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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.
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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

ISSN: 1790-0832 1259

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

Issue 8, Volume 6, August 2009


mailto:zamal669@salam.uitm.edu.my

WSEAS TRANSACTIONS on
INFORMATION SCIENCE and APPLICATIONS

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.
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Examples of items/constructs on the Affect subscale
are “I like statistics” and “I feel insecure when | have
to do statistics problems”; on the Cognitive
Competence subscale — “I make a lot of math errors in
statistics” and “l can learn statistics”; on the Value
subscale — “Statistics is worthless” and “l 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):
D](X) :Cl+b1X1 +b2X2+b3X3+... pr;, (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

).

D,=bX,, +b,X,, +...b,X,, (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].
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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.

~ Classes known (supervised)

LD2
LD1

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.

dimension 2

non-switch

dimension 1

Fig. 6 Distribution of two categories
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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].

switch

non-switch

% 5 -4 =3 2 1 [] 1 2
Switch score

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:

D;(x) =q + b])C] + bng + ... F bpxp

Where a is a constant and b, b, ....., b, are regression
coefficients. The larger the standardized coefficient S
(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
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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’ A indicates how
good the discriminating power of the model is.
Wilk’s A, 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 y? 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

Wi
Predictor varigbles Lanhda F il ifl dig
Types of Leatners 9| 368 ! 133 104
Grender 998 n ! 138 i
Age | 1.4 ! 132 by
WMods of Sudy 174 4230 ! 13 4
Pragtam Btructuee 1o ml ! 133 b1
Affert 3 1419 ! 132 ]
Cogritrve Competence | 741 By ! 15 ]
Value 74 35394 ! 132 ]
Diffieutty 7 A2 ! 133 ]
Cauzse Evaluation 0| AT ! 133 ]

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 0.523
Competence
Value 0.900
Difficulty 0.442
Course evaluation -3.698
Constant 3.111

Table 3 Eigenvalues and Wilks” Lambda Test

% of Cum Canonical
Function Eigenwralue Variatice % Correlation
1 503 1000 100.0 35
| Wilks' Lanibda v df P
145 294 837 11 ]
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Table 4 Demographic variables by learners’
attitudes toward statistics

Predictor Citegoties Positive | Negehive | 4 vl
() | (o
Tyges of leamers | Postarachaste shudents A1 A0 | 36| oo
Govetnnent officess Ty an
Mods of study Full ime a7 we | 4l 4
Patttime 83 14
Program Struchuee | PHD W B3| L oty
Wlastets by tesearth 23 87
Il asters by coussework M1 a0
Grenuder Iele 07 &1 | ons 3%
Fetale 403 a8

w05, Ppel]

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

Casewise Statistics

Discriminant
Highest Group Scores
PiD=d| G=gj
Sauared
Mahalanobis
Case Predicted Distance to
Dumper | Actual Group | Group D df | P(G=q|D=d) | Centroid | Function1
Oniginal 1 2 1™ o0 1 23 43 1429
2 2 20 49 1 816 461 - 236
3 2 200210 1 f02 1218 -0
4 2 1™ o8 1 455 004 2007
5 1 1 527 1 833 399 1459
b 2 2] b6 1 488 212 04
1 2 2| 61 1 97 530 284
8 1 1| 56 1 490 A -2.650
9 1 T 1 1.000 535 4405
10 1 1] 088 1 999 2913 -3.798
11 2 20 089 1 1.000 3560 2330
12 1 T 1 485 143 2469
13 1 T 449 1 9% A72 -2.848
4 1 T BT 1 iy 210 1633
15 2 20 260 1 588 1269 - 683
16 2 ™ m 1 538 1459 883
1 2 24 1 769 560 -3
18 2 2] 415 1 759 f64 -4
19 2 246 1 768 63 -382
20 2 "] 3y 1 93 896 1144
2 2 2] 516 1 27 437 - 206
n 2 200730 1 483 118 768
be 1 T TH6 1 982 097 2402
A 2 20 B 1 997 1163 1522
25 2 R 1 812 1182 -G44
2 1 T2 1 498 1385 -3.268
il 1 1] 3 1 498 1362 -3.258
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Table 6 Mean ATS and course evaluation
by learners’attitudes toward statistics

Dimensions | Relighdiiy® | Posttive Hegstive | tofatisies | povalue
f ATA Mesn (D) | Mean(3D)
Vilna 0407 BT 1 X T T 1k
Cogrilive 0805 JB(AG | 40(ED 130 1k
Competence
Affect 0.400 ITEEY | 3RL(ED §4u4 (0=
Difficulty 0497 N THL I 1014 (0=
Conse 0.749 JACEN | A0 | M7 1k
Evaluation
Canthgehse.
el 03, el 01
- | |.43

Paositive 00
> I 1183
]
o
]
1]
9
&

Megative - e fe l— —| 010

| | I I
3.00 400 5.00 6.00 7.00

meansco_cogcomp

Fig. 8 Profile of learners’ attitudes toward
statistics (Cognitive competence subscale)
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Fig. 9 Profile of learners’ attitudes
toward statistics (Affect subscale)
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Fig. 10 Profile of learners’ attitudes
toward statistics (Value subscale)
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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.
include the following:

These components
Affect (six items): Students’ positive and
negative feelings about statistics

Cognitive Competence (six items): Attitudes
about the students’ intellectual knowledge and
skills when applied to statistics

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

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

Attitudes Towards Statistics (AFFECT Agree | Neutral | Disagree

No- | ftems) ") (%) (")
1 | like statistics 605 279 116
3 1feel secure when | have to do statistics 5 196 20

problems

11| 1do nat get frustrated going over

statistics problem exercises in class b3 238 19

14| 1am not under stress during statistics 714 191 95

class
fs | enjay taking statistics course 780 140 73
A | am not scared by statistics 548 190 x2
Mean/Median. (%) Affect B0.3 118

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

No. ﬁ;gtgﬂf.r}-\?;v&d:dg?.}ma ioms) Agree (%) | Neutral (%) | Disagree (%)

3 :)gg ;::Ioste h:fvm):I:}:ﬁ]:"dem"dmg statistics 8 73 79

g IstI;?iv;izzme idea of what's geing on in 73 19 143

20 | I'do not make a lot of math errors in statistics 42 »7 191

23 | lcan leam statistics 929 71

24| Lunderstand statistics equations 786 1.9 95

27 | find it easy to understand statistics concepts 548 143 10
Mean/Median (%) Cognitive Competence a7 1639

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).
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Table 9 Attitudes toward statistics
based on Value items

Mo. | Attitude Towards Statistics Agree (%) | Neutral (%) | Disagree (%)
(VALUE items)
4 | Statistics is useful 76.2 119 119
7 Slat\sﬂ;s shuu\_d be a required part of my 84 93 23
professianal training
8 | Statistical skills will make me mare employable 791 16.3 47
10 | Statistics is useful to the typical professional 788 71 14.3
12 StatI.StICM l|!lllklllg is applicable in my life a0 48 142
outside my job
13 | luse statistics in my everyday life 452 2145 333
16 | Statistics clonclusmn are often presented in 00 24 175
everyday life
19 | Twill haye some application for statistics in my 029 98 73
profession
25 | Statistics is relevant in my life £3.0 238 71
Mean/Median (%) Value 723 11.9 169

Table 10 Attitudes toward statistics based on
Difficulty items

No. | Attitudes Towards Statistics
(DIFFICULTY items)

Agree (%) | Neutral (%) | Disagree (%)

4 | Statistics formulas are easy to understand 129 19.0 381

6 | Statistics is not a complicated subject 395 18.6 419

17 | Statistics is a subject quickly leamed by most 238 6.2 50.0
peaple

18 | Learning statistics do not require a great deal 48 19 B33
discipline

22 | Statistics do notinvolve massive 285 19.0 52.4
computations

26 | Statistics is not highly technical 238 6.2 50.0

28 | Most people do not have to learn a new way of 118 333 54.8

thinking to do statistics

Mean/Median (%) Difficulty 250 50.0

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.

Difficulty

Value 0 *
18 19
Cognitive Competence— }—.—{

I I I I
0.0 20.0 40.0 60.0 80.0 100.0

% Disagree

ATS Dimensions

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

Std. Std. Errar
G3ender i Mean Deviation Mean

Mean seore Affect Male 18 44907 101214 23656
Female P 5020 90404 1953

Mean scare Cogniive | Male

Cornpetence 18 46474 11763 2728

Female 25 sl 8T 7847

Mean score Value Male 18 44110 HET25 2798
Female 2 54678 4803 1680

Mean store Difficully | Male 1 12698 77922 15366
Female pii IE4ET 06108 19239
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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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