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ABSTRACT
University students have to manage complex and demanding schedules to keep up with coursework across multiple classes while
navigating formative personal, cultural, and financial events. Procrastination, the act of deferring study effort until the task deadline,
is therefore a prevalent phenomenon, but whether it is more common among historically disadvantaged students is unknown. If
systematic differences in procrastination behavior exist across sociodemographic groups, they may also contribute to achievement
gaps, considering that procrastination is largely negatively associated with academic performance in prior research. We therefore
investigate these questions in the context of assignment submission using campus-wide learning management system (LMS) data
from a large U.S. research university. We analyze 2,631,893 submission records by 25,659 students across 2,153 courses and propose a context-agnostic procrastination score for each student in
each course based on their assignment submission times relative
to classmates. Based on this procrastination score, we find significantly higher levels of procrastination behavior among males, racial
minorities, and first-generation college students than their peers.
However, these differences only explain performance gaps to a very
limited extent and the negative association between procrastination
behavior and performance remains relatively stable across student
groups. This large-scale behavioral study advances the understanding of academic procrastination through an equity lens and informs
the development of scalable interventions to mitigate the negative
effects of procrastination.
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1

INTRODUCTION

Postsecondary education is a sound investment for young adults
to gain advanced knowledge and skills that prepare them for careers in a highly dynamic labor market [8]. However, succeeding in
college requires overcoming numerous challenges simultaneously:
students have to manage complex and demanding schedules to
keep up with coursework across multiple classes while navigating
formative personal, cultural, and financial events. This complexity
often exposes students from marginalized backgrounds to additional obstacles due to systemic issues of equity and inclusion, such
as prevailing stereotypes on campus [29, 36, 39], experiences of
cultural mismatch [40], and financial hardship [16, 18]. These challenges contribute to the long-standing patterns of lower persistence
and graduation rates and post-graduation earnings among students
from historically underrepresented groups, especially ethnic and
racial minorities and first-generation college students [17]. Empirical insights into how these gaps develop throughout students’
college experience can advance our theoretical understanding of
inequities and inform academic policies to better support students.
During academic terms, students can encounter academic, health,
or social challenges that cause them to fall behind with coursework
and miss deadlines. Prior studies have emphasized the important
role of self-regulated learning skills in the largely autonomous
collegiate learning experience [6, 49]: self-regulated learners manage their study time effectively across multiple tasks. Issues with
self-regulation can contribute to procrastination, which in most
educational contexts refers to a student’s voluntary delay of learning effort when they expect negative educational outcomes [37].
For example, a student may delay studying for an examination or
submitting and assignment until right before it is due. This behavior
limits the amount of time they can spend on the task and therefore
may compromise the quality of their work. Procrastination is prevalent among college students, with nearly 90% reporting to do so on
coursework1 , and a large body of empirical research has shown a
negative relationship between procrastination and academic performance [22]. Insofar as students from marginalized backgrounds
encounter additional challenges that increase their risk of procrastinating, procrastination can provide a new behavioral approach to
understand the development of achievement gaps.
Early studies of procrastination relied primarily on survey measures [34, 35], but these instruments are hard to scale and suffer
1 https://www.prnewswire.com/news-releases/eighty-seven-percent-of-high-school-

and-college-students-are-self-proclaimed-procrastinators-260750441.html

from selection and reflection biases. The rise of learning analytics
and educational data mining has created opportunities for capturing procrastination in an authentic and scalable manner based
on students’ fine-grained behavioral interaction traces in digital
learning environments [26, 31]. Large-scale analytics can not only
identify behavioral correlates of sociodemographic gaps in academic performance, but also inform efforts to create interventions
to mitigate them. For example, racially minoritized students may
experience increased anxiety and reduced self-efficacy due to prevailing stereotypes in their educational environment [29, 36, 39];
this may contribute to increased procrastination behavior and reduced performance, which in turn lowers self-efficacy and raises
anxiety in a negative feedback loop [14, 27]. This psychological
feedback loop could manifest in students’ real-time digital learning
behaviors and it could be easily tracked at scale through learning
analytics to pinpoint opportune moments for intervention.
Building on prior research on procrastination and motivated
by its prevalence among college students, this study provides one
of the first large-scale analyses of sociodemographic inequality in
academic procrastination and achievement across a wide range
of instructional contexts. We specifically answer the following research questions:
(1) How does procrastination behavior vary across sociodemographic student groups?
(2) To what extent can procrastination behavior explain achievement gaps?
(3) How does the association between procrastination and achievement vary across sociodemographic student groups and
across courses of different size?
This study contributes to the literature on procrastination in
several ways. First, we propose a procrastination index based on
students’ behavioral traces in learning management systems (LMS)
relative to their classmates, without having to know the details of
individual tasks and courses. Given the widespread deployment of
LMS at higher education institutions [19], this index can be applied
to a variety of institutional and instructional contexts to depict
students’ time management. Second, we unveil sociodemographic
inequalities in academic procrastination and connect them to inequality in educational outcomes in one of the largest and most
granular datasets on this topic. We position issues of educational
inequalities in the procrastination literature to model and stimulate more computational behavioral science research on social
inequalities in education. Insights from this study can inform the
development of more equitable learning analytics interventions
to support self-regulation and mitigate negative consequences of
procrastination.

2 RELATED WORK
2.1 Self-Regulated Learning and Procrastination
Research on self-regulated learning (SRL) has distinguished between its metacognitive, motivational, and behavioral components
that are manifested in specific SRL strategies [32, 44]. Some of these
strategies support the regulation of internal resources, such as effective ways of memorizing information. Others help regulate external
resources, including setting goals, managing time, etc. Empirical
studies have identified time management skills as a strong predictor

of academic success [24, 46], and procrastination is often considered
evidence that students struggle with time management [6].
The concept of procrastination originally means łto defer intended actionž, which can occur for a variety of reasons. For some
students, procrastination is a strategic delay in tasks to achieve positive outcomes [12]. These students tend to perform better under
pressure and completing tasks closer to deadlines can create such
an environment for them [11, 13]. However, the majority of modern
research focuses on passive procrastination, i.e., delaying action
when knowing that the delay will make them worse off [37]. Across
a large body of empirical studies, this type of procrastination is
mostly harmful, sometimes harmless, but never helpful for students’
academic performance and wellbeing [6, 22, 37].
Prior research has also identified a number of intrinsic and
external factors that contribute to procrastination. Intrinsic factors include established psychological characteristics and personality traits, such as conscientiousness, distractibility, organization,
achievement motivation, and the gap between one’s intentions and
actions [37]. While some of these intrinsic factors are stable traits
across contexts (e.g., conscientiousness), others are malleable (e.g.,
organization skills, achievement motivation) and can therefore be
affected by interventions. External factors include a diverse range
of task attributes (e.g., the format and complexity of the task) and
environmental attributes (e.g., distractions in the study environment) [38]. In formal classroom settings, a multitude of intrinsic
and external factors jointly shape students’ procrastination behavior. Practically speaking, this multifaceted process warrants more
systematic investigation to better understand which factors that
instructors and institutions can control contribute the most to procrastination.

2.2

Behavioral Measures of Procrastination

The measurement of procrastination largely focuses on temporal aspects of students’ learning effort, because procrastination is associated with (lapses in) time management. Early studies developed survey instruments that collect students’ self-reports of their procrastination behavior and associated psychological processes [34, 35].
However, depending on the context of survey administration, students might either exaggerate their delay in carrying out work due
to the common belief that procrastination is ubiquitous [22], or
underestimate their procrastination because they are not aware
of this behavior when it happens [33]. The emergence of digital
learning tools and learning analytics research enable researchers to
track students’ learning actions and quantify procrastination with
timestamped traces in a more authentic manner [3].
Among many types of learning activities, procrastination is most
studied in the context of assessments because they are tasks with
relatively higher stakes and clear deadlines. A majority of empirical
studies quantify procrastination by the lateness of task engagement
or submission in relation to the task release time or deadline [9, 21,
26, 33, 48]. For example, You [48] counted assignment submissions
past the corresponding deadlines in a Korean e-learning course with
569 college students; Cerezo et al. [9] quantified procrastination
within a course of 140 students by tabulating the number of days a
student took to hand in an assignment since it was released. Other
studies employ more complex computational models to characterize

nuances of procrastination behavior, such as temporal dependencies
at different stages of the course and time management strategies [2,
31, 47].
While learning analytics could advance the understanding of
learning processes at scale, only a small fraction of procrastination
studies have analyzed this behavior across diverse instructional contexts. Cormack et al. [15] analyzed 73,608 assignment submissions
over 9 years at an British university and computed procrastination
as the difference between students’ submission times and assignment deadlines. Agnihotri et al. [1] examined over 100,000 students
across over 1,000 institutions from a major online learning platform and computed procrastination as a binary indicator based on
whether a student started working on an assignment later than 75%
of their classmates. This rank-based approach has the advantage of
accounting for differences in task or course contexts when concrete
variables about the contexts are not available in analyses across
diverse contexts. The current study contributes a new large-scale
analysis of procrastination behavior that builds on the rank-based
approach to quantify procrastination but uses a continuous (instead of dichotomous) ranking of submission times to capture more
granular individual differences.

2.3

Learning Analytics and Educational Equity

Education researchers, policy makers and practitioners have prioritized the improvement of educational equity as a central objective.
This pursuit of equity is motivated by long-standing disparities in
educational access, experiences, and outcomes across students from
different sociodemographic groups [17] resulting from systemic
injustice in society. In learning analytics, centering equity advances
the promise of challenging inequitable structures and improving
the education system [41]. This vision requires approaching learning analytics research and applications through a few different
perspectives, such as algorithmic fairness [4, 23], value-sensitive
and human-centered design [7, 10], and critical theories [45].
The foundation of these inquiries is that the identities of individual students involved are known, so that researchers or practitioners
can observe the unique experience of vulnerable and marginalized
student populations, which might differ from that of their majority
counterparts and be masked in population-level analyses. However,
due to administrative constraints, privacy concerns, and other limitations, a large share of existing learning analytics research does
not analyze students’ sociodemographic characteristics [30, 43] and
therefore runs the risk of misunderstanding students from underserved communities and reproducing existing inequities even with
technically sound models. Among the smaller body of literature
that explicitly examines learning behavior in regard to students’ demographics, Kizilcec et al. [25] compared engagement trajectories
in MOOCs between learners of different genders, ages and employment conditions; Nguyen et al. [28] focused on racial gaps in a
distance learning setting and identified higher levels of behavioral
engagement and lower performance among racial minority groups.
As learning analytics become increasingly used to augment and
personalize educational resources and opportunities at scale, studies of this kind have taken steps forward towards equity-oriented
learning analytics. The current study echos this commitment by revealing sociodemographic variation in procrastination behavior and

connecting these behavioral inequalities to summative measures of
performance.

3

METHODS

Below we describe in detail the data, measures, and modeling strategies for the main analyses. The scripts for data cleaning and analysis
are available at https://github.com/sunil-2000/procrastination_ls22.

3.1

Data and Context

This study uses LMS data from a large, land-grant research university in North America. The university adopted Canvas as its
primary LMS in 2017. We obtain all historical LMS data with deidentified student IDs from the university’s IT office and focus on
assignment submission records. For assignments that allow multiple submissions (attempts), only the last submissions from each
student are included in the data. This data covers all courses offered
between Fall 2017 and Summer 2021, thus including terms during
the COVID-19 pandemic. We extract the timestamp of each assignment submission and the final grade in Canvas for each student in
each course.
From the university registrar, we also get each student’s sociodemographic characteristics, with the same set of de-identified student
IDs used in the LMS data pull. The data uses standard categories for
reporting student information to the U.S. Department of Education.
Specifically, sex is coded as binary (male/female); first-generation
college student is a binary indicator of whether both parents did not
complete a bachelor’s degree; underrepresented minority (URM)
student is a binary indicator of whether a student is a U.S. citizen who identifies as Black/African American, Hispanic/Latino, or
Native American; race and ethnicity is coded categorically.
We apply several filters to the LMS data in order to remove
courses with low enrollment and few graded assignments; we describe these data cleaning steps in Section 3.2. We then join the
cleaned LMS data with student-level demographic information. The
characteristics of the final dataset used in this study are described
in Table 1.
Table 1: Study sample characteristics (upper panel) with
student-level distributions of sociodemographic attributes
(lower panel)
Number of students
Number of courses (enrollments)
Student-course observations

25,657
2,153 (M=70.8, SD=81.1)
152,368

Sex
First-generation college student
URM student
Race/Ethnicity

52.8% female, 47.2% male
15.9%
21.1%
33.0% White, 19.7% International,
18.1% Asian, 12.0% Hispanic,
6.0% Black, 4.3% Multiple races,
0.4% Native/Pacific, 6.5% Unknown

3.2

Data Cleaning

The raw assignment submission records from the LMS data pull
cover 166,965 unique student-course observations. Some of the

course instances are not used for academic courses or do not use
assignments in a pedagogically meaningful manner. Because academic procrastination typically occurs in the context of relatively
higher-stakes tasks [38], we systematically clean the data to focus
on academic courses with moderate to large enrollments and a
sufficient number of non-optional, graded assignments on Canvas.
First, we exclude courses with fewer than 20 enrolled students,
fewer than 5 assignments, or fewer than 100 submissions in total.
We also remove all non-academic courses (e.g., alcohol education
for incoming freshmen, COVID-19 university policies for students,
and teaching modules for instructors).
Second, as our analysis examines the relationship between procrastination and academic performance, we exclude courses where
the average final grade of all students in the course is zero. These
courses might not be using Canvas for submitting grades or assessments. To accurately capture procrastination across all students,
we exclude optional assignments due to self-selection into completing them. While there is no reliable indicator in the Canvas
data of whether an assignment is optional, we approximate this
by excluding assignments submitted by less than 50% of enrolled
students.
Third, we exclude students who likely dropped a course but
remain enrolled in its Canvas course instance. While the registrar
data we obtained do not contain this information, we approximate
this by excluding students who submitted fewer then half of the
non-optional assignments in each course instance.
Finally, we remove any assignment submission without a valid
submission time and any student for whom sociodemographic information is not available.
The steps above reduce the sample size to 152,368 unique studentcourse observations, as shown in Table 1.

3.3

Measures

3.3.1 Procrastination Score. We measure academic procrastination
based on the submission times of assignments, following prior
research on procrastination [15]. In contrast to prior work that
focuses on the discrepancy between submission times and corresponding assignment deadlines, we compute the percentile rank of
each submission based on its relative order among all submissions
to the same assignment. Specifically, let 𝑆 𝑗𝑐 = {𝑠𝑖 𝑗𝑐 ; 𝑖 = 1, · · · , 𝑁𝑐 }
denote the set of all students’ submissions to assignment 𝑗 in course
𝑐, where 𝑠𝑖 𝑗𝑐 represents student 𝑖’s submission and 𝑁𝑐 represents
the number of enrolled students in course 𝑐. We define the procrastination score for each submission 𝑠𝑖 𝑗𝑐 as
𝑃𝑖 𝑗𝑐 =

𝑟𝑎𝑛𝑘 (𝑡𝑠𝑖 𝑗𝑐 )
|𝑆 𝑗𝑐 |

(1)

where 𝑡𝑠𝑖 𝑗𝑐 is the timestamp of the submission, |𝑆 𝑗𝑐 | is the total
number of submissions to the same assignment, and
𝑟𝑎𝑛𝑘 (𝑡𝑠𝑖 𝑗𝑐 ) = |𝑡𝑠𝑘 𝑗𝑐 ≤ 𝑡𝑠𝑖 𝑗𝑐 ; 𝑠𝑘 𝑗𝑡 ∈ 𝑆 𝑗𝑐 |
is the rank order in terms of the submission time. Ties between
submission times are assigned their average rank. By this definition,
the later the submission, the more the student procrastinates on this
assignment, and the higher this score. We also illustrate in Figure 1
how this assignment-level procrastination score varies for three
arbitrary students in a course with 30 assignments. Compared to,

Figure 1: Assignment-level procrastination scores for three
students in a course, corresponding to aggregate procrastination scores of 0.09 (student 1), 0.32 (student 2), and 0.76
(student 3).

for instance, the absolute time difference between the submission
and deadline, this approach is highly scalable for two reasons. First,
it does not rely on information about due dates, which instructors across thousands of courses may implement in inconsistent
ways. Second, a percentile rank is normalized for assignments and
courses, which makes it easy to aggregate and compare them across
assignments, courses, and students.
For the main analysis, we aggregate the procrastination score to
the student-course level by averaging over assignments in a course:
1 ∑︁
𝑃𝑖𝑐 =
𝑃𝑖 𝑗𝑐
(2)
|𝐴𝑐 | 𝑗
where 𝐴𝑐 = {𝑎 𝑗𝑐 } is the set of all assignments in course 𝑐 and |𝐴𝑐 |
is the count of these assignments.
A general limitation to this and other submission-based measures of procrastination is that they do not account for missing
submissions where students do not submit anything. It may make
sense to assign a value of 1 (the largest percentile rank) if a student
procrastinates to the degree that they miss the assignment altogether. However, some instructors permit students to miss a certain
number of assignments without penalty. Without knowledge of
specific course policies, there are trade-offs between choosing to
assign values for missing submissions or excluding them in the
analysis. Here we opt for the latter approach which is arguably
conservative and introduces less bias.
3.3.2 Course Grade. We measure students’ academic performance
based on their final course score on Canvas, which can be a percentage or a sum of points. This score aggregates across assignments
and any other graded components of the course that are tracked
through Canvas (e.g., attendance and participation scores, online
discussion, peer assessments). This provides a holistic measure of
academic performance in any specific course contexts. The continuous final score also provides a finer-grained measure than the
discrete letter grade in the registrar. We normalize the raw final

scores in each course via percentile ranks to mirror the procrastination score. Specifically, let 𝐺𝑐 = {𝑔𝑖𝑐 ; 𝑖 = 1, · · · , 𝑁𝑐 } denote the
set of all students’ final scores in course 𝑐, where 𝑔𝑖𝑐 represents
student 𝑖’s score and 𝑁𝑐 represents the number of enrolled students
in course 𝑐. The normalized score for student 𝑖, which we also refer
to as łcourse gradež, is given by
𝑔˜𝑖𝑐 =

𝑟𝑎𝑛𝑘 (𝑔𝑖𝑐 )
|𝐺𝑐 |

(3)

where |𝐺𝑐 | is the total number of students in course 𝑐, and
𝑟𝑎𝑛𝑘 (𝑔𝑖𝑐 ) = |𝑔𝑘𝑐 ≥ 𝑔𝑖𝑐 ; 𝑔𝑘𝑐 ∈ 𝐺𝑐 |
is the rank order in terms of the final score. Here, students with
higher final course scores also get higher course grades.

3.4

Analytical Strategies

the procrastination score with all the student characteristics in
Figure 2 except for the URM indicator due to its collinearity with
the specific racial and ethnic categories. Table 2 reports the model
estimates. The predictors are coded such that the intercept represents the largest subgroup, which also happens to have the lowest
mean procrastination score: White female continuing-generation
college students. We find that the gaps in average procrastination
visualized in Figure 3 are all statistically significant with similar
magnitude. Overall, sociodemographic characteristics do not have
strong predictive power, accounting for just 3% of variation in procrastination scores, but this is common in complex social systems
and does not itself reduce the significance of the finding [20].2
Table 2: Linear regression model predicting procrastination
scores

We use linear regression models to assess how procrastination
varies with sociodemographic characteristics (RQ1) and how academic performance is explained by sociodemographic information
and the variation in procrastination (RQ2). For all these regression
models, we compute clustered standard errors at the course level
to account for the nested structure of student observations within
courses. Additionally, we compute the Pearson correlation coefficient between procrastination and performance for different student
groups and courses (RQ3). All these analyses are conducted at the
student-course level and the analytical details will be described
along with the results in Section 4.

Coefficient
(Intercept)
Sex:Male
IsFirstGen
Eth:Asian
Eth:Black
Eth:Hispanic
Eth:International
Eth:Multiple
Eth:Native/Pacific
Eth:Unknown

4 RESULTS
4.1 Sociodemographic Differences in
Procrastination
To answer the first research question, we investigate sociodemographic variations in student procrastination. We visually inspect
group differences by graphing the distribution of the procrastination score in Figure 2. We find that procrastination scores are
normally distributed and centered around 0.5, but the distribution is
shifted up for male students, first-generation college students, and
especially URM students. This suggests that these groups of students exhibit more procrastination behavior on average compared
to their peers.
To understand the magnitude of these differences, we plot the
mean procrastination score for each subgroup on the same scale
in Figure 3. A mean procrastination score of 0.5 indicates that, on
average, students in this group tend to submit their assignments
neither early nor late relative to others; for instance, in a class of
40 students, they tend to be the 20th person to submit. We find that
this is the case for female students, continuing-generation college
students, and non-URM students, but not their counterparts. For
instance, the mean procrastination score among URM students is
5 percentage points higher (𝑃 = 0.55). Moreover, disaggregating
ethnic and racial groups shows substantial variation in procrastination behavior, with the highest average score among Black students
(𝑃 = 0.59) and the lowest among White students (𝑃 = 0.49).
We identify several identity-based sources of variation in procrastination. To understand their concurrent relationship with procrastination behavior, we fit a multiple regression model predicting

Estimate [95% CI]
0.47
0.03
0.02
0.02
0.10
0.04
0.03
0.02
0.05
0.01

[0.47; 0.47] ∗
[0.02; 0.03] ∗
[0.02; 0.03] ∗
[0.01; 0.02] ∗
[0.09; 0.10] ∗
[0.04; 0.04] ∗
[0.03; 0.03] ∗
[0.02; 0.03] ∗
[0.04; 0.07] ∗
[0.00; 0.01] ∗

R2 (adj.)
0.03 (0.03)
RMSE
0.19
N obs.
152, 368
N clusters
2, 153
95% CIs based on course-clustered SEs in square brackets
∗ Zero outside of 95% CI

4.2

Procrastination and Achievement Gaps

To answer the second research question, we examine the relationship between procrastination and academic performance. We fit
three separate but related regression models that predict students’
course grades with only their procrastination scores (Table 3 Model
1), only their sociodemographic characteristics (Model 2), or both
(Model 3). Sociodemographic predictors are coded the same way as
in Table 2 and the procrastination score is mean-centered. Model 1
shows that the procrastination score is a significant negative predictor of course grade, and it accounts for 7% of variation in course
grade. This replicates the well-established result in the literature
that procrastination is linked to lower academic achievement [22].
Model 2 shows that there are significant achievement gaps for
all sociodemographic groups: male and first-generation college
students perform 4% to 5% worse than their counterparts; students
from racial and ethnic minority groups also have lower average
course grades than their White peers. These significant gaps, while
2 For comparison, the established sociodemographic gaps in grades, which are deemed
a critical issue in education research, account for only 4% of the variation in this sample
(see Table 3 Model 3).

A

Female
Students

B
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C
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Figure 2: Sociodemographic differences in procrastination scores by students’ sex (A), first-generation college status (B), and
underrepresented minority status (C)

Student Subgroup

Sex

First−Generation
College Student

URM
Status

Race/
Ethnicity

Male
Female
First−Gen.
Cont.−Gen.
URM
Non−URM
Black
Native/Pacific
Hispanic
Intl.
Multiple
Asian
Unknown
White

Table 3: Linear regression models predicting course grades
(percentile rank)

(Intercept)
PScore (ctr.)

(1)

(2)

(3)

0.51∗

0.54∗

[0.51; 0.51]
−0.40∗
[−0.42; −0.38]

[0.54; 0.55]

−0.04∗
[−0.04; −0.04]
−0.05∗
[−0.05; −0.05]
0.04∗
[0.04; 0.05]
−0.15∗
[−0.16; −0.14]
−0.06∗
[−0.06; −0.05]
−0.00
[−0.01; 0.00]
−0.02∗
[−0.03; −0.01]
−0.13∗
[−0.15; −0.10]
0.01∗
[0.00; 0.01]

0.53∗
[0.53; 0.53]
−0.37∗
[−0.39; −0.35]
−0.03∗
[−0.03; −0.03]
−0.04∗
[−0.05; −0.04]
0.05∗
[0.04; 0.05]
−0.11∗
[−0.12; −0.11]
−0.04∗
[−0.05; −0.04]
0.01∗
[0.00; 0.01]
−0.01∗
[−0.02; −0.01]
−0.11∗
[−0.13; −0.08]
0.01∗
[0.00; 0.02]

0.04 (0.04)
0.28
152, 368
2, 153

0.10 (0.10)
0.27
152, 368
2, 153

Sex:Male
IsFirstGen
Ethn:Asian
0.48

0.50

0.52

0.54

0.56

0.58

0.60

Mean Procrastination Score, ±1SE

Figure 3: Average procrastination score for different sociodemographic groups

Ethn:Black
Ethn:Hispanic
Ethn:Intl.
Ethn:Multiple

reflecting a serious issue of educational inequity, only account for
4% of the variation in course grades.
Model 3 shows that adding the procrastination score attenuates
most of the coefficients on concerning sociodemographic predictors.
Specifically, it reduces the gaps between male and female students,
first- and continuing-generation college students, and minority
and White students. This indicates that procrastination explains
a portion of these sociodemographic gaps, but it adds additional
predictive power independent of sociodemographic characteristics,
because Model 3 explains 10% of the variation in course grades.
We also fit a structural equation model that resembles a mediation
model with three independent variables (sex, URM status, firstgeneration status), one moderator (procrastination score), and one
dependent variable (course grade). This yields a significant indirect
effect estimate of sociodemographic variables on course grade via
procrastination score (𝑎 ∗ 𝑏 = −0.037, 𝑠𝑒 = 0.001, 𝑧 = −29.56, 𝑝 <
0.001 clustered at the course level). This indirect effect estimate
accounts for 20% of the total effect estimate (𝑡𝑜𝑡 = −0.184, 𝑠𝑒 =
0.003, 𝑧 = −53.405, 𝑝 < 0.001). Overall, this provides evidence

Ethn::Native/Pa.
Ethn:Unknown
R2 (adj.)
RMSE
N obs.
N clusters

0.07 (0.07)
0.28
152, 368
2, 153

95% CIs based on course-clustered SEs in square brackets
∗ Zero outside of 95% CI

that the procrastination score can partially explain the observed
achievement gaps.

4.3

Variation in the
Procrastination-Performance Relationship

To answer the third research question, we examine how the relationship between procrastination and academic performance varies

Course Enrollment (log scale)

1000

Mean Grade Percentile ±1SE
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0.4
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Procrastination Score Bin

Figure 4: Mean course grade by procrastination score (bins)
for intersectional student groups defined by URM and firstgeneration college status; error bars indicating one standard
error

across sociodemographic groups. We visualize the average course
grade for students with different procrastination scores in Figure 4.
The figure draws four lines of different colors to distinguishe between intersectional groups of students based on their URM and
first-generation college student status. The bins are defined based
on a fixed range of the procrastination score (0.1), such that, for instance, the first bin includes students with a score between 0 and 0.1.
For each bin, the average course grades are plotted at its midpoint on
the x-axis. The figure shows a negative and predominantly linear relationship between procrastination and performance. The strength
of that relationship (depicted by the slope) is also remarkably constant across the sociodemographic groups while the intercept is
shifted.
To formally evaluate these visual patterns, we revisit Table 3
Model 3 but add interaction terms between the procrastination
score and every sociodemographic indicator. This model with interactions (not shown due to length) has a better overall model fit
compared to the original model (Wald test: 𝐹 9,152348 = 7.48, 𝑝 <
0.001). However, only a few interaction terms are statistically significant (𝑝 < 0.05): Sex:Male (𝑏 = −0.02), Ethn:Asian (𝑏 = 0.05),
Ethn:Multiple (𝑏 = −0.07), and Ethn:Unknown (𝑏 = 0.05). This
largely echos the consistent relationship between procrastination
and performance across groups in Figure 4.
In addition, we examine how the relationship between procrastination and academic performance varies across courses of different
size. Figure 5 shows the Pearson correlation coefficient between
course grade and procrastination score within every course in the
sample, plotted against the course enrollment size. Overall, the
procrastination-performance relationship is negative in the majority of the courses, but there is still substantial variation especially
among smaller courses, and this variation mostly ranges between
-0.5 and -0.1. This raises a further question of which course-level
characteristics might explain this variation.

Figure 5: Procrastination-grade correlation (Pearson’s 𝑟 ) and
course enrollment (log scale); average 𝑟 = −0.275, shown in
red line

4.4

Robustness Analysis

The cutoff thresholds we apply in the data cleaning steps (see Section 3.2) are chosen with the goal of including as much information
as possible while reducing noise. However, these cutoff thresholds
represent researcher degrees of freedom that warrant further examination. We therefore conduct a systematic evaluation of alternative
threshold values to confirm that our findings are robust. Specifically,
we try all 108 combinations of the following exclusion thresholds
(∗ indicates the value used in the main analysis):
• Minimum number of assignments in a course: {5∗, 15, 25}
• Minimum number of students in a course: {10, 20∗, 30, 40}
• Minimum share of students who complete an assignment:
{0.25, 0.5∗, 0.75}
• Minimum share of assignments completed by a student:
{0.25, 0.5∗, 0.75}
Each combination produces somewhat different coefficient estimates, primarily because the choice of thresholds affects the sample size. For example, keeping only courses with over 40 students
reduces the sample to around 50,000 unique student-course observations. Still, we do not observe notable differences that would
change the answers to our three research questions.

5

DISCUSSION

This paper presents a large-scale analysis of behavioral trace data
to reveal systematic variations in academic procrastination among
college students. Toward this end, we develop a scalable measure of
procrastination that can be used in any context with timestamped
behavioral data and minimal assumptions about course-specific
policies. Our findings based on 2.6 million assignment submission
records by 25,659 students across 2,153 courses reveal significant
gaps in procrastination behavior between groups of students defined by sex, race/ethnicity, and parental education (RQ1). These
gaps are mostly aligned with the direction of established inequities
in higher education: URM and first-generation college students
who tend to be underachieving also exhibit more procrastination

behavior. Such sociodemographic variation in procrastination behavior can partially explain (20%) sociodemographic gaps in course
performance (RQ2). In addition, our findings confirm the negative
association between procrastination and academic performance
found in prior research [22] in the vast majority of the 2,153 courses
in our sample. However, the strength of this association is varied
across courses, especially in smaller courses. On the other hand, this
negative association is consistent across different socioeconomic
groups and different performance levels (RQ3).
Our study revisits the prevalent phenomenon of academic procrastination and reaffirms on an unprecedented scale the established negative relationship between procrastination and performance [22]. More importantly, we incorporate an equity lens and
extend some earlier, survey-based findings about demographic differences in procrastination and more broadly, self-regulation [5, 42].
The systematic sociodemographic gaps in the prevalence of procrastination that we identify echo existing disparities in the educational
experiences across sociodemographic groups and highlight this
phenomenon in broader social contexts. Social injustice, prejudice,
and stereotypes based on students’ different visible and invisible
social identities further affect their levels of confidence, self-efficacy,
academic engagement, and social interaction during their college
experience. In this context, procrastination is a symptom of systemic issues in education, rather than an individual failure or a root
cause of academic underperformance as early research tends to
assume. On the other hand, the link between inequality in in-class
procrastination and end-of-course performance gaps highlights
procrastination as a behavioral antecedent of educational inequality. This micro-level behavioral factor, susceptible to structural
external forces and grounded in research on meta-cognition [37],
can add granular insights about the development of macro-level
achievement gaps through the depiction of associated psychological processes. Practically, the behavioral nature also suggests that
procrastination is a malleable factor on which educators can intervene to mitigate the negative consequences on student success
and educational equity. While in our results procrastination only
explains a small portion of achievement gaps, it is still desirable to
reduce procrastination behavior as it shows a consistent negative
relationship with performance across different sociodemographic
groups.
The way we operationalize procrastination differs from prior
work in that it solely relies on task submission times without having
to know detailed information about the tasks per se, but the findings
are consistent with previous studies that measured procrastination
based on more task-specific information (e.g., difference between
assignment deadline and submission time) [15, 21, 26, 33]. Given
the multifaceted nature of procrastination established in psychological research [37], we acknowledge that any single behavioral
measure can only capture certain aspects of procrastination, and
that our approach might be a more scalable and convenient, but not
necessarily more accurate, measure of procrastination. For example, even on the same platform, assignments have varying levels of
importance, with some being frequent low-stakes quizzes attached
to individual pieces of course material and others being high-stakes
final project submissions. Our current approach quantifies procrastination without accounting for these assignment details and might
overweight less problematic łprocrastinationž in the pooled results.

Our measure also focuses on assignment submission in line with
the conceptualization of procrastination as the delay of task completion [22], but we are aware that other aspects of assignment-related
activities, such as the time of first access and the frequency of attempts, can also be leveraged to measure procrastination which
might lead to different results. For instance, students who start early
and consistently work on assignments until before the deadline
would be considered as procrastinating with our measure, but not
with measures based on the time of first access [35]. More broadly,
online actions captured by log data are imperfect reflections of students’ underlying psychological processes and the broader contexts
of these actions. Students identified as procrastinating might be
preoccupied with other essential tasks and consciously plan a late
start on the focal assignment. A more concerning situation might
be that students procrastinate as a result of anxiety and depression
caused by challenging life events, such as the COVID-19 pandemic.
Without additional contextual information, our procrastination
measure, as much as any other purely behavior-based measure, can
only be taken as an approximation.
Our study provides large-scale insights about academic procrastination behavior and inequality in the context of a large U.S. research institution. This work raises several important directions
for future research. First, we identify substantial variation between
courses in how strongly procrastination predicts performance. This
encourages future research on how specific course and task characteristics affect this relationship, especially in small classes where
this relationship varies the most and instructors have more flexibility in instructional design and policies. Such insights can inform
dynamic interventions to counteract undesirable procrastination
behavior. Second, using the same modeling approach, researchers
can study within-individual variation (or stability) in procrastination behavior over time and across concurrent courses. Students
sometimes procrastinate due to busy course schedules, new learning environments (e.g., first year of college), or other contextual
factors. Students may also develop self-regulated learning skills
throughout their college experience that reduce the chance of procrastination. In any case, tracking procrastination behavior at the
individual level may shed light on students’ educational contexts
and development of study habits and help improve institutional
policies to better support student success. Finally, this study exemplifies equity-oriented learning analytics research, which is a
growing area of research [30, 41]. Future contributions to this research area can examine other aspects of learning behavior across
demographic groups of students and in the broader context of social
injustice. An understanding of how behavioral inequalities arise
and contribute to gaps in educational access, experiences and outcomes can inform ways to improve justice, equity, diversity, and
inclusion in education.
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