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Abstract
Many relationship theories assume some form of interdependence between relationship
partners. Partners are thought to continuously influence each other, and to be influenced by
each other over time. These influences are not expected to be constant, but dynamic
(sometimes partners influence each other more, and sometimes they do not influence each
other). To investigate such changes in interpersonal dynamics, we showcase the value of
using a change point detection approach, which can be used to monitor virtually any preferred
quantification of interpersonal dynamics across time. Concretely, we introduce the KCP-RS
method, which scans times series for changes in user-specified statistics, in interpersonal
emotion dynamic research. We used KCP-RS to investigate changes in 96 couples’ emotional
experiences during two 10-minute conversations, which were meant to elicit a negative and a
positive interaction context. Based on participants’ continuous reports of the valence of their
emotional experience, we looked for changes in three statistical measures, aiming to capture
emotional similarity between partners (i.e., does their valence fluctuate together). Specifically,
we investigated the occurrence, frequency and direction of change in partners’ linear
correlations, instantaneous derivative matching (IMD) and signal matching (SM). While
correlation changes were only observed in 2% of the couples, IDM changes were detected for
about one third of the couples (34%), and SM changes were detected in about half of them
(49%). Most couples demonstrated one change point, and the direction of the change differed
depending on the specific emotional similarity measure. In a first validation of this method,
we demonstrated how such change points can pinpoint to subtle, but meaningful dynamic
processes in couples. We end by discussing the added value of change point detection

analyses for relationship research and interpersonal research in general.
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Introducing Change Point Detection Analysis in Relationship Research: an Investigation

of Couple’s Emotion Dynamics

The unique dynamics between romantic partners shape the quality and course of their
intimate relationship. For instance, partners continuously elicit, respond to, and regulate
emotional experiences in each other, and these interpersonal emotion dynamics are thought to
be at the core of intimate relationships (Schoebi & Randall, 2015). They predict not only the
longevity of the relationship (Gottman, 2014), but also both partners’ physical (Sbarra &
Coan, 2018) and mental health (Hofmann, 2014).

Although posited in many theories and supported by research, studying such
interpersonal emotion dynamics is inherently challenging. One particular challenge is that
relationship partners shape each other’s emotional experiences in different ways, and different
emotion dynamics can thus be investigated (e.g., Schoebi & Randall, 2018). Even a specific
concept such as emotional similarity can be investigated in different ways across time. One
can look at (1) similarities in how partners’ emotional experiences fluctuate throughout time
(shape similarity), (2) similarities in the variance of these experiences (scatter similarity), or
(3) similarities in the average intensity of their experiences (although less dynamic; level
similarity) (Furr, 2010)}. Throughout an interaction, partners can be highly emotionally
similar in the sense that they simultaneously start feeling more positive or negative, and thus
show similar emotional changes (high shape similarity); while they can be highly dissimilar in
the sense that one partner is consistently feeling much more positive than the other one (low
level similarity).

A second challenge is that, rather than staying constant, partners’ interpersonal

emotion dynamics are expected to change over time themselves, to match different contexts

! These different aspects of similarity are especially applied and known in fields of relationship science, such as
personality similarity research (see e.g., Furler, Gomez, & Grob, 2013).
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or goals (Butler, 2017). These changes can be abrupt, implying non-linear processes. Coming
back to the example of emotional similarity, couples’ emotional experiences are more likely
to be similar to each other if partners are watching a movie together than when they are at
their separate workplaces.

To capture meaningful changes in interpersonal emotion dynamics, methods are
needed that identify change points in a wide variety of interpersonal dynamics, regardless of
how the specific dynamic was operationalized. Up till now, such methods were missing. To
fill this gap, this paper introduces a change point detection method that was recently
developed to study within-person changes in dynamics (Cabrieto et al., 2019). We advocate
that it can be a useful tool for studying interpersonal (emotion) dynamics as well. We
introduce its use by investigating change in three different aspects of emotional similarity
(i.e., shape, scatter, level) between partners. By allowing to capture how dynamics between
partners change over time, this change point detection approach can advance our micro-level
insight into relationship functioning.

Below, we first discuss the domain of interpersonal emotion dynamics more
elaborately, and the data that is needed to study changes in interpersonal dynamics. Next, we
review the statistical methods that are currently used to this end. We distinguish between
model-based and more descriptive approaches, and build the case for our change point
detection approach.

The investigation of interpersonal emotion dynamics

In its broadest sense, the term interpersonal emotion dynamics captures the myriad
forms of interconnection that arise between partners’ behavior and emotional experiences
across time (Sels et al., 2021). In a more strict sense, it captures the different connections that
arise between partners’ emotions (Randall & Schoebi, 2018). For instance, partners can elicit

frustration in each other when they feel hampered in their goals, but also sadness, when one
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feels sympathy for something that occurred to the partner (Keltner & Haidt, 1999). As another
example, partners can carry over stress to each other (Thompson & Bolger, 1999), they can
try to consciously regulate each other’s worries and negative emotions (Dixon-Gordon et al.,
2015), or they can calibrate their emotions during communal activities (Parkinson, 2020).

Depending on the emotion researcher’s interest, different dynamics can thus be
investigated, focusing on specific emotions and processes that all provide unigue information
about the couple’s functioning. This also includes specific temporal and statistical patterns.
As we mentioned above, the concept of emotional similarity can be captured by looking at
shape, scatter, or level similarity, which all imply different statistical measures (Furr, 2010).
As another example, partners’ emotions can start to fluctuate together during an interaction,
their emotions can start to predict each other, or their emotions can become coupled with each
other over time (Estrada et al., 2020). As a result, different statistical methods have been used
and proposed to capture interpersonal emotion dynamics, both linear and nonlinear (Estrada et
al., in press).

An additional complexity is that the influences that partners exert on each other’s
emotions are not expected to be constant, but dynamic (Butler, 2017). In some contexts,
partners would strongly influence each other’s emotions, resulting in strong interpersonal
emotion linkages, and in others, their emotions change independently (e.g., Butler & Randall,
2013). While intuitive, such changes in interpersonal emotion dynamics have mostly been
ignored in current literature, probably because statistical methods for capturing them were still
under development.

Interpersonal emotion dynamic research would thus benefit from flexible methods that
capture meaningful changes in different interpersonal emotion dynamics. Indeed, advancing
understanding on when and how emotions between persons become linked to each other, has

been called an important future step for this field (Randall & Schoebi, 2018).
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What kind of data do we need?

Investigating interpersonal dynamics requires intensive longitudinal data (Gable &
Reis, 2005). The psychological variables of interest, such as partners’ emotions, have to be
sampled at a high frequency in order to capture the couple’s changes in interpersonal
dynamics over time (e.g., Butler, 2017). For instance, standardized dyadic laboratory
interactions can be used, in which couples interact, and both partners afterwards report on
their emotional experiences throughout the interaction by video-mediated recall (Roberts et
al., 2007). Other measures capture real time emotional facial and vocal expressions, and
peripheral and central physiology (Calvo et al., 2015).

This sort of data allows us to detect changes in interpersonal dynamics, and if such
changes can be identified, additional information about the context or interaction is needed to
uncover its meanings. In other words, what happens when partners” emotions for example

start to become more or less similar?

How can we capture interpersonal dynamics?

Model-based approaches are a first family of statistical tools to capture interpersonal
dynamics. This family is diverse, with different statistical models implying strongly different
theoretical assumptions about how dynamics unfold (Gates & Liu, 2016). A distinction is
made between linear and nonlinear approaches. Linear approaches such as autoregressive
models, dynamic factor analysis and actor-partner independence models are extensions of
(multilevel) regression approaches, accounting for the dependencies between partners and
across time (i.e., scores adjacent in time likely correlate). For emotions, such statistical
models can for instance capture emotional similarity between partners by modelling the
concurrent covariation between these partners’ emotions over time.

There is also increasing attention for nonlinear models in relationship science, which

involve nonlinear patterns such as cyclical rhythms (Gable & Reis, 2005; Girme, 2020). In the
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case of interpersonal emotion dynamics, this for instance means that one assumes that
emotions tend to follow cyclical, oscillatory patterns, and that partners may exert influences
on each other’s emotional cycles (Butler & Barnard, 2019) or may be emotionally similar in
that they oscillate together. Such emotion dynamics can be captured by coupled oscillator
models (Butner et al., 2005) or coupled nonlinear difference equations (Gottman et al., 2002).

Most statistical models assume stationarity, implying that the dynamics remain
constant over time. As argued above, this assumption often unsustainable because
interpersonal emotion dynamics are expected to change over time. Increasing attention is
therefore paid to model extensions that allow the dynamics to change themselves, but that
again have their own theoretical and statistical assumptions (for within-person modeling
approaches capturing change in dynamics, see Ariens et al., 2020).

Next to model-based approaches, researchers use descriptive statistical measures to
capture relevant dynamics, that pertain to linear or nonlinear processes (e.g., Ferrer, 2016).
For instance, the extent to which partners’ emotions covary together or predict each other over
time, can be captured by (cross-concurrent or time-lagged) correlations (e.g., Sels et al, 2019).
Other descriptive statistical measures are more graphical, and rely on calculating how long
couples remain in or how often they return to a certain emotional state (e.g., Butler et al.,
2014). For instance, emotional similarity can be operationalized by correlations, mainly
capturing the extent to which partners’ emotions fluctuate together (shape similarity), or
difference measures, also capturing other aspects of similarity (scatter and/or level similarity).

Interestingly, one could use such descriptive approaches to discover if and which
interpersonal emotion dynamics change across time, to account for non-stationarity. In the
case of emotional similarity, it could thus be captured if and how partners’ become more or
less similar in how their emotional experiences fluctuate (changes in shape similarity), or in

whether average emotional experiences or emotion variances become more similar or diverge
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more throughout time (changes in level similarity or scatter similarity). Up to now, there were

no statistical methods to do this.

KCP-RS Change Point Detection Analysis

The KCP-RS change point detection method allows to identify abrupt changes in
descriptive statistical measures and thus interpersonal dynamics. Dependent on one’s theory
and interpersonal focus, different statistical measures can be chosen and implemented to
investigate longer-lasting changes in them. For instance, if one is interested in concurrent
linkages between partners’ emotions, correlations can be implemented (assessing linear
relationships), but distance correlations (assessing both linear and nonlinear relationships) can
be implemented as well (Sels et al., 2019). KCP-RS divides the intensive longitudinal data
into a few phases of adjacent time points. Within a phase, the statistic of interest remains
relatively constant, whereas the transition to a next phase indicates an increase or decrease in
this statistic. Change point detection methods thus provide the tools to verify empirically if
hypothesized changes (both linear and nonlinear) in interpersonal dynamics can be found. The
flexibility of KCP-RS regarding the statistic implemented is particularly relevant for domains
in relationship science such as the field of interpersonal emotion dynamics, where different

dynamics are of interest.

Present study

With this study, we aim to showcase the KCP-RS change point detection method as a
useful tool for investigating interpersonal dynamics in intimate relationships. We focus on
couples’ interpersonal emotion dynamics during standardized interaction tasks, and on one
specific form of interpersonal dynamics: similarity in partner’s emotional valences.

We investigate valence, because in several influential emotion theories, valence and

arousal have been considered the two fundamental dimensions of emotions (Barrett &



Running Head: CHANGE POINT DETECTION IN INTERPERSONAL DYNAMICS 9

Russell, 1998; Russell, 2003). While arousal captures people’s activation, ranging from low to
high, valence captures a subjective feeling of (un)pleasantness, ranging from pleasure to
displeasure. Increasingly, especially valence is considered the building block of emotional life
(Barrett, 2006), with research showing the relative importance of valence over arousal (Kron,
et al., 2015).

Further, valence can be assessed continuously by an affect rating dial (Ruef &
Levenson, 2007). This established measure allows to obtain intensive sampling of people’s
emotional experiences without putting too much load on people, and captures the breadth of
emotions. Specifically, in our study, after couples engaged in two different conversations
(meant to elicit a negative and a positive interaction), both partners watched recordings of the
interactions and indicated their momentary emotional experiences, resulting in second-by-
second self-reports of valence.

Using these data, we aim to identify changes in three statistical measures that capture
emotional similarity between partners. Specifically, we focused on: (1) partners’ correlations,
(2) instantaneous derivative matching (IDM), and (3) signal matching (SM). The first measure
captures linear relationships between partners’ emotional experiences, IDM captures mean
differences in both partners’ rates of change across time, and SM captures the mean absolute
difference between both partners’ valence scores. These measures differ in which aspects of
emotional similarity they are sensitive to. While the correlation is only sensitive to shape
similarity, IDM also captures scatter similarity, and on top of that, SM takes into account
level similarity as well. When partners’ emotional experiences evolve in a similar way over an
interaction, this will thus result in a high correlation, regardless of possible scatter or level
differences. Instead, the resulting SM scores will depend on all three components and will
only signal strong similarity if all three aspects are similar. The meaning of changes in these

three measures thus also differ. We want to stress that any descriptive statistic, meant to
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capture interpersonal (emotion) dynamics can be implemented, which is an important benefit

of the proposed method.

Method

Participants, procedure, and materials

Participants were recruited for a larger study on emotion dynamics in intimate

relationships (see https://osf.io/ra8jf/ for publications on these data. A description of the full

dataset can be found on the EMOTE database). They were recruited through social media
platforms, and flyers and posters that were distributed in Leuven, Belgium. The final sample
included 101 couples that self-identified as heterosexual, who were on average 26 years old
(SD =5 years, Min =18, Max = 53), and had been in a relationship for 4.5 years (SD = 2.8,
min = 7 months, max = 21 years). The majority of these couples was living together (n = 96)
and did not have children yet (n = 5).

The nationality of most participants was Belgian (n = 187). The other participants had
a Dutch (n=9), German (n = 3), Armenian (n = 1), Chinese (n = 1), or Ukrainian nationality
(n=1). Among half of the participants (n = 102) had a University degree, one fourth had
completed higher education (n = 43), and the remainder had a primary school (n = 1) or
secondary school education level (n = 56). The study was approved by the ethics committee
of the Faculty of Psychology and Educational Sciences of the KU Leuven.

The full study consisted of different parts: an online pre-lab assessment, a lab part, an
experience sampling part, and two follow-ups. For the present study, only the lab part is
relevant. Not all couples provided complete data for the lab portion of the study, resulting in a
sample of 96 couples.

After filling out pre-lab questionnaires online, participants were invited to the lab.

Here, they participated in three different conversations with each other. First, participants


https://osf.io/ra8jf/
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discussed a neutral topic for two minutes, which involved the events of the previous day.
Next, participants discussed for ten minutes what they regarded as each other’s most annoying
characteristic, a topic that was meant to elicit a negative interaction. Finally, participants
discussed for ten minutes what they regarded as each other’s most valuable characteristic, a
topic that was meant to elicit a positive interaction. To facilitate these conversations, each
partner individually reported, in a separate room and before each interaction, on his/her
partner’s most annoying and most valuable characteristic. When they returned to the common
room, a research assistant asked to discuss both partners’ selected characteristic during the
following conversation. Couples were told that they could choose who would begin the
conversation, and that they would be notified after 8 minutes to finish up the conversation,
aiming to end on good terms. This notification will be referred to as the ‘knock on the door’.
After the research assistant left, the conversation started. After every conversation, both
partners filled in questions that assessed their experience of the corresponding conversation in
separate rooms. Afterwards, participants separately engaged in video-mediated recall (Roberts
et al., 2007). Partners watched the conversation on the negative and positive topics and
continuously rated their emotional experience, by moving a joystick to the left (-1 = very
negative) and the right (1 = very positive). This procedure yielded second-to-second scores of

their emotional experience in terms of valence.

Data-analyses: Choice of running statistics

To measure emotional similarity, we focus on correlation, signal matching, and
instantaneous derivative matching, which differ in whether or not they are sensitive to shape
similarity, scatter similarity or level similarity. The correlation r indicates the strength of the
linear relationship between the observed scores of both partners. A higher r thus indicates

stronger emotional similarity.
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The instantaneous derivative matching measure (Elkins et al., 2009) captures
similarity in terms of slopes. First, for each partner, the slopes are obtained by calculating the
difference in scores between each time point t and the previous time point ¢ - 1. Next, the
slopes of the two partners are compared for each t, by calculating the absolute difference. The

IDM equals the average slope difference:

T
1
IDM = TZKaH —a,) = (by—y — b)I .
t=1

a; and b, denote the score at time point ¢t of partner 1 and partner 2, respectively, where t =
[1, ..., T]. The larger the slope differences, the higher the IDM value, indicating lower
similarity. In case the partners are perfectly similar, IDM is equal to 0.

Finally, signal matching (Elkins et al., 2009) captures similarity by evaluating the
differences in the scores of both partners across time. At each time point t, the absolute
difference in scores of the partners is calculated. The SM then equals the average of the

absolute differences:

T
1
SM = TZlat - btl .
t=1

Similar to IDM, a higher SM value represents lower emotional similarity.

Figure 1 illustrates the impact of changes in shape, scatter and level of partners’
emotional experiences on r, IDM and SM. Each panel shows hypothetical emotion scores for
two partners across time. Orange scores represent one partner, and blue scores the other one.

Left of the vertical black line, partner scores are identical in terms of shape and scatter, and
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there is an average level difference of 1. One partner thus consistently scores 1 point higher on
its emotional experience than the other partner. Here, r = 1, IDM =0 and SM = 1. On the
right side of the line, a change in shape, scatter, level, or a combination in the scores of one
the partners is introduced, and the impact of the type of change on r, IDM and SM is shown.

An example of a shape change is shown in Figure 1a. The shape change leads to a
decrease in r (1 to .25), and an increase in IDM (0 to 3) and SM (1 to 1.8). Figure 1b
illustrates a scatter change, where the variance of the orange scores increases from 3 on the
left to 27 on the right. This leads to an increase in IDM (0 to 5) and SM (1 to 2.2), whereas r
remains the same (as it is insensitive to scatter changes). Figure 1c displays a level change,
where the mean of the orange scores increases from 0 on the left to 1 on the right. This results
in an increase in SM (from 1 to 2), whereas the other measures are unaffected. These patterns
generalize to situations in which combinations of these changes are introduced. Changes in
shape and scatter (Figure 1d), as well as changes in shape and level (Figure 1e), influence all
three measures. Changes in scatter and level (Figure 1f) impact IDM and SM. Finally,
changes in shape, scatter and level (Figure 1g) impact all three measures. Thus, r is sensitive
to changes in shape, IDM is sensitive to changes in both shape and scatter, and SM is
sensitive to changes in shape, scatter and level.

We performed additional KCP-RS analyses for the mean and variance, which are
available in the R package kcpRS, together with the correlation (Cabrieto et al., 2021). These
analyses showcase how the method can be used for different measures, and are reported in the

supplemental material available at https://osf.io/ra8jf/. Additional code was written for signal

matching and instantaneous derivative matching, and an example of R code and

corresponding output can be found at https://osf.io/ra8]f/.

Data-analyses: KCP-RS


https://osf.io/ra8jf/
https://osf.io/ra8jf/
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The KCP-RS analysis consists of four steps that we will briefly explain below and

illustrate by the data of one couple. We conduct the steps for r, IDM, and SM.

Step 1: Deriving the running statistics

The main goal of KCP-RS analysis is to detect changes in a specific statistic. The first
step is to derive a time series of running values of this statistic, that is, the short-term values
of this statistic across time. These running values are obtained by sliding a window along the
time series of the observed data, and computing the statistic of interest in each window. The
size of the window (i.e., number of time points used to compute the statistic) can be set by the
user. Based on simulation studies (Cabrieto et al., 2018a), the default window size is 25 time
points, thus 25 seconds in our example. However, as we will showcase below, we recommend
the user to run the KCP-RS analysis with different window sizes to check the robustness of
the results in terms of the detected change points.

For our example couple, Figure 2a shows the raw bivariate data and Figure 2b displays
the running rs, IDMs, and SMs which were calculated using a window size of 25 seconds
(resulting in 1200 - 25 + 1 = 1176 windows). As for all the couples, the data start with the
negative interaction context, and the transition between the interaction contexts is located at
600 seconds. The negative and positive interaction contexts thus consist of seconds 1-600 and
seconds 601-1200, respectively. Inspecting Figure 2b, the fluctuations in the running rs and
IDMs do not show a longer-lasting change, whereas the SM level seems to increase for about

four minutes during the positive interaction context.

Step 2: Locating possible change points in the running statistics

Next, the analysis is run K,,,, times with the number of considered change points K
ranging from 0 to K,,,,, = 10. For each K-value, the time series of running statistics is

optimally divided into K+1 distinct phases. Optimally delineated phases are characterized by
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level changes in the statistic of interest, whereas the running values within a phase are as
homogenous as possible. The homogeneity }?mm,,{ of the running values within the K+1
phases is quantified using a Gaussian kernel function.

Table 1 shows the ﬁmm,K values and change point locations for the running SMs of
couple 1. The I?mm,,( values improve (i.e., decrease, indicating more homogenous phases)
when more change points are allowed (i.e., when K increases). If we consider the different
rows of Table 1 (i.e., the different K values), we see in the columns (CP1, CP2, etc.) that we
consistently find change points in the positive interaction context (between seconds 601-
1200), one located briefly after the transition and the other located in the middle (i.e., always

between 675 and 677 seconds, and between 871 and 899 seconds).

Step 3: Choosing the number of change points

Next, a significance test is conducted to establish whether the statistic changes at least
once across the time series. I so, a grid search is performed to determine the optimal number
of change points.

Significance test. The permutation-based significance test is called the variance drop
test (Cabrieto, 2018a), as it looks at the largest drop in the R,,;, x Values when allowing for an
additional change point, and compares this improvement to that observed in a large number
(i.e., 1000 by default) of permuted data sets. These permuted data are obtained by randomly
shuffling the time points in the original data, and afterwards recomputing the change point
locations and R,,;, x values. The test builds on the idea that if there is at least one change
point present in the running statistics for the observed data, the improvement in R,;,, x will be
large for at least one considered K value. If there is no clear change point in these running
statistics, the small improvement will be comparable to that for the permuted data. The test

yields a p-value by computing the proportion of permutations in which the largest ﬁmin,K drop
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of the permuted data was larger than the largest ﬁmm,,{ drop of the observed data, divided by
the total number of permutations. The obtained p-value is then compared to a prespecified
significance level. When screening for changes in multiple statistics, the overall type 1 error
rate is controlled for by applying a correction to the overall significance level a. The
Bonferroni correction is applied by default, implying that each statistic of interest will be
assigned a significance level of a divided by the number of tracked statistics.

Figure 2c shows that the largest drop in the R, x curve for the running SMs of the
observed data (blue line) is indeed larger than the largest R,,;, x drops for the permuted data
(p-value of 0, with a = 0.05/3)2. This means that there is at least one change point present in
the SM level of our example couple. For the running rs and IDMs, the R,;, x curve of the
observed data is similar to the R,,;, x curves of the permuted data sets, indicating that no
correlation or IDM change point are present in the data.

Grid search to decide on the exact number of change points. Cabrieto et al. (2018a)
built on the proposal of Arlot et al. (2012), who added a penalization term to R, « to,
account for the number of change points: R,,.;, x + C * penalty. Allowing for more change
points is thus only warranted if it lowers R,,,;,, x after compensating for the increased penalty.
The penalty coefficient C determines the weight of the penalty term: large C values will lead
to a low number of change points, and vice versa. This penalty coefficient can be tuned
through a grid search (Cabrieto et al., 2017), that considers a large range of possible C values.
In the end, the most frequently returned number of change points across all considered
coefficient values is selected (K). The change point locations associated with K represent the

final change point solution for that statistic.

2 As we are focusing on the three interpersonal dynamics measures (r, SM and IDM), a = 0.05/3. However, a
can also be divided by 5 for all measures (including mean and variance), which slightly decreases the number of
detected change points.
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For our example couple, value 2 was most frequently returned by the grid search (see

Figure 2), corresponding to two SM changes at 676 and 873 seconds (see Table 1).

Step 4: Checking the robustness of the located change points (optional)

Finally, the user can check whether the results are similar across different window
sizes. If so, one can be more confident about the presence as well as the location of the change
points. For our example couple, the KCP-RS analysis with a window size of 25 resulted in
two SM changes at 676 and 873 seconds. Using alternative window sizes between 10 and 30
also consistently resulted in two detected SM change points. The first change point location
ranged from 675 to 677, and the second change point location ranged from 871 to 876,
indicating that the findings are robust. No change points were detected when window sizes 35

and 40 were used.

Results

We first provide a summary of the results across couples. Next, we zoom in on our
example couple, and interpret the detected change points in this couple by linking them to the

couple’s observed interaction behavior.

Overall number and timing of r, IDM, and SM change points

Figure 3 shows the detected r, IDM and SM change points per couple. Table 2

summarizes these results by showing the number of change points found over all couples, as

% We also trimmed the interaction data, removing parts that might not reflect couples’ natural dynamics. We
trimmed the first 30s of both interactions. We also trimmed the first 30s and the last 120s, to discard the
period after the knock on the door. Furthermore, we investigated whether lagging the data of one of the
partners influenced the results, as partners may not change simultaneously. Based on previous research, we
took a lag of 8s (Sels et al., 2020). Trimming the first 30s and lagging the data did not alter the results
substantially, in terms of number of couples with change points and total number of change points (see
https://osf.iofra8jf/). Slightly different results were obtained when using the more extensively trimmed data
(first 30s and last 120s). Overall, less couples had change points and less overall change points were
detected. This makes sense because we discarding the knock on the door part excluded a possible source of
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well as their location (negative context, transition period, positive context). Whereas r
changes were rare (only 2 couples; 2%), IDM changes were detected in about one third of the
couples (33 couples; 34%), and SM changes in about half of them (47 couples; 49%). The
concrete operationalization of emotional similarity thus had a major impact on the obtained
results.

The majority of the couples with an IDM or SM change showed only one change
point. Twenty-five, 3, 4 and 1 couple(s) had 1, 2, 3 and 6 IDM change points. Twenty-six, 11,
7,2 and 1 couple(s) had 1, 2, 3, 4 and 5 SM change points. Only a small fraction of the
change points (ranging from 0 to 14%) were related to the transition, whereas the other ones
were evenly spread across the negative and positive interaction contexts.

IDM levels were most often lower after the change point (76% in the negative and
71% in the positive interaction context), indicating that partners became more similar in terms
of IDM throughout both interactions. For SM change points, the direction differed depending
on the interaction context. SM levels were often lower after the change point in the negative
interaction context (67%), indicating that partners became more emotionally similar in terms
of SM. In the positive interaction context, SM levels were most often higher after the change
point (54%), indicating a lower emotional similarity in terms of SM throughout this

interaction.

What can change points in emotion dynamics tell us?

To further understand the meaning of identified change points in couples’ emotion
dynamics, we returned to our example couple (see Figure 2) and related the detected change

points in emotional similarity to what actually happened during the couple’s conversation. As

similarity changes, and the time series lengths were reduced by 25%, which reduced the power to pick up
changes.
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stated above (see also Figure 4), the couple had two SM change points in the positive
interaction context, and the description is thus focused on this context only.

At the start of the positive conversation, the female partner (Indiv2) briefly described
the most valuable characteristics of her partner (“being good with children”). Around that
time, the male partner (Indivl) showed a positive valence rating. Next, they switched roles
(around second 664), and the male partner started to describe his partner’s most valuable
characteristic: being helpful (“whenever there is a problem, she is the first to offer help or to
address this problem”). In describing this characteristic, some subtle ambiguities could be
noticed (both verbally and in the man’s written report), that might had been overlooked if they
had not corresponded with the first identified change point (at second 676). Although the male
partner stated the praiseworthiness of the characteristic, he also noted some disadvantages.
For example, he mentioned that this characteristic is not always appreciated by everyone, and
that he would not intervene in situations as much as his partner does. His ambiguity seemed to
be reflected in his valence ratings, which became a bit more negative. His partner was clearly
convinced of the positivity of the characteristic, and her valence ratings remained positive.
This discrepancy seemed to result in the first SM change point, where there was an increase in
SM, indicating lower inter-partner similarity in their average emotional experience or level
similarity (see Figure 2b).

When the couple switched topics (around second 902) and started focusing on the
male partner’s valuable characteristic (“how attractive she finds it with regards to future
prospects if a man is good with children”), the male partner’s valence ratings increased again.
This moment corresponded with the second SM change point (at second 873, see Figure 2b),
at which both partner’s valence ratings were high. Stronger similarity in their average
emotional experience (or level similarity) was thus reflected in an SM decrease.

Discussion
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Up to now, changes in interpersonal dynamics across time have been largely
neglected. This is an important gap in current research, as it is highly realistic that changes in
interactions will alter at least some of the dynamics taking place between partners, such as
their emotion dynamics. To allow researchers to capture and investigate such changes in
interpersonal dynamics, we presented the change point detection method KCP-RS. Next to
intimate relationships, it can be used in interpersonal contexts such as parent-child
interactions, friendships, and any other interaction between two persons.

For the domain of interpersonal emotion dynamics specifically, the availability of such
a change point detection method can constitute important progress. People’s emotions are
expected to change continuously, to emerge and to disappear again, and to link and unlink
between persons over time. By allowing to detect these on-and offsets, change point detection
methods address an important barrier to interpersonal emotion dynamic research (Butler,
2015).

To illustrate KCP-RS, we used data of 96 couples who engaged in two conversations,
meant to elicit a negative and a positive interaction context. Based on participants’ self-
reported valence fluctuations, we identified changes in three statistical measures that reflected
different aspects of emotional similarity, a specific form of interpersonal emotion dynamics.
Specifically, we investigated the occurrence, number and direction of changes in partners’
linear correlations, signal matching and instantaneous derivative matching.

Our findings indicated that correlation changes were rare, meaning that most partners did not
change substantially in how much their emotional experiences fluctuated together (shape
similarity). This finding is notable as studies on interpersonal emotion dynamics often focus
on linear relationships between partners’ emotional experiences. One explanation is that many

couples show no correlations in their self-reported emotions to begin with. Indeed, previous
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research with these sorts of interactions and samples has shown that most partners’ emotions
do not substantially correlate (Sels, et al., 2019).

IMD changes were detected in about one third of the couples, and SM changes in
about half of the couples. The higher number of change points can be explained by the fact
that IDM and SM take more similarity aspects into account. IDM accounts for scatter
similarity on top of shape similarity, whereas SM is additionally impacted by changes in level
similarity. Capturing emotional similarity more comprehensively thus resulted in more
detected changes. Changes in these measures can also tell us different things about couples’
functioning. A higher correlation might be indicative for attunement (partners’ emotions
fluctuating more or less together), while a higher IDM and SM can also indicate more reactive
responding of partners towards each other. In the field of personality psychology, it has
already been shown that personality similarity measures that are differentially sensitive for
shape, scatter and level, sometimes show different associations with marital quality (Wang et
al., 2018). Our results thus demonstrate how much the measure that researchers select to
capture interpersonal emotion dynamics matters, and signifies the importance of carefully
paying attention to the concrete operationalization of a specific theory or hypothesis about
dynamics.

In a preliminary validation of this method, we demonstrated that KCP-RS can detect
subtle, but meaningful dynamic changes that might otherwise get overlooked. A qualitative
description of one couple revealed that the detected change points in SM levels corresponded
to ambiguities in the male partner’s emotional experience. In general, the results highlight the
utility of using change point detection methods to identify potentially meaningful changes in
interpersonal dynamics throughout couple interactions. If it had been for instance assumed -as
is done in many statistical models assuming stationarity- that every couple’s emotional level

was stable throughout the interaction, many couples had been inaccurately represented.
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Future research

Reflecting on the lack of correlation change points, one might conjecture that our
interaction contexts were not strong enough, resulting in a low potential to elicit changes in
dynamics. However, it is worth noticing that most couples showed substantial changes in their
mean level of emotional experience in line with the changing interaction context.
Nevertheless, future studies should assess change points in contexts that more strongly elicit
different sorts of emotions. Our sample also consisted of couples who were satisfied about
their relationship, a sentiment potentially buffering against or overruling the kind of
situationally and lab-based induced negativity we used in our study. In general, our sample
consisted of a rather homogenous (although some demographic information was not assessed)
and heterosexual sample, and it remains to be seen if results generalize to other samples.
Further, assessing emotions as multi-componential constructs, by complementing self-reports
measures with physiology and observed expressions (e.g., Scherer, 2009), might be an avenue
worth exploring. The KCP-RS method has shown to gain power with an increasing amount of
variables (Cabrieto et al., 2018b) and self-report measures are limited by individual biases and
interoceptive accuracy (Paulhus & Vazire, 2007), unlike observed expressions and
physiology.

Additionally, we selected three descriptive statistical measures capturing emotional
similarity to illustrate the method. Other dynamics could be investigated as well, such as
cross-lagged correlations between partners’ emotional experiences. These statistical measures
can easily be implemented in the kcpRS package. Change point detection analysis merely
provides an important tool to empirically investigate if changes in interpersonal dynamics -
that are hypothesized by emotion and relationship theories- are actually present in couple’s

interactions.
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For instance, an interesting question for future research is if the flexibility with which
couples show emotional linkages matters (see also Sels et al., 2018). According to family
system theories, who are very influential in clinical practice but scarcely empirically verified,
functional couples would be responsive to their environments (Goldenberg & Goldenberg,
2012). This implies that partners can be flexible in responding to, and connecting and
disconnecting emotionally with each other. In this regard, Luginbuehl and Schoebi (2020)
recently showed that partners of individuals whose emotions were very resistant to change (or
not resistant to change at all), perceived their partners as less responsive, resulting in a decline
in relationship satisfaction. Change point detection analysis could build further on this sort of
reseach, by identifying if the extent to which partners show changes in their interpersonal
emotion dynamics relates to important relationship processes and outcomes.

Indeed, an important future challenge is to further uncover what the obtained change
points can tell us about the functioning of relationships. Unfortunately, except for the change
from a negative to positive context, there was little contextual or other time-varying
information available in the data, except for the videotaped interactions themselves. By
describing this interaction, we aimed to tentatively provide some information, but in future
research, videos could be coded on diagnostic and clinically relevant interaction patterns, such
as demand-withdrawal patterns (Schrodt et al., 2014) or speaker/listener patterns, and it could
be assessed if these correspond with observed change points.

Change point detection analysis on couple dynamics might be especially suitable for
research on mechanisms of change, or so-called “turning points” in couple therapy. For
instance, in emotionally focused couple therapy, change is expected to occur through the
occurrences of new adaptive emotional experiences (Johnson, 2005). An important change
event is “softening”, which starts off by the experience and expression of vulnerable emotions

by a usually hostile partner, after which a new form of emotional engagement is possible. By
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the same token, interrupting a couple’s problem-maintaining interaction cycles is an important
mechanism of change in many couple therapy approaches (Gurman, 2015). Change point
detection analysis can enhance empirical support for couple interventions and therapy
protocols.

Ultimately, change point detection analysis could help in identifying early warning
signals of relationship problems and break-up, by automatically identifying meaningful
changes in important processes that predict break-up. This is still a largely unexplored area in
relationship research, but research in the psychopathology domain is increasingly identifying
early warning signals such as emotional changes that precede the onset of psychopathology

(Wichers et al., 2016).

Conclusion

This paper introduced change point detection analysis in relationship research, and
demonstrated its utility for investigating couple dynamics. By re-analyzing couples’
interaction data, we showed how KCP-RS can be applied to detect change in couples’
emotion dynamics. Importantly, this method might also advance other areas of interpersonal

relationship research.
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Table 1

I?min,,{ Values and Optimal Change Points (CP) When Screening the Running Signal
Matching Scores of the Example Couple

K ﬁmin,K CP1 CP2 CP3 CP4 CP5 CP6 CP7 CP8 CP9 CP10
0 04522 0 0 0 0 0 0 0 0 0 0

1 04064 899 O 0 0 0 0 0 0 0 0

2 0343 676 873 0 0 0 0 0 0 0 0

3 0.3222 327 677 873 O 0 0 0 0 0 0

4 02978 327 530 675 873 O 0 0 0 0 0

5 02803 37 327 530 675 873 O 0 0 0 0

6 02633 364 409 494 526 675 873 O 0 0 0

7 0247 327 367 408 494 526 675 873 O 0 0

8 0.2295 37 326 367 408 494 526 675 873 O 0

9 0.2137 37 326 367 408 494 526 675 875 1049 O

10 0.1991 37 326 367 408 494 526 675 871 907 1048

Note: The numbers in columns CP1 to CP10 represent the change point locations in seconds

for the different numbers of considered change points K. Seconds 1-600 represent the

negative interaction context, and seconds 601-1200 the positive interaction context.
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Table 2

Change Point Results for Correlation (r), Instantaneous Derivative Matching (ISM), and

Signal Matching (SM)

Location Number of couples Number of change points
with change points

Direction of change

+ -
Total 2 3 0 3
Transition 0 0 0 0
r Negative 2 2 0 2
Positive 1 1 0 1
Total 33 49 17 32
DM Tran5|_t|on 7 7 6 1
Negative 19 21 5 16
Positive 19 21 6 15
Total 47 82 38 44
SM Transition 3 3 2 1
Negative 27 33 11 22
Positive 34 46 25 21

Note: Transition denotes the transition period from the negative to positive interaction

context (i.e., 51 second period around the transition at 600 seconds).
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Figure 1

Influence of Changes in Shape, Scatter, and/or Level on the Similarity Measures
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Note: r, IDM, and SM denote the correlation, instantaneous derivative matching, and signal matching.
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Figure 2

Time Series Data of the Example Couple
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Note: (a) The observed scores of both partners, where Indiv1 is the male individual and
Indiv2 the female individual. Seconds 1-600 correspond to the negative interaction context
and seconds 601-1200 to the positive one. The blue shadings indicate the periods after the
knock on the door. (b) The running values for correlation (r), instantaneous derivative
matching (IDM), and signal matching (SM) where the red vertical lines indicate the detected
change points at 676 and 873 seconds. (C) R, x Values for each running statistic, plotted
against the number of change points. The blue and grey lines indicate the values for the

observed and permuted data, respectively. (d) Results of the grid search for the running SMs.
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Figure 3

Detected Correlation (r), Instantaneous Derivative Matching (IDM), and Signal Matching

(SM) Change Points Per Couple, Each Represented by a Different Shape.
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Note: The colors indicate the number of change points found per couple and per statistic. The

vertical line at 600 seconds indicates the transition from the negative to positive interaction

context. The dashed vertical lines denote the 51 second period around the transition. The blue

shadings indicate the periods after the knock on the door.
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Figure 4

The Observed Scores of Our Example Couple
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Note: Indivl is the male individual and Indiv2 the female individual. The blue shadings
indicate the periods after the knock on the door. The two solid vertical lines indicate the

detected signal matching change points at 676 and 873 seconds.
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