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ABSTRACT 

The aim of this study was to identify the best approach in fitting parsimonious Discriminant 

Analysis (DA) model(s) with several independent variables, using two comparison models; SDA 

and CFA-LDA. The objectives of the study were to: compress too many independent variables 

using Exploratory Factor Analysis (EFA); verify results of Exploratory Factor Analysis (EFA) using 

Confirmatonary Factor Analysis (CFA); use factor scores from CFA-LDA to fit LDA; use all 

candidate variables to fit SDA; and use several comparison criteria to compare two models: CFA-

LDA and SDA. One thousand three hundred and thirteen (1313) learners were selected to 

participate in the study, with 23 independent variables. Data was obtained from DataFirst and 

learners drawn from various schools across the nine provinces of South Africa. Results of 

Exploratory Factor Analysis (EFA)  revealed 16 variables that can be grouped into three factors. 

CFA models support EFA in selecting the best model fit indices of Standardized Root Mean 

Squared Residual (SRMR), Root Mean Square Error of Approximation (RMSEA), Goodness of 

Fit Index (GFI), Adjusted Goodness of Fit Index (AGFI) and Comparative Fit Index (CFI) with the 

appropriate cut off criterion within the ranges of adequate fit, found in all the models, with the 

exception of NFI. The results obtained using Chi-square test of association (<0.000) and Mann 

Whitney’s U test (<0.05) showed significance statistical difference. SDA had high accuracy of 

classification. The hit ratio was 55.7% while Apparent Error Rate (APER) was 41.3%. Using all 

23 independent variables revealed SDA as the efficient and best model selected. This confirms 

results from the literature and it is concluded that SDA is the best and efficient model to fit a 

parsimonious model. Thus, the study is relevant and it is recommended that SDA be used in other 

fields of study. 

Keywords:  Two-step cluster analysis; Exploratory factor analysis; Confirmatory 

factor analysis; CFA-LDA; SDA 
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CHAPTER ONE 

BACKGROUND AND MOTIVATION 

1.1 Introduction 

A parsimonious model accomplishes a desired level of explanation or prediction with as few 

predictor variables as possible. According to Vandekerckhove et al. (2015:3), “Parsimony is 

essential because it helps discriminate the signal from noise, allowing better prediction and 

generalisation to new data.” In addition, parsimony is essential for achieving less complex 

models (Myung, 2000). Non-parsimonious predictive models are prone to covariate 

redundancy since they tend to include unnecessary independent variables. Krzanowski 

(2000) states that redundancy of covariates in discriminant analysis (DA) has been described as 

a problem that can affect the performance of this classification algorithm. In fact, some authors 

have argued that there may be a trade-off between the ease of interpretation and the performance 

of a classifier (Messick, 1995; Bontis, 2001; Lobo, 2008). Krzanowski (2000) further elaborates 

that when this happens, the researcher then has to make sense of the number of 

observations and has to try and meet the objectives of the research by selecting an 

appropriate method of analysis. The field of multivariate analysis is concerned with coming 

up with solutions to such problems (Krzanowski, 2000). The negative impacts of the 

redundancy of covariates on the performance of discriminant analysis (DA) motivated the 

researchers to conduct the current study in order to investigate methods that can enable one 

to fitting a parsimonious DA model. 

 

With the recent development of high-throughput technologies, for example, in molecular biology, 

many strategies have been developed to deal with large-dimension data, especially where the 

number of observations is lower than the number of variables (Mary-Huard and Robin, 2009). In 

particular, selection and compression of variables have become popular strategies to reduce the 

dimension of data (Mary-Huard and Robin, 2009). Selection methods allow the discarding of most 

variables to obtain a classifier based on a few variables only (Mary-Huard and Robin, 2009). 

However, the selection process can be unstable, an indication that the list of selected variables 

may depend on the sampling of the original data set into a training sample and a test sample 

(Mary-Huard and Robin, 2009). Compression methods build combinations of the initial variables 

in accordance with the label and can be more unstable depending on the sampling, however, the 

new variables are combinations of all old variables (Mary-Huard and Robin, 2009). It is these 
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limitations, which led to the interest in conducting the current study, in order compare the selection 

approach to the compression method in an attempt to fitting parsimonious DA models. 

 

As a compression approach, Linear Discriminant Analysis, through principal components analysis 

(PCA-LDA) or factor analysis (FA-LDA), is proposed and widely used by research in previous 

studies, in attempt to achieve parsimonious DA models (Pereira et al., 2006; Yang and Yang, 

2003; and Zhang et al., 2016). In PCA-LDA or FA-LDA, PCA or factor analysis is first used for 

dimension reduction before fitting a LDA) model. More specifically, PCA or factor analysis is 

used “to create groups or components to represent variables measuring the same concept 

while LDA is used to create a model from the principal components or factor scores in order 

to allocate new subjects” (Maugis et al., 2009: 3872). This approach is known to reduce over-

fitting of the DA model by projecting the dataset onto a lower-dimensional space that best 

describes the data (Maugis et al., 2009). The purpose of this study was to use this approach to 

reduce the dimension of the dataset with minimal loss of information and to fit a parsimonious 

model, using only relevant and theoretically significant covariates. In this study, confirmatory 

factor analysis (CFA) was used to confirm results of exploratory factor analysis (EFA), prior to 

fitting LDA and the model founded from a combination of ECA, CFA and LDA, referred to as 

confirmatory factor analysis LDA (CFA-LDA). 

 

Stepwise Discriminant Analysis (SDA) is an analytic procedure used to reduce the number of 

variables and a classic feature selection method (Arvanitoyannis et al., 1999). SDA is “concerned 

with selecting the most important variables while retaining the highest discrimination power 

possible” (Stąpor, 2016: 9). Stepwise discriminant analysis can be formulated as a feature 

selection problem in the recognition of patterns (Stąpor, 2016), which is the process used to select 

a subset of relevant features for use in the model to be constructed. As such, this study provides 

a comparison of SDA, which is a selection method, to a compression approach FA-LDA, with the 

intention of fitting a parsimonious LDA model. 

 

1.2 Problem statement 

 

When fitting DA models using data with too many variables, it is essential to consider the 

principle of parsimony. This is because models with too many variables (complex models) 

are too cumbersome to interpret and may not fit the data well. By taking the principle of 

parsimony into consideration, one is able to fit DA models that are less complex and simple 

to interpret. “Goodness of fit seeks a model that can fit the data well with accurate prediction” 

(Myung, 2000: 3). As such, goodness of fit is a key measure of parsimony. There are several 
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goodness of fit tests such as the Akaike Information Criterion (AIC), classification accuracy 

rate and the Cramer-von Mises criterion, among others, that one can use to evaluate a DA 

model for parsimony. However, several studies have used a very limited number of criteria 

to compare and select parsimonious discriminant analysis models (Hooper et al., 2008). For 

example, Grenoble et al. (2007) used only classification models (AIC and BIC) to compare 

several discriminant analysis models. Other examples include Vandekerckhove (2015) and 

(Myung, 2000; Wagenmakers & Waldorp, 2006) who used only the AIC and Bayesian 

Information Criterion (BIC) respectively as their only comparison criterion.   

The use of few comparison criteria is problematic since it makes the comparison process 

prone to selection bias and jeopardises the validity or statistical rigour of results. If not dealt 

with, model selection bias can lead to the researcher giving misleading recommendations, 

and what is identified as the best model for fitting data with many independent  variables may 

not really be true. Researchers, who are not experts in the field of Statistics can use the less 

efficient model, leading to the development of less accurate models with redundant variables.  

Thus, the need for a study, using several model comparison criteria in the context of DA 

rather than one or two. This study is significant as it helps  confirm the statistical rigour of 

some suggested DA methods used in fitting models for data with too many covariates and 

as a way of reducing model selection bias, which can result from using very few model 

comparison criteria. Hence, the purpose of this study was to address this need.  

1.3 Aim and objectives of the study 

The aim of this study was to identify the best approach to fitting parsimonious DA model (s) 

for data with too many independent variables through comparing one commonly used 

covariate selection approach (SDA) and a commonly used variable compression method 

(CFA-LDA). 

 

The objectives of the study were to:  

 

1.3.1 Use EFA to compress independent variables; 

1.3.2 Use CFA to validate results of EFA; 

1.3.3 Fit a Linear Discriminant Analysis (LDA) model, using factor scores from EFA and CFA 

(CFA-LDA);  

1.3.4 Fit SDA, using all candidate variables; 
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1.3.5 Compare CFA-LDA and SDA, using several model comparison criteria; and 

1.3.6 Use the findings of the study to make recommendations.  

1.4 Expected contributions of the study 

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

through comparing SDA and CFA-LDA, using as many goodness of fit criteria (model comparison 

criteria) as possible compared to previous studies which used only a few criteria (one to two). 

using several selection criteria is expected to ensure that the correct model is selected and 

recommended thus, minimising model section bias. Such approach will also ensure statistical 

rigour of findings in the context of modelling data, with many independent variables.  

1.5 Significance of the study 

Several studies have so far been conducted on CFA-LDA and SDA (Marcialis and Roli, 2002; 

Maugis et al., 2006; Pedagadi et al., 2013 and Pereira et al., 2006). However, such studies have 

focused mainly on the efficiency of these models, an indication that more research needs to be 

conducted on this topic. The findings of this study will assist researchers and statistical analysts 

with the best method to use when seeking to fit a parsimonious LDA model in instances where 

too many independent variables have to get into data. 
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1.6 Figure 1.1: Summary of analytical framework with regard to data 

Figure 1.1 provides a summary of the methods used to analyse data in this study. A detailed 

description of the methods is provided in subsequent sections in this Chapter. 

1.7 Ethical considerations 

The study did not involve any physical contact with animals or human participations. The 

postgraduate manual was consulted when conducting this study to ensure that rules and 

regulations of the North-West University were adhered to. Personal information, such as 

demographic characteristics of participants used in the study were kept confidential and not 

be disclosed to anyone. However, such information could be used in academic publications 

and presentations. Secondary data used in the study was obtained from DataFirst and the 

researcher(s) had to write a proposal to explain how the data was to be used in this study. 

Permission to use the secondary data was also requested and granted by the owners of the data. 

The researcher(s) were granted ethical clearance by the North-West University to enable them to 

conduct the study. It is worth noting that although the results from the data can be used for 
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academic publications, as a by-product of this research, the focus of the study was actually on 

the statistical methods and not on the dataset. 

1.8 Scope and limitations of the study 

The following limitations were encountered during the study: secondary data is considered 

to achieve the objectives because it is accessible, already cleaned and stored in an electronic 

format. The methodology adopted in this study focuses on six multivariate methods only 

which are the Two Step Cluster Analysis, EFA, CFA, CFA-LDA and SDA. The literature 

reviewed is limited to studies around the multivariate models of interest and the study will 

focus only on academic sources which are not older than 10 years in order to focus on the 

latest developments in the literature only. The scope of the study is limited to the methods 

and not to the data per say. 

1.9 Structure of the study 

This study is divided as follows:  

Chapter 1 is the introduction. It provides the general overview of the study, the statement problem, 

aim and objectives of the study, significance of the study, analytical framework, ethical 

considerations, scope and limitations of the study. Chapter 2 focuses on the literature review. The 

chapter provides insights on empirical studies conducted in the area. Relevant studies are 

reviewed in order to select the best model in a parsimonious discriminant analysis model, 

comparing CFA-LDA and SDA. Studies that employed exploratory factor analysis, confirmatory 

factor analysis, stepwise factor analysis approaches for the same purpose as the current one, 

were also reviewed in this Chapter. Chapter 3 is the research methodology. In this Chapter, the 

researcher provides information on how data was collected and the research approach used in 

conducting the study. Chapter 4 focuses on data analysis and presentation of results. The data 

analysis and interpretation of results are done to provide a clear picture of the combination of 

CFA-LDA and SDA, using several a model comparison criteria to select the best model. 

Chapter 5 provides the conclusion and recommendations for the study. In this Chapter, an 

overview of the results and conclusions are provided. Recommendations for future studies are 

indicated and suggestions for an appropriate model are provided. 
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CHAPTER TWO 

 

LITERATURE REVIEW 

 

2.1 Introduction 

This chapter focuses on the review of literature related to the study. The studies reviewed focused 

on Linear Discriminant Analysis (LDA), using Principal Component Analysis (PCA) or Factor 

Analysis (FA) scores and/or Stepwise Discriminant Analysis (SDA). The Chapter is structured as 

follows: section 2.2 focuses on the literature review while section 2.3 is a summary of the Chapter.  

2.2 Literature review  

High dimensionality is defined in PCA and DA as “a large number of principal components or 

discriminating axes, all of which carry a significant extent of the total differentiation. High 

dimensionality is desirable in cases where very similar analyses need to be differentiated” 

(Stewart et al., 2014:76). Pandey et al. (2011) applied cluster analysis (CA), principal component 

analysis (PCA), factor analysis (FA) and linear discriminant analysis (LDA) in their study to 

evaluate temporal/spatial variations and to understand a large complex water quality data set of 

the Fuji River Basin. Data was collected over 8 years (1995–2002) and comprised 12 parameters 

from 13 different sites and a total of 14 976 observations. The authors used hierarchical cluster 

analysis to group the 13 sampling sites into three clusters, and referred to them as relatively less 

polluted (LP), medium polluted (MP) and highly polluted (HP) sites. The classification was based 

on the similarity of the characteristics of the water quality under study. Subsequently, Pandey et 

al. (2011) applied FA/PCA to the data sets of the three different groups obtained from CA, which 

yielded five factors for data obtained from the LP cluster, five for data from the MP cluster and 

three factors for data obtained from the HP cluster. 

Pandey et al. (2011) further explain that the factors obtained from FA revealed that the parameters 

responsible for variations in water quality were mostly related to discharge and temperature 

(natural) and organic pollution in relatively LP areas, organic pollution and nutrients in MP areas, 

and organic pollution as well as nutrients in HP areas. These results show the benefit of using CA 

prior to FA when dealing with multidimensional datasets, which could be cumbersome to 

understand. In addition to CA and FA, the authors used LDA to categorise the water samples 

based only on the variables obtained from factor analysis, and this also assisted in selecting the 

most significant variables to retain in the discriminant model.  
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The final model comprised only six parameters. Pandey et al. (2011) argue that LDA assisted in 

reducing the dimension of the large data set hence, the results of their study confirm the 

usefulness of multivariate statistical techniques for analysis and interpretation of complex data 

sets, thus a similar approach was adopted in the current study. Furthermore, the current study is 

an extention of the one conducted by Pandey et al. (2011), as it provides a comparison of the 

efficiency of a straightforward stepwise LDA model, using all independent variables with a LDA 

model, taking into consideration,discriminant scores as independent variables. 

Qu et al. (2003) applied LDA to detect prostate cancer. The authors collected prostate cancer 

data comprising 248 subjects with 48 538 variables of different protein mass - point (generated 

using the Protein Chip technology). The authors caution that PCA would have been suitable for 

data reduction if the sample size was greater than the number of variables. However, the data 

used by Qu et al. (2003) had an over-determined dataset (the number of variables was about 196 

times the number of subjects).  

The DWT used by Qu et al. (2003) reduced 48 538 variables to 1 271 wavelet coefficients, 

however, only 11 of these coefficients had the highest discrimination as per Mahalanobis distance 

and these coefficients were included in the LDA model. The results of study showed that “the 

linear classifier with the 11 wavelet coefficients, detected prostate cancer in a separate test set 

with a sensitivity of 97% and specificity of 100%” (Qu et al., 2003: 143). Although the DWT was 

efficient in reducing the dimension of the dataset in the study by Qu et al. (2003), this method was 

not considered in this study since it is beyond its scope. In the current study, the researcher(s) 

used less determined data compared to Qu et al. (2003). However, in the current study, the data 

set was extended by considering a different data reduction method (PCA). Unlike Qu et al. (2003), 

the current study does not only make use of these methods but provides a comparison of the 

efficiency of a straightforward stepwise LDA model, using all independent variables with a LDA 

model, taking into consideration, discriminant scores as independent variables. 

Jung and Qiao (2014) applied Principal Component Analysis (PCA) as a pre-processing method 

for various classification methods as follows: LDA; quadratic discriminant analysis (QDA); Support 

Vector Machines (SVM); Distance-Weighted Discrimination (DWD); and Minimum Distance 

Empirical Bayes rule (MDEB). The authors conducted repeated experiments to determine the 

accuracy of classification of these methods. The study by Jung and Qiao (2014) revealed the 

usefulness of PCA as a dimension reduction method for classification methods. However, in the 

current study, the researcher(s) was more concerened with comparing the proposed classification 

methods rather than comparing the efficiency of a straightforward stepwise LDA model, using all 

independent variables, taking into consideration, LDA model that uses discriminant scores as 
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independent variables (as is the case in the current study). Thus, the current study extends the 

scope of the one conducted by Jung and Qiao (2014) in this regard. The scope of the current 

study is, however, limited to LDA, compared to the one by Jung and Qiao (2014). 

Ferizal et al. (2017) applied Principal Component Analysis (PCA) as a dimension reduction 

method prior application of Linear Discriminant Analysis (LDA) to explain “the gender recognition 

system through a human facial image” (Ferizal et al., 2017: 1). The authors used several facial 

attributes from two scenarios: natural face (with no facial mask) and masked face. The methods 

(PCA and LDA) were then applied to each of the two datasets (with or without face mask). It is 

important to note that Ferizal et al. (2017) compared models built from data collected from a 

natural face to the one built using data from a masked face, thus differentiating it from the current 

study. In the current study, a comparison of the efficiency of a straightforward stepwise DA model 

was done, using all independent variables with LDA model, taking into consideration, discriminant 

scores as independent variables, thus focuseing on the models and not the data. Simply put, both 

the current study and the one by Ferizal et al. (2017) considered PCA as a dimension reduction 

method for LDA, however, the former was interested in the models while the latter was interested 

in the datasets, thus the current study is an extention of the scope of the study conducted by 

Ferizal et al. (2017). 

Wu et al. (2016) conducted a study to discriminate three kinds of apples, using their proposed 

method referred to as sorting discriminant analysis (SDA). SDA was compared to LDA, 

discriminant partial least squares (DPLS) and nearest neighbour classifier (NNC). DPLS was 

applied using raw data (with the original variables) to reduce the high-dimension of the dataset 

and to extract the most suitable covariates. Wu et al. (2016) argue that DLPS achieves this 

through the maximisation of the covariance between the predictors and predicts a binary 

dependent variable. The authors describe SDA as a three-stage method in which PCA reduces 

the dimension of the original data, and the eigenvectors sorted using an equation which 

normalises Fisher’s ratio and the eigenvector. The authors further state that the third and final 

step of SDA, implements LDA to extract discriminant information from the compressed data.  

Wu et al. (2016) also used a combination of PCA, LDA and NCC to classify apples. To achieve 

this, the authors reduced the dimension using PCA. The discriminating information from the 

reduced dimension was extracted using LDA, and the apples classified using NCC based on the 

information extracted from LDA. The results of the study revealed that LDA and SDA extracted 

discriminant information was better than PCA and DPLS. However, in the method proposed by 

Wu et al. (2016), SDA was found to best. Although they were found to be useful in extracting 

discriminant information, SDA, NCC and DPLS are beyond the scope of the current study. 
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However, PCA and LDA were used in the current study just like in the one by Wu et al. (2016), 

but the current study is an extention of the one by Wu et al. (2016) as it provides a comparison of 

LDA from principal components to LDA from original variables to confirm the efficiency of 

combining PCA and LDA. 

Marcialis and Roli (2006) evaluated face recognition systems based on a fusion of two algorithms 

referred to as LDA and PCA. The face data bases comprised AT&T datasets with 10 different 

images of 40 subjects and Yale dataset comprising 11 images per 15 classes. The authors used 

LDA to factor AT&T original datasets into 5 images per class (200 images) and Yale original 

datasets with 5 images per class (75 images). Thereafter, the authors tested for the average 

performance for both datasets using individual face recognition, resulting in fusing between LDA 

and PCA, which is more accurate.  

Marcialis and Roli (2006) state that the combination of PCA and LDA improves the performance 

of the individual recogniser and exhibits better reliability. The data does not show a strong 

variation of performance. Marcialis and Roli (2006: 1) maintain there are two main benefits of 

such fusion as follows: reduction of dependence on environmental conditions with regard to the 

best individual recogniser; and overall performance improvement over the best individual 

recogniser. Thus, fusion is investigated under different environmental conditions, namely; “ideal” 

conditions, characterised by a very limited variability of environmental parameters, and “real” 

conditions with large variability of lighting and face expressions”. Application of face recognition 

is very critical and it can be concluded that neither LDA nor PCA is better than the other. 

Pedagadi et al. (2013) applied PCA as a pre-processing step for data reduction and Local Fisher 

Discriminant Analysis (LFDA) for pedestrian re-identification, using a very high dimension dataset 

extracted from HSV colour image. The dimension of the data matrix had an initial dimensionality 

of 11, 253 dimensional vector. Using dimensionality reduction methods, the authors maintain the 

redundancy in colour space representation, firstly, used PCA with unsupervised data to reduce 

dimension/ extract data. PCA is used to define dual colour space useful for estimating a reliable 

embedding space in a subsequent stage. Thereafter, a second supervised data reduction process 

was conducted with Local Fisher Discriminant Analysis (LFDA), using training data to re-identify 

problems. To avoid singular matrices, a regularisation step is introduced during LFDA. The 

regulation assists in achieving a working solution.  The last step proposes a characterisation of 

the Match Characteristic curve, which in essence, reports the percentage of the re-identification 

problem solved, from 0% to 100%. 
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Pedagadi et al. (2013) conducted an experiment on 3 different datasets in accordance with the 

steps described above . The first dataset used was the Viper hand generated pedestrian dataset, 

with 632 variables collected over several months. The second dataset was 3 DPES, with 191 

variable images collected during different times of the day. The third and final Cavair dataset 

consisted of 72 individuals for re-identification images taken from a camera at a shopping centre. 

The datasets were divided into training and testing. From the datasets obtained, PCA was 

performed on the mean subtracted data and the results transformed. From the projected data 

found in PCA, a regularisation step (LFDA) was performed. 

Pedagadi et al. (2013: 3318) conclude that “experiments conducted on three publicly available 

datasets confirm that the proposed method outperforms the state-of-the-art performance, 

including all other known metric learning methods”. Furthermore, the method is an effective way 

to process observations, comprising multiple shots and is non-iterative: the computation times 

are relatively modest. Marcialis and Roli (2002) applied PCA and LDA to detect face recognition. 

Fusing two appearance-based (or statistical) approaches to face recognition, PCA representation 

(“eigenface” approach) and LDA representation (“fisherface” approach), the authors collected 

AT&T and Yale face dataset comprising 10 different images of 40 subjects. The dataset was 

subdivided into a training set made up of 5 images per class of 200 images and a test set made 

up of 5 images per class of 200 images. From both datasets of face images, pre-processing phase 

such as rotation, re-scaling or normalisation was not needed. Using face recognition on the ATA 

dataset, Marcialis and Roli (2002) applied PCA transform as a dimension reduction on the original 

image face space prior application of LDA to explain face recognition system. The authors found 

that PCA and LDA were not correlated as one could imagine since PCA must be able to reduce 

high variance and later LDA.  

Marcialis and Roli (2002) analysed the differences between these two techniques, but their study 

did not focus on the possibility of fusing these techniques. It is observed that the apparent and 

obvious strong correlation of LDA and PCA, especially when frontal views are used and PCA 

applied prior LDA, discourages the merging of such algorithms. Fusion of LDA and PCA for face 

recognition and verification is, however, worth theoretical and experimental investigation.  

Marcialis and Roli (2002) further argue that the combination of PCA and LDA provides 

improvement with regard to performance, and better identification of reliability and robustness. 

Wang et al. (2004) applied Fishers Linear Discriminant Analysis (LDA) and Principal Components 

Analysis (PCA), which are both data / dimension reduction methods, to analyse chemical sensor 

arrays. A sample size of 15 sensors and 5 coffee beans was used. Wang et al. (2004) used two 

datasets of 2000 and 225 respectively in their study. Both datasets projected PCA against PDA 
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and LDA. To begin with, PDA is used to regularise significance in the covariance of the data. In 

addition, PDA is used to balance LDA and PCA. On the other hand, LDA is applied to check 

discrimination in the sub spaces within the projected covariance. Overall, better discrimination 

results can be found by using both mean and variance information. 

Wang et al. (2004) used a hybrid model (PCA) that incorporates regularisation parameters of LDA 

and PCA. Wang et al. (2004) conducted a reduction of dimensionality using variance subspace 

of the PCA dataset. Since the model was biased, LDA was introduced to balance both techniques 

in accordance with the information provided. Thereafter, using within class variance projection, 

LDA was applied. LDA has a couple of setbacks/ drawbacks, namely; as a supervised technique, 

LDA has a tendency to over fit in small-sample-size problems, where dimensionality is higher than 

the number of vectors in the training stand, and shows more structural problems with LDA when 

the dataset has more information in the variance than in the mean. Thus, LDA tends to produce 

poor results. The results revealed that using both techniques (PCA and LDA) is better since  PDA 

provides higher predictive accuracy; and the discriminant and variance projections are located in 

the appropriate distribution of data. 

Kara (2009) applied PCA, LDA and CA to evaluate herbal tea samples in Turkey. Using a sample 

size of 18 plants, the author used PCA to group the similarities of the whole data set, classified 

into 5 groups, resulting in 16 elements by extracting values higher than 1. Subsequently, LDA 

was used to confirm correctly classified predicted groupings/classes. According to Kara (2009), 

cluster analysis is used to cluster samples into groups that determine the relationships. The 

classification was based on the similarity of the characteristics of plants under investigation. The 

study revealed that plants can be grouped into different trace elements. 

Yang et al. (2008) applied Principal Component Analysis (PCA) as a dimension reduction method 

prior to application of Linear Discriminant Analysis (LDA) to boost the discriminatory power that 

explains face recognition systems/tasks. Human face images of data consisting of 400 frontal 

faces were collected in the study. The data had a high dimension of image space thus, raw image 

data was used for dimension reduction and creation of sub space for images. Yang et al. (2008) 

concluded that a combination of face tracking and face technology is used to develop a new real 

time face recognition algorithm. The authors introduced a new face recognition to improve the 

accuracy of video images using sequences. 

Castaño et al. (2016) applied LDA, PCA, Extreme learning machine (ELM) and a combination of 

the three approaches, LDA-PCA-ELM in a study to assess the number of basic functions. The 

UCI repository dataset used consisted of 15 samples. On a set of problems, LDA approach has 
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a better performance so PCA –ELM algorithm was joined with LDA to perform pruning of hidden 

nodes hence, the two approaches are combined. In their study, Castaño et al. (2016) introduced 

an LDA algorithm prior using PCA in pattern recognition and machine learning.  LDA is for 

modelling different classes. A combination of LDA and PCA stands a better chance of class 

selection and ELM was used for transformation. The LDA-PCA-ELM algorithm is introduced for 

classification. The method is a competitive proposed approach and improves accuracy. The 

authors found that classification applied in LDA-PCA-ELM algorithm and ELM algorithm, can be 

applicable to several problems, such as regression in classification. 

Diraman et al. (2011) applied Principal Component Analysis (PCA) and Linear Discriminant 

Analysis (LDA) to evaluate Turkey Virgin Olive oil from Aegean region based on three North 

Aegean (Ayvalik cultivar), South Aegean (Memecik) and Izmir Peninsula (Erkence cultivar) 

cultivars of olives in Turkery. The data was collected over 2 years (2001-2002 and 2002-2003) 

and comprised 187 sample sizes divided into 3 subgroups. The authors used PCA treatment for 

both functions of high data dimensions to find a pattern, putting them into separate groups. 

Furthermore, Diraman et al. (2011) applied LDA for parameter classification of oil samples. The 

results revealed that PCA and LDA made good classification approaches. 

Sun et al. (2011) applied PCA, CA and LDA for mutton samples developing in two different regions 

of China. The dataset collected from slaughter houses in pastoral and agricultural regions in 

China, consisted of 99 animals, spanning 7-10 months.  Data reduction was performed using PCA 

while CA was used for clustering similar groups with unsupervised data. The results revealed that 

using a combination of multi element analysis for PCA, CA and LDA were successful methods for 

pastoral farmers and agriculturalists in  different regions of China.   

Yang and Yang (2003) analysed a suggested PCA plus LDA algorithm in building a theoretical 

foundation framework. The authors performed dimension reduction using PCA before application 

of LDA, transforming Fisher criterions. The two-linear high dimensional and singular case 

methods are mostly used in LDA.  PCA plus LDA were used to analyse data collected from Oracle 

Research Lab (ORL). Face image database comprised 10 different images of 40 distinct subjects. 

The authors found that the traditional LDA had the following limitations: 

1) Traditional algorithm cannot be used directly in that the within-class scatter matrix is 

always singular; and  

2)  High dimensional image vectors lead to computationally difficulty. 
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Yang and Yang (2003) concluded that the minimum distance classifier transformed space for 

feature extracted from fisherfaces and proposed PCA plus LDA algorithm as it is more effective 

than previous LDA-based methods. This combination does not robust information. 

Nwosu et al. (2012) used LDA to estimate the three criteria: Fishers criterion; Welchs criterion; 

and Bayes criterion to determine the best classification in two groups (regions). The dataset 

comprised 24 observations, equally divided into two groups (regions A and B). LDA, on two 

groups (regions), was used to analyse a good discriminant function with the apparent error rate 

(APER) to compare and determine the best criteria among the three criteria, thus, the assumed 

best criteria are selected by having the least error rate. According to Nwosu et al. (2012), APER 

was compared and the three criteria gave the same results, with the equal apparent error rate as 

well as with the confusion matrix. In conclusion, the Fishers, Welchs and Bayes criteria performed 

equally the same. 

Chen et al. (2000) experimented a new LDA-base face recognition system for small size 

problems. The authors proposed a new LDA-base technique to solve small sample size problems 

with a primary testing database comprising 10 different faces (classes) for each of 128 persons 

(observations). The pixel grouping was done by extracting geometric features and transforming 

image to normalised size of the face recognition system thereafter, reduction of dimension was 

performed for feature vectors.  LDA proved that vectors derived in the null space of the within-

class scatter matrix, provided the best discriminant vector set selected. Additionally, PCAs are 

equal to the optimal discriminant vector derived in the original space and form the most 

discriminant vector set. Thus, Chen et al. (2000) concluded that there is a significant performance 

improvement in the new LDA of a face recognition system in accuracy, training efficiency and 

stability. 

Using application to face recognition, Yu and Yang (2001) analysed a proposed LDA algorithm 

for high dimensional data classification. The data was collected from ORL and consisted of 10 

images from 40 individuals and 400 observations. In order to reduce variation, the experiment 

was done at least 10 times, randomly; choosing 5 images per person for training and another 5 

images per person for testing.  Data with no dimension reduction results gave an accuracy of 

86.6% while with dimension reduction, the accuracy was 90.8%.  

Dubuisson et al. (2002) performed two proposed statistical-based techniques, PCA and LDA. The 

authors collected facial expression data comprising 210 subjects with 6 variables of different facial 

expressions. The test set 1 comprised CMU-Pittsburgh database with 194 different images of 40 

subjects and Yale dataset comprising 11 images per 15 classes.   PCA was used as a suitable 
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data reduction method, considering a learning set that contains different class samples. In order 

of importance of facial recognition task eigenvectors,the most discriminant projection was 

selected on principal components. The forward stepwise selection method was then used to 

select the most discriminant “optimal” principal component and for stability, the fisher criterion 

was used to select the optimal set of components. Finally, from LDA, new samples classification 

was generated for the dimensional discriminant subspace. 

The authors proposed a feature selection process for PCA to sort principal components to solve 

specific recognition tasks. The methods proposed help to improve the accuracy of classification. 

Dubuisson et al. (2002) found that classification results were strongly influenced by the choice of 

representation and also indicate that a specific representation must be designed for each 

classifier. 

In addition, Zhao et al. (2013) used LDA and PCA to analyse wheat grain and soil from China. 

The sample size collected comprised 61 paired wheat and 22 soil samples. PCA was used to 

reduce the dimension of the dataset between two kinds of wheat samples, while LDA had two 

wheat sample groups, split and comprising 41 calibration set samples and 20 test set samples. 

The authors concluded that out of 22 samples, only 7 where significant. Zhao et al. (2013) found 

that LDA is a favourable subspace on full face recognition system. 

Chan et al. (2010) conducted a study of facial biometrics to assist with automatic face recognition. 

The dataset  consisted of 400 images.  PCA was used to reduce low dimension of original face 

representations. Chan et al. (2010) proposed application of LDA for improving the discriminant. 

Additionally, the Euclidean distance measurement was used as a benchmark for both PCA and 

LDA. The results revealed that for both face identification and face verification, LDA gave better 

results than PCA. The LDA discriminant showed more accuracy on the face biometric study.   

On the hand, Pereira et al. (2006) conducted a study in Brazil to determine gasoline adulteration 

by a solvent and identify the solvent added, using infrared absorption spectroscopy and a 

combination of two multivariate techniques; PCA-LDA. Multivariate techniques were used to 

analyse the 217datasets collected from October 2003 to May 2004 from a gas station in Minas 

Gerais, Brazil. Testing for the construction of the model with the confirmation of good quality, the 

authors used solvent tracer test with 200 samples of adulterated and 17 samples of unadulterated 

gasoline. The researchers applied PCA for data reduction, resulting in visual principal 

components information. LDA from the principal components, resulted in 100% validation and 

classification of modelling sets. The results obtained in this study show that PCA-LDA is a strong 

technique related to 100% accuracy with FTIR in the quality control of automotive gasoline. The 
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identifying type of solvent added had adulterated gasoline classification of 96% efficiency with 

sensitivity of 8% and unadulterated gasoline classification of 93% efficiency. 

Kher et al. (2006) applied Principal Component Analysis (PCA) and Linear Discriminant Analysis 

(LDA) to analyse High Performance Liquid Chromatography (HPLC) and Infrared Spectroscopy 

(IR) of blue ballpoint pen ink. The data was collected from 4 wavelengths (254, 279, 370 and 400 

nm). In this study, PCA was used to estimate the pen samples to be separated while LDA was 

applied in the classification of a pen class.  

Zhao et al. (2010) performed pattern recognition, using PCA and LDA in a study of cracked 

eggshells from Hangzhou Hennery, China. The experiment had a total sample size of 120 eggs 

(60 cracked eggs and 60 intact eggs). In order to remove certain information from the dataset, 

PCA was applied as a data reduction technique. LDA was then used as a grouping procedure. 

Calder et al. (2001) conducted a PCA and LDA study of facial expression with 50 components. 

The authors used full image PCA with the first 50 components and three stepwise linear 

discriminant analyses with the 3 independent variables (facial identity, facial expression and 

gender). LDA was used for the first 50 components of shape-free PCA, the first 30 components 

of shape free and the first 20 components of shape information. The authors found that PCA facial 

expression supports recognition and that PCA of limited number of anatomical feature, points to 

facial identity and gender. Furthermore, shape components and shape-free components rated 

the best optimal rate of categorisation. Calder et al. (2001) found that LDA and PCA provide a 

consistent model for psychological models of facial expression. 

 

Skrobot et al. (2007) applied PCA and LDA to detect liquid in gasoline at a gas station. The 

authors collected gasoline, comprising 75 gas samples with 4 solvent / liquid variables of 

chromatography-mass spectrometry. Skrobot et al. (2007:3399) found that “PCA and LDA 

classification model presented a trend towards classifying mixed samples with a lower amount of 

solvent in the test set as pure”. Khan and Farooq (2012) applied Principal Component Analysis 

(PCA) as a dimension reduction method prior application of Linear Discriminant Analysis (LDA) 

“to maximise discriminatory power” and explain face recognition system. Human face images 

data, comprising 400 frontal faces, were collected in this study. Raw image data was used for 

dimension, using PCA prior to creation of a sub space for images. By selecting the most 

discriminant face projection, a new algorithm was formed. Thus, there is need for a combination 

of face tracking and face technology to develop a real time face recognition, resulting in improved 

face recognition. 
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Furthermore, in their study aimed at forecasting the level of debris flow, Lei et al. (2011) combined 

Principle Component Analysis (PCA) with Linear Discriminant Analysis (LDA) and Data Mining 

Results (DRS).  The authors found that the hazard assessment approach was encouraged since 

the DRS method was more accurate over PCA and LDA analysis for the flow of debris. Although 

various methods, such as PCA-LDA algorithms could have been applied, Lei et al. (2011) 

compared Principle Component Analysis (PCA) and Linear Discriminant Analysis (LDA). The 

authors found insignificant results, an indication that both techniques did not meet requirements 

of threshold variables and advanced data mining techniques (DRS) used in achieving the 

thresholds, especially in situations where the results were 15% higher with accuracy in 

performance classifications.  

The purpose of the study by Zhang et al. (2016:1) was to “investigate the protective effect of total 

isoflavones from Radix Puerariae (PTIF) diabetic rats”. Principal Component Discriminant 

Analysis (PCA-DA), Partial Least-Squares Discriminant Analysis (PLS-DA), and Orthogonal 

Partial Least-Squares Discriminant Analysis (OPLS-DA) were used to perform multivariate 

analysis. In addition, Zhang et al. (2016) evaluated oxidative stress and inflammatory cytokines. 

Eleven potential metabolite biomarkers, mainly related to coagulation, lipid metabolism and amino 

acid metabolism, were identified by the researchers. PCA-DA scores plots revealed that 

biochemical changes in diabetic rats were gradually restored to normal after administration of 

PTIF. Furthermore, the levels of BCAAs, glutamate, arginine and tyrosine increased significantly 

in diabetic rats. Treatment with PTIF could regulate the disturbed amino acid metabolism. 

Consequently, PTIF has great therapeutic potential in the treatment of DM, by improving 

metabolism disorders and inhibiting oxidative damage. 

 Kıralan et al. (2015) used chemometric analysis to determine Turkish oil hazelnut, structured for 

Triacylglycerol. Discriminant analysis was used in this study to group the samples according to 

the geological locations. One-way analysis was used to check hazelnut oil cultivars and 

discriminate analysis to divide samples according to the groups. Fifty (50) samples were selected 

for the study, comprising 19 hazelnut cultivars, spanning from 2009 – 2010 and collected from 4 

provinces in Turkey. The results revealed that hazelnuts with oil and water ranged between 55.01-

64.85 and 3.17-4.32. A one-way analysis of variance showed a statistically significant difference 

between the variables, structured for Triacylglycerol.  

Dede et al. (2017) used PCA, CA and DA to classify quality of water from nine monitoring stations 

in Muda River, Malaysia. PCA and CA created two different clusters, using three characteristics 

of water quality . Discriminant Analysis (DA) was then applied to confirm the clusters. Forecasting 
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was performed for the cluster of membership of new samples created from the discriminant 

function (DF).  

Bansal et al. (2012) used PCA and LDA to study face recognition. The authors, firstly, used PCA 

for dimension reduction of a training data set and image compression. PCA data reduction is used 

to remove useless and uncorrelated information, referred to as Eigen faces. Secondly, LDA is a 

technique used to separate data. 

Beghdad et al. (2011) applied LDA to an intrusion detection method to study the behaviour of 

students by observing four (4) class sessions at a university. The authors collected real data, 

comprising four (4) lecture sessions with 13 students per class for three months. Beghdad et al. 

(2011) firstly, used LDA technique to apply an appropriate discrimination between the four lecture 

sessions. Secondly, “PCA deals with the data in its entirety, for principal components analysis, 

without paying any particular attention to the underlying class structure” (Beghdad et al., 2011). It 

was concluded that the LDA approach is more suitable than PCA for detection of intrusion. 

2.3 Summary of chapter  

This chapter has provided a review of literature on the current study. An empirical review was 

done for studies related to the current study. Most authors in the literature used the traditional 

SDA approach, however, the study by Wu et al. (2016) focused on sorting discriminant analysis 

(SDA), which is not the traditional stepwise discriminate analysis. SDA was compared to LDA, 

SDA as a three-stage method, whereby, PCA reduces the dimension of the original data and SDA 

implements LDA to extract discriminant information from the compressed data. Pandey et al. 

(2011) used CFA since EFA is more effective, however, the results are similar to those of the 

current study. It is, therefore, concluded that SDA is a more effective technique compared to the 

combination of CFA-LDA. The current study is different because none of the studies reviewed 

made use CFA to confirm the results of EFA. Thus, the current study is an extention of the scope 

of previous studies, considering the fact that the current research makes use of CFA before fitting 

the CFA-LDA. In Chapter Three, Multivariate assumptions for CFA-LDA and SDA methodologies 

are discussed in detail, including steps to ensure the model better fits compared to others. The 

next chapter is the research methodology. 
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 Introduction 

This chapter provides a discussion of the methodology used in conducting the study. The specific 

objectives of the study as indicated in Chapter One, were to: 

 Use EFA to compress independent variables; 

 Use CFA to validate results of EFA;  

 Fit a Linear Discriminant Analysis (LDA) model using factor scores from EFA and CFA-

LDA;  

 Fit SDA using all candidate variables; 

 Compare CFA-LDA and SDA using several model comparison criteria; and 

 Use the findings of the study to make recommendations.  

 

The Chapter is structured as follows: Section 3.1 is the introduction; section 3.2 provides a 

description of the data and its sources; section 3.3 focuses on the research methodology used in 

conducting the study; section 3.4 is a description of two-step cluster analysis; section 3.5 provides 

a discussion on exploratory factor analysis (EFA); section 3.6 focuses on confirmatory factor 

analysis (CFA); section 3.7 focuses on stepwise discriminant analysis (SDA); 3.8 focuses on CFA-

LDA; section 3.9 provides details on SDA; 3.10 provides a comparison of both models (CFA-LDA 

and SDA); while section 3.11 provides a summary of the chapter.  

 

3.2 Description of data and its sources 

Secondary data was used to achieve the aim and objectives of the study. Data used in the study 

was obtained from Data First, available at: 

https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/download/9082. The sample 

size comprised 1313 learners from different schools across the nine provinces of South Africa 

(2016). Data was collected using the Innovation Edge to establish the “Early Learning Outcomes 

Measure 2016”. The Children Observation (ChildObs) ordinal variables adopted in this study 

were: paid attention; stayed concentrated; careful and diligent; interested and curious; and first 

used to create the dependent variable, defining how the learner performed during assessment. 

The two-step cluster analysis, explained later in this chapter, was used to create the dependent 

https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/download/9082
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variable, using the four variables indicated; the dependent variable was referred to as “child 

observation”. The independent variables consisted of the 23 items used to measure early learning 

outcomes of the learners under investigation. The outcomes are explained in Table 3.1 and are 

all measured on a continuous scale.  

Table 3.1: Description of independent variables 

Name Label 

Item 1 Standing on one leg for 10 seconds transformed  

Item 2 Catch bean bag both hands transformed  

Item 3 Catch bean bag preferred hand transformed  

Item 4 Catch bean bag non-preferred hand transformed  

Item 5 Cross and square transformed  

Item 6 Triangle transformed  

Item 7 Draw person transformed  

Item 8 String beads transformed  

Item 9 Counting transformed  

Item 10 Add and sub transformed  

Item 11 Sort and class transformed  

Item 12 Spatial vocabulary transformed  

Item 13 Measurement vocabulary transformed  

Item 14 DCCS transformed  

Item 15 Pencil tapping transformed  

Item 16 Digit span transformed  

Item 17 Picture puzzle transformed  

Item 18 Empathy transformed  

Item 19 Self-awareness transformed  

Item 20 Expressive language transformed  

Item 21 Expressive vocabulary transformed  

https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V17
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V18
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V19
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V20
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V22
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V23
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V24
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V25
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V27
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V28
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V29
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V30
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V31
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V33
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V34
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V35
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V36
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V38
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V39
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V40
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V41
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Item 22 Oral comprehension transformed  

Item 23 Sound discrimination transformed  

 

Statistical Analysis Software SAS® version 9.4 and Statistical Package for the Social Sciences 

(SPSS) version 25 were used to analyse the data. 

 

3.3 Research methodology 

Based on the objectives of the study and the nature of the data collected, a quantitative approach 

was considered the most appropriate for the study. A quantitative method emphasises on 

objective measurements and statistical, mathematical, or numerical analysis of data collected 

through polls, questionnaires, and surveys, or by manipulating pre-existing statistical data 

using computational techniques (Babbie, 2010 and Muijs, 2010). The advantages of quantitative 

research are as follows: It is more reliable and objective, it describes assumptions, statistics can 

be used to generalise findings, it reduces and restructures complex problems in order to reduce 

the number of variables. It is used to test hypotheses and theories; and subjectivity of researcher 

in methodology is recognised (Babbie, 2010; and Muijs, 2010). 

In this study, the two-step cluster analysis and factor analysis were used as preliminary data 

analysis methods prior to fitting the CFA-LDA. 

3.4 Two-step cluster analysis 

The two-step clustering procedure was developed by Chiu et al. (2001) to analyse large data. 

According to Fraley and Raftery (2002) and Hair et al. (2010), cluster analysis is a group of 

multivariate techniques, whose primary purpose is to group objects based on their characteristics. 

Clustering methods are applied when the intention is to group objects together naturally in various 

categories (Şchiopu, 2010). According to Moroke (2015), the two-step cluster component of SPSS 

automatically provides the proper number of clusters if the desired number of clusters is unknown 

thus, in this study, the two-step cluster analysis was considered and applied.  

 

In step 1, a sequential clustering approach is used. This method scans records one by one and 

then decides if the current record should merge with previously formed clusters or start a new 

cluster based on the distance criterion. According to Moroke (2015), by doing this, a new data 

matrix with fewer cases for the next step is computed. Automatically, SPSS implements this 

procedure by constructing a modified cluster feature (CF) tree in accordance with MacCallum et 

https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V42
https://www.datafirst.uct.ac.za/dataportal/index.php/catalog/627/datafile/F1/V43
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al. (1999). The CF-tree consists of levels of nodes, with each node containing a number of entries 

and a leaf entry represents the desired sub-cluster (Şchiopu, 2010). According to this procedure, 

the non-leaf nodes and their entries guide a new record into a correct leaf node (Şchiopu, 2010).  

 

 In step 2, sub-clusters resulting from the first step are taken as input and grouped into the desired 

number of clusters (Moroke, 2015). Since the number of sub-clusters is lesser than the number 

of original records, traditional clustering methods can be used effectively (Moroke, 2015). Similar 

to agglomerative hierarchical techniques, the pre-clusters are merged using a stepwise procedure 

(Bacher et al., 2004). This procedure is repeated until all clusters are collected in a unit cluster 

(Bacher et al., 2004). Contrary to agglomerative hierarchical techniques, an underlying statistical 

model is used immediately (Bacher et al., 2004). 

The two-step cluster analysis approach was used in the current study to test the Children 

Observation (ChidObs) categorical variables. The approach test if children paid attention, stayed 

concentrated, were careful and diligent, interested and curious to create one dependent variable 

defining learners’ performance since LDA does not use several dependent variables. 

3.5 Assumptions of Exploratory Factor Analysis  

In the current study, Exploratory Factor Analysis (EFA) was used to determine the factor structure 

of the data and to reduce the 23 variables into fewer latent variables (factors) to enable the 

researcher(s) to use factor scores in CFA-LDA. Factor analysis is an interdependence technique, 

whose primary purpose is to define the underlying structure among variables analysed (Hair et 

al., 2014). The purpose of data reduction is to reduce the amount of capacity and transformation 

is done to remove any irregularities that could arise from the data (Hair et al., 2014).  

3. 5.1 Sufficient sample size 

According to Hair et al. (2014), when performing factor analysis, the sample size should be 100 

or larger to ensure that correlations are reliably estimated. The sample size used in the current 

study was 1313 learners, which is in accordance with  Hair et al. (2014).  The general rule is to 

have not less than five times as many observations as the number of variables to be analysed 

and an observation to variable ratio of, at least, 10:1 is recommended (Hair et al., 2014). The 

observation to variable ratio of the data used in the current study was 55:1, an indication that the 

sample size was sufficient. 
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3.5.2 Multicollinearity 

Multicollinearity occurs when some or most of the exploratory variables are highly correlated 

(Ncube and Moroke, 2016). In the current study, multicolinearity between predictor variables was 

assessed using the Variance Inflation Factor (VIF) and Tolerances (O’brien, 2007). A certain 

degree of collinearity between the variables is allowed, since it is important to test the assumption 

of multicollinearity (Ncube and Moroke, 2016) and they should not be perfect multicollinearity 

between the variables. According to Miles (2014), VIF and tolerance are two closely related 

statistics for diagnosing collinearity in factor analysis. These statistics are based on the R‐squared 

value obtained by factors of a predictor on all of the other predictors in the analysis. Tolerance is 

the reciprocal of VIF. The rule of thumb is that if the VIF value lies between one and 10, then, 

there is no serious multicollinearilty and if the VIF is greater than 10, then there is serious 

multicollinearity (Vu et al., 2015). The VIF is given by the following equation,  adopted from Vu et 

al. (2015): 

 VIF =
1

1−𝑅𝐽
2 ,               (1) 

where, 𝑅𝐽
2  is the coefficient of determination of the independent variable j on all other independent 

variables in the dataset, the axillary regression. 

3.5.3 Multivariate normality   

Multivariate analysis is using maximum likelihood estimation (MLE) method widely used in factor 

analysis (Hair et al., 2014). To test for multivariate normality, two tests are performed as follows: 

Mardia’s skewness; and Mardia’s kurtosis (Loperfido, 2020).  According to Sham and Curtis 

(1995), the p-values can be estimated to any level of accuracy by taking an appropriate number 

of large samples to test a distribution’s departure from normality.  If the test statistic compared 

against chi square is significant, that is, the p-value is smaller than 0.05 (Cain et al., 2017), the 

joint distribution of the set of the variables has a significant skewness. Furthermore, if the test 

statistic compared against the standard normal distribution is significant, the joint distribution has 

a significant kurtosis. If at least one of these tests is significant, it is inferred that the underlying 

joint population is not multivariate normal (Cain et al., 2017). 

 

Mardia’s measure of Multivariate Skewness (MS) by Ncube and Moroke (2016) was adopted in 

the study as follows: 
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𝑀𝑆 =
1

6𝑛
∑ (𝑌𝑖

𝑇 𝑌𝐽)𝑛
𝑖,𝑗=1

3 ,      (2) 

 

      

where, n is the sample size,  Y is the matrix of random variable of interest,  𝑌𝑖  𝑜𝑟 𝑌𝑗   is the observed 

data. 

 

Mardia’s measure of Multivariate Kurtosis (MK) by Ncube and Moroke (2016) was adopted as 

follows: 

 

𝑀𝐾 =  √
𝑛

8𝑝(𝑝=2)
{

1
𝑛

∑ ∥ 𝑌𝑖 ∥𝑛
𝑖=1

4 
𝑝(𝑝+2)(𝑛−1)

𝑛+1
} ,    (3) 

where, n is the sample size, p is the number of parameters to be estimated and 𝑌𝑖 is the observed 

data. 

 

If the data is not multivariate normal, the current study will screen variables for outliers and remove 

any multivariate outliers to achieve normality. 

 

3.5.4 Multivariate outliers 

Multivariate outliers are the common reason for violating Multivariate Normailty (MVN) 

assumption. In other words, MVN assumption requires the absence of multivariate outliers. Thus, 

it is crucial to check if the data has multivariate outliers, before beginning multivariate analysis. 

“The distance is a metric, which calculates how far each observation is to the centre of joint 

distribution, which can be thought of as the centroid in multivariate space”, (Filzmoser et al., 2000: 

158). In the current study, multivariate outliers were tested using a scree plot, which suggests that 

“outliers are thought to be observations coming from one or more different distributions, and 

extremes are values that are far away from the centre but which belong to the same distribution” 

(Filzmoser et al., 2005: 581). The multivariate outliers, which were the most extreme points in the 

study, were removed. The deleted points were the outliers identified, and the multivariate 

threshold corresponded to the distance of the closest outlier, the farthest background individual, 

or some intermediate distance (Yong, 2013). The Dsquared was the mahalanobis distance 

equation in accordanance with Penny (1996) as follows: 

 

𝐷2 = (�̅�1 − �̅�2)′𝑆𝑝𝑜𝑜𝑙𝑒𝑑 
−1 (�̅�1 − �̅�2) 

= 𝑎′(�̅�1 − �̅�2),          (4) 
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where, 𝐷 is the method of detecting outliers in the multivariate data, 𝑛 is the observations in a 𝑝- 

variable data set, �̅� is the sample mean vector and 𝐷2 is the sample covariance matrix. 

 

3.5.5 Reliability 

Cronbach’s alpha was used to measure consistency and reliability of data in the the study. Cooper 

and Emory (1995), as cited in Moroke (2015) state that “due to the multiplicity of variables 

measuring the clusters, Cronbach’s alpha is considered the most suitable since it has the most 

utility of multi-item scales at the interval level of measurement”. According to Moroke (2015), a 

commonly accepted rule of thumb for describing internal consistency, using Cronbach's alpha, is 

as follows: α ≥ 0.9 is excellent, 0.8 ≤ α < 0.9 is good, 0.7 ≤ α < 0.8 is acceptable, 0.6 ≤ α < 0.7 is 

questionable, 0.5 ≤ α < 0.6 is poor and α < 0.5 is unacceptable. The Cronbach’s αlpha is described 

by the following equation: 

 α=  
𝑘𝑟

1+(𝑘+1)
 ,           (5) 

where, k is the average correlation between the variables and r is the number of variables (Bonett 

and Wright, 2015). 

 

3.5.6 Sampling adequacy  

MacCallum et al. (1999) state that an adequate sample size is partly determined by the nature of 

the data. According to Moroke (2015), the measurement used to check the adequacy of a sample 

is the Kaiser-Meyer-Olkin (KMO). The authors further argue that the small values of the KMO are 

a perfect indication that there is a relationship between sets of variables, which cannot be 

explained by other variables. According to Field (2005) and Moroke (2015), the rule of thumb is 

that the value of KMO closer to 1, is an indication that patterns of correlations are relatively 

compact and so factor analysis should yield distinct and reliable factors. Moroke (2015) suggests 

that measures in the ranges of 0.8 or above, are excellent, 0.7 are moderate, 0.6 are mediocre, 

0.5 are miserable and below 0.5, are unacceptable. The following formula is used to compute the 

KMO in accordance with Moroke (2015): 

 

KMO = 
𝛴𝛴 𝑟𝑖𝑗

2

𝛴𝛴 𝑟𝑖𝑗
2 +𝛴𝛴 𝑎𝑖𝑗

2  
 ,       (6) 
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where, rij is simple correlation between i-th and j-th variable and aij is partial correlation between 

i-th and j-th variable. 

 

3.5.7 Factorability of the correlation matrix 

A correlation matrix is not invertible if its determinant is equal to zero (Tabachink and Fidell, 2001) 

and in sucht case, it is not factorable. The Bartlett’s test of sphericity is used to assess the 

factorability of the correlation matrix. It checks if there is redundancy between variables that can 

be summarised with some factors (Tabachink and Fidell, 2001). The Bartlett’s test for sphericity, 

tests that the correlation matrix is similar to   an identity matrix, which is an indication that each 

variable correlates only with itself (Sarmento & Costa, 2019). The test statistics can be used to 

test the following hypotheses:  

Ho:  Variances are equal for all samples. 

Ha: Variance are not equal for one pair or more. 

 

 

𝝌2 = - (n-1- 
2𝑝 +5

6
) ln |𝑅| ,     (7) 

 

where, n is the sample size, p is the number of variables and R is the correlation matrix of 

variables (Sarmento & Costa, 2019). 

 

3.5.8 Communalities 

“Factor analysis uses variances to produce communalities between variables” (Yong and Pearce, 

2013: 82). The variance is equal to the square of the factor loadings (Child, 2006). Communalities 

use the squared multiple correlation between each variable and the remaining variables. “Overall, 

the factor loadings are fairly similar, and one needs to perform rotation regardless of the extraction 

technique” (Tabachnick and Fidell, 2007). Principal Axis Factor (PAF) was used in Table 7 to 

produce factors. 

3.5.9 Determination of the number of factors to extract 

The next step is to determine the number of factors retained, where factors that have an Eigen 

value equal or larger than 1, are selected as common factors (Suhr, 2006). Factors are rotated 

for better interpretation since unrotated factors are ambiguous. Orthogonal rotation is when the 
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factors are rotated 900 from each other and was applied in this study. The orthogonal technique 

is a varimax rotation, which minimises the number of variables that have high loadings on each 

factor and works to make small loadings even smaller. Varimax rotation tends to produce multiple 

group factors, maintaining orthogonality, thus resulting in increased multicolinearity (loadings of 

variables on "primary factors" is decreased a bit and loadings on “secondary factors” is raised a 

bit). 

 

3.5.10 Exploratory Factor Analysis (EFA): 

After testing all the assumption and ensuring that they are met, the next step is factor extraction. 

Factor extraction is a method to reduce data from some variables into fewer factors, in order to 

describe correlation between observed variables (Yong and Pearce, 2013). Factor extraction in 

the current study was performed using EFA. The Principal Axis Factor Analysis equation is 

expressed as follows:  

 

𝐿 = 𝑉′𝑅𝑉,        (8) 

 

where, R diagonalisation is accomplished by post-and pre-multiplying it by V matrix and its 

transpose. V is the eigenvectors and L are eigenvalues (Tabachink and Fidell, 2001).  

 

The next step is computation of factor score coefficients, given as: 

 

𝐵 =  𝑅−1𝐴,         (9) 

 

where,  𝑅−1 is the inverse of the matrix of correlation matrix of correlations among variables and 𝐴 

is the matrix of correlations between factors and variables (Tabachink and Fidell, 2001).  

 

3.5.11 Interpretation of the factor matrix 

Factor loadings interpret loadings to determine the strength of the relationship. “Factor Matrix 

shows the factor loadings prior to rotation whereas the rotated factor matrix shows the rotated 

factor loadings” (Yong and Pearce, 2013:90) using rotation small suppressing small coefficients 

to help with the interpretation (Yong and Pearce, 2013). Factors can be identified by the largest 

loadings, however, it is also important to examine the zero and low loadings in order to confirm 

identification of factors.  The varimax rotated solution provides the simplest interpretation of the 

structure. Factor loadings with a value ≥ |0.3| may be considered in order to continue with factor 

analysis, specifically when the sample size is 100 or larger (Hair et al., 2010). The factor matrix 
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interpretation contains the final communalities. “If a large number of variables are analysed, verbal 

summarisies of these results can be used” (Pohlmann, 2004: 13). According MacCallum et al. 

(1999: 274) “larger sample size, higher communalities (low communalities are associated with 

sampling error due to the presence of unique factors that have nonzero correlations with one 

another and with the common factors), and high over determination [each factor having at least 

three or four high loadings and simple structure (few, nonoverlapping factors)], each increase 

chances of faithfully reproducing the population factor pattern”. 

 

3.5.12 Factor rotation 

After factor extraction, factor rotation is performed in attempt to achieve a simple structure. 

Rotation is done by rotating the axis of the factor, from its centre point to the point to be addressed 

(Beauducel and Kersting, 2019). Orthogonal rotation was used in this study since the factors were 

independent. Rotation was done with Qrthogonal equamax rotation, which considers correlated 

factors. According to Browne (2001:115), “orthogonal and oblique rotation involve the same 

problem of minimising a complexity criterion, and only the constraints imposed differ”. Previous 

researches (Treiblmaier and Filzmoser, 2010; and Beauducel and Kersting, 2019) state that in an 

orthogonal method, when factors are actually correlated, an orthogonal rotation produces an 

unrealistic solution, while an oblique rotation better reproduces reality. Treiblmaier and Filzmoser 

(2010) further argue that an oblique rotation does not require factors to be correlated thus, the 

correlations between the factors will be close to zero if the actual data structure is orthogonal. 

The stability of results of factors depends on the large samples. When all the steps of EFA are 

ran, Confirmatory Factor Analysis (CFA) is performed to confirm the results of EFA.  

3.6 Confirmatory Factor Analysis (CFA) 

CFA was used to verify results of exploratory factor analysis in the study. CFA is a way of testing 

how well the measured variables represent a smaller number of constructs (Hair et al., 2014). 

Running CFA is to validate the factorial validity of models derived from the results of EFA. CFA is 

computed using Structural Equation Modelling (SEM). SEM is a hypothesised model that has 

dependent types of relationships, where each hypothesis represents a specific relationship that 

must be specified. SEM is achieved through computing the regression coefficients for each path 

in the structural model as follows: 

𝛽𝑦∗𝑥 =  𝐵𝑆 ∗ 𝜌𝑥 ,                                                                                          (10) 
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where, 𝛽𝑦∗𝑥 is the observed regression coefficient, 𝐵𝑆 is the true structure coefficient and 𝜌𝑥 is the 

reliability of the predictor variables (Hair et al., 2010). Jackson et al. (2009) suggest that SEM 

model modification should be carried out only when they are theoretically parsimonious. 

 

3.6.1 Goodness of fit of the Structual Equation Modeling (SEM) model 

This step aims to avoid under or over-fitting the hypothesised structural model (Hair et al., 2010). 

If need be, the researcher may, either truncate or re-specify the model, delete cases or variables 

to improve the fit of the SEM model. Measures of overall model fit indicate to which extent a 

structural equation model corresponds to the empirical data (Hair et al., 2010). The basic idea of 

comparison indices is that the fit of a model of interest is compared to the fit of some baseline 

model (Hair et al., 2010). The indices discussed below are descriptive measures of overall model 

fit adopted in this study. 

3.6.1.1 Standardised Root Mean Square Residual (SRMR)  

RMR and SRMR are essentially used to measure how well a model does not fit, since they are 

based on residuals of the fitted model (Hair et al., 2010). SRMR, as proposed by  Jöreskog and 

Sörbom (1993), is an overall badness of fit measure based on fitted residuals. SRMR is an index 

of the average of standardised residuals between the observed and hypothesised covariance 

matrices (Chen, 2007). SRMR ranges from 0 to 1 and a good model fit indicated by values under 

0.05 or close to zero suggests a good fit (Hair et al., 2010) while values smaller than 0.10 can be 

interpreted as acceptable (Hair et al., (2010). Concretely, RMR is defined as the square root of 

the mean of squared fitted residuals. The equation for SRMR proposed by Cangur and Ercan 

(2015) is as follows: 

 

SRMR = √
∑ ∑ [(𝑠𝑖𝑗−�̂�𝑖𝑗)/(𝑠𝑖𝑖 𝑠𝑗𝑗

)] 2𝑖
𝑗=1

𝑝
𝑖=1

𝑝(𝑝+1)/2
      (11) 

 

 

where, 𝑠𝑖𝑗 indicates a component of S sample covariance matrix, �̂�𝑖𝑗 shows a component of 

∑(𝜃)hypothesised model while p is the number of observed variables.  
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3.6.1.2 Adjusted Goodness of Fit Index (AGFI) 

“AGIF implies testing how much better the model fits compared to “no model at all” (null model), 

that is, when all parameters are fixed to zero” (Joreskog and Sorbom, 1993: 123). AGFI adjusts 

for the model’s degrees of freedom relative to the number of observed variables and therefore, 

rewards less complex models with fewer parameters (Schermelleh-Engel, 2003). AGFI value 

greater than 0.9 means a satisfactory model fit (Awang, 2012). AGFI was developed by Jöreskog 

and Sörbom (1993) to adjust bias in GFI, resulting from model complexity. Sarmento and Costa 

(2019) define the model as follows: 

AGFI = 1- 
𝜒𝑡

2/𝑑𝑓𝑡

𝜒𝑛
2/𝑑𝑓𝑛

 ,       (12) 

 

where, 𝜒𝑛
2  is the chi square of null model (baseline model),  𝜒𝑡

2  is the chi square of the target 

model, 𝑑𝑓𝑛 is the number of degrees of freedom for the null model and 𝑑𝑓𝑡 is the number of 

degrees of freedom for the target model. 

 

3.6.1.3 Root Mean Square Error of Approximation (RMSEA)  

RMSEA is related to the residual in the model (Hair et al., 2010). RMSEA ranges from 0 to 1 with 

a smaller RMSEA value indicating better model fit (Hair et al., 2010). According to Sarmento and 

Costa (2019), RMSEA value ≤ 0.05 can be considered a good fit, values between 0.05 and 0.08 

as adequate fit, values between 0.08 and 0.10 as mediocre fit while values >0.10 are not 

acceptable. The following is the RMSEA formula as proposed by Sarmento and Costa (2019): 

 

        RMSEA=√
1

𝑛−1
(

𝜒𝑚 
2 −𝑑𝑓𝑚

𝑑𝑓𝑚
)         (13) 

 

where, 𝜒2 is Chi square test statistic, df is the number of degrees of freedom and n is the sample 

size. 

 

3.6.1.4 Comparative Fit Index (CFI) 

CFI is an incremental fit index (Hair et al., 2010) and a corrected version of relative non-centrality 

index (Hooper et al., 2008). The extent to which the tested model is superior to the alternative 

model established with manifest covariance matrix can be evaluated (Chen, 2007). CFI ranges 

from 0 to 1 with a larger value indicating better model fit. Acceptable model fit is indicated by a 
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CFI value of 0.90 or greater (Cangur and Ercan, 2015). CFI was developed by Cangur and Ercan 

(2015) and the equation given as follows: 

 

CFI =  1 − 
max [(𝜒𝑡

2−𝑣𝑡),0]

max [(𝜒𝑡
2−𝑣𝑡),(𝜒𝑖

2−𝑣𝑖),0]
      (14) 

 

where, max indicates the maximum value of the values given in brackets, 𝑣𝑡 and 𝑣𝑖 are the 

degrees of freedom of the independence model, 𝜒𝑖
2 and 𝜒𝑡

2 are test statistics of the independence 

model and the target model respectively. 

3.6.1.5 Normed Fit Index (NFI) 

 

NFI values range from 0 to 1, with higher values indicating better fit (Hair et al. (2010). NFI is also 

referred to as Bentler-Bonett Normed Fit Index (Hooper et al., 2008). It is used to analyse the 

discrepancy between the chi-squared value of the proposed model and the chi-squared value of 

the null model (Hooper et al., 2008). It is considered very good if it is equal to or greater than 0.95, 

good between 0.9 and 0.95, suffering between 0.8 and 0.9 and bad if it is less than 0.8 (Portela, 

2012). The NFI proposed by Ding et al. (1995) is defined as: 

 

NFI = 
𝜒𝑏

2−𝜒𝑚
2

𝜒𝑏
2  ,        (15) 

 

where, 𝜒𝑏
2 is the chi- square of the independence model (baseline model) and; 𝜒𝑚

2   is the chi- 

square of the target model. 

 

3.7 Assumptions of Stepwise Discriminant Analysis (SDA) 

Discriminant analysis is the appropriate statistical technique, when the dependent variable is 

categorical and the dependent variables are metric (Hair et al., 2014). According to Tabachnick 

and Fidell (2007), a lot of data used in discriminant analysis is first evaluated with the following 

assumptions:          

3.7.1 Multicollinearity  

 

Multicollinearity among the independent variables can markedly reduce the estimated impact of 

independent variables in the derived discriminant functions, particularly in a stepwise estimation 
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process (Osborne, 2014). Ssee Section 3.5.2 for more information on the same assumptions as 

EFA). 

 

3.7.2 Multivariate normality 

There should be multivariate normality of independent variables. See Section 3.5.3 for additional 

information on this assumption in EFA. 

  

3.7.3 Absence of outliers 

Outliers can have a substantial impact on the classification accuracy of results of any discriminant 

analysis (Razzak, 2020). To test the stepwise method, Mahalanobis D2 is considered appropriate 

and is based on generalised squared Euclidean distance that adjusts for unequal variances (Hair 

et al., 2010). Mahalanobis distance is a statistic used to confirm if there is a possibility of 

separating the groups and makes use of maximal information available in a stepwise process. 

See Section 3.5.4 and the equation; they have the same assumptions as EFA. 

 

3.7.4   Stepwise Discriminate Analysis (SDA)  

SDAs are equations for testing the significance of a set of discriminant functions. Variance is the 

set of predictors classified into two sources: variance attributed to differences between groups; 

and variance attributed to differences within groups. The following equation is the discriminant 

analysis group in accordance with Tabachnick and Fidell, (2007): 

 

𝑆𝑡𝑜𝑡𝑎𝑙 = 𝑆𝑏𝑔 + 𝑆𝑤𝑔       (16) 

 

where,  𝑆𝑡𝑜𝑡𝑎𝑙 is the total cross-product matrix, which is partitioned into a cross- product matrix 

associated with 𝑆𝑏𝑔, the difference between groups and 𝑆𝑤𝑔, a cross-product matrix of differences 

within groups.  

 

The next step is the classification equation (j= 1, 2, ……. k) (Tabachnick & Fidell, 2007): 

 

𝐶𝑗 = 𝐶𝑗0 + 𝐶𝑗1𝑋1 + 𝐶𝑗2𝑋2 + ⋯ + 𝐶𝑗𝑃𝑋𝑃 ,     (17) 

             

where, j (𝐶𝑗 ) is the score on the classification function for the group; that is, for each Χ, the 

predictor is multiplied by the raw score by its associated 𝐶𝑗 classification function coefficient 

summing over all predictors and adding a 𝐶𝑗0 constant.  
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After computing the previous step, the last step is to calculate the classification coefficient,  

calculated using the following equation by Tabachnick and Fidell (2007): 

 

𝐶𝑗0 = 𝑊−1𝑀𝑗 ,        (18) 

 

where, the column matrix of classification coefficients for group j (𝐶𝑗| = 𝐶𝑗1 , 𝐶𝑗2 , … , 𝐶𝑗𝑃 ) is found by 

multiplying the Inverse of 𝑊−1 , the within- group variance-covariance matrix  by a column matrix 

of means for the group j on the p variables (𝑀𝑗 =  𝑋𝑗1 , 𝑋𝑗2 … , 𝑋𝑗𝑝). 

 

3.7.5 Maximisation of determinant 

In E-step, the estimated posterior probability of each data point belongs to a gaussian component 

(McLahlan, 2004). The calculated rates of correct classification are based on the estimated 

posterior probabilities for the individual observation discriminant analysis belonging to the branch 

of classification methods referred to as generative modelling, where one tries to estimate the 

within-class density of X, given the class label. Combined with the prior probability (unconditioned 

probability) of classes, the posterior probability of Y can be obtained by the Bayes formula 

(McLahlan, 2004). This can also be thought of as soft count since one data point can belong to 

multiple clusters. The equation is given by McLahlan (2004) as: 

 

∑ ̂ = ∑ ∑ (𝑥(𝑖) − µ̂𝑘)𝑔𝑖=𝑘
𝑘
𝑘=1 (𝑥(𝑖) − µ̂𝑘)T ⁄(𝑁 − 𝐾)     (19) 

 

where, K is within number of classes, µ̂𝑘 is the number of class k samples, N is the total number 

points in the data, x is the column vector and N-K unbiased maximum likelihood estimator. 

 

3.7.6 Iteration 

Iteration refers to the “continuation of the E-step with the newly estimated parameters and M-step, 

so on and so forth, until the results converge where the log likelihood starts to flatten out / not 

increasing significantly anymore” (Yuan et al., 2014: 99). 

 

3.8 CFA-LDA 

This CFA-LDA algorithm is a combination of the confirmation results (CFA) of EFA and LDA. 

Firstly, the Principal Axis is used to factor the equamax model to determine the factor scores and 

save them. Secondly, the created 3 factor scores from the enter method of LDA, which is the 
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enter method (enter all the independents together), is applied instead of SDA. Factors 1, 2 and 

3, are retrieved from the factor score used as independent variables for the LDA enter method. 

The dependent variable used is child observation. The following discriminant model equation was 

adopted from Tabachnick and Fidell (2007): 

 

𝐷𝑧𝑖 = 𝑑𝑖1𝑍1 +  𝑑𝑖2𝑍2 + ⋯ + 𝑑𝑖𝑝𝑍𝑝       (20) 

 

where, 𝐷𝑖standardised score on the ith discriminant function, which is found by multiplying the 

standardised score on each predictor (z) by its standardised discriminate function coefficient (𝑑𝑖) 

and then adding all predictors. 

 

Box's M is tested and  if group sizes are over 30, then MANOVA is robust against violations of 

homogeneity of variance-covariance matrices assumption. The test has also been criticised for 

being overly sensitive for large sample sizes. 

 

3.9 SDA 

Section 3.4 shows that one dependent variable is created, referred to as child observation and, 

in SDA, is used as the dependent variable. From Table 1, all the 27 variables are used as 

independent variables. According to Tabachnick and Fidell (2007), the Wilks’ Lambda criteria is 

one of the minimising stepping methods. This Wilks’ Lambda  statistic ranges between zero and 

one, with a value closer to zero (0.000 and 0.004 in the current study), denoting a high level of 

discriminating power (Davis-Sramek et al., 2020). From model 1, which is CFA-LDA and model 2 

SD, both model comparisons are checked to select the best model, in accordance with the rule 

of thumbs.  

3.10 Model comparison and selection  

The model comparison phase entails comparing the proposed models within a specific sample 

size and selecting the most efficient model based on the Chi-square test for independence, 

Apparent Error Rate (APER), Hit Ratio and Mann-Whitney U test as recommended by Hilbe 

(2014). Parsimony is considered to be important in assessing model fit (Marsh and Hau, 1996) 

and serves as a criterion for choosing between alternative models. 
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3.10.1 Chi-square test of association 

“The Chi-square test of association is one of the most useful statistics for testing hypotheses 

when the variables are nominal” (McHugh, 2013:143); the chi-square of association test 

incorporates both tests (Bolboaca et al., 2011). The chi-square test of independence is used to 

determine whether there is an association or relationship between two or more categorical (i.e., 

nominal or ordinal) variables (Hahs-Vaughn and Lomax, 2013). “The p-value is a probability that 

measures the evidence against the null hypothesis; lower probabilities provide stronger evidence 

against the null hypothesis. Furthermore, the p-value (< 0.05) is used to determine whether to 

reject or accept the null hypothesis, which states that no independence between two categorical 

variables exist” (McHugh, 2013: 146). 

The hypotheses and formula is given by Marathe and Ryan (2005) as follows: 

 

Ho; there is no difference in association between observed and predicted variables  

H1: there is a difference in association between observed and predicted variables. 

 

𝜒2 = ∑
(𝐹0−𝐹𝑒)2

𝐹𝑒
 ,         (21) 

 

where, the square of the differences between the 𝐹0 is the observed value and 𝐹𝑒 is the expected 

value in each cell divided by the expected values (𝐹𝑒), are added to all the cells in the Table. 

 

The chi-square test is used to test the association between the child observation and the predicted 

child observation variables from the CFA-LDA and SDA models. The p-value is used to determine 

whether there is association or not between the predicted and observed variables thus, the model 

is good with a p-value < 0.05 

3.10.2 Apparent Error Rate (APER) 

APER is an optimistic estimate of Actual Error Rate (AER) (Lawrence et al., 2007). APER is easily 

calculated from the confusion matrix or classification table. Cross-validation is a good technique 

to test a model on its predictive performance. The confusion matrix shows the actual versus 

predicted group membership (Lawrence et al., 2008). The confusion matrix is represented in 

Table 2 and in accordance with Helwig (2017).       

      

Table 3.2: Confusion matrix 
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Actual membership 𝜋1                        𝜋2   Group sample size 

𝜋1

𝜋2
 𝑛𝑐1                             𝑛𝑚1   

 𝑛𝑚2                          𝑛𝑐2   

𝑛1 

𝑛2 

 

An almost unbiased estimate of the expected AER is calculated as follows: 

 

�̂�(AER) = 
𝑛∗

𝑚1  +  𝑛∗
𝑚2

𝑛1      +    𝑛2       
 ×100%      (22) 

 =  
𝑚𝑖𝑠𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑔𝑟𝑜𝑢𝑝𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑠𝑖𝑧𝑒𝑠
 ×100% 

 

which is the total proportion of misclassified sample observations (Helwig, 2017); 

 

where, 𝑛∗
𝑚1 and : 𝑛∗

𝑚2 are the number of misclassified observations using the above “leave-one-

out” procedure. The p-value for a partial F-test is used to determine the significance of the 

variables added to the classification model. The higher the p-value, the better model. 

 

3.10.3 Hit Ratio or APCR 

For the Hit ratio, the correct classification from the confusion matrix is used in the equation and 

the same group samples from the confusion matrix are applied to get the following equation for 

APCR or Hit ratio (Helwig, 2017): 

APCR or Hit Ratio = 
𝑛𝑐1  +  𝑛𝑚1

𝑛1     +    𝑛2       
 ×100% 

 

=  
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑

𝑔𝑟𝑜𝑢𝑝𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑠𝑖𝑧𝑒𝑠
 ×100%,      (23) 

 

where  𝑛𝑐1  + 𝑛𝑚1   is the number of misclassified observation and  𝑛1 +  𝑛2   is the number of 

misclassified observations. The higher the percentages, the better and efficient the model. 

 

3.10.4 Mann- Whitney U test 

This test is a nonparametric alternative to the traditional two-sample t-test (Pallmann, 2016). A 

popular nonparametric test to compare outcomes between two independent groups is the Mann 

Whitney U test (Pallmann, 2016). The Mann Whitney U test is used to test whether two samples 

are likely to derive from the same population (i.e., that the two populations have the same shape) 
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(Shier, 2004). Some investigators interpret this test as comparing the medians between the two 

populations (Shier, 2004). The formula in accordance with Pallmann (2016) is defined as follows: 

 

U1 = R1 - 
𝑛1 (𝑛1+1)

2
 – R1,       (24) 

 

where, R1 is the sum of ranks in the sample size and N is the number of items in the sample. 

Mann-Whitney U test is used to compare the predicted group membership from the two models 

(CFA-LDA and SDA) to the observed group membership and to determine whether (p< 0.05) 

predicted group memberships are the same as the observed ones. 

 

3.11 Summary of chapter 

The aim of this chapter was to outline and discuss important methodological steps used in this 

study to compare two models, CFA-LDA and SDA, in analysing multivariate data and discuss 

tests used in the next chapter. This chapter has also provided a discussion on the dofferent 

variables used in the study and statistical techniques considered in the study. Furthermore, the 

two-step analysis described to show how multivariate data can be grouped into appropriate 

characteristics in the preliminary stage of the analysis. Results of EFA were confirmed using CFA. 

SDA was used to determine the cost contributor between groups. In addition, a comparison of 

FA-LDA and SDA model selections criteria were used to select the best model. The results of the 

techniques provided in this chapter were used to produce and describe the patterns explained in 

Chapter Four. The two-step cluster analysis, exploratory factor analysis, confirmatory factor 

analysis, stepwise discriminant analysis, with two methods of comparison (CFA-LDA and SDA) 

were considered and applied in Chapter Four. The results are reported in Chapter Four in 

accordance with the objectives stipulated in Chapter One. Thus, the best model will contribute 

towards narrowing the scope of the study and and filling the gap in the literature. The next chapter 

is the presentation and interpretation of results. 
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CHAPTER FOUR 

ANALYSIS, PRESENTATION AND AND INTERPRETATION OF 

RESULTS 

4.1 Introduction 

The chapter focuses on the presentation and interpretation of the results in accordance with the 

aim and objectives of the study. The analysis is based on the data analysis steps summarised in 

Figure 4.1. Section 4.2 focuses on the application of the two-step analysis to create a dependent 

variable; EFA was tested on 27 independent variables in Section 4.3 and confirmatory factor 

analysis performed to confirm results of EFA in section 4.4. CFA-LDA and SDA model selection 

criteria were used to select the best model between the two models. The interpretation is based 

on best model selected and the underlying framework presented in Figure 1.1 (Chapter One). 

4.2. Two-Step Cluster Analysis  

The two step cluster analysis is performed using the child observation variables (paid attention, 

stayed concentrated, careful and diligent and; interested and curious) to create a unified variable 

to represent “child observation” from the four variables. This section discusses the results of the 

Two-Step cluster analysis. 

 

Figure 4.1: Summary of model  

Figure 4.1 shows that four variables were clustered and ended up with three clusters. The quality 

of the cluster shows that three sets of clusters were fair and appropriate to be used for further 

analysis.  
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Figure 4.2: Sizes and distribution of clusters 

 Figure 4.2 shows the size and distribution of clusters within each of the three clusters. The output 

shows that Cluster 1 comprised 34.8% of learners, 31.0% of learners were allocated to the second 

cluster while 34.2% were in the third cluster.  

 

Figure 4.3: Predictor Importance  
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Figure 4.3 shows the predictor importance of each variable for each continues variable. In Figure 

4.3, the importance of all the variables is greater than 0.5 (Tighe and Schatschneider, 2014), thus 

all variables are important in distinguishing the observation between clusters.  

 

Figure 4.4: Description of Cluster 1 

Figure 4.4 shows that learners in cluster 1 almost always stayed concentrated, paid attention, 

were careful and diligent as well as interested and curious in the learning outcome. 

 

Figure 4.5: Description of Cluster 2 
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In Figure 4.5, learners in cluster 2 sometimes stayed concentrated, paid attention, were careful 

and diligent as well as interested and curious in the learning outcome.   

 

 

Figure 4.6: Description of Cluster 3 

Figure 7 shows that learners in cluster 3 often stayed concentrated, paid attention, were careful 

and diligent as well interested and curious in the learning outcome. The next section focuses on 

EFA.   
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4.3 Results of Exploratory Factor Analysis  

Table 4.1: Multicollinearity test 

Model Collinearity statistics 

Tolerance VIF 

Standing on one leg for 10 seconds transformed .927 1.079 

Catch bean bag with both hands transformed .837 1.195 

Catch bean bag with preferred hand transformed .767 1.303 

Catch bean bag with non-preferred hand 
transformed 

.797 1.255 

Cross and square transformed .852 1.173 

Triangle transformed .780 1.282 

Draw person transformed .789 1.268 

String beads transformed .816 1.225 

Counting transformed .662 1.510 

Add and sub transformed .734 1.362 

Sort and class transformed .875 1.143 

Spatial vocabulary transformed .927 1.079 

Measurement vocabulary transformed .883 1.133 

DCCS transformed .808 1.238 

Pencil tapping transformed .650 1.539 

Digit span transformed .888 1.126 

Picture puzzle transformed .708 1.412 

Empathy transformed .765 1.307 

Self-awareness transformed .665 1.505 

Expressive language transformed .616 1.624 

Expressive vocabulary transformed .693 1.443 

Oral comprehension transformed .765 1.306 
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Sound discrimination transformed .867 1.154 

 

VIF values for all the 23 variables values range between 1.079 and1.624, an indication that the 

VIF values obtained were less than 10, implying that 23 variables had no serious multicollinearity, 

which can affect EFA.  

 

 

 

Figure 4.7: Mahalanobis distance of P-Values vs observation number 

In the Mahalanobis Distances plot shown in Figure 4.7, some of the p-values of the Mahalanobis 

distances are under the 0.05 significant level, an indication that they are extreme multivariate 

outliers. These outliers lead to unrealistic estimations of the correlation and bais of factor analysis. 

These most extreme points are deleted from the data prior to running EFA.  

 

Table 4.2: Multivariate Normality 

Equation Test statistic Value Prob 

System Mardia skewness 4909 <.0001 

  Mardia Kurtosis -5.00 <.0001 
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Results of the Mardia’s test revealed that the p-value was 0.001 for both Mardia skewness and 

Mardia kurtosis, with p-value<0.05, thus, it is concluded that the joint distribution of variables has 

a significant skewness and kurtios, an indication that the data was not normally distributed. When 

the data is large (in this study, there wer 1313 cases as opposed to the recommended minimum 

of 100 cases), EFA is robust to the violation of this assumption of multivariate normality (Zygmont 

and Smith, 2014). In addition, if the assumption of multivariate normality is “severely violated”, it 

is recommended that "principal axis factors (PAF)" be used (Castello and Osbourne, 2005). Thus, 

to address the violation of the multivariate normality assumption, PAF was used instead of EFA. 

Table 4.3: Reliability test 

Cronbach's Alpha Based on Standardised Items N of items 

.798 23 

 

In Table 4.3, Cronbach’s alpha value of 0.798 implies good reliability as described by Cronbach 

and Shavelson (2004). This is a strong indication of internal consistency among the 23 variables. 

 

Table 4.4: Sampling adequacy and factorability of the correlation matrix 

KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy .844 

Bartlett's Test of Sphericity Approx. Chi-Square 3711.900 

df 253 

Sig. .000 

 

The KMO (p-value 0.884) in Table 4.4 (Moroke, 2015) suggests that the sample is adequate for 

EFA and the factors extracted will account for a significant amount of variance. Field (2003) 

recommends a sample adequacy measure of a value closer to 1, which indicates that the patterns 

of correlations are relatively compact and so values in excess of 0.80 are meritorious. This 

indicates sufficient items for each factor.  

The Bartlett’s test of Sphericity is another indication of the strength of relationship among 

variables. Since the p-value of the test is less than the significance level of 0.05, it is an indication 

that factors can be used in factor analysis. The conclusion is that the correlation matrix is 

significantly different from an identity matrix, in which correlation between variables are all zero. 

In accordance with Munro’s (2005) criterion, it is concluded that, at least, one common factor can 

be present.  
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Table 4.5: Communalities for excluded variables 

 Extraction 

Standing on one leg for 10 seconds transformed .185 

Sort and class transformed .185 

Sound discrimination transformed .183 

 

The communalities for every value should be higher than 0.3. The communalities represent the 

relation between the variables and all other variables. Table 4.5 shows three variables extracted, 

which are “often times variables with low communalities (less than 0.30), eliminated from the 

analysis since the aim of factor analysis is to try and explain the variance through common factors” 

(Yong and Pearce, 2013: 83). 

 

Table 4.6: Communalities 

 Extraction 

Catch bean bag with both hands transformed .484 

Catch bean bag with preferred hand transformed .633 

Catch bean bag with non-preferred hand transformed .551 

Cross and square transformed .416 

Triangle transformed .481 

Draw person transformed .397 

String beads transformed .335 

Counting transformed .515 

Add and sub transformed .362 

Spatial vocabulary transformed .504 

Measurement vocabulary transformed .531 

DCCS transformed .443 

Pencil tapping transformed .515 

Digit span transformed .334 

Picture puzzle transformed .564 

Empathy transformed .535 

Self-awareness transformed .584 

Expressive language transformed .624 

Expressive vocabulary transformed .556 

Oral comprehension transformed .407 
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Communalities indicate the common variance shared by factors with given variables and 20 

variables are better measurement / correlation of factor analysis communalities. Therefore, 0.3 or 

greater communalities in accordance with Filieri (2010), is an indication  that a larger amount of 

variance in the variable has been extracted by the factor solution.  

 

Table 4.7: Determination of number of factors 

 Eigenvalue Difference Proportion Cumulative 

1 3.48 2.43 0.60 0.64 

2 1.04 0.130 0.19 0.83 

3 1.00 0.40 0.17 1.00 

 

 “One criterion that can be used to determine the number of factors to retain is Kaiser’s criterion, 

which is a rule of thumb” (Yong and Pearce, 2013: 85). This criterion suggests retaining all factors 

with eigenvalues that are above 1 hence, three factors were extracted in this study. In Table 4.7, 

a proportion of 64% of variance in the three factors is explained by factor 1.  

 

Table 4.8:  Rotated Component Factor Matrix 

Rotated Factor Pattern   

  Factor1 Factor2 Factor3 

Item 5 Cross and square transformed 0.371   

Item 6 Triangle transformed 0.482   

Item 7 Draw person transformed 0.450   

Item 8 String beads transformed 0.311   

Item 9 Counting transformed 0.593   

Item 10 Add & sub transformed 0.472   

Item 15 Pencil tapping transformed 0.613   

Item 17 Picture puzzle transformed 0.427   

Item 18 Empathy transformed  0.476  

Item 19 Self-awareness transformed  0.651  

Item 20 Expressive language transformed  0.735  

Item 21 Expressive vocabulary transformed  0.582  
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Item 22 Oral comprehension transformed  0.404  

Item 2 Catch bean bag both hands transformed   0.488 

Item 3 Catch bean bag preferred hand transformed   0.708 

Item 4 Catch bean bag non-preferred hand transformed   0.555 

 

The idea of rotation is to reduce the number of factors on which the variables under investigation 

have high loadings, in accordance with Tabachnick and Fidell (2007). Table 4.8 shows the 

loadings of the 16 variables on the three factors extracted. The higher the absolute value of the 

loading, the more the variable contributes to the factor (Hair et al., 2010). The rotated factor 

pattern shows that all the factor loadings were ≥|0.3| (Hair et al., 2010), however, three more 

variables were excluded from the factor structure due to insignificant loadings, bringing the 

number of variables to 17. After rotation, eight variables loaded onto Factor 1, five variables 

loaded onto Factor 2 and three variables loaded onto Factor 3. The criterion of three significant 

loadings per factor is satisfied (Montshiwa and Moroke, 2014). The results for CFA are presented 

next. 

 

4.4 Results of Confirmatory Factor Analysis (CFA)  

Table 4.9: Path Coefficients 

Variable Predictor Estimate Standard 

Error 

t Value 

Item 5 Factor 1 0.698 0.021 33.618 

Item 6 Factor 1 0.191 0.008 23.669 

Item 7 Factor 1 0.462 0.017 27.700 

Item 8 Factor 1 0.434 0.016 27.073 

Item 9 Factor 1 0.225 0.009 23.959 

Item 10 Factor 1 0.235 0.010       24.053 

Item 15 Factor 1 0.196 0.008 23.711 

Item 17 Factor 1 0.270 0.011 24.423 

Item 14 Factor 2 0.477 0.015 32.897 

Item 18 Factor 2 0.403 0.013 30.766 

Item 19 Factor 2 0.445 0.014 31.904 

Item 20 Factor 2 0.693 0.016 43.577 
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Item 21 Factor 2 0.678 0.016 42.637 

Item 22 Factor 2 0.537 0.015 35.113 

Item 2 Factor 3 0.728 0.025 29.063 

Item 3 Factor 3 0.469 0.018 26.055 

Item 4 Factor 3 0.411 0.017 24.819 

 

All 17 variables allocated to each of the factors were significant at 5% level of significance. 

According to Moutinho and Hutsheson (2011), parameter estimates are significant at 0.05 level if 

the t value exceeds 1.96. 

Table 4.10: Model fit 

Fit Summary 

Standardised RMR (SRMR) 0.0437 

Goodness of Fit Index (GFI) 0.851 

Adjusted GFI (AGFI) 0.824 

RMSEA estimate 0.053 

Bentler Comparative Fit Index 0.640 

Bentler-Bonett NFI 0.614 

 

A model of the best fit is recognised by looking at individual fit indices for each model during the 

analysis. The model has an SRMR of 0.0437, which is less than 0.05, indicating an acceptable 

model fit (Hair et al., 2010). In Table 4.10, GFI, AGFI, NFI and CFI are all above the suggested 

minimum acceptance value of 0.90, indicating a good fit ( Hair et al., 2010), while the NFI suggests 

otherwise. RMSEA indicates a very good model fit at 0.053, which is less than 0.08 (Portela, 

2012). The CFA fits the models because the comparison of models is recommended to select the 

appropriate model fit indices in line with the effect of the factors.  

 

4.5 CFA- LDA  

Table 4.11: Box’s M test statistics (CFA- LDA) 

Test Results 

Box's M 61.381 

F Approx. 5.092 
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df1 12 

df2 4509054.658 

Sig. .000 

 

Table 411 presents the Box’s M p-value of 0.000, which shows significant results at 0.05 

significant level, an indication that not all variances of the population are equal. Box's M is 

sensitive to large data files, an indication that when there are large number of cases, it can detect 

even small departures from homogeneity (Zhu, 2018). According to Tavakoli (2012: 261), “if the 

sample sizes are seriously different in a ratio of 3 or more to 1, this assumption should be tested 

empirically”. 

 

Table 4.12: Eigenvalues and variance proportion 

Eigenvalues 

Function Eigenvalue % of variance Cumulative % 

Canonical 

correlation 

1 .314 96.6 96.6 .489 

2 .011 3.4 100.0 .105 

 

The Wilk’s lambda eigenvalue is used to directly measure the function’s discriminating power 

(Cecchi et al., 2020). In Table 4.12, the larger the eigenvalue, the better the discriminating power 

of the function (Bhattachrya and Dutta, 2020). The results show that only two variables were 

significant.  

 

Table 4.13: Wilks Lambda statistics 

Wilks' Lambda 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 2 .753 277.019 6 .000 

2 .989 10.834 2 .004 

 

Table 4.13 shows that the purpose of Wilks’ Lambda is to provide a basis for verifying the 

statistical significance of the function (Davis-Sramek et al., 2020). This statistic ranges between 

zero and one, with a value closer to zero (0.000 and 0.004 in the current study) denoting a high 

level of discriminating power (Tsai and Hsiao, 2010). Wilks Lambda significant value of 0.000 and 

0.004 means p<.005, thus, it can be concluded that factors are significantly dependent on child 
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observation. Wliks lambda is .753 and .989, close to one showing a high degree of separation 

between two groups. 

 

Table 4.14: Structure matrix 

Structure matrix 

 

Function 

                              1                               2 

Factor 2 .962 -.031 

Factor 1 .783 .530 

Factor 3 .171 .767 

 

Table 4.14 shows the means of the discriminant function scores by factors for each function 

calculated (Bruin, 2010). Calculating the scores of the first function for each case in the dataset, 

and then looking at the means of the scores by group, revealed that Factor 1 had a mean of 

0.962, Factor 2 had a mean of 0.783, and Factor 3 had a mean of 0.171. The more correlated the 

factors, the more difference between pattern and structure matrix. 0.962 and 0.783 were the 

largest absolute correlation between each variable and any discriminate. 

 

Table 4.15: Functions at group centroids 

Functions at group centroids 

Child observation Function 

1 2 

Almost always .587 -.090 

Sometimes .135 .155 

Often -.744 -.049 

 

Table 4.15 shows the means of the discriminant function scores by group for each function 

calculated (Bruin, 2010).  The scores of the first function for each case in the dataset, when 

calculated, and the means of the scores examined by group, revealed that the almost always 

group had a mean of 0.587 (-0.090), the sometimes group had a mean of 0.135 (0.155), and the 

often group had a mean of -0.744 (-0.049).  
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4.6 SDA 

Table 4.16: Box’s M tests 

Test Results 

Box's M 366.458 

F Approx. 2.733 

df1 132 

df2 2506814.713 

Sig. .000 

 

Table 4.16 indicates the Box’s M p-value of 0.000 showing significant results at 0.05 significance 

level, an indication that not all the variances were equal  

 

Table 4.17: Eigenvalue and variance proportion 

Eigenvalues 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 .526 88.6 88.6 .587 

2 .068 11.4 100.0 .252 

 

Table 4.17 shows that the larger the eigenvalue, the better the discriminating power of the function 

(Bhattacharya, 2020). The only two variables were significant. 

 

Table 4.18: Wilks Lambda statistics 

Wilks' Lambda 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 2 .614 474.181 22 .000 

2 .937 63.518 10 .000 

 

Table 4.18 shows that the purpose of Wilks’ Lambda is to provide a basis to verify the statistical 

significance of the function (Davis-Sramek et al, 2020). Wliks lambda statistic of .666 and .961 

between zero and one, close to 1, shows a high degree of separation between two groups. See 

Table 4.13 for the interpretation rule of thumb, which states that there is a statistical significance 

of the discrimatory power of the discriminant function. 
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Table 4.19: Structure matrix 

Structure matrix 

  
Function 

1 2 

Expressive language transformed .665 .110 

Empathy transformed .536 .077 

Self-awareness transformed .529 .007 

Add and sub transformed .449 .211 

String beads transformed .373 .141 

Expressive vocabulary transformed .359 .089 

Sort and class transformed .332 .054 

Oral comprehension transformed .313 .092 

Counting transformed .278 .179 

DCCS transformed .241 -.233 

Sound discrimination transformed .220 .116 

Draw person transformed .198 .135 

Digit span transformed .165 -.002 

Cross and square transformed .165 .104 

Standing on one leg for 10 seconds transformed .159 .054 

Measurement vocabulary transformed .11 -.059 

Spatial vocabulary transformed .380 -.542 

Picture puzzle transformed .287 .496 

Pencil tapping transformed .368 .475 

Catch bean bag both hands transformed .046 .391 

Triangle transformed .122 .196 

Catch bean bag preferred hand transformed .070 .173 

Catch bean bag non-preferred hand transformed  .088 .147 

 

In Table 20, the structure matrix holds the correlations between each variable and each factor 

same as with orthogonal rotations. 0.665 is the largest absolute correlation between each variable 

and any discriminate. All 23 variables were retained in the model and no variables excluded. 
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Table 4.20: Functions at Group Centroids 

Functions at group centroids 

Child observation 

Function 

1 2 

Almost always .817 -.194 

Sometimes .069 .385 

Often 
-.926 -.154 

 

Table 4.20 shows the means of discriminant function scores by group for each function calculated 

(Bruin, 2010Acording to the Table, if the mean is calculated, taking into consideration scores of 

the first function for each case in the dataset, an examination of the means of the scores by group 

shows that the “almost always”, had a mean of 0.695, “sometimes” had a mean of -0.165 while 

“often” had a mean of -0.887. 

 

4.7 Model comparison  

Table 4.21: Chi-square test of association between observed and predicted child 

observation 

  Chi-square tests 

  

  Value Df 

Asymptotic 

significance 

(2-sided) 

CFA-LDA Pearson Chi-square 187.344 4 .000 

SDA Pearson Chi-square 317.216 4 .000 

 

Table 4.21 shows a significant association between the observed child observation variable and 

the predicted child observation variable from both SDA and CFA-LDA (p-values < 0.000). That is, 

the predicted group was significantly closer to the predicted thus, both models are efficient 

according to this test. 
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Table 4.22: Accuracy of classification 

  Child observation Predicted group membership 

Almost always Sometimes Often 

CFA-LDA Almost always 61.80% 22.80% 15.30% 

Sometimes 40.00% 29.50% 30.50% 

Often 20.40% 17.40% 62.20% 

  Child observation   

Almost always Sometimes Often 

SDA Almost always 67.10% 19.90% 13.00% 

Sometimes 32.80% 40.70% 26.60% 

Often 13.40% 19.80% 66.80% 

 

The results in Table 4.22 shows that CFA-LDA correctly classified 61.8% of observations to the 

“almost always” category, 29.5% were correctly predicted to be in the “sometimes” category and 

62.2% were correctly predicted to the “often” category. SDA correctly classified 67.1% of 

observations to the “almost always” category, 40.7% were correctly predicted to be in the 

“sometimes” category and 66.8% were correctly predicted to the “often” category. Thus, SDA 

correctly classified the observations better than CFA-LDA. 

 

Table 4.23: Hit ratio and Apparent Error Rate (APER) 

  Child observation Predicted group membership 

Almost always Sometimes Often 

CFA-LDA Almost always 214 79 53 

Sometimes 122 90 97 

Often 67 57 204 

   

  Child observation   

Almost always Sometimes Often 

SDA Almost always 232 69 45 

Sometimes 100 124 81 

Often 44 65 219 
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CFA-LDA Hit Ratio: 
214+90+204

979
× 100% = 51.9% 

CFA-LDA APER= 1 − 0.519 = 48.1% 

SDA Hit Ratio: 
232+124+219

979
× 100% = 58.7% 

SDA APER= 1 − 0.587 = 41.3% 

CFA-LDA had 51.9% of original grouped cases correctly classified while SDA had 58.7% of 

original grouped cases correctly classified. However, the former had a higher APER compared to 

the latter. Thus, SDA was more efficient than CFA-LDA. 

Table 4.24: Comparison of predicted group versus observed group using the Mann-

Whitney U test 

    Predicted group versus observed group 

CFA-LDA 

Z -1.252 

Asymp. Sig. (2-tailed) 0.211 

SDA 

Z -0.466 

Asymp. Sig. (2-tailed) 0.641 

 

In Table 4.24, the predicted group memberships from CFA-LDA do not significantly differ from 

the observed child observation group membership (p-value > 0.05). The same results are shown 

for the SDA predicted group versus child observation (p-value >0.05). Thus, according to the 

Mann-Whitney U test, the predicted values for both models are significantly closer to the 

observed values. 

 

4.8 Summary of chapter 

This chapter has provided the analysis and presentation of results. Data reduction was done using 

EFA and CFA used to confirm results for EFA. CFA-LDA model was fit using factor scores as 

independent variables for LDA and SDA used all 23 independent variables as independent 

variables. Results of the model comparison revealed that both models are efficient based on the 

Chi-square and Mann Whitney’s U tests. However, SDA has a higher accuracy of classification 

compared to CFA-LDA, a high hit ratio and, in turn, a lower APER. Thus, the results show that 

using all 23 variables retained in SDA, yielded the best model. The next chapter focuses on the 

discussion and recommendations. 
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CHAPTER FIVE 

 

CONCLUSION AND RECOMMENDATIONS 

5.1 Introduction 

This chapter provides the conclusion to the study. The aim of the research was to determine the 

best model between SDA and CFA-LDA, using the same comparison criteria. The Chapter is 

structured as follows: Section 5.1 is the introduction; Section 5.2 provides a summary of each of 

the objectives of the study and conclusions based on the results presented in Chapter 4; Section 

5.3 focuses on the discussion and recommendations for further research; while Section 5.4 is the 

summary of the study 

5.2 Objectives of the study and conclusions 

This section focuses on the objectives of the study and a summary of findings discussed in 

Chapter 4.  

Objective 1: Use EFA to compress independent variables 

 Twenty three (23) independent continuous scale variables were used for EFA, 17 items were 

left after excluding the items, due to low communalities and factor loadings while three factors 

were extracted. Thus, this objective was achieved. 

Objective 2: Use CFA to validate results of EFA  

Results of construct validity showed that the 17 items loaded significantly onto their 

respective constructs from EFA. Goodness of fit statistics, namely, SRMR, GFI, AFGI, CFI, 

NFI and RMSEA were examined and it was established that the CFA model was a good fit 

for the data.  

Objective 3: Fit LDA model using factor scores from EFA and CFA (CFA-LDA) 

The CFA-LDA model was fit using factor scores saved from the CFA model as independent 

variables.  The LDA was fit using the enter method. The dependent variable was child observation 

and factor 1, factors 2 and 3 were the independent variables. Thus, the objective was achieved. 

Objective 4: Fit SDA using all candidate variables 
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SDA was fit using all 17 variables as independent variables and child observation as the 

dependent variable. Thus, this objective was achieved. 

Objective 5: Compare CFA-LDA and SDA using several model comparison criteria 

The Chi-square test of association, Mann- Whitney U, predictive accuracy, hit ratio and APER 

were used to compare the results. The Chi-square test of association and Mann-Whitney U 

yielded inconclusive results as both of these criteria revealed that the predicted values from both 

models did not differ from the observed ones. However, the predictive accuracy, hit ratio and 

APER identified SDA to be the most efficient model. Thus, the objective was achieved. 

5.3 Discussion and implications for further research 

The results revealed that the best and efficient model is SDA. The current study is a contribution 

to the literature as it extends the scope of the one conducted by Pandey et al. (2011), which 

focused on a comparison of the efficiency of a straightforward stepwise LDA model using all 

independent variables and LDA model. The researchers also employed discriminant scores as 

independent variables examined in the current study, thus, the need to extend the scope of the 

study. The results of the current study support those of previous studies, which revealed that SDA 

is more efficient than factor loadings or component-based LDA models (Shrestha and Kazama, 

2011 and Wu et al., 2016).  

 

Future studies should be conducted to extend the scope of the current study by validating its 

results using a different dataset.  Other exploratory factor analyses other than Principal Axis 

Factoring can be used prior to using CFA to confirm whether SDA will still outperform CFA-LDA. 

The same methodology can be used for interval scaled data since the current continuous scaled 

independent variables were used in the current study. More research can be done on these 

models, using different sample sizes and different variables to validate the results of the current 

study. Also, the effect of other data quality issues, such as missing values and non-normality on 

SDA and CFA-LDA can also be explored by future researchers. Based on the results of this study 

and previous research, for a parsimonious discriminant analysis, future researchers, especially 

those who have not specialises in Statistics, are advised to use SDA since it has proved to be 

more efficient.  

 

5.4 Summary 

Multivariate techniques were used in this study to find the most efficient and parsimonious model 

between CFA-LDA and SDA. The results revealed that SDA had better accuracy with regard to 
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classification, hit ratio and a lower APER. Implications for further research were drawn and all the 

objectives of the study were successfully achieved. 
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