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Abstract:

This study investigated whether facets offer greater predictive power than their domains in
predicting social media addiction among adolescents. A convenience sample of 343
participants completed the Bergen Social Media Addiction Scale and the revised version of
the Big Five. Using machine learning, two Extreme Gradient Boosting models (domain-
level-model and facet-level-model) were trained and tested, then evaluated based on their
amount of explained variance (R2) and their root mean square of error (RMSE). The results
showed that the domain-level-model (R2 = 0.0832, RMSE = 13.42) outperformed the facet-
level-model (R2 = 0.04, RMSE = 13.68) at predicting social media addiction, with Negative
Emotionality and Conscientiousness emerging as the strongest predictors, suggesting that
facets do not add a meaningful predictive value beyond their domains, and personality traits
alone might not be a strong predictor of social media addiction, at least in the current sample.
Further research on a larger, more representative sample and additional predictive factors is
recommended.

Keywords: Personality domains; Facets; Social media addiction; Adolescents; Machine
learning.
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R el plosials Lalyd) Sbld 2sbas¥l dllall e yie 1350

p3od| Joses
library(caret)
library(psych)
library(SHAPforxgboost)
library(ggplot2)
library(dplyr)
library(summaryTools)
library(janitor)

SULed Jeams
teens <- read.csv("teens.csv")

dim(teens)
##[1] 343 92

Badl pailbas
teens <- teens %>%
mutate(
Gender = factor(ndr, levels = c(1, 2), labels = ¢("Female", "Male")),
Age = factor(age, levels = c(1, 2, 3), labels = ¢("11-13", "14-16", "17-19")),
EdLVL = factor(ed, levels = c(1, 2, 3, 4,5, 6, 7),
labels = ¢("1st year secondary", "2nd year secondary", "3rd year secondary", "4th year secondary",
"1st year high™, "2nd year high™, "3rd year high")),
Platforms=rowSums(teens[, c("uses_Instagram"”, "uses_Discord", "uses_TikTok", "uses_YouTube",
"uses_Facebook","uses_Pinterest", "uses_Snapchat", "uses_Reddit",
"uses_Telegram", "uses_Twitter")]))

dfSummary(teens %>% select(Age, Gender, EdLVL, Platforms),
varnumbers = FALSE,
valid.col = FALSE,
style = "grid",
graph.magnif = 0.75)
## Data Frame Summary
## teens
## Dimensions: 343 x 4
## Duplicates: 335

##

#H +---------- e e e Fommmmmmmm e e Fo-mmmmm o +
## | Variable | Stats / Values | Fregs (% of valid) | Graph | Missing |
## +==========+=======================+====================+===============+=========+
## | Age | 1. 11-13 | 44 (12.8%) | 11 | @ |
## | [factor] | 2. 14-16 | 187 (54.5%) | TIITIIIIII | (0.0%) |
## | | 3. 17-19 | 112 (32.7%) | 1IIIII | |
##H +---------- B e e B +----- - -- +
## | Gender | 1. Female | 190 (55.4%) | IIIIIIIIIII | © [
## | [factor] | 2. Male | 153 (44.6%) | IIIIIIII | (0.0%) |
##H +---------- B e e B +----- - - - +
## | EdLVL | 1. 1st year secondary | 10 ( 2.9%) | | o [
## | [factor] | 2. 2nd year secondary | 16 ( 4.7%) | | (0.0%) |
## | | 3. 3rd year secondary | 31 ( 9.0%) | T [ |
## | | 4. 4th year secondary | 25 ( 7.3%) | T | |
## | | 5. 1st year high | 82 (23.9%) | TIII | |
## | | 6. 2nd year high | 123 (35.9%) | TIITIII | |
## | | 7. 3rd year high | 56 (16.3%) | 111 | |
#H +---------- L e e T e LT Fommmmmemmme e Fommmmmmmm e e o L +
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## | Platforms | Mean (sd) : 4.7 (1.2) | 1 2 ( 0.6%) | | o |
## | [numeric]| min < med < max: | 2 11 ( 3.2%) | [(0.0%) |
# | | 1<5+<8 | 3 : 39 (11.4%) | II | |
# | | TR (CV) : 2 (0.3) | 4 : 104 (30.3%) | IIIIII | |
# | | | 5 : 94 (27.4%) | IIIII | |
# | | | 6 : 77 (22.4%) | 1III | |
# | | | 7 : 14 ( 4.1%) | | |
# | | | 8 2 ( 0.6%) | | |
#H# +---------- G E S P e e et RSP EEE T I EEEE e == imm- - +

L.,cl.c».z.?‘zll G gl é‘}a oles! wleal g\.&l.dl Slud¥! (e Fazd!
BSMASt <- omega(teens[, c("SMA1", "SMA5", "SMAT7", "SMA11", "SMA13" "SMA16")], plot = F)
BSMASt$omega.tot

[1] 0.7896962

reverse_items <- c¢("item16", "item31", "item36", "item51", "item11", "item26",
"item17", "item47", "item22", "item37", "item12", "item42",
"item3", "item48", "item8", "item23", "item28", "item58",
"item4", "item49", "item9", "item24", "item29", "item44",
"item25", "item55", "item5", "item50", "item30", "item45")
teens <- teens %>%
mutate_at(vars(all_of(reverse_items)), ~ case_when(

Flei¥l olgill a8l g (los] ey de yall Silowdl (ST Slawd! § S5 Lad T ilarys ool
A Slad! il s ##

domains <- list(

Extraversion = ¢("item1", "item6", "item11", "item16","item21", "item26", "item31", "item36", "item41",
"item46", "item51", "item56"),

Agreeableness = ¢("item2", "item32", "item17", "item47", "item7", "item52", "item22", "item37", "item27",
"item57", "item12", “item42"),

Conscientiousness = c("item18", "item33", "item3", "item48", "item38", "item53", "item8", "item23", "item13",
"item43", "item28", "item58"),

NegativeEmotionality = c("item19", "item34", “item4", "item49", "item39", "item54", "item9", "item24",
"item14", "item59", "item29", "item44"),

OpenMindedness = c("item10", "item40", "item25", "item55", "item20", "item35", "item5", "item50",
"item15", "item60", "item30", "item45™))

for (trait in names(domains)) {
teens[[trait]] <- rovMeans(teens[, domains[[trait]]], na.rm = TRUE)}

facets <- list(

sociability = c("item1", "item16", "item31", "item46"),
assertiveness = c("item6", "item21", "item36", "item51"),
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energy_level = c("item11", "item26", "item41", "item56"),
compassion= c("item2", "item17", "item32", "item47"),
respectfulness = c("item7", "item22", "item37", "item52"),

trust = c("item12", "item27", "item42", "item57"),

organization = c("item3", "item18", "item33", "item48"),
productiveness = c("item8", "item23", "item38", "item53"),
responsibility = c("item13", "item43", "item28", "item58"),
anxiety = c("item4", "item19", "item34", "item49"),

depression = c("item9", "item24", "item39", "item54"),
emotional_volatility = c("item14", "item29", "item44", "item59"),
intellectual_curiosity = c¢("item10", "item25", "item40", "item55"),
aesthetic_sensitivity = c("item5", "item20", "item35", "item50"),
creative_imagination = c("'item15", "item30", "item45", "item60"))

for (trait in names(facets)) {
teens[[trait]] <- rowMeans(teens[, facets[[trait]]], na.rm = TRUE)}

FLeio¥! Liolgill a8l go oles] olede e 2SI dmyull ##

teens$SMAT <- rowSums(teens[, c("SMAL", "SMA5", "SMAT7", "SMA11", "SMA13" "SMA16")], na.rm =
TRUE)

dads clall paid |y oluall frasais Bugus bl ueld (Lad| ##
dataset <- teens[, 85:105]
eloel | il lg vl | &l il | aoyal #
X_domain <- dataset[, 1:5]

X_facet <- dataset[, 6:20]
y <- datasetsSMAT

JL.:.:.MJ £ 3>9 u-:)..\J.U & o> J! Q‘ALH." ducld p..uuu.al #

set.seed(123)
trainindex <- createDataPartition(y, p = 0.6, list = FALSE)

y_train <- y[trainIndex]
y_test <- y[-trainindex]

domain_train <- X_domain[trainindex, ]
domain_test <- X_domain[-trainindex, ]

facet_train <- X_facet[trainIndex, ]
facet_test <- X_facet[-trainIndex, ]

S &slad | C.:}u cuy #
set.seed(123)
domainmodel <- train(x = domain_train,
y =y_train,

method = "xgbTree",
trControl = trainControl(method = "repeatedcv",
number = 3,
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repeats = 2,
verboselter = FALSE),
tuneLenghth = 10)

e yall lowdl g3 gad oy #

set.seed(123)
facetmodel <- train(x = facet_train,
y =y _train,
method = "xgbTree",
trControl = trainControl(method = "repeatedcv",
number = 3,
repeats = 2,
verboselter = FALSE),
tuneLength = 10)

L) il alusiuls cas3geill slas | #

domaintesting <- predict(domainmodel, domain_test)
facettesting <- predict(facetmodel, facet_test)

rmse_domain_tuned <- sgrt(mean((y_test - domaintesting)”2))

r2_domain_tuned <- 1 - sum((y_test - domaintesting)”2) / sum((y_test - mean(y_test))"2)
rmse_facet tuned <- sqrt(mean((y_test - facettesting)”2))

r2_facet_tuned <- 1 - sum((y_test - facettesting)”2) / sum((y_test - mean(y_test))"2)

O~ S gued | elal (SVE-H] #

tuned_results <- data.frame(
Model = ¢c("Domains", "Facets"),
RMSE = c(rmse_domain_tuned, rmse_facet_tuned),
R2 = c¢(r2_domain_tuned, r2_facet_tuned))
print(tuned_results)

## Model RMSE R2
## 1 Domains 13.42796 0.08326721
## 2 Facets 13.68665 0.04760503

o dgeidl 3 Aealucs cilgal| AST e gMY

shap.plot.summary.wrapl(domainmodel$finalModel, as.matrix(domain_test)
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NegativeEmotionality | 3.326 g N g - Ap
Conscientiousness | 2.194 '.‘ - * 1
OpenMindedness | 1.153 * . i

Extraversion | 0.594 :"‘

Agreeableness | 0.435

T T t T T

-3 0 3 i
SHAP value (impact on model output)

Feature value |, High

shap.plot.summary.wrapl(facetmodel$finalModel, as.matrix(facet_test))

depression | 1.53ge0
organization | 1.698
emotional_volatility | 1.448
productiveness | 1.326 L b
energy_level | 0.847 i
aesthetic_sensitivity | 0.768
respectfulness | 0.503
compassion | 0.471
responsibility | 0.418
anxiety | 0.411
creative_imagination | 0.359
sociability | 0.357
trust | 0.332
assertiveness | 0.215
intellectual_curiosity | 0.149

25 0.0 25
SHAP value (impact on medel cutput)

Feature value | g, High
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