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Abstract

This thesis proposes the use of data mining tools within an operations research process, allowing the
integration of ever increasing amounts of data collected worldwide. It is further argued that the wealth of
information delivered by DM tools, with their strong visual emphasis, can be used to enhance the transfer of

knowledge to stakeholders.

The discipline of operations research could benefit greatly from the methods offered within the field of data
mining, used to analyse the ever increasing amounts of data being collected worldwide. However, the
subject also offers a wealth of information that could aid in decision making, along with visual

representations of this information that might assist in the transferral of knowledge to problem stakeholders.

The advantages offered by data mining are not limited to problem contexts containing high-quality data, but
could also assist within the development context where traditionally resources and relevant skills are scarce.
The benefits of data mining within this context are illustrated through the use of municipal performance data
supplied by the Department of Local Government and Housing in the Western Cape of South Africa. The
results of these analyses are presented to the department in order to assess the potential contribution of data

mining to decisions surrounding municipal support.

The methods used are able to cluster local municipalities and analyse their differences for profiling. These
clusters are then compared to how members of the Department of Local Government and Housing intuitively
grouped municipalities in terms of performance. The variables showing significant differences between
clusters were financial in nature for those clusters defined by the data itself, but had a more direct service

delivery focus when considering the clusters defined by the decision makers.
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ABSTRACT

Analysis of the data consistently discovers an anomaly in cluster profiles at a particular period in time. When
presented with this phenomenon, the decision makers confirmed the possibility of specific environmental
change that may have influenced this. The analysis also indicates the particular significance of a variable
relating to a performance feedback mechanism within the municipal support system. The reported values for

this variable are consistent with the views held by decision makers concerning municipalities’ performance.

Although there was limited scope for interaction with the relevant decision makers, it emerged that those
data mining methods offering stronger visual representation yielded better opportunities for stakeholders to
develop insight of the problem context. In general, the use of data mining tools, supported by a facilitator,

able to interface between tools and the problem owners, appeared beneficial to performance management.
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Chapter 1
Introduction

Subject

This dissertation proposes the use of data mining as a decision making tool. The role of data mining is not
simply limited to being able to better analyse data to be able to make better decisions. Data mining might
play the additional role of being able to aid the understanding of relationships presented in data, thus
increasing the understanding of the problem context. Along with this, the visual representations of
relationships contained in complex data might aid the communication of knowledge from the analyst to

decision makers.

Background

The use of data mining is traditionally associated with business, however there are many non-business
sectors that also collect vast amounts of data that require analysis. The particular sector that shall be
discussed during the course of this dissertation is that of the Department of Local Government and Housing
in the Western Cape of South Africa, who aim to use extensive report data to improve service delivery to the

residents of the country.

Data Mining has a potential use not only in terms of being able to analyse vast amounts of data, but also in
being able to aid in collecting the 'right’ data. This is pertinent to the developmental context which usually
implies limited resources and skills. A further use of data mining in the developmental context concerns the
communication of knowledge to decision makers, as many of the methods available have a strong visual
focus, allowing for better understanding of the problem context and therefore better decisions and increased

involvement in the decision making process.



Crapter 1: InTrODUCTION

Research Procedure
The procedure that shall be carried out to demonstrate the used of data mining as a decision making tool
within a relevant context is as follows:

® Determine which data mining methods would be most useful to the problem context.

@ Present and discuss results of these data mining methods to decision makers

e Carry out further analysis based on the results of this feedback

Procedure Used to Gather Information

Gathering information from decision makers was undertaken through two official meetings with the
Department of Local Government and Housing (DLGH) in the Western Cape. The first meeting presented
the proposal of this dissertation and subsequently requested the use of relevant data. The data presented in
this dissertation is taken from Project Viability Reports published by the DLGH. It was felt that this
collection of data gave a good representation of reported municipal performance indicators and was
extensive enough to be useful in the proposed analyses. The second meeting with the DLGH presented and
discussed the results of the analyses and gathered further information in terms of how members of the DLGH
intuitively considered the local municipalities in the Western Cape to have performed during the period

corresponding to the reported data,

Scope and Limitations

The scope of this dissertation is limited to the data mining techniques of Cluster Analysis, General
Discriminant Analysis and Classification Trees. The data is limited to the historical Project Viability Reports
of local municipalities in the Western Cape of South Africa, for the period June 2002 to June 2005. Feedback
from decision makers is limited due to the lack of availability of relevant personnel in the Department of

Local Government and Housing.

Overview of Dissertation

This dissertation begins by discussing the role of data mining as a decision making tool. This is followed by
an introduction to the context in which this proposal is applied and the data mining methods chosen. A
discussion of the results of the three methods are then presented. The results from the feedback to decision
makers and consequent analysis are then presented, finally followed by the conclusions developed from this

process.



Chapter 2
Data Mining as a Decision Tool

It initially appears as if data mining and operations research are two largely independent paradigms that
contribute to automated problem solving (Meisel & Mattfeld 2007). However, there has recently been
increasing interest in terms of integrating these two disciplines, but with approaches being rooted in either
one of the two paradigms, along with being applied in a specific domain (Meisel & Mattfeld 2007). This is
leading to a lack of true integration of the two techniques in a way that would be mutually beneficial.

The following chapter discusses the traditional role of the two disciplines, along with their similarities,
leading to a proposal of how data mining might be utilised as a decision tool in a variety of problem solving,
This expands the current knowledge discovery for databases (KDD) framework to include principles
entrenched in operations research, leading to the active involvement of stakeholders in data analysis. Finally,

this is discussed specifically in the complex developmental context.

2.1 Data Mining / Knowledge Discovery for Databases

There are various conflicting definitions of data mining (DM) and knowledge discovery for
databases (KDD), along with the role that each play. For the purposes of this discussion the
definition of KDD will be as an overall process, including the interpretation and evaluation of data,
relying more heavily on human interaction (Firestone 2000). Data mining becomes a step within the
KDD process, generating patterns and relationships in data (Firestone 2000}, however it is the
usefulness of the methods offered by the sphere of data mining that will becomes the focus of this

dissertation.

Currently, the use of data mining is typically business or market related (Statsoft Inc 1997),
specifically with a focus on prediction. There is simply so much data available that corporations have
created data warehouses to store it all (Romeu JL 2001) and require experts, generally statisticians,

to be able to analyse it. There is no particular reason as to why DM/KDD be restricted to the
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business sector however. There are other sectors that have also begun to collect large quantities of
data, without a focus on profit in particular, but rather on being able to gather information from data

and utilise it to make better decisions relating to a range of interests.

The sector that shall be discussed in this dissertation pertains directly to government, in particular
relating to service delivery of municipalities. Decision makers would benefit greatly from better
knowledge concerning the large amount of data reported by municipalities. This would allow them to
devise and implement plans to effectively improve service delivery and thereby better the living
conditions of residents in the country. This is especially true in the development context where there
are less resources and skills available, highlighting the great benefit that this area would gain from a

significant addition of knowledge to decisions made.

2.2 Operations Research

There are various aspects of Operation Research (OR) that parallel the objectives of DM/KDD. The
Encyclopadia Britannica (2007) defines the three essential characteristics of operations research to
be systems orientation, the use of interdisciplinary teams and the application of scientific method to

the conditions under which the research is conducted.

Operations Research is seen as being explicitly purposeful (Midgley & Reynolds 2002) in terms of
focusing on solving the problem at hand. This does not mean to focus primarily on solving the
objectives already given by stakeholders, but analysing all aspects of the problem in order to solve an
overall objective, perhaps as yet undiscovered, in the best possible way. This obviously involves the
ability to define precisely what this overall objective is; however it is almost impossible to know
every detail of a situation and therefore Operations Research is known as “the science of
better” (Crowder ¢.2000).

The ultimate objective of operations research is to analyse a current situation, define a possible
"better' situation and create the change required to get there. There are various methods and
methodologies available to create this change. INFORMS (2007) includes probability and statistics
in the analytical technologies used by OR professions to help measure risk, mine data, test
conclusions and make reliable forecasts. This recognises the role that data mining plays in the
operations research context, and although there is both evidence of operations research being
beneficial to the DM/KDD process (Romeu 2001) as well as the two techniques potentially being
used in conjunction with one another as they intersect significantly (Olafsson 2006), there is little

evidence available of DM/KDD being particularly of benefit to the OR process. Even where this
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proposal is discussed, very recently in terms of the research being undertaken for this dissertation,
there is a focus on 'hard’ OR methods, rather than the overall OR process (Meisel & Mattfeld 2007).

There is even less evidence of this particular technique being used within the developmental context,
most likely due to the data requirements of the methods used. However, of all contexts, it is the
developmental one that requires improvement where data mining could be used, with the data that is
available, to provide more knowledge in a knowledge-poor situation. This would help create systems
that are able to make better informed decisions, even if simply to improve the gathering of

information in order to analyse it in a more meaningful way.

2.3 Combination of disciplines

Many techniques used in operations research are seen as iterative, in terms of improving a situation,
re-analysing and then striving to improve it further Due to their huge dimensions, DM/KDD
problems are also frequently iterative. Results from the DM/KDD process are often used as the input
to a new iteration or as a final stage until new data becomes available and requires reanalysis
(Romeu 2001). When this data becomes available, the problem context changes, requiring another
iteration of analysis, which is no different to when an operations research method leads to a changes

of situation, requiring reanalysis of the situation to create a 'better' solution to implement.

DM/KDD is also seen as interdisciplinary in terms of analysts, domain experts and other interested
parties jointly interpreting analysis results (Romeu 2001). As in operations research, this is one of the

major strengths of the process.

A further similarity between the two disciplines is found in the final stage of DM/KDD which
concerns the assimilation of the knowledge extracted from the data. There is a belief that in
analysing systems data it is possible to obtain information to help resolve a problem in the system,
which leads to implementing a relevant course of action (Romeu 2001). This is no different to the
problem solving characteristic of operations research, What is vital however, is that this knowledge
is not just simply assimilated, but transferred to those stakeholders that can cause the most effective
change in situation, rather than simply remaining with the analyst. It is this that indicates that

DM/KDD should not be used in isolation, but can benefit by being part of the OR process.

In terms of the developmental context, it is that much more difficult to involve stakeholders in the
assimilation of knowledge gained from the DM/KDD process. It is however far more important, as it

is these stakeholders that add information in terms of the context of the problem, allowing solutions
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to be created within the resource constraints given. This is a significant area in which operations

research can benefit DM/KDD; however this interaction of disciplines can be mutually beneficial.

The proposal of this dissertation is to integrate data mining as a decision making tool within the
operations research process. Not only in terms of data analysis, but in terms of utilising the methods
available to be able to fully involve stakeholders in the problem solving process so that they
understand and buy into the knowledge gained from the data that they collect. The natural interaction
of OR and DM/KDD would concern the use of ‘thard’ OR techniques; however this is not the only

possibilities in terms of combining these two disciplines.

Traditionally, within the paradigm of 'hard' OR, stakeholders are involved in determining the
constraints and objectives of a problem; however they are removed from the actual optimisation
algorithm. The choice of this algorithm and the resulis presented are made by the OR practitioner, in
the hopes that this is the most useful solution to the problem the stakeholders face. The process is;
however acknowledged as iterative in terms of the stakeholder being allowed the opportunity to
dispute results and redefine the problem context. The paradigm of 'soft’ OR involves the stakeholders
of the problem throughout the problem solving process, being far more iterative and discursive,
initially being developed in order to be able to solve far more qualitative problems. However, the
methods available for use within this paradigm seldom involve mathematics or the use of

quantitative data, relying on the human aspect and knowledge of the problem to develop a solution.

This dissertation would seek to bridge the gap between ‘hard’ and 'soft' OR with the use of data
mining. Stakeholders can benefit from the mathematical and statistical algorithms that are able to
extract knowledge from data; however it is vital that they remain an integral part of the entire
process. It is obvious that there remains a need for a professional to undertake the actual data
analysis; however the influence of stakeholders in the process may cause the analyst to change the
methods used, dependent on the variable relationships they might seek to explore. Another
significant benefit of data mining is that many of the methods offer strong graphical representation of
results, with potential for others to be developed, which would allow stakeholders to more easily
understand the results gained from the analyses. This in turn allows stakeholders to interpret results

more easily within the context of the problem, assisting the analyst to explore new problem areas.

2.4 Hypothesis requirements
A significant difference between DM/KDD and OR, is that of the hypothesis. The OR process begins

by defining a problem and then seeking a solution; however when large amounts of data are
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available for analysis, the approach to this analysis alters. Establishing the research hypotheses
becomes an intrinsic part of the actual data analysis with the “research hypotheses and relationships
between data variables being obtained as a result of (instead of a condition for) these

activities” (Romeu 2001)

Data are initially collected with a certain set of objectives in mind; however the achievement of these
objectives is not necessarily the only use to which the data can be put, especially when dealing with
incredibly large quantities of data. It is possible that there are other, previously unthought of, aspects

to the problem that can be addressed by use of the same data,

When attempting to improve a situation it is not vital that a research hypothesis is known prior to the
analysis of data. To require the existence of a hypothesis prior to analysis introduces the possibility
of restricting the data in such a way that methods fall short in being able to transform it into relevant
knowledge (Olafsson 2006). It is possible that through this analysis itself the problem is better

understood and a hypothesis can be formulated.

This process of using the analysis itself to define the problem does not detract from the original
objectives that caused the data to be collected, but rather adds objectives and therefore knowledge, to
the situation. As the nature of data in general changes, becoming more abundant and complex, the
methods and processes by which it is analysed and the results presented, require adaptation. The
natural iterative process both of DM/KDD and OR provides the ideal structure to be able to use the
same data to both formulate and test a given set of hypotheses. Again, it is vital that stakeholders
play a part in this formulation, being given the opportunity to understand the relationships found in

the data and integrate this with their expert knowledge of the situation.

2.5 Communication of Knowledge

Data Mining contains an incredibly important aspect, as with most of type of data analysis, in terms
of the visualisation of results, It is that much more difficult within the data mining context however
as the data are usually high dimensional and producing useful visualisations is a challenging problem
(Olafsson 2006). This implies however, that many of these types of visualisations have already been

developed, with some methods having results that are more easily understood than others.

It is important that stakeholders gain the education of how data can work for them, not against them.
There is a need to convince stakeholders to trust that the results presented are in fact the most useful

to their problem situation and the analyst has not simply chosen random results leading to “lies,
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damned lies, and statistics” (Twain 1906). The simplest way to create this trust is to allow
stakeholders such involvement in the process that they themselves define the results used, within the
guidelines set by the analyst. It is important however that the knowledge transfer required in terms of
understanding the methods themselves is kept to a minimum and that the focus of the interaction

process is on the results themselves.

One of the most effective means of transferring knowledge gained from data analysis to a non-expert
is through graphical representation of results, taking advantage of our “innate ability to process
visualisations” (Burkhard 2004, p.520). Ideally, the OR practitioner would choose those data mining
methods that lend themselves to easily understood graphics. This discourages methods such as neural
networks which is considered to be a 'black box' approach and lends itself to methods such as
decision trees which clearly illustrates all results in the form of a tree diagram, maintaining the

structure of the data and clearly indicating the relationship between variables and observations.

This use of graphical results is especially pertinent within the developmental context, where
numerical skill levels may be lacking in terms of being able to generate knowledge from data. Even
if an expert analyst was involved in the data analysis process, there would exist the challenge of
transferring knowledge to those stakeholders that could implement the changes necessary. By using
visual techniques to represent results, even of complex analyses, it is possible to involve all levels of
stakeholder, encouraging understanding of the process and commitment to any system developed

from the knowledge gathered.

In terms of the political structure of government, stakeholders add understanding of these
complexities and the human factor involved in the problem context. In addition to this, service
delivery concerns naturally involve people and therefore introduce an extra level of complexity, as
many problem settings within a developmental context do. Data collection and analysis appears not
to be a priority in terms of decision making, but is rather done in terms of reporting needs. Pethaps if
the application of data analysis was made more transparent, stakeholders could understand the need

for reporting and how this data helps improve their situation, rather than confounding it.

Finally, it is vital that there exists computing support to back the DM/KDD/OR process. Although
there is much current software available that produces graphical output for many data mining
procedures, there is a need for this to be developed further. More complex data analysis can be done
away from the problem situation, but simple graphical techniques need to be available if analysis is

to be done in real time with stakeholders present. Results need to be available almost instantaneously
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so that various options might be explored.

The 'best' way to represent various relationships between variables may only be discovered as the
analysis progresses. Certain relationships would need to exist to be able to challenge the analyst to
represent these in an easily understood way, including having stakeholders request the representation
of a relationship that the analyst had not previously thought of. However, there is great potential in
this area in terms of involving stakeholders in the entire problem solving process, along with

benefiting from the mathematical and statistical techniques offered from data mining.



Chapter 3
Research Context

The idea of using data mining as part of the Operations Research process requires a context in which it might
be applied. In the following sections the role of the Department of Local Government and Housing (DLGH)
in the Western Cape of South Africa will be discussed, along with the structure of the South African
government, in order to better understand the context of the problem presented. Along with this, the available
data mining methods are presented with a discussion as to the ones chosen, with the final section presenting

further research considerations discovered during the analysis process.

3.1 Role of DLGH

The main responsibility of local government is that of service delivery to the community, and that of
the DLGH the financing of municipalities in order that they might do this. Within the developing
South African context, many municipalities fall short of this goal due to lack of skills and resources.
According to a survey commissioned by the Provincial Treasury (2007) in 2005, on average more
than 10% of households do not have access to basic services, with some racial groups indicating that
this increases to up to 30% without access. Obviously, there is a need to improve the situation of

service delivery in the Western Cape before even the basic needs of residents are met.

One of the current projects of the DLGH is to create a snapshot of each municipality such that they
can be easily classified as failed (red flag), failing (yellow flag) or satisfactory (green flag). It was
this particular project which led to the concept of using the available data, from reports that
municipalities have submitted, to ascertain whether it might be used to assist in assessing the
performance of municipalities in the Western Cape. The information gained from this process would
hopefuily help in making key decisions around support for municipalities, as well as the data

required by the DLGH to be able to undertake these assessments.

A meeting was held with members of the DLGH during May 2006 during which it was discussed

that a significant amount of data was available in Project Viability Questionnaire (PVQ) reports.

10
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Although this was historical data, it would provide an idea of what copld be reported by
mumicipalities and could therefore be used for the analysis proposed.

The usefulness of data mining as a decision tool in government is not limited to this particular
situation. Tt is boped that by providing a simple illustration of some of the techniques available, it is
possible to inform members of government about the greater potential contained within their dara.
Along with this, it might aid in establishing research ¢ollaboration between academic entities and

govemment departments.

3.2 Structure of Government
The South African government is separated into three main spheres: national. provincial azd locsl

{Burger 2004), The structure of government is laid out as shown in 1llustration 3.1,
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Hustration 3.1 - Structure and functions of the South African government

For the purposes of this dissertation it is necessary only to discuss the structure and objectives of
local government, focusing particularly on the tocal government of the Western Cape, This is placed
at the very bottom of the government strycture, but is no less important than any other sector of

government, along with beintg the sector most closely invelved with the residents of the country.

11
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The objectives of local government as set out in Chapter 7 of the Constitution of the Republic of
South Africa (1996) are as follows:

to provide democratic and accountable government for local communities;

s ®

to ensure the provision of services to communities in a sustainable manner;

o

to promote social and economic development;

&

to promote a safe and healthy environment; and
e. to encourage the involvement of communities and community organisations in the matters of

local government.

These objectives allow local government to not only act in the role of service delivery to
communities, but also play a key role in terms of economic development (Burger 2004). It is noted
that these “municipal functions are regarded as critical in improving the quality of life of individual
and communities” (Ovens 2005, p.5) within the Western Cape and the country as a whole. In order to
be able to carry out these responsibilities laid out by the constitution, the Local Government
Muunicipal Systems Act (2000) sets out a framework containing “planning, performance management
systems, effective use of resources and organisational change in a business context” (Burger 2004, p.
350). Along with this the Act created a system in which municipalities can report on their

performance and allows residents to compare this performance with others (Burger 2004).

In terms of the types of municipalities that can be found within the local government structure, there
are three categories of municipalities as laid out by the Municipal Structures Act (1998). Category A
municipalities may only be formed in metropolitan areas and are therefore referred to as
metropolitan municipalities. There are six metropolitan municipalities in South Africa, of which

Cape Town is the only one located in the Western Cape.

Both category B and C municipalities form non-metropolitan areas, referred to as local and district
municipalities respectively (Municipal Structures Act 1998). Of these district councils are “primarily
responsible for capacity building and district-wide planning” (Burger 2004, p.349). Each local
municipality forms a subdivision of a district municipality, sharing the authority with the district

municipality into which they fall.
Finally, there exist District Management Areas, which are areas of a district municipality that do not

qualify for a local municipality, therefore requiring local government services to be provided directly

by the district municipality itself (Municipal Structures Act 1998).

12
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For the purposes of this dissertation, only the 24 local municipalities of the Western Cape, along with

the City of Cape Town will be considered, as outlined in Section 5.1.1.

3.3 Data Mining Methods

There are various methods available when using data mining as a tool. These include, but are not
limited to (KDnuggets 2002):

= Association Rules

»  Cluster Analysis

«  Correspondence Analysis

«  Discriminant Function Analysis
»  Decision/Classification Trees

= (enetic Algorithms

- Logistic Regression

»  Neural Networks

»  Principal Component Analysis

»  Visualisation

There is no particular reason to choose one method over another prior to the analysis process, if it is
felt that establishing the hypotheses of the problem are in fact part of the process itself. Data mining
becomes a means of exploratory data analysis, with each method offering the answer to a different

question, or in fact answers to multiple questions.

It is traditionally the decision of the data mining analyst as to which methods may be considered
most useful to the client, along with deciding which hypotheses, and subsequent results, might
portray the relationships found in the data in the 'best’ way possible. The role of the operations
research practitioner corresponds with this requirement as it is their responsibility to apply that
method which is felt to be most beneficial to the problem at hand. However, it is possible to involve
the decision makers in this process, allowing them to advise the analyst as to which methods are of

most interest within the decision making context,

It is not necessary to use every method available, but more important perhaps to rather compromise
between the availability of data, the expertise of the analyst and the requirements of the client.

Examples of inappropriate methods for the situation presented is this dissertation would be Neural

13
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Networks which is classically considered to be a 'black box' approach and therefore would not allow
the stakeholders involved to understand the process involved at their current skill level, nor are their
specific visualisations involved in this method that aid the transferral of the knowledge gained from

the results.

Correspondence Analysis was also considered inappropriate due to the fact that the nature of the data
are not conducive to this method. It was attempted briefly to compare clusters of municipalities as
defined through the data analysis itself to those defined through a group exercise with the DLGH.
(throughout the results of the analyses undertaken, these different types of clusters shall be referred
to as data-defined clusters and opinion-defined clusters). Although the results of this analysis
indicated a significant difference to the clustering of municipalities as the data determined, compared
to that of how members involved in the problem context would have done so, the details of this were

not insightful compared to other techniques and was therefore not considered further,

Another method that was attempted on the data set was Principal Components Analysis. It was hoped
that the incredibly large amount of data available could be reduced via this particular method.
However, the quality and meaning of the results reflect the underlying structure of the data and the
method has no ability to determine the appropriateness of these results other than by using the
correlations among the variables (Hair et al. 1998). It is up to the analyst to decide on the
appropriateness of results and in this particular case it was felt that, most likely due to the
vnreliability of the data, there were too few correlations present between variables and the results

given were simply not useful enough to be included.

It was felt that the use of some form of Genetic Algorithms might also be useful with such a large
data set; however the data was simply too ‘'messy’ and unreliable with multiple, suboptimal solutions
found in the few analyses that were undertaken. This method may be able to offer much at a later
stage once a more reliable data set can be formed. One of its major strengths compared to some of

other methods is being able to draw out non-linear relationships within the data.
The three methods eventually chosen to be used on the data set were Cluster Analysis, General
Discriminant Analysis and Classification Trees. A statistical discussion of these particular methods is

laid out in Chapter 4.

Cluster Analysis was a natural choice as the DLGH is currently attempting to define municipalities

in terms of performance and create three groups from these. This method is able to analyse how the

14
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data itself would cluster municipalities, which then leads these results to be compared to how these

groupings had been intuitively defined by the 'experts’.

The DLGH need to not only know how the municipalities cluster, but which variables define this
clustering so that they might refine their data collection process. Both General Discriminant Analysis
and Classification Trees are supervised methods which identify variables that 'best' assign
observations into predefined groups. The difference between these two methods are the algorithms
used. General Discriminant Analysis could be considered the more powerful of the two; however
Classification Trees has a particular visual focus which is easily understood by a non-expert. It was
felt that these methods in particular would be useful to the problem at hand and offer visual results
that could be understood with little addition training, therefore offering the most appropriate

compromise between the needs of the client and the data available.

3.4 Further Considerations
Throughout the process of data analysis and interpretation of results, various decisions were
required. These were required both in terms of the data available, but also in terms of the analysis

process.

3.4.1 Data

The data available from the PVQ reports contained three tiers of values: variables; municipalities
and time. Analysing two tiers is relatively simple; however the third dimension creates a need to
decide how the data should be presented and analysed. The final decision was that each variable
should be considered within all quarters of time presented, for each individual municipality. This
was due to the fact that the focus of the analyses was on the similarities and differences between
municipalities. Along with this, a significant portion of the data was originally missing from the
data set and time trends were used to extrapolate values, leading to less reliability in terms of

time, but more comparability between municipalities.

A further consideration arose concerning the data when working with the 'size’ of municipalities.
The data available from the census measured municipalities both in terms of their population and
in terms of the number of households within a municipality. It was felt for these particular
analyses that household was a better indication of size as the context of the data used was in
terms of service delivery, which is measured at household level, not per person. It would
however be of interest to complete the same analyses treating municipality size in terms of

population and compare the results.

15
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It may also be interesting to analyse municipalities in terms of the urban/rural ratio in each
municipality. This was not taken into account in the current analysis as the relevant information
was not available; however there is a strong possibility that this ratio has a significant influence

on municipal performance and should therefore be considered in further research.

The final consideration in terms of the data itself is that it is reported on a quarterly basis. The
data set is so large that it may be of interest to attempt to reduce it by transforming the data into
annual values. If it is found that the annual values draw out similar relationships to that of the
quarterly data, it would indicate that data might not need to be collected on such a regular basis,

with smaller reports being done quarterly and an in depth report submitted annually.

3.4.2 Analyses

The analyses undertaken are currently done so on clusters as defined by the data itself (data-
defined clusters), as well as clusters defined by the subjective intuition of managers of the
DLGH (opinion-defined clusters). It may be of interest to use supervised techniques to determine
into which district municipality a local municipality might fall. This would identify variables that
show clear differences between the districts, hopefully aiding in decisions surrounding the

support to certain districts.

This was attempted briefly using General Discriminant Analysis and it was found that even after
relaxing requirements in the model, it could only classify municipalities with 30% accuracy. This
is not too surprising as districts would have been chosen initially to group local municipalities
such that there is an equitable spread of capacity. With district municipalities having been formed
at the beginning of the period under analysis, it is a result in itself that there are no significant
differences between districts. This indicates that the even spread of performance between district
municipalities was successful; however if this analysis is rerun at a later stage and significant

differences are found, it may be cause for concern.

In terms of the supervised techniques that were chosen, there were certain statistical concessions
made in order to best illustrate the techniques with the data available. Ideally, a training and
testing subset of data should be used, along with cross validation, to determine the best
generalised model given the data. Unfortunately, the structure and reliability of the data did not
allow for both this cross validation and the best illustration of the technique as much of the
missing data was calculated from, and therefore inherently related to, the existing data. As the

results of the analyses are on historical data and are therefore irrelevant in the current context,
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the illustration of the techniques available is considered the more important of the conflicting

requirements and is therefore chosen as the focus of the analyses.

There is little focus on the time trend effects in the data. This is mainly due to the large amount
of missing data which was substituted using time effects and therefore an analysis along these
particular lines would be inappropriate for this data set. This does not imply the same for all data
available within government and as most data are collected on a regular basis, the effects of time
on the data are significant. Any future analysis should account for this, obviously introducing the
need for other techniques to be used, both within data mining itself and in terms of the wealth of

analysis available to aid decision making in general.

Finally, the understanding of the roles of the variables in the data set was restricted, due to
limited interaction with the DIL.GH. Along with this, the data contained a bias towards being
flawed as it was seen within the municipal context as compliance data, along with being
historical and therefore less relevant. Although useful in terms of illustrating the techniques
available within data analysis, in order to gain further stakeholder participation it would be

necessary to do so with more relevant and up-to-date data.
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Chapter 4
Research Methods

The following section discusses the objectives of each of the three methods used for the main analyses.
Included is a brief description of how the method works, relevant assumptions and a discussion on the format

of the data. Finally there is a brief discussion as to how each method has been applied to the data.

4.1 Cluster Analysis

Cluster Analysis is used to define objective groups of observations from a particular selection of
variables such that ‘similar’ observations are found to be of the same class (Manly 1986). This
empirically based classification of objects (Hair er al. 1998) can not only be used for exploratory
purposes, but can also be used to compare a proposed theoretically based classification to that
derived from the cluster analysis (Hair ef al. 1998). If the objective analysis i:resents unexpected
clustering of the data, this may suggest relationships that might require further investigation (Manly
1986).

A further result of Cluster Analysis is data reduction in terms of being able to profile observations
using the general characteristics of cluster membership rather than that of individual cases (Hair ef
al. 1998). Relationships that may not have been obvious using individual cases may also become
apparent with the underlying structure of the data represented in these defined clusters and may be

analysed using such techniques as Discriminant Analysis (Section 4.2).

41.1 Method

There are two main methods of clustering: hierarchical and non-hierarchical. Hierarchical
methods begin by calculating the distances of each individual observation to all other
observations. Groups are then formed by merging individuals that have the most in common
with each other, represented by the shortest distance between observations, unti] all cases are ina

single group (Hair ef @l 1998). This results in a dendogram as a graphical representation of the
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order and distances of the merging observations.

In non-hierarchical or partitioning methods, cases are allowed to move in and out of clusters at
different stages of the analysis (Hair er al. 1998). Initially, group centres are chosen and
observations assigned to the centre to which they are closest. The centres of each cluster are then
recalculated and observations may then be reassigned if they are closer to another cluster centre
than the one to which they currently belong (Hair e al. 1998). The process is iterative and ends
once stability is achieved for the predetermined number of groups; however a range of values for
the number of groups is analysed and results compared in order to determine the best value for

the final number of groups (Manly 1986).

4.1.2 Standardisation

There are many advantages to standardization in Cluster Analysis. The main reason for its use is
that most distance measures are sensitive to differing scales or magnitudes between variables
(Hair, J., et al.,1998).This is solved by creating z-scores (taking each observation and subtracting
the mean of the variable and dividing by its standard deviation) resulting in observations that
have zero mean and a standard deviation of one. This allows for easier comparison between
variables as they are on the same scale, as well as positive values being above the mean and
negative values below. The magnitude represents the number of standard deviations the original

value lies from the mean (Hair et ol 1998).

A further type of standardisation that can be useful in Cluster Analysis is to standardise each
observation not to the sample’s average, but instead to that observation’s average score across
variables. In most cases the factor of interest is the relative importance of one variable to another
and whether clusters can be found with similar patterns of importance (Hair er al 1998). This
type of standardization removes response effects and is similar to a correlational measure in
highlighting the pattern across variables, but the proximity of observations is still used to

determine the similarity of values (Hair er ol 1998).

4.1.3 Assumptions

There are two main subjective effects caused by the researcher when undertaking Cluster
Analysis. The first concerns the algorithms used in the analysis, as there are many available, but
no one accepted method. The different algorithms do not necessarily give the same results for a
given set of data (Manly 1986) and therefore the researcher imposes a structure on the data

through choice of methodology (Hair et al. 1998). The second subjective effect concerns the
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choice of variables. There is no means of differentiating relevant from irrelevant variables (Hair
et al. 1998); the technique only derives clusters that are consistent, yet separate, using all

variables.

4.2 General Discriminant Analysis

General Discriminant Analysis is used when it is of interest to ascertain how well two or more
groups of observations might be separated using a particular set of variables for these observations
(Manly 1986). Due to the nature of the technique it is possible, as when using regression, to use a
stepwise approach where variables are added to the analysis one by one until adding any more
variables does not aid in being able to significantly discriminate further between groups (Manly
1986).

The simplest approach to General Discriminant Analysis is to determine linear combinations of the
original independent variables (Z;) such that the distance between centroids of each group are
maximised (Manly 1986). The best separation between groups occurs when the mean value between
groups, using the variables of interest, differs significantly, but the values within a group are fairly

similar,

It is possible to have more than one discriminant function (Z;), depending on the number of groups in
the analysis; however due to the nature of the technique these have ordered explanatory power and
generally the first few functions can account for most of the important differences between groups
(Manly 1986). This allows for a graphical representation of the relationship between groups by
plotting the individual Z-scores obtained through the discriminant functions for each observation and

the group centroids (Statsoft Inc 1997).

Observations that were not previously part of the analysis can be assigned to a group, in terms of the

distance to the closest group centroid (Manly 1986).

4.2.1 Method

Although there are various methods of discrimination available, one of the main approaches
makes use of the mahalanobis distance measure. The mean vectors of the observations in each
group are regarded as estimates of the true mean vectors for each group (Manly 1986), allowing
the mahalanobis distance from each observation to each group centroid to be calculated and
observations assigned to the group to which it is closest. This may not necessary be the group

that the observation originally came from and the percentage of correct allocations indicates how
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well the groups have been separated using the variables of interest (Manly 1986).

The discriminant functions (Z;) that are created as a linear combination of the variables under
consideration can be chosen in various ways. One of the main ways in which to do this is to
choose the coefficients of the linear combination such that the F-ratio testing the difference
between means, using ANOVA, is maximised (Manly 1986). This turns out to be an eigenvalue
problem and determines that the number of discriminant functions available is the smaller of the
number of variables or the number of observations less one. If there is more than one canonical
discriminant function available, the first function maximises the F-ratio for a one-way ANOVA
and successive functions maximise this same F-ratio subject to the condition that there is no
correlation between discriminant functions within groups (Manly 1986) i.e. that the functions are

independent from one another.

Interpreting these discriminant functions involves the coefficients of the variables chosen for the
discriminant function. The greater the coefficient the greater the confribution of its respective
variable to the discrimination between groups (Statsoft Inc 1997); however it does not indicate
between which groups this variable might discriminate well (Statsoft Inc 1997). For this
purpose, group centroids and factor structure coefficients are used (Garson 2007). These factors
structure coefficients indicate the correlation between each variable and its respective

discriminant function (Statsoft Inc 1997).

It is also possible to test for significant differences between the groups using various techniques.
Mainly these test for overall differences between means of all the groups or more specifically

between the means of any pairs of groups (Manly 1986) as is seen in ANOVA.

4.2.2 Standardisation

Unlike Cluster Analysis there is no need to standardise the data to zero mean and unit variance
prior to the analysis. This is due to the fact that the outcome of this particular analysis is “not
affected in any important way by the scaling of individual variables” (Manly 1986, p.87). This
point can however be reversed and indicates that it is in fact possible to use standardised data in
the analysis and the same format of the overall data set may be used for both Cluster and

Discriminant Analysis.

4.2.3 Assumptions

There are various assumptions underlying discriminant analysis using one-way ANOVA to
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determine canonical discriminant functions, mainly affecting significance tests between groups.
Firstly, there is the assumption that the within-group covariance matrix is the same for all groups
(Manly 1986) and if this assumption is not met then the results of the analysis may be unreliable.
This particularly effects the tests of significance which also include the assumption that within
groups the data follow multivariate normal distributions (Manly 1986). Further, when using a
stepwise approach to Discriminant Analysis it is possible that given large numbers of variables

there is a high chance of significance achieved by chance alone (Manly 1986).

However as some of these assumptions are largely relevant to tests of significance it does not
mean that a discriminant analysis cannot be used. The technique may determine discrimination
on non-normal populations quite well, leaving the ability to easily determine the significance of

the results potentially limited (Manly 1986).

4.3 Classification Trees

Classification Trees are hierarchical classifiers based on a supervised learning technique (Vos &
Evers 2006). This allows one variable to be predicted from a set of measurements made on some
class or object (Breiman et a/. 1984) and depending on the problem the focus of the analysis may
either be “to produce an accurate classifier or to uncover the predictive structure of the
problem” (Breiman et al. 1984, p.6) thereby characterising the conditions that determine the class to

which an object belongs (Breiman ef al. 1984).

The procedure used gives output which is easily interpreted (Vos & Evers 2006), allowing a clear
and natural understanding of the predictive structure of the data (Breiman ef al. 1984). The technique
requires much computation, at each stage completing an automatic stepwise variable selection that
reduces complexity (Breiman ef af. 1984); however it handles non-homogeneous relationships well,

making powerful use of conditional information (Breiman et al. 1984).

4.3.1 Method

The general idea of a Classification Tree is nothing more than splitting up the set of observations
into smaller and smaller subsets (Vos & Evers 2006). Therefore the three main elements used to
construct a tree are the selection of splits; whether to stop splitting at a particular node; and

finally how to assign each terminal node to a specific class (Breiman ef al. 1984).

Initially the whole set of data (root node) is split and then the child nodes are split again and so
forth (Vos & Evers 2006). The splits are computed such that the subsequent subsets of data are
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more 'pure’ than the parent subset (Breiman er al. 1984) to the point where no more decrease in
"impurity’ is possible, or ideally where there is only one class of observation in each terminating

node (Vos & Evers 2006).

There are two main decisions when computing a split in the tree. Firstly, which variable to use
for the optimal split, as only a single variable is to be used for each split (Breiman er al. 1984),
and secondly which values of this variable to assign to the left branch and which to the right (Vos
& Evers 2006). At each node to be split an algorithm searches through all the available variables
one by one and for each finds the best possible split. After this it compares the best split on each

variables and selects the best to use in the tree (Breiman ef al. 1984).

One of the main advantages to using Classification Trees is that there is no loss of information as
the terminal nodes together simply represent the entire original data set, split into its various
classes. Each terminal node is classified by a class label, which may or may not be made entirely
of observations belonging to this class, and there may be more than one terminal node with the

same class label (Breiman ef o/. 1984).

The graphical representation of the tree is not the only way to represent the classification of
cases. If all the terminal subsets corresponding to a particular class are considered together, a set
of rules may be determined that will classify future cases fo this class. As all splits in the tree
leading to these subsets must be incorporated, it might make sense to represent these splits “as
“If ... then...” rules” (Vos & Evers 2006, p.90). For ease of interpretation it is important to
ensure that the number of rules is kept quite small and that the rules themselves are quite simple
(Vos & Evers 2006).

4.3.2 Standardisation

As with General Discriminant Analysis there is again no need to standard the data to zero mean
and unit variance prior to the analysis. This is due to the fact that every optimal split in the tree is
unaffected by all monotone transformations of individual variables (Breiman ef /. 1984) and the
same cases will go left and right in the split no matter which format of data are used (Breiman er
al. 1984). As with General Discriminant Analysis, this indicates that although there is no need to
standardise the data, the standard form may be used and the same format of the overall data set

may be used for all three main analysis techniques.
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4.3.3 Assumptions

As with Cluster Analysis there exist subjective effects caused by the researcher when
undertaking to create a Classification Tree. Again there are many algorithms available, but no
one accepted method, and the different algorithms do not necessarily give the same results for a

given set of data.

However, concerning the choice of variables, as Classification Trees use a stepwise procedure to
select variables (Breiman et al. 1984), the most appropriate variables will be chosen in the
context of the chosen algorithm. This does not imply that the most appropriate variable is chosen
in the context of the problem. A variable may not appear in the splits of a Classification Tree and
therefore imply it has little association with the classification of observations; however it may
still be important with its true effect being masked by other variables in the analysis (Breiman et
al. 1984).

Although Classification Trees are easy to interpret, they are often outperformed by other
methods in terms of accuracy due to their relatively high variance (Breiman ef al. 1984). This
implies that splits should not be over-interpreted in terms of which is more important than

another (Breiman e al. 1984).

There are two main sources of variation in a Classification Tree. The first concerns the algorithm
that is chosen to determine the 'best' split in a tree in term of decreasing the given definition of
impurity within the tree. The second is the chosen size of the tree as growing the full tree until
the impurity cannot be decreased any further may lead to overfitting (Vos & Evers 2006).
Although it is possible to use stopping criteria as the tree is being grown, it is actually more

successful to grown the full tree and then prune it back (Vos & Evers 2006).
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The data set was created from data made available through the Department of Local Government and
Housing (DLGH) in the Western Cape. It is contained in quarterly Project Viability Questionnaires (PVQ)
and is restricted to the period of June 2002 through to June 2005. Those reports dating after December 2003
were available electronically; however the remaining reports required data capturing from printed reports.
The final set of data was the most recent available at the time of constructing this particular collection of data
and the June 2002 report was the earliest report available from the department. Prior to this the
municipalities in the Western Cape numbered 136 and the questionnaire was developed to coincide with the
amalgamation of these into 5 District Municipalities, 24 local municipalities and the City of Cape Town,
totalling 30 municipalities. Any data collected before this amalgamation cannot be used due to the significant
changes in restructuring the system. There were further changes made to the questionnaire in December
2003; however there being much in common between the two it was possible to extrapolate observations

throughout the period to create a complete data set.

The initial data set chosen from these reports included all 30 municipalities and 63 variables across all 13
quarters, resulting in 24 570 observations. There were two main types of variables apparent in the data: those
that were taken from the financial statements of a municipality and are mainly measured in Rands
(henceforth referred to as financial type variables) and those that directly represent the service delivery of a
municipality measured mainly in terms of counts or percentages (henceforth referred to as service delivery

type variables).

5.1 Missing Data

There was a substantial amount of data missing from the original data set. This is due to various
reasons; including some sections not always being compulsory to complete; a learning period as
municipalities adapted to the new system; and sometimes data simply not being available. Various

techniques were utilised to create a complete data set, keeping in mind the large amount of data and
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the lime consiraings relevan o caleulations that need 10 be used. atlempling 1o relv on methods with
computational bias and much computer usage with as littke human intervention as possi®le. This may

cause some of the final observations to differ from those captured in the orizinal guesiionnaices,

5.1.1 Removed

There are three main reasons as to why cerlain observalions were removed from the data set.
Firstly, all values relating to the Disirict Muonicipatities are deleted fiom the data set as a part of
their responsibility of these types of municipalities is the management of municipalities within
their district and the fimal definition of this particular role is 241l in the process of being defined.
Along with this, the finaneial data for the five Disirict Municipalities portrays a significantly
different representation of performance than that of the 23 focal municipalities (including the
City of Cape Town) and thetefore cannot be Jogically comparable 1o these local municipalities,
Ihe City of Ciape Tovwn 15 not considered o Be a District Muonicipality in this case as it stands on
its own as a Metropolitan Municipality and can therefore be considersd comparable to the oiher

local municipalities.

ihe second main reasen tw exclude observations is simply due to too much missing data. The
decision is made that when more than 40% of the data for a particuiar section of the data set is
missing the section is removed. This applies to both variables and municipalities. If 40% or muore
of all data for a particulae muntcipality s missing, the monicipalivy s deleted from the dala sed,
[n this case both Owdishoare and Lafngehueg are removed, leaving 23 municipalities to be

anabysad as shown in Table 5.1,

fuble 51 Maps of snmicipalities chosen

All Municipalities and Districts Municipalities Chosen For Analysis
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Looking through the variables, the decision is made such that if more than 40% of observations
are missing for a variable over all 13 quarters in the period under analysis then the variable is
deleted. This is done as it is highly unlikely that the missing data could be substituted with
reliable data using the data already existing. Within the variables themselves, if less than 4 out of
13 observations exist for a particular municipality these are deleted, as extrapolating from so few
observations is not considered to be reliable in maintaining the relationship between

municipalities.

Finally, all variables are considered and any variables not containing significant variation for
analysis are deleted. As a consequence all categorical data is removed, as these variables were
mainly descriptive or indicated categories that remained constant over the entire period of
analysis. However the process is done in order to ensure that the remaining data are useful to the
methods used to analyse the data. Some variables have been collected in a similar manner for
various types of basic service delivery and the result of this particular type of deletion is that
variables are not consistent across types and therefore less comparable. However, the lack of

reliable data is considered to be a more important factor than the consistency of reporting.

Once this process is completed, there are 36 variables across 13 quarters of data for 23
municipalities remaining which results in 10 764 potential observations, of which 4469 (41.52%)
are still missing. The data set is much reduced from the original but the percentage of missing
data has not reduced substantially. The difference lies in the structure that now allows for far
more reliable substitution of missing values. At this point the missing observations can be
substituted using various techniques, taking into account the size of the data set and the sections

of the data set that are missing.

5.1.2 Interpolation

In the case where a variable had more than 4 out of 13 observations available within a
municipality it is possible to interpolate and/or extrapolate the data to substitute the missing

values.

If there are data poinis missing between existing points simple linear interpolation is used.
Although this technique does contain the weakness of the assumption that the relationship
between points is linear, due to the large number of observations it is considered acceptable. This

technique reduces the number of missing data points to 4341 (40.33%).
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If however there are data points missing either earlier or later in the period than any of the
existing observations for a particular variable a different method of substitution is considered.
Initially extrapolation using a simple linear regression of the existing observations was used;
however most of the data are very volatile over time and the resulting figures are unrealistic,
many of them tending into the negative. These results are not surprising for extrapolation of a
time series; however any serious time series analyses is considered impractical in terms of the

size of the data set and the amount of missing data.

An attempted solution to this problem is to utilise a moving average which will contain the data
within its existing range, keeping the values positive, but not unrealistically large. The outcome
of this technique will differ slightly according to how many observations were originally missing
for each variable within a municipality; however it will most likely result in more realistic values
than most other options, taking into account the sheer amount of data. This technique reduces the
number of missing data points to 1391 (12.92%), leaving 107 sections of the data set where all

13 quarters of observations for a variable are missing within a particular municipality.

5.1.3 Regression

In the case where all 13 observations for a particular variable are missing within a particular
municipality a method of multiple linear regression is used in order to estimate values while

maintaining the relationship between municipalities.

The only variables that are complete for all municipalities and across all 13 quarters at this point
are BankBalance, CDTotal; DebtOutstanding; Investments and WaterIndHouse. These are used

as the independent variables in the multiple linear regression.

If a variable is completely missing for a particular municipality across all 13 quarters, it is
possible to estimate those values using the data from the remaining municipalities for that same
variable. The relationship between the variable and the independent variables mentioned in the
paragraph is determined using the data that is available from the other municipalities and then it
is applied to the independent variables for the particular municipality to determine the missing
values. This ensures that the relationship between the municipalities is maintained. If more than
one municipality has the same variable completely missing across all 13 quarter the analysis is
done separately for each of them, using only the data that was originally available from the other

municipalities. This process finally completes the substitution of missing data.

28



Charter 5: Dara CowecTion

5.2 Meta Data

The following section explains the data to be used in all the main analyses. This includes not only the
variables chosen and their definitions, but also the geographical location of the municipalities

chosen.

5.2.1 Variables

As mentioned above, due to a considerable amount of missing data, both Laingsbwrg and

Oudltshoorn are removed from the analysis. This leaves the following 23 municipalities:

Matzikama

Cederberg

Bergrivier

Saldanha

Swartland

Witzenberg

Drakenstein

Stellenbosch

Breede Valley

Breede River / Winelands
Theewaterskloof
Overstrand

Cape Agulhas
Swellendam

Kannaland

Hessequa (previously Langeberg)
Mossel Bay

George

Bitou (previously PlettenburgBay)
Knysna

Prince Albert

Beaufort West

City of Cape Town

Also, as discussed, any variable containing more than 40% missing data, or not containing
significant variation is removed from the analysis. This leaves the following 36 variables shown

in Table 5.2 in alphabetical order, with a brief explanation of the variable is to the right of it.
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Table 5.2: Variable Descriptions

BankBalance

Bank Balance

CD30-60days

Outstanding debtors 30~60 days for service

CD60-90days

Outstanding debtors 60~90 days for service

CD9%0+days Qutstanding debtors 90+ days for service
CDCurrent Current/30 day outstanding debtors for service
- Consumer Debtors by nature of service:
CDElectricity Electricity
CDRates Consumer Debtors by nature of service:
Rates
CDRefuseRem Consumer Debtors by nature of service:
Refuse Removal
CDSewerage Consumer Debtors by nature of service:
g Sewerage/Sanitation
CDTotal Total consumer debtors
CDWater Consumer Debtors by nature of service:
Water
Creditors:
CrBylsplec Bulk Electricity
Creditors:
WPAYEDed PAYE Deductions
CrPension Creditors:
Pension/Retirement deductions
CrTotal Total creditors
Creditors:
CrTrade Trade
Creditors:
CrVAT VAT
DebtQutstanding Total outstanding debtors
ElecDisconnection Electricity losses due to illegal connections (%)
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Provision of free basic electricity:

RlecindHowe MNumber of Indigent Households
Provision of free basic electricity:
EleclndMonetary Monetary Value
; felectrici i
ElecReconnection Number of electricity reconnections
owver the past three months
Investments Invesiments

LossElecTrans

Electricity transmission losses (%)

LossWaterTrans Water transmission losses (%)
Owerdraft Overdraft facility of main bank account
) Performance Management System {PMS)
4]
PHEY AP LG developed/implemented (%)
Provision of free basic refuse removal:
RRIndHouse Number of Indigent Houscholds
Provision of free basic refuse removal:
RRIndMonetary Menetary Value
R Provision of free basic sanitation:
s Number of Indigent Households
Provision of free basic sanitation:
SanindMonetary Monetary Vahue
WaterDisconnection  Water losses due to illegal connections (%}
Provision of free basic water:
waterindHouse Number of Indigent Households
Provision of free basic water;
WaterlndMonetary Monetary: Valge
Provision of free basic water:
WaterOthHouse Number of Cther Residential Households
J . H
WaterReconnection Number of water reconnections

over the past three months
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5.2.2 Municipalities

It may be of interest to consider the geographical location of certain municipalities, particularly
when considering how the data clusters them. The location and boundaries of each muncipality

in the analysis, along with its relevant district, are shown overleaf:

West Coast District
Matsikama Cederberg Bergriviee

Saldanha Bay Swartland

Boland District
Witzonbarn Drakenstein Stellenbosch

Vo

Breede Yalley Breede River ! Winelands

o e
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QOverberg District
lheewatershloof Overstrand

Swellendam

Eden District
L annaland

Mossel Hay

o
-

-
aa
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Central Kareo District
Prince Albert Beaulorl West

City of Cape Town
City ol Cape Town

5.3 Standardisation

I order to be able to analyse the performance of municipalities throughout the Western Cape, they

must be comparable. This can be catisidered in varicus ways,

5.3.1 Census

Cne of the mast lmportant factors is to standardise the data in terms of the size of each
mumicipality. This stze can be measured th two differem ways from the data available:

population tn g municipality or the number of households in cach municipality

These figures are reported every quarter by each municipality, but some reports appear to
increase or decredse across quarters at a rate which seems hmpossible and are therefore 1o be
considered unreltable. Althoush less accurate, as the figures do not alter thrauchout time, a far
more rabust estimate of population size and number of houscholds is taken Trom the 2001 census
data {Census Sowdh Africa 2000). These figures are shown in Table 3.3 and elearly indicate (note
tn particular the City of Cape Town}) the need for standardisation to be able to more accurately
compare municipalities, It was felt that, as the problem context related to service delivery, which

is measured per household in the variables avzilable. standardisation by number of households
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would be most approprate. although populstion could #lso be eonsidered in futune analvsis.

Tahle 3.3 Municipal population avd frowsehold defo

Municipality

Matzikama
Cederberg
Bergrivicr
Saldanha
Swartland
Witzenborg
Drakenstein
Sicllenbaosch
Breede Valley
Breede River ! Winelands
Theewatcrskloot
{Jverstrand

Cape Agulhas
Swellendam
Kannaland
Hessequa
Mossel Bay
George
Qudishoom
Bitou

Knysna
Laingsburg
Prince Albert
Beaufort West
Cily of Cape Town

5.3.2 Statistical

Populaticn Size

502048
34340
46325
L3
i
HALAT
134418
118708
1£6025%
21272
B2
ST TS
264 AR5
28075
23871
44515
Tl4594
135404
H4ebl
29183
aldes
AGTE
103533
37106
Z2BE24473

Number of Households
L4400

T ematre thar the municipalities are complately comparable, as well as the variables being so,

cach variables across all 13 quarters for each municipality is statistically standardised, This

results in the mean for each variable across all 13 guarters being »ero with o standard deviation

of ane, becoming complately comparable in terms of messurenent. A second standurdisation 1

wndertaken in terms of standardising each variable across the 13 penods for each mmunicipality,

allowing for better comparability between municipalities and varialtles aver fime,

Notonly is this statistical standardisation necessary for many of the techniques wsed, but when

attempting  to predict  {urther  elassifieationy

Classitication Treus it gllows [or simpler eomputarian.
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CHaprer B: CLUsTER ANALYSIS

There are clearly enough significant variables available in the results to be able to diseriminate
between 2, 3 or 4 clusters. as in each of the three cases about 150 variables are found to be
significant at the 5% level and about 40 at the 0.1% level. A further consideration is the purpose of
the clustering in the context of the DLGIL. Ideally, as the DLGH is focusing on three closters of
municipalities when dealing with performance, it would be appropriate for the data 1o show this
same profile, However, with the number of municipalities in each cluster under consideration, it
appears that a 3 cluster solution is vnbalanced with Drgkenstein and Biton on their own and of the
two remaining clusters one is half the size of the other as shown on the geographical map in

THstration 6.1,

Il Claster 1
| = Cluster 2
"""m L R

il .HMHI i

Hustration 0.1 Geographical three cluster membership

Traditionally in Cluster Analysis it is desirable to result in clusters of similar size with sufficient
mumbers of observations in each cluster; however this would have to be considered within the
problem context, Even in the 2 cluster solution one cluster is almost half the size of the other;
however this can still be considered appropriate as thete are sufficient numbers in each cluster If a
larger number of clusters is required then the 4 cluster solution is more desirable as although there
are still two clusters with only two or three municipalities, overall they are better balanced in terms
of numbers, However, within the given problem conlext this requirement may not be as important ag
first appears, depending on the requirements of the stakeholders involved. There may be a simple
need fo distinguish those few municipalities that are outperforming, or underperforming, the others
where numbers have little consideration ar there miglht be a need 1o create tiers of municipal supgpart,

in which case more balanced numbers are likely to be desirable,

As this analysis is undertaken in terms of the illustration of the technique, along with pne of the main

objectives of cluster analysis is thal there be as few clusters as possible, along with enough
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significant differences hetween the clusters to be able to gather a clear profile, the two cluster
solution will be considered it terms of profiling. The group membership of the two cluster results,

alotg with their distance ta the cluster average, are shown in Table 6.1.

Table 6.1 Muricipal cluster membership in twe cluster solution

Cluster 1 Distance Cluster2 Distance
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kannatand 02340
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Brig neEx¥r
Knvsre OBs
Prince Aot D433
St oenga
b a0 Zae Toawn Dass

The variabies that show significant differences between the two clusters can be considered in terms

of time as shown in [lustration 6.2,
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Hlustrarion 6.2: Significant variables in cluster analysis over time
Unusual observations are BonkBalanee and CDWerer for Mareh 20035 where Cluster | is much lower

than Cluster 2 in a period where for most significant variables the opposite is true. I the earlier
periods BankBalance hune 2003 and COCwrrent September 20073 are higher in Cluster 1 than Cluster
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2. which again contradieis the patterns seen with most of the other variables, There appears ta be a
clear distinction belween earlier and later periods where Clustier 1 intially has lower scores than
Chluster 20 but after mid 2003 this changes and Cluster 1 shows higher average scores for the

sigmificant variables than Closter 2.

[f the ditferent types of variables are considerad, ol the service delivery variables only the percentage
of water losses due to illegal comnections iz considered stgnificant, This is onfy found to be
significant for the pertod June 2004 and Cluster 2 s much higher than Cluster 1. Concerning the
financial tvpe variables, un interesting point to note is that medium-to-teng-term debtors are higher
in Cluster 2 in September 2003 with no such indications belore this point, implying that there muy
have been some specific event to cause this to occur at this particutur tiime. However, atier this point
Cluster 2 indicates signiltcantty lower current debtors, indicating, that whatever occurred in this time

periogd has a siinilficant effect on tater perinds.

Anather factor that might be considered at this point is thut investments in Cluster 2 were
sigmificantly higher than that of Clustee 1 in June 20083 and may have had some aftect in the changes
of clusier profiles around September 2003, as it is not picked up as signiticantly different in any

uther reported quarter,

It is not ¢lear at 1his point as o what level of debt relates to good or poor service delivery, but it is
clear that this is one of the most significant factors that diseriminates between the profifes of the two
clusters, The level of this, atong with bank balance, changes over time; reversing the prolile ol the
clysters at the bezinning of the period to that at the end. The extent to which this change occurs is

indicated in Tabte 6.2.

fable 6.2: Significant variable levels priovipost September 2003

Pricr September 2003 _ Post September 2003

Cluster 1 Cluster2  Cluster 1 Cluster 2
BankBalance High Loy L Hign
COCurrent - - High Lona
CORates Law High ' High L
CORefuseRem Low High ! High Lo
ChSewerage Lo High High Low
CrBulkElec High Lowe : Lo High

The general priofiles of the clusters indicate, as would be expected, thal when o manicipality bas tow
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debtors and high ereditors it is likelv o have @ high bank balance, and visu versa. 'The period
surrounding June-September 2003 is not the only one of interest however, The quarter that indicates
the most number of variables with significant differences between the clusters is in fact Jung 2004,

which s shewn in [Hostration 8.3,
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Mustration 6.3: Significant vartables for cluster anafvsis in Sune 2004

Fur this period in particular various types of debtors in Cluster 2 are significantly lower than that of
Cluster |; however it appears that creditors concerning bulk electricity in particular and the
percentage of water losses due to illegal comnections is sigaiflcamly higher for Cluster 2 than Cluster
L in this quarter, This indicates that simply kecping debtors low as gosd [nancial practise does not

neecssarily indicate good service delivery muamagameni,

It is interesting to note that there is no significant difference between the clusters in tesms of
consumer debtors by nature of service relating specifically to waler (/0 Tawrd, nor in erms of
electrieity losses due to illegal conmeetions {(Eleci¥Nsconnection) implying that there may not
necessarily be a comection between specific financial tndicators and the actual service delivery
figures they relate to. This is confirmed by the fact that the correlation between Ci0grer and
FarerDisconneciion, atong with the comelation between CrBulkElec and Heefisonmesian, for Jime

20004 ts less than (8.2 indicating the absencr of a relationship between these variables,
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When tooking at the relationship between these varilables across all periods there ure no strong
carrelations, wnlesy the comelations are considered specifically in terms of the two clusters, There are
s1ill na strong correlations evident in Cluster 1 for any of the periods with all comrelations excep! one
baeslow 1.3 however in Cluster 2 there are consistently higher correlations between these particular
variables,  For  December 2003 In partdeular the correlation between COrBuliElec and
Efec Disopnection is .87 indicaling a very strong positive relationship, This indicates that there may
be potential to use tinancials as indicators of service delivery: however the current system would
need o be improved dramatically in terms of reliability hefore this coutd be considered a reality.
Realistically, there is ulways the need 1o consider actwal service delivery figures and consider these

in the context of the reparted financial figures.
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Chapter 7
General Discriminant Analysis

Clustering Analysis has determined how the municipalities naturally cluster inte 2, 3 or 4 groups and that
there are areund 130 variabies that have at least one mean different frem the others across clusters at the 3%
level of sipnificance. However, many of these variables could be explaining the same variation in the data
and it would be desirable to reduce the number of variables, alse cnsuring that the variables chosen are

independent from one another and therefore explain dilferent striclures of variation in the data,

General Discrirvinant Analysis is used to determine which variables Lave the highest discriminatery power
between clusters and combining this with o step-wise andlysts ensures that oo multicallinearity is present in
the final micdel. The parameters initially chosen [or the modei are such that variables enler the model at the
124 level of significance (p-to-enter = 6.01} and to leave the model they must no longer be sipniticant at the
5% level (p-to-remiove = 0.5). These parameters avg chosen specifically to limit the number of variables in
the model and therehy allow for a model containing betier ehility 1o gencralise. As these initial clusters have
been created using the structures inherent in the data itsell, it is likely that General Discriminant Analysis
will perform well and fdentify the sume significant variables as that in the Cluster Analvsis; however the

technique also removes any redundancy in these variables,

(15 possible to classify 'new’ municlpalities into specific clusters using the discriminamt functions (Appendix
1X) developed from these models; thus iU would be more conservative tw use the [Ewest variahbles possible in
the model. #s not to encourage overlilting, therefore allowing [ow 1he bast genaralisation and hopelully

appropriate classification of further municipalities.
Keeping this iy mind. when vsing General Discriminant Acalyvsis, it is possible to test whather the distance

helween moup cemtoeids 15 sigmticant, For these panticular analvses there are so omeny variables avatlable,
Lrp 4 ; A

even when restricting the parameters as mentioned above, that it i3 decided 10 continue the stepwise analysis
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only until these significant differences between clusters appear and there is & 100%% correct classification rate

using the model. This i5 nol necessarily statistically sound, but as the purpose of the analysis here is as an

illustration, as well as the groups being determined from the data itself, this particular limitation of the model

is considered acceptable.

There iz a further consideration that 10 be able 1o choosa the "correct’ variabies for the model more would

have to be known about the context of the problem to be able to pick only relevant and generalisable

variables 10 be used, However for the purposes of these analyses and illustrations of technigue, the variables

of interest are those that are chosen vsing the data iself.

7.1 Discussion

This technigue separates the clusters by using a combination of the variables chosen to be included
in the model. 1f more than one combination (dimension} is vsed the model also ensures that these
dimensions are independent from each other. thereby explaimng the most variation possible. This
allows for a far more powerful separation of clusters than if the variables had just been used
indvidually as in ANOVA, Although all the results from the analyses are caleulated (Appendix VI,
WVII and ¥III) for the purposes of the illustration of these concepis the results from the four cluster
analysis shall be used.

Althoogh it would be beneficial to name clusters by their defining characteristics. the analysis did
not yield clear or obvious results. This was confounded by the level of ynderstanding of which
vanables might indieate a group of munieipalities showing good or bad performance in terms of
service delivery, as one of the objectives of the analvsis was to aid in this understanding, Therefore
the clusters are simply referred to by their numeric labelling given in the results of the analysis.

7.1.1 Separation Using Variables and Dimensions

There are four variables chosen to be included in the fogr clyster model in order to be able to
separate the clusters of municipalities with 100% accuracy. The most significant of these is
CDE90Days 2008 December; however to illustrate the etfect of the combination of variables,
the first two chosen wvariables shall be considersd and CDSewerage 2005 Mareh shall be
included at this point. The closters of municipalities simply plotted against these two variables is

shown in [llwstration 7.1.

It is clear in this graph that CD60-90Days 2003 December clear]y separates part of Cluster 3,

Biteu in fact, from the other municipalities: however it is a poor discriminator when attempting
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to separate the other three clusters ftom each other, Looking at CO8evcrace 2005 March. it
appears that this particular variable separates out the cluster centres quite effectively, but only
beging (o define the separation between entire clusters, [ col-off points were attempted on this
variable it may he possitle o just separate Clusters | and 2; however municipalities in Clusters 3

and 4 would be clearly misclassifiad.
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Hustration 71 Municipalilies against fivst two significant variables
in four cluster GLA model

The clusters of municipalities are shown on the first (wo dimensions of the General Discriminant

Analysis model, hat includes these same two variables, is shown in Ulustration 7.2,
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Hinstration 7.2 Municipalitles against fivst two dimensions in four cluster
G OA model containing two variabfes

Hitert 15 onee aeain clearly separated from every other municipabity and the clusters are still not
clearly separaied. Howeser the separation between all the elusters s significant]ly more disting
thian in the previous epaph. This Is due to the fact that both dimensions include part of the
explanstion gawed from the two sardables, transfocmed in such as way as to best scparate (he
clustars, Just using cut-off poius vn Dimension 1 0t would be possible to separste Cluster 1, 2
and 2. This would only cause Breede River / Hinelands 1o be misclassilied us part of Cluster 3 or
fdrakensiein as part of Choster 1, depending where the cut-off point betwean these two clustets is
made. Tt can be seen clearly that at this point that if’ both dimensions are considered, thare are
four municipalities misclassified by the model, using the dotted cut-oif lines 4s a marker of the

midpomt between clusters,

The graph also indicales that Cederberg [rom Cluster 1 and the Chv of Cape Toviw [rom Cluster 4
have similar proliles [or this model, uy they are placed vory close together at the bottam af the
araph. This shows thal there 15 a sirang possibility at this poinl that cither of these two
nnmicipalities might be misclassilied by the model. as might Wizemberyg from Cluster 1 which is
placed at the top lefl and 4 significant distance away [rom the rest af Hs chuster 11 is inferesting to
note that Beaulort West [rom Cluster 4, which was originaliy part of Cluster 1. is actually placed
as the top-lefl abservation belonging 1o Cluster 4. This is elosest 1o the ehster centre of Cluster 2
andd therelore implies that Beaulon! Wost has more In camman with Clusier 2; however 1f should

be kept in mmd thal so far the modet only meludes two variables and therefore does nat

45



Chapter 7 GEnERAL DHScriMinan Analrsis

necessarily represent a good generalisation of the relationship between municipalities.

Although the first three clusters can e refatively well defined by the model including only these
two variables, it 1s obvious that even if Dimension 2 is considered, to separate out Cluster 4 from
Clusters 1 and 2, other variables will be required. The final two variables that the mode] requires
to be able to classify municipalities with 100% accuracy are EfecfndMonerary 2004 March and
COSewerage 2002 Tune. The graph of the four clusters of municipalities on the first fwo
dimensions given by the model, together explaining 92.93% of the varfation of the model, is
shown in Dlustration 7.3.
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Hlustration 7.3. Municipalities against first two dimensions in four cluster
GDA model contamning four variables

The four clusters are clearly very well separated by the model, with 100% accuracy being shown
by no municipalities lving over their respective dotted cut-off points indicating the midpoint
betweaen clusters, Any further variables added fo the model at this point would only further
¢nhance this separation. becoming superfluous. Using a cembination of the four variables,
Dimension | ¢learly shows the separation between Cluster 1, Cluster 3 and Clusters 2 and 4. The
model does however require Dimension 2 (o be able to fully separate out the ¢lusters as Clusters
2 and 4 overfap on Dimension 1. This does however confirm the fact that Dimension | explains
70.14% of the variation of the model, to which Dimension 2 adds 22.18%,. The final dimension

only adds 7.08% explanation and therefore can be considerad negligible,
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Coneerning Cluster 4, both the City of Cape Town and Beauforr West, which were very close to
Cluster 1 and 2 respectively in the model with only the first two variables included, are now
clearly separaled out 1o the left. Anyspa remains between Clusters 1 and 2 on Dimension 1. but 15

now separated out using Dimension 2.

The only other notable feature on the graph is that Messe! Bay and George from Cluster 2 are
placed at the top of their clusier, very ¢lose 1o Cluster 4 and therefore are likely to have much in
common with the mumicipalities from Cluster 4, although not encugh to have joined them in a

separate cluster.

Mo that it is clear that the models are capable of separating the clusiers using combinations of
significant variables, it is possible to analyse these variables in terms of attempting to ascertain
whether thete is any similarity between the models or any time effect evident, The actual profiles
and defiming characteristics of the clusters for all three models is given in Appendix VI, VIT and
WVTIT.

7.1.2 Time Effecis

The above discussivn concemned only the variables from the four cluster model: however to
analyse the effect of the variables on the cluster protiles in terms of time, the significant variables
from all three General Discriminant Analysis models will be considered. It is interesting to note
that the variables that relate to financial data in particular all concern a municipality's consumer
debtors; however there s no similar distinguishing feature in thosc variables that relate 1o service

delivery.

Hlustration 7.4 shows the clusier averages for all the significant variables, using four clusters.
This particular choice is made as Clusier 4 is made up completely of municipalities originating
from Cluster 1 and Clustet 3 consists of the two municipalities that had the least in comman with

Clusters | and 2 originally.
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Histration 7.4 Four cluster averages agross all sienificant GDA variables

The most noticeable gap between clusters is for CD%—Dos 2003 September, where Clusters 3
and 4 show moderate values, but Closters 1 and 2 show the most extreme vajues of the entire
graph. Other noticeable variables are CEOSsweraee 2002 June which clearly separates Cluster |
from the other three clusters; and COarer 200 December which separates Cluster 3 from
Cluster 2 from Clusters 1 and 4, Tt is not that sutprising that this variable does not separate
Clusters | and 4 as it was found significant for the three cluster model and the municipalities
from Cluster 4 all come from Cluster 1, giving the model no reason to treat them differently., It is
however surprising that the four cluster model chose CO8cwerage 2002 June as maost significant
in being able to separate the four closters as it appears at face value that there are various other

variables that would be able to do this more ¢ledrly.

Variables that separate the four clusters relatively evenly are WarerOrhHouse 2003 September,
CDRates 2004 hine and COSeweraze 2005 March and June. All of these, except CDSewerage
2003 March chosen in the four cluster model, were choszn as significant in the three cluster
model. This is a little surprising as these same variables are able to separate Cluster 4 quite
clearly from the other three clusters without simply teating it as part of Cluster 1, therefore
indicating that they may contribute to the differences between Cluster 4 and the remaining

municipalities in Cluster L.
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Housing {DLGH) at the feedback mecting. WVarious hypotheses were discussed as to what
environmantal changes aceuwred during this particular period  cause this change in values,
obviously being more difficult to ascertain due to working within histovical contesl, Although
these scenarios would need to be followed up, 1t 13 interesting to note that there is a strong
possibility that these chanpges are not simply due to the data itsclf. but have been caused by

external factors and are found to have a significant influence during the data analysis,

7.2 Application of Model

The Tollowing section shows how General Discriminant Analysis might be applied in terms af
attempting 10 assim a new' municipality i one of the predetctinined clusters. Dhviously, this 'new’
municipality 13 only one that his not been included o the analysis that builds the model. [F there
exists a municipality that did nat contain enough data to be included m the analyses. but does contain
data fiom the variables picked as signiftcant in the analyses. it ¢an be assigned to a cluster using the
data fromt these particular variables without needing any of the data which it ha: not been able to
report. This would allew for the possibility that when a significant partion of data are missing ina
municipality, making it near impassible to dentify ts overall perfanmance, it could be classified as
belonging Lo & particular cluster and therefore maosl Likely have a similar performance profile to the

other municipalities in that cluster.

Although it would be ideal to be able ta classify another municipality into its respective cluster using
the discriminant functions, both Geadfichoors or Lairgsfeg, that were originally remaved from the

analysis, lack full data for the relevant variables.

Chidrshioorn Jogs however have most of the data available and at least one observation for every
variable under consideratinn, i net in the correct time penied, for all models. As the two cluster
madel has the fewest variables needed it will be used for the purposes of Mustration and Chuaisfioorn

will be considered usimg the follmwing standardised values caleulated fram the original cata:

CDo0+0ays 2003 September 0,3378
ElecReconnection 2004 March 41 5262
SandindMonatary 2005 March =1 27e7

The discriminant function Tor the two cluster model s

A=lla8a5 - 1.1 271 K -Days — {}-?STTKEJEEL{EEUMIL‘AJLi\JL 1221 Hﬁxﬁmhldhﬂww’.al}'
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CHarter 7: GeEnEraL DiscriminanT ANaLYSIS

Therefore the discriminant value for Oudtshoorn using the above values is;
Lindistioeen = — 21192

The graph of when this particular value is plotted against the other observations from the two cluster

general discriminant analysis, along with the two group centroids, is in Hlustraton 7.6,

2 *o ree S e

|§Glustar 1 #Cluster 2 QOudtshnuml

Hfustration 7.6 Oudishoorn discriminant volue on two cluster GDA model

It i= clear from the graph above that according to the two cluster discriminant model and the values
that have been used to represent Chadisfioors, the model would classify this municipality as part of
Cluster 2, If considered purely on the distance between Cudishoorn and the next closest munictpality
using these particular variables, it appears that Oudfsfioorn has the most in common with Saldarha,
both of which are the "closest” municipalities of Cluster 2 1o Cluster 1 indicating that they have the

most in commeon with it, but not enough to actually form part of Cluster 1.

Further discussion concerning the 'true' classification of Qudtshoorn can be found in Chapter 9;
however it {s interesting to note that it is possible to gain some insight into how this municipality
might be grouped with the other municipalities, even when missing significant portions of reported

data,
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Chapter 8
Classification Trees

Although the variables that suceessfully discriminate between clusters have now been identified. they may
nol ulh be pecassary 10 ba able 1o successiully clasedly municipalities mlv spacific clusters, Atong with this,
although the variubles may huve been identified, there is no simple cul-ofT peint Tor each variable that helps
to determine imto which cluster a municipality will fall. The following analysiz uses Classification Trees to
determine not only the best variables that are sirictty necessary to be able to classify municipalities into

clusters when wsing all observations, but alse what levels of each vartable lead to this classification.

Classilication Trees can be represented gruphically, or by using a sat of decision rules, both of which allow
other 'mew’ municipalities 10 be classified inle one of the predefined groups. As with (he consideration ol
overtitting in General Discriminant Analysis, it 15 noted that there ave few cases to be classified and many
more vasiables available for the cholce of splitting. [Towever: as there are at most 4 classification classes and
the tree will therefore never be particylarly Jarge, a iree with only observations from one class in each
terminal node can be considered. [eading 1o a 100% correct classification rate. Although this particular
technicue hus been grossly simplified and may not be particularly usetul generulising 1o new daty, it is meant
us an illustration, [t (s telt that the lack of reliability of the data justifies the use of the entire tree. especially
az it has been grown to classity clusters that swere deteemined from the stucture inherent in the data itself.

Thus decision Lmplies that there will be no atteinpt made te prine the tree 1oits Yideal’ size.

In spilc of these lmitatioms, an atempt will be made te classify Cudeshoorsn in cach analvsis as Lhis
municipalily was nol wiginally used due Lo lack of data, bl has reported data availuble for all 13 periods for

tha specific variubles identitizd in the rees.

8.1 Discussion

The statisiical results and discussion of afl three Classificalion Tree analyses are given in Appendix
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X, X1 and XI1. To illustrate the ease to which the decision rules are represented graphically. the trae

classifying all municipalities into two clusters is shown in Illustration 8.1.

EankBazlan
2002 Sentembear
=0 30w

@ O

Hlustration 8.1 Classification tree for 2 clusters

It may not be clear as to why (D wrrent 2004 June is chosen as the variable which 'best’ splits the
municipalities into the two clusters. Briefly considering this particular variable for all four quarters
of 2004 (Appendix X111} it can be seen that although the two clusters clearly overlap in all cases, it is

June 2004 which shows the best split of the two clusiers as seen in [Mustration 8.2

-1.828 -1.408 -0.99 -0.571 0152 0268 O0BBY 1,108 1.525 1.944 2363

‘_tmu:ster 1 # Cluster 2

Wustration 8.2: Municipal values of CDCurrent 2004 June for 2 clisiers

The split is however still not completely clear and in fact Birou initially splits with Cluster 2 in the
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tree and requires a further split for all the municipalities to be able 1o be classified correctly, The tree
itself is deceiving in this regard as the structure implies that the number of municipalities in each
terminal node is ewvenly spread. A clear graphical illustration of exactly how each of the

municipalities have been classified is in Hustration 8.3,
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Htustration 8. 3: Municipalities platted on significant variables for 2 clusters

The initial split on CDCurrew 2004 Tune is shown on the x-axis where the cut-off point almost
perfectly separates the two clusters. leaving only Bfrou from Cluster 1 with Cluster 2. BankBalaice
2003 March is then chosen by the model to split Bitow from Cluster 2 as shown with the cut-off point
an the y-axis.

It i= much more clearly shown from this graph how unevenly the spread of municipalities is in the
tree. In fact, for this particular tree it would be mare useful as a generalisation if only the first splic

was used and less than 100% accoracy of ¢lassification was accepted.

When considering the tree for three clusters (Appendix X1), it is once again COCwrrern 2004 June
whicl is chosen for the initial split separating Cluster 1 from the other two clusters. This graph
shiowing the values from all municipalities for this particular variable (Appendix XI11) again clearly

shoyws this split.

However, when splitting Cluster 2 and 3 from each other at the next step, the model again chooses
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BankBulavce at this level, but from the period 2003 March rather than 2002 September. Hlustration
8.4 clearly shows how this variable would be useless in being able to split Cluster 1 from the other
two closters: however if Cluster 1 had already been separated from them, then SanbBalance 2003
March easily separates Cluster 2 and 3.
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-2 F26% 23801 -1.6233 1. 2604 07093 01528 0404 096038 15178 20744 2BE1E

|¢Clu9ter 1 #Cluster 2 & Clister 3;

Titustration 8.4: Mumicipal vafues of BankBalance 2003 March for 3 clusters

It is clear that the reason this particular variable was not ¢hosen in the twa cluster tree is that Birow is
joined by Drakensrein in Cluster 3 and therefore the two cluster mode! would then have split
Drakenstein alang with Bifon into a terminal node and it would therefore be misclassified as

belonging ta Cluster 1, The tree would require a further split to completely separate the clusters,

Finally, when considering the four cluster tree {Appendix XII) it is {DAares 2004 June that is chosen
for the initial split. unlike the other two trees that both used OO wrrens 2004 for this first split. It is
interesting to note however that both of these variables are from the same period. As all of the
municipalities in Cluster 4 originate from Cluster 1 it is clear that this change In variabde choice is
necessary. The difference between the spliv of the four clusters using COCurreat {Appendix XIIT)
and that of using CSAafes 15 significant. with CORares showing a far better split of clusters as seen

in [Hustration 3.5,
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Hustration 8.3 Municipal valuwes af CDRates 2004 June for 4 clusters

This slight change imdicales that when defining the ¢lusters, there has been a particular focus on
consuier debtors for the period June 2004 1t ts only when separating Kysa, Beauforr Hest and the
Ciny of Cape Town from the other municipalities that the foecus shifis slightly from current consumer

delitors to consemer debters relating specifically to rates.

As oseen with the two clester tree, in the [owr cluster tree there is onme municipality that splits
incorrectly initially and therefore requires a further split to be classified into the correct cluster. in the
two cluster tree Bifow splits with Cluster 2 which was not surprising; however in the four cluster
analysis Awvsne Initially splits with Cluster 1 instead of with the other 3 clesters, This implies that
although Kinyermz is part of Clester 4. and the three municipalities in Cluster 4 all originate [rom
Cluster 1, Knysag has the most in commen with the rest of Cluster 1 when comypared o the other two

municipalities in Cluster 4,

To clearly separate Cluster 4 trom the other three clusters, BonkBalance i3 chosen by the model. In
separating Knpsre of Cluster 4 ficon Cluster 1 the peried of hue 2003 is used; however when
separating the rest of Cluster 4 from Cluster 3, the petiod huswe 2002 is considered. This indicates that
HankBalance 13 an important variable when defining the ¢lusters; however iz it useful across more
than one period. [t 15 (nteresting to note that for this particular tree, every split uses variables from

Tung, further indicating some hnportance from this quarter iaeach vear,
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A Ninal note is that not one of the service delivery type variables are chosen by any of the three
medels 1o split the elusters. Although enly a few of this type of variable wers identified in creating
the data-driven clusters mitially, the fact that nove are dentified as significant in this particular
analysis indicates that the patterns iherent in their data is less elear thaw for the financial type

variables.

8.2 Application of Model

Although there are no 'naw' municipalitias 1o classily using the classification trees, both Ladingsbury
annd Crecdivlorn were remaoved from the analysis when cleaning the dala as they were considered 1o
have too much missing data to be analysad reliably. Unfortumately, Lafngsburg continues not 1o have
the data requirements needed Lo be able to classify it in this analysis: however Chiedfishoorn has the
required reported data across all 13 periods for each of the vanables that have been found significant
in the Classification Trees. The relevant data, once standurdised by the number of houscholds in the

municipality, as well as statistically, is shown in Table 8.1,

BankB s & o 2032 Jume -1.49246
== {gld=EF gl=3 202 September -1.49246
== Igl=E1F =3 2203 March 1.30249
Eltrrib Bk e o D03 June 13136
CECurrenl 204 Junes 107724
CORdes 24 June -1.23437
CORefuseRem 2002 June 054522

Tuble 8. 1 Relevant standardised vedues for Oudishoorn

It is possible w simply nn Chdishosrs through the decision rules ss given i each analysis
{Appendix X, X[ and X1 but perhaps it is more nteresting to consider graphically. giving a batter
idea of how Qudtshoors in placed compared to the other municipalitics. The placement of
Chradtshooran for the two and three cluster lrees, with the relevant variables and cut-off peints is

shown i IHustrations 8.6 and 8.7,
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Hlustration 8.6: Oudtshoorn ploited on significant variables for 2 clusters
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Hlustration 8.7: Oudishoorn plotted on significant variables for 3 clusters

The two graphs above show the clustering and decision rules of the 2 cluster and 3 cluster analysis. It
is cleat in both cases, where CDCurrenr 2004 June is the most significant splitting variable, that
Cudtshonrn is definftely not classified as belonging to Cluster 1. In the 2 cluster analysis, it is then
classified as belonging to Cluster 2, but once Biton and Drakenstein split off in the 3 cluster analysis,
Chudishoorn 1s classified as having more in common with these two municipalities and is ¢lassified

as Cluster 3.
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The graphical classification for the 4 cluster tree (Appendix X1IT} is shown in Mustration 8.3
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Nlustration 8.8 Oudtshoorn plotted en significant variables for 4 clusters

It the first graph it is clear that Oudrshoorn does not split down the main right branch of the tree
with Cluster 1 and therefore it is necessary to consider the second graph from the main lett branch.
Considering one level further, CDRefliseRem 2002 June classifies Oudishoorn  as belonging to
Cluster 2. This indicates that there 15 some diserepancy overall as to whether Oudtshoorn has more in
commaon with Biton and Drakenstein or the rest of the municipalities that make up Cluster 2 in all of

the analyses, As there are more municipaliiics in Cluster 2 and Qudishoorn is classified as belonging
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1 1his cluster taice oue of the three spalyses, this is likely to be the most appropriate classitication
when no other imnlormation is available. However, il possible, more analyvses should he done to better
determing its profife. although it appears it is reasonable to conclude that Chedtshoorn does not

belong th Cluster 1 for any of the analvses. Again, further discussion as to the "true' classification of

Chedtshacen can be found in Chapler 9,
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Chapter 9
Interfacing with the DLGH

Although the previous chaplers have been a constructive 1llustration of potential techniques that can be used
tir help the Department of Local Government and Howsing (D1.GH) gain newe knowledge from the large
amolnts of data that is callected on a regular basis, as yel thers has been no discussion on teedback trom the
BLGH jiself The following chapter discusses the feedback session with the DLGII and the analysis, using
the technigues that have been iHustrated previously, on further data gained from a group exercise with sorme

uf the participants.

9.1 DLGH Meeting

A meeting was held with the DLGH of the Western Cape, at their offices in Cape Town. during the

aftenoon of 16 May 2007,

The two main purposes of this mecting were 1o present the results of the analyses that had been
performed on the data obtaingd from their PV reparls, as well s allowing members o partake ina
graup exercise in order 1o gain & better understanding of ihe subjeclive opinions a8 o the

performance of municipalitics doring the peried under analysis.

Ten members of the DL.GH attended the feedback meeting (Appendix XV, of which only five
partook in the group excrcise (Appendix XV), indicating that the spinions expressed wilthin this

chapter are based on a small sample size and may not be representative of the DLGII as a whaole.

8.1.1 Feedback Presentation

The first part of 1he meeting involved a presentation of some of the vesults from the analyses that
had been completed so far (Appendix X1V Firstly, the data used was explained in terms of its
arigin and what transtormations had occumed to create a complete data set that conld he used for
1he analyses chosen. 1 was stressed at this poaint that the guatity of' the data was very poor and the

resulis may not be realistic, but that this was also a point of Interest in terms of the feedbaclk that
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the members partaking in the meeting might be able 1o give. Along with this, the members of the
meeting were reminded tha the data under analvsis was for the period hune 2002 until June 2005

and it was important that discussions and teedback was made with this constraint in mind.

Each analysis technique was presented with a brief explanation as to what it might be used for
within the local government context, along with an examyle of results taken from the relevant
analyses, As the majority of people in the meeting had never seen the particular techniques used
and more complexity would detract from the usefulness of these techniques, the examples given
in the presentation were chosen specifically from the two cluster results, These results were

explained in terms of the data and discussed by the group within the local government and

municipal context.

The presentation slide showing the results of the Cluster Analysis using the daia objectively, both
in terms of listing the members of each cluster and the geographical representation of these

clusters, for the two ¢lusler analysis is shown in Hlustraticn 9.1

W Cluater 1
A TR ]

& CD s 1 oper nas w5 i

Hiustration 9.1 Presentation slide af Cluster Analysis results

The reaction from the members of the meeting concerning these particular resulis were that
dlthough the results were based purely structures inherent in the data iiself, Cluster 2 generally
indicated municipalitics thar were performing well aver the period and Cluster 1 these thar didi't
show good performance. The only exception to this appeared to be Theewaterskloof where a few
members felt that it did not belong with the other municipelities in Cluster 2. [n contrast to this,

an opinion was expressed that during this périod in particular, Theewarerskloof was actually
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oulperforming expectations and therefore it analysed on relative circumstances. might actually

belony with those municipalities that generally performed well.

During the general discussion Tollewing the presentation, it was mentioned that of all available
technigues, the most uselul was probably Cluster Analysis, This 15 not surprising as Cluster
Analysis secins the casiest technique to understand. along with allowing for the clearest

illusteations as ta the results of the technigue.

Ft was also mentioned that there was a need tor time trend analysis in order to be able to predict
it advance what might occur within a mun:cipality. Due to this comment the analysis of resulis
eontaing mare focus on imterpreting results within the comtext of (me: however not with any
tireus on being able 1o predict futuee results. This is due (o the natsre of the data, being far too

faroe and unreliable.

Thraughout the presentation it was stressed that these particular technigues may be available
variows soflware packages and therefote easily wilised by an ungualified person. However, 11 s
vilal it a qualifisd practitioner is involved in the entire process amd is able 1o present the results
of the analvses such that evervone invelved understands how the data has been manipulated.
alomg with the limitations of the techniques used. Along with this &t was discussed how the
results cannot simply be presented, but require discussion with domain experls 10 he able 1o be

mterpreled wilhin the given contest,

There waz a aencral wiew that more analvsis of the data would be useful, aleng with the
understanding that tor this to occur skilled persenmel wouk] need 1o be incluwded in (he entire
process, A further point was made that in terms of historical data collection there has been a
tendency for the entive svstem to be overhauled on a semi-tegolar basis and perhaps il would be
mare successful to first focus on allowing smaller sections 1o update as necded, focusing an the
mest inportant requirements, without a complete change. Onee stable these could then he
imegrated e an interdependent system. This would also allow for data to be more consistent
and help in time trend analvsis, along with invelving all sections i the interpretation and

understanding of data analvsis.

9.1.2 Group Exercise
Due ta time and complexity constraints, the group oxercise covered anly the scenaria of three

clusters of nunicipalities. This particular choice I= justified by the fact that the department itzelf
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has chosen 1@ unalyse municipalities in terms of having good. average or peor performance.

Participating tnembers were given cards showing the names of the 25 local municipalitics in the
Western Cape and wsked (o assign them to the groups "good', “average” ar bad' i terms of how
they. subjectively. thought these runicipalities had performed during the period June 2602 to
June 2005.

Mustration 3.2; Group exercive participants ranling municipalities

Althougsh it was 1ot expressly requested, there was minimal discussion wg to the placement of

municipalities during the exercise.

As mentioned, there were farrly significant time consmalints during the exercise as shown by the
fuct that cnly five members of the oripginal ten that weended the meeting could stay to participate
in the exercise, Unfortumately it wus not possible to complote the exercise earlier as it was
important that evenvone invelved understood what wus nesded ws cxplaincd Jduring the

presentation.

I would have beon Tdeul 10 be able to consult the participants as to why various cholces were
mude; however again dug (o tme, it was nol possible to consolidate the results at that poiat and
discuss them. The grouping of municipalities wus done at a later stuge vsing rankings and it
wapld liave been Dnteresting to compare to how the participating membears would have eventuully

chasel te group municipalitieg within the context of discussion and further interaction.
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Hlustration 9.3; Group exercise participams ranking municipalifies

The results showed a fairly even split between municipal placements in the 'good’ and bad'
categories with 35 and 38 placements respectively. There were 52 placements made in the
‘average’ gategory which either indicates indecisiveness on the part of the proup exercise
participants, or that these municipalities are neither noticeably 'good' or 'bad’ in terms of

performanee.

fthestration 940 Poster of municipalitfes ranked ‘average’
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for data-defined and opimon-defined clusters, along with colours indicating the other

classification is shown in Appendix XV1.

It is ¢lear that the data-defined and opinion-defined clusters differ significantly. There was no
reason to assume that Cluster | of the data-defined clusters would be the best performing cluster
of municipalities and so forth; however it is interesting that the data-defined clusters are spread
throughout the opinion-defined clusters. It is noteworthy however that the ‘bad' performance
cluster is made up entirely of municipalities from Cluster 1, clearly indicating that Clusters 2 and

3 have a good/average opinion bias even though the performance of Cluster 1 is unsure,

There was also the opinion given during the meeting that except for Theewaterskioof the data-
defined Cluster 2 was made up of municipalities that had been performing well for the period,
This follows through in the table above where the majority of Cluster 2 forms part of the “good'
cluster; however it does raise the query as to why Mosse! By and Safdomita are only ranked
‘average’ if previously they were seen as part of the section of nmmnicipalities that was performing

well,

It is interesting to note that both Birow and Drakensrein from the data-defined Cluster 3 appear at
the bottom of the lists for 'sood’ and 'average' showing that they are the most contested as
belonging to those clusters. It was these two clusters that split from Cluster 1 and Cluster 2
respectively in the two cluster analysis to form Cluster 3 in the three cluster analysis. Once again
they indicate that they have the least in commen with the other municipalities in the cluster;

howewver this time due to an intuitive feel as to how to municipalities group, not to the data itself.

MNeither Credtshoorn nor Laingsburg were included in the original analysis due to lack of data:
however they were included as part of the group exercise, Unfortunately, knowing how people
involved in the system might assess these two municipalities is still not enough information to be
able to include them in the analyses. However, what this extra information deoes add is the
knowledge of to which cluster these municipalities would be assigned. This allows for the
comparisan of this, to how the moedels developed from the General Discriminant Analysis and
Classification Trees would have assigned these municipalities given encugh data to do so. For
both municipalities, the opinion gathered from the group exercise is that they are 'bad'
performing municipalities for the perod June 2002 to June 2005,

T aid the readability of interpretations in further analyses, Cluster 1 will be considered to be the
cluster that indicated "zood’ performance, Cluster 2 to be 'average’ performance and Cluster 3

'bad' performance.
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9.2 Analysis

The first analysis originally carried out on the data, without any opinion aken from the municipal
cantext, was a Cluster Analysis, This unsupervised methad determined how the data naturally groups
the municipalities into 2, 3 or 4 clusters. Through the group exercise with the participating members
of the BLOH, three clusiers have been defined and analvses may now be carried out on these clusters
in terms of defiping the cluster proliles and using Generg] Discrimingnl Analysis and Classification
Trees to assess which variables, and what levels of these variables, now becomne important in
detining these given groupings. These results can then be compired to what was seen when the data-

defined clusters wers used.

8.2.1 Cluster Analysis

When attempling (o prolile clusters, it is simplest to do in terms of the ditTerence between the
three clusters. lilusiration 9.3 shows all variables that indicated a significamt ditference between
the cluster averages at a 1% level of significance. These are net shown in order of significance,
but rather are ordered by fime to aspertain whether there might be any noticeable patterus

throughout the period.
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Hlustration 9.3 Opinion-defined cluster averages acvoss sigrificant
varialies for Cluster Analysis

It is interesting to note that except for Elecfrdldonerar: 2003 March, Cluster | shows relatively

moderate values all wavering about the average, Along with this. Clusters 2 and 3 appear to have

68



CHapter 9 Interracing womH THE DLGH

very similar values for most of the variables, dilfering noticeably for COE iz 2005 March

and PME%ufmplemented 2003 June.

Also interesting is that Cluster 2 and 3 are above Cluster 1 for the eaclier periods, but from about
June 2003 tend below Cluster 1. The only exeeption o this is ar the end of the everall peried, in

2005, where the relalionship between the ¢lusters vary,

The relationships between the elusters is what waould have [een expected lonking at those formed
only by the data itselll where the profile of Clusier 1 versus Cluster 2 swapped to the exact
oppoesite profiles over tme, changing around the period June-September 2003, A similar swap
necurs in the opinion-defined clusters, but it is not a complete npposite between Cluster | and
Clusters 2 and 3, but rather that Cluster 1 remams rather modecate and Clusters 2 and 3 vary
widely as time provresses, The paitern prior 1o June-Seplember 2003 and afler this period does
hewewver change signitficantly, indicating that it is not only the data-defined clusters that indicates
that thiz period may have shown some significant changes to cause variation in the reported

values fiom the municipalilies,

Electricty plays an importanl rele as ElecfrdMoperary appears among e 13 sipmilicant
variables 6 times, with CDEfecmicine appearing 4 times. [t may be nteresting to consider the
relatinniship between the three clusters for these two variables in particnlar acrnss all quarters.
The praph showing the values for the theee clusters of ElecfudMorerary across all quariees 13

shown in [ustration 9.6,

This graph appears rather vnusual as there i3 2 laree jump inall values st December 2004, which
immediately queries the reliability of the data. There i a need to understand 11 any of the valugs
were origindlly missing and if this may cause this unusual result or not. Only Cherstrand of
Cluster 1 and Cgpe Apuliay of Cluster 3 originally had eveory value missing for this variable,
with these values being extrapolated from their relationship to the other municipalities. Howgever,
for all municipalities any value prior December 2003 was onginally missing as it was not
available in the printed reparts, but only in the electronde data, explaining the smooth curves prior

i this point.
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Hlustration 9.6; EleclndMonctary for Opinion-defined cluster iverages
across aff guarters

Thete are various reasans to cansider this vamable tirehiable; however 1T 18 inleresting o nole
that the large jump in vilues at December 2004 Is not due to manipulation of the original data.
but is rather part of the values actually reported by municipalities, This jump in values is
consistent across all muaicipalities, raising questions as to what may have oceurred in this period
to cause the reporied values 1o change =g drastically, Hawever, the relationship berween the
clusters is sl maintained and this changes over time even if everything prior 1o December 2003

i= ipghared.

[t might be considered that having high values for the monetary valus of the provision of fres
basic clectricity indicates good municipal petrformance as this might show more alecuwlicity
provided than if this value was tow. If this iz vne then it 12 not surprising to sze Closter 3 with
some af the lowest values compared 1o the olher bwo clusters in the later yumrters as it is
considered 1o be a cluster of "paor’ nerlorming municipalities, it does not however explain why
Cluster }, containing 'good' performers, has lower values than that of Cluster 2's 'average'

perlormers.

it is uncertait as to whether these reporied valoes are a true reflection of the situation at the time,
or whather changes within the system caused the numbers 1o be reported differently, thereby
explaining the distinct jumip. Either way, it iz certain that this particular variable should be treated
with some concern during interpretation. although the relationship between the clusters appears

to be maintained.
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When considering CDFElectriciny a different pattern is seen in the data. The graph showing the
average values for the three clusters of this particular variable across all quarters is shown in

Mustration 9.7.
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Hustration 9.7: CDElecticity for Opinion-defined cluster averages
across all quarters

For this particular variable Matzfhama and Cape Agulhas had all the orniginal values missing,
which were extrapolated fram their relationship to the other municipalities; however for all other

municipalities all yalues were originally there ar one or two needed to be interpolated.

These values are far more varied over time; however it 1s noted that there are sudden drops in
values for Cluster 3 in September 2003 and Cluster 1 in December 2003, with a more gradual
decline for Cluster 2, which bottoms out just before all the clusters dramatically increase in
September 2004, This is consistent with the concern that there was a sigoificant change around
this time that affected the profile of the three clusters. Profiles do shew a general change ayer
time with Cluster 2 starting with the highest values, but ending with the lowest and Cluster 3
having a general trend of remaining in between the two, and Cluster | statting with some of the

lowest values, but ending with some of the highesrt,

It is uncertain whether having high or low debtors would indicate good or bad service delivery

for a municipality. The data appears to indicate that the 'best' snd ‘'warst’ performing
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inunicipalities have wery similar prefiles for this varable over time and it is the 'average
performing municipalities that show greater variation: Tt woueld be interesting to ascertain if there
wits any major event during Seprember-Decernber 2003 which would explaim the sudden dip in
values and perhaps aid in understanding thz relationship between cumrent debtors and service

delivery,

9.2.2 General Discriminant Analysis
Mow that the cluster profiles have been discussed, it 1s possible to determine which combination

af independent variables may help to better explain the differences between clusters,

The General Diseriminam Analysis model using the opinion-defined closters required five
vatiables (o be able to diseriminale betwean cluster with 100%% ageuracy. This is more than any
af the previously defined models. which required gt most four variables, However as thess
clisters are nol deliped {Tom the data itsell, the requirement of extrs variables is not surprising,
I fact. it s a little surprising that only five variables are required, but this inay be due to the fact

that there are simply so many variables availableto be chosen.

Fhe first two varjiables chosen by the mode] as most significant in being able 10 delined the
differences between clusters are ElecindMernetary 2002 December and PAS%lmplemented 2003
March, The clusters of municipalities simply plotted cgainst these two variables is shown in

Musteation 9.8,

I is very elear that neither of these variables is particularly sble 10 separate the three clusters,
ElecindMonetary appears able to isolate Cape dgieflas, Swellendam and Swoartlond to the left of
the cther municipalities: however they belong to Clusters 3. 2 and | respectively. PSS
Solmplemenfed is only able to iselate Bifzesbery. fromm Cluster 3. between two clusters of mixed

mumcipalities. The ¢luster centroids do appeer evenly separated, bul not panticularly far apar,
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Mustration 9.8: Municipalities against first two variables from DLGH
defined (DA madel

The two dimensions of the model (Appendix XVII}, giving a combination of these two variables
created as independent transformations that best discriminate between clusters, is shown in
Mustration 9.9,
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fMustration 9.9: Municipalities against dimensions of DLGH defined GDA model
containing twe variables

The clusters in this gaph are far more spread out. Considering both  dimensions, no
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municipalities overlap with clusters they were not assigned 1o, However, it is not yet possible to
us¢ simple cut-off points on these two dimensions to be able to classify municipalities with
100% sccuracy. On Dimension 1. Breede River / Winelands would be misclassified as part of
Cluster 3 and there are no clear cut-off poinis an Dimensgion 2. Tf municipalities were assigned
traditionally to the cluster centroid it was closest 1o, at this peint Gversirand from Cluster 1 and
Cederbere and Kanmalarnd from Cluster 3 would also bz misclassified as belonging to the others'
cluster. This indicates that at this point the moedel is only able to classify municipalities with
82.61% accwracy and therefore requires further variables to improve this classification rate to

100% aceuracy.

Once WoeterdiiHouse 2004 December, CDTowaf 2004 Decemtber and BondBolonce 2003
December are also included in the model. each step shown in Appendix XVII, the municipalities

plotted against the two dimensions ¢reated by the model are shawn in Hlustration 9.10.
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Hlusiration §,10: Municipalities against dimensions of DEGH defined GDA modef
containing five variahles

It is clear that the clusters of municipahities are now distinctly separated from one another, with
no wumicipalities being misclassified by the model. Any variables added to the model at this
point weauld only further enhance this separation and are therefore considered unnecessary. even

though there are still seven other variables that are considered highly significant in being able to

discriminate between the three clusters {(Appendix X V1.
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Although it appears that only the first dimension might be necessary to be able to discriminate
between clusters, it explains only 86.24% of the model. The 13.76% explained by Dimension 2
should therefore not be considered negligible as it adds a relatively significant porticn of

explanatory power to the model.

Looking ar the graph, there is one interesting placement of a municipality when using the
combination of these five variables. This is Cape 4gufhas which is placed at the very top of
Cluster 3, appearing almost ¢loser to Cluster 2, indicating that it may have more in cotmhmaon with
this cluster. Although it was not criginally chosen unanimously as belonging t¢ the "bad'
performance cluster, it is no less disputed than Wifzenberg. In fact Bergriver was the most
disputed of all the municipalities in Cluster 3, with one opinion given that it might belong in the
"good' performance cluster, balanced only by three people indicating that it was a 'bad’ performer
for the period June 2002 t¢ June 2005,

The five significant wvariables, all considered separately in terms of the diflerences between
cluster centres, in terms of time rather than the order that they entered the model, are shown in

[fustration 9.11.
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IMustration 9.11; Three cluster averages across first five significant vaviahles
chosen by the DLGH defined GDA model

The largest differences between clusters are shown by three of the ahove vanables! AankBalance

2003 December and CDOTotaf 2004 December single out Clusters 3 and 2 respectively, with the
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most even spread between the three clusters given by HarerChtiffouse 2004 December. These
first two variables are in fact the last two variables to be chosen by the model and are therefore
likely chosen as they separate Cluster 3 and Cluster 2 respectively from the other two clusters
and therefore add this information to the model when it is considered needed.

General trends over time show Cluster 1 decreases steadily over time, Cluster 2 dips but then
inereases again and Cluster 3 has values that vary widely over time. Tt is interesting to note that
far the two financial variables, Clustet 3 shows the highest values, but for the variables relating

specificably to service delivery Cluster 3 shows the lowest values of the three clusters.

Although no variable is chosen twice, it s interesting to note that all but one of the significant
variables are chosen from December, two of which are this quarter for 2004, This implies that
this particular period is important in distinguishing between the profiles of the three clusters. In
addition to this, none of the variables chosen are from 20035, indicating that this vear is not
instrimmental in defining the profiles of the clusters. Even when considering all twelve of the
highly significant variableg that were chosen by the model, only HarerDisconmnection is chosen
from June 2005.

The most interesting of all vanables chosen by the model is PMI%Implemented as 1t is not
shown as significant in any of the data-defined analyses undertaken, although it is picked up as
showing significant differences between clusters in the previous Cluster Analvsis, It is interesting
that this particular variable is included when attempring to discriminate between clusters of
municipalities in 1erms of performance as determined by people involved in the system. The
Performance Management System (PMS) implies a fecdback mechanism that gives petsons
within the lecal government system an idea of how a municipality might be faring at a particular

time.

Ag shown previously (1Hustration 9.11) PAS2implomenred 2003 March indicates that Cluster 3
has a lower score than the other two clusters. If this feedback mechanism did in fact influence the
opinions that led to grovping the municipatities in such a way, this indicates that municipalities
that had the highest percentages of their PMS implemented by March 2003 performed well; with
badly petrforming municipalities having the lowest average percentage of their Performance
Management System implemented. This indicates that having the systens in place appearsto be a
good indication of the actual performance of the municipality. However, it does not show

causatity in terms of whether the system was not implemented because the municipality {s
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strugeling. and visa versa

Finally, it would ba ideal to be able w classily enher Laingsburg or Cudishoors using this
General Discriminant Analysis medel and compare these classifications (o those given during the

sroup exercise; however the data are simiply not available for the variables chosen by the model.

9.2.3 Classification Trees
The Classification Trae shown in Mlustration 9.12 classilies the municipalities inty the clustees

determined by the subjective optofon of the members partaking in the clustering exercise,

Elacindbongtary

2002 March
=1 1B02
RRndMon BarkBalan
2003 Dhacmmiber 2202 June
< {1 9580 «0FIe6

Hustration 9.12- Classification tree for DLGI defined clusters

It tnitially appears as it Clusters | and 3 are divided into cqual sections in the teee: hewvever it is
oty Gherstrared from Cluster 1 that aplits down the main teft branch of the tree and Bergrivier
from Cluster 3 that splits down the main ngld branch of the tree. Therefore the initial split
actually separates the majority o Cluster 1 to the right and Cluster 2 along with the majority of

cluster 3 to the ledl,

This is et easily seen in the classification tree and could be misinterpreted. This &5 a clear
example ol overltiing the data, but it does indicate the both Chersirand and Bergrivier should
be treated carefully in ferms mterpeeting thelr profiles as exactly the same as the chuster they are

conslderad to be In,

To make the iree more weneralisable. only the initial 2plit along with the second tevel split in the
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left branch should be considered, leaving two municipalities misclassified. This misclassification
is a little conceming as it takes municipalities that are considered to have a cenlain performance

profile and assigns them to the opposite one,

The final profile of the clusters as defined by the tree is that Cluster 1 has exceptionally high
values for EfechuiMonetary for the period 2005 March which is confirmed and seen more clearly
in Hlustration 9.13,

| N
v]

-2 185 178 1375 0971 0556 00181 02438 05485 1.0534 14581 1,850

|¢ Cluster 1 # Cluster 2 = Clus*er 3[

Husirarion 913 Municipal values of EfecindMonetary 2005 March for
DLGH defined clusters

In fact. Cluster 3 generally also has high values for Eleclnddfonerary, but not so clearly that it
can be separated from Cluster 2 on this variable. Cluster 2 does however have average and above
values for REfmdManerary 2003 December, whereas Cluster 3 has below average values for this
particular variable (Appendix XV It is interesting to nole that these major differences
between clusters all concern variables relating specifically to service delivery which was not

picked up in the clusters as detined by the data itself.
To clearly see how the municipalities lig in relation to each other a different graphical

representation is necessary. The major two splits that have been discussed in terms of

generalisation and the relationship between clusters is shown in Hlustration .14,
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Tifustration 9. 14 Municipalities on first two significant variables for DLGH
defined clusters

Tt is a tittle more clear now why Bergrivier of Cluster 3 splits with Cluster 1, as to push the cut-
off point on the x-axis any higher to exclude Bergrivier would also exclude a significant portion
of Clyster 1. To decrease the cut-off point in the x-axis any further would include all of Cluster
1, therefore reclassifving fverssrand correctly; however it would also cause significant portions

of Clusters 2 and 3 to be included,

This graph also shows although Oversfrand from Cluster 1 does appear to sit closest to the
centre of Cluster 3 than any other municipality in cluster 1, the distances indicate that its
misclassification (s not due to it being far from the centre of Cluster 1, but rather that the clusters
ovetlap significantly and are therefore very difficult to separate well, Although this graph
represents the two variables that the model indicates will Best split the clusters, 1t is perhaps on a

differemnt dimension entirely that the separation of these clusiers is best found.

Looking at the finer details of the tree that would not be used in a generalisation, as with the
analysis done on the clusters that are defined from the data alone, BarkRalarce 2002 June is seen
as a signmificant varable, This imdhicates that this variable is important both from a data

perspective as well as the subjective opimion given by the participating members.

Interestimgly, when doing this analyszis from a purely data perspective none of the non-financial

varighles gre chosen as significant in being able to split the clusters; however in the tree above it
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can be seen that both Efecfndldinerry and RRIndMonetary from completely different periads
ure seen to be nore important thun finapcial variables in beinz able to split clusiers, This is 4
clear indicatton that the financial varialles only tell part of the stary concerning performance
when it comes ta the subjective opinton given by personal knowledge of the municipal comexlt.
This is especially true a3 in the subjective opinion analysis, ZaskBalancy is only used to separate
out twoe cutlying municipalities rather than clearly separating clusters. Its inability to separate the
three main clusters s clearly indicated in Nlustratton 9,13, where there is 4 significant overlap

seen across all clusters:

| # Cluster 1 & Cluster 2  Cluster 3|

Hifustration B 13 Municipal values of BankBalunce 2002 June for DLGH
defined clusters

The disadvantage of having these particular service delivery type variables as significant in
splitting the clusters, rather than financial data, is that it is not possible to classify Qudishaor at
Laingshrg vsing the tree and check this versus the subjective apinion given. The data sioply
does nat exist to be able to do this. Laingshury does have data Tor Blecinddfonerany; however the
standardised value splits this municipality down the left branch of the tree and neither
munteipality contains data for AR5 omerary: The only information that can be gained from
attemnpting this exercise. combined with the knowledge of the structure of the tree. is that it

relattvely certain that Laigshure does not form part of Clyster 1.

The suljective opinion taken from the exercise is actually that both Owdisfoorn and Lufneshury

belong in Cluster 3 as poor performing musicipalities. This does not contradict the ahove result
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and if the data were to be relied upon when making decisions, both these municipalities would
have been treated as medium to poor performing municipalities — even without all the relevant
data available. This does however help to confirm that the actual values given correspond with
these municipalities being poor performing ones, and that it is not simply that by not having any

data available in the quarterly reports that they are considered to be poor performers.

9.3 Discussion

There are various considerations to be made when comparing the results from the three main
analyses undertaken with the opinion-defined clusters. All of the analyses identify ElecmndMonetary
in at least one period as significant in defining the differences, and therefore the profiles of, the three

clusters. How this affects the actual profiles is discussed in Section 9.2.1.

Electricity in general is found to show significant differences between the clusters as
ElecIndMonetary and CDElectricity make up ten of the thirteen most significant variables identified
in the Cluster Analysis. ElecIndMonetary is only picked up as significant once in each of the other
analyses; however in both cases it is chosen first, as the most significant. This change is most likely
due to the fact that both General Discriminant Analysis and Classification Trees take into account the
interaction between variables and therefore all the significant variables in the Cluster Analysis appear

to explain the same information present in the data.

Looking at the profiles of the clusters over time, the change in profiles around the time of June-
September 2003 is still seen for many of the variables. This indicates that this particular period is
important, not just in terms of how the data was reported, but that there may have been some
occurrence that caused these changes that also influences the clusters that have been defined by

subjective opinion alone.

It is also seen both in the Cluster Analysis and General Discriminant Analysis that across all the
periods under consideration, Clusters 1 and 2 show gradual changes over time when analysing the
significant variables. Cluster 3 however shows far more variation over time in terms of its values,

which raises a query as to why this occurs,

Both the General Discriminant Analysis and Classification Tree models choose BankBalance as
significant in terms of defining the differences between clustexls; however in neither case is it one of
the first variables chosen. It appears that both techniques use this variable to define slight changes in

profile once various other variables have been taken into account. BankBalance is however also seen
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as a significant variable when analysing the data-defined clusters and therefore could be considered

as a proxy of municipal performance if a relationship can be defined.

It is interesting however that as this variable has been standardised by the size of the different
municipalities, it is not simply a large bank balance that defines a municipality showing good
performance, nor is it this that helped group exercise participants define clusters in terms of their
personal opinions. In fact, in the General Discriminant Analysis results, it is seen that Cluster 3 (the
'bad’ performing municipalities) clearly has a higher relative bank balance for a particular period than

gither of the other two clusters.

Finally, in terms of the results both the General Discriminant Analysis and Classification Tree
models indicate that when only the first few variables in the model are considered, Overstrand from
Cluster 1 is likely to be misclassified as Cluster 3. It is concerning that the variables that supposedly
discriminate best between clusters tend to misclassify Overstrand, requiring other variables for the
model to correctly classify this municipality. This is especially curious as Overstrand is the only
municipality to have been undisputed in opinion that it is a 'good’ performing municipality. This is an
indication that there may be some discrepancy between the reported values of the municipality and

its actual performance.

Neither of the models that is able to predict into which cluster 'new' municipalities would fall is able
to classify Laingsburg or Qudtshoorn, unlike when analysing the data-defined clusters. This is
mainly due to the fact that when analysing the opinion-defined clusters there is more of a focus on
the service delivery type variables, rather than the financial type variables where there is more data
available. This indicates that when attempting to identify the true performance of municipalities,
financial data may not necessarily represent the best information and it is vital that more direct
indicators are also considered. This does not imply that the financial data are useless, merely that as
much data as possible should be analysed, from as many different sources as possible, to be able to

define the best profile of clusters.

Concerning the group exercise, with the large number of placements of municipalities in the
‘average' category it would have obviously been advantageous to be able to spend time with the
participants and allow them to recategorise all the municipalities that they had placed in the 'average'
category into either the 'good' or 'bad' category. This would have given an idea of how the
municipalities would be placed into two clusters as well as allowing for the possibility of a four

clusters comparison.

82



Crapter 9: InTerracing witTH THE DLGH

Unfortunately, there were serious time constraints with various members of the meeting not being
able to even participate in the exercise as they needed to leave within the first hour. It was felt that
the three cluster placement was the easiest for participants to assess, along with being enough data o
be able to run an in depth analysis. This was felt to be the best compromise between the needs of the
analyst and the constraints of the stakeholders. Again, it was not possible to complete the group
exercise earlier as it was necessary for participants to understand the given context which was given

through the presentation.

Overall it is felt that this group exercise could be done as part of a larger workshop. This would make
it possible not only to gather the individual opinion of participants, but consolidate these results and
allow feedback in the group as to why opinions might differ. The benefit of this type of exercise
extends to allowing different areas of government to discuss the performance of local municipalities

and build plans to improve the situation as part of the whole system.

Concerning the feedback from the presentation itself, although it was felt that a time based analysis
would be useful, it is felt that at this particular stage it is simply too complicated. The data set was
analysed was far too large and unreliable, with few points across time to be able to pick up any
significant trends. However, it may be possible in future to use data analysis techniques to be able to
choose those variables that would be most useful for time trend analysis and therefore simplify the

process significantly.

Overall, the most important information gained from the feedback process had little to do with the
data or results from the analysis. The most significant finding was that results mean little to the
people involved if they cannot be presented in a way such that they are easily understoed. The group
responded best to those techniques that were presented in the simplest form possible, along with
much graphical representation. What was considered to be the best way to present the resulis was
rethought and more innovative ways of explaining relationships in the data were found, along with

strong graphical representations to be able to support this.

The process that has begun is one of attempting to help the DLGH to gain more knowledge from the
significant amount of data that it collects. However, it is vital that this knowledge is presented in
such a way that it can be transferred from the analyst to the stakeholders without also having to
transfer the expert skills required to understand it. Only then is it truly useful and allows the
stakeholders to involve this knowledge in the implementation of plans to help improve the system

within which municipalities are encapsulated.
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Chapter 10
Conclusions and Recommendations

The following conclusions, developed through the process of illustrating data mining as a decision tool,
discuss the limitations, objectives and results of the process. Data mining is shown to be able to aid in the
understanding of a problem context, along with playing a potential role in clarifying data requirements in a
development context. Finally the communication of knowledge to decision makers and their role in the

process is presented.

Limitations

As with many projects undertaken within the developmental context, there were several limitations placed on
the process. Most importantly was the limited access to, and interaction with, the decision makers that would
potentially make use of the various methods presented. To gain better understanding as to the context of the
problem, along with the results presented, the significant involvement of at least one domain expert would be

required. Although some feedback was presented to the DLGH, the scope for interaction was less than ideal.

The data used for the analyses presented in this dissertation were also severely limited in terms of
completeness and reliability. In addition to this, the data set was historical, with little relevance to the current
problem situations faced by the DLGH. This in turn limits the interest of decision makers in terms of

'‘buying-in' to the process.

Problem Context

Using data mining methods to extract knowledge from the data available, even within the limitations of the
process, has added to the understanding of the problem context by both analyst and decision makers. In its
simplest form, the methods made it possible to identify variables that indicated significant differences
between clusters of municipalities that had been defined, both by the data itself and also as part of a group

exercise with members of the DLGH. This allowed for the profiling of these clusters, along with the
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knowledge as to which variables become important in defining these profiles.

It was found that when clusters were defined through management intuition, rather than from the structure of
the data, important variables related more to direct reporting of service delivery rather than to those variables
taken from a municipality's financial statements. This indicates that simply assessing the financial profile of
a municipality does not fully represent its performance. Although both types of data are important, the more
direct service delivery data cannot be ignored in favour of financial data which is generally more reliable and

much easier to collect.

A further point is that there exist some major discrepancies between structures mined from the reported data
and the opinion of people involved in the processes surrounding municipal service delivery. This indicates
that there potentially exists an important gap between what is reported by municipalities compared to what
might really be the situation, or that the people involved are unaware of a potential situation that the data

might accurately reflect.

Data Requirements: Reduction

Although there are large amounts of data collected by local government, the quality of the data can be
limited in terms of reliability. It would be beneficial to decrease the amount of data collected if it could be
ensured that the selected variables are able to represent the required aspects of the problem situation. Again,
it is vital to therefore involve decision makers in this process, allowing them to decide as to the usefulness of

results.

A potential way to reduce the current burden on data reporting without losing valuable information concerns
reducing quarterly reporting to annual reporting. This should not be undertaken lightly; however with the use
of various data mining techniques it would be possible to compare results using quarterly data to those from
annual data. If the results are found to be very similar it indicates that it may be possible to reduce the
reporting requirements on a quarterly basis and focus performance analysis to be an annual task, It would be
suggested that quarterly reporting continues however, even if at a much reduced capacity, in order to

ascertain that the results continue to correspond.

A further way to reduce data requirements is by the use of proxy variables i.e. a particular variable that is
able to represent similar information shown by other variables. Concerning the results from the analyses
undertaken in this dissertation it was found that of the financial-type variables, various consumer debtors
were chosen as significant as was a municipalities bank balance. This indicates that the remainder of the

financial-type variables could potentially be ignored as the information they add might already be
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represented. It is important to review any decision of this type on a relatively regular basis however, as using
variables as proxies might introduce the scenario where municipal reporting focuses on these numbers to the
exclusion of all others. This could potentially change the problem context and perhaps the reliability of these

proxies as accurate representations.

Data Requirements: Extrapolation

Although it would be beneficial to reduce data requirements, another significant problem generally exists
within the developmental context involving the lack of data. Reducing data requirements may lessen the
burden on municipalities and therefore increase the likelihood of reliable data; moreover there exist potential

techniques to be able to 'fill-in' missing values instead.

Both General Discriminant Analysis and Classification Trees have the ability to classify 'new' observations
into the most appropriate cluster. Without requiring a complete data set, if municipalities that lacked
available data simply reported only those variables that were chosen by the data mining model, it would be

possible to assign them to a group of municipalities reporting full data.

Within the context of the analyses undertaken, in most cases it was possible to use the models created to
assign Oudtshoorn to a cluster of municipalities, this particular local municipality having originally been
removed from the analysis due to lack of reported data. When using the models developed from the data-
defined clusters, Oudtshoorn was generally assigned to Cluster 2. During the feedback meeting with the
DLGH it was ascertained that, barring Theewaterskloof, the data-defined Cluster 2 contained municipalities

that, in the opinion of those people involved the meeting, had in actuality performed well over the period.

This result is surprising as Oudtshoorn was grouped with those municipalities that were performing 'badly’
through the intuitive group exercise done with members of the DLGH. However, the models developed
through these opinion-defined clusters, although more difficult to apply as Oudtshoorn was lacking data for
the variables chosen by the model, tended to classify Qudishoorn accurately as part of the 'bad' cluster. This
indicates that the models developed from the opinion-defined clusters may be more accurate in terms of

practical use, than those developed from the data-defined clusters.

Analysis Over Time

During the feedback meeting held with the DLGH it was mentioned that it was perhaps possible to analyse
data in terms of time, hoping to predict when a municipality might fail. Although the data analysis
undertaken did not focus in this area due to severe data limitations, data mining methods could potentially be

used to ascertain which subset of variables should be analysed.
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What was discovered throughout the analysis of the data set in terms of time was that there was a significant
change during the period June/September 2003. When analysing the data~-defined clusters of municipalities
the profiles of these clusters reversed completely from the beginning of the periods under analysis (June
2002) to that at the end of the period (June 2005); and it was during June/September 2003 that this change
occurred. Even when analysing the opinion-defined clusters, there was a significant change of clusters

profiles during this period, although not the complete reversal seen in the data-defined clusters.

When this phenomenon was discussed with members of the DLGH, although challenging within a historical
context, various hypotheses as to what may have caused this change were presented. Although it is difficult
to validate these hypotheses it was interesting that data mining methods had been able to objectively

determine significant structures in the data that were likely caused by some external influence.

Communication of Knowledge
In terms of being able to present the results of the analyses to the members of the DLGH in a way that they
could understand them, without having to also transfer the knowledge of the techniques themselves, various

aspects of this problem were discovered during the feedback meeting.

It was found that Cluster Analysis was thought to be the most useful of the methods presented; however this
may have been due to it being the easiest method to understand. It was most difficult to convey the
knowledge gained through numerical and text representations, with meeting participants responding best to

visual representations of the relationships present in the data.

Due to this response, there was a particular focus on how to 'best’ visually represent the relationships in the
data. It was discovered that many of the traditional data mining visualisations are useful in this respect, but

that they might not offer the 'best' representation in the given context.

The relationships between municipalities and relevant variables can be more clearly represented in General
Discriminant Analysis by plotting municipalities as clusters against the first two dimensions of the model, as
traditionally offered by the method. However, Classification Trees were originally chosen as a method due to
its visualisation of the entire tree, representing the structure of the data without the loss of information. This
was however not considered sufficient in being able to transfer the knowledge of these relationships and
further visualisations were developed. The clusters of municipalities were plotted against one, or two, of the
variables chosen by the model and this was analysed in terms of how well variables were able to distinguish

between clusters as well as how the cut-off points affected the split.
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It is noted that although there exists a need for further visualisations to be developed in order for data
relationships to be 'best’ represented, many of these may only be discovered within a specific problem
context. The analyst will most likely be challenged to develop methods from the analysis of the data itself, as

well as through requests from the involved decision makers to visualise relationships in a certain way.

Invoilvement of Decision Makers

Although it would have been desirable to have more interaction with the DLGH throughout the analysis
process, the little feedback that did occur aided in the understanding of the problem context for the analyst.
This initial feedback would become the first stage of a much more involved process, helping to develop

research hypotheses and communicate knowledge gained from data analysis to decision makers.

Some indication as to the benefit of involving domain experts as part of the decision making process was
discovered in the results of the data mining analysis. It was found that when the opinion-defined clusters
were analysed the variables measuring the percentage of a municipality's Performance Management System
(PMS) that had been implemented was significant in determining the difference between clusters. This had

not been shown to be a significant factor when the data-defined clusters were analysed.

The significance of this particular variable is interesting as the PMS is seen as a feedback mechanism from
municipalities to the DLGH. Both the 'good' and 'bad' performing clusters of municipalities indicated high
scores for this variable, with the 'average' cluster showing significantly lower scores. It is possible that the
members of the DLGH are aware as to how the 'good’ and 'bad’ municipalities are performing, but are
unaware of the performance of the 'average' municipalities as they have less of a feedback mechanism in

place.

It would be of benefit to analyse more up-to-date data and present these results to decision makers for
discussion. By utilising more relevant data and allowing decision makers to help define the problem context,
there would be a better understanding of the relationships between variables in the data and therefore the
problem context as a whole. The usefulness of data mining as a decision tool is clear in this sphere.
Furthermore, it is suggested that data mining could be used to support and inform a broader decision making

workshop approach to managing the the performance of local municipalities.
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Appendix |

Cluster Analysis:
2-Means Clustering

Table 1 shows how the municipalities have clustered into two groups and their distances 1o their respective

cluster cettroid:

Tuhle It Membership of twe cluster solution

Clustar 1 Distance Cluster 2 Distance
FLE-S LY F ] C.E232 Saranka Texl
Capatiery CESIF  Crekendzin Loy
BergAvier L5516 Stellenbexh C.ETES
Swartian o RTIEE  Broeds Wley D 7&53
witrerbeg DFEET  Theswal ereiloo DLERG
Bremd= River S TRE srds Daze2 Cwardrand 07769
e Lnudbs DT 3 Moewl Bay 0 E250
Swellardam b5291  Geonge REITa
Karnniaad R3340
Larg=herg DEIS
Bilau 097
Khysrms nB44s
Prirce Al e 04328
B riort ed netog
City ol Cep= Town 03556

Mosl al the municipalities are a similar distance to their group centroid: however Prince 4fhert is the clnsest
1o the average of Cluster 1 and Ciny of Cape Town, Bitow and frakenstein are the furthest away fram their
tespective cluster centres. This implies that these three musieipalities have the least in common with the
nther muntctpalities in their respective clusters and are most likely to split away if more than two clusters are

considerad. Ntustration | shows hew this clustering relates in geographical terms:
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i Claster 1
= Cluster 2
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fHustration £ 1 Geographical Avo cluster membership

Chuster 2 13 the smaller ¢luser and it formed from three geographical resions. At least two municipglitics are
grouped together in two arcuas; however Safdasha is unigue s althoush it is near to other municipalities in
Cluster 2 it does not border with any of (them. The data indicates however that Safdanfia (s one of the ¢losest
1o the cluster centrodd and therefore. although it may nol have much in comman geographically with the
other municipalities in Cluster 2, it definitely has a strong relationship in ferms of reparted duta. Histrations 2
and 3 show what the relationship between the twoclusters of municipalities in terms of the 3% variables that

have significantly dilferent means at the B.1% lovel.
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Husiration 1.2: Siegnificant vartables for 2 clusters - Cluster § highest
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Htustration [.3: Significant variables for 2 clusters - Cluster 2 highest

HNlustration 2 shows those variables where Cluster 1 has the higher mean score for a particular variable and
BHustration 3 where Cluster 2 has the higher mean score, There are substanijally move variables where
Cluster 1 has a higher mean scove (24 variables) as opposed to the 15 variables for Cluster 2. As the two
graphs are represented on the same scale, the variables that have a higher mean score in Cluster 2 alse appear

to vary arcund the mean far maore than those variables where Cluster 1 lias a higher mean score.

Almost all varfables relate to financial data, with Wrer Diseonnection 2004 June being the only exception,
lhaving a significantty higher mean score in Cluster 2, There are significant differences between the means
scores of the clusters for BankBalowee and CrBulkElec where Cluster 1 has the higher mean score in early
periods, but Cluster 2 has the higher mean score in later periods, The opposite occurs with CDRefise Rem,
CDSewerage and DebrOurstomding where initially Cluster 2 has a higher mean scote which moves in later
periods to Cluster 1 having the higher mean score. Another result of note is that the mean scorve CDCwront
in the later periods is higher in Cluster 1 than in Cluster 2, but there is no significant difference in earlier
periods. Finally, the variables that vary the most about the mean between the two clusters are CD90+Days
2003 September, CD60-%0avs 2003 September and CDWater 2005 March, indicating that there may have
heen some event concerning long-term debtors for the quarter ending September 2003,
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Cluster Analysis:
3-Means Clustering

Table 2 shows how the munieipalities have clustered into three wroups and their distances 1@ their respective

cluster centroid:

Table 1. 1: Membership of three cluster sofution

CHEstet 1 Distance Cluster 2 Distance Custer 3 Distange
W gkama PEME  Saldarmm 07854 Drak====in O.3ETT
Caderaerg 0 E5d Stellenaoch O8e55 Bl nDs3vv
Bermgrivier 040 Breesde'v=lEy 0.7e3d
Swelurllard T1F2 Theeaslers|eat a.75731
Wilzerhi=mg D Frad Cvergiare 0.7E30
Breade Riwer Sdinelards DEFD Micss=al Bay a8z13
Cape Aguhss RIS e 0.3150
Swellardam bank
Karnsard b =a0F
Largsberg DEFT1
biri-sra 0.E3013
Prince Akert 0. 450 0EE]
Beorior e 0 7eET7Ed
City & e Troen 0 533104

Clustering with 3 clusters is very similar to that of when 2 clusters is used. As menmtioned previously,
Dpakenstein and Bitens wore considered to be twa of the municipalities with the least in comumon to the other
municipalitics in the 2 eluster analysis and this Tollews through to the resylt abeve where they now form a
cluster on their awn, Surprisingly, City of Cape Towe, which had a larger distanee to its cluster centreld than
any other municipality. does not split wway: althoweh it continues to have the largest distanee 1@ s eluster
centroid. As inthe 2 cluster analysis Prince 4iberr is still the closest toits cluster average, as are Swellendam
and Sergrivier The municipalities furthest away from the Cluster 1 centroid are Gty of Cape Town, Featfort
Test und Knvsna, Although Steflenbosch, George and Mossel Bav are furthest from the Cluster 2 centroid,
the municipalities in Cluster 1 show a larger distance [or City of Cape Townr and are therefore more likely to
split away if mere than 3 clisiers are considered. [llustration 1 shews how this clustering relates in

geagraphical terms.
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Hiustration IL1: Geagraphical rhree clusrer membership

Cluster 2 continues to be formed fom thiee geographical regions, with Saldmeha not bordering with any
other munigipalities in the same cluster. Tt i3 still ane of the closest to the cluster centraid and therefore
comtinues itz strong relationship with the other mupicipalitics in the custer in teems of ceported data. 1t s
also noted that although Genrge and Masse! Ban form part of Cluster 2 it has been mentioned above that,
bosides Steflenhasch, they have the least in contmon with the other municipalitias in this cluster, confirmed
by the fact thatl they are scparated [tom the main group of municipalitics that make up Cluster 2. What s
surprising is that Drakenstein and Bitow are almost at opposite ends of the Wostern Cape geographically:
hrwever the data indicates that they have the most in commaon in terms of reported data, Ilustrations 2.3 and
4 shew whiat the relationship between the three clusters of municipalities in terms of the 38 variables that

have significantiy different means at the 3,1% Tevel.
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Hlusiration 1. 4: Sienificant variables for 3 clusters - Cluier 3 highest

Ulustration 2 shows those variables where Cluster 1 has the highest mean seore for a particular variabte,
IMustration 3 where Cluster 2 has the highest mean score and Hlusteation 4 where Cluster 3 has the highest
mean seore as compared to the other two clusters. There gre sliphtly mare varisbles where Cluster 1 has o
higher mean seore (17 variables) as opposed to the 1 variables for Cluster 2 and 11 variables for Cluster 3.
As the three graphs are represented on the same seale. the variables that have a highest mean seore in Cluster
2 appear to vary the most around the mean. fodlowed by the graph where Cluster 3 has the highest mean
seore, leaving the graph where Cluster 1 has a higher mean score as the one with the least variation around

the mean.

Again. almost all variables retate to financial data, with Kleefiveomection 2004 September and December
being the anly exception. The relationship between Clusters | and 2 for Efecfisconnection 15 the same Tor
koth of these quarters with the mean score of Cluster 2 being higher than that of Cluster 1. but the mean
zpore of Clusier 3 15 higher than both other clusters In September, dropping substantially 1o be just below that

of Cluster | in December.

There are alsc sipnificant differences between the meuns seores of the ¢lusters tor CDAG-90000s whers
Cluster | has the highest mean score and Cluster 3 the lowest Tor the {irst tew periods under analysis, but this
changes significantly in December 20063 where the mean for Cluster 3 suddenly becomes much larger for
Cluster 3 than the other two clusters which maintain their relatiomship. CDRives also shows significant
differences with Cluster 2 having the highest meun score in June 2002, bul by June 2003 Cluster 3 Tas the
highest mean score and by June and December 2004 Cluster 1 has the highest mean score for CDRares.

Cluster b also has the highest meun seore for OO0 in some of the sarliest periods. with Cluster 3 huving
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the lowest mean score, but in March 2045 these positions are completely reversed, CDRefuse Rem appears 1o
have significant ditferences at similar times in the vear with Cluster 2 having the highest mean score in June
2002 and March 2003, but the lowest mean scores in June 2004 and June 2003, with Cluster 1 always having
a slightly higher mean score than Cluster 3 for all of these quarters, Finally, in some of the earlier periods
Cluster 2 has the highest mean score for COSewerage, with Cluster 3 having a higher mean score than that of
Cluster I, but is overtaken by Cluster 1 in March 2003, However in some of the latest periods Cluster 3 has

the highest mean score for COSqweoaree and Cluster T the lowest,

Finally, the variables that vary most around the mean between the three clusters are CORefuseRem 2002
Tune, CO90+Days 2003 September, CDWater 2005 March and ElecDisconneerion 2004 September,
indicating that there may have been some event padicular to these petiods to cause this wide variation

between clusters.
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Cluster Analysis:
4-Means Clustering

Table 3 shows how the municipalities have elustared into four groups and thelir distanees to their respective

cluster centrold:

Tahle HL1- Membership of forur cluster solution

Cluster1 Bistance Cluster2 Distance Cluster 3 Distahts Clustarq Distarce
HatFmmn QE185 . Talganre 17954 [rakensein 05T Kreana QEMF
Cadetherg OE26S  Stalenbosch fgkss  Edou 05877 Epmufort Wes 0 E53%
Esatpi ar 05040 Erzoths valley 1.7530 Cityo' Coape Toen .7HS
Tl 06943 Theewaiersdoat 733
Ty Lie2s  Dwerstrand 0 7EE)

Fremde River Pimdards 03181 Woszsd By Dax1a
Cope Agulbms DEITE  Cedg QUEAED
A ] D515
Kerraland DAE4E
Lanuebery D 35
Prire Alkar 047 B2

&

Clustering with 4 clusters 1% very similar to that of when 3 clusters is used. As mentioned previously.
Drafenstein and Biion were considered to be two of the municipalities with the lesst in comman 1o the otfer
muntcipatitics in the 2 cluster amalvsis and this follows through again in the results as they remained in their
own cluster. The municipalities that were seen to be furthest away from the Cluster 1 centraid, Citv of Cape
Foown, Beautort West and Krysne ave now split away Trom Cluster 2 inthe 3 cluster analvsis. as expected,
and lormed their own cluster, Prince Alhere, Bergeivier and Swellendoane continue o be closest to the average
of Cluster 1 with Breede River © HWinelands and Wizepherg now being the furthest from the centroid of
Cluster 1. Szeflenbosch, Georve and Mossel Bay also continue to have the least in comman with the other
municipalities in Cluster 2 and would be the most Hkely (o splic away i€ more than 4 clusters were

considerad. [Hustration ! shows how this elustering relates in geographical terms:
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flustration HL1: Geographicad four cluster menthership

Cluster 2 has not changed geographically as the municipalities in the cluster have not changed. The
surprising fact that that Drakenmstein and Bitonw are almost &t oppesite ends of the Western Cape
geographicalty; but that the data indicates that they have the most in common in terms of reported data is
seen again with the newly formed Cluster 4. Ciry of Cipe Town is literally situated at the opposite end of the
Western Cape to Beaufort Wesr and Knysna, but the data indicates that they have the most in commen with
cach other, with Beaadfort West and Kmywnea being closest to the cluster centroid which iz not surprising as
they are the closest together geographically, separated enly by Oudishoosrn which was removed from the
analysis at the beginning. [lustrations 2, 3, 4 and 5 show what the relationship between the four clogters of

municipalities in terms of the 34 variakles that have significantly different means at the 0,1% level:
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Niustration {113 Significant vaviables for 4 clusters - Cluster 4 fighest

Nlustratton 2 shows those variables where Cluster | has the highest mean score fior a particular variable,
Nlustration 3 where Cluster 2 has the highest mean score, [lustration 4 where Cluster 3 has the highest mean
scpre and [lustration 5 where Cluster ¢ has the highest mcan score as compared to the other twao clusters,
Cluster 1 continues ta have the highest mean sgore for the most variables (11 variablesy with 8, 9 and ¢
variables fur Clusters 2, 3 and 4 respectively. As the four graphs are represeiiied on the same scale, the
variables that have a highest mean score 1 Cluster 2 appear to vary the most around the mean, Tellowed by
the graph whete Cluster 3 has the highest mean score, feaving the graph where Cluster | has a hlzhet mean
seore with hittfe variation arcund the mean, but 1he graph swhere Cluster 4 has the highest mean score appears

L vary the Jeast around the mean,

Again, almost all wariables relate to  financial data, with ElecDisconmection 2004 September,
EleefnedfMonetary 2004 March and £RMmdfdfometay 2004 December being the only exceptions. The periods
af Seplember and December 2004 are the same as i the 3 cluster analysis: however the variables is only the
same tor September where Cluster 3 again has the highest mean score Sy far [n March 2004 Cluster 4 has
the highest mean score and in December 2004 Cluster 2 has the highest mean score, with Cluster 4 just

Brelow that with Clusters 3 and | significantly lower and close together,

There are also signitican) differences between the means scores of the clusters for CDRates where Cluster 3
has the highest mean scorve in June 2003 and Cluster 1 the lowest, with Cluster 2 being slightly higher than
Cluster 4. In June 2004 the clusters have reversed position completely in temms of their mean scores and in
December 2004 the results are similar, but Clusters 2 end 4 have almaost the same store, This oceurs again for

CD30-600ays where in Septemnber 2003 Cluster T has the highest mean score and Cluster 3 he [wes), with
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Cluster 3 being shightly above Cluster 3, By March 2004 these chusters have reversed positions completely

with Cluster 3 now having u substantially higher mean score than the other three clusters.

For the carligst period, Cluster 2 has the highest mean score for CDRefiveRem with Cluster 4 being slightly
above Cluster 1 which are both onty slightly above Cluster 1. In June 2003 this relationship is very similar
except that Cluster 3 now has the highest means score gnd Cluster 2 does not exhibit such an extremes vatue.
By some of the futest periods Cluster 1 has the highest mean score for CDRefuseRem and Cluster 2 the
lowest swith Cluster 4 baing slightly higher than Cluster 3. For ¢ 2o Cluster 1 and 4 hawve the highest
meun seore, which are alinast the same, for two of the earliest periods followed by Cluster 2 und then Cluster
3. In March 2005 Cluster 3 has the highest mean score for COWarer with the mean scores for Cluster 1 and 4

again being almost the same. but now substantially tower than the other twvo clusters,

£ DSewerase 15 shown us having at least one significantly different mean seore ucross cluster for 8 out of the
13 periods which is substantially more than has been seen for any other variable throughout the analvses. In
June 2042, Cluster § has the highest mean score for COSewerage Cluster 2 below this with Clusters 3 and 4
having almost that same lowest mean score. In the early periods after thiz Clyster 1 moves o have the towest
means score for COSewerage, with Cluster 2 having the highest and Cluster 4 being only slightly higher
than Cluster 3. In the Jatest periods. Cluster 1 still has the Jowest mean seora, but the mean score for Cluster

3 becomes much higher than that of Cluster 2 and 4.

Finally. the variables thut vary maost around the mean betwveen the four elusters are ElecIVsconnection 2H
September, {Dfarer 2005 March, CD9+Dary 2003 Seprember, CDRefnseReny 2002 hme  and
D 8evgraee 2002 September, indicating that thare muy have been some event particular to these periads to

cauze this wide variation between clusters.
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Appendix IV

General Discriminant Analysis:
2-Means Clustering
The variables that are included in the model at the 1% level of significance when aitempting W discriminate

batwaen the two clusters are shown in Justration |, They have been prasentad such that they are shown in

the arder in which they entered the model:
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Hlustration V.1 Stgnificant Yariables in 2-Cluster G0 A4

It 13 clear that the greatest deviation between means occwrs [or C290+ Pnes 2003 September, where the
mear of Cluster 2% that mueh higher than the mean of Cluster 1, Once the elfect of this is taken into
consideration, all other significant vartables relare to relatonship where Cluster 1 has a higher mean than
Cluster 2. I the analvsiz iz considerad at cach step o is determined that aaly the first three variables are

requirad 1o be able to classily the municipalites with 100% accuracy, indicating that anything above this
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would lead to over-fitting of the model. At cach step the twe clustors of municipalitios, along with the mean
score of each cluster, is plotted against their relevant one-dimensional disctiminam function (Appendix VI

shown in [lustration 2.

|¢ Cluster 1 # Cluster 2

Bak b W e w0

L | r A * - AW I W

-f -4 +1 o 2 4 §

Hiustration 18 2: Stepwise Discriminant Function Plot for 2-Cluster GDA

It can be seeqt i the top line of the graph at the first step in the model, when enly CD90+Days 2003
September 15 included in the model, that the clusters are quite separated and it should be possible to
discriminate fairly well between the elusters, However Saldamia is misclassified jnto Cluster 1 and Beaufore
West misclassified into Cluster 2, which leads to an overall accuracy of prediction in the model of 91.30%.
At the second step, shown in the second line of the graph, where ElecReconmection 2005 March is now also
included in the model, the two clusters move further away from cach other, but the model's overall accuracy
of prediction actually decreases with Safdanka and Beaufor: West again being misclassified, b the Ot of
Cape Town also being misclassificd as Cluster 2. This leads o an overall accuracy of prediction in the madel
of 86.96%. It is anly when SonfndMoneray 2004 March joins the model that the clusters very clearly
separate away from one another and there is 10{% accuracy of prediction of the municipalities into their
respective clusters. However, this also results in the discriminant score of the clusters being reversed and the

municipalities in Cluster 2 now have lower discriminant scores than those in Cluster 1.
It is necessary to lock at the factor structure coefficients (Appendix VII) to determine the relationship

hotween the variables used in the model and the respective clusters. As CD90+Pknw has a negative

relationship with the discriminant function, but both ElecReconnecrion and SanlndMonerary have positive
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relationships, Cluster 1 has high electricity reconnections over the three months ending in Mareh 2005 and
high pravision of free basic sanitation in terms of its monetary valve in March 2004, but low long-term

debtors for the period September 2003, Cluster 2 obviously has the opposite profile.
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Appendix V

General Discriminant Analysis:
3-Means Clustering

The vartables that are included in the model & the 1% level of significance when attempting to discriminare
betwean the three clusiers are shown in Nustration |, They have been presented such that they are shown in

the ordar in which they entered the mode|:
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Musivation V1 Sienificant Variahles for 3-Cluster GDA

It is clear that the greatest deviation between means 15 for CDHer 2004 December; however 1t is not as
significant as CDRares 2004 June 1n terms of diseriminatory power batween the three clusters as this is the
first variable to enter the model. 1t appears that the mean of Cluster 1 i significantly kigher than the other
two clusters for CDM e 2004 June. which i not seen again until Wwerf3iHouse 2003 September and

SerdedMonetary 2004 Murch, There is also larger deviations between the clusters for CDSewerage 2003
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June, however in this case it is Cluster 2 that hay a significantly lower mean than the other two elysters,
confiming that the {irst two vanables explain different vaciation in the model. The large deviation berween
alt means that C2Hibrer 2004 December provides allows for funther clarity in terms of being able to
discriminate between the three clusters, however if the analysis is considered at every step if is determined
that the medel requires FaterOiHouse 2003 Septerber to further elarify this diserimination and altow for

Lthe model to predict ¢lassification of the municipalilies with 100% accuracy.

It is intercsting to note that althnuzgh not att the variables are necessary to sianificandly discriminate befween
clusters. both linancial and service delivery Lype variables are seen in tenns of the provision of water and
sewerage’sanitation. indicating ¢ither that these variables do not correspond to each other as expected or that
there were signiticant changes over the periods to create variables thar explain independent information

betsween perlods even If they are consistent over the reporting of financial and service delivery tvpe data.

At each step the three clusters of municipalities, atong with the mean score of each cluster. is ploned against
their relevant discriminant functions (Appendix VIITL. AL the first step there is only one discriminant
function. leading to a one-dimensional plot, but in the other three steps there are two discriminant tunctons

alfoswing the graphs to be considered inthe two dimensions shown in IHustration 2
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Hiustration V.2: Stepwise Diseriminant Finction Plats for 3-Cluster GDA
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It can be seen in the first graph at the Hirst step in the model, when only CORuies 2004 June is included in
the model, that the clusters are quite separated and it should be possible to discriminate fairly well between
the clusters, especially for Cluster 3 which is completely separare from the other two clusters, However,
Crhverstrand from Cluster 2 is misclassificd as Cluster | and Dradensiein, Biton from Closter 3 and Ciry of
Cape Fown from Cluster 1 are all misclassified as Cluster 2, which leads to an overall accuracy of prediction
in the model of 82.61%. This is not surprising as in the 2-Mecanz Cluster Analysis it 15 scen that Citr of Cape
Town has the least in common from the ether municipalities in Cluster 1. however Chversirand is the closest
to the average of Cluster 2 when all variables are considered indicating that this relationship is significantly
different when only CORares 2004 June is considered. The misclassification of Drakenstein and Biton s
unsurprising as they both beleng to Cluster 3 and from the plot of means it was seen that COFgres 2004 June
diseriminates well between Cluster | and the other two clusters, bur thart it 32 very likely to treat Clusters 2

and 3 in a similar manner.

At the second step, when CDSewergge 2005 June enters the model, there is a much clearer separation of
clusters over the two dimensions. The first dimensien {x-axis) appears to diseriminate well between Cluster 1
and Cluster 2 and 3, as expected from the above discussion and explains 61,.56% of the variation in the
medel. The second dimension (v-axis) appears to discriminate well between Cluster 2 and Clusier 3,
explaining the remaining 38.44% of the variation in the model, again expected as when CDSewerage 2005
June is considered in the plot of means Cluster 2 has a much lower mean than that of the other two elusters,
Recall that the sccond dimension alecady accounts for the variation explained by the first dimension and
therefore although Cluster 2 also has a mueh lower mean than Cluster 1 for CD8eweraze, the model is
alrcady able to discriminate Cluster 1 from the other two clusters and this additional information is not
necessary. At point the model is able 1o classify municipalities with 95.65% accuracy, with Beanforr West

from Cluster | being misclassified as Cluster 2.

When COWater 2004 December is added to the modzl the clusters again separate further, but the model's
prediction power remains stable with 95.65% accuracy. Although there appears to be more separation
between the clusters, with the first discriminant [Unstion now explaining 71.66% of the variation in the
model, Becuforr West continues to be misclassified and it is necessarv 1o add WarerOthHouse 2003
September to the model fer 100% accuracy in prediction. As with the 2-Means Clustering, this final step

reverses the discriminant scores of the municipalities in each ¢luster.
It is necessary to look at the factor structure cosfficients {Appendix VIII) to determine the relationship

between the variables used in the model and the respective clusters. As the first discriminant function

explains 88.01% of the variation in the data and the second cxplains the remaining 11.99%, the focus of the
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interpretation will be on the first dimengion, particularly as the two dimensions conflict in terms of
interpretation 4t some peints, but dimension two already takes dimension 1 into account when explaining the
variation in the data. CDRares has a positive relationship with the first diseriminant fimction and
CDSewerage, COWater and Water(thHouse have a negative relationship, but CDNWirer has a negative

relationship with the second discriminant function and the remaining variables have positive relationships.

Cluster 1 has high consumer debtors relating specifically to rates and low consumer debtors relating
specifically to water services when compared to Clusters 2 and 3. It also appears to have higher consumer
debtars relating specifically to sewerage/sanitation services along with 2 higher number of non-indigent

households with access te free basic water than Cluster 3. but these are both lower than Cluster 2.

Cluster 2 has low consumer debtors relating specifically to water services along with a low number of non-
indigent households with aceess to free basic water when compared to Clusters 1 and 3. It alse appears to
have higher consumer debtors relating specifically 1o rates and lower cansumer debtors relating specitically

to sewerage/sanitation services than Cluster 3, but the opposite relationship to Cluster 1.

Finally, Cluster 3 has high consumer debtors relating specifically to sewerage/sanitation and water services
aleng with a high number of non-indigent househelds with access to free basic water when compared to
Clusters 1 and 2, It also appears to have lower cansumer debtors relating specifically to rates when compared

to Cluster 1, but this is higher when compared to Cluster 2.
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General Discriminant Analysis:
4-Means Clustering

The variables that are included in the model at the 1% Jevel of significance when attempting to discriminate

between the four clusters are shown in Iilustration 1. They have been presented such that they are shown in

the order in which they entered the model.
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Hiustration VI I: Significant Variables for 4-Cluster GDA

It is clear that the greatest deviation between means is for CDSewearge 2002 June; however it 1s not as
significant as CD&G-90Devs 2003 December i1 terms of discrimitatory powet between the three clusters as
this 15 the first variable to enter the model, 1t appears that the mean of Cluster 3 Is significantly higher than
the other three clusters for CO60-900avs 2003 Degember, which is not seen again throughout the significant
variables, although ¢ hverdraff 2004 June and Elec Discommection 2004 December are both able to
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diseriminate Cluster 3 from the other three clusters. The second variable that enters the model is
CSewerage 2005 March which appears te be able to discriminate between all four chusters, But both
EleclndMoneray 2004 March and C28awearge 2002 June are neadad by the model in order to clarily the
diserimingtion further and alloss for the moeda] to predict classification of the municipalities with 100%
accuracy. These two additional variables appear to discriminate Cluster 4 and Cluster | respectively from the
other ¢lusters and therefore when the four are combined, it i3 not surprising that it teads to 100%; accuracy of

prediction.

Tt is interesting to note that although not all the vanables ary necessary to significantly discriminate between
clusters, COSewerage appears twice in the significanl variables, indicating that there are completely different
profiles of clusters in these two periods. THowever, this is not that surprising as the one 1s taken from the very

begiming of the period undet analysis and the other from the second te last quarter,

At each step the four clusters of municipalitizs. along with the mean seore of each cluster, 15 plotted against
|heir relevant diseriminant functions (Appendix 1X), At the first step there is only one discriminant tunction,
leading to a vag-dimensional plot, but in the secend step there are twvo discriminant functions allewing the
oraphs to be considered in two dimensions. The final teo steps have three diseriminant funetions, bul as the
first two explain the largest amount of variation In the data only they will be considered in the analysis,

giving agam the two dimensions shown in Tlustration 2.
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Mustration V12: Stepwise Discriminant Function Plots for #-Cluster GDA

As expected, Cluster 3 is separated relatively successfully from the other three clusters in the first graph,
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where only CO6d-200qaps 2003 December is included in the model. The accuracy of the moedel at this point
in terms of prediction power is 60.88% with nine municipalities misclassified, with Cederberg from Cluster
1 and City af Cape Tawn from Cluster 4 being misclassified as Cluster 2, Breede Valley, Theewarterskloof and
Oversirand from Cluster 2, Drakenstein from Cluster 3 and Knysna and Beargorr West from Cluster 4 being
misclassified as Closter 1. This clagsification rate improves dramatically at the next step when the clusters
are now considered in two dimensions and CDSewerage 2005 March enters the medel. Cluster 3 is still quite
separate from the other clusters, however Clusters 1 and 2 bave separated further, with Cluster 4 being
situated between them. Only Drakensiein from Cluster 3 and Anvsma and City of Cape Town from Cluster 4
are misclassified as Cluster 1 and Beafort Wese from Cluster 4 [s misclassified as Closter 2, leading to an

accuracy in the model of 82.61% in terms of correct classifications of the municipalities.

At the third step thers are three discriminatory functions, however only the first two will be considered as
together they explain 95.28% of the overall model and the clusters are casier to interpret in two dimensiens.
In the third step, ElecIndMonetary 2004 March cnters the mode] and Cluster 4 is now well separated from
the other clusters as shown [n the third graph. The only municipalities misclassified now are Drakensrein
from Cluster 3 and Witzenberg from Cluster | which are misclassified as Cluster 1 and 4 respectively,
leading the model to have an accuracy of prediction of 91.30%, It is only when CDSeowerage 2002 June
enters the model at the fourth step that the model is able to predict with 100% sccuracy and the clusters are

clearly scparated from onc another when considering only the first two of three dimensions.

It is necessary to look at the factor structure coefficients (Appendix 1X) to determine the relationship
betwesn the variables used in the model and the respective clusters. As the first discriminant function
explains 70.17% of the variation in the data, the second discriminant finction 22.81% and the third 7.05%.
the focws of the interpretation will be on the first dimension, but the second dimension will also be
considered as it adds substantially to the explanation, with the first two dimensions explaining 92.95% of the
variation in the data. Keeping in mind that dimension 2 already takes into account the variation explained by
dimension 1. lecfndMeneiary 2004 March has a negative relationship with the first discriminant fonction,
but COE0-900qvs 2003 December. CDSewerage 2005 March and CD8zwergge 2002 June exhibit a negative
relationship, whereas CD8awerage 2002 June has a negative relationship with the second diseriminant

function and the remaining variables have a positive relationship,

Cluster 1 has high medium-term debtors for December 2003, but low monetary value for the provision of
free basic clectricity in March 2004 When considering consumer debtors relating specifically 1o
sewerage/sanitation services for both March 2005 and June 2002, Cluster 1 is higher for both than any other
cluster, however it is higher for the period March 2003 than in the period June 2002,
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Cluster 2 has below average medium term debtors for December 2003, but above average monetary value for
the provision of free basic electricity in March 2004, When considering consumer debtors relating
specifically o sewerage/sanitalion services for both March 2005 and June 2002, Cluster 2 is low, but not the

lowest compared io the other clusters, but has the lowest values in March 2005 and the highest in June 2002,

Cluster 3 has above average medium term deblors for December 2003, but high monetary value for the
provision of frec basie clectricity m March 2004, When considering consumer debtors relating specifically to
sewerage/sanitation services for both Mareh 2005 and June 2002, Cluster 3 is average, but is highest in
March 2005 and lowest in June 2002,

Finally, Cluster 4 has below average medium term debtors for December 2003, but high monetary value for
the provision of {rez basic electricity in March 2004, When considering consumer debtors relating
specifically to sewerage/sanilation services for both March 2005 and June 2002, Clustar 4 has the lowest
debtors than any other cluster. however in the eluster itself, 1t is higher for the period March 2005 than in the
peried June 2002,
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General Discriminant Analysis:
2-Means Tables
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General Discriminant Analysis:
3-Means Tables
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Appendix IX

General Discriminant Analysis:

4-Means Tables
‘51 g i1 widel
Ftoremove Fioremove

COEO-S0days 2003 Dracembar [ 605579 00000
ChSmnerage 2008 march £4.1900 00000
EleclndMonatary 2004 March 296049 0.0000
CDSeverage 2002 Juna 213336 0.0000
CD60-9days 2005 M arch 573233 note
CD60-80days 2003 March 14,5358 00003
Cryerdrufl 2004 June 77562 0.0033
ElacDisconnedion 2004 December| 67681 00054
Discrimiingnt Functions
Step |

Functiend
Irterept oaras
CDBD- Tidaye 20073 Dacember 25210
Elgen value 1282
Cum . Frop, 1 0000
Step 2

Function 1 Fumction 2
Intercept 00839 02744
CD60-30 days 20073 December 1.39149 2.3m8
LOSevierags 2005 b arch 26855 J 4292
Eipanivaius 43866 DaNsg
Cum . Prop. 0.92% 1.0000
Step 3

Fundion 1 Function 2  Function 3
Irfarcest -0.0033 -2 8590 02587
COE0-900ays 2003 December -1.3946 cin7 23438
CDSewerage 2005 March 25550 8376 4 4255
ElecindMonetary 2004 March 007¥ -3 5686 <0 0150
Eigenvalus 43585 22965 0.3314
Cum P rog, 06255 09528 1.0000
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Step 4

Function 1 Function 2 Funchion 3
Irtenept -2 2706 205838 -A.3314
COE)-00dsye 2005 December f.asy2 1. 4693 2 406
ChSewerage 2005 March 2mM79 2872 08433
Elecdndionetary 2004 barch -2 2082 22915 -2.0505
Lo searage 2002 June 1.2246 £.3511 -0.5169
Ergieryalus 104603 34014 1.05135
cum Frop, 07014 08285 10009
Final Step

Function 1 Funition 2 Function 3
Irteroepnt 08335 £ 3827 <.8910
CDED-20days 2003 Decam ber »a087 £ BB 3 03755
CDEewerage 2005 March BO0ES -2 1068 . 4770
ElecindMonatary 2004 March 18612 51842 2445
ChSenerage 2002 Jumne 34743 0035% 0.5266
CDED-30d3ys 2005 March 58703 Iaa0s -1.0FET
CDED-30days 2003 March 0.M78 4,37 0.6425
Liverdraft 2004 June 1.05738 11502 04819
ElecDisconnection 2004 December -1.0055 01427 1.3240Q
Eigenvalus 9g.8557 223744 T.r203
Cum . Prop. 07824 08392 1.0000

Factor Steucture Cocfiicionls

Fundion1 Fundion 2 Function 3

COEN 20 days 2003 December 01354 04466 05762
COSensrage 2005 March 04245 06511 0.04058
Elecind i onetary 2004 March -0.3586 03501 41 B554
COEewerage 2002 June 04243 D516 4 3656
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Appendix X

Classification Trees:
2-Means Clustering

Mustratinn 1 shows the classification ree that is able (o suceessfully clazsify all municipalities into the two

clusters that were identificd in the K-Means Cluster Analysis:

Hlustration X1 Classification tree for 2 clusteérs

Although there need only be ong split 1o separate a group i fwo. there is e one variakle that is identified in
being able ta do this for this particubar analvsis. Twa levels in the tree are required in order to completely
split the municipalities ime their respective clusters. identifying COCwreen 2004 June and BankBafunce
2002 September as the most significam variakles able to do g0, The decision rules that will classify a

municipality into i particular clusier are:

Cluster 1
COCrvert 2004 Tune = 9.4648 OR
COCurrent 2004 June < 04048 ANDY BankBalanee 2002 September = 03992



App=npix X

Closter 2
O rrerr 2004 Tune < 0 3648 AND BoskBalonce 2002 Seplember = 0.3392

As there are only two variables that are necessary to be able to classify municipalities with 100% accuracy
when considering the clusters created from the 2-Means Cluster Analysis, it is possible 0 map these decision
rules, In lustratfon 2 the most significant split using CDCwrenr 2004 June shown on the x-axis and

BankBalance 2002 Seprember on the y-axis. The relevant cut-off points for each is also shown.

| g Clester 1+ Cbusfe[_ﬁl

2
*s
%
3 i L :
- < u 0 g 2 an
L . a * &
Y &*

kY

f T o,

IMustration X 2: Mumicipaiities plotted on significant variables for 2 clusters

It is now easy to see the decision rules taken from the classification tree that split the municipalities between
the two clusters. Initially, current consumer debtors are seen as most significant in splitting into the two
clusters, with Cluster 1 having higher consumer debtors than Cluster 2 for June 2004. However, this does not
completely separate the municipalities into the two clusters and Biton would be mizclassified as Cluster 2 if
only this split was used. This is not that surprising as Bitox has the least in common with the vest of Cluster
1, to the point where it splits off from this cluster when more than 2 clusters are considered end forms a

separate cluster with Drakenstein
In tertns of CDCurreny 2004 June specifically, Bitou has more in common with Cluster 2, however once this

variable is accounted for. the Classification Tree determines that BeakBalunce 2002 September is the most

significant in being able to split Bitox from the Claster 2 and classify all municipalities correctly.
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Appendix Xl

Classification Trees:
3-Means Clustering

lifustration 1 shows the classification tree that 15 able 1o successfully classity all municipalities into the three

clusters that were identified in the K-Means Cluster Analysis:

COCumen
2004 Jure
< {.4548

Musivation X1 1 - Classificaifon ree for 3 ofusters

It ts only necessary ta split twice to ke able th separate a growp into three and the classification tree 15 able to
do this for this particular analvsis. The two levels in the tree are required in order to completely split the
municipalities into their respective clusters, again identifying CDCurent 2004 June as the most significant
variable to be able to do so, hul to split between Cluster 2 and 3 after this FopdBedavice 2003 March 1s seen
as the most significant variable. The decision rules that will classify a municipality into d particular cluster

ares

Cluster 1
I rrene 2004 JTune = L4618



Arrenmx X1

Cluster 2
O reent 2004 June < 0.4648 AND BoenkBalonee 2003 March < 0,2665

Clusier 3

D wrren 2004 Tune < 6.4648 AND Bank Balance 2003 March > (.2665
As again there are anly two variables that are necessary to be able to classify municipalities, but this time
mte the three clusters, it is possible to map this. In Hlustraton 2 the variables showing the mest significant
sphit, CDCurrent 2004 June, is shown on the x-axis and PonkBolance 2003 March on the y-axis. The

relevant cut-off points for each is also shown:

| # Cluster 1 & Cluster 2 4 PIL!*_SIE_F;J

|
b ]
|
s i e e R e 2t
| & ¢ F
-8 ar -n % I 14 " n
]
* b +J *
i I Sl
!
T S
I
1

Hfiustration X1.2: Mwncipalities plotted on significant variahles for 3 cfusters

It is now easy to see the decision rules teken from the classification tree that split the municipalities berween
the three clusters. Initially, current consuimer debtors are seen as most significant in splitting Cluster | off
from Clusters 2 and 3. There is no longer the problem of trying to then split Bitew to classify it as Cluster |
as there was in the 2 cluster analysis, as it now forms its own cluster with Drakensiein. There is obviously
still the need to split Cluster 2 and 3 after taking the effect of CIN urrer 2004 June into account and it is
BunkBolance 2003 March that most successfolly manages this, allowing the classification tree 10 now
classify municipalities with 106% accuracy. The profile of the 3 clusters can then be seen as Cluster 1 having
high consuther debtors in June 2004 whereas Clusters 2 and 3 have low consumer debtors in June 2004, bt
Cluster 2 has below average bank balance in March 2003 whereas Cluster 3 has above average bank balance

in this period.

126



Appendix XII

Classification Trees:
4-Means Clustering

INustration 1 shows the classification tree that is able to successfully classify all municipalities into the four

clusters that were identitied in the K-Means Cluster Analysis:

2002 Jung
< [} 788

®

Hiustrarion X144 Classification tree for 4 cfusters

Although there need only be three splits to separate a group into foue. no subset of variables are identitied in
heing able to do this for this particular analysis, Tloee levels in the teee are required in order to completely
split the tunicipalities inte their respective clusters. wdentilving CO8arey 2004 June, Bk Balance 2003
June, CORefrveRerr 2002 June and BonkBalance 2002 June as the most sigmificant varfables able to do so.
This is slightly different to the previeus two results where O rrent 2004 June had been spen as the most

sigtificant to ercate the first split between municipalities, mdicating that the ereption of the fouth cluster
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significantly influences the analysis. The decision rules that will classify a municipality into a pariicular

cluster are:

Cluster |
CDRares 2004 June = 03447 AND BankBafance 2003 June > -0.1912

Cluster 2
CDRares 2004 June < 0.5447 AND O DRefiseRem 2002 June = -1.0704

Cluster 3
CDRares 2004 June < 0347 AND CORefusefem 2002 June <-1.0709 AND
Beamk Balance 2002 Tune < (0,7861

Cluster 4
CORares 2004 June > 05447 AND BankBolance 2003 Jung < -0.1912 OR
CDRgres 2004 June < 0.5447 AND CORefirse Rem 2002 June < -1.0709 AND
BariBalance 2002 June > 1.7861

There are now fout variables that are necessary to be able to classify municipalities, unlike the previous two
in both other analyses, This does not mean that the decision rules cannot be represented graphically, just that
the variables must be chosen carefully to represent them in the best way. For this particular classification tree
it is not necessary to analvse each pair of variables which would create & different graphs, but due 1o the
structiure of the tree these splits are easy to see using only the two graphs shown on the next page (llustration
B.6). The first graph shows the variahle with the most significant split, CORetes 2004 June on the x-axis and
Barrk Balonce 2003 June on the y-axis, which represents the main right branch in the tree. The second graph
shows CLRefuseRem 2002 Jupe on the x-axis and BankBalance 2002 June on the v-axis, representing the

lower left branch of the tree,

It is now much easier to see the decision ryles taken from the classification tree that split the municipalities
between the four clusters. Considering the first graph which represents the main right branch in the
classification tree which splits Cluster 1 from the other ¢lusters and part of Cluster 4, it ¢can be seen that
consumer debtots for services relating specifically to rates is the most significant in terms of splitting Cluster
I from the other clusters. However if only this rnile was used Knysna would be misclassified as Cluster 1 and
therefore once this s taken inte account the classification tree cheoses bank balance [or the period June 2003

as the most significant in being able to split Knysma from Cluster 1 and classify it correctly as belonging to
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Cluster 4,

The remainder of Cluster 4 joins Clusters 2 and 3 in the main left branch of the tree, which is considered in
the second graph where CDRares 2004 June has already been taken into account, lemaring Cluster 1 this
time, it is seen that Cluster 2 is split successfully from the other two clusters using CORefise Ren 2002 June,
Agair, it appears that part of Cluster 4 is misclassified if only this rule is used. but once again it is Kmsna
which has already been classified using the other main split of the tree and can therefore be ignored here with
Cluster 1. The only split that still needs to occur is between Cluster 3 and the remainder of Cluster 4. for
which the classification tree identifies RankBalance 2002 June as creating the most significant split once the

other twa variables are taken into account,
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filustration XIL.2: Municipalities plotted on sigmificant variables for 4 clusters

The profile of the 4 clusters can finally be seen with Cluster 1 having high consumer debtors for services
relating specifically to rates in June 2004 and an above average bank balance in June 2003, Clusters 2 and 3
have low consumer debtors for services relating specifically to rates in June 2004, but Cluster 2 has higher
consumer debtors for services relating specifically to refuse removal in June 2002 and Closter 3 i3 low for
this particular variable, along with having a low bank balance in June 2002 Cluster 4 is the most
complicated to profile as part of the cluster has high consumer debtors for services relating specifically to
rates in June 2004 and a below average bank balance in June 2003, bt the other part of cluster has low
consumer debiors for services relating specifically to rates in June 2004, low consumer debtors for services

relating specifically to refuse removal in June 2002 and a high bank balance in June 2002,
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Appendix XIll

Classification Trees:
Tables

CDCurrent 2004 March

[..':....m

L_IATCL T

Hlawn

<183 o141 208 05T WD 02F 089 141 153 134 256

Hlustration XL 1 Municipel values of CDCwrrent 2004 Mureh for 2

CDCUrrent 2004 June

W Clusler2
= T Slizler
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clHsfers

Hiustyrenion XHT 2: Municipal valyes of CDCwrrent 2004 fune for 2 elusters
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CDCurrent 2004 September
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HMustration XII1.3: Municipal vatues of CDCrwrrent 2004 September for 2 clusters

COCurrent 2004 Decemper
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Hiustration XIIL.4: Municipal vatues of CDCigrent 2004 December for 2 clusters

BankBzlance 2002 September
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Mustration XI5 : Municipal values of BankBalance 2002 September for 2 clusters
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CERCurrent 2004 June

B

T —

B — -

s [ camiary |
| MChstar2

W Cumstert

T e

] . e

? = -
1 = = — =
P = — - P

-1E3 1A Qs -LEF 018 DAY DAs 191 153 B4 236

Riustravion XII.6: Municipal values of CDCurrent 2004 June for 3 clusters

dankdalance 2003 March
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Mustration X1 7: Municipal values of BankBalance 2003 March for 3 clusters

COCumren: 2004 Jine

¥ Cluglard

. W Clusler3
_ Woser?
W Cluzierd

F]
3 |
&
1
a

<147 -aq7 0BT 036 DOd a6k DM DER 1 158 AT

Hustration XITE8: Municipal values of CDCurrent 2004 June finr 4 clusters
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Hflustration XILY: Mimicipal values of CDRates 2004 March for 4 clusters
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Hlustration XU 10: Municipal values of CDRates 2004 June for 4 clusters

CDRatas 2004 September
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Hlustration XHI 11 Muwicipal values of CDRates 2004 September for 4 clusters
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Htustration XL 12: Municipal values of CDRates 2004 December for 4 clusters
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Mustration XHL 13: Municipal values of BankBalunce 2002 June for 4 clusters
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Hlustration XI 14: Municipal values of BankBalance 2003 June for 4 clusters
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Appendix XIV

Government Opinion;
Feedback Presentation

Grouping Locai Municipalities
in the “Western Cape
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T Iy B E Haarii
Wit Lmsrancns 8 e r Laceopoer
Lrpmw b D oy

I ECadT I Leare 200

Missing Data

Dislricls

| WD tee A T e iy

| 36

Data Collaction

Cesgrtment of Local Soverama2nz and Hodslng
Project Wie bil.by Qoeslionnale
June 2222 —June 2005

12 quarters
A0 rruric pelilles
53 wErEbies
= 2¢ 571 zhzeryatleis
{42.2E% rrissing)

[ T ——




Appenoix XIV

Missing

Mizsing Data

Chosen Varlal'ss: Finanslal (23]
want 0 elenos
Fatwrcing cettur | J0-a01 0 wure

Cozeurr o Misbbra by natarw o
Teksl SEraaner Dectors

Ireemctmarts
CreaimtT Imandy of mmn Eark oot

R e = s i

s

Missing Data

DHsErices

4090 mizsing
- Muricipaliliss

*@l-—ud A —

Missing Data

Miszing Data

Destricts

4C0rvm missing
- Munizlpalitizs
- Warlg blzs

Ho slgaitlcant warlation

Mizcing Data

Chosen Vartables: Service Dallvery (16}

“rewier o fres b plactroby: Wamber of 2 Qe Hoossholcs
“rension of frae b elpor ooy Wirerary Waks
ot eyt lmmass v Lo i kepal el I
w0 Ly LRSS R 0 [ %)
Yi1-her o miscinony reconeads T =
Srewear of trae e worer: Surker of Indget Hosehide
1 ¢ mar or e e waree: Surrber o Dtrer bascsre coasrnk
= G O T b L, LR
At esa ot L il Lo e di!
o LB 11T | b o
oy S o deap bt nel s moad : hadmbe of Tncigant Hoawshnids
woernnae frn Eas rat e ram o, Woera wAie
Srovman T hee bess wantehon Wonesr o Iedgent |oosd
S eaan T ArAe Been croishen Morsber v se
H1.FhAr O e rAr AT e e A 1 — o
FarlLriiar e Pt E ZaiTan e LR P DN o )

[ JaR—







General Discriminant Analysis
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Appendix XV

Government Opinion:
Feedback Meeting
I'his meeting was held
with the Department of Local Government and Housing

on Hh May 2007
at L4hO0 until 15h30),

Meeting Participants
Name Department / Section

Arendss H.W. Legidstion Suppat (DF)

Hamis P Govemment & infegralion D)

Hoza N Municipal Suppori & Capacity Bullding (Din)
lamail M. C apacity Building (Dir)

Jacobsl M ondtoring & Evslualion

Kook G. Government & integralion D)

Riet F Municipsl Support & Capacity Bullding (Dir)
Shepherd ) Municipal Suppert (D)

amit € Governm ent & Integeation (D)

VWeldemman P, Mubicipal Perform ance i)

= -

ise Parlicipants

Name Department/ Sectien
Avendae M. VY. Legisation Support (D)
Jacobsl, M pritoring & Evatlation

Kook Q. Covenmard & rtegration ©IN

Shepherd J Munitipal Support (D)
Weldemnan P. Municipal Persem ance [Dir)
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Government Opinion:

Cluster Analysis
Good Avarada Bad

Btz Beauket West Bergriver
Bresde Rivar / Winelands  Drakenstein Cape Aguhas
Sreeds Vallay Knysna Cederbam
Ciry of Cape Town Largebem K.annalzne
Gaorge Matzikama Witzenberg
Craeretrand lossel Bay
Stellanbrsch Pringe Alberd
Swartland Saldanha

Swalklandam

Theswaterskloof

flustearion XVEE - Theee cluster data-defineed municipal menmbership

Cluster 1 Ciuster 2 Cluster 3
Bealfan WWest Ercds Valley Bitou oo
Brengrivar Ganne Crakanstein Average
Breede River ! Winalands  WMassal Bay Bad
Cape Agulhas Chersirand
Cederbeng Saldanha
City of Cape Town Stellerbosch
Farmatand Theewaterzkloof
Kriyshia
Langekens
Mztzikams
Prince Alber
Swartland
Swellerganm
Witz enbang

Miustration XVE2: Three cluster opinion-defined municipal membership
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Government Opinion:
General Discriminant Analysis

ary in the model
F'
Elecindhon stary 2002 Dacembar | 55878324 0.0000
FMS% mpiamartad 2003 March B59.3432 00000
WyatarOthHou oa 2004 Decambar | 3088840 00000
CDTotsl 2004 Decamber | 17112278 0 0ooa
BankBalance 2003 Decamber 201968 00005
WalerDecomedion 2005 June TISTAT? Q0000
COSewerane 200G June 2127558 0.0000
CDCurrent A2 December 3000439 0.0000
RRIndM ored ary 2002 December 1852208 0.0000
RRINdMonetary 2003 June 59.5603 00000
CrToial A2 June 19.0396 0 0006
CDTotud 04 karch 153014 ood3
Discriminant Functions
Step 1
Fundtion 1
Irberoept -0.8342
ElecindM onetary 2002 December | 2 8687
Eiperivalue 1.3575
Cum . Prop 1.0000
Step 2
Fundion 1 Fundion 2
Intercept -1 9909 0.0168
ElecindMonetary 2002 December | 43114 1.0304
PMSSIimplemented 2003 March -2 1353 11581
Eigenvaiue 529 02072
Cum Frop 15: vrd 1.0000
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A
Step 3
Fanctinn 1 Functicn 2
IFtetoept -2 4104 01633
Elecindionetany 2007 Desembet [ 5.0744 -0.5840
FMSIdmplemented 2003 March -1.9320 -1.3283
WatsrithHouss 2004 December [ -0.9552 0.B7z8
Eigervalue B.EBT3Y 0.8244
Cum. Prap. 08s18 10000
Step 4
Funsticn 1 Funstizn 2
Intercept 2.97TEY 01879
ElsclndMonetary 2002 December | -7.0067 -0.6141
PrasiImplemanted 2003 March 24184 -1.3141
WaterCrhHause 2004 Decembsr 1.0152 0.5688
COTotal 200 Dhcempsr 1.2879 -G E
Eigenvalue 13. 7158 G ESE]
Cum, Prap. 0.8387 1.0000
Step 3
Functicn 1 Functian 2
Iatarcept 2211 CLEZES
Elecindionstany 2002 Desembar | -7.0070 -1,1284
PIASS% melamentsd 2003 March Z.7583 -1.4852
WatarOthiHouss 2004 December | 08137 1.2042
CDOTotal 2004 Checember 1.2425 -0,0071
Ban«Balance 2003 Checember | -0.4093 1.2358%
Eigervalus 14,6334 23195
Cum. Prop. 0.8624 10000
Final Step
Furction 1 Functian 2
Imtercept 15,8043 -1.10487
ElecindMonetary 2002 December| -116.2142 34838
PMESSEImplemented 2003 March 275083 38132
WiaterchthHougse 2004 Decernber| 27003 -2.1248
CDOTctal 2004 December| 329813 07230
BankBalance 2003 December| -3.2508  -1.7362
WaterDisconnection 2005 June G2 TEIE 0745
CDhSawarass 2003 June 11.3868 -1.0568
COCurrent 2002 Decermber | -27 5007 <0.876E
RRIndMoratary 2002 December | -25.4701 -5 7337
RRIndMznretary 2003 June ZEEI1EZ  D.4z08
Criotal 2002 June 471232 -z 7624
COTatal 2004 March -3, 58485 09716
Eigenvalue £141,5047 182150
Curm. Prep. 0,98451 1.0005

I'getor Structure Coeilicients

Eleclnd Manetary

FME%Impiemanted

WaterCthHouza
COTotal
Ban«Balance

Functicn 1 Funetion 2

2002 Decembear
2003 March

2004 Decembar
Z00 Decambsr
2003 Decembear

-0.2452
¢.1203
C0EAB
C.0aEG
[.0255

-0.1881
-0.2207
03234
1464
01898
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Mustration XVIL I Mwnicipalities agatnst first nwo dimensions
in government opinion GERA model eontenning one variahle
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Hustration XVIL2: Municipalities against first two dimensions
in govermment opinion DA mode! containing twe variables
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Rustration XVIE3: Municipalitics against first two dimensions
in govermment opinion GDA model containing three variables
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Appendix XVIII

Government Opinion:
Classification Trees
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fustration XVHT L Municipal values of RRIndMonetary 2003 December
Jor opinion defined clusters

BankBalance 2002 June

il Clustard
W Cluster2
W Cluster1

i —
N
-2.18 -1,76 -1.38 -D.B7 -0.57 -0.t3 D24 QB 1CE 146 1.88

Hlustration XVIIL2: Municipat values of BankBalance 2002 June
Sor opinion defined clusters

146



CHeptEr 30 REszaacH ContsxT

The objectives of local government as set out in Chapter 7 of the Constitution of the Republic of
South Africa (1996) are as follows:

to provide democratic and accountable gevernment for local communities;

T

1o enstire the provision of services to caommunities in a sustainable manner;

to ptomaote social and econemic development;

o

d. to promote a safe and healthy environment; and
e. toencourage the involvement of communities and community organisations in the matters of

local government,

These objectives allow local government to not only act in the role of service delivery to
communities, but also play a key role in terms of econemic development {Burger 2004). 1t is noted
that these “municipal functions are regarded as critical in improving the guality of life of individual
and communities™ (Chvens 2005, p.5) within the Western Cape and the country as a whale. In order to
he able to carry out these responsibilities laid out by the canstitution, the Local Government
Municipal Svstems Act {2000 sets out & framework containing “planning, performance management
systems, effective use of resources and organisational change in a business context™ {Burger 2004, p.
350). Along with this the Act created a system in which municipalities can report on their

performance and allows residents to compare this performance with others {Burger 2004

It terms of the types of municipalities that can be found within the local government structure, there
are three categories of municipalities as laid out by the Municipgl Structures Act (1998), Category A
municipaliies may only be formed in metrepolitan areas and are therefore referred to as
metropolitan municipalities. There aré $ix metropolitan municipalities in South Africa, of which

Cape Town is the only one located in the Western Cape.

Both category B and C municipalities Torm non-metropolitan areas, referred to as local and district
municipalities respectively (Munricipal Structures Act 1998). Of these district councils are “primarily
responsible for capacity building and district-wide planning” (Burger 2004, p.349). Each local
mumcipality forms a subdivision of a district municipality, sharing the authority with the district
municipality into which they fall.

Finally, there exist Dstrict Management Areas, which are areas of a district municipality that do not

qualify for a local municipality, therefore requiring local government services 1o be provided divectly
by the district municipality itself (Mimicipaf Structures Act 1998).
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Chapter 5
Data Collection

The data set was created em data made available through the Department of Local Government and
Housing (DLGID in the Western Cape, It is camained in quanerly Project Wiahility Questonnaires (PYO)
and is restricted to the period of June 2002 through to June 2003, Those repurts dating alter December 20015
were available electronicallys however the remaining reports requirad data capturing from printed reports,
The final set of data was the most recent avallable at the time of constructing this particutar collection of data
and the Junme 20402 repart was the carlicst report available from the department. Prior to this the
municipatities in the Wistern Cape numbered 136 and the questionnaire was developed to coincide with the
amatzamation of these imto 5 District Muntvipatitics, 24 local monicipalites and the City of Cape Town,
totalling 30 muicipatities, Any data collected before this amalgamation carnoet be used due 1o the significant
changes in restructuring the svstem, There swere further chanpes made to the questionnaire in December
2003; however there being much in common between the two it was possible to extrapulale observations

throughaut the period to create a complete data set

The initial data set chosen frem these reports included all 30 municipalities and &3 variables actoss all 13
quatters, resulting in 24 570 ohsarvations. There were twe main types of variables apparent in the data: those
that were taken from the financial statements of a municipality and are mainly measured in Rands
{henee fwth referred 1o a8 finaneial e variables) and those that divectly reprasent the service delivery of a
munigipality measured mainly i tarms of counts or percentages (henceforth referred to as sepviee deffvery

fipe variables).

51 Missing Data

There was a substantial amount of data missing from the original data set. This is duc 10 various
reasons: including some sections nut always being compulsory 1o complete: a learning peried as
municipalitics adapted to the new systen and sometimes data simply not being available, Various

techniques were utifised 1o create a complete daty set, keeping in mind the large amount of data and
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