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Abstract 

Over the past decade smartphones have permeated all domains of adolescents’ everyday lives, 

with research dominated by “smartphone addiction.” This study compares one of the most 

used measures of smartphone addiction with a new alternative measure, the smartphone 

pervasiveness scale for adolescents (SPS-A), which focuses on the frequency of smartphone 

use at key social and physiological moments of daily life. A sample of 3,289 Italian high school 

students was used to validate the two constructs and compare their suitability for research on 

academic performance. SPS-A was moderately correlated with smartphone addiction, showed 

measurement invariance (across ethnic origins, parental education, and gender), and 

negatively predicted language and math test scores. SPS-A is a non-pathologizing instrument 

suitable to analyzing the role of smartphone use in academic achievement in combination with 

students’ social background. 

 
Keywords: smartphone pervasiveness, smartphone addiction, problematic smartphone use, 
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From around 2010, smartphones acquired a predominant role as tools to access the 

internet among adolescents in developed countries (Mascheroni & Ólafsson, 2016). 

The increasing pervasiveness of such devices in young people’s lives has raised public 

concerns about the ability of users to make a balanced use of them, alongside fears 

that smartphone use can become socially and psychologically harmful (see Turkle, 

2016). Research has analyzed the association between smartphone usage and several 

outcomes (Elhai et al., 2016; Haug et al., 2015). However, the literature presents a 

number of theoretical and methodological issues, one of the most relevant being the 

way problematic smartphone use is conceptualized and, subsequently, measured 

(Amez & Baert, 2019). This study’s main goal is to conceptually and statistically 

develop a measure of smartphone use that is sensitive to social background variables 
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and that does not pathologize adolescents’ common behaviors yet can detect 

possible negative consequences. 

The proposed measure of problematic smartphone use is based on the 

concept of “pervasiveness” and focuses on the frequency of use at specific moments 

of the day. These moments have been highlighted in the literature as particularly 

problematic for adolescents’ social and physiological well-functioning (e.g. dinner 

with family, night hours, doing homework, etc.). The resulting measure, the 

Smartphone Pervasiveness Scale for adolescents (SPS-A), is administered and 

validated on an extensive sample of high school students (N = 3,248), also comparing 

its psychometric properties with those of the Smartphone Addiction Scale for 

adolescents in its short version (SAS-SV) (Kwon et al., 2013b).  

The pertinence of the two scales as predictors of academic performance is 

then evaluated, controlling for a set of socio-demographic antecedents measured at 

both the individual and family level. Academic performance is a relevant outcome 

for adolescent’s life chances, that is mostly measured through students’ grade point 

average in the educational literature (see Amez & Baert, 2019). Although relatively 

easily obtainable by researchers, school grades suffer from subjectivity in the way 

teachers assign them and, in most studies, are self-reported by students, increasing 

measurement errors due to response biases. Administrative data overcomes these 

issues, offering standardized measures of the level of competences reached by 

students in national tests. We opted for standardized measures of learning 

performance in the two curricular disciplines Italian language and math, collected by 

the Italian Institute for educational evaluation (INVALSI) and merged with our 

survey data. 

The main findings of the study are discussed in light of the need for social 

sciences to deal with new forms of social and educational inequalities in the mobile 

digital era, as well the reinforcement of existing ones. 

Measuring Smartphone Use and Its Relationship with Academic Performance 

Early studies on mobile technologies and education found a negative relationship 

between instant or text messaging and school performance, both at the actual and 

perceived level (Huang & Leung, 2009; Junco & Cotten, 2011). After 2010, when the 

massive diffusion of smartphones started in industrialized countries, research shifted 

its focus onto this new device, finding similar results (Lepp et al., 2014; Samaha & 

Hawi, 2016; Przybylski & Weinstein, 2013). In a recent literature review of the field, 

Amez and Baert (2019) confirm the negative relationship between smartphone use 

and learning outcomes. However, they also highlight a variety of ways in which 

smartphone use is operationalized, including self-reported measures of the quantity 
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of use, quantity of use from log data, and the addictive or problematic use self-

reports. Such a variety of concepts and measurement approaches limits the 

comparability of the results, but also raises relevant theoretical questions about what 

exactly researchers need to measure when the relationship between smartphone use 

and academic performance is of interest. 

Amount and frequency of Smartphone Use 

Most of the previous literature on smartphone and academic performance exploits 

self-reported survey data about hours and/or minutes of use per day (e.g. Lepp et al., 

2014; Chen & Ji, 2015). Although widely used, self-reports on the amount of time 

spent on this device have been recently criticized by cognitive psychologists, who 

found that time-perceptions can be significantly affected by prolonged use and rapid 

and consistently repeated checking behaviors (Wilcockson et al., 2018; Andrews et 

al., 2015). This is especially the case for open-ended questions focused on the exact 

time spent on smartphones and on the internet, often resulting in over- or under-

estimations depending on a variety of respondent characteristics (Sewall et al., 2020; 

Ernala et al., 2020; Jurgens et al., 2019). 

Using self-reported or observed measures of the overall amount of time 

spent by students using their devices also presents theoretical problems. On the one 

hand, it implies that it is the mere quantity of smartphone use that can make a 

difference, something which has been heavily criticized in recent studies on digital 

practices (Orben & Przybylski, 2019). On the other hand, it does not allow isolation 

of the specific moments and contexts of use that could most affect academic 

performance, preventing any substantial interpretation of the reason why 

smartphones have an ostensibly negative relationship with students’ performance. 

Research on the impact of digital uses has shown that the mere quantity of 

use may be inappropriate to predict negative educational outcomes (e.g. Liu, 

Baumeister, Yang, & Hu, 2019). Przybylski and Weinstein (2017) concluded that 

digital technology is not intrinsically harmful and may be advantageous in a 

connected world based on a large representative sample of British adolescents (N = 

120,115). This has been confirmed by a following report based on PISA data showing 

that the relationship between digital media usage and learning achievements fits a 

hump-shaped curve with an optimum level (OECD, 2011). This is likely also since 

not all times of the day when the smartphone is used have the same capital 

enhancing or capital decreasing potential. For example, using this device frequently 

during class or late at night can negatively affect individuals’ attentiveness, 

concentration and learning processes, while using it during free time spent alone 

may not have any negative consequence for school performance. 

To overcome both the issue of individuals’ estimation biases and of times of 

use, more recent studies have moved towards the collection of trace data through 
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online applications and platforms that monitor smartphone use (Felisoni & Godoi, 

2018; Rosen et al., 2018). Kim and colleagues (2019), for example, used log data in a 

14-week study with 84 first-year college students in Korea. They found an 

underestimation of in-class smartphone usage and a negative relationship with 

students’ grades. 

While promising, the collection of such data is challenging in several regards 

(e.g., Stier et al., 2020). First, obtaining and linking digital trace data to survey data 

can be complicated by the need to obtain personal information on participants 

together with their explicit and informed consent to use it for research purposes. 

Second, developing applications to access trace data from different smartphone 

operating systems is costly and does not grant access to equivalent information on all 

devices (Kreuter et al., 2020). An alternative way is to opt for data collection services 

already on the market. However, researchers’ opportunities to obtain high quality 

data can be severely limited by their terms of use. These technological limitations, 

together with a potential lack of participant availability, can give rise to selection 

biases in the case of large, predefined samples (Al Baghal et al., 2019; Kreuter et al., 

2020). 

Problematic Smartphone Uses 

A different strand of literature on smartphone use and academic performance 

focuses more specifically on problematic aspects (e.g. Harris et al., 2020). One of the 

most cited measures of problematic smartphone use for adolescents is the 

Smartphone Addiction Scale in its Short Version for adolescents (SAS-SV) (Kwon et 

al., 2013). The SAS-SV has been increasingly adopted in the literature on academic 

performance (Samaha & Hawi, 2016; Lee et al., 2015). However, smartphone 

addiction is not recognized as a psychiatric illness in the DSM-5 (American 

Psychiatric Association, 2013). The concept is measured by a series of self-report 

items that link smartphone overuse with daily-life disturbance and loss of control, 

relational difficulties, and physiological disorders. The SAS-SV has shown solid 

psychometric properties (Akın et al., 2014; Kwon et al., 2013) and was negatively 

related to youth’s subjective well-being and educational outcomes (Lee et al., 2015; 

Samaha & Hawi, 2016). However, questionnaire items that frame smartphone usage 

as a disturbance introduce a number of methodological questions when its 

relationship with academic achievement is scrutinized. 

First, it is not clear if a greater perception of problematic smartphone use is 

an indicator of actual misuse or of greater awareness of the smartphone’s potential 

downsides. For example, a student who dedicates much time and effort to school 

activities might more readily report “having a hard time concentrating” when using 

the smartphone (Kwon et al., 2013). That is, an excellent student who devotes a lot 

of time to homework could have developed a high sensibility regarding smartphone 

https://www.zotero.org/google-docs/?VfiZ3D
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misuse. In this way, their perception of wasting time online could be more an 

indicator of anxiety about this behavior than of actual excessive smartphone use. 

This questions the use of similar scales as predictors of academic performance. 

Second, in so far as these scales focus on “addiction” like the SAS-SV, a problem 

emerges with the pathological implications of such a concept. One of the aims in the 

development of these measures was to offer diagnostic tools for clinical intervention. 

However, the focus of such scales on pathologies and addiction cannot discover 

negative effects on academic performance of less severe but presumably far more 

widespread problematic smartphone usage patterns. In this regard, some have 

suggested moving beyond the concept of addiction (Tokunaga, 2015; Panek, 2014), 

in favor of a more detailed analysis of the specific moments of adolescents’ daily life 

during which smartphone use could effectively become problematic, without 

necessarily being perceived as such (Cheever et al., 2018; Authors, 2020; Parent & 

Shapka, 2020). Surveys reveal that a majority of digital users experience problems in 

managing their online time and attention without simultaneously suffering from a 

pathological disorder (Ofcom, 2016; Rainie & Zickhur, 2015). Authors (2019) show 

empirically that digital overuse is not a pathological but mainly a social 

phenomenon. We consequently suggest investigating the relationship between 

smartphone use and academic achievement with measures of problematic use that 

rely on actual practices instead of feelings of pathological addiction. 

Towards Smartphone Pervasiveness 

In this paper we present an alternative instrument for measuring problematic 

smartphone use, the Smartphone Pervasiveness Scale for Adolescents (SPS-A), which 

aims to avoid both issues of individuals’ awareness and pathological framing. It 

consists of a scale measuring smartphone pervasiveness in relevant moments of 

adolescents’ daily life, an initial version of which has been already adopted in an 

extensive quantitative study (Authors, 2021; Authors, 2019). Addiction and 

pervasiveness differ in two main regards. Addiction concerns the inability to do 

without a smartphone despite the perception of negative effects on relevant daily-life 

activities, while pervasiveness is uniquely focused on objective frequency of use – in 

the sense that, although self-reported, it is free of judgement – during these relevant 

moments. Therefore, smartphone pervasiveness is simply a measure of frequency of 

use that may become problematic due to the moments of the day in which it is 

carried out. Such moments require the execution of demanding tasks and, more in 

general, concern offline activities that are generally not compatible with online 

activities (Authors, 2020). 

From a social science perspective, this latter approach has the advantage of 

focusing on uses that could equally affect adolescents’ productivity and well-being 
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and, at the same time, be directly influenced by the social and cultural factors at the 

basis of digital inequality reproduction. Indeed, recent studies suggest that 

problematic use is the most recent domain of digital inequality to be significantly 

influenced by individuals’ socio-cultural resources and family background (Authors, 

2019; Authors, 2021). So far, the literature on problematic smartphone use has not 

disentangled the difference between the addiction- and pervasiveness-related 

measurement approaches. There is a need to deepen the analysis of their 

psychometric properties, their sensitivity to social and individual predictors and their 

potentially different impact on relevant outcomes such as academic performance. 

Researchers should be aware of how these two scales can be fruitfully employed 

depending on the specifics of their research question. 

Smartphone pervasiveness focuses on daily life moments particularly 

relevant to adolescents’ psychosocial well-being that could be affected by excessive 

smartphone use (e.g. dinner with family, talking with friends, homework, watching 

television or movies, and at night when awake). Media use at such moments could 

affect sleep quality and give rise to a loss of attentiveness and concentration, feelings 

of loneliness, social exclusion and depression. All symptoms which, in turn, could 

produce short- and long-term consequences on school performance and academic 

achievement (e.g. Dewald et al., 2010; Wolfson & Carskadon 2003; Mahapatra 2019; 

Wentzel, 2005; van der Schuur et al., 2015). 

For example, social interaction with family and friends could be negatively 

influenced by frequent smartphone use, reducing empathy, closeness, and depth of 

conversation over time (Przybylski & Weinstein, 2013; Turkle, 2016). Regular 

attention to a smartphone while engaged in social interaction with a partner, friends, 

or even with parents, may encourage the same behavior to be reciprocated, leading 

to lower satisfaction with the relationship, feelings of loneliness and social exclusion 

(Authors, 2020; Chotpitayasunondh & Douglas, 2018; 2016; Roberts & David, 2016). 

Turning to night-time, previous research has shown that prolonged exposure 

to smartphones can interfere with the sleep cycle (Christensen et al., 2016), while use 

at night was associated with sleep difficulties that can further the onset of depressive 

symptoms (Demirci et al., 2016; Lemola et al., 2015). Furthermore, smartphones can 

be used by adolescents while performing a wide range of other offline activities, 

increasing their propensity to multitask while studying or during leisure time (Hooft 

Graafland, 2018). Human information processing, however, is insufficient to attend 

to multiple stimuli and to perform simultaneous tasks (e.g. Wood et al., 2012), and 

research on multitasking has shown that media use while performing other activities 

is associated with increases in the time needed to carry out the primary task and loss 

of accuracy, attention and concentration (van der Schuur et al., 2015; Junco & 

Cotten, 2011; Kushlev et al., 2016). 
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In addition, recent studies have outlined new areas of interest in the analysis 

of smartphone daily life disturbance, in particular in morning routines and school 

time use. Empirical evidence highlights that a shorter time before first checking a 

smartphone in the morning is related to higher problematic use risks among youth 

(Haug et al., 2015) and negatively affects individual happiness and well-being 

(Hughes & Burke, 2018). At school, experimental studies have confirmed that 

smartphone use during lessons has a negative impact on academic performance 

(Felisoni & Godoi, 2018; Beland & Murphy, 2016). Indeed, smartphones represent a 

source of distraction that can interfere with activities such as note taking and 

undermine student learning (Waite et al., 2018). 

Study Design and Aims 

This study used an extensive sample of Italian adolescents to: (1) evaluate the 

psychometric properties of two measures of problematic smartphone use focused on 

pervasiveness (SPS-A) and addiction (SAS-SV), respectively; and (2) compare their 

suitability and sensitivity for research on academic performance. The first aim 

concerns problematic smartphone use measurement issues, while the second deals 

with its relationship with student academic performance, accounting for potential 

confounders at individual and family levels (Figure 1). 

Regarding the first goal, the dimensionality of SPS-A and SAS-SV was 

explored without imposing any constraints on the number of factors or the specific 

items they should comprise to test whether SPS-A and SAS-SV are interchangeable 

or distinct – even if interrelated – measures of problematic smartphone use. We 

evaluated their factorial validity in a pooled confirmatory framework and then tested 

whether the observed items effectively covered the best fitting model specification 

from previous analysis. That is, we postulated specific relations between the 

observed items and their underlying factors to evaluate how well the empirical data 

fit more restrictive and model specifications defined a priori. We investigated the 

measurement invariance (MI) of the two constructs across students grouped by 

relevant predictors of academic performance, such as gender, ethnic origin, and 

educational background (e.g. Marks, 2008; Davis-Kean, 2005; Glick & Hohmann-

Marriot, 2007). Through MI we assessed the equivalence of the equations used to 

create pervasiveness and addiction factor scores across the sub-populations of 

interest (Meredith, 1993; Vandenberg & Lance, 2000). 

[Figure 1] 

The second stage of the study concerns the relationship between the two 

measures and students’ academic performance. We first investigated if known 

predictors of school performance (gender, parents’ educational level, ethnic origins) 

are also related to measures of problematic smartphone use by analyzing cross-group 

https://www.zotero.org/google-docs/?I5qAy7
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latent mean differences. This allowed us to evaluate potential confounding in the 

studied relationship. For instance, we know from previous studies that females 

achieve lower average scores in math tests compared with their male classmates and, 

at the same time, girls are more exposed than boys to smartphone-related problems 

(e.g. Kwon et al., 2013). Therefore, a predominance of females in the sample without 

controlling for it would lead to overestimating the direct and negative association 

between problematic smartphone use and math test scores. In the final step of the 

analysis, we estimated the predictive power of SPS-A and SAS-SV on students’ 

performance in Italian language and math standardized tests, controlling for the 

potential confounders identified in the previous analysis. 

Method 

Participants 

The analyses were carried out on data from the second wave of data collection of the 

[anonymized] project (Authors, 2020). This project involved an extensive survey on 

all 10th grade students in 18 high schools located in two neighboring districts of the 

[anonymized] region, northern Italy. In May 2018, students were invited to fill out an 

online questionnaire. The survey was administered in the school’s computer labs 

during class time and guided by external observers. At the end of the data collection 

process, 3,289 students of the 3,659 officially registered students completed the 

survey, reaching a final response rate of 90%.1 We also obtained an additional set of 

administrative information on students’ school performance by merging our data 

with those collected by the National Institute for the Evaluation of the Education 

System (INVALSI). INVALSI represents the reference institution in Italy for the 

assessment of students’ achievement since 2007. During the INVALSI year-end 

survey activities, students are requested to perform computer-based tests aimed at 

measuring their competence in the two curricular disciplines of Italian language and 

math. Participation in the survey is compulsory for the entire population of students 

at various levels of education, including 10th grade. We first asked schools to inform 

parents of the initiative and then to sign an agreement that allowed us to access data 

collected by INVALSI, in accordance with data protection rules. We then obtained 

students’ anonymous identification codes that were sent to the INVALSI statistical 

office, who in turn sent us the standardized test scores for both disciplines. Finally, 

we linked INVALSI standardized test scores to our data, reaching a coverage of 80% 

of the population under study. Detailed sample characteristics are reported in Table 

1. 

 
1 The missing respondents were mainly those absent on the dates of the survey and any 

rescheduled dates, together with those being withdrawn from schools or giving up their course 

during the year. 
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[Table 1] 

Measures 

The project questionnaire covered students’ socio-demographic characteristics, 

digital competence, attitudes toward digital technologies, daily smartphone usage 

habits, and problematic smartphone usage (Authors, 2020). For this last topic, the 

questionnaire included both the SPS-A and SAS-SV measure. 

Smartphone Pervasiveness Scale for adolescents (SPS-A). The SPS-A consists 

of a set of items asking students how frequently they use their personal device in 

different moments of the day on a 4-point ordinal scale ranging from 1 (never) to 4 

(always). In its original version (Authors, 2021; Authors, 2019), the SPS-A was 

focused on five daily life moments particularly relevant to adolescents’ psychosocial 

well-being that, according to the literature, could be affected by excessive 

smartphone use: dinner with family, time with friends, homework, watching 

television or movies, and at night when awake. This 5-item scale was first 

administered and validated on a sample of 4,675 Italian upper secondary school 

students, obtaining satisfactory results both in terms of factorial validity and internal 

consistency. More recently, a revised version of SPS-A was developed based on the 

empirical evidence on the consequences of consistently checking the smartphone 

close to sleep time and during lessons at school (Authors, 2020). Two further items 

were added to the original scale: a first item asks respondents how often they use 

their smartphone first thing in the morning when they wake up, while the second 

focuses on frequency of use at school during class. This revised version of the SPS-A 

was validated following a two-stage approach of item and scale development. The 

items were first selected and refined according to their content validity. The 

resulting 7-item scale was administered to a sample of 3,361 upper secondary 

students and proved to be unidimensional, valid and sufficiently reliable. A detailed 

description of the item selection and the scale validation procedures and results are 

reported in the supplementary material.  

Smartphone Addiction Scale – short version for adolescents (SAS-SV). The 

SAS-SV focuses on respondents’ perceptions of excessive use and the degree of 

discomfort arising from it (Kwon et al., 2013b). SAS-SV is measured with 10 items on 

a 6-point scale ranging from 1 (strongly disagree) to 6 (strongly agree). The items 

were originally reflective of different subscales (see supplementary materials): daily 

life disturbance (DD), withdrawal (WI), overuse (OV), tolerance (TO) and 

disposition to cyberspace-oriented relationships (CR). The English and Italian SAS-

SV are reported in the supplementary material. 

Students’ standardized test scores in Italian language (TSI) and math (TSM). 

TSI and TSM were extracted from a computer-based survey carried out in May 2018 

on all 10th grade students. Students’ scores at the INVALSI TSI and TSM are highly 
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reliable and directly comparable across the entire population, overcoming the limit 

of subjectivity in the evaluation of students’ competences and the risk of 

measurement errors due to self-reported grade point averages. Students’ scores in 

both tests are standardized at the national level to a mean of 200 and standard 

deviation of 50. In our sample, students’ scores are less dispersed and slightly above 

the national average in both disciplines (Table 1). 

Covariates. Participants were asked to report a set of socio-demographic 

attributes: gender, ethnic origin, and the education level of their parents. Students’ 

gender and ethnic origin were recorded as dichotomous variables, distinguishing 

males from females and natives from the first and second generations of immigrants, 

respectively. The highest level of education among parents (dominance criterion) 

was queried and then recoded into low-educated (up to middle school diploma), 

middle-educated (high school diploma) and highly educated (bachelor’s degree or 

higher). 

Data analysis 

Due to the specificity of our research interests, all the analyses presented in the study 

were conducted on the subsample of participants who reported owning a 

smartphone (n = 3,251, around 99% of the overall sample). A preliminary evaluation 

of the degree of multivariate normality of all problematic smartphone use items was 

performed through the Mardia test. Results demonstrated significant skewness and 

kurtosis, thus estimation methods specifically designed for non-normally distributed 

ordered categorical data were used. Exploratory and single-group confirmatory 

factor analysis (EFA and CFA) models aimed at evaluating the dimensionality and 

the factorial validity of SAS-SV and SPS-A were estimated with weighted least 

squares (WLS) and mean- and variance-adjusted chi-square test statistic (χ²). Model 

goodness of fit was considered to adequately explain the empirical data when the χ² 

probability was higher than 0.05. However, previous research showed that χ² values 

could be inflated with large sample sizes, leading to erroneous conclusions about the 

model fit to the empirical data and the tightness of the conclusions reached toward 

the cross-group comparisons (Chen, 2007). The following set of alternative fit indices 

was then included: the root mean squared error of approximation (RMSEA); the 

comparative fit index (CFI); the Tucker–Lewis index (TLI).2 Multi-group CFA 

models for measurement invariance testing were estimated with a robust maximum 

 
2 According to the rule of thumb, values of RMSEA lower than 0.05 indicate a good fit, while 

values lower than 0.08 are acceptable (Hu & Bentler, 1999). CFI and TLI higher than 0.90 and 0.95 

represent acceptable and good fit, respectively. 
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likelihood (ML) estimator, looking at Δχ² and variations in McDonald’s non-

centrality index (Mc) and CFI to compare nested models (see Sass et al., 2014).3  

To avoid the problems associated with testing EFA and CFA on the same 

data set (Kline 2015), we divided our sample using a random half-splitting procedure, 

and conducted dimensionality and validity testing on two independent subsamples 

(Table 1). The number of potential factors underlying the list of selected items and 

the ways in which they relate were investigated on Subsample 1 applying multiple 

criteria for the evaluation of construct dimensionality. We first focused on the screen 

plot with eigenvalues, adopting the elbow rule and a cutoff of 1 to identify the 

number of factors to retain (Stevens, 2012). We then carried out incremental (EFA) 

models with Geomin rotation by progressively increasing the estimated factors until 

reaching the number suggested by previous analysis. Once the best fitting solution 

was identified, we examined factor loadings and inter-factor correlations in terms of 

substantive meaning.  

To evaluate the factorial validity, we estimated a series of alternative CFA 

models on Subsample 2. In the baseline model, SPS-A and SAS-SV items loaded only 

on their respective factors and no item residuals were allowed to covary. We started 

from the global fit of the model and used modification indices to judge the 

improvements if previously omitted correlated residuals, i.e., constrained to zero, 

are freely estimated. To identify which of the estimated modification indices should 

be considered as a potentially relevant residual covariance, we opted for a threshold 

of 0.2, meaning that at least 4% of the item variance not explained by the SAS-SV 

latent factor is shared with other items. 

Measurement invariance was assessed on the overall sample through a series 

of hierarchical nested models imposing an increasing number of parameter 

constraints across groups of interest (multi-group confirmatory factor analysis; 

MGCFA). Without sufficient MI, differences detected are at least partially due to 

measurement biases rather than substantive differences (Büchi, 2016). Our analytical 

strategy adapted the seminal work of Widaman and Reise (1997) to comparing 

model parameters across groups distinguished by gender, ethnic origin, and parent 

educational level. To achieve this goal and proceed with latent means comparisons, 

at least partial scalar invariance between items intercepts must be established (Kline, 

2015), i.e., at least one additional intercept other than that of the reference item 

needs to be equivalent across groups. We identified baseline models for each 

subgroup of respondents and tested configural, metric, residual covariances, and 

 
3 A probability higher of 0.05 forΔχ² p-value means that the more restricted model fits the 

data almost as equally as the less restricted model. Values of ΔMc and ΔCFI less than or equal to 0.02 

and 0.01 are considered sufficient support of cross-group equivalence (Cheung & Rensvold, 2002). 
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scalar invariance across them.4 Configural invariance evaluates whether the basic 

organization of the constructs, namely item loadings on each latent factor, applies to 

all groups. Metric invariance focuses on the equivalence of factor loadings, while 

residual covariances invariance is used to assess whether common residual 

covariances in the baseline models operate equivalently. Finally, scalar invariance 

was tested by constraining the item intercepts to be equivalent across the groups of 

interest. To then compare latent mean scores across groups we constrained one of 

them to 0 (reference group) and left all the others free to vary (Kline, 2015). 

Following this procedure, the factor means of the freely estimated groups 

summarize the differences between the reference and other groups’ latent factor 

means. In other words, all the parameters left free to vary represent the true 

difference in latent means as compared to the reference group.  

Finally, we simultaneously regressed TSI and TSM on SPS-A and SAS-SV 

using data from the overall sample of smartphone owners to investigate the 

relationships between the two constructs of problematic use and students’ school 

performance. Our model specification included potential socio-demographic 

confounders previously examined, introducing them as covariates of SPS-A and SAS-

SV. More technical details on the methodological choices underlying fit evaluation, 

rotation criteria selection, factor validity and invariance testing are given in the 

supplementary material. 

Results 

Stage 1: Dimensionality 

The scree plot (supplementary material) as a first indication of dimensionality 

suggested retaining more factors than the two initially hypothesized. The first three 

factors featured eigenvalues higher than 1 and the graph’s elbow was positioned 

exactly in correspondence with the third. Similar evidence was obtained from the 

alternative fit statistics of incremental EFA models. The one-factor solution (χ2 = 

3037; df = 119; χ2 p-val = 0.000; RMSEA = 0.123 [0.120-0.127]; CFI = 0.812; TLI = 

0.785), as well as the two-factor solution (χ2 = 1440; df = 103; χ2 p-val = 0.000; 

RMSEA = 0.090 [0.086-0.094]; CFI = 0.914; TLI = 0.886) did not fit the data well and 

were rejected. Conversely, the three-factor solution produced RMSEA, CFA and TLI 

values indicating a more than acceptable fit to the data (χ2 = 739; df = 88; χ2 p-val = 

0.000; RMSEA = 0.064 (0.063-0.072); CFI = 0.958; TLI = 0.935). 

 
4 Although required for full factorial invariance (Meredith, 1993), we avoided the last step of 

the Widaman and Reise strategy based on the equivalence of item residuals (strict invariance). This 

choice depends on the fact that residuals are not part of the latent factor and therefore becomes 

inconsequential for the interpretation of latent mean differences across groups (Vandenberg & Lance, 

2000). 



https://doi.org/10.1177/08944393211018969  13 

 

[Table 2] 

Looking at the loadings of the three-factor solution (Table 2), the two 

separate latent dimensions of problematic smartphone use underlying the SPS-A and 

SAS-SV items were evident. Indeed, for each of the two constructs the parameter 

estimates exhibited values above the 0.5 threshold and no signs of overlap were 

detected. A third factor of less obvious interpretation was instead defined by the 

cross-loadings of items SAS2, SAS3, SAS5 and SAS8, respectively, focused on 

smartphone overuse and its negative effects on productivity (see the list of items in 

the supplementary material). The specificity of these items compared to the rest of 

the SAS-SV battery suggests that this third factor could simply summarize 

individuals’ (lack of) sensitivity toward smartphone daily life disturbance. In line with 

this hypothesis, we found a moderate positive inter-factor correlation between SPS-A 

and SAS-SV, while, conversely, the third factor resulted in a null correlation with 

each of the two measures of problematic use. 

Stage 2: Factorial Validity 

Results of the analysis on the baseline model did not yield a satisfactory goodness of 

fit (χ2 = 1316; df = 118; χ2 p-val = 0.000; RMSEA = 0.079 [0.076–0.083], CFI =0.920, 

TLI = 0.908). Based on the model modification strategy, we identified four mis-

specified residual covariances (SAS2-SAS3, SAS2-SAS8, SAS3-SAS8, and SAS5-SAS8), 

ranging from 0.264 to 0.483 and dealing – as expected – with smartphone overuse 

and its negative effects on productivity. The hypothesized model was then gradually 

respecified to test whether the addition of each of these parameters corresponded to 

a significant improvement in the global fit indices. The final model specification 

resulted in values of RMSEA, CFI and TLI indicating a close fit to the data (χ2 = 649; 

df = 114; χ2 p-val = 0.000; RMSEA = 0.054 [0.050–0.058], CFI =0.96, TLI = 0.957). 

Some SAS-SV items – those related to smartphone overuse and productivity 

disturbances – are not adequately explained by the construct of addiction and require 

the introduction of correlated error parameters.  

Stage 3: Measurement Invariance 

In short, with for example ΔCFI < .01 and ΔMc < .02, the results of MGCFA 

confirmed that SPS-A and SAS-SV represent two fully invariant constructs across 

ethnic origins and parental education, satisfying all the necessary prerequisites for 

analysis of the latent factor means (Table 3). SPS-A was also invariant for gender, 

whereas SAS-SV proved to be only partially invariant. 

[Table 3] 

Table 3 shows that configural invariance, as well as metric and residual 

covariance invariance, were all confirmed. Despite the marked inflation produced on 

χ2 by our large sample size, RMSEA, CFI, TLI and McNCI values consistently 
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indicated at least an acceptable fit, while values of ΔCFI and ΔMcNCI remained 

below the recommended threshold in all of the first three model comparisons. 

Conversely, scalar invariance testing produced a subtantial decrease in model fit (Δχ2 

p-val < 0,05; ΔCFI = − 0.016; ΔMcNCI = − 0.025), with modification indices 

suggesting that items SAS8 and SAS9 were non-invariant across gender. After 

releasing the equality constraints on these two non-invariant parameters (Model 4.1), 

the magnitude of alternative fit indices variations reduced enough to support partial 

scalar invariance for gender (ΔCFI = − 0.009; ΔMcNCI = − 0.013). 

Stage 4: Latent Means Comparisons by Socio-Demographic Characteristics 

Based on the stage 3 results, we compared SPS-A and SAS-SV factor means for 

students’ gender, ethnic origins, and parental education background. Table 4 show 

that SPS-A was significantly predicted by parental education and ethnic origins, but 

not by gender. On the other hand, SAS-SV was not significantly associated with 

family background, while female students on average scored higher on SAS-SV than 

males. To evaluate whether SAS-SV latent factor means are impacted by non-

invariant items, we carried out a sensitivity analysis comparing the parameter 

estimates of the gender multi-group fully invariant model with those of the partially 

invariant model. Results of this additional analysis underline that the higher 

propensity of female students to declare smartphone overuse and dependency 

contributes to an inflation of the estimates: in the fully invariant model we see a 29% 

increase in the latent means difference between males and females compared with 

the partially invariant model. 

[Table 4] 

Stage 5: Academic Performance 

A latent model in which TSI and TSM were regressed on both SPS-A and SAS-SV 

was finally carried on the overall sample to investigate the relationships between the 

two constructs of problematic smartphone use and students’ school performance. 

Our model specification included potential socio-demographic confounders 

previously examined, introducing them as covariates of SPS-A and SAS-SV. This 

resulted in an acceptable fit (χ2 = 1308.2; df = 212; p = 0.000; RMSEA = 0.043[0.031-

0.045]; CFI = 0.914; TLI = 0.900). We found that levels of SPS-A significantly and 

negatively predicted test scores in both disciplines, indicating that the less students 

report their smartphone as pervasive, the better they did at school (Table 5). We 

found lower and non-significant associations between SAS-SV and students’ 

performance in Italian language and math. 

[Table 5] 
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Discussion 

Dimensionality testing with EFA supported the hypothesis that SPS-A and SAS-SV 

are separate but related measures of problematic smartphone use. The third factor in 

the analysis might merely incorporate residual covariances across the SAS-SV items 

more specifically focused on perceived smartphone overuse and its negative effects 

on productivity rather than addiction and withdrawal issues. These items have in 

common that they elicit perceptions of habits (and their consequences) that addicted 

respondents may refuse to accept as their own or simply do not want to report, 

while respondents with non-problematic use may have a higher sensitivity and 

anxiety toward the consequences of smartphone use on daily life activities. The 

specificity of these items compared with the rest of the SAS-SV suggests that this 

third factor could simply summarize their shared variance unaccounted for by the 

constructs of problematic smartphone use. Supporting this hypothesis, the two-

factor model with correlated scales and residual covariances was the best fitting 

solution. 

In this model, SPS-A and SAS-SV represent distinct but not orthogonal 

constructs. Thus, addiction and pervasiveness are empirically overlapping, and yet 

they are not interchangeable measures of problematic smartphone use. Moreover, 

the patterns of residual variance show the advantage of being able to account for 

measurement error in a latent modeling framework and should discourage 

researchers from using a simple mean score of SAS-SV items. Our findings of partial 

measurement invariance mean that SPS-A and SAS-SV latent mean scores 

comparisons by gender may be biased, particularly because the decision to relax the 

constraints for non-invariant items could lead to comparability problems between 

factor scores (e.g., Sass, 2011). Sensitivity analysis in Stage 4 revealed that the 

magnitude of gender differences in the smartphone addiction scores must be 

interpreted with caution.  

Finally, stage 5 results suggest reconsidering previous evidence on the 

negative relationship between SAS-SV and school performance: smartphone 

addiction perceived by students did not significantly predict their school 

performance once controlled for smartphone pervasiveness at specific moments of 

the day and socio-demographic covariates. SAS-SV was not associated with social 

and ethnic origins of the students, while SPS-A showed significant differences for 

both. SAS-SV yielded gender differences as reported in previous research (Kwon et 

al., 2013), while SPS-A was not significantly affected by gender. Aside from the 

higher sensitivity of females toward the issue of problematic smartphone use and its 

daily life disturbance, the gender gap frequently reported in the problematic 

smartphone use literature is more generally attributable to differences in males and 

females’ motivations and types of use, rather than frequency of use at specific 
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moments of the day (Authors, 2020; Chen et al., 2017). Analyzing the robustness of 

the relationships between the two scales and students’ performance in Italian 

language and math showed that only smartphone pervasiveness was negatively 

associated with students’ standardized test scores in both disciplines.  

Conclusion 

This article introduced an alternative conceptualization and measurement of 

problematic smartphone use, validated and applied in a sample of 3,289 10th grade 

students in Italy. The SPS-A represents a new resource for future social science 

research on the impact of smartphones on school performance. It is not a measure of 

pathological smartphone usage behaviors, nor it is a measure of (subjective) overuse; 

instead, it focuses on the frequency of use at specific key moments of the day. Its 

crucial features are factorial validity – meaning that smartphone pervasiveness is a 

single latent dimension adequately reflected in the frequency of smartphone use in a 

set of daily situations – and measurement invariance across relevant groups. Thus, 

the properties of the SPS-A enable meaningful comparisons between socio-

demographic groups of interest for research on the role of smartphone use for 

educational attainment and inequalities among adolescents. 

Given our results, SPS-A presents a more suitable choice for researchers 

interested in studying the relationship between smartphone usage and school 

performance, even if controlling for other factors associated with the reproduction of 

educational inequalities. Moreover, since SPS-A is associated with socio-

demographic variables of family background, it may represent a more theoretically 

meaningful choice for communication researchers investigating how family habits 

and cultural norms regarding digital media are transmitted unequally. SPS-A allows 

researchers interested in problematic smartphone use and its outcomes to go beyond 

the prevalent “addiction” perspective. As the integration of smartphones into 

everyday communication is a societal and not only a psychological process, 

researchers may want to move outside of a pathology-oriented framework. SPS-A 

better shows the social drivers of problematic smartphone use that does not derive 

from individual psychological problems but from socialization through family and 

peer-learned communication habits. 

Limitations and further research 

Some limitations of the study need to be acknowledged. First, it SPS-A still relies on 

adolescents’ self reports, which may be subject to estimation biases. Self-report 

measures of smartphone use are indeed significantly affected by the difficulty to 



https://doi.org/10.1177/08944393211018969  17 

 

report frequent and habitual checking behaviors (Wilcockson et al., 2018; Andrews 

et al., 2015). 

Likert scale measures such as the SPS-A could be considered less sensitive to 

this issue compared to open-ended questions on the amount of time spent on the 

device (Sewall et al., 2020; Ernala et al., 2020). However, research in this field is still 

scarce and more empirical evidence is needed. Future studies should then invest 

more in trace data assessments and incorporate objective measures of frequency of 

smartphone use in specific moments of the day – ideally in combination with 

relevant (self-reported) background and outcome variables – to strengthen the 

evaluation of SPS-A criterion validity. 

Second, the robustness and direction of the relationship we found across SPS-

A and school performance remains somewhat speculative. Even though the analysis 

we presented accounted for some of the most relevant predictors of smartphone use 

and school performance at the individual and family level, potentially omitted 

confounders and reverse causality deriving from the observational nature of our data 

remain (Rohrer, 2018). Although it is generally assumed that problematic 

smartphone use leads to worse school performance, an increase in smartphone use 

may also be the result of a decline in school performance. Recent advancements in 

longitudinal research address these issues by modeling the auto-regressive effects of 

predictors and outcomes through random-effect techniques that control for both 

intra- and inter-individual changes over time (e.g. Selig & Little, 2012). Scholars 

interested in deepening the causal analysis of smartphone pervasiveness and 

academic performance are thus encouraged to direct their efforts toward the 

application of such techniques. 
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Table 1 

Sample Characteristics 

Variable (value) Mean (SD) Frequency (%) 

Age 15.2 (0.6)   

    Missing   1 (0.0) 

Gender     

     Male   1,586 (48.2) 

     Female   1,699 (51.7) 

     Missing   4 (0.1) 

Ethnic origin     

     Native   2,859 (87.2) 

     Other country   420 (12.8) 

     Missing    10 (0.3) 

Mother educational level     

     Low   748 (22.7) 

     Middle   1,548 (47.1) 

     High    854 (26.0) 

     Missing   139 (4.2) 

Father educational level     

     Low   1,000 (30.4) 

     Middle    1,345 (40.9) 

     High    769 (23.4) 

     Missing   175 (5.3) 

Smartphone possession     

     Yes   3,251 (98.8) 

     No   38 (1.2) 

     Missing   0 (0.0) 

Italian language test score 210.1 (34.6)   

     Missing   346 (10.5) 

Math test score 212.5 (38.9)   

     Missing   359 (10.9) 

Random half-splitting procedure     

     Subsample 1 (EFA)   1,644 (50.0) 

     Subsample 2 (CFA)   1,645 (50.0) 

Note. N = 3,289, descriptive statistics of students’ socio-demographic characteristics. 
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Table 2 

Subsample 1: Item Descriptives and Exploratory Factor Loadings and Correlations (Model 3) 

Items M SD Skewness Kurtosis 

Factor1 Factor2 Factor3 

SPS SAS 
Residual 

covariance 

SPS1  1.6 0.8 1.3 4.0 0.467 0.095 -0.110 

SPS2 2.5 0.7 0.3 2.7 0.531 0.088 0.028 

SPS3 2.6 0.8 0.1 2.4 0.630 -0.014 0.210 

SPS4  1.9 1.1 1.0 2.5 0.569 0.023 -0.025 

SPS5 2.7 1.1 -0.2 1.6 0.527 0.092 -0.023 

SPS6  2.2 0.9 0.5 2.4 0.579 -0.069 0.057 

SPS7  2.4 0.9 0.3 2.5 0.454 0.097 0.003 

SAS1 2.0 1.3 1.1 3.5 -0.001 0.801 -0.065 

SAS2 2.6 1.4 0.6 2.3 0.009 0.458 0.580 

SAS3 2.9 1.5 0.3 2.2 -0.001 0.581 0.559 

SAS4 2.8 1.4 0.3 2.2 0.140 0.617 -0.010 

SAS5 2.7 1.4 0.5 2.4 0.054 0.557 0.212 

SAS6 2.1 1.3 1.0 3.1 -0.089 0.536 0.095 

SAS7 2.1 1.3 1.0 3.4 0.004 0.836 -0.098 

SAS8 3.0 1.5 0.2 2.1 -0.041 0.526 0.368 

SAS9 3.0 1.5 0.3 2.1 0.103 0.716 0.024 

SAS10 2.7 1.5 0.5 2.4 0.089 0.636 -0.014 

SPS-A     1.000   

SAS-SV     0.376 1.000  

Residual covariance     -0.003 0.096 1.000 
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Table 3 

Summary of fit indices testing cross-group measurement invariance for Parents level of education, students’ gender and ethnic origins 

Group/Model 

Fit Indices (MLMV estimation method) 

χ2 df 
χ2 

RMSEA CFI TLI McNCI ΔCFI ΔMcNCI 
Δχ2 

p-val p-val 

Parents level of education 

Baseline Models 

Low (L) 218.2 112 0.000 
0.046 

0.921 0.904 – – – – 
[0.037 – 0.055] 

Middle (M) 456.2 114 0.000 
0.045 

0.940 0.929 – – – – 
[0.040 – 0.048] 

High (H) 426.3 114 0.000 
0.049 

0.923 0.908 – – – – 
[0.044 – 0.054] 

Measurement Invariance 

M1: Configural 1089.5 340 0.000 
0.046 

0.931 0.917 0.887 – – – 
[0.043 – 0.049] 

M2: Metric 1118.6 370 0.000 
0.044 

0.931 0.924 0.887 0.000 0.000 0.658 
[0.041 – 0.047] 

M3: Residual 
1121.0 378 0.000 

0.043 
0.932 0.926 0.888 0.001 0.001 0.550 

Covariances [0.040 – 0.046] 

M4: Scalar 1188.4 412 0.000 
0.042 

0.929 0.929 0.883 -0.003 -0.005 0.000 
[0.040 – 0.045] 

Students’ gender 

Baseline Models  

Female  609.7 114 0.000 
0.051 

0.924 0.910 – – – – 
[0.047 – 0.055] 

Male 502.9 114 0.000 
0.047 

0.929 0.915 – – – – 
[0.043 – 0.051] 

Measurement Invariance 

M1: Configural 1108.3 228 0.000 
0.049 

0.926 0.912 0.872 – – – 
[0.046 – 0.052] 

M2: Metric 1184.4 243 0.000 
0.049 

0.921 0.912 0.864 -0.005 -0.008 0.000 
[0.046 – 0.052] 

M3: Residual 
1192.1 247 0.000 

0.049 
0.921 0.913 0.863 0.000 -0.001 0.028 

Covariances [0.046 – 0.052] 

M4: Scalar 1397.2 264 0.000 
0.052 

0.905 0.902 0.838 -0.016 -0.025 0.000 
[0.049 – 0.054] 

M4.1: Scalar 

Partial SAS8-9 
1312.1 262 0.000 

0.050 
0.912 0.909 0.850 -0.009 -0.013 0.000 

[0.047 – 0.053] 

Students’ ethnic origins 

Baseline Models  

Natives 841.8 114 0.000 
0.048 

0.931 0.918 – – – – 
[0.045 – 0.051] 

Migrants 226.4 114 0.000 
0.050 

0.920 0.904 – – – – 
[0.040 – 0.059] 

Measurement Invariance 

M1: Configural 1030.9 228 0.000 
0.047 

0.929 0.915 0.883 – – – 
[0.044 – 0.050] 

M2: Metric 1047.8 243 0.000 
0.045 

0.929 0.920 0.882 0.000 -0.001 0.278 
[0.043 – 0.048] 

M3: Residual 

Covariances 
1043.7 247 0.000 

0.045 
0.930 0.922 0.884 0.001 0.002 0.832 

[0.042 – 0.048] 

M4: Scalar 1108.9 264 0.000 
0.045 

0.925 0.923 0.879 -0.005 -0.005 0.000 
[0.042 – 0.047] 

Cut off values for fit indices. Close fit: RMSEA ≤ 0.05; CFI ≥ 0.95; TLI ≥ 0.95. Acceptable fit: RMSEA ≤ 0.06; CFI ≥ 0.90; TLI ≥ 0.90. Invariance 

test: Δχ2p-value ≥ 0.050; ΔCFI ≤ 0.010;  ΔNCI ≤ 0.020. 
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Table 4 

Cross-Group Latent Factor Means Comparison. 

  SPS-A SAS-SV 

Parent educational level (Ref. Low)     

Middle -0.231 (0.067)** -0.083 (0.055) 

High -0.292 (0.067)** -0.096 (0.059) 

     

Ethnic origin (Ref. Native) 

Other 0.230 (0.064)** 0.105 (0.054) 

     

Sex (Ref. Female)     

Male -0.054 (0.040) -0.207 (0.040)** 

Sex (Ref. Female) partial     

Male -0.054 (0.040) -0.151 (0.041)** 

Note. p-value: ** ≤ 0.01; * ≤ 0.05. Standardized estimates and standard errors within brackets. 

 

Table 5 

Results of the latent regression of Academic performance on problematic smartphone use 

 

  TSI TSM 

SPS-A -0.170 (0.030)** -0.221 (0.029)** 

SAS-SV -0.031 (0.026) -0.047 (0.026) 

Parent educational level (Ref. Low)     

Middle 0.080 (0.025)** 0.087 (0.023)** 

High 0.190 (0.025)** -0.224 (0.025)** 

     

Ethnic origin (Ref. Native) 

Other -0.137 (0.018)** -0.091 (0.017)** 

     

Sex (Ref. Female)     

Male -0.081 (0.018)** 0.132 (0.017)** 

 

Note. p-value: ** ≤ 0.01; * ≤ 0.05. Abbreviations: smartphone pervasiveness scale (SPS-A); smartphone addiction scale 

(SAS-SV); INVALSI Italian language test score (TSI); INVALSI math test score (TSM). 
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