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Abstract

In psychology and the social sciences, researchers often model count outcome variables
accounting for latent covariates and their interaction effects. Even though neglecting
measurement error in such count regression models (e.g., Poisson or negative binomial
regression) can have unfavorable consequences like attenuation bias, such analyses are often
carried out in the generalized linear model (GLM) framework using fallible covariates such
as sum scores. An alternative are count regression models based on structural equation
modeling, which allows to specify latent covariates and, thereby, account for measurement
error. However, the issue of how and when to include interactions between latent covariates
or between latent and manifest covariates is rarely discussed for count regression models.
In this paper, we present a latent variable count regression modeling (LV-CRM) framework
allowing for latent covariates as well as interactions among both latent and manifest
covariates. We conducted three simulation studies, investigating the estimation accuracy of
the LV-CRM framework and comparing it to GLM-based count regression models.
Interestingly, we found that even in scenarios with high reliabilities, the regression
coefficiencts from a GLM-based model can be severely biased. In contrast, even for
moderate sample sizes the LV-CRM provided virtually unbiased regression coefficients.
Additionally, statistical inferences yielded mixed results for the GLM-based models (i.e.,
low coverage rates, but acceptable empirical detection rates), but were generally acceptable
using LV-CRM. We provide an applied example from clinical psychology illustrating how
the LV-CRM framwork can be used to model count regressions with latent interactions.

Keywords: latent interactions, count outcomes, Poisson regression
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Interactions Between Latent Variables in Count Regression Models
Introduction

In psychology and the social sciences, researchers often model and predict count
outcomes accounting for latent covariates and their possible interaction effects. For
example, Wilker et al. (2017) considered the regression of symptom severity (i.e., how often
did symptoms occur) of posttraumatic stress disorder and dissociation on an interaction
between traumatic load and mental defeat, two variables assessed using multiple items
from psychometric questionaires. Further examples involve the interactive effect between
psychological distress with gender on problematic drinking behavior (i.e., number of
alcoholic drinks Rodriguez et al., 2020) as well as the interactive effect of
callous-unemotional traits and gender on antisocial outcomes (e.g., number of arrests
McMahon et al., 2010).

Such analyses are often carried out in the generalized linear model (GLM;
McCullagh & Nelder, [1998) framework using fallible scores as covariates. Most prominent
options with count outcomes are Poisson or negative binomial regression (Hilbe, 2011)).
These are GLMs with a logarithmic link function and a Poisson or negative binomial
distributed random component, which take the discrete and non-negative nature of count
outcomes into account. The predictors are assumed to be manifest and fixed by design. An
advantage of this assumption is that interactions can be included as product terms of
observed variables. A downside is that this implies measurement error-free observed values,
which is often not plausible for psychological measurements such as test scores.

While it seems to be a wide-spread approach to neglect measurement error in such
analyses (Cheung et al., 2021; Cortina et al., [2021)), this procedure is well-known to have
unfavorable consequences in GLMs: First, measurement error typically attenuates the
estimated regression coefficients towards zero, but in settings with multiple fallible
predictors this bias can actually also lead to both over- and underestimation (Carroll et al.,

2006; Kiefer & Mayer, 2021a), making it difficult to identify relevant interaction effects.
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Second, the reliability of the product term of two variables depends on their respective
reliabilites and is typically lower than either of these (Bohrnstedt & Marwell, [1978;
Busemeyer & Jones, 1983). Thus, products of fallible predictors can contribute to bias in
parameter estimation. Consequently, there is a need for count regression models accounting
for latent variables and their (latent) interactions.

While there is quite some literature on latent interaction models with continuous
outcomes (e.g., Kelava et al., 2011; Klein & Moosbrugger, 2000) with possible extensions
for non-normally distributed latent variable indicators (e.g., Jin et al., 2020), latent
interactions are rarely discussed for regression models with count outcomes. One notable
exception is the negative binomial multigroup structural equation model (NB-MG-SEM)
framework, which was described by Kiefer and Mayer (2021ay, 2021b). The framework
comprises count regression models with latent continuous covariates and manifest
categorical covariates. Interactions between the two types of covariates are included via the
multigroup aspect of the framework. Recently, Rockwood (2021) proposed a generalized
structural equation model (G-SEM) and illustrated how it can be used for estimation of
count regression models with latent covariates. While the G-SEM framework is very
versatile, the formulation and implementation of Rockwood (2021)) does not allow for
interaction terms between the latent variables.

In this paper, we want to contribute to the literature on latent interaction models
for count outcomes in three ways: First, we present a general framework for latent variable
count regression models allowing for interactions. We will derive this framework as an
extension of the GLM framework by building on the G-SEM framework proposed by
Rockwood (2021)). Second, in three Monte Carlo simulation studies we compare the
estimation accuracy of the proposed approach to GLM-based count regression models.
Third, we provide an empirical example from clinical psychology to illustrate how the
latent variable count regression model can be used to model count regressions with latent

interactions in applied research.
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Generalized Linear Models for Count Outcomes

In the following, we derive the LV-CRM as an extension of the GLM, because many
applied researchers are familiar with the GLM notation as well as GLM-based count
regression models like Poisson or negative binomial regression. Thus, we start with
presenting the core elements of GLM-based Poisson regression model for count outcome
variables, explain how interactions can be included within this framework, and discuss the
impact of measurement error on the parameter estimation. In the next section, we extend
this framework for latent covariates and latent interactions.

GLMs have been proposed by Nelder and Wedderburn (1972) and it can be shown
that several well-known regression models, as for instance, the logistic regression model or
the general linear model, are special cases of the GLM (McCullagh & Nelder, |1998]). The
key idea is that all these regression models can be decomposed into three main
components: (a) a random component describing the conditional distribution of the
outcome variable, (b) a weighted linear combination of the predictor variables (i.e., the
linear predictor), and (c) a functional connection between the two, called the link function.
In principle, each component can be modified independently from the other two, which

results in a very flexible way to model regressive dependencies among manifest variables.
Poisson Regression Model

Generalized linear models for count outcomes are often referred to as the family of
Poisson regression models (e.g., Coxe et al., 2009). This is because the standard Poisson
regression model, while being parsimonious and comprehensible, is usually not the most
suitable in many applied scenarios. Thus, alternatives like the negative binomial regression

are also subsumed to the family of Poisson regressions.

Consider a vector of N i.i.d. sampled outcome variables y = (Y1, ...,Yy)’, where
the index ¢ = 1, ..., N indicates the individual observations, and for each individual the
observation of m fixed covariate values z; = (1, z1;, . . ., Zi) With index j =1,...,m, then,

according to McCullagh and Nelder (1998), the GLM-formulation of a standard Poisson
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regression model involves the following three main components: (a) the random component
is Poisson distributed, Y; ~ P(uy,), that is, we consider each observation Y; of our count

outcome to follow a Poisson distribution with expectation
E(Y) = py,

The Poisson distribution comes with the property of equidispersion, meaning that the
variance and the expectation of Y; are always the same. While equidispersion accounts for
heteroscedasticity to some extent, researchers often encounter overdispersed count
outcomes, that is, the variance of Y; exceeds its mean. In this case, an additional variance
component can be introduced to the model, leading to Poisson-mixture distributions such
as the negative binomial distribution (i.e., a Poisson-Gamma mixture; Hilbe, |2011)) or the
Poisson-lognormal (PLN) distribution (Bulmer, 1974).

(b) The linear predictor 7; is defined as a weighted linear combination of the
predictor variables z;, where the weights 8 = (5o, 51, ..., Om) are the regression

coefficients:

T =Bo+ DBz
j=1

=z

Below, we show how interactions between two or more predictors can be included within
this framework. It is important to note that the z; are treated as fixed constants. As a
consequence, they are treated as perfectly reliable measures of the predictors. However,
this is not plausible if fallible scores of latent constructs (e.g., test scores from an
intelligence test) are used as predictors and can lead to attenuation bias in the estimated
regression coefficients, which we will explain in more detail below.

(¢) For count outcomes, the mean of the outcome variable py, and the linear



LATENT VARIABLES INTERACTIONS IN COUNT REGRESSION MODELS 7

predictor m; are commonly connected via a logarithmic link function, that is,

log(py;) = i

& py, = exp(m;)

which naturally accounts for the lower bound of count outcomes at zero.

For an introduction to Poisson regression models including illustrative examples, see
Coxe et al. (2009). Estimation of a Poisson regression model can be done via iteratively
weighted least squares to find the maximum likelihood estimates and the corresponding
standard errors. For more details, see McCullagh and Nelder (1998) and Nelder and
Wedderburn (1972) Note that there are several extensions to the family of Poisson
regression models, for example, accounting for inflation of observed zeros in the outcome

(Lambert, [1992), or truncated Poisson distributions (Hilbe, 2011, Ch. 12).
Interactions in Poisson Regression Models

Whenever the effect of one predictor depends on the values of another, we can
model this using interaction terms. In the GLM framework, we product terms of the
observed variables can be added as a new variable to the linear predictor, e.g.,

23; = Z1; + Z9;. In a simple example with only two covariates and their interaction, the

equation for the linear predictor is:

i = Bo + Bz + Pazoi + B3 zsi
N

=Z1i'224

As in linear regressions, the substantive interpretation of the regression coefficients
changes due to the interaction term and it is often recommended to compute conditional
effects or simple slopes for an accessible substantive interpretation. That is, we compute
the linear predictor containing only the predictor z; conditional on certain values of the

other predictor zy. If, for instance, zo is a binary trauma variable (e.g., 2o = 1: trauma
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experienced vs. zo = 0 not experienced) and z; is age, we can compute the conditional

regression of the count outcome on age given values of the trauma variable:

i = Bo + Bizui for zo =0

mi = (Bo + B2) + (1 + Bs) - 214 for zo =1

The first equation represents the relationship between the outcome Y and the predictor age
if a trauma was not experienced (2o = 0), and the second equation if a trauma was
experienced, respectively.

For continuous variables, it is common to choose a reasonable set of values from
their distribution to compute the simple slopes. For example, in Figure [9 of our empirical
example, we compute the simple slope of dissociative symptoms on mental defeat at the
mean of trauma load as well as one and two standard deviations above and below the
mean. It is possible to obtain standard errors for the parameters of the simple slopes by
using the Delta method (Raykov & Marcoulides, 2004). Note, however, that if the simple
slopes are computed at values estimated from the sample (e.g., sample mean), their

sampling variance has also to be taken into account for reliable inferences (Liu et al., 2017)).
Measurement Error in the Covariates

As we stated before, the GLM framework assumes fixed predictors, which (a) are
perfectly reliable and (b) do not vary from one sample to another. In psychological
research, this is often not a realistic assumption, especially if predictors are randomly
sampled, fallible measures of unobservable constructs (e.g., motivation, intelligence). If
measurement error in predictors is ignored, the regression coefficients get attenuated
towards zero. This phenomenon known as attenuation bias (Carroll et al., 2006) is
illustrated in Figure [I. While the left panel shows a Poisson regression based on the true
values of a covariate n, the right panel shows the attenuation of the regression line as an

effect of measurement error € added to the covariate. While attenuation bias is usually
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Figure 1

Left panel: Poisson regression (black line) of Y on the true scores of a predictor variable i (black dots).

Right panel: Poisson regression (black line) of Y on fallible scores of the predictor variable (i.e., n plus a
measurement error €; black dots). Dashed regression lines reflect deviations from the Poisson regression

with true scores.

associated with attenuation towards zero, biases in all directions can be observed with
multiple fallible covariates (Carroll et al., 2006; Kiefer & Mayer, 2021a)).

Attenuation bias affects fallible predictors in general, but is likely to be exacerbated
when interaction terms from fallible predictors are involved. This is because the reliability
of the product term is usually lower than that of either of the interacting variables
(Busemeyer & Jones, 1983). Bohrnstedt and Marwell (1978) show that for two predictors
with reliability of .8, the reliability of the product term can drop below .6 (depending on
their scaling and correlation). Nevertheless, it still seems to be a wide-spread approach to
neglect measurement error in regression analyses containing interactions (Cheung et al.,

2021; Cortina et al., |2021)).
Latent Variable Count Regression Model

In this section, we propose the latent variable count regression modeling (LV-CRM)
framework for count regression models involving latent predictors, their interactions,
manifest predictors, and possible latent-manifest interactions. For didactic reasons we show

how the LV-CRM can be derived as an extension of the GLM and therefore also stick to
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Table 1
Overview and model comparison

GLM LV — CRM
Mean model: E(Y;) = uy, E(Y|n,) = uy,
Linear predictor: ™= z;8 = z;8+T1m, + n.lam; + n.Qs2;
Link function: py, = exp(m;) fy, = exp(m;)
Measurement model: w;, =v+An, +¢

the common notation of the three main parts of the GLM. Note that there are several ways
to arrive at this specific model, for example, from the broader modeling frameworks
implemented in Mplus (Muthén & Muthén, 1998-2017) or in the GLLAMM approach
(Skrondal & Rabe-Hesketh, 2004). The G-SEM framework (Rockwood, 2021) also overlaps
with the LV-CRM, but does not allow for interaction terms involving latent variables.

We will present two steps to extend a GLM to a LV-CRM: (a) adding a
measurement model as fourth model component and second, allowing latent variables, their
interactions, and interactions between latent and manifest predictors as part of the linear

predictor. Table [I] provides an overview and comparison of the GLM and the LV-CRM.
Measurement Model

In psychology and the social sciences, explicitly modeling measurement error and
latent variables using a common factor technique (Bollen, 1989) is a popular approach .
The key idea is that we have ¢ measurements w; = (Wy,,...,W,)" (e.g., items) intended to
measure (multiple) latent variables (e.g., intelligence) and common factors
1, = (Mis - .-, Mpi)" with p < ¢ are introduced to model the correlations among the

measurements:

w; =V +An, +¢€
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where v is a ¢ x 1 vector of intercepts; A is a ¢ X p matrix of factor loadings; and ¢; is a

q x 1 vector of measurement error variables. The observed indicators w; are represented by
a linear function of the latent variable plus measurement error. We assume that the
measurement error variables €; = (€1, ..., €,) as well as the latent variables n), are
multivariate normally distributed with €; ~ N(0,®) and n; ~ N'(u,, %,). Latent variables

and measurement errors are independent from each other.
Latent Predictors and Interactions

Now, we can add the latent variables defined in the measurement model, and their

possible interactions to the linear predictor component of the LV-CRM:

60+Zﬂ] Z]z+ Z'yk Nk +Z Z Vel Mk~ M + Zzwﬂc Lji * M

k=11=k+1 j=1k=1

GLM latent predictors latent interactions latent-manifest interactions

As denoted in the braces underneath the different sums, the first part is equivalent to the
linear predictor of the GLM. By adding the latent variables with regression coefficients =
to the predictor, we obtain a special case of the G-SEM framework (Rockwood, 2021). The
third part adds latent interactions with regression coefficients 7y, to the linear predictorf]
The fourth part allows for interactions between latent and observed predictors with
regression coefficients wj;. Of course, some of the regression coefficients can be zero leading

to more parsimonious models. The linear predictor in matrix notation is:

T = ziB +'n; + niTn, + Nz,

where v is a p x 1 vector of regression coefficients; I' is a p x p upper triagonal matrix of

regression coefficients; €2 is a p X m matrix of regression coefficients.

1 Tt is possible to allow for quadratic terms of the latent variables (e.g., n7) by changing the starting index
of the second sum from k + 1 to k.
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Figure 2

Path model depicting the four components of a LV-CRM. Example shows the Poisson regression of outcome

variable Y on the manifest predictors z; to z3, the latent predictors n; and 7, and their interaction term

m-nz.

Parameter Estimation and Standard Errors

In this section, we provide a brief overview of maximum likelihood estimation of the
proposed model. The overview is meant to give some intuition on the estimation technique
and why no additional measurement models (e.g., as in a product-indicator approach;
Kenny & Judd, [1984)) or distributional assumptions (e.g., as in the LMS approach; Klein &
Moosbrugger, |2000) are required. For a comprehensive illustration of the marginal
likelihood technique and possible implementations, see Rockwood (2021) or Skrondal and
Rabe-Hesketh (2004, Ch. 6). There exist alternative estimation methods for the LV-CRM,
for instance, using Bayesian structural equation models (Asparouhov & Muthén, 2021).

For didactic reasons, we will restrict ourselves to describing the maximum likelihood
estimation for the model depicted in Figure 2l This is actually the model used for

simulation study 2 and very similar to the empirical example. The casewise log-likelihood
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function for this model can be written as:

L8y, zi, w;) = /m /72 filzim,m2) - f(wiln, m2) - f(nr,m2) d(n1,m2)

where y;, z; = (214, 22i, 231), and w; = (Wy;, Wo;, W3;) are the individual values of the
observed variables. Since the values of the latent variables 7, and 7, are not observed, they
are integrated out.

There is no closed-form solution for the log-likelihood function and hence it has to

be approximated through numerical techniques:

M
Li(0)ys, zi, w;) ~ ij ) f(yi|zi77]>1kj)n;j) ) f(wi|7ﬁja 7753')
j=1

where M is the number of integration points, w; is an integration weight, and ny; and n3;
are the integration points, respectively. An advantage of this procedure is, that it provides
a fixed set of values for the latent variables for each person in each iteration. Similar to the
procedure in a GLM, we can use these latent variable values to compute product terms
within the linear predictor. This is why the latent interaction term is presented as part of
the linear predictor in Figure [2] but not as part of the measurement model. The product
term is only part of the linear predictor and the linear predictor is only part of the density
function of the outcome variable f(v;|zi, 715, 72;). Now, for each part sum of the
approximated casewise likelihood, we can simply compute the linear predictor m;(j) as a

function of the integration points:

Ti(J) = Bo+ Br - 21+ Ba - 2o + By - 23+ v My T2 Moy + iz M M,

These models can become computational demanding if the number of latent variables and,
thus, the integration points, rises and we will discuss some approaches to reduce the

computational burden. Standard errors can be derived using standard maximum likelihood
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theory, but this step is also computationally demanding as the second order derivatives of

the log-likelihood have to be numerically approximated, too.
Simulation Studies

We conducted three Monte Carlo simulation studies to examine the performance of
the LV-CRM framework under various empirical conditions and compared it to GLM-based
Poisson or negative binomial regressions. From a substantive point of view, it is most
interesting under which circumstances it is beneficial to go for the more complex LV-CRM
framework and when the generalized linear model framework will provide acceptable
results. The first simulation study focused on the extent of attenuation bias in a Poisson
regression model with two latent variables and their interaction. It examines the question
of how much bias one can expect given certain reliabilities of the sum scores, while still
being computational feasible to replicate by the interested reader. The second simulation
study focused on two questions, namely, (a) if and how much attenuation bias can spill
over to regression coefficients of perfectly reliable measures, and (b) how the statistical
inferences from the LV-CRM perform and how they compare to the GLM-based inferences.
As this simulation study includes standard error estimation for the LV-CRM, it is
computational more burdensome. The third simulation study focused on attenuation bias
in more complex scenarios, where we considered three latent variables and their two-fold
interactions. We examined attenuation bias for different combinations of interaction effects
as well as correlational patterns among the latent variables. Due to the required three
dimensional numerical integration, this simulation was computationally demanding, too.
The corresponding R code as well as the final results for all three simulation studies are
available from OSFZ

To our knowledge, there is no previous study examining under which conditions the
potential gains from a latent approach (e.g., reducing attenuation bias, increasing power)

outweigh the costs (e.g., additional distributional assumptions, potential bias and numerical

2 View-link for peer review: https://osf.io/q7knc/?view,nly = 363 f f4f45c0d4e6785a66b64 fc11a364
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instability for insufficient sample sizes). Thus, we aligned our simulation studies with the
aim to provide guidelines for substantive researchers which model to prefer under which
conditions. We examined the sample sizes required for an unbiased and reliable estimation,
possible complexities of the model by varying the number of covariates, the number of

interaction effects, interaction size, and the attenuation effect due to different reliabilities.
Simulation Study 1

The main focus of our first simulation study is to investigate the effect of different
magnitudes of reliability of the score variables on attenuation bias and how well the
LV-CRM can de-attenuate the estimated regression coefficients. We pursue this focus with
a small-scale simulation that can be reproduced by the interested reader within reasonable
time. In the simulation studies 2 and 3, we will investigate additional aspects of statistical
inferences and higher-dimensional numerical integration which are computationally more

demanding. Final results for all three simulation studies are included in the OSF repository.
Design
In this simulation study, we used a model with two latent variables, n; and 7, and

their interaction as predictors of the outcome variable Y in a Poisson regression model.

The linear predictor was:

Ti=00+Y -+ 02+ Y2 M N

where we are particularly interested in the estimation of the interaction parameter 5.
The latent variables were simulated as standard bivariate normally distributed with
a correlation of r = .3 and measured with three indicators each. We also computed sum
scores as fallible substitutes of the latent variables over the three indicators, respectively.
The sum scores were z-standardized for comparability with the latent variables. The
reliabilities of the sum scores were manipulated independently by altering the measurement

error variances of the indicators. We investigated the six reliability combinations for the
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sum scores of both latent varibales, considering the reliablities of 0.7, 0.8, and 0.9
respectively. Additional design factors where the sample size (N = 100, 200, 500, 1000)
and the size and direction of the interaction parameter (v = —0.3, 0, 0.3)

We estimated the model with both a LV-CRM (where the means of the latent
variables were fixed to 0 and the variances to 1) and a GLM (with z-standardized sum
scores) and investigated and compared the bias and efficiency of the estimated interaction

parameter 4,5 (or 3, in the GLM, respectively).
Results

Convergence. We ran the simulation with R = 1000 replications including
non-converged solutions first, in order to examine the convergence behavior of both
approaches. Both approaches yielded convergence rates of virtually 100% in this
simulation. Only in 6 out of 72 conditions, there was 1 out of 1000 replication where the
LV-CRM did not converge. These 6 conditions had a positive interaction effect in common,
but were unsystematic regarding the other design conditions (i.e., large and small sample
sizes, high and low reliabilities) Thus, convergence rate seemed not to be an issue for the
specified model in sample sizes from N = 100 upwards.

Bias. The following analyses are based on a second run of the simulation with
R = 1000 replications excluding non-converged solutions, that is, if one of both models did
not converge the replication was repeated until both models converged.

We investigated the bias of the estimated interaction coefficient 415 in the LV-CRM
and 34 the GLM, respectively. The results are presented (a) as bias for cases where the
true parameter v = 0 and (b) as relative bias for cases where the true parameter was
non-zero, i.e., 1o # 0. The results are illustrated in Figure [3] Both models yield very small
biases in conditions where the true parameter 7,5 was zero. For the GLM, the bias ranged
between —0.006 and 0.002. The largest negative bias of about —0.015 was found for the
LV-CRM in a condition with low reliabilites (both 0.7) and a small sample size of N = 100.

The upper bound of the bias for the LV-CRM was 0.000. Overall, the LV-CRM tended to
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Figure 3

Simulation study 1: (Relative) bias of estimated interaction coefficients in the LV-CRM (purple) and the
GLM (green). The upper panel shows bias for conditions with v12 = 0, the lower panel shows relative bias
for conditions with 15 # 0. Columns reflect the six combinations of reliabilities of the sum scores, rows
reflect the size and direction of the interaction effect, x-axis reflect sample size N.
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underestimate the true parameter more than the GLM approach. This is not surprising, as
measurement error is expected to attenuate the estimated regression coefficients of a GLM
towards zero and in conditions with a true coefficient of zero, the attenuation is 'favorable’
for the estimation of this zero.

The unfavorable effects of attenuation become clear, when looking at the relative
bias of the estimated interaction coefficient in scenarios where the true parameter is not
zero. The relative bias of the estimated interaction parameter in the GLM approach ranged
between —5.6% and —33.2%. That is, even in scenarios with highly reliable score variables
(both .9), we found at least 5 % underestimation. If at least one predictor had a reliability
of .8 or lower, the underestimation was about 10% or more. On the other hand, the
LV-CRM performed better and relative bias ranged between —4.9% and 8.2%.
Interestingly, overestimation of the interaction parameter occurred in scenarios with
positive interaction, highly reliable score variables, and small sample sizes. Overall, the
LV-CRM provided more accurate estimates (i.e., less bias) for the interaction parameter
than the GLM. For sample sizes of N = 200 or larger, the LV-CRM yielded relative bias
below +5% under all conditions.

Relative Efficiency. The results for the relative efficiency of the LV-CRM
compared to the GLM (i.e., ratio of the respective RMSE) are presented in Figure |4} In
conditions with a true interaction parameter of 7,5 = 0, the relative efficiency of the
LV-CRM approach compared to the GLM approach ranged between 1.048 and 1.270. That
is, the RMSE of the LV-CRM approach is about 4.8% to 27% higher than that of the
GLM. Again, that is not surprising given the ’favorable’ effect of the attenuation bias in
these conditions.

In conditions with a true interaction parameter of v5 # 0, the relative efficiency
ranges from 0.304 to 1.622. As can be seen in Figure [4] the LV-CRM typically more
efficient in scenarios with a negative interaction parameter, especially with larger sample

sizes. With a positive interaction parameter, the LV-CRM is typically more efficient if at
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Simulation study 1: Relative Efficiency of estimated interaction coefficient in the LV-CRM compared to
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GLM (i.e., RMSE of LV-CRM divided by the RMSE of the GLM). Columns reflect the six combinations of
reliabilities of the sum scores, rows reflect the size and direction of the interaction effect, x-axis reflect

sample size N.

least one predictor has a reliability of 0.7 or both reliabilites were .8 (with few expections

in sample sizes of N = 100). However, with increasing reliability of the fallible score

variable the LV-CRM was less efficient than the GLM.

Simulation Study 2

In the second simulation study, we extended the design of our first study in two

regards: First, we investigated whether attenuation bias can have a spill-over effect on

other regression coefficients, for instance, those of perfectly reliable predictors. Second, we

examined whether the bias reduction in the LV-CRM approach also comes with improved

statistical inferences, for example, an increase of power to detect interaction effects. Thus,

we computed 95 % confidence intervals (Cls) and the empirical detection rate for each

condition.



LATENT VARIABLES INTERACTIONS IN COUNT REGRESSION MODELS 20

Design

The simulation design followed our first simulation study with a few additions:
First, three additional manifest and perfectly reliable predictors were added to the
regression model. These predictors were generated as independent from each other and
from the latent variables. This was done to investigate potential spill-over effects of the

fallible score variables. The linear predictor was

i =00+ P12+ PBo-To+ P35 Tgi +y1-m A+ Y2 M2 Va2 M N2

Second, standard errors, confidence intervals, and the empirical detection rate for the
interaction parameter v were computed. Third, the random component was choosen as
negative binomial instead of a Poisson distribution. This is a more realistic scenario as it
incorporates additional variance in the outcome not explained for by the predictors (which
is usually the case in applied settings), but the estimation is slightly more demanding. It is
also closely related to our empirical example below, where we use a negative binomial

regression model.
Results

Spill-over effect. We used the Euclidean norm of the biases of the three regression
coefficients of the observed covariates (i.e., B(31), B(B2), B(s)) to get an overall

evaluation of possible spill-over effects, that is,

S(Bl; 32, 33) = \/3(31)2 + 3(32)2 + 3(33)2

The results are summarized in Figure [f] We also computed bias and relative efficiency of
the remaining coefficients (i.e., of the latent variables and the interaction term), but do not
illustrate the results here as they closely resemble our findings from the first simulation

study. The complete results can be found in the OSF repository.
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Simulation study 2: Spill-over effect S (Bl, Ba, 33) of estimated regression coefficients in the LV-CRM and in
the GLM. Columns reflect the six combinations of reliabilities of the sum scores, rows reflect the size and
direction of the interaction effect, x-axis reflect sample size N.

Overall, the results indicate no spill-over effect of the fallible score variables on the

estimated regression coefficients of the perflectly reliable covariates. The spill-over effect

S(Bl, o, 33) ranged from 0.0004 to 0.0149 for the GLM and from 0.0007 to 0.0149 for the

LV-CRM. The highest values were obtained in scenarios with mixed reliabilities (i.e., one

high, one low) on both fallible scores and rather low sample sizes. However, the

corresponding regression coefficients appeared virtually unbiased under all conditions.

Coverage and Empirical Detection Rate. We examined the coverage rate (i.e.,

the proportion of Cls including the true parameter value), and the empirical detection rate

(i.e., the proportion of Cls not including zero) for the 95 % confidence intervals (CI) of the
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interaction parameter 7o estimated with both approaches (i.e., 412 in the LV-CRM and Bﬁ
in the GLM). The results are summarized in Figures []

In scenarios, where the true interaction parameter was v;5 = 0, both the coverage
rate and the empirical detection rate (i.e., the Type I error rate in these scenarios) were
acceptable for both approaches. For the GLM, the actual coverage rate of the Cls ranged
between [0.918, 0.948] and the empirical detection rate between [0.052, 0.085], respectively.
For the LV-CRM, the actual coverage rate of the CIs ranged between [0.923, 0.957] and
the empirical detection rate between [0.043, 0.077], respectively.

In contrast, in scenarios where the true interaction effect was not zero (i.e., 12 # 0),
coverage and empirical detection rate yielded diverging results. For the GLM, the actual
coverage rate of the Cls ranged between [0.199, 0.951] and the empirical detection rate
(i.e., the power in these scenarios) between [0.127, 1.000], respectively. Notably the
coverage rate was more accurate for small interaction sizes (i.e., y12 = |0.1|), but barely
acceptable for larger interaction sizes (i.e., y12 = [0.3|). For the LV-CRM, the actual
coverage rate of the ClIs ranged between [0.904, 0.966] and the empirical detection rate
between [0.121, 1.000], respectively. Overall, the power was similar for both approaches.
On average, the power was 0.7% higher for the LV-CRM, where the differences in power
between the two approaches ranged from —3.9% (i.e., higher power in the GLM) to 8.2%
(i.e., higher power in the LV-CRM).

When it comes to statistical inferences, these findings indicate that attenuation bias
in the GLM is somewhat compensated for by an overconfident (i.e., too small) standard
error. As a result, hypothesis testing seemed to work reasonably well, but the confidence
intervals were too narrow and did often (i.e., up to 90.1%) not include the true parameter
value. In contrast, the LV-CRM yielded unbiased point estimates and accurately accounted
for multiple sources of uncertainty (e.g., measurement error, regression residual) resulting
in wider Cls (compared to the GLM). Thus, null hypothesis testing would be expected to

work with both approaches, but substantive interpretation of the CI is more reliable with
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Simulation study 2: Coverage rates (upper panel) and empirical detection rates (lower panel) of estimated
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interaction coefficient 412 in the LV-CRM and in the GLM. Columns reflect the six combinations of
reliabilities of the sum scores, rows reflect the size and direction of the interaction effect, x-axis reflect

sample size N.
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the LV-CRM.
Simulation Study 3

In the third simulation study, we focused on scenarios with three latent variables
and their two-fold interactions. Our goal was to investigate the extent of attenuation bias
in this complex settings given different combinations of reliability, correlations, and
interactional patterns among the latent variables. Similar to the first simulation study, we
restricted ourselves to consider bias and relative efficiency of the estimated interaction
parameters alone and did not investigate statistical inferences in order to keep the

simulation computationally feasible.
Design

The design of the simulation study is similar to the first simulation study, but with

three latent variables and their three two-fold interactions. The linear predictor was:

mi=Lo+Yi Mty me Y3 M3 Y2 N+ Y13 M N3+ Yoz M2 13

We manipulated the following three factors: First, reliability of the sum scores of
each latent variable could take the values 0.7 or 0.9, resulting in eight reliability
combinations. Second, we investigated four different correlational patterns among the
latent variables. These four patterns where (a) small negative correlations (r = —.3) among
all LVs, (b) small positive correlations (r = .3) among all LVs, (c¢) no correlations (r = 0)
among all LVs, and (d) mixed correlations (negative, positive, null) among the LVs. Third,
we investigated four different interactional patterns. These where (similar to the
correlations) (a) small negative interaction coefficients (v = —.3) for all LVs, (b) small
positive interaction coefficients (v = .3) for all LVs, (c¢) no interaction effect (7 = 0) for all
LVs, and (d) mixed interaction coefficients (negative, positive, null) for the LVs.

We did not investigate different sample sizes in this simulation, but choose a single

sample size of N = 500 throughout all conditions.
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Results

Bias. The results on attenuation bias are presented (a) as bias for scenarios where
all interaction coefficients were zero and (b) as relative bias for non-zero interaction
coefficients. An overview of the results is given in Figure [7]

In conditions where all three interaction coefficients were zero, the bias ranged
between —0.002 and 0.002 for the GLM and between —0.004 and 0.003 for the LV-CRM.
As in the first simulation study, this result is not surprising given the 'favorable’ effect of
attenuation bias in these conditions.

In conditions where interaction coefficients could differ from zero, we found an
common pattern of relative bias in most conditions, but with a notable exception (i.e., all
correlations and interactions positive) which we will discuss separately. The common
pattern shows a substantial relative bias for all three estimated interaction coefficients in
the GLM (between —0.451 and 0.016), but comparably low relative bias for the estimated
interaction coefficiens for the LV-CRM (between —0.112 and 0.020).

However, in conditions with positive correlations among the LVs and three positive
interaction effects, a rather unsystematic pattern of relative bias occured — as displayed in
Figure [7l Here, relative biases in both directions were observed, that is, between —0.225
and 0.261 for the GLM and between —0.169 and 0.190 for the LV-CRM. In order to
examine, if this pattern was caused by the medium sample size and possible estimation
issues, we re-run these conditions with a larger sample size of N = 2000. However, we
found the same pattern again. We are not sure, why the relative bias behaves so differently
under these conditions, but suspect an unfavorable combination of multicollinearity of the
latent variables and their interaction terms, measurement error, and rather steep
conditional effects (i.e., simple slopes) leading to highly dispersed outcome values.
However, it shows that attenuation bias can have rather unexpected effects in complex

scenarios involving multiple latent variables.



LATENT VARIABLES INTERACTIONS IN COUNT REGRESSION MODELS

Cor_12:-0.3 Cor_12:0 Cor_12:0 Cor_12:0.3
Cor_13:-0.3 Cor_13:-0.3 Cor_13:0 Cor_13:0.3
Cor_23:-0.3 Cor_23:0.3 Cor_23:0 Cor_23:0.3
0.002{ l l
HEE
%) 0_000.-,.kl.,|., ,'_,1, ‘JI'" i LL ,II,JI,-II‘ Ho p o L ,_II.‘_‘_.._- - o | e
< r a
8 T T 1 nye L I L Y
-0.002 4 o|lo|o
L s e s e S e s e e B e e .
~ o o~ o ~ o ~ o ~ o~ o N~ o ~ o ~ o o~ o ~ o ~ o ~ o~ o ~ o ~ o
c o c o c o c o c o c o c o c o S o S o c o S o S o S o <} o =} o
~ ~ o o ~ ~ o o ~ ~ o o ~ ~ o o ~ ~ o o ~ ~ o (=2} ~ ~ o o ~ ~ o o
S 6 6 8 © © o o S 6 o 8 © © o o S 6 6 S © © o o S 6 6 © © © o o
~ N ~ <~ o 9 o o N~ N ~ <~ o 9 o o N~ N < <~ @ 9 o o N N R < o o o o
S 86 8 8 © © o o S 86 8 8 © o o o S 86 8 8 © o o o S 8 8 © © o o o
Reliabilities
Cor_12:-0.3 Cor_12:0 Cor_12: 0 Cor_12:0.3
Cor_13:-0.3 Cor_13:-0.3 Cor_13:0 Cor_13:0.3
Cor_23:-0.3 Cor_23:0.3 Cor_23:0 Cor_23:0.3
0.25-
0.00"_"_'-'_-_ T T W =gy B B | R Bl | M= B B B | R Tl M= B B B | R § i §
™ Ld [ | LIOL L L 1 "1 I r’ | ] l L L L DLl S ) e (el g
Y e ... BB M WN W B .. L. ) ...0N..R..H- B E e e
1 I 1
o|lo|o
-0.25-
0.25-
3 ==
o i e . iy UL Y | M
NE
.02’ . AN JURN FURRR FURRN JORN N A u W '.’:'.
5 o=
@ -0.25
0.25-
000 e = W R R e B W W b i - e F-ata antiw® atwte w=wlz 5|5
i L O L L ALL AR R LL LY | L] [ L] o] Dag
.E.-BE--BF-- B3 BB EBE-EER-RQRLT M OB WAL b IO I R [N R LA R B TN e
ofofo
w|lw|w
-0.25-
~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o ~ o
S o 6 o © o & o S o 6 o 6 o & o S o 6 o 6 © oS o S o 6 o 8 © S o
T T T S S B T T T S S B T T T S T B [T T T T T T B
o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o o
T T S T B T T S T S B T S S T B B T T S B B B
o o o o o o o o o o o o o o o O_ O o o o o o o o o o o o o o o o
Reliabilities
Vodel GLM_12 o2z [ werm_is
ode
GLM_13 werm_2 [ wverm 23

26

Figure 7

Simulation study 3: (Relative) bias of estimated interaction coefficients in the LV-CRM (yellow, blue,

magenta) and the GLM (green, purple, orange). The upper panel shows bias for conditions where all
interaction coefficients were zero, the lower panel shows relative bias for the remaining conditions. In
conditions with mixed coefficients, (relative) bias for 712 = 0 is not shown. Columns reflect the

correlational patterns among the LVs, rows reflect the size and direction of the interaction effects, x-axis

reflects different combinations of reliabilities of the sum scores.
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Simulation study 3: Relative Efficiency of estimated interaction coefficients in the LV-CRM compared to
GLM (i.e., RMSE of LV-CRM divided by the RMSE of the GLM). Columns reflect the correlational
patterns among the LVs, rows reflect the size and direction of the interaction effects, x-axis reflects different
combinations of reliabilities of the sum scores.

Relative efficiency. The results for the relative efficiency of the estimated
interaction coefficients in the LV-CRM compared to the GLM were similar to our findings
from simulation studies 1 and 2 and are therefore not discussed in detail again. An overview

is given in Figure [§ and the complete results are available from the OSF repository.
Empirical Example

We use an empirical example from clinical psychology to illustrate how the
LV-CRM framework can be applied to model count regressions with latent interactions.

Wilker et al. (2017)) examined the effects of trauma load, mental defeat, and their
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interaction on symptom severity (i.e., incidence of symptoms) of Posttraumatic Stress

Disorder (PTSD) and dissociation in Ugandan rebel war survivors.
Theoretical Background

The experience of traumatic events, such as war, torture, sexual violence, accidents
or natural disasters can lead to the development of PTSD. The disorder is characterized by
intrusive re-experiencing of the traumatic events, avoidance of trauma reminders,
persistent alterations of mood and cognition and a state of elevated arousal (American
Psychiatric Association, 2013). In addition to these symptoms, survivors of multiple and
interpersonal trauma are at elevated risk to show dissociative symptoms, which include
feelings of derealization (e.g. feeling as if the own experience is not real), depersonalization
(e.g., feeling as if being outside the own body), dizziness, and an incapability to move
(Schauer & Elbert, 2010; Vermetten & Spiegel, 2014)).

Importantly, after a single or few traumatic events, the majority of individuals do
not develop trauma-associated psychopathology (Kessler et al., 2005). Whether an
individual will develop mental health symptoms after a traumatic event largely depends on
individual risk and resilience factors as well as on trauma-related predictors (Kessler et al.,
2021)). However, research from post conflict settings indicates that, with an increasing
number of different types of traumatic events (termed traumatic load) almost every
individual will develop mental health symptoms, and individual risk and resilience factors
only play a subordinate role (Neuner et al., [2004; Wilker et al., 2015).

Peritraumatic cognitive processes, referring to thoughts which occur at the time of
the trauma, have been identified to influence both the memory and the appraisal of the
traumatic event. Therefore, they represent risk factors for trauma-associated
psychopathology and important targets for trauma-focused interventions which aim at the
modification of trauma memories and associated negative cognitions. One important
peritraumatic cognitive process is termed mental defeat (Kleim et al., [2012]) and refers to a

loss of mental resistance and human dignity during the trauma (Dunmore et al., |1999,
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2001). The experience of mental defeat during a trauma is associated with the development
of permanent negative cognitions about the self (e.g. “I am weak” or “I am destroyed”)
and the world (e.g. “I can trust nobody”), which are known to be important symptoms of
PTSD. At the same time, they lead to increased avoidance of trauma-associated memories
and thereby lead to the maintenance and chronification of psychopathology (Dunmore

et al., 2001; Ehlers et al., [1998).

While there is a lot of evidence indicating that the peritraumatic cognitive process
of mental defeat is a central risk factor for PTSD in individuals from relatively peaceful,
industrialized countries, research from post-conflict settings on mental defeat was
completely lacking. Since the burden of PTSD is much higher in post conflict settings
compared to industrialized countries (Charlson et al., [2019)), research from this context is
urgently needed to better understand factors central to trauma-associated psychopathology
and its treatment in this context. Therefore, Wilker et al. (2017) conducted a study to
investigate whether mental load would be an important predictor of PTSD and dissociative
symptoms in a post-conflict population from Northern Uganda. In more detail, they
investigated the interplay of trauma load and mental defeat on PTSD risk, PTSD
symptoms and dissociative symptoms. Because previous research showed that individual
predictors become less important at higher levels of trauma load, potential trauma load x

mental defeat interaction effects were of particular interest to the study.

Method

The description of the methods is taken from Wilker et al. (2017, pp. 3-5). For the
complete methods, the reader is referred to the original article.

Sample. Data collection took place in villages of Nwoya district in Northern
Uganda. This area was severely affected by the war between the Lord’s Resistance Army
(LRA) rebel group and the Ugandan governmental forces, which lasted almost two decades.
The atrocities committed during this war included forced recruitment and abductions of

children and young adults, killings, mutilations, and sexual offenses. Data collection took
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place in 2013, eight years after the cease-fire agreement between the LRA and the
governmental troops in 2005. The final sample of N = 227 was 54% female, with a mean
age of 33.29 (SD = 10.56, range = 18—62).

Measures. Trauma exposure was assessed by means of a 62-item event list. This
event list comprised general traumatic experiences (e.g., natural disasters, accidents),
war-related traumatic events (e.g., being close to combat), as well as events specific for the
LRA conflict (e.g., being forced to kill somebody by the LRA). We calculated the number
of different traumatic event types experienced to assess the amount of trauma exposure
(traumatic load). As previously shown in the same sample, the retest reliability of this
variable was r = .82 (Wilker et al., |2015)) and, thus, was treated as a latent predictor using
a single indicator approach in our analysis.

The extent of mental defeat was assessed for the worst traumatic event using the
Mental Defeat Questionnaire (MDQ) in the form of an interview (Dunmore et al., 1999,
2001). The MDQ comprises 11 unipolar items (e.g., “I lost any will-power”, “I felt
destroyed as a person”) and requires responses on a 5-point Likert-type scale ranging from
not at all to very strong. The MDQ showed a good internal consistency in the present
sample (Cronbach’s v = .89) and was modeled as a latent predictor using a multiple
indicator approach in our analysis.

The main outcome of our analysis were dissociative symptoms assessed by means of
the Shutdown Dissociation Scale (Shut-D; Schalinski et al., [2015). The Shut-D includes 13
unipolar items (e.g., “Have you fainted?” “Have you felt like you were outside of your
body?” “Have you felt suddenly weak and warm?” “Have you felt nauseous? Have you felt
as though you were about to throw up? Have you felt yourself break out in a cold sweat?”)
investigating current bodily dissociative symptoms for the past 6 months. Participants
were requested to answer on a 4-point scale ranging from 0 (never) to 3 (several times a
week). Thus, the scale score acts as a proxy of the incidence of dissociative symptoms and

behaves similarly as a count variable, that is, the lower bound represents zero symptom
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occurences, the variable only takes non-negative integer values, and a certain amount of
heteroscedasticity is present. Thus, Wilker et al. (2017)) handled the outcome as a count
variable. The Shut-D showed a high internal reliability in the present study (Cronbach’s
a=.91).

Statistical Analysis

Wilker et al. (2017) compared models of varying complexity (i.e. with and without
including the covariates age, sex, and age at worst event and with and without considering
potential trauma load - mental defeat interaction effects). In this study, in order to
investigate the differences between the GLM and the LV-CRM, we calculated the full
model. Accordingly, our model included main effects of sex, age, and age at worst event.
Further, trauma load, mental defeat as well their interaction were included as predictors in

the regression models.
Negative Binomial Regression

As in the original study by Wilker et al. (2017), we estimated a negative binomial
regression. That is, the outcome variable Y; (i.e., the Shut-D score) is linked to the linear
predictor with a logarithmic link function and is assumed to follow a negative binomial
distribution.

The linear predictor in this model was

m; =0 + b1 - Sex; + P2 - Age; + f3 - (Age at Worst Event),

+ 8- TLS;  +B5- MDQ, +8-TLS; - MDQ,
——

Standardized Score Standardized Score
Trauma Load Mental Defeat

LV-CRM

In addition, we used the LV-CRM framework to carry out the same analysis, but
including a measurement model for the latent trauma load (nrr,;) and mental defeat

(mup.;) variables in order to account for measurement error:
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MDQM " A 0 €1
MDQ,,; 12 A2 O €2
MDQy,; V3 Az 0 €3
MDQ,; 12 YR €4
MDQs,; Vs As 0 €5
MDQg,; Vg Xe 0 TIMD:i €6
= + +

MDQ,; V7 Az 0 NTL:i €7
MDQg.; Vg A 0 €g
MDQy.; V9 Ao 0 €9
MDQy, V10 Ao 0 €10
MDQy 4, V11 A 0 €11

TLS; 20 0 Ao €12

Both scales were fixed to a mean of zero and a variance of one and, consequently, all
intercepts and loadings as well as the latent covariance were estimated freely.

Note that we modeled trauma load nrr,; using a fixed-reliability single indicator
approach as proposed by (Savalei, 2019) for two reasons: First, trauma load is not a
traditional psychometric variable, but the items reflect different traumatic event types.
The items are not meant to measure a common factor and are likely to be uncorrelated to
some extent (i.e., experiencing a natural disaster is not necessarily correlated to having an
accident). Thus, a multiple indicator approach would not have been appropriate. Second,
the retest reliability of 0.82 (Wilker et al., 2015) indicates that trauma load cannot be
assessed exactly, meaning there is some kind of measurement error involved. According to
our simulation studies, we would expect a substantial attenuation bias on the interaction
effect given this level of reliability and, thus, explicitly controlling for this measurement

seems warranted. In order to fix the reliability of trauma load to 0.82, we constrained its
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measurement error variance to:

1
Var(egp) = A, - ( — 1)

Relrrs

where Reltrg = 0.82
Then, the linear predictor for the LV-CRAM was

i =P + P1 - Sex; + B2 - Age; + B3 - (Age of Worst Event),

+Y NrLi Y2 NMDg Y12 TLi c 1IMD;i
—— ——
Latent Variable Latent Variable
Trauma Load Mental Defeat

where the standardized test scores for mental defeat and trauma load are replaced with the

corresponding latent variables.
Results

Table [2] shows the regression coefficients, their standard errors, and p-values of the
estimated GLM and the LV-CRM, respectively. As it can be seen, the standardized
coefficients of the relevant parameter trauma load, mental defeat, and their interaction are
larger if measurement errors are considered in the LV-CRM. These results of the real-data
example are in line with our simulation results on attenuation bias and illustrate that the
GLM is likely to underestimate the true parameter effects even if the reliability of the
latent variables is relatively high.

Most importantly, in the clinical psychology example, the interaction effect of
trauma load and mental defeat was not significant. Therefore, Wilker et al. (2017)
identified a main effect model as the most parsimonious model with the best data fit and
reported their results from this model. By contrast, the LV-CRM was able to identify a
significant trauma load x mental defeat interaction effect. This allowed for the calculation
of simple slopes, illustrated in Figure [9] The color indicates the extend of trauma load

(green to red); the latent variable n (MDQ) has a standardized scale, that is, mean of 0
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Table 2
GLM LV-CRM

Covariate Estimate SE D Estimate SE P
Intercept Bo 1.812 0.380 < 0.001 | 3, 1.811 0.407 < 0.001
Sex B —0.349 0231 0130 | B —0.321 0.241  0.182
Age By —0.023 0.017 0180 | B  —0.027 0.018  0.150
Age at Worst Event 33 0.010 0.020 0.613 Bg 0.015 0.021 0.467
MDQ By 0.675 0.131 < 0.001 | % 0.713 0.174 < 0.001
Trauma Load Bs 0.543 0.136 < 0.001 | 4 0.628 0.194  0.001
MDQ : Trauma Load | B —0.253 0.141  0.073 | 4.2 —0.379 0.192  0.049

and standard deviation of 1. If trauma load was below the average (green lines; 1 and 2 SD
below average, respectively), there was a strong positive association between mental defeat
and dissociative symptoms (dark green slope = 1.470, p < .001; light green slope = 1.091,
p < .001. The association was smaller at an average trauma load (yellow line), but
remained significant (slope = 0.713, p < .001). However, at higher levels of trauma load
(red lines; 1 and 2 SD above average, respectively), mental defeat was no longer a
significant predictor of dissociative symptoms (orange slope = 0.334, p = .075; red slope

= —0.045, p = .546).
Discussion of Empirical Example

Previous research showed that at higher levels of trauma load, the interindividual
variability in trauma-associated symptoms decreases and individual risk factors may only
play a subordinate role (Kolassa et al., 2010; Mollica et al., [1998; Neuner et al., [2004;
Wilker et al., |2015). This should be reflected by significant interactions between risk
factors, such as peritraumatic mental defeat, and trauma load on the outcome variable.
While this effect was only present at a trend level when employing classical negative
binomial regression models, the novel method introduced in this paper allowed us to
discover such interaction effects.

At the same time, the strong importance of both trauma load and mental defeat as

predictors of Shutdown dissociation were replicated by the novel analyses. Due to the
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Figure 9

Simple slopes for the relation between latent mental defeat (MDQ) and dissociative symptoms (SDQ) given
several values of trauma load (at 2 SD below mean in dark green; at 1 SD below mean in light green; at
mean in yellow; at 1 SD above mean in orange; at 2 SD above mean in red)

increased power, the effects were even stronger than reported in the original analyses.
Discussion

In psychology and the social sciences, interactions between latent predictors in
count regressons are often of interest. While it is well-known, that using fallible scores and
not accounting for measurement error generally leads to attenuation bias in the estimated
regression coefficients (Carroll et al., [2006]), the extent of these effects has not been
previously studied for count regression models. In this paper, we introduced the latent
variable count regression model (LV-CRM) framework. We examined its performance
regarding point estimation as well as statistical inferences using simulation studies and
illustrated its use in an empirical example from clinical psychology.

In our simulation studies, we could show that severe attenuation bias (i.e., relative

bias below —10%) for the interaction terms can occur even if the fallible score variables
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have considerably high reliabilites (i.e., both 0.9). For non-zero interaction effects, the
estimated interaction parameters from the GLM were attenuated up to —33%. Attenuation
bias this high was observed both in scenarios with two and three latent variables and their
respective interactions. In contrast, the LV-CRM yielded virtually unbiased under most
conditions and seemed to be a suitable alternative to de-attenuate the point estimates. In
our third simulation study, we found a notable exception from this rule: In scenarios with
three positively correlated latent variables and three positive interaction effects, the
relative bias fluctuated rather unsystematically for both the GLM and the LV-CRM with
larger biases for the newly proposed approach. For interaction effects of zero, however,
both approaches worked equally well, with a slight advantage for the GLM due to the
attenuation bias.

With regard to the relative efficiency of the point estimates, we found similar
results. That is, for scenarios with an interaction effect of zero the GLM was slightly more
efficient, as the attenuation bias has a 'favorable’ effect in this case. In scenarios with
non-zero interaction effect, however, the LV-CRM is often considerably more efficient than
the GLM, especially if reliabilities of 0.8 or below are involved.

Our second simulation study also investigated statistical inferences for the GLM
and the LV-CRM. Interestingly, we found that the empirical detection rate (i.e., Type I
error rates and power) were acceptable and on the same level for both approaches. In the
GLM, the biased point estimates are compensated by overconfident standard error
estimates, that is, even though the point estimates are systematically closer to zero, the
confidence intervals are too narrow and, therefore, do not necessarily include the zero too
often. In contrast, the coverage rates were often poor for the GLM, especially in scenarios
with larger interaction effects. That is, the confidence intervals were often too narrow to
include the true interaction parameter, leading to coverage rates up to 19.9%. The

LV-CRM, however, yielded accurate coverage rates under all conditions.
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Limitations and Extensions

A well-known limitation of the marginal maximum likelihood approach that we
chose for estimating the LV-CRM is the computational burden, that can quickly become
unfeasible if multiple latent variables are involved. However, there exist different
techniques to alleviate the computational burden (see Skrondal & Rabe-Hesketh, 2004, Ch.
6, for an accessible overview): First, numerically efficient techniques from the family of
Gauss-Hermite quadratures can be used for normally distributed latent variables. Here the
integration points and weights are derived through rule-based computations. Exponential
growth of the number of integration points can be drastically reduced with techniques like
adaptive Gauss-Hermite quadrature or Laplace approximation. An alternative can be the
use of sparse grids (Heiss & Winschel, [2008)), where integration are removed if their weight
falls below a certain cutoff, resulting in a considerably smaller grid. Second, Monte Carlo
integration offers an alternative for high-dimensional integration problems as well as in
situations with non-normal latent variables. Here the integration points and weights are
randomly drawn from the target distribution. In contrast to Gauss-Hermite techniques, the
number of integration points does not necessarily grow exponentially and the weights are
always equal to 1. Especially for non-normally distributed latent variables, this technique
can be facilitated with a Gauss-Hermite rule-based importance sampling approach (Elvira
et al., [2021)). Third, in some cases it is possible to reduce the dimension of numerical
integration below the number of latent variables. Rockwood (2021) illustrates this in an
example with five latent dimensions, where one dimension of integration suffices after a
re-parameterization of the model. While this reduction technique does not generalize
directly to a model with interaction terms, it can be useful in situations where only few of
the latent variables are actually involved in interactions.

While the LV-CRM is an extension of both the G-SEM framework (Rockwood,
2021) and the NB-MG-SEM framework (Kiefer & Mayer, [2021al [2021Db)), it is more

restrictive as these frameworks in some regards. The LV-CRM can in principle be extended
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to be a full generalization of the G-SEM framework, when also considering multiple
outcome variables, a structural model among the latent variables, and allowing manifest
covariates in the measurement model. An important advantage of such a generalization
would be the inclusion of multiple outcomes, allowing for zero-inflated count regression
models. The two main differences (besides the latent interactions) between the LV-CRM
and the NB-MG-SEM are: First, the NB-MG-SEM is based on a multigroup framework
which allows for more modeling flexibility when it comes to group-specific effects. For
example, it is possible to estimate group-specific overdispersion parameters or measurement
error variances. Thus, it offers an alternative to model heterogeneity in parameters.
Second, in the LV-CRM we distinguished between stochastic and fixed observed variables.
That is, manifest predictors in the LV-CRM are considered as fixed by design. The
NB-MG-SEM models all observed variables as being stochastic (i.e., randomly sampled).
While this distinction should have no effect on the estimation of the model parameters
(Kiefer & Mayer, 2019), the stochastic approach additionally estimates various moments
(i.e., expectation, variance, covariance) of the manifest predictors, which can be used for

further analyses.
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Data Availablity

The datasets generated during and/or analysed during the simulation studies of the
current study are available in the OSF repository,
https://ost.io/q7knc/?view,nly = 363 f f4f45c0d4e6785a66b64 fcl1la364

The dataset analysed for the empirical example of the current study are not
publicly available due to data privacy laws. Because of this limitation, analysis code is

illustrated with a synthetic dataset, which is also available from the OSF repository.


https://osf.io/q7knc/?view_only=363ff4f45c0d4e6785a66b64fc11a364
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