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Introduction: There is a growing concern about the threat of distractions in online learning environments. It has been suggested that mindfulness may attenuate the effects of distraction. The extent to which this translates to academic performance is under investigation. We aimed to investigate the relationship between task-irrelevant visual distraction, time pressure, and mindful self-regulated learning in the context of a low-stake computer-based assessment.

Methods: The study sampled 712 registered users of Prolific.co who were prescreened, current undergraduate university students. After data quality screening, 609 were retained for analyses. A 2 × 2 between-subjects design was used. Participants were randomly assigned to the following groups: (1) a control condition, (2) a distract condition, (3) a time pressure condition, or (4) a distract and time pressure condition. All participants completed reading comprehension questions, demographic questions, and the Mindful Self-Regulated Learning Scale.

Results: Presenting a visual distraction increased self-reported distraction and having a clock present increased self-reported time pressure. The distraction did not have a statistically significant effect on test performance. Mindfulness was negatively correlated with test performance, self-reported distraction, and self-reported time pressure.

Discussion: Continuous task-irrelevant visual distractions may not be distracting enough to influence low-stakes testing performance, but they do influence self-perceptions.
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Introduction

Educational technologies have and continue to transform education. In 2022, 53.3% of college students enrolled in at least one online course, up from 34.7% in 2018 (National Center for Education Statistics, 2024). Online learning necessitates online assessment. Online learning as “a form of distance education where technology mediates the learning process” provides time-independent and place-independent accessibility and convenience for students of diverse backgrounds (Siemens et al., 2015, p. 100). However, what students enjoy about learning online—time flexibility and home comforts—may also increase the threat of distractions (Kostaki and Karayianni, 2022). The COVID-19 pandemic accelerated an already rising shift from face-to-face educational practices to online and hybrid modes of learning, but the rising demand for remote teaching and learning practices remains steady (Clary et al., 2022). With the widespread acceptance that online education is here to stay, research interests have shifted to the design of online assessment methods (Park and Shea, 2020). Here, we examine a commonplace assessment method in online learning environments, the computer-based assessment (CBA).


Computer-based assessment and distractions

Online assessments provide appealing benefits to educators such as automated scoring, reduced costs, immediate feedback opportunities, and adaptive capabilities (Farrell and Rushby, 2016). Early studies indicated performance differences between paper-based and computer-based testing (“test mode-effects”), which were attributed to individual learner differences such as computer familiarity and individual attitudes (Clariana and Wallace, 2002; Goldberg and Pedulla, 2002; Ricketts and Wilks, 2002). Follow up research suggests that this is because CBAs may require more cognitive effort than their paper-based counterparts (Noyes et al., 2004). Many recent investigations suggest little to no evidence of these test mode effects in both proctored and unproctored settings (Hewson et al., 2007; Escudier et al., 2011; Hewson and Charlton, 2019). However, clinical research shows that during remote online cognitive assessments, environmental distractions, such as looking away from the webcam, are associated with poorer performance (Madero et al., 2021). In addition, on timed reading comprehension tasks, people reading on screens show increased mind-wandering compared to those reading on the article (Delgado and Salmerón, 2021). It is suggested that this is because people associate screens with entertainment behaviors (i.e., reading as social media scrolling vs. reading for comprehension).

These findings intersect with cognitive load theory, which has had a profound influence on instructional practice within education (Kalyuga et al., 1999; Sweller, 1999). A key aspect of complex learning is that students need to manage materials that include a vast number of interacting elements (van Merriënboer and Sweller, 2005). The human mind is particularly sensitive to overload from irrelevant distractions (Baddeley, 1986; Paas et al., 2003). For example, media multitasking often results in poorer task performance due to unrelated distractions (Uncapher et al., 2016). In the context of test-taking, visual, auditory, and perceptual distractions have been linked to the depletion of cognitive resources and reduced test performance (Corneil and Munoz, 1996; Elliott, 2002; Trimmel and Poelzl, 2006). CBAs conducted in non-classroom environments present additional challenges related to these kinds of distractions.

Increased laptop, tablet, and mobile device use allows students to take tests virtually anywhere. This portability produces greater opportunities for task-irrelevant distractors to consume mental resources above and beyond simple home distractions such as the dog barking or the cat jumping onto your lap. Students can take a test in the parking lot outside of their workplace or in the backseat of a friend’s car on their way to go camping. Studies show that auditory distractions (e.g., background noise) impair reading comprehension (Sörqvist et al., 2010). Visual distractions occur when unrelated visuals appear in the same view as the main task, causing the eyes to move away from the primary display area (Corbett et al., 2016). This movement leads to multitasking, which increases the working memory load (SanMiguel et al., 2008). Rodrigues and Pandeirada (2019) compared cognitive performance among adolescents in high- and low-visual load environments, while Traylor et al. (2021) compared tests taken in indoor and outdoor environments across both desktop and mobile devices. In all cases, the more visually distracting environments were associated with lower test performance.

Visual distractions may be further amplified in digital environments. For example, Chen et al. (2022) compared distraction-caused eye-wandering in virtual classrooms with high- and low-visual saliency. Analyzing eye movements showed that higher distractibility in online learning, due to multitasking and visually busy layouts, leads to worse task performance, while simpler interfaces with fewer distractions help improve academic performance. Copeland and Gedeon (2015) presented English as a first language readers and English as a second language readers with a computer-based reading comprehension test alongside a fixed rapidly changing image sidebar to mimic the kind of advertisements that appear frequently on social media. They found that English as first language students had higher fixations on digital visual distraction and longer fixation times compared to English as second language students. This contributed to a compensation effect for the distraction as measured with eye tracking. In addition, devices used to take these assessments may also provide attention-attractive push notifications (e.g., Sarah Jane Smith liked your recent post) and the result is a tax on student awareness (Duke and Montag, 2017; Wilmer et al., 2017). The online environment and our effortless access to it have propelled us forward from the Age of Information to the Age of Interruption (Friedman, 2006; Jarrahi et al., 2023). Calls to examine ways to mitigate the threat of continuous partial attention in the context of online education and testing continue (Rose, 2010; Elliott et al., 2022).



Mindfulness and distractions

Mindfulness has been described as a particular enhanced form of self-regulation (Shapiro et al., 2006; Masicampo and Baumeister, 2007; Tang et al., 2015; Zhou et al., 2023). It is conscious attention that amplifies feedback through a quality of intention that is impartial. The difference between self-regulation or self-control training and mindfulness training lies in the quality of reperceiving and intention (Shapiro et al., 2006). This implies an ability to experience present-moment occurrences in the mind and environment without clinging to them. Researchers suggest that this particular kind of metacognition may allow for more sustained self-regulation and improved ability to allocate and shift attention with greater speed and cognitive efficiency, especially in the presence of negative affect (Lutz et al., 2008; Jankowski and Holas, 2014; Elkins-Brown et al., 2017). This quality of mindfulness may allow for more adaptive affective, behavioral, and sustained attentional self-control and energize these processes in the service of goals over and above self-control training alone (Elkins-Brown et al., 2017). Mindfulness researchers in education suggest that the utility of mindfulness in education lies within its ability to support enhanced self-regulation (Roeser et al., 2022). Mindful self-regulated learning has since been defined as “the adaptive and active self-monitoring of one’s thoughts, feelings, and behaviors, characterized by a quality of re-perception and acceptance, in the conscious service of the learning process” (Wolff, 2023).

Mindfulness practice is associated with decreased tactile distraction (Wang et al., 2020) and auditory and visual interference (van den Hurk et al., 2010). Other studies point to more mixed evidence. For example, in one study, self-reported trait mindfulness is negatively associated with self-reported cognitive failures, however not significantly related to a reading with distraction or operation span task (Rosenberg et al., 2013). In another study, brief mindfulness meditation did not significantly improve attention switch cost under a stressful condition (negative mood induction), yet did improve reaction times (Jankowski and Holas, 2020). This was both contrary and confirmatory to researcher hypotheses made based on attentional control theory (Eysenck et al., 2007).

In the context of education, mindfulness has been associated with higher scores on both simulated and non-simulated high-stakes testing in the college classroom and improvements on the Graduate Record Examination (GRE), required for admission to many graduate programs globally (Mrazek et al., 2013; Bellinger et al., 2015). There is widespread enthusiasm for mindfulness, as a specific enhanced attentional, emotional, and behavioral skill to protect us against the rising tax of distraction in the digital age (Berthon and Pitt, 2019; Jarrahi et al., 2023). This enthusiasm extends to online education, where supporters suggest mindfulness may reduce the attentional costs of doing schoolwork in distracting environments and promote improved performance and engagement (Palalas, 2018). Investigations are still needed to determine whether or not the intended cognitive benefits of mindfulness (see Chiesa et al., 2011 for review) translate into improved performance and reduced distraction. There is some recent evidence to suggest that mindfulness may attenuate digital distraction. Khan (2024) found that mindfulness indirectly affected exhaustion and, subsequently, academic performance during online instruction amid the COVID-19 pandemic. Another study has shown that a mindful digital attention training program enhanced student focus and reduced mind-wandering (Mrazek et al., 2022). This is particularly relevant to the current investigation if we consider Delgado and Salmerón's (2021) findings that screen reading is more susceptible to mind-wandering than paper reading.



The present study

The current study investigated whether self-reported mindful self-regulated learning moderated the effect of a task-irrelevant distraction in a computer-based assessment. The primary interest is to understand the influence of a digital distraction, our proxy being an animated.gif, and time pressure, on different groups of students’ test performance. This holds the potential to inform online test practices and future education practices surrounding digital distraction and its relationship to mindfulness. The relationship between time and accuracy is complex (e.g., Ratcliff, 1978; Wright, 2019). We hypothesize both of these may be affected by digital distractions and mindfulness, measured with the Mindful Self-regulated Learning Scale (m-SRLS), may moderate (i.e., if the interaction is substantial) the effects of distraction and time pressure. Answering these questions will allow us to better understand the relationships between distraction and performance.




Materials and methods


Participants and design

Prolific.co, an online behavioral research platform, was used to recruit study participants (N = 712). Due to the online study context relevance, the unique subject management features, and the robust pre-screening criteria of Prolific.co (see Palan and Schitter, 2018), it was considered an appropriate source of participants for this study. The quality of participant responses on Prolific.co has been studied in relation to other online sampling platforms and has shown to be both superior and satisfactory in quality (Litman et al., 2021; Peer et al., 2022; Douglas et al., 2023).

Participants electronically consented and were prescreened for the following criteria: (1) above 18 years of age, (2) US residents, (3) fluent in English, (4) currently students, (5) currently in their first 4 years of undergraduate study, and (5) had a study approval rating of 95%. A user’s study approval rating reflects the rate of satisfactory completion of other studies and is used as a data quality filter. One participant was removed for non-consent, 47 were removed for not finishing the survey, and the other 55 were removed for rapid responses, discussed further in the results, resulting in 609 participants who were retained for further analyses. Participants age ranged from 18 to 57 years, with a median age of 21 years and 71.1% aged 24 years and below. Detailed demographics are provided in Table 1.



TABLE 1 Sample demographics.
[image: Table1]

The study used a 2×2 between-subjects design. The factors are whether there is an irrelevant distraction and whether there is a time clock counting down on the screen. The irrelevant distraction is a.gif of a door opening and closing that rotates between having a psychedelic color motion, a statue, and a hotdog. It was chosen for its oddity and irrelevance to the assessment. When presented, it is on the right side of the screen next to every question. The clock appears on the left side of the screen and is a clock that flips down each second. A screenshot of each element is provided in Figure 1. Participants were randomly assigned to one of four conditions: (1) a control condition, (2) a distract condition in which a.gif of an opening and closing door appears next to all questions, (3) a time pressure condition in which a clock counting down the remaining time they have to complete the questions is fixed to the screen, and (4) a distract/time pressure condition in which the same.gif appears in conjunction with the countdown clock.

[image: Figure 1]

FIGURE 1
 Screenshot of distraction.gif and countdown clock animations used in the experiment.


All groups completed eight multiple-choice reading comprehension questions taken from the previous versions of the SAT and were given 12 min to complete this task. Afterward, they were asked to rate how distracted they felt they were and how much time pressure they felt on a scale from 0 to 10. In addition, participants were asked to complete the m-SRLS and some demographic questions. Within 24 h of study completion, participants were compensated US $4 to approximate a $12/h wage (approximately £10/h).



Measures


Demographic questionnaire

Participants were asked to select their age, choose their undergraduate year of study, select their biological sex at birth, gender identification, and the race/ethnicity they identified with most. In addition, participants were asked to rate how distracted they felt they were and how much time pressure they felt during the study on a scale of 0–10.



Reading comprehension questions

Reading comprehension questions were five alternative multiple-choice items taken from tests 5 and 9 in The Official SAT Study Guide (The College Board, 2009). There are two sets of four items. Each set presents the participant with two short passages that are about a common topic. Participants then answer four multiple-choice questions that require them to synthesize information from both passages. A high load on cognitive control processes degrades the ability to focus attention (Lavie, 2010). Because the items involve reading from multiple sources, readers deal with the cognitive demands of processing the texts both individually and together (Cerdan et al., 2018). Thus, the multiple-source question type seemed appropriate for eliciting a distraction effect. A full list of questions used is provided in Appendix A.



Mindful self-regulated learning scale (m-SRLS)

The m-SRLS is a newly developed scale that consists of 20 items measured on a 7-point Likert scale that ranges from 1—very untrue of me to 7—very true of me. Participants are prompted: Below are a set of statements about some general learning experiences in school. Using the 1–7 scale provided, please rate each of the following statements with the number that best describes your own opinion of what has been most true of your recent experiences in school. It is designed to measure mindfulness as an enhanced form of self-regulated learning and is conceptualized as a multidimensional construct that consists of three interrelated components: intention, attention, and attitude. The m-SRLS was chosen as a measure of mindfulness due to item context-specificity to education populations over and above other existing self-report mindfulness scales. A total score is produced by taking the average item response. The scale has demonstrated strong internal consistency and adequate validity in undergraduate student populations, including those sampled on Prolific.co (Wolff, 2023).




Data analyses

This study was pre-registered with the Open Science Foundation at: https://osf.io/k8hvf/. Deviations from the pre-registration are noted in the results. Here are the three main sets of analyses:

1. The preliminary analysis involves removing data according to the exclusion criteria (e.g., duplicate IP address) and descriptive statistics for the individual items including the self-reported measures (see Wright, 2003, for a description of good practices). This includes creating aggregate measures of accuracy from IRT.

2. ANOVAs are the main inferential procedure used for analyzing differences in accuracy, time spent, self-reported distraction, and time pressure for the 2×2 between-subjects design. We report effect sizes (ηg2) and produce 95% error bar plots for these.

3. Mindfulness was measured using the m-SRLS. We examine the correlations between these and the accuracy, time spent, self-reported distraction, and time pressure used. In addition, we explore these relationships using different experimental conditions, where analyses are exploratory, they are denoted as pexp (Spiegelhalter, 2017).




Results


Preliminary analyses

In total, 712 participants started the survey, but 49 did not complete the task, leaving 663 participants. No responses were excluded for coming from duplicate IP addresses. There were rapid response times. The pre-registration stated that we would exclude participants who responded to the test questions, on average, faster than 10 s. As there were eight questions, we excluded the 18 who finished these questions in less than 80 s. There was also evidence of rapid response to the mindfulness scale. There are 17 questions on this version of the mindfulness scale. The pre-registration did not set a threshold for treating these as being completed too rapidly, but answering on average faster than 3 s per question is unlikely to be given sufficient attention. As such, all mindfulness responses from the 26 participants who completed this part of the study more quickly than 17 × 3 s = 51 s are treated as missing.

The mindfulness scale can be divided into three components: intention, attention, and attitude. In the form used here, these are composed of seven items, four items, and six items. Standardized Cronbach’s α (Cronbach, 1951, see also Guttman, 1945) and their 95% confidence intervals using the Feldt method, found using the psych (Revelle, 2018) package, were as follows: intention (α = 0.789, 95% CI = [0.763, 0.813]), attention (α = 0.852, 95% CI = [0.832, 0.870]), and attitude (α = 0.806, 95% CI = [0.781, 0.828]). The values for the whole scale are as follows: α = 0.884, 95% CI = [0.871, 0.897]. The mean response for each of the components and the scale values were found. Therefore, each had a mean of 0 and a standard deviation of 1 so that they were weighted equally. Then, the mean of these three scaled scores was used for an overall mindfulness score. More details on this measure, its development, and alternative scoring methods, are available in Wolff (2023).

Test performance can be estimated in a number of different ways. The proportion that each group answered correctly for each item, discriminability, and item difficulty are recorded in Table 2. The correct values and difficulty correlations were r > 0.994. These are also included in Supplementary material. Total score means and standard deviations are also reported in Table 2. Questions 4 and 7 stand out as low proportions correct. Item response theory (IRT), as implemented in the package mirt (Chalmers, 2012), was used to examine response accuracy. One- and two-trait IRT models that include one-item parameter (difficulty), two-item parameters (difficulty and discriminability), and three-item parameters (difficulty, discriminability, and a guessing parameter) were estimated. The best fitting of these models in terms of the lowest AIC was the single-trait model with two parameters. Examining this model, all items had increasing probabilities of accurate responding as the person’s ability estimate increased. The latent trait from the model was calculated. Its correlation with the number correct was as follows: r = 0.985, 95% CI = (0.983, 0.987). Cronbach’s α value was 0.57. All pairwise odds ratios were above 1 with a median of 2.03. Here, the latent variable from the IRT model will be used to estimate test performance.



TABLE 2 Proportion correct for each item and total score means and standard deviations, split by experimental group. IRT parameter estimates for difficulty and discriminability are printed in the final two rows.
[image: Table2]



ANOVAs and experimental manipulations

Figure 2A shows the means for the latent variable for test performance, and their 95% confidence intervals, for the four conditions. An ANOVA was conducted using the package afex (Singmann et al., 2020), and the results are shown in the top part of Table 3. Neither the main effect nor the interaction were statistically significant at the traditional level, α = 5%, as specified in the pre-registration. The Supplementary material includes these analyses with and without transforming the response variable with the norm rank transformation (Wright, 2024). The results lead to the same conclusions, thus the analyses using the untransformed data are reported here as this is the more common approach.

[image: Figure 2]

FIGURE 2
 Means and 95% confidence intervals for the different conditions for (A) test performance (from the 2PL IRT model), (B) time taken, (C) self-reported time pressure, and (D) self-reported distraction.




TABLE 3 ANOVA table comparing the three outcome variables by the experimental manipulations.
[image: Table3]

Then, we examined whether the conditions influenced the self-reported time pressure and amount of distractions. These are shown in Figures 2B,C, and the statistics are reported in the second two sections of Table 3. These measures are influenced in predictable ways by the experimental manipulation. The distraction increased self-reported distraction and the clock increased self-reported time pressure. It is worth noting that the experimental manipulations have neither significant main effects nor interactions on the overall mindfulness value or any of the three components: pmin = 0.381, unadjusted for the 12 comparisons.



Relationships between self-reported mindfulness and outcome variables

Figure 2D shows the means for self-reported distraction by condition. The overall mindfulness score was negatively correlated with test performance: r = −0.114, 95% CI = (−0.191, −0.036), p = 0.004. Mindfulness was also negatively associated with self-reported distraction: r = −0.212, 95% CI = (−0.286, −0.135), p < 0.001, and time pressure: r = −0.090, 95% CI = (−0.168, −0.011), p = 0.025. The self-reported distraction and time pressure were negatively correlated with test performance, r = −0.207, 95% CI = (−0.279, −0.131) and r = −0.150, 95% CI = (−0.224, −0.073), and positively correlated to each other, r = 0.310, 95% CI = (0.239, 0.378).

The negative relationship between mindfulness and test performance is worth noting. We wanted to explore this further and any moderating relationship between mindfulness and distraction manipulation and the three outcome variables (test performance, self-reported time pressure, and self-reported distraction). To denote these as exploratory analyses and not in the pre-registration, we follow Spiegelhalter’s (2017, p. 952) advice in his presidential address to the Royal Statistical Society to denote these with pexp. For each of these, we predicted the outcome variables from mindfulness (accuracy/test performance, self-reported time pressure, and self-reported distraction), which we know from the correlations is significant. We then added the distraction manipulation, which was non-significant for test performance (pexp = 0.072) and self-reported time pressure (pexp = 0.473), and significant for self-reported distraction (pexp < 0.001). These are all as expected based on the bivariate relationships between the manipulation and each outcome variable. The interactions were then included. These were non-significant for test performance (pexp = 0.428) and distraction (pexp = 0.378). The interaction was significant for self-reported time pressure (pexp = 0.002). This relationship is shown in Figure 3. The difference is notable. The correlation when there is no distraction is as follows: rexp = −0.212, 95% CI = (−0.317, −0.103), pexp < 0.001, but when there is a distraction is as follows: rexp = 0.041, 95% CI = (−0.070, 0.151), pexp = 0.468. We remind readers this is exploratory and not part of the pre-registration.

[image: Figure 3]

FIGURE 3
 The predicted values of self-reported time pressure and the ± one standard error bands by whether people were distracted or not.





Discussion

This study explored the test performance of four groups: a control group, a group provided a distraction, a group provided a countdown clock, and a group provided both a distraction and a countdown clock. This experimental manipulation did not affect accuracy as much as was expected. This could be explained in a number of ways. First, this may be a reflection of the low stakes. It is known that test performance and motivation decrease in the absence of personal consequences (Wise and DeMars, 2005). In addition, students who worry more are more susceptible to examination-relevant threatening distractions, but less susceptible to examination-irrelevant threatening distractions (Keogh et al., 2004). It is also possible that the task-irrelevant distractor implemented was not distracting enough to burden cognitive resources or that online participants were already engaged in other distracting behaviors (i.e., multitasking) while taking place in this study. The more freedom of choice in test environments, the greater the potential for baseline distraction, and this may have influenced the results here (Lawrence et al., 2017). Important to the context of online learning, however, is exactly this variability in how/when/where students will engage with their online test-taking, and investigating this in a less controlled manner was intentional.

Group membership did affect self-reported distraction and time pressure in expected ways. Those who were provided the distraction felt more distracted and those who were provided the clock felt more time pressure. This suggests that even in an uncontrolled low-stakes testing environment, a continuous irrelevant visual distractor is intrusive enough to cause notable distraction and the same is true with the presence of the clock and time pressure. While this study was restricted to examining the effects of one continuous visual distraction, in real-world testing situations, there are far more complex distractions such as notifications from texts, social media, and email or the presence of others in the room, like someone’s children or roommates. These distractions may be emotionally charged, and this may intensify their effects.

We anticipated that mindfulness, measured as mindful self-regulated learning, would moderate the effects of distraction and clock presence on performance if there was a substantial interaction. Here, we found no moderating effects on test performance. This was not surprising provided that the overall experimental manipulation did not produce significant differences in accuracy to begin with.

It was surprising to note that the overall relationship between mindfulness and accuracy was negative. Hartley et al. (2022) found that regulation of cell phone use (i.e., turning off notifications while studying) was strongly correlated with self-regulated learning and distraction reduction while studying. By forcing the distraction, it is possible we removed the self-regulatory strategy of distraction avoidance from mindful people. In theory, more mindful individuals are greater tuned to the present moment and able to continually re-perceive their immediate reactions and intentions with non-judgment. It is possible that this heightened state of consciousness, while it could attenuate distraction, could also make people notice distractions more or notice intrusive thoughts more, a function of increased present-moment awareness. Here, however, mindfulness did not moderate the effects of distraction and clock presence on self-reported distraction. This suggests that more mindful participants were not more or less distracted than others despite that mindfulness was overall negatively associated with self-reported distraction. How mindful someone was did, however, alleviate time pressure in the not distracted conditions.

Time pressure compounds text anxiety for already anxious students (Raugh and Strauss, 2008). Hillgaar (2011) showed that students who scored high on self-focused attention alone vs. self-focused attention paired with accepting attitudes (mindfulness) had more test anxiety. The implication is that mindfulness may reduce test anxiety over attentional control due to the affective qualities. It is possible that the relevance of the distractor to negative affect is important in inducing or “turning on” someone’s use of mindful strategies. This has been echoed in recent investigations of the primary mechanisms by which mindfulness may act on self-regulated learning components, where affective variables emerged most relevant (Opelt and Schwinger, 2020). We suggest that mindfulness may need to be activated, just as other metacognitive prompting is used in encouraging students to monitor their off-task technology use or self-regulated learning strategies (Cheever et al., 2014).


Limitations

Our interest in computer-based online assessment and the variability of those environments led to a study design that limited the amount of control we imposed on subjects. There are inherent environmental limitations that arise because of this. Moreover, the test questions used in this study were taken from a high-stakes test. They were, therefore, difficult questions rather than a broader array of question difficulties.

The present research investigated one kind of distraction that was chosen for its irrelevance and neutrality. The idea was to understand whether a rather benign interference could still influence online test-takers. It did not influence their performance but did appear to influence their self-perceptions. Much research suggests that mindfulness enhances affective, behavioral, and attentional self-regulation (Masicampo and Baumeister, 2007; Friese et al., 2012; Zhou et al., 2023). The neutral valence of the visual distractor implemented here, paired with the low-stakes environment, may just not have been enough of a burden to induce a mindfulness effect; however, we note that the experimental manipulations also failed to influence accuracy in the expected ways. Exploring emotionally charged visual distractors in continued work is one avenue for future research.




Conclusion

The experimental conditions did not affect test performance but did affect relationships with self-report measures. The results from this study suggest that continuous irrelevant visual distractions may not be distracting enough to influence performance in low-stakes testing. While previous study suggests that irrelevant images and animations negatively impact online learning, decorative images do not (Sung and Mayer, 2012). In another study, images related covertly to the reading topic altered reading behavior enough to make easy-to-read texts as challenging as hard-to-read ones, suggesting the degree of distraction was sufficient despite participants rarely fixating on the distracting images and no significant effect on comprehension performance (Copeland and Gedeon, 2015). Despite the irrelevance and neutral valence of the distractor here, however, we also find that participants report increases in self-reported distraction and time pressure in predictable ways across conditions. In the presence of the distractor, participants were more distracted, and in the presence of the clock, they experienced more time pressure. Self-reported mindfulness did not moderate these effects but was associated with decreased self-reported distraction and decreased self-reported time pressure.

Recent research suggests mindful self-regulation of technology is beneficial in educational settings. Internet addiction is associated with higher test anxiety (Naeim et al., 2020). Students who use fewer applications during lectures are less distracted and achieve higher academic success (Limniou, 2021), while regulation of smartphone use is strongly correlated with self-regulated learning and distraction reduction while studying (Hartley et al., 2022). Those who regulate their technology usage preemptively eliminate distractions and other contributors to test anxiety. By removing the ability to “turn off” the distractor, we removed one of the mechanisms that more mindful people might use to avoid distraction.

Our findings that even an irrelevant and emotionally neutral visual distractor affected self-perceptions of distraction and time pressure in low-stakes testing lead us to endorse that efforts to limit the amount of distraction in online testing environments should be taken. This may take a number of forms. Barring the use of resource-intensive proctoring, which may not be appropriate in many circumstances, test-takers may be prompted to remove distractors from their environment prior to testing. Further research should investigate whether different kinds of distractions (e.g., relevant vs. irrelevant, to both examination and person) heighten the effect or non-effect of mindfulness in these conditions. Our results suggest that mindfulness was negatively associated with performance despite its association with distraction and time pressure in predicted ways. This is contrary to the limited literature surrounding the mindfulness–achievement link and suggests that this relationship is more nuanced than is purported (Howell and Buro, 2011; Chiang and Sumell, 2019).

Future research may first look to explore whether the associations observed here exist in other test settings. Determining whether different kinds of distractions (e.g., relevant versus irrelevant, emotionally charged versus not emotionally charged, both to exam and to person) is important for assessing the true role of mindfulness in moderating these threats. Investigations may also include inducing mindful states preceding distracting test environments. An important implication of the current research is that mindfulness may not be a blanket solution to all kinds of awareness interference. We note that more mindful individuals, while potentially better at attenuating distraction, might also notice distractions or intrusive thoughts more due to their heightened state of present-moment awareness. Exploring whether this heightened awareness is an intrinsic characteristic could provide further insights.
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