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Intensive longitudinal data have become a common data type across psychological disciplines.

A key issue in the analysis of such data is the separation of within-person and between-person

effects. This problem is well studied for the effect of between-person effects (e.g., varying inter-

cepts) on within-person parameters (e.g., cross-lagged effects). In this paper, we discuss a less

appreciated effect of within-person correlations on correlations between person-wise means.

Using simulations and an analytical derivation, we show how observed correlations between

person-wise means are a function of both population between-person correlations and within-

person correlations. This has implications for the interpretation of statistical relationships be-

tween person-wise means, for example when estimated directly from the data or within step-

wise approaches to estimating multilevel vector autoregressive models, such as in the popular

R packagemlVAR. We discuss implications for applied research and possible strategies to avoid

this problem.
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1. INTRODUCTION

Cross-sectional datadoesnot allowone to adequately distinguishbetweenwithin-personeffects and

between-person effects (Molenaar, 2004). This limitation is one of the driving forces behind the trend

towards collecting intensive longitudinal data of several subjects measured multiple times (Conner

& Barrett, 2012; Hamaker & Wichers, 2017; Kuppens et al., 2022; Miller, 2012; Trull & Ebner-Priemer,

2014). Such data does, in principle, allow for the separation of within- and between-person variance

(Epskamp, 2020), which is crucial if the targets of inference are statistical relationships (e.g., corre-

lations, regressions) at the within-person or between-person level. For example, consider a dataset

of several subjects measured repeatedly on a set of mood states. A clinical psychologist might be

interested in using such data to study within-person relationships to find, for example, relationships

between day-to-day fluctuations (states) from the person-wise means. A personality researcher, on

the other hand, might be more interested to study between-person relationships to find how the

average mood states (traits) relate to one-another.

Whilemultivariate psychometricmodels exist that adequately separate within- and between-person

variance (e.g., Epskamp, 2020; Hamaker et al., 2015; Molenaar, 1985, 2017), they often become in-

tractable to use when the number of variables and/or measurements per person is large. To this

end, methods have been proposed to simplify those models. A popular trick is to use the person-

wise sample means — the sample mean of all measures of a single person on a particular variable

— to stand in for the corresponding true person-wise means. Using the person-wise sample means

as a proxy for the true means, the data can then be within-person centered to study within-person

effects and relationships between the sample means can be used to study between-person effects

(Epskamp et al., 2018; Hamaker & Grasman, 2015). While this method, implemented in the popular R-

packagemlVAR (Epskamp et al., 2018), generally works well for large datasets, it has been recognized

that using the person-wise means as such can influence the within-person parameters obtained in

an analysis, especially when the number of time points per person is low. For example, a temporal

auto-regression can be estimated to be negative due to Nickell’s bias (Nickell, 1981) when data with

too few repeated measures are within-person centered (Burger et al., 2022; Jordan et al., 2020)1.

While the possibility that between-person effects can bias within-person effects is well known in the

literature, here we study the reverse effect. Namely, the possibility that within-person effects are

biasing between-person effects. We will show that using the person-wise sample means as prox-

ies for the true person-wise means can lead to bias in estimated between person parameters, such

as (partial) correlation coefficients between the person-wise means (Epskamp et al., 2022; Epskamp,

1To understand Nickell’s bias, consider a hypothetical longitudinal analysis in which data are within-person centered using

sample means and only two observations per person are available. In this case, if the first observation is higher (lower) than

the second, the first observation will be above (below) the mean and the second observation will be below (above) the mean,

leading to an auto-correlation of −1. This bias gradually dissipates with more measures per person. For mlVAR, a minimum of

20 measures per person is recommended (Burger et al., 2022).
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2020). We first illustrate in a simulation study using multilevel vector auto-regressive (VAR) models

how correlations between person-wise means can be induced by within-person correlations. That is,

we observe correlations between person-wise means, even if the data generating mechanism does

not include any such correlation, but only correlations at the within-person level. We then report

a second simulation to show that this bias also carries over to the estimation of between-person

networks in the context of estimating multilevel VAR models. After illustrating the effect, we pro-

vide an analytic derivation of the correlation between person-wisemeans as a function of population

correlations between person-wise means and within-person correlations. We end by discussing im-

plications for interpreting correlation between person-wise means and suggest possible avenues for

future research to avoid this bias.

2. WITHIN- AND BETWEEN-PERSON EFFECTS

Webeginby introducingnotation and terminology. Letyyyt,p bea set of nv variablesmeasured inperson

p ∈ (1, 2, . . . , np) at time point t ∈ {1, 2, . . . , nt}. We will assume an underlying statistical model that

separates yyyt,p into a part that is stable for person p, µµµp, and deviation from this stable mean in time

point t, ξξξt,p:

yyyt,p = µµµp + ξξξt,p. (1)

Capitalized subscripts indicate the dimension that is taken to be random. That is, yyyT,p indicates re-

sponses on a random time point T from fixed person p, and yyyt,P indicates responses from a random

personP onfixed time-point t. This allowsus to establish the terminology aboutwithin- andbetween-

person effects which we use in the remainder of this paper; for a more elaborate discussion of this

notation, see Epskamp et al. (2022).

2.1 Within-person effects

Within-person effects in observational data typically refer to effects that are generatedby (some func-

tion of) the variance–covariance structure of a fixed person p within the same window of measure-

ment or across different windows of measurement

within-person (co-)variance: cov (yyyT,p, yyyT+k,p) = cov (ξξξT,p, ξξξT+k,p) ,

inwhich k ∈ Z (which could be zero) is called the lag, indicating a difference across time. This variance

is calledwithin-person because it is fully derived fromwithin the dataset of person p. When analyzing

multiple people, researchers often estimate fixed-effects, which describe thewithin-person variances

of the average person, here denoted with the symbol ∗:

fixed-effect within-person (co-)variance: cov (yyyT,∗, yyyT+k,∗) = cov (ξξξT,∗, ξξξT+k,∗) .



advances.in/psychology 4

Correlations between person-means depend on within-person effects Haslbeck & Epskamp, 2024

These effects are often simply called within-person effects, but it could be argued that this is a mis-

leading label, because the effects are not based on thedata of any single subject in the dataset. In this

paper, we will circumvent this possible confusion by assuming full homogeneity cov (yyyT,1, yyyT+k,1) =

cov (yyyT,2, yyyT+k,2) = . . . = cov
(
yyyT,np

, yyyT+k,np

)
across persons for simplicity, while noting that any findings

do generalize to heterogeneous samples because the fixed-effects adequately describe the covari-

ance structure across people (Epskamp, 2020).

2.2 Between-person effects

Between-person effects and cross-sectional effects are often used interchangeably in the literature,

but they refer to different variances. Cross-sectional effects refer to the variance–covariance structure

of cross-sectional data:

Cross-sectional variance: var (yyyt,P ) ,

indicating the variance–covariance structure across people on a fixed time-point t. This variance–

covariance structure, however, is in part also a function of the (fixed-effect) within-person variance

covariance structure (see below for more detail). As such, “between-person” is not an adequate term

to use for effects established in cross-sectional data, unless it can reasonably be assumed thatwithin-

person variance in the data is nil (e.g., when including aggregates over time or stable traits in the

data; Epskamp et al., 2018). An adequate definition of between-person effects is that these effects

rest solely on the variance–covariance structure of the part that is stable within individuals

Between-person variance: var (µµµP ) ,

that is, the covariances between stable means encoded in µµµ.

Epskampet al. (2018) give twoexamples of situations inwhich thewithin-person andbetween-person

correlations between two variables can diverge. The first example, based on Hamaker (2012), dis-

cusses a dataset in which authors are measured on the number of spelling errors and typing speed

for individual texts; a fixed author might make more spelling errors if they type faster (within-person

effect), whereas an author who types fast on averagemight alsomake few spelling errors on average

(between-person effect). The second example, based onHoffman (2015), discusses a dataset in which

subjects aremeasured on their physical activity and heart rate; whenever a person is more physically

active than average (exercising), their heart rate tends to be higher (within-person effect), and peo-

ple who often exercise tend to have a lower heart rate on average (between-person effect). In both

examples, investigating only one level will not tell the full picture, and performing a cross-sectional

analysis will allow only limited conclusions because the results will be a blend of the two sources of

variation. This shows that separating within- and between-person effects is often crucial.
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2.3 Using person-wise Sample Means as Proxies for True person-wise Means

While modeling techniques exist that adequately aim to separate the within-person and between-

person sources of variation (e.g., Asparouhov et al., 2018; Epskamp, 2020), doing so is not always trivial

and often leads to computationally heavy estimation procedures that quickly grow intractable for

larger numbers of time points and/or variables. To this end, an often-used trick to greatly simplify

modeling of such data is to use the person-wise sample means as proxies for the true person-wise

means (Hamaker & Grasman, 2015):

µ̂µµp = ȳyyp =
1

nt

nt∑
t=1

yyyt,p =
1

nt

(
ntµµµp +

nt∑
t=1

ξξξt,p

)
(2)

Here, the data can be within-person centered using person-wise sample means ȳyyp to obtain within-

person effects, and relationships between (or the variance–covariance structure of) elements of ȳyyp

can be used to obtain estimates of between-person effects. This trick relies on the fact that the

person-wise sample means are unbiased maximum likelihood estimators of the population person-

wise means. An example of an application of this method is the popular mlVAR R package for es-

timating multilevel graphical vector-autoregressive models (Epskamp et al., 2018), which uses the

person-wise sample means to (a) within-person center data for obtaining within-person temporal

and contemporaneous effects, and (b) obtain between-person relationships between stable means.

We describe themlVAR algorithm in more detail in Appendix A.1.

While the person-wise sample means are indeed unbiased maximum likelihood estimators for the

true person-wisemeans, Equation (2) also shows thatµµµp 6= ȳyyp and that the person-wise samplemeans

in ȳyyp are in part caused by within-person deviations in ξξξt,p. This means that the variance–covariance

structure of ȳyyP will be in part determined by within-person variance - a property that we show for-

mally in Section 4.1. As such, we can expect that analyzing relationships between elements of ȳyyp may

not only reflect relationships in µµµp, and thus that the estimated between-person relationships based

on person-wise samplemeansmay not reflect population between-person relationships. In what fol-

lows, we investigate this in more detail. First by illustrating the issue in a simulation study and then

by providing mathematical derivation of the variance–covariance structure of ȳyyP .

3. ILLUSTRATING DEPENDENCY OF BETWEEN-PERSON EFFECTS ONWITHIN-PERSON

CORRELATIONS

We first simulate from a two-variable multilevel VAR model to show how within-person correlations

lead to bias in between-person effects as a function of how large the between-person variance is

relative to the within-person variance, and sample size. This bias also affects the between-person

network estimatedwith themlVARmethod, whichwe explicitly demonstrate in a second simulation.
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3.1 Effects on Between-Person Correlations

Wecan illustrate the effect of within-person correlations on correlations between person-wisemeans

using any longitudinal model that separates within-person and between-person variances. Here, we

generate data under a multilevel lag-1 vector autoregressive (VAR) model with nv = 2 variables, since

we suspect most readers will be familiar with it:

yyyt,p = µµµp +BBBp (yyyt−1,p −µµµp) + ζζζt,p, (3)

where µµµp are person-specific means, BBBp are person-specific lagged effects of order 1 and ζζζt,p is the

person-specific innovation variance. We choose the entries of BBBp such that the VAR model is stable/

stationary (for an accessible introduction to non-stationarity see Ryan et al., 2023).

To keep the illustration simple, we only allowed the means to differ between subjects, and generate

homogeneous temporal coefficients in which every element is the same value β:

BBBp = β

1 1

1 1

 ∀p,

and set the innovation variance–covariancematrix to an identity matrix to generate standard normal

orthogonal innovations:2

var (ζζζT,p) =

1 0

0 1

 ∀p.

Finally, we generate the true person-wise means for both variables from two independent normal

distributions with standard deviation σµ:

var (µµµP ) = σ2
µ

1 0

0 1

 .

As such, the true between-person covariance/correlation between the two variables equals 0, the pa-

rameter β controls the strength of within-person (temporal) relationships between the two variables,

and the parameter σµ controls the variance in true means across persons. Note that in this example,

we manipulate the within-person correlations only with dependencies between variables in lagged

effects. However, we could also manipulate within-person correlations by introducing correlations

between innovations in var (ζζζT,p). In the simulated example in the following subsection, we will intro-

duce within-person correlations in both ways.

2This alsomeans thatwedonot simulatedatawith correlated innovations, which canalsobe characterizedas a contempora-

neous network. The effects in this contemporaneous network are within-person effects, however, and we expect relationships

at the contemporaneous level to similarly impact relationships at the between-person level.
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Wedenote the truebetween-personcorrelationwith ρ = cor(µ1,P , µ2,P ) = 0 and theestimatedbetween-

person correlation based on the person wise sample means with ρ̂ = cor(ȳ1,P , ȳ2,P ). In what follows

we simulate data under this multilevel VARmodel for different values of β, σµ and nt and evaluate the

resulting observed correlation between person-wise means. We varied the within-person strength

of relationship β ranging from 0 to 0.45, the between-person strength of relationship σµ ranging from

0 to 1, and the number of time points per person across four levels nt ∈ {20, 100, 250, 1000}. We simu-

late data with a relatively large sample size of np = 500 subjects in each condition to ensure that the

influence of sampling variation on our results is minimal. Given that the only population differences

between persons are in the true person-wisemeans, which are uncorrelated (ρ = 0), wemight expect

that also the observed correlations between samplemeans (ρ̂) will be zero. As such, we are interested

in seeing if ρ̂ is a good approximation of ρ. Figure 1 shows the estimated correlation between sample

means ρ̂ rounded to the second decimal mapped to a color gradient from white (0) to blue (1).

Since the true between-person correlation is ρ = 0 in the data generating model, any nonzero value

for ρ̂ in Figure 1 represents bias. If β = 0 the within-person correlation is equal to zero and therefore

also ρ̂ ≈ 0 for all σµ and nt in all simulated condition (ρ̂ would be exactly 0 if we let np → ∞). This

makes sense, because there is no mechanism in the model that could create a nonzero correlation.

However, for β > 0 we see nonzero correlations between means (ρ̂ > 0). Specifically, we see that ρ̂

increases with β and decreases with higher between-person variation in σµ and longer time series

nt. While we will derive these results analytically below, we can already offer the following intuitive

explanation: when increasing σµ, the proportion of between-person variance in the overall variance

term is increasing and as a result the proportion of variance coming from within-person correlations

has to decrease. Therefore, the correlation ρ̂ has to decrease when increasing σµ. For large samples

nt → ∞, the sample estimateswill converge to their true values, which are uncorrelated, whichmeans

the covariance has to go to zero. However, this is not necessarily true for normalized measures such

as correlations. In this case, ρ̂ only converges to zero if σµ = 0. This can be seen in Figure 1: if σµ > 0

the correlation ρ̂ decreases with increasing nt; however, for σµ = 0 it is independent of nt.

When is this bias a problem? If we take ρ̂ simply as the observed correlation between sample means

and draw no conclusion about how this correlation is generated, or acknowledge that it is generated

by anunknowncombination ofwithin- andbetween-level effects, then there is no problem. However,

if we take the observed correlation between person-wise means ρ̂ as an estimate of the population

correlation between person-wisemeans ρ, then we would interpret ρ̂ incorrectly, since it is a function

of both ρ andwithin-person correlations. In that sense, ρ̂ is a biased estimate of ρ, and Figure 1 shows

that this bias can be considerable in conditions in which β is large, σµ is small, and nt is small. This

problem extends to other methods which use sample means as proxies of population means, such

as the method of R-packagemlVAR discussed in Section 2.3. We illustrate this next.
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Figure 1

The correlation between within-person sample means ρ̂ , as a function of the size of lagged effects

β (x-axis), the true between-person standard deviation σµ (y-axis), and the length of the time series

(panels). Note that if there is no bias, the correlation should be about zero in all cells.
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3.2 Effects on Between-Person Network in multilevel VAR Model

The mlVAR package uses person-wise sample means as proxies for person-wise population means.

Here we illustrate how this approximation leads to biases in the “between-network” consisting of

partial correlations between random intercepts in a multilevel VAR model.

To this end, we again use a small simulation. We generated data for np = 250 subjects on nt = 250

time points on nv = 8 variables. The data generating structures were inspired by previous simula-

tion studies (Du et al., 2024; Epskamp et al., 2018): the temporal network was a skip-1 chain graph



advances.in/psychology 9

Correlations between person-means depend on within-person effects Haslbeck & Epskamp, 2024

(each variable predictive of itself and a second neighbor) with auto-regressive effects set to 0.5 and

cross-lagged coefficients set to 0.25, the contemporaneous network was a chain graph with edge

weights (partial correlations) of 0.35, the innovation variances were set to 1, and the between-person

network was empty (no between-person covariances). The person-wise means were allowed to vary

across people, but no other heterogeneity across persons was included. We generated two datasets:

a within-person dataset in which scores for each person were centered on 0, and a set of means for

each personwith standard deviation of 1. Next, we combined these datasets in four different ways by

adding the within-person data to differently scaled simulatedmeans (to control the between-person

standard deviation in the generated data). This way, we constructed four datasets: a dataset in which

the means were multiplied by 0 to generate a data with no between-person variance (σµ = 0), and

three datasets in which the means were multiplied with different values σµ ∈ {0.1, 0.25, 0.5} to gener-

ate both within- and between-person variance. We estimated the model parameters using mlVAR

under default settings with orthogonal random effects.

Figure 2 shows the estimated between-person networks. Since the true between-person network is

empty, we would hope that the estimates are are close to zero and set to zero with probability 1− α,

where α is the specified significance threshold for hypothesis testing. However, the results show that

the we estimated strong between-person effects. Most of these effects are not set to zero (solid vs.

dashed lines) by a significance test with α = 0.05. In fact, we even see negative relationships in the

between-person network, despite the fact that we neither have negative relationships in the lagged

effects, nor the innovation partial correlationmatrix.3 These biases decreasewith increasing variance

of the true between-person variance, since this implies that the within-person variance component

has to become relatively smaller. This is the same effect as illustrated by varying the x-axis in Figure

1 above.

Both illustrations show that when correlating person-wise means, the observed correlations are a

function of both within-person and between-person correlations. We can separate the influence of

both variance components using hierarchicalmodels. However, if we estimate thesemodels by using

person-wise sample means as proxies for their population values, a bias remains. Now that we have

illustrated how within-person correlations can bias between-person correlations, we formally derive

how the latter are a function of the former.

3However, the model implied within-person lag-0 network does include negative edges, explaining the observed bias in

the between-person network. Interestingly, the model-impliedmarginal variance–covariance structure also does not include

negative covariances.
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Figure 2

Between-person networks estimated with the mlVAR method for between-person standard

deviations in means of 0, 0.1, 0.25, and 0.5 on 250 subjects with a time series length of 250 each. Blue

edges indicate positive parameters, red edges indicate negative parameters. Solid edges are

included at a significance threshold of α = 0.05. The data generating (true) between-person

network is empty, which means that all shown effects are bias induced by the lagged and

contemporaneous within-effects.
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4. DERIVING HOW BETWEEN-PERSON EFFECTS DEPEND ONWITHIN-PERSON EFFECTS

In this section, wewill analytically derive the variance–covariance structure of the person-wise sample

means in order to investigate how between-person (co-)variances are a function of within-person

relationships.
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4.1 General Framework

Based on themodel in Equation (1), we will assume that the person-wise deviations neither have bias

over time nor has bias between people:

E (ξξξT,p) = E (ξξξt,P ) = 000 ∀t,p,

in which E denotes the expected value taken over the capitalized subscript (which indicates the di-

mension that is random). The expected value of µµµwill be denoted with a grand mean µµµ∗:

µµµ∗ = E (µµµP ) .

Wewill assume further that ξξξ andµµµ are normally distributed. The variance–covariancematrix ofµµµ can

then be interpreted as a between-person variance–covariance matrix:

Var (µµµP ) = ΣΣΣ
bet

.

The covariance of ξξξ over time can be interpreted as awithin-person variance–covariance matrix:4

Cov (ξξξi,P , ξξξj,P ) = ΣΣΣ(i,j)

within
.

in which i and j are two different time-points. The assumption that E (ξξξT,p) = 000 ∀p naturally implies

that Cov (µµµP , ξξξt,P ) = OOO ∀t. As such, the covariancematrix between any two time points i and j becomes

(Epskamp, 2020):

Cov (yyyi,P , yyyj,P ) = ΣΣΣ(i,j) = ΣΣΣ
bet

+ΣΣΣ(i,j)

within
.

Assuming that ΣΣΣ(i,j)

within
6= OOO ∀i,j , the joint likelihood of all observations can not be simplified beyond

modeling the covariance between every item at every time point. To do this, we can form a normally

distributed joint vector uuu that contains the vectorized time series of person p:

uuup =


yyy1,p

yyy2,p
...

yyynt,p

 , uuu ∼ N (µµµ,ΣΣΣ) ,

4Epskamp (2020) shows that covariance of ξξξ across people is the fixed-effect average of the true within-person covariances

of ξξξ across time for a given individual.
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with the following distributional parameters:

µµµ = 111nt
⊗µµµ∗ =


µµµ∗

µµµ∗
...

µµµ∗

 , ΣΣΣ =


ΣΣΣ(1,1) ΣΣΣ(1,2) · · · ΣΣΣ(1,nt)

ΣΣΣ(2,1) ΣΣΣ(2,2) · · · ΣΣΣ(2,nt−1)

...
...

. . .
...

ΣΣΣ(nt,1) ΣΣΣ(nt,2) · · · ΣΣΣ(nt,nt)

 ,

in which 111nt represents a length nt vector of ones, and ⊗ the Kronecker product.

Of note, while the variance–covariance structure above can be used to understand the behavior of

thesemodels, themodel parameters are not always estimated throughmaximum likelihood estima-

tion using the full joint likelihood expressed above. This is especially the case for time-series data

where nt and nv are large, leading toΣΣΣ to become an intolerably large matrix that cannot be handled

for optimisation purposes by standard commercial computers. To this end, several methods have

been proposed that take shortcuts in estimating model parameters from such models, such as ana-

lyzing the Topelitz covariance matrix (Hamaker et al., 2002) or by estimating only parts of the model

using univariate multilevel regression models (Bringmann et al., 2013).

4.2 Person-wise Sample Means

The person-wise samplemeans can be obtained as follows. First, we definematrixEEE as a blockmatrix

that repeats a nv size identity matrix nt times:

EEE = 111>nt
⊗ III =

[
III III · · · III

]
.

Next, we can define the person-wise sample means as follows:

ȳyyp =
1

nt
EEEuuup.

The person-wise sample mean ȳyyp is an unbiased estimator of the person-wise mean µµµp, and it follows

also that over people the expected value of the person-wise samplemean correctly leads to the grand

mean:

E (ȳyyP ) = µµµ∗.
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The variance of the person-wise sample mean becomes:

Var (ȳyyP ) =
1

n2
t

EEEΣΣΣEEE>

=
1

n2
t

nt∑
i=1

nt∑
j=1

ΣΣΣ(i,j)

=
1

n2
t

nt∑
i=1

nt∑
j=1

[
ΣΣΣ
bet

+ΣΣΣ(i,j)

within

]
6= ΣΣΣ

bet
if ΣΣΣ(i,j)

within
6= OOO for any i and j.

As such, the variance–covariance structure of the person-wise sample means does not necessarily

equate to the variance–covariance structure of the true person-wise sample means. Instead, it is a

weighted sum, with the ΣΣΣ
bet

matrix weighted n2
t times and every possible ΣΣΣ(i,j)

within
matrix weighted once.

This means that we cannot expect analyzing relationships between person-wise sample means to

lead to correct estimates of population between-person relationships, as within-person relationships

can also influence results based on the analysis of person-wise sample means.

If a model is stationary, we can see that ΣΣΣ takes the form of a Toeplitz matrix with:

ΣΣΣlag-0

within
= ΣΣΣ(1,1)

within
= ΣΣΣ(2,2)

within
= · · · = ΣΣΣ(nt,nt)

within
included nt times

ΣΣΣlag-1

within
= ΣΣΣ(1,2)

within
= ΣΣΣ(2,3)

within
= · · · = ΣΣΣ(nt−1,nt)

within
included 2(nt − 1) times

ΣΣΣlag-2

within
= ΣΣΣ(1,3)

within
= ΣΣΣ(2,4)

within
= · · · = ΣΣΣ(nt−2,nt)

within
included 2(nt − 2) times

...

ΣΣΣlag-(nt−1)

within
= ΣΣΣ(1,nt)

within
included 2 times.

We can reasonably assume also then that the covariance between observations far away in time will

be neglishable small:

ΣΣΣlag−k

within
→ OOO for higher values of k,

as otherwise the time-series would not be stationary. As such, we can derive the following implica-

tions:

• If ΣΣΣ
bet

= OOO, all effects found between person-wise sample means are due to within-person covari-

ances (or Type 1 errors).

• These effects will typically be small, but can lead to large standardized parameters (e.g., partial

correlation coefficients).

• If ΣΣΣ
bet

6= OOO, we expect that ΣΣΣ
bet

will dominate Var (ȳyyP ) for increasing time-series lengths nt.
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As such, we expect that analyzing relationships between sample means will lead to accurate in-

ference on true between-person effects for increasing time-series lengths nt and pending on the

strength of the between-person variance in the data generating mechanism. If there is no between-

person variance, relationships between person-wise sample means will reflect within-person rela-

tionships regardless of the sample size (np) or length of time-series (nt). Note that the number of

subjects np does not impact this bias. However, we can note that larger sample sizes np do reduce

the standard errors on the estimated relationships between sample means. This means that we can

expect that increasing the sample size np but retaining a low number of repeated measures per per-

son nt might lead to an increase in Type 1 errors in estimated between-person relationships. The

accuracy of the estimates of person-wise means can only be improved by increasing the time-series

length per person. These expectations are also visible in Figure 1, which shows that the bias is worse

when the between-person variance is lower, the time-series length is shorter and the within-person

relationship is stronger.

5. DISCUSSION

We showed that when analyzing a longitudinal dataset consisting of multiple people measured on

multiple time points, the commonly usedmethod of using the person-wise samplemeans as proxies

for true person-wise means in order to uncover between person effects can be biased by within-

person effects. This has implications for the interpretation of models for the statistical relationships

between person-wise means, and for methods that make use of person person-wise sample means,

such as the popular R packagemlVAR for multilevel graphical vector auto-regressive (VAR) models.

Themain implication of these results is thatwhen analyzing statistical relationships between person-

wise means by directly modeling them or as part of the multilevel VAR model inmlVAR, these rela-

tionships cannot be interpreted as pure between-person effects. Instead, the correlation will be a

function of both the population-between person effect and within-person correlations, and which

contributes to which degree is unknown when analyzing empirical data. We found that the bias will

decrease as a function of the time-series lengths and the proportion of between-person variance,

but also that situations are conceivable where the bias is considerably large in reasonable between-

person variances and time-series lengths. Our results are related to those of Hamaker (2023) who

showed that correlations between cross-sections of multiple time series (i.e., a single time point of

each measure of each subject, instead of the within-person sample analyzed here) is also a function

of both within-person and between-person effects.

Oneway in which this bias can be avoided is by jointly estimating themodel parameters correspond-

ing to within-person and between-person effects in a single step. For the multilevel VAR model, this

can be done in two accessible software suites: the R package psychonetrics (Epskamp, 2020) and the

Dynamic Structural Equation Modeling (DSEM) module in MPlus version 8 and higher (Asparouhov
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et al., 2018; McNeish & Hamaker, 2020). Both methods, however, also have practical downsides. The

implementation of the model in psychonetrics only allows for estimating random means (no ran-

dom network structures) and is only suitable for panel data in which the number of time points is

relatively low (e.g., 3-10) and the number of variables is moderate (up to about 20-30 variables). The

DSEMmodel in MPlus, on the other hand, is not freely available and that currently it is computation-

ally feasible only for 5-6 variables. MPlus also does not allow the direct modeling of partial correlation

structures. An important avenue for future work would therefore be to provide a free implementa-

tion of DSEM that scales to larger number of variables. Another possibility could be to still estimate

themultilevel VARmodel in two steps such as in themlVAR package, but to iterate between the two

steps until convergence. Studying such an approach could be promising, however, it will also have

to deal with the considerable computational cost involved in estimating many multilevel models.
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A. APPENDIX

A.1 The mlVAR algorithm: two-step multilevel graphical vector autoregression

A popular method in which we expect this effect to occur is the two-step multilevel graphical vec-

tor auto-regression algorithm implemented in the mlVAR package for R (Epskamp et al., 2018). We

will term this model the mlVAR-model and the corresponding estimation algorithm the mlVAR-

algorithm for the remainder of this paper. ThemlVAR-algorithm aims to estimate parameters corre-

sponding to a multilevel lag-1 graphical vector auto-regressive model:

yyyt,p = µµµp +BBBp (yyyt−1,p −µµµp) + ζζζt,p.

Here, the BBBp matrix is a person-specific matrix of temporal coefficients, which is typically used to

draw a temporal network structure. The variance–covariance structure of the innovation term ζζζ can

be modeled as a Gaussian graphical model (GGM; Lauritzen, 1996)—a model of partial correlation

coefficients (Epskamp et al., 2017):

Var (ζζζT,p) = ΣΣΣ(ζ)
p =∆∆∆(ζ)

p

(
III −ΩΩΩ(ζ)

p

)−1

∆∆∆(ζ)
p ,

in whichΩΩΩp contains partial correlation coefficients—typically visualized as a person-specific contem-

poraneous network—and∆∆∆p is a diagonal scaling matrix. When taking the person subscript as ran-

dom, as needed for the sampling distribution of the person-specific sample mean, we can replace

these matrices with their fixed-effects counterparts (Epskamp, 2020):

Var (ζζζ†,P ) = ΣΣΣ
(ζ)
∗ =∆∆∆

(ζ)
∗

(
III −ΩΩΩ

(ζ)
∗

)−1

∆∆∆
(ζ)
∗ , (4)

in which the † symbol stands for ‘any time-point’ and the asterisk subscript ∗ denotes the fixed-effect

(average over people). The person-specific mean can also be modeled as a GGM:

ΣΣΣ
bet

= Var (µµµP ) = ΣΣΣ(µ) =∆∆∆(µ)
(
III −ΩΩΩ(µ)

)−1

∆∆∆(µ). (5)

Epskamp (2020) show that the implied within-person fixed-effect variance–covariance matrices of

this model take the following forms:

vec

(
ΣΣΣlag−0

within

)
= (III ⊗ III −BBB∗ ⊗BBB∗)vec

(
ΣΣΣ

(ζ)
∗

)
(6)

ΣΣΣlag−k

within
= BBB∗ΣΣΣ

lag−(k−1)

within
if k 6= 0

Estimating thismodel directly throughmultivariate optimization, however, quickly growsprohibitively

intractable for increasing values of nt and nv .
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Epskamp et al. (2018) propose to estimate the parameters of the mlVAR-model through a series of

univariate multilevel regressions, by combining the work of Bringmann et al. (2013) on estimating

multilevel temporal networks with the work of Hamaker and Grasman (2015) on separating within-

and between-person effects. The mlVAR-algorithm comprises of two steps, each consisting of nv

multilevel models to be estimated:

• Step 1: Temporal and between-person effects are estimated by using each variable once as de-

pendent variable, predicted by all within-person centered lagged variables (for the temporal

effects) and person-wise sample means of each other variable (for the between-person effects).

• Step 2: The estimated residuals from the Step 1models are used in a new sequence of univariate

multilevel models in which each residual is once treated as dependent variable predicted by the

remaining residuals.

Clearly, the Step 1 models heavily rely on person-wise sample means to within-person center the

lagged predictors as well as to estimate the between-person effects. We therefore expect the bias

we demonstrate above to occur in themlVAR-algorithm. Below, we study in simulations the extent

of this bias.
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