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ARTICLE INFO ABSTRACT
Received: 3 Apr 2026 Online learning strategies refer to the methods and approaches students use to organize study
Accepted: 28 Jul 2026 activities, manage course content, and regulate participation in virtual learning environments.

These strategies are relevant to educational technology because they provide measurable
indicators that can inform instructional design, learning analytics, adaptive learning systems,
and student support in online and blended courses. This study examined the psychometric
properties of the online learning strategies scale (OLSS) using a psychometric network analysis
approach in Peruvian university students. The sample included 520 university students (389
women = 74.8%; 131 men = 25.2%) aged 18 to 40 years. Descriptive analyses were conducted to
evaluate item distributions. The psychometric network structure of the OLSS was then estimated
using exploratory graph analysis with bootstrap procedures, followed by assessment of
community stability and structural consistency. The results identified a four-community
structure corresponding to motivation, self-control, Internet literacy, and Internet anxiety. The
network showed high structural stability, with bootstrap replication values close to 1.00 for most
items and high structural consistency across communities. These findings support the internal
structure and reliability of the OLSS in the studied population. From an educational technology
perspective, the OLSS may help instructors and instructional designers identify students
requiring motivational, self-regulatory, digital literacy, or affective support in technology-
enhanced learning environments.

Keywords: online learning, online learning strategies, educational technology, network analysis,
psychometrics, university students

INTRODUCTION

Educational institutions have adopted face-to-face, online, and blended modalities to respond to diverse
educational needs (Islam et al., 2023). Although online learning is not a recent phenomenon (Moore, 2023),
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the COVID-19 pandemic accelerated the implementation of virtual classrooms and consolidated this modality
as a stable alternative in higher education (Islam et al., 2023; Mheidly et al., 2020).

This shift expanded opportunities for access and academic continuity, but it also increased the demands
placed on students, who must assume greater levels of autonomy, digital competencies, and sustained
engagement in their studies with less immediate instructional support (Broadbent, 2017; Hodges et al., 2020).
Consequently, online learning is currently understood as a challenging educational strategy that requires both
technological and psychological preparedness from institutions as well as from students themselves (Zekaj,
2023).

In this context, online learning strategies are defined as methods and approaches that enable students to
organize their study, manage course content, and regulate their participation in virtual platforms (Zekaj, 2023).
These strategies include promoting interactivity through communication, facilitating the application of
concepts using multimedia resources (e.g., video demonstrations), and strengthening the sense of belonging
to a learning community (Palaming, 2022). Additionally, they are associated with competencies such as self-
regulation, time management, and the maintenance of motivation, which are particularly relevant in
environments where students must sustain academic routines with greater personal responsibility
(Broadbent, 2017; Luo & Zhou, 2024). From a broader perspective, students may employ cognitive,
metacognitive, resource management, and affective strategies to cope with the demands of online learning
(Halim & Sunarti, 2021), aiming to improve learning and participation in the virtual classroom, even though
their relationship with academic performance may vary depending on contextual conditions (Broadbent,
2017). Beyond individual academic behavior, online learning strategies have direct implications for
educational technology design. When students report difficulties in motivation, self-control, Internet literacy,
or Internet anxiety, these indicators can inform the design of course interfaces, feedback mechanisms,
onboarding tutorials, and instructor interventions. For example, low self-control may indicate the need for
structured pacing, calendar-based reminders, and progress dashboards; difficulties in Internet literacy may
justify digital search and platform training; and high Internet anxiety may guide the inclusion of low-stakes
orientation activities and human support channels. Thus, the assessment of online learning strategies is not
only a psychometric task but also an applied component of technology-enhanced learning design.

From a theoretical perspective, the online strategic learning model is relevant for understanding this
phenomenon, as it describes how individuals acquire knowledge, skills, and attitudes through the use of
digital tools in environments characterized by flexibility in time and space. Such environments may enhance
indirect social interactions and facilitate access to richer informational resources through dynamic interfaces
(Tsai, 2009). Within this perspective, the student is positioned at the center of the learning process, and their
strategies are linked to domains such as self-regulation, affect, and perceived competence (Tsai, 2009).

Based on this model, Tsai (2009) developed the online learning strategies scale (OLSS) to assess learning
strategies specific to virtual environments. The OLSS was initially proposed in a preliminary version consisting
of 22 items and seven factors and was later refined to 20 items and five dimensions (Meza-Lopez et al., 2016).
Previous studies have reported favorable psychometric evidence, including acceptable indicators of validity
and internal consistency (Tsai, 2009). In summary, the OLSS represents an instrument specifically designed
for virtual contexts, as it incorporates components related to Internet use and self-regulatory processes
characteristic of digital learning (Tsai, 2009).

In Latin America, instruments originally designed for face-to-face contexts are frequently used, such as the
CEMA (Beltran et al., 2006), the CEVEAPEU (Gargallo et al., 2009), and the ACRA scale (Roman & Gallego, 2008).
These instruments do not sufficiently incorporate features specific to virtual learning, such as digital self-
regulation, online communication, and the affective demands associated with platform-mediated learning (de
Oliveira et al., 2022). Compared with these general learning strategy scales, the OLSS is more closely aligned
with virtual learning because it includes Internet use, online self-regulation, and affective reactions to digital
environments. Some Spanish-language work has addressed online learning strategies and anxiety in
university students (Castillo et al., 2021; Meza-Lépez et al., 2016), but evidence on the network organization
of OLSS items in Latin American samples remains limited. Consequently, the present study extends prior work
by examining not only whether the instrument is internally consistent but also how its items organize into
communities that are potentially actionable for educational technology practice.
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Furthermore, the study of these strategies can be enriched through psychometric network analysis, an
approach that allows the examination of association patterns among variables in multivariate data and the
description of the relational structure of an instrument (Briganti et al., 2022; Freeborn et al., 2023). This
methodology provides additional value by enabling the identification of central items that may sustain the
structure of the system, as well as those that contribute less to its connectivity, which is useful for
understanding the internal functioning of the instrument and guiding psychometric decisions (Epskamp et al.,
2018). However, studies that examine online learning strategies from this perspective remain scarce, creating
a methodological and applied gap within the psychometric literature. Within contemporary educational
technology, validated measures of online learning strategies can support learning analytics and adaptive
learning systems. Instruments such as the OLSS can provide interpretable self-report indicators that
complement platform traces, such as logins, task completion, and interaction data. When integrated
responsibly, these indicators may help institutions identify students who require differentiated instructional
support, design adaptive prompts, and evaluate whether digital learning environments promote autonomy,
persistence, and effective use of online resources. This applied function is particularly relevant in Latin
American higher education, where online and blended learning have expanded but context-sensitive
measurement tools remain limited.

Based on the above, the objective of this study was to examine the psychometric evidence of the OLSS in
a sample of Peruvian university students using a psychometric network analysis approach. Specifically, the
internal structure was analyzed by evaluating item communities, item centrality, and system connectivity. The
stability and precision of the model were estimated using bootstrapping and iterative procedures, and the
internal consistency of the scores was assessed as evidence of reliability. In addition, the study discusses how
the resulting communities may inform online course design, learning analytics, and adaptive supportin higher
education.

MATERIALS AND METHODS

Type and Design

The study is instrumental in nature, as it aims to examine the psychometric evidence of a measurement
instrument (Ato et al., 2013). In addition, the research adopted a psychometric network approach, which
allows the observation of how items are interconnected within a system and enables the identification of
elements that play a more central role in the relational structure of the instrument (Borsboom & Cramer,
2013; Epskamp et al., 2018; Fonseca-Pedrero, 2018).

The study followed a non-experimental, cross-sectional design, as variables were not manipulated and
data were collected at a single point in time (Hernandez-Sampieri & Mendoza, 2018).

Participants

The study population consisted of Peruvian university students. Inclusion criteria were being between 18
and 40 years of age, having Peruvian nationality, being enrolled in university studies, and providing informed
consent. No exclusion criterion was applied based on sex. Individuals who did not wish to participate or did
not provide informed consent were excluded. To determine the sample size, an a priori sample size calculator
was used (Soper, 2023). The calculation indicated a minimum sample of 478 participants based on the
following parameters: predicted effect size (f2) = 0.02, desired statistical power = 0.80, number of predictors =
2, and probability level = 0.05. A total of 520 university students were recruited through an online survey (389
women = 74.8%; 131 men = 25.2%), with an age range of 18-40 years.

Instrument

The OLSS was used, a self-report measure composed of 20 items grouped into five dimensions:
motivation, self-control, web/digital literacy, Internet anxiety, and concentration. The scale uses a five-point
Likertresponse format ranging from 1 (“not at all like me”) to 5 (“very much like me"), with a total score ranging
from 20 to 100. Previous studies have reported an explained variance of 60.80% and acceptable levels of
internal consistency both for the total scale (a = .86) and for its dimensions (a ranging from .67 to .86) (Tsai,
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2009). For the present study, a translated version of the scale was used, developed through forward
translation and equivalence review procedures (Hambleton & Patsula, 1999).

Procedure

Data collection was conducted through an online survey. An electronic questionnaire was developed that
included the study objectives, informed consent form, and the research instrument. The survey was
distributed through online communication channels such as WhatsApp, Facebook, and Instagram.
Participation was voluntary and anonymous, and the confidentiality of participants’ responses was ensured.
Ethical principles were strictly respected, including the participants’ right to withdraw from the study at any
time without any consequences.

This study was derived from a faculty research project that received ethical approval from the Research
Ethics Committee of Universidad Cesar Vallejo (Peru). All procedures involving human participants were
conducted in accordance with the ethical principles for research involving human subjects and followed the
relevant institutional guidelines. Prior to participation, all individuals were provided with information about
the purpose of the study, the voluntary nature of their participation, the confidentiality of their responses,
and their right to withdraw at any time without any negative consequences. Only participants who provided
informed consent were allowed to proceed with the questionnaire. Data were collected anonymously and
used exclusively for academic and scientific purposes.

Data Analysis

The data were initially organized using SPSS version 25 and subsequently analyzed in R. First, descriptive
statistics of the items were calculated and the quality of the dataset was examined, including the assessment
of missing values and response patterns. Given that the items are ordinal in nature, an appropriate
association matrix for ordinal variables was used.

The internal structure of the instrument was examined using exploratory graph analysis (EGA) in order to
identify item communities (dimensions) and compare them with the theoretical organization of the OLSS
(Golino & Epskamp, 2017). Subsequently, a psychometric network based on regularized partial correlations
was estimated using a Gaussian graphical model, specifically the EBICglasso approach. This method allows
for a more parsimonious network structure and reduces the likelihood of spurious associations (Epskamp &
Fried, 2018).

From the estimated network, centrality indices were calculated, primarily strength and, when appropriate,
expected influence, in order to identify items with greater structural relevance. The accuracy of edge weights
and the stability of centrality metrics were evaluated using bootstrap procedures (Epskamp et al., 2018).
Finally, internal consistency was estimated using the omega coefficient (w), considering values > .70 as
acceptable. Network comparisons by gender were not conducted because the sample showed a substantial
sex imbalance; therefore, group invariance and network comparison analyses were considered beyond the
scope of the present study and are proposed for future research.

RESULTS

The results are presented as follows. First, the extreme scores of the items are evaluated. Subsequently,
the psychometric network is analyzed, including graph analysis using bootstrap procedures, the identification
of item communities, and the assessment of both item stability and structural consistency of the network.

Overall, the items of the OLSS showed moderate to high mean values, ranging from 3.06 to 4.41. The
highest mean scores were observed for OS11 (mean [M] = 4.41, standard deviation [SD] = 0.72), 0S13 (M =
4.38, SD = 0.73), and OS10 (M = 4.32, SD = 0.73), which also showed relatively lower dispersion. In contrast,
the lowest mean values corresponded to OS15 (M =3.06, SD = 1.07) and OS14 (M = 3.14, SD = 1.09), suggesting
greater variability in these responses. Regarding distributional properties, items with higher mean scores
showed negative skewness, particularly OS11 (Skew = -1.59) and OS10 (Skew = -1.40), along with higher
kurtosis values, especially OS11 (Kurtosis = 4.10). This pattern suggests a concentration of responses toward
the upper response categories of the scale. Conversely, items with lower mean values showed more
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Table 1. Descriptive analysis of the items of the OLSS

Iltems Mean Standard deviation Skewness Kurtosis Standard error
0s1 3.37 1.05 -0.32 -0.41 0.05
0S2 3.37 1.02 -0.28 -0.43 0.05
0S3 3.31 1.05 -0.28 -0.49 0.05
0s4 3.28 1.04 -0.25 -0.49 0.05
0S5 3.29 1.02 -0.29 -0.53 0.05
0S6 3.36 1.03 -0.30 -0.58 0.05
0s7 3.96 0.85 -1.04 1.58 0.04
0S8 3.79 0.84 -0.92 1.27 0.04
0S9 3.73 0.96 -0.62 0.00 0.04
0S10 4.32 0.73 -1.40 3.43 0.03
0S11 4.41 0.72 -1.59 410 0.03
0512 4.20 0.78 -1.04 1.58 0.04
0S13 4.38 0.73 -1.28 2.20 0.03
0S14 3.14 1.09 0.01 -0.74 0.05
0S15 3.06 1.07 0.04 -0.73 0.05
0S16 3.55 1.04 -0.53 -0.33 0.05
0S517 3.45 1.12 -0.38 -0.70 0.05
0518 3.42 1.08 -0.36 -0.62 0.05
0S19 3.16 1.06 0.02 -0.77 0.05
0S20 3.33 1.06 -0.29 -0.58 0.05
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Figure 1. Psychometric network graph analysis (orange nodes represent Internet anxiety, green nodes
represent Internet literacy, light blue nodes correspond to self-control, and red nodes represent motivation)
(the authors’ own work)

symmetric distributions and negative kurtosis, indicating greater dispersion of responses across response
options (Table 1).

Psychometric Network Evaluation: Bootstrap

Part Ain Figure 1 presents the psychometric network obtained from the bootEGA applied to the OLSS. In
the network, nodes represent the items of the instrument, while edges indicate the partial relationships
between them, where the thickness of the connections reflects the magnitude of the association. Positive
connections are represented by green lines, whereas negative connections are shown in red.

Regarding the network structure, four clearly differentiated communities can be observed, represented
by different colors. Orange nodes correspond to the Internet anxiety dimension, green nodes represent
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Table 2. bootEGA

n.Boots median.dim SE.dim Cl.dim Lower.Cl Upper.Cl Lower.Quantile Upper.Quantile
500 4 0.18 0.35 3.65 4.35 4.00 4.53

Note. n.Boots: Number of bootstrap resamples; median.dim: Median number of dimensions identified across bootstrap samples; SE.dim:
SE of the estimated number of dimensions; Cl.dim: Width of the confidence interval for the number of dimensions; Lower.Cl and Upper.Cl:
Lower and upper bounds of the Cl; & Lower.Quantile and Upper.Quantile: Lower and upper quantiles of the distribution of estimated
dimensions across bootstrap samples

Internet literacy, light blue nodes are grouped within the self-control dimension, and red nodes correspond
to the motivation dimension.

A higher density of connections within each community is observed, suggesting adequate internal
cohesion among the items that compose each dimension. In addition, connections between communities are
less frequent and weaker, supporting the conceptual differentiation of the constructs assessed. In particular,
the Internet literacy and self-control dimensions show moderate positive associations with each other, while
Internet anxiety displays more specific links with certain dimensions, maintaining its distinct structural identity
within the network.

Part B in Figure 1 shows the results of the community stability analysis obtained through the bootstrap
procedure. The graph displays the replication proportion of each item within its original community across
the bootstrap samples, allowing the evaluation of the consistency of item assignment to their respective
dimensions.

The results indicate high structural stability, as most items reached replication values close to or equal to
1.00. Items associated with the motivation (red), Internet literacy (green), and Internet anxiety (orange)
dimensions showed perfect replication, suggesting a consistent and robust assignment within their respective
communities.

In contrast, items belonging to the self-control dimension (light blue) presented slightly lower but still high
values (between .89 and .99), indicating adequate stability and a well-defined structure. Overall, these findings
support the robustness of the four-dimension solution, demonstrating that both the items and the overall
network structure remain stable across sampling variations.

Consistent with the psychometric network and the community stability analysis, the results of the EGA
with bootstrap (bootEGA; see Table 2) are presented. Based on 500 bootstrap resamples, the median number
of identified dimensions was four, with a low standard error (SE) (= 0.18), suggesting a stable estimation of
the community structure. The confidence interval showed a narrow width (confidence interval [CI] = 0.35),
with lower and upper bounds between 3.65 and 4.35, respectively, indicating a clear concentration of
solutions around a four-community structure. Likewise, the lower and upper quantiles (4.00 and 4.53) further
support the stability of this solution, showing that most bootstrap samples consistently replicated a four-
community structure.

Regarding the item stability and structural consistency analysis, the values represent the probability that
each item is assigned to a specific community across the bootstrap resamples.

Items belonging to community 1 (motivation) showed near-perfect stability, with values equal to 1.00 in
most cases and minimal probabilities of assignment to other communities, indicating a clear and consistent
delimitation of this dimension. Similarly, items from community 3 (Internet literacy) and community 4
(Internet anxiety) exhibited perfect stability (values of 1.00), demonstrating a robust and unambiguous
assignment within their respective communities.

For community 2 (self-control), although most items showed a high probability of belonging to their
corresponding community, some presented a slight probability of cross-assignment to adjacent communities.
Nevertheless, the predominant values remained high (> .89), suggesting adequate stability consistent with the
overall structure of the instrument.

Regarding structural consistency, the results indicated very high values across all communities, with
community 3 and community 4 showing perfect consistency (1.00), followed by community 1 (0.998).
community 2 showed a slightly lower value (0.874), although still within acceptable ranges, supporting the
overall stability of the identified four-community solution (see Table 3).

6/11 Contemporary Educational Technology, 18(4), ep685



Contemporary Educational Technology, 2026

Table 3. Item stability and structural consistency

Iltems Community 1 Community 2 Community 3 Community 4
Os1 1.000 0.000 0.000 0.000
0s2 1.000 0.000 0.000 0.000
0s3 1.000 0.000 0.000 0.000
0s4 0.998 0.002 0.000 0.000
0S5 1.000 0.000 0.000 0.000
(0N 0.110 0.890 0.000 0.000
0s7 0.000 0.986 0.012 0.000
0S8 0.000 0.992 0.006 0.000
0s9 0.000 0.986 0.012 0.000
0s10 0.000 0.000 1.000 0.000
OSs11 0.000 0.000 1.000 0.000
0s12 0.000 0.000 1.000 0.000
0s13 0.000 0.000 1.000 0.000
0s14 0.000 0.000 0.000 1.000
0s15 0.000 0.000 0.000 1.000
0S16 0.000 0.000 0.000 1.000
0s17 0.000 0.000 0.000 1.000
0s18 0.010 0.966 0.000 0.000
0s19 0.000 0.000 0.000 1.000
0520 0.010 0.966 0.000 0.000
Structural consistency 0.998 0.874 1.000 1.000

Note. Community 4: Internet anxiety; Community 3: Internet literacy; Community 2: Self-control; Community 1: Motivation

DISCUSSION

The present study examined the psychometric evidence of the OLSS in a sample of Peruvian university
students using a psychometric network analysis approach, addressing the need to evaluate instruments
specifically designed for online learning contexts and relevant to educational technology practice (Meza-Lopez
et al., 2016; Tsai, 2009). Overall, the findings support the structural validity, stability, and internal consistency
of the OLSS, while also showing how its item communities can inform technology-enhanced learning design,
learning analytics, and adaptive student support in a Latin American higher education context.

First, the descriptive analyses showed that the items of the scale presented moderate to high mean values,
with a tendency for responses to cluster at the higher levels of the scale, particularly for items associated with
the motivation and Internet literacy dimensions. This pattern is consistent with the literature highlighting the
central role of motivation, digital self-efficacy, and information-search skills in online learning (Broadbent,
2017; Luo & Zhou, 2024; Tsai & Tsai, 2003).

Likewise, the negative skewness and high kurtosis values observed in these items suggest that participants
more frequently reported favorable behaviors and attitudes toward the strategic use of the Internet for
learning. This tendency may be explained by the progressive normalization of virtual learning in higher
education following the COVID-19 pandemic (Hodges et al., 2020; Islam et al., 2023).

From a structural perspective, the bootEGA consistently identified a four-community solution
corresponding to motivation, self-control, Internet literacy, and Internet anxiety. This organization is
conceptually consistent with the online strategic learning model proposed by Tsai (2009), which suggests that
digital learning strategies are structured around motivational, self-regulatory, cognitive-technological, and
affective components. Although the original version of the OLSS reported five dimensions, including
concentration (Meza-Lopez et al., 2016), the present network did not reproduce concentration as an
independent community. Instead, items theoretically related to concentration, particularly OS18 and 0S20,
were assigned with high probabilities to the self-control community in the bootstrap solution, suggesting that
concentration may operate in this sample as part of a broader self-regulatory control process rather than as
a fully separate dimension. Conceptually, concentration in online learning requires sustained attention,
planning, control of distractions, and monitoring of behavior, which overlap with self-control processes in
virtual environments. Therefore, the four-community model should not be interpreted as a rejection of the
original OLSS model, but as a context-specific empirical organization in which concentration is integrated into
the self-regulatory component.
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From a methodological perspective, the psychometric network approach made it possible to examine the
internal structure of the instrument beyond the assumptions of traditional factor analysis, by modeling the
direct relationships between items through regularized partial correlations (Epskamp & Fried, 2018). The high
density of connections within each community and the low connectivity between communities support the
internal cohesion and conceptual differentiation of the identified dimensions. This finding is consistent with
the perspective proposed by Borsboom and Cramer (2013) and Fonseca-Pedrero (2018), who conceptualize
psychological constructs as systems of interrelated components. At the same time, network analysis should
be interpreted as complementary to, rather than superior to, confirmatory factor analysis (CFA). EGA identifies
communities based on patterns of item connectivity and is useful for examining the relational organization
of an instrument, whereas CFA tests prespecified latent structures and model fit. Accordingly, future studies
should compare the four-community network solution with alternative confirmatory models, including the
original five-dimensional structure of the OLSS.

A particularly relevant finding is the high stability of the communities, evidenced both by the median
number of dimensions identified through bootEGA and by the item stability and structural consistency
indicators. The high replication values (= .89) and structural consistency values close to or equal to 1.00
indicate that the network structure is robust to sampling variations, meeting the precision and stability criteria
recommended in the specialized literature (Epskamp et al., 2018). This result is particularly important in
instrumental studies, as it suggests that the identified dimensions are not the product of chance or specific
characteristics of a particular sample.

However, the self-control dimension showed slightly lower structural consistency values compared with
the other communities, as well as a minimal probability of cross-assignment of some items. This finding may
be interpreted in light of previous research suggesting that self-regulation strategies in virtual environments
tend to be more dynamic and sensitive to contextual factors, such as academic workload, instructional design,
or prior experience with digital platforms (Broadbent, 2017; Halim & Sunarti, 2021). In this sense, the
psychometric network not only confirms the existence of this dimension, but also reveals its more complex
relational nature, which represents an advantage of the network approach over traditional latent variable
models.

The theoretical contribution of this study lies in refining the empirical organization of Tsai's (2007) model
within a Latin American online-learning context through a network psychometric framework. Rather than
merely replicating the original factor structure, the results show that motivational, digital literacy, affective-
anxiety, and self-regulatory/concentration strategies function as interconnected communities that may be
linked to educational technology interventions. In this sense, the OLSS can be used not only as a measurement
instrument, but also as a diagnostic tool for identifying areas in which online students may require
instructional support.

Practical Implications for Educational Technology

For online instructors, the four communities identified in the network provide a practical framework for
designing targeted support. Motivation-related indicators can guide the use of relevance-based tasks, timely
feedback, and opportunities for student autonomy. Self-control and concentration indicators can inform
structured pacing, weekly checklists, automated reminders, and progress-monitoring tools. Internet literacy
indicators can support the inclusion of digital search tutorials, platform orientation, and guidance on
evaluating online academic resources. Internet anxiety indicators can alert instructors to the need for low-
stakes practice activities, clear technical instructions, and accessible help channels.

For instructional designers and educational technology teams, the OLSS communities may inform learning
analytics dashboards and adaptive learning systems. For instance, self-report OLSS indicators could be
combined with platform data to identify students who show low engagement, difficulty managing tasks, or
anxiety toward online learning. Adaptive systems could then provide differentiated prompts, study-planning
resources, digital literacy micro-lessons, or instructor alerts. These applications align the psychometric
contribution of the OLSS with practical decisions about course design, student support, and quality
improvement online and blended higher education.
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Limitations

This study has several limitations that should be considered when interpreting the findings. First, the cross-
sectional design limits the possibility of establishing causal relationships between the variables examined in
the psychometric network and does not allow conclusions about longitudinal stability. Second, the use of a
non-probabilistic sampling strategy and online recruitment may restrict the generalizability of the findings to
the broader population of Peruvian university students. Third, the sample was predominantly female (74.8%),
which limits the robustness of gender-based comparisons; therefore, network comparison or invariance
analyses by gender were not conducted and should be examined in future studies with more balanced
samples. Fourth, although the sample size of 520 participants is adequate for a 20-item EGA, larger samples
would allow additional sensitivity analyses and stronger evaluation of the replicability of the network
structure. Fifth, although the psychometric network approach provides valuable information about the
relational structure among items, it should be considered complementary to CFA rather than a replacement
for it. Additional studies should compare the present four-community solution with alternative CFA models,
including the original five-dimensional OLSS structure. Finally, the study relied exclusively on self-report data,
which may be subject to response bias such as social desirability or recall bias.

CONCLUSIONS

The present study examined the psychometric properties of the OLSS using a psychometric network
analysis approach in a sample of Peruvian university students. The findings support the structural validity,
stability, and internal consistency of the instrument, identifying a four-community structure composed of
motivation, self-control, Internet literacy, and Internet anxiety. The integration of concentration-related items
within the self-control community suggests that, in this sample, concentration may function as part of a
broader self-regulatory process in online learning. Beyond its psychometric contribution, the OLSS provides
actionable information for technology-enhanced learning design, learning analytics dashboards, adaptive
support systems, and instructor-led interventions aimed at strengthening students’ online learning strategies.
Overall, the OLSS appears to be a reliable and valid instrument for assessing online learning strategies in
university contexts, particularly in Latin American populations where research in this area remains limited.
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