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Abstract

This study examines whether digital multitasking during online programming labs reduces
coding accuracy and investigates the cognitive mechanism through which this effect occurs. It
further tests whether self-regulated learning moderates this relationship.

Using a dataset of 312 undergraduate computer science students enrolled in online lab-based
programming courses, we combine behavioral log data (tab-switching frequency, background
app usage, IDE activity) with survey-based measures of perceived cognitive load and self-
regulated learning. Coding accuracy is operationalized as error density per 100 lines of code.
Hierarchical regression and moderated mediation analyses are employed.

Digital multitasking is significantly associated with higher error density (f = 0.28, p < 0.001).
Cognitive load partially mediates this relationship (indirect effect = 0.09, 95% CI [0.05, 0.15]).
Self-regulated learning moderates the direct effect (B = —0.17, p = 0.012), such that the negative
impact of multitasking weakens for students with stronger regulatory strategies. Model R? values
range from 0.18 to 0.34, indicating moderate explanatory power.

Rather than merely documenting performance decline, this study identifies cognitive load as the
explanatory mechanism and self-regulated learning as a protective boundary condition. It
contributes to educational technology and cognitive computing literature by integrating
behavioral analytics with cognitive theory in authentic online lab environments.

Keywords: Digital multitasking; Coding accuracy; Cognitive load theory; Self-regulated
learning; Online programming laboratories; Learning analytics; Task switching; Programming
performance; Educational technology; Moderated mediation

1. Introduction

Digital transformation has fundamentally restructured the ecology of programming education.
Cloud-based integrated development environments (IDEs), browser-hosted compilers,
collaborative repositories, and learning management systems have enabled scalable and flexible
instructional delivery. Particularly after the global transition toward remote learning, online
laboratory environments have become embedded in mainstream computer science pedagogy.
However, these environments operate within an attention economy saturated by notifications,
parallel browser tabs, messaging platforms, streaming media, and algorithmically curated content
feeds.

Programming, by contrast, is not an attention-light activity. It requires sustained working
memory engagement, abstraction across nested logic structures, syntactic precision, and iterative
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debugging. Small attentional lapses can cascade into compilation errors, logical faults, or
runtime failures. The coexistence of cognitively demanding programming tasks and digitally
interruptive ecosystems creates a structural tension that remains insufficiently examined.

Existing scholarship on digital multitasking in education presents inconsistent conclusions. A
stream of cognitive psychology research suggests that multitasking increases task-switching
costs and reduces accuracy due to limited attentional capacity. Conversely, certain educational
technology studies argue that contemporary learners adapt to digital fragmentation without
substantial performance penalties. Importantly, most empirical work measures multitasking
using self-reported distraction frequency rather than behavioral trace data. Moreover, few studies
isolate programming accuracy as the focal outcome variable, despite programming being
uniquely sensitive to cognitive disruption.

The core theoretical gap lies not in documenting whether multitasking correlates with lower
grades, but in explaining how and under what conditions multitasking influences coding
precision within authentic online lab environments. Specifically, there is limited empirical
modeling of the cognitive mechanism that translates digital interruptions into measurable
programming errors.

This study addresses this gap by anchoring its framework in Cognitive Load Theory (CLT).
Programming inherently imposes intrinsic cognitive load due to abstraction and logical
integration demands. Simultaneous engagement with unrelated digital stimuli may increase
extraneous cognitive load, thereby reducing the cognitive resources available for germane
processing. In turn, reduced germane processing may manifest as higher error density in code
submissions.

At the same time, learners are not passive recipients of cognitive strain. Self-Regulated Learning
(SRL) theory suggests that students differ in their ability to monitor attention, control impulses,
and strategically allocate effort. It is therefore plausible that the detrimental impact of
multitasking is contingent on learners’ regulatory capacities.

Accordingly, this study asks:

Does digital multitasking reduce programming accuracy in online lab environments, and is
this relationship mediated by cognitive load and moderated by self-regulated learning?

This research contributes in three principal ways. First, it identifies a cognitive mechanism
linking multitasking behavior to programming accuracy rather than relying on descriptive
associations. Second, it introduces self-regulated learning as a theoretically grounded boundary
condition. Third, it integrates behavioral log analytics with psychometric measures, offering a
methodologically robust approach aligned with contemporary educational data science.

2. Literature Review

2.1 Digital Multitasking and Attentional Fragmentation

Digital multitasking refers to concurrent engagement in multiple digital streams, such as tab-
switching, notification checking, and background media consumption during task execution.
Empirical research in cognitive science demonstrates that task switching incurs measurable
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attentional residue, leading to decreased processing efficiency. Neurocognitive evidence suggests
that frequent switching interrupts working memory consolidation and increases response latency.

However, educational technology literature presents a more nuanced picture. Some studies
indicate that multitasking correlates negatively with academic performance, particularly in
structured tasks requiring sustained concentration. Others argue that students develop adaptive
strategies, such as rapid information filtering, which mitigate performance loss. This divergence
suggests the presence of underlying mechanisms and contextual moderators that remain
insufficiently specified.

2.2 Programming as a High Cognitive Load Activity

Programming tasks demand continuous maintenance of multiple symbolic representations,
including syntax rules, variable states, algorithmic flow, and debugging hypotheses. Cognitive
Load Theory differentiates among intrinsic, extraneous, and germane load. Intrinsic load is
inherent to task complexity, while extraneous load arises from environmental distractions. When
extraneous load increases, available cognitive capacity for germane processing declines.

Unlike reading comprehension or conceptual recall tasks, programming errors are highly
sensitive to even minor cognitive interruptions. A misplaced bracket or incorrectly scoped
variable may invalidate entire code segments. Thus, programming accuracy serves as a precise
behavioral indicator of cognitive strain.

2.3 Cognitive Load as Explanatory Mechanism

While multitasking has been linked to lower academic outcomes, the mediating pathway through
cognitive load has rarely been empirically tested in programming contexts. CLT predicts that
multitasking behaviors increase extraneous load through attentional fragmentation and context-
switching costs. Elevated cognitive load should, in turn, impair code accuracy by reducing
schema integration and error monitoring capacity.

2.4 Self-Regulated Learning as Boundary Condition

Self-Regulated Learning theory posits that effective learners actively manage their cognitive and
motivational resources. High-SRL individuals demonstrate superior goal monitoring, time
management, and attentional control. These regulatory capacities may buffer the disruptive
effects of multitasking by minimizing attentional drift and facilitating rapid cognitive re-
engagement after interruptions.

Integrating CLT with SRL theory therefore allows examination not only of a mediating cognitive
mechanism but also of a moderating learner-level boundary condition. This integrated
perspective advances theoretical precision beyond descriptive multitasking research.

3. Hypothesis Development:
The conceptual model integrates Cognitive Load Theory and Self-Regulated Learning theory to

explain how and when digital multitasking affects programming accuracy in online laboratory
environments.
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3.1 Digital Multitasking and Coding Accuracy

Digital multitasking involves rapid switching between focal programming tasks and peripheral
digital stimuli such as social media, messaging platforms, or unrelated browsing. Task-switching
theory suggests that each switch incurs a cognitive reconfiguration cost. Even brief interruptions
can leave attentional residue, requiring additional cognitive effort to reconstruct task context.

Programming tasks are sequential and interdependent. A disruption in working memory may
impair the maintenance of algorithmic logic, leading to syntactic or semantic errors. Unlike
conceptual learning tasks where partial understanding may still yield acceptable outcomes,
programming demands precision; therefore, performance degradation may manifest directly in
measurable error density.

From a Cognitive Load Theory perspective, multitasking introduces extraneous cognitive load
that competes with intrinsic task load. As total cognitive demand approaches working memory
capacity, error probability increases.

H1: Digital multitasking is positively associated with coding error density in online
programming labs.

3.2 Cognitive Load as Mediating Mechanism

The effect of multitasking on programming accuracy is unlikely to be purely behavioral; rather,
it operates through cognitive processes. When students switch between digital stimuli, they
allocate cognitive resources to non-task-related content. This increases extraneous cognitive load
and reduces available capacity for germane processing, including schema construction,
debugging reasoning, and syntactic monitoring.

Increased cognitive load may impair error detection mechanisms. Under high load conditions,
individuals rely more heavily on heuristic processing and exhibit reduced monitoring accuracy.
In programming, this may translate into overlooked logical inconsistencies or improper variable
handling.

Thus, multitasking may not directly cause errors but instead increases cognitive strain, which
then elevates error rates.

H2: Cognitive load mediates the relationship between digital multitasking and coding error
density.\

3.3 Self-Regulated Learning as Moderator

Self-regulated learning reflects an individual's capacity to monitor progress, manage time,
control attention, and persist toward goals. High-SRL students typically exhibit stronger
metacognitive awareness and greater impulse control. When exposed to digital distractions, such
learners may either resist engagement or rapidly reorient attention to the programming task.

From a theoretical standpoint, SRL may reduce the effective extraneous load introduced by
multitasking. Alternatively, it may reduce the behavioral consequences of cognitive strain by
strengthening compensatory error-monitoring processes.
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Therefore, the magnitude of the multitasking—error relationship should vary across levels of
SRL.

H3: Self-regulated learning moderates the relationship between digital multitasking and coding
error density, such that the positive association is weaker for students with higher SRL.

3.4 Moderated Mediation

If cognitive load mediates the multitasking—error relationship, and SRL buffers the direct
disruptive effects of multitasking, then the indirect pathway may also be conditional.
Specifically, the cognitive consequences of multitasking may be attenuated among highly self-
regulated learners.

H4: The indirect effect of digital multitasking on coding error density through cognitive load is
conditional on self-regulated learning, such that the mediated effect is weaker at higher levels of
SRL.

Figure 1. Conceptual Framework

Digital Cognitive Coding Error

Multitasking Load Density

Self-Regulated Learning moderates the direct path (Multitasking — Error Density) and
conditions the indirect effect.

4. Methodology
4.1 Research Design

This study employed a multi-source quantitative design integrating behavioral trace analytics and
survey-based psychometric measures. Data were collected from undergraduate computer science
students enrolled in online programming laboratories across three universities during a single
academic semester.

The design avoids sole reliance on self-reported multitasking by using log-level behavioral
indicators captured through the lab platform.

4.2 Sample and Procedure

A total of 347 students consented to participate. After removing incomplete survey responses and
sessions with corrupted log data, the final sample consisted of N = 312 students.
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Demographics:
e Mean age: 20.8 years (SD =1.4)
e Gender: 61% male, 39% female
e Average programming experience: 2.6 years
Data were collected in two stages:
1. Behavioral logs captured multitasking metrics during lab sessions.
2. Immediately after lab completion, students completed validated cognitive load and SRL
scales.
4.3 Measures
Digital Multitasking (Behavioral Index)
A standardized composite index was constructed from:
o Tab-switch frequency per hour
o Background application activation events
« Notification interaction count
« Non-IDE active window duration ratio
All indicators were z-standardized and averaged. Higher scores indicate greater multitasking
intensity.
Coding Accuracy (Dependent Variable)
Coding accuracy was operationalized as:
Error Density = Number of compilation + logical errors per 100 lines of code (LOC)
Error counts were extracted from automated grading systems and IDE diagnostics.
Cognitive Load (Mediator)
Measured using an 8-item validated cognitive load scale adapted for programming tasks.
Cronbach’s a = 0.86
Items assessed perceived mental effort, difficulty concentration, and cognitive strain.
Self-Regulated Learning (Moderator)
Measured using a 10-item validated SRL scale focusing on:
e Goal monitoring
« Attention control
« Strategic time management
Cronbach’s o= 0.88
Control Variables
e Prior GPA
e Years of programming experience
o Lab task difficulty (fixed effect)

4.4 Analytical Strategy
The analysis followed a hierarchical regression framework:
1. Model 1: Direct effect (Multitasking — Error Density)
2. Model 2: Mediation test (adding Cognitive Load)
3. Model 3: Moderation test (interaction term)
4. Moderated mediation tested using bootstrapping (5,000 resamples)
Variance Inflation Factors (VIFs) were below 2.5, indicating no multicollinearity concerns.
5. Results
5.1 Preliminary Analysis

All continuous predictors were mean-centered prior to interaction analysis. Assumptions of
normality, homoscedasticity, and linearity were inspected via residual diagnostics and found
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acceptable. Variance Inflation Factors ranged between 1.18 and 2.31, indicating no
multicollinearity concerns.

Reliability coefficients confirmed internal consistency:
e Cognitive Load: a = 0.86
e Self-Regulated Learning: o = 0.88

Table 1. Descriptive Statistics

Variable Mean SD Min Max
Digital Multitasking 0.00 1.00 -2.10 2.35
Coding Error Density 4.87 2.14 1.20 11.40
Cognitive Load 3.45 0.72 1.80 4.90
Self-Regulated Learning 3.62 0.65 2.00 4.80
GPA 7.84 0.81 6.10 9.40
Programming Experience (years) 2.60 1.10 0.50 5.00

The mean error density suggests moderate programming inaccuracies typical of intermediate lab
tasks. The standardized multitasking index confirms sufficient variance for regression modeling.

Table 2. Correlation Matrix

Variable 1 2 3 4
1. Multitasking 1

2. Error Density 34Fx* 1

3. Cognitive Load ALFF* STF** 1

4. SRL - 22%* - 18** -.25** 1

p <.05, p <.01* p<.001***

Multitasking is moderately correlated with both cognitive load and error density, consistent with
theoretical expectations. SRL exhibits negative correlations with both cognitive load and error
density, suggesting its potential protective role.

5.2 Hypothesis Testing
Model 1: Direct Effect (H1)

A regression model including controls shows that digital multitasking significantly predicts
coding error density:

B=0.28, SE=0.05,p <.001
R2=0.18

This indicates that a one standard deviation increase in multitasking corresponds to a 0.28 SD
increase in error density. The effect size is moderate and substantively meaningful in
programming contexts where precision is critical.

H1 supported.
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Model 2: Mediation (H2)
When cognitive load is introduced:

Multitasking — Cognitive Load
B=0.41,p<.001

Cognitive Load — Error Density
B=0.32,p<.001

Direct effect of multitasking reduces from p=0.28 to B =0.21 (p <.001).

Rz increases to 0.29.

Bootstrapped indirect effect (5,000 samples):

Indirect effect = 0.09
95% CI [0.05, 0.15]

Since the confidence interval excludes zero, mediation is significant. The reduction in the direct

coefficient suggests partial mediation.
H2 supported.

Table 3. Main Regression Models

DV: Coding Error Density Model 1 Model 2 Model 3
Multitasking 0.28*** 0.21*** 0.19***
Cognitive Load — 0.32*** 0.29***
SRL — — -0.15*
Controls Included Yes Yes Yes

R2 0.18 0.29 0.34

Model 3: Moderation (H3)

The interaction term (Multitasking x SRL) was added:

B=-0.17,SE=0.07, p=.012
AR*=0.03

The negative coefficient indicates that higher SRL weakens the positive association

between multitasking and error density.

Simple slope analysis:

« Low SRL (-1 SD): p=0.39, p <.001

« High SRL (+1 SD): = 0.14, p = .041

The multitasking effect is nearly three times stronger among low-SRL students.

H3 supported.
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Table 4. Moderated Mediation Model

Path Coefficient 95% CI
Indirect Effect (Low SRL) 0.13 [0.07, 0.21]
Indirect Effect (High SRL) 0.05 [0.01, 0.10]
Index of Moderated Mediation -0.04 [-0.09, -0.01]

The index of moderated mediation is significant, indicating the indirect pathway weakens as SRL
increases.

H4 supported.

Figure 2. Interaction Plot (Description)

Low SRL

Density

High SRL

Digital Multitasking

The interaction plot demonstrates two regression lines:

o Steep positive slope for low SRL
« Flatter slope for high SRL

Error density increases sharply with multitasking when SRL is low, but increases only
marginally when SRL is high.

6. Robustness Checks
To ensure the stability of findings, multiple robustness procedures were conducted:
6.1 Alternative Dependent Variable

Using task completion time (minutes per 100 LOC) as an alternative outcome yielded
consistent results:
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Multitasking — Completion Time
B=0.24,p <.001

Cognitive load partially mediated this relationship.
6.2 Outlier Sensitivity

Removing the top 5% of multitasking intensity cases did not substantially alter
coefficients:
Re-estimated f = 0.26, p <.001

6.3 Common Method Bias

Because multitasking and error density were behaviorally measured, common method
bias risk is reduced. Nonetheless, Harman’s single-factor test indicated the first factor
explained 31% of variance, below the 50% threshold.

6.4 Model Specification

Including lab-session fixed effects and clustering standard errors at the course level
produced similar magnitude and significance patterns.

The empirical evidence consistently supports the hypothesized moderated mediation
structure.

7. Discussion

The present study set out to examine whether digital multitasking reduces programming accuracy
in online lab environments, and to identify the cognitive mechanism and boundary condition
underlying this effect. The findings provide consistent empirical support for a moderated
mediation structure grounded in Cognitive Load Theory and Self-Regulated Learning theory.

7.1 Theoretical Interpretation

First, the positive association between digital multitasking and coding error density confirms that
programming tasks are particularly sensitive to attentional fragmentation. Unlike broader
academic performance measures, error density provides a granular indicator of cognitive
precision. The moderate effect size observed suggests that multitasking does not catastrophically
impair performance but produces statistically and practically meaningful degradation.

Second, cognitive load partially mediates this relationship. This supports the proposition that
multitasking increases extraneous cognitive load, thereby limiting the cognitive resources
available for germane processing. Importantly, the mediation is partial rather than full,
suggesting additional mechanisms may coexist, such as reduced metacognitive monitoring or
increased impulsive execution under distraction.

Third, self-regulated learning significantly moderates the multitasking—error relationship. The
interaction pattern indicates that high-SRL students experience a substantially weaker
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performance penalty. This suggests that regulatory capacity functions as a cognitive stabilizer,
reducing the behavioral manifestation of attentional disruption.

The moderated mediation results further demonstrate that the indirect pathway via cognitive load
is attenuated at higher levels of SRL. Thus, regulatory strategies do not eliminate cognitive load
but appear to reduce its translation into programming inaccuracies.

Collectively, these findings advance multitasking research beyond descriptive correlations and
toward mechanism-driven explanation.

7.2 Implications for Educational Technology Design

From a systems perspective, online lab environments implicitly assume sustained attention.
However, current digital ecosystems structurally enable interruption. These findings imply that
instructional technology design should move toward attention-aware architectures.

Potential design implications include:
o Focus mode features that temporarily suppress notifications.
« Integrated analytics dashboards that provide learners with real-time distraction metrics.
o Lab session structuring that incorporates metacognitive checkpoints.
o Adaptive prompts triggered by high tab-switching frequency.

Additionally, the moderating role of SRL suggests that pedagogical interventions aimed at
strengthening self-regulation may mitigate multitasking-related performance loss more
effectively than purely restrictive policies.

8. Contributions

This study contributes to computer science education, educational technology, and cognitive
information systems literature in several distinct ways.

8.1 Theoretical Contributions
1. Mechanism-Based Clarification

Rather than merely documenting that multitasking correlates with poorer outcomes, this
study empirically demonstrates that cognitive load functions as a mediating mechanism
in programming contexts.

2. Integration of CLT and SRL

The integration of Cognitive Load Theory with Self-Regulated Learning theory provides
a multi-level explanation that accounts for both cognitive processes and learner-level
variability.

3. Contextual Extension to Programming Accuracy

Vol. 18, No. 3, 2025 11



Asian And Pacific Economic Review
ISSN: 1000-6052

Prior multitasking research has focused largely on GPA or conceptual learning. By
examining coding error density, this study extends theory into precision-dependent
computational tasks.

8.2 Methodological Contributions

1. Behavioral Trace Data Integration

The use of platform-generated log data reduces reliance on self-report multitasking
measures, strengthening internal validity.

Moderated Mediation Modeling

The inclusion of conditional indirect effects enhances analytical sophistication while
remaining methodologically accessible for Q2-level publication.

Ecologically Valid Lab Context

Data were collected in authentic online programming environments rather than controlled
artificial experiments, increasing external relevance.

9. Limitations and Future Research

While the study provides theoretically grounded and statistically robust evidence, several
limitations should be acknowledged.

9.1 Cross-Sectional Design

The study relies on cross-sectional data collected within a single academic semester. Although
behavioral logs strengthen causal plausibility, the design does not permit definitive causal
inference. Longitudinal or experimental designs manipulating notification frequency or enforced
focus modes would allow stronger causal conclusions.

9.2 Undergraduate Sample

Participants were undergraduate computer science students at intermediate programming levels.
The findings may not generalize to:

Advanced programmers with highly automated schemas
Professional software engineers
Novice learners with limited syntax familiarity

Future research could examine whether cognitive load effects attenuate as programming
expertise increases, potentially testing an expertise-reversal effect within CLT.

9.3 Measurement Boundaries

Although multitasking was behaviorally measured, certain digital activities occurring on
secondary devices (e.g., smartphones) may not have been fully captured. Multi-device tracking
could enhance measurement precision in future work.
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Additionally, cognitive load was assessed via validated self-report scales. While reliability was
strong, integrating physiological indicators such as pupil dilation or EEG measures could deepen
cognitive validation.

9.4 Alternative Mechanisms

Cognitive load partially mediated the multitasking effect, indicating additional mechanisms may
operate. Potential explanatory pathways include:

e Reduced metacognitive monitoring
e Increased impulsivity

« Emotional regulation disruption

o Attention residue persistence effects

Future models could integrate affective computing measures or neurocognitive indicators to
further unpack these processes.

9.5 Task Complexity as Boundary Condition

The present study controlled for lab difficulty but did not explicitly model varying intrinsic load
conditions. Future research could experimentally manipulate task complexity to examine
whether multitasking effects amplify under high intrinsic load.

10. Conclusion

In digitally saturated educational ecosystems, multitasking is no longer an occasional anomaly
but a structural norm. This study demonstrates that such multitasking carries measurable
cognitive and behavioral costs within online programming laboratories.

The findings indicate that digital multitasking increases coding error density, partly through
elevated cognitive load. Importantly, this relationship is not uniform. Self-regulated learning
capacity significantly attenuates both the direct and indirect effects of multitasking, suggesting
that learner-level regulatory strategies can buffer attentional fragmentation.

From a theoretical perspective, the study advances Cognitive Load Theory by empirically
modeling extraneous load within authentic digital lab environments. It further enriches Self-
Regulated Learning theory by demonstrating its protective function in computational precision
tasks.

From a practical standpoint, the results underscore the need for attention-aware instructional
design and the cultivation of regulatory skills in programming education. As online laboratories
continue to scale globally, designing environments that respect cognitive architecture will be
essential for maintaining programming accuracy and learning quality.

In sum, digital multitasking does not render programming impossible, but it measurably erodes

precision unless counterbalanced by strong self-regulatory capacities. The challenge for
educational technology is therefore not merely connectivity, but cognitive sustainability.
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