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Abstract. This paper proposes and validates a short and simple Expectancy-Value-Cost scale,
called EVC Light. The scale measures the motivation of students in computing courses, allowing
the easy and weekly application across a course. One of the factors related directly to the high
rate of failure and dropout in computing courses is student motivation. However, measuring mo-
tivation is complex, there are several scales already carried out to do that job, but only a few of
them consider the longitudinal follow-up of motivation throughout the courses. The EVC Light
was applied to 245 undergraduate students from four universities. The Omega coefficient, scale
items intercorrelation, item-total correlation, and factor analysis are used to validate and measure
the reliability of the instrument. Confirmatory and exploratory factor analyses supported the
structure, consistency, and validity of the EVC Light scale. Moreover, a significant relationship
between motivation and student results was identified, based mainly on the Expectancy and Cost
factors.

Keywords: computer science education, social factors, higher education, student perception, mo-
tivation.

1. Introduction

The issue of failure and dropout in computing courses is still relevant to many research-
ers of the field of computing science education (Watson and Li, 2014, Bennedsen and
Caspersen, 2019). There are several papers that discuss the factors to the (sometimes
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high) unsuccessful rate, including specific factors from the computing area, such as
students’ difficulty with programming (Bergin and Reilly, 2005, Niitsoo et al., 2014)
and lack of familiarity with the computing contents (Carter, 2006). Another factor is
that even though freshmen students consider STEM courses as cross-disciplinary and
innovative, it frequently cause disappointment and doubt (Peters and Pears, 2013).

According to (Sinclair et al., 2015), more qualitative data and other measures (such as
the expectation of the student) are required for a broader understanding of the Computer
Science student. Another factor associated with the success and retention of students is
their motivation, i.e., the stimulus for the desire to learn something or to participate and
succeed in the process of learning. There is plenty of works that try to correlate and pres-
ent interventions to enhance them (Hulleman and Barron, 2016).

According to (Kori et al., 2016), low motivation to study is one of the reasons for
students to dropout. The lack of motivation can cause a strong discrepancy between po-
tential and actual success in learning. This explains why highly qualified students may
have poor performance, whereas students with average potential can be among the best
(Figas et al., 2013).

Few studies discuss the social factors and aspects to motivate students in comput-
ing courses and programs (Muioz-Organero ef al., 2010, Serrano-Camara et al., 2014,
Velazquez-Iturbide et al., 2017, Schoeffel et al., 2018, Tek et al., 2018). Related studies
that measure or consider motivational aspects to predict performance (or dropout) nor-
mally focus on measuring motivation only at one specific time (e.g. (Mufioz-Organero
et al., 2010, Gray et al., 2014)). To the best of our knowledge, there are no studies that
consider the change in motivation over time as a factor for predicting students’ per-
formance. Turner and Patrick (2008), for example, suggest that motivation researchers
should focus more on development and change in motivation—issues that are central to
fostering motivation to learn in the classroom, and that can be related to specific class-
room interactions and activities.

In order to evaluate whether the change in motivation has a significant variation in
students of introductory computing courses, we propose to measure weekly the motiva-
tion of students and, for this, a simple and quick instrument to apply was necessary. In
addition, the instrument needed to be consistent with learning motivation theories. In
this sense, according to (Brophy, 1983), the expectation-value theory is one of the most
understandable theories to perceive the motivation of students. Considering that the
EVC (Expectancy-Value-Cost) scale proposed by (Kosovich ef al., 2014) is based on
this theory and is one of the most simplified instruments for measuring motivation, we
initially adopted the EVC scale as an instrument for measurement.

However, although the original scale had only ten items, we found that the scale had
repetitive items and, for each factor, a different number of items. In addition, the scale
was created for basic science and mathematics subjects. We realized that these situations
could hinder the students’ understanding and the answers analyses. At this point, there-
fore, the hypothesis arose that the scale could be adapted to the context of computing
disciplines and reduced even more, maintaining the adequacy to the original theory and
reliability, besides reducing the application time, since the goal was to apply weekly to
a large number of students.
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In this context, this paper aims to present and validate a light instrument to measure
the student motivation. The validation uses data from a weekly measure from 245 com-
puting students. The paper also aims to confirm the relation between motivation and
student’s performance and propose to answer the following research questions (RQ):

e RQ1: How do underlying factors influence the responses to the items of the ques-
tionnaire?

e RQ2: Is there a relationship between students’ motivation and performance?

o RQ3: Is there a relationship between the weekly variation of motivation and stu-
dent performance?

The remainder of this paper is structured as follows, Section 2 presents a the-oretical
contextualization about student motivation and Section 3 describes the related works.
Section 4 describes the methodological procedures used and Section 4.1 detail the ques-
tionnaire proposed and its validation. Section 5 presents the results related to the use of
the instrument, Section 6 discusses the findings, and Section 7 concludes the paper.

2. Theoretical Background

Since the 50s, several theories of motivation have been created to explain what moves
people to act (Maslow, 1954, Herzberg, 1968). In the educational context, there are
various theories and models that try to explain and measure students’ motivation (Ec-
cles, 1983, Pintrich ef al., 1991, Tuan ef al., 2005, Appleton et al., 2006). According
to (Entwistle, 1998), the main findings of the existing research on motivation in higher
education describe motivation as: 1) the amount of effort put into activity and its goals;
ii) something that has some consistency, but it may change; iii) something that affects,
but it is also affected by the level of performance; and iv) something that appears in
contrasting ways.

According to (Brophy, 1983), among several theories of motivation, the Expectation-
Value (EV) is more comprehensible to understand students’ achievement motivation.
This theory proposes that motivation consists of two factors that predict the outcomes:
expectation and value, as the name suggests. The former reflects how much the student
believes he can succeed in a task (related to grades, for example), while the second re-
flects how the student perceives a given task as important and worth of be accomplished
(related to future interests, for example) (Eccles, 1983). In the EV theory, proposed by
(Atkinson, 1957), individual expectancies for success and the importance of the course
perceived by students are important determinants of their motivation to perform differ-
ent tasks (Wigfield, 1994). Based on EV theory, several researchers proposed models to
measure student motivation (Pintrich et al., 1991, Guay et al., 2000, Tuan et al., 2005,
Appleton et al., 2006, Martin, 2007). Likewise, Flake (2012) proposed a 36-items scale
including the factor cost, which can be defined as how much a student has to sacrifice
to engage in a task. Grays (2013) investigated the factor structure and longitudinal
invariance of a 16-items measure of motivation for coursework using the Expectancy,
Value, and Cost Scale (EVaCS) for incoming and mid-career college students. Later,
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Fig 1. Overview of the EVC scale proposed by (Kosovich et al., 2014).

(Kosovich ef al., 2014) created a brief 10-items scale to measure middle school stu-
dents’ expectancy, value, and cost for math and science. Fig. 1 summarizes the EVC
model proposed by (Kosovich et al.,2014).

In the EVC model, the essence of the expectancy component can be summarized in
one question: “Can I do the task?” When students believe that they can do something,
they are more likely to engage in that behavior (Barron and Hulleman, 2014). Similarly,
the essence of the value component is captured with the question: “Do I want to do the
task?” When students hold the belief that they value something, they are more likely
to engage in that behavior (Barron and Hulleman, 2014). At last, the cost component
reflects the negative aspects of engaging in an activity, such as perceptions of the effort
and time required to be successful, or negative psychological states such as struggling or
failing at the activity (Kosovich et al., 2014).

Students’ perceptions about themselves change during their college experi-ence, and
these perceptions are related to aspects of motivation (Benson et al., 2017). According to
(Turner and Patrick, 2008), it is only by unfolding patterns of how individuals change in
response to their contexts, and how these contexts change in response to individuals’ ac-
tions, that one can illuminate the development of motivation. Gillet et al. (2017) founded
evidence for a substantial level of within-person changes over time, suggesting that the
time interval was sufficient to study change at the individual level.

In order to repeatedly measure students’ motivation during the course time frame, the
practical scale proposed by (Kosovich et al., 2014) is adapted in this work. Besides that,
the original questionnaire is reduced and simplified from ten to six items, in order to ac-
celerate and simplify the process. This new scale proposal is named EVC Light.

3. Related Work

Some works in the literature discuss the concepts of computing students’ motivation.
However, most of them describe the use of methodologies or teaching tools. There are
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some works that propose scales/models to measure student motivation, but not exclu-
sively restricted to computing courses, such as, the Motivated Strategies for Learning
Questionnaire (MSLQ) (Pintrich ef al., 1991), the Students’ Motivation Toward Science
Learning (SMTSL) (Tuan ef al., 2005), the Academic Motivation Scale (AMS) (Valler-
and, 1992), and the Student Experience Survey (SES) (Whiteley et al., 2015).

The MSLAQ is a questionnaire based on a cognitive vision of motivation and learn-
ing strategies (Pintrich et al., 1991). This questionnaire consists of two sections: i) the
first with 31 items to evaluate the student’s values, expectations, and effect; and ii) the
second section has 31 items to evaluate the use of different cognitive and metacognitive
strategies by students, in addition to 19 items to evaluate the management of different
resources by students. Moreover, the SMTSL is a questionnaire to measure the motiva-
tion of students for learning science (Tuan ef al., 2005). It consists of 36 questions di-
vided into five groups: i) effectiveness — belief in their ability to perform activities well;
i) active learning strategies — the use of various strategies to build new knowledge
based on prior understanding; iii) value of learning science — finding the relevance of
science in everyday life; iv) performance objectives — compete with other students and
gain attention from the teacher; and v) stimulating learning environment — curriculum,
faculty, and student interaction.

Besides, the 1’Echelle Scale of Motivation in Education (EME) was developed in
French by (Vallerand et al., 1989). This scale is composed of 28-items divided into:
1) intrinsic motivation; ii) extrinsic motivation; and iii) amotivation. EME was subse-
quently translated into English, originating the AMS (Vallerand, 1992).

At last, the SES, also known as University Experience Survey, was created to mea-
sure the level of engagement and satisfaction of first and last year students at Australian
universities (Whiteley et al., 2015). It consists of five groups of questions: student
engagement, teaching quality, learning resources, student support, and skills develop-
ment. Despite the importance given to the motivation and engagement in the success of
students, few works in this context were found in the area of Computing.

In this context, a systematic mapping of literature identified 32 relevant studies
(Schoeffel et al., 2018). However, little bit more than half of the studies (53%) use
some of the models/protocols previously proposed in the literature. Only two models/
protocols were used in more than one study (two, to be specific). The other thirteen
studies were based on thirteen different models/works, meaning that there is no reuse of
tools regarding the measurement of motivation in the computing field. This reinforces
the need of a validated instrument, for instance, the one proposed in this paper.

Furthermore, all mapped works are restricted to the measurement at a particular
time, thus not covering the possible changes of motivation during the entire time frame
of a course. The uniqueness of this work is the adaptation of the EVC Model (Kosovich
et al.,2014), to simplify and to allow the longitudinal application of a scale, to measure
student motivation in introductory computing courses. Despite the possibility of using
it in all courses, the focus of this work and the scope of validation is restricted to the
introductory computing courses due to their particularities and history of high dropout
and failure rates (Medeiros et al., 2019).
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4. Methodology

This work validates an instrument to measure motivation in computing students across
introductory courses, based on the EVC Model (Kosovich et al., 2014). In order to per-
form an evaluation of the questionnaire, a case study was conducted as it is presented
in Fig. 2.

As it is shown in Fig. 2, the first step is the construction of the instrument, which
is related to the definition of the study and the questions to be included in the ques-
tionnaire. The next step is related to the data collection. Here, the following steps are
taken: i) apply the instrument to computing students; and ii) collect and organize data
from case studies. The experiment involved 245 undergraduate students from tradition-
al courses (face-to-face courses, not online learning) belonging to four undergraduate
programs. The third and fourth steps are related to the instrument validation and data
analysis. Internal consistency reliability (Omega coefficient), and the convergent and
discriminant validity (intercorrelation of the scale items) of the instrument are eval-
uated. Moreover, to test the congruence between the theoretical and observed scale
structure, a Confirmatory Factorial Analysis (CFA) was performed. CFA allows for the
assessment of the fit between observed data and a priori conceptualized, theoretically
grounded model that specifies the hypothesized causal relations between latent factors
and their observed indicator variables (Mueller and Hancock, 2001).

To analyze the adjustment of the data to the previous models, the Comparative Fit
Index (CFI), Root Mean Square Error of Approximation (RMSEA), and Standardized
Root Mean Square Residual (SRMR) indicators were analyzed from CFA. The CFI is
an incremental adjustment index, which considers the complexity of a model, compar-
ing the model under study with a more restrictive one, which does not specify relation-
ships between variables. The CFI compares the discrepancy between the data and the
most restrictive hypothetical model (Hu and Bentler, 1999). The values of RMSEA
measure the discrepancy or adjustment error of the sample matrix under study and
population covariance. The SRMR index roughly assesses the average standardized
discrepancy between observed and model-implied variances and covariances, that is,
it is a measure of the average of unexplained correlations in the model (Mueller and
Hancock, 2001).

Instrument

Construction Results

Instrument
validation

[6) =
(O] e u]
em
EVC Light

-Study goals
-Definition of the questions
-Expectancy, Value and Cost (EVC)

Fig 2. Methodology overview.
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For the data analysis of the relationship between the motivation index and students’
performance, it was used ANOVA and contingency table using Pearson correlation. The
last step is related to the interpretation of the results.

4.1. Instrument Construction

To create the proposed motivation scale, it was built a questionnaire based on the EVC
practical scale proposed by (Kosovich et al., 2014). The original scale was created to
measure the motivation of basic education math and science students. The EVC scale
has ten items divided into three factors: expectation, value and cost. The proposed EVC
Light scale maintains the original factors, but reducing the number of items and chang-
ing the description of the items to be more generic and cover any subject. Some items of
the instrument were joined, because we understood that they were very similar, would
not bring additional information and can cause confusion for the students. For example,
the items “I believe that I can be successful in my class” and “I am confident that I can
understand the material in my class” were grouped into a single item “I am confident that
I am going to learn the content and have success in the course”, as shown in Fig. 3.

EVC Light (proposed) Practical EVC scale
(original)

I believe that I can be successful
>~‘ in my [math or science] class
O Ttem 1 - I'm confident that I'm
= going to learn the content and  |—

N have success in the course 1 am confident that I can
3 understand the material in my
U [math or science] class
Q_‘ Item 4 - I am understanding I know I can learn the
>< and learning the course  |—-— material in my [math or
lessons science] class
Item 2 - I think that the course 1 think my [math or science]
(5} lessons are useful for the program class is important
p— .
[+ __|T'value my [math or science]
class.
Item 5 - [ am understanding the
importance of this course in the {—|
program
|| Tthink my [math or science]
class is useful
My [math or science]
—1 classwork requires too much
Item 3 - The course requires a lot] time
of time and T am having to give [—|
up doing other activities I have to give up too much to do
L well in my [math or science]
-y
W class.,
( ’ Becaunse of other things that T do,
] I don’t have time to put into my
Item 6 - I am not getting time [math or science] class.
to dedicate myself to this  |—
Sourse I’m unable to put in the time
L—{needed to do well in my [math or|
science] class

Fig 3. Relation between original EVC scale and EVC Light.
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Each factor consists of two items, as shown in Fig. 3. The new scale is called EVC
Light. It is important to note that reducing the scale from 10 to 6 items further simplifies
the questionnaire, easing the weekly evaluation.

Although the scale is created for introductory computing disciplines and validated
with students of these disciplines, it is generic and can be used in any context. However,
we emphasize that validation occurred only in the context of computing courses in un-
dergraduate programs.

The questionnaire was written in Portuguese and it contains the items described in
Fig. 3 that also shows the relation between the original practical EVC Scale and the pro-
posed EVC Light scale. Each possible answer has 5-option Likert-scale item.

4.2. Data Collection and Context

In total, 245 students from four different universities (two publics and two private) from
Brazil answered the instrument weekly during the first and second semester of 2018
(see Table 1). In the first semester, it was conducted a pilot in three classes from one of
the universities. In the second semester, the experiment was expanded to other courses,
programs, and universities.

The instrument was applied to the same classes during 18 weeks of the course. In
most cases, students answered an online questionnaire at the end of each of the weekly
classes. The courses of the first semester were conducted by three different teachers,
one for each course. The courses of the second semester were conducted by six different
teachers.

Ao final do semestre foram coletadas as notas de cada aluno em cada disciplina,
para fazer as analises e correlagdes. At the end of each semester, we collected the grades
of each student in each course to perform the analyses and correlations.

Table 1

Participants by program and university

University ~ Course Period Students
A Introductory Programming 20181 53
A Programming I 20181 21
A Programming II 20181 38
A Introductory Programming 20182 47
A Programming I 20182 17
B Algorithms 20182 30
C Algorithms and Programming 20182 16
D Algorithms and Programming Techniques 20182 24

2

The courses “Introductory Programming”, “Algorithms”, “Algorithms and
Programming” and “Algorithms and Programming Techniques” are distinct
names but similar to CS101.
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4.3 Instrument Validation

The internal consistency of the questionnaire was measured by calculating the Omega
Coefficient (McDonald, 2013), which measures the reliability of the multidimensional
questionnaire. The Omega total coefficient was satisfactory (0.90), considering the
three original factors. To confirm the appropriateness of the EVC theory for the sample,
it was used Confirmatory Factor Analysis (CFA) (Mueller and Hancock, 2001). For
the purpose of analyzing the fit of the data, comparisons were made with four different
models, as performed in (Kosovich et al., 2014). Table 2 presents the analysis of the
following models:

e Model 1 — tests a one-factor structure in which all of the items represent a (Mo-
tivation);

e Model 2 — tests an additional two-factor structure with an Expectancy factor, and
a combined value-cost factor (Eccles, 1983);

e Model 3 — tests a two-factor structure in which expectancy and value form a single
factor (positive motivation), and Cost as a separate factor; and

e Model 4 — tests a three-factor structure with distinct Expectancy, Value, and Cost
factors as proposed by (Kosovich ef al., 2014).

According to (Brown, 2015), CFA is almost always used in the process of scale
development to examine the latent structure of a test instrument. CFA verifies the num-
ber of underlying dimensions of the instrument (factors) and the pattern of item-factor
relationships (factor loadings). CFA can give the investigator valuable information re-
garding the fit of the data to the specific, theory-derived measurement model (where
items load only on the factors they were designed to measure), and point to the potential
weakness of specific items (Mueller and Hancock, 2001). (Hu and Bentler, 1999) con-
sider that the CFI value must be greater than 0.95, RMSEA values below 0.06 indicate
a good fit, and a cutoff value of SRMRclose to 0.08 or less. The CFI value of three-
factor EVC model was 0.988, indicating a good adjustment of the data to the model.
The RMSEA for the model 4, presented in Table 2, indicates a good adjustment for the
proposed scale (RMSEA = 0.057, P-value < .05), which means that the RMSEA does

Table 2

Confirmatory factor analysis of models

Model x? df RMSEA  CFI  SRMR  P-value
Model 1! 86245 9 0.34 0.57 0.17 <.001
Model 22 61839 8 0.30 0.70  0.17 <.001
Model 3° 39832 8 0.24 0.81 0.10 <.001
Model 4* 2939 6 0.07 0.99 0.01 <.001

" the one factor model

2 two-factor model of expectancy versus Eccles’s value
3 two-factor model of positive motivation versus cost

4 three-factor EVC model
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not reject the proposed model. The value of the SRMR index of the EVC model was
0.014, showing a satisfactory adjustment.

In order to detail the evidence of the convergent and discriminant validity of the
items of the questionnaire, intercorrelations of the items were calculated. If the correla-
tion coefficient is greater than 0.29, it is considered medium correlation, and greater
than 0.5 is considered high correlation (Cohen, 1988). Table 3 shows all correlations
between the factors groups. The degree of correlation between the items determines the
degree of convergent and discriminant validity. The expectation and value factors have
an average correlation, and the correlations within each factor are strong (bold values
in the Table 3), indicating the presence of three factors. To confirm that, an Exploratory
Factors Analysis (EFA) was performed to identify the number of factors (quality factors
or dimensions) that represents the responses of the six items of the questionnaire.

Following the Kaiser-Guttman criterion (Kaiser, 1956), the results show that three
factors should be retained, explaining 74.00% of the data. Fig. 4 shows the eigen value
for each factor number (representing each item) for Principal Components and EFA. In
order to identify the factor loadings of the items, the Varimax with Kaiser Normalization
rotation method was used, because it is the most widely accepted (Cohen, 1988). Table 4
shows the factor loadings of the items associated with the three retained factors. The
highest factor loading of each item, indicating to which factor the item is most related,
is marked in bold. The Chi-Square statistical test proves that three factors are sufficient
(P-value <.05).

Table 3

Intercorrelations of the Item

Item itl it4 it2 it5 it3
Expectancy itl -

it4 0.701 -
Value it2 0.465 0421 -

it5 0.392 0.421 0.691 -
Cost it3 -0.208  -0.277  -0.018 -0.036 -

it6 -0.244  -0293  -0.075 -0.078 0.677

r Expeclancy —r::_:::ji{
4 ﬂ Item 4

6
UON e e ez

{ Cost ~ *{ Item 3

Fig 4. Factor analysis of adjusted questionnaire.
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5. Results

Table 4
The Factor Loadings

Item Factor 1 Factor 2 Factor 3
itl 0.210 0.956 -0.121
it2 0.650 0.367 -

it3 - -0.103 0.862
it4 0.318 0.659 -0.220
it5 0.985 0.158 -

it6 - -0.146 0.768

5.1. Motivation versus Performance

101

The relation between student motivation and student performance was analyzed by the
ANOVA method (see Table 5). This table presents the variance of the average of the
motivation indexes (see Equation 4) according to the final student’s status in the course
(success or fail). Indexes presented in equations (1), (2), (3), and (4) are converted to
values between 0 and 1. The item 1 to item 6 make reference to the answers to the items
shown in Fig. 4. EI, VI, CI, and EVC Index refers to Expectancy, Value, Cost, and
Expectancy-Value-Cost indexes, respectively.

[ = iteml + item4 — 2

12
! item2 + item5 — 2
h 12
; item3 + item6 — 2
a 12
Table 5
The Relation Between Motivation Factors and Status
Factor Status Mean SD n P-value
Expectancy Success 0.800 0.187 127 <.0001
Fail 0.686 0.227 118
Value Success 0.860 0.171 127 9950
Fail 0.860 0.197 118
Cost Success 0.450 0.268 127 .0250
Fail 0.532 0.303 118
EVC Index Success 0.737 0.147 127 .0007
Fail 0.671 0.153 118

M

@

3
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Table 6

The Relation Between Motivation Factors and Grade

Factor Grade Mean SD n P-value
Expectancy A 0.837 0.193 41 <.0001
B 0.800 0.185 69
C 0.733 0.155 30
D 0.676 0.234 105
Value A 0.882 0.138 41 .3830
B 0.843 0.195 69
C 0.903 0.133 30
D 0.851 0.204 105
Cost A 0.364 0.252 41 .0074
B 0.479 0.280 69
C 0.575 0.258 30
D 0.521 0.302 105
EVC Index A 0.785 0.146 41 .0003
B 0.721 0.142 69
C 0.689 0.124 30
D 0.669 0.158 105

(EI+VI+Ch+1
EVCIndex = 3

Q)

The results confirmed the relation between motivation and final status (success or
failure), showing that successful students have greater motivation index. Furthermore,
unsuccessful students have significantly lower expectancy indexes and higher percep-
tion of the course cost.

It was also analyzed the variation of the motivation indexes according to the stu-
dent’s final grade level, using the ANOVA method (see Table 6). As expected, one can
perceive a positive relationship between the index of motivation and student perfor-
mance. In general, as better is the student final grade as higher is his/her motivation
index. Additionally, students with lower grades also have lower expectancy indexes and
higher perceived cost. On the other hand, it was not possible to identify the significant
variation of the value factor neither with respect to the student’s status nor to the level
of the grade. One can see that the students’ performance had a significant variation com-
pared to the levels of expectancy and cost. However, the value factor has no significant
variation compared to the performance.

5.2. Motivation During the Course Time-Frame

To identify the variation in motivation over the semester of the course, the t-student test
was used to analyze the significance of the difference between the motivation indexes
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for each week. In general, it is possible to see a small variance, negligible. For the few
situations with significant variance, there were divergent results. For example, in one
week, the index variation is positive, and in another one it is negative. To calculate the
variance, the difference between the subscales indexes of each week was analyzed (see
Fig. 5). The analysis showed significant variation only between week three and week
two (P-value = .046) and between the end of the course and week four (P-value =.003).
Both variations were positive.

To analyze the variance in student success, the results of successful and failed stu-
dents were compared. No significant differences or any relevant pattern in the variation
was found. The correlation between the weekly indexes of motivation and the final
grade of the students was also analyzed (see Fig. 6). It was identified a medium correla-
tion (0.29 to 0.50) between subscales expectancy and cost and the final grade, mainly
in the two first weeks and after the eighth week. To better illustrate this correlation, Fig.
7 shows the correlation between expectancy and the final grade in the first week. Simi-
larly, it was analyzed the evolution of the motivation indexes over the weeks and the

0,1500

0,1000

0,0500

0,0000

Motivation indexes

-0,0500

0,1000

-0,1500

Week Diff

==Ebxpectancy —=Value ——Cost EVC

Fig 5. Variation in the motivation indexes (all students).
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0,4000

G s1 s2 53 s4 End
-0,2000 __//\
—"“M

-
“\\

-0,4000 / -

\// \\\

-0,6000

Week

—cost expect perception value

Fig 6. Correlation variation between motivation and final grade.
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expectindex

Fig 7. ScatterPlot of the correlation between “expectancy” and the final grade in the first week.

variance according to the students’ final status (success or fail). The analysis identified
that there is a significant difference in the subscales expectancy and cost, especially in
the two first weeks and after the fifth one.

Table 7 shows that the expectancy decreases significantly after the fourth week,
mainly in the case of students who failed. The value factor does not change significantly
between failed students and successful students, but it also decreases after the fourth
week. About the cost factor, successful students do not change their perception. How-
ever, failed students decrease their cost perception between the first and fourth week,
increasing after the fourth week. This variation is possibly related to the moment of the
first assessment.

Table 7

Relation between motivation factors and status by week

Expectancy Value Cost

Week Status Avg P-value Avg P-value Avg P-value

1 Success 0.877 <.0001 0915 235 0.439 .007
Fail 0.687 0.875 0.603

2 Success 0.760 .055 0.846  .893 0.405 .001
Fail 0.690 0.851 0.552

3 Success 0.790 .166 0.847  .065 0.436 142
Fail 0.745 0.901 0.504

4 Success 0.828 .010 0.909  .897 0.438 224
Fail 0.689 0.913 0.542

Others  Success 0.722 <.0001 0.823  .667 0.455 <.0001

Fail 0.557 0.809 0.604
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6. Discussions

The analysis also helped to state that the instrument is consistent and reliable, according
to the Omega coefficient. Moreover, the factor analysis confirmed the convergence and
discriminant validity between items, considering three distinct dimensions: expectancy,
value, and cost. This indicates that the EVC Light scale can be used to measure motiva-
tion in the context of students of introductory computing courses, considering the factors
expectation, value, and cost. A reduced scale facilitates the application, especial-ly if it
is performed repeatedly.

e RQ1: How do underlying factors influence the responses to the items of the ques-
tionnaire?

The experiments confirmed the fit of data to the EVC model, indicating three dimensions
that influence the responses. However, a medium correlation was found between the ex-
pectation and value factors, in addition to a low variation in the value factor among stu-
dents. This partially corroborates with the findings of (Mitchell et al., 2000) that claim
that students with strong motivation for studying a subject perceive more clearly the
amount of practical work involved (cost factor) and their final grades (expectancy fac-
tor). Contrarily to the results presented in the current paper, the authors say that strong
motivation leads to a more positive perception of the subject and the clarity that it matter,
paying due attention to the course (value factor).

e RQ2: Is there a relationship between student motivation and student perfor-
mance?

Yes. There is a relation between motivation and performance of students, specially in
the first two weeks. It was also identified that expectancy and cost factors had signifi-
cant variation depending on performance. In the context of programming courses, these
findings corroborate previous results from (Bergin and Reilly, 2005), where the authors
found that intrinsic motivation has a strong correlation with performance. In a wider
scope survey, (Afzal et al., 2010) positively related both extrinsic and intrinsic motiva-
tion to students’ academic performance. The results also endorse (Alipio, 2020) research,
who conducted a large survey (12,452 college freshmen on 70 different high schools)
to verify the connections between psychological factors, expectancy-value beliefs, and
academic performance. He says, “academic overload (cost factor) affect negatively on
expectancy-value beliefs and academic performance, while expectancy-value beliefs
had a positive influence on academic performance” (Alipio, 2020).

e RQ3: Is there a relationship between the variation of motivation and student per-
formance?

Although there is a correlation between motivation over time and students’ performance,
no significant difference between the weekly variation of the motivation indexes and the
students’ performance was found. It was identified that there is a significant difference in
the subscales “expectancy” and “cost”, especially in the first and after the fourth week.
The expectancy decreases significantly after the fourth week, mainly for students who
have failed later.
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The value factor does not change significantly between failed and successful stu-
dents, but it also decreases after the fourth week. About the cost factor, successful stu-
dents do not change their perception over the course. However, failed students decrease
their cost perception between the first and fourth week, and then increased.

It was identified that, in general, students strongly perceive the importance of the
course in the curriculum (value factor), also discussed by (Mitchell ez al., 2000), but
the expectancy of the successful student in the course gradually decreases throughout
the semester. On the other hand, the perception of the effort required for the course
is relatively high, increasing even more in the fourth week of the course. Thus, it is
possible to assume that students demotivate from the introductory computing courses,
mainly due to the level of difficulty encountered. Soh et al. (2007) also encountered
that students demotivate from the beginning to the end of the course. For instance, in
the researched sample of this paper, only 17% of the students already knew computer
programming before entering the course and less than 24% had computation in basic
education. Still, almost half of the students (48.8%) assume they have regular or poor
performance in mathematics. Similarly, (Gomes, 2010) identified that the personal
perception of capacity and accomplishment has a relationship with the performance
of the programming students. This result corroborates the results found here, where
a strong relationship between the expectancy and performance of the students was
perceived.

A good starting point to think about how to act to enhance motivation during the
semester is to follow (Hulleman and Barron, 2016) suggestions. The authors suggest
a variety of works to target motivations interventions into four areas that motivates stu-
dents into classrooms: expectancy and control beliefs, interests and values, goals, and
the psychological costs of engaging in academic tasks.

There are other aspects to be researched in order to understand the impact on moti-
vation, such as, students’ interaction inside the learning management system (Macarini
et al., 2019, Mufioz-Organero et al., 2010), and pre-university factors (Schoeffel ef al.,
2017). All these findings indicate that one can use the EVC Light scale to identify at-
risk students according to their motivation since the first few weeks of their enrollment.
This can be done by applying machine learning algorithms using the motivational fac-
tors as input to make predictions of student outcome or performance.

It was observed that the results in the first few weeks tend to have similar behavior
during all weeks of the semester. A positive aspect of the instrument is to allow iden-
tifying motivation or lack of motivation and, consequently, students at-risk of failure
since the first weeks of the course. Another positive aspect is the simplicity of the
instrument, which can be applied in few minutes. The instrument consists of a simple
questionnaire that needs only six responses in a Likert scale, which greatly simplifies
its application in class and it seems to be less costly than other models.

It is important to note that there is still an open question about the perceived costs
that is whether to consider multiple kinds of costs in the research (Perez ef al., 2019),
since (Eccles, 1983) presented three kinds of costs in their paper (effort, opportunity,
and psychological costs). So far, those results were expected, because previous experi-
ments already proved the relation between student expectancy and performance (Afzal
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et al., 2010, Bergin and Reilly, 2005, Alipio, 2020). However, the variation along the
weeks is not significantly different between students with higher performance from
those with lower performance. With these results, it is possible to accept the null hy-
pothesis that there is no correlation between motivation variation and performance of
freshmen computing students.

7. Conclusions

This paper evaluated a new instrument to assess students’ motivation in computing
courses. The goal was to create and to validate a simple and easy to apply scale, in order
to identify students at-risk of failure. The EVC Light scale, adapted from (Kosovich
et al., 2014), proved to be consistent and valid. It contains only six questions about
expectancy, value, and cost factors. The CFA analysis showed the EVC Light scale
measures satisfactorily the same constructors than the original scale. The validation
of the scale indicates that it is possible to measure student motivation, based on the
expectation, value and cost components, using a smaller scale than that proposed by
(Kosovich et al., 2014). A smaller scale speeds up and facilitates the application of the
instrument, especially if the objective is to measure frequently, and if the scale is ap-
plied repeatedly. Thus, EVC Light is an instrument that can periodically provide input
data about motivation for further usage by machine learning algorithms, for example,
to predict students at-risk of failure.

The results of experiments performed with 245 computing students also showed
that motivation indexes had a significant relation to student performance (status and
final grade), mainly related to the expectancy and cost factors. In general, students with
better results have a greater expectancy and lower perception of course cost, in first few
weeks of their enrollment. On the other hand, the weekly variation in motivation was
not significant. This has a positive aspect, because from the first weeks the measured
motivation can use to predict the performance of students and, with this, identify previ-
ously students at risk. However, it also has a negative aspect, because it was not pos-
sible to identify specific moments or pedagogical strategies that may affect the motiva-
tion of students of introductory computing courses. One hypothesis for this is that the
value factor (importance of the course) is high from the beginning and has little varia-
tion, that is, students understand, as expected, that course is important for the program.
The expectation is high at the beginning of the course, as opposed to the perception of
cost, which is lower. This is possibly due to more complex content not have started and
the cost changes over the weeks, possibly due to increased complexity and application
of assessments. At the end of the course, the expectation returns to rise moderately, pos-
sibly because the students are already safer and some have given up along the way. This
inverse correlation of the expectation and value aspect causes the motivation indexes to
do not have a significant variation over the weeks. With these data, we can assume that
the increase in the complexity of the subjects and the load of activities can be important
factors to maintain the high motivation of students of introductory computing courses
and, consequently, increase success and retention rates.
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There are some threats to the validity of this research: 1) the limited number of par-
ticipants; ii) other factors not considered in the study that may have affected the results,
such as pre-university factors (knowledge in programming, performance on Math, taste
for Informatics, etc.) or out class factors (health problem, job change, etc.); and iii) the
student self-assessment allows bias in responses according to the student’s current state
of mind. It is also important to conduct more and new studies to better assess the impact
of motivation variation on the students’ performance, and to investigate why the rela-
tion between value perceived and performance is not significant.

Hulleman and Barron (2016) present different kinds of works to make interventions
in education to enhance learning outcomes. For example, there are a num-ber of works
focused on the improvement of the confidence of the students in learning and achieve-
ment in a specific academic context, or how students can engage in some aspects of the
academic tasks (cost factor). Future work should check initial assumptions to justify the
reasons there is no variation in the motivation indexes over time. It is also important to
conduct more and new studies to investigate why the relation between value perceived
and performance is not significant. Furthermore, there are other attributes besides mo-
tivation that can be evaluated, such as professor perception, LMS interaction, and pre-
university factors. At last, the use of machine learning predictors to identify students
at-risk of failure based on students motivation over time is another possibility.

Future work will evaluate other attributes besides motivation, such as professor
perception, Learning Management System (LMS) interaction, and pre-university fac-
tors. Moreover, the use of prediction techniques to identify students at-risk of failure
based on those attributes is also considered. At last, interviews with outlier students
will be conducted to understand behaviors out of patterns, to aim to improve the pres-
ent method.
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