleth maps. Rather than computing spatial overlays, which 
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present their own challenges, it was decided to superimpose the Census 2011 population data 

onto the hexagons. A point data set called Spot Building Count representing dwelling locations 

was aggregated per hexagon to indicate densities, or rather household densities, per 

hexagon. 

The Spot Building Count data are maintained by Eskom,8 the main electricity supplier in South 

Africa. Points are captured from Spot 5 imagery (European Space Agency, n.d.) and verified 

through various sources, including schools, 1:50 000 topographic data, and dwelling points 

captured by Statistics South Africa (n.d.). Hexagons were created with an area of two square 

kilometres, because the sub-place median polygon size of all four municipalities combined is 

approximately 1.5 square kilometres, which was rounded up to 2 square kilometres. Figure 18 

and Figure 19 show the four municipalities depicting equal- and varied-sized polygons: 

hexagons, small area layer, and sub-places. 

                                                
8 https://www.eskom.co.za/ 
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Figure 18: Geographic units for the Buffalo City Metropolitan Municipality and City of Tshwane Metropolitan 
Municipality 
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Figure 19: Geographic units for the Mangaung Metropolitan Municipality and Polokwane Local Municipality 

3.5 Data Classification 

Data classification methods are used for choropleth maps to categorise data by determining 

upper- and lower-class limits based on a specified number of classes. Ideally, choropleth maps 

depicting population distribution in South Africa should highlight not only the primary high-

density areas, such as city centres and their surroundings, but also populated secondary and 

tertiary locations, such as townships and informal settlements. 
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Although various open source and licenced GIS software applications are available and used 

for spatial analysis, mapping, and visualisation in South Africa, ArcGIS Pro9 and QGIS10 

(Figure 20) are considered to be the most popular and frequently used applications globally 

and locally (GIS Geography, 2022; Khan & Mohiuddin, 2018). Hence, the data classification 

methods available in both these applications were considered for this research. Bolstad (2012) 

mentioned that ArcGIS is the most popular GIS software. According to GIS Geography’s 

(2022) ranking of the 30 best GIS software applications, ArcGIS Pro was rated the best, 

followed by QGIS 3. While other GIS applications are also used in South Africa, they are not 

compared to ArcGIS Pro and QGIS frequently. These applications include GeoDa, MapInfo, 

Maptitude, TransCAD, Global Mapper, and SAGA. 

 

Figure 20: ArcGIS Pro and QGIS 

There are nine data classification methods available in both ArcGIS Pro and QGIS. These 

include: defined (or fixed) interval, equal interval, geometric interval, logarithmic scale, manual 

interval, natural breaks (Jenks), pretty breaks, quantiles, and standard deviation. The 

geometric interval data classification method is available exclusively in ArcGIS Pro. Methods 

specific to QGIS include logarithmic scale and pretty breaks. Defined (or fixed) interval, equal 

interval, manual interval, natural breaks (Jenks), quantiles and standard deviation are 

available in both ArcGIS Pro and QGIS. Refer to Section 2.3 for examples and a detailed 

description of these data classification methods. 

Except for the manual and defined interval methods, which require users to set custom/manual 

limits for each class, this study initially identified seven data classification methods, namely 

equal interval, geometric interval, logarithmic scale, natural breaks (Jenks), pretty breaks, 

quantiles, and standard deviation. 

One of the key aspects recommended in the literature for selecting a data classification 

method for a specific data set is conducting a data distribution test, also known as a test for 

normality in the data. Hence, for these seven methods, histograms and descriptive statistics 

                                                
9 https://www.esri.com/en-us/home 
10 https://www.qgis.org/en/site/ 
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were generated, showing both population and household distribution per study area and 

geographic unit (hexagon, small area layer, and sub-place). 

The histograms in Figure 21 show the data distribution for each study area and geographic 

unit. Based on a visual inspection, it is evident that the data are not normally distributed. 

Descriptive statistics, as shown in Table 6 to Table 9, confirm this. The skewness and kurtosis 

measure the “degree of normality of distributions, or the lack thereof” (Ho & Yu, 2015). A 

skewness value between −0.5 and 0.5 suggests a normal distribution of frequencies (Hatem 

et al., 2022). 

The results suggest that the household distribution by hexagon and population density by 

small area layer and sub-place are not normally distributed in any of the four study areas; 

instead, they are highly skewed. The degree of skewness of the four study areas per 

geographic unit ranges from 2.49 to 8.02. This indicates that the majority of polygons exhibit 

a low population distribution (or low household count for hexagons and low population density 

for small area layers and sub-places), while only a small number of outliers show extremely 

high density. 
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Buffalo City Metropolitan Municipality (East London) 

Hexagon Small area layer Sub-place 

   

City of Tshwane Metropolitan Municipality 

Hexagon Small area layer Sub-place 

   

Mangaung Metropolitan Municipality (Bloemfontein) 

Hexagon Small area layer Sub-place 

   

Polokwane Local Municipality 

Hexagon Small area layer Sub-place 

   

Figure 21: Histograms showing data distribution for each study area per geographic unit 

 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



48 
 

Table 6: Descriptive statistics for Buffalo City Metropolitan Municipality 

 Buffalo City Metropolitan Municipality (East London) – Descriptives 

 TYPE Statistic Std. Error 

Count Hexagon – 

Household count 

Mean 162.69 11.518 

Median 20.00  

Std. Deviation 400.813  

Minimum 0  

Maximum 5 192  

N 1 211  

Skewness 4.844 0.070 

Kurtosis 33.565 0.140 

Small area layer – 

Population density 

Mean 5 270.11 180.390 

Median 3 116.77  

Std. Deviation 6 715.746  

Minimum 1  

Maximum 55 690  

N 1 386  

Skewness 2.835 0.066 

Kurtosis 10.311 0.131 

Sub-place – 

Population density 

Mean 1 946.80 185.049 

Median 931.28  

Std. Deviation 3 447.080  

Minimum 0  

Maximum 34 544  

N 347  

Skewness 5.279 0.131 

Kurtosis 37.045 0.261 
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Table 7: Descriptive statistics for City of Tshwane Metropolitan Municipality 

City of Tshwane Metropolitan Municipality – Descriptives 

 TYPE Statistic Std. Error 

Count Hexagon – 

Household count 

Mean 193.98 8.626 

Median 19.50  

Std. Deviation 504.134  

Minimum 0  

Maximum 6 851  

N 3 416  

Skewness 4.765 0.042 

Kurtosis 32.086 0.084 

Small area layer – 

Population density 

Mean 7 046.88 129.917 

Median 4 484.17  

Std. Deviation 8 738.313  

Minimum 1  

Maximum 127 262  

N 594  

Skewness 4.509 0.036 

Kurtosis 33.953 0.073 

Sub-place – 

Population density 

Mean 3 408.64 169.267 

Median 2 195.19  

Std. Deviation 4 125.388  

Minimum 0  

Maximum 31 648  

N 31 648  

Skewness 2.491 0.100 

Kurtosis 9.457 0.200 
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Table 8: Descriptive statistics for Mangaung Metropolitan Municipality 

Mangaung Metropolitan Municipality (Bloemfontein) – Descriptives 

 TYPE Statistic Std. Error 

Count Hexagon – 

Household count 

Mean 63.71 6.027 

Median 1.00  

Std. Deviation 325.762  

Minimum 0  

Maximum 4 586  

N 2 921  

Skewness 8.020 0.045 

Kurtosis 74.624 0.091 

Small area layer – 

Population density 

Mean 5 270.11 180.390 

Median 3 116.77  

Std. Deviation 6 715.746  

Minimum 1  

Maximum 55 690  

N 1 386  

Skewness 2.835 0.066 

Kurtosis 10.311 0.131 

Sub-place – 

Population density 

Mean 1 946.80 185.049 

Median 931.28  

Std. Deviation 3 447.080  

Minimum 0  

Maximum 34 544  

 N 347  

Skewness 5.279 0.131 

Kurtosis 37.045 0.261 
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Table 9: Descriptive statistics for Polokwane Local Municipality 

Polokwane Local Municipality – Descriptives 

 TYPE Statistic Std. Error 

Count Hexagon – 

Household count 

Mean 86.99 5.525 

Median 4.00  

Std. Deviation 237.826  

Minimum 0  

Maximum 2 447  

N 1 853  

Skewness 4.982 0.057 

Kurtosis 31.772 0.114 

Small area layer – 

Population density 

Mean 2 746.80 114.345 

Median 1 585.38  

Std. Deviation 3 664.407  

Minimum 0  

Maximum 41 990  

N 1 027  

Skewness 4.967 0.076 

Kurtosis 39.967 0.152 

Sub-place – 

Population density 

Mean 1 305.02 100.149 

Median 899.76  

Std. Deviation 1 528.705  

Minimum 0  

Maximum 10 266  

N 233  

Skewness 2.742 0.159 

Kurtosis 9.411 0.318 

 
Based on the skewness of the population distribution for each study area and geographic unit 

(hexagon, sub-place and small area layer), the standard deviation, equal interval and pretty 

breaks data classification methods were excluded from further analysis, as these methods are 

best suited for data that are normally distributed (Slocum et al., 2014; Tyner, 2014; Vasilca, 

2019). Furthermore, equal intervals and pretty breaks are most effective when the data are 

uniformly distributed, meaning the data distribution has no peak and is consistent (Kraak et 

al., 2021). Hence, these methods would not effectively represent data distribution in South 

Africa, nor would the data variability or nuances stand out. 

The remaining data classification methods that were tested in the user study along with their 

accuracy score measurements (or errors between class breaks), include: 

● Geometric interval, 

● Logarithmic scale, 

● Natural breaks (Jenks), and 

● Quantiles. 
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3.6 Map Design 

A total of 48 choropleth maps were created to depict the four study areas (local and 

metropolitan municipalities), three geographic units (hexagons, small area layers, and sub-

places), and four data classification methods (see Figure 23 to Figure 34). Based on the 

recommendations found in the literature, five class intervals were used for all the maps where 

possible. The default number of classes in both ArcGIS Pro and QGIS was set to five. 

Most GIS software applications include a variety of built-in colour and pattern schemes to 

display differences between class intervals when designing a choropleth map. Nevertheless, 

the researcher opted for the well-known generic colour scheme design web application, 

ColorBrewer,11 (Figure 22) to select differential colours for each class interval. To ensure 

consistency, a single colour scheme was used for all maps. ColorBrewer is a free web 

application, created by Brewer, that allows users to specify the number of data classes and 

select a predefined colour scheme. All maps were standardised by using a single sequential 

colour scheme ranging from light yellow to dark blue. Light grey was chosen for the boundary’s 

outline colour. 

 

Figure 22: ColorBrewer 2.0 

                                                
11 https://colorbrewer2.org/ 
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Although ColorBrewer requires a certain degree of manual work for the map designer – 

specifically copying RGB or hex values for each colour and manually updating the five auto-

generated colour schemes in ArcGIS Pro and QGIS – a similar colour scheme is built in and 

available in both GIS software applications: Yellow-Green-Blue in ArcGIS Pro and YIGnBu in 

QGIS. 

  

  

Figure 23: Buffalo City Metropolitan Municipality – Hexagon 
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Figure 24: Buffalo City Metropolitan Municipality – Small area layer 

  

  

Figure 25: Buffalo City Metropolitan Municipality – Sub-place 
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Figure 26: Mangaung Metropolitan Municipality – Hexagon 

  

  

Figure 27: Mangaung Metropolitan Municipality – Small area layer 
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Figure 28: Mangaung Metropolitan Municipality – Sub-place 

  

  

Figure 29: Polokwane Local Municipality – Hexagon 
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Figure 30: Polokwane Local Municipality – Small area layer 

  

  

Figure 31: Polokwane Local Municipality – Sub-place 
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Figure 32: City of Tshwane Metropolitan Municipality – Hexagon 

  

  

Figure 33: City of Tshwane Metropolitan Municipality – Small area layer 
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Figure 34: City of Tshwane Metropolitan Municipality – Sub-place 

 

Chapter 3 described the process followed to design choropleth maps so that the maps could 

be assessed with a user study (described in the next chapter) as well as through a 

mathematical equation that measures the error between class breaks for each data 

classification method (Chapter 5). A total of 48 choropleth maps were created depicting the 

four selected study areas (local and metropolitan municipalities), three geographic units 

(hexagons, small areas, and sub-places), and four data classification methods: geometric 

interval, logarithmic scale, natural breaks (Jenks), and quantiles.  
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4. USER STUDY 

4.1 Introduction 

Chapter 4 evaluates the suitability of data classification methods for choropleth maps depicting 

population demand (Research Objective 3: Identify the most suitable data classification 

method(s) to visualise population demand for decision makers in geographic accessibility 

studies in South Africa). Four data classification methods, available in both ArcGIS Pro and 

QGIS, were selected and assessed through a user study. 

The chapter is divided into four parts. Section 4.2 describes the user study design. Section 4.3 

gives an overview of the respondents who participated. Section 4.4 assesses the results 

derived from the user study, and Section 4.5 concludes with a discussion of the key findings. 

See Figure 35. 

 

Figure 35: User study flow diagram 

The results of the user study were used to elicit recommendations regarding the suitability of 

each method. These recommendations are useful for non-GIS professionals who need to 
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analyse population demand in South Africa but are unsure which data classification method 

will effectively display the country’s unique population distribution using choropleth maps. 

4.2 Study Design 

The user study includes a survey featuring an online questionnaire designed to assess 

respondents’ interpretations of choropleth maps depicting population demand (see 

Appendix C). The survey was created using Qualtrics,12 a secure online platform specifically 

designed for building and customising online questionnaires. Qualtrics enables researchers to 

create survey projects, allowing them to select and customise from a variety of built-in methods 

to design questions, such as radio buttons, drop-down menus, and click events. Click events 

are useful when assessing respondents’ interpretation and understanding of images. For 

example, respondents were asked to identify specific locations by clicking on a map. The 

questionnaire was accessible online through a web address link. Therefore, an internet 

connection was required to access and complete the questionnaire. 

Qualtrics also captures general statistics such as the starting date and time, as well as the 

duration to complete the questionnaire, including the time taken for each question. The 

structure of the questionnaire comprised four parts: 

• Introduction and background, 

• Demographic, academic, and skills characteristics of respondents, 

• Map literacy and colour vision tests, and 

• Choropleth map assessment. 

4.2.1 Introduction and Background 

The starting page of the questionnaire included a brief introduction, providing respondents 

with a concise description of the research goal, intended outcome, and potential applications 

of the results. The key concepts and terminology, including geographic accessibility and 

choropleth maps, were explained, followed by a brief overview of the questionnaire structure. 

Content regarding research ethics and participants’ consent was also added. See the text 

below. 

 

 

 

                                                
12 https://www.qualtrics.com/uk/ 
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Dear participant 

This survey evaluates the interpretation of different data classification methods for choropleth maps. Results 

from the survey will be used to develop a set of good practices for professionals who need to visualise 

population demand with choropleth maps in order to conduct geographic accessibility studies. 

 

What is geographic accessibility and how is it measured? 

Geographic accessibility is measured by calculating the physical distance people travel to specific facilities or 

service centres (such as clinics, community centres, police stations etc.). “Travelling long distances to reach 

these centres is costly and time consuming, especially to those who suffer the burden of poverty and 

deprivation”. Measuring geographic accessibility enables policy makers to implement effective strategies for 

the optimal positioning of service centres (close to the people). 

 

Choropleth (or thematic) maps are frequently used to visualise population demand for geographic accessibility 

studies. It is however noted that these maps are sometimes incorrectly interpreted or misunderstood which leads 

to ineffective optimisation strategies. These strategies include recommendations for (1) where to open a new 

service centre, i.e. the ’expansion model’ (2) where to close a current service centre, i.e. the ‘reduction model’ 

and (3) where to move a current service centre to a different location, i.e. the ‘relocation model’. 

 

What you need to do 

You will be shown 2 general map reading questions, as well as 48 map interpretation questions specifically 

related to geographic accessibility (where to open, close or move service centres). Please read each question 

carefully and then follow the instructions for providing an answer. 

 

Note that consent cannot be withdrawn once the questionnaire is submitted as there is no way to trace the 

particular questionnaire that has been filled in. Please answer the questions in the questionnaire as completely 

and honestly as possible. This should not take more than 30 minutes of your time. This study has received 

written approval from Research Ethics Committees of the Faculty of Natural and Agricultural Sciences (tel: 

012 420 4356). The results of the survey may be published in the media and/or an academic journal without 

identifying any of the participants individually. We will provide you with a summary of our findings on request. 

If you have any questions or comments, please do not hesitate to ask the facilitators or contact Lourens Snyman, 

lourens.snyman@up.ac.za 

 

By clicking ‘Next’, you agree to the above terms and provide your consent to use these results in this study. 

 

Thank you 

 

4.2.2 Demographic, Academic and Skills Characteristics of Respondents 

The first part of the questionnaire was designed to capture the respondents’ demographic 

characteristics and their current level of education. Demographics included age and gender. 

Details of their current academic enrolment programme were logged, including a summary of 

modules (subjects) that they are either busy with or have completed. Additionally, various self-

evaluation questions were designed, and respondents were asked to rate their level of training 

or proficiency in different categories related to visualisation, cartography, GIS, and data 

analysis. These categories included map reading, geography, statistics, cartography, 

planning, topographic maps, statistical maps, spatial data, web browsers, English as a 

language, and Google Maps. The rating scale ranged from 0 to 10, with a score of 10 being 

the highest. 
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4.2.3 Map Literacy and Colour Vision Test 

These questions were added to establish a general baseline of map literacy among of 

respondents and also to evaluate their ability to differentiate different colour scales, which 

could influence their ability to visualise choropleth maps. The two general map literacy 

questions were designed to test spatial orientation skills related to distance, direction, and the 

general identification of map features (Table 10). 

Table 10: Map literacy questions 

Definition Question 

Distance 

measurement 

What is the approximate distance (straight-line) between points A and B on the 

map? 

Sense of 

direction 

If I travel from Pretoria to Kungwini, I will be travelling in a(n) _________ direction. 

 

For the colour vision test, respondents were first asked whether a professional had ever 

informed them that they had imperfect colour vision. This was followed by a test in which they 

were required to differentiate between light and dark colour schemes. See Figure 36. 

 

Figure 36: Colour vision test 
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4.2.4 Choropleth Map Assessment 

The last part, which covers the main research objectives, includes map-specific questions (see 

Table 11) where respondents’ interpretations of choropleth maps depicting different data 

classification methods were assessed. Questions related to geographic accessibility were 

designed according to real-world scenarios. Respondents were required to differentiate 

between densely and sparsely populated areas and to identify locations that are over- or 

underserved for the optimal provision of service centres. Questions were structured based on 

the following facility location models identified in the DPSA’s (2012) geographic access 

guideline: 

• Expansion model, 

• Reduction model, and 

• Relocation model. 

Respondents were required to click on relevant locations on the map. The locations of existing 

service centres were randomly plotted; hence, they do not reflect an actual geographic 

footprint. 

Four questions were designed, each with varying levels of difficulty. Question 1 is considered 

the easiest, while Question 4 is considered the most difficult. Additionally, each question 

required respondents to click on a specific number of locations on the map, referred to here 

as ‘click events’. The underlying data classification method used for each choropleth map was 

not disclosed to respondents. 
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Table 11: Geographic accessibility questions 

Definition Question 
No. of Click 

Events 

Q1: 
Identify three areas on the map where the dwelling count is very 

low. Click on the relevant areas. 
3 

Q2: 

Identify the best area for opening a new service centre. Ideally the 

new centre should be located in a densely populated cluster (areas 

with a high dwelling count). The maximum threshold (catchment 

area of a service centre) is 10 km, i.e. a centre serves only people 

within 10 km from it. Anybody living further away is not served by 

that centre. 

1 

Q3: 

Identify two locations on the map to add additional service centres. 

These centres should be located in high-density clusters (areas with 

a high dwelling count) with no other facility nearby (further than 

10 km away from existing centres). 

2 

Q4: 

Identify two service centres that are incorrectly placed and should 

be relocated to different locations. Remember the ideal location 

would-be high-density clusters (areas with a high dwelling count) 

with no other facility close by (within 10 km). 

2 

 

A total of 48 static choropleth maps were used, covering the four study areas (local and 

metropolitan municipalities), three geographic units, and four data classification methods, as 

described in Chapter 3. 

Respondents were assigned exactly the same questions in the same sequence (within-subject 

participant assignment). One disadvantage of this method is a potential learning effect, 

meaning that a response to a question could be influenced or affected by previous questions. 

Thus, to eliminate sequential dependencies of responses and the potential learning effect, 

both the geographic unit and locality (study areas) changed throughout the questionnaire 

(Table 12). For reference, geographic units include hexagons, small area layers, and sub-

places. The four localities (or study areas) are: 

● A – City of Tshwane Metropolitan Municipality, 

● B – Buffalo City Metropolitan Municipality, 

● C – Polokwane Local Municipality, and 

● D – Mangaung Metropolitan Municipality. 
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Table 12: Structure of the questionnaire 

Data Classification 
Method 

Hexagon Small area layer Sub-place 

Geometric interval 

1 2 3 4 5 6 7 8 9 10 11 12 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

A B C D B C D A C D A B 

Logarithmic scale 

13 14 15 16 17 18 19 20 21 22 23 24 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

D A B C A B C D B C D A 

Natural breaks (Jenks) 

25 26 27 28 29 30 31 32 33 34 35 36 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

C D A B D A B C A B C D 

Quantiles 

37 38 39 40 41 42 43 44 45 46 47 48 

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 

B C D A C D A B D A B C 

 

For example, Question 22 (highlighted in orange in Table 12) includes: 

(1) Identify the best area for opening a new service centre, (2) the location (or study area) is 

Polokwane Local Municipality (C), and (3) the choropleth map shows population density on a 

sub-place level based on the logarithmic scale data classification method (see Figure 37). 

 

Figure 37: Question 22 – Identify the best area for opening a new service centre 
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4.3 Respondents 

Participation was completely voluntary, and a few lucky draw cash prizes were given to those 

who completed the entire survey. Participants were students from the University of Pretoria, 

enrolled in programmes or taking a module at the Department of Geography, Geoinformatics 

and Meteorology (GGM), with and without prior experience in geography and GIS. Students 

were chosen for the user study because they, in one way or another, represent the upcoming 

workforce of the country. 

The online questionnaire was available from June 2023 to October 2023, for a duration of four 

months. Before making the questionnaire available to participants, a pilot was conducted as 

recommended by Regmi et al. (2016) with three selected respondents to test overall 

functionality, ease of use, format of the captured data, and, lastly, the duration to complete the 

questionnaire. 

A total of 229 students participated in the user study, excluding those who completed the pilot 

study. Unfortunately, not all of them completed the questionnaire. Of the total number of 

participants, only 165 started with the 48 geographic accessibility questions, and of those, 107 

completed the entire questionnaire. Only responses from those who completed the entire 

questionnaire were used for analysis. Figure 38 shows the number of respondents per 

geographic accessibility question. The graph clearly shows the drop-out rate as respondents 

worked through the 48 questions. 

 

Figure 38: Number of respondents per geographic accessibility question 

The age of the respondents ranged from 18 to 27, with the majority falling within the 19–21-

year-old age group. Most were female (64%). Males comprised 35%, and one student 

preferred not to disclose their specific gender. 

From the 107 participants, most were registered in the BEd programme (Education) at the 

time of the survey (40%), followed by BSc Geography and Environmental Science, and BSc 

80

90

100

110

120

130

140

150

160

170

Q1 Q3 Q5 Q7 Q9 Q11 Q13 Q15 Q17 Q19 Q21 Q23 Q25 Q27 Q29 Q31 Q33 Q35 Q37 Q39 Q41 Q43 Q45 Q47

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



68 
 

Geoinformatics with 14% and 11%, respectively. Although BEd students are not enrolled in a 

programme in the Department of GGM, they do have the option to select subjects from GGM. 

Figure 39 shows the percentage of participants in each academic programme. The blue bars 

indicate programmes in which students have already been introduced to GIS. These 

comprised 34.6% of participants. 

 

Figure 39: Percentage of students in each academic programme 

The majority of respondents (97) took geography as a subject during their high school years. 

Of those, 42 (or 43.2%) were enrolled in the BEd academic programme. 

Students were also required to indicate the modules they have already completed or are 

currently taking. Again, these figures provide better insights regarding respondents’ overall 

skill levels. Table 13 shows the number of respondents who have completed or are currently 

taking a module, as well as the associated academic year of enrolment. Most participants 

were second-year students (78.5%), followed by third-year students (12.1%). 
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Table 13: Current academic year 

Modules  
(Current or Completed) 

Academic Year 
No. of 

Participants 

GMC110 1 7 

GGY283 2 11 

GGY283, GMC110 2 20 

GGY283, GMC110, GIS221 2 1 

GIS221 2 51 

GMC110, GIS221 2 1 

GGY283, GIS310, GGY383 3 1 

GGY283, GIS310, GMC110 3 8 

GGY383 3 2 

GIS310 3 1 

GIS310, GMC110 3 1 

GGY283, GIS310, GGY383, GIS221, GIS708 4 1 

GGY283, GIS310, GMC110, GIS708 4 1 

GIS310, GMC110, GIS221, GIS708 4 1 

Total 107 

 

In the first section of the questionnaire, respondents were asked to indicate whether they had 

ever lived in any of the areas selected for the user study. They could select multiple locations. 

Since the University of Pretoria is situated in the City of Tshwane Metropolitan Municipality, it 

was assumed that all participants would have lived there. The aim of this question was simply 

to determine whether they were familiar with other localities besides Tshwane. As expected, 

84% of participants currently reside in Tshwane or have previously done so. Of those, 15.9% 

indicated that they have also lived in Polokwane. Surprisingly, 14% indicated “None of the 

Above”. This may suggest that some respondents were unaware that Pretoria is part of the 

City of Tshwane Metropolitan Municipality, or that they did not read the question carefully. One 

person stayed in Buffalo City, while another stayed in Mangaung. 

4.4 Results 

This section evaluates the results obtained from the user study. The first part provides a broad 

overview of the findings based on respondents’ correct and incorrect answers (accuracy). The 

second part evaluates responses in reference to the four data classification methods. The 

objective and main purpose of this research were to determine whether certain data 

classification method(s) were easier or preferred for interpreting population demand with 

choropleth maps, specifically in relation to geographic accessibility. Finally, the accuracy of 

the responses was subsequently compared to various predictor variables defined for the user 

study to test their statistical significance. 
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Duration to Complete the Questionnaire 

Qualtrics logs the time required to answer each question; as a result, the overall duration to 

complete the questionnaire was calculated for each respondent. Based on the duration, two 

extreme outliers were recorded: 1 473 minutes (24 hours) and 1 507 minutes (25 hours), 

respectively. The average time to complete the questionnaire was 62 minutes, excluding two 

outliers, while the median time was 41 minutes. Furthermore, the 20th and 80th percentiles 

were 29 and 60 minutes, respectively, while the 50th percentile equalled a duration of 

approximately 40 minutes, as shown in Figure 40. 

 

Figure 40: Duration in minutes to complete the entire questionnaire per 5th percentile 

The average duration to answer one of the 48 geographic accessibility questions, which is the 

main component of the questionnaire, was 35 seconds with a median of 18 seconds. Each 

question comprised three components: (a) click events to identify location(s) on a map; (b) a 

rating of your confidence level in answering the specific question; and (c) a rating of your 

perceived difficulty level of the question. 

Validating Responses 

The click locations of the respondents were assessed, validated, and flagged as either correct 

or incorrect, with 1 indicating a correct response and 0 indicating an incorrect one. 

Unfortunately, it was not possible to design the accessibility questions in Qualtrics in a way 

that allowed responses (click events on the map) to be automatically assessed as correct or 

incorrect. Although a built-in function is available to add custom regions to a map image 
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(representing correct areas), it can only draw squares, which lack the granularity needed for 

evaluation purposes. 

Eventually, a manual process in QGIS was used to evaluate the responses. Firstly, for each 

click event on the map in Qualtrics, the X and Y pixel values were captured, saved, and then 

imported into QGIS in CSV format. Additionally, the 48 map images used in Qualtrics were 

imported into QGIS, which allowed for an accurate overlay of the map images and the 

corresponding responses based on pixel values. For example, Figure 41 shows the actual 

click events of all respondents for Question 2: 

Identify the best area for opening a new service centre. Ideally the new centre should be located in 

a densely populated cluster. The maximum threshold (catchment area of a service centre) is 10 km, 

i.e. a centre serves only people within 10 km from it. Anybody living further away is not served by 

that centre. 

Points, displaying the click events, highlighted in red were manually flagged as incorrect 

following a visual inspection. The yellow dots indicate the correct locations. Questions were 

designed based on the DPSA’s expansion, reduction, and relocation models (described in 

Chapter 2). Based on this example, respondents should ideally identify localities where the 

underlying polygon and neighbouring polygons are shaded in dark blue. Points located in 

yellow or light blue areas were flagged as incorrect. 

 

Figure 41: Choropleth map depicting correct and incorrect click events 
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4.4.1 Evaluating Choropleth Maps to Visualise Population Demand in South 

Africa 

Overall, the respondents performed well in the user study, achieving an average accuracy rate 

of 89.9% on the 48 geographic accessibility questions. Four respondents scored 100%, while 

three individuals recorded the lowest accuracy level of 64.6%. The histogram (Figure 42) 

shows the number of respondents (frequency) by percentage accuracy, grouped into five 

percent intervals ranging from 65% to 100%. A calculated skewness of −1.213 indicates that 

the data are not normally distributed but are rather negatively skewed, which was expected 

given the high average percentage of accuracy. 

 

Figure 42: Histogram showing the overall percentage accuracy of respondents 

4.4.1.1 Age and Gender 

A comparison of percentage accuracy based on gender did not reveal any significant 

differences. Females performed slightly better, achieving a rate of 90.2%, followed by males 

at 89.4%. The participant who preferred not to indicate a gender scored 84.4%. Table 14 

shows the percentage accuracy per age. On average, participants aged 18 answered most 

questions correctly at a rate of 96.3%. One participant, aged 27, achieved a 93.8% accuracy, 

followed by ages 22 and 23 with 91.4% and 90.5%, respectively. The lowest percentage 

accuracy, which was 88.7%, was calculated for 18 participants, all aged 19. 
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Table 14: Percentage accuracy by age 

Age 
No. of 

Respondents % Accuracy 

18 5 96.3% 

19 18 88.7% 

20 34 89.8% 

21 27 89.9% 

22 9 91.4% 

23 6 90.5% 

24 3 89.6% 

25 2 76.0% 

26 2 89.6% 

27 1 93.8% 

 

4.4.1.2 Education 

Respondents with prior knowledge or experience in geography performed slightly better 

(92.0%) than those without previous experience (88.8%). Additionally, the frequency of map 

use does influence the percentage accuracy of responses. Students who indicated that they 

use maps once a week or every day performed well (91.8% and 90.3%) compared to those 

who use maps only once a month (87.8%) or rarely (86.2%). 

Third-year students outperformed both second- and first-year students, achieving 93.9%, 

compared to 89.4% and 88.8%, respectively. Only three fourth-year students participated in 

the study. Two of them achieved a percentage accuracy above 98% and one scored 64.6%. 

4.4.1.3 Map Literacy 

The results from the two map literacy questions indicate that 91.5% of respondents answered 

the question about direction correctly. In contrast, only 53.2% of the 57 respondents answered 

the distance-related question correctly. A possible explanation is that respondents estimated 

the distance by eyeballing the scale bar for reference. Among these 57 participants, the 

average accuracy for the 48 geographic accessibility questions was 89.8%. Those who 

answered incorrectly had a very similar accuracy rate of 89.9%. This suggests that there is no 

conclusive relationship between the map literacy test, which consisted of two questions, and 

the accuracy of responses in the geographic accessibility questionnaire. 

4.4.1.4 Vision Test 

Ten respondents (9.3%) indicated that a professional had informed them that they have 

imperfect colour vision. Their average percentage accuracy was 87%. Of those, only two 

respondents failed the colour test in the questionnaire, meaning that although they have some 

imperfect colour vision, they can still differentiate colours. Also, results from the colour test 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



74 
 

revealed that ten respondents incorrectly identified only one of the eight colours, while an 

additional four respondents made two mistakes. Based on these findings, it was decided that 

the results from these participants should not be excluded from the analysis. 

4.4.1.5 Training and Expertise 

To understand respondents’ technical skills and proficiency, they were asked to rate their level 

of training or proficiency on a rating scale ranging from 0 to 10, where a score of 10 ranked 

highest. Figure 43 shows the average rating for each respondent per category. Proficiency in 

English received the highest ranking of 8.9, followed by Google Maps with a ranking of 8.6. 

Cartography and statistics were ranked lowest, with scores of 5.8 and 5.7, respectively. The 

overall average rating for all categories combined was 7.1. 

 

Figure 43: Average level of training (or expertise) per category 

Initially, the researcher compared respondents’ self-perceived levels of efficiency with their 

percentage accuracy scores to assess the strength of the linear relationship. The goal was to 

determine whether specific skills would increase the probability of respondents correctly 

interpreting choropleth maps. 

The scatterplots presented in Figure 44 compare the percentage accuracy per respondent 

with their self-perceived level of expertise for each category separately. In general, neither the 

Pearson coefficient nor the scatterplots revealed a linear relationship between response 

accuracy and self-perceived experience levels. 
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Figure 44: Linear relationship between respondents’ percentage accuracy and self-perceived experience levels 

Subsequently, a second test was conducted to determine potential relationships in the data 

by comparing the average accuracy score of respondents to each recorded level of efficiency 

(1–10) per category. As an example, Table 15 shows the results for self-perceived efficiency 

with spatial data only. Of the 107 respondents, seven rated their experience with spatial data 

as a 10. The average percentage accuracy was 91.5%, ranging from a minimum of 75% to a 

maximum of 100%. 

Table 15: Accuracy score compared to respondents’ self-perceived level of efficiency working with spatial data 

Efficiency 
Level 

Average % 
Accuracy 

Min. 
% Accuracy 

Max. 
% Accuracy 

No. of 
Respondents 

1 77.3 64.6 89.6 4 

2 93.8 93.8 93.8 1 

3 88.5 83.3 97.9 3 

4 90.5 78.1 94.8 7 

5 90.1 77.1 99.0 17 

6 88.5 67.7 99.0 19 

7 87.8 64.6 100.0 27 

8 94.2 69.8 100.0 17 

9 97.7 94.8 100.0 5 

10 91.5 75.0 100.0 7 

Total 107 
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Again, a Pearson product moment correlation coefficient (PPMCC) test was conducted to 

compare the average percentage accuracy of participants against each efficiency level, for all 

the different skills categories (Table 16). The PPMCC strength of the relationships was 

grouped into four classes: strong, moderate, weak, and none, or very weak (adopted from 

Xiao et al. (2016). 

Table 16: Linear relationship strength between accuracy scores and self-perceived level of efficiency 

Category 
Pearson Product Moment 

Correlation Coefficient 
Strength 

Map reading 0.435 Moderate 

Geography −0.242 Weak 

Statistics 0.426 Moderate 

Cartography −0.139 Weak 

GIS −0.425 Moderate 

Planning 0.443 Moderate 

Topographic Maps 0.268 Weak 

Statistical Maps 0.056 Weak 

Spatial Data 0.591 Moderate 

Web Browsers −0.067 Weak 

English as language 0.314 Moderate 

Google Maps −0.486 Moderate 

 

A moderate linear relationship exists between the average percentage accuracy of 

respondents and their self-perceived level of expertise in the following categories: 

• Map reading, 

• Statistics, 

• GIS, 

• Planning, 

• Spatial data, 

• English, and 

• Google Maps. 

The strongest linear relationship was measured for spatial data (0.591), followed by Google 

Maps (−0.486, indicating a negative relationship) and statistics (0.426). Statistical maps were 

ranked lowest with a very weak Pearson product moment correlation coefficient of 0.056. 

4.4.2 Comparison of Data Classification Methods 

This section assesses the accuracy of responses, specifically the percentage of correct and 

incorrect answers among respondents, in relation to the four data classification methods. The 

first part includes a series of data tests to determine whether the data are fit for purpose and 
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statistically relevant for analysis. This is followed by a results section in which response 

accuracies were evaluated based on the four data classification methods. 

Although the goal and primary objective of this research were to evaluate the suitability and 

effectiveness of different data classification methods for visualising population demand with 

choropleth maps, the researcher also sought to determine whether other variables are 

significantly associated with response accuracies. Hence, Section 4.4.3 focuses on response 

accuracies in relation to secondary predictor variables. Apart from the four data classification 

methods, other predictor variables include the type of geographic accessibility question, study 

areas, geographic units, respondents’ perceived difficulty scores for each question, and 

confidence ratings. 

4.4.2.1 Data Inspection 

Shapiro–Wilk Test 

Firstly, a Shapiro–Wilk test (Kwak & Park, 2019) was conducted to test for normality in the 

data. This test compared the percentage of correct answers given by each respondent to the 

48 choropleth map questions in the questionnaire. The questions assessed respondents’ 

ability to solve one of the four geographic accessibility problems and depict a specific data 

classification method, geographic unit, and study area. Different study areas and geographic 

units were presented to limit a possible learning effect while respondents completed the 

survey. 

The purpose of the test was to determine whether the data were parametric (normally 

distributed) or nonparametric (skewed). Which, in turn, determined the appropriate statistical 

methods for further comparative analyses. Results from the Shapiro–Wilk test revealed a not 

normal distribution (sig. < 0.001) for all the questions except for Question 38 (see Appendix B). 

This implies a non-normal distribution for the predictor variables. 

Kruskal–Wallis Test 

Secondly, a Kruskal–Wallis test was conducted to determine whether there were statistically 

significant differences between the accuracy scores and the four data classification methods. 

This test is usually performed on nonparametric data. The results from the Kruskal–Wallis test 

(Figure 45) confirmed that there are statistically significant differences in accuracy scores 

among the four data classification methods, p-value (< 0.001). 
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Figure 45: Kruskal–Wallis test 

Friedman Test 

Unfortunately, although a significance score of less than 0.001 was obtained based on the 

Kruskal–Wallis test, the questionnaire was designed so that all 107 respondents answered 

questions related to each of the four data classification methods. This violates the third 

assumption of the Kruskal–Wallis test: “You should have independence of observations” 

(Laerd Statistics, n.d.). This means that there should be different participants for each group, 

as defined by the data classification method used in this research. 

Hence, the Friedman test was done (Figure 46) to test for differences among the four data 

classification methods. This test is also recommended for nonparametric data distributions. 

The statistics table confirms a significance score of less than 0.001, indicating that there are 

statistically significant differences between the data classification methods. 

 

Figure 46: Friedman test 

4.4.2.2 Response Accuracy of the Four Data Classification Methods 

Although the percentage accuracy for each data classification method was notably high, 

respondents were more likely to provide correct answers for the maps depicting the quantiles 

data classification method (92.3%). This was followed by natural breaks (Jenks) and geometric 

interval with 91.2% and 88.8%, respectively. The logarithmic scale was ranked lowest, with 

an accuracy of 87.2%. Descriptive statistics (Table 17) highlights the data distribution, 

specifically the percentage accuracy of participants, for each data classification method. 
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The median percentage accuracy for both quantiles and natural breaks (Jenks) was 95.8%, 

while it was 91.7% for the geometric interval and logarithmic scale. 

Table 17: Descriptive statistics based on responses per data classification method 

Geometric interval 

Mean 88.82% 

Median 91.67% 

Minimum 54.2% 

Maximum 100.0% 

Skewness −0.938 

Kurtosis −0.148 

Logarithmic scale 

Mean 87.19% 

Median 91.67% 

Minimum 62.5% 

Maximum 100.0% 

Skewness −0.682 

Kurtosis −0.660 

Natural breaks (Jenks) 

Mean 91.24% 

Median 95.83% 

Minimum 58.3% 

Maximum 100.0% 

Skewness −1.319 

Kurtosis 0.777 

Quantiles 

Mean 92.29% 

Median 95.83% 

Minimum 50.0% 

Maximum 100.0% 

Skewness −1.947 

Kurtosis 3.280 

 

The box plot in Figure 47 shows the percentage accuracy per respondent for the four data 

classification methods. Quantiles and natural breaks (Jenks) exhibit less variation, albeit with 

fewer outliers (mild outliers are marked with black dots and extreme outliers are marked with 

stars) than the other two methods. 
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Figure 47: Accuracy score per data classification method 

The skewness and kurtosis of the data classification methods showed significant differences. 

The skewness for both natural breaks (Jenks) and quantiles was below −1, with values of 

−1.319 and −1.947, indicating a strongly negatively skewed distribution. The geometric interval 

and logarithmic scale had a skewness of −0.938 and −0.682, respectively, depicting a slightly 

more normal distribution. See Figure 48. 

 

Figure 48: Histogram showing data distribution per data classification method 
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4.4.3 Significance of Predictor Variables 

This section focuses on response accuracies relative to secondary predictor variables. 

Although the goal and main objective of this research were to evaluate the suitability and 

effectiveness of different data classification methods to visualise population demand with 

choropleth maps, the researcher also wanted to test whether secondary predictor variables, 

as defined in the user study design, could be significantly associated with response accuracies 

in general, as well as for each data classification method individually. These variables include: 

• Question – the four geographic accessibility questions, 

• Location – the four study areas, 

• GeoUnit – the defined geographic units (hexagons, small area layer, and sub-places), 

• Confidence – the confidence level in answering a specific question, and 

• Level – the rating of the perceived difficulty level of a question. 

A logistic regression analysis was used to test the significance of all predictor variables against 

a single dichotomous dependent variable, which represented respondents’ answers as either 

correct or incorrect responses. In this question, 1 indicated a correct response, while 0 

indicated an incorrect response. These predictor variables were tested against the entire data 

set with all responses combined, as well as individually for each data classification method. A 

logistic regression analysis is frequently used when the predicted outcome is binary, for 

example on/off or pass/fail (Healy, 2006). In this case, it was applied to distinguish between 

respondents’ correct and incorrect answers. Calculations were performed in RStudio using 

the car (companion to applied regression) library. For the first iteration, which used the entire 

data set, a statistically significant score of less than 0.001 was achieved for the following 

predictor variables (Table 18): 

• Question – the four geographic accessibility questions, 

• Location – the study areas, and 

• Level – the rating of perceived difficulty level of a question. 

R script 
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Table 18: Significance score of predictor variables 

 

 

For the second iteration, four subsets of the data were created, each representing responses 

for a specific data classification method. Additionally, response accuracies were tested against 

the defined predictor variables. Table 19 shows the significance scores per data classification 

method for each variable. 

Overall, for the entire data set and for each data classification method, geographic accessibility 

questions were found to be a statistically significant predictor (sig. < 0.001). However, some 

variation exists between the individual data classification methods and the remaining predictor 

variables. 

The perceived difficulty level of a question was significant (sig. < 0.001) for all data 

classification methods, except for quantiles. Furthermore, location (study areas) was only 

significant for the geometric interval and logarithmic scale. Geographic units and confidence 

were not statistically significant. Only geographic accessibility questions proved to be 

significant for responses based on the quantiles data classification method. 
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Table 19: Significance score of predictor variables for each data classification method 

Geometric Interval 

 

Logarithmic Scale 

 

Natural Breaks (Jenks) 

 

Quantiles 
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The following section compares the accuracy of both correct and incorrect responses with the 

four predictor variables, examining the results overall and for each data classification method 

individually. 

4.4.3.1 Geographic Accessibility Questions 

As described in the study design (Section 4.2), four geographic accessibility questions were 

designed based on real-world scenarios. In theory, these questions also varied in increasing 

levels of difficulty. Question 1 was the easiest, while Question 4 was considered the most 

difficult. The results confirmed our theory (Table 20). Most participants answered Question 1 

correctly (95.3%), followed by Questions 2, 3, and 4 with 94.0%, 88.2%, and 81.5%, 

respectively. This was also true for each data classification method except quantiles, where 

respondents performed slightly better on Question 2 than Question 1 (96.6% vs 95.0%). 

Based on these results and the fact that geographic accessibility questions proved to be 

statistically significant for all data classification methods, the target audience, including 

decision makers and map users, should not only be familiar with choropleth maps in a real-

world scenario, but they must also understand the principles of geographic accessibility 

analysis, as described in Chapter 2, to effectively study and interpret choropleth maps that 

depict population demand. 

Table 20: Percentage accuracy per geographic accessibility question type and data classification method 

Question 
Geometric 

Interval 
Logarithmic 

Scale 

Natural 
Breaks 
(Jenks) 

Quantiles 
Overall 
Average 

Q1 96.4% 91.9% 97.8% 95.0% 95.3% 

Q2 92.8% 91.3% 95.3% 96.6% 94.0% 

Q3 84.9% 85.0% 88.0% 94.7% 88.2% 

Q4 79.4% 80.2% 82.6% 83.6% 81.5% 

 

4.4.3.2 Study Areas 

Study areas proved to be statistically significant overall, as well as for maps depicting 

geometric interval and logarithmic scale classification methods. Respondents provided the 

most correct answers for choropleth maps showing the Mangaung Metropolitan Municipality 

(92.2%). Upon visual inspection, the municipality appears to have large, sparsely populated 

areas, with only a few high-density locations. The City of Tshwane Metropolitan Municipality 

ranked second, followed closely by the Buffalo City Metropolitan Municipality, which achieved 

scores of 89.9% and 89.5%, respectively. The most incorrect answers were for the Polokwane 

Local Municipality, with 87.9% (Figure 49). 
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Figure 49: Percentage accuracy per study area 

Table 21 shows the percentage accuracy per study area for maps depicting the four data 

classification methods. The table highlights variations in response accuracy between study 

areas and data classification methods. Hence, study areas influence respondents’ 

interpretation of choropleth maps. For maps showing the Buffalo City Metropolitan 

Municipality, respondents provided the most accurate answers for the quantiles data 

classification method, followed by the geometric interval method. Results for the City of 

Tshwane Metropolitan Municipality are notably different. Most correct answers were based on 

natural breaks (Jenks) and logarithmic scale. Quantiles and natural breaks (Jenks) were best 

interpreted for maps showing the Mangaung Metropolitan Municipality, with natural breaks 

(Jenks) being the highest for the Polokwane Local Municipality, followed by quantiles. 

Table 21: Percentage accuracy per study area and data classification method 

Study Area 
Geometric 

Interval 
Logarithmic 

Scale 

Natural 
Breaks 
(Jenks) 

Quantiles 

Buffalo City Metropolitan Municipality 92.1% 85.4% 86.2% 93.2% 

City of Tshwane Metropolitan Municipality 85.2% 91.3% 94.1% 89.9% 

Mangaung Metropolitan Municipality 88.8% 91.1% 93.3% 95.3% 

Polokwane Local Municipality 89.9% 79.1% 90.7% 90.2% 

 

4.4.3.3 Geographic Units 

Geographic units were not identified as a statistically significant predictor; neither overall nor 

for any of the four data classification methods. Respondents provided more correct answers 

(90%) for maps showing population density by sub-place, followed by hexagon and small area 

layers, with 89.9% and 89.7% correct answers, respectively. 
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Table 22 shows the percentage accuracy per data classification method and geographic unit. 

Quantiles scored the highest percentage accuracy for both hexagons and small area layers, 

with scores of 93.7% and 91.9%, respectively. On the sub-place level, natural breaks (Jenks) 

was first, followed by quantiles. Natural breaks (Jenks) was also the second-highest for maps 

showing hexagons and third based on small area layer polygons. Although geographic units 

were not identified as a statistically significant predictor, the results suggest some variation in 

response accuracies between the four data classification methods and geographic units. 

Table 22: Percentage accuracy by geographic unit and data classification method 

Data Classification Method Hexagon Small Area Layer Sub-Place 

Geometric interval 88.4% 88.3% 89.7% 

Logarithmic scale 84.1% 89.8% 87.6% 

Natural breaks (Jenks) 93.3% 88.8% 91.6% 

Quantiles 93.7% 91.9% 91.2% 

 

4.4.3.4 Self-perceived Confidence Level 

Self-perceived confidence level was also not identified as a statistically significant predictor. 

For each of the 48 map questions, respondents were asked to rate their confidence in their 

answers on a scale from 0 to 10, with 10 indicating complete confidence. The average and 

median confidence level per question was 8 overall, as well as for each data classification 

method individually, except for the logarithmic scale, which had an average confidence level 

of 7. Additionally, minimum and maximum confidence levels of 0 and 10 were recorded for all 

data classification methods. 

4.4.3.5 Self-Perceived Difficulty Rate 

A significant relationship was found between the percentage accuracy of respondents and 

their self-perceived difficulty rate per question for all data classification methods, except for 

quantiles (Table 23). Respondents were asked to indicate a difficulty level per question ranging 

from very easy, easy, neutral, difficult, to very difficult. Questions rated as very easy would 

likely have the highest percentage of accuracy, followed by a gradual decrease, with questions 

rated as very difficult having the lowest percentage of accuracy. Results generally followed 

this pattern except for questions rated as very difficult. A percentage accuracy of 95% was 

calculated for questions considered to be very easy. This was followed by easy, neutral, and 

difficult, with 92.1%, 85.6%, and 80.4%, respectively. The percentage accuracy of questions 

that respondents considered very difficult was, however, higher at 83.8% compared to those 

considered difficult (80.4%). 
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Table 23: Percentage accuracy and self-perceived difficulty rate 

Rate % Accuracy 

Very Easy 95.0% 

Easy 92.1% 

Neutral 85.6% 

Difficult 80.4% 

Very Difficult 83.8% 

 

Figure 50 shows the percentage accuracy of responses per data classification method. A 

similar pattern was observed in which the percentage accuracy gradually decreased with each 

perceived difficulty level, ranging from very easy to very difficult. The overall percentage 

accuracy for quantiles was very high, regardless of the perceived difficulty level. The lowest 

percentage accuracy was recorded for the difficult and very difficult levels based on the 

geometric interval data classification method, with 69% and 67%, respectively. The highest 

percentage of accuracy (97%) was calculated for natural breaks (Jenks) when the questions 

were considered to be very easy. 

 

Figure 50: Percentage accuracy and self-perceived difficulty rate per data classification method 

4.5 Discussion 

Four key topics emerged from the findings of this chapter that require further discussion. The 

first is the use of choropleth maps to visualise population demand in South Africa. The second 

area of discussion focuses on the respondents’ interpretation of the various data classification 

methods for choropleth maps. The results from the user study revealed that certain methods 

were easier or preferred for interpreting population demand compared than others. The third 

area describes the demographic, academic, and technical efficiency characteristics of the 

respondents. The final part of the discussion focuses on various predictor variables, as defined 
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in the user study design, which were significantly associated with response accuracies, 

including both correct and incorrect answers from respondents. 

Choropleth Maps 

Choropleth maps are “One of the oldest, and still one of the most frequently used techniques 

to visualise quantitative data in a GIS” (Tyner, 2014). This is also true in South Africa. 

Choropleth maps are frequently used by the IEC to visualise voting and registration patterns. 

The IEC’s (2019) Atlas of Results allows users to analyse political party support using 

pregenerated choropleth maps for different geographic units, including voting districts, wards, 

and municipalities. Statistics South Africa (2023b) uses choropleth maps to display population 

distribution and growth patterns across the country. Other examples include a study by Public 

Health that used choropleth maps to analyse cervical cancer screening (Makura et al., 2016), 

and examine the relationship between population distribution and economic activity across the 

Gauteng city region (Mosiane & Murray, 2021). In a study conducted by the University of 

Pretoria, choropleth maps were used to display both isochrones (travel time to cath lab 

facilities) and population density by ward. The purpose of the study was to identify populated 

areas across South Africa where access to cath labs exceeds specified travel-time thresholds 

(Coetzee et al., 2021). 

To design a choropleth map, information about an area is grouped or categorised into classes 

and visually represented using symbols, such as the shading of colour (De Smith et al., 2018). 

Slocum et al. (2014) noted that a choropleth map is “the most commonly used (and abused) 

method of thematic mapping”. One disadvantage of choropleth maps for visualising statistical 

data is the tendency to “overemphasize large, yet often sparsely populated, administrative 

areas because of their strong visual weight” (Besançon et al., 2020). In South Africa, this is 

also true, as population data shows that rural areas occupy a larger geographic space than 

smaller, densely populated urban areas (Harris et al., 2017). The four study areas identified 

for this study comprise a variety of settlement typologies, including sparsely populated rural 

areas. The analysis confirmed that the population is not normally distributed in any of the four 

selected study areas; instead, it is highly skewed. 

Comparison of Data Classification Methods 

In this research, it was essential to first assess whether choropleth maps are useful for 

visualising population distribution in South Africa, and secondly, whether choropleth maps are 

useful to identify over- and underserved areas for geographic accessibility analysis. The 

results from this chapter suggest that choropleth maps are indeed an effective and easy-to-

use technique for visualising population demand. The average accuracy percentage for the 

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



90 
 

107 participants who completed the online questionnaire, based on the 48 geographic 

accessibility questions, was 90%. Four respondents scored 100%, and the lowest recorded 

accuracy was 65% among three individuals. 

In another map reading experiment regarding the interpretation of COVID-19 data, choropleth 

map visualisations were compared to graduated symbols. The results from an online 

questionnaire revealed that choropleth maps were much easier to read than graduated 

symbols (Sukraini et al., 2022). These results, along with the high percentage of accuracy 

achieved in the user study, likely explain why choropleth maps are popular and widely used. 

Before comparing respondents’ interpretations of choropleth maps depicting specific data 

classification methods, the researcher wanted to test for differences within groups, specifically 

the percentage accuracy of responses for each of the four data classification methods. Results 

confirmed a significance score of less than 0.001, suggesting that statistically significant 

differences exist between groups. The percentage accuracy of responses for each of the four 

data classification methods was notably high. Respondents were, however, more likely to 

provide correct answers for maps depicting the quantiles data classification method (92%), 

followed by natural breaks (Jenks) and geometric interval, with 91.2% and 88.8% accuracy, 

respectively. The logarithmic scale was ranked the lowest, with an accuracy of 87.2%. In a 

previous study, Brewer and Pickle (2002) assessed seven data classification methods for 

classifying epidemiological data using choropleth maps. These methods included hybrid equal 

intervals, quantiles, box plots, standard deviation, natural breaks (Jenks), minimum boundary 

error, and shared area. Their map interpretation questions were designed in such a way that 

certain question types were more difficult than others. The findings from their study also 

indicate that quantiles, followed by minimum boundary error classification methods, provided 

the most accurate results, which participants best interpreted. This was followed by natural 

breaks (Jenks) and a hybrid version of equal intervals (Brewer & Pickle, 2002). These findings 

could encourage future research to better understand which data classification methods work 

best for different data types and visualisation tasks. 

Demographic, Academic, and Technical Efficiency Characteristics of Respondents 

The literature widely supports the notion of a male advantage in spatial abilities. For example, 

a general map reading skills test conducted by Albert et al. (2016), which focused on 

orientation, distance, topographic elements, geographic names, map symbols, and 

hypsography, showed that map reading competency varied based on gender, nationality, and 

age group. A significantly higher percentage of males provided correct answers regarding the 

interpretation of hypsography compared to females. In another example related to spatial 
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tasks, the slowest mean reaction time and lowest mean accuracy were recorded for females 

(Lloyd & Bunch, 2008). 

For this study, however, a comparison of percentage accuracy based on gender did not reveal 

any significant differences. Females performed slightly better, with a rate of 90%, followed by 

males at 89%. It is also worth noting that of the 107 respondents, 64% were female, while 

35% were male; hence, the gender distribution was unequal. One student preferred not to 

indicate a specific gender. Third-year students outperformed second- and first-year students, 

achieving a rate of 94%, compared to 89.4% and 88.8%, respectively. Only three fourth-year 

students participated in the study. Two of them achieved a percentage accuracy above 98% 

and one scored 64.6%. 

A moderate linear relationship exists between the average percentage accuracy of 

respondents and their self-perceived level of expertise in the following categories: map 

reading, statistics, GIS, planning, spatial data, English, and Google Maps. The strongest linear 

relationship was measured for spatial data (0.591), followed by Google Maps (−0.486, 

indicating a negative relationship) and statistics (0.426). Statistical maps were ranked lowest 

with a very weak Pearson product moment correlation coefficient of 0.056, which is ironic since 

choropleth maps are indeed statistical maps. The average percentage accuracy for the user 

study was 90%. Hegarty et al. (2002) noted that although evidence suggests that people tend 

to “overestimate their abilities” in areas such as logic, grammar, and humour, observations 

from their study show that people are “somewhat truthful and accurate in estimating their 

environmental spatial abilities”. However, a map literacy experiment by Rautenbach et al. 

(2014) highlighted that there was no significant correlation between participants’ self-rated 

level of experience and their performance accuracy. Further research on the subject could 

include experiments to confirm whether these relationships exist factually. 

Significance of Predictor Variables 

The last part of the discussion focuses on predictor variables that were significantly associated 

with response accuracies in general, as well as each with data classification method 

individually. These predictor variables include the four geographic accessibility questions, the 

four study areas, defined geographic units (hexagons, small area layer, and sub-places), 

participants’ confidence levels in answering a specific question, and their perceived difficulty 

levels of a question. 

Overall, for each data classification method, the geographic accessibility questions proved to 

be a statistically significant predictor (sig. < 0.001). Geographic accessibility questions were 

designed based on real-world scenarios and varied in increasing levels of difficulty. Question 1 
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was the easiest, while Question 4 was considered the most difficult. The results from the user 

study show that most participants answered Question 1 correctly (95%), followed by 

Questions 2, 3, and 4, with 94%, 88%, and 82% accuracy, respectively. This is also true for 

each of the four data classification methods, except for quantiles, where respondents 

performed slightly better on Question 2 than Question 1 (97% versus 95%). Based on these 

results and the fact that geographic accessibility questions proved to be statistically significant 

for all the data classification methods, the target audience, decision maker, or map user in a 

real-world scenario should not only be familiar with choropleth maps; they must also 

understand the principles of geographic accessibility analysis, as described in Chapter 2, to 

effectively study and interpret choropleth maps depicting population demand. 

The four study areas were found to be significant overall, as well as when using both geometric 

interval and logarithmic scale data classification methods. It is worth mentioning that the study 

areas were not statistically significant predictors for the quantiles and natural breaks (Jenks) 

methods. However, respondents preferred these methods for interpreting population demand 

compared to the other two methods. 

Overall, respondents provided the most correct answers for choropleth maps depicting the 

Mangaung Metropolitan Municipality (92%). Based on the visual inspection, the municipality 

is characterised by large, sparsely populated areas with only a few high-density locations, 

making it easier for respondents to identify the correct locations, regardless of the data 

classification method used. The City of Tshwane Metropolitan Municipality was second, 

followed by Buffalo City Metropolitan Municipality which achieved scores of 89.9% and 89.5%, 

respectively. The most incorrect answers were for the Polokwane Local Municipality, with 

87.9%. One would expect respondents to achieve the highest accuracy percentage for maps 

depicting the City of Tshwane Metropolitan Municipality since the University of Pretoria is 

located within the metro. Therefore, the respondents would be familiar with the area (Boscoe 

& Pickle, 2003). Although a high percentage of accuracy was recorded for all study areas, 

these findings indicate that different data classification methods are sensitive to the selection 

of study area. Another possibility to consider is that the maps (study areas) were not presented 

to respondents in a consistent order, which may have helped prevent a potential learning 

effect. 

The size and shape of areas or polygons, also referred to as geographic units, were identified 

by Robinson (1995) as important elements for choropleth maps. Boscoe and Pickle (2003) 

further defined the ideal characteristics of geographic units, among others, as: “a high degree 

of resolution, homogeneity of population size and land area, minimum population thresholds 

and land area thresholds, compactness of shape, audience familiarity and functional 
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relevance”. Based on the results of the user study, geographic units were not found to be 

statistically significant predictors, either overall or in relation to any of the four data 

classification methods. Quantiles scored the highest percentage accuracies for both hexagon 

and small area layer, with scores of 93.7% and 91.9%, respectively. At the sub-place level, 

natural breaks (Jenks) was first, followed by quantiles. Natural breaks (Jenks) was also the 

second-highest for maps showing hexagons and third for small area layer polygons. Although 

geographic units were not identified as a statistically significant predictor, the results suggest 

some variation in response accuracies between the four data classification methods and 

geographic units, indicating a need for further research on the effective use of geographic 

units. 

There was a significant relationship between the percentage accuracy of respondents and 

their self-perceived difficulty rate per question based on all the data classification methods 

except for quantiles. For each of the 48 map questions, respondents were asked to indicate a 

difficulty level ranging from very easy, easy, neutral, difficult, to very difficult. Questions rated 

as very easy generally had the highest percentage accuracy, followed by a gradual decrease, 

with questions rated as very difficult having the lowest percentage accuracy. The results 

generally followed this pattern, except for questions rated as very difficult. A percentage 

accuracy of 95% was calculated for questions considered very easy. This was followed by 

easy, neutral, and difficult, with 92.1%, 85.6%, and 80.4%, respectively. The percentage 

accuracy of questions that respondents considered to be very difficult was, however, higher 

at 83.8% compared to those considered to be difficult (80.4%). The results confirm what 

Rautenbach et al. (2017) found when developing and evaluating a task taxonomy for spatial 

planning through a map literacy experiment using topographic maps; namely, that the 

accuracy score of participants correlated with their self-perceived difficulty level of a question. 
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5. ERROR CALCULATION OF CLASS BREAKS 

5.1 Introduction 

The results from the user study discussed in Chapter 4 show that respondents were more 

likely to provide correct answers for maps depicting the quantiles data classification method, 

followed by the natural breaks (Jenks) method, and then the geometric interval method. The 

logarithmic scale was the least preferred method. 

Chapter 5 continues to evaluate the suitability of these four data classification methods by 

means of a mathematical equation. The equation calculates the error between class breaks, 

as described in Chapter 2. By doing so, the accuracy of the data classification method for a 

specific data set was measured. 

The purpose of this chapter was simply to compare the human interpretation (target audience) 

of the data classification methods for choropleth maps (user study) with a recommended 

mathematical equation, which in theory, could be considered less subjective, to highlight 

potential similarities and differences derived from the two approaches. Subsequently, a more 

comprehensive understanding of the application of data classification methods was obtained, 

specifically within a South African context where the population is not normally distributed. 

For an accuracy assessment of data classification methods, the goodness of variance fit 

(GVF) measurement is considered a suitable (Chandra & Mistri, 2011) and optimal 

measurement technique (Declerq, 1995, Smith, 1986) to measure the error between class 

breaks. The technique is also frequently described in the literature (Armstrong et al., 2003; 

Chandra & Mistri, 2011; Declerq, 1995; Golian et al., 2010; Robinson, 1984; Slocum et al., 

2014; Smith, 1986). The GVF measures the “sum of squared deviations about the class mean” 

(Slocum et al., 2014). By calculating the error between class breaks, the accuracy score was 

obtained. The accuracy score calculation was based on the data field (population and 

household densities for this study), number of classes, study areas and data classification 

methods. One limitation of the GVF measure is its limited spatial proximity expressiveness. 

The calculation does not consider neighbouring polygons. 

An accuracy score ranges from 0 to 1, where 1 represents the highest accuracy, meaning 

there is no generalisation or distortion, so each polygon belongs to a separate class. An 

accuracy score of 0 indicates complete generalisation, where all the polygons belong to a 

single class. Since the data are grouped into five classes based on a data classification 

method, an accuracy score of either 0 or 1 would not be possible. 
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5.2 Goodness of Variance Fit 

The GVF was calculated for each of the 48 choropleth maps used for the user study, as 

described in Chapter 3. Statistical capabilities of RStudio 2023.03.1, Build 44613 were utilised 

for all the accuracy score calculations, which include the following libraries: sp, sply, data.table, 

and readxl. 

Figure 51 shows the R script created by the author to calculate the GVF score for the Buffalo 

City Metropolitan Municipality using each of the four data classification methods based on the 

hexagon geographic unit. Appendix D includes all the R scripts that depict the study areas and 

geographic units for each data classification method. 

The upper- and lower-class breaks derived from the maps produced for the user study were 

used in each R script. Additionally, the GVF results were validated against an existing R 

package called Jenks71 (described in Chapter 2), which automatically calculated the GVF. 

 
Figure 51: GVF script used for the Buffalo City Metropolitan Municipality for each of the four data classification 
methods based on the hexagon geographic unit 

                                                
13 https://posit.co/download/rstudio-desktop/ 
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5.3 Results and Discussion 

Jenks specified various algorithms to measure the error between class breaks, including the 

GVF, which was used in this study (Robinson, 1984). Subsequently, Jenks also introduced a 

data classification algorithm in 1977, which was proposed by Fisher, to identify data belonging 

to the same class (Dent et al., 2009). It was initially named the optimal method but is now 

more commonly referred to in current GIS software applications as natural breaks (Jenks). 

The objective was to minimise data classification errors. 

Accordingly, it was expected that the results from the GVF calculation for this study would 

identify natural breaks (Jenks) as the optimal data classification method compared to the other 

methods. Nevertheless, the researcher wanted to confirm whether this is true, specifically in 

a South African context when visualising population demand, and also concerning the four 

different study areas and geographic units. 

The results firstly highlight the overall GVF calculated mean per data classification method 

(Table 24), followed by a breakdown per study area and the three geographic units: hexagons, 

small area layer, and sub-places. As expected, the highest accuracy score – indicating the 

lowest error between class breaks – was recorded for natural breaks (Jenks), with a value of 

0.931. The geometric interval ranked second with a score of 0.773, followed by the logarithmic 

scale at 0.641. The lowest accuracy score recorded was for quantiles, which was 0.590. 

Based on the choropleth maps with five classes showing population distribution in South 

Africa, the natural breaks (Jenks) method was considered the most optimal, followed by the 

geometric interval method. Similar results were found in a previous study by Smith (1986) who 

compared five traditional data classification methods (quartile, equal interval, standard 

deviation, natural breaks, and an optimisation method) based on the GVF measurement. The 

study found that only the optimisation method, now also referred to as natural breaks (Jenks), 

produced accurate results. For his study, a sample of 117 data sets was derived from the 1977 

County and City Data Book, which includes data such as birth rates, population densities, and 

incomes. Natural breaks (Jenks) is further described in the literature as an appropriate method 

for visualising data that do not follow a normal distribution (Całka, 2018). 

Table 24: GVF per data classification method 

Data Classification Method GVF (Mean) 

Geometric interval 0.773 

Logarithmic scale 0.641 

Natural breaks (Jenks) 0.931 

Quantiles 0.590 
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Tables 25, 26, 27, and 28 provide a detailed breakdown of the GVF accuracy score per data 

classification method by including the different study areas and geographic units. The goal 

was to determine whether either study areas or geographic units would influence the GVF 

accuracy score of a data classification method compared to the overall derived mean (Table 

24). Each table shows the results for a specific study area and includes the three geographic 

units. The mean accuracy score for each geographic unit was also recorded. The results were 

subsequently ranked with colour codes ranging from green to red. Green indicates the highest 

accuracy score, followed by yellow and orange. Red represents the lowest score. 

The natural breaks (Jenks) data classification method once again outperformed the other 

methods, achieving the highest accuracy score, regardless of the study area or geographic 

unit. The second-highest score, based on mean accuracy, was calculated for the geometric 

interval. 

Accuracy scores for the logarithmic scale and quantiles were not consistent across the 

different study areas and geographic units. Quantiles performed poorly, recording the lowest 

calculated accuracy score in the Buffalo City Metropolitan Municipality across all three 

geographic units. In the City of Tshwane Metropolitan Municipality, quantiles ranked lowest 

for both hexagons and the small area layer, but second lowest for sub-places. The ranking 

order for hexagons remained consistent across all the study areas. 

The highest overall accuracy score of 0.963 was recorded for hexagons in the Mangaung 

Metropolitan Municipality. This was followed by hexagons in the Polokwane Local Municipality 

and sub-places in the Mangaung Metropolitan Municipality, which had scores of 0.954 and 

0.948, respectively. All scores were based on the natural breaks (Jenks) data classification 

method. The lowest accuracy score was measured for hexagons, in the Mangaung 

Metropolitan Municipality, with a value of 0.250 based on quantiles. 

Table 25: GVF – Buffalo City Metropolitan Municipality 

Buffalo City Metropolitan Municipality 

Data classification method Hexagon Small area layer Sub-place Mean 

Geometric interval 0.775 0.858 0.686 0.773 

Logarithmic scale 0.782 0.719 0.652 0.718 

Natural breaks (Jenks) 0.926 0.933 0.930 0.930 

Quantiles 0.450 0.653 0.445 0.516 
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Table 26: GVF – City of Tshwane Metropolitan Municipality 

City of Tshwane Metropolitan Municipality 

Data classification method Hexagon Small area layer Sub-place Mean 

Geometric interval 0.757 0.758 0.877 0.797 

Logarithmic scale 0.758 0.581 0.655 0.665 

Natural breaks (Jenks) 0.947 0.907 0.928 0.928 

Quantiles 0.480 0.550 0.732 0.587 

 

Table 27: GVF – Mangaung Metropolitan Municipality 

Mangaung Metropolitan Municipality 

Data classification method Hexagon Small area layer Sub-place Mean 

Geometric interval 0.679 0.865 0.914 0.819 

Logarithmic scale 0.819 0.505 0.565 0.630 

Natural breaks (Jenks) 0.963 0.888 0.948 0.933 

Quantiles 0.250 0.863 0.912 0.675 

 

Table 28: GVF – Polokwane Local Municipality 

Polokwane Local Municipality 

Data classification method Hexagon Small area layer Sub-place Mean 

Geometric interval 0.659 0.649 0.807 0.705 

Logarithmic scale 0.828 0.579 0.248 0.552 

Natural breaks (Jenks) 0.954 0.916 0.933 0.935 

Quantiles 0.506 0.559 0.676 0.580 

 

The results from the GVF indicate that the error between class breaks measurement is 

sensitive to both study areas and geographic units. Hence, the choice of a geographic unit for 

a study area should be considered carefully, specifically in a South African context. 
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6. CONCLUSION 

6.1 Summary of Findings 

The concluding chapter summarises the results and provides recommendations related to the 

three research questions defined in Chapter 1. These questions contribute to the overall aim 

of assessing the suitability of data classification methods for choropleth maps to visualise 

population demand in South Africa effectively. Additionally, the limitations identified during this 

study are listed and described. Finally, potential topics for further research are highlighted. 

6.1.1 Question 1 – Which Data Classification Methods Are Frequently Used to 

Visualise Statistical Data with Choropleth Maps? 

Kraak and Ormeling (2020) mentioned that “it is a good cartographic practice to conveniently 

arrange the data before displaying them. This process is called classification”, which is a form 

of generalisation. Data classification methods for choropleth maps are used to group data into 

classes. These methods are generally used to analyse univariate data, which include a single 

variable, such as population density or mortality rate. Generally, a data classification method 

will determine the upper- and lower-class limits based on a specified number of classes. Since 

each data classification method produces notably different spatial patterns, the data 

classification method should be chosen carefully. Numerous data classification methods for 

choropleth maps are described in the literature and are available in most GIS applications. 

Some of the most documented methods include equal intervals, quantiles, mean-standard 

deviation, maximum breaks, natural breaks, and the optimal method. Arithmetic progression, 

nested mean, and geometric progression are less common but are also described in the 

literature. Besides these methods, users can design their own class breaks and manually 

adjust upper- and lower-class limits to accentuate a particular phenomenon. 

Since ArcGIS Pro and QGIS are considered the most popular and frequently used applications 

in South Africa and globally, the data classification methods offered by both these applications 

were considered for this research. In addition to manual and defined intervals (where the user 

is required to set custom limits for each class), these methods include equal interval, geometric 

interval, logarithmic scale, natural breaks (Jenks), pretty breaks, quantiles, and standard 

deviation. 
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6.1.2 Question 2 – Which Measurement Techniques Are Used to Evaluate the 

Suitability and Effectiveness of These Data Classification Methods? 

One of the key considerations, as recommended in the literature, for selecting a data 

classification method for a specific data set is data distribution. “Different frequency 

distributions suggest different class interval systems” (Evans, 1977). 

In addition to data distribution, the literature identifies two effective ways for measuring or 

assessing data classification methods used in choropleth maps. These include, firstly, a user 

study in the form of a survey or questionnaire, and secondly, mathematical equations that 

measure the error between class breaks. This is useful for understanding the level of data 

generalisation within class breaks. 

In user studies, questionnaires are frequently used to assess respondents’ interpretations of 

choropleth maps that depict different data classification methods. A user study typically 

comprises a list of map-specific questions, where correct and incorrect answers are used to 

determine which method(s) are better or more easily understood by the target audience, 

specifically the respondents participating in the user study. 

For the second part, various mathematical equations for determining the error between class 

breaks are described in the literature, dating back to the 1970s (see Chapter 2). These 

equations are used to calculate an accuracy score or index indicating the level of data 

generalisation within each class break. Jenks and Caspall (1971) highlighted that since a 

choropleth map is a generalisation of reality based on an aerial or locational distribution, it 

must include some degree of error. Algorithms, as described by Jenks and Caspall (1971), 

include the overview accuracy index, the tabular accuracy index, and the boundary accuracy 

index. Additionally, the literature frequently describes two techniques: the GVF equation, 

which measures the “sum of squared deviations about the class mean” (Slocum et al., 2014), 

and the GADF, which is used to measure deviations about the class median. 

When calculating the error between class breaks, an accuracy score is obtained. The accuracy 

score calculation is based on the data field, specifically the population and household densities 

in this study, and the number of classes. An accuracy score ranges from 0 to 1 where 1 

represents the highest accuracy, meaning there is no generalisation or distortion; therefore, 

each polygon will belong to a separate class. 
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6.1.3 Question 3 – For a Geographic Accessibility Analysis of Service Centres 

In South Africa, Which Data Classification Method(s) for Choropleth 

Maps Are Best Interpreted by a Target Audience and Also Statistically 

Proven to Be Effective? 

To determine which data classification method(s) for choropleth maps are best interpreted by 

a target audience and statistically proven to be effective for geographic accessibility analysis 

in South Africa, both measurement techniques described in Section 6.1.2 were implemented: 

• Conducting user study 

• Calculating the error between class breaks 

From the seven data classification methods available in either ArcGIS Pro or QGIS, 

preliminary data evaluation and visual inspection were conducted to identify potential methods 

for testing in the user study and to calculate the errors between class breaks. In preparation, 

four representative municipalities were selected as study areas where people are distributed 

across different enumerator area types, reflecting the unique geographic landscape in South 

Africa. Additionally, three geographic units were identified, each demonstrating population 

densities for both equal-sized and varied-sized polygons. The histograms depicting population 

densities in these study areas and geographic units reveal that the population in South Africa 

is not normally distributed; instead, it is highly skewed. Some methods, such as standard 

deviation, are more effective when the data are evenly or normally distributed, as opposed to 

natural breaks, which are often used when the data distribution is skewed. Furthermore, the 

equal interval (and pretty breaks) method works best if the data are uniformly distributed, 

meaning the data distribution has no peak and is consistent (Kraak et al., 2021). Hence, the 

standard deviation, equal interval, and pretty breaks data classification methods, which are 

available in both ArcGIS Pro and QGIS, were subsequently excluded from further analysis. 

The remaining data classification methods tested and evaluated in this research include 

geometric interval, logarithmic scale, natural breaks (Jenks), and quantiles. 

6.1.3.1 User Study 

The user study included the design of an online questionnaire. Respondents were asked to 

interpret choropleth maps by answering a series of questions about supply (service centres) 

and demand (population distribution) in four different municipalities across South Africa. Their 

responses helped inform decisions aimed at optimising service delivery through geographic 

accessibility analysis. The questionnaire was designed in Qualtrics14 and consisted of 48 map-

                                                
14 https://www.qualtrics.com/uk/ 
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specific questions. For each question, respondents were required to identify one or more 

locations on a map. 

Respondents 

Participation was completely voluntary. The respondents were students from the University of 

Pretoria, enrolled in various programmes at the Department of GGM, both with and without 

prior experience in geography and GIS. Students were selected for the user study because 

they represent, in one way or another, the upcoming workforce. In total, 107 students 

participated. The majority were females (64%). Males comprised 35%, and one student 

preferred not to specify their gender. Additionally, most respondents were registered for the 

BEd programme (Education) at the time of the survey (40%), followed by BSc Geography and 

Environmental Science and BSc Geoinformatics with 14% and 11%, respectively. 

Percentage Accuracy of Responses 

Overall, respondents performed well in the user study, achieving an average percentage 

accuracy of 89.9% based on the 48 geographic accessibility questions. Four respondents 

scored 100%, while the lowest recorded accuracy was 64.6% among three individuals. 

Respondents with prior knowledge or experience in geography performed slightly better, 

achieving a score of 92.0%, compared to those without such experience, who scored 88.8%. 

Students who indicated that they use maps either once a week or every day performed well 

(91.8% and 90.3%) compared to those who use them only once a month (87.8%) or rarely 

(86.2%). 

A moderately strong linear relationship exists between the average percentage accuracy of 

respondents and their self-perceived level of expertise in the following categories: map 

reading, statistics, GIS, planning, spatial data, English and Google Maps. The strongest linear 

relationship was measured for spatial data (0.591), followed by Google Maps (−0.486), 

indicating a negative relationship, and statistics (0.426). 

Data Classification Methods 

Before comparing the results of the four data classification methods, a statistical test was 

conducted to assess the differences within groups, specifically focusing on the percentage 

accuracy of responses for each method. The results confirmed a significance score of less 

than 0.001, indicating statistically significant differences between the groups. 

The percentage accuracy of responses for each of the four data classification methods was 

notably high. Respondents were more likely to provide correct answers for maps that used the 
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quantiles data classification method (92.3%), followed by the natural breaks (Jenks) method 

and the geometric interval, which had accuracies of 91.2% and 88.8%, respectively. 

Logarithmic scale was ranked lowest at 87.2% accuracy. 

Statistical Significance 

Although the overall goal and main objective of this research were to assess the suitability and 

effectiveness of different data classification methods to visualise population demand in South 

Africa, the researcher also wanted to test whether additional predictor variables, as defined in 

the user study design, could be significantly associated with response accuracies in general, 

as well as for each data classification method individually. These variables include four 

recurring questions related to geographic accessibility, four study areas, three geographic 

units, a self-perceived confidence level in answering a specific question and, lastly, a self-

perceived difficulty level of a question. 

A logistic regression analysis was used to test the significance of all predictor variables against 

a single dichotomous dependent variable, which represented respondents’ answers as either 

correct or incorrect responses. (1 indicated a correct response, while 0 indicated an incorrect 

response). These predictor variables were tested against the entire data set with all responses 

combined, as well as individually for each data classification method. A significance score of 

< 0.001 was considered to be statistically significant. 

Overall and for each data classification method, the geographic accessibility questions proved 

to be a statistically significant predictor (sig. < 0.001). This highlights the importance of 

understanding a specific research topic, such as geographic accessibility analysis, regardless 

of the data visualisation technique used. These geographic accessibility questions were 

designed based on real-world scenarios. Questions ranged in increasing difficulty levels. 

Question 1 was the easiest, and Question 4 was considered the most difficult. 

Most participants answered Question 1 correctly (95.3%), followed by Questions 2, 3, and 4 

with 94.0%, 88.2% and 81.5%, respectively. This is also true for all four data classification 

methods, except for quantiles, where respondents performed slightly better on Question 2 

than on Question 1 (96.6% compared to 95.0%). 

The four study areas were found to be significant overall, as well as for both the geometric 

interval and logarithmic scale methods. Overall, participants provided the most correct 

answers for choropleth maps depicting the Mangaung Metropolitan Municipality (92.2%). 

From a visual inspection, the municipality consists of large, sparsely populated areas with only 

a few high-density locations. The City of Tshwane Metropolitan Municipality was in second 

place, followed by the Buffalo City Metropolitan Municipality with scores of 89.9% and 89.5%, 
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respectively. The most incorrect answers were for the Polokwane Local Municipality, with 

87.9%. Although a high percentage of accuracy was recorded for all study areas, the results 

suggest that the interpretation of data classification methods, or choropleth maps in general, 

is sensitive to specific localities or study areas. 

The geographic units, hexagons, small area layers and sub-places, along with self-perceived 

confidence levels, were not found to be statistically significant predictors overall, nor for the 

interpretation of any of the four data classification methods. Although geographic units were 

not identified as statistically significant predictors, results suggest some variation in response 

accuracies between the four data classification methods and geographic units. Quantiles 

achieved the highest percentage accuracy for both the hexagon and small area layers, with 

93.7% and 91.9%, respectively. On the sub-place level, natural breaks (Jenks) was first, 

followed by quantiles. 

Self-perceived difficulty levels were tested and found to be significant (sig. < 0.001) for all data 

classification methods except for quantiles. For each of the 48 map questions, respondents 

were asked to indicate a difficulty level ranging from very easy, easy, neutral, difficult to very 

difficult. A percentage accuracy of 95% was calculated for questions considered to be very 

easy. This was followed by easy, neutral, and difficult, with percentages of 92.1%, 85.6%, and 

80.4%, respectively. The percentage accuracy of questions that respondents considered very 

difficult was, however, higher at 83.8% compared to those considered difficult (80.4%). 

6.1.3.2 Error Between Class Breaks 

Lastly, the error between class breaks was calculated for each data classification method, 

depicting the three geographic units and four study areas. The purpose was to compare the 

human interpretation (the target audience) of data classification methods for choropleth maps 

(user study) with the recommended mathematical equation, which, in theory, could be 

considered less subjective. However, it is important to note that these equations were also 

developed by humans. The aim of the comparison was to highlight potential similarities and 

differences derived from the two approaches. The intent was to provide a more comprehensive 

view of the use of data classification methods for choropleth maps to visualise population 

demand in South Africa. 

In this research, the GVF equation was used to calculate the error between class breaks. The 

results from the GVF calculation show that the natural breaks (Jenks) method achieved the 

highest accuracy score of 0.931, meaning the lowest error between class breaks, regardless 

of the study area or geographic unit. The geometric interval was ranked second with a score 

of 0.773, followed by the logarithmic scale at 0.641. The lowest accuracy score was measured 

for quantiles (0.590). 
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Accuracy scores for the logarithmic scale and quantiles were not as consistent across the 

different study areas and geographic units. Quantiles performed poorly, with the lowest 

calculated accuracy score for the Buffalo City Metropolitan Municipality across all three 

geographic units. In the City of Tshwane Metropolitan Municipality, quantiles ranked lowest 

for both hexagons and small area layers. 

6.2 Concluding Remarks 

The high percentage accuracy achieved during the user study demonstrates that choropleth 

maps are an effective and easy-to-use technique for visualising population demand in South 

Africa. It also highlights the fact that professionals can consider any of the four selected data 

classification methods to analyse supply and demand for the optimal positioning of service 

centres. With that in mind, respondents were more likely to provide correct answers for maps 

depicting the quantiles and natural breaks (Jenks) data classification methods. This suggests 

that these methods are easier to interpret and analyse in relation to population distribution in 

South Africa than the other methods. 

Furthermore, the mathematical equation used to calculate the error between class breaks 

yielded somewhat different results. Based on these calculations, natural breaks (Jenks) and 

geometric intervals were considered the optimal data classification methods, while the 

logarithmic scale and quantiles ranked lowest. 

The results from both the user study and error calculation provided a more comprehensive 

view of the use of data classification methods. This research also emphasises the importance 

of human interpretation, and the inclusion thereof, when assessing methods or techniques 

that represent spatial phenomena. 

Although both the user study and GVF measures are recommended in the literature to assess 

the effectiveness of data classification methods for choropleth maps, the results between 

these two techniques were somewhat different. One significant difference is that respondents 

best interpreted quantiles in the user study, but it was ranked lowest based on the GVF 

measure. Results from the user study align with Brewer and Pickle’s mortality rate findings, 

where quantiles was also the preferred method (Brewer and Pickle, 2002). Also, their study 

ranked natural breaks (Jenks) third overall.  

As discussed in Chapter 2, quantiles group an equal number of features in each class (De 

Smith et al., 2018). As a result, class intervals are usually not consistent. This method is 

effective if the data are not normally distributed. This means that significant variations 
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(minimum and maximum values) within a class could occur, which is problematic for the GVF 

technique, which measures the “sum of squared deviations about the class mean”.  

Both techniques considered natural breaks (Jenks) an effective data classification method; 

ranked 1st for GVF and 2nd in the user study. In addition, logarithmic scale was not considered 

effective, ranked lowest in the user study and 3rd for the GVF measure. Data distribution is 

probably one of the contributing factors causing variation in results between the two 

techniques, which are worth further research and testing, specifically on more normally 

distributed data sets. 

6.3 Limitations 

During this research, several limitations were identified. Statistics South Africa is the custodian 

of demographic data in the country. Although a national census survey was conducted in 2022, 

demographic data has not yet been released at a more granular level than local and 

metropolitan municipalities. Hence, for this research, demographic (or population) data from 

Census 2011 were used, as the data are available at more granular geographic units, such as 

small area layers and sub-places. 

While interactive maps depicting data at various geographic scales are becoming increasingly 

popular, only static choropleth maps were designed and presented to the respondents. This 

research focused on the visual interpretation of choropleth maps depicting population demand 

in South Africa for geographic accessibility analysis. Although this is a significant and novel 

contribution to science, it should be viewed in the context of its broader implications. Other 

factors not included in this research, such as the incorporation of a routable travel network 

depicting actual travel distances, as well as the capacity, availability, and attractiveness of 

service centres, are also significant and essential for conducting a comprehensive geographic 

accessibility analysis. 

The user study involved the voluntary participation of students from the University of Pretoria 

enrolled in programmes offered by the Department of GGM. Ideally, this study could also 

include participation from the current workforce who are, in one way or another, working with 

geospatial information. 

As with many surveys or questionnaires, respondent fatigue is a reality. Respondent fatigue 

occurs when respondents become disengaged or they lose focus in answering questions, 

leading to a potential decrease in data quality. 

Validating click-based responses as correct or incorrect was done manually. Although the 

validation was done thoroughly and systematically, human error is always possible.   
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6.4 Further Research and Scope for Future Studies 

• Although literature recommends using five to seven classes for choropleth maps, this 

research tested only five class intervals to ensure consistency and maintain a 

manageable questionnaire size. Further research could include varying the number of 

class intervals assessed with choropleth maps. One of the benefits of the error 

calculations between class breaks is the potential to determine an optimal number of 

class breaks for a specific data set and classification method. 

• In addition to the GVF error measurement used in this research, several other 

calculations are also available and described in the literature. These include the 

boundary accuracy index, overview accuracy index, tabular accuracy index, and the 

GADF. Future research could involve comparing the GVF results with those obtained 

from other measurement techniques. One limitation of the GVF measure is its limited 

spatial proximity expressiveness. The calculation does not consider neighbouring 

polygons. Future research could investigate the possibility of including spatial proximity 

of polygons (neighbourhoods) as a variable. 

• The results of this study could be valuable for professionals who prepare choropleth 

maps in other applications, such as the IEC for voter registration and election results 

and Statistics South Africa for census results. Additionally, the results could be tested 

in other countries with similar demographic characteristics. Results from this study are 

transferable and could be utilised in other applications such as the spatial visualisation 

of building densities, animal or species densities, crime pattern densities, or disease 

mapping. 

• Future research could investigate why some classification methods performed worse, 

and also to investigate variances in the underlying data. 

• For both the user study and the calculation of error between class breaks, four 

municipalities were identified, representing the unique population distribution in South 

Africa. Further research could include other municipalities, focusing on population 

distribution that depicts both urban and rural areas. 

• Although geographic units were not identified as a statistically significant predictor, the 

results suggest some variation in response accuracies between the four data 

classification methods and geographic units. Follow-up investigations could be useful 

in understanding the impact of different geographic units on visualising choropleth 
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maps. Tests could include different localities and geographic units such as voting 

districts, wards, or municipalities. 

• The results emanating from this study could be tested in other countries with similar 

population distribution characteristics to determine possible similarities and differences 

based on the use of these data classification methods. 

• During the user study, respondents’ self-perceived levels of efficiency in different 

categories were compared to the accuracy of their responses in the questionnaire. The 

goal was to determine whether specific skills would increase the probability of 

respondents correctly interpreting choropleth maps. A moderately strong linear 

relationship was observed between the average percentage accuracy of respondents 

and their self-perceived level of expertise in the following categories: map reading, 

statistics, GIS, planning, spatial data, English, and Google Maps. Further research 

could include experiments to confirm whether these relationships exist factually. 

• Future studies could include qualitative research by means of user interviews, allowing 

respondents to describe their interpretation of choropleth maps based on different data 

classification methods. 
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APPENDIX D: R SCRIPTS 

This appendix includes the R scripts for calculating the goodness of variance fit for each 

data classification method by study area and geographic unit. 

GVF Hexagon; Buffalo City Metropolitan Municipality 
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GVF; Small Area Layer; Buffalo City Metropolitan Municipality 
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GVF; Sub-Place; Buffalo City Metropolitan Municipality 
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GVF; Hexagon; City of Tshwane Metropolitan Municipality 
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GVF; Small Area Layer; City of Tshwane Metropolitan Municipality 
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GVF; Sub-Place; City of Tshwane Metropolitan Municipality 
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GVF; Hexagon; Mangaung Metropolitan Municipality 
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GVF; Small Area Layer; Mangaung Metropolitan Municipality 
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GVF; Sub-Place; Mangaung Metropolitan Municipality 
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GVF; Hexagon; Polokwane Local Municipality 
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GVF; Small Area Layer; Polokwane Local Municipality 
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GVF; Sub-Place; Polokwane Local Municipality 
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