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The Impact of Mental Fog on Memory Retention in

Digital Learning

Abstract

This study examines the relationship between mental fog and memory retention

among digital learners in Gurugram, India. Using a quantitative correlational

design with 300 participants (aged 16-25), we assessed mental fog symptoms

using the validated Brain Fog Scale (BFS) and memory retention through the

Investigator-Developed Memory Retention Test (IMRT). Results revealed a

significant negative correlation (r = -0.68, p < 0.01), indicating that higher

mental fog levels predict poorer memory retention. Our findings suggest that

cognitive overload (Sweller, 1988), prolonged screen exposure (Rosenfield,

2016), and sleep deprivation (Walker, 2017) contribute substantially to these

effects. The study concludes with evidence-based recommendations for

mitigating cognitive fatigue in digital learning environments.

Keywords: Mental Fog, Memory Retention, Digital Learning, Cognitive Load,

Online Education, Brain Fatigue, Correlational Study

Introduction

The rapid digital transformation of education has fundamentally reshaped

learning paradigms worldwide, with UNESCO (2022) reporting a staggering

300% increase in global adoption of online learning platforms since 2020.

While this shift has brought unprecedented flexibility and accessibility to

education (Dziuban et al., 2018), it has simultaneously introduced significant

cognitive challenges for learners. Chief among these is the phenomenon of

mental fog - a multidimensional condition characterized by reduced mental
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clarity (α=0.89), impaired concentration (β=0.72), and diminished memory

retention (Ceban et al., 2021). Neurocognitive research by Longman et al.

(2022) demonstrates that prolonged digital engagement exceeding four hours

daily shows strong correlation (r=0.61, p<0.001) with symptoms of cognitive

fatigue, highlighting the urgent need to examine these effects within specific

educational contexts. This is particularly relevant in Gurugram, India’s fastest-

growing educational technology hub, where NITI Aayog (2023) reports 78%

of institutions have adopted hybrid learning models post-pandemic. The city’s

unique educational ecosystem, comprising numerous universities, coaching

centers, and corporate training facilities, creates distinct cognitive demands as

students juggle multiple digital resources (Sharma & Gupta, 2022). Research

indicates students in this region typically engage with an average of 3.4 (±1.2)

digital platforms daily, leading to measurable increases in cognitive strain (Mark

et al., 2018).

The pathophysiology of digital-induced mental fog involves three primary

mechanisms that collectively impair learning effectiveness. First, cognitive

overload occurs when excessive information input exceeds the brain’s working

memory capacity, a phenomenon extensively documented by Sweller (1988)

and more recently quantified by Mayer (2021), showing retention reductions

of 40-60% in overload conditions. Second, screen fatigue resulting from

prolonged blue light exposure has been shown by Rosenfield (2016) and

Sheppard & Wolffsohn (2018) to disrupt melatonin production and cause

visual cortex hyperactivity, directly impairing cognitive performance. Third,

sleep disruption caused by late-night screen use delays REM onset by an

average of 2.3 (±0.8) hours, significantly impairing hippocampal memory

consolidation according to Walker (2017) and Irwin (2015). Beyond these

primary factors, emerging research has identified several additional contributors

to mental fog in digital learning environments. Nutritional deficiencies, particularly

in omega-3 fatty acids and B vitamins, account for 18-22% of cognitive

variability among students (Gómez-Pinilla, 2008; Huskisson et al., 2007), while

hydration status has been shown to mediate prefrontal cortex activation during

learning tasks (Khan et al., 2021). Furthermore, the pervasive practice of

digital multitasking creates what Mark et al. (2018) term “attentional residue”

that reduces working memory capacity by approximately 30%.

Despite extensive research on cognitive fatigue dating back to Hart &

Staveland’s (1988) foundational work, significant gaps remain in our

understanding of mental fog’s specific impacts in digital learning environments.
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Recent studies by Patel et al. (2023) reveal culture-specific manifestations of

cognitive fatigue in Indian urban contexts (Cohen’s d=0.72 compared to

Western samples), while Small et al. (2020) highlight the need for longitudinal

research on the neuroplastic effects of sustained digital learning exposure.

This study seeks to address these gaps by examining the complex interplay

between digital learning practices, cognitive fatigue, and memory retention in

Gurugram’s unique educational landscape. The findings will inform the

development of targeted interventions to optimize digital learning experiences

while mitigating cognitive overload, ultimately enhancing educational outcomes

in an increasingly digital world.

Objectives of the Study

1. To examine the prevalence of mental fog among students engaged in digital

learning in Gurugram.

2. To analyze the correlation between mental fog and memory retention in

digital learning environments.

Research Methodology

This study employs a correlational research design to explore the relationship

between mental fog and memory retention in digital learning environments.

The research follows a quantitative approach, utilizing self-reported surveys

and cognitive assessments to gather data from students enrolled in online courses

across various institutions in Gurugram.

Sample Selection

The study employs a purposive sampling method to recruit students from

universities, coaching centers, and schools engaged in digital learning. A

minimum sample size of 300 participants is targeted to ensure statistical validity.

Participants are selected based on the following inclusion criteria: Must be

actively engaged in online learning for at least six months, aged between 16 to

25 years, as this group represents the majority of digital learners, and willing

to provide informed consent and complete the survey honestly.

Data Collection Methods

Data is gathered through a structured self-report questionnaire and

cognitive assessment tools to evaluate mental fog and memory retention in

digital learners.
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The Brain Fog Scale (BFS) is the validated instrument designed to measure

symptoms associated with mental fog. Developed as a psychometrically sound

tool, the BFS assesses cognitive difficulties, including attention deficits, memory

lapses, and reduced mental clarity (Soni et al., 2023). The BFS has

demonstrated high reliability (Cronbach’s alpha = 0.85) and strong construct

validity in various studies. This scale has been particularly relevant in studies

examining cognitive difficulties in post-COVID-19 conditions, making it an

ideal tool for assessing mental fog among digital learners (ScienceDirect

Reference).

The Investigator-Developed Memory Retention Test (IMRT) is designed

to evaluate recall and retention capacity in digital learning environments. It

consists of an immediate recall task, where participants are presented with a

short passage and asked to recall key details after five minutes. The delayed

recall task assesses the same information after a 20-minute distraction period

to determine retention over time. Additionally, the recognition task includes

multiple-choice questions related to the passage content to evaluate recognition-

based recall. The IMRT has undergone a pilot study, demonstrating good

internal consistency (Cronbach’s alpha = 0.82). Convergent validity was

established through correlations with existing memory assessment tools, while

content validity was ensured by expert reviews from cognitive psychologists

and educators. The scoring criteria classify responses into categories

representing different levels of retention: poor, average, and high. To confirm

reliability, the IMRT was administered twice to a subset of participants with a

two-week gap, yielding a strong correlation (r = 0.79), ensuring measurement

stability.

Data Analysis

The collected data is analyzed using SPSS software. Descriptive statistics,

including mean, standard deviation, and frequency distributions, are used to

summarize the data. Pearson’s correlation coefficient is applied to examine

the relationship between mental fog and memory retention. Multiple regression

analysis is used to determine the predictive value of mental fog while controlling

for variables such as screen time, sleep patterns, and nutrition. An independent

samples t-test is conducted to compare memory retention scores between

high and low mental fog groups. Additionally, reliability analysis using
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Cronbach’s alpha is performed to ensure the internal consistency of the research

instruments. All statistical tests are conducted at a 95% confidence interval,

with a significance level set at p < 0.05.

Results and Discussion

Assumptions Check

Before conducting statistical analyses, assumptions of normality, linearity, and

homoscedasticity were tested to ensure the appropriateness of parametric

tests. The normality of mental fog scores and memory retention scores was

assessed using the Shapiro-Wilk test. The results indicated that the data were

approximately normally distributed (Mental Fog Scores: p = 0.3058, Memory

Retention Scores: p = 0.8135), confirming the suitability of parametric analyses.

Linearity was examined using a scatterplot, which showed a significant linear

relationship between mental fog and memory retention (p = 0.02), justifying

the use of Pearson’s correlation. Homoscedasticity was tested using Levene’s

test for equality of variances, which showed that variance was homogenous

across groups (p = 0.07), validating the assumption for regression analysis.

Objective 1: Prevalence and Characteristics of Mental Fog in Digital

Learners

The data presented in Table 1 reveals several important patterns regarding

mental fog prevalence among digital learners. The severity distribution shows

a concerning symmetry, with equal proportions of students experiencing

moderate (38%) and severe (38%) symptoms, while only 24% report

mild symptoms. This U-shaped distribution suggests that mental fog tends

to manifest at clinically significant levels rather than as mild, transient episodes

in this population. The clear progression in screen time exposure across

severity levels - from 4.1 hours in mild cases to 7.3 hours in severe cases -

demonstrates a dose-response relationship between digital engagement and

cognitive symptoms. Notably, the corresponding memory scores show a parallel

decline from 17.8 (mild) to 11.6 (severe), indicating that mental fog severity

directly correlates with measurable cognitive impairment. These findings

collectively suggest that prolonged screen exposure represents a significant

risk factor for developing substantial cognitive difficulties in digital learning

environments.
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Table 1 – Mental Fog Prevalence and Severity Distribution (N=300)

Severity BFS Percentage Mean Screen Associated

Level Range Time Memory Score

(hrs/day)

Mild 2.0-3.0 24% 4.1 ± 1.2 17.8 ± 3.5

Moderate 3.1-4.0 38% 5.9 ± 1.4 14.2 ± 3.1

Severe >4.0 38% 7.3 ± 1.5 11.6 ± 2.9

Table 2 provides compelling evidence of the functional consequences

associated with high versus low mental fog levels. The consistent pattern across

all cognitive domains - immediate recall, delayed recall, and recognition accuracy

- reveals that mental fog affects multiple aspects of memory performance. The

particularly large effect size for recognition accuracy (Cohen’s d=0.95) suggests

that even relatively automatic memory processes become impaired in high

mental fog states. The graduated nature of these deficits, with delayed recall

showing greater impairment than immediate recall, aligns with theoretical models

positing that mental fog disproportionately affects memory consolidation

processes. The statistically significant differences (all p<0.001) across all

measures, coupled with medium to large effect sizes (0.78-0.95), provide

robust evidence that mental fog represents more than subjective discomfort -

it manifests in objectively measurable cognitive deficits that would likely impact

academic performance and learning outcomes. These results underscore the

need to consider mental fog as a genuine barrier to effective digital learning

rather than merely a transient inconvenience.

Table 2 – Comparative Analysis of Cognitive Performance

Cognitive High Fog Low Fog t-value p-value Cohen’s d

Domain Group Group

Immediate 5.2 ± 1.8 7.9 ± 1.5 6.45 <0.001 0.85

Recall

Delayed 3.8 ± 1.6 6.2 ± 1.4 5.92 <0.001 0.78

Recall

Recognition 62% ± 11% 84% ± 9% 7.21 <0.001 0.95

Accuracy
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Objective 2: Correlation Between Mental Fog and Memory Retention

To examine the relationship between mental fog and memory retention,

Pearson’s correlation analysis was conducted. A significant negative

correlation (r = -0.68, p < 0.01) was found, indicating that higher levels of

mental fog were associated with lower memory retention scores.

The correlation analysis reveals a robust and clinically significant relationship

between mental fog and memory performance in digital learning environments.

As shown in Table 3, the strong negative correlation (r = -0.68, p < 0.01)

between Brain Fog Scale scores and memory retention indicates that students

experiencing more severe mental fog symptoms demonstrate substantially

worse memory performance, with the effect size accounting for approximately

46% of the variance in memory scores.

This relationship is further supported by the consistent pattern of moderate

correlations with related factors - notably, the positive association between

screen time and mental fog (r = 0.52) alongside its negative relationship with

memory (r = -0.43), as well as the protective role of sleep quality, which

shows inverse correlations with mental fog (r = -0.41) and positive associations

with memory performance (r = 0.38). These interconnected relationships

suggest a complex network of factors influencing cognitive functioning in digital

learning environments.

Table 3 – Correlation Matrix of Key Variables

Variable BFS Score Memory Daily Screen Sleep Quality

Retention Score Time Rating

BFS Score 1

Memory -0.68** 1

Retention Score

Daily Screen 0.52** -0.43** 1

Time

Sleep Quality -0.41** 0.38** -0.35** 1

Rating

**p<0.01

The group comparisons presented in Table 4 demonstrate clinically meaningful

differences in cognitive performance based on mental fog severity. Students

classified as having high mental fog show substantial deficits across all memory
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measures, scoring on average 6.5 points lower (12.4 vs 18.9) on the

composite memory scale - a difference representing large effect size (1.42 )

indicating that high-fog students retain only about 65% as much information

as their low-fog peers. The gradient of impairment across different

memory tasks is particularly noteworthy, with recognition accuracy showing

the largest deficit (22% difference, d = 0.95), followed by immediate recall

(34% difference, d = 0.85) and delayed recall (39% difference, d = 0.78).

This pattern suggests that mental fog disproportionately affects higher-order

memory processes, with the most severe impacts on the ability to consciously

retrieve and recognize learned information. The consistency of these effects

across all measures, coupled with the highly significant statistical results (all p

< 0.001), provides compelling evidence that mental fog represents more than

just subjective discomfort - it manifests as objectively measurable cognitive

impairment that could substantially hinder academic achievement in digital

learning contexts.

Table 4 – Group Comparison by Mental Fog Severity

Cognitive High Mental Low Mental Statistical Effect Size

Measure Fog (n=142) Fog (n=158) Test

M ± SD M ± SD

Immediate Recall 5.2 ± 1.8 7.9 ± 1.5 t=6.45** d=0.85

Delayed Recall 3.8 ± 1.6 6.2 ± 1.4 t=5.92** d=0.78

Recognition Accuracy 62% ± 11% 84% ± 9% t=7.21** d=0.95

Composite Memory 12.4 ± 3.2 18.9 ± 2.8 t=7.83** d=1.42

Score

**p<0.001

Discussion

The present study offers compelling evidence that mental fog significantly impairs

memory retention in digital learning environments. Our findings demonstrate a

robust negative correlation (r = -0.68, p < 0.01) between mental fog severity

and memory performance, indicating that students experiencing cognitive fog

retain substantially less information from their digital learning experiences. This

relationship persists across multiple memory domains, with particularly strong

effects observed for delayed recall and recognition tasks, suggesting that mental

fog most severely impacts the consolidation and retrieval of learned information
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rather than initial encoding. Several mechanisms may explain these observed

effects. First, the cognitive load imposed by prolonged screen exposure appears

to overwhelm working memory capacity, consistent with Sweller’s (1988)

cognitive load theory. Second, the attentional demands of digital interfaces

may deplete mental resources needed for effective memory formation, as

suggested by the moderate correlation (r = 0.52) between screen time and

mental fog severity. Third, the physiological consequences of extended device

use - including eye strain and sleep disruption - may compound these cognitive

effects through fatigue-related pathways. The study’s findings take on particular

significance in the Gurugram context, where students face unique educational

pressures. The competitive academic environment, combined with rapid digital

transformation and urban stressors, appears to create conditions particularly

conducive to mental fog development. Students in our sample showed symptom

severity at lower thresholds of digital exposure than reported in Western studies,

suggesting that these contextual factors may heighten vulnerability to cognitive

overload. This has important implications for digital pedagogy in similar rapidly

developing educational markets.

Conclusion

This study highlights the significant impact of mental fog on memory retention

in digital learning environments, particularly among students in Gurugram. The

findings reveal that a substantial proportion of students experience mental fog,

with higher prevalence among those exposed to prolonged screen time and

inadequate sleep. The strong negative correlation between mental fog and

memory retention underscores the cognitive challenges faced by digital learners,

confirming that increased cognitive overload diminishes learning efficiency and

recall ability. Unlike previous studies, this research provides localized insights

into the digital learning experiences of students in an urban educational hub,

emphasizing the need for tailored interventions.

Given the rising dependency on digital education, it is imperative for educators

and policymakers to adopt strategies that mitigate cognitive fatigue. By

promoting structured screen breaks, encouraging healthier sleep habits, and

integrating stress management techniques, institutions can foster a more effective

and sustainable digital learning environment. Future research should explore

longitudinal studies to assess the long-term effects of mental fog on academic

performance and cognitive development.
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Future Directions and Limitations

This study provides valuable insights into the impact of mental fog on memory

retention in digital learning, but several limitations must be acknowledged.

First, the study relies on self-reported measures, which may introduce response

bias and limit the objectivity of the data. Future studies should incorporate

objective cognitive assessments or neurophysiological measures to validate

findings. Second, the sample was restricted to students in Gurugram, which

may limit the generalizability of results to broader populations. Expanding the

study to diverse geographical locations and academic institutions would enhance

the robustness of the findings. Additionally, while this study examined the short-

term effects of mental fog on memory retention, future research should adopt

longitudinal designs to explore the long-term impact of digital learning

environments on cognitive performance. Investigating potential interventions,

such as cognitive training exercises, mindfulness techniques, or digital detox

strategies, could provide practical solutions for reducing mental fog among

students.
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