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ABSTRACT 
 

Research about digital self-control tools is in its infancy. As a result, their effectiveness and 

impact on user behaviour remain to be understood. This research will fill this gap by analysing 

the determinants of digital self-control tools that influence individual performance. To do so, 

we proposed a research model which combines Goodhue & Thompson's (1995) task-

technology fit (TTF) model with other constructs such as self-control, technology addiction, 

motivation, continuance intention and severity of enforcement. Thus, we administered an 

online survey to 212 respondents. Our findings suggested that technology characteristics and 

self-control positively affected TTF, and, therefore, TTF influenced the utilization of DSCTs. 

Furthermore, our results highlighted the mediating role of motivation in the relationship 

between the utilization of DSCTs and the perceived TTF of the users. Lastly, the moderators' 

technology addiction and severity of enforcement demonstrated significant effects on 

individual performance over utilization. 
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1. INTRODUCTION 

In defiance of the ubiquitous connectivity offered by digital technologies, an extensive body 
of research outlines the struggle individuals face to resist the temptations of digital devices, 
thus falling victim to excessive use of these means (Monge Roffarello & De Russis, 2023a). 
Moreover, many people feel conflicted about the time spent on digital technologies, mainly 
when such use appears void of purpose and passive (Lukoff et al., 2018).  
 
Consequently, promoting individuals' digital well-being stands out as one of the most urgent 
challenges in today's society (Monge Roffarello & De Russis, 2023c). Researchers have 
recognized that technology can also be part of the solution for aiding users in regulating their 
digital usage, improving their relationship with these means, tackling its adverse effects, and 
fostering digital well-being. A promising approach to address this challenge involves adopting 
digital self-control tools (DSCTs). Schwartz (2019) defines DSCTs as self-restraint applications 
that limit future use of specific applications, groups of applications or the device itself, 
contributing to regulating user behavior with digital means. Remarkably, an entire niche 
market has developed in Android and Apple stores, in addition to the numerous browser 
extensions designed for those struggling with digital self-control (Lyngs et al., 2019).  
 
While earlier research has focused on comprehending and analyzing the functionalities and 
effectiveness of these interventions, the impact on user behavior still needs to be understood. 
Moreover, the research about DSCTs lacks a comprehensive theoretical foundation, with 
considerable studies not relying on any behavioral theories nor providing enough evidence on 
how acknowledged theories relate to these interventions (Hekler et al., 2013). Our approach 
focuses on filling this gap by analyzing the impact of digital self-control tools on individual 
performance. Our research question is: “What influences the individual performance of digital 
self-control tools?” To do so, we propose a research model which combines Goodhue & 
Thompson's (1995) task-technology fit model with other constructs such as self-control, 
technology addiction, motivation, continuance intention and severity of enforcement.  
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2. LITERATURE REVIEW 

2.1.  TECHNOLOGY ADDICTION  

Smartphones, laptops, and tablets have become integral to our work, social and leisure lives. 

These technologies allow us to connect to people, services and content without time or place 

constraints (Vanden Abeele, 2021). In January 2023, the global internet user base reached 

5.16 billion users worldwide, which corresponded to 64.4 percent of the global population. As 

of the first quarter of 2023, internet users spent an average of six hours and forty minutes 

online daily (Petrosyan, 2023). This data proves that digital technology is transforming 

individuals and reshaping societal interactions, leveraging vast online information and 

communication platforms (Small, 2020). 

Despite the ubiquitous connectivity provided by digital technologies, the passive consumption 

of digital content has raised many questions about the time spent on digital devices (Roffarello 

& De Russis, 2022). Nowadays, there is an increasing recognition of the “dark sides” of digital 

technology, which may harm individual and societal dynamics (Turel et al., 2021). As a result, 

a growing amount of public discourse and research attention centers on technology addiction. 

Technology addiction is an emerging behavioral addiction that results from the excessive and 

uncontrollable use of technologies, indispensable tools of everyday life (Sherer & Levounis, 

2022). Research shows that technology addiction is significantly associated with depression, 

anxiety, sleep disorders and poor mental health (Jamir et al., 2019). Reports also revealed that 

technology addiction negatively affected productivity in the workplace and individuals' daily 

tasks (Madlock & Hessling, 2020) 

Griffiths (2018) states that technology addiction can be diagnosed by six core symptoms: 

salience, mood modification, tolerance, withdrawal, conflict and relapse. Salience implies a 

progressive increase in technology use, dominating one's thoughts and actions. This addictive 

behavior conflicts with other activities such as social life, work and familial responsibilities. As 

a result of this addictive behavior, one must experience mood modification, that is, 

excitement or relief when using the technology despite being aware of the harm caused. 

Tolerance means longer and higher-intensity behavioral sessions are necessary to maintain 

one's mental state. Furthermore, one must face withdrawal, intense emotional and physical 

discomfort when the use discontinues. Lastly, a person can try to reduce or cease the addictive 

behaviors but relapses, and levels of behavior increase after abstinence periods. 

According to Serenko and Turel (2020), users are not addicted to an IT artefact. Instead, they 

get addicted to a behavior mediated by an IT artefact. While technological artefacts are non-

addictive, that does not absolve responsibility from software developers and providers, who 

induce addictive tendencies with triggers such as notifications, interruptions, feature-rich IT, 

hedonic features, and personalized and changing content (Kloker, 2020). Complementarily, 

Monge Roffarello et al. (2023) introduce the concept of Attention-Capture Damaging Patterns 

(ACDPs), deceptive functionalities that incite users to perform activities not aligned with their 



3 
 

best interests. Additionally, Cho et al. (2021) state that ACDPs have three core characteristics: 

they distract a person from a determined goal and, therefore, compromise the individual 

autonomy; they lead a person to feel lost in control and time; and they induce a person to 

experience regret about the time spent on a determined service. ACDPs can be found in 

various formats, for instance, Infinite Scroll, Auto-Play, or Pull-to-refresh design patterns, 

which persuade users to participate in passive consumption. Such features can foster 

addiction by providing rewards and suppressing components that stimulate self-control, 

leading users to consume content subconsciously and struggle to exert self-control over 

device use (Serenko & Turel, 2020). 

 

2.2. SELF-CONTROL  

Self-control relates to the self's ability to revoke or alter one's inner responses in addiction to 

interrupt unwanted behaviors and abstain from acting on them, playing a vital role in 

achieving valued goals and embodying the conscious and deliberate elements of self-

regulation (Baumeister et al., 2007). According to Kotabe and Hofmann (2015), self-control 

comprises three components: a desire, a higher objective and an intrinsic conflict that arises 

between the two. Individuals can encounter conflicts between two distal valued objectives or 

two near desires. However, significant self-control-related cognitive disruption occurs when a 

desire is discordant with a distal objective. Therefore, self-control implies a conflict between 

a desire and a distal objective (Taylor et al., 2018). 

Research by Nilsen et al. (2020) highlights that self-control is a fundamental trait that shapes 

the core of an individual's personality as it develops, beginning in the early stages of life and 

stabilizing over different circumstances and periods. However, self-control capacity is limited, 

and exertion can drain its strength. According to the Strength Model of Self-Control, self-

control resembles a muscle that faces exhaustion and becomes less able to function as it faces 

subsequent efforts (Baumeister et al., 2007). Hence, there are substantial disparities in 

individuals' levels of trait self-control, with individuals with higher self-control benefiting from 

positive emotional and social effects. Moreover, higher levels of self-control correlated with 

higher self-esteem, interpersonal skills, and more optimal emotional responses (Tangney et 

al., 2004). Additionally, high self-control scores anticipate excellent work performance, 

relationship fulfilment, well-being effects and perceived meaning of life (Li et al., 2021).  

In contrast, a deficit in self-control scores correlates with impulsiveness, risk-taking and 

addictions such as substance, games, social media and technology addiction (Cudo et al., 

2019). Previous studies pointed out that exercising self-control reduces technology addiction. 

For instance, Gökalp et al. (2022) found that self-control was negatively linked to multi-screen 

addiction, meaning that lower levels of self-control are associated with higher levels of multi-

screen addiction. Moreover, Li et al. (2021) study shows that self-control has a negative 

association with Internet addiction, denoting that individuals with higher self-control scores 
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were less likely to engage in behaviors that promoted internet addiction and were more likely 

to make short-term sacrifices for long-term goals. In addition, Kwak et al. (2022) report that 

enhancing trait self-control may protect individuals from developing addictive smartphone 

usage. 

 

2.3. DIGITAL SELF-CONTROL TOOLS  

Research indicates that many individuals are incapable of resisting the temptations of digital 

technologies, hence experiencing difficulties controlling device usage and often falling victim 

to compulsive actions such as scrolling social media newsfeeds (Monge Roffarello & De Russis, 

2023a). These findings have recently led researchers to contemplate a new form of 

psychological well-being affecting current society: digital well-being (Monge Roffarello & De 

Russis, 2022). 

Vanden Abeele (2020) defines Digital Well-being as individuals' capacity to find an optimal 

balance between the benefits and disadvantages of connectivity. According to the author, 

individuals achieve digital well-being when they experience maximal controlled pleasure and 

practical support without losing control and causing functional damage. Device manufacturers 

have already included digital well-being tools in their operating systems, despite their demand 

for the opposite, recognizing online compulsive behaviors as a severe problem (Thomas et al., 

2022). Furthermore, Monge Roffarello and De Russis (2023c) state that contributing to an 

individual's digital well-being is one of the most critical challenges in current society. 

According to Lyngs et al. (2019), exercising self-control must be the focus of effectively 

achieving digital well-being. Thus arises the term Digital Self-Control Tools (DSCTs). DSCTs can 

be defined as self-restraint applications that limit future use of specific applications, groups of 

applications or the device itself, contributing to regulating user behavior with digital means 

(Schwarts, 2019). As a result, an entire niche market has developed in Android and Apple 

stores, in addition to the numerous browser extensions designed for those struggling with 

digital self-control (Lyngs et al., 2019).  

Lyngs (2019) conducted exploratory research to uncover the main features of digital self-

control tools. Therefore, clustered DSCTs functionalities into four types: block or removal 

(features that hinder distractions, for instance, momentarily locking user’s access to specific 

apps or hide them, for example, suppressing recommended videos on YouTube); self-tracking 

(features which allow monitoring and viewing applications or device usage); goal-

advancement (features that recall user’s usage goals including, displaying a notification when 

a determined amount of time has passed) and reward/punishment (features which provide 

recompenses for using devices in specific ways).  

In a recent study, Monge Roffarello and De Russis (2022) delved further into DSCTs, expanding 

Lyngs’ categorization. Their research identified seven additional features that have become 
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popular to the landscape of digital self-control tools: auto close (features that automatically 

closes applications or websites following a determined time interval); delay (features which 

employ delay of gratification components for instance, compel user’s to solve a task before 

accessing an app or website); modification (features that adjust websites aspects that are 

somewhat distracting); gamification (features which apply game-like components to captivate 

users in less distracting behaviors); pomodoro (features that prompts the use of pomodoro 

method, where the users determine a period that is reserved for focused tasks after which 

they are authorized to take a break); compare (features which allows users to share and 

compare their improvement in controlling device or applications usage, fostering users to stay 

engaged); screenshare (features that provides users the possibility to create learning groups 

and track each other’s device or application usage). 

Research about digital self-control tools is in its infancy. According to Monge Roffarelo and De 

Russis (2022), prior research about DSCTs has focused on understanding and analyzing the 

functionalities of these interventions that aim to improve digital well-being. As a result, their 

effectiveness and impact on user behavior remain to be addressed. Moreover, Hekler et al. 

(2013) argue that previous literature about DSCTs lacks a comprehensive theoretical 

foundation, with considerable studies not relying on any behavioral theories nor providing 

enough evidence on how acknowledged theories relate to these interventions (Hekler et al., 

2013).  

This research will focus on filling this gap by analyzing the impact of digital self-control tools 

on individual performance as it delves into a novel topic in this field. To do so, the Task-

Technology Fit model (Goodhue & Thompson, 1995), which arises from the information 

systems field, will serve as the foundational framework for our research. 

 

2.4. TASK-TECHNOLOGY FIT  

In 1995, Goodhue and Thompson introduced the task-technology fit (TTF) model, founded on 

the premise that the effectiveness of technology depends on its fit or alignment with the tasks 

it intends to support. According to Spies et al. (2020), TTF is a theoretical framework that 

measures how technology enhances performance. Nevertheless, recent studies have used TTF 

to forecast the acceptance and usage of the latest technology (Vanduhe et al., 2020). The 

model has been used in a variety of technological contexts, such as video conferencing 

applications (Alturki & Aldraiweesh, 2022), mobile health apps (Zaidi et al., 2020) and social 

networking applications (Alamri et al., 2020). However, studies on DSCTs have yet to explore 

the potential of TTF. 

The basic TTF model comprises four constructs: task characteristics, technology 

characteristics, task-technology fit and performance impacts (Lin et al., 2020). Task 

characteristics denote individuals' actions in turning inputs into outputs (Goodhue & 

Thompson, 1995). According to Tam & Oliveira (2019), these characteristics can differ in 
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various dimensions, such as task unrepeated ness, task interdependence, and time criticality. 

In the context of DSCTs, we can assume that if DSCTs functionalities match the user's tasks to 

be executed, the task performance will increase.  

On the other hand, technology characteristics reference the tools individuals employ in 

executing their tasks (Goodhue & Thompson, 1995). For example, DSCTs allow users to 

perform their tasks better by blocking apps or hiding distracting websites, tracking, and 

visualizing the usage of technological devices or particular applications and providing rewards 

or punishments depending on how devices are employed (Lyngs et al., 2022). Hence, task-

technology fit can be defined as the extent to which a determined technology aids an 

individual in efficiently and effectively executing their tasks.  

Moreover, Howard Rose (2018) suggests that TTF moderates the effects of task and 

technology characteristics on technology use and performance outcomes. A performance 

impact translates into the outcome of employing technology to execute a portfolio of tasks. 

Additionally, Goodhue and Thompson (1995) argue that utilization represents the behavior of 

exerting a determined technology to perform tasks. Therefore, the TTF model supposes that 

users are rational and will continue to use the technology as long as it best supports the task 

they wish to perform (Tam & Oliveira, 2016).  
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3. RESEARCH MODEL  

Based on the scholarly literature and the theories mentioned above, we propose a research 
model to study the influence of DSCTs on individual performance. The model comprises ten 
constructs: task characteristics, technology characteristics, task-technology fit, utilization, 
individual performance, self-control, technology addiction, motivation, continuance intention 
and severity of enforcement. 
 

 
Figure 1 – Research Model 

 
From the TTF perspective, task characteristics are actions users execute when employing 
DSCTs (Goodhue & Thompson, 1995). According to Lyngs' (2019) study, which analyzed ratings 
and reviews regarding demanded digital self-control applications, the main tasks requested 
by users are enhancing focus on relevant but effortful tasks, improving time management, and 
controlling device overuse. Thus, we suggest the following hypothesis: 
 
H1 - Task characteristics of DSCTs users positively affect task-technology fit. 
 
Technology characteristics are physical and logical tools individuals employ in executing their 
tasks (Franque et al., 2022). For instance, DSCTs empower users to improve task performance 
by blocking apps or hiding distracting websites, tracking, and visualizing the usage of 
technological devices or applications and providing rewards or punishments depending on 
how devices are employed (Lyngs., 2019). Therefore, we hypothesize: 
 
H2 - Technology characteristics of DSCTs positively affect task-technology fit. 
 
In the context of TTF, individual traits can influence the easiness and effectiveness of an 
individual using a determined technology (Goodhue & Thompson, 1995). This study focuses 
on one specific individual characteristic: self-control. Self-control refers to the self's ability to 
revoke or alter one's inner responses in addiction to interrupt unwanted behaviours and 
abstain from acting on them (Cheung et al., 2014). Consequently, we hypothesize: 
 
H3 – Trait self-control of DSCTs users positively affect task-technology fit. 
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Goodhue and Thompson (1995) describe task-technology fit as the degree to which 
technology aids a user in executing his tasks and is, consequently, influenced by the fit 
between task and technology characteristics. Hence, when DSCTs' users recognize a high 
degree of match between the tasks they aim to execute and the technology, the usage of 
DSCTs is most likely to improve. In contrast, a lower degree of fit decreases user intention to 
adopt DSCTs. For this reason, we suggest the following hypothesis: 
 
H4 - Task-technology fit positively affects the utilization of DSCTs.  
 
As claimed by Franque et al. (2022), when users start to utilize any system, they begin to 
perceive advantages. This holds true for DSCTs as well. When using DSCTs, users will recognize 
its benefits, and the level of perceived individual performance will increase. According to Lyngs 
et al. (2022), DSCTs are particularly useful for individuals who aim to focus on significantly 
delayed rewards when digital distractions arise, particularly in contexts associated with 
productivity. So, we hypothesize:  
 
H5 - The utilization of DSCTs positively affects individual performance. 
 
The mediating role of motivation  
 
A significant barrier DSCTs users encounter is the decline in motivation levels over time, 
potentially resulting in the discontinuation of DSCTs. Recent findings suggest that DSCTs users 
cease the use of these tools due to their decreased motivation and sense of laziness 
(Biedermann et al., 2023). Building on this observation, we hypothesize:  
 
H6a - Task-technology fit positively mediates the motivation of DSCTs’ users who perceive 
greater task-technology fit present higher motivation levels regarding the use DSCTs. 
 
H6b – Motivation positively mediates the utilization of DSCTs so that users are more likely to 
engage with and withdraw benefits from these tools if they demonstrate a high level of 
motivation. 
 
The moderating role of technology addiction  
 
According to Roffarello and De Russis (2022), the main driver for individuals using DSCTs is 
their difficulty in practicing self-control over digital usage, negatively affecting their subjective 
well-being. Moreover, findings from Lyngs et al. (2022) suggest that DSCTs are exceptionally 
functional for users who self-identify as “addicts'' or are struggling significantly with 
distractions. Consequently, we hypothesize: 
 
H7a - Technology addiction positively moderates the utilization of DSCTs so individuals dealing 
with technology addiction will be more prone to utilize these tools.  
 
H7b - Technology addiction positively moderates individual performance so that technology 
addicts perceive higher individual performance when employing DSCTs. 
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The moderating role of continuance intention  
 
In literature, the scarcity of motivation has implications for the continuance intention to use 
DSCTs, thereby exerting influence on the effectiveness of these tools. As mentioned by 
Biedermann et al. (2023), DSCTs use oscillates, reaching their peak during stressful times and 
decreasing during more ease periods. Complementarity, Lyngs et al. (2022) argue that DSCTs, 
in many instances, are employed to aid individuals with defined and unpleasant tasks. 
Consequently, when the use of DSCTs is infrequent and seasonal, the prospect of consolidating 
enduring behavior change or cultivating new beneficial habits is lower (Biedermann et al., 
2023). For this reason, we suggest the following hypothesis: 
 
H8 - Continuance intention positively moderates individual performance since DSCTs’ users 
benefit from higher individual performance when they maintain their continuance intention 
at a stable level. 
 
The moderating role of severity of enforcement 
 
Another factor which researchers have investigated is the severity of the enforcement and the 
degree of friction within DSCTs (Lukoff et al., 2022). According to the authors, users tolerate 
weak enforcement very well in DSCTs. However, original objectives are easily and often 
bypassed. On the other hand, strict enforcement is more effective in helping users achieve 
their goals, yet it can trigger frustration and conduct to disuse them too. Hence, DSCTs must 
offer a medium level of enforcement to increase adherence and retain users. For this reason, 
we suggest the following hypothesis: 
 
H9 - The severity of the enforcement positively moderates individual performance since users 
benefit from higher individual performance when DSCTs offer a moderate level of 
enforcement.  
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4. METHODS 

4.1. MEASUREMENT  

An online questionnaire was developed to collect data for the analysis. To measure each 

construct of this model, the survey items that composed the questionnaire were derived from 

scholarly literature and were adapted to be consistent with the topic of this study. The items 

for all constructs that comprised the questionnaire and their corresponding references are 

listed in Appendix A. Moreover, the items were measured using a seven-point range scale, 

ranging from 1 (strongly disagree) to 7 (strongly agree). 

 

4.2. DATA COLLECTION  

The survey was designed and administered in English using Qualtrics. Initially, a pilot 

questionnaire was conducted to ensure the validity and reliability of all measurement items. 

The results did not indicate any issues; therefore, further refining the questionnaire was 

unnecessary.  

The survey was distributed online, and the data collection phase lasted between November 

2023 and January 2024, during which 212 valid responses were obtained. 

Before the start of the questionnaire, a comprehensive introduction was presented to the 

participants, providing them with a clear understanding of the concept of DSCTs and their 

main features to ensure that the respondents had a solid understanding of the topic and could 

provide informed and accurate responses to the questions presented. 

Regarding the sample's demographic characteristics, an equal proportion of the respondents 

(48%) identified as male and female, while 4% identified as non-binary. The sample in question 

was predominantly composed of individuals under the age of 25 (50%), and 31% of the 

participants were between the ages of 25 and 34. As for the education levels of the sample, 

69% of the respondents were academic graduates holding degrees at the bachelor's, master's 

or doctoral level.  

Moreover, a significant part of the sample, 60%, reported using DSCTs. Among these 

participants, usage patterns varied, with 21% affirming occasional use, 28% stating sometimes 

usage and 24% revealing frequent usage. These findings were expected, consistent with the 

fact that DSCTs are still in the early stages of development. Comprehensive descriptive 

statistics regarding the characteristics of the respondents are presented in Table 1. 
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Table 1 – Sample characteristics 

Distribution (n=212) 

Gender    Use of DSCTs   

Male 102 48%  Yes 127 60% 

Female 102 48%  No 85 40% 

Non-binary 8 4%     

       

Age    DSCTs usage 

frequency 

  

<25 106 50%  Never 0 0% 

25-34 66 31%  Rarely 8 6% 

35-44 21 10%  Occasionally 26 21% 

>44 19 9%  Sometimes 35 28% 

    Frequently 31 24% 

    Usually 17 13% 

    Everytime 10 8% 

Education       

High School  66 31%     

Bachelor’s degree 95 45%     

Master’s degree or 

higher 

51 24%     

 

 

  



12 
 

5. RESULTS  

The data analysis was founded on a widely accepted method in social sciences, designated 

partial least squares structural equation modelling (PLS-SEM), which enables the calculation 

of path models with latent variables and their respective relationships. Moreover, PLS-SEM 

can evaluate complex models comprising various constructs and indicator variables based on 

small-sized samples (Sarstedt et al., 2021). 

Considering this method suitable for the present context, we relied on Smart PLS, a recognized 

software application for variance-based structural equation modelling (SEM) employing the 

partial least squares (PLS) path modelling. In the first instance, the measurement model was 

evaluated to determine its reliability and validity. Subsequently, the structural model was 

examined.  

 

5.1. MEASUREMENT MODEL 

During this step, the reliability, convergent and discriminant validity of the constructs 

comprising the research model were evaluated. It was imperative to consider Cronbach's 

Alpha (CA) and Composite Reliability (CR) to assess the model's reliability. Hair et al. (2021) 

state that the interpretation for CA and CR is consistent: values between 0.60 and 0.70 are 

deemed acceptable in exploratory research, while those between 0.70 and 0.90 vary from 

satisfactory to good. 

Upon reviewing the values in Appendix C, it is evident that most of the constructs exhibit 

highly satisfactory reliability, with CA and CR value exceeding 0.8. However, three constructs, 

self-control, utilization, technology characteristics, indicate satisfactory levels of reliability 

with both CA and CR values above 0.7. It is also worth mentioning that the construct, task 

characteristics, has a relatively lower CA value (0.609). Nevertheless, based on the CR value 

(0.814), the construct demonstrates good reliability, implying internal consistency despite the 

lower CA value. 

Subsequently, an analysis of the convergent validity of the constructs was conducted. Hair et 

al. (2021) assert that the average variance extracted (AVE) measures the construct's 

convergent validation. According to the authors, the minimum acceptable value for AVE is 

0.50, meaning that the latent variables justify at least 50% of the variance of the indicators. 

Reviewing the values in Appendix C revealed that the AVE for each construct exceeds 0.5, thus 

confirming convergent validity. 

To assess the model's discriminant validity, the traditional measure of the Fornell-Larcker 

Criterion can be employed. In this case the discriminant validity is verified for each pair of 

latent variables if the AVE for both variables exceeds their squared correlation (Fornell & 

Larcker, 1981). However, recent studies, such as Hair et al. (2021), suggest that this metric 
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may not be the most suitable for discriminant validity assessment. Instead, researchers can 

rely on the heterotrait-monotrait (HTMT) measure as a more robust alternative. The HTMT 

values of all the constructs were below the threshold value of 0.9.  

The cross-loadings of the constructs comprising the research model were also evaluated. As 

shown in Appendix B, the loadings of each indicator on its corresponding construct are greater 

than the cross-loadings on other constructs. 

In sum, the proposed model for this research exhibits strong reliability, convergent validity, 

and discriminant validity, providing a solid foundation for further analysis of the structural 

model. 

 

5.2. STRUCTURAL MODEL 

Once the constructs' reliability and validity are confirmed, the subsequent step involves 

evaluating the outcomes of the structural model results. This process implies examining the 

strength and significance of the paths connecting the various constructs within the research 

framework (Hair, Hult, et al., 2021). As emphasized by the authors, it is imperative to test the 

multicollinearity of all constructs using the variance inflation factor (VIF), ensuring that these 

remain below 5. The VIF values for the constructs within our model ranged from 1.000 to 

3.526, revealing the inexistence of multicollinearity issues, which allowed us to proceed 

confidently with interpreting the results. To do so, we applied the bootstrapping technique to 

estimate the significance of the path coefficients using t-values (Hair, Hult, et al., 2021).  

Figure 2 presents the structural model and includes the R-squared and the path coefficients 

resulting from bootstrapping 5000 samples.  

TTF explains 50.2% of the variation within the model. However, the analysis reveals that task 

characteristics (𝛽 ̂ = 0.094, p = 0.188) does not demonstrate statistical significance in explaining 

TTF, hence failing to support H1. In contrast, technology characteristics (𝛽̂ = 0.633, p = 0.000) 

and self-control (𝛽̂ = 0.139, p = 0.041) both reveal statistically significant in defining TTF, thus 

corroborating H2 and H3.  

Moreover, the utilization of digital self-control tools justifies 43.3% of the variance explained 

by TTF (𝛽̂ = 0.283, p = 0.002), thereby supporting H4. 

Regarding individual performance, it accounts for 52.7% of the model's variance. 

Nevertheless, the analysis suggests that utilization (𝛽̂ = 0.501, p = 0.000) reaches statistical 

significance in explaining individual performance, hence confirming H5. 

 



14 
 

Additionally, the motivation of digital self-control users sustains 39.9% of the model's 

variance. Both TTF (𝛽̂ = 0.632, p = 0.000) and utilization (𝛽̂ = 0.398, p = 0.000) have a 

statistically significant effect on motivation, supporting H6a and H6b. 

The subsequent hypotheses represent moderating variables. Notably, technology addiction 

(𝛽 ̂ = 0.141, p = 0.035) and severity of enforcement (𝛽̂ = -0.141, p = 0.045) emerge as 

statistically significant, thereby confirming H7b and H9. However, the negative coefficient for 

H9 suggests that the severity of enforcement weakens the relationship between utilization 

and individual performance when employing digital self-control tools. 

 
 

Figure 2 – Results of Research Model 
 
According to Sarstedt et al. (2020), a variable represents a mediator if it intercedes between 

two related constructs. Therefore, changes in the independent construct led to alterations in 

the mediator variable, subsequently influencing changes in the dependent construct. The 

results of the mediation analysis are detailed in Table 2. 

From this analysis, it was possible to conclude that TTF directly influences motivation (𝛽̂ = 

0.632, p < .000), indicating that DSCTs users who perceive greater task-technology fit present 

higher motivation levels regarding the use of DSCTs.  

Moreover, it is evident that TTF also has a direct effect on utilization (𝛽̂ = 0.283, p < .002), 

however, to a lower extent compared to motivation. This suggests that an increase in the TTF 

perceived by DSCT users will lead to an increase in the utilization of these means.  

Additionally, motivation demonstrates a direct effect on utilization (𝛽̂ = 0.398, p < .000), 

indicating that DSCT users are more likely to use these tools if they possess a high level of 

motivation.  
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Lastly, TTF indirectly affects utilization through motivation (𝛽̂ = 0.251, p < .000), which implies 

that part of the influence of TTF on utilization is mediated by motivation, highlighting the 

importance of motivation as a mediator in the relationship between TTF and utilization.   

 
Table 2 – Mediation Analysis 

 Beta SD t-Test p-value 

TTF-> Motivation .632 .049 12.895 <.000 
TTF-> Utilization .283 .091 3.112 <.002 
Motivation-> Utilization .398 .090 4.426 <.000 
TTF -> Motivation->Utilization .251 .058 4.347 <.000 

 
 
After examining the mediators within the research model, we will delve into the moderator 
analysis. In statistical terms, moderation denotes a relationship in which changes between an 
independent and dependent variable are influenced by the value of the moderator variable 
(Memon et al., 2019). Figure 3 illustrates the impact of the statistically significant moderator, 
technology addiction, on the relationship between utilization and individual performance.  
 
From the figure, it is evident that the technology addiction moderator induces a more 
substantial influence of utilization over individual performance among users with higher 
technology addiction.  
 

 
 

 
Figure 3 –Moderation effect of Technology Addiction on Individual Performance 

 
 
Moreover, Figure 4 shows the effect of the moderator, severity of enforcement, on the 
relationship between utilization and individual performance. Hence, it is apparent that when 
DSCTs apply a lower level of severity of enforcement, it leads to a more significant influence 
of utilization over individual performance. 
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Figure 4 –Moderation effect of Severity of Enforcement on Individual Performance 
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6. DISCUSSION 

The present research was driven by a core question: "What influences the individual 

performance of digital self-control tools?". To address it, a comprehensive theoretical 

framework was developed, integrating Goodhue & Thompson's (1995) task-technology fit 

(TTF) model with additional constructs, including self-control, technology addiction, 

motivation, continuance intention, and the severity of enforcement. The model's results 

generally corroborated our hypothesis, except for H1, H7a and H8. 

This research provides valuable insights to developers currently designing DSCTs. It also offers 

a new perspective to the literature, as most studies regarding DSCTs focus on comprehending 

and analyzing the functionalities and effectiveness of these interventions. The following 

section delves into design implications and future research opportunities. 

 

6.1. THEORETICAL IMPLICATIONS 

Despite the plethora of DSCTs designed and introduced to the market in recent years, most 

studies on these interventions are not grounded in behavioral theory or construct. 

Consequently, our understanding of the effectiveness of these tools remains limited, requiring 

more clarity on the best approaches to designing and evaluating DSCTs (Monge Roffarello & 

De Russis, 2022). In this context, the present paper aimed to contribute to fill this gap by 

investigating the influence of DSCTs on individual performance, drawing upon Goodhue & 

Thompson's (1995) TTF model. 

Interestingly, our study suggests that DSCT users tend to place greater value on technology 

characteristics rather than task characteristics, meaning that other technologies may already 

enable users to perform similar tasks. Hence, the allure for individuals lies in the technology 

itself (Kang, 2022). 

Furthermore, our findings suggest that trait self-control plays a crucial role in shaping 

individuals' perceptions of the TTF provided by DSCTs. These results align with prior literature 

that verified the direct effect of various other individual characteristics on TTF. For instance, 

Gu and Wang (2009) demonstrated that openness and agreeableness significantly affected 

perceived TTF. 

Lastly, our results highlighted the mediating role of motivation in the relationship between 

the utilization of DSCTs and the perceived TTF of the users. Hence, motivated users are more 

likely to perceive DSCTs as fitting their tasks, which, in turn, increases the utilization of these 

tools. These findings further corroborate prior literature that has shown the positive influence 

of motivation on TTF. This is exemplified in the study by Sun & Gao (2019), which found that 

motivation positively impacts users' TTF regarding mobile devices in language learning. 
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6.2. PRACTICAL IMPLICATIONS  

Transitioning to the practical implications derived from our study's findings, we now present 

actionable insights to optimize DSCTs design with the aim of enhancing the utilization and 

individual performance derived from these interventions. 

The current study's findings suggest that the characteristics of DSCTs directly influence the 

TTF perceived by its users. Recent research conducted by Monge Roffarello et al. (2023) has 

highlighted a critical limitation of traditional DSCTs: their tendency to overlook user context 

and intentions. This neglect usually results in unmet user expectations, ultimately leading to 

tool abandonment. Hence, it is imperative for developers, when designing DSCTs, to aim for a 

close alignment between the features of these tools and the tasks of users they are intended 

to support. By enhancing TTF through design, users are more likely to adhere to these tools 

and withdraw the benefits they present. 

Our research also revealed that users' trait self-control affects the perceived TTF of DSCTs. 

This sheds light on another design opportunity for developers by tailoring these features to 

users' self-control levels. For instance, for users with low self-control, the tool might suggest 

more challenging goals or stricter settings to enhance TTF and, therefore, stimulate the 

utilization of these tools. Conversely, it might offer gentler reminders or more achievable 

objectives for highly self-controlled users. 

Furthermore, our results indicate that motivation exerts a direct influence on DSCTs 

utilization, consistent with the findings of Biedermann et al. (2023), which noted that a lack of 

motivation can lead to discontinuation of the use of these tools. Monge Roffarello et al. (2023) 

further assert that DSCTs users' motivation tends to decline over time due to the sustained 

effort required. To address this limitation, developers should consider integrating 

motivational features within DSCTs, such as introducing gamification elements like badges, 

points, or rewards and incorporating social features, like sharing accomplishments with 

friends or joining communities within these tools. Another interesting approach proposed by 

Monge Roffarello et al. (2023) extends beyond technological solutions and comprises 

educational, social, and political dimensions in communicating DSCTs to the public. These 

strategies combined can be promising in enhancing user motivation and fostering consistent 

use of DSCTs. 

Moreover, the present research provides evidence that technology addiction positively 

moderates the individual performance of DSCTs users, supporting earlier findings of Lyngs et 

al. (2022) that propose these tools are particularly beneficial for users who identify themselves 

as technology addicts. 

Lastly, our results confirm that the severity of enforcement implemented by DSCTs moderates 

the individual performance of these means, corroborating previous findings in the literature 

indicating that DSCTs must provide a moderate level of enforcement to enhance adherence 

and user retention. According to Lukoff et al. (2022), minimal enforcement may enable users 
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to bypass their objectives and fail to hold users responsible in moments of temptation. In 

contrast, excessive enforcement has been criticized by users for lacking flexibility in managing 

actual emergencies and evoking feelings of frustration, ultimately leading users to discontinue 

using these tools. Hence, when designing DSCTs, developers must ensure a balanced 

approach, offering a moderate level of enforcement to promote consistent usage and increase 

the individual performance of users. 
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7. CONCLUSIONS AND FUTURE RESEARCH 

This paper has made a significant contribution to the emerging field of DSCTs by being the first 

to investigate their impact on individual performance. Previous research on DSCTs has often 

lacked a comprehensive theoretical foundation. By integrating Goodhue & Thompson's (1995) 

task-technology fit (TTF) model with constructs such as self-control, technology addiction, 

motivation, continuance intention, and severity of enforcement, we successfully addressed 

this gap in the literature. 

The findings of this study provide compelling evidence that the technology characteristics of 

DSCTs and the self-control of users positively affected the perceived TTF of these individuals. 

Additionally, consistent with previous literature, we confirmed that TTF significantly 

influenced the utilization of DSCTs and that, consequently, utilization affects its users' 

individual performance. Our results also highlighted the mediating role of motivation in the 

relationship between DSCTs' utilization and users' perceived TTF. Notably, the moderators of 

technology addiction and severity of enforcement were found to have significant effects on 

individual performance beyond mere utilization. 

Furthermore, our study provides crucial insights to developers and companies developing 

DSCTs to enhance the utilization and drive individual performance derived from these 

interventions. 

We must acknowledge two main limitations in our study. Firstly, we employed a relatively 

small sample size, predominantly consisting of individuals under 25 years old. Hence, our 

results should be validated by a more extensive and diverse sample, encompassing individuals 

across diverse age groups. Second, it is crucial to mention potential biases in our survey results 

related to the constructs of technology addiction and self-control. These are sensitive topics 

that individuals may be reluctant to openly admit or discuss, which could influence the data 

collected. Future work must employ additional methods or measures to address these 

sensitivities and improve the results' reliability. 
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APPENDIX  

Appendix A – Survey Items 

Construct Item Description Adapted from 

Task Characteristics TASK1 I need to focus on important yet demanding tasks overindulging 
in guilty pleasures. 

(Lyngs, 2019) 

TASK2 I need to improve my time management skills. 

TASK3 I need to enhance my digital wellbeing by reducing device 
overuse. 

Technology 
Characteristics 

TECH1 Digital self-control tools provide features that block or suppress 
distractions. 

(Lyngs, 2019) 

TECH2 Digital self-control tools provide features for tracking and 
visualising application and device use. 

TECH3 Digital self-control tools provide features that prompt user’s 
usage goals. 

TECH4 Digital self-control tools provide rewards for using devices in 
specific ways. 

Task-Technology Fit TTF1 Digital self-control tools blocking features are appropriate. (Franque et 
al., 2022) 

TTF2 Digital self-control tools tracking features are appropriate. 

TTF3 Digital self-control tools goal advancement features are 
appropriate. 

TTF4 Digital self-control tools reward features are appropriate. 

TTF5 In general, digital self-control tools features are enough. 

Utilization U1 I use digital self-control tools to focus on important yet 
demanding tasks over indulging in guilty pleasures. 

(Lyngs, 2019) 

U2 I use digital self-control tools to improve my time management 
skills. 

U3  I use digital self-control tools to enhance my digital wellbeing by 
reducing device overuse. 

Individual 
Performance 

IP1 Digital self-control tools enable me to accomplish tasks more 
quickly. 

(Tam & 
Oliveira, 2020) 

IP2 Digital self-control tools make it easier for me to accomplish 
tasks. 

IP3 Digital self-control tools increase my productivity. 

Self-Control SC1 I can stop myself from being on digital devices when I know it is 
wrong. 

(Chen et al., 
2021) 
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SC2 I am not self-indulgent in being on digital devices. 

SC3 I am not on digital devices on the spur of the moment. 

Technology Addiction TA1 I sometimes neglect important things because of my interest in 
digital devices. 

(Serenko & 
Turel, 2015) 

TA2 When I am not using digital devices, I often feel agitated. 
 

TA3 I have made unsuccessful attempts to reduce the time I spent on 
digital devices. 

TA4 I think that I am addicted to digital devices. 

Motivation M1 The benefits of using digital self-control tools are important to 
me. 

(Brühlmann et 
al., 2018) 

M2 Using digital self-control tools is a good way to achieve what I 
need right now. 

M3 Using digital self-control tools is a wise and practical thing to do. 

Severity of 
Enforcement 

SE1 Digital self-control tools feel intrusive. (Peters et al., 
2018) 

SE2 Digital self-control tools feel controlling. 

SE3 I feel pressured by digital self-control tools. 

Continuance 
Intention 

CI1 I intend to continue using digital self-control tools rather than 
discontinue its use. 

(Pereira & 
Tam, 2021) 

CI2 My intentions are to continue using digital self-control tools 
rather than use any alternative means. 

CI3 I will use digital self-control tools on a regular basis in the future. 
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Appendix B – PLS Loading and Cross-loadings 

Constructs TAC TEC TTF UT IP SC TA MT SE CI 

Task 

Characteristics 

TASK

1 

0.596 0.264 0.166 0.399 0.272 -0.022 0.225 0.253 -0.057 0.278 

TASK

2 

0.667 0.167 0.140 0.320 0.182 0.046 0.175 0.192 0.068 0.266 

TASK

3 

0.905 0.390 0.368 0.512 0.231 -0.007 0.227 0.375 -0.093 0.298 

Technology 

Characteristics 

TECH

1 

0.431 0.695 0.460 0.545 0.388 0.115 0.075 0.381 -0.167 0.353 

TECH

2 

0.403 0.813 0.573 0.426 0.267 0.155 -0.013 0.354 -0.039 0.233 

TECH

3 

0.302 0.847 0.618 0.325 0.312 0.108 0.086 0.387 -0.024 0.245 

TECH

4 

0.116 0.752 0.485 0.267 0.250 0.090 -0.046 0.260 -0.032 0.100 

Task-

Technology Fit 

TTF1 0.364 0.569 0.804 0.533 0.419 0.163 0.101 0.587 -0.219 0.501 

TTF2 0.226 0.469 0.760 0.389 0.334 0.100 0.100 0.510 -0.318 0.385 

TTF3 0.311 0.591 0.857 0.473 0.455 0.261 0.057 0.556 -0.141 0.521 

TTF4 0.214 0.591 0.785 0.416 0.323 0.216 0.162 0.426 -0.018 0.311 

TTF5 0.212 0.458 0.679 0.333 0.236 0.160 -0.140 0.344 -0.057 0.270 

Utilization U1 0.465 0.364 0.434 0.829 0.570 0.154 0.212 0.520 -0.017 0.500 

U2 0.482 0.377 0.441 0.860 0.584 0.214 0.092 0.484 0.083 0.387 

U3 0.467 0.491 0.516 0.785 0.412 0.123 0.188 0.486 -0.045 0.398 

Individual 

Performance 

IP1 0.264 0.384 0.340 0.543 0.903 0.190 0.024 0.454 -0.017 0.403 

IP2 0.257 0.289 0.448 0.578 0.925 0.248 0.029 0.554 -0.045 0.532 

IP3 0.295 0.392 0.478 0.629 0.930 0.207 0.018 0.547 -0.096 0.539 

Self-control SC1 -0.146 0.114 0.065 0.077 0.070 0.560 -0.208 0.032 0.138 -0.013 

SC2 0.010 0.141 0.208 0.188 0.219 0.896 -0.211 0.189 0.064 0.271 

SC3 0.034 0.118 0.226 0.178 0.216 0.880 -0.029 0.137 0.094 0.093 

 



38 
 

Technology 

Addiction 

TA1 0.225 0.076 0.064 0.165 0.055 -0.155 0.810 0.173 0.133 -0.066 

TA2 0.237 -0.002 0.059 0.106 0.032 -0.095 0.731 0.239 0.259 0.115 

TA3 0.231 -0.009 0.087 0.219 0.022 -0.117 0.891 0.175 0.158 0.051 

TA4 0.236 0.063 0.049 0.115 -0.045 -0.131 0.858 0.174 0.318 0.001 

Motivation M1 0.377 0.295 0.477 0.566 0.521 0.119 0.271 0.887 0.023 0.622 

M2 0.343 0.388 0.544 0.545 0.540 0.184 0.193 0.918 -0.075 0.593 

M3 0.344 0.498 0.667 0.514 0.469 0.156 0.144 0.888 -0.190 0.636 

Severity  

of Enforcement 

SE1 -0.142 -0.102 -0.167 -0.074 -0.039 0.203 0.142 -0.169 0.864 -0.120 

SE2 -0.031 -0.049 -0.184 0.024 -0.058 0.108 0.164 -0.091 0.932 -0.150 

SE3 -0.032 -0.069 -0.178 0.050 -0.060 0.007 0.310 -0.027 0.901 -0.170 

Continuance 

Intention 

CI1 0.365 0.277 0.452 0.463 0.484 0.141 0.051 0.638 -0.150 0.885 

CI2 0.293 0.230 0.483 0.425 0.429 0.236 -0.046 0.539 -0.189 0.870 

CI3 0.332 0.289 0.479 0.510 0.535 0.126 0.051 0.670 -0.118 0.942 
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Appendix C - Reliability and validity measures (CR, CA, and AVE) of latent variables 

 

 Mean SD CA CR CI IP MT SC SE TAC TTF TA TEC UT 

CI 5.186 0.920 0.882 0.894 0.900          

IP 5.274 
 

0.983 
 

0.909 0.917 0.539 0.919         

MT 5.299 
 

0.801 
 

0.880 0.883 0.688 0.567 0.898        

SC 4.280 
 

1.046 0.725 0.830 0.181 0.235 0.171 0.794       

SE 3.751 
 

1.216 0.884 0.917 -0.166 -0.060 -0.095 0.103 0.899      

TAC 5.689 
 

0.831 0.609 0.814 0.368 0.296 0.394 0.000 -0.065 0.735     

TTF 5.359 
 

0.865 0.837 0.851 0.522 0.464 0.632 0.234 -0.197 0.348 0.779    

TA 4.570 
 

1.203 0.847 0.916 0.025 0.025 0.223 -0.151 0.237 0.277 0.083 0.824   

TEC 5.408 
 

0.862 0.783 0.798 0.296 0.385 0.444 0.151 -0.077 0.401 0.691 0.035 0.779  

UT 5.497 
 

0.981 0.765 0.770 0.520 0.637 0.602 0.200 0.011 0.570 0.558 0.198 0.493 0.825 
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