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ABSTRACT

The Philippines, in its pursuit of aligning its education system with
global standards, has participated in the Program for International Stu-
dent Assessment (PISA) which evaluates 15-year-olds' reading, scien-
tific, and mathematical proficiency. However, the 2022 PISA report
ranked Filipino learners among the lowest five in reading, science, and
mathematics. This study explores how ownership of technological de-
vices influences student performance in these domains. Using Ordinal
Logistic Regression, we analyze the 2022 PISA ordinal data for 7608
Filipino students. Results show a diminishing marginal return on aca-
demic achievement as device ownership increases. While initial access
to technology boosts performance, the effect weakens as students own
more devices. This trend is stronger among learners without siblings
and persists regardless of internal or external digital distractions. Find-
ings emphasize the need for balanced digital engagement. Rather than
restricting access or full enablement, families and policymakers should
focus on strategic technology use to enhance education, aligning with
Sustainable Development Goals for quality learning.

Keywords: Philippines, PISA 2022, Technological Devices, Academic
Performance, Ordinal Regression

Introduction

digital literacy and integrate technology into

Global digitalization trends have led to a
significant increase in device ownership among
school-aged children. In both developed and
developing countries, technological devices
like smartphones, tablets, and computers are
now generally accessible. Research indicates a
growing prevalence of these devices in educa-
tional contexts, facilitated by efforts to advance
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classrooms and learning centers (GEM Report
UNESCO, 2023). This increasing technology in-
tegration in education has sparked attention to
how digital devices improve digital literacy and
student achievement in content areas such as
science, math, and reading. Research consist-
ently shows that access to technological de-
vices can positively impact academic
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performance, especially when used appropri-
ately as educational resources. Studies such as
those by Fonseca et al. (2014) and Drain et al.
(2012) highlight this trend, signifying that tech-
nology can enhance learning by supporting
self-directed exploration and facilitating access
to technological resources.

Digital tools have been shown to support
academic performance by improving access to
information, enabling interactive learning ex-
periences, and enhancing digital skills (Pinto &
Leite, 2020). Nevertheless, the effects of device
use on academic achievement, especially in ar-
eas like science vary based on usage patterns
and access (F. Wang et al,, 2024), and external
factors such as socioeconomic status (SES)
(Ghimire, 2024).

Digital adoption in the Philippines, despite
the heavy use of the internet, generally lags be-
hind neighboring countries. Internet users in
the Philippines tripled from 23 million in 2010
to more than 73 million in 2020 which shows
the quick expansion of the Internet over the
past decade (World Bank, 2020). However, the
slow adoption of digital technology in the coun-
try can be traced to a number of reasons, such
as the high cost of the internet, uneven quality
of internet connection, and low level of compe-
tition in digital businesses. During the global
pandemic, a surge in the use of digital devices
was observed in the Philippines. The data
demonstrates that young people, including
learners, are the driving force behind the grow-
ing wuse of digital technology (Giray et al,
2024). Learners in Metro Manila have the high-
est usage of digital devices, with 96% adoption,
compared to Luzon at 64%, Visayas at 43%,
and Mindanao at 41% (Inquirer, 2021).

In spite of the benefits of digital learning, is-
sues regarding the prolonged use of these digi-
tal devices are common. Attia et al, in 2017
supports the notion that excessive exposure to
these devices may distract learners, reduce at-
tention spans, and lead to lower academic per-
formance. Overexposure can further cause de-
vice-induced dependencies that may replace
positive learning behaviors which may affect
subjects that require focus (Aprianti et al,
2022). The issue is intensified by digital dis-
traction, where learners with multiple devices
experience interruptions in academic routines

and reduced engagement with academic tasks,
as supported by a meta-analysis conducted by
Kosti¢ & Randelovi (2022). The socio-emo-
tional effects of device ownership, such as in-
creased anxiety (Rocha et al., 2023) or depend-
ence on digital validation (Tag et al., 2022),
have also raised questions about the unin-
tended consequences of technology-heavy en-
vironments, especially for young learners who
may still lack digital self-regulation skills
(Twenge et al,, 2018).

Additionally, the possibility of permanent
access with the use of digital technology may
result in an ‘always-on’ mentality, which can
lead to digital stress (Reinecke et al.,, 2017). Ac-
cording to Wrede et al., (2023), digital stress is
a term used to describe the negative effects of
overuse or excessive reliance on digital devices
and technology, including smartphones, lap-
tops, and other electronic devices. It may be a
common problem among learners who often
use technology for a variety of tasks such as
communication, research, and entertainment.
In the Philippines, parents and educators are
increasingly concerned about the significant is-
sue of excessive smartphone usage among ado-
lescents (Buctot et al, 2021). The COVID-19
pandemic has also contributed to digital stress,
as many Filipino students have had to shift to
online classes and may struggle with the lack of
in-person social support (Giray et al,, 2024).

Given these concerns, there is a crucial need
to explore how different levels of device own-
ership affect learning performance. The PISA
2022 data for the Philippines offers a unique
opportunity to examine these cases on a large
scale, providing insights into the relationship
between technology use and academic perfor-
mance among Filipino learners. Furthermore,
research has not fully explored how device
ownership interacts with individual factors
such as the number of siblings or the vulnera-
bility of learners to distractions, whether inter-
nal (learners get distracted by using digital re-
sources) or external (learners get distracted by
other learners who are using digital resources).

The primary objective of this study is to de-
termine the relationship between device own-
ership and academic achievement in science,
math, and reading using the PISA 2022 dataset.
Specifically, this research aims to identify the
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point at which increased ownership and access
to devices begin to yield diminishing returns on
students’ academic performance. This study
contributes to the literature on educational
technology by empirically examining diminish-
ing returns in digital device ownership, a rela-
tively unexplored area with practical implica-
tions for policy and educational planning. It
seeks to bridge the gap in understanding the
optimal level of device ownership that en-
hances academic performance without intro-
ducing negative effects. Furthermore, this re-
search may inform policymakers and educators
about the potential drawbacks of over-depend-
ence on digital devices in education. By identi-
fying the conditions under which technology
enhances or hinders learning, this study sup-
ports the development of balanced approaches
to integrating digital tools into the curriculum

Methodology
Sampling Method and Data Gathered

The data utilized in this study were ob-
tained from the Program for International Stu-
dent Assessment (PISA) 2022 results facili-
tated through the Philippines' Department of
Education. PISA is a globally recognized assess-
ment program that measures 15-year-old stu-
dents' academic competencies across reading,
mathematics, and science domains while also
gathering socio-demographic information.

The data was sampled via two-stage ran-
dom sampling, a form of probability sam-
pling used to ensure representation and re-
duce sampling bias. In the first stage, schools

were randomly selected across different re-
gions in the Philippines. In the second stage, el-
igible students from the selected schools were
randomly chosen to participate in the PISA as-
sessment. This method ensures that all stu-
dents within the population have an equal and
independent chance of being included in the
sample, enhancing the generalizability of the
results. This also assures there are group inde-
pendence and independence of observations.
The paper then analyzed a sample size of 7608
students studying in the Philippines, including
both male and female respondents. The scope
of the sample is limited to students within the
Philippines, ensuring the research findings are
reflective of the local educational landscape.
This specific age group was chosen as PISA tar-
gets students nearing the end of compulsory
education, providing a critical snapshot of their
academic abilities and learning contexts.

The nature of the data collected and ana-
lyzed in this study are aggregately shown in Ta-
ble 1,

Table 2, and Table 3; To properly utilize an
ordinal regression, the total raw score for each
subject was transformed into ordinal data by
slicing them into quartiles to create the Total
Ordinalized Score (DV). The slicing was done in
quartiles to eliminate any possibility of the
Hauck-Donner effect (Gnona & Stewart, 2022;
T.W. Yee, 2022)

Table 1. Ordinal Dependent Variable with corresponding quartiles

Dependent Variables Code 1 2 3 4
Total Ordinalized Scores in Math DV_MATHq Q4 (Bottom Q3 Q2 Q1 (Top
25%) 25%)
Total Ordinalized Scores in Reading DV_READq Q4 (Bottom Q3 Q2 Q1 (Top
25%) 25%)
Total Ordinalized Scores in Science DV_SCIEq Q4 (Bottom Q3 Q2 Q1 (Top
25%) 25%)

Table 2 Ordinal Independent Variable with corresponding scale

Dependent Variables Code 1 2 3 4

Televisions V1 None 1lor2 3-5 Morethan5
Desktop Computers I\ None 1lor2 3-5 Morethan5
Laptop Computers 1v3 ~ None lor2 3-5 Morethan5
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Dependent Variables Code 1 2 3 4
Tablets (e.g. iPad®, BlackBerry® V4 None 1lor2 3-5 Morethan5
Playbook™)

E-book readers (e.g. [Kindle™], [Kobo], IV5 None lor2 3-5 Morethan5
[Bookeen])

Cell phones with Internet access (i.e. IV6 None lor2 3-5 Morethan5

smartphones)

Table 3 Other Variables with questionnaires and possible answers in Likert scale

Other Variables Code 1 2 3 4
Number of Siblings SIB None One Two Three or
“How many siblings (including more
brothers, sisters, step-brothers,

and step-sisters) do you have?”

Endogenous Distraction DIST_ENDO Every Most Some  Never or al-
“Students get distracted by using lesson lessons lessons  most never
[digital resources] (e.g.

smartphones, websites, apps)”

Exogenous Distraction DIST_EXO Every Most Some  Never or al-
“Students get distracted by other lesson lessons lessons  most never

students who are using [digital
resources| (e.g. smartphones,
websites, apps)”

Calculations and Models

This study employed a structured statistical
approach to analyze the relationship between
device ownership and academic performance.
First, the Jonckheere-Terpstra Test was used to
detect trend relationships among ordinal vari-
ables, following established methodologies
(Davidov & Peddada, 2013; Lahcene, 2015; Pi-
rie, 2006). All statistical assumptions of the
Jonckheere-Terpstra Test were considered and
were satisfied. Next, this study applied an Ordi-
nal Logistic Regression model instead of linear
regression, as PISA data are ordinal rather than
continuous; furthermore, ordinal regression
models can better handle non-linear relation-
ships and varying dispersion effects, which are
often ignored in linear models, this can lead to
more accurate and unbiased estimates (Tutz &
Berger, 2017). Compared to linear regression,
ordinal regression requires a link function in
which this paper explored logit and probit link
functions to determine which is the most ap-

propriate for this study. After these compara-
tive analyses, the proportional odds assump-
tion was tested using the Brant Test (Dolgun &
Saracbasi, 2014).

As this assumption was violated, this paper
follows the prescription of (Rodriguez-Arelis et
al,, 2024) and implemented a Generalized Mul-
tiple Ordinal Logistic Regression (GOLR) to ac-
commodate the non-proportional odds struc-
ture of the data; also, the generalized ordinal lo-
gistic regression model can incorporate differ-
ent link functions by adjusting parameters, al-
lowing it to reproduce various link functions
such as logit and probit (Fernandez-Navarro,
2017) making this type of regression statisti-
cally robust (Lu et al.,, 2022). Lastly, to deter-
mine which devices are most critical for aca-
demic performance, this study followed the
methods of Behnamian et al. (2017) and em-
ployed a Random Forest algorithm to evaluate
variable importance through node significance.
Table 4 shows the major regression models
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used in this study and was calculated using R
programming (Xu et al, 2016) via R studio
(Gunawanetal., 2018) due toits reputation and

Table 4. Regression Models

Model Name DV IV
Model_101P DV_MATHq
Model_101L DV_MATHq
Model_102P DV_READq
Model_102L DV_READq
Model_103P DV_SCIEq
Model_103L DV_SCIEq
Model_301 DV_MATHq
Model_302 DV_READq
Model_303 DV_SCIEq
Model 901 DV_MATHr
Model 902 DV_READr
Model 903 - DV_SCIEr

precision in research (Tang & Ji, 2014) via R-
Studio. Table 5 shows the core R packages.

Statistical Test

IV1,1V2,IV3,1V4, IV5,1V6
IV1,1V2, IV3,1V4, IV5, IV6
IV1,1V2,1V3,1V4,1V5,1V6
IV1,1V2,IV3,1V4, IV5, IV6
IV1,1V2,1V3,1V4, IV5,1V6
IV1,1V2,1IV3,1V4, IV5,1V6
IV1,1V2,IV3,1V4, IV5, 1V6
IV1,1V2,1V3,1V4,1V5,1V6
IV1,1V2,IV3,1V4, IV5,1V6
IV1,1V2,1V3,1V4, IV5,1V6
IV1,1V2,1V3,1V4, IV5,1V6
IV1,1V2,1V3,1V4, IV5, 1IV6

Ordinal Logistic Regression - probit
Ordinal Logistic Regression - logit
Ordinal Logistic Regression - probit
Ordinal Logistic Regression - logit
Ordinal Logistic Regression - probit
Ordinal Logistic Regression - logit
Generalized Ordinal Logistic Regression
Generalized Ordinal Logistic Regression
Generalized Ordinal Logistic Regression
Random Forest

Random Forest

Random Forest

Table 5 Calculation with the corresponding R-package

Core Calculation

Jonckheere Terpstra Test

[Ordinary] Ordinal Logistic Regression
Probit vs Logit Testing

Brant-Wald Test

Generalized Ordinal Logistic Regression
Random Forest (Decision Regression)

Results
Descriptive Statistics

The descriptive statistics provide an over-
view of the distribution of academic perfor-
mance scores across different quartiles and
score scales. Mathematics, Reading, and Sci-
ence scores exhibit a clear upward trend across
quartiles, with mean and median values align-
ing closely, indicating a relatively symmetric
distribution (Table 6 and

Table 7). Students in the top quartile (Q1)
consistently achieve scores nearly double those
in the bottom quartile (Q4), highlighting a sig-
nificant performance gap.

Table 7 presents the frequency distribution
of scores categorized into six scales, revealing
that the majority of students score between
2000 and 4000, with very few achieving be-
yond 5000 points. Science exhibits the highest
proportion of high achievers, with 8 students

Core R-Package

“PMCMRplus” (Pohlert, 2024)

“MASS” (Venables & Ripley, 2002)
“pscl” (Simon Jackman, 2017/2024)
"brant" (Schlegel & Steenbergen, 2020)
“VGAM” (T. Yee et al,, 2024)

~ “randomForest” (Liaw & Wiener, 2002)

surpassing 6000 points, whereas Mathematics
lacks any students in this range.

Regarding device ownership (Table 8), tel-
evisions are the most commonly available de-
vices, with over 80% of students having at least
one at home. In contrast, desktop computers
are the least owned, with over 70% of students
lacking access to one. Tablets, e-book readers,
and smartphones show similar distribution
patterns, with 1 to 2 devices being the most
common category. Finally, the correlation ma-
trix (Table 9) reveals notable relationships be-
tween device ownership and academic perfor-
mance. Smartphones show the highest positive
correlation (0.4) with all three academic do-
mains, while e-book readers exhibit a slight
negative correlation (-0.2), suggesting poten-
tial differences in utility. Other devices, such as
laptops and tablets, display weaker correla-
tions (0.2-0.3), indicating their effect may be
more context-dependent.
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Table 6 Frequency Distribution for Dependent Variable with Quartile Scoring

Dependent Variable Q4 Q3 Q2 Q1 Mean Median
(Bottom 25%) (Top 25%)
Total Scores in Math 3,215.44 3,585.62 4,058.24  5953.28 3,666.80 3,585.62
Total Scores in Reading 3,042.62 3,523.77 4,160.69  6,190.20 3,626.34 3,523.77
Total Scores in Science 3,151.16 3,560.61 4,148.44 6,771.98 3,690.13 3,560.61
Table 7 Frequency Distribution for Dependent Variable with Scales of Scores
Dependent Variable 1000 2000 3000 4000 5000 6000 TOTAL
or or or or or or
more more more more more more
Total Scores in Math 0 311 1496 625 64 0 2496
Total Scores in Reading 7 573 1142 630 139 5 2496
Total Scores in Science 0 402 1334 634 118 8 2496
Table 8 Frequency Distribution for Independent Variable with Scales of Quantity
Independent Variables None 1to2 3to5 6 or more
Television(s) 295 2050 126 25
Desktop Computer(s) 1799 627 48 22
Laptop Computer(s) 986 1264 163 83
Tablet(s) 1634 765 72 25
E-book reader(s) 2081 323 47 45
Smartphone(s) 228 1066 688 514
Table 9 Correlation Matrix
Code 1 2 3 4 5 6 7 8 9
Dependent Variables
1. Total Scores in Math DV_MATH 1.0
2. Total Scores in Reading DV_READ 0.8 1.0
3. Total Scoresin Science  DV_SCIE 0.8 0.8 1.0
Independent Variables
4. Television(s) V1 0.2 0.2 0.2 1.0
5. Desktop Comp(s) I\ 0.2 0.2 0.2 0.2 1.0
6. laptop Comp(s) IV3 0.2 0.2 0.2 02 04 1.0
7. Tablet(s) V4 0.1 0.1 0.1 02 03 03 10
8. eBook Reader(s) IV5 -0.2 -02 -02 00 01 01 02 1.0
9. Smartphone(s) 1vVé 04 04 04 03 03 03 02 00 10

Jonckheere Terpstra Test Results

The Terpstra test Results favor the trend re-
lationship of the Devices (IVs) towards the To-
tal Ordinalized Score (DV) with respect to
Mathematics, Reading, and Science. Table 10
provides the relationship between access to
various technological presence and sibling
presence or academic performance in Mathe-
matics, Reading, and Science.

Significant negative relationships were ob-
served between the presence of siblings and ac-
cess to televisions, desktop computers, laptops,
and tablets, as indicated by negative Z-values
and statistically significant p-values (p < 0.05).
This suggests that families with more siblings
tend to have fewer of these devices.
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Table 10 Jonckheere Terpstra Test Results

Comparison Z Value P. Value Adj. P. Value
Siblings and...

...Television (2.50) 0.01 0.01**
...Desktop Computer (5.73) 0.00 0.00%**
...Laptop Computer (2.55) 0.01 0.01**
...Tablet (3.68) 0.00 0.00%**
...eBooks 2.14 0.03 0.03*
..Smartphone (1.89) 0.06 0.06
Math Scores and...

...Television 7.93 0.00 0.00%**
...Desktop Computer 8.79 0.00 0.00%**
...Laptop Computer 8.36 0.00 0.00%**
...Tablet 3.75 0.00 0.00%**
...eBooks (8.51) 0.00 0.00%***
..Smartphone 18.86 0.00 0.00%**
Reading Scores and

...Television 9.70 0.00 0.00%**
...Desktop Computer 8.84 0.00 0.00%**
...Laptop Computer 8.56 0.00 0.00%**
...Tablet 4.66 0.00 0.00***
...eBooks (9.45) 0.00 0.00%**
...Smartphone 21.79 0.00 0.00%**
Science Scores and...

...Television 8.55 0.00 0.00%**
...Desktop Computer 8.75 0.00 0.00%**
...Laptop Computer 8.14 0.00 0.00***
...Tablet 4.70 0.00 0.00%**
...eBooks (8.80) 0.00 0.00%**
...Smartphone 19.97 0.00 0.00***

In contrast, access to eBooks was positively
related to sibling presence (p = 0.03), while
smartphones with internet access showed no
significant association (p = 0.06). These find-
ings indicate that while the presence of siblings
limits access to conventional devices, eBooks
might be more prevalent in larger households
and higher socio-economic status.

A consistent pattern emerges across Math-
ematics, Reading, and Science when determin-
ing the relationship between device access and
academic performance. Positive relationships
were found between academic performance
and access to televisions, desktop computers,
laptops, and tablets, all of which demonstrated
highly significant Z-values and p-values (p <

0.01). However, eBooks showed a consistent
negative relationship with performance in all
domains, with strong negative Z-values sug-
gesting they may not be as effective in support-
ing academic outcomes. Smartphones with in-
ternet access exhibited the strongest positive
relationship, especially for Reading (Z = 21.79,
p<0.01).

The findings indicate that access to devices
such as televisions, computers, and
smartphones is positively related to higher ac-
ademic achievement, while eBooks appear to
have a negative effect. For families with more
siblings, reduced access to technological de-
vices shows potential inequities in resource
distribution. Furthermore, the consistent

IJMABER

977 Volume 6 | Number 2 | February | 2025



Martos & Jose, 2025 / Diminishing Marginal Utility of Technological Devices toward Academic Performance in Mathematics, Reading, and Science

negative relationship of eBooks with academic
achievement requires further research to de-
termine whether this is due to content quality,
usability, or other factors related to learning
preference.

Initial Ordinal Regression Results
Based on the fitness model analysis shown
on Table 11, this paper utilized the probit link

and Akaike Information Criterion. G2 values
were taken with precaution as prescribed by
Maydeu-Olivares (2006). The Brant-Wald test
encountered sparsity in certain dependent and
independent variable combinations. While this
may introduce some instability, the overall test
results still suggest the parallel regression as-
sumption holds as all independent variables
satisfy the Brant-Wald test assumptions (Gel-

function since it has better values for log-likeli- man et al., 2008).

hood, Null log-likelihood, Residual Deviances,

Table 11 [Ordinary] Ordinal Regression (Logistic vs Probit) — Results on Quasi R"2

Regression Model Code: 101P 101L 102P 102L 103P 103L
(Probit) (Logit) (Probit)  (Logit) (Probit)  (Logit)
Fitness of Model
LLH (log-likelihood) (3,110) (3,112) (3,068) (3,068) (3,113) (3,114)
LLH Null (intercept-only) (3,460) (3,460) (3,460) (3,460) (3,460) (3,460)
G2 699.52  695.44 784.57 783.87 695.15 692.27
Residual Deviance 6220.86 6224942 6135.813 6136.509 6225.236 6228.113
Akaike Information Criterion 6262.86 6266.942 6177.813 6178.509 6267.236 6270.113
Pseudo R-Squared
McFadden 0.1011  0.1005 0.1134 0.1133 0.1004 0.1000
Maximum likelihood 0.2444  0.2432 0.2697 0.2695 0.2431 0.2422
Cragg-Uhler (Nagelkerke) 0.2607  0.2594 0.2877 0.2875 0.2593 0.2584
Brant-Wald Test p-values result
Omnibus 0.00 ***  0.00 ***  0.00 *** 0.00 *** 0.00 *** 0.00 ***
TV Linear (L.) 0.58 0.80 0.29 0.58 0.80 0.29
TV Quadratic (Q.) 0.93 0.35 0.31 0.93 0.35 0.31
TV Cubic (C.) 0.74 0.29 0.27 0.74 0.29 0.27
Desktop Comp. L. 0.05* 0.08 0.50 0.05* 0.08 0.50
Desktop Comp. Q. 0.92 0.65 0.95 0.92 0.65 0.95
Desktop Comp. C. 0.55 0.67 0.86 0.55 0.67 0.86
Laptop Comp. L. 0.81 0.75 0.17 0.81 0.75 0.17
Laptop Comp. Q. 0.06 0.02 * 0.04 0.06 0.02 * 0.04
Laptop Comp. C. 0.00 *** 0.16 0.06 0.00 0.16 0.06
Tablets C. 0.72 0.72 0.35 0.72 0.72 0.35
Tablets Q. 0.31 0.24 0.41 0.31 0.24 0.41
Tablets C. 0.27 0.76 0.32 0.27 0.76 0.32
E-book readers L. 0.76 0.19 0.12 0.76 0.19 0.12
E-book readers Q. 0.09 0.23 0.83 0.09 0.23 0.83
E-book readers C. 0.09 0.18 0.17 0.09 0.18 0.17
Smartphone L. 0.76 0.05* 0.53 0.76 0.05* 0.53
Smartphone Q. 0.21 0.25 0.16 0.21 0.25 0.16
Smartphone C. 0.48 0.84 0.37 0.48 0.84 0.37

Generalized Ordinal Logistic Regression Re-
sults

The Brant Test results show omnibus were
significant, indicating that the proportional

odds assumption holds in the ordinal regres-
sion.; therefore, this study employed General-
ized Ordinal Logistic Regression (GOLR) as sug-
gested in the paper of Rodriguez-Arelis et al.
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(2024). The results from the GOLR models
(Models 301P, 302P, and 303L) reveal con-
sistent quadratic (Q.) and cubic (C.) behavior
across most predictors as shown in Table 12.
This indicates that the relationships between

the independent variables and the dependent
ordinal outcomes are non-linear, with effects
increasing to a peak before tapering off or re-
versing.

Table 12. Generalized Ordinal Logistic Regression Models Aggregate Results

B‘;:g‘(;‘;?;‘;‘; 301P g4, 302P g, 303L  Std.
\ ) Er- P.value Er- P.value Er- P.value
Variables Est. ror Est. ror Est. ror

Intercept: 1
Quartile 4 | Quartile 3 0.21 0.12 0.09 0.18 0.12 0.12 0.31 0.22 0.16
Intercept:2
Quartile 3 | Quartile 2 1.01 0.13 0.00** 1.00 0.12 0.00** 1.64 0.22  0.00 ***
Intercept:3
Quartile 2 | Quartile1 1.81 0.13 0.00** 181 0.12 0.00** 298 0.22  0.00 ***
TV Linear (L.) 0.18 0.18 0.32 0.18 0.18 0.31 0.39 0.31 0.20
TV Quadratic (Q.) 0.75 0.14 0.00** 0.71 0.14 0.00*=* 1.20 0.24  0.00 ***
TV Cubic (C.) 0.30 0.09 0.00** 0.21 0.09 0.02* 0.53 0.16  0.00 ***
Desktop Comp. L. 0.29 021 0.17 0.19 0.20 035 0.87 0.38 0.02
Desktop Comp. Q. 0.42 0.18 0.02* 0.33 0.17 0.05* 1.09 0.32  0.00 ***
Desktop Comp. C. 0.07 0.14 0.62 (0.03) 0.13 0.83 0.31 0.23 0.18
Laptop Comp. L. 0.11 0.10 0.26 0.11 0.10 0.26 0.00 0.17 099
Laptop Comp. Q. 0.39 0.09 0.00** 0.34 0.09 0.00** 0.48 0.14  0.00 ***
Laptop Comp. C. 0.28 0.07 0.00** 0.24 0.07 0.00*< 0.35 0.12  0.00 ***
Tablets C. 0.89 0.20 0.00** 0.62 0.19 0.00** 1.18 0.33  0.00 ***
Tablets Q. 0.38 0.15 0.01* 0.28 0.15 0.06 0.55 0.25 0.03*
Tablets C. (0.04) 0.11 0.70 (0.02) 0.11 0.83 (0.13) 0.19 047
E-book readers L. 0.36 0.13 0.01 0.49 0.13  0.00** 0.63 0.22  0.00 ***
E-book readers Q. (0.42) 0.13 0.00** (0.44) 013 0.00** (0.86) 0.22 0.00 ***
E-book readers C. (0.12) 0.13 0.35 (0.13) 013 031 (0.32) 0.22 0.5
Smartphone L. (0.92) 0.07 0.00** (1.07) 0.07 0.00** (1.53) 0.11 0.00 ***
Smartphone Q. 0.20 0.05 0.00** 0.25 0.05 0.00* 0.23 0.09 0.01 **
Smartphone C. 024 0.04 0.00™ 023 0.04 0.00** 037 0.07 0.00 ***

For predictors such as TV usage, desktop
computers, and tablets, the quadratic terms
were highly significant (P < 0.05), while the lin-
ear terms (L) were often non-significant,
demonstrating that linear approximations
alone do not adequately capture these relation-
ships. The cubic terms (C.) were occasionally
significant, suggesting that only some varia-
bles, such as laptops and smartphones, exhibit
more complex interactions. The intercepts,
representing thresholds between outcome

categories, were significant across all models,
supporting the ordinal distinctions in the de-
pendent variables. Hauck-Donner effects were
not detected, indicating stable parameter esti-
mates. While both probit (301P, 302P) and
logit (303L) link functions yielded consistent
findings, the logit link was slightly more sensi-
tive to cubic behavior. These results suggest
that a quadratic model, supplemented with se-
lective cubic terms, provides the best balance
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between parsimony and explanatory power for
these ordinal data.

Random Forest Result

The Random Forest regression results
demonstrate comparable explanatory power to
the findings from the Generalized Ordinal Lo-
gistic Regression models, with moderate levels
of variance explained (%Var explained,

Table 13 Random Forest Statistical Goodness of Fit

R2R"2R2). Across models 901, 902, and 903,
the R2R"2R2 values range from 26.52% to
30.03%, indicating that while the Random For-
est algorithm captures a significant portion of
the variability in the dependent variable, there
is substantial unexplained variance, likely at-
tributable to factors not included in the models
or inherent data complexity.

Regression Model Code Number of Trees No. split % Var explained (R"2)

901 10000 263673 27.17

902 10000 441167 30.03

903 10000 378329 26.52
Discussion revealing that initial device ownership im-
Insights from Generalized Ordinal Logistic proves academic performance, but excessive
Regression use leads to negative effects. Different devices

The findings consistently demonstrate the
Law of Diminishing Marginal Returns of Utility,

Table 14 Summary of Findings

exhibit varying degrees of impact.

Device Key Findings

Real-World Applications

TV More TVs at home are signifi-

cantly lower academic per-
formance

Schools and parents should minimize
passive screen time and promote in-
teractive educational content.

Desktop Comp-uters

Initial ownership benefits
students, but overuse has
drawbacks.

Schools should provide structured
computer-based learning programs
to maximize educational value

Laptop Comp-uters

Performance declines signifi-
cantly with increased usage.

Schools should limit non-educational
laptop use and train students in effec-
tive digital study habits.

Tablets

Early declines in academic
scores, slight improvement at
extreme usage.

Blended learning approaches should
be used to integrate tablets for educa-
tional purposes, ensuring controlled
use.

E-book Readers

Initially, unhelpful, but mod-
erate use improves academic
outcomes.

E-book readers should be integrated
into literacy programs to encourage
focused reading habits.

Smart-phones (with
Internet access)

Helpful at low levels, but ex-
cessive use harms academic
performance.

Schools and parents should enforce
screen time regulations and pro-
mote academic app usage over en-

~ tertainment.

In comparative analysis, TVs and laptops
support the idea of diminishing returns in aca-
demic performance. A negative impact was ob-
served for TVs with initial ownership, but

academic performance declined significantly as
the number of TVs increased. This may be be-
cause excessive screen time reduces study
hours or replaces educational activities with
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entertainment. Similarly, laptops did not have a
strong effect at first, but as ownership in-
creased, academic performance dropped. This
suggests that students might not be using lap-
tops primarily for learning but for non-aca-
demic purposes like gaming or social media.
Tablets and desktop computers showed more
complex patterns. Tablets initially had a strong
negative effect, meaning more tablets generally
correlated with lower academic scores;
however, a minor improvement appeared
when the number of tablets was very high.
Desktop computers also showed an initial de-
cline in academic performance, but this decline

eventually stabilized, likely because desktops
are used for both schoolwork and entertain-
ment but remain in shared spaces where usage
may be monitored.

These findings suggest that while digital de-
vices can be beneficial, excessive ownership
may lead to distractions, reducing their posi-
tive impact on learning. To maximize their ben-
efits, schools, and parents should encourage
structured screen time, promote educational
software over entertainment apps, and ensure
that digital devices are used in a controlled
learning environment rather than for passive
consumption.

Table 15 Decision Regression Results (via Random Forest)

% Inc Inc Node
MSE Purity
Regression Model
Code: 3010 3020 3030 3010 3020 3030
Dependent Variable
Total Scores in... MATH READ SCIE MATH READ SCIE
Independent Variable
Television(s) 24,296 11,229 13,157 57,438,082 28,552,606 34,911,083
Desktop Computer(s) 36,200 21,399 28,097 58,514,873 32,508,647 50,555,965
Laptop Computer(s) 27,621 17,696 24,117 61,689,590 35,849,471 54,441,995
Tablet(s) 15,299 9,663 10,447 43,924,206 25,132,142 34,153,183
Smartphone(s) 38949 20942 31,117 69,261,758 35,338,884 50,043,349
eBook Reader(s) 210,959 112,823 147,623 279,625,664 144,137,596 198,689,619

Insights from Random Forest

The results from the Decision Regression
analysis using Random Forest provide robust
statistical insights into the relationship be-
tween different devices owned and their im-
pact on total academic scores in Mathematics,
Reading, and Science. The % Inc MSE (Mean
Squared Error) metric indicates the relative
importance of each device in predicting the de-
pendent variable, with higher values denoting
greater predictive significance. Among the de-
vices, eBook Readers emerge as the most signif-
icant predictor across all academic domains,
showcasing the highest % Inc MSE scores:
211,024 for Mathematics, 112,562 for Reading,
and 146,823 for Science. These findings align
with the Inc Node Purity metric, which

measures the reduction in residual impurity at-
tributable to splits involving the device. Here,
eBook Readers again dominate, achieving Inc
Node Purity values of 281,787,124 for Mathe-
matics, 143,305,879 for Reading, and
197,893,410 for Science. The Generalized Ordi-
nal Logistic Regression analysis corroborates
these findings, indicating a U-shaped relation-
ship for eBook Readers, highlighting their
unique non-linear impact on academic perfor-
mance, while most other devices exhibit a
downward trend. These statistical results un-
derscore each device's nuanced role in shaping
educational outcomes. Interestingly, other de-
vices such as Smartphones and Desktop Com-
puters also show moderate importance, partic-
ularly in Mathematics, with notable Inc Node
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Purity values of 69,503,861 and 57,854,126, re-
spectively. In contrast, Tablets consistently
rank lower in both metrics while Televisions
are the lowest, suggesting these devices have a
less pronounced role in influencing positive ac-
ademic performance.

Insight from Box Plots

Throughout all box plot analyses, a dimin-
ishing marginal return of utility is evident to al-
most all devices, with the exception of
smartphones.

Television(s)

Figure 1 shows a strong diminishing return
for television; external distractions on learners
are less pronounced in terms of decreased per-
formance. This strong negative effect of TV is
congruent with the literature that shows heavy
TV viewers tend to have poorer academic
achievement and mathematical reasoning
(Shejwal & Purayidathil, 2006) Additionally,
watching more than two hours of television per
day at a young age can lead to lower perfor-
mance in reading and numeracy (Mundy et al.,
2020). Although educational TV shows have a
positive effect on a child (Supper et al., 2022),
this downward trend suggests TV shows in the
Philippines are not positive towards the scho-
lastic well-being of students.

Desktop Computer(s)

The box plot in Figure 2 shows the interac-
tion between the number of desktop computers
at home, student performance, and levels of in-
ternal and external distractions during lessons.
These findings support old (Fairlie et al., 2010)
studies and current (Djinovic & Giannakopou-
los, 2024) studies that home computers pro-
vide ease of completing school assignments
and reducing nonproductive activities. Sec-
ond, box plot analysis also shows that learners
with 1 or 2 desktop computers consistently
achieve higher scores than those without com-
puters or those with more than five desktop
computers. This result is similar to the field
study of Fairlie & Robinson (2013) where they
found no significant effects on grades, test
scores, or other educational metrics despite in-
creased computer ownership. Lastly, higher
distraction levels (every lesson) correspond to

lower scores across all ownership categories
while minimal distractions yield (never or al-
most never) yield the highest scores, especially
for learners with 1 or 2 computers, suggesting
unrestricted computer use can negatively af-
fect grades (Kutzhan et al., 2023).

Laptop Computer(s)

Accounting distraction, box plot analysis
(Figure 3) shows learners with 1 or 2 laptops at
home generally achieve higher scores while
learners with no laptops generally perform the
worst; this is similar to the findings of Reisdorf
et al, (2020) that laptop ownership can be ben-
eficial, particularly for students who do not
have one, which has implications for university
policies on providing access to laptops. A di-
minishing return becomes present when the
number of laptops owned per person increases,
suggesting the ideal number of owned laptops
is 1 or 2. For instance, learners with more than
five laptops tend to perform worse, possibly
due to overexposure leading to inefficiency or
distraction. Lower distraction levels (never or
almost never) are linked with better scores, es-
pecially for students with one or two laptops.
High endogenous distraction levels (every les-
son) negatively affect performance across all
laptop ownership categories. This can be ex-
plained by the studies of Ravizza et al., (2017)
where nonacademic internet use on laptops
during class is common and inversely related to
class performance, even after accounting for
motivation, interest, and intelligence.

Tablet(s)

Initially, academic performance tends to in-
crease with 1 to 2 tablets. However, as the num-
ber of tablets increases (3-5 or more than 5),
this benefit plateaus or even declines across
most distraction levels. Higher distraction lev-
els correspond to reduced academic perfor-
mance, even with an optimal number of tablets.
Learners with fewer distractions maintain rel-
atively consistent performance regardless of
tablet ownership, though the diminishing re-
turns trend remains visible. The dampening ef-
fect of distraction may be attributed to the high
motivation and engagement of students in the
learning process and watching educational vid-
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eos as the touch screen size is bigger as com-
pared to smartphones (Rahali et al, 2023).
Learners with no tablets often perform simi-
larly to those with excessive devices, indicating
that owning more tablets does not guarantee
higher scores.

e-book reader

E-book readers, although positive, have the
weakest additional positive effect on learners
and have the lowest maxima in the curvature of
diminishing marginal return among all devices;
more so, learners with no e-book readers often
perform at least the same as those with e-book
readers. This implies that while e-books may
increase engagement, they do not necessarily
translate to better academic performance on
their own. This is analogous to the findings of
Sattar Chaudhry (2014), where his experiment
with fourth-grade students shows that stu-
dents enjoyed reading e-books more than pa-
perback, but the difference in comprehension
levels was not significant. Nonetheless, interac-
tive e-books, which include multimedia and an-
notation features, have been shown to improve
learning outcomes and engagement in various
subjects (Lai et al.,, 2017); thus, the authors of
this paper deduced that the weak effect of e-

book readers among Filipino students is due to
the lack of an “artificially intelligent e-text-
book” such as those of e-books of McGraw-
Hill's Smartbook (Badir et al, 2023) and Cen-
gage’'s MindTap (Mafunda & Swart, 2020)
where the learners can prompt queries to the
e-book itself to understand further complex
topics.

Smartphones

Among all devices, the ownership of
smartphone device(s) has the most favorable
results as it has the biggest compounding posi-
tive effect on academic performance and the
highest maxima should it exhibit the law of
marginal return of utility. This finding is similar
to the study of ]. C. Wang et al,, (2023) where
frequent smartphone use among elementary
students can lead to better academic perfor-
mance due to increased access to learning re-
sources and educational apps that enhance
learning effectiveness. Nonetheless,
smartphones can be a source of distraction, di-
verting students' attention away from aca-
demic tasks. This is particularly evident in
older students, where in-class smartphone use
negatively correlates with grades (Abd. Rashid
et al,, 2020; Bjerre-Nielsen et al., 2020).

Performance and Television{s) with Internal and External Distractions
Graph shows a Diminishing Marginal Retum of Television(s) across criteron
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Performance and Desktop Computer(s) with Internal and External Distractions
Graph shows a Diminishing Marginal Retum of Dasktop Computer{s) across criterion
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Performance and Laptop Computer{s) with Intemal and External Distractions
Graph shows a Diminishing Marginal Retum of Laptep Computeris) across criterion
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Performance and Smartphones with Internal and External Distractions
Graph shows a Diminishing Marginal Retum of Smanphenes across eriterion
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Conclusion
Explored Theories

This study highlights the Law of Marginal
Return of Utility in the context of digital de-
vices and academic performance, demonstrat-
ing that while access to technology can enhance
learning, excessive or improper use may lead to
diminishing returns. The effects of digital de-
vices vary across subjects, with math and sci-
ence being more sensitive to device availability
and type, whereas reading exhibits more subtle
trends.

Applying Distraction-Conflict Theory,
this research distinguishes between endoge-
nous distractions (self-induced, e.g, using
smartphones for non-academic purposes) and
exogenous distractions (external, e.g., being
distracted by others using devices). The find-
ings suggest that exogenous distractions nega-
tively impact academic performance more than
endogenous ones.

For the interplay of devices and academic
performance, this paper has supported the the-
ory of Media Multitasking & Task Switching
(Zhou & Deng, 2023) and Technological Af-
fordances in Learning theories that suggest

having multiple devices can enhance learning
by allowing students to efficiently switch be-
tween tasks (Alzahabi et al, 2017), access di-
verse educational resources, and integrate dif-
ferent forms of digital learning. This study also
expanded these theories by demonstrating that
owning too many devices leads to diminishing
returns, ultimately harming academic perfor-
mance. The findings suggest that excessive de-
vice ownership may introduce distractions, re-
duce focus, and create inefficiencies in digital
learning, reinforcing the importance of strate-
gic and purposeful technology use in education.

Recommendation

Parents may gift their child a smartphone
thatis partnered with monitoring and guidance
to deliver the student to a scholastic upbring-
ing. Granted this was accomplished (as it is
common for Filipino learners to have their own
respective smartphones with internet access),
the parents should then prioritize acquiring
desktop or laptop computers for their children
over tablets, e-books, and especially televisions
(see
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Figure 7). The government, the Philippines
Department of Education (DepEd), should con-
tinue supporting DepEd’s public educational
mobile app available in the Google Appstore
since most learners can access mobile devices.
Also, DepEd should also steer educational inno-
vation where the use of smartphones is strate-
gically integrated into curriculums to maximize
students’ competencies. Lastly, this paper rec-
ommends researchers expand this study by ex-
ploring how device peripherals (such as
wireless mice, earphones, external drives, etc.)
specifications (such as the size of RAM (Ran-
dom Access Memory), CPU brands, the size of
the monitor, laptop weight, etc.) and the man-
ner of usage (e.g. frequency or duration of us-
age, ergonomics, etc.) affect academic perfor-
mance.

LIMITED TECHNOGRAPHI

C BACKGROUND AND ACADEMIC PERFORMANCE

This graph suggests that financially challenged family should prioritize buying a computer (gither a desktop or
laptop) over a tablet or an e-book reader, provided that the child already has a smartphone.
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Figure 7 Academic Performance among learners with very limited devices owned
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