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Abstract

Factor analysis is a statistical technique that has been widely used in psychology and social
sciences, including the field of special education. The purpose of this study is to help
researchers, educators, and students to understand the nature of exploratory factor analysis
(EFA), specifically from the perspective of special education involving students with learning
disability in mathematics. All items and factors identified through the EFA were used as inputs
for the measurement model in second-generation structural equation modelling (SEM)
techniques. This article presents five steps of exploratory factor analysis using SPSS, namely
data examination technique, factor analysis, factor extraction, factor rotation and factor
loading cutoff method. Pre-tests were conducted on 112 respondents, and items were
analysed through Principal Component Analysis (PCA) using SPSS 26. Furthermore, the
suitability of the data for EFA was measured through KMO and Bartlett’s Sphericity tests.
Based on the parallel analysis, four constructs were extracted for further investigation. This
study demonstrates alternative guidance for students and researchers in intensively
reviewing and re-testing items until satisfactory results are obtained. This study is also
expected to help answer questions, fulfil objectives, determine analysis methods, and write
research reports on children with learning disability.

Keywords: Student with Learning Disability, Mathematical Interventions, Exploratory Factor
Analysis, Structure Equation Modeling, Parallel Analysis.

Introduction

Interventions for students with learning disabilities are important to reduce the impact of
their disabilities, especially on topics that have proven scientifically difficult and can affect
students’ readiness to follow the teaching and learning process (Kementerian Pendidikan
Malaysia, 2015). In line with the Reauthorisation of the Elementary and Secondary Education
Act (ESEA) 2004, state and district accountability provisions were expanded to improve all
students’ learning performance and achievement, including those with difficulty mastering
basic reading and numeracy skills. Researchers have employed various efforts to address the
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problem, including the Response to Intervention (Rtl) Model (Preston et al., 2016). Starting
from the literature review and research reference model (Rtl Model) related to the
mathematical intervention of students with learning disabilities, studies have used EFA to
study the relationship between the identified variables, namely screening, academic
monitoring, data-based results and learning style of students with learning disabilities.

Factor analysis can be employed through exploratory factor analysis (EFA) and
confirmation factor analysis (CFA) (Hair et al., 2014; Thompson, 2004). Although both
methods are used to test for hidden or latent factors in data, both play different roles
according to the research purpose, where EFA is used to construct theory and CFA is to test
theory (Kline, 2016). Factor analysis plays an important role in social sciences and
interdisciplinary studies (Yip & Tse, 2019). Thus, this study uses factor analysis as a diagnostic
tool to evaluate data related to the mathematical intervention of students with learning
disabilities in line with the reference model that is the Rtl model and learning style construct
as the expected target construct. On this basis, EFA is used to reveal a set of latent factors
(constructs) to reconstruct the observed complex data to present more meaningful and
statistically acceptable data. This study is aimed to summarise the relationships between the
variables and conceptualise the phenomenon (Hair et al., 2014) of mathematical
interventions based on the learning styles of students with learning disabilities.

According to (Pashler et al., 2008), learning styles explain that each individual receives
effective each other. Studies in several countries such as the UK and the Netherlands (Dekker
et al., 2012), Spain (Ferrero et al., 2016), Portugal (Rato et al., 2013), Greece (Papadatou-
Pastou et al., 2017) and China (Zhang et al., 2019) agree learning style affects student
performance. A mathematics intervention is a program designed to help students facing
difficulty mastering a particular math skill or task. Therefore, this study helps identify students
who have difficulty mastering mathematical skills at an early stage and facilitate the provision
of appropriate additional support materials regardless of the classification of disabilities.

Problem Statement

Implementing interventions in schools can help students who face problems in learning
mathematics to overcome these problems. Past studies have shown that mathematical
interventions can reduce skills gaps and prevent deficits that may occur in the future
(Clements & Sarama, 2007; Fuchs et al., 2002; Sophian, 2004). The success of mathematics
interventions for students with learning disabilities has been extensively demonstrated
through a variety of suggested methods and suggestions (Geary, 2013; Chard, et al., 2009;
Jordan, et al., 2005; Jaspers et al., 2017; Kroesbergen & Luit, 2003; Lemons et al., 2015;
Suhaimin & Mohamed, 2017). Nevertheless, there is still a gap of evidence (Jacobs, 2011;
Miles 2017; Mueller-Bloch & Kranz, 2015) that links the success of mathematical interventions
for students with learning disabilities based on their learning styles.

In line with the the Rtl intervention model which is the focus of this study, this study
highlights the aspects of screening, progress monitoring and data-based decision in addition
to other features that need to be considered when implementing mathematical interventions
that the learning style of students with learning disabilities. This proposal is in line with a
recent study by (Bawalsah & Haddad, 2020) which found that students with learning
disabilities can get more benefits in school when they are given the opportunity to learn
according to learning styles adapted to various teaching strategies. These findings also
indicate the relevance of issues related to students' learning style with learning disabilities to
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be given attention and discussed as current issues. The question that arises is how to help
these students to reduce deficits that occur among their peers in similar situations. Therefore,
an exploratory study of the characteristics of mathematics intervention based on the learning
style of students with learning disabilities was conducted to help students with learning
disabilities in mathematics to adapt to the practice of intervention in school.

This study is aimed to explore and develop psychometric properties to measure the
characteristics of mathematical interventions based on the learning styles of students with
learning disabilities. Therefore, this study expands the existing findings by validating the
guestionnaire on 112 mathematics teachers of students with learning disabilities. Considering
the potential for correlations across MIMGaP instrument items, the researchers examined the
data obtained using exploratory factor analysis. Thus, the purpose of this study is to examine
the behaviour of the MIMGaP instrument items to identify teachers’ perspectives on
mathematical interventions for students with learning disabilities. This study aims to answer
the following research questions:

1. Whatis the structure of factors/constructs for mathematics interventions for students
with learning disabilities based on the perspectives of special education mathematics
teachers?

The Study

Pilot studies are often conducted with a small sample (Polit & Beck, 2014; Van Teijlingen &
Hundley, 2002) as leading to unsatisfactory results. Therefore, this study was conducted to
review and re-test the items more intensively until satisfactory results were obtained. This
led to the researcher’s efforts to use the pre-test process in this study. The primary focus of
most pre-tests is to address otherwise unresolved problems that ultimately contribute to
measurement errors (Blair & Conrad, 2011). The purpose of the pre-test questionnaire of this
study was also to ascertain whether; (1) the question order is correct, (2) the question
sequence is correct, (3) the respondent has clearly understood all the questions, (4) additional
guestions are required, or some questions should be omitted, (5) the instructions are clear
and adequate and (6) all scales, or developed items, either adopted or adapted, are tested
first to ensure whether the questions work appropriately in the new setting with new
respondents (Kumar et al., 2013). Therefore, the pre-test study was conducted involving 112
special education mathematics teachers in Melaka using EFA Analysis.

Methodology
As the MIMGaP questionnaire instrument was adapted from previous models and studies,
and additional constructs have been added, there is a need to validate the constructs and
items of the questionnaire. For this purpose, an Exploratory Factor Analysis (EFA) approach
has been used (Williams et al., 2010). In the context of this study, this approach was used to
interpret the self-reporting of the MIMGaP questionnaire (Thompson, 2004). EFA used in this
study was to find out the structure of measurement factors and the internal reliability of the
MIMGaP questionnaire instrument. It involves the process of identifying inappropriate items
that can then be removed. Essentially, since researchers do not predict the number of
constructs to be measured (Costello & Osborne, 2005) for MIMGaP items, comprehensive
steps need to be taken to organise those items into smaller sets of factors.

Therefore, EFA is considered based on three main processes: determining the number
of factors, choosing the extraction method, and choosing the rotation method. The process
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was also conducted to determine whether there is a relationship between latent variables
and constructs (Rourke et al., 2013). A total of 112 respondents who are special education
teachers with learning disabilities in Melaka. These respondents represent the general
population of special education teachers with experience in implementing mathematics
interventions in schools. Data obtained from the research questions were processed at the
basic level using SPSS Statistics program 26. Descriptive statistical analysis was used for part
A to obtain the mean, mode (frequency) and standard deviation of the respondents'
background. SPSS Statistics 26 was used to run the data filtering process. Researchers ensure
four types of data screening that need to be done using Smart-PLS (Razak & Ali, 2020); (1) get
rid of data that is not filled in completely (missing value), (2) get rid of data that is answered
in a patent, (3) get rid of data that has an excessive value (outlier) and (4) conduct data
normality tests. After the data were screened, analysis of the measurement model was
initiated using Exploratory Factor Analysis (EFA).

Findings and Discussion

Exploratory factor analysis (EFA) is a very important statistical method for identifying the
factors that can explain the correlation of a group of variables. Today, EFAs are becoming a
fundamental tool in the theoretical evaluation and validation of measurement instruments
(Haig, 2014; Henson & Roberts, 2006; lzquierdo et al., 2014). The researcher conducted EFA
analysis according to the following steps (Howard, 2015): (1) data examination technique, (2)
factor analysis method, (3) factor extraction method, (4) factor rotation method; and (5)
factor loading cutoff method.

Data Examination Technique

Data examination techniques begin with; (1) eliminating data that is not filled in completely
or missing value, (2) eliminating data that is answered in a patent, (3) data that has an
excessive value (outlier), and (4) test the normality of the data. Eliminating incomplete data
can be done manually by examining each set of questionnaires. However, the researcher has
set the ‘Required’ button for each questionnaire item in the google form provided. This step
ensures that all respondents can answer the questionnaire without leaving even a single item.
The next step, discarding the manually answered data by examining each set of
guestionnaires. The researcher removed the patented-filled questionnaires, for example, in
the form of straight and zig-zag lines from the data set by the respondents. Table 1 shows the
findings of the descriptive analysis for the pre-test. The descriptive data analysis in the pre-
test study was done to obtain information and insights on the demographic information of
the respondents involved in this study. The demographic information included in this study
are gender, position in school and teaching experience in special education (learning
disabilities).

As shown Table 1, the distribution of data shows that 22 respondents (19.6%) are
male, while 90 respondents (80.4%) are female. The demographic information of
respondents’ positions in schools showed that 94 respondents (83.9%) are primary special
education teachers for students with learning disabilities, 17 respondents (15.2%) are senior
assistant of special education, and 1 respondent (0.9%) is an excellent special education
teacher. Meanwhile, in terms of experience in teaching special education for primary
students with learning disabilities, 8 (7.1%), respondents have been teaching for 5 years, 38
teachers (33.9%) have been teaching for 6 to 10 years, 49 people (43.8%) have been teaching
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for 11 to 15 years, 11 respondents (9.8%) have been teaching for 16 to 20 years a total of and
6 teachers (5.4%) have been teaching for the 21 years and more.

Table 1. Descriptive Analysis of Respondent Demographics

Demographic Information Frequency Percentage

(f) (%)

Gender Male 22 19.6
Female 90 80.4

Positions in schools ~ Special Education Teacher 94 83.9
Senior Assistant Teacher of Special Education 17 15.2

Excellent Teacher of Special Education 1 0.9

Experience in special Less than 5 years 8 7.1
education (learning  6-10 years 38 33.9
disability) 11 -15 years 49 43.8
16 - 20 years 11 9.8

21 years and above 6 5.4

Factor Analysis Method

The correlation matrix is a matrix that contains the correlation coefficients of all pairs of
variables in the study. This matrix was used to obtain the proximity value of the relationship
between the study variables. This proximity value can perform several tests to see the
conformity with the correlation value obtained from the factor analysis. At this stage, two
things need to be done for factor analysis to be performed, namely, (1) determining the value
of the Barlett Test of Sphericity, which is used to determine whether there is a significant
correlation between the variables and (2) Keizer-Meyers-Oklin (KMO) Measure of Sampling
Adequacy is used to measure the adequacy of the sample by comparing the value of the
correlation coefficient obtained with the partial correlation coefficient. As a justification for
the use of EFA in this study, according to (Hair et al. 2017) sampling adequacy measures and
statistical tests to measure the extent to which relationships between variables are used.
Thus, the Bartlett Test (Bartlett’s Test of Sphericity) and Kaiser-Mayer-Olkin (KMOQO) can
indicate a measure of sampling adequacy. The Bartlett test was significant at p <0.05 for EFAs
considered appropriate and KMO values lower than 0.5 inappropriate. Thus, an exploratory
factor analysis cannot be performed (Pallant, 2010). In line with (Pallant 2010), KMOs with
values between 0.5 and 0.7 are satisfactory, 0.7 and 0.8 are good, 0.8 and 0.9 are very good,
and above 0.9 are extremely good.
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Figure 1. Scree Plot of Each Construct

For construct A, the exploratory factor analysis was conducted to reinforce the items in the
construct. The KMO value for construct A is 0.795, indicating that it is at a satisfactory level.
In addition, the Barlett test is also significant at the value of [x2 = 1002.886, p <0.05].
Preliminary results found high communality between 0.432 - 0.904, and there are 3 factors
with eigenvalues greater than 1.00. This factor explains 80.28%of the total variance of which
Al (40.05%), A2 (24.08%) and A3 (11.78%). Figure 1(a) illustrates each of the aspects in
Construct A.

The analysis for Factor B was conducted to reinforce the items in construct B. The KMO
value for Construct B is 0.873, indicating a good and appropriate level. In addition, the Barlett
test is significant at the value of [x2 = 1043.402, p <0.05]. Preliminary results found high
communality between 0.714 - 0.884. There are 3 factors with eigenvalues greater than 1.00.
This factor explains 80.56%of the total variance of which B1 (59.24%), B2 (11.35%) and B3
(9.97%). Figure 1(b) illustrates each aspect in Construct B.

Meanwhile, exploratory factor analysis was conducted to reinforce the items in
construct C. The KMO value for construct C was 0.888, indicating a reading at a good and
appropriate level. In addition, the Barlett test was also significant at the value of [x2 =
3544.629, p <0.05]. Preliminary results found high communality in the range between 0.647
- 0.949, and there are 3 factors with eigenvalues greater than 1.00 were found. This factor
explains 83.13%of the total variance for C1 (34.96%), C2 (25.54%) and C3 (22.63%). Figure 1(c)
illustrates each aspect in Construct C.

The factor analysis was also conducted to reinforce the items in construct D. The KMO
value for construct D was 0.931, indicating the readings were at a very good and appropriate
level. In addition, the Barlett test is also significant at the value of [x2 = 4045.475, p <.05].
Preliminary results show a high communality between 0.650-0.895, and there are 3 factors
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with eigenvalues greater than 1.00. This factor explains 78.91%of the total variance of which
D1 (66.91%), D2 (6.64%) and D3 (5.36%). Figure 1(d) illustrates each aspect in Construct D.

Factor Extraction Method

At this stage, factor analysis was carried out to extract a group of variables with KMO> 0.5 to
form one or more factors. The methods used are the Principal Component Analysis and factor
rotation with Varimax method (part from orthogonal) as shown in Table 2.

Table 2. Factor Extract

Factor Item Eigen % of
Value Variance

Al PPA1/PPA2/PPA3/PP1/PP3/PP4 4.806 40.053
A2 KMP2/KMP3/KMP4 2.890 24.080
A3 PPB2/PPP2/PPP3 1.414 11.781
Bl PPL1/PPL3/PPS1/PPS2/PPS3 6.517 598.24
B2 SPP1/SPP3/SK1 1.249 11.35
B3 PMA1/PMA2/PMA4 1.097 9.97
c1 KDU1/KPT1/KPT2/KRPI1/KRPI2/KKP1/KKP2/KFL1/KFL2/KFL3  8.041 34.96
C2 PAD1/PAD2/PAD3/PAD4/PRPI1/PRPI2/PRPI3 5.876 25.54
c3 KPRPI1/KPRPI2/KBL1/KBL2/KSS1/KSS2 5.205 22.63

D1 ASP1/ASP2/ASP3/ASP4/ABPS1/ABPS2/ABPS3/ABPP1/AB  18.065 66.91
PP2/ABPP3/AVAK1/AVAK2/AVAK3

D2 SSM1/SSM2/SSM3/SSG1/SSG2/SSR1/SSR2/SSI1/SSI12 1.794 6.64
D3 BVAK1/BVAK2/BVAK3/BVAK4/BVAKS 1.447 5.36

Factor Rotation Method

The matrix factor was transformed into a simpler matrix in factor rotation, making it easier to
interpret. In this analysis, factor rotation was performed by the varimax rotation method. The
results interpretation was done by looking at the loading factor. A loading factor is a number
that indicates the magnitude of the correlation between a variable with a factor of one, a
factor of two, or a factor out of the three formed. The process of determining which variable
will go into which factor was done by comparing the correlations in each row, as shown in
Tables 3 (a) to 3 (d).

Factor Loading Cut-off
At this stage, the factors formed will be assighed a name based on the loading factor of a
variable to the factors formed as shown in Table 3(a) to 3(d).
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Table 3(b). Naming of Construct Factors (Progress Monitoring)

Construct Factor Item Component Communalities Eigen % of
Value  Variance
Progress Monitoring Report and PPL1 .832 .840 6.517 59.24
(B) validation PPL3 814 765
11 Items (B1) PPS1 799 884
5 ltems PPS2 849 868
PPS3 .849 811
Administrator,  SPP1 .816 722 1.249 11.35
Parental and SPP3 .839 844
Other Support SK1 823 837
(B2)
3 ltems
Monitoring PMA1 .842 797 1.097 9.97
procedure PMA2 .834 .780
(B3) PMA4 707 714
3 ltems
Total Item 11

Table 3(a). Naming Of Construct Factors (Screening)

Construct Factor Item Component Communalities Eigen % of
Value Variance
Screening Assessment PPA1 .929 .867 4.806 40.053
(A) (A1) PPA2 .907 .832
12 Items 6 ltems PPA3 854 730
PP1 .892 .801
PP3 916 .845
PP4 .832 .706
Student KMP2 877 784 2.890 24.080
Category KMP3 .946 .904
(A2) KMP4 913 843
3 ltems
Agreement PPB2 797 721 1.414 11.781
(A3) PPP2 .769 .643
3 Items PPP3 .638 432
Total Item 12
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Table 3(c). Naming of Construct Factors (Data-Based Decision)

Construct Factor Item Component Communalities Eigen % of
Value Variance
Data-Based Assessment  KDU1 .888 193 8.041 34.96
Decision result KPT1 887 788
(€ (C1) KPT2 804 647
23 ltems 10 Items KRPI1 872 779
KRPI2 .858 145
KKP1 915 843
KKP2 901 813
KFL1 874 187
KFL2 912 .843
KFL3 814 673
Decision PAD1 .864 T47 5.876 25.54
making PAD2 .940 .885
procedure  ppp3 942 889
(€2) PAD4 954 913
7ltems  pppyg 908 828
PRPI2 910 .834
PRPI3 .893 807
Intervention KPRPI1 .960 927 5.205 22.63
needs KPRPI2 959 925
(C3) KBL1 974 949
6items  ypi2 966 935
KS51 .959 .924
KS52 912 .849
Total ltem 23
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Table 3(d). Naming of Construct Factors (Learning Style)

Construct Factor Item Component Communalities Eigen % of
Value Vvariance
Learning Style Intervention  ASP1 714 .650 18.065 66.91
(D) Instructions  ASp2 795 766
27 ltems (D1) ASP3 825 832
13Ttems  agpg 803 788
ABPS1 T 750
ABPS2 J73 793
ABPS3 726 790
ABPP1 769 873
ABPP2 820 .859
ABPP3 623 761
AVAK1 654 807
AVAK2 684 .805
AVAK3 597 698
Learning  SSM1 592 752 1.794 6.64
Support SSM2 650 725
(D2) SSM3 644 731
J Items $5G1 755 797
55G2 737 .685
SSR1 810 .808
SSR2 816 749
SSI1 845 .870
SS12 737 781
Learning  BVAK1 791 854 1.447 5.36
through  Bvak2 833 .895
play (D3)  pyak3 757 814
Sltems  pyaka 764 860
BVAKS 795 816
Total ltem 27
Conclusion

Since students with learning disabilities have difficulty meeting the learning objectives set by
the teacher, this article suggests that intensive mathematics interventions of an individual
nature be implemented. However, effective implementation will require changes in the way
instructional delivery and support systems among parties directly involved in implementing
mathematical interventions such as teachers, parents, medical officers and schools. This is
because the success of this proposal requires an in-depth understanding of the need to
understand the mathematics learning style of students with learning disabilities. This article
also involves exploratory factor analysis (EFA) conducted at the pre-test stage involving 112
respondents to identify factors that can explain the correlation of study variables. The analysis
results have successfully formed four factors based on factor loading, namely screening,
progress monitoring, data-based decision and learning style, with each factor consisting of

11



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN PROGRESSIVE EDUCATION AND
DEVELOPMENT

Vol. 10, No. 4, 2021, E-ISSN: 2226-6348 © 2021 HRMARS

three sub-factors. To determine some aspects related to the construction of the MIMGaP
model, such as the emergence of new latent variables from the data affecting the learning
style, the researcher suggested that further analysis using PLS-SEM be used. This advanced
analysis also tested all 73 items related to their respective latent variables, either related to
theories or new findings that were successfully explored from the data obtained.
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