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dyads. These plots suggest substantial differences in the emotional experiences
among the dyads. Such differences are apparent with regard to the levels of affect
(i.e., high vs. low), fluctuation and stability, and apparent coupling between the
affect of the two members in the dyad.

RESULTS

Affect RC Periods: Individual Relative Constancy in Affect
and Dyad Overlap

The first step in our implementation of the algorithm is to identify and quantify
periods of emotional relative constancy for each individual. For this, we need
to select reasonable values for our dispersion and duration parameters. For the
former, we chose an initial value of 1, indicating that all RC points could not
exceed 1 unit of overall displacement from each other. In previous exploratory
analyses, we used 75% to 85% of the variable range as cutoff points to indicate
extreme values (Hsieh et al., 2010). Given that the values in the current variables
ranged from 1 to 5, this 20% shift was chosen as a reasonable threshold. For the
minimum duration parameter, we selected a value of 3 days, indicating that an
individual’s affect should remain below the dispersion threshold for a minimum
of three consecutive days to be considered an RC period. This value represented
10% of the minimum length of the time series, which was considered a reason-
able baseline cutoff for our algorithm. As described previously, we then deter-
mined each RC period’s center point by the median score for each coordinate,
as was the case for the total length of the RC period. The resultant output rep-
resented a sequence of variable length affect RC periods for a given individual.

Once we calculated the RC periods for each individual in a dyad, we pro-
ceeded to compute the amount of overlap between the RC periods of both
dyad members. Again, this overlap represents periods of common stability in
the affect of both individuals. For this, we computed the Euclidean distance
between temporally adjacent RC center points. In these computations, we set
the overlap distance threshold at any value less than or equal to 1, which was
the maximum dispersion value used in the individual RC calculations. We then
aggregated those observation periods falling below the selected threshold and
calculated the different RC indices, including frequency of overlap, mean length
of overlap, and mean distance between RC centers for periods of overlap.?

3We conducted analysis removing the constraint of the individual distances between their
respective centers having to be less than the maximum dispersion parameter. The results were
similar to those with the constraint. Moreover, removing this condition did not result in loss of
information, as the lower bound of the distance is the same and the upper bound represents how far
from each other the two individuals’ fixations are.
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Descriptive Statistics and Visualizations

Table 1 includes the names and a brief description of the different RC indices.
Table 2 contains descriptive statistics of all these indices. The values indicate
that males and females in these data report comparable fluctuations in emotional
experiences. There are no differences in the number of periods of emotional
constancy or variability and affect composition (i.e., positive and negative affect).
The only noticeable difference is the length in the RC periods (i.e., average
number of days per period), which appears to be slightly longer for men than
for women. That is, individuals of both genders experienced an average of 7.7
RC periods during the entire study. On average, however, such RC periods lasted
longer for men than for women (7.8 and 6.7 days, respectively), yet both genders
showed similar levels of variability in length (4.2 and 4.1 days for men and
women), indicating the existence of fixations of long and short duration. When
individuals experienced periods of constancy in their affect, these tended to be
marked by medium-high positive affect (3.6 and 3.5 units for men and women)
and by low negative affect (1.4 and 1.35), with relatively small variability in
such affect composition across individuals.

With regard to the overlaps, there were on average eight periods in which
the RC periods of the two individuals in the dyad coincided, with a length
of slightly over 4 days as well as large dyad variation. That is, whereas for
some couples the average length of overlaps was 2 days only, for some other
couples it was almost 17 days. Moreover, the average distance between the

TABLE 1
Description of the Relative Constancy (RC) Indices

Individual Indices

Total count
Length mean
Length SD
PA mean

PA SD

NA mean
NA SD

Number of RC periods

Average duration of the RC periods

Standard deviation of the duration of the RC periods

RC location in relation to positive affect mean

RC location in relation to positive affect standard deviation
RC location in relation to negative affect mean

RC location in relation to negative affect standard deviation

Overlaps Indices

Total count
Length mean
Length SD
Distance mean
Distance SD

Count of RC overlaps

Mean length of RC overlaps

Overlap length standard deviation

Mean overlap distance (between centers of RC)
Overlap distance standard deviation

Note. PA = positive affect; NA = negative effect.
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TABLE 2
Descriptive Statistics of the Relative Constancy (RC) Indices
Males Females
Index M SD Min Max M SD Min Max
Total count 7.72 2.86 1.00 16.00 7.73 241 2.00 15.00
Length mean 7.80 7.48 3.18 58.00 6.68 3.87 3.00 30.67
Length SD 4.24 5.10 .00 30.41 4.10 4.25 .00 33.50
PA mean 3.55 .62 1.51 4.78 3.47 .65 1.54 4.66
PA SD .39 .20 .00 1.24 43 22 .04 1.53
NA mean 1.40 32 1.03 3.01 1.35 27 1.02 2.72
NA SD 25 .19 .00 97 25 .20 .03 1.02

Overlaps (All Sample)

Index M SD Min Max
Total count 7.49 3.73 1.00 16.00
Length mean 4.17 2.07 2.00 16.67
Length SD 243 2.20 .00 16.86
Distance mean 47 .16 .00 .83
Distance SD 21 .08 .00 40
Distance PA mean 3.58 .61 1.80 4.70
Distance NA mean 1.32 24 1.03 2.86

Note. Criteria for fixation period are > 3 days of span and < 1 unit of dispersion. Neouples =
1315 Ningiviauais = 262. PA = positive affect; NA = negative affect.

two individuals’ affects during the overlaps was about half of the maximum
dispersion (.47 units of displacement), also with apparent variation across the
dyads (.21 units of displacement). The rest of the indices represent the location
of the RC overlaps in relation to positive and negative affect. On average, such
overlaps occurred at moderate-high values of positive affect (3.58 units) and low
values of negative affect (1.32 units), with small variability in such values. These
indices are markers of daily fluctuations in emotion and are intended to convey
information about individual affect variability as well as potential coherence
between the fluctuations of the two individuals in the dyad.

To visualize the patterns of variability at both the individual and dyad level
we plotted the RC periods using “poker-chip” plots (see Figure 4). The chips in
these plots represent the RC periods for the male (blue) and female (red) along
the time series (vertical axis). Moreover, the location of the chips in reference to
the x- and y-axis indicates the affective composition (i.e., positive and negative
affect) of the RC period. Finally, the overlap of the two individuals’ chips on a
given day indicates the dispersion of their RC periods. Based on these notions,
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these plots suggest clear differences in the affective patterns of fluctuations
across the four dyads represented in Panels a—d. The dyad depicted in Panel
a includes two individuals with many periods of almost perfect overlapping
emotional stability, and these are located in regions of high positive affect and
low negative affect. The dyad depicted in Panel b also appears to have multiple
periods of emotional stability but the overlaps are more separate and not so high
in positive affect. The separation between the individuals’ RC periods is more
apparent for the dyads depicted in Panels ¢ and d. For the dyad in Panel d, in
particular, there is an almost complete disconnection between both individuals’
RC periods. In addition, the two individuals in this dyad show large variability
in the affective composition of their RC periods, with many periods located in
regions of high negative affect, particularly for the female.

Affect RC Periods: Predictions of Future Outcomes

After identifying and quantifying the patterns of fluctuations in emotional expe-
riences, we set out to evaluate whether such patterns were predictive of future
states of the system. To examine this question, we used as the outcome the
reported status of the dyads 1 year after the daily assessments. In particular, we
used the RC measures to predict stability and breakup of the couples as measured
in a 1-year follow-up using logistic regression. To guide the model development,
we first examined the predictive power of the individual and overlap RC indices
separately, as they represent individual and dyad variables. In the next step, we
integrated these two sets of indices in the same model together with covariates
related to the relationship (i.e., age, time in the relationship, and relationship
satisfaction). At the follow-up, 94 of the original 131 couples were assessed
again. Of these 94 couples, 72 (76%) reported being still together and 22 (24%)
reported having broken up.

Table 3 presents the parameter estimates from analyses using the individual
RC period measures. Several variables were predictive of relationship status
at the I-year follow-up. In particular, average length of the RC periods as
well as the RC location in relation to positive affect mean were associated
with staying together (logit units B = .827 and 3.846, p < .05 and .051,
respectively). In contrast, variability in the length of the RC periods as well
as the location of negative affect during such periods were associated with
breaking up (B = —.594, and —6.645, respectively; all p < .05). Table 4
presents the parameter estimates from the logistic regression analyses using the
overlap measures separately. Only two of these indices approached statistical
significance when predicting relationship status at the follow-up. Specifically,
the average length in days of the overlap RC periods was marginally associated
with staying together (B = .519, p = .065), whereas the variability in such
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TABLE 3
Parameter Estimates From Logistic Regression Analysis: Individual Fixation Indices

Parameter Estimate SE Est/SE p Odds Ratio
Count .023 133 171 .865 1.023
Length (Mean) 827 369 2.239 .025 2.286
Length (SD) —.59%4 272 —2.182 .029 552
PA (Mean) —.157 433 —.362 717 .855
PA (SD) 1.624 1.715 947 344 5.074
NA (Mean) 3.846 1.974 1.948 .051 46.799
NA (SD) —6.645 2.708 —2.453 .014 1.001
Log-likelihood —24.030

AIC 64.060

BIC (Sample adjusted) 57.889

Note. Probability modeled status = 1 (staying together). Estimates are in logit units. PA =
positive affect; NA = negative affect; AIC = Akaike Information Criterion; BIC = Bayesian
Information Criterion.

length was related to breaking up (3 = —.405, p = .066). None of the other
overlap measures were statistically significant.

The next model included both sets of indices (i.e., individual and dyadic)
together with individual differences variables and examined their association
with relationship status at follow-up. The covariates were taken during the
couples’ first visit, directly prior to the daily questionnaires, and represented
age, time in the relationship, and relationship satisfaction (Blum & Mehrabian,
1999). This latter scale, consisting of several items, demonstrated high internal

TABLE 4
Parameter Estimates From Logistic Regression Analysis: Overlap Fixation Indices

Parameter Estimate SE Est/SE P Odds Ratio
Count —.039 .059 —.658 511 962
Length (Mean) 519 281 1.844 .065 1.680
Length (SD) —.405 221 —1.839 .066 .667
Distance (Mean) —1.897 1.418 —1.338 181 150
Distance (SD) 2.128 2.744 776 438 8.398
Log-likelihood —28.571

AIC 69.142

BIC (Sample adjusted) 64.441

Note. Probability modeled status = 1 (staying together). Estimates are in logit units. PA =
positive affect; NA = negative affect; AIC = Akaike Information Criterion; BIC = Bayesian
Information Criterion.
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TABLE 5

Parameter Estimates From Logistic Regression Analysis: Fixation Indices and Covariates
Parameter Estimate SE Est/SE p Odds Ratio
Length (Mean) 3.099 1.526 2.031 .042 22.184
Length (SD) —2.456 1.207 —2.035 .042 .086
Distance PA (Mean) —2.555 1.565 —1.632 .103 .078
Distance PA (SD) —12.994 7.484 —1.736 .083 .001
Distance NA (Mean) 5.782 3.922 1.474 .140 32.506
Distance NA (SD) —.044 4.387 —.010 992 957
Overlap count —.623 357 —1.747 .081 536
Overlap length .099 .667 149 .882 1.104
Overlap distance —13.854 8.156 —1.699 .089 901
Age —.081 319 —.254 799 922
Time in relationship 1.336 712 1.876 .061 3.805
Relationship satisfaction 4915 2.247 2.188 .029 136.309
Log-likelihood —10.693

AIC 47.386

BIC (Sample adjusted) 37.199

Note. Probability modeled status = 1 (staying together). Estimates are in logit units. PA =
positive affect; NA = negative affect; AIC = Akaike Information Criterion; BIC = Bayesian
Information Criterion.

consistency (Cronbach’s alpha = .876). The results from these analyses are
presented in Table 5.

The first six parameters represent individual RC indices. Of these, average
length of the RC periods was related to staying together at follow-up, 1 year later
(B = 3.099, p < .05), whereas variability in that length was associated with
breaking up (B = —2.456, p < .05). Unlike the results from these individual
indices alone (see Table 3), variability in the location of negative affect during the
RC periods only approached significance (p = .083). The next three parameters
in this model consisted of overall RC indices relative to the dyad. None of
these indices was statistically related to relationship status at follow-up when
the individual indices were included in the model. Finally, the last three variables
represented demographic and psychological information. Of these, relationship
satisfaction was positively related (B = 4.915, p < .05) and time in the
relationship was marginally related to staying together (f = 1.336, p = .061).
In contrast, age was not predictive of relationship status at the 1-year follow-up.

Algorithmic Computation of Optimal Period and
Duration Criteria

In the final set of analyses, we searched for optimal values of the maximum
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dispersion and minimum duration parameters for predicting outcomes at follow-
up. In our initial analyses, these values were set to 1 and 3, respectively. To
evaluate the predictive validity of the different possible values, we carried out
an algorithm that searched values for maximum dispersion ranging from .1
to 2, in increments of .1, and values for minimum duration that ranged from
2 to 7, in increments of 1. After setting the different combination of values
for both criteria, we quantified individual RC periods and overlaps for each
of the 120 conditions (i.e., combination of minimum duration and maximum
dispersion). For each of these conditions, we extracted the different RC measures
(i.e., individual and overlap) and then ran a logistic model using such measures
as predictors of relationship status at the follow-up.

To evaluate the optimal combination of dispersion and duration, we plotted
the change in deviance between the null model and the fitted model (Figure 5,
Panels a, c¢) along with the model Akaike Information Criterion (AIC) values
(Panels b, d). These values were obtained from fitting the same logistic model
to each set of RC measures obtained from each of the 120 conditions. Certain
parameter combinations resulted in a substantial loss of data, namely, because
the combination was too stringent to identify RC periods within all dyads. In
those cases, we filtered the results so as to retain parameter combinations that
resulted in at most a 25% loss of the original sample. With regard to the change in
deviance between the null model and the fitted model (Panel a), the combination
showing the greatest reduction in model deviance was a dispersion = 1 and a
duration = 3 days. This was the case whether or not the data were filtered.

To confirm these analyses, we examined the AIC values across all models
(i.e., model comparison involving fit from a model fitted to different data sets).
Once the data were filtered to account for the loss of data, the optimal set of
parameters included a dispersion = 0.8 with a duration = 6 days (Panel b).
Moreover, the parameter combination of dispersion = 1, duration = 3 produced
an AIC value in the lower 14th percentile. When taken in light of the results
from the change in deviance calculations, this provides evidence for the use of
this parameter combination.*

DISCUSSION

In this article, we presented an approach to define and quantify variability
in dyadic interactions. Our approach focused on the structure of variability
in a given attribute and computed various indices of such variability. Such
indices can then be used to evaluate their relation to other variables of interest.

4To assess the performance of our RC identification algorithm, we conducted a Monte Carlo
study. Details and results of the simulation study are in the Appendix.
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We illustrated our approach using empirical data on daily emotional experiences
from individuals in couples. We examined the variability of such experiences at
both the individual and the dyad level, extracted a number of variability indices,
and then used them to predict the status of the dyads 1 year later.

Algorithm Properties and Decision Steps

The results from our analyses indicate that our approach offers promising pos-
sibilities for detecting patterns of variability. The algorithm involves only two
parameters: maximum dispersion and minimum duration. With these two param-
eters, a number of indicators related to variability can be identified. The first set
of indicators pertains to the structure of the individual’s variability; the second
set represents the degree of overlap between both individuals’ variability. By
varying the values of either dispersion or duration, as a function of the data, the
indicators differ in their description of the variability. Given that more restrictive
criteria (i.e., smaller dispersion and longer duration) lead to RC measures with
higher predictive value but also to fewer RC occurrences, a task for the researcher
is to find a reasonable combination of both criteria for the data at hand. Moreover,
the condition of smaller dispersion and longer duration as well as the values of
both criteria are a function of characteristics of the data set under study.

In our analyses, we selected 1 and 3 (for dispersion and duration) as rea-
sonable initial values. The range in our affect scales was 1-5, so 1 unit of
dispersion (i.e., 20%) seemed appropriate. Similarly, given the unit of time in
our data was days, we selected 3 days as a satisfactory minimum period. After
these initial values, we then proceeded with an algorithmic search for optimal
values. Other ways to conceptualize and calculate these criteria are possible.
For example, one could look at the distribution of the data for each person and
select cutoff points that can be used as individual criteria (Hsieh et al., 2010).
Furthermore, there might be situations of steady but small rises or declines in
affect (e.g., anticipating or following stressors) for which our approach may not
be suited. Those situations may require preprocessing of the data (i.e., removing
nonstationarities) before the application of our algorithm or using techniques that
can directly detect long-term changes in affect. In each situation, researchers will
want to study their data carefully to determine the parameter values that provide
the most accurate description of fluctuations as well as, when appropriate, an
optimal predictive value.

Implementation of our proposed technique involves a number of decisions.
The first decision concerns the type of parameters and criteria most relevant
to the question at hand. In our analyses, we focused on variability at both the
individual and dyadic level. For this, we selected an algorithm based on two
parameters meant to quantify those types of variability. Researchers interested
in capturing other features of the data will need to identify the most appropriate
technique. For example, there are other algorithmic approaches to pattern iden-
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tification (see Salvucci & Goldberg, 2000). Some of these algorithms are based
on spatial criteria (i.e., velocity, dispersion, and area) whereas others are based
on temporal criteria (i.e., duration and temporally adjacent points). The fixation
(or stability) periods identified using these alternative algorithms will require
different criteria and, thus, entail a different interpretation than what is presented
here. Researchers will need to examine their data and determine which algorithm
is most appropriate for addressing their question given the data properties.

The second set of decisions in implementing our proposed approach involves
selecting values for the parameters. Although we describe this value selection
in the previous paragraphs, the execution and evaluation of each parameter
requires further decisions. For example, to evaluate dispersion, we selected
Euclidean distance. This choice was based on the simplicity of computation
and interpretation of this measure. Other distance measures such as the City-
Block or dominance metric are also available. However, the Euclidean distance
is deemed preferable unless there is a compelling conceptual reason otherwise
(Wegener & Fabrigar, 2000, p. 428; see also Borg & Groenen, 1997).> When
examining dyadic interactions, another question researchers will face is how to
quantify the overlaps between both individuals’ fluctuations. In our analyses,
our computation of the RC periods was based on the individual. This choice
was based on our interest in intraindividual variability. From this, we then
arrived at interdyad variability. Other researchers may decide to focus directly
on the overlaps between both individuals. For example, they could compute
the Euclidean distances between the two members and examine variability and
constancy directly across those distances.

The third decision concerns how to summarize the extracted patterns of
information. We focused on the frequency, length, and affective location of the
RC periods. Other researchers could be interested in specific areas of the affective
map (e.g., high negative affect) or in lagged sequences of RC periods (e.g., does
one person lead the other to periods of stability?). Finally, the last decision in
our proposed method involves what to do with the extracted information. One
choice is to use it as descriptive of individual dyads or the entire sample. Other
possibility, the one we used in our analyses, is to relate the extracted patterns
to other variables of interest. These could be preceding variables, concurrent
variables, or distal outcomes, such as those in our analyses.

Data Conditions

Our method to assess intraindividual and intradyad variability could be extended
to accommodate other data characteristics. Although this is not evaluated in
this article, there is no reason to suspect that the method could not be used

SWe thank the Multivariate Behavioral Research editor for suggesting these alternative metrics.
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with interval, categorical, or ordinal data. Similarly, it could be applied to data
measured on discrete intervals (as our empirical data) or continuously (e.g.,
physiological data). In this way, this method for identification of RC periods
works similarly to algorithms for pattern recognition. Once the patterns of
interest are identified and quantified, the various markers of variability can also
be used to evaluate hypotheses about dyadic interactions.

Similarly, this method could be integrated with other existing methods for the
analysis of intensive longitudinal data, more notably, the so-called run tests for
detecting nonrandomness in categorical data (von Eye & Bogat, 2009), regime
switching models (Kim & Nelson, 1999), Bayesian change point detection
models (Carlin, Gelfand, & Smith, 1992), individual shifts (Chow, Hamaker,
& Allaire, 2009), and clustering time series in the frequency domain (Shumway,
2003). Common among these methods—including ours—is the idea of extracting
information from the data, the requirement of intensive longitudinal data, and
the lack of stationarity assumptions. Our approach, however, is closer to data
reduction techniques such as computational modeling that lack any statistical
parameters (e.g., Hsieh et al., 2010).

Although promising for certain types of variables, our proposed method is
limited—or not applicable—for certain data conditions. Consider, for example,
data with small monotonic changes that result in a steady trend. Such a trend
will not be identifiable using our approach. Our algorithm is a data reduction
technique in that the observed variability of the data is filtered to identify RC
periods. Given this, data with a salient steady trend will not result in identifiable
RC periods corresponding to these forms of stability. The algorithm assumes
that, within each RC period for which the expected value at any time is the
median of the minimum and maximum values for the particular range of data
comprising the RC, in effect the data are trend stable. Thus, for data consisting
of constant changes, the algorithm will only detect periods of stability if the
changes are small and monotonic, resulting in a number of “steps” conforming
to a stepwise function. But these periods will not capture the trend in the data,
and the transition from one period to another will be marked by the limit of the
duration parameter, not by the variability in the data.

Implications for Research on Dyadic Interactions

When applied to the empirical data, our algorithm identified periods of stability
in the emotional experiences for each person as well as the co-occurrence
between the RC periods of the two individuals in a dyad. Our analyses indicated
that several of the individual indicators of emotional stability were predictive of
relationship status at the follow-up. In particular average length of the RC periods
and the positive affect in such periods were related to staying together, whereas
inconsistency in the length of the RC periods and the negative affect during
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those periods were associated with breaking up. Our analyses also indicated that
several markers of overlap between the individuals’ emotional stability periods
were marginally predictive of status in the follow-up. Specifically, the length
of the overlap was associated with staying together whereas variability in such
length was related to breaking up. That is, the longer the synchrony between the
emotional experiences of the two individuals in the dyad, the more likely they
would be together 1 year later. In contrast, a lack of constancy in the duration
of the overlaps was associated with breaking up. This finding is in line with the
idea of emotional synchronization as a positive sign of coregulation in romantic
relationships (Sbarra & Hazan, 2008). This overlap would represent closeness
and coherence in the affect of both individuals. When these overlap indices
(i.e., dyad-level) were adjusted for the individual indices (i.e., individual-level),
however, the effects diminished.

These results indicate that, for some couples, some of the individual markers
were predictive of relationship status in the absence of overlap. This would be
the case if emotional fluctuations that were salient for the decision of staying
together or breaking up were not shared by both individuals. It is possible that
both members of the dyad had frequent and long RC periods but these were
located in different regions of positive and negative affect and, thus, did not
overlap. As an example, consider Figure 4d. Here, both individuals show a
large number of RC periods but in different areas. The fixations for him are
mostly concentrated in areas of high positive and low negative affect. For her,
in contrast, they are located in areas of low positive and high negative affect.
The two individuals in this couple appear to have emotional experiences of very
different nature and without much overlap. It would be possible for the emotional
fixations of one person to be salient—in the absence of the other person’s
emotion fluctuations—and lead to decisions of separation. If so, although the
breakup process affects both members of the dyad, it would be predicted by one
person’s patterns of variability.

These findings indicate that our approach to quantify variability in affect
is useful for extracting patterns of fluctuations in emotional experiences. Not
only are these patterns informative of important characteristics of the dyads but
also they could be predictive of relationship status over time. Intraindividual
variability in daily emotional fluctuations and synchrony between the two indi-
viduals’ variability are revealing of dynamics with important real life outcomes.
Moreover, such patterns of variability in affect appear to be predictive of the
future relationship state of the dyads even when controlling for measures of
relationship quality and demographics taken at the first visit. Using predictive
validity as a criterion, some important relationship dynamics in these dyads seem
to be manifested in the day-to-day study of affective process in the relationship.

Our approach was developed from the notion of intra- and interindividual
variability (Nesselroade, 1991, 2001; Nesselroade & Boker, 1994). Here, we



Downloaded by [University of California Davis] at 08:55 10 February 2012

VARIABILITY IN AFFECTIVE DYADIC INTERACTIONS 163

extended this notion to the dyad level (see Ferrer & Nesselroade, 2003). The idea
behind is that fluctuations in a particular trait can reveal individual characteristics
and be associated with stable and long-term factors (Kagan, 1994). This hypoth-
esis was confirmed in our analysis with variability of emotional experiences.

The validity of this method can be appraised based on the utility of the
extracted patterns to provide information about the system under study. In our
empirical application, the RC algorithm yielded characteristics about variability
at both the individual and dyad level, which were then associated with future
states of the dyads. This predictive validity is noteworthy considering the daily
questionnaires were completed at least 1 year before the follow-up. Moreover, all
data consisted of self-reports, which have been criticized on both measurement
and substantial grounds but have also been defended as a legitimate tool to
examine people’s emotions (Feldman Barrett, 2004).

Although promising, some next steps are required to further advance the
utility of the proposed approach. One area to investigate is related to data
with salient trends. It would be useful to include additional parameters in the
algorithm that capture not only variability but such trends as well. Another aspect
for future research concerns the identification of homogeneity in the RC periods.
It is possible that some of the fluctuations and constancy of emotions in a given
data set are manifestations of the same underlying psychological mechanism
(e.g., depression, bipolar disorder). For this, the algorithm could borrow from
techniques such as regime switch to identify such latent processes. Third, as
currently specified, the algorithm requires complete data. This is very often
an unrealistic assumption in longitudinal data, especially in diary studies. This
issue could be particularly problematic because the data need to be complete
for both individuals in the dyad. With regard to the length of the series, more
research is needed to identify the minimum number of data points required
for the algorithm. This is also important because some of the extracted indices
(e.g., length) are a function of this dimension, and it is reasonable to assume
that longer series would yield more reliable patterns of information.

In sum, we presented an algorithm designed to identify patterns of fluctuations
in time series data. We illustrated the use of this approach with empirical data on
emotional experiences in dyads. The algorithm is simple and based on flexible
criteria, yet it was effective in revealing dynamics in empirical data that were
predictive of future outcomes. We hope this serves as another example of the
current possibilities for exploring dyadic interactions in dynamic terms.
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APPENDIX

Data Simulation

To assess the performance of our RC identification algorithm, we conducted a
Monte Carlo study. The simulation included the following steps:

Step 1. A random number N, was drawn from a Poisson distribution with a
fixed mean of A = 7. This number represented the count of RC periods
to be specified and was restricted to be strictly greater than 0.

Step 2. Because the simulation was of a bivariate system, the next steps
involved selection of N, random numbers X, and Y, from independent
normal distributions with fixed parameters (M = 2.5 and 1, for X, and Y,
respectively; SD = 5 for both). These vectors were additionally restricted
so that adjacent values were separated by greater than 1.5 units difference.

Step 3. Each of the 5 X, values were replicated a random number of times 7,
based on N, values drawn from a uniform distribution U (3,11), thus, the
mean length = 7 and SD = 2.31. Unique values within X, were replaced
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by corresponding values from Y, to ensure RC periods of the specified
length. To these vectors, Gaussian noise was added of varying degrees,
dependent on the simulation being run.

Step 4. Three conditions were created for data generation: (a) moderate
variability (A = 7; mean length = 7), (b) low variability (A = 1; mean
length = 7), and (c) high variability (A = 0). This process was carried out
for 1,001 replications.

Step 5. The resultant vectors were subjected to the RC identification algo-
rithm with parameters of Max Dispersion = 1, Min Duration = 3.

The data were simulated using the program R whereas the implementation
of the RC identification algorithm was implemented using custom-made matlab
code (R Development Core Team, 2010). Program code for both procedures is
available (see Footnote 1). Results from these analyses are presented in Table Al
for the three conditions. Figures A1-A2 depict simulated data and RC centers
along with algorithmic estimates of RC lengths and centers for each of the three
conditions. These analyses indicate that the algorithm can recover accurately the
population parameters in each of the three conditions.

TABLE A1
Parameter Estimates From Monte Carlo Simulation

Moderate
Variability Low Variability* High Variability*
RC Period =7 RC Period = 1 RC Period = 0
Estimate Estimate Estimate
True (SD) True (SD) True (SD)
Count 7.00 7.40 (2.70) 1.00 1.00 0 0.01 (0.10)
Mean length 7.00 6.18 (0.84) 7.00 6.52 (2.32) — 0.03 (0.30)
SD length 2.31 2.22 (0.50) — — — —
Mean X 2.50 2.49 (2.06) 2.50 2.47 (4.92) 2.50 0.05 (0.60)
SD X 5.00 5.23 (1.44) — — — —
Mean Y 1.00 1.03 (1.99) 1.00 0.70 (5.04) 1.00 0.04 (0.87)
SDY 5.00 5.13 (1.44) — — — —

“No within-series variability, thus SD estimates are not applicable. The simulated error standard
deviations were 0.20 for Realistic, 0.10 for Single RC, and 2.00 for No RC. Ng = 1,001 replications.
RC = relative constancy.
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