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M E T H O D S  O F  E V A L U A T I N G  P I U

Internet Addiction Test

Description: The IAT is a widely used tool
that evaluates the level of internet
addiction through 20 items rated on a
five-point Likert scale, focusing on
behaviors and symptoms associated with
excessive internet use.

Target Group: Adolescents and adults.
Scoring: Total scores range from 0 to 100,
with scores of 40 or above indicating
problematic internet use.

Questionnaire-Children with
Difficulties

Description: This tool assesses daily
difficulties experienced by children and
adolescents, particularly in relation to
PIU, examining how these difficulties
correlate with internet use behaviors.

Target Group: Children and adolescents.
Scoring: The scoring method varies based
on the specific items evaluated; typically
involves summing scores across relevant
dimensions.

Compulsive Internet Use
Scale

Description: The CIUS is a 14-item scale
designed to assess compulsive internet
use behaviors, featuring both self-report
and parent-report versions for
comprehensive data collection.

Target Group: Children aged 8 to 10 years.
Scoring: Items are rated on a Likert scale;
total scores indicate levels of compulsive
use.



P C I A T  Q U E S T I O N S



R E L A T I O N  B E T W E E N  S I I  A N D  P I U

The cumulative PCIAT score is
classified into four SII classes based on
the score range it falls within.



Current assessments for problematic
internet use are complex and require
professional expertise.

P R O B L E M  S T A T E M E N T



https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0100914

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0100914


https://link.springer.com/article/10.1186/s12888-020-02640-x

https://link.springer.com/article/10.1186/s12888-020-02640-x


D A T A S E T  I N F O

Healthy Brain Networks Data

Actigraphy Files (Fitness Band Data)

HBN Dataset: Contains clinical screenings and research data,
primarily physiological in nature.

Fitness Dataset: Provides daily activity data from fitness
bands (actigraphy) for each student, collected over 30 days to
track physical behavior patterns.

Target: The target variable (Sii) represents scores derived from
the Parent-Child Internet Addiction Test (PCIAT), used to
assess internet addiction levels.

https://link.springer.com/article/10.1186/s12888-020-02640-x

https://link.springer.com/article/10.1186/s12888-020-02640-x


D A T A S E T  I N F O

H B N  D a t a

A c t i g r a p h y  D a t a



C O L U M N S  W I T H  H I G H  M I S S I N G  V A L U E S



H A N D L I N G  M I S S I N G  D A T A

Step 1: Removing Columns
Dropped columns with more than 60%
missing values to ensure data quality.

Step 2: Imputing Remaining Data
For columns with less than 60% missing
values, used KNN Imputer to fill in the gaps
based on similar data points.



Insights....



Individuals with higher SII scores (e.g., 3.0) tend
to belong to older age groups, as reflected by
the upward trend in median age.

Despite this trend, there is considerable
overlap in ages across different SII categories,
indicating that severity impairment can impact
individuals across a broad age range.

S I I  S C O R E S  B Y  A G E



The box plot demonstrates an increasing trend
in the median SDS score as SII severity
increases, highlighting the potential impact of
sleep quality on problematic internet use.

S L E E P  D I S T U R B A N C E



https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0100914

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0100914


C H I L D R E N ’ S  G L O B A L  A S S E S S M E N T  S C A L E  A N D
S I I  C O R R E L A T I O N

The Children's Global Assessment Scale
(CGAS) is a measure developed by Schaffer
and colleagues at the Department of
Psychiatry, Columbia University to provide a
global measure of level of functioning in
children and adolescents. The measure
provides a single global rating only, on scale of
0-100.

Higher the SII (proxy for Problematic Internet
usage) lower is the CGAS scores, indicating
reduced functioning.



F E A T U R E S  F R O M  A C C E L E R O M E T E R  D A T A

Percentage of Sleep Time Percentage of Sitting Time Percentage of Walking Time 



As SII increases, there is a
visible decline in total walk time
percentage, indicating lower
engagement in physical activity.

Higher SII scores are associated
with an increase in total sitting
time percentage, reflecting a
more sedentary lifestyle.

Higher SII scores show a
decrease in total sleep time
percentage and greater sleep
disturbances.

S I I  A N D  A C T I V I T Y  P A T T E R N S



M E R G I N G  D A T A

Healthy Brain Networks Data

Actigraphy Files (Fitness Band Data)

Feature Integration: Actigraphy data provided
temporal activity patterns, while Healthy Brain
Networks data offered cognitive and neurological
features.

Final Dataset: The combined dataset was prepared for
comprehensive modeling, ensuring a richer
representation of predictors for SII.



M O D E L  S E L E C T I O N  F O R  P R E D I C T I N G  S I I

https://www.kdd.org/kdd2016/papers/files/rfp0697-chenAemb.pdf

https://proceedings.neurips.cc/paper_files/paper/2017/file/6449f44a102fde848669bdd9eb6b76fa-Paper.pdf

https://www.kdd.org/kdd2016/papers/files/rfp0697-chenAemb.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/6449f44a102fde848669bdd9eb6b76fa-Paper.pdf


M O D E L  S E L E C T I O N  F O R  P R E D I C T I N G  S I I

Objective: Identify the most accurate model for predicting SII before addressing class imbalance.

Models Compared: Random Forest, XGBoost, and LightGBM.

Performance Results: LightGBM outperforms others with the highest accuracy of 87.11%.

Conclusion: LightGBM is the preferred choice for its superior performance in the preliminary evaluation.



H A N D E L L I N G  C L A S S  I M B A L A N C E

The dataset reveals a significant class imbalance in
the SII categories, with the majority of data points
concentrated in lower levels of internet addiction. 

Handling this imbalance is crucial to:

Ensure Model Accuracy
Improve Generalization
Fair Representation



C L A S S  I M B A L A N C E

Here is a list of techniques we used for
handling class imbalance:

Undersampling1.
SMOTE (Synthetic Minority Oversampling
Technique)

2.

Oversampling3.
Class Weights4.
ADASYN (Adaptive Synthetic Sampling)5.



H A N D E L L I N G  C L A S S  I M B A L A N C E

Challenge: Improving model performance by addressing data class imbalance.

Model Used: LightGBM (Gradient Boosting Framework)



D A T A  C O L L E C T I O N

Health Data
# 1

Collected easily accessible information like
Physical-BMI, Physical-Height, and Physical-
Weight.
Retrieved additional data from previous
medical records, including Physical-
Diastolic_BP and Physical-Systolic_BP.

.

Actigraphy Data
# 3

Collected through fitness bands, which classify
activity levels and patterns.

Screen Time Data
# 2

Used as a proxy for time spent sitting or lying
down (essentially no physical activity).
Primarily intended for verifying the data
collected from the actigraphy dataset.



I N F E R E N C E  O N  T H E  C O L L E C T E D  D A T A

The trained model classified all participants with an SII score of 3, indicating problematic internet
usage. This aligns with the observed average screen time of 8 hours 27 minutes, coupled with minimal
physical activity.



I N F E R E N C E  O N  T H E  C O L L E C T E D  D A T A



A G G R E G A T I N G  S H A P  V A L U E S

Focusing on Predicted Class
We have different plots for each class, analyzing this
can be bit tedius  so we will focus on the values of
only the predicted class. This graph shows the
contribution of features to the predicted class.

Chaos in Bee-swarm Plots
In the bee-swarm plot we do not see a clear
relationship between shap values and feature values
because features will have  different relationships
depending on the predicted class.



Our model, trained on both physiological and actigraphy data, streamlines
the tedious and complex conventional process of assessing problematic
internet usage. 
Following the assessment, we can provide timely interventions based on
relevant features to enhance the well-being of individuals.

I M P A C T



Thank you!


