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Chapter 5

A multivariate model for

emotion dynamics

Abstract

In emotion dynamic research one distinguishes various elementary emotion dynamic fea-

tures, which are studied using intensive longitudinal data. Typically, each emotion dy-

namic feature is quantified separately, which hampers the study of relationships between

various features. Further, the length of the observed time series in emotion research is

limited, and often suffers from a high percentage of missing values. In this chapter we pro-

pose a vector autoregressive Bayesian dynamic model, that is useful for emotion dynamic

research. The model encompasses six elementary properties of emotions, and can be

applied with relatively short time series, including missing data. The individual elemen-

tary properties covered are: within person and innovation variability, inertia, granularity,

cross-lag correlation and the intensity. The model can be applied to both univariate and

multivariate time series, allowing to model the relationships between emotions. Further,

it may model multiple individuals jointly. One may include external variables and non-

Gaussian observed data. We illustrate the usefulness of the model with an empirical

example of three emotions of three individuals (47 to 70 measurements), with missing

time points within the series.

This chapter is submitted as: Krone, T., Albers, C. J., & Timmerman, M. E. A

multivariate model for emotion dynamics.
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72 Chapter 5

5.1 Introduction

Emotions are an important part of our daily lives. The importance of emotions

for our health and well-being is recognized more and more (Tugade, Fredrickson,

& Feldman Barrett, 2004; Grühn, Lumley, Diehl, & Labouvie-Vief, 2013; Lewis,

Haviland-Jones, & Feldman Barret, 2008, Ch. 29). Unlike, perhaps, personality

and values, emotions fluctuate across time, changing both within and between

days under the influence of external events and internal evaluations. As such,

a central function of emotions is to alert us to important events and changes,

and to motivate us to deal with them (Larsen, 2000; Frijda, 2007; Scherer, 2009;

Kuppens & Verduyn, 2015). Understanding the dynamics of emotions is there-

fore important, not in the least because it provides a window on how emotions

may become dysregulated, which is considered a central feature of several mental

disorders (Houben, Van Den Noortgate, & Kuppens, 2015; Wichers, Wigman, &

Myin-Germeys, 2015).

To study emotion dynamics, intensive longitudinal data are used, sampled suf-

ficiently frequently to characterize the dynamics of interest (Hamaker et al., 2015).

Technological advantages facilitate the collection of such data, both in an experi-

mental setting in a lab, as well as in daily life. In lab studies, for instance, video

mediated recall and physiological recording can provide information on the dy-

namics of emotional episodes. In daily life, the widespread availability of mobile

devices, first palmtops and now smartphones, enables researchers to collect mul-

tiple measurements per day in so-called ecological momentary assessment (EMA,

also known as experience sampling) studies (Larson & Csikszentmihalyi, 1983;

Shiffman et al., 2008; Bolger & Laurenceau, 2013; Bos et al., 2015).

When intensive longitudinal data is gathered with a structure as complex as

found in emotion data, the choice of a proper analysis is of paramount importance.

This choice is far from straightforward, given the diversity of techniques available

(Hamaker et al., 2015). The analysis typically focuses on identifying particular

elementary features of emotion dynamics, with the aim to reveal distinct infor-

mation on affective functioning and regulation (Kuppens & Verduyn, 2015). For

instance, one may be interested in the level of variability emotions display within

an individual, or in how different emotions covary across time. However, choos-

ing a proper analysis is hampered by the fact that these elementary features can

often be quantified in different ways. Further, the quantifications of these elemen-

tary features are typically considered separately. This implies that relationships

between these features are kept hidden.

To provide a good picture of emotion dynamics, we propose to use a single

model of which most parameters have a clear interpretation in terms of a number of

key features that are considered central to emotion dynamics. To this end, we pro-

pose to use Bayesian dynamic modelling (West & Harrison, 1997). The Bayesian
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Dynamic Model (BDM) we propose offers a representation of multivariate time

series, and may be modeled for multiple individuals simultaneously. Furthermore,

the BDM as proposed in this chapter can be conveniently interpreted in terms

of six important emotion dynamic features. This offers insight into the dynam-

ics of single emotions, as well as the dynamics between multiple emotions within

an individual. Finally, the model can offer insight into interindividual differences

in emotion dynamics. Using a Bayesian estimation method offers flexibility with

regard to the distributions used in specifying the model.

5.1.1 Emotion Dynamic Features

The patterns and regularities of an individual’s expression of emotions across time

can be captured by various elementary properties. We denote these elementary

properties as emotion dynamic features (EDFs). There is a vast range of EDFs

discussed in the literature (Houben et al., 2015; Kuppens & Verduyn, 2015; Grühn

et al., 2013; Carstensen, Pasupathi, Mayr, & Nesselroade, 2000; Brose et al., 2015).

The taxonomy as discussed by Kuppens and Verduyn (2015) organizes these EDFs

into four categories: emotional variability, emotional inertia, emotional cross-lag,

and emotional granularity. If we complement these four with emotional intensity,

we provide a fairly complete picture of an individual’s expression of emotions across

time. Our aim is to propose a way to succinctly capture the EDFs from the five

categories in one single model. In the following section, we discuss each category

and how it is captured in our model.

Emotional variability Emotional variability reflects to what extent the inten-

sity of an emotion as experienced by an individual, varies across time. Emotional

variability has been found to increase with increasing stress levels (Scott et al.,

2014) and decrease with increasing age (Carstensen et al., 2000; Scott et al., 2014;

Brose et al., 2015). High emotional variability has been linked with lower emotional

well-being (Houben et al., 2015) and higher prevalence and severity of mood dis-

orders (Kuppens & Verduyn, 2015). To quantify emotional variability, the within

person variance or standard deviation is typically used (Carstensen et al., 2000;

Röcke, Li, & Smith, 2009; Grühn et al., 2013; Scott et al., 2014; Kuppens &

Verduyn, 2015).

The within person variance can be seen as a global summary of the degree

of emotional variability. This variability can be decomposed into various model

elements (Jahng, Wood, & Trull, 2008). Herewith, it is useful to distinguish the

predictable part from the random part. The predictable part can be interpreted

in terms of the emotional inertia and cross-lag, as will be discussed in the next

paragraphs. The random part covers the instantaneous change, and consists of the

innovation variance and the white noise variance.
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The innovation variance and the white noise variance express the sizes of the

instantaneous changes at each measurement point. The key difference between the

two is that the innovation variance captures the part of the change that is carried

through to the next measurement point, while the white noise variance captures

the part of the change that is not carried through to the next measurement point.

As the global summary measure of within person variability we will use the

within person variance. Though our model includes both the innovation vari-

ance and white noise variance, we will only interpret the innovation variance, as

a measure of innovation variability. We leave aside the white noise variance in

our interpretation, because change due to white noise is typically attributed to

measurement error.

Emotional inertia Emotional inertia refers to the tendency of an emotion to

retain its status quo, reflecting the resistance to change (Cook et al., 1995; Suls

et al., 1998; Kuppens, Allen, & Sheeber, 2010). High inertia has been linked

to impaired emotion regulation (Kuppens, Allen, & Sheeber, 2010; Suls et al.,

1998; Koval et al., 2015; Gross, 2015), inflexibility in adapting emotions (Kashdan

& Rottenberg, 2010) and rumination (Koval, Kuppens, Allen, & Sheeber, 2012).

Emotional inertia is generally quantified as the autoregression between successive

measurements of an emotion. Confusingly, this has been incidentally denoted

as the autocorrelation (e.g., Kuppens, Allen, and Sheeber (2010), Kuppens and

Verduyn (2015)).

Emotional cross-lag Emotions can be regulated through feedback-loops: the

increase of one emotion may infer an increase or decrease in another emotion

(Gross, 2015; Kuppens & Verduyn, 2015). Although few studies have yet been

conducted on emotional cross-lag, it is an important part of emotion regulation

(Gross, 2015; Kuppens & Verduyn, 2015). For example, it has been found to be

increased in major depression patients in terms of higher levels of overall emo-

tion network density (Pe et al., 2015). Emotional cross-lag is quantified via the

cross-lag regression; the lagged regression between two emotions (Pe & Kuppens,

2012). Analogously to the term auto-regression, it is sometimes mistakenly called

the cross-lag correlation (e.g., Kuppens and Verduyn (2015)). When the cross-lag

regression is positive, this is called augmentation: the experience of one emotion in-

creases the strength of another emotion on a later time point. A negative cross-lag

regression is called blunting: the experience of one emotion decreases the strength

of another emotion on a later time point.

Emotional granularity Emotional granularity is the ability of differentiating

between different emotions and identifying emotions with specificity and precision.

This is also known as emotional differentiation or emotional covariation (Feldman,
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1995; Barrett, Gross, Christensen, & Benvenuto, 2001; Barrett & Gross, 2001;

Kuppens & Verduyn, 2015). Higher emotional granularity is linked to increased

emotion regulation (Barrett et al., 2001) and different, more effective coping mech-

anisms (Tugade et al., 2004). Furthermore, higher emotional granularity is associ-

ated with lower levels of neuroticism (Carstensen et al., 2000), and lower incidence

of social anxiety disorder (Kashdan & Farmer, 2014) and depression (Erbas et al.,

2014).

Emotional granularity has been quantified in different ways. For example, the

differentiation index equals the number of components found by a principal com-

ponent analysis (PCA) on the covariances between emotions of a single individual

(Grühn et al., 2013; Brose et al., 2015). Related to this is the concept of the

unshared variance: the percentage of variance unexplained by the first compo-

nent of such a PCA (Grühn et al., 2013). In practice, the choice between the

differentiation index and the unshared variance is a pragmatic one. For a large

number of emotions, the differentiation index appears to be more informative, and

for a small number of emotions, the unshared variance. For these measures, higher

scores indicate a higher granularity.

Other quantifications can be calculated directly from the observed data: the

covariance between two emotions within a person (Grühn et al., 2013; Erbas et al.,

2014), the correlation between two emotions (Barrett et al., 2001), and the intr-

aclass correlation (ICC) between all emotions (Tugade et al., 2004; Erbas et al.,

2014). A higher covariance, correlation and ICC indicate a lower level of differen-

tiation between emotions, and thus a lower granularity. The correlation has the

advantage of being standardized, allowing for a direct comparison between pairs

of emotions both within and between individuals. However, a low within person

variance reduces the size of the absolute correlation, which renders interpretation

difficult. This issue is not encountered when using the covariance (Scott et al.,

2014). As all named quantifications measure the covariation between emotions,

we do not need to include them all. In our model, the granularity will be quanti-

fied via both the covariance and correlation.

Emotional intensity The EDFs discussed thus far capture the dynamics of

emotions over time. In addition, how strong an emotion is felt on average may

also differ, both between emotions within an individual, and between individuals,

and can provide important information on people’s emotional lives. Emotional

intensity for positive emotions is positively related to emotion regulation, (Barrett

et al., 2001), as well as with extraversion, agreeableness and conscientiousness,

but negatively related with neuroticism (Carstensen et al., 2000). The intensity for

negative emotions is higher for individuals with social anxiety disorder (Kashdan &

Farmer, 2014) as well as for individuals with depression, high scores on neuroticism,

and low scores on self-esteem (Erbas et al., 2014). To assess emotional intensity



76 Chapter 5

across time, we take into account the average intensity (Carstensen et al., 2000;

Barrett et al., 2001), quantified as the mean score over time (Kashdan & Farmer,

2014; Erbas et al., 2014).

This chapter Each of these features provides unique information on how emo-

tions (co)vary, carry over from one moment to the next, or mutually influence

each other, and together they provide insight into many crucial aspects of emo-

tional functioning and flexibility. As such, we propose a BDM that captures within

person variability, innovation variability, inertia, cross-lag, granularity, and aver-

age intensity for multiple emotions and individuals in a single model. First, we

will introduce the model and its possibilities. Then, we will present an empirical

application of the model. We will conclude with a discussion on the model, its

advantages and disadvantages, and recommendations for future research.

5.2 Model

To combine the aforementioned concepts for multiple variables and multiple sub-

jects in one model, we will use a Bayesian interpretation of a State Space Model,

called the Bayesian Dynamic Model (BDM) (West & Harrison, 1997). We will use

the BDM to estimate an vector AR(1) model, which can be rewritten into a State

Space Model (Harvey, 1990; Durbin & Koopman, 2012).

The BDM has two equations: the observation equation and the system equa-

tion. For univariate data, the inclusion of so-called white noise in the observation

equation improves estimation of the autoregression (Schuurman et al., 2015). Fol-

lowing this, we include white noise in our multivariate BDM as well. Furthermore,

we assume equidistant time points in our model. For adaptions that may be

incorporated in this model to allow continuous time series with non-equidistant

time points, we refer to Kuppens, Oravecz, and Tuerlinckx (2010) and Oravecz,

Tuerlinckx, and Vandekerckhove (2011).

We model Yi,t,n, the score on emotion i (i = 1, 2, ..., I), at time point t (t =

1, 2, ..., Tn), for individual n (n = 1, 2, ..., N). The first equation, the observation

equation, links the observed score Yi,t,n to the latent variable θi,t,n. The observa-

tion equation for the score vector Yt,n = [Y1,t,n, Y2,t,n, ...., YI,t,n]′ is as follows:

Yt,n = µn + θt,n + εt,n, εt,n ∼ N(0,Hn) (5.1)

where µn(I × 1) denotes the mean vector of the I emotions, θt,n (I × 1) the latent

variable vector, εt,n (I × 1) the white noise vector and Hn the covariance matrix

of εt,n. As εi,t,n is assumed to be independent across emotions, Hn is a I × I
diagonal matrix with σ2

εi,n as diagonal elements.

The system equation models the autoregression and cross-lag regression and
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Figure 5.1: Schematic representation of the model as expressed in Equations 6.4
and 6.2 for a single individual n (subscripts left out for clarity reasons) and i = 1, 2
emotions.

the innovation over time of the latent variable θt,n:

θt,n = Φn × θt−1,n + ηt,n, ηt,n ∼ N(0,Qn), (5.2)

where Φn (I× I) is the autoregression and cross-lag regression matrix, ηt,n (I×1)

is the innovation vector andQn (I×I) the covariance matrix of the innovation. All

error terms, ηt,n and εt,n, are assumed to be mutually independent. A graphical

representation of the model can be seen in Figure 6.1.

We remark that Σn (I × I) is the model implied variance-covariance matrix of

the observed scores for individual n, which is computed through

vec(Σn) = (I −Φ′n ⊗Φ′n)−1vec(Qn +Hn), (5.3)

where vec(Σn) is the vectorized version of Σn and ⊗ denotes the Kronecker prod-

uct. This is an adaptation of the Lyapunov equation used for the traditional VAR

model with only one error term, as discussed in Hamilton (1994, p. 265).

Note that all model parameters are assumed to be equal over time. This implies

that it is assumed that the emotion dynamics are constant across the time span

measured. In case this assumption would be too rigid, alternative models are

available. For example, in regime switching or threshold models, the autoregression

may change as the state changes (Hamaker & Grasman, 2012; Haan-Rietdijk et al.,

2014).
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Concept Quantification Parameter

Within person variability Variance of Yi,n Σii,n

Innovation variability Innovation of Yi,n Qii,n

Inertia Autoregression Φii,n

Emotional cross-lag Cross-lag regression Φij,n

Granularity Covariance of Yi,n Σij,n

Correlation of Yij,n Cor(Yij,n)

Intensity Mean estimated score µi,n

Table 5.1: Quantification of emotion dynamics features for emotion i, in relation
to emotion j where applicable, in the notation of Equations 6.4, 6.2 and 5.3.

With this statistical model, the link can be made between emotion theory and

application. We link each of the discussed EDFs to a parameter, as summarized

in Table 5.1. The within person variability for individual n and emotion i is

expressed via Σii,n and the innovation variability via Qii,n. The autoregression for

individual n and emotion i is Φii,n, and the cross-lag regression is Φij,n for i 6= j.

The covariance and correlation, used for the granularity, is obtained via Σij,n for

i 6= j. The intensity for individual n on emotion i is the mean µi,n. Hence, the

model enables the simultaneous study of all discussed emotion dynamics. In the

next paragraphs, we will discuss the extended possibilities of this model, and the

identification in and application to empirical data.

5.2.1 Multiple individuals

As shown, the model can be defined without any difficulty for multivariate data

collected among multiple subjects. When modeling the data of multiple individ-

uals, two possible approaches exist. First, the individuals may be assumed to be

drawn at random from a certain population. As such, the parameters of the in-

dividuals are assumed to be drawn randomly from the population distribution of

the parameter concerned. These assumptions may be expressed in the model via a

level 2 model, for example by assuming, as is standard in multilevel modeling, that

each Φij,n is drawn from a normal distribution: Φij,n ∼ N(Φij , σΦij ) (Lodewyckx

et al., 2011).

Second, there may be no assumption made with regard to the sampling of

the individuals. To reflect this, the parameters of the individuals are estimated

freely. This implicitly defines the level 2 model, as the joint distribution of the

individually estimated parameters for all individuals is hereby defined. Due to the

free parameter estimation, these model estimates would be the same as when the

time series of each individual were modeled separately. In the current chapter, we
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follow this latter strategy, and hence make no assumption as to the sampling of

the individuals.

When the dynamics of a large number of individuals are studied, it may be

of interest to consider the relation between different individual parameters. For

instance, one may consider the strength of the relationship between the inertia and

the intensity of an emotion.

5.2.2 Non-normally distributed data

The BDM model can be extended to non-normal distributions in two ways. First,

when the observations are assumed to be non-Gaussian realizations of an underly-

ing Gaussian process, a link function can be used to transform the latent Gaussian

scores into estimated observed non-Gaussian scores. Examples are a probit-link

for ordinal data (Chaubert, Mortier, & Saint André, 2008), or the log-link for

count data (assuming a Poisson distribution) (Terui et al., 2010). However, this

adds more complexity to the model, requiring a larger sample size to estimate the

model parameters with reasonable precision. Second, when the underlying process

is assumed to be non-Gaussian, the distributions used in the model, for example

the white noise and innovation distributions, can be adjusted accordingly (Durbin

& Koopman, 2012; West & Harrison, 1997).

5.2.3 Missing data

A link function can be used to accommodate for missing data. The link function

links the observed Yi,t,n to a latent Y ∗i,t,n. When Yi,t,n and Y ∗i,t,n are assumed to be

equally distributed, an identity-link function is used, indicating that Yi,t,n = Y ∗i,t,n.

Using the link function enables to deal with missing data, since the latent variable

Y ∗i,t,n is not linked to the observed variable Yi,t,n at time points with missing data.

However, the uncertainty increases with more missing data points in a row, since

the estimation cannot be checked against the observed data anymore.

5.2.4 External variables

Empirical research often probe how features of emotions are related to, or a func-

tion of, other variables, such as experimental manipulation or individual differ-

ences. Due to the flexible nature of the model, external variables can be included

in two ways. First, the external variable can be included as an active covariate.

This can be done as a direct effect, for example letting Yi,t,n being dependent on

µn, θt,n and a covariate, and as a moderator effect, for example letting elements

of Φn be dependent on the level of a covariate. Second, inactive covariates can

be implemented post-hoc, by examining the relation between any model param-

eter and an external variable after the model estimation. This can be done, for
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instance, by using partial correlations or linear regression, thereby accounting for

confounding variables.

5.2.5 Model convergence

Estimating the model to empirical data may yield convergence problems. In gen-

eral, these problems may be due to the identifiability of the model and/or a lack

of data. The VAR-BDM expressed in Equations 6.4 and 6.2, is identified. There-

fore, when estimation issues arise with this model, this is due to a lack of data.

The problem exacerbates when a large number of emotions are included and/or

missing data occur. What the minimum requirements are to estimate the model

parameters from an empirical data set, is unclear at the moment.

To check the convergence, two methods may be used: assessment of the po-

tential scale reduction factor, R̂, and visual inspection of the trace plots. The R̂

shows the ratio of how much the estimation may change when the number of iter-

ations is doubled, with an (ideal) value of 1 indicating that no change is expected

(Gelman & Rubin, 1992; Stan Development Team, 2014). The trace plots show

the Bayesian Markov Chain Monte Carlo (MCMC) estimates for each parameter

at each iteration. If a parameter reaches convergence, the estimates over itera-

tions are highly similar across chains. As a result, the trace plot will look like

a fat caterpillar where all chains completely overlap, except at the fringe of the

caterpillar (as shown in Figure 5.3).

5.2.6 Prior specification

In Bayesian modelling, prior distributions, quantifying the a priori degree of belief

in parameter values, have to be specified. In empirical situations where there is

relevant context information (such as some results of a pilot study), this informa-

tion can be incorporated by specifying informative priors. Alternatively, one can

aim for weak-informative priors, to reduce the influence of the choice of priors on

the estimates.

5.2.7 Model estimation

The model is estimated using Bayesian MCMC. For the MCMC estimates we

use Hamiltonian Monte Carlo (HMC), a generalization of the Metropolis-Hastings

algorithm (Metropolis et al., 1953; Hastings, 1970) that allows for an efficient

estimation of the parameters (Gelman, Carlin, et al., 2013). This is incorporated

in the software RStan (Stan Development Team, 2014; R Core Team, 2015).

The R-code and Stan-code for the model can be found in Appendices A and

B, respectively.
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Figure 5.2: Observed time series for the three individuals.

5.3 Empirical example

In this chapter, we re-analyse data described in Brans, Koval, Verduyn, Lim, and

Kuppens (2013) and Erbas et al. (2014). As part of a larger study, the emotions

of 50 individuals were observed using experience sampling. The data gathering

process consisted of three parts. In a first lab session the participants signed an

informed consent form and were handed out a palmtop which they would use to

record their emotions, along with instructions for its use. Second, during seven

days, participants carried the palmtops and recorded their emotions using the

Experience Sampling Program (ESP) (Barrett & Barrett, 2000). The waking

hours of the individuals on each day were divided into ten intervals. During each

interval, at a random time point, the ESP would ask them to rate their emotions

in terms of how angry, depressed and stressed, for example, they felt at that

moment. Each emotion was rated on a 6-point Likert scale, ranging from 0 to

5, with higher values indicating a stronger feeling of that emotion. Finally, in a

second lab session, the participants returned the palmtops and were each given

AU$ 40,- for their participation.

Data preparation From the 50 individuals, we selected three. These three indi-

viduals had observed scores that were distributed over the entire, or almost entire,

6-point Likert scale for the negative affect emotions considered, angry, depressed

and stressed. Furthermore, they had at least seven consecutive measurement days

with nine measurements sampled per day. However, the scores were not all com-

pleted by the participants: they had 36%, 37% and 8% missing data, resulting in

50, 47 and 70 time points, respectively. In Figure 5.2 the different observed scores

for the individuals are depicted. As can be seen, the first individual shows missing

data all through the sample, where the second individual shows large patches of
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Bayes factor Strength

In favor of H0 In favor of H1 of evidence

< 1/100 > 100 Decisive evidence
1/100− 1/30 30− 100 Very strong evidence
1/30− 1/10 10− 30 Strong evidence
1/10− 1/3 3− 10 Substantial evidence
1/3− 1 1− 3 Anecdotal evidence
1 1 No evidence

Table 5.2: Strength of evidence in favor of H0 or H1 for difference values of the
Bayes factor

complete and missing data. The third individual shows little missing data.

Prior specification For the elements of Φn we use a symmetrized reference prior

(Berger & Yang, 1994). The scale parameter ofHn was given a half-Cauchy(0, 2.5)

prior, and the correlation matrix of Hn was given a Lewandowski-Kurowicka-Joe

(LKJ) correlation prior (Lewandowski, Kurowicka, & Joe, 2009). We set Qn to

a diagonal matrix, to simplify the model slightly and make the estimation easier,

with an λ(3, 3) prior for each element Qii,n. For µi,n we used a normal prior with

mean 0 and variance 4.

5.4 Results

We start by presenting results concerning the convergence of the parameter esti-

mates. Then, we present the posterior parameter estimates related to the emotion

dynamic features in the same order as presented in the introduction, i.e., the pa-

rameters related to the within person variability, innovation variability, inertia,

cross-lag, granularity and intensity.

For several EDFs, correlations are calculated or estimated. Each correlation is

accompanied by a Bayes factor (BF), calculated and interpreted along the lines of

Wetzels and Wagenmakers (2012). In all cases, BF< 1 is relative evidence for H0:

‘the correlation is zero’, and BF> 1 is relative evidence for H1: ‘the correlation

is non-zero’. In Table 5.2 the interpretation of the BF as given by Wetzels and

Wagenmakers (2012) is provided. The BF is highly dependent on sample size, with

stronger evidence for the same correlation when the sample is larger. As such, the

difference in BF for similar correlations of different individuals can, largely, be

explained by the difference in sample size: the individuals have a total of 50, 47

and 70 observed time points, respectively. In this chapter we only use the BF

to assess the relative evidence for H0 and H1, and not to assess the evidence for

inter-individual differences.
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Figure 5.3: Trace plot of Q11,1 as estimated in the empirical data, using six chains
and 10.000 iterations (5.000 warm-up).

5.4.1 Convergence

In our analysis, we used four MCMC-chains of 30.000 iterations each. Further,

we modeled each individual separately, due to time constraints. Modeling all

individuals in one analysis takes more time per iteration and more iterations to

reach convergence. The model we used for this data set, as shown in Equations 6.4

and 6.2, estimates each individual seperately, as such separating the individuals

does not influence the results. To check whether convergence was reached, we used

the R̂ and the trace plots. All elements of the model parameters (Φn, Qn and µn)

reached convergence for all individuals and emotions, with an R̂ below 1.02 for all

estimated model parameters. One of the trace plots, representable for all relevant

trace plots, is given in Figure 5.3 which, as can be seen, gives the expected fat

caterpillar.

5.4.2 Emotional variability

Emotional variability is quantified using the EDFs within person variability and

innovation variability. The individual values of the within person variability, quan-

tified as Σii,n, for each emotion is shown in Figure 5.4, panel A (continuous lines).

As can be seen, Individual 2 shows a higher within person variability than the

other two subjects, on all three emotions. For Individual 1 the within person vari-

ability of depressed is highest, followed by the within person variability of angry.

For Individuals 2 and 3 the within person variability of stressed is highest, followed

by the within person variability of depressed.

The innovation variability, quantified as the estimated Qii,n, is also shown in

Figure 5.4, panel A (dashed lines) along with its 95% credible interval (CrI). For

angry, the within person variability and innovation variability are nearly identical

for Individual 3. The relations between the individuals and between the emotions

within individuals are similar to the relations found for within person variabil-

ity. As with the within person variability, the innovation variability is higher for

Individual 2 than for the other two individuals. This suggests that individual dif-

ferences in emotion dynamics may at least to some extent be timescale-invariant,

i.e., individuals with a high variability over the whole time period, as indicated
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Figure 5.4: Individual scores for (A) within person variability (continuous line)
and innovation variability (dashed line), and (B) inertia with the 95% credibility
interval for the innovation variability and inertia.

by the within person variability, may also show high variability between two time

points, as indicated by the innovation variability. This has been found elsewhere

as well (Kuppens, Oravecz, & Tuerlinckx, 2010).

5.4.3 Emotional inertia

The inertia is expressed through the autoregression. As can be seen in Panel B

of Figure 5.4, the autoregression shows differences, both in size and in pattern

over emotions, across the individuals. However, for all emotions the 95% CrI

show overlap. The autoregression for angry is small for all three individuals, as

shown by the BFs in the top part of Table 6.2. For depressed and stressed, the

differences between the individuals are larger. For depressed, Individual 1 shows

a high positive autoregression and Individual 3 shows a medium negative autore-

gression. For Individual 2, there seems to be no or only a small autoregression

for depressed. The autoregression of stressed is positive for all three individuals,

with a medium autoregression for Individual 2, but a very high autoregression for

Individual 3. Taken together, these results provide evidence that emotions are

strongly self-related over time, be it positive or negative. This is reflected in the

literature. Indeed, most previous research has found that emotional states tend

to be mildly or strongly predictive over time in daily life (e.g., Suls et al., 1998;

Kuppens, Allen, & Sheeber, 2010; Koval et al., 2012).

5.4.4 Emotional cross-lag

The impact of one emotion on another is measured through the cross-lag regres-

sions. The cross-lag regressions and their 95% CrI are shown in Figure 5.5 and the

lower part of Table 6.2. Individual shows 1 small values for all cross-lag regressions,
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Individual 1 Individual 2 Individual 3

Estimated autoregressions

A -0.07 (0.12) -0.25 (0.47) 0.10 (0.13)
D 0.60 (3332.48) 0.03 (0.12) -0.40 (34.88)
S 0.12 (0.16) 0.41 (6.04) 0.90 (2.86× 1023)

Estimated cross-lag regressions

At−1 on Dt -0.13 (0.16) -0.48 (41.43) 0.44 (108.87)
At−1 on St -0.16 (0.20) -0.37 (2.93) 0.40 (32.68)
Dt−1 on At 0.40 (7.55) 0.01 (0.11) -0.13 (0.16)
Dt−1 on St 0.05 (0.12) 0.41 (6.72) -0.68 (1.33× 108)
St−1 on At 0.32 (1.40) 0.33 (1.44) 0.18 (0.29)
St−1 on Dt 0.07 (0.13) 0.43 (10.07) 0.70 (7.75× 108)

Table 5.3: Autoregressions and cross-lag regression for the three individuals on
angry (A), depressed (D) and stressed (S), with the accompanying Bayes factors
in parentheses.

except for Dt−1 on At and St−1 on At, which show medium sized augmenting ef-

fects of depressed and stressed on angry. Individuals 2 shows a negative cross-lag

regression effect of medium size for At−1 on both Dt and St, indicating that an-

gry has a blunting effect on both depressed and stressed. For Individual 3, angry

augments both depressed and stressed, with a medium sized, positive cross-lag re-

gression effect. The effect of depressed on angry is small for both Individual 2 and

3, but positive and medium sized for Individual 1. For Individual 2, depressed has

an medium sized augmenting effect on stressed, while for Individual 3 depressed

has a high negative cross-lag effect on stressed, indicating a blunting effect. For

both Individuals 1 and 2, stressed has an augmenting cross-lag effect on angry.

Finally, stressed augments depressed for both Individual 2 and 3, with a medium

effect for Individual 2 and a high effect for Individual 3. The substantial individual

differences that are found in the extent to which different emotions augment or

blunt each other across time, are consistent with previous research (Pe & Kuppens,

2012).

5.4.5 Emotional granularity

The granularity is used to express the covariation between emotions and quantified

via the covariance and the bivariate correlation between the different couples of

emotions per individual. Here, higher values indicate a lower granularity. As can

be seen in Panel B of Figure 5.5, all correlations (and thus covariances) between

the paired emotions are positive, for all three individuals. This strongly resonates

with previous research showing generally positive relations between like-valenced

emotional states across time within individuals (e.g., Vansteelandt, Van Mechelen,
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Figure 5.5: Individual scores for (A) cross-lag regressions with the estimated 95%
credible interval and (B) granularity in covariance (continuous line) and correlation
(dashed lines).

& Nezlek, 2005; Brose et al., 2015; Carstensen et al., 2000)

The relation between angry and stressed (A&S) and angry and depressed

(A&D) is similar for all three individuals, apart from scale differences acquired

through the variance. While Individual 2 shows similar correlations in size between

all three emotions, Individuals 1 and 3 show clear differences in the correlations

for A&D and A&S on the one hand, and D&S on the other hand. As such, the

findings show individual differences in the level of emotion differentiation or granu-

larity, thought to be indicative of differences in emotion regulation and functioning

(e.g., Barrett et al., 2001; Erbas et al., 2014).

5.4.6 Cross-lag regression and variability

The relation between the autoregression and variance has been discussed and quan-

tified before (Box & Jenkins, 1976). The autoregressions and cross-lag regressions

increase the overall variance, Σii,n, but not the variance of the innovation, Qii,n.

As a result, emotions with large autoregressions and cross-lag regressions show a

larger difference between the innovation variability and the within person variabil-

ity. A clear example of this is visible for the emotion stressed of Individual 2 and

3. Both individuals show a large difference between the within person variability

and the innovation variability (see Figure 5.4), and have high autoregressions for

stressed, and large cross-lag regressions for both depressed and angry at t− 1 on

stressed at t (see Table 6.2). This identifies a clear advantage of the proposed

modeling approach. When calculating autoregression and variability separately,

the intrinsic relation between both may obfuscate relations with third variables

(for a more detailed discussion see Koval, Pe, Meers, and Kuppens (2013)). Here,

the innovation variability is not confounded with the autoregression, allowing to
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Figure 5.6: Estimated mean score per individual per emotion with bars to indicate
the 95% credible interval.

study relations between these two EDFs and third variables in a more balanced

way.

5.4.7 Emotional Intensity

The intensity, quantified as µi,n, is shown in Figure 5.6. As can be seen, Individ-

ual 1 clearly shows a higher intensity than Individuals 2 and 3, accompanied by a

higher variability. The intensity estimated for Individuals 2 and 3 is similar in pat-

tern, with an overlap in credible intervals for depressed and virtually no difference

in intensity for stressed. Where Individuals 2 and 3 show a higher intensity for

emotions with a higher variability and higher autoregression, Individual 1 shows

the opposite relation. As found in earlier studies, a higher average intensity over

all emotions seems related to a lower average correlation over all emotion couples

(Carstensen et al., 2000; Kashdan & Farmer, 2014; Erbas et al., 2014).

5.5 Discussion

In this chapter we proposed to use a BDM to analyze intensive longitudinal data

to capture the patterns and regularities of an individual’s expression of emotions

across time. To accommodate for missing data, a link function was introduced,

linking the observed to the latent variable only when the data is indeed observed.

With this VAR-BDM we analyzed a data set consisting of three emotions for three

individuals.

The study of emotion dynamics and the relation between EDFs is an important

topic in psychological research. Most earlier studies regarding emotion dynamics

have computed summary statistics for several EDFs (e.g., Carstensen et al., 2000;

Barrett et al., 2001; Erbas et al., 2014; Scott et al., 2014). A complete model that

encompasses all EDFs capturing the essential dynamics of multivariate, multisub-

ject data and that can be applied to EMA data with its inevitable limitations,

was lacking so far. Models that do capture multiple EDFs at once, often require
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rather large sample sizes of at least 100 time points without missing values (e.g.,

Hamaker & Grasman, 2012; Haan-Rietdijk et al., 2014). Another option, which

does deal with the small sample size, is the use of a multilevel model. However,

these generally require a large number of individuals measured, and are based on

distributional assumptions on the individual parameters (e.g., Kuppens, Allen, &

Sheeber, 2010; Lodewyckx et al., 2011; Bringmann et al., 2013). The multilevel

VAR model of Schuurman, Ferrer, de Boer-Sonnenschein, and Hamaker (2016)

lacked an essential element, namely the white noise. Further, they did not link the

model elements to the EDFs as we did.

The results found in our empirical study largely concur with the results in pre-

vious literature. Our sample of three individuals is too small to infer the relations

between EDFs among individuals, as done in earlier studies (e.g., Carstensen et

al., 2000; Grühn et al., 2013; Kashdan & Farmer, 2014). One point where our

results disagree with the literature, is the direction of the autoregression found,

which is generally positive in other studies (Kuppens, Allen, & Sheeber, 2010; Suls

et al., 1998). However, the current sample size is clearly too small to draw any

conclusions without further replication on a larger scale. Clearly, this finding calls

for further investigation.

With our model, we strive at aiding in the research on emotion dynamics,

allowing for testing the proposed theories on empirical data. The theories on

emotion dynamics are growing in number, but also in complexity (Gross, 2015;

Kuppens & Verduyn, 2015). Due to the expansiveness of our model, it is possible

to identify relations between emotions within individuals and between individuals,

but also among EDFs, such as the relation between inertia and variability, or

between EDFs and external variables, such as the relation between the average

inertia and the level of clinical depression. Note that to quantify such relationships,

a data set with a large number of individuals is needed. This allows for a more

direct way to validating theories stating relations between EDFs.

Further advantages of the model lies in its flexibility. The model, as shown in

Equations 6.4 and 6.2, can be used with non-Gaussian data through the implemen-

tation of the link function or through adjustment of the distributions used. The

link function also allows for data with missing values, without the need to adapt

the model. Furthermore, the model can be used to implement external variables,

both as active and inactive covariates. The final advantage lies in the wide range

of data for which the model is applicable: one individual for which one emotion is

measured, is enough for estimation. However, more individuals and emotions can

be added.

Although the expansiveness of the proposed model is an advantage, it also

introduces issues with estimation, and possibly with identification. While the

proposed VAR-BDM (Equations 6.4 and 6.2) can be estimated with relatively little

data points, the estimated credible intervals, and thus the uncertainty, is large for
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data sets with short time series. The estimation of the cross-lag regression carries

another issue. In empirical data it may occur that the cross-lag regressions of

the different variables are substantial. This introduces multicollinearity, which

complicates estimation.

Further studies should focus on the estimation properties of the model. The

conditions under which the model reaches convergence while estimating, are un-

known, as are the conditions needed to estimate the parameters with reasonable

precision. Factors which may be of influence on the estimation and convergence

of the model are the number of time points, the number of emotions, the values

in Φn and the number and pattern of missing data in the data set. These same

factors may influence the precision with which the parameters may be estimated.
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