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Abstract: This paper presents the development of a questionnaire that was used to assess 
the effects of an algorithm learning tool on the motivation for learning computer science 
among high school students. The questionnaire was also designed to determine certain 
motivation components for learning introductory computer science topics, particularly, 
algorithms. It was conducted among the students of a specialized science and technology 
high school in Japan for whom the algorithm learning tool was designed. Based on the 
students’ response to the questionnaire, there was an increase in their motivation level after 
using the learning tool. Using exploratory factor analysis, four motivation components 
were extracted and using confirmatory factor analysis, the construct validity of the revised 
questionnaire was proven. The relationship of the derived motivation components with the 
algorithm test performance of the students was also examined. 
 

 
 
Introduction 

 
Integration of computer science education in the secondary school curriculum has spread widely in the last 

decade (CSTA, 2005) and is considered beneficial for those who plan to pursue computing and technology related 
degrees (Sabin, et al, 2005). In connection to this, there is a need to address the issues on learning motivation and 
performance of high school students of computer science (CS), particularly, algorithms, through the use of 
instructional tools. This is in agreement with the ACM Computing Curricula’s proposition that a good foundation on 
algorithms and their implementation is necessary to gain programming skills and advanced CS concepts (ACM, 2001). 

 In Japan, a specialized science and technology high school offers several course tracks for students which 
provide training for their desired course in the university. One of these tracks is the Information Systems Course. The 
students of this track follow a computer science oriented curriculum, which is intended to prepare them for a 
technology and computing related degree. Due to some learning and motivation issues, an algorithm learning tool was 
designed for and was used by these students. Along with it, a questionnaire that would assess the effects of the tool 
on the motivation of the students was developed. The questionnaire was also used to determine certain motivation 
components for learning introductory computer science. This is in line with the goal of building a model that relates 
motivation components and learning performance. 

The topic of this paper on learning motivation is just a part of a graduate research work, which involves the 
design and use of an algorithm tool intended for high school students of introductory computer science. Hence, this 
article focuses only on the design, revision and validation of a questionnaire on motivation designed for this study. A 
brief background on learning motivation and the pre-existing instruments on motivation that were used as bases for 
the questionnaire are provided in the next section. The third section discusses the research design and the fourth section 
presents the results of the experiment and data analyses, followed by the last section on conclusion. 

 
Learning Motivation 

 
Motivation is defined to be the internal state that arouses, directs and sustains goal-oriented behaviour. Glynn 



and Koballa used this definition when they developed the Science Motivation Questionnaire. Their questionnaire 
consists of items that look into the motivation of the students to learn science in college courses, the relationship of 
motivation to other student characteristics, and the interaction of motivation with instructional methods (Glynn, 
Brickman, Armstrong, & Taasoobshirazi, 2011). Distinctively, Bandura (2001) proposed that motivation for learning 
has its roots in the social cognitive theory, which states that human functions are influenced by three factors: person, 
environment and behavior.  
 As use of technology in learning such as e-learning, online learning, and mobile learning, continue to increase 
there is also a need to define and apply the basic principles of learning motivation to these environments. John Keller 
examined the issues on motivation in relation to e3-learning, describing a set of principles of learning motivation and 
illustrating how these principles can be incorporated in e3-learning programs (Keller, 2008). In this study, a 
questionnaire was developed in order to evaluate motivation in relation to using a web-based instructional material. 
The items of the questionnaire were based on two established questionnaires on learning motivation presented below. 
 
Motivated Strategies for Learning Questionnaire 
 The first questionnaire on motivation used as basis in this study is the Motivated Strategies for Learning 
Questionnaire or MSLQ, developed by the team of Pintrich. Designed to be used by researchers, instructors and 
students, MSLQ is used to examine the aspects of student motivation and how students use learning strategies in a 
specific course (Artino, 2005). Its development began in the 1980s until the final version came out in 1990 after a 
series of data collection and analysis (Pintrich & DeGroot, 1990). 
 There has been a number of ways the MSLQ questionnaire was used, one of which is to “Evaluate the 
motivation and cognitive effects of instructional interventions, including different course structures and various 
educational technologies such as online learning and computer-based instruction” (Duncan & McKeachie, 2005). 
MSLQ has also been used in a study that looked into the use of self-regulated learning strategies on the achievement 
and motivation of students doing a computer-based course (Eom and Reiser, 2000).  
 For this study, MSLQ was used as a pattern for the questionnaire that was designed to assess if an algorithm 
learning tool, as an online learning and computer-based instructional intervention, has some effect on the motivation 
of the students.  
 
The ARCS Model 
 The other items of the questionnaire on motivation developed for this study are based on the ARCS model. 
The ARCS model, which has four categories, namely, Attention, Relevance, Confidence, and Satisfaction, is a learning 
model that aims to stimulate and sustain motivation among learners. It was introduced in 1979 by John Keller through 
his first principles of motivation to learn, which were later expanded to include a more holistic theory of motivation 
and became what is known as the ARCS model (Poulsen, Lam, Cisneros, & Trust, 2008). ARCS has been used in a 
number of e-learning systems such as motivational adaptive CAI, reusable motivational objects (RMOs), animated 
pedagogical agents, and learner motivation in blended learning (Keller, 2008).  

In Japan, the ARCS model has been widely used since its introduction into the Japanese research community 
in 1987. The group led by Suzuki reported the 34 research studies conducted in Japan that have incorporated Keller’s 
ARCS model (Suzuki, Nemoto, & Goda, 2010). One study that used ARCS in a learning motivation model for a 
programming language learning environment was carried out by the group of Yamakawa (2010). Another study, which 
used the ARCS model, proposed the Systematical Information Education Method (SIEM) in teaching a Java 
programming course with the goal to enhance programming education and to evaluate students’ motivation (Dohi, 
Miyakawa, & Konno, 2005). 

 
Research Design 
 
  As already mentioned, the study presented in this article focuses on the development of a questionnaire that 
was used to find out the effects of an algorithm learning tool on the motivation of the students. The primary objective 
for creating the learning tool is to have an instructional aid that can enhance the performance and motivation of the 
students of the Information Systems course in a science and technology high school in Japan. However, the effects of 
the tool on learning is not within the scope of this paper. The main objective of the study discussed in this paper is to 
determine certain motivation components and their corresponding items that can be used to assess the motivation for 
learning computer science, particularly algorithms. A sub-objective is to find out which among the motivation items 
correlate with the algorithm test performance of the students. This is in relation to the goal of constructing a model 
that relates motivation components and algorithm test performance.  
  In line with the above objectives, this study would also like to know how the questionnaire can be improved 



and validated to better assess the learning motivation of the students. In order to address each objective, the following 
questions for analysis were formulated: 

1. Are the scales and items chosen for the motivation questionnaire appropriate for evaluating the motivation of 
the students? 

2. How can the motivation questionnaire be improved and validated to better assess the learning motivation of the 
students?  

3. Is there an improvement in the learning motivation of the students after using the algorithm learning tool?  
4. Is there a relation between the posttest performance and motivation of the students after using the learning tool?   

 The details on how these questions were answered are discussed in the following subsections on the algorithm 
learning tool, the evaluation instruments used, the student participants, and the procedure and statistical methods used 
for data analysis. 
 
Algorithm Learning Tool 

The algorithm learning tool was primarily designed for high school students who are in an introductory 
computer science course. The learning tool offers online lecture notes and animations of four basic algorithms, Linear 
Search, Binary Search, Bubble Sort and Selection Sort. These algorithms were chosen because they are included in 
the curriculum of the participating high school. The other algorithms included in the school’s curriculum were not yet 
included in the design of the learning tool but may be incorporated in its future improvements or extension. The 
animations were based on Algorithm Visualization (AV) technology (Shaffer, et al., 2010) but was specifically 
designed to suit high school level unlike most AVs that were made for university students. The tool’s algorithm 
visualization offers input control, pseudocode display and an algorithm simulation field. The lecture notes, written in 
both English and Japanese, include descriptions, pseudocodes and illustrations of the algorithms designed for novice 
learners.  
  One aspect of AV considered in this study is “engagement”, a factor which was suggested to make AV 
educationally effective (Naps, et al., 2002). The “engagement” taxonomy that can serve as a framework in determining 
the pedagogical effectiveness of AV (Rößling & Naps, 2002) was considered in the design of the algorithm learning 
tool. The learning tool offers two levels of engagement, “viewing” and “changing”, thus, two types of visualizations 
are provided, one which allows both viewing and changing by providing more input options and control to the user 
(AlgoVis1) and another which only allows viewing and has limited input options and control (AlgoVis2). These two 
types of AV mainly differ in the input and execution control options but share most of the major features of the 
algorithm animation or simulation. The differences in the use of the two AV types, however, is not covered by this 
article. Figure 1 is a sample screenshot of the Selection Sort visualization for AlgoVis1.  

 
 

Figure 1: Screenshot of the Selection Sort visualization for AlgoVis1. 



Evaluation Instruments 
 Two of the evaluation instruments developed for this study are discussed in this paper, the questionnaire on 
learning motivation and the written test on algorithm. However, more focus is given to the motivation questionnaire. 
There is also a questionnaire that was used to assess the design of the algorithm learning tool but that is not tackled in 
this article.  
 Two sets of questionnaire items on motivation, one based on the MSLQ and the other on the ARCS model, 
had to be initially designed and were conducted among the student participants in the pilot stage of the study. The 
items from the two sets were later combined to revise the questionnaire. The revised version was the one conducted 
in the validation stage of the research. The analysis of the responses of the students to the initial sets of questionnaire 
items and the revision-validation stage of questionnaire development are discussed in the Results and Discussion 
section of this article. 
 The first set of questionnaire items is composed of thirty (30) items that were patterned after the MSLQ. Two 
questions were formulated for each of the 15 subscales of the MSLQ. The other set of questionnaire based on the 
ARCS model has a total of 12 questionnaire items or 3 questions for each of the four categories of the model. All 
questionnaire items were written in both English and Japanese and were reworded to address the learning and 
motivation issues of students in an introductory computer science course. The students responded to the items using 
the following Likert rating scale: 5-Strongly Agree, 4-Agree, 3-Neither agree nor disagree, 2-Disagree, 1-Strongly 
Disagree. 
 A written test on algorithm was also designed for this study. The test, which covers conceptual and procedural 
test items on the four algorithms included in the tool, is composed of three parts: identification, code completion and 
code simulation. Each part is equivalent to 10 points so the maximum test score is 30 points. The same test was 
conducted before and after the special lecture on algorithms during which the students used the learning tool.   
 
Participants   
  Non-probability purposive sampling was used (Patton, 1990) in choosing the subject participants for this 
study. The participants belong to the Information System course track in a science and technology high school in Japan. 
Those who participated in the study were entering their final year of high school. They learned algorithms in the 
previous year but their overall motivation and performance was not as satisfactory so there was a need to reinforce 
their knowledge on the topic. In collaboration with their class instructors, a special lecture on algorithms was 
conducted for them. The lecture served as review and preparation for the more advanced programming class in their 
last academic year. The algorithm learning tool was used during the lecture as instructional aid and as a material for 
the individual study period. 
  Two batches of students from the Information Systems course track participated in this research, Class 2014 
and Class 2015. There were thirty-five (35) students from Class 2014 and thirty-two (32) from Class 2015. The 
students of Class 2014 participated in the pilot stage of the learning tool and evaluation instrument development. The 
written test on algorithms and the initial two sets of questionnaire items on motivation were conducted among these 
students. The students of Class 2015 participated in the revision-validation stage which was done a year after the pilot 
experiment. The students of this class also attended a special lecture on algorithms using the learning tool as 
instructional aid and took the same written test on algorithms. However, it is already the revised version of the 
questionnaire on motivation, which was answered by these students.  
 
Procedure 
 The student participants attended a forty-minute lecture on the four algorithms covered by the learning tool. 
The lecture notes of the algorithm learning tool were used as instructional materials. After the lecture, the students 
had another forty minutes to study the algorithms on their own using the Algorithm Visualization feature of the 
learning tool. All participants took the written test on algorithms before and after the lecture and self-study period. 
Another evaluation instrument they answered, only as a post-survey, is the questionnaire on the usability and 
pedagogical effectiveness of the algorithm learning tool. This instrument, however, is not within the scope of this 
article.  
 The students answered the same questionnaire on motivation they answered in the pre-survey. This was done 
to check if there is an improvement in the learning motivation level of the students after using the algorithm learning 
tool. For the pilot stage which had Class 2014 as participants, the initial two sets of questionnaire items were conducted 
before and after the lecture. The results of the analysis of the pilot stage were used to come up with a revised 
questionnaire on motivation with only twenty-four (24) items. How these items were selected will be tackled in the 
Results and Discussion section. The revised questionnaire was then used in the validation stage of the study. The goal 
for that stage is to check the internal reliability and construct validity of the revised questionnaire in order to find out 



if its motivation scales and items are good measures of motivation for learning introductory computer science and 
algorithms. The students of Class 2015 replied to a pre- and post-survey on motivation using the revised questionnaire.  
 
Methods of Analysis  
 The responses of the students to the questionnaire on motivation and their scores in the posttest on algorithms 
were used in the data analysis and in coming up with a model that relates motivation components and actual test 
performance. Separate analyses were done for Class 2014 and Class 2015 of the Information Systems course. 
Statistical Program for the Social Sciences (SPSS) version 21 was used in the analyses. Paired samples t-test was run 
to determine the increase in motivation after using the learning tool. Significant improvement was considered at 5% 
significance level. Exploratory factor analysis was done on the questionnaire items to determine the motivation 
components or scales for learning introductory computer science and for combining and revising the initial two sets 
of questionnaire items. The revision of the questionnaire on motivation was done after the initial experiment with the 
pilot class or Class 2014.  
 Several steps were followed for the revision process by using both SPSS and Analysis of Moment Structures 
(AMOS). Exploratory factor analysis and confirmatory factor analysis were conducted, following the two-step model 
building approach proposed by Byrne (2001). In order to carry out the first step of model building, the following 
procedure was done. Firstly, the internal consistency of the questionnaire was checked using Cronbach’s Alpha 
reliability test to determine if the questionnaire scales and items are appropriate. In order to continue the process of 
questionnaire revision and validation, exploratory and confirmatory factor analyses were performed. For the 
exploratory factor analysis, Principal Components Analysis was used for extracting the factors and Varimax for 
rotating the factors. Bartlett’s test of sphericity was determined first to see if the resulting matrix of correlations was 
appropriate for factor analysis. For the confirmatory factor analysis and structural equation modeling, Unweighted 
Least Squares was used as estimation method because of the small sample size. Lastly, a measurement model had to 
be constructed and and tested to determine if the items are good indicators of their corresponding scales or properties 
with which the algorithm learning tool and the students’ motivation level are evaluated.  
 The second step of Byrne’s method is to build a structural model to check the relationships between the 
evaluation properties (motivation components) and the learning performance of the students, which in this case, is the 
posttest score in the algorithm test. So a structural model which relates the motivation and the posttest scores of the 
students was built. These steps were conducted using confirmatory factor analysis and structural equation modeling 
through SPPS Amos version 21. The steps followed are similar to the work done in developing a science motivation 
questionnaire by Glynn et al (2011). The two step model building approach was again conducted on the responses of 
the validation class (Class 2015) to the revised version of the questionnaire, the results of which are presented below. 
 
Results and Discussion 
  
  In order to address the objectives of this study, the questions for analysis enumerated in the previous section 
are answered in the following subsections.  
 
Analysis of Class 2014 Data  

The first question to be answered is, “Is there an improvement in the learning motivation of the students after 
using the algorithm learning tool?”. Paired samples t-test was used to examine the responses of the students to the 
pre and post surveys on motivation. For the students of Class 2014 who participated in the pilot stage of the study, 
their answers in the two sets of questions on motivation were examined. A value of p < .001 was obtained for twenty-
eight (28) out of the thirty (30) MSLQ-based items. For the other set based on the ARCS model, ten (10) out of the 
twelve (12) items had p values less than .05. 
  The second question to be answered is, “Is there a relation between the posttest performance and motivation 
of the students after using the learning tool?”. The goal is to find out which aspects of learning motivation correspond 
to the increase in the learning performance of the students. Pearson’s Correlation function was run on the responses 
to the questionnaire items in the post survey and the scores of the students in the posttest on algorithms. For the 
MSLQ-based questions, three (3) questionnaire items correlated significantly with the total posttest score. Only one 
item based on the ARCS model correlated with the average posttest scores of the students. The correlation results are 
not that high due to the small sample size. The items that correlated with the posttest scores and the individual parts 
of the test were considered in coming up with the revised questionnaire on motivation.  
 
Revision of the Motivation Questionnaire 
 This subsection presents the revision that the questionnaire on motivation underwent by answering the question, 



“Are the scales and items chosen for the motivation questionnaire appropriate for evaluating the motivation of the 
students?”. The responses of Class 2014 to the initial questionnaire items on motivation used in the pilot stage were 
examined. The two sets of questionnaire items were inspected separately. The goal is to identify which of the items 
should be included in the revised questionnaire on motivation for learning introductory computer science.  
 Following the model building approach proposed by Byrne (2001), Cronbach’s Alpha was used to test the 
internal reliability of each set of questionnaire items. The alpha value of the items based on the ARCS model is .795 
and those based on MSLQ is .802.  Exploratory factor analysis was then conducted for each set. The results for the 
ARCS-based items (χ2= 170.909, df = 66, p < 0.001, and Kaiser–Meyer–Olkin measure of sampling adequacy, KMO 
= 0.589) indicate that the matrix is of good quality. However, when exploratory factor analysis was run for the items 
based on MSLQ, not all the items resulted in a good quality matrix required for the method to be continued (χ2= 
720.160, df = 435, p < 0.001, and KMO = 0.424). 
 With the objective of proposing a revised questionnaire on motivation, items from the two sets were selected 
and were factor analyzed using the responses of Class 2014. By choosing the items that have high factor loadings 
based on the separate factor analyses done for each set, several item combinations and factor analyses were tried until 
a KMO value greater than .5 was achieved. The items that correlated with the posttest score and with individual parts 
of the tests were also considered in the selection. Finally, twenty-four items were taken from the two sets of 
questionnaire items, 13 based on the MSLQ and 11 based on the ARCS model. When these 24 items were factor 
analyzed, the Bartlett’s Test of Sphericity produced the following results: χ2= 457.784, df = 276, p < 0.001, and KMO 
= 0. 551. Six factors were extracted using the combined 24 items. This result indicates that the responses of the students 
can be explained by motivation components or factors. Confirmatory factor analysis was also conducted but the results 
indicate that not all motivation factors derived are correlated. This called for further validation of the selected items, 
that is, another set of data or responses to the revised questionnaire was needed. Hence, in the validation stage of the 
study, during which Class 2015 used the algorithm learning tool, the revised questionnaire on motivation was 
conducted. 
 
Validation of the Revised Questionnaire on Motivation among Class 2015 
  This subsection answers the question, “How can the motivation questionnaire be improved and validated to 
better assess the learning motivation of the students?”. The steps in model building were also used for the revised 
questionnaire in order to examine its construct validity, this time using the responses of the students of Class 2015. 
Exploratory factor analysis was used to check if the responses of the students can be explained by motivation 
components and to examine whether each item is a good measure of its corresponding motivation component and if 
the components are mutually supporting and possibly related. The internal reliability of the revised questionnaire was 
first checked and an Alpha value of .922 was derived, indicating ‘excellent’ reliability (George & Mallery, 2003). 
Then, exploratory factor analysis was done on the items and four factors were extracted as shown in Table 1. The 
following values were obtained: χ2= 605.229, df = 276, p < 0.001, and KMO = 0.594, indicating that the matrix is 
appropriate.   
  The motivation factors and scales extracted are consistent with the social cognitive theory (Bandura, 2001) 
which explains learning motivation according to personal traits or behavior. The names given to the first three factors 
were based on the motivation components for learning science proposed by Sanfeliz and Stalzer (2003): intrinsic 
motivation, “the inherent satisfaction in learning for its own sake”; self-efficacy, “the students’ belief that they can 
achieve well”; and self-determination, the “control students believe they have in learning” (Bryan, Glynn, Kittleson, 
2011). The fourth component was named based on the common attribute of the items that loaded on the fourth factor. 
  In order to examine further the extracted motivation factors and their associated items, a measurement model 
was constructed and tested using confirmatory factor analysis as shown in Figure 2. The model shows the standardized 
factor loadings and relationships among the factors provided by SPSS Amos. The factors or motivation components, 
in oblongs, are the latent or unobserved variables. The (questionnaire) items that loaded into each factor are called the 
measured or observed variables and are drawn in rectangles. The double-ended arrows indicate the correlation among 
the motivation components while the single-ended arrow from the motivation components to the items or measured 
variables indicate factor loadings, which denote how well a given item measures its corresponding factor. 
   The results correspond to the objectives made in coming up with the revised questionnaire. Unweighted Least 
Squares estimation method was used and yielded the following fit index values: Goodness-of-Fit Index (GFI) = .925; 
Adjusted Goodness-of-Fit Index (AGFI) = .909; Root Mean Square Residual (RMR) = .097; Normed Fit Index (NFI) 
= .901; and Relative Fit Index (RFI) = .889. The standardized correlation values and factor loadings are all acceptable, 
thus, indicating that the motivation components are correlated with each other and that each item is a good measure 
of its corresponding component. This measurement model was used as basis for the structural model presented in a 
latter subsection. 



Questionnaire	Items	 Factors/	
Components	

Factor	
Loading	

R10.	I	am	happy	when	I	am	able	to	use,	run	or	program	algorithms.	 Intrinsic	
motivation	

	
	

.831	
R2.	I	want	to	learn	more	about	algorithms,	programming	and	other	CS	topics.	 	 	 .786	
R14.	I	want	to	get	better	grades	in	the	computer	science	class	than	the	other	students.	 .753	
R8.	I	feel	a	sense	of	accomplishment	by	learning	and	understanding	algorithms.	 .683	
R1.	I	think	learning	and	programming	algorithms	using	C	is	fun	and	enjoyable.	 .636	
R6.	I	think	knowledge	of	algorithms	will	be	useful	for	me	in	the	future.	 .634	
R7.	I	think	the	goal	for	learning	algorithms	is	clear.	 .547	
R12.	I	like	learning	algorithms	because	it	is	challenging.	 .536	
R4.	I	know	much	about	the	lesson	topics	and	contents	of	the	algorithm	class.	 Self-	

efficacy	
.852	

R18.	I	am	sure	I	can	understand	all	the	lesson	topics	in	CS	especially	algorithms.	 .846	
R9.	I	want	to	study	algorithms	on	my	own	way	by	using	what	I	learned	in	class.	 .783	
R15.	I	will	use	computer	science	problem-solving	and	algorithm	skills	in	my	future	job.	 .647	
R21.	I	try	to	find	supporting	ideas	to	the	topics	I	learn	in	computer	science.		 .548	
R3.	I	think	the	lesson	on	algorithms	have	many	interesting	activities	that	keep	my	attention.	 .533	
R20.	I	try	to	read	all	my	class	notes	and	readings	so	I	can	remember	the	most	important	ideas.	 Self-

determination	
	

.788	
R19.	I	use	several	sources	of	information	such	as	lecture	notes,	readings,	and	books	when	I	study	for	computer	
science.	

.716	

R22.	I	make	sure	I	get	to	study	the	lessons	and	do	my	homework	in	CS.	 .670	
R23.	I	work	hard	to	do	well	in	computer	science	even	if	it	is	hard	and	not	interesting	for	me.	 .603	
R5.	I	understand	the	purpose	and	importance	of	learning	algorithms.	 .585	
R17.	I	think	it	is	my	fault	if	I	don’t	learn	the	lessons	in	computer	science.	 .581	
R24.	I	try	to	explain	to	my	classmates	or	friends	the	lessons	I	learn	in	computer	science	so	I	can	understand	them	
better.	

.555	

R11.	I	think	the	class	requirements	such	as	exercises	and	homework	correspond	to	the	lesson.	 	 Learning	
Preferences	

.842	
R16.	I	think	if	I	study	properly,	I	will	understand	algorithms	better.	 .719	
R13.	I	prefer	course	material	that	is	interesting	and	makes	me	learn	new	things.	 .578	

 
Table 1: Exploratory Factor Analysis of the Revised Questionnaire on Motivation. 

  

 
 

Figure 2: Measurement Model of the Revised Questionnaire on Motivation. 



Analysis of Class 2015 Data  
  To further answer the question, “Is there an improvement in the learning motivation of the students after 
using the algorithm learning tool?”, the responses of the students of Class 2015 were examined. Paired samples t-
test was also used to examine the responses of the students in the pre and post surveys of the revised questionnaire on 
motivation. All 24 items of the revised questionnaire on motivation had p values less than .05 signifying that there is 
a general increase in the motivation of the students after using algorithm learning tool.    
  The question “Is there a relation between the posttest performance and motivation of the students after using 
the learning tool?” was also considered. The responses to the revised questionnaire in the post-survey and the scores 
of in the posttest were tested for correlation. Sixteen (16) of the twenty-four (24) motivation items correlated with the 
posttest performance as shown in Table 2.  

 
Questionnaire	Items	 R1	 R2	 R3	 R4	 R5	 R6	 R7	 R8	

Post	
Test	

Pearson	
Correlation	 .554

**
	 .523

**
	 .610

**
	 .600

**
	 .419

*
	 .278	 .208	 .477

**
	

p	 	 .001	 .002	 .000	 .000	 .017	 .123	 .254	 .006	
 

Questionnaire	Items	 R9	 R10	 R11	 R12	 R13	 R14	 R15	 R16	

Post	
Test	

Pearson	
Correlation	 .552

**
	 .243	 .400

*
	 .460

**
	 .378

*
	 .080	 .478

**
	 .427

*
	

p	 	 .001	 .180	 .023	 .008	 .033	 .664	 .006	 .015	
 

Questionnaire	Items	 R17	 R18	 R19	 R20	 R21	 R22	 R23	 R24	

Post	
Test	

Pearson	
Correlation	 .149	 .466

**
	 .316	 .263	 .466

**
	 .404

*
	 -.076	 .517

**
	

p	 	 .415	 .007	 .078	 .146	 .007	 .022	 .680	 .002	

Table 2: Correlation between the post-survey motivation items and the posttest score for Class 2015. 

Relation of Motivation Components and Algorithm Test Performance 
 In order to further examine the relationship between motivation and learning performance, a structural model 
was built as shown in Figure 3. Due to the small sample size, Unweighted Least Squares was used in the estimation 
and the following index fit values were obtained: Goodness-of-Fit Index (GFI) = .997; Adjusted Goodness-of-Fit 
Index (AGFI) = .997; Root Mean Square Residual (RMR) = .122; Normed Fit Index (NFI) = .980; and Relative Fit 
Index (RFI) = .977. 
 Assumptions were made in building the hypothesized structural model. Three of the four motivation 
components derived from factor analysis were based on the the motivation components for learning science 
proposed by Sanfeliz and Stalzer (2003). In the model constructed shown in Figure 3, it is assumed that intrinsic 
motivation, being the reason why things are performed for inherent satisfaction (Brown, 2007), directly affects the 
three other derived motivation components, self-efficacy, self-determination, and learning preferences. In addition, 
self-efficacy, self-determination and learning preferences are assumed to have direct effects on the posttest 
performance. These assumptions are solely based on the results of the exploratory and confirmatory factor analyses 
done in this study and do not in any way supersede existing motivation theories in psychology. 
 In the hypothesized model, only the (16) items that correlate with the posttest score have high factor loadings 
(greater than .6), consistent with the correlation results presented in the previous section. The model further shows 
that self-efficacy has the biggest influence on the posttest score, indicating criterion-related validity. Moreover, 
correlation results indicate that self-efficacy and posttest performance are related (r = .55, p < .001). This result is 
consistent with what is proposed in social cognitive theory that self-efficacy is the belief or judgment people have in 
how successful they can be in performing a task (Bandura, 1997). 
 It should be noted that the objective for building the hypothesized structural model is to purely examine the 
relationship between the derived motivation components and their corresponding items. It is not a proximate goal of 
the research phase being presented in this paper to propose an optimal model that relates motivation with actual test 
performance so the model in Figure 3 still includes those items that indicate low factor loadings. A possible future 
direction is to further improve the model by including only those items that meet that minimum required factor loading. 
This, however, may entail further revisions of the questionnaire on motivation. There is also a need to gather more 
responses for both the questionnaire and the test on algorithms from a much larger sample size of student participants. 
Hence, it might be necessary to conduct another lecture on algorithms using the learning tool as instructional material. 
Doing so will also help confirm the benefits of the tool on motivation and learning. 



  
Figure 3: Relationship between Motivation Components and Post Test Score for Class 2015. 

 
Conclusion 
  
 A motivation questionnaire that focuses on novice learners of introductory computer science, particularly, 
algorithms, was designed together with an online algorithm learning tool that uses Algorithm Visualization (AV). The 
learning tool was used by the students of the Information Systems course, a computer science track in a special science 
and technology high school in Japan. The questionnaire served as a pre and post survey instrument to evaluate the 
effects of the learning tool on the motivation of the student participants. The items of the questionnaire were based on 
the MSLQ and the ARCS model. Two batches of students, Class 2014 and Class 2015, participated in the pilot and 
the revision-validation stages of the questionnaire and algorithm learning tool development.  
 Another objective for designing the questionnaire is to determine certain motivation components related to 
learning introductory computer science, particularly, algorithms. In order to achieve this, the steps proposed by Byrne 
(2001) were carried out using the responses of Class 2014 to the initial two sets of questionnaire items. However, the 
results were not satisfactory so selected items from the two sets were factor analyzed and combined in order to propose 
a revised questionnaire on motivation. To examine its reliability, construct validity and criterion related validity, the 
revised questionnaire was then used by Class 2015 in the validation stage.  
 Based on the analysis of the responses to the questionnaire, both the initial and the revised versions, there is 
a general increase in the learning motivation of the students after using the algorithm learning tool. Motivation 
components or scales were derived by doing exploratory factor analysis on the questionnaire items. Using 
confirmatory factor analysis, the motivation components were found to be related and each questionnaire item 
measures well its corresponding component. With structural equation modelling, the relationships of the derived 
motivation components and how they are related to the learning performance of the students, that is, the post-test 
scores in the written test on algorithms were observed.  
 As the results are based only on the use of a single algorithm learning tool and on the responses to the 
motivation questionnaire and the test on algorithms, which are designed solely for the purposes of this study, 
generalizations can hardly be made on the ultimate benefits of the learning tool and the questionnaire. Even so, the 
study can be considered as an initiative to address the motivation issues among students of introductory computer 
science, particularly, those in high school. The revised questionnaire on motivation may be used in other studies on 



motivation for learning CS. However, further validation may be needed with larger sample sizes. The hypothesized 
structural model presented can also be improved. A possible future direction is to further develop instruments to 
evaluate the effects of an algorithm learning tool on student motivation and performance and to propose models for 
designing a learning tool which include Algorithm Visualization design and usability features as well.  
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