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Background

The psychological network approach conceptualizes psy-
chological constructs as networks of interacting behaviors, 
feelings, and cognitions (Cramer et al., 2010). In the context 
of psychopathology, mental disorders can be conceptualized 
as networks of symptoms that mutually reinforce and sustain 
each other (Borsboom, 2017). Network psychometrics is the 
collective term for statistical models that estimate network 
structures from psychological data (Epskamp et al., 2017), 
and its use has grown rapidly in recent years (Robinaugh et 
al., 2020). Today, the network framework offers researchers 
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Abstract
Background  To better understand the development of mental disorders, dynamic networks have gained more attention in 
recent years. Most of these network models use a single indicator per node despite the fact that measurement error may bias 
parameter estimates. This can lead to incorrect conclusions about the presence or absence of edges, as well as the relative 
strength of edges in the network. In this study, we compared single-indicator dynamic networks to approaches using informa-
tion on multiple indicators per node to account for measurement error.
Data and Methods  We conducted two simulation studies, using time series (Study 1, N = 1) and panel (Study 2, N > 1) 
data, to compare the estimation of network parameters in the presence of measurement error in models with single indica-
tors versus models with multiple indicators, namely as latent variables, plausible values, factor scores, and average scores. 
Across conditions, we varied the variance of the measurement error and the number of observations (in time series: number 
of timepoints; and in panel data: number of persons and waves). We evaluated the performance of each model by examining 
the correlation between the estimated and true network edge weights, as well as the sensitivity, specificity, and precision.
Results  In both studies, measurement error decreased correlations between the true and estimated network as well as sensi-
tivity among all approaches, while specificity and precision were mostly unaffected. The single-indicator approach was the 
most sensitive to measurement error and the number of observations compared to other approaches. In Study 1, the factor 
and average score approaches performed best for temporal networks, and the latent variable approach for contemporaneous 
networks. In Study 2, generally the best-performing approach was the plausible value score.
Discussion  Measurement error may substantially bias estimates in dynamic networks, and multiple-indicator approaches 
can mitigate this bias. Multiple-indicator approaches generally outperformed the single-indicator approach, but the choice 
between different multiple-indicator approaches depends on several factors that must be carefully considered before decid-
ing the best method for each study.

Keywords  Measurement error · Dynamic network model · Time series data · Panel data · Simulation study · Multiple-
indicators · Vector autoregressive models
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a wide variety of statistical tools to analyze cross-sectional 
and longitudinal data (Briganti et al., 2024).

Within this framework, dynamic network models offer a 
promising method for uncovering how variables interact and 
evolve over time. In clinical psychology, dynamic network 
models have been proposed as a way to identify symptom 
pathways, i.e., symptoms that activate or deactivate other 
symptoms (Castro et al., 2019). Dynamic networks can be 
based on time series (N = 1) or panel data (N > 1) (Hamaker 
& Wichers, 2017). Time series data, especially intensive 
longitudinal data from a single person, allow researchers 
to study intraindividual symptom pathways and potentially 
develop personalized psychotherapies (Bringmann, 2021; 
Schumacher et al., 2024). Panel data, which involve data of 
many individuals measured on only a few and more widely 
spaced time points, are useful for investigating dynamics 
of more stable traits and for separating intraindividual and 
between-subject dynamics (Epskamp et al., 2018b).

Because longitudinal studies are more demanding for 
respondents than cross-sectional studies, researchers often 
opt for single-indicator measures (Dejonckheere et al., 
2022; Eisele et al., 2022). Unfortunately, single-indicator 
measures have been shown to be prone to measurement 
error, which can bias parameter estimates. In bivariate asso-
ciations, measurement error attenuates correlations (Spear-
man, 1904). In multivariate cases, an attenuated correlation 
between two variables may lead to inflated correlations with 
a third variable. As the number of variables increases, the 
inflating or attenuating effects of measurement error become 
less predictable (Cole & Preacher, 2014). Longitudinal stud-
ies add complexity in predicting the effects of measurement 
error on parameter estimation as data may include effects 
within a timepoint as well as over time.

Multiple indicators could be used to account for measure-
ment error by extracting the shared variance across multiple 
indicators of the same construct. However, multiple indica-
tors add an extra burden to participants, especially in longi-
tudinal studies, and it is therefore important to investigate 
their added benefit. The current study aims to do exactly 
this. Using a simulation study, we aim to evaluate how well 
dynamic networks based on single-indicators and on differ-
ent multiple-indicator approaches perform when the data 
contain measurement error.

This paper is structured as follows. First, we discuss 
two dynamic networks models: for time series (N = 1) and 
panel (N > 1) data. Second, we describe previous research 
on the effects of measurement error on (network) models. 
Third, we introduce the different measurement approaches 
for multiple indicators, namely latent variable modeling, 
plausible values scores, factor scores, and average scores. 
Fourth, in the method section, we describe the set-up of 
our simulation study. To evaluate the performance of these 

different approaches, we will examine the correlation 
between the estimated and the data-generating network, 
sensitivity, specificity, and precision. Fifth, in the results 
section we show that measurement error decreased correla-
tions and sensitivity among all approaches, while specificity 
and precision were mostly unaffected. Generally, the multi-
ple-indicator approaches outperformed the single-indicator 
approach. Lastly, in the discussion, we provide insights into 
which multiple indicator approach works best under which 
conditions, guiding researchers in selecting the most suit-
able approach when estimating dynamic networks.

Dynamic Networks

Idiographic methods have become increasingly popular for 
personalizing assessment and therapy (Frumkin et al., 2021; 
Hamaker & Wichers, 2017; Piccirillo & Rodebaugh, 2019; 
Wright & Woods, 2020). The rise of intensive longitudinal 
data collection has enabled the estimation of person-specific 
models (Wright & Woods, 2020). In time series studies, indi-
viduals are repeatedly measured over an extended period. 
One of the most widely used models within the network 
approach for such data is the graphical vector-autoregres-
sive (GVAR) model, which can account for the temporal 
dependencies in the data (Epskamp et al., 2018b; Jordan et 
al., 2020). Additionally, the residuals of the VAR model are 
modeled to capture contemporaneous associations.

Consequently, dynamic network models typically consist 
of two components: a temporal network capturing autore-
gressive and cross-lagged relations between variables, 
and a contemporaneous network capturing associations 
between variables within the same time point. The tem-
poral network forms a directed network where variables 
at time t are predicted by variables at time t – 1. Residual 
variances and covariances unexplained by the temporal 
dynamics are modeled in the contemporaneous network, 
resulting in an undirected network structure. In studies with 
multiple individuals but with a limited number of assess-
ments per individual (e.g., pre-intervention, post-interven-
tion, and follow-up), a GVAR panel network model can be 
estimated. Besides capturing within-subjects temporal and 
contemporaneous associations, panel networks also provide 
between-subjects networks based on the stable trait-like 
means (Epskamp et al., 2018a; Epskamp, 2020a). However, 
between-subject networks are not restricted to panel net-
works; if time-series data are collected from multiple indi-
viduals, a between-subject network can also be estimated 
using a multilevel network model (Epskamp et al., 2018a).

GVAR models include ‘innovations’ (or ‘dynamic 
errors’), which refer to unmeasured influences on observed 
variables that persist across time points. However, they do 
not explicitly account for measurement error. Measurement 
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error differs from innovations in that it is typically concep-
tualized as white noise, i.e., random, uncorrelated error over 
time (Lütkepohl, 2005; Schuurman et al., 2015). In the fol-
lowing section, we discuss previous research on the effect of 
measurement error on (network) models.

The Effect of Measurement Error

Measurement error has been shown to impair reliability and 
attenuate edge weights in cross-sectional network analysis 
(De Ron et al., 2022; Herrera-Bennett & Rhemtulla, 2021). 
De Ron et al. (2022) demonstrated that measurement error 
substantially reduced the ability of single-indicator net-
works to detect true edges. In a similar vein, Herrera-Bennett 
and Rhemtulla (2021) found that using multiple indicators 
per node (i.e., sum scores) improved network sensitivity, 
enhanced estimates of global strength, and increased the 
consistency of network properties such as edge weights 
and centrality scores. Moreover, enhancing node reliability 
(using two indicators instead of one) improved correlation 
estimates between nodes equivalent to increasing the sam-
ple size by 2.5 times. However, these findings are limited to 
cross-sectional data.

In longitudinal settings, the effect of measurement error 
is similarly problematic. Staudenmayer and Buonaccorsi 
(2005) have demonstrated that, in the context of an autore-
gressive lag 1 (AR(1)) model, the autoregressive coefficient 
is biased toward zero in the presence of measurement error. 
Using an empirical study of the AR(1) model, Schuurman 
et al. (2015) found that over a third of the total variance 
in indicators could be attributed to measurement error, and 
neglecting this error resulted in a significant underestima-
tion of autoregressive effects. Extending this to a bivariate 
AR model, Schuurman and Hamaker (2019) showed that 
ignoring measurement error can distort both the autoregres-
sive effects as well as the cross-lagged relations between 
variables.

To address these issues, various methods have been eval-
uated in light of measurement error in longitudinal data. For 
single indicator models, Schuurman et al. (2015) compared 
an autoregressive model with a white noise term (AR + WN) 
to an autoregressive moving average (ARMA) model con-
cluding that the AR + WN model performed better. Build-
ing on this, Schuurman and Hamaker (2019) presented a 
method that accounts for measurement error in longitudinal 
single-indicator models.

In dynamic structural equation modeling (DSEM), sev-
eral studies have demonstrated the biasing effects of mea-
surement error on temporal relations in time series by 
comparing dynamic factor analysis (DFA) model using 
multiple indicators to single-indicator (average score) AR 
models that either ignore or account for measurement error 

(O’Laughlin et al., 2021; Oh & Jahng, 2023; Oh et al., 
2025). All three studies concluded that the AR model ignor-
ing measurement error showed most bias, whereas DFA and 
the AR model accounting for measurement error performed 
comparably. These results show that for other types of lon-
gitudinal models approaches that deal with measurement 
error have been developed and lead to improved results.

As measurement error decreases the reliability of the 
indicators, researchers have developed several methods to 
estimate reliability in longitudinal studies. For instance, 
Dejonckheere et al. (2022) proposed two test–retest reli-
ability coefficients. For evaluating intraindividual reliabil-
ity in multiple-indicator models, person-specific reliability 
can be estimated using p-factor analysis (Hu et al., 2016), a 
two-level random dynamic model (Xiao et al., 2023), or the 
mixed-effects trait-state-occasion model (Castro-Alvarez et 
al., 2022). Castro-Alvarez et al. (2024a, 2024b) provide a 
concise overview of the methods to estimate between-per-
son and within-person reliability in longitudinal studies.

Studies by Schuurman et al. (2015), Schuurman and 
Hamaker (2019), O’Laughlin et al. (2021), Oh and Jahng 
(2023), and Oh et al. (2025) focused only on uni- or bivari-
ate relations. We think that some of these methods could 
be modified to apply also to multivariate dynamic network 
models, however since we did not find such modified ver-
sions in the literature, we did not include these methods in 
the simulation study and we consider the development of 
such methods beyond the scope of this article. Our study 
adds to this body of knowledge by comparing the effec-
tiveness of single- and multiple-indicator measurement 
approaches in recovering the true network structure in the 
presence of measurement error. In the following section, we 
discuss various measurement approaches for including mul-
tiple indicators per node.

Measurement Approaches for Multiple Indicators

When multiple indicators for each node are available, sev-
eral different methods can be employed to address mea-
surement error in network estimation. One approach is to 
account for measurement error using latent variables, where 
each node in the network is represented by a latent variable 
measured by multiple indicators (Epskamp et al., 2017). In 
this approach, the variance shared across the set of indica-
tors for a node reflects the latent variable, while the unique 
variance in the indicators is treated as measurement error. 
Recently, the Gaussian Graphical Model (GGM) with latent 
variables has been extended to include temporal relation-
ships (Epskamp, 2020a). With GVAR models, it is now 
possible to estimate dynamic networks with latent variables 
using time series and panel data, a functionality available in 
the psychonetrics R package (Epskamp, 2020b). However, a 
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analysis. In contrast, when using latent variables, the mea-
surement model and the structural (network) model are esti-
mated simultaneously, necessitating a larger sample size. 
In this study, we compare these various multiple-indicator 
approaches for accounting for measurement error to a 
single-indicator approach that ignores measurement error 
entirely. We evaluate how well each approach retrieves the 
true network parameters and investigate the extent to which 
ignoring measurement error biases network estimates. This 
comparison will shed light on the effectiveness of different 
strategies for handling measurement error in dynamic net-
work models and their impact on parameter accuracy.

Methods

This simulation study was preregistered on OSF (​h​t​t​p​​s​:​/​​/​d​
o​i​​.​o​​r​g​/​​1​0​.​1​​7​6​0​​5​/​o​​s​f​.​i​o​/​k​h​t​g​c) using the preregistration ​t​e​m​
p​l​a​t​e provided by Siepe et al. (2023). The OSF page also 
contains the fully reproducible simulation R script and a 
table with the simulation results. We used R version 4.4.0 
(R Core Team, 2021). The empirical datasets we used can 
be freely accessed online (time series dataset for Study 1 by 
Kossakowski et al., 2017, and panel dataset for Study 2 by 
McBride et al., 2021).

The primary aim of the simulation study was to com-
pare the performance between the different measurement 
approaches (latent variable, plausible value score, factor 
score, average score, and single-indicator). A secondary tar-
get was to explore how the performance of the networks 
depends on the amount of measurement error. We wanted to 
investigate at what level of the measurement error variance 
each network, with the different measurement approaches, 
would start to perform worse, exhibiting inflated or deflated 
edge weights, and lowered specificity and sensitivity. Our 
third aim was to explore which networks (i.e., contempo-
raneous, temporal, or between-subjects) are most affected 
by measurement error. As it is known that more complex 
models (latent variables, plausible value scores, and factor 
scores) require more observations to produce stable esti-
mates (De Ron et al., 2022; Epskamp, 2020a; Mansueto 
et al., 2023), we also investigated the minimum required 
sample size for using more complex models. This was 
investigated by computing the number of errors as failed 
estimations (e.g., due to non-convergence) per measure-
ment approach, see Supplementary Materials S5.

To do so, our simulation study consists of four steps. In 
Step 1, we constructed the data-generating network based 
on empirical data. In Step 2, we used the data-generating 
network to simulate three indicators per node plus random 
measurement error. In Step 3, we used the simulated data 
to estimate one single-indicator and four multiple-indicator 

notable caveat of latent variable network models is that they 
require a large number of parameters to be estimated, neces-
sitating large datasets with multiple observations, which are 
often unavailable in psychology research (Van Agteren et 
al., 2021; Wrzus & Neubauer, 2023).

Alternatively, measurement errors can be addressed by 
using plausible values, factor scores, and average scores. 
The Bayesian approach of plausible value scoring has 
shown promise in accurately estimating scores for latent 
variables using imputation techniques and multiple draws 
(Von Davier et al., 2009). In this technique, instead of 
directly estimating a person's value on the latent variable, 
a posterior distribution for this person’s value on the latent 
variable is estimated that captures the uncertainty and is 
used to randomly draw plausible values from. Wu (2005) 
describes plausible values as representing the range of abili-
ties that a subject might reasonably have, given the sub-
ject’s item responses. Multiple studies have been published 
demonstrating that plausible values are an efficient way of 
estimating parameters, in some cases even outperforming 
maximum likelihood estimation (Laukaityte & Wiberg, 
2017; Von Davier et al., 2009; Wu, 2005). The marginal dis-
tribution of plausible values has been demonstrated to be 
a consistent estimator of the true ability distribution, even 
when the population model is misspecified (Marsman et 
al., 2016). This suggests that even though plausible value 
estimation includes imputation, it can be effective even in 
the absence of covariates in the model. However, similar to 
latent variable models, estimating plausible values requires 
a larger number of observations compared to approaches 
like factor scores or average scores (Marsman et al., 2016).

Factor scores assign unique weights to each indicator 
based on their contribution to the factor. These scores are 
typically estimated using regression analysis (Thomson, 
1934; Thurstone, 1935) or the Bartlett method (Bartlett, 
1937; Thomson, 1938). However, factor scores are sub-
ject to factor indeterminacy (i.e., the factor solution is not 
uniquely determined), and they cannot fully eliminate mea-
surement error (Grice, 2001; Mulaik, 1972; Rigdon et al., 
2019; Steiger, 1979). Several methods, such as Croon’s cor-
rection (Croon, 2002), have been proposed to improve fac-
tor scores, but these corrections are not widely accessible 
and require manual computation (Devlieger et al., 2019). In 
the average score approach, each node is represented by the 
average of the values on its indicators. While average scores 
improve node reliability by averaging out random errors, 
they treat each indicator equally and do not fully eliminate 
measurement errors.

The use of approximate scores—such as plausible val-
ues, factor scores, or average scores—follows a two-stage 
process. In these approaches, scores are first estimated 
and then used as proxies for the latent variable in further 
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GVAR model using six out of the nine mood-related vari-
ables: (“I feel…”) “down”, “irritated”, “lonely”, “suspi-
cious”, “indecisive”, or “strong”. These items were asked 
ten times a day for 84 days1 using a scale from 1 (not) to 7 
(very). We selected these six variables because they resulted 
in a network that was moderately dense (i.e., it contained 
several edges but was not fully connected), which works 
well for assessing both sensitivity and specificity. Prior to 
estimating the network model, the variables were detrended 
to avoid violating the assumption of stationarity.

We estimated the data-generating temporal and contem-
poraneous networks using the function ‘tsdlvm1’ from the 
psychonetrics package (Epskamp, 2020b), setting the load-
ings matrix (lambda) to be an identity matrix. This means 
that each latent node was associated with only one observed 
indicator variable (i.e., each variable in the dataset repre-
sented a separate node in the network). We chose tsdlvm1 
over other available functions to maintain consistency with 
the methods used in the simulation study, as this function 
also supports multiple indicators per node. Full Information 
Maximum Likelihood (FIML) estimation was employed 
due to the presence of missing values in the dataset.2 The 
model was pruned at an alpha level of 0.05, removing edges 
that were not significantly different from zero.

Study 2: Panel Data

The network model for the panel study was based on the 
open-access COVID‐19 psychological research consortium 
(C19PRC) dataset (McBride et al., 2021), which includes 
mental health variables measured over six waves. From this 
empirical dataset, we estimated a panelGVAR model using 
six of the nine depression-related variables: “Little inter-
est or pleasure in doing things”, “Trouble falling or staying 
asleep, or sleeping too much”, “Feeling tired or having little 
energy”, “Feeling bad about yourself—or that you are a 
failure or have let yourself or your family down”, “Trouble 
concentrating on things, such as reading the newspaper or 
watching television”, and “Moving or speaking so slowly 
that other people have noticed? Or the opposite—being 
so fidgety or restless that you have been moving around 
more than usual”. Participants were asked how often, over 
the last two weeks, they had been bothered by each of the 
depressive symptoms, and the response options were “not at 
all”, “several days”, “more than half the days”, and “nearly 
every day”, scored as 0, 1, 2 and 3, respectively. Just like 
in the N = 1 study, we selected six variables that resulted 
in a moderately dense model to enhance the assessment of 

1  Because of the assumed stationarity in the analyses, we selected 
only the post-assessment phase, following the example from Epskamp 
(2020a).
2  Mean frequency of responses per day was 5.8.

network models, namely where nodes are modeled as 
latent variables, plausible values, factor scores, and aver-
age scores. In Step 4, we assessed the performance of these 
methods by comparing the estimated networks with the 
data-generating network.

We completed these simulations under varying condi-
tions: we varied two factors in the simulation design of 
Study 1 and three factors in Study 2. First, we manipulated 
the variance of the measurement error using values 0, 0.5, 1, 
1.5, and 2, based on prior research assessing the reliability 
of construct scales in time series and panel data (Castro-
Alvarez et al., 2024a, 2024b; Dejonckheere et al., 2022; 
Freichel et al., 2023; Schuurman et al., 2015; Schuurman 
& Hamaker, 2019). Second, in Study 1 (N = 1 time series), 
we varied the number of observations across time points: 
ttimepoints = 100, 250, 500, 750, 1000. In Study 2 (panel data), 
we varied both the number of persons: npersons = 100, 250, 
500, 1000, 2000, and the number of waves: twaves = 3, 6. 
Note that the preregistration also included a condition of 
npersons = 5000, but we have decided to drop this condition 
as the simulation design was getting too large and com-
putationally expensive. These ranges were based on prior 
studies reporting typical to ideal dataset sizes (Mansueto et 
al., 2023; Martín-Gómez et al., 2022; McBride et al., 2021; 
Rigabert et al., 2020; Wrzus & Neubauer, 2023). The condi-
tions were varied in a fully factorial design. This resulted 
in 5 (measurement approaches) × 5 (measurement error 
sizes) × 5 (timepoints) = 125 conditions for Study 1 (N = 1 
time series). In Study 2 (panel data), the design comprised 
5 (measurement models) × 5 (measurement error sizes) × 5 
(sample size) × 2 (waves) = 250 conditions. Each condition 
was simulated 100 times. We review each step of the simu-
lation study in further detail below.

Step 1: Constructing the Data-Generating Network 
Based on Empirical Data

The data were generated using dynamic network models 
estimated on empirical datasets to ensure that the parameter 
values were realistic. The data-generating network mod-
els consisted of six nodes, chosen to align with the limited 
number of variables typically included in dynamic latent 
network models. Below, we describe how we constructed 
the data-generating network for the N = 1 time series data 
(Study 1) and the panel data (Study 2).

Study 1: N = 1 Time Series Data

The data-generating network for the N = 1 time series study 
was based on an open-access dataset containing momentary 
affective states from a patient diagnosed with major depres-
sive disorder (Kossakowski et al., 2017). We estimated a 
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error variances that were equal across indicators, but that 
we varied over conditions (0, 0.5, 1, 1.5 and 2). The covari-
ance matrix for the measurement error variables, Θj , was 
set diagonal (uncorrelated) and the diagonal elements took 
the values of the vector of measurement error variances. The 
covariance matrix of the three indicators X1j  to X3j , Σj , is 
a function of the loadings on Nj , the variance of Nj  and Θ, 
Σj = ΛjψjΛ′

j + Θj , where Λj  is the vector with loadings 
sampled from a uniform distribution ranging from 0.75 to 1, 
and ψj  is the variance of node j.

Step 3: Estimate Measurement Approaches Based 
on Simulated Data

We use five measurement approaches to estimate net-
works from the simulated data. The first approach involves 
modeling each node as a latent variable. This approach is 
implemented in the ‘lvgvar’ framework (Epskamp, 2020b), 
which can be applied to both time series and panel data and 
is available in the open-source psychonetrics package. In 
the second approach, nodes are measured by plausible value 
scores. We specified a confirmatory factor analysis model 
for each node, using the three indicators per node, esti-
mated the model using the lavaan package (Rosseel, 2012) 
and obtained the plausible value scores using the semTools 
package (Jorgensen et al., 2022). We estimated a network 
on the resulting plausible value scores. The third approach 
measured nodes using factor scores. For each node, we 
specified a confirmatory factor analysis model with the 
three indicators based on the “Bartlett” method in the 
lavaan package (Rosseel, 2012). We estimated a network 
based on the resulting factor scores. The fourth approach 
involves measuring nodes using average scores. Here, we 
computed an average score of the three indicators per latent 
node and used this average score as the observed variable in 
the model. The fifth approach uses single indicators. In this 
case, we randomly selected one of the three indicators per 
latent node to serve as the observed variable (and measure 
of the node) in the model.

For Study 1 (N = 1 time series data), we used the ‘gvar’ 
function from the psychonetrics package (Epskamp, 2020b) 
for single indicators, average scores, factor scores, and 
plausible value scores. For the latent network model, we 
used the ‘tsdlvm1’ function in the time series setting, with 
identification set to “loadings” and we specified the lambda 
matrix such that each set of three indicators loaded onto 
their specified latent node. In Study 2 (panel data), we used 
the ‘panelgvar’ function for the single indicators, average 
scores, factor scores, and plausible value scores. For the 
latent network model, we used the ‘dlvm1’ function, set-
ting the lambda matrix in the same way as in Study 1. All 
these functions are accessible through the ‘psychonetrics’ 

specificity and sensitivity. Before estimating the model, the 
variables were detrended to avoid violating the stationarity 
assumption.

We estimated the network using the ‘dlvm1’ function 
from the psychonetrics package (Epskamp, 2020b), setting 
the loadings matrix (lambda) to be an identity matrix. After 
running the model, we pruned it with an alpha level set to 
0.05. We estimated within-subjects temporal, contempo-
raneous, and between-subjects networks from the empiri-
cal data, using the estimated edge weights as the true edge 
weights in our true data-generating model. As with the N = 1 
time series data, this resulted in a temporal network. How-
ever, unlike the N = 1 time series data, the residual cova-
riance within timepoints, after accounting for temporal 
dependencies, was used to estimate both contemporaneous 
relations at the within-subjects level (included in the matrix 
Ω(ζwithin)) and at the between-subjects level (included in the 
matrix Ω(ζbetween)).

Step 2: Simulate Data with Measurement Error

For Study 1, we used the function ‘graphicalVARsim’ with 
the estimated temporal and contemporaneous network as 
input to generate time series data. For Study 2, we used the 
function ‘generate_paneldata’ accessible in our shared code, 
with the estimated within-subjects temporal, contempora-
neous, and between-subjects network as input to generate 
panel data. To introduce measurement error, each of the six 
nodes in the data-generating network was treated as a latent 
variable, and we simulated three indicators for each node. 
These indicators were modeled as linear functions of the 
latent node plus random measurement error. Consequently, 
the simulated dataset contained a total of 18 observed vari-
ables (3 indicators × 6 latent nodes). That is, for each latent 
node, we constructed three normally distributed indicator 
variables that loaded on the latent node Nj  as follows:

X1j = λ1jNj + E1j

X2j = λ2jNj + E2j

X3j = λ3jNj + E3j

where λ1j  represents the loadings of the first indicator (X1j) 
on node j (Nj), and E1j  is the measurement error variable 
of the first indicator of node j. Based on a helpful reviewer's 
comment, we decided to deviate from what we stated in the 
preregistration and, instead of giving all indicators the same 
loading of 1, draw loadings from a uniform distribution 
ranging from 0.75 to 1 for some variation in loadings. The 
measurement error variables were generated as multivari-
ate random normal variables with mean 0 and measurement 
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only plotted the performance measures of the single-indica-
tor approach, because in case of no measurement error, all 
three indicators are exactly equal, making it impossible to 
estimate latent variables, plausible values, or factor scores, 
and making the average score identical to the single-indica-
tor. We included the condition without measurement error 
to compare the performance in the absence of measure-
ment error to the performance of different methods in the 
presence of measurement error. Below, we first discuss the 
results for the temporal network and then the contempora-
neous network. Per network, we discuss the performance 
per measurement approach (latent variable, plausible value, 
factor score, average and single indicator) in such a way 
that for each approach we will consider all four performance 
measures (correlation, precision, sensitivity and specificity) 
and make comparisons between approaches. We finish with 
a summary of the results for this simulation study before 
moving to Study 2.

Temporal Networks

Figure 1 presents the performance of the different measure-
ment approaches in the temporal networks as boxplots (in 
addition, we present the results as means with simulation-
based confidence intervals in the Supplementary Materials 
S2). Overall, the performance across different measurement 
approaches did not differ considerably. Specificity and pre-
cision showed good performance overall, whereas sensitiv-
ity was generally low but improved to moderate levels as 
the number of timepoints increased. In the next sections, 
we evaluate the performance of each of the measurement 
approaches, but it is important to note that low performance 
of an approach in a certain condition does not necessarily 
mean that it is because of that particular way of dealing with 
measurement error that there is poor performance, but that 
it could also be that in such conditions network estimation 
performs poorly in general. For example, Fig. 1 shows that 
many of the approaches perform poorly on sensitivity with 
small numbers of timepoints, but this poor performance in 
sensitivity is also present in the zero-measurement error 
condition and thus does not reflect a problem with a specific 
“measurement approach” but rather that network estimation 
in general will have low sensitivity in conditions with small 
sample sizes.

Latent Variable Approach

The latent variable approach showed very low correlations 
in conditions with high measurement error (error vari-
ance = 1.5 and 2) and the smallest number of timepoints 
(ttimepoints = 100). However, with reduced measurement error 
and increased timepoints, it achieved high correlations 

package (Epskamp, 2020b). We performed pruning at an 
alpha of 0.05 for all networks and ran the models with the 
approximate_SEs argument set to TRUE due to a high num-
ber of convergence issues in the latent variable approach 
encountered during the simulation pilot. The approximate_
SEs argument allows the use of approximate matrix inverse 
of the Fischer information to obtain standard errors.

Step 4: Compare Estimated Networks with Data-
Generating Network

In the last step, we compared the estimated networks of the 
different measurement approaches with the data-generating 
network. Our primary performance measures were (1) the 
correlation between the edge weights of the estimated and 
the true network, (2) sensitivity, (3) specificity, and (4) 
precision. The performance measures were computed for 
temporal and contemporaneous networks in Study 1, and 
additionally for the between-subjects networks in Study 2. 
Sensitivity (also known as true positive rate) was computed 
as the ratio between the true positives and the sum of the true 
positives and the false negatives. Specificity (also known 
as true negative rate) was computed as the ratio between 
the true negatives and the sum of the true negatives and the 
false positives. Precision was computed as the ratio between 
the true positives and the sum of the true positives and the 
false positives. As secondary performance measures, we 
computed the average bias and absolute bias in order to 
gain insight into the average deviation of the estimated edge 
weights from their true values and their relative deviation. 
The average bias was computed as the difference between 
the estimated edge weights and the true edge weights. The 
average absolute bias was computed as the absolute differ-
ence between the estimated edge weights and the true edge 
weights.

Simulation Study 1: Time Series Data (N = 1)

Supplementary Materials S1 show the data-generating net-
works estimated from the time series data. Figures 19 and 20 
in Supplementary Materials S4 show the bias results. Out of 
the five evaluated measurement approaches, the latent vari-
able approach showed the most bias, which was primarily 
evident for the contemporaneous network. However, bias 
was still minimal. For a more detailed discussion on these 
results, see Supplementary Materials S4.

The results on the main performance measures (corre-
lation, precision, sensitivity and specificity) of the differ-
ent measurement approaches are presented in Fig.  1 for 
the temporal network and Fig. 2 for the contemporaneous 
network. For the condition without measurement error, we 
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Plausible Value Score Approach

The plausible value score approach also showed very 
low correlations in the smallest number of observations 
with high measurement error, but like the latent variable 
approach, performance improved with increasing numbers 
of observations and lower measurement error. Sensitiv-
ity remained low across conditions and was consistently 
below the level of other approaches. However, specificity 
was optimal except for the smallest number of observa-
tions (ttimepoints = 100). Precision was initially very low but 
increased to optimal in larger numbers of observations.

Factor Score Approach

The factor score approach yielded correlations with the true 
network ranging from moderate to high. Along with the 
average score approach, it showed the highest correlations 
among all approaches. Sensitivity remained moderate even 
in the largest sample size and highest measurement error, 

with the true network. The sensitivity of the latent variable 
approach was strongly influenced by both the number of 
timepoints and measurement error. Unexpectedly, in con-
ditions with high measurement error (error variance = 1.5 
and 2), the latent variable model shows higher sensitivity 
in conditions with low numbers of timepoints compared 
to high numbers of timepoints. For all other measurement 
approaches, and for the conditions with small measure-
ment error, this is not the case: sensitivity increases with 
increasing numbers of timepoints. The pattern in precision 
and specificity was similar for the latent variable approach: 
it was low in conditions with high measurement error and 
small numbers of timepoints and increased as the number of 
timepoints increased. However, inconditions where preci-
sion and specificity are low (high measurement error and 
small number of timepoints), the latent variable approach 
performs worse than other approaches.

Fig. 1  Simulation results for the performance of the single- and mul-
tiple-indicator approaches for temporal N = 1 network models. The 
vertical panels indicate the different performance measures: correla-
tion, precision, sensitivity, and specificity. Horizontal panels indicate 

the amount of measurement error. The dots indicate outliers. Every 
condition was simulated 100 times, and the boxplots represent the dis-
tribution of those measures (i.e., 25th quartile, median, 75th quartile). 
Please view this figure in color for optimal interpretation
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Single Indicator Approach

In the conditions without measurement error, the single-
indicator approach correlated highly with the true structure 
and had high specificity and precision. Sensitivity is low in 
conditions with small numbers of timepoints but increases 
as the number of timepoints increases. For conditions 
with measurement error, it showed slightly lower correla-
tions overall but outperformed the latent variable and the 
plausible value score approaches at the lowest number of 
observations, where those showed particularly poor correla-
tions. Sensitivity declined considerably in the presence of 
measurement error, indicating difficulty in edge detection. 
Under low measurement error, sensitivity reached approxi-
mately 0.6 but deteriorated as error increased. Specificity 
remained optimal throughout. Precision displayed a distinc-
tive double-peaked pattern, with values clustering at either 0 
or 1 at the smallest number of observations, while precision 
remained relatively high for larger numbers of observations.

improving from very low levels as the number of observa-
tions grew. Still, the factor score approach together with the 
average score approach outperforms other approaches in 
terms of sensitivity as the number of timepoints increases. 
Specificity was consistently optimal regardless of the num-
ber of observations or variance of the measurement errors. 
Consequently, precision ranged from moderate to high 
across numbers of observations.

Average Score Approach

The average score approach demonstrated a nearly identical 
pattern to the factor score approach. Minor differences were 
observed in correlations and sensitivity, likely reflecting 
random variation rather than systematic effects. Together 
with the factor score approach, the average score approach 
outperforms other approaches in most conditions.

Fig. 2  Simulation results for the performance of the single- and multi-
ple-indicator approaches for contemporaneous N = 1 network models. 
The vertical panels indicate the different performance measures: corre-
lation, precision, sensitivity, and specificity. Horizontal panels indicate 

the amount of measurement error. The dots indicate outliers. Every 
condition was simulated 100 times, and the boxplots represent the dis-
tribution of those measures (i.e., 25th quartile, median, 75th quartile). 
Please view this figure in color for optimal interpretation
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Average Score Approach

As in the temporal networks, the average score approach 
performed almost identically to the factor score approach. 
No systematic differences were observed between the two. 
Like the factor score approach, it struggled to detect edges 
in the conditions with smaller numbers of observations, as 
indicated by lower sensitivity.

Single Indicator Approach

The single-indicator approach yielded somewhat lower 
correlations with the true network compared to the other 
approaches, except for the latent variable approach in con-
ditions with small number of observations. Sensitivity was 
low at smaller numbers of observations, indicating difficulty 
in edge estimation. Even in the conditions with the largest 
number of observations, it failed to identify all edges, and 
sensitivity remained below that of the other approaches. 
However, specificity was high for smaller numbers of obser-
vations, and, although it declined in the conditions with the 
largest number of observations, deterioration was less pro-
nounced than in the other approaches.

Summary of Simulation Study 1

The Effect of Measurement Error

In temporal networks, measurement error impacted the 
correlation, sensitivity, and precision, while specificity 
remained largely unaffected. Under conditions without 
measurement error, overall performance was high with the 
exception of low sensitivity in smaller samples. As mea-
surement error increased, sensitivity was most affected—all 
approaches struggled to detect edges. Correlations declined 
with increasing measurement error, particularly for the plau-
sible value score and single-indicator approaches, whereas 
the factor score and average score approaches were less 
affected.

In contemporaneous networks, measurement error influ-
enced correlations across all approaches, with sensitivity 
being especially reduced in the single-indicator approach 
and specificity for the plausible value score approach. 
However, precision was relatively stable. When no mea-
surement error was present, the single-indicator approach 
demonstrated near-optimal performance. As measurement 
errors increased, overall performance declined. The clear-
est effects of measurement error were seen in reduced cor-
relation and sensitivity, indicating a diminished capacity 
for edge detection and a tendency to produce networks 
sparser than the true structure. Interestingly, specificity in 

Contemporaneous Networks

Figure 2 shows the performance of the different measure-
ment approaches in contemporaneous networks. Overall, 
correlations, sensitivity, and precision were higher in con-
temporaneous networks than in temporal networks. Correla-
tions and sensitivity ranged from low to optimal and were 
influenced by both the number of observations and mea-
surement error variance.

Latent Variable Approach

Correlations between the estimated latent variable networks 
and the true network ranged from low to optimal, depending 
on number of observations and measurement error variance. 
At the smallest number of observations, it yielded the low-
est correlations among all approaches but reached compara-
ble, optimal levels as the number of observations increased. 
With lower measurement error variance, its correlation 
levels were similar to those of other multiple-indicator 
approaches; however, under higher measurement error, 
achieving parity took longer. Sensitivity was consistently 
optimal across all conditions, while specificity remained 
zero, suggesting that all networks were estimated as fully 
connected. Consequently, precision was only moderate.

Plausible Value Score Approach

The plausible value score approach exhibited high corre-
lations with the true network, though these declined with 
increasing measurement error. Sensitivity ranged from 
moderate to high and was less affected by measurement 
error than the factor score, average score, and single-indi-
cator approaches—but more so than the latent variable 
approach. Specificity was moderate, reflecting some abil-
ity to identify absent edges, though it declined under higher 
measurement error. Precision was higher than in the latent 
variable approach but remained clearly below that of the 
other approaches.

Factor Score Approach

The factor score approach showed moderate to high correla-
tions with the true network, and sensitivity ranged from low 
to optimal, depending on sample size. However, all perfor-
mance measures were negatively impacted by measurement 
errors. Notably, specificity and precision decreased with 
increasing sample size under high measurement error—an 
unexpected pattern suggesting over-identification of edges 
in larger samples.
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Simulation Study 2: Panel data (N > 1)

The Supplementary Materials S1 present the data-generat-
ing networks estimated from the panel dataset. Figures 21 
and 22 in Supplementary Materials S4 show the results for 
the bias. For three waves of assessment, out of the five eval-
uated measurement approaches, the latent variable approach 
showed the most bias, which was primarily evident in the 
contemporaneous and the between-subjects network. How-
ever, in all cases, bias was minimal. For a more detailed 
discussion on the bias, see Supplementary Materials S4.

Figures 3, 4, and 5 present the performance measures of 
the different measurement approaches in within-subjects 
temporal, contemporaneous, and between-subject networks 
respectively. Similar to Study 1, we only include the per-
formance measures for the single-indicator approach in the 
condition of no measurement error. We here only discuss the 
results for the networks based on three waves of assessment. 
The results for networks based on six waves of assessment 
are provided in Supplementary Materials S3.

the plausible value score approach declined markedly with 
increased measurement error.

The Effect of Number of Observations

The number of observations influenced correlations and sen-
sitivity in both network types, while having little effect on 
precision and no observable impact on specificity. In tempo-
ral networks, the latent variable, plausible value score and 
single-indicator approaches showed clear improvements 
in performance with increasing numbers of observations, 
whereas the factor score and average score approaches were 
more robust and less affected by the number of observations. 
In contemporaneous networks, the correlation improved 
with larger numbers of observations, particularly in the 
latent variable and single-indicator approaches. In terms of 
sensitivity, the single-indicator approach was again the most 
clearly affected by sample size.

Fig. 3  Simulation results for the performance of the single- and multi-
ple-indicator approaches for temporal network model based on panel 
data of three waves. The vertical panels indicate the different perfor-
mance measures: correlation, precision, sensitivity, and specificity. 
Horizontal panels indicate the amount of measurement error. The dots 

indicate outliers. Every condition was simulated 100 times, and the 
boxplots represent the distribution of those measures (i.e., 25th quar-
tile, median, 75th quartile). Please view this figure in color for optimal 
interpretation
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small sample sizes, also in the case of absence of measure-
ment error.

Latent Variable Approach

The latent variable approach produced very low correlations 
at the smallest sample size, with performance improving 
steadily as the sample size increased. Conversely, greater 
measurement error led to declining correlations. The highest 
mean correlation occurred under the lowest measurement 
error condition. Sensitivity was minimal in the smallest 
sample size but improved with larger samples. Under high 
measurement error, the sensitivity distribution followed 
a bimodal pattern. A similar bimodal pattern emerged in 
specificity, with high specificity only observed under the 
lowest measurement error. Precision was high when sample 
size was large and measurement error was low. However, 
as measurement error increased, the distribution of preci-
sion values widened. In small samples with high measure-
ment error, the latent variable approach frequently yielded 

Temporal Networks

Figure  3 shows how different measurement approaches 
performed across conditions of different sample sizes and 
degrees of measurement error in temporal networks. In 
general, the different approaches exhibited comparable per-
formance patterns. Most performance measures improved 
with increasing sample size and declined with increasing 
measurement error. Correlations were generally similar 
across the multiple-indicator approaches, whereas the single 
indicator approach consistently showed slightly lower cor-
relations. Similar to Study 1, the conditions without mea-
surement error gives some comparison to disentangle to 
what extent poor performance is due to measurement error 
and how particular measurement methods deal with that, 
and to what extent poor performance is also just because 
network estimation more generally performs poorly in those 
conditions, ignoring measurement error. Figure  3 shows 
that for the temporal network, correlations between the esti-
mated and true network edges are low in conditions with 

Fig. 4  Simulation results for the performance of the single- and mul-
tiple-indicator approaches for contemporaneous network model based 
on panel data of three waves. The vertical panels indicate the different 
performance measures: correlation, precision, sensitivity, and specific-
ity. Horizontal panels indicate the amount of measurement error. The 

dots indicate outliers. Every condition was simulated 100 times, and 
the boxplots represent the distribution of those measures (i.e., 25th 
quartile, median, 75th quartile). Please view this figure in color for 
optimal interpretation
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specificity remained relatively stable, showing more con-
centrated boxplots than the latent variable approach. Preci-
sion was high in the lowest measurement error condition 
and hovered around 0.5 under higher error levels.

Factor Score Approach

The factor score approach yielded low to moderate corre-
lations with the true network and exhibited very low sen-
sitivity across conditions, with modest improvement at the 
highest sample sizes. Specificity, however, was consistently 
optimal, suggesting that the approach tended to estimate 
sparse networks. Precision showed signs of bimodal distri-
bution at smaller sample sizes but improved as sample size 
increased.

Average Score Approach

The average score approach closely mirrored the factor score 
approach in all performance measures. It demonstrated low 

fully connected networks, resulting in a narrow precision 
centered at 0.36.

Plausible Value Score Approach

Among all approaches, the plausible value score con-
sistently demonstrated the highest correlations, which 
increased with sample size and declined moderately with 
measurement error. Under the smallest measurement error 
and largest sample size, the mean correlation approached 
0.8 and remained relatively strong (> 0.6) even under sub-
stantial measurement error. Sensitivity was also highest for 
this approach, outperforming others in many conditions. 
However, convergence issues occurred in the most extreme 
case—smallest sample size combined with highest measure-
ment error—resulting in missing values. Notably, sensitiv-
ity remained largely unaffected by increasing measurement 
error, a pattern not observed in other approaches. Specific-
ity was generally high and optimal in most conditions with 
low measurement error. In more error-prone conditions, 

Fig. 5  Simulation results for the performance of the single- and mul-
tiple-indicator approaches for the between-subjects network model 
based on panel data of three waves. The vertical panels indicate the 
different performance measures: correlation, precision, sensitivity, 
and specificity. Horizontal panels indicate the amount of measurement 

error. The dots indicate outliers. Every condition was simulated 100 
times, and the boxplots represent the distribution of those measures 
(i.e., 25th quartile, median, 75th quartile). Please view this figure in 
color for optimal interpretation
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remained optimal. These results indicate that the plausible 
value score approach was effective in correctly identifying 
the sole absent edge in the network.

Factor Score Approach

The factor score approach yielded similar correlations to both 
the latent variable and plausible value score approaches, but 
showed reduced sensitivity, particularly in smaller sample 
sizes—resulting in networks that were sparser than the true 
structure. Despite this, specificity and precision remained 
consistently optimal across conditions.

Average Score Approach

The average score approach showed nearly identical perfor-
mance patterns to the factor score approach. Sensitivity was 
low in the smallest sample sizes, while specificity and preci-
sion were optimal. Its performance clearly decreased with 
smaller sample sizes, and was less susceptible to measure-
ment error, suggesting that it estimated sparser-than-true 
networks in conditions with limited data.

Single Indicator Approach

Under the no measurement error condition, the single-indi-
cator approach had high performance, except for low sen-
sitivity in smaller samples. When measurement error was 
present, it exhibited lower correlations and sensitivity com-
pared to the multiple-indicator approaches but maintained 
high specificity and precision. In specificity, it displayed 
a characteristic bimodal distribution in both the smallest 
and largest sample sizes, and in sensitivity in the smallest 
sample.

Between-Subjects Networks

Figure  5 presents the performance of the different mea-
surement approaches in between-subjects networks. Per-
formance in between-subjects networks exhibited greater 
variability than in contemporaneous networks. Correlations 
ranged from low to moderate across most conditions, with 
the exception of the no measurement error scenario, where 
the single-indicator approach achieved moderate to high 
correlations. Sensitivity was generally low to moderate, 
whereas specificity and precision remained relatively high 
across approaches.

Latent Variable Approach

Unexpectedly, the latent variable approach produced 
the lowest correlations of all approaches—including the 

sensitivity, high specificity, and moderate to high precision 
across conditions.

Single Indicator Approach

Performance of the single indicator approach lagged behind 
the multiple-indicator approaches. Even in the absence of 
measurement error, its correlations and sensitivity were 
highly dependent on the sample size, showing very low per-
formance for smaller samples. Specificity was high across 
sample sizes, but precision was somewhat reduced at the 
smallest sample size. In other measurement error condi-
tions, sensitivity remained very low throughout. Sensitivity, 
specificity, and precision displayed a double-peaked distri-
bution in both the smallest and largest sample sizes. Preci-
sion was highly sensitive to measurement error: while it was 
relatively high under minimal error, it declined sharply as 
measurement error increased.

Contemporaneous Networks

Figure 4 shows the performance of the different measure-
ment approaches in contemporaneous networks. In general, 
all measurement approaches performed better for contem-
poraneous networks than for temporal ones. As with tem-
poral networks, performance depended both on sample size 
and measurement error: larger samples enhanced perfor-
mance, while increased error impaired it. Correlations were 
particularly sensitive to measurement error.

Latent Variable Approach

The latent variable approach exhibited strong overall per-
formance, though correlations suffered in smaller sample 
sizes and under greater measurement error. Compared to 
other multiple-indicator approaches, correlations were 
somewhat lower yet still surpassing those of the single-indi-
cator approach. Sensitivity was consistently optimal, while 
specificity remained at zero—indicating that all networks 
were estimated as fully connected. Nevertheless, given that 
the true network contained only a single absent edge, the 
approach still achieved high precision despite consistently 
misclassifying that edge.

Plausible Value Score Approach

The plausible value score approach again encountered con-
vergence issues in the most challenging condition—smallest 
sample size combined with highest measurement error—
evidenced by missing values. In all other conditions, perfor-
mance improved with larger sample sizes: both correlation 
and sensitivity increased, while specificity and precision 
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size. Specificity exhibited optimal values in low measure-
ment error and in moderate sample sizes even in high 
amount of error, but sensitivity and specificity showed a 
bimodal distribution when the sample was the smallest or 
largest, and error was highest. Precision increased from 
moderate to high, with increasing sample sizes and decreas-
ing measurement error variance.

Summary of Simulation Study 2

The Effect of Measurement Error

Measurement error had a relatively modest impact on the 
performance of measurement approaches in temporal net-
works. Although increasing measurement error led to some 
decline in performance, the differences were generally lim-
ited. Among all methods, the single-indicator approach was 
most sensitive to measurement error. The effect of mea-
surement error varied by measure: in larger sample sizes, 
sensitivity declined especially in the factor score and aver-
age score approaches, whereas the plausible value score 
approach exhibited the clearest drop in precision.

In contemporaneous networks, measurement error had 
minimal influence. Across all levels, performance remained 
relatively stable, with the exception of specificity, which 
displayed a bimodal distribution in the single-indicator and 
plausible value score approaches as error increased—sug-
gesting greater variability in detecting absent edges. Simi-
larly, between-subjects networks were largely unaffected by 
measurement error. Only a slight decline in sensitivity was 
observed for the factor score and average score approaches 
at higher error levels.

The Effect of Sample Size

Sample size impacted all network types. Smaller samples 
were associated with weaker performance and reduced 
edge detection capacity. In contrast, specificity remained 
high across all sample sizes for the factor score and average 
score approaches, suggesting that these approaches tended 
to estimate sparse networks regardless of sample size. In 
contemporaneous and between-subjects networks, sample 
size had minimal effect on specificity and precision. This 
indicates that while smaller samples hampered the ability 
to detect present edges, they did not meaningfully increase 
false positives or reduce the accuracy of detected edges in 
these network types.

single-indicator approach—in particular under conditions 
of small sample size and high measurement error. The latent 
variable approach displayed optimal sensitivity and zero 
specificity, indicating that it consistently estimated fully 
connected networks. Given the substantial number of both 
present and absent edges in the true network, this led to only 
moderate levels of precision.

Plausible Value Score Approach

The plausible value score approach again failed to converge 
under the most challenging condition: smallest sample size 
and highest measurement error. Across other conditions, 
it achieved moderate correlations. Somewhat counterin-
tuitively, its sensitivity declined while specificity slightly 
improved as sample size increased. Although it maintained 
reasonable overall accuracy, its precision was somewhat 
lower than that of the factor score, average score, and sin-
gle-indicator approaches.

Factor Score Approach

The factor score approach mirrored the counterintuitive 
pattern observed in the plausible value score: increasing 
sample size led to decreased sensitivity and improved speci-
ficity. In the largest sample size, sensitivity dropped to zero 
while specificity reached optimal levels—suggesting that 
estimated networks became increasingly sparse. However, 
precision improved with sample size and reached its peak in 
the largest condition, indicating that although fewer edges 
were detected, the edges that were identified tended to be 
correct.

Average Score Approach

Once again, the average score approach paralleled the 
behavior of the factor score approach across all performance 
metrics. It produced low to moderate correlations, exhib-
ited minimal sensitivity—often approaching zero—and 
maintained high to optimal specificity and precision. These 
results suggest a conservative estimation pattern, with few 
false positives but a tendency to overlook true edges.

Single Indicator Approach

In the no measurement error condition, the single-indicator 
approach had moderate to high correlations and high speci-
ficity and precision, but its sensitivity was low in all sample 
sizes. When measurement error was present, it outperformed 
the latent variable approach in all measures except sensitiv-
ity. Relative to the other multiple-indicator approaches, it 
lagged slightly. Correlations slightly increased with sample 
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factor score is a weighted average that accounts for differ-
ences in factor loading. However, the finding that the two 
approaches perform similarly is consistent with previous 
studies (O’Laughlin et al., 2021; Oh et al., 2025). Still, 
future research could consider more conditions under which 
these two approaches would differ in performance. For 
example, we randomly sampled loadings for the indicators 
from a uniform distribution between 0.75 and 1, which was 
already more variability in factor loadings than was used 
by O’Lauhglin et al. (2021) and Oh et al. (2025). But it is 
possible that when loadings across indicators of the same 
node differ even more from each other, the two approaches 
will start to diverge in performance because the factor score 
approach—unlike the average score—could weight indica-
tors differently, potentially leading to different results.

The latent variable approach tended to produce false 
positives in contemporaneous networks. Stricter pruning 
could possibly mitigate this issue—albeit at the cost of gen-
eral sensitivity, particularly in temporal networks. Future 
research could consider how different pruning thresholds 
(e.g., stricter) could improve the performance of some of 
the approaches.

In Study 2 (N > 1), plausible value scores and the latent 
variable approach performed better than other approaches 
for many conditions. However, in the between-subjects 
network, the latent variable approach showed very low 
correlations. In temporal networks, plausible value scores 
performed more consistently across conditions—except for 
the smallest sample size (N = 100)—compared to the latent 
variable method, which frequently exhibited bimodal per-
formance—estimating either fully connected or empty net-
works. In addition, the plausible value scores demonstrated 
higher correlations across conditions than the latent variable 
approach. Because plausible value scores are less known 
than factor scores (Marsman et al., 2016; Thomson, 1938; 
Thurstone, 1935; Von Davier et al., 2009), these results 
will hopefully encourage researchers to consider plausible 
value scoring as an alternative to other multiple-indicator 
approaches. The bimodality observed in both plausible 
value and single-indicator approaches in contemporane-
ous networks was likely an artifact of the true structure of 
the contemporaneous network, which was missing only a 
single edge. In this specific case, the bimodality in speci-
ficity reflects whether the approach accurately detected the 
absence of that single edge. In future research, it would 
therefore be good to assess how results generalize to less 
dense networks.

However, the plausible value approach also exhibited 
relatively high variability in performance. As one of our 
anonymous reviewers kindly pointed out, one might prefer 
an approach that performs slightly worse if it is more con-
sistent. The variability in the performance of more complex 

Differences Between the Wave 3 and the Wave 6

The results for the wave 6 data are included in Supplemen-
tary Materials S3. We do not discuss these results in depth 
here but present a quick comparison with the wave 3 data. 
In many conditions the results for wave 3 and wave 6 data 
are similar, but there are conditions in which the wave 3 
data show better performance and there are conditions in 
which the wave 6 data show better performance. However, 
bias increased compared to the three waves, see Supplemen-
tary Materials S4. Contrary to the three waves, in the six 
waves condition, the single-indicator approach showed rela-
tively high performance compared to the multiple-indicator 
approaches. Among the multiple-indicator approaches, the 
average score approach fared equally to the factor score, 
except for showing better performance in the smallest sam-
ple size, where the factor score failed to estimate.

Discussion

This study compared the performance of different measure-
ment approaches—latent variable, plausible value score, 
factor score, average score, and single-indicator—in recov-
ering the true network structure when node scores include 
measurement error, in the context of dynamic network mod-
els. In particular, we focused on the GVAR model and the 
panelGVAR model. To evaluate the performance of each of 
the measurement approaches, we considered the correlation 
between the edge weights in the estimated network with 
those in the true network, sensitivity, specificity, and preci-
sion, in conditions that varied the numbers of observations 
and degrees of measurement error.

Our primary aim was to assess how well each measure-
ment approach performed under these varying conditions. 
The best-performing measurement approach was different 
for the time series data (N = 1, Study 1) than for the panel 
data (N > 1, Study 2). In Study 1 (N = 1), the factor score 
and average score approaches performed best for recovering 
the temporal networks, while the latent variable approach 
performed best in recovering contemporaneous networks, 
particularly in terms of sensitivity. The observation that 
multiple-indicator approaches outperform the single-
indicator approach in the presence of measurement error, 
specifically in their sensitivity, is consistent with previous 
cross-sectional studies that have shown multiple-indicator 
approaches to improve network sensitivity (De Ron et al., 
2022; Herrera-Bennett & Rhemtulla, 2021).

In our study, the factor score and average score 
approaches performed similarly even though we varied the 
factor loadings. We expected the factor score to outperform 
the average when factor loadings are not equal because the 
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network types. In both Study 1 and Study 2, larger numbers 
of observations led to improved correlations and sensitivity. 
In the time series data (N = 1), the factor score and average 
score approaches were less affected by smaller numbers of 
observations compared to the other approaches. In contrast, 
in the single indicator approach, sensitivity was most nega-
tively affected by smaller numbers of observations, aligning 
with prior findings that small samples impair sensitivity (De 
Ron et al., 2022; Epskamp, 2020a; Hoekstra et al., 2023; 
Mansueto et al., 2023).

This sensitivity to the number of observations is con-
cerning given the common use of small samples in clini-
cal psychology. In clinical research aiming at personalized 
treatment and using idiographic time series data, sample 
sizes often include around 100 time points per participant 
due to practical constraints, such as participant burden 
(McLean et al., 2017; Ono et al., 2019; Rintala et al., 2019; 
Wen et al., 2017), the construct’s natural timescale (Wil-
helm & Schoebi, 2007), and the risk of nonstationarity with 
longer data collection periods (Epskamp et al., 2018a).

In contrast, in panel designs, the focus shifts to the num-
ber of participants rather than the number of time points. 
Because individual burden is lower, participant numbers 
tend to be higher, typically ranging from a hundred to sev-
eral thousand (Martín-Gómez et al., 2022; Rigabert et al., 
2020). Still, median sample sizes reported in some of the 
reviews were only N = 106, and N = 222, so the impact of 
sample size may be significant also in studies using panel 
data. Some exceptions with higher numbers of observations 
exist in both time series and panel designs (McBride et al., 
2021; Wichers & Groot, 2016).

The minimum required sample size to use multiple-
indicator approaches differed across approaches. For the 
factor score and average score approaches, the minimum 
number of observations appeared to be the lowest in both 
Study 1 and 2, reflecting their relative efficiency even with 
small samples, as well as their overall superior performance 
compared to the single-indicator approach. For the latent 
variable and plausible value approaches, performance dete-
riorated at smaller sample sizes, indicating that these meth-
ods are less suitable when the number of observations is 
low. Their performance improved substantially when the 
number of observations was 500 or higher, suggesting a 
minimal number of observations around 500. In Study 2, the 
plausible value approach failed to converge in the smallest 
sample size condition, which underscores the need for cau-
tion when applying this approach with smaller samples. But, 
overall, given the complexity of network model estimation 
and the known challenges in their accuracy and replicability 
(Borsboom et al., 2017; Epskamp, 2020a; Hoekstra et al., 
2023, 2024; Mansueto et al., 2023), such complex dynamic 

approaches has also been found in previous studies, known 
as the variability-accuracy trade-off, or the bias-variance 
trade-off (Ledgerwood & Shrout, 2011; O’Laughlin et al., 
2021; Oh et al., 2025).

Our second aim was to explore how performance varied 
with different degrees of measurement error. All approaches 
showed decreased correlations and sensitivity with increas-
ing measurement error, while specificity and precision 
remained largely unaffected, except for a decline in speci-
ficity in the plausible value score approach in Study 1(N = 1) 
in the contemporaneous networks. In Study 2 (N > 1), the 
single-indicator approach was particularly sensitive to mea-
surement error, with performance deteriorating rapidly. 
Unexpectedly, the latent variable approach also showed 
some sensitivity to measurement error in both studies. The 
negative effect of measurement error on sensitivity has been 
observed in cross-sectional network studies as well (De Ron 
et al., 2022; Herrera-Bennett & Rhemtulla, 2021). However, 
unlike Herrera-Bennett and Rhemtulla (2021), we found 
that the number of observations had a greater impact than 
the degree of measurement error.

In the context of longitudinal studies, our findings are in 
line with Schuurman and Hamaker (2019), who also found 
that measurement error had a negative impact on network 
estimation in models that do not account for measure-
ment error. They also proposed a single indicator method 
to account for measurement error in AR models. It would 
therefore be an important direction for future research to 
see whether their method could be applied to the designs 
we considered in this study and compare their approach to 
the multiple-indicator approaches we have examined. Given 
that multiple-indicator approaches place a significantly 
greater burden on participants, a single-indicator approach 
that could account for measurement error as effectively (or 
better) than a multiple-indicator approach would be a wel-
come addition to the network modeling toolbox.

For our third aim—comparing network types (temporal, 
contemporaneous, and between-subject) —we conclude that 
temporal networks were most affected by both measurement 
error and the number of observations. The finding of tem-
poral networks being the most demanding in terms of the 
number of observations to estimate is typical for dynamic 
network estimation and consistent with previous studies 
(Epskamp, 2020a; Hoekstra et al., 2024; Mansueto et al., 
2023). When measurement error was low and the number of 
observations high, all approaches performed well in estimat-
ing temporal networks. However, under high measurement 
error in Study 1, only the latent variable and single-indicator 
approaches retained high correlations in conditions with the 
largest number of timepoints.

As expected, the number of observations had a substan-
tial effect on network estimation across approaches and 
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such error. However, like all simulation studies, this work 
is limited by the necessity of selecting a finite set of con-
ditions. We aimed to choose the most relevant conditions 
to help applied researchers identify the best approaches for 
their specific studies. Also, we were only able to use 100 
replications, although the number of replications is recom-
mended to be higher (Mundform et al., 2011). Future stud-
ies could consider increasing the number of replications if 
possible.

Conclusion

This study compared the performance of different measure-
ment approaches—latent variable, plausible value score, 
factor score, average score, and single-indicator—for esti-
mating dynamic network models in the presence of mea-
surement error. Overall, multiple-indicator approaches 
generally outperformed the single-indicator approach, par-
ticularly in the presence of higher measurement error or 
smaller numbers of observations. Among them, the plau-
sible value score approach demonstrated the most robust 
and stable performance across metrics, particularly in larger 
samples with low measurement error. In contrast, the latent 
variable approach exhibited extreme sensitivity and speci-
ficity, often resulting in fully connected or empty networks. 
Factor score and average score approaches often yielded 
sparse networks with high specificity but low sensitivity 
and showed highest performance for estimating time series 
temporal networks. To conclude, our study suggests that 
multiple-indicator approaches may substantially improve 
the estimation of dynamic networks, while emphasizing 
that the optimal multiple-indicator strategy depends on the 
research question.
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network models with multiple indicators as nodes appear to 
perform relatively well.

Recommendations for Applied Researchers

Our results suggest that multiple-indicator approaches out-
perform the single-indicator approach in both Study 1 and 
Study 2, across most network types. However, the optimal 
multiple-indicator approach varies depending on the study 
and the specific network. For time series (N = 1) analysis 
focusing on temporal relationships, factor scores or aver-
age scores may be preferred. Factor scores offer the added 
benefit that the underlying factor model allows researchers 
to evaluate model fit and thus strengthen the adequacy of 
the measurement structure before network estimation. In 
contrast, in panel designs with only three assessment points, 
plausible value scoring may offer the most consistent results.

When the focus shifts to contemporaneous associa-
tions—such as in time series data where the goal is to study 
instantaneous relations among variables, or in panel data, 
where assessment intervals are too wide to capture rapid 
variation—the latent variable approach and plausible 
value approach perform well. But, since the latent vari-
able approach gives very low (in some cases even nega-
tive) correlations for the between-subjects network, we 
would recommend choosing the plausible value approach 
over the latent variable approach. In situations where reli-
ability is crucial, particularly in longitudinal studies, invest-
ing in additional indicators (rather than relying on a single 
one) could be advantageous to improve both reliability and 
validity.

For research prioritizing simplicity and shorter question-
naires, the single-indicator approach may be appropriate, 
especially when the focus is on contemporaneous networks, 
or when specificity and precision are more crucial than sen-
sitivity. The single-indicator approach may also be suitable 
when the number of observations is very low (e.g., T = 100 
or N = 100), as performance across all approaches tends to 
decline in such cases. However, it should also be noted that 
network estimation is not recommended with very low num-
bers of observations (Hoekstra et al., 2023; Mansueto et al., 
2023). Given vulnerability of the single-indicator approach 
to measurement error, it is most competitive when measure-
ment error is known to be minimal.

To our knowledge, this is the first study to evaluate the 
performance of multiple measurement approaches in esti-
mating temporal, contemporaneous, and between-subjects 
networks across both time series (N = 1) and panel data 
(N > 1). Thus, this study addresses a critical gap in the litera-
ture, contributing to the understanding of how measurement 
error impacts dynamic networks and offering guidance on 
the most effective measurement approaches for mitigating 
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