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A B S T R A C T   

Time management is crucial for college students’ academic success and learning of computer 
programming. Yet the changes of time management behaviors and their associations with 
learning outcomes are underexplored in online learning of programming. To address the gap, this 
study employed an intensive longitudinal approach to examine undergraduates’ time manage
ment behaviors in an online programming problem system. Specifically, we analyzed weekly 
indicators of academic procrastination and spaced practice derived from programming traces. We 
applied dynamic structural equation modeling to examine the changes in these behaviors over 
time and their correlations with weekly quiz performance. Academic procrastination and self- 
selected spaced practice showed a significant upward trend over time, while incentivized 
spaced practice exhibited a significant downward trend. Moreover, students with prior pro
gramming experience showed a greater growth rate in spacing behaviors. At both within- and 
between-person levels, procrastination predicted quiz performance significantly and negatively, 
while self-selected spaced practice predicted quiz performance significantly and positively. In 
contrast, incentivized spaced practice predicted quiz performance positively at the within-person 
level but negatively at the between-person level. Additionally, quiz performance in the current 
week predicted subsequent time management behaviors significantly. These findings contribute 
to the understanding of procrastination and spaced practice in online programming learning and 
have implications for the design of scaffolding on time management. Furthermore, this study 
demonstrates the significance of combining intensive longitudinal approaches and action logs in 
examining the temporality of learning in online environments.   

1. Introduction 

Effective time management is a crucial factor for academic success, particularly for college students who must navigate the de
mands of academic, social, and extracurricular commitments (van der Meer et al., 2010). Novice programmers face an additional 
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challenge in time management because learning programming necessitates consistent practice and effective allocation of study time 
(Cheang et al., 2003). Online programming problem systems, which utilize automated assessment, bolster programming practice by 
providing immediate feedback (Wang et al., 2011). However, the responsibility of making, working on, and adjusting the practice 
schedule rests with the students themselves. Those who delay practice until right before a test are unlikely to perform as well as those 
who engage in practicing early and persistently. Therefore, effective self-regulated learning (SRL) skills, especially in time manage
ment, are essential for mastering programming, as emphasized in computing education research (Loksa et al., 2021; Lorås et al., 2021). 

This study focused on undergraduates’ time management and SRL in an online programming problem system, designed to facilitate 
persistent programming practice. We investigated two types of behaviors: academic procrastination and spaced practice. Spaced 
practice, sometimes named spacing of study, refers to distributing study time across spaced-out sessions (Son & Simon, 2012). This 
learning strategy is contrasted with massing, where study time is concentrated within a single session. While numerous laboratory 
studies have demonstrated the advantages of spaced practice, investigations in authentic educational settings remain scarce (Hartwig 
& Malain, 2022), especially in computing education. Without a thorough exploration of spaced practice based on naturally occurring 
data, we cannot depict its complete picture in learning (Carvalho et al., 2022). 

In contrast, academic procrastination, typically referring to the behavior of delaying the initiation of academic tasks (Steel, 2007; 
Suárez-Perdomo et al., 2022), has received greater attention (Pereira et al., 2020; Zhang, Cunningham, et al., 2022). The reason may be 
that programming courses typically contain many assignments, but procrastination on programming assignments have been found 
common and related to poorer learning outcomes (Aggarwal & Ashok, 2022; Leinonen et al., 2021). Academic procrastination is seen 
as the opposite of spaced practice because the later a student starts an assignment, the less time they have to space out practices 
(Yeckehzaare et al., 2022). Nevertheless, the simultaneous investigation of these behaviors and their associations with learning 
outcomes in a single study has rarely been conducted (Riel et al., 2018; Yeckehzaare et al., 2022). Moreover, in terms of self-regulated 
learning (SRL), students may adapt time management behaviors throughout the learning process (Wolters & Brady, 2021), but the 
adaptation of spaced practice and procrastination within online programming learning remains understudied. 

To bridge these gaps, measurements of spaced practice and procrastination were derived from programming traces. We used 
dynamic structural equation modeling to analyze the changes in these behaviors over time as well as the within- and between-person 
correlations among the behaviors and learning outcomes. The findings contribute to the conceptual understanding of time manage
ment and SRL within the domain of computing education and guide the development of online programming problem environments 
that promote effective time management. 

2. Literature review 

2.1. Online programming problem systems 

In online programming problem systems, as in other online learning environments, instructors can employ interventions to 
motivate students to manage their study time, such as awarding extra credits to students who meet a specified daily practice target 
(YeckehZaare et al., 2019) or complete assignments in advance (Allevato & Edwards, 2013). Nevertheless, the central component of an 
online programming problem system is typically automated assessment (Paiva et al., 2022). The reason is that practice plays a vital 
role in learning programming (Cheang et al., 2003), but practice without feedback is limited in its efficiency and effectiveness. Manual 
grading of programming assignments demands significant time investment from instructors and is impractical for classes with hun
dreds of students, which is common in introductory computer science (CS1) courses (Garcia et al., 2016). Automated assessment for 
programming assignments alleviates instructors’ grading workload and provides learners with immediate feedback on their practice 
(Cheang et al., 2003; Wang et al., 2011). Specifically, it evaluates various features of a submitted program, such as its compilability, 
execution, and output conformity (Paiva et al., 2022). Based on the evaluation, it can offer feedback that encompasses mistakes, 
conceptual understanding, task constraints, recommended approaches, and metacognitive guidance (Keuning et al., 2018). 

The feedback assists students in evaluating and adapting their solutions, which are basic SRL activities. Tools for supporting the 
other SRL activities have been developed in the context of online programming learning (Garcia et al., 2018). For example, INCOM 
promotes students to conduct task analysis before coding (Le & Pinkwart, 2011). The most of the tools target on the cognition and 
metacognition dimensions of SRL. However, time is also a critical SRL dimension. 

2.2. Time management as a SRL process 

The relationship between time management and self-regulated learning (SRL) is widely acknowledged. For instance, time is a 
component of the Motivated Strategies for Learning Questionnaire (MSLQ ; Pintrich et al., 1993), one of the most used instruments for 
assessing SRL (Roth et al., 2016). In Zimmerman’s (2000) social cognitive theory of SRL, self-regulatory efficacy beliefs impact the use 
of time management strategies. Recently, Wolters and Brady (2021) argued that time is a dimension of the learning process that 
learners can self-regulate and elaborated on how the regulation of time is linked to the regulation of other dimensions, such as 
cognition and motivation. 

According to Wolters and Brady’s (2021) model, time management activities occur throughout the various phases and processes of 
SRL. For instance, in the forethought phase, learners set time-related goals, such as determining when and for how long they will study, 
and select time management strategies. In the performance phase, learners begin working on the task according to the planned 
schedule. They monitor their use of time and evaluate it by comparing the amount of time used and its chronology with the initial plan. 
This evaluation, along with the evaluation of learning progress, may prompt learners to adjust their time usage plan. In the 
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post-performance phase, Wolters and Brady suggest that learners reflect on two types of time-related outcomes, including the amount 
of time for completing the task and the time usage chronology. Learners consider these outcomes based on task performance as well as 
initial expectations and plans, such as the estimate of time cost and personal schedule. The reflection result, along with learners’ belief 
about the stability and controllability of the time-related outcomes, influence their attribution for success or failure on the task and 
emotional reactions. The learner may also use the reflection on time-related outcomes to update their knowledge, belief, and attitudes, 
which influence time management activities in future tasks. 

Academic procrastination concerns when to start an academic task, while spaced practice concerns how to distribute study time. 
Both are important time management behaviors that have received an increasing attention in the field of programming education. The 
next two sections discuss how these behaviors are related to SRL and their associations with learning outcome in online programming 
problem systems. 

2.3. Self-selected and incentivized spaced practice 

Spaced practice refers to distributing study time or practices across spaced-out sessions, given the amount of study time (Son & 
Simon, 2012). Self-selected spaced practice means that learners have the autonomy to distribute study time (Hartwig & Malain, 2022; 
Son & Simon, 2012). This type of spaced practice is distinct from the one imposed by instructors and experimenters. Imagine an 
experiment where participants are given 10 min to study ten complex words. There are two strategies of using the study time: massing 
the study time into a single session versus distributing the study time into two short sessions of 5 min with a 2-min pause between 
sessions. If the experimenter decides which strategy a participant should use, the spaced practice is considered imposed. In contrast, if 
the participants choose the strategy, the spaced practice is self-selected. YeckehZaare et al. (2021) further distinguished self-selected 
spaced practice from incentivized spaced practice. They defined spacing behavior primarily driven by intrinsic motivation (e.g., the 
desire to master a skill) as self-selected spaced practice and that primarily driven by external motivation (e.g., course grades) as 
incentivized spaced practice. 

2.3.1. Self-selected spaced practice and SRL 
Self-selected spaced practice is a SRL behavior (Son & Simon, 2012), in contrast to spaced practice imposed by others, which is 

external regulation (Tekin, 2022). Laboratory studies have found a strong association between self-selected spaced practice and the 
metacognition dimension of self-regulated learning, and thus, it has been regarded as the product of metacognitive knowledge and 
control (Benjamin & Bird, 2006; Son, 2010). Specifically, learners use their knowledge about the spacing effect (metacognitive 
knowledge) to develop and implement a plan for distributing study time (metacognitive control). Research in real-world settings has 
supported this association. For instance, de Barba et al. (2020) found that MOOC learners who distributed practices more often 
self-reported better regulation of time and effort. Nevertheless, learners may be unaware of the spacing effect and not use this strategy 
(Bjork et al., 2013). For instance, in Hartwig and Malain’s (2022) study, undergraduates in a social psychology course had more than 
ten days to study for a chapter using an e-book and a quiz tool. However, among the students that used these resources, 82.8% read the 
e-book only in three days, and 94.7% used the quiz tool only in two days. 

2.3.2. Spaced practice in online programming problem systems 
Several studies have examined self-selected and incentivized spaced practice in online programming problem systems. In a series of 

studies, YeckehZaare et al. (2019, 2021, 2022) have discovered a positive correlation between incentivized spaced practice and final 
exam scores. In contrast, the findings on the benefit of self-selected spaced practice are mixed. Two studies have reported a positive 
correlation between self-selected spaced practice and final exam scores (Li et al., 2021; Zhang et al., 2020), while two other studies 
have found a weak and negative correlation (Leinonen et al., 2021; Leppänen et al., 2016). For example, in Zhang et al.’s (2020) study, 
undergraduates who spread practices over time received higher exam scores than the group massing practices, given the same 
quantities of practices. By contrast, Leppänen et al. (2016) found that those spreading practices obtained lower exam scores. One 
potential explanation for the inconsistent findings is that Li’s and Zhang’s studies controlled confounding variables, such as students’ 
time investment and the number of practices, but Leinonen’s and Leppänen’s studies did not. 

Additionally, a limitation of the above studies is their emphasis on between-person comparisons. For the same student, it is unclear 
whether distributed programming practices over time lead to better learning outcomes compared to concentrating practices within a 
shorter period. Furthermore, the temporal changes in incentivized and self-selected spaced practice in the context of programming 
learning are underexplored. 

2.4. Academic procrastination 

Academic procrastination refers to delaying working on academic tasks irrationally (Steel, 2007). Its correlates range from task 
characteristics, personality differences, demographics, to the consequences of procrastinating. The next subsection discusses its 
relation with SRL and its distinction from strategic delay. 

2.4.1. Academic procrastination and SRL 
Procrastination is commonly characterized as the opposite of self-regulated behavior, such as maladaptive behavior (Wolters, 

2003) and “quintessential self-regulatory failure” (Steel, 2007). Research on college students has consistently shown negative asso
ciations between academic procrastination and various components of SRL, such as motivational beliefs (Cheng & Xie, 2021; Li et al., 
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2020) and time management strategies (Hong et al., 2021; Wolters et al., 2017). Beyond the dysfunctional form of procrastination, 
researchers have investigated purposeful and strategic postponement and delay on tasks (e.g., due to low priority), which are named 
active procrastination in early studies (Chu & Choi, 2005; Schraw et al., 2007). Active procrastination is viewed as adaptive behavior 
and manifestation of self-regulated learning (Corkin et al., 2011). However, more recent studies have criticized the construct of active 
procrastination (Chowdhury & Pychyl, 2018; Hensley, 2014). For instance, Hensley (2014) found that behavioral procrastination was 
related to self-reported (passive) procrastination more than self-reported active procrastination. Chowdhury and Pychyl (2018) argued 
that active procrastination did not include the behavioral feature of procrastination. It may be better to conceptualize active pro
crastination as strategic delay rather than a type of procrastination (Klingsieck, 2013). Therefore, the current study adopts the notion 
that procrastination is a form of self-regulatory failure. 

2.4.2. Academic procrastination in online programming problem systems 
Similar to other contexts, academic procrastination in online programming problem systems has been found common (Fouh et al., 

2014; Leinonen et al., 2021) and related to poorer learning outcomes (Aggarwal & Ashok, 2022; Pereira et al., 2020). Not only did 
students starting assignments earlier obtain better course grades than those starting later (Aggarwal & Ashok, 2022; Zhang, Cun
ningham, et al., 2022), but also individual students received higher scores in assignments started earlier than in those started later 
(Edwards et al., 2009; Martin et al., 2015). The harmful effects of procrastination were particularly acute for low-performing students, 
as documented by Liao et al. (2019), primarily because they had greater challenges in completing assignments, while procrastination 
resulted in limited time to seek help. 

Two studies have found that students procrastinated more as the course progressed (Allevato & Edwards, 2013; Leinonen et al., 
2021). In Allevato and Edwards’s (2013) research, students needed to complete four programming projects sequentially. They started 
the first two projects earlier than the last two, even though completing the last two three days before the deadline could earn extra 
points. Leinonen et al. (2021) found that some students starting assignments early in the first week of a CS1 course delayed their start 
time in the subsequent weeks. Nevertheless, the factors contributing to the change in procrastination are unclear. 

3. Research questions 

The current study explores the temporal changes in undergraduates’ time management behaviors, including academic procrasti
nation, self-selected spaced practice, and incentivized spaced practice, in an online programming problem system. Additionally, it 
examines the relationships between these behaviors and learning outcomes. The following research questions (RQs) were investigated. 

RQ1. : Do time management behaviors change over weeks? 

Studies have found an increasing trend in academic procrastination within a semester in online programming problem systems 
(Allevato & Edwards, 2013; Leinonen et al., 2021). In other online environments, variation in self-selected spaced practice over time 
has been revealed (de Barba et al., 2020). Given that temporal change is a prominent characteristic of learning behaviors (Molenaar & 
Järvelä, 2014), we expect to find the change in time management behaviors in the current study. For academic procrastination, we 
anticipate an increase over time; for incentivized and self-selected spaced practice, we have no hypothesis as no theory or empirical 
evidence exists yet. 

RQ2. : Does previous programming experience predict the temporal change of time management behaviors? 

The temporal change in SRL behaviors may indicate students’ ability to adapt learning strategies (Greene et al., 2021). Past 
research has found that prior domain knowledge was related to adaptation in offline environments (Taub & Azevedo, 2019; Zhang, 
Paquette, et al., 2022). We expect to replicate this association in an online programming problem system. Specifically, we anticipate 
that students with programming experience exhibited better adaptation over time, e.g., more spaced practice and less procrastination. 

RQ3. : Do time management behaviors predict weekly learning outcomes at the student (RQ3.1) and week levels (RQ3.2)? 

RQ3.1 examines the between-person relationship, e.g., whether students with less procrastination achieve better overall learning 
outcomes. RQ3.2 explores the within-person relationship, e.g., whether a student obtains better learning outcomes in a week with 
more spacing behaviors than in a week with fewer spacing behaviors. Based on previous findings (Aggarwal & Ashok, 2022; Martin 
et al., 2015), we expect a negative association between academic procrastination and learning outcomes at both the student and week 
levels. For spaced practice, although prior computing research has yielded inconsistent findings (e.g., Leppänen et al., 2016; Li et al., 
2021), possibly due to uncontrolled effort investment, we anticipate a positive association in both incentivized and self-selected spaced 
practice at both levels when effort investment is controlled. 

RQ4. : Do learning outcomes in the current week predict time management behaviors in the next week? 

In terms of SRL, the current learning outcomes serve as feedback informing learners about their progress and its deviation from the 
goal, based on which learners may adapt their time management behaviors (Wolters & Brady, 2021). However, the associations have 
not been empirically validated in an online environment. We expect to uncover such associations. 
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4. Methods 

4.1. Participants 

Participants in this study were 951 undergraduates from a large university in the Midwestern region of the United States. They 
enrolled in and completed an introductory computer science (CS1) course during either Fall 2019 (617 students) or Spring 2020(334 
students). No student repeated the course. Of the participants, 27.44% were female, and 78.49% were freshmen. The proportion of 
students majoring in a CS program, a program of CS plus another discipline, and a program unrelated to CS were 11.24%, 18.49%, and 
70.27%, respectively. 

4.2. Course structure and the problem system 

The CS1 course taught Java programming in a blended form, combining in-person lectures and lab sections as well as online 
programming exercises. A single teacher instructed all classes in both semesters. The exercises were identical across classes. There were 
minor differences in some lectures and lab sections between classes, but the material in the lectures and lab sections was comparable 
across classes. 

Programming problems were hosted on PrairieLearn, a web-based and problem-driven learning system (West et al., 2015). The 
instructor uploaded and released problems and set correct solutions and test cases for the problems. When students entered a pro
gramming problem, the top left of the interface described the task requirement (see Fig. 1a), under which was a coding area where 
students typed the solution. PrairieLearn automatically graded the solution after students clicked the Save & Grade button and 
immediately presented feedback below the coding area. For multiple-choice and fill-in-the-blank problems, the feedback primarily 
indicated correctness. For coding problems, the feedback additionally delineated errors in the submission, including checkstyle errors 
(whether the submitted code adhered to the required format), syntactic errors, and semantic errors (see Fig. 1b; in the system, the 
semantic errors were named test errors). Students could save their code without grading using the Save only button. This button was 
mainly used when students were finishing quizzes because multiple-choice and fill-in-blank problems in quizzes allowed limited at
tempts. The right area of the interface mainly contained two panels. The Question panel summarized students’ submission histories on 
the current problem. The Assessment overview panel was for quizzes and showed students’ progress in a quiz, including the scores that 
they earned, the remaining time, and the number of attempts left (only for multiple-choice and fill-in-blank problems). 

The problems included 69 daily assignments and 14 weekly quizzes. Each assignment was a small coding task. A new assignment 
was released on almost every weekday at 00:00, and students could submit solutions an unlimited number of times but needed to solve 
it within a 24-h window to earn credits. The instructor explained the reason for such an assignment schedule to students in the course 
syllabus: programming takes regular consistent practice. The instructor encouraged students to practice programming in smaller, 
consistent sessions rather than in extensive, single sittings. 

Fig. 1. Screenshots of PrairieLearn.  
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A quiz was released weekly, and each quiz consisted of multiple-choice and small coding problems. Students were given 1 h to 
complete the quiz, with unlimited attempts allowed for coding problems and up to two attempts for multiple-choice problems. Prior to 
the COVID-19 outbreak, students completed quizzes at an on-campus computer-based testing facility during Monday to Wednesday. 
After the outbreak (in the eighth week of Spring 2020), all classes were held online, and students took quizzes online during class time 
on Wednesday. 

Assignments contributed to 20% of the final grades, while quizzes accounted for 30%. Lecture and lab participation as well as 
projects accounted for 50%. Students could still practice the problems of assignments and quizzes after the deadline but would not 
receive course credits. For convenience, we refer to these as non-credit problems. Data in the current study comprised students’ 
submission traces for both credit and non-credit problems, quiz scores, and self-reported prior programming experience collected 
before the first class. 

4.3. Analytic units 

This study focused on the temporal change in time management behaviors, so aggregating the data over the entire semester was not 
appropriate. We are interested in the mutual associations between the behaviors and learning outcomes, the measure of which was 
quiz performance. Hence, this study used the period between two adjacent quizzes as the analytic unit. In this way, we only utilized 
time management behaviors after quiz t-1 and before quiz t to predict performance on quiz t, which, in turn, was used to predict only 
time management behaviors after quiz t and before quiz t+1. Although quizzes were administered every week, the period between two 
adjacent quizzes did not necessarily align with a calendar week due to students having the flexibility to take quizzes anytime between 
Monday and Wednesday. Consequently, the duration of the period varied per student per week, with an average of 7.4 days and a 
standard deviation of 1.90 days. For ease of reference, this paper denotes the period between quizzes t-1 and t as week t. 

4.4. Measurements 

Table 1 summarizes the definition of the main measurements and related terms. The text below explains each measurement. 
Quiz performance. A quiz might involve all the material covered up to that point, with an emphasis on the material covered since the 

last quiz. Quizzes in weeks 4, 9, and 14 were different from the others as they served as midterms, focusing on the material covered 
since the last midterm. Thus, quizzes in different weeks involved different programming concepts and skills and might vary in diffi
culty. To mitigate the potential impact of these differences on the comparability of scores across quizzes, we transformed raw quiz 
scores to z-scores within each week. A student’s quiz z-score in week t indicated how many standard deviations their raw quiz scores in 
week t deviated from the average score in this week. If a student’s quiz z-score was higher in week t than in week t-1, it meant that their 
quiz performance standing in the class improved between the two weeks, and we may infer that they learned more in week t than week 
t-1 relative to their classmates. 

Self-selected and incentivized spaced practice. Previous studies in real-world settings have operationalized spaced practice as the 
number of practice sessions (Carvalho et al., 2020; de Barba et al., 2020) or days (Hartwig & Malain, 2022; YeckehZaare et al., 2021). 
This study adopted the operationalization of practice sessions for two reasons. First, the analytic unit was a period between two 
adjacent quizzes, limiting the maximum number of study days to nine. The small range of study days resulted in smaller variances 
compared to practice sessions and suppressed the power of detecting relationships between spaced practice and other variables. 
Second, students often worked on PraireLearn at midnight (see Fig. 4). Using the operationalization of practice days would result in 
unreasonable measurements. For instance, consecutive submissions with a short interval but on different dates (e.g., 23:58 on Monday 
and 00:01 on Tuesday) would be counted as two practice days, whereas submissions with a long interval but on the same date (e.g., 
18:00 and 22:00 on Monday) would be counted as one practice day. 

The data did not contain the amount of time that students had worked on a problem before the first submission of a session and the 
amount of time that students spent after a submission unless there was another submission following it. Thus, it was not possible to 
determine the exact start and end times of students’ practice sessions. However, a reasonable hypothesis is that submissions within a 
session would be temporally clustered, indicative of a focused period of activity. In contrast, the intervals separating different sessions 

Table 1 
The primary measurements and related terms.  

Terms Definition 

Credit problems Problems in assignments that were released at 00:00. Students could earn credits by solving them within a 24-h window. 
Non-credit problems Any problem after its deadline. 
Quiz performance (t) The z-scores that were transformed from raw scores of quiz t. 
Quiz period (t) The period between the end of quiz t-1 and the start of quiz t. 
Practice session A period where there was at least one submission, and the interval between consecutive submissions was no more than 15 min. 
Incentivized spaced practice 

(t) 
The number of practice sessions on unsolved credit problems in quiz period t, multiplied by 

7
dayt 

for normalization. dayt was the 

number of days in period t. 
Self-selected spaced practice 

(t) 
The number of practice sessions on non-credit problems and solved credit problems in quiz period t, multiplied by 

7
dayt

. 

Procrastination (t) The average interval between the release of a credit problem and the first submission on it in quiz period t. 
#Submissions (t) The number of submissions on non-credit and credit problems in quiz period t.  
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were likely to be more variable. Based on this assumption, the current research defined a session as a period marked by at least one 
submission, where the interval between consecutive submissions was no more than 15 min. The choice of this 15-min threshold 
stemmed from an observed pattern in submission intervals: the frequency of intervals shorter than the chosen threshold exhibited only 
a slight increase when extending the threshold beyond 15 min (see figure A1 in the appendix). For instance, as the threshold increased 
from 15 min to 1 h, the proportion of intervals shorter than the threshold increased slightly from 81.57% to 83.77%. The pattern 
aligned with the initial assumption: when the threshold is in the typical range of submission intervals during a session, one would 
expect a rapid increase in the proportion of intervals as the threshold extends; conversely, when the threshold exceeds the typical 
range, a slower rate of increase in the proportion of intervals is anticipated. 

Note that the gap between sessions may influence the spacing effect, but the impact has been widely recognized as relying on the 
retention interval (e.g., Cepeda et al., 2008; Son & Simon, 2012), which is the interval between a test and the last session before the 
test. A longer gap leads to better test performance when the retention interval is long. For a retention interval of seven days, a gap of 
one day may result in the best test performance (Cepeda et al., 2008). In the current study, the mean and median of the retention 
interval (the interval between the last practice session before a quiz and the time of starting the quiz) were 16.2 and 4.5 h, respectively. 
With such a short retention interval, the gap between sessions was unlikely to influence quiz performance. Indeed, the association 
between the session gap and quiz performance was null (see figure A2 in the appendix). Thus, this study did not focus on the session 
gap. 

We distinguished self-selected spaced practice and incentivized spaced practice. Practice sessions on an assignment before its 
deadline and prior to the first correct submission were classified as incentivized spaced practice because solving the problem before its 
deadline could earn credits. The credits might be external motivation that drove the practice. Practice sessions on non-credit problems 
were counted as self-selected spaced practice. Additionally, practice sessions on a problem before its deadline but after the first correct 
submission was also considered self-selected spaced practice. This was because practicing a solved assignment would not be awarded 
extra credits, and such practice sessions were likely driven by intrinsic motivation. 

The length of the period between quizzes varied from five to nine days, which might contribute to the variation in the number of 
practice sessions. To eliminate this effect, we used Equation (1) to transform the number of practice sessions. sessionkt denoted student 
k’s practice sessions in week t, while daykt denoted the number of days in week t, i.e., the period between the completion of quiz t-1 and 
the start of quiz t. Multiplying by seven converted spacingkt to represent total practice sessions per week, rather than per day. 

spacingkt =
sessionkt

daykt
∗ 7. (1) 

The spacing behaviors occurred naturally, with no restrictions on the amount of study time. Therefore, a high frequency of practice 
sessions could partially stem from significant effort investment. To address this issue, we used the total number of submissions on 
problems (regardless of for credits or non-credit purposes) as an indicator of effort investment and controlled for its impact when 
predicting quiz performance (see Fig. 3), as previous studies have done (Carvalho et al., 2020; Hartwig & Malain, 2022). 

Academic procrastination. Academic procrastination was operationalized as the interval between an assignment’s release and the 
timing of the first submission. If students attempted an assignment after its deadline or never attempted it, academic procrastination on 
the assignment was 24 h. We used the average procrastination across assignments within a week in subsequent analyses. Prior studies 
have found the interval (or a similar measurement, such as the number of days elapsed since a task released) positively correlated with 
self-reported procrastination measured by well-established procrastination scales in both the academic and non-academic settings 
(Beswick et al., 1988; Steel et al., 2001; Zuber et al., 2020). In addition, the positive correlation between the interval and learning 
outcomes found in prior work (e.g., Aggarwal & Ashok, 2022; Pereira et al., 2021; Zhang, Cunningham, et al., 2022) is in line with the 
positive correlation between academic procrastination and learning outcomes (Kim & Seo, 2015). The above findings offered evidence 
supporting the validity of using the interval as a measure of academic procrastination. 

Prior programming experience. Prior experience included self-rated programming ability and programming language familiarity. 
Self-rated ability ranged from one to five, with a higher rating indicating a higher level of proficiency. Programming language fa
miliarity contained four categories: (1) none (12.43%), indicating no prior programming experience; (2) Java (15.46%), indicating 
programming exclusively in Java; (3) others (27.46%), referring to programming in languages other than Java; (4) Java and others 
(44.65%), indicating programming in both Java and other languages. 

4.5. Analyses 

The present study utilized two-level dynamic structural equation models (DSEM ; Asparouhov et al., 2018), implemented in Mplus 
8.3, to examine the dynamic associations among the variables of interest. DSEM integrates time-series, multilevel modeling, and 
structural equation modeling and is suitable for analyzing intensive longitudinal data, where there are multiple measurement occa
sions. To enhance the estimation accuracy, 26 students were excluded from the analyses because they attempted less than half of the 
quizzes and had fewer than seven measurement occasions. A total of 288 students attempted seven or more but not all quizzes, so their 
data were unequally distributed in time. Ignoring the issue may cause inaccurate results because DSEM assumes a constant lag effect 
across measurement occasions. Imagine the first three measurements of a student occurred at weeks 1, 2, and 5. If we regarded the 
measurements as being collected in occasions 1, 2, and 3, the lag effect for weeks 1–2 would be assumed to be the same as that of weeks 
2–5, although the interval between occasions 2 and 3 was three times of that between occasions 1 and 2. We used the TINTERVAL 
statement in Mplus to accommodate the unequally spaced measurement occasions (McNeish et al., 2020). In the above example, using 
TINTERVAL = week(1) would automatically code the measurements as collected in occasions 1, 2, and 5 and insert missing values for 
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occasions 3 and 4. In this way, the lag effect for weeks 1–2 would not be the same as that of weeks 2–5. 
To address RQ 1, three two-level autoregressive lag-1 (AR1) models (McNeish et al., 2020) were employed, with each model 

corresponding to a different type of time-management behavior. Fig. 2 illustrates the model for incentivized spaced practice. φ1 was 
the autoregressive lag-1 effect. β1 was the effect of week number on incentivized spaced practice. γ11 was the predictive effects of prior 
programming experience on incentivized spaced practice. Gender, grade, and major were covariates. Semester was also added to the 
model to account for the potential impact of COVID-19 and first-year students’ behavioral differences between their first (Fall 2019) 
and second (Spring 2020) semesters in college. For instance, they might be adapting to college life in the first semester, but their 
behaviors might be more stable in the second semester. 

To differentiate the within-person and between-person effects and facilitate interpretation, person-mean centering was applied to 
incentivized spaced practice, i.e., subtracting each student’s mean incentivized spaced practice from their weekly raw value. The latent 
person-mean centering technique in Mplus was used to reduce bias in the estimates (Asparouhov et al., 2018). This is why the 
student-level incentivized spaced practice was depicted as a latent variable in Fig. 2. 

For RQ2, we added the moderation effects of prior programming experience on the relationship between incentivized spaced 
practice and week number, which was γ21 and γ22 in Fig. 2. 

To investigate RQs 3 and 4, we utilized a two-level vector autoregressive lag-1 model (VAR (1); McNeish et al., 2020), illustrated by 
Fig. 3 φ1 to φ4 represented autoregression effects. β1, β2, and β3 represented the predictive effects of time management behaviors on 
quiz scores at the week level (RQ 3.2), while β4, β5, and β6 were that at the student level (RQ 3.1). β7, β8, and β9 denoted the predictive 
effects of quiz scores in the current week on time management behaviors in the subsequent week (RQ 4). The number of submissions 
was a covariate, and its associations with time management behaviors and quiz scores were not of interest. The same is true for the 
other covariates. 

5. Results 

Preliminary analyses were conducted to explore the relationships among student-level variables (see Tables 2 and 3). Quiz scores 
and self-rated ability had a weak and positive relationship, and both were weakly and negatively related to procrastination, the two 
types of spaced practice, and the number of submissions. The two types of spaced practice were weakly and positively related to each 
other, and both were moderately related to the number of submissions. Procrastination was weakly and negatively related to 
incentivized spaced practice but positively related to self-selected spaced practice. Students with different programming language 
familiarity showed differences in quiz scores and time management behaviors. Disparities in the variables also occurred between 
students with different majors, between male and female students, and between freshmen and not-freshmen. 

5.1. RQs 1 and 2: the changes in time management behaviors over time and the moderation effect of prior programming experience 

Fig. 4 displays the weekly change in time management behaviors throughout a semester. The incentivized spacing behavior 
generally declined over time. The AR1 model yielded an effect of the week number at −0.13 (see Table 4), indicating that, on average, 
the number of practice sessions for credits diminished by 0.13 from week t-1 to week t. In contrast, self-selected spaced practice 
increased over the semester. On average, the number of non-credit practice sessions increased by 0.03 from week t-1 to week t. In 
addition to the general trend, a dramatic decrease in incentivized spaced practice and a dramatic decrease in self-selected spaced 
practice occurred during week 4 (which coincided with the first midterm exam). An abrupt increase during week 10 and an abrupt 
decrease during week 13 also occurred in incentivized spaced practice. 

Students procrastinated more and more over the semester. For example, the proportion of students commencing assignments after 
20 h since the release of the assignments escalated from 5.6% in week 1 to 40.1% in week 14. The effect of the week number was 0.31 in 
the AR1 model (see Table 4), meaning a delay of 0.31 h in starting assignments from week t-1 to week t. In line with Tables 2 and 3, 
prior programming experience and gender influenced the time management behavior. Table 4 also provides information on the 
autoregressive effects of time management behaviors, all of which were positive. Students who engaged in more practice sessions in 

Fig. 2. The two-level AR1 models for the change in incentivized spaced practice 
Note. Incentivized_t: Incentivized spaced practice in week t. Week: week number. Familiarity: language familiarity. Rectangles indicate observed 
variables, while ellipses indicate latent variables. 
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week t-1 were inclined to maintain similar levels of practice sessions in week t, a pattern also observed in procrastination behaviors. 
Programming experience moderated the change rate of all time management behaviors (Table 5). For self-rated ability, students 

rating their ability at level five showed a 0.12 (0.03*4) higher change rate in incentivized spaced practice than students rating their 
ability at level one. Students familiar with at least one programming language had a 0.05 to 0.08 higher change rate in both incen
tivized and self-selected spaced practice than those unfamiliar with any language. Also, students familiar with only Java showed a 
growth rate in procrastination 0.13 higher than those unfamiliar with any language. 

Gender, grade, and major did not moderate the change rate of time management behaviors. Students in Spring 2020 showed a 0.04 
lower change rate in self-selected spaced practice and a 0.14 higher change rate in procrastination than those in Fall 2019. 

5.2. RQs 3 and 4: relationships between time management behaviors and quiz performance 

Fig. 5 displays the results of the two-level VAR1 model. Regarding the prediction of time management behaviors on quiz per
formance (RQ3), at the week level (RQ3.1), both incentivized and self-selected spaced practice showed a statistically significant 
positive effect on quiz performance, while academic procrastination had a statistically significant negative effect. On average, a 
student’s quiz performance increased by 0.01 standard deviations if they practiced one more session, regardless of credit or non-credit 
purpose and decreased by 0.02 standard deviations if they started the homework assignment 1 h later. The three types of behaviors 
explained 5% of the variances in quiz performances at the week-level (i.e., within-person variances), derived by comparing the two- 
level VAR1 model with its variant without the time management behaviors. 

At the student level (RQ3.2), the prediction of self-selected spaced practice and procrastination on quiz performance was consistent 
with that at the week level. A student’s overall quiz performance was 0.08 standard deviations higher than another student who 
practiced one fewer session for non-credit purposes each week. Students starting assignments later had quiz scores 0.14 standard 
deviations lower than those starting the assignments 1 h earlier. However, the prediction of incentivized spaced practice on quiz 
performance was negative, contrary to the week-level finding. A student’s overall quiz performance was 0.50 standard deviations 
lower than another student who practiced one fewer session for credits. The three types of behaviors explained 48.90% of the variances 
in quiz performances at the student level (i.e., between-person variances), derived by comparing the two-level VAR1 model with its 
variant without the time management behaviors. 

Interestingly, the quiz performance in week t-1 predicted students’ time management behaviors in week t (RQ4). A student with 
quiz performance one standard deviation higher at the current week tended to practice 0.17 more sessions for credits, 0.21 fewer 
sessions for non-credit purposes, and initiated assignments 0.47 h earlier in the subsequent week. Quiz performance explained 0.68%, 
2.10%, and 2.10% of the variances in incentivized spaced practice, self-selected spaced practice, and procrastination, respectively. 

Fig. 3. Two-level VAR1 model for the associations among spaced practice, procrastination, and quiz scores 
Note. Rectangles indicate observed variables, while ellipses indicate latent variables. Single-headed arrows are regression, while double-headed 
arrows are correlation. The dashed lines are for controlling the covariates and are not of interest. For clarity, the correlations in week t are 
not displayed. 
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Fig. 4. Binned time management behaviors in each week.  

Table 2 
Binary Kendall correlation at the student level.   

Quiz scores 1 2 3 4 

1. Incentivized spaced practice −0.14***     
2. Self-selected spaced practice −0.15*** 0.26***    
3. Procrastination −0.34*** −0.24*** 0.04*   
4. #Submissions −0.21*** 0.48*** 0.50*** −0.05  
5. Self-rated ability 0.21*** −0.09* −0.28*** −0.18*** −0.23*** 

Note. Holm correction was applied to control the family-wise error rate. 

Table 3 
Distributions of the variables of interest in different groups.  

Mean (SD) Raw quiz scores Incentivized spacing Self-selected spacing Procrastination 

Language familiarity Java and others 86.35 (8.05) 1.01 (1.17) 5.53 (1.17) 13.69 (3.83) 
Java 86.29 (8.85) 1.31 (1.35) 5.56 (1.16) 14.17 (3.47) 
Others 81.79 (9.52) 1.49 (1.35) 5.87 (1.53) 15.36 (3.46) 
None 78.60 (9.39) 2.10 (1.56) 5.94 (1.47) 16.36 (3.14) 

Major CS 87.49 (8.27) 5.72 (1.24) 1.08 (0.96) 12.96 (3.66) 
CS+ 85.70 (8.07) 5.54 (1.17) 1.48 (1.48) 14.25 (4.04) 
Others 83.17 (9.46) 5.71 (1.37) 1.32 (1.36) 14.89 (3.57) 

Gender Female 82.75 (9.54) 5.95 (1.32) 1.76 (1.45) 14.59 (3.88) 
Male 84.65 (9.04) 5.58 (1.31) 1.15 (1.26) 14.54 (3.66) 

Grade First year 85.16 (8.53) 5.64 (1.30) 1.29 (1.37) 14.27 (3.80) 
Not first year 80.34 (10.55) 5.81 (1.42) 1.43 (1.26) 15.58 (3.22) 

Semester Fall 2019 84.70 (9.48) 5.64 (1.24) 1.44 (1.47) 14.45 (3.75) 
Spring 2020 83.05 (8.60) 5.76 (1.47) 1.1 (1.05) 14.75 (3.66)  
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6. Discussion 

This investigation explored the temporal changes of undergraduates’ time management behaviors in an online programming 
problem system (RQ1), factors related to the changes (RQ2), the within-person (RQ3.1) and between-person (RQ3.2) associations 
between the behaviors and learning outcome, as well as the within-person prediction of learning outcomes on the behaviors (RQ4). We 
applied a set of two-level DSEM to analyze submission traces, quiz results, and self-reported data to answer these questions. 

6.1. RQs 1 and 2: the change in time management behaviors over time and the moderation effect of prior programming experience 

In response to RQ1, an upward trend in academic procrastination was observed, which aligns with prior studies (Allevato & 
Edwards, 2013; Leinonen et al., 2021). The increase may be attributed to the growing complexity of the computing concepts and skills 
covered in the later assignments. Students tend to procrastinate more in complex tasks than simple tasks (Sun & Kim, 2022). Addi
tionally, the initial flexibility in students’ schedules during the beginning of the semester may gradually diminish as their academic and 
other obligations accumulate, leading to some students struggling with time management. 

The increasingly busy schedule may also account for the decline in incentivized spaced practice, given that previous research found 
a negative association between spaced practice and the number of academic commitments (Susser & McCabe, 2013). Distributing 
practice requires effortful control and brings challenges to learners, particularly on assignments for credits where students had only a 
24-h timeframe to earn the credits. As the schedule became more packed, the difficulty of distributing study time likely grew. The 
decrease in incentivized spaced practice was also related to increasing procrastination. Beginning an assignment later left students less 

Table 4 
The effect of the week number on time management behavior.  

Estimates and 95% confidence intervals Incentivized spaced practice d Self-selected spaced practice d Procrastination 

Fixed effect 
Intercept 6.19 [5.88, 6.51] 1.16 [0.91, 1.44] 16.76 [15.95, 17.59] 
Week a ¡0.13 [-0.14, -0.12] 0.03 [0.02, 0.04] 0.31 [0.28, 0.33] 
Autoregression 0.10 [0.07, 0.12] 0.25 [0.23, 0.28] 0.26 [0.23, 0.28] 
Self-rated ability ¡0.14 [-0.25, -0.03] ¡0.35 [-0.44, -0.25] ¡0.55 [-0.88, -0.28] 
Java and others b ¡0.15 [-0.48, 0.20] ¡0.39 [-0.67, -0.10] ¡1.55 [-2.46, -0.64] 
Java b ¡0.16 [-0.51, 0.19] ¡0.40 [-0.68, -0.09] ¡1.48 [-2.37, -0.50] 
Others b 0.06 [-0.25, 0.37] −0.16 [-0.43, 0.11] −0.52 [-1.38, 0.28] 
Female 0.26 [0.10, 0.41] 0.34 [0.20, 0.50] 0.19 [-0.27, 0.54] 
First year −0.08 [-0.30, 0.13] −0.06 [-0.26, 0.11] −0.52 [-1.12, 0.02] 
CS c 0.20 [-0.12, 0.48] −0.23 [-0.48, 0.03] ¡1.24 [-2.04, -0.47] 
CS + c 0.03 [-0.22, 0.26] 0.16 [-0.06, 0.37] −0.01 [-0.65, 0.65] 
Spring 2020 −0.08 [-0.29, 0.1] −0.33 [-0.49, −0.15] −0.40 [-0.94, 0.10] 
Random effect 
Intercept 1.15 0.50 10.15 
Week 0.00 0.00 0.03 

Note. The estimates in bold were statistically significant at 0.05 level. a: To ease the interpretation on the estimates, we subtracted one from the week 
number so that it started at zero. The intercept was time management behaviors in the first week, and the main effects of student-level covariates were 
behavioral differences in the first week. b: Students unfamiliar with any language were the reference. c: Students majoring in a program unrelated to 
CS were the reference. d: Due to the abrupt change in practice sessions in week 4, we excluded observations in this week in the AR1 model for 
incentivize and self-selected spaced practice. 

Table 5 
The moderation effect of programming experience on the change of behavior.  

Estimates and 95% confidence intervals Incentivized spaced practice d Self-selected spaced practice d Procrastination 

Fixed effect 
… … (The main effect of each variable was omitted for simplicity) 
Self-rated ability:Week 0.03 [0.01, 0.04] −0.01 [-0.02, 0.01] −0.02 [-0.05, 0.00] 
Java and others:Week 0.06 [0.03, 0.10] 0.07 [0.03, 0.10] 0.06 [-0.01, 0.14] 
Java:Week 0.05 [0.01, 0.10] 0.08 [0.04, 0.11] 0.13 [0.05, 0.20] 
Others:Week 0.06 [0.03, 0.10] 0.06 [0.03, 0.09] 0.00 [-0.07, 0.06] 
Female:Week −0.01 [-0.03, 0.00] 0.00 [-0.01, 0.02] 0.00 [-0.03, 0.04] 
Freshman:Week 0.00 [-0.03, 0.03] 0.01 [-0.01, 0.03] −0.02 [-0.06, 0.04] 
CS:Week 0.01 [-0.03, 0.06] 0.01 [-0.02, 0.03] −0.06 [-0.12, 0.00] 
CS+:Week 0.00 [-0.03, 0.02] 0.01 [-0.02, 0.03] 0.01 [-0.04, 0.06] 
Spring 2020:Week 0.02 [-0.01, 0.05] ¡0.04 [-0.06, -0.01] 0.14 [0.09, 0.18] 
Random effect 
Intercept 1.02 0.52 9.21 
Week 0.00 0.00 0.03 

Note. The estimates in bold were statistically significant at 0.05 level. 
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flexibility to distribute the study time if they aim to complete it before the deadline, as evidenced by the negative association between 
incentivized spaced practice and procrastination in the current and other studies (Zhang, Cunningham, et al., 2022). 

Contrary to the decrease in incentivized spaced practice, self-selected spaced practice increased over time. The most plausible 
explanation is that students had increasing opportunities to practice non-credit problems because such problems gradually accumu
lated. Furthermore, certain computing concepts and skills taught later in the course relied on mastery of knowledge taught earlier. For 
instance, an understanding of iteration requires knowledge of conditionals (Rogalski & Samurçay, 1990). Such sequential connections 
among knowledge components may have compelled students to practice non-credit problems to reinforce their understanding of 
previously taught material. Additionally, the course design, which advocated persistent practices by releasing a new assignment each 
day, may have contributed to the rise in self-selected spaced practice. Experiencing a learning strategy affects learners’ beliefs about it, 
and the belief plays a critical role in the utilization of the strategy (McDaniel & Einstein, 2020). As students gained more experience 
with the course design, they likely developed a better understanding of the benefits of spaced study and engaged accordingly. It is 
worth noting that the increase of self-selected spaced practice over time was small. Further investigations are necessary to explore such 
behavioral changes over time. 

Regarding RQ2, programming experience moderated the change in time management behaviors. To some extent, the moderation 
effect might be related to the main effect of programming experience. Students with programming experience generally practiced 
fewer sessions and procrastinated less in the first week, leaving more room for growth practice sessions and procrastination. The most 
prominent pattern was that students familiar with at least one programming language exhibited less initial usage of the spacing 
strategy than those unfamiliar with any language, but the former showed a higher growth rate in the usage as the course progressed. 
This pattern may be attributed to that students were already familiar with the learning material covered at the beginning of the course 
and did not feel the need to practice non-credit problems. However, as the course advanced, the learning material became less familiar, 
so they had to exercise the problems. Studies have found that prior domain knowledge facilitates SRL behaviors and the increase in 
such behaviors, as prior knowledge may enable them to allocate more working memory capacity to regulate behaviors (Taub & 
Azevedo, 2019; Zhang, Cunningham, et al., 2022). Programming language familiarity was indicative of prior knowledge; and thus, it 
might facilitate the growth rate in spacing behaviors. 

Interestingly, students familiar with Java showed a higher growth rate in procrastination than those unfamiliar with any language, 
although this effect was not statistically significant in those familiar with both Java and other languages. A relevant and interesting 
result is that those familiar with Java started assignments (2.21 and 2.53 h) earlier than those unfamiliar with any language during the 
first week. These findings may be explained by the positive association between task complexity and procrastination (Sun & Kim, 
2022). Students familiar with Java might perceive the early problems as simple. However, as the course progressed and the 

Fig. 5. The unstandardized coefficients and 95% confidence intervals in the two-level VAR1 model 
Note. The p-values of all coefficients were smaller than 0.01. Rectangles indicate observed variables, while ellipses indicate latent variables. For 
clarity, the figure does not show covariates and correlations. 
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assignments became more complex, maintaining low-level procrastination might become more challenging. 

6.2. RQs 3 and 4: relationships between time management behaviors and quiz performance 

For RQ3, this study found that quiz performance was predicted negatively by procrastination and positively by self-selected spaced 
practice at both the week and student levels. These findings were in line with the expectations and prior studies (Li et al., 2021; Martin 
et al., 2015). Surprisingly, incentivized spaced practice predicted quiz performance positively at the week level but negatively at the 
student level. One possible explanation is that incentivized spaced practice was negatively related to prior domain knowledge (as 
suggested by Tables 1–3), and certain prior knowledge factors were not measured in this study. Consequently, the student-level 
prediction of incentivized spaced practice on quiz performance might be strongly confounded with the prior knowledge factors and 
be negative. The week-level prediction did not suffer this issue because a student’s prior knowledge remained consistent throughout 
the course. These findings highlight the challenge in measuring spaced study using log data from real-world settings, particularly in 
obtaining an uncontaminated measure of spacing behavior in a digital learning environment without experimental control. For future 
investigation in such a context, we resonate with previous research (Hartwig & Malain, 2022; Yeckehzaare et al., 2022) and suggest 
controlling potential confounding variables to ensure unbiased findings, such as the effort or time investment. 

The results showed a negative correlation between the time of submission and quiz scores, suggesting that later submissions tended 
to result in lower scores. However, we do not advocate staying up late to do the assignment. Further analysis revealed that the ad
vantages of beginning assignments early were most pronounced between noon and midnight, as detailed in figure A3of the appendix. 
Specifically, the quiz-z scores not only had a higher mean but a smaller variance in the cases of starting problems before noon (12:00) 
than those starting problems after noon. Moreover, and the negative correlation between the time of submission and scores was 
significantly weaker before noon than after noon. Thus, initiating assignments early can enhance learning outcome, but it should not 
come at the expense of sacrificing sleep until after midnight. 

For RQ4, quiz performance in the current week predicted time management behaviors in the next week. This aligns with our 
expectations. According to Wolters and Brady’s (2021) theory about time and SRL, after completing a task, learners reflect on per
formance- and time-related outcomes. The learner may utilize the reflection to update time-related knowledge and belief, which 
impact time management behaviors in future tasks. Considering that spaced practice and procrastination influenced the quiz per
formance in the current week, after the quiz, students might reflect on their time management strategies and adjust the strategies in the 
next week. Therefore, higher quiz performance in the current week was associated with less procrastination and more incentivized 
spaced practice in the next week. It is unclear why higher quiz performance was related to less self-selected spaced practice, which 
warrants further investigation. Overall, these findings support Wolters and Brady’s (2021) theory. Nevertheless, it is important to note 
that the prediction effect of quiz performance on time management was weak in this study, suggesting the need for further exploration. 

6.3. Educational implications 

This study demonstrated that both procrastination and spaced practice significantly predicted quiz performance with a small 
within-person effect size and a large between-person effect size (0.05 and 0.49 R2, respectively). The findings highlight the significance 
of time management behaviors in introductory programming learning and call on scaffolding time management in online program
ming problem systems. The course in this study already used a problem schedule which encouraged students to distribute study time by 
releasing a problem and requiring solving it within a day to earn credits. However, students with prior programming experiences were 
less inclined to distribute practices on the problems. This does not imply that the students with limited experience were more moti
vated by the problem schedule to distribute study time than those with more experience. Instead, the reason may be that students with 
experience could solve the problem within a single session, but those with limited experience could not. In another CS1 study with a 
comparable problem system, students could earn additional credits by completing a few simple problems (e.g., multiple-choice 
questions) per day, and they distributed practices evenly throughout the course rather than massing before exams (YeckehZaare 
et al., 2019). Combining these findings, rewarding credits for a few attempts on programming problems per day may be more effective 
in promoting spaced study in programming than rewarding credits for solving a single problem per day. 

A direct approach to mitigating procrastination may be rewarding students for commencing assignments early (but not staying up). 
However, this approach may not be effective and could potentially be counterproductive. As Allevato and Edwards (2013) noted, such 
rewarding may only benefit students already good at time management. Furthermore, the finding in this study suggests that such 
rewards may benefit those with prior experience, given that both self-reported programming ability and language familiarity were 
negatively related to procrastination. Therefore, it may be more effective to combat procrastination via alternative approaches, such as 
communicating peers’ assignment progress (Edwards et al., 2015; Huang et al., 2021) and improving the psychological antecedents of 
procrastination (e.g., task aversiveness and fear of failure; Steel, 2007). 

Prior knowledge and demographics are important factors that learning systems may adapt to (Plass & Pawar, 2020). However, of 
the three demographic variables examined, only gender displayed a weak relation with incentivized and self-selected spaced practice 
and did not moderate behavioral changes. In contrast, prior experience predicted all types of time management behaviors and 
moderated the changes. The finding does not imply that the demographic variables are not important in adaptive learning systems. But 
for time management in online programming learning, it may be more effective to tailor scaffolding based on learners’ prior 
knowledge instead of these demographics. Specifically, at the beginning of the course, students with lower prior knowledge need more 
support to combat procrastination and less support to apply the spacing strategy. As the course progresses, they need more scaffolding 
on spaced study, while students with higher prior knowledge need more support in overcoming procrastination. 
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The current research corroborates the value of intensive longitudinal approaches in the fields of learning analytics and SRL by 
capturing the dynamic learning process (Hilpert et al., 2023). The action logs and other process data, which naturally accumulate in 
digital environments and are frequently used by learning analytics research, can be converted into intensive longitudinal data through 
careful segmentation. Despite calls for temporal analyses in learning (Knight et al., 2017; Molenaar & Wise, 2022), only a few studies 
have adopted an intensive longitudinal approach to understanding learning. One possible reason is that the intensive longitudinal 
method leans towards variable-centered approaches, while temporal analysis techniques focus on event-centered approaches 
(Molenaar & Wise, 2022). Indeed, in two recent review articles about temporally focused analytics in SRL and collaborative learning 
(Lämsä et al., 2021; Saint et al., 2022), the categories of analysis techniques do not even include longitudinal analysis. Intensive 
longitudinal methods can reveal both the within-person and between-person variation in learning and relevant factors, which may 
provide better explanations for learning and guidance for interventions (Saqr, 2023). Given that the potential of the methods has not 
yet been realized, future exploration is necessary to harness the methods in conjunction with event-centered approaches to close the 
loop of learning analytics (Wise et al., 2021). 

6.4. Limitations and future research 

Inevitably, the course design and learning environment impact students’ learning behaviors (Hartwig & Malain, 2022), and this 
may restrict the generalizability of the results in the current research. For instance, task characteristics are important antecedents of 
procrastination (Steel, 2007; Sun & Kim, 2022). If the assignments are fewer but more complex, and students have one week to solve 
each assignment for credits, procrastination may exhibit a pattern of change different from this study. Similarly, in a course focusing on 
declarative knowledge with limited exercises, it may be difficult to differentiate between incentivized and self-selected spaced practice 
because it is unclear whether a study session is mainly for credits or mastering skills. So do the associations between these spacing 
behaviors and learning outcomes. In addition, the schedules of assignments and quizzes in this study caused short retention intervals 
(the interval between the last practice session before a quiz and the time of starting the quiz). The short retention intervals might be the 
reason that the gap between practice sessions was not related to the quiz performance. Future studies may explore the relationship 
between the spacing gap, the number of practice sessions, and quiz (or test) performance in a learning environment with larger 
retention intervals. 

At the week level, the relationships between time management behaviors and quiz performance were weak. The reason may be that 
the quizzes in different weeks varied in programming concepts and skills as well as difficulty. The impact of these variations on quiz 
performance was only partially controlled through the z-score transformation and may lead to an underestimation of the week-level 
associations. To address this issue, future research can apply equating and linking techniques (Kolen & Brennan, 2014) to transform the 
scores on different quizzes to the same scale. 

The interval between the release of a credit problem and the first submission on it was not a perfect measurement of academic 
procrastination because strategic delay might lead to a large interval (Klingsieck, 2013). Nevertheless, the overall effect of strategic 
delay on the interval was likely small. Otherwise, the current work would find a positive or null relationship between the interval and 
quiz performance, given that strategic delay has been found positively related to learning outcomes across studies (Kim & Seo, 2015). 
Future research may cross-validate the current findings using a more robust and rigorous measurement of academic procrastination. 

The current study did not measure motivation and affect, which are critical components of SRL and adaptive learning systems 
(Wolters & Brady, 2021). Subsequent studies may measure these factors on multiple occasions and align them with action logs. By 
combining these data, researchers can investigate the dynamic associations among motivation, affect, and time management to deepen 
the understanding of procrastination and spaced study as well as SRL in online environments. 

6.5. Conclusion 

This study investigated undergraduates’ time management behaviors in an online programming problem system. The results 
revealed an increasing trend in academic procrastination over time, possibly influenced by task complexity and packed schedules. 
Incentivized spaced practice decreased, while self-selected spaced practice increased. Programming experience moderated the change 
rate of spacing behaviors. Consistent with previous research, this study established relationships between time management behaviors 
and quiz performance. However, the prediction of incentivized spaced practice on performance was inconsistent between the week and 
student levels, highlighting the challenge of measuring spaced study in real-world settings. Quiz performance in the current week 
predicted time management behaviors in the subsequent week, supporting the claim in Wolters and Brady’s (2021) SRL theory that 
learners reflect on task performance and adapt behaviors in future tasks. Overall, these findings underscore the significance of time 
management behaviors in online programming learning and call for tailored scaffolding to reduce procrastination and promote spaced 
practice. Additionally, the study highlights the value of intensive longitudinal approaches in understanding the temporality of learning 
and encourages future exploration of combining event-centered and variable-centered analytics. 
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Figure A1. The distribution of intervals between successive submissions   

Figure A2. The associations among session spacing gap and quiz performance   
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Figure A3. The distribution of quiz-z scores within each window of starting a problem 
Note. The black line in the box indicates the mean value. The white circle is the median. The shape beside the box is the density plot. Numbers in the 
top are the percentages of students starting a problem in each window. 
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A. Merceron (Eds.), The handbook of learning analytics (2nd ed., pp. 66–76). https://doi.org/10.18608/hla22.007 SoLAR. 
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