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ABSTRACT
Procrastination, i.e., irrational delay, seriously and increasingly af-

fects people’s daily and professional lives in today’s society where

social media and easy access to entertainment options are plentiful.

Psychology literature offers various types of interventions devel-

oped to reduce an individual’s level of procrastination; however,

only a limited number of people experiencing procrastination have

access to such interventions. Leveraging agent technology as even a

partial remedy to this widespread public health problem can be both

highly beneficial and equitable due to its ubiquitous nature. In this

study, we develop a model of procrastination on task completion

and two levels of agent-based interventions to assist individuals in

overcoming procrastination. The effects of agent interventions on

procrastination are evaluated through an extensive set of controlled

experiments with participants recruited from Amazon Mechanical

Turk. The agent engages the user using instances of given task

types to develop a shared awareness of user preferences and capa-

bilities. This preference model is then used both to choose effective

interventions as well as measure and reward subsequent user per-

formance. We collect and use both task completion metric data and

survey data to assess individuals’ perceptions of procrastination,

task completion satisfaction, and the usefulness of agent support.

Our data analysis indicates that using agent-based interventions

can effectively help people reduce procrastination.
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1 INTRODUCTION
Procrastination, or irrational delay in completing tasks of impor-

tance at hand [29], is caused by failure of self-regulation [27] and
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lack of self-efficacy [15] and has increasingly posed significant

challenges to citizens of our digitally connected world [9]. The

disparity between people’s intentions to complete important tasks

and their tendency to procrastinate illustrates an inclination to ir-

rationally prioritize immediate gratification, i.e. short-term reward

over long-term benefits. People tend to procrastinate on necessary

tasks and chores that are perceived to be negative, unpleasant, or

challenging [33]. For instance, students may delay studying for

exams, people may procrastinate filing their tax returns, and indi-

viduals often put off visiting the doctor when necessary.

Social media companies thrive on their ability to reward people

with instant gratification, and omnipresent communication plat-

forms result in citizens spending considerable time and energy [19]

in initiating and responding to messages and calls that can eas-

ily divert attention from pending tasks at hand [2]. Furthermore,

the widespread availability of smartphones and other mobile de-

vices and constant access to entertainment streaming platforms

supported by fast, wireless internet access provides a plethora of

options and incentives for users to procrastinate.

Considering its negative consequences on individuals’ health [17,

28], well-being [7, 23, 28], and task accomplishments [14], elim-

inating or reducing procrastination is a challenging but poten-

tially significantly beneficial endeavor. Several studies in the psy-

chology literature [32] focus on the stability of procrastination:

whether people can change— or at least reduce— this detrimental

behavior. A range of interventions, although not widely available,

have been developed to reduce procrastination levels, such as self-

regulation [1, 13, 26], cognitive-behavioral therapy [15, 24], and

social support [25], among others. However, these interventions

are not scientifically proven as perfect remedies, and only a mi-

nority of those who suffer from procrastination have access to

such interventions due to time constraints, financial limitations, or

other resource barriers. Leveraging agent technology to address this

pervasive issue can prove highly effective, as these automated assis-

tants, serving as personal aids, can be deployed widely at minimal

costs, thus helping reduce the disparity in access to procrastination

interventions.

Despite the prevalence and significant impact of procrastination

in our society, the majority of previous studies focus only on aca-

demic procrastination [11, 27, 34]. Furthermore, most studies rely

on surveys rather than actual task performance data. We evaluate

two key research questions in the context of agent research:



• Can agent intervention mechanisms be developed to help

people overcome or significantly reduce procrastination?

• Is there a significant difference in the effect between different

levels of agent interventions?

In this study, we develop a model of procrastination and agent-

based interventions to support individuals in overcoming procras-

tination. As part of our empirical approach, we devise five diverse

task types that span a range of basic skills. We conjecture that

the likelihood and level of procrastination on these task types will

differ among individuals. To assess the procrastination tendency of

individuals for a certain task, we use their preferences among the

task types, i.e. an individual’s likelihood to procrastinate on a task

type and their preference for that task type are correlated [20].

We conduct experiments with human subjects to simulate pro-

crastination and design utility functions based both on the partici-

pants’ preferences for different task types and their performance

levels while completing those tasks such that completing less pre-

ferred tasks with lower performance can still yield higher utilities

than highly preferred tasks completed with higher performance.

Each participant is asked to perform two sets of task instances se-

lected from the given task types. The first set of tasks is completed

without any external assistance, while the second set of tasks is

completed with the aid of one of two types of agent interventions.

The first type, termed "low level," involves minimally intrusive

interventions. Conversely, the second type, termed "high level,"

entails highly noticeable and apparent interventions. Throughout

the study, we collect both task completion metric data and survey

data to assess individuals’ perceptions of procrastination and agent

interventions as well as satisfaction in task completion. Our data

analysis indicates that the use of agent-based interventions plays a

significant role in helping individuals reduce procrastination.

The remainder of the paper is structured as follows. We first

present related work. Following, the procrastination model that is

considered in this research is outlined, and our empirical method-

ology is explained. The results of our experiments are presented

in the subsequent section, where we also discuss the empirical

findings. The paper concludes with a summary and directions for

future research.

2 RELATEDWORK
Procrastination behavior is an increasingly serious problem in our

professional lives [11, 27, 34] as well as daily lives [16]. There is a

relatively small body of empirical research in the area of procras-

tination of which the majority involves survey data [9, 10, 16, 27].

Furthermore, most research on procrastination has been carried

out in academic domains with college students [27, 34]. Recently,

there is a growing body of literature that is concerned with adults’

procrastination in life-domains [5, 9, 10]. The indisputable effect of

online entertainment and other online offerings has contributed sig-

nificantly to the rise of procrastination behavior among adults [9].

Procrastination is a complex psychological phenomenon. Nu-

merous factors influencing this troubling behavior are addressed in

social literature such as age [5], gender [36], personality [18, 31],

mood [7], environment [6], and nature of task [33]. Furthermore, it

is very well acknowledged that procrastination causes lower lev-

els of health [17, 28], well-being [7, 23, 28], and achievements, i.e.,

performance [14].

To effectively address procrastination, an individual’s intention-

action gap should be reduced. Various intervention mechanisms

have been identified as helpful [32]. Schouwenburg et al. [1] offer
three general categories of interventions: 1) Training self-regulatory

skills; 2) building self-efficacy; and 3) organizing social support.

Training self-regulatory skills involves deploying our cognitive,

emotional, and behavioral resources to achieve our goals [4]. Self-

regulation failure is associated with a lack of self-determination,

planning, and prioritizing tasks as well as a failure to concentrate

on tasks and shield from distractions [1, 26]. Stimulus-control tech-

niques (i.e. eliminating the effects of distractions), techniques of

goal definition, and time management techniques [13] can be classi-

fied in this category. Building self-efficacy aims to replace negative,

unproductive, and inhibiting thoughts with positive, productive,

and motivated thoughts [15, 24]. Peer support is centered around

the recognition that many other people also struggle with procras-

tination, forming a sense of solidarity. Similarly, social support has
also been identified as an effective means of reducing procrasti-

nation [25]. Additionally, more recent interventions, like reading

self-help books and engaging in training sessions, can be considered

as a fourth category of intervention mechanisms.

Recently, several studies have suggested that technology-based

interventions can be useful in overcoming irrational delay. CatA-

lyst [3] supports distracted workers by generating a continuation of

interrupted work through the use of a generative model for workers

to resume tasks. Zavaleta et al. [35] showed that email interven-

tions by instructors can reduce the delay of students starting their

online homework. De Vries et al. [8] found that experts sending

motivational messages through a digital medium could be more

motivating in the earliest stages of behavior change, while peer-

designed messages in a digital medium could be more motivating in

the later stages. GanttBot [22] is a chatbot that is developed using

conversational agents with several abilities: reminding students

about landmarks, informing tutors when interventions are needed,

and the ability to learn from previous interactions. StudiCare [21]

is a digital coach rooted in internet and mobile-based cognitive

behavioral therapy techniques, helping guide students to achieve

their academic goals.

The present study extends existing research on procrastination

as follows:

Time: Address procrastination in a short-term context with

artificial tasks rather than a long-term context [21, 28, 34, 35]

Data: Consider not just survey data such as in [5, 6] but also

actual task performance data.

Task: Task domain involves daily life tasks rather than a

specific domain such as in [14, 18, 21, 22, 26, 27, 35]

Users: Recruit adults rather than college students exclu-

sively [7]

Agents: Make use of cost-effective and ubiquitous agent

intervention mechanisms rather than time and location-

dependent techniques [15, 24]



To the best of our knowledge, this is the first empirical study on

general life procrastination that consists of agent-based interven-

tions, artificial daily tasks, task performance data, and survey data

that is presented to the intelligent agents research community.

3 PROCRASTINATION MODEL
This section presents the task types, the utility function model, and

the agent interventions in our study.

3.1 Task Domain
Our task domain comprises of five different task types inspired by

and designed to emulate a wide range of common daily activities.

These tasks have varying degrees of satisfaction in completion,

closely mirroring real-life situations. We present five categories of

tasks of which our tasks belong to— Pattern Recognition, Compre-
hension, Memory, Generative, and Computational.

(a) Pattern Recognition task (b) Comprehension task

(c) Memory task (d) Generative task

(e) Computational task

Figure 1: Different task type instances

Pattern Recognition tasks involve recognizing and identifying

recurring structures and objects, such as symbols, shapes, and other

patterns. An example of such a task is searching for items on a shop-

ping list at a grocery store. Comprehension tasks require individuals
to carefully understand and critically interpret information in new

and unfamiliar environments, such as recognizing irregularities

and potential dangers in social scenarios. Memory tasks focus on

retaining and recalling prior information; these tasks often require

an individual to reflect upon and remember specific details that

they have encountered earlier in their day or even week. Examples

of memory tasks include remembering the order of steps to make

coffee and the correct locations to put away household items. Gen-
erative tasks involve producing some form of content or otherwise

altering the state of one’s environment, like cleaning/rearranging

one’s room or coloring a picture. Computational tasks encompass

mathematical and algorithmic processes used in daily life such

as mental math in receipts, counting one’s personal effects, and

balancing monetary income and expenditure.

Grocery Shopping (Pattern Recognition) task (see Figure 1a) im-

merses users in a simulated shopping environment within a grocery

store. Users are equipped with a shopping list, a shopping cart, and

access to five shopping aisles. The shopping list provides a detailed

inventory of items, specifying both the name and quantity of prod-

ucts to be added to the user’s cart. Users may view the categories of

items present in each aisle by hovering over the signs above each

aisle and can enter each aisle by clicking on the signs. Once inside

an aisle, users can use a shopping cart scroller at the bottom of the

page to move left and right throughout the aisle. Each aisle has

numerous items that the user can click on and add any number of

to their cart. The challenge here lies in identifying the correct aisles

to enter and recognizing the items on the shopping list; users must

match the names of the required items on their shopping list with

the corresponding images of the items within the shopping aisles

and add these items to their shopping cart. The score received on

this task is determined by how many of the required items on the

shopping list are added with their correct quantities.

Scavenger Hunt (Comprehension) task (see Figure 1b) engages

users with cluttered paintings teeming with numerous figures and

objects. Within each painting, there lurk five subtle anomalies— dis-

crepancies or incongruencies that do not necessarily belong to the

scene. Users are expected to inspect the artwork and pinpoint the

locations of these anomalies by clicking. In order to avoid random

clicks, the number of misclicks is limited to five clicks, i.e., clicks

that are not anomalies, before the task is automatically terminated.

The score received on this task is determined by the number of

anomalies found by the user.

Toy Boxes (Memory) task (see Figure 1c) begins by showing

the users four toy boxes arranged horizontally. Following this, nu-

merous images of toys are displayed above each box, indicating in

which box each toy is stored. This display lasts for several seconds,

during which users are tasked with memorizing the correct pairing

of toys and boxes. Once the toy images disappear, a single toy is

displayed, prompting the user to identify and select the appropriate

box to which it belongs. The process is repeated until all toys have

been shown. The score on this task is determined by the user’s

accuracy in selecting the correct box for each displayed toy.

Cleaning (Generative) task (see Figure 1d) is realized within a

simulated room environment that is in a state of disarray. The scene

depicts a messy living room with several interactive spill spots that

users must tidy up by using the appropriate cleaning tools. Users

may choose from a selection of three cleaning tools: the broom

for handling brown spills, the sponge for handling yellow spills,

and the soap for handling green spills. Each tool is indicated by a

colored outline around its selection box. Once users have selected

the appropriate tool for a particular spill, users may clean that spill

by repeatedly clicking the spill until it is gone. Throughout the

cleaning process, several state transitions and cleaning gestures are

animated to provide users with visual feedback for ease of use. The

score received on this task is determined by both the number of



spills successfully cleaned by the user and their progress in cleaning

the remaining spills.

Receipt Computation (Computational) task (see Figure 1e) presents
users with multiple itemized receipts featuring randomly generated

prices for each item. Additionally, each receipt includes a tax rate

percentage at the bottom. Users are required to perform calcula-

tions, either mentally or by employing external tools, to compute

the total cost for each receipt by summing the item prices and ap-

plying the respective tax rate. Subsequently, they must identify and

select the receipt with the lowest total cost. The score received on

this task is determined by how accurately they choose the receipt

with the closest cost to the actual lowest one.

3.2 Utility Function
In this study, we adopt the following definition of procrastination:

“to voluntarily delay an intended course of action despite expecting

to be worse off for the delay” [29]. Our objective in this section is

to successfully engender procrastination within an artificial task

domain environment.

To effectively model and characterize procrastination within an

artificial task domain environment, it is essential to create condi-

tions that allow individuals to procrastinate during their completion

of tasks. Milgram et al.[20] states that “Procrastination is found to

be greater in tasks that are regarded as unpleasant”. Accordingly,

procrastination in our study corresponds to the users’ selection of

their preferred tasks that are pleasant to them with lower utility

despite receiving less total compensation by doing so. Users are

limited to selecting only a subset of available tasks and forgoing

the utility of any unselected tasks; this is congruent to individuals

delaying the completion of certain tasks and thereby ”missing” a

deadline in a real-world scenario.

To facilitate this, each user completes initial demo instances of

each task type within an artificial domain, and we record their

performance scores. Additionally, each user is asked to rank their

preference for each task type. The value of task 𝑖’s completion, 𝑣𝑖 ,

by a user is computed as follows:

𝑣𝑖 = 𝑤 · 10 · 𝑠𝑖 + (1 −𝑤) · 𝑝𝑖 , 𝑖 ∈ {1, 2, 3, 4, 5} (1)

where 𝑠𝑖 ∈ [0, 1] is the user’s score in the initial demo, 𝑝𝑖 ∈
[1, 10] is the preference ranking, and 𝑤 = 0.3 is the weighting of

𝑠𝑖 for task type 𝑖 , chosen to emphasize the user’s task preference

while still considering the user’s ability to perform that task. Then

we can construct the utility function over the task types as follows:

𝑈 (𝑣𝑖 ) =
1

1 + 𝑒0.625·𝑣𝑖−2𝜋
. (2)

This utility function is designed to discourage tasks that an

individual might naturally prioritize by penalizing tasks that align

with their preferences and abilities.

Figure 2 plots the utility curve of a task; the utility decreases

as either preference ranking 𝑝 or score in the initial task demo 𝑠

increases (the constants are chosen to obtain a concave function; the

exact coefficient values are not critical). As such, tasks that a user

prefers tend to receive lower utility scores than tasks that they do

not prefer. Since the utility of a task is displayed to users and directly

correlates to the amount of compensation that a user receives for

completing that task, users may be inclined to avoid tasks that they

Figure 2: Utility function

Figure 3: Motivational guide intervention

performed poorly in during their initial task demos. To address this,

our utility function also takes into account their performance in the

initial task demo and rewards lower performance. This approach

encourages individuals to consider tasks where their performance

may be subpar, thereby promoting a more balanced task selection

process.

3.3 Agent Interventions
We have developed several agent interventions to engage with

the user during the study. These techniques encompass proactive

interventions (i.e., prior to a user’s task selection and completion),

reactive interventions (i.e., after a user has chosen and completed

a task), and ongoing interventions (i.e., while a user is actively

completing a task).

Motivational Guide is a proactive intervention where the agent

encourages the user to choose higher utility tasks through a text

message. This intervention is subtle and non-intrusive to gently

influence a user’s decision-making.

Dynamic Utility Highlighting is a proactive intervention where

the agent emphasizes the tasks with the highest utility. In this

approach, the agent adds “recommendation” popups to the tasks

with the highest utility and highlights each task by surrounding it

with a green outline. Simultaneously, the other lower utility tasks

are surrounded by a red outline. Additionally, all of the tasks are

sorted based on their utility in descending order. This intervention

is designed to be more noticeable to the user than the "Motivational

Guide."

Medal Rewards is a reactive intervention which introduces a

“medals box”, where users can see the medals that they have earned

after successfully completing each task. Medals earned are depen-

dent on both the user’s task selection and performance. Users will

only receive bronze medals from tasks that are not the highest

utility available regardless of their performance within those tasks.

However, for high utility tasks, users have the potential to receive



Figure 4: Dynamic utility highlighting intervention

both silver and gold medals for adequate performance. After each

task is completed, an appropriate medal is added to the medals

box by the agent, accompanied by another reactive agent interven-

tion, which we call Reactive Motivation. During this intervention,
the agent leaves an encouraging comment tailored to the user’s

performance in the previous task.

Figure 5: Medal rewards & reactive motivation intervention

Intratask Encouragement is an ongoing intervention which adds

agent-driven motivation within each task that the user completes.

After thirty seconds have elapsed in any given task, the agent

appears with a popup and provides positive feedback and encour-

agement relevant to the specific task that the user is completing.

4 EMPIRICAL METHODOLOGY
This section presents our hypotheses and a detailed description of

our experimental setup, including survey and metric data.

Hypothesis 1. Agent intervention mechanisms can be devel-

oped to help people overcome or significantly reduce procrastina-

tion.

Hypothesis 2. Low and high level agent interventions may be

equally effective in reducing procrastination.

4.1 Experimental Setup
The two experimental conditions based on the levels of intensity of

agent interventions are as follows:

Low: The low level group includes the Motivational Guide and
Dynamic Utility Highlighting interventions, providing users with

involved but minimally intrusive guidance.

High: The high level group encompasses all agent intervention

techniques:Motivational Guide,Dynamic Utility Highlighting,Medal
Rewards, Reactive Motivation, and Intratask Encouragement, offering
a large suite of interventions to support users.

The empirical study consists of the following steps:

• Preference learning: The user completes a series of demo tasks for

each of the five task types in the study. Before each demo, they are

presented with a detailed instructional video. The user ranks their

preferences for each task in a survey.

• Phase 1: The user is provided with ten task instances, with two

instances of each of the five task types. They are asked to choose

and complete any five of these task instances. They have the flex-

ibility to choose how they distribute their completion across the

categories, allowing them to decide based on their preferences. The

user completes an inter-phase survey about their procrastination

and satisfaction in completing tasks during Phase 1.

• Phase 2: The user again encounters two new instances of each task

type, just like in Phase 1. However, this time, an agent and agent

interventions are introduced. Upon completing Phase 2, the user is

directed to a final survey which covers satisfaction in completing

tasks, interaction with the agent, and overall procrastination.

The user has one minute to complete each task and is compen-

sated proportional to overall utility gained in the game.

Survey: The study includes an inter-phase survey and a final

survey where the items are measured on a 5-point Likert scale from

“Strongly disagree” to “Strongly agree”.

In order to assess the user’s satisfaction with their task comple-

tion performance and their perceived procrastination, the inter-

phase survey, conducted after Phase 1, and the final survey, con-

ducted after Phase 2, consist of the following items:

Q1: I liked the outcome of today’s task list

Q2: I feel satisfied with my performance in the previous tasks

Q3: My accomplishments today giveme a feeling of satisfaction

Q4: I chose tasks that I liked regardless of utility

We test for a significant increase in mean survey responses for

Q1-3 and a significant decrease in mean survey responses for ques-

tion 4 in section 5.

The final survey serves a dual purpose. It continues to gauge the

user’s satisfaction with their task completion performance and per-

ceived procrastination, but it also measures the user’s perception of

the newly introduced agent interventions. Furthermore, more items

are included to further gauge the user’s perceived level of procras-

tination. The items related to the perception of agent interventions

include:

Q5: I was satisfied with the experience of interacting with the

AI assistant to complete tasks

Q6: The AI assistant provided me helpful guidance

The items that are adapted from the Pure Procrastination Scale [30]

include:

Q7: I did not choose the optimal tasks

Q8: Not doing high-utility tasks has undermined my perfor-

mance

Metrics: Selection score and selection-performance score metrics

are used in our analysis. In order to analyze the impact of agent

interventions on a user’s task selection and allocation in a particular

phase, we define optimal utility as:

𝑂 = 2 ·𝑈 (𝑡1) + 2 ·𝑈 (𝑡2) + 1 ·𝑈 (𝑡3)



where 𝑡1, 𝑡2, and 𝑡3 are the first, second, and third highest utility

scores.

We define user utility as: 𝜇 =
∑
𝑇 𝑈 (𝑡𝑖 ), where T corresponds

to the tasks selected by the user. We also define user performance
utility as:

𝜇𝑝 =
∑︁
𝑇

𝑈 (𝑡𝑖 ) · score(𝑡𝑖 )

Then, selection score is the proportion of user utility to optimal
utility 𝜇/𝑂 and selection-performance score is the proportion of user
performance utility to optimal utility 𝜇𝑝/𝑂 . Selection score measures

users’ efficiency in task selection by comparing their accumulated

utility from chosen tasks to the optimal utility achievable by se-

lecting the highest utility tasks. A higher selection score indicates
more effective task selection. Similarly, the selection-performance
score evaluates users by also considering their performance in each

selected task.

The data collected from Phases 1 and 2 are highly relational

and dependent; the only change in the experimental process is the

inclusion of agent interventions. Therefore, we employ a one-sided

paired t-test on selection score and selection-performance score to test
for statistical significance. Furthermore, both one-sided paired t-

test and non-parametric one-sided Wilcoxon signed-rank test with

Pratt zero-handling are employed to test for statistical significance

on survey data.

Participants: We recruited 116 participants through Amazon Me-

chanical Turk. Attention checks, i.e., basic questions to ensure par-

ticipants were engaged, were included. No data of participants was

eliminated due to insufficient attention. There were 48 participants

in each intervention group. Approximately 46% of the participants

were female. The age distribution was as follows: 18-24 years, 7.7%;

25-34 years, 44.8%; 35-44 years, 21.6%; 45-54 years, 13.7%; 55-64

years, 11.2%; and 65 years or older, 1%. The distribution of educa-

tion levels was as follows: high school degree, 7.7%; some college

experience, 1%; associate’s degree, 1.7%; bachelor’s degree, 44.8%;

and graduate degree, 44.8%. The ethnicity distribution was as fol-

lows: White, 97.4%; Native-American, 1.6%; and African-American,

1%.

5 RESULTS
This section presents the analysis of experimental data collected

during both Phase 1 and 2. We examine the impact of agent in-

terventions on the selection score and selection-performance score,
specifically focusing on the relative proportions of procrastination-

free optimal task selections. Additionally, we examine the survey

data from users.

5.1 Selection Score Analysis
Figure 6 shows the summary data on selection scores for both

conditions during Phase 1 and 2. Comparing Phase 1 and 2 (within

group), in the low intervention condition, the selection score in Phase
2 (𝑀 = 0.905, 𝑆𝐷 = 0.110) is significantly (𝑝 < 0.001) higher than

the selection score in Phase 1 (𝑀 = 0.839, 𝑆𝐷 = 0.100). Likewise, in
the high intervention condition, the selection score is significantly
(𝑝 < 0.005) higher in Phase 2 (𝑀 = 0.900, 𝑆𝐷 = 0.095) compared to

Phase 1 (𝑀 = 0.849, 𝑆𝐷 = 0.093) in Phase 1. These results indicate

that both low and high level agent interventions lead to a significant

Figure 6: Selection scores

Figure 7: Comparison of selection scores

increase in the selection of the less preferred, i.e., procrastinated,

tasks.

To compare the effects of low and high level agent interventions

on selection score, t-tests were used. Comparing the two conditions

(between groups), no significant difference in selection score is

found between the low and high interventions as seen in Figure 7.

5.2 Selection-Performance Score Analysis
Figure 8 shows the summary data on selection-performance scores

for both conditions during Phase 1 and 2. Comparing Phase 1 and 2

(within group), in the low intervention condition, the selection-
performance score in Phase 2 (𝑀 = 0.481, 𝑆𝐷 = 0.213) is sig-

nificantly (𝑝 < 0.05) greater than the selection score in Phase

1 (𝑀 = 0.440, 𝑆𝐷 = 0.200). Similarly, in the high intervention

condition, the selection-performance score significantly (𝑝 < 0.05)

higher in Phase 2 (𝑀 = 0.505, 𝑆𝐷 = 0.218) compared to Phase 1

(𝑀 = 0.454, 𝑆𝐷 = 0.218) in Phase 1. These results indicate that

both low and high level agent interventions lead to a significant

increase in the selection of the procrastinated tasks.



Figure 8: Selection-performance scores

Figure 10: Low intervention condition survey results

Figure 9: Comparison of selection-performance scores

To compare the effects of low and high level agent interven-

tions on selection-performance score, t-tests were used. Comparing

the two conditions (between groups), no significant difference in

selection-performance score is found between the low and high

interventions as seen in Figure 9.

5.3 Survey Data Analysis
Figure 10 presents the average responses to survey items Q1, Q2,

Q3, and Q4 in Phases 1 and 2 for the low intervention condition.

Average response to Q1 (related to perceived outcome of tasks) was

Figure 11: High intervention condition survey results

(𝑀 = 4.229, 𝑆𝐷 = 0.509) in the inter-phase survey (at the end of

Phase 1) and (𝑀 = 4.083, 𝑆𝐷 = 0.571) in the final survey (at the

end of Phase 2). Average response to Q2 (related to satisfaction in

task performance) was (𝑀 = 4.104, 𝑆𝐷 = 0.742) in the inter-phase

survey and (𝑀 = 3.937, 𝑆𝐷 = 0.851) in the final survey. Average

response to Q3 (related to satisfaction in users’ accomplishment)

was (𝑀 = 4.042, 𝑆𝐷 = 0.705) in the inter-phase survey and (𝑀 =

4.0, 𝑆𝐷 = 0.707) in the final survey. Average response to Q4 (related

to users’ selection of tasks they prefer without considering utility)

was (𝑀 = 3.916, 𝑆𝐷 = 0.837) in the inter-phase survey and (𝑀 =

3.437, 𝑆𝐷 = 1.018) in the final survey.

To compare the difference in average responses to survey items

between Phase 1 and 2, a one-sided Wilcoxon signed-rank test

and a one-sided paired t-test were used. There was a significant

(𝑝 < 0.05) difference in average responses to Q4 between Phase 1

and 2, i.e., the users paid more attention to utilities while choosing

tasks. However, no significant differences were found for the items

Q1, Q2, and Q3.

Figure 11 presents the average responses to survey items Q1, Q2,

Q3, and Q4 in Phases 1 and 2 for the high intervention condition.

Average response to Q1 (related to perceived outcome of tasks) was

(𝑀 = 4.125, 𝑆𝐷 = 0.725) in the inter-phase survey (at the end of

Phase 1) and (𝑀 = 4.083, 𝑆𝐷 = 0.671) in the final survey (at the

end of Phase 2). Average response to Q2 (related to satisfaction in

task performance) was (𝑀 = 4.000, 𝑆𝐷 = 0.866) in the inter-phase

survey and (𝑀 = 4.083, 𝑆𝐷 = 0.731) in the final survey. Average

response to Q3 (related to satisfaction in users’ accomplishment)

was (𝑀 = 4.020, 𝑆𝐷 = 0.558) in the inter-phase survey and (𝑀 =

3.916, 𝑆𝐷 = 0.759) in the final survey. Average response to Q4

(related to users’ selection of tasks they prefer without considering

utility) was (𝑀 = 3.958, 𝑆𝐷 = 0.888) in the inter-phase survey and

(𝑀 = 3.125, 𝑆𝐷 = 1.111) in the final survey.

To compare the difference in average responses to survey items

between Phase 1 and 2, a one-sided Wilcoxon signed-rank test

and a one-sided paired t-test were used. There was a significant

(𝑝 < 0.05) difference in average responses to Q4 between Phase 1

and 2, i.e., the users paid more attention to utilities while choosing

tasks. However, no significant differences were found for the items

Q1, Q2, and Q3.

We examine the impact of low and high-level agent interventions

on users’ perceived procrastination and their perception of agent

interventions by conducting t-tests on the mean scores of items Q5,

Q6, Q7, and Q8 during Phase 2. The results indicate that there is no



significant difference between the low and high interventions for

these survey items.

6 DISCUSSION
Prior studies have shown that the intervention techniques can be

helpful in reducing an individual’s procrastination tendencies [3, 21,

22, 32, 35]. This study investigates the role of agents in controlling

and managing procrastination by testing various agent intervention

techniques in an artificial empirical environment.

Individuals procrastinate only when actions are voluntarily de-

layed despite expecting to be worse off for the delay [29]. In the

context of our task domain, to engender procrastination, the util-

ity of a task is designed to be inversely proportional to the user’s

preference for that task. Results show that the users did not con-

sistently select tasks that offered the highest utility. Many users

preferred to perform tasks that they enjoyed rather than gain more

utility. These irrational task selections are voluntary, and by doing

so, they forgo and eliminate potential gained utility, akin to a form

of irrational delay. This phenomenon is congruent with real-life

procrastination, where many individuals often choose tasks that

they find more temporarily enjoyable instead of tasks that would

ultimately make them better off.

Our findings suggest that our developed agent intervention tech-

niques can significantly impact a user’s procrastination tendencies

during task selection and completion (see Figures 6 and 8). This

effect is evident through two metrics we employed: selection score
and selection-performance score. Notably, these metrics show sta-

tistically significant improvements in both the low and high in-

tervention conditions, where multiple intervention techniques are

concurrently present. Additionally, survey data suggests that users

perceive themselves as procrastinating at a lower rate when agent

interventions are present in both conditions (see Figures 10 and 11).

Hypothesis 1 is thereby supported.

Furthermore, while both the low and high interventions effec-

tively reduce procrastination tendencies, our analysis reveals no

statistically significant difference between the two conditions in

achieving this outcome. Hypothesis 2 is thereby supported. Fur-

ther work is needed to analyze the effects of different levels of

interventions on procrastination. Additionally, it is crucial to ac-

knowledge potential limitations in translating our findings within

our gamified task domain to real-life tasks. It is possible that the

online gamified representations of our tasks could significantly

influence human behavior and the effectiveness of agent interven-

tions since gamification often increases the quality of work in task

performance [12]. Further work is needed to analyze gamification’s

effects on task selection.

7 CONCLUSION & FUTUREWORK
In conclusion, our study addresses the pervasiveness of procrastina-

tion in a highly connected and overstimulated modern era through

the use of novel agent intervention techniques. While many psycho-

logical interventions and schools of thought already exist to address

procrastination tendencies, these methods are often inequitable and

not accessible to all. In response, we have developed a model of pro-

crastination through the use of an artificial empirical environment

as well as two agent intervention conditions composed of numerous

agent intervention techniques aimed at addressing and mitigating

procrastination tendencies in individuals. Our findings suggest that

user procrastination can be effectively modeled and that agent in-

terventions can provide useful tools for helping individuals reduce

their procrastination tendencies.

Our future research direction is centered on the development

of adaptive agents that can learn the struggles of users and assist

them appropriately in the context of real-life tasks. These agents

will be equipped with a range of skills aimed at helping people

overcome individual struggles. For instance, agents can support

people by dividing complex tasks into smaller sub-tasks. This area

of research represents a promising avenue for innovation in pro-

crastination research and enhancing procrastination interventions

through agents.
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