
Vol.:(0123456789)

Social Indicators Research
https://doi.org/10.1007/s11205-024-03320-z

1 3

ORIGINAL RESEARCH

Tackling Cyclicity in Causal Models with Cross‑Sectional 
Data Using a Partial Least Squares Approach: Implications 
for the Sequential Model of Internet Appropriation

Giuseppe Lamberti1   · Jordi Lopez‑Sintas1   · Giuseppe Pandolfo2 

Accepted: 23 January 2024 
© The Author(s) 2024

Abstract
Working with SEM and cross-sectional data, and depending on the studied phenomenon, 
assuming an acyclic model may mean that we obtain only a partial view of the mechanisms 
that explain causal relationships between a set of theoretical constructs, given that vari-
ables are treated as antecedents and consequences. Our two-step approach allows research-
ers to identify and measure cyclic effects when working with cross-sectional data and a 
PLS modelling algorithm. Using the resources and appropriation theory and the sequen-
tial model of internet appropriation, we demonstrate the importance of considering cyclic 
effects. Our results show that opportunities for physical access followed by digital skills 
acquisition enhance internet usage (acyclic effects), but also that internet usage intensity, in 
reverse, reinforces both digital skills and physical access (cyclic effects), supporting Norris 
(Digital divide: civic engagement, information poverty, and the internet worldwide. Cam-
bridge University Press, Cambridge, 2001) social stratification hypothesis regarding future 
evolution of the digital divide.
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1  Introduction

Structural Equation Modelling (SEM) is a commonly applied multivariate approach to 
examining complex systems of variables (Hair et al., 2022). According to Wold (1982), the 
two most essential prerequisites for SEM are (1) that a cause-effect relationship is hypoth-
esized between variables, and (2) that most variables are not directly observable (i.e., they 
are latent) and so must be measured using a specific set of indicators.

The available literature outlines various approaches that can be used to estimate SEM. 
The classic approach is the well-known covariance-based SEM (Ullman & Bentler, 2012), 
which considers a latent variable to be a common factor that explains the co-variation of 
its own set of indicators (Sarstedt et al., 2016). This approach typically relies on stringent 
assumptions about distributions and sample size. Partial Least Squares (PLS) SEM is an 
alternative approach (Sarstedt et  al., 2016) that approximates latent variables as a proxy 
(i.e., a linear combination of indicators) and aims to maximize the explained variance of 
both the indicators and dependent constructs.

In almost all cases, SEM applications are conditioned by a critical hypothesis that 
Hyttinen et  al. (2012) define as the “acyclic” hypothesis, which assumes that variables 
are antecedents or consequences, and that the causal relationship between variables can 
be estimated considering a specific time interval. In other words, the acyclic hypothesis 
operates in SEM when a one-way sequential effect regulates the relationship between vari-
ables. However, as indicated by Hyttinen et al. (2012), there are several situations in which 
variables influence each other in a cyclic manner, which means that we cannot assume acy-
clicity if we want to measure the complete structure of causal relationships between vari-
ables. Thus, being able to measure cyclicity in SEM remains of fundamental importance.

In the sociology field, one scenario deserving of attention regarding acyclic and cyclic 
effects is the elucidation of social disparities in Internet adoption and usage. The Resources 
and Appropriation (RA) theory, as articulated by van Dijk (2002), van Deursen and van 
Dijk (2015), and van Dijk (2020), delineates the production and reproduction of social 
inequalities in Internet appropriation, commonly referred to as the digital divide, which, 
according to this theory, arises from four key constructs: attitude (reasons and motivations 
for Internet use), access (physical availability of digital devices and connections), skills 
(digital proficiency), and usage (how the Internet is actually used). The RA theory and 
the associated Internet appropriation model assumes that those four constructs function 
sequentially, i.e., attitude influences access, which influences skills, which, in turn, influ-
ences usage. However, it is intuitive that usage also exerts a reverse influence on attitude, 
access, and skills; moreover, the fact that the temporal dimension is not considered means 
that a static snapshot is offered of a moment in time.

In proposing a new SEM algorithm that takes into account the time dimension, Aspa-
rouhov et  al. (2018) and  Drton et  al. (2019) resolved the problem of cyclicity in SEM, 
although their proposal was based on longitudinal data, i.e., the same set of variables meas-
ured at different times. Since this kind of data is not usually available in SEM studies, most 
analyses are cross-sectional. Indeed, how to measure cyclic effect in SEM when working 
with cross-sectional data remains an open research question.

To close this research gap, we propose a two-step approach to measuring cyclic effects 
when working with cross-sectional data using the PLS algorithm. Our approach is based 
on estimating a classical PLS-SEM model and then use the resulting dependent variable 
scores to estimate the cyclic effects. Our approach applies the same philosophy as used 
for hierarchical models with higher-order constructs in PLS-SEM (Becker et  al., 2012; 
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Crocetta et al., 2021; Sarstedt et al., 2019). Hierarchical models use multidimensional con-
structs that exist at a higher level of abstraction but are quantified using lower-order sub-
construct latent scores as proxies.

In summary, this article aims to offer a methodological contribution to further develop-
ing PLS-SEM so as to measure a cyclic feedback loop. It also makes a sociological con-
tribution in extending the sequential model of Internet appropriation (van Deursen & van 
Dijk, 2015) to account for possible cyclic effects operating on the digital divide.

Our article is laid out as follows. First, we introduce the issue of cyclicity through an 
example from the sociology field. We concisely overview the digital divide concept, the 
RA theory, and the sequential Internet appropriation model, underlining the significance 
of accounting for cyclic effects for our understanding of the social mechanisms influencing 
Internet appropriation (Sect. 2). We next provide a brief introduction to PLS-SEM and out-
line our two-step approach to estimating cyclic effects in the PLS-SEM context (Sect. 3). 
Using data from a Eurostat Information and Communication Technology (ICT) usage sur-
vey, we demonstrate how we apply this approach to estimating cyclic effects in the Internet 
appropriation model (Sect. 4). Finally, we discuss the methodological and substantive con-
tributions of our research (Sects. 5 and 6).

2 � Conceptual Background

2.1 � RA Theory and the Digital Divide

The digital divide is not just a metaphor, but points to a social problem: unequal access to 
and use of the ICTs. Nor is the digital divide a theory, as underlined by van Dijk (2002), 
as it has successfully directed attention towards social, political, and academic debates 
(Attewell, 2001). While the digital divide initially referred to unequal access to the ICTs, 
the evidence is that the issue is more complex than mere access (Norris, 2001). Unequal 
access to the ICTs nowadays is understood to be just a starting point for unequal endow-
ment in devices, which also encompasses unequal attitudes, skills, and usage. However, the 
digital divide has several facets that need further explanation: (1) the theoretical relation-
ships between unequal layers in the sequential process that culminate in unequal digital 
benefits (van Deursen & van Dijk, 2015; van Dijk, 2002, 2005, 2012, 2020), (2) the evolu-
tion of the digital divide (Norris, 2001; van Dijk, 2012), and (3) the unequal social distri-
bution of the digital divide (van Deursen & van Dijk, 2014, 2015).

The digital divide, coined as a term by the US National Telecommunications and Infor-
mation Administration, initially described the uneven distribution of computers among 
low-income groups, minorities, women, and the elderly (Norris, 2001; Parsons & Hick, 
2008). That divide is now commonly referred to as the first digital divide (Attewell, 2001), 
because, despite policies implemented to address what was essentially an access gap, sub-
sequent research has revealed that a more enduring Internet usage gap exists—referred to 
as the second digital divide—that is characterized by disparities in how people actually use 
the Internet (Attewell, 2001). Furthermore, attempts to understand the processes that gen-
erate the second divide have led to the identification of a third divide, reflecting the social 
and cultural advantages/disadvantages accruing to individuals with better/poorer digital 
skills (Hargittai, 2002; van Deursen & Helsper, 2015). This skills gap suggests that a better 
understanding of the digital divide requires a better understanding of digital divide levels 
and the links between them.
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The RA theory posits a model of Internet appropriation that aims to elucidate the digi-
tal divide by establishing a sequential connection between attitude, physical access, digi-
tal skills, and usage. According to this theory, disparities in the advantages derived from 
Internet usage stem from an uneven societal distribution of those four constructs (as will 
be briefly elaborated in connection with our research findings described below). Table 1 
summarizes definitions, effects, and literature references for each construct. For a complete 
review, see Lamberti et al., (2021, 2023), van Deursen and van Dijk (2015), and van Dijk 
(2020).

Our model, based on the model proposed by van Deursen and van Dijk (2015) and Lam-
berti et al., (2021, 2023), is illustrated in Fig. 1, includes three constructs: physical access 
(PA), digital skills (DS), and Internet usage (IU). Attitude (ATT) as an antecedent of PA 
was excluded, as our use of secondary data did not allow its consideration.

2.2 � The Sequential Model: Cumulative and Cyclic

So far, we have described the constructs underpinning the sequential model of Internet 
appropriation that produce different digital divide levels. However, even though the causal-
ity model that explains the third digital divide (arising from social and cultural advantages/
disadvantages) is sequential, the RA theory also indicates that the model is, additionally 
cumulative and recursive (van Dijk, 2002, 2006), and applies equally to older and newer 
media.

The sequential levels of the digital divide are cumulative in two ways. First, cumulative 
waves of innovation have led to desktop computers, the Internet, laptops, netbooks, tab-
lets, smartphones, and many other spin-off devices. Network innovations further enhance 
devices, e.g., smartphone usefulness has been enhanced by the advent of 3G, 4G, and 5G 
data technologies. Devices differ in terms of cost, typically related to ease of use, operat-
ing systems, and the innovativeness of embedded technologies. The fact that more costly 
devices are faster, easier to use, and have better software ultimately affects what the indi-
vidual can do and the derived benefits. Second (and related to this last point), individuals 
adopt new technologies at different temporal points (Norris, 2001; van Dijk, 2002, 2006) 
and speeds. If the adoption pattern of digital technologies were to follow Norris’ normali-
zation hypothesis (2001), which suggests that social differences could eventually fade 
away, all individuals would finally achieve the same level of adoption. However, evidence 
for Europe, as reported by Norris (2001), supports a social stratification thesis, i.e., the per-
sistence of social differences reflected in the digital divide. Thus, society is stratified into 
privileged and underprivileged social groups that achieve different levels of adoption at 
varying times in line with their resources, and the outcome is a divergence in life chances 
and varying access to capital and resources and to privileged social positions.

The sequential model is also cyclic. With each new digital innovation, the adoption pro-
cess starts again and runs concurrently with previous adoption processes, although skills, 
usage, and benefits may be fundamentally grounded in previous experiences. The fact 
that many innovations build on an earlier innovation makes it easier for people who have 
already adopted a technology to foresee the value of an enhancement. Those left behind 
will see their digital skills stagnate (i.e., the skill difference will be more significant in both 
absolute and relative terms), and they will not enjoy the social and economic benefits of 
the more advanced technology. The skills deficit, in turn, may reduce motivations to adopt 
a new digital innovation. Furthermore, each advance in digital devices typically combines 
with other complementary innovations that reinforce productivity, e.g., smartphones with 
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advanced printers, television sets with Internet connections, laptops with long-lasting bat-
teries, and smartphones sharing access to local and global computer networks, shared 
broadband access at home or in the office, and the new WIFI mesh technologies.

The cumulative and cyclic properties of the model are shown in Fig. 2 (red lines), which 
depicts what we call the cyclic model of Internet appropriation. The cumulative and recur-
sive properties suggest that the sequential effect of the different digital divides is under-
estimated when we use cross-sectional data because cyclic effects are not reflected in the 
sequential model.

3 � Method

3.1 � PLS‑SEM

PLS-SEM (Esposito Vinzi et  al., 2010; Hair et  al., 2022; Tenenhaus et  al., 2005; Wold, 
1985) connects a set of observed variables (i.e., indicators or manifest variables) with con-
structs through a system of linear relationships (Hair et al., 2022) that are simultaneously 
quantified by applying a set of sequential multiple linear regressions. Following Sarstedt 
et  al. (2016), PLS-SEM is a composite approach to SEM, meaning that all latent varia-
bles are approximated using a linear combination of indicators. Figure 3 depicts the model 
specification considering a simple model where there are three LVs, each related to a block 
of three MVs. Computed are two models: an outer model that relates manifest variables 
(MVs) to constructs as latent variables (LVs), and an inner model that reflects the strength 
and direction of relationships between the LVs.

Physical
access
PA

Digital
skills
DS

Internet
usage
IU

Fig. 1   The sequential model of Internet appropriation

Physical
access
PA

Digital
skills
DS

Internet
usage
IU

Fig. 2   The cyclic model of Internet appropriation
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According to Sarstedt et  al. (2016), in the outer model, the relationship between LVs 
and their indicators can be conceptualized using reflective and formative approaches. The 
relationship is reflective (blocks 1 and 3, Fig. 3) when it is hypothesized that an LV causes 
the observed association with an indicator, while the relationship is formative (block 2, 
Fig. 3) when an LV is generated by a linear combination of indicators (in the form of a 
scale). Reflective, but not formative, relationships must be highly correlated as each indica-
tor describes a different aspect of the LV.

Referring to Fig. 3, let us assume that we have P indicators that are observed on N units,
(i = 1,…, n,…, N), then the data xnpk are collected in a partitioned matrix X = [X1,…, 

Xk,…,XK] where xpk, with p = 1,…, pk, and 
K∑
k=1

pk = P is an indicator belonging to the k-th 

block Xk. We also assume that an LV ξk is associated with each block Xk.
Following Tenenhaus et al. (2005) and Wold (1982), the reflective blocks X1 and X3 and 

the formative block X2 in the outer model are formalized in Eqs. (1) and (2), respectively:

where in the reflective case, λpk is the loading coefficient that captures the effect of ξk on 
x

pk, while in the formative case, πpk represents the weight of the linear combination associ-
ated with the indicator xpk, and εpk is the measurement error variable.

Finally, a generic dependent LV is linked to the corresponding explanatory LVs by the 
following equation:

(1)xpk = �pk�k + �pk

(2)�k =
∑

k

�pkxpk,

(3)�k = �kk��k� + �k,

Reflective

LV1= ξ1
(exogenous)

LV2= ξ2
(endogenous)

LV3= ξ3
(endogenous)

MV11 = x11

MV21 = x21

MV2 = x2

MV23 = x23

MV32 = x32

MV33 = x33

(Reflective)

(Formative)

(Inner model)

(Reflective)

MV31 = x31

(Outer model)block X1

block  X3

block  X2

MV12 = x12

MV13 = x13

Fig. 3   PLS-SEM model specifications
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where βkk’ is what is known as a path coefficient, which captures the effects of the predictor 
LV ξk’ on the dependent LV ξk, and where ζk is the inner residual variable.

Model parameters are estimated in PLS-SEM using a four-step iterative algorithm that 
includes: (1) an external approximation, (2) an internal approximation, (3) weight updat-
ing, and (4) a convergence check (see Hair et al. (2022) and Tenenhaus et al. (2005) for a 
detailed description of each step).

Concerning validation, several tests can assess the quality of the outer model. For 
instance, Cronbach’s α and Dillon-Goldstein’s ⍴, which measure how well a block of MVs 
measures the corresponding LV support researchers in their assessment of construct reli-
ability. Average Variance Extracted (AVE), which measures the amount of MV variance 
captured by each LV, depicts convergence validity. Composite Reliability (Cronbach’s α 
and Dillon-Goldstein’s ⍴), as put forward by Dijkstra (Dijkstra & Henseler, 2015), is suit-
able for reflective LVs (e.g., if mimicked by PLS-SEM) but less useful than components 
(as estimated by PLS-SEM).

As for the inner model, this is validated by analysing the length and significance of the 
path coefficients and using R2. Further details and a comprehensive list of possible tests are 
available in Espostio Vinzi et al. (2010), Hair et al. (2022).

3.2 � Cyclic Effects in PLS‑SEM

Consider a simple model with two LVs, one exogenous (i.e., predictive (ξ1)) and the other 
endogenous (i.e., dependent (ξ2)), reflecting antecedents and consequences. Note that, for 
the sake of simplicity, we do not differentiate between exogenous and endogenous in the 
notation. Under the classical causal model paradigm, we have a causal relationship between 
ξ1 and ξ2 when ξ1 affects ξ2 (ξ1 → ξ2); this effect is sequential, as we can establish a tempo-
ral order between the two LVs, such that ξ1 is antecedent to ξ2 (Fig. 4, left). Another situa-
tion is when ξ1 affects ξ2 and when ξ2 also affects ξ1 (ξ1 ⇄ ξ2), i.e., ξ1 and ξ2 are involved in 
a feedback loop; in this case, the influence is cyclic (Fig. 4, right).

Considering the sequential model of Internet appropriation and the relationship between 
the constructs, we can intuitively infer a sequential effect: if people have opportunities to 
physically access the Internet (PA), they will develop better digital skills (DS), and this 
will increase their usage (IU). However, just as intuitively, we can also infer a cyclic effect: 
more use of the Internet (IU) will result in more physical access (PA) and better digital 
skills (DS).

In PLS-SEM (as mentioned earlier), we face the problem of estimating the cyclic effect 
when working with cross-sectional data: we do not have the same indicators measured for 
the same individuals at different time points. Indeed, we can say that measurement of the 
variables at another time point is latent. However, let us assume that cyclic effects exist (as 

LV1= 1

(exogenous)
predictor

LV2= 2

(endogenous)
dependent

LV1= 1

(exogenous)
predictor

LV2= 2

(endogenous)
dependent

Sequential causal relationship Cyclic causal relationship

Fig. 4   Simple causality path model
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intuited above in relation to Internet appropriation and its constructs) and that we want to 
map the entire relationship structure. In this case, we account for any cyclic effect by using 
available variables to generate a proxy of variables measured at different time points.

3.3 � The Proposed Two‑Step Approach

Our proposal for estimating cyclic effects for cross-sectional data involves two steps. Let 
us to consider a simple case with three LVs (ξ1, ξ2, ξ3) as depicted in Fig.  5. Its gener-
alization into a more complex case is straightforward. First, to identify sequentiality in the 
LVs, we estimate the model applying the classical PLS-SEM procedure and calculating the 
coefficients and dependent LV scores. In our example, since ξ1 and ξ2 are predictors of ξ3, 
we determine the path coefficients ��1�3 and ��2�3 and the score for ξ3. Second, we estimate 
cyclic effects in a separate model where the dependent LV (ξ3) is now used to predict the 
antecedent variables (ξ1 and ξ2) using, instead of the original LV indicators, the dependent 
LV score ( �∗

3
).

Application to Internet appropriation and the PA, DS, and IU constructs (Fig. 6) is as 
follows: in the first model, sequentiality is established for PA, DS, and IU, and path coef-
ficients and scores are calculated; and in the second model, IU is established as an anteced-
ent of both PA and DS, and the IU score (IU*) obtained in the first model now yields the 
new path coefficients that quantify the cyclic effects.

LV1= ξ1
(exogenous)

predictor

LV2= ξ2
(exogenous)

predictor

LV3= ξ3
(endogenous)

dependent

Sequential effect
Step one

Two step approach

LV1= ξ1
(exogenous)

predictor

LV2= ξ2
(exogenous)

predictor

LV3 = ξ3
(Score step 

one)

**

Cyclic effect
Step two

LV1= ξ1

LV2= ξ2

LV = ξ

Input

3 3

Fig. 5   Two-step approach to estimating cyclic effects

PA

DS

IU

Sequential effect
Step one

Two step approach

PA

DS

IU
(Score step 

one)

*

Cyclic effect
Step two

PA

DS

IU

Input

Fig. 6   Two-step approach to estimating cyclic effects in Internet appropriation
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Determining cyclic causality requires not only quantifying effects (length and signifi-
cance) but also determining the relative significance of cyclic effects versus sequential 
effects: if the cyclic effect is significantly greater than the sequential effect, we can point 
to a reinforcement effect. Therefore, considering the sequential model of Internet appro-
priation, if the cyclic effect of IU on PA and DS is significantly greater than the sequential 
effect, then we can assume that the sequential effect of PA and DS on IU reinforces the 
effect of IU on PA and DS.

We used an adaptation of the parametric test introduced by Keil et  al. (2000), which 
assesses the significance of the effect of categorical variables on a path coefficient esti-
mated through PLS-SEM.1 Following Keil et al. (2000), and considering a simple model 
with two LVs (Fig. 4, right), we compared significant differences between sequential and 
cyclic effects (SE and CE in the equations below) by comparing differences between two 
coefficients and using the bootstrapping procedure to estimate the standard error. In the 
adapted parametric test, the null hypothesis is that there is no difference between SE and 
CE effects (i.e., H0: βSE = βCE), while the alternative hypothesis is that the CE effect is sig-
nificantly greater than the SE effect (i.e., H1: βSE > βCE). The null hypothesis is tested, and 
df is determined as follows:

4 � Illustration: Accounting for the Cyclic Effect

In this section we show how to estimate the cyclic effect by applying the two-step approach 
to the sequential model of Internet appropriation. Below we briefly present our data and 
describe the results of our analysis. Data, measurements, and model were based on the 
analysis proposed by Lamberti et  al. (2021). The analysis was performed in R, using 
the ‘FactoMineR’ package (Lê et  al., 2008) to run the multiple correspondence analysis 
(MCA) and to operationalize the PA construct, the ‘plspm’ package (Bertrand et al., 2023) 
to estimate the PLS-SEM model and the cyclic effects. The authors, implemented the para-
metric test.

(4)
t =

|�SE − �CE|√
(n−1)

n

(
σ2
βSF+

σ2
βCE

) .

(5)df =

√√√√√√√

(
(n−1)

n
(�2

�SE
+ �2

�CE
)
)2

(n−1)

n2

(
�4
�SE

+ �4
�CE

) .

1  The parametric test is based on a bootstrap resampling procedure to evaluate coefficient differences. The 
bootstrap procedure estimates the standard errors of the path coefficients estimated for each group defined 
by the categorical variable levels. The difference between coefficients is then tested using a t-statistic (for 
details, see Keil et al. (2000)).
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4.1 � Data and Measurements

We obtained representative data on ICT usage in 2016 from a Eurostat EU27 + UK survey. 
The sample consisted of 151,660 individuals aged over 15 years who had used the Inter-
net in the three previous months. Figure 7 depicts the sample demographics, showing that 
slightly over half were female, approximately three quarters were aged 25–64 years, about 
a third had a high level of education, and around two thirds were employed.

Measurement of the RA theory indicators (PA, DS, and IU) is briefly summarized 
below (full details are available in Appendix 1).

PA was measured in terms of a yes/no response regarding the use of six device types 
(personal computer, portable computer or netbook, tablet, mobile phone or smartphone, 
other mobile device (e.g., e-reader, smartwatch), and smart TV). Due to the dichotomous 
nature of the indicators, PA was operationalized through MCA (Greenacre & Blasius, 
2006), with the coordinates for the first dimension reflecting PA intensity. Figure 8, which 
depicts the two first MCA dimensions, shows variables coloured by contribution (darker 
shades reflect greater contributions). The first dimension, reflecting PA intensity and 
accounting for more than 76% of the total inertia, contrasts non-use and use of particular 
devices (left- and right-hand side of the plot, respectively), showing that smartphones and 
tablets make the greatest contribution to this dimension.

DS was measured in terms of four abilities labelled as information skills (use of com-
munication applications, networks and digital devices to access and manage information), 
communication skills (use of technology to communicate with others), problem-solving 
skills (use of technology for to resolve tasks), and software skills (use and knowledge of 
software). Self-reported skill levels, quantified using a four-point Likert scale, ranged from 
1 (no skills) to 4 (advanced skills).

Employment situationEducation

Gender Age

Fig. 7   Sample characteristics
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Finally, IU was measured in terms of online activities (including emailing, reading 
news, playing games, listening to music, managing a website, running a business, etc.), 
grouped into four categories (following van Deursen and van Dijk (2014) and Blank and 
Groselj (2014)) labelled social interaction, information-seeking, leisure, and commercial 
transactions. Self-reported activity levels were quantified using a four-point Likert scale, 
ranging from 1 (not used at all) to 4 (very frequently used).

4.2 � Results

4.2.1 � Sequential Model Results

Since PA was operationalized using the MCA first dimension, i.e., a single item scale, 
no further validation was required during analysis of the measurement model.2 Regard-
ing DS and IU, we adopted a reflective approach, assuming that each acted as an anteced-
ent of their respective indicators. Validation was based on examining the reliability indices 

Fig. 8   MCA factorial map of physical access intensity

Physical
access

PA

Digital

DS
IU

R2 = 0.619
0.458*

0.24*

0.647*

*Significant according to the CI at 95%

skills
Internet usage

Fig. 9   Sequential model estimation

2  Note that MCA scales are considered optimal scales, in line with Greenacre and Blasius (2006).
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following Esposito Vinzi et al. (2010) and Hair et al. (2022). Results, reported in Appen-
dix 2, are consistent with evidence reported by Lamberti et al., (2021, 2023).

Evidence supporting sequential causality is depicted in Fig.  9, which shows the path 
coefficient and R2 results for the inner model (significance according to a 95% confidence 
interval (CI) is indicated by asterisks). Our results suggest that PA strongly influences DS 
(β = 0.458), and less strongly affects IU (β = 0.240), while the most significant influence on 
IU is DS (β = 0.647).

4.2.2 � Cyclic Model Results

Figure 9 depicts a partial representation of reality, illustrating the sequential effects of PA 
on DS and IU, and of DS on IU. Indeed, as shown in Fig. 10, the influence of the constructs 
also exhibits a cyclical pattern (highlighted by lines and coefficients in red). Specifically, 
IU significantly and reciprocally impacts both PA (β = 0.537) and DS (β = 0.761).

Table 2 summarizes the parametric test results for PA, DS, and IU, comparing the sig-
nificance of the cyclic effect with that of the sequential effect. Reported, in order, for each 
pair of associated constructs (PA and IU and DS and IU), are the sequential effect (SE) 
the cyclic effect (CE), their absolute value differences, and the corresponding t-statistics 
and p-values. The findings confirm the presence of a reinforcement effect: the cyclic coef-
ficients (IU on PA, and IU on DS) are notably higher than the sequential coefficients (PA 
on IU, and DS on IU).

*Significant according to the CI at 95%

Physical
access

PA

Digital

DS
IU

R2 = 0.619
0.458*

0.24*

0.647*

0.537*

0.761*

skills
Internet usage

Fig. 10   Cyclic model estimation

Table 2   Parametric test results

SE, sequential effect; CE, cyclic effect

Effects SE CE Abs (diff.) t-statistic p-value

PA ⇄ IU 0.240 0.537 0.297 126.810 0.002
DS ⇄ IU 0.647 0.761 0.114 75.580 0.004
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5 � Discussion

We introduce a novel, easily implementable, and straightforward two-step approach, based 
on using the PLS algorithm, to addressing cyclic effects in SEM when working with cross-
sectional data. The method consists of first estimating the classical PLS-SEM model, and 
then using the resulting scores for the dependent variable to determine cyclic effects. A dis-
tinctive feature of this method is its applicability to cross-sectional datasets that generally 
consist only of data collected at a specific moment of time.

While the sequential model of Internet appropriation, as proposed by the RA theory, 
provides valuable insights into the digital divide, its acyclic assumption offers only a par-
tial understanding of the underlying social mechanisms that regulate Internet appropriation 
and usage.

To demonstrate the significance of accounting for cyclic effects, we built an adapted 
version of the sequential model proposed by van Deursen and van Dijk (2015), using sec-
ondary ICT data from Eurostat and including three constructs: physical access, digital 
skills, and Internet usage. We analysed the sequential causality between those constructs so 
as to determine if, how, and to what extent PA and DS affect IU. Our exploration of effects 
yielded results consistent with previous research (Hargittai, 2002; Lamberti et  al., 2021; 
van Deursen & Helsper, 2015), in that it highlights that PA plays a crucial role in DS but 
has a comparatively lesser impact on IU, which, in turn, is substantially influenced by DS.

Importantly, we identify cyclic effects that reveal that IU positively reinforces both PA 
and DS.

5.1 � Methodological Contribution

Our approach makes an important methodological contribution, as it represents a first 
endeavour to address cyclicity within causal models using PLS-SEM and cross-sectional 
data. Our two-step approach represents an advance in terms of probing causal relationships 
between latent variables that encompass both acyclic and cyclic dynamics. This contribu-
tion is particularly significant in view of the fact that longitudinal datasets for the same 
group of observations are typically less accessible than their cross-sectional counterparts.

5.2 � Sociological Contribution

From a sociological perspective, our methodology can potentially enhance studies of Inter-
net appropriation. Compared to the sequential model of Internet appropriation (Lamberti 
et al., 2021, 2023; van Deursen & van Dijk, 2015), the cyclic model offers a more compre-
hensive understanding of the complex interplay between the social mechanisms underlying 
Internet appropriation. Notably, our findings align with Norris’ social stratification thesis 
(2001), in revealing that not only is physical access instrumental for digital skills and that 
both exert influence on Internet usage, but also that Internet usage exerts a positive impact 
on both physical access and digital skills.

5.3 � Limitations

Our approach is not without limitations. First, the estimated coefficients for the cyclic 
effects are merely a proxy for the real coefficients, given that we use the same set of 



Tackling Cyclicity in Causal Models with Cross‑Sectional Data…

1 3

variables for both the acyclic and cyclic effects. This limitation originates in the fact 
that we use cross-sectional data and so do not have same variables measured at different 
moments in time. Second, using the same set of variables to estimate acyclic and cyclic 
effects produces a bias in coefficient estimates, as cyclic effects depend on the indirect pre-
dictor variable effects on the dependent variable (in our case, PA and DS on IU). Thus, 
since we use PA and DS to estimate IU, and then use the IU score to estimate the return 
effect on PA and DS, we can expect the cyclic effect to be higher than in reality. However, 
this bias can theoretically be justified if we assume, based on intuition, that variables recip-
rocally influence each other. Third, this method can only be applied when there is at least 
one intermediate LV in the model (in our case, DS), i.e., cyclic effects cannot be estimated 
for just two constructs, but needs at least three. This limitation is due to how parameters are 
estimated in PLS-SEM. The path coefficients, in this particular case, correspond to the cor-
relation coefficient; hence, if we only considered DS and IU as variables in the sequential 
model, we would obtain the same correlation coefficient as an estimate of both acyclic and 
cyclic effects. A final limitation is related to our use of secondary data, as it meant that we 
could not consider attitude as an antecedent of physical access, as posited by the RA the-
ory, and also that scale measurement may have been affected by the fact that the available 
indicators were not as rich as the indicators obtained from surveys designed specifically to 
test a particular theory, as done by van Deursen and van Dijk (2015).

6 � Conclusion and Further Research

When employing SEM with cross-sectional data, the assumption of an acyclic model may 
result in only a partial understanding of the mechanisms governing causal relationships 
among a set of theoretical constructs. This is because variables are treated solely as ante-
cedents or consequences. Our two-step approach empowers researchers to discern and 
quantify cyclic effects when working with cross-sectional data utilizing a PLS modelling 
algorithm.

We underscore the significance of accounting for cyclic effects through the lens of RA 
theory and the sequential model of Internet appropriation. Our findings reveal that initial 
opportunities for physical access, followed by the acquisition of digital skills, contribute 
to heightened Internet usage (acyclic effects). We also establish that the intensity of Inter-
net usage, in turn, bolsters both digital skills and physical access (cyclic effects), lending 
support to Norris’ (2001) social stratification hypothesis regarding future evolution of the 
digital divide.

Looking ahead, in our ongoing research, we aim to delve deeper into the predictive 
capabilities of cyclic effects. This will involve comparing acyclic and cyclic models using 
metrics such as the Bayesian Information Criterion (BIC) (Sharma et  al., 2021) and the 
Cross-Validated Predictive Ability Test (CVPAT) (Liengaard et  al., 2021; Sharma et  al., 
2023).
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Appendix

Appendix 1: Constructs Definition and Operationalization

For each construct, we provide the definition, the indicators used to measure it, an expla-
nation of how it was operationalized, references, and a comparison with the construct 
employed in the van Deursen and van Dijk (2015) model.

Construct Definition Items Operationaliza-
tion

References van Deursen and van 
Dijk (2015) model

PA Device 
used to 
access 
the 
Internet

Which of the listed 
devices have you 
used for Internet 
access?

First dimen-
sion of MCA 
analysis

van Deursen 
and van Dijk 
(2015)

Material Internet 
Access (single-item 
scale), Assessed in 
a binary manner 
through seven 
questions about the 
devices utilized 
for Internet access: 
desktop PC, 
laptop PC, tablet 
PC, smartphone, 
game console, TV, 
e-reader

personal computer, 
portable computer 
or netbook, 
tablet device, 
mobile phone or 
smartphone, other 
mobile device 
(e.g., e-reader, 
smartwatch), 
smart TV (con-
nected directly to 
the Internet)

DS Skills in 
using 
Internet

Specify your profi-
ciency level in the 
following skills:

Eurostat Likert 
scale, ranging 
from 1 (no 
skills) to 4 
(highest skills)

Ferrari (2012), 
Hargittai et al. 
(2019), van 
Deursen and 
Mossberger 
(2018), van 
Deursen and 
van Dijk 
(2009, 2014), 
van Dijk and 
Hacker (2003)

Medium- and Con-
tent-related Internet 
Skills (single-item 
scale)Gathering informa-

tion, conveying 
information, 
resolving software 
and hardware 
issues, address-
ing substantial 
problems

IU Number 
and vari-
ety of 
different 
Internet 
activities 
partici-
pated in 
online

Which of the listed 
activities have you 
engaged in using 
the Internet?

16 binary items 
representing a 
diverse set of 
Internet activi-
ties, organized 
into 4 cat-
egories: social 
interaction, 
information-
seeking, 
leisure, and 
commercial 
transaction

Blank and 
Groselj 
(2014); van 
Deursen and 
van Dijk 
(2014, 2015)

Internet Usage 
(single-item scale), 
measuring fre-
quency of engage-
ment in twenty-one 
activities. Items 
were summed into 
a single scale that 
reflected diversity 
of usage activities
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Construct Definition Items Operationaliza-
tion

References van Deursen and van 
Dijk (2015) model

Social interac-
tion: sending/
receiving emails; 
making phone 
or video calls 
over the Internet 
(e.g., via Skype 
or Facetime); 
participating in 
social networks 
(such as creating 
user profiles, 
posting messages, 
or contribut-
ing to platforms 
like Facebook); 
uploading self-
generated content 
(including text, 
photos, music, 
videos, software, 
etc.) to any web-
site for sharing

Information-
seeking: browsing 
online news, 
newspapers, or 
news maga-
zines; locating 
information about 
products or ser-
vices; searching 
for health-related 
information (e.g., 
injuries, diseases, 
nutrition, health, 
etc.); scheduling 
appointments 
with a practitioner 
through a website 
(e.g., hospital or 
healthcare centre)
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Construct Definition Items Operationaliza-
tion

References van Deursen and van 
Dijk (2015) model

Leisure: listen-
ing music (e.g., 
web radio, 
music stream-
ing); viewing 
Internet-streamed 
television (live 
or catch-up) 
from broadcast-
ers; streaming 
video on demand 
from commercial 
services (such 
as Netflix, HBO, 
etc.); engaging in 
video gaming

Commercial 
transactions: 
utilizing travel or 
accommodation 
services related to 
travel; engaging in 
the sale of goods 
or services, for 
instance, through 
auctions (e.g., 
eBay); Internet 
banking; employ-
ing payment 
accounts (e.g., 
PayPal) to make 
online purchases 
of goods or 
services

Adapted by Lamberti et al. (2023)

Appendix 2: Outer Model Validation

DS and IU were validated by examining four widely recognized reliability indexes (Hair 
et al., 2022). These assessments encompassed measures of internal consistency, including 
Cronbach’s α, Dillon’s ρ, and Dikstra’s ρA, each of which should exceed 0.7. Additionally, 
the unidimensionality of the constructs was evaluated by comparing the first and second 
eigenvalues, with preference for the first eigenvalue surpassing 1.

We also scrutinized loading significance based on bootstrap intervals (computed with 
500 repetitions) and their length. In the case of reflective indicators, the length of these 
intervals should be greater than 0.7. Moreover, Average Variance Extracted (AVE) was 
examined, with a threshold of 0.5 indicating that the constructs account for at least 50% of 
the variance in the indicators.

The results are presented in Table  A1. For DS, both Cronbach’s α and Dijkstra’s ρA 
surpassed the 0.7 threshold, and for IU, they almost reached it. Dillon’s ρ exhibited high 
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values for both constructs. Furthermore, for both DS and IU, only the first eigenvalue of the 
Principal Component Analysis (PCA) exceeded 1, indicating strong evidence supporting 
construct unidimensionality. All item loadings either met or exceeded the 0.7 threshold and 
were statistically significant within the 95% confidence interval. Additionally, AVE values 
exceeded 0.5 for both DS and IU.

LV Indicator Cron-
bach’s 
⍺

Dillon-
God-
stein’s 
ρ

Dijk-
stra’s 
ρA

PCA AVE Load-
ings

95%

eigen. 
1

eigen. 
2

CI

PA Physical 
access 
(MCA 
dim. 
1)

1

DS 0.752 0.844 0.758 2.31 0.7 0.575
Informa-

tion
0.725 0.721 0.728

Commu-
nica-
tion

0.695 0.692 0.697

Problem-
solving

0.839 0.837 0.841

Software 0.768 0.765 0.771
IU 0.694 0.813 0.696 2.09 0.797 0.521

Social 0.732 0.729 0.734
Informa-

tion
0.693 0.689 0.696

Leisure 0.725 0.723 0.728
Comm. 

trans
0.736 0.733 0.738
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