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Abstract -Mobile phones are now an inseparable part of 

student life, but their real effect on academic performance is 

still debated. This study applied several deep learning 

models—Multi-Layer Perceptron (MLP), Convolutional 

Neural Network (CNN), Long Short-Term Memory (LSTM), 

Bidirectional LSTM (Bi-LSTM), and a hybrid CNN–LSTM 

model—to predict how smartphone usage patterns influence 

student grades. The dataset included information from 1,200 

undergraduates, covering demographics, detailed usage logs 

(screen time, app categories, and timestamps), and academic 

results (quizzes, exams, GPA). 

The models achieved high prediction accuracies, ranging 

from 90.2% to 98.5%. Analysis revealed that late-night social 

media use and frequent engagement with non-educational 

apps were strongly linked to lower performance, while 

regular use of educational apps had a positive effect. Among 

all models, the hybrid CNN–LSTM model performed best, 

since it could capture both patterns and time-based changes 

in phone activity, giving the highest predictive accuracy. To 

make the outcomes more understandable, an attention 

mechanism was used to highlight the specific times and 

behaviors most closely associated with performance drops. 

These findings show that deep learning can be a powerful 

tool for early identification of at-risk students and can 

support the creation of real-time intervention dashboards. 

The study contributes to educational data research by 

offering clear evidence that can guide policies and teaching 

strategies to balance smartphone use with academic 

achievement. 
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I. INTRODUCTION 

Smartphones have become indispensable in students' 

daily routines, especially during school hours. Research 

indicates that nearly all teens—around 97%—access their 

devices in class, clocking about 43 minutes per day on 

average, though just over half of that time supports actual 

learning [1]. 

While smartphones offer quick access to educational 

apps and resources, their overuse for social media or 

gaming often disrupts focus, shortens sleep cycles, and 

correlates with declining grades.  

Excessive screen time fragments attention and competes 

with study habits, creating a cycle where non-educational 

distractions hinder retention and motivation. This pattern 

underscores the need for balanced policies that harness 

benefits without amplifying risks[2]. 

Standard statistical tools and basic machine learning 

algorithms struggle with the dynamic, nonlinear links 

between app usage patterns and academic outcomes. They 

overlook temporal shifts, like weekend binges versus 

weekday study spikes, and require manual feature 

selection that misses subtle interactions. In contrast, deep 

learning shines by learning hierarchical patterns directly 

from raw logs, such as timestamps and app categories[3]. 

     This research deploys five tailored architectures: a 

multilayer perceptron (MLP) for baseline nonlinear 

mapping, convolutional neural networks (CNNs) to detect 

local usage motifs, long short-term memory (LSTM) units 

for sequential dependencies, bidirectional LSTMs (Bi-

LSTMs) to capture forward-backward contexts, and a 

CNN-LSTM hybrid for spatiotemporal fusion. Each model 

processes time-series data like daily screen time, app 

switches, and nighttime activity to forecast grades or risk 

levels. Early predictions enable targeted interventions, 

such as app limit alerts or counselling [4, 5]. 

By outperforming traditional approaches, these models 

supply actionable insights for educators and policymakers 

crafting smartphone guidelines. They highlight at-risk 

students weeks ahead, fostering proactive support and 

data-backed reforms to optimize digital tools for better 

academic success [6]. 

II.   REVIEW OF LITERATURE 

Since 2021, deep learning has gained traction in 

educational data analytics, offering fresh insights into how 

students' digital habits shape their academic paths. 

Teams have harnessed recurrent neural networks, such 

as LSTMs, to sift through time-stamped app usage data, 

hitting about 85% accuracy in grade predictions from 

routine logs.  
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One approach layered bidirectional processing on top, 

lifting performance by around 4% through sharper 

detection of after-hours patterns—like prolonged 

scrolling—that erode next-day concentration and retention. 

Merging convolutional filters with sequential processors 

has driven accuracies past 95% in targeted tests, outpacing 

simpler networks by nailing both short bursts of activity 

and longer trends. Ensemble strategies further refined this, 

fusing those hybrids with classifiers like SVMs to secure 

92.5% consistency across diverse cohorts, from urban 

high-achievers to rural strugglers, proving adaptable in 

messy real-world settings [7, 8]. 

Early deep models often hid their reasoning, frustrating 

teachers who needed to know why a prediction flagged 

risk. Recent innovations embed attention mechanisms into 

bidirectional frameworks, spotlighting culprits like 10 PM-

to-midnight distractions—endless feeds over flashcards—

as prime GPA drainers, building confidence for practical 

interventions [9]. 

Despite progress, blind spots linger: most analyses skim 

total screen time without zooming into apps like TikTok 

versus Duolingo; background factors such as household 

income or cultural norms get sidelined; and on-the-fly 

systems for mid-semester nudges are rare. This research 

bridges those divides by pitting five architectures head-to-

head—MLP baselines, CNN motifs, LSTM flows, Bi-

LSTM contexts, and CNN-LSTM fusions—while folding 

in demographics for nuanced views. Attention layers 

unpack what matters most, delivering not just sharper 

forecasts but actionable "why" stories, like urging screen 

curfews for evening offenders. Ultimately, this empowers 

schools to spot at-risk kids early, tailor supports, and craft 

phone policies that boost learning without banning tools 

outright [10, 11]. 

III. METHODOLOGY 

This study employed a mixed correlational approach, 

blending cross-sectional snapshots with longitudinal 

tracking to map how daily smartphone habits influence 

academic trajectories over time. 

We recruited 1,200 undergraduate students aged 18–24 

from three bustling city universities, capturing a diverse 

mix that mirrors real campus life—engineering majors 

rubbing shoulders with arts students, commuters alongside 

dorm-dwellers. This scale ensures robust patterns without 

overwhelming logistics, focusing on young adults where 

phone dependency peaks [12]. 

A tailored mobile app ran quietly in the background for 

16 weeks, meticulously recording screen time, app types 

(think social media marathons versus study apps), and 

exact timestamps down to the minute.  

We paired this with official academic data—quiz 

scores, midterm tallies, cumulative GPAs—and personal 

details like age, gender, field of study, and parents' 

education levels. Everything cleared strict ethics reviews 

(IRB-approved), with participants opting in after clear 

consent chats, safeguarding privacy while unlocking 

goldmine insights [13, 14]. 

Raw logs arrived messy, but we tidied them smartly: 

under 2% missing entries got filled via savvy imputation 

that respected patterns, not just averages. Categorical 

info—like app genres or majors—transformed into one-hot 

vectors for model-friendly math, and all numbers scaled to 

a tidy 0-1 range. This prep ironed out noise, letting 

algorithms focus on signals amid the digital chaos of 

student life [15]. 

A. Deep Learning Architectures 

Built in flexible frameworks like TensorFlow and 

PyTorch, our five models tackled the data head-on: 

• MLP Baseline: Stacked three dense layers  with 

ReLU activation for nonlinear sparks, plus dropout to 

dodge memorization traps. 

• CNN Setup: 1D convolutions scanned for local 

bursts, like frantic TikTok swipes, followed by 

pooling to condense essentials. 

• LSTM and Bi-LSTM: These recurrent champs 

processed timelines sequentially; Bi-LSTM peeked 

both ways  for fuller context on habit chains. 

• CNN-LSTM Fusion: CNN first extracted punchy 

features from usage spikes, then fed them into Bi-

LSTM for smooth temporal weaving [16].  

Each setup learned to link phone patterns to 

performance dips. 

B. Training and Assessment Rig 

The dataset was divided into 70% for training, 15% for 

validation tweaks, and 15% held-out testing to mimic 

unseen future data. Adam optimizer powered the climbs, 

minimizing MSE for grade regressions or binary cross-

entropy for at-risk flags [17]. To keep things honest, early 

stopping halted runaway training, dropout thinned neural 

clutter, and adaptive learning rates smoothed the path. 

Success yardsticks included accuracy, precision, recall, F1 

harmony, and RMSE for pinpoint errors. For the "why" 

behind predictions, we layered on Integrated Gradients to 

trace influential inputs and attention heatmaps to spotlight 

risky slots—like midnight scrolls tanking tomorrow's 

focus [18, 19]. 
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This pipeline not only benchmarks raw power but 

demystifies black boxes, handing educators tools to 

intervene early and refine campus phone policies with 

data-driven confidence [20].  

IV. RESULTS AND DISCUSSION 

Table 1 lays out the key metrics across all five 

architectures, showcasing how they stack up in predicting 

academic outcomes from phone habits. 

Table1  

presents the Performance metrics for all models 

Model Accuracy Precision Recall F1_Score RMSE 

MLP 0.902 0.86 0.893 0.876 0.312 

CNN 0.956 0.945 0.952 0.948 0.209 

LSTM 0.884 0.875 0.881 0.878 0.34 

Bi-LSTM 0.882 0.878 0.885 0.881 0.343 

Hybrid CNN-LSTM 0.9845 0.978 0.981 0.979 0.1989 

 
Figure1 Model Accuracy and RMSE Comparison  

The standout performer, the CNN-LSTM hybrid, nailed 

98.45% accuracy with a tight RMSE of 0.1989, edging out 

CNN at 95.6%, MLP's solid 90.2%, and the recurrent pairs 

hovering near 88%. This hybrid's edge comes from 

blending spatial scans of usage spikes with temporal flows, 

capturing the full rhythm of a student's digital day. 

Attention maps zeroed in on trouble spots: late-night 

dives into social apps emerged as heavy hitters dragging 

down focus and grades, while midday bursts on learning 

tools signaled boosts. Digging deeper, timing of sessions, 

their length, and app flavors each punched over 30% into 

what drives predictions, painting a clear picture of habits 

that help or hurt. 

Paired t-tests showed our deep setups handily beat 

traditional SVM and random forest rivals (p < 0.01), 

proving neural nets' muscle on nuanced time-series data. 

ANOVA checks confirmed no big swings by gender or 

major, meaning these models hold steady across campus 

crowds for broad rollout.  

These findings echo earlier work on usage rhythms but 

push further with transparent, pinpoint forecasting ripe for 

live use. A dashboard prototype now turns raw predictions 

into teacher-friendly flags—like nudges for screen-time 

culprits—sparking personalized wellness tweaks and 

smarter study aids that fit each student's phone reality. 

V.   CONCLUSION 

 This research demonstrates deep learning's power to 

forecast student academic success straight from everyday 

smartphone patterns, delivering accuracies between 88.2% 

and a sharp 98.45%.  The CNN-LSTM hybrid stole the 

show by weaving together quick snapshots of app binges 

with the ebb and flow of habits over time, outshining 

simpler setups. Its knack for spotting nuanced rhythms—

like a late-night Instagram spiral tanking tomorrow's 

quiz—makes it a game-changer for real-world predictions.  
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Digging into the data uncovered clear culprits and 

allies: scrolling through social feeds after dark consistently 

erodes grades by fragmenting sleep and focus, while 

tapping educational apps during daylight hours correlates 

with stronger retention and higher marks. These findings 

turn abstract logs into practical red flags for educators. 

Such precision opens doors to early-alert dashboards that 

ping teachers on struggling students weeks ahead, sparking 

tailored nudges like screen curfews or study boosters. 

Schools can now shift from blanket phone bans to smart 

policies that channel digital tools toward learning wins. 

Next steps call for casting a wider net—pulling in varied 

ages, income brackets, and global contexts to test true 

portability. Privacy must stay front and center, with 

anonymized data and opt-in controls ensuring ethical 

rollout. Ultimately, this work equips campuses to harness 

phones as allies, not adversaries, fostering sharper minds 

in a screen-saturated world. 
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