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Abstract: - This study had identified the profiles of statistics learners’ attitude toward statistics through the 
classification process of discriminant function.  This multivariate technique method is used to profile the 
subjects’ attitude into either positive or  negative attitude towards statistics.  The study had characterized each 
profile of  learners by relating to his/her perceived attitudes toward statistics, types of learners, mode of study, 
programme structure, age, gender and learners’ evaluation towards the statistics course. Learners’ attitudes 
toward statistics were measured using the Attitudes Toward Statistics (ATS) instrument which comprised four 
sub-scales or dimensions, namely, Affect, Cognitive Competence, Value and Difficulty.  These variables are 
examined as predictors that discriminate learners with positive and negative attitudes toward statistics.  The 
results indicate that learners with positive attitudes can be reliably distinguished from learners with negative 
attitudes toward statistics across the four ATS sub-scales, types of learners, mode of study and learner’s 
evaluation towards the course. The results would assist instructors to fine-tune their teaching methodologies to 
optimize the teaching and learning of statistics in the classroom.  
 
Key-Words: - Discriminant function, statistics learners, attitudes toward statistics, profiles  
 
1   Introduction 
What distinguishes a statistics learner with a positive 
attitude towards statistics from a learner with a 
negative attitude towards statistics?  Does each type 
of learner have a different profile of attributes?  This 
study attempts to construct profiles of two types of 
statistics learners - those with a positive attitude 
towards statistics and those with a negative attitude 
towards statistics.   The process involves identifying 
the predictors that discriminate between learners with 
a positive attitude and learners with a negative 
attitude toward statistics.  This study attempts to 
characterize the profile of each learner by looking 
into their perceived attitudes toward statistics based 
on Schau’s Attitude Towards Statistics (ATS) 
instrument [1] which comprised four dimensions 
(Affect, Cognitive Competence, Value, Difficulty), 
types of learners,  mode of study, program structure, 
area of study, age, gender and the learner’s evaluation 
towards the statistics course. 
 
 
2 Related Studies on Attitudes Toward 

Statistics  
Studies on attitude towards statistics have been 
conducted in various parts of the world and different 
aspects of attitude surveys were reported [1], [2].  
However, most studies were confined within their 
own respective courses. The challenge in conducting 

such studies is the ability to measure the students’ 
attitude across several disciplines prior to their 
enrolment in any introductory statistics course.  

Many statistics educators and most statistics 
students believe that attitudes toward statistics are 
important in the learning process.  Schau [3] 
discovered that students attributed their positive 
change towards the learning of statistics to the 
attitudes of their instructors/teachers.  They attributed 
their negative attitudes at the beginning of the 
statistics classes to poor teaching that eventually led 
to poor achievement in mathematics.   

In a previous study, attitudes toward statistics and 
course achievement causally impact each other [2].  
Schau [3] defined Prior Attitudes and Prior 
Achievement as exogenous variables where students 
who enter classes already possess attitudes toward 
statistics and learning that will impact their course 
performances.  Attitudes and Course Achievement are 
endogenous variables that impact each other 
throughout the course and are impacted by both Prior 
Attitude and Prior Achievement.  

There is also a growing interest among statistical 
education researchers on the extent of the relationship 
between the attitude dimensions (Affect, Cognitive 
Competence, Value and Difficulty) and the students’ 
profile such as age, gender, mathematics and statistics 
achievement [4], [5].  It is also of concern to several 
researchers to determine which dimensions of attitude 
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subscales are expected to impact on the statistics 
course performances [6], [7].  

Mill [8] revealed that undergraduate students who 
enrolled in an introductory undergraduate statistics 
course at a large southeastern university in the 
College of Business have more positive attitudes 
toward statistics, a finding that coincides with several 
prior researches [9], [10].  However, to a certain 
extent a small number have indicated less than 
positive attitudes, i.e. students agreed that they get 
frustrated over statistics tests in class, that statistics is 
a complicated subject, that it requires a great deal of 
discipline, that it is highly technical, and that it is not 
a subject quickly learned by most people. 

An examination of the cross tabulations of the 
gender variable provided the most interesting results. 
It was depicted that males were more likely than 
females to report that they were not scared of 
statistics, that they can learn statistics, and they felt 
confident mastering statistics material. Similar results 
on females' negative attitudes have been discussed 
[11] but others have reported no differences between 
males and females [10], [12].  The results of another 
study [8] revealed that further attention may be 
required to improving female attitudes toward 
statistics particularly if their academic performance 
also suffers.  
 
 
3   Methods and Assessment 
The study was conducted on two profiles of 
participants – government officers attending a 
compulsory course in statistics and data analysis as 
part of the requirement for securing a scholarship for 
further studies and postgraduate students attending a 
statistics and data analysis course as part of the 
postgraduate studies requirement.  Using simple 
random sampling, a sample of 200 out of 240 course 
participants responded to the questionnaire which 
addresses several issues.  The respondents were asked 
to answer a number of questions which included 
background and demographic information, personal 
characteristics, course evaluation and more 
importantly their perceived attitudes toward statistics 
(ATS) constructs across four dimensions – Affect, 
Cognitive Competence, Value and Difficulty. The 
ATS constructs were used in the study. The ATS is a 
28-item instrument with a 7-point, Likert-type 
response format, with higher ratings indicating more 
positive attitudes after recoding the 19 negatively 
keyed items.  The instrument incorporates four 
subscales, including the 6-item Affect subscale, the 6-
item Cognitive Competence subscale, the 9-item 
Value subscale, and the 7-item Difficulty subscale. 

Examples of items/constructs on the Affect subscale 
are “I like statistics” and “I feel insecure when I have 
to do statistics problems”; on the Cognitive 
Competence subscale – “I make a lot of math errors in 
statistics” and “I can learn statistics”; on the Value 
subscale – “Statistics is worthless” and “I use 
statistics in my everyday life”; and on the Difficulty 
subscale – “Statistics is a complicated subject” and 
“Learning statistics requires a great deal of discipline” 
[1].  
 
3 Classification of Discriminant  
     Function 
Discriminant function is used to examine the extent to 
which multiple predictor variables are related to a 
categorical criterion, that is, group membership. This 
technique is particularly useful in assessing which of 
a number of continuous variables best differentiates 
groups of individuals or in predicting group 
membership on the basis of discriminant function.  
     Discriminant function takes the following 
analogous form, as in (1): 

 
 D1(X) = a + b1X1 + b2X2 + b3X3 + ... bpXp            (1)                
 
where D is the categorical variable to be predicted, 
i.e., the group membership. 
    Classification is based on the concepts of the 
discriminant score and the group centroid. The group 
centroid is calculated by applying the discriminant  
weights to the group means on each variable, as in 
(2). 
 
   PApAAA XbXbXbD .....2211 ++=                (2) 

 
The discriminant function yielded is that which 
maximizes the difference between group centroids 
and minimizes overlap between the distributions of 
scores for the groups. If a discriminant function 
analysis is effective for a set of data, the classification 
table of correct and incorrect estimates will yield a 
high percentage correct.  Discriminant analysis can be 
illustrated through a classification involving two 
target categories and predictor variables. 
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Fig. 1 Two categories with two predictors on 

orthogonal axes 
 
A visual inspection in Fig. 1 shows that category 1 
objects (open circles) tend to have larger values of the 
predictor on the Y axis and smaller values on the X 
axis. However, there is overlap between the target 
categories on both axes, hence accurate classification 
using only one of the predictors cannot be performed. 
[13]. Linear discriminant analysis finds a linear 
transformation ("discriminant function") of the two 
predictors, X and Y, that yields a new set of 
transformed values that provides a more accurate 
discrimination than either predictor alone: 
 
Transformed Target = C1*X + C2*Y 
This is illustrated in Fig. 2.  A transformation function 
is found that maximizes the ratio of between-class 
variance to within-class variance as illustrated in Fig. 
3.  The transformation seeks to rotate the axes so that 
when the categories are projected on the new axes, 
the differences between the groups are maximized 
[14].   
 
 

 
Fig. 2 Partitioning based on transformation function 
 
 
 

  
 
Fig. 3  Ratio of between-class variance to within-class 

variance 
 

          

   
  

Fig. 4 Three-class feature separation 
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Fig. 4 shows that the projection to the lower right axis 
achieves the maximum separation between the 
categories whilst projection to the lower left axis 
yields the worst separation. On the other hand, Fig. 5 
illustrates a distribution projected on a transformed 
axis. Note that the projected values produce complete 
separation on the transformed axis, whereas there is 
overlap on both the original X and Y axes.  
          

 
Fig. 5 Complete separation on transformed axis 

 
In the ideal case, a projection can be found that 
completely separates the categories. However, in 
most cases there is no transformation that provides 
complete separation, so the goal is to find the 
transformation that minimizes the overlap of the 
transformed distributions [15]. Fig. 6 illustrates a 
distribution of two categories where the black line 
shows the optimal axis found by linear discriminant 
analysis that maximizes the separation between the 
groups when they are projected on the line. 
 
 

   
 

Fig. 6 Distribution of two categories 

Fig. 7 further shows the distribution of the switch and 
non-switch categories as projected on the transformed 
axis (i.e., the black line shown in Fig. 6 above).  Note 
that even after the transformation there is overlap 
between the categories, but setting a cutoff point 
around -1.7 on the transformed axis yields a 
reasonable classification of the categories [16].  
 
    

    
 
 

Fig. 7 Distribution of switch and non-switch 
categories 

 
4.1 Two-group discriminant function 
Also known as Fisher linear discriminant analysis 
 [17], [18], the two-group discriminant analysis fit a 
linear equation of the type: 
 
         D1(x) = a + b1x1 + b2x2 + …. + bpxp 
 
Where a is a constant and b1, b2, …..,  bp are regression 
coefficients.  The larger the standardized coefficient β 
(also known as canonical function) the greater is the 
contribution of the respective variable to the 
discrimination between groups. The nature of the 
discrimination for each discriminant function can be 
identified by looking at the means for the functions 
across groups. Visualization of how the two functions 
discriminate between groups are shown in the 
previous section. 
 
4.2  Factor Structure Matrix 
 
Factor structure matrix determines which variables 
mark or define a particular discriminant function.  
Several researchers have argued that these structure 
coefficients should be used when interpreting 
meaning of discriminant function. The reasons given 
are that (1) supposedly the structure coefficients are 
more stable, and (2) they allow for the interpretation 
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of factors (discriminant functions) in the manner that 
is analogous to factor analysis [19]. However, 
subsequent Monte Carlo research has shown that the 
discriminant function coefficients and the structure 
coefficients are about equally unstable, unless the n is 
fairly large.  Discriminant function coefficients 
denote the unique (partial) contribution of each 
variable to the discriminant function(s) [20], [21], 
[22]. 
 
 
5   Analysis and Results 
This study uses discriminant analysis, a method used 
to assess whether or not a set of variables 
discriminates between two groups of participants. 
Discriminant analysis produces discriminant function 
coefficients for each predicting variable, which 
indicates the importance of each variable.  This study 
also uses means to compare the differences in the 
perceived attitudes of learners between the profile and 
characteristics of the participants. Learners’ attitudes 
toward statistics were investigated in order to identify 
the categories of attitude - positive and negative based 
on their perceived attitudes toward statistics across 
the four dimensions namely, Affect, Cognitive 
Competence, Value, and Difficulty.  Based on the 
variable distribution (ranging from 1 to 7), positive 
attitude was determined as equal to or greater than 
4.50 and negative attitudes was set as equal to or 
smaller than 3.50.  Consequently, 163 respondents 
(82% of the total number of respondents) were 
included in the analysis with 133 (81.6%) learners 
having positive attitude and 30 (18.5%) learners 
displaying negative attitudes toward statistics.  The 
rest, 37 respondents (18.5%) were in the mid-range of 
the scale, where attitudes were considered to be 
neither positive nor negative. Of the learners with 
positive attitudes, 79% were government officers, 
21% were postgraduate research students; 48% were 
males, and 52% were females; of the learners with 
negative attitudes. 50% were government officers and 
50% were postgraduate students. About 57% were 
males, and 43% were females. Both groups attended 
the statistics and data analysis course conducted at 
different point of time. 

In the following stage, statistical differences were 
tested between learners with positive and negative 
attitudes in relation to the predictors. Table 1 depicts 
the results for the test for equality of group means.  
Based on these tests, it was determined which of the 
variables discriminated between learners with positive 
and negative attitudes.  The variables that showed 
differences between positive and negative learners 
were types of learners, mode of study, perceived 

attitudes toward statistics based on the Affect, 
Cognitive Competence, Value and Difficulty 
subscales, mode of study and learners’ evaluation 
towards the statistics course.  Gender was excluded 
since there was no significant difference. Finally, a 
discriminant analysis was conducted to predict group 
membership from a set of the statistically significant 
predictors.  Table 2 presents the results of the 
discriminant analysis model.  It shows that the 
variable with the largest effect on attitudes is course 
evaluation followed by mode of study, value, types of 
learners, cognitive competence, affect and difficulty.  
Box’s M test result in Table 3 indicates that the data 
do not differ significantly from the multivariate 
normal (p =.168). 

Discriminant analysis maximizes the between-
groups differences on discriminant scores and 
minimizes the within-groups differences.  The 
eigenvalue is one statistics for evaluating the 
magnitude of a discriminant analysis.  In Table 3, the 
eigenvalue was 5.913 with a canonical correlation of 
0.925. Squaring the canonical function equals 0.855 
which indicates that 85.6% of the variability of the 
scores for the discriminant funtion is accounted for by 
the differences between the two groups of learners. 
Here the eigenvalue is high which implies that the 
between-groups differences are much greater than the 
within-group differences.  Wilks’ λ indicates how 
good the discriminating power of the model is.  
Wilk’s λ, which equals 0.145, indicate that 
differences between the two groups of learners 
account for 100% of the variance in predicting the 
variables. The significance of the χ2 implies that the 
discriminant functions discriminate learners with 
positive and negative attitudes toward statistics well.  
The discriminant analysis also reveals that for both 
positive and negative learners, 100% of the original 
cases are correctly classified. 

The differences between learners with positive and 
negative attitudes toward statistics with regard to the 
predicting variables that were found to be statistically 
significant are also described in Table 4.  The results 
revealed two different profiles of learners with 
positive and negative attitudes toward statistics where 
learners who were classified as having positive 
attitudes were government officers enrolled in a full 
time masters by course of study and learners who 
were classified as having negative attitudes were 
comparable between postgraduates and government 
officers, also enrolled in a full-time masters by course 
of study. There is no significant difference of attitudes 
between the male and female respondents. 

This result is consistent with the findings as in 
[10],[12].  In Table 6, all ATS dimensions (Value, 
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Cognitive Competence, Affect, Difficulty) were 
significantly different between the two profiles of 
learners. Fig. 8 to Fig. 11 show that respondents with 
positive attitude scored higher in the median, 
minimum and maximum values of the ATS subscales 
compared to those with negative attitudes.   Those 
with a positive attitude towards statistics perceived 
him/herself as liking statistics; feeling secure in doing  
statistics problems; competent in statistical thinking 
and computation; that statistics is useful in his/her 
daily and professional life and that statistics is not a 
complicated subject to learn. 

 
Table 1 Tests of equality of group mean 

 
 
 
Table 2 Discriminant analysis of learners’attitudes  
                             toward statistics 

Predictor Variables Canonical 
Discriminant 

Function 
Types of Learner 0.698 
Mode of Study 0.973 
Affect 0.512 
Cognitive 
Competence 

0.523 

Value 0.900 
Difficulty 0.442 
Course evaluation -3.698 
Constant 3.111 

   
 
Table 3 Eigenvalues and Wilks’ Lambda Test 

 
       

Table 4 Demographic variables by learners’ 
                        attitudes toward statistics 

 
 
Table 5 gives some information about the group 
membership for each subject, probability of group 
membership, and discriminant scores. The 
asterisks identify cases that were misclassified. 
From the casewise diagnostic, only 9.8% was 
incorrectly specified as having positive attitude  
towards statistics instead of negative.  This 
indicates that the membership prediction is quite 
good. 

 
Table 5  Extract of Casewise Diagnostic 
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    Table 6  Mean ATS and course evaluation   
         by learners’attitudes toward statistics 

 
 

     Fig. 8  Profile of learners’ attitudes toward     
      statistics (Cognitive competence subscale) 
 

      
Fig. 9  Profile of learners’ attitudes 
toward statistics (Affect subscale) 
 
 

 
Fig. 10  Profile of learners’ attitudes 
toward statistics (Value subscale) 

 

 
   Fig. 11  Profile of learners’ attitudes   

    toward statistics (Difficulty subscale) 
 
 

4.1 Attitudes Toward Statistics  
Scores from the ATS assessed four components of 
Attitudes Toward Statistics.  These components 
include the following: 
i. Affect (six items): Students’ positive and 

negative feelings about statistics 
ii. Cognitive Competence (six items): Attitudes 

about the students’ intellectual knowledge and 
skills when applied to statistics 

iii. Value (nine items):  Attitudes about the 
usefulness, relevance, and worth of statistics in 
personal and professional life 

iv. Difficulty (seven items): Attitudes about the 
difficulty of statistics as a domain 

 
Results of the  assessment of  students’ positive and 
negative feelings about statistics show that 78% of 
the respondents enjoyed taking statistics and 71% 
were not under stress during statistics class On 
average, 60% had a positive attitude toward statistics 
in the Affect component (see Table 7). 
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           Table 7 Attitudes Toward Statistics    
       based on Affect items 

 
  
 
In the assessment of attitudes about the students’ 
intellectual knowledge and skills when applied to 
statistics - Cognitive Competence, a majority said that 
they could learn statistics. Slightly over 70% said that 
they had some idea of what was going on in statistics 
and that they could understand statistics equation.  On 
average, 66% had a positive attitude towards statistics 
in the Cognitive Competence component (see Table 
8). 
  

         Table 8 Attitudes toward statistics   
          based on Cognitive Competence items 

 
 
In the assessment of  attitudes about the usefulness, 
relevance, and worth of statistics in personal and 
professional life, results show that  a majority felt that 
statistics should be a required part of their 
professional training and that it was useful and 
applicable outside their jobs.  On average, 72% had a 
positive attitude towards statistics in the Value 
component (see Table 9). 
 
 

Table 9 Attitudes toward statistics   
                 based on Value items 

 
 
 

Table 10 Attitudes toward statistics based on 
Difficulty items 

 
      across ATS dimensions 

           
 
With respect to attitudes about the difficulty of 
statistics as a domain, a majority felt that learning 
statistics required a great deal of discipline.  On 
average, 50% of the respondents perceived some 
difficulties in learning statistics (see Table 10). 

Among the ATS components, the median 
percentage attitude about the students’ intellectual 
knowledge and skills when applied to statistics was 
highest.  On the other hand, the lowest median 
percentage attitude was found with those who agreed 
less on the usefulness, relevance, and worth of 
statistics in personal and professional life. The 
median percentage attitude about the difficulty of 
statistics as a domain was found to be the highest (see 
Fig.12).  This indicates that the majority of 
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respondents disagreed that statistics was an easy 
subject to handle. 

 

Affect

Cognitive Competence

Value

Difficulty
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0.0 20.0 40.0 60.0 80.0 100.0

% Disagree

18 19

25

 
   Fig.12  Distribution of responses   

      across ATS dimensions 
 
 
The average mean scores of female respondents 
across all ATS components is higher than the male 
respondents.  The female group indicates a strong 
agreement towards all items in three components 
(Affect, Cognitive Competence and Value) with the 
exception of Difficulty component which indicates a 
moderate to low agreement towards its items (see 
Table 11).  The average mean score of  items across 
all ATS components is comparable among each other. 
There was no significant difference in the average 
mean score items across all ATS components. 

 
Table 11 Comparison of ATS scores between gender 

group 

 
 
 
 
 
 
 

6   Discussion and Implications 
 

Based on the canonical discriminant equation of  
D = 3.111-3.698(course evaluation) + 0.973 (mode of 
study) + 0.900(value) + 0.698(type of learner) + 
0.523 (cognitive competence) + 0.512 (affect) + 
0.442 (difficulty), future predictions can be made on 
the profile of learners’ with regard to their attitudes 
toward statistics. The study reveals two profiles of 
statistics learners, one group with a positive attitude 
towards statistics, and another group with negative 
attitudes toward statistics. The groups can be 
distinguished by learners’ perceived attitudes toward 
statistics across the four ATS dimensions (Value, 
Cognitive Competence, Affect, Difficulty), mode of 
study, types of learner, program structure and course 
evaluation. 

The findings have important implications for both 
learners and instructors of statistics.  Even though the 
percentage of those with negative attitudes is small,  
instructors must be aware of the effect of their 
methods and approach of teaching statistics on  
learners’ attitudes toward statistics. Instructors should 
therefore be attentive to the various components of 
teaching methodology and the effective delivery of 
statistics contents rather than just focusing on rote 
learning.  Learners who evaluate high on the course 
tend to perceive their attitudes toward statistics 
positively than those who evaluate low on the course.  
Those who enroll in full time programs also tend to 
perceive their attitudes toward statistics positively 
than those who enroll in the part time programs. This 
should also be of concern to instructors, as different 
approaches may need to be adopted in handling 
between full-time and part-time learners.  Based on 
the scores of each ATS dimensions, learners who 
scored high on the Value, Cognitive Competence, 
Affect and Difficulty subscales tend to perceive their 
attitudes toward statistics positively. 

In this study, the discriminant function analysis 
prediction will help course instructors to distinguish 
the group of learners and identify factors that predict 
learners’ attitudes toward statistics. Knowing the 
profile of learners would enable instructors’ to 
diversify their course contents and develop more 
innovative methods of teaching statistics.  Perhaps a 
more practical and worked example approach plus 
remedial classes provided for learners with negative 
attitudes toward statistics can encourage active 
participation in the classroom and spark more interest 
in learning statistics. 
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