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Article

The phenomena of treating ordinal data as intervals have 
been criticized by many scholars (Chimi & Russell, 2009; 
Grace, 2008; Henson, Hull, & Williams, 2010; Jamieson, 
2004; Knapp, 1990), especially by those who uphold the phi-
losophy of numbers and number operations. Harwell and 
Gatti (2001) scoured through three educational journals, 
American Educational Research Journal, Sociology of 
Education, and Journal of Educational Psychology, and 
noted that 73% of the dependent variables in articles from 
1993 to 1997 appeared to be ordinals but were treated as 
intervals, thus using analyses that lead to queries in validity 
of inference. According to Agresti (2002) and Clogg and 
Shihadeh (1994), non-parametric statistical analyses should 
be applied to ordinal variables whereas parametric analyses 
should be applied to variables that achieve at least interval 
level of measurement (Davison & Sharma, 1988). 
Researchers such as Fadiya (2013), Amah (2013), Wilson, 
Wainwright, Stehly, Stoltzfus, and Hoff (2013), and Kornfeld 
(2013) had used 5-point Likert scale in their studies and 
treated data as ordinals by applying non-parametric analyses 
such as ordinal logistic regression, Mann-Whitney, and chi-
square tests. On the other hand, Sarafidou (2013), Jain 
(2013), Razzaque (2013), and Zaimah et al. (2013) had also 
used 5-point Likert scale in their research but treated data as 
intervals by applying parametric analyses such as mean, 
t-test, analysis of variance (ANOVA), regression, and factor 
analysis. This is an example of the phenomena of treating 

ordinals as intervals described by Harwell and Gatti (2001) 
and other researchers such as Knapp (1990), Jamieson 
(2004), Grace (2008), Chimi and Russell (2009), and Henson 
et al. (2010).

Two root causes have been identified as the reason 
researchers persist on treating ordinals numerically. The first 
root cause is the desire to quantify the intangibles and second, 
the absence of a globally accepted measuring scale that can be 
used to translate intangibles into numbers. Variables such as 
attitude, opinion, and feelings are considered as intangibles in 
the sense that they cannot be seen or touched, only experi-
enced and felt. Classified as qualitative variables, they only 
qualify for ordinal measurement level. However, with the 
advancement of digital technology, men are becoming more 
and more a digitalized society so much so that they are not 
satisfied with subjective judgments; instead, they want to 
quantify or translate their expression of feelings, opinion, and 
attitude in terms of numbers. Question arises whether it is 
correct to perceive these intangibles as quantitative magni-
tudes. The authors are of the opinion that there is nothing 
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wrong in doing so; in fact, numbers have the objective char-
acteristic that indirectly implies independence and non-bias-
ness. To illustrate the independence and non-biasness of 
numbers, let’s take an everyday example of someone sud-
denly losing weight and always feeling tired. A suggestion 
that he or she might be diabetic would quickly be brushed off 
as the condition is due to the hot weather or working too hard 
lately. However, a blood sugar level score of 17 moles per 
gram would confirm the gravity of his or her diabetes. The big 
difference (an expression in terms of numbers) from the read-
ing of a normal non-diabetic person of 5.5 moles per gram is 
automatically comprehended compared with the subjective 
judgment by a friend. Subjective judgment by a friend may be 
dependent on the friend’s knowledge or experience thus prone 
to be biased toward a certain suggestion. Instead, by using a 
certain procedure to express the person’s condition in terms 
of numbers provides an independent, non-bias judgment, and 
usually readily accepted by the person.

Next question arises whether it is possible to convert these 
intangibles into quantitative magnitudes. The authors say 
yes, with a correct and suitable scale it is possible to do so. 
This provokes the next obvious question: “Is there such a 
scale.” To measure variables such as feelings, attitude, and 
opinion, researchers such as Gordon, Mahabee-Gittens, 
Andrews, Christiansen, and Byron (2013) and Geramian, 
Mashayekhi, and Ninggal (2012) used measurement scales 
that consist of a limited number of categories with vague 
zero point and vague unit of measurement. The categories 
are normally ordered but the distances between them are still 
unknown. A set of scores or numbers are assigned to the cat-
egories to enable respondents to express their opinion about 
an issue in terms of both strength and direction. This scale is 
known as Likert scale (Munshi, 1990). The actual number of 
categories is not an important issue. It is up to individual 
researcher to choose the number of categories according to 
his or her preference and expert knowledge, for example, 
Gordon et al. (2013) and Geramian et al. (2012) used 5-point 
Likert scale to collect their data.

So far social scientists have not reached to a consensus of 
a scale that could measure or interpret intangibles as quantita-
tive magnitudes. The absence of a globally acceptable scale is 
identified as the second root cause. This root cause sparks an 
ongoing debate between measurement theorists regarding 
measurement of intangible variables in social sciences. The 
fuel is none other than one party is adamantly insisting that 
whatever variable is represented numerically on a rating scale 
should have relationships between its values isomorphic to 
the relationships between the numbers (Albaum, 1997; 
Harwell & Gatti, 2001; Knapp, 1990; Michell, 1997; Trendler, 
2009). Thus, a Likert scale data should be considered ordinal. 
While the other party insists that no practical harm is done if 
data from such rating scales can be considered as interval and 
as such be treated as numerical (Dolnicar & Grun, 2007; 
Kemp & Grace, 2010). Agresti (2002) considered an ordinal 
variable that is assigned a set of scores to be quantitative in 

the way that each level has its own magnitude and can be 
compared with other levels in terms of size. This inherent 
quantitative aspect makes an interval variable different from 
a nominal variable. However, Meulman (1998) was of the 
opinion that a rating scale that has an uncertainty or vague-
ness of zero point and measurement unit may have a system-
atic component and therefore may not be just a matter of 
measurement error. Norman (2010) was of the opinion that 
parametric statistics are robust enough to be applied to ordi-
nal data from Likert scales. In his counter reply to Trendler’s 
(2009) argument, Markus and Borsboom (2011) argued that 
measurement in psychology cannot be assumed equivalent to 
measurement in the natural sciences such as physics and as 
such, currently existing tests cannot be considered as mea-
surements stoutly anticipated by Trendler (2009) and Michell 
(1997, 1999). Further investigations along this line to prove 
whether or not psychological measurement is possible would 
surely enlighten and advance the field.

The objective of this article is twofold: (a) to demonstrate 
the generation of a scale that is continuous (metric) and objec-
tive (numerical), has a measurement unit and meaningful zero 
point, complies with the requirement of measurement theo-
ries, and can be easily administered and responded, and (b) to 
verify the scale by comparing performance of data collected 
using the generated scale with performance of data collected 
using a well-known scale such as Likert scale. By developing 
the scale, the authors expect to show that intangible variables 
such as feelings, attitude, and opinion can be correctly 
expressed in terms of numbers and hopefully this scale can be 
accepted by both parties described in the above paragraph as 
a possible solution to measuring these intangibles.

Before going deeper into the discussion of developing the 
scale, a review of the measurement theories, definitions of 
type of variables, and measurement scales already available 
in social science would provide a better understanding of the 
whole phenomena of treating ordinal data as intervals.

Review of Literatures

Measurement Theories

The three main theories on measurement are classical, repre-
sentational, and operational measurement theories (Hand, 
1996; Presser & Schuman, 1989). One of the earliest defini-
tions of measurement was given by Campbell in 1920 (as cited 
in Hand 1996, p. 446), who described measurement as the 
assignment of numerals to represent the properties of objects, 
where the objects satisfy (a) an order relationship and (b) a 
physical process of addition (concatenation). In the same tone, 
Stevens (1946) coined the idea of measurement as assigning 
numbers to items or events according to rule (Matheson, 2008; 
Michell, 1999). This is known as representational measure-
ment theory, which is the dominant current measurement idea. 
Suppes and Zinnes (1963) discussed isomorphism between 
arithmetical structures (order and concatenation) and structures 
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of values of variables. This means that certain aspects of the 
number arithmetic have the same structure as the empirical 
situation being explored. The importance of finding such an 
isomorphism of structures is that familiar computational meth-
ods, applied to the arithmetical structure, may be used to infer 
facts about the isomorphic empirical structure. To illustrate, 
let’s say we have a few bricks piled up to be weighed one by 
one. If the weight which is the number assigned to a brick is 
bigger than the number assigned to another brick, then we can 
conclude that the first brick is heavier than the other. Thus, a 
relationship among the numbers (greater than) corresponds to a 
relationship among the bricks (heavier than). If we weigh all 
the bricks together, then the number assigned to the total weight 
will be equal to the total of individual number. Another rela-
tionship among the numbers (addition) correlates to the rela-
tionship among the bricks (total or concatenated weight). 
According to representational measurement theory, these rela-
tionships must be proven for the measurements to be valid. 
Marcus-Roberts and Roberts (1987) wrote that Stevens (1946, 
1951, 1959) offered a solution to the representational debate in 
social sciences when he coined his theory of the four possible 
types of measurement levels (nominal, ordinal, interval, and 
ratio). Different statistical analyses are allowed for different 
measurement scale or level. However, a gray area still covers 
the interval level for certain scientist considers it ordinal while 
others regarded it as quantitative (Kemp & Grace, 2010).

The operational measurement theory concentrates on the 
operations or procedures used to measure a variable. It is 
based on the idea that a concept is not understood until there 
is a method to measure it (Chang, 2009). In 1927, the 
American physicist P.W. Bridgman, who coined the theorem, 
stated that “we mean by any concept nothing more than a set 
of operations” (as cited in Chang, 2009). This means that a 
variable is defined by its measuring procedure. Hence, to 
have a useful measurement of a variable, the numerical 
assignment procedure has to be well-defined. Accordingly, a 
questionnaire that requires a respondent to rate items must 
provide clearly defined procedure (operation) on how to 
arrive to a rating. This is essential because when everybody 
uses the same conventions to discuss some phenomenon, 
then useful discussions can take place (Hand, 1996). Without 
any specific procedure to follow, respondents will have their 
own varied procedures in which to produce a rating. This is 
why problems arise in psychological measurement because 
measuring procedures are not operationally well-defined. 
Different researchers may use the same values for variables 
that may be delicately different.

The classical measurement theory, which contrasted with 
the representational and operational theories, was first 
described by Michell (1986). Michell called it classical 
because he claimed that traces of the theory were found in 
the works of Aristotle and Euclid. This theory only refers to 
quantitative variables because according to the theory, mea-
surement seeks to find out “how much” of a trait an object 
has. For example, let’s consider the statement, “the height of 

a cupboard is 250 centimeters.” In this case, height is the trait 
and centimeter is the unit of the magnitude. The trait height 
must have the properties that satisfy ordinal and additional 
relationships, not the object cupboard. The behavior of the 
object may or may not resemble the quantitative nature of the 
related trait. In other words, measurement is concerned with 
discovery of existing relationship among the quantitative 
magnitude of the trait. By classical definition, measurement 
is the evaluation of ratios of quantities (Michell, 1999). In 
principle, quantity and measurement are equally defined. 
Prior to measuring an attribute, Michell (1997) urged scien-
tists to first prove that a variable is quantitative or having 
quantitative structure, then devise methods to measure its 
magnitude. He strongly argued that if a scientist only allo-
cates numbers to things according to some rule while ignor-
ing the fact that the measurability of the thing assumes that it 
possesses an additive structure, then the scientist would be 
inclined to believe that the creation of suitable numerical 
assignments alone generates scientific measurement. This 
creates an unfortunate phenomenon that he called “systemi-
cally sustained blind spot” in quantitative psychology.

The process of interpreting research results from data 
analyses has to incorporate measurement theories, measure-
ment level, and statistical analyses. Without incorporating 
these three factors, researchers may interpret results by mak-
ing meaningless statements (Marcus-Roberts & Roberts, 
1987). The scale used must virtually conform to measure-
ment theories to warrant quantitative analyses. On the other 
hand, if the scale does not conform to measurement theories, 
then researchers have to determine the data measurement 
level to ensure correct application of statistical analyses. In 
this way, results obtained are more valid enabling better 
deduction. Sarle (1997) pointed out that to make inferences 
about reality, it is necessary to consider both statistical theory 
and measurement theory. Statistical theory provides connec-
tion between inference and data while measurement theory, 
between data and reality. Jamieson (2004) suggested that to 
raise the research quality, authors must address issues on 
measurement level and parametric statistics at the research 
design stage. Researchers should not be hasty in deciding the 
choice of scale of measurement. Jamieson considered the 
legitimacy of assuming an interval scale for Likert type cat-
egories as a significant issue. This is because a poor scale 
may provide inadequate information especially when doing 
predictive modeling (Velleman & Wilkinson, 1993).

Discrete, Continuous, and Ordinal Variables

To be able to differentiate between continuous, discrete, and 
ordinal variables, readers must have an understanding of the 
definition as well as the procedure(s) involved in obtaining 
the variables. According to Mann (2001), a discrete variable 
assumes values that are obtained from counting, for exam-
ple, number of houses in a certain block while continuous 
variables are obtained by measuring and thus, assumes any 
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value contained in an interval, for example, the height of a 
person. On the other hand, ordinal variables are obtained by 
ranking. Therefore, discrete and continuous variables are 
quantitative whereas ordinal variables are qualitative. 
Discrete variables give rise to discrete probability distribu-
tions such as Binomial and Poisson distributions, whereas 
continuous variables give rise to continuous probability dis-
tributions such as the Exponential distribution and the prom-
inent Normal distribution. So we can see the strong 
relationship between continuous variables and the Normal 
distribution, which is one of the assumptions to be fulfilled in 
parametric statistical analyses.

Now let us elaborate the definition of continuous variables 
further by explaining the procedure involved in obtaining the 
variables. To obtain the values of a discrete variable, all one 
has to do is to count; hence, the operational procedure is 
counting. That is why the exact values of a discrete variable 
can be obtained. In contrast, values of a continuous variable 
are obtained using a measuring tool or scale that implies the 
existence of a more elaborate operational procedure that must 
be clearly defined as the basis for measurement. Because of 
the dependence on a measuring instrument, values obtained 
will be subjected to measurement errors, not exact, and fall 
within an interval that consists of infinite points. Accuracy of 
the values obtained depends on the accuracy of the instru-
ment. Let’s go back to the previous example of a continuous 
variable, that is, the height of a person. To obtain the height of 
a person, we need a measuring tool such as a ruler. The ruler 
is put behind the person to be measured and the researcher 
reads off the mark on the ruler that corresponds to the height 
of the person. Because we accept the existence of measure-
ment errors, we usually take several measurements using the 
same operational procedure and calculate the average value. 
This average value will be taken as the representation of the 
height of the person. Another way of getting several values of 
the height of a person is to gather a number of people to con-
duct the same operational procedure with the same measure-
ment tool. Using both ways, not all the values of the height 
obtained will be exactly equal; in fact, the values will be 
between the lowest and the highest value obtained for the 
height of the person being measured. This is what is meant by 
continuous variables assume any value contained in an inter-
val. Some of the values obtained may occur more frequently 
than the others so that we can generate different probabilities 
for different values called the probability distribution. 
Because the interval contains infinite points, these probabili-
ties will give rise to a continuous probability distribution of 
the height of the person. If sample of persons’ height to be 
measured is big enough, the continuous probability distribu-
tion may attain the characteristics of a Normal distribution.

Measurement Scales in Social Science

Several scales have been devised by various researchers to 
measure intangible variables such as feelings, attitude, and 

opinion. They are semantic differential scale, Stapel scale, 
Thurstone differential scale, and direct rating scales (Albaum, 
1997). These scales are also known as itemized rating scales 
(Russell, 2010).

Semantic differentials are among the most widely used 
scales to measure attitude (Heise, 1969). A semantic differ-
ential scale usually consists of a series of 7-point or 5-point 
bipolar rating scales. Each descriptive item contains two 
adjectives, opposite in meaning, such as “good” and “bad,” 
“modern” and “old fashioned,” on either end of the scale. 
Participants are asked to identify where on the scale usually 
from 1 to 7 or 1 to 5, they feel the object fits in relation to the 
two adjectives. Scores with higher numbers reflect more 
positive evaluations. The scores are then summed or aver-
aged to provide an overall score (Garland, 1990).

Stapel scale is a slight modification of semantic differen-
tial scale (Hawkins, Albaum, & Best, 1974).It is easier to 
conduct and administer especially in situations when it is dif-
ficult to create pairs of bipolar adjectives. The scale consists 
of a single adjective in the middle, a unipolar, numbered 
from −3 to +3(as an example), without a 0 point. The higher 
the positive score implies the better the adjective describes 
the issue or object concerned. Data collected using Stapel 
scale can be analyzed in the same way as semantic differen-
tial data (Russell, 2010).

The Thurstone scale is a technique that takes into account 
the strength of individual item in computing the attitude 
score. There are three different scales developed by Thurstone 
(Fabrigar & Paik, 2013): equal appearing intervals, the 
method of paired comparisons, and the method of successive 
intervals. Among the three scales, an equal appearing inter-
val scale is the most popular and thus described in this para-
graph. First of all, a number of statements or indicators of an 
attitude variable will be generated. Then judges or experts 
will be asked to rank the statements by giving numbers, for 
example, from 1 to 11, where 1 indicates the weakest indica-
tor of the variable and 11 indicates the strongest indicator of 
the variable. The ranks by the experts will be averaged and 
assigned to each indicator as weights. If an indicator has a 
high degree of variability (little consensus) in rankings by 
the judges, then the indicator will be discarded. Finally, a set 
of statements together with their strength (weights) in indi-
cating an attitude is generated. During a survey, respondents 
will be asked to tick or check which statement(s) they think 
represent their attitude toward the variable. For each respon-
dent, the weights of the checked statements will be summed 
and divided by the number of statements being checked, giv-
ing a score that will represent the respondent’s attitude 
toward the variable (Babbie, 2001).

A rating scale is a set of categories that are assigned 
numerical values designed to elicit information (by self-
reporting) about a quantitative or a qualitative attribute. For 
example, to measure “influence,” suitable categories are “not 
at all influential” (assigned number 1), “slightly influential” 
(assigned number 2), “somewhat influential” (assigned 



Yusoff and Mohd Janor	 5

number 3), “very influential” (assigned number 4), and 
“extremely influential” (assigned number 5; Vagias, 2006). 
The most common rating scale is called the Likert scale 
developed by Rinsis Likert in 1932 (Munshi, 1990). The 
scale that can be easily administered and responded was 
intended to be a summated scale, which was then assumed to 
have interval properties. However, the individual scale is not 
assumed to be interval even though more often than not it is 
treated as such (Albaum, 1997). According to Boone and 
Boone (2012), data from individual Likert item are consid-
ered as ordinals and can be analyzed using non-parametric 
methods such as mode or median for central tendency, fre-
quencies for variability, and chi-square test, Kendall Tau B, 
and Kendall Tau C for measuring association. Whereas as a 
summated scale, data from Likert scale are considered as 
intervals and can be analyzed using parametric methods such 
as mean for central tendency; standard deviations for vari-
ability; Pearson’s r, t-test, ANOVA, and regression proce-
dures (Boone & Boone, 2012). Nowadays, Likert scale is 
omnipresent in many fields of research especially when mea-
suring a value such as belief, opinion, or affect, which cannot 
be precisely measured by respondents. Take for example, 
articles in the Journal of Extension; at least 21 articles pub-
lished in 2010 and at least 12 articles published in 2011 used 
Likert scale in their study (Boone & Boone, 2012). It is also 
popular in measuring a value that is naturally sensitive such 
that a respondent would not be able to answer except by 
choosing from a large range of categories (Chimi & Russell, 
2009).

All the scales described above use numbers to reflect the 
direction of strength of an unobservable or intangible vari-
able such as feelings, attitude, and opinion toward a certain 
issue or given object. Data collected from these scales are in 
the form of numbers and analyzed quantitatively (Babbie, 
2001; Boone & Boone, 2012;; Russell, 2010,Hawkins et. al 
1974). However, if we refer to the definition of discrete and 
continuous variables, these data are actually not quantitative; 
in fact, they are coded values that represent the strength or 
ranks a respondent chose to mark on the scale. Hence, the 
application of quantitative statistical analyses is inappropri-
ate. Likewise, even though Likert summated scale can be 
considered as interval (Boone & Boone, 2012), we have yet 
to find the correct explanation to justify the transformation of 
a group of ordinal data (individual Likert item) into interval 
data. Current methods to determine latent variables such as 
factor analysis and covariance based structural equation 
modeling (CB-SEM) do not explain the transformation but 
assume that data are normal and linearly related (Hair, Black, 
Babin, & Anderson, 2010).

Shortcomings of Likert Scale

Respondents using Likert scale tend to rate the middle value, 
which is defined as a neutral position, as neither agree nor 
disagree, excluding the categories “no knowledge” and “no 

opinion” (Albaum, 1997). The problem with this is that the 
researcher wouldn’t know whether data would represent 
genuine neutral stand, uncaring attitude, or whether the 
respondent actually does not have any knowledge on the sub-
ject of interest. The problem of trying to categorize a respon-
dent’s attitude is intensified when the respondent rated the 
middle value for all the questions. In this situation, research-
ers should think whether all the responses can be considered 
to be valid responses. The semantic meanings and positions 
of the scale labels influence respondents’ ratings (Wildt & 
Mazis, 1978). The various choices of words may point to 
various levels of feelings, attitude, or understanding for dif-
ferent people. Thus, different respondents might think or feel 
differently but rated the same value. The number of catego-
ries assigned to each item in the scale may not be appropriate 
(Ferrando, 2003; Munshi, 1990). Based on his findings, 
Ferrando (2003) suggested that the number of points effec-
tively used by respondents depended on the type of scale 
(either graphical or numerical), respondents’ motivational 
and cognitive characteristics, type of variable measured, type 
of administration (paper and pencil or Internet), and interac-
tions among these factors. Scherpenzeel and Saris (1997) 
believed that there is no optimal number of response alterna-
tives. The distances between each category are not equal 
(Ferrando, 2003; Munshi, 1990). This fact coupled with 
absence of meaningful zero point in a Likert scale aggravates 
the use of arithmetic mean to represent the intangible vari-
ables. Jamieson (2004) confirmed that the categories are 
ranked order and distance between the intervals cannot be 
assumed equal. Thus, the mean and standard deviation are 
not appropriate even though it is common practice among 
authors to describe their data using these statistics. Likert-
type and ordinal items are coarse and inexact, and informa-
tion is lost because data are not sufficiently discriminating 
(Aguinis, Pierce, & Culpepper, 2009). The scale lacks mea-
surement unit and does not conform to the requirements of 
any of the three measurement theories to warrant it 
quantitative.

Approaches Offered by Researchers

Several researchers (Granberg-Rademacker, 2010; Harwell 
& Gatti, 2001; Hsu, Chang, & Hung, 2007; Wu, 2007) have 
approached the problem by rescaling Likert data using sev-
eral methods in mathematical modeling. Others developed a 
different type of scale using continuous line segments called 
“Continuous Response Scale” or “Visual Analogue Scales” 
(Aitken, 1969; Cella & Perry, 1986; Ferrando, 2003; Lerdal, 
Kottorp, Gay, & Lee, 2013; Munshi, 1990; Pfennings, Cohen, 
& van der Ploeg, 1995; Puzziawati Ab Ghani & Abdul Aziz, 
2005).

Mathematical modeling.  Mathematically proficient research-
ers opted for mathematical modeling to rescale ordinals into 
continuous intervals using methods such as Markov Chain 
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Monte Carlo, Snell method, Fuzzy Logic, and Item Response 
Theory (IRT; Granberg-Rademacker, 2010; Harwell & Gatti, 
2001; Hsu et al., 2007; Wu, 2007). Wu (2007) applied Snell’s 
scaling procedure to convert data from 4-point and 6-point 
Likert scale to numerical scores. Wu introduced concepts 
and computation procedure for determining the numerical 
scores and stated that there is a linear complexity in terms of 
computer time and space requirements. Wu also found that 
results from analysis of Snell’s data and Likert data are very 
much the same. Bharadwaj (2007) used fuzzy logic proce-
dure to rescale data obtained from Likert scale in the Func-
tional Independence Measure (FIM) model into continuous 
data. Bharadwaj applied parametric tests on the rescaled data 
and Likert data and found that results were similar. Harwell 
and Gatti (2001) preferred to use IRT to rescale ordinal data 
into intervals because they were of the opinion that IRT pro-
duces interval-scale data, satisfying measurement-based 
arguments. However, Harwell and Gatti emphasized that IRT 
models are complex and come with rigorous assumptions 
that must be satisfied for the models to be of value. Harwell 
and Gatti rescaled 30 dichotomously scored items using IRT 
(Rasch model) and found that 10 of the items showed inad-
equate fit, which may be due to a failure to model item dis-
crimination and/or the likelihood of guessing. Harwell and 
Gatti also used Samejima graded response model to rescale 
scores from 5-point rating scale into intervals and found that 
the model did not adequately fit the data.

All of the mathematical modeling methods started with 
data collected using Likert scale or other ordinal scales, 
which were then manipulated into interval data. Apart from 
the complex procedures, there is the question of how accu-
rate the rescaled data do represent the actual data.

Continuous line segments.  Many researchers had come up 
with continuous line segments of different lengths and labels 
(Aitken, 1969; Cella & Perry, 1986; Ferrando, 2003; Munshi, 
1990; Pfennings et al., 1995; Puzziawati Ab Ghani & Abdul 
Aziz, 2005). Chimi and Russell (2009) recommended a con-
tinuous scale consisting of line segments presented on a full 
screen graphical user interface (GUI). Although the continu-
ous line segments offered overcome the coarseness of Likert 
scale by providing infinite points as choices, there are still 
apparent weaknesses. The absence of clearly defined opera-
tional procedure for respondents to follow to obtain a score 
still classifies the scale as ordinal level. This is because even 
though the mark on a line between 0 and 100 may produce 
real decimal numbers, they are actually coded values or 
ranks and can be replaced by other coded values, for exam-
ple, from a line marked 1 to 10 or another line marked 100 to 
1,000. The number 0 does not imply ‘nothing’. The middle 
point effect, absence of measurement unit, and subjective use 
of semantics are other weaknesses. Furthermore, the process 
of measuring the distance between the beginning of the line 
and the point (Dolnicar & Grun, 2007) where respondents 
put a mark can be quite a hassle and not very “researcher 

friendly.” The use of GUI is computer dependent and 
although could be incorporated with automated system of 
data processing, still has to face the problem of low response 
rate in the case of uncontrolled situation of data collection 
procedure.

Hence, a scale that is continuous (metric) and objective 
(numerical), has a measurement unit and zero point, com-
plies with the requirement of measurement theories, and can 
be easily administered and responded would be an alterna-
tive longed for.

Scales for Measuring Attitude Should Be 
Continuous

Why should the scale be continuous? Are human thinking and 
feeling continuous or categorical? Now, let us look at the way 
human beings think and feel. Because we are trying to mea-
sure these variables, we have to specify whether human 
“thinking and feeling” are continuous or categorical. To find 
out, let’s observe the processes involved in thinking. What is 
thinking? Thinking involves analyzing, examining, and sort-
ing out information, and figuring ideas, feelings, or attitudes. 
All these processes are completed in split seconds in the mind 
to enable a person to perform an action quickly in times of 
emergencies. In other times when more information has to be 
collected before a decision is made and action taken, the pro-
cess of thinking will consume an interval of time. Diller (1975) 
cited Polanyi’s argument that there is a “tacit component” to 
our knowledge. He says, “We can know more than we can tell 
and we can tell nothing without relying on our awareness of 
things we may not be able to tell” (p. 55). Our emotional and 
physical conditions influence the ways we think (Pennebaker 
et  al., 1990). The relationship between emotions and emo-
tional states can be calculated using Fuzzy functions (Ayesh, 
2004), which is a type of mathematical logic where the actual 
or true value presumes a continuum of values between 0 and 1. 
“Emotional states are used to estimate action emotional trig-
gers” (p. 875). The use of fuzzy functions to estimate human 
emotional states, which in turn can be used to estimate human 
actions, shows that human thinking and feelings are in fact 
continuous variables. Human behavior in general is in fact 
very hard to be categorized into permanent specific categories. 
Aitken (1969) described feelings as states of the person that 
incorporate moods and sensations. No exact words may be 
able to accurately describe the subjective personal experience. 
The lack of suitable quantitative terms in common speech lim-
its the amount of information that can be transferred. Because 
no one has yet shown that feelings can be broken down into or 
made up of minute discrete amount of feelings (as in the case 
of mass and light), this phenomenon can still be considered as 
continuous and thus most appropriately entertained with con-
tinuous metric scale.

Why not just opt for non-parametric methods? Ratio and 
interval level of measurement are considered to be typical 
data for the application of parametric methods, while 
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non-parametric methods are typically applied to ordinal 
and nominal data. If non-parametric methods are opted for 
Likert data (individual and summated), then quantitative 
assumptions of the data will not be important anymore. 
Hence, the hustle and bustle of the ambiguity status of 
Likert scale will naturally subside and the scale will be 
fully considered as ordinal!

Usability of Rating Scales

One important aspect of measuring is the utility of the scale 
that implies instructions on how to use the scale are simple 
and easily understood (Stone & Stenner, 2012). Another 
aspect is portability, which means useful in all locations; in 
the case of a rating scale, the author interprets it to mean 
applicable to many researches. Dolnicar and Grun (2007) 
observed that user-friendliness of scale formats are not an 
extensively researched topic yet. In general, usability can be 
defined as making products and systems simpler to use and 
harmonizing them to user needs and requirements (Bevan, 
2003). Usability is about effectiveness (can users get what 
they want to achieve), efficiency (how much time is needed), 
and satisfaction (satisfaction and ease of use). The usability 
of a rating scale can be measured in terms of

	   i.	� Ease of use, that is easy to use (on the respondents 
part) and administer (on the part of the researcher);

	   ii.	� Needs no prior complicated explanation and certainly 
no training: This is because people usually expect 
things to simply work;

	  iii.	� Doesn’t take long time to answer;
	  iv.	� Satisfice in the sense that there are enough options to 

choose: A well-designed scale would be both satisfy-
ing and engaging to rate. Another term suitably 
describes an instrument that satisfice is responsive-
ness or discriminating, which refers to its ability to 
detect important changes even in small amounts 
(Guyat, Townsend, Berman, & Keller, 1987);

	   v.	� Legible, meaning that data can be easily read off; and
	  vi.	� Functional to the researchers, which means that 

researchers are able to make analyses and conclude 
with meaningful statements.

Generation of a Metric Interval Scale

Let’s start the idea to generate a metric scale for measuring 
attitude by examining the ratio scale. Consider either a weigh-
ing machine or a ruler. Both have main common features such 
as metric (numerical and continuous), presence of measure-
ment unit, meaningful zero point, and clearly defined opera-
tional procedure as the basis for measurement. The presence 
of measurement unit is important because it makes vivid 
impression on the human mind as to what the quantitative 
magnitude represents. For example, 20 kilograms as compared 
with 20 centimeters would automatically be comprehended 

and differentiated as compared with the number 20 alone. 
These two measurement units represent two different mea-
sures; kilogram is globally accepted as a measure of weight, 
whereas centimeter is a measure length. A zero value on the 
scale would mean no value at all, either no weight or no length. 
This is the connotation of meaningful zero point. The opera-
tional procedure for the weighing machine is clearly defined 
as measuring the amount of spring extension after a weight is 
put on the machine. With the same basis for measurement, it 
will be meaningful to calculate the mean of several weights. 
On the other hand, if another weighing machine uses a differ-
ent operational procedure as basis for measurement and conse-
quently different measurement unit, it wouldn’t be logical to 
calculate one single mean value for weights from both weigh-
ing machines. That is why it is important to clearly define the 
operational procedure as the basis for each measurement. 
Similarly, a value on the ruler is obtained by measuring the 
amount of distance or length of an object, giving rise to mean-
ingful application of all mathematical operations applied to the 
data obtained.

Now, let’s look at a scale that is accepted as interval by all 
social science scholars. It is none other than the scale to mea-
sure temperature. The scale is metric and has a measurement 
unit of Celsius, Fahrenheit, or Kelvin. The operational proce-
dure for the basis of measurement is clearly defined as mea-
suring the amount of mercury expansion in the tube. Thus, all 
readings will be based on the same basic operation and there-
fore will be meaningful to calculate the arithmetical mean 
where subsequently most analyses based on the mean or hav-
ingmean as a component, such as measures of variability, 
correlations, analysis of variance, and regression, can then be 
applied. However, the zero point on the Celsius thermometer 
does not indicate absence or no temperature at all. This is 
because 0 on the Celsius scale is 32 on the Fahrenheit scale, 
and 273:15 on the Kelvin scale. Temperature is qualitative 
and intangible, and this makes it difficult to prove whether 
the relationship between the numbers is isomorphic to the 
relationship between the temperature values; one wonders 
whether the actual degrees of heat are really proportional to 
the degrees of the mercury expansion (Skow, 2011). With 
zero point that does not have the connotation of “nothing” 
and unknown relationship between the temperature values, 
the Celsius and Fahrenheit scales are considered as interval 
and not ratio scale such as the ruler and the weighing 
machine. However, data collected using these scales are gen-
erally regarded as quantitative. In the case of temperature, 
Skow (2011) has tried to show that the variable does have a 
metric structure, in particular, when the Kelvin temperature 
scale is considered as a ratio scale because zero degrees on 
this scale is defined as complete absence of heat.

Considering the arguments expounded above, to be 
accepted as at least interval, a scale must have the following 
features: metric, presence of zero point, presence of mea-
surement unit, and clearly defined operational procedure as 
the basis for measurement. Using Likert scales, however, 
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different respondents would produce ratings according to 
different bases for measurements. For example, two employ-
ees who have to rate their satisfaction with their immediate 
superior may differ in their bases for measurements: one may 
rate based on his or her pleasant experience talking to the 
superior whereas the other may rate based on his or her anger 
because recent suggestions made were turned down by the 
superior. Hence, to take the mean rating as the satisfaction 
level would be unfair. This problem would be solved if they 
were asked to rate their superior based on one operational 
procedure such as their pleasant experiences in whatever 
situations encountered. According to Stone and Stenner 
(2012), “Measurement is always made by means of an anal-
ogy” (p. 1). Pleasant experience is analogous to satisfaction, 
thus, appropriate to be used as the basis for measuring the 
latent variable.

After reviewing available literature and scales already 
developed by other researchers (Aitken, 1969; Cella & Perry, 
1986; Chimi & Russell, 2009; Ferrando, 2003; Lerdal et al., 
2013; Munshi, 1990; Pfennings et al., 1995; Puzziawati Ab 
Ghani & Abdul Aziz, 2005), the authors generated the scale 
in Figure 1, named Ruler and Option (RO). To obtain the 
design of RO, the authors had first came up with different 
layout designs and conducted several small sample surveys. 
Respondents were given a short questionnaire with RO scale 
and were asked to comment on whether it is easy to under-
stand and use the scale. Respondents were also invited to 
give suggestions on the layout design. These small sample 
surveys were continued until comments received did not 
really change the design.

The scale consists of three components: explicit instruc-
tions on the operational procedure respondents have to fol-
low to obtain a score, a continuous line in the form of a ruler, 
and three options. The operational procedure is not fixed but 
should be customized to the conditions of a study. 
Measurement unit is percentage (%), which is observed to be 
the most suitable and feasible form applicable. However, in 
future, some other form of measurement units might be dis-
covered suitable for specific studies. Bear in mind that the 
measurement unit must also have a base for comparison. Just 
like the weighing machine, use of kilogram as measurement 
unit compares with the standard kilogram weight. That is 
why after years of usage, a weighing machine has to be 

checked and calibrated so that it gives a correct measure. 
Now, to obtain percentage of something, the number of sub-
set values must be compared with total number of values, in 
formula (Mann, 2001):

Percentage score 
Score value

Total score
= ×100

Hence, instructions on the operational procedure respon-
dents have to follow to obtain a score must be able to provide 
a clear idea for the numerator and denominator in the for-
mula. Otherwise, different respondents might use different 
forms of total score and estimation of percentage would then 
be arbitrary.

RO scale consists of a continuous straight line with 100 
markers that starts with 0% and ends with 100%. Three 
options, “I don’t know,” “I don’t care,” and “Not applicable 
to me” are included at the end of the straight line. The pres-
ence of meaningful zero point and percentage as measure-
ment unit is in accordance with Knapp (1990)’s suggestions 
that the scale to measure attitude should have a zero point 
and a measurement unit (need not be in the National Bureau 
of Standards). The presence of the three options enables 
researchers to distinguish the respondent who rates the mid-
dle point as a 50% scorer. RO is a metric scale with clearly 
defined operational procedure for respondents to follow to 
arrive to a particular rating. Hence, the scale is in line with 
the requirement of operational measurement theory. It is also 
in line with Steven’s definition of measurement, which he 
proposed in 1946. The word rule in Steven’s definition is 
interpreted as “clearly defined operational procedure for 
respondents to follow in order to arrive to a particular rat-
ing.” Along this line of thought, researchers do not have to 
prove that feelings, attitude, and opinion must be quantita-
tive (Michell, 1997) in nature before they could be measured 
numerically. To specify the measurement level of RO scale, 
features of ordinal, interval, and ratio scales are summarized 
and compared in Figure 2. Using these features, we can now 
define and describe the differences between ordinal and 
interval measurement levels more clearly.

Use of RO scale will initiate a transformation in the way 
researchers develop their questionnaires. Not only has a 
researcher had to develop the variables for questionnaire 
items but also the operational procedure a respondent has to 
follow. This extra effort will be appreciated when measure-
ment becomes logical and valid, and research results can be 
meaningfully interpreted. Use of RO will initiate the realiza-
tion of Barrett’s (2003) hope as he stated “It is to be hoped 
that psychology begins concerning itself more with the logic 
of its measurement than the ever-increasing complexity of its 
numerical and statistical operations” (p. 2). To have an idea 
of the different operational procedures that have to be defined 
to use RO scale, researchers may have to understand the situ-
ational conditions, observe the processes, or perhaps, experi-
ence the work culture of the respondents. This means that not 

RO scale consists of three components:
i. a continuous line with markers in percentages as measurement unit,
ii. three options and
iii. an operational procedure as basis for measurement

(customized to research conditions)

RULER OPTIONS
I don’t know
I don’t care
Not applicable
to  me

Figure 1.  Ruler and Option Scale.
Note. RO = Ruler and Option.
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all studies may permit researchers to acquire questionnaires 
developed by other researchers and simply use them. 
Questionnaires developed by researchers for different popu-
lation and different cultural background maybe inappropri-
ate, thus producing spurious results.

Method

A repeated measurement survey was conducted using two 
sets of instruments with the same items but measured using 
different scales: one set used RO scale, while the other used 
7-point Likert scale. Seven-point Likert scale was chosen to 
be the scale for comparison with RO scale because results 
from studies by Preston and Colman (2000), Lietz (2010), 
Cicchetti, Shoinralter, and Tyrer (1985), and (Cox, 1980) 
could be construed to indicate that seven response categories 
scale is more reliable, better differentiation compared with 

five response categories, and at par with the performance of 
higher number of response categories scales.

The population for this study was all bachelor students 
from 14 various programs in a public university (a total of 
1,870 students in semester March-July 2013). The reason for 
choosing the university population was because to carry out 
repeated measurement approach, data collection has to be 
highly customized, and the university campus environment 
facilitates this requirement (Dolnicar & Grun, 2007). In this 
population, all students came from the same university with 
the same education level (bachelor), small age range (mostly 
between 21 and 24 years old), same ethnicity (all Malays), 
and language and cultural background. As such, variations 
among respondents’ demographical background (which 
could be probable confounding variables) were minimized 
so that reasons for variations in responses could be narrowed 
to different scale formats.

SCALE 
TYPE

SCALE
FEATURES

ORDINAL INTERVAL RATIO

Rank ordered Likert Scale Thermometer RO Scale Weighing Machine

Meaningful
Zero point

Absent Absent Depends on 
measurement unit 
because 0°K means 
no heat but 0°C or 
0°F doesn’t mean no 
temperature.

Present
(0% = no agreement)

Present
(0 kg = no weight)

Measurement
Unit

Absent Absent Celcius, Fahrenheit, 
Kelvin

Percentage Kilogram

Metric(continuous)
or Discrete?

Discrete Discrete Metric Metric Metric

Operational 
procedure as basis 
for measurement

Ranking of 
categories (this 
operation cannot be 
refered to as a basis 
for measurement)

No clearly defined 
operational 
procedure for 
respondents to 
follow as basis for 
measurement

Measure amount of 
mercury expansion 
in tube

Estimate amount 
of agreement (%) 
by reflecting on 
experiences that 
respondents could 
recall (this procedure 
is only for specific 
application of RO 
in this study. Actual 
procedure changes 
according to research 
conditions)

Measure amount of 
spring extension

Variable 
characteristic

Intangible Intangible Intangible Intangible Tangible (able to hold 
object and feel the 
weight)

Compliance with 
measurement 
theories

Does not 
comply with any 
measurement theory

Does not 
comply with any 
measurement 
theory

Complies with 
operational 
measurement theory

Complies with 
operational 
measurement theory

Complies with 
operational, 
representational 
and classical 
measurement theories

Figure 2.  Comparison of features of ordinal, interval, and ratio scales.
Note. RO = Ruler and Option.
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A stratified random sampling method was chosen to 
obtain a sample (595 students) that represents all the pro-
grams. First, students in each program were listed according 
to classes they registered to determine the average number of 
students per class. Classes with number of students much 
lower than the average number of students per class were 
grouped together until the total number of students approxi-
mately equaled the average number of students per class. 
This group was then treated as one class. Then, the total 
number of classes for each program was determined and one 
third was chosen randomly to represent each program. All 
students from the selected classes were surveyed.

The instrument for this study was the Malaysian 
University Student Learning Involvement Scale (MUSLIS) 
developed by Fauziah, Rosna, and Tengku Faekah (2012). 
The questionnaire (22 items) defined four dimensions of stu-
dent university involvement. The reason for choosing 
MUSLIS was twofold: (a) the researchers, Fauziah et  al. 
(2012), had conducted exploratory factor analysis and con-
firmatory factor analysis, and had shown the reliability and 
validity coefficients of the instrument, and (b) all items 
evolved around themes concerning student involvement on 
campus; thus, it was logical to assume that as university stu-
dents, respondents would have the capacity to answer the 
questions. The original 5-point Likert scale was replaced 
with 7-point Likert scale where 1 denoted “strongly dis-
agree” and 7 denoted “strongly agree.” When using RO 
scale, respondents were asked to reflect on the experiences 
that they could recall as the operational procedure to approx-
imate the percentage of agreement with the issue in question. 
Zero percent represented no agreement with the issue 
throughout their experiences, whereas 100% represented 
total agreement with the issue in all the experiences they 
were able to reflect. As a stimulus, respondents were asked to 
recall their experiences during class sessions, relationships 
with lecturers and other faculty members, relationships with 
classmates in and out of class sessions, their experiences dur-
ing student activities, academic and non-academic assign-
ments, and academic and college activities. To avoid 
difficulty in understanding the questions caused by language 
barrier, all questions were in the respondents’ mother tongue 
(Malay language), which was the language of the original 
questionnaire.

Respondents were asked to answer MUSLIS using 7-point 
Likert scale first followed by MUSLIS using RO scale. Two 
reasons for distributing instrument using 7-point Likert scale 
first are as follows: (a) respondents were already familiar 
with the scale; they automatically knew what to do, and (b) 
to avoid influencing respondents using the same operational 
procedure for rating Likert scale as rating RO scale. All ques-
tionnaires were then collected personally. Students were not 
forced to answer the questionnaires; instead, they were cor-
dially invited to participate in this research. Altogether, 691 
questionnaires were distributed but only 595 were answered 
and usable.

Results and Discussion

A total of 454 (76.3%) female and 137 (23.7%) male stu-
dents responded to the questionnaires. Majority (70.4%) of 
them were between 21and 22 years old followed by 20.8% 
aged from 23 to 24 years old. The rest of respondents were 
between 19 and 20 years old (4.5%) and between 25 and 29 
(3.5%) years old. Students from Business programs made up 
65.2% of the total population, 23.7% were hotel manage-
ment and administration science students, and 11.1% were 
computer science students.

Mean Values, Standard Deviations, and Skewness 
of Items

Overall, the mean values for items using RO scale were 
lower than the mean values for items using 7-point Likert 
scale. However, data from RO scale had higher dispersion 
because the standard deviations for all items using RO scale 
were greater. This is an indication that RO scale is more dis-
criminating than 7-point Likert scale because it offers many 
more choices of response categories.

All of the items from both scales were negatively skewed 
with coefficients of skewness ranging from - 0.036 to -0.995 
(kurtosis, -0.586 to 1.259) for 7-point Likert scale and a 
smaller range from -0.045 to -0.747 (kurtosis, -0.608 to 
0.429) for RO scale. These skewness and kurtosis coeffi-
cients indicated that the items were not highly skewed (Hair 
Jr et al., 2010).

Number of Indicator Items Per Construct, Factor 
Loadings, Squared Multiple Correlations (R2), and 
Reliability Coefficients of Items

Altogether, there were 77 respondents who chose one of the 
options in RO scale for at least one item of the questionnaire. 
Data from these 77 respondents were taken out and analyzed 
separately. After deletion, all responses using RO scale 
ranged from 0 to 100 had no missing value. However, there 
were three items using 7-point Likert scale that contained a 
missing value. These three missing values were replaced 
using the linear trend at point method. The total number of 
usable responses was reduced to 518. All succeeding analy-
ses were conducted with this set of responses using SPSS 
version 20 and SEM AMOS version 21.

Confirmatory factor analysis (CFA) using structural equa-
tion modeling (SEM) was seen to be an appropriate analysis 
to assess and compare the reliability of items and discrimi-
nant validity of constructs for data from both scales. SEM is 
a powerful method that combines both factor analyses, 
ANOVA and multiple regression analysis. It has the ability to 
examine the relationships among items, constructs, and items 
and constructs as well as accounting for measurement error 
in the estimation process (Hair et  al., 2010). However, 
researchers must first specify complex relationships and then 
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use SEM to test whether those relationships are reflected in 
the sample data (Weston & Gore, 2006).

Multivariate normality was assessed using Mardia’s mul-
tivariate kurtosis (Gao, Mokhtarian, & Johnston, 2008) gen-
erated by SEM AMOS. Since data could be considered as 
approximately normal, the authors had chosen maximum 
likelihood estimation in conducting CFA. The model had 50 
parameters to be estimated. There were 253 sample moments 
that left 203 degrees of freedom. Thus, the sample size of 
518 produced a ratio of 10.36 respondents to one parameter. 
According to Kline (1998), the sample was adequate for 
model testing (as cited in Weston & Gore, 2006, p.734).

Figures 3 and 4 exhibit the final measurement models for 
both data sets. Contrary to four constructs obtained by 
Fauziah Md. Jaafar et al. (2012), only two constructs, (a) stu-
dent academic engagement (Academic) and (b) student 

engagement in communities (Community), were found to 
produce a good model fit for data from both scales. The other 
two constructs had to be deleted because of high multicol-
linearity (Kline, 2005) between each pair of constructs. All 
items with factor loadings below 0.6 and squared multiple 
correlation (R2) less than 0.4 were deleted.

Number of items and items for Community construct 
were the same for both data sets, but number of items and 
items for Academic construct differed considerably. For data 
from 7-point Likert scale, Academic construct was repre-
sented by only two items, whereas for data from RO scale, 
the construct was represented by four items. Although more 
items per construct may not be better, Hair et  al., (2010) 
asserted that a minimum of three, preferably four, items will 
provide adequate identification of the construct. This is 
because four items will provide a better coverage of 

Figure 3.  Measurement model using RO scale.
Note. RO = Ruler and Option; GFI = Goodness-of-fit index; AGFI = Adjusted GFI; CFI = comparative fit index;
RMSEA = root mean square error approximation.
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the construct’s theoretical domain. The standardized factor 
loadings and R2 for items using RO scale were generally 
higher (which mean stronger relation to associated construct) 
than for items using 7-point Likert scale.

Table 1 shows three measures of reliability of a measure-
ment model, internal reliability (Cronbach’s α), construct 
reliability (CR), and average variance extracted (AVE). The 
following formulas were used to calculate CR and AVE (Hair 
et al., 2010):
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where i represents the item number, n is the total number of 
items, L

i
 represents the standardized factor loading for each 

item, and ( )1 2
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n  is the sum of the error variance terms 
for a construct.

Results in Table 1 show that measurement model using 
data from RO scale had higher internal reliability, higher 

Table 1.  Reliability of Measurement Model.

Construct

Internal reliability 
(Cronbach’s α)

Construct 
reliability

Average variance 
extracted

7-point Likert RO 7-point Likert RO 7-point Likert RO

Community 0.895 0.909 0.890 0.902 0.577 0.605
Academic 0.666 0.802 0.666 0.806 0.501 0.512

Note. RO = Ruler and Option.

Figure 4.  Measurement model using 7-point Likert scale.
Note. RO = Ruler and Option; GFI = goodness-of-fit index; AGFI = adjusted GFI; CFI = comparative fit index; RMSEA = Root mean square error 
approximation.
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internal consistency of the items representing a construct 
(CR), and higher percentage of variance explained by the 
items in a construct (AVE) than measurement model using 
data from 7-point Likert scale.

Validity Coefficients

Three measures of validity, correlation between constructs 
(measures discriminant validity), model fit indices (measures 
construct validity), and AVE (measures convergent validity) 
were used to assess and compare the validity of the measure-
ment models from both data sets (refer to Tables 2 and 3). The 
values of the three measures of validity show that measure-
ment models from both data are valid. The fit indices for both 
measurement models achieved the acceptance level (χ2 / df < 
5 [Marsh & Hocevar, 1985], goodness-of-fit index [GFI] > 
0.9 [Joreskog & Sorbom, 1984], adjusted GFI [AGFI] > 0.9 
[Tanaka & Huba, 1985], comparative fit index [CFI] > 0.9 
[Bentler, 1990], root mean square error approximation 
[RMSEA] < 0.08 [Arbuckle, 2012]). There were only slight 
differences in the correlation coefficients between constructs 
and the model fit indices. Correlation coefficient between 
constructs for data from 7-point Likert scale was slightly 
lower (0.71) compared with the correlation coefficient 
between constructs for data from RO scale (0.72). Similarly, 
the fit indices of measurement model for data from 7-point 
Likert scale were slightly better than the fit indices of mea-
surement model for data from RO scale. In Table 3, the diago-
nal values in bold are the square roots of AVE while other 
values are the correlation between the constructs. The dis-
criminant validity is achieved when diagonal value in bold is 
higher than the values in its row and column (Hair et  al., 

2010). Results showed that measurement model for data 
using RO scale had higher convergent validity; while both 
models attain almost the same level of discriminant and con-
struct validity.

Degrees of Freedom and Standardized Residual 
Covariances

Degrees of freedom (df) is the amount of mathematical infor-
mation available to estimate the model parameters (Hair 
et  al., 2010). The ratio of df to number of parameters was 
higher for measurement model using RO scale (32:23) than 
measurement model using 7-point Likert scale (18:18). In 
SEM, the df are calculated based on the size of the covari-
ance matrix, not on the sample size. Thus, more df means 
more mathematical information to estimate model parame-
ters. All the standardized residual covariances for both data 
sets show good fit with no consistent pattern of large stan-
dardized residuals.

Limitations of the Study

The application of stratified random sampling method sup-
ports generalization to the population of university students. 
However, results cannot be generalized to non- university 
students population.

Conclusions and Recommendations

Being naturally intangible, the task of measuring attitude 
summons a careful choice of measuring instrument to pro-
duce correct and meaningful research results. This article has 
demonstrated how an interval metric scale can be generated 
based on three main features (presence of meaningful zero 
point, presence of measurement unit, and clearly defined 
operational procedure as the basis for measurement) and 
named the scale as RO scale. Results from a repeated mea-
surement survey showed that data from RO scale performed 
better than data from 7-point Likert scale in terms of number 
of items per construct, factor loadings, squared multiple cor-
relations, higher internal reliability, higher internal consis-
tency of the items representing a construct, and higher 

Table 3.  The Discriminant Index Summary.

Construct

7-point Likert RO

Community Academic Community Academic

Community 0.76 0.78  
Academic 0.71 0.71 0.72 0.72

Note. RO = Ruler and Option.

Table 2.  Validity of Measurement Model.

Construct

Discriminant validity Construct validity Convergent validity

7-point Likert RO 7-point Likert RO 7-point Likert RO

Community
Academic

0.71 0.72 χ2 / df = 2.557
GFI = 0.978

AGFI = 0.956
CFI = 0.987

RMSEA = 0.055

χ2 / df = 3.098
GFI = 0.965

AGFI = 0.939
CFI = 0.977

RMSEA = 0.064

0.577
0.501

0.605
0.512

Note. RO = Ruler and Option; GFI = goodness-of-fit index; AGFI = adjusted GFI; CFI = comparative fit index; RMSEA = root mean square error 
approximation.
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percentage of variance explained by the items in a construct. 
Measurement model using RO scale had higher ratio of df to 
number of parameters, thus providing more mathematical 
information to estimate model parameters. In terms of valid-
ity coefficients, measurement model using RO scale had 
higher convergent validity; but measurement models using 
both scales achieved almost the same level of discriminant 
and construct validity. Previous study had shown that RO 
scale was easy to use (on the respondents’ part) and easy to 
adminster (on the researcher’s part) (Rohana Yusoff & 
Roziah Mohd Janor, 2012).

Regarding the design of RO scale, the authors would like to 
remind readers not to be engrossed with the visual form of the 
ruler because in future, any researcher who is more artistic 
may come up with a better form that might be more space sav-
ing. The only reason why a ruler format was chosen was 
because it resembles infinite points (portrays continuity) and is 
easy to relate, as perhaps everyone who has gone to school 
would be familiar with it. The authors would like to call on 
readers to focus on the more important agenda in measure-
ment that the scale tries to uphold: precision, objectivity, 
unambiguousness, and meaningfulness. It is hoped that this 
article will incite social science researchers to choose a scale 
along this line of thought. This is because a researcher’s utmost 
concern is making correct interpretation, meaningful state-
ments, and valid inference on the population. Finally, further 
studies are needed to elicit the strength and weakness of RO 
scale to identify the situations where it is most suitable.

Authors’ Note

This article is a revised and extended version of the article titled “A 
Proposed Metric Scale for Expressing Opinion,” which was pre-
sented at the International Conference on Statistical in Science, 
Business and Engineering (2012).
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