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Abstract  

In this paper we present a case study of tracking a) students‟ perceptions of performance and goal 
expectancy before taking a computer-based test, b) their perception of performance after taking the 
test, c) their actual performance as it is calculated by the testing environment itself and d) their time-
spent behavior during test. Our goal is to explore whether students' time-spent behavior during 
computer-based testing – expressing “(un-)certainty” - can reveal any differences between what they 
believe they know, and what they actually know. Furthermore, we investigate the correlation between 
students' goal-expectancy and their “(un-)certainty”. We conducted a case study with a simplified 
version of the LAERS assessment environment. We used statistical methods and Structural Equation 
Modeling (SEM) for the construction of a predictive model which explains the results, based on 
students‟ time-spent on answering each question of a multiple choice quiz. Initial results indicate that 
a) students‟ perceptions of performance and their actual performance significantly differ, both pre and 
post test, b) students‟ temporal behavior can explain satisfactorily what they actually know, and c) 
goal-expectancy has an indirect effect on students‟ “(un-)certainty”. 

Keywords: computer-based assessment, computer-based testing, goal expectancy, LAERS, learning 
analytics, prediction of performance, temporal behavior, (un-)certainty.  

1 INTRODUCTION 

Assessment and performance are bidirectionally interrelated. Processing large amounts of gathered 
educational data have potential to clearly determine and evaluate what students already know and set 
the boundary between that and what they need to learn. In [1], the authors set under discussion the 
issue of considering and modeling students‟ perceptions when dealing with performance. Perception 
of performance refers to what students believe they know. Keren [2] defines the degree to which a 
person‟s perception of performance corresponds to his/her actual performance as “calibration”. 
Students‟ beliefs of what they have learned as well as their goal-setting are important because they 
reflect on students‟ effort, (self-)awareness and achievement-related behaviours. Most studies 
correlate students‟ perceptions of performance with self-confidence, task-difficulty and motivation [3], 
[4], [5], [6], [7], [8].  

In literature, there have been many case studies that explore, identify and evaluate factors as 
indicators of performance for prediction purposes. Among these, demographic characteristics, grades 
(either on course assignments or final exams scores), students‟ portfolios, multimodal skills, students‟ 
participation, enrollment and engagement in activity and students‟ mood and affective states are 
acknowledged as the most significant ones [9], [10], [11], [12], [13], [14]. 

Beyond these factors, the temporal dimension of students‟ engagement in activity is also under 
investigation about its predictive capabilities. Researchers examine both the effect of students‟ 
response time [15], the students‟ time-spent studying regarding the interaction of motivation with study 
time [16] and “the amount of time students are willing to spend” on problem-solving [17, pg. 67]. In [1] 
the authors investigated whether time-spent on answering (in-)correctly could be formalized as a 
predictive model (“temporal learning analytics”) that explains the actual performance during computer-
based testing.  

In this paper we present a case study of tracking a) students‟ perceptions of performance and goal 
expectancy before taking a computer-based test, b) their perception of performance after taking the 
test, c) their actual performance as it is calculated by the testing environment itself and d) their time-
spent behavior during test. Our goal is to explore whether students' time-spent behavior during 
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computer-based testing – expressing “(un-)certainty” – can reveal any differences between what they 
believe they know, and what they actually know. Furthermore, we investigate the correlation between 
students' goal-expectancy and their “(un-)certainty”. We extend the previously defined “temporal 
learning analytics” procedure [1] with the “(un-)certainty” parameter. We present the results from a 
case study conducted with Secondary Education participants, discuss our findings and propose future 
research directions.  

The rest of this paper is organized as follows: in section 2, we present our experiment methodology, 
the data collection procedure and the research hypotheses. In section 3, we analyze the results and 
propose our extension of the predictive model (suggested in [1]). Finally, in section 4, we discuss 
about our findings, share our conclusions and highlight our plans on future work. 

2 METHODOLOGY 

2.1 The testing environment 

For our case study we used a simplified version of the LAERS assessment environment [18]. We 
developed a new module that implements a testing mechanism. In specific, this module consists of 
two components:  

a. a computer-based testing unit in multiple choice quiz format, and 

b. a tracker that logs students‟ activity data. 

For the purpose of our study, we wanted to measure the students‟ time-spent behavior on each 
question. We wanted to allow the students to freely arrange the order of answering the questions. For 
that reason, we chose to deliver each question separately one-by-one and in random order.  

The testing unit displays the multiple choice quiz with a predefined (by the instructor), stable (for all 
examinee) number of questions and is of fixed duration. The student can temporarily save his/her 
answers on the quiz questions, before finalizing his/her decision. He/she submits the quiz answers 
only once, whenever estimates that he/she is ready to do so, within the duration of the exam. 
Students‟ submitted answers are stored on a database.  

During the quiz, the student can skip a question (either because he/she is not sure about the answer, 
or because he/she thinks it is difficult), and answer it later. The list of skipped questions is displayed 
alongside the quiz, within the same window. The student can also change his/her initial choice, and 
save a new answer. In case a student chooses not to submit an answer to a question, he/she receives 
zero points for this question.  

Fig. 1 illustrates the student‟s view of the environment during testing. 

 

Fig. 1. The LAERS environment during testing 

The system also computes the final score for each student (that is the Actual Performance - AP). This 
score is calculated only once the student decides to submit the quiz, and its value is stored on the 
database. 



The second component – the tracker – records students‟ activity data during testing on a log file. In 
particular, the following variables are tracked (Table 1): 

Table 1. Tracked variables and their description 

Variable Description 

quest_id the question the student works on 

ans_id the answer the student saves (or submits) on a question (every time he/she saves 
an answer) 

rw the correctness of the saved (or submitted) answer (right or wrong) 

count_view how many times the student views each question 

count_changes how many times the student changes the answer he/she saves for each question 

idle_t_view the time the student spends on viewing each question 

t_ans the time the student spends on answering each question 

The system also calculates average time values for each question and each student, as well as 
average time a student changes his/her answers.  

2.2 Data Collection 

For the purpose of our case study, we also embedded into the system two questionnaires: a pre-test 
and a post-test questionnaire, in order to measure each student‟s goal expectancy (pre-test) and 
record perception of performance (pre-test and post-test). Data from the questionnaires were logged 
on two separated files (pretest.csv and posttest.csv). 

Data were collected from a total of 96 participant students of a European High School, aged 16 years 
old. 9 groups of 10 to 12 students attended the midterm exams, for 30 minutes each group, from 2nd 
to 7th of October 2013. The 12 multiple choice questions of the test were related to the basic concepts 
of Informatics. All questions used in the current case study correspond to the lower three levels of the 
cognitive domain of Bloom‟s taxonomy (Remembering, Understanding and Applying) [19]. The final 
log file (results.csv) contained 4133 rows of raw data. 

2.3 Research Hypotheses 

2.3.1 Perception of performance 

In general, perception of performance is a subjective estimation of what a student believe he/she has 
learned. This perception can be separated into two phases: one before taking an exam, and one after 
taking the exam. The discrimination between these two and what the student actually knows and how 
this perception changes during an exam is the question in this study. 

Usually, when students are preparing themselves for an exam, they study the suggested educational 
material and assess what they have learned and how much satisfied they are from their preparation. 
Given a specific study material, they determine the desired level of achievement according to their 
effort on understanding and knowledge acquisition. However, parameters such as their psychological 
and emotional state, for example, may garble their sense of objectivity about what they have really 
learned. Thus, we hypothesized that:  

RH1: Pre-test students’ perception of performance is significantly different from their Actual 
Performance 

Furthermore, after taking the exam, students‟ perception of performance is about what they believe 
they have achieved. In many cases it represents their satisfaction regarding their performance, their 
feeling of (in-)appropriate preparation, their perception of difficulty of the quiz and more. However, 
possible misconceptions, time-pressure, stress, suitability of the test or other factors, may also result 
to subjective judgement of their performance. Thus, we hypothesized that:  

RH2: Post-test students’ perception of performance is significantly different from their Actual 
Performance 

2.3.2 (Un-)certainty and Goal Expectancy 

Certainty is defined as “a subjective sense of conviction or validity about one‟s attitude or opinion” [20, 
p. 215]. It is used to describe a person„s strength of belief about the accuracy or quality of a mental 
representation, prediction, judgment, or choice [21], [22]. Thus, certainty can be described on a 



continuum ranging from total confidence to complete doubt. Lack of certainty (i.e., doubt) is often 
conceptualized as an inhibitor to the use of the construct one is uncertain about [23], [24].  

In a sense, there are two opinions describing a student regarding his/her certainty: a) the confident – 
that is a student who is convinced about the correctness of the answer (“I‟m sure I know the answer!”) 
and b) the skeptical – that is a student who wants to be absolutely sure (overcome his/her doubts) 
about the answer he/she submits (“I don‟t want to submit a wrong answer by superficiality”). 

Confidence and skepticism both reflect on student‟s self-efficacy and goal expectancy. For example, a 
student who is well prepared and aims to achieve a high score, could either be confident or cautious. 
However, a wrongly estimated perception of self-performance could lead an over-confident student to 
misconceptions and thoughtlessness. On the other hand, a diligent student usually is self-aware and 
balances his/her goals to his/her abilities. Consistent to this assumption are the findings from several 
studies in literature [5]. 

We define here as “(un-)certainty” a latent variable that consists of two sub-parameters during using a 
Computer Based Assessment (CBA): a) the total times the student views a question and b) the total 
time he/she spends on the question remaining idle (does not save or submit an answer). This means 
that the more certain the student wants to be before answering a question, the more the idle time 
he/she spends on that question. Furthermore, the more certain the student wants to be, the more the 
times he/she re-views the questions. Thus, “(un-)certainty” is a measure of cautiousness during the 
assessment. 

In particular, we believe that (un-)certainty will have a positive impact on Actual Performance. That is 
because a cautious student is more likely to score higher than a hasty student. Thus, we 
hypothesized: 

H1: (un-)certainty will have a direct positive effect on Actual Performance 

Furthermore, a variable which measures self-confidence and goal orientation regarding the use of a 
CBA is Goal Expectancy (GE), which was proposed in Computer Based Assessment Acceptance 
Model (CBAAM) [25]. GE actually measures if a learner is fulfilled with his/her preparation. The 
students, before taking the CBA, set a goal regarding a percentage of correct answers that provides 
them a satisfying performance. In other words, they estimate their self-confidence regarding their 
study and the assessment. 

In a previous study [1], the authors found that GE has a direct positive effect on Total Time to Answer 
Correct (TTAC) and a direct negative effect on Total Time to Answer Wrong (TTAW). Since GE 
measures student‟s self-confidence before taking a CBA and (un-)certainty measures his/her 
cautiousness during assessment, we believe that GE will have an indirect effect on (un-)certainty. In 
current study we believe that both TTAC and TTAW are highly positively correlated with (un-)certainty. 
The reason is that the time a cautious student will spend for the answers (regardless of whether they 
are correct or wrong), and the times he/she re-views the questions will increase his/her certainty.  

Thus, we hypothesized the following:  

H2: TTAC will have a positive effect on (un-)certainty 

H3: TTAW will have a positive effect on (un-)certainty 

This paper suggests a causal model that explores the (un-)certainty parameter as a determinant of 
student‟s Actual Performance, as shown in Fig. 2. 

 

Fig. 2. Research Model 



2.4 Measures 

In order to explore the differences between perception of performance and actual performance we 
used one item from the pre-test questionnaire and one item from the post-test questionnaire. 

The item representing perceived performance pre-test is: 

 PPPre: What score do you believe you will get? 

The item representing perceived performance post-test is: 

 PPPost: What score do you believe you got? 

We used Paired Samples t-test to examine if there is statistical difference between perceptions of 
performance and actual performance. Paired samples t-tests were conducted to compare perceived 
performance pre-test and actual performance, perceived performance post-test and actual 
performance and perceived performance pre-test and post-test.That is because: a) all variables are 
measured exactly the same way in the same unit at the same time and we wanted to examine if the 
participants maintain the same perceptions before and after the quiz, b) measurements were taken 
from the same participants before and after some manipulation (the quiz), and each value in every one 
of these samples has a natural partner in the other samples. The criteria for the statistical difference 
are the t-value and p-value. 

Furthrmore, we used the technique of partial least-squares (PLS) analysis to evaluate the 
measurement and the structural model. Previous studies supported that PLS is a powerful tool to 
develop and test theories in early stages, and to predict with small samples [26], [27]. PLS follows two 
guidelines regarding the sample size. The first is that the sample has to be 10 times larger than the 
number of items for the most complex construct. The most complex variable of the proposed model is 
GE with three items. Therefore, the sample of 96 participants surpassed the recommended value of 
30. The second is that the sample has to be 10 times the largest number of independent variables 
impacting a dependent variable [27].   

Reliability and validity of the measurement model are proved by measuring the internal consistency, 
convergent validity and discriminant validity [28], [29]. In our proposed model the measurement model 
analysis is necessary for (un-)certainty which is a latent variable. More specifically, a value higher than 
0.7 is acceptable regarding the items‟ factor loadings on the corresponded constructs. In order to 
analyze discriminant validity, we have also to examine AVE (Average Variance Extracted). AVE 
should be higher than 0.5 and the AVE‟s squared root of each variable should be larger than any 
correlation with every other construct [26], [27], [28]. Finally, Composite reliability and Cronbach alpha 
should be also examined. Composite reliability and Cronbach alpha are considered acceptable when 
they scored over 0.7 [30], [31]. 

The structural model and hypotheses are examined mainly by two criteria:  

(1) by evaluating the variance measured for (R
2
) by the antecedent constructs. Previous studies 

suggested 0.2, 0.13 and 0.26 as small, medium and large variance respectively [32];  

(2) the significance of the path coefficients and total effects by using bootstrapping procedure and 
calculating the t-values.  

In order to examine the measurement and the structural model we use SmartPLS 2.0 [33]. 

3 RESULTS 

3.1.1 Perceptions of performance vs. Actual Performance 

Tables 2 (a) and 2(b) display the results from the Paired Samples t-tests. There was a significant 
difference in the scores for PPPre (M=16.91, SD=3.05) and AP (M=14.56, SD=4.73). There is strong 
evidence (t=5.53, p = 0.001) that students‟ perceptions of performance pre test are higher than their 
actual performance. In this data set, the divergence, on average, is approximately 2 points. 

Furthermore, there was a significant difference in scores for PPPost (M=17.03, SD=2.95) and AP 
(M=14.56, SD=4.73). There is strong evidence (t=6.56, p = 0.001) that students‟ perceptions of 
performance post test are higher than their actual performance, even compared to their perceptions 
pre test. In this data set, the divergence, on average, is approximately 2,5 points. 



However, paired samples t test failed to reveal a statistically reliable difference between the mean 
number of scores for PPPre (M=16.91, SD=3.05) and PPPost (M=17.03, SD=2.95). Since t=0.69, 
p=0.49, we can support that students‟ perceptions of performance pre test and post test remain 
approximately the same. 

Table 2(a). Paired Samples Statistics  

  Mean N Std. Deviation Std. Error Mean 

Pair 1 PPPre 16,91 96 3,051 ,311 

AP 14,56 96 4,726 ,482 

Pair 2 PPPost 17,03 96 2,945 ,301 

AP 14,56 96 4,726 ,482 

Pair 3 PPPre 16,91 96 3,051 ,311 

PPPost 17,03 96 2,945 ,301 

 

Table 3(b). Paired Samples Test 

  Paired Differences 

t df 

Sig. (2-

tailed) 

  

Mean 
Std. 

Deviation 

Std. 
Error 
Mean 

95% Confidence Interval of 
the Difference 

  Lower Upper 

Pair 1 PPPre - AP 2,352 4,171 ,426 1,507 3,197 5,526 95 ,000 

Pair 2 PPPost - AP 2,472 3,694 ,377 1,723 3,220 6,556 95 ,000 

Pair 3 PPPre - PPPost ,120 1,707 ,174 -,226 ,466 ,687 95 ,493 

3.1.2 The (un-)certainty effect 

Table 3 confirms the adequate values (Factor Loadings, Cronbach alpha, Composite reliability and 
Average Variance Extracted) for the measurement model.  

Table 3. Results for the Measurement Model 

Construct Items Factor 
Loading (>0.7)

a
 

Cronbach Alpha 
(>0.7) 

a
 

Composite 
reliability (>0.7) 

a
 

AVE  (>0.5) 
a
 

(un-)certainty  0.84 0.93 0.86 
Total_Idle_time 0.92    

Total_ans_check_views 0.93    

TTTAC 1.00 1.00 1.00 1.00 

TTAW 1.00 1.00 1.00 1.00 

AP 1.00 1.00 1.00 1.00 

a
 Indicates an acceptable level of reliability and validity 

In addition, Table 4 presents the correlation matrix. The diagonal elements (Table 4) are the square 
root of the average variance extracted (AVE) of a construct. According to the Fornell-Larcker criterion 
[34], the AVE of each latent construct should be higher than the construct‟s highest squared 
correlation with any other latent construct. Discriminant validity is established when an indicator‟s 
loading on a construct is higher than all of its cross loadings with other constructs. Consequently, 
discriminant validity is confirmed since the diagonal elements are higher than any correlation with 
another variable. 

Table 4. Discriminant validity for the measurement model 

Construct (un-)certainty TTAC TTAW AP 

(un-)certainty 0.92    
TTAC 0.54 1   
TTAW 0.10 -0.47 1  
AP 0.41 0.74 0.58 1 

A bootstrap procedure with 1000 resamples was used to test the statistical significance of the path 
coefficients in the model. The results for the hypotheses are summarized in Table 5 and illustrated in 
Fig. 3. TTAC and TTAW have significant direct positive effect on (un-)certainty respectively. Moreover 
(un-)certainty is a determinant of AP as well. Thus all the hypotheses were confirmed.  



Table 5. Hypothesis testing results 

Hypothesis Path Path coeff. t value Results 

H1 (un-)certainty -> AP 0.41* 5.8 support 

H2 TTAC ->(un-)certainty 0.68* 8.4 support 

H3 TTAW ->(un-)certainty 0.31* 3.01 support 

*p<0.01 

 

Fig. 3. Path coefficients of the research model 

Additional to the direct effects, the structural model includes also indirect effects (Table 6). 
Specifically, the total effects of GE through TTAC and TTAW indicates that GE is also a determinant of 
(un-)certainty. 

Table 6. R
2
  and Direct, Indirect and Total effects 

Dependent Variable R
2
 

Independent 
Variables Direct effect Indirect effect Total effect 

(un-)certainty 0.36 TTAC 0.68 0.00 0.68* 

  TTAW 0.31 0.00 0.31* 

  GE 0.00 0.19 0.19* 

This model explains only the 17% of the Actual Performance. However, in the case we embody the 
(un-)certainty parameter in the previously suggested model (in [1], shown in Fig. 4), the overall 
explanation of the variance in AP increases to 63.1%, but the path coefficient (direct effect) of (un-
)certainty decreases to 0.13 (t=1.71) (Fig. 5) 

 

Fig. 4. Path coefficients of the research model (from [1]) 

 

Fig. 5. Path coefficients of the research model 



Furthermore, we explored the effect of the (un-)certainty parameter on students‟ perception of 
performance pre and post test. No significant effect was found in both of these cases, as shown in 
Table 7. 

Table 7. Path coefficients for the effect of (un-)certainty on perceptions of performance 

Path Path coeff. t value 

(un-)certainty -> AP 0.41* 5.8 

(un-)certainty -> PPPre 0.01* 0.12 

(un-)certainty -> PPPost 0.05* 0.33 

*p<0.01 

This result indicates that although (un-)certainty may explain satisfactorily what students actually 
know, it cannot be used to determine what they believe they know neither pre-test nor post-test. 

4 DISCUSSION, CONCLUSIONS AND FUTURE WORK 

Both perceptions of performance and (un-)certainty are acknowledged as “subjective” factors (simple 
or latent), while time is an objective, actual variable. The aim of this study and its contribution was 
threefold: a) to explore students‟ perceptions of performance before and after a computer-based test, 
b) to investigate students‟ temporal behaviour – expressing (un-)certainty – when dealing with 
prediction of performance and c) to explore and/or identify relationships between (a) and (b).  

We conducted a case study with a simplified version of the LAERS assessment environment. 96 
students from Secondary Education participated in our case study. For the collected data analysis 
regarding our first goal we used statistical measures. Regarding our second and third goals we used 
SEM (in particular the PLS technique).  

The results indicate that students‟ perceptions of performance significantly differ from their actual 
performance both pre-test (t=5.53, two tailed p=0.001) and post-test (t=6.56, two tailed p=0.001). This 
finding is in accordance to [35] and indicates that students‟ perceptions of performance sometimes 
can be inaccurate in the context of comprehension and application activities. It would be interesting to 
examine the respective perceptions in the context of the upper three levels of Bloom‟s taxonomy 
(analysis, synthesis and evaluation) [19] assessment activities. 

Furthermore, the statistical tests failed to reveal significant differences between PPPre and PPPost 
(t=0.687, two tailed p=0.493). This means that students maintain their initial perceptions even after the 
testing procedure, which was expected to have an altering effect on their beliefs. Hacker et al. [36] 
suggested that when students demonstrate strong biases in their perceived performance judgement, 
they may not take the remedial steps necessary to improve their responses during or after an exam. 
This may relate to their limited self-awareness, to their satisfaction regarding their perceived goal-
achievement, to their distorted perception of the test difficulty, and many more which should be further 
explored.  

Another interesting finding was that (un-)certainty – as defined here, that is the students‟ cautiousness 
during testing in terms of time-spent on answering the quiz – explains satisfactorily the students‟ 
actual performance (shown in Table 5), but fails to explain PPPre and PPPost (shown in Table 7). 
These two results address the following issues: a) (un-)certainty seems to increase students‟ effort to 
answer the quiz, and consequently, the motivational effect of the (un-)certainty parameter should be 
further explored, and b) (un-)certainty does not seem to trigger the students‟ self-awareness 
mechanism in a conscious manner. Consequently, other temporal factors should be examined in that 
direction. 

Students‟ effort and its opposite (i.e. guessing behavior) have been investigated in literature. Authors 
examine mostly psychometric measures, but a methodology that combines IRT and SEM could also 
be explored, as suggested in [37]. These studies do not follow the temporal-behavior approach, and it 
would be interesting to identify measure and validate “effort” as a temporal variable, and examine its 
correlation to cautiousness. 

Furthermore, we discovered an indirect effect of goal-expectancy (GE) on (un-)certainty (see Table 6). 
As mentioned on section 2.3.2, GE measures students‟ fulfilment with their preparation before 
assessment, while (un-)certainty measures their cautiousness during assessment. In a sense, GE 
could be considered as an indicator of students‟ perception of preparation. If we accept that 
assumption, and in accordance to the results of the current study, students‟ perception of preparation 



affects their cautiousness. In addition, students‟ perception of performance post-test could be 
considered as an indicator of their satisfaction regarding their perceived achievement (Section 2.3.1). 
However, our results (see Table 7) did not reveal any significant correlation between cautiousness and 
satisfaction. This potential relation would be interesting to be further explored. 

Our findings suggest that large amount of logged temporal information provide an analytic opportunity 
for investigation of students‟ behaviour before, during and after assessment. It also allows for 
modelling these behaviours regarding estimation of performance. 
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