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Abstract

Ecological momentary assessment (EMA) of affect, cognition and behavior aims to provide a ‘window into a person’s daily life’. But what
should we look for through this window? In this paper, we compare a statistical perspective, grounded in probability theory, with a dynamic
pattern perspective, grounded in complexity theory, on two common phenomena in EMA data: non-stationarity and outlying values. From
a statistical perspective, these phenomena are considered nuisances that should be dealt with. From a dynamic pattern perspective, in
contrast, non-stationarity may signal transitions from one dynamic pattern to another (e.g., a transition from a neutral to a persistent sad
mood), whereas outlying values may signal recovery from perturbations (e.g., stressful life events). We evaluated the dynamic pattern view
with a triangulation study of multiple single cases that took part in the Track your Mood EMA study, where participants reported on their
emotions and daily events for 60 days. We found that non-stationarity was indeed related to a pattern transition, whereas outlying values
were related to recovery after perturbations. These findings show that person-oriented EMA research would benefit from a dynamic pattern
perspective that can identify highly meaningful and clinically relevant phenomena that are otherwise at risk of being missed. Complement-
ing EMA time series with contextual information and qualitative data will be essential to genuinely understand these phenomena.

Keywords: ecological momentary assessment, experience sampling, complex systems, non-stationarity, time series, resilience, transition,
affect dynamics

1t is the theory that decides what can be observed. cognition and behavior can provide a ‘window into a per-
(Einstein as quoted by Heisenberg, 1971, pp. 62-63) son’s daily life’. But what should we look for through this
window? What are interesting phenomena and what is noise?
In this paper, we compare a statistical perspective, grounded
in probability theory, with a dynamic pattern perspective,
grounded in complexity theory, on two common phenomena
in EMA data: non-stationarity and outlying values.! We

Ecological momentary assessment (EMA) and experience
sampling methods, in which participants repeatedly answer
questions through a smartphone app, are promising tools for
person-oriented research in psychology. The hope of these
methods is that intensive longitudinal measures of affect,

! The distinction between these two perspectives closely matches research grounded in probability theory assumes component-dom-
the distinctions between substance and process ontology (Van inant dynamics and enacts a substance ontology, whereas EMA
Geert & de Ruiter, 2022) and between component-dominant and research grounded in complexity theory assumes interaction-dom-
interaction-dominant dynamics (Van Orden et al., 2011). EMA inant dynamics and enacts a process ontology.
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show that what is considered noise in the statistical perspec-
tive can correspond to valuable information in the dynamic
pattern view. We evaluate the dynamic pattern view with an
analysis of multiple single cases that took part in the Track
your Mood EMA study, where participants reported on their
emotions and contextual information for 60 days
(https://osf.io/fx3ay/).

The statistical perspective, grounded in probability theory,
is currently dominant for analyzing EMA data. The key as-
sumption in this perspective is that psychological phenom-
ena can be studied by the estimation of statistical parameters,
such as means, standard deviations, (lag-1) autocorrelation,
cross-correlation and (lagged) conditional associations,
which are assumed to be stable over time. For example, the
standard deviation of EMA measures of affect is used as a
measure of emotional variability, whereas the lag-1 autocor-
relation of emotion items is used as a measure of inertia
(Dejonckheere et al., 2019). Given certain assumptions,
models with lagged associations can be used to study
granger causality: whether the value of one variable predicts
the value of another variable at a subsequent timepoint, cor-
recting for all other associations (e.g., Hamaker & Wichers,
2017). This enables research from a statistical perspective to
also study potential causal associations in observational
EMA data, which is of high clinical relevance.

While dominant in the literature, the statistical perspective
is not the only way to approach EMA data and hence not the
only view one can have into ‘the window of a person’s daily
life’. One alternative view, grounded in complex systems
theory, is to examine EMA data as a measure of dynamic
patterns (e.g., Hasselman & Bosman, 2020; Heinzel et al.,
2014; Olthof et al., 2020; Wichers et al., 2020). In short, a
dynamic pattern perspective assumes that a person’s mental
state is a contextualized and self-organized pattern of cogni-
tions, emotions and behaviors that is only dynamically stable
(Hayes & Andrews, 2020; Olthof, Hasselman, Oude Maat-
man, et al., 2023). Persons can temporarily drift away from
a dominant pattern (e.g., when a happy person has a ‘bad
day’) and can experience transitions between qualitatively
different patterns (e.g., from a depressed pattern towards a
non-depressed pattern). Interestingly, the dynamic pattern
view thereby provides a vastly different perspective on two
phenomena in EMA data that are often considered methodo-
logical problems in the statistical perspective: non-station-
arity and outlying values.

Non-Stationarity

Non-stationarity can pertain to several different properties
of a time series that do not remain constant over time (Mo-
lenaar, 2004). Most commonly, non-stationarity refers to the
central moments of a distribution (e.g., mean, variance, kur-
tosis), but it could also refer to changes in the trend of the
data, or in the autocorrelation function (Kelty-Stephen et al.,
2022). When there is non-stationarity of one or more distri-
butional properties, one cannot adequately summarize the
EMA data of an individual in terms of a characteristic scale
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(mean, standard deviation) or a typical dynamical pattern
(fluctuation intensity, periodicity). Statistical modelling of
EMA data often assumes stationarity (Piccirillo &
Rodebaugh, 2019). Researchers therefore try to “correct” for
non-stationarity and for example try to remove non-
stationarity of the mean by applying methods such as (poly-
nomial) detrending.

From a dynamic pattern perspective, non-stationarity is
not a methodological problem that one would like to get rid
of, but a major research avenue as it may signal the pattern
transition from one dynamic pattern to another (for example
from a general positive mood to a depressed mood, or from
a neutral mood to a pattern of frequent mood swings). Such
pattern transitions have been extensively studied with EMA
in psychotherapy and psychopathology research (Hayes &
Andrews, 2020). In psychotherapy, pattern transitions in
symptom severity (Helmich et al., 2020), or even personal-
ized ratings (Olthof, Hasselman, Aas, et al., 2023), appear to
be quite common and related to better treatment outcome.
Researchers have also tried to predict such pattern transitions,
with mixed results so far (Cui et al., 2022; Helmich et al.,
2024). Notably, pattern transitions have also been studied in
other areas of psychological science, such as movement sci-
ence (Kelso et al.,, 1986), development (Thelen & Smit,
1994), cognition (Stephen et al., 2009) and team collabora-
tion (Wiltshire et al., 2018).

Outlying Values

From a statistical perspective, outlying values in EMA
data present another nuisance that biases statistical inference.
Similar to analyses in between-person statistics, outliers can
skew the distribution, which is often assumed to be symmet-
rical (at least in the residuals). Therefore, outliers are some-
times winsorized (set to a certain percentile) or removed
from EMA data.

From a dynamic pattern perspective, outliers are interest-
ing because they could indicate moments in time at which a
person was strongly deviating from their currently stable dy-
namic pattern. For instance, a person may generally have a
positive mood but experience a specific moment of distress
after which the person recovers, leading to a couple of out-
lying values of lower positive affect. Viewing this from a dy-
namic pattern perspective, we may ask ourselves: what kind
of event (perturbation in system terms) caused this distress?
And how resilient is the dynamic pattern of positive mood?
Can a person quickly return to their positive mood pattern,
or will feelings of distress linger on for a long time? Exam-
ining this return time (i.e., how long it takes to return to the
dynamic pattern; Scholz et al., 1987) is an interesting re-
search avenue for future resilience research (e.g., Vaessen et
al., 2019).

Current Study

In this study, we examined the dynamic pattern perspec-
tive on non-stationarity and outlying values (i.e., as


https://osf.io/fx3ay/

Journal for Person-Oriented Research 2024, 10(2), 89-99

indicators of pattern transitions and recovery after perturba-
tion) by triangulation of time series of affect, time series of
daily events and qualitative information from data viewing
sessions with participants. We report on several cases from
the Track Your Mood study, a 60-day EMA study. We studied
whether (1) a pattern transition in momentary affect could be
related to a shift in experience for the person as reported in
the data viewing sessions and (2) outlying values in momen-
tary affect could be related to recovery following specific
events (perturbations), as reported in the daily event data and
in the data viewing sessions.

Method
The Track Your Mood study

The Track Your Mood study allowed participants to rate
their mood for 60 days and subsequently track how their
emotional state developed over time. The Track your Mood
study was approved by the ethical Committee of the Faculty
of Social Sciences, Radboud University Nijmegen (Protocol
number: ECSW-2021-075). Detailed information about the
procedure of the project can be found in the Track your
Mood project description at https://osf.io/fx3ay). To capture
fluctuation of affect throughout each day, participants were
asked to rate their mood at five separate timepoints (fixed
schedule, e.g. 9:00, 12:00, 15:00, 18:00 and 21:00) by an-
swering the question ‘how do you feel at this moment?’
(Medland et al., 2020). Participants answered this question
by means of a 100-point sliding scale from ‘very bad’ to
‘very good’. At the end of the day, persons were additionally
asked to provide contextual information by answering ques-
tions about their experienced emotions and events that oc-
curred that day (for a comprehensive overview, see
https://osf.io/vjdrn). In the current study, we examined an-
swers on an open question about negative events as well as
the rated intensity of the event. Participants were presented
with the text “Think of today s most negative event” and were
asked to answer in an open box on the question “What was
it?”. In addition, they were asked to rate the intensity of the
event with the question “This event was...” from 0 (neutral)
to 100 (very unpleasant).

All questions were sent to the participants through a mo-
bile phone application ‘m-path’ (Mestdagh et al., 2022). The
application was installed on the participant’s phone and con-
figured together with the researchers at the beginning of the
study. While all participants were asked the same questions
and in the same intervals (5 times a day with a 3-hour buffer
between questions), the exact times at which participants re-
ceived notifications to answer their momentary affect ques-
tions were personalized based on the availability of the per-
son in question.

In total, 77 participants between the ages of 18-53 (M =
22.32 years, SD = 5.98) completed the study. Throughout the
entire study period six persons of the 83 initial sign-ups
dropped out. The remaining 77 participants had an average
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compliance rate of 78%. Most participants were students at-
tending Radboud University in Nijmegen, the Netherlands
(92%) and had a mean age of 22.21 (SD = 6.06, range 18-
53). Of these participants, 87% indicated that they identified
as female, 12% as male, and 1% as non-binary. An exclusion
criterium was that participants were only included if they
were not in psychiatric or psychological treatment at the start
of the study.

Of the 77 participants who completed the study, a subset
of 31 signed up for data-viewing sessions after the 60 days
EMA period. At this meeting, participants were able to view
their own submitted data in overviews reports created with
RMarkdown. This allowed participants to explore their data
together with the researchers and ask questions. The data
viewing conversations were primarily driven by what partic-
ipants would bring up spontaneously and in response to spe-
cific graphs in their overview report. An overview report
would feature graphs of the momentary affect time series
with various additional visualizations such as linear trends,
smoothed trends and changes between mean levels. In addi-
tion, graphs would illustrate the days of the 3 most negative
and 3 most positive events projected on the time series of
momentary affect. If the researchers noticed something they
found interesting, but that was not mentioned by the partici-
pant, they would ask the participant. The researchers aimed
to respond carefully and empathically to participants, being
sensitive to the personal and emotional topics that came up
in the conversations. The researchers avoided suggesting
causal interpretations of data patterns and emphasized the
descriptive and idiographic nature of participant’s graphs.
Participants were offered to receive their overview report as
a html file.

Participants in the Multiple Single-Case Study

Participants were considered for the current study if they
had high compliance on the EMA assessment (>=80%) and
participated in the data viewing session. Our general strategy
was to first identify cases of non-stationarity and outlying
values based on the affect time series and then use the daily
event data and the notes from the data viewing sessions to
evaluate a dynamic pattern perspective on these cases. For
participant E (see below), the strategy is different, because
we remembered her case vividly and we decided to include
her as an example of how experience and data may not align.
In case of non-stationarity, recursive partitioning (described
below) was used to classify stable levels and transitions be-
tween these levels (see figure 1 and 5). Recovery after out-
lying values was identified by visual inspection (see Figure
2-4).

We report first on one participant (participant A; a woman
in her early 20s) in our sample that showed clear non-
stationarity (potential pattern transitions) in her data, had
high compliance (80%) on the affect and the daily event
measures and spoke with us in the data viewing session.
There were no other participants with clear pattern
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transitions in the momentary affect data that we also spoke
with in the data viewing session. We further report on three
exemplar participants (participants B-D, a man is his late
teens and two women in their early 20s) who showed a clear
pattern of recovery from perturbation, had high compliance
(88% - 90%) in the affect and daily event measures and
spoke with us in the data viewing session. These exemplars
all show recovery after a perturbation, but with different tra-
jectories, which we interpret in relation to the daily events
and subjective experiences. To highlight that patterns in the
data did not always match participants’ experience, we also
included the counterexample of a participant (participant E,
a woman in her early 20s) who explained to us in the data
viewing session how her time series were not valid for a part
of the data collection period (compliance 88%). The median
time between the end of the EMA assessment and the data
viewing session for the 6 participants was 20 days (range 18-
31).

Recursive Partitioning

Pattern transitions in momentary affect were classified by
recursive partitioning, as used in previous studies (Olthof et
al., 2020; Olthof, Hasselman, Aas, et al., 2023). Recursive
partitioning seeks to optimally split a time series into seg-
ments that maximally differ from each other. We used the
function s _levels() in the R-package casnet, which in turn
calls the function rpart() from the rpart package, and used
ANOVAs to evaluate the splits. If the split leads to an R? in-
crease of .10, the split is included and the algorithm searches

Figure 1.
Affect dynamics of participant A.

for new optimal splits in the two segments. When the R’ in-
crease is smaller than .10, there will be no split. With this
method and criterion, a time series can thus be split into two
or more segments, but also have no split at all when the mean
and variance are stable. This is why pattern transitions as
identified with recursive partitioning are also indicative for
non-stationarity in mean and variance.

Results
Non-Stationarity as Pattern Transition

Figure 1 shows the momentary affect time series of par-
ticipant A. The red line shows three mean level patterns and
the two shifts between them as classified by recursive parti-
tioning. The time series unambiguously illustrate non-sta-
tionarity of the mean. The second shift was clearly related to
A’s experience. She indicated that she felt very different and
much more down from one day to another. She could not
think of any reason why this had happened; according to her
there was no clear environmental trigger. She found the first
shift interesting, telling us that she did not recall experienc-
ing a clear-cut shift there. For this shift it is thus unknown if
she experienced a pattern transition in affect, or whether she
started to use the measurement scale differently without be-
ing aware of it (Barta et al., 2012). During the data viewing
session that took place about 3 weeks after the data collec-
tion finished, she told us that she was still on the ‘third level
of her graph’, or perhaps on an ‘even lower (fourth) one’,
and was starting psychotherapy.
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Outlier as Perturbation

Figure 2-4 show the momentary affect time series for par-
ticipants B, C, and D. Participant B had two clear negative
outlying values, which coincided with two negative events
which he rated as most intense. For the first negative outlier,
he reported having watched a sad television series. One can
see that his affect recovers quickly within the interval to the
next measurement point. At the second negative outlier, he
reported that he had abdominal pains and had slept badly.
Here, he recovers over the course of about 5 assessment to a
more stable dynamic pattern, albeit characterized by slightly
lower positive affect than the previous pattern. At the end of

data collection, he appears to have reached his previous level
of positive affect again.

Participant C told us that at the outlying value at the end
of the time series a close relative of her partner deceased.
She told us that it took her about a week to recover to some
extent, which one can also see in the graph.

Participant D became ill at the negative outlying value and
she told us that it took quite some time to recover for her.
Indeed, one can see that she slowly recovered over the course
of weeks to a stable level of relatively high positive affect.
She was not aware of these relatively high scores at the end
of her data collection. She was happy to see her data over-
view report and took the data pattern as an indicator that she
recovered well.

Figure 2.
Affect dynamics of participant B
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Counter Example: When Data and Experience do not
Align

In the data viewing session, participant E warned us that
her time series were not representative for her affect at the
end of the study period. In the later part of the data collection
she had felt less positive than before. She told us that not her
scores, but the way in which she scored was indicative of her
affect. When feeling less positive, she always scored ‘a bit
medium’, with low variability in her scores. Hence, the low
variability in the later part of the data collection actually

Figure 5.

indicates more negative affect, according to the participant.
Interestingly, at the point where her affect scores get less var-
iable and she feels less well, the recursive partitioning algo-
rithm showed a possible shift towards higher positive affect
(Figure 5). Without the data viewing session, we could thus
have falsely interpreted this as a transition towards more pos-
itive affect. Participant E did not give consent to publish her
affect dynamics time series. Instead, we simulated data to il-
lustrate this kind of pattern (Figure 5; note that the pattern
transition was identified in the real data).

Simulated affect dynamics illustrating the data pattern of participant E.
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Note. This simulated data differs from the affect dynamics of participant E in terms of values, timing of the regime change and outlying

values. The ranges of the two regimes (high variability and low variab

Discussion

The exemplar cases in this study show that non-
stationarity and outliers, often considered methodological
problems from a statistical perspective, can signal pattern
transitions, perturbations and recovery, which are highly re-
levant processes in a dynamic pattern view on affect dynam-
ics. Participant A experienced a pattern transition towards
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ility) are similar for a clear illustration of the scenario.

feeling more down which eventually made her seek psycho-
therapeutic help. She felt more down from one day to another
and could not identify a clear cause for this transition. From
a dynamic pattern view, we can further investigate this
change process by evaluating different transition mecha-
nisms (Cui et al., 2024; Hulsmans et al., 2024). For instance,
in an event-induced transition, we would have expected to
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find a strong event as cause of the transition. The finding that
such an event was absent in this case points to a bifurcation-
induced transition, where a mixture of processes had made
the previous (more positive) affective pattern unstable (Olt-
hof, Hasselman, Oude Maatman, et al., 2023). When there is
such instability, very minor events can function as ‘the straw
that broke the camel’s back’. A bifurcation mechanism is
thus a possible explanation for how such a sudden and large
transition in affect can appear in the absence of a strong en-
vironmental trigger.

Participant B, C and D all exhibited recovery after pertur-
bation, but at different paces and with different perturbations.
Participant B felt temporarily more negative after watching
asad TV series but recovered within hours. Later, participant
B experienced abdominal pains and a night of bad sleep,
from which it took about a day to recover to some extent and
then a few days more to bounce back to his previous level of
positive affect. Participant C had to deal with the tragic loss
of a close relative of her partner, from which she partly re-
covered over the course of a week. Participant D had an ill-
ness from which it took multiple weeks to recover. Interest-
ingly, this participant did not recover to the pre-illness pat-
tern but seemed to reach a whole different pattern of rela-
tively high positive affect ratings.

The examples of participants B, C and D show that outly-
ing values can be related to events that temporarily drive per-
sons away from their current affective pattern. The recovery
that often follows such perturbations illustrates the resilience
of the affective patterns, which we can understand from
complex systems theory by the notion of attractors. Attrac-
tors are dynamic patterns that a system keeps being ‘pulled
towards’, even when the patterns are perturbed. For example,
when there is an attractor of relatively positive affect, a per-
son can experience momentary sadness (for example after
watching a sad TV series, like participant B did), but will
rather quickly return to the attractor again. Recovery times
can therefore be informative about attractor strength: the
faster one recovers from a perturbation, the stronger the at-
tractor may be. For healthy attractors, the attractor strength
is considered positive and related to the concept of resilience,
while for psychopathological attractors, the attractor
strength is part of the problem and can make people ‘stuck’
(Hayes et al., 2007; Olthof, Hasselman, Oude Maatman, et
al., 2023; Schiepek et al., 2016).

It is, however, crucial to realize that recovery times are
also related to the nature of the perturbations. Of course, one
generally recovers faster from watching a sad TV series than
from the loss of a family member. It is only in experimental
settings, where one can provide controlled perturbations that
one can learn something about the current resilience of a dy-
namic pattern (Thelen et al., 1991). Also, natural perturba-
tions that are somewhat controlled, such as the moment
when students receive their exam grades, may be used to
study resilience processes (Baretta et al., 2023; Kalokerinos
et al., 2023). But again, it is important to be cautious, as the
same controlled perturbations may be experienced differ-
ently by different individuals and are thus only informative
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about specific forms of resilience (resilience to that specific
perturbation). For example, an exam may be more perturbing
(stressful) for person A than for person B, while for person
B a visit from their parents-in-law may be more perturbing
(stressful) than it is for person A.

A last issue to discuss is that persons not always return to
the same attractor after perturbation but can also transition
towards a different one. Indeed, our cases also show that re-
covery does not necessarily result in the same dynamic pat-
tern as one had before (for example in participant D). This
illustrates the importance of post-stressor change (Hill et al.,
2024), besides recovery. Post-stressor change describes how
the developmental trajectory of an individual may be
changed in the long run by the perturbation. Hill et al. (2024)
discuss the example that repeated exercise perturbs the mus-
cles, which does not only lead to muscle recovery, but to
growth. Post-stressor change can also be undesirable, for ex-
ample in the case of post-traumatic stress, where specific
perturbations have a long-lasting negative effect on a person.

While we contrasted a dynamic pattern perspective with a
statistical perspective on EMA time series, it is important to
realize that a dynamic pattern perspective is not necessarily
incompatible with statistical methods. In fact, the recursive
partitioning method that we used in this paper is based on
statistical methods such as regression trees and ANOVA.
Thus, also from a dynamic pattern perspective, it is exciting
to see many novel developments in longitudinal statistical
methods that are moving beyond stationary time series mod-
els such as change point analyses, time-varying models, hid-
den Markov models and more (e.g., Bringmann et al., 2017;
Grip & Bergman, 2016; Hamaker et al., 2016). Whether re-
search enacts a dynamic pattern perspective or a statistical
perspective is not necessarily defined by specific methods,
but by the assumptions researchers make (e.g., stationarity)
and how they interpret results (i.e., as revealing time invari-
ant properties of persons vs. as descriptions of processes).
Central to this differentiation is how researchers approach
the very notion of (time-varying) within-person variability:
as noise or as process (Hasselman, 2023; Van Geert & Van
Dijk, 2002; Van Geert & De Ruiter, 2022).

Strengths and Limitations

A key strength of this study is the triangulation of EMA
data, daily context measures and notes from the data viewing
session to validate pattern transitions and recovery from per-
turbation. The daily context measures gave information
about important events, thereby providing a fine-grained
measure of perturbations. The data viewing sessions have
proven to be crucial for valid interpretation of the EMA data
(see also; De Smet et al., 2024; Truijens et al., 2021). Our
participant E illustrates this point as her data and experience
did not align and even showed opposite patterns (when the
data stabilize at increased positive affect, she experiences
decreased positive affect).

For the pattern transitions, the qualitative information that
we got out of the data viewing sessions is very valuable from
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a complex systems theory point of view. Even the most fun-
damental transition theories in physics highlight that a pat-
tern transition is first and foremost a qualitative shift in the
behavior of a system (Haken, 1983). For instance, when lig-
uid water transitions into ice, it is not only the order of the
system that changes (which can be depicted in a time series
of entropy values), but the qualities of the system change as
well: ice has the quality that one may stand on it (when
strong enough), while liquid water has totally different qual-
ities (it can flow). In the case of affect transitions, complex-
ity theory thus does not only predict a change in affect scores,
but also a different quality in experience of affect, which we
can best approach with qualitative data and methodology
(see also, Schiepek et al., 2016).

In that respect, it is important to note that although we per-
formed a very basic interpretative analysis of the text and
conversation data, this study lacks the qualitative richness of
a full mixed-methods approach (Hesse-Biber, 2010). While
the current study is well-suited to examine our key hypothe-
ses surrounding transitions and resilience in EMA, more in-
terpretative work remains to be done in EMA research (De
Smet, 2024). For example, mixed-methods research can also
be used to study how participants use measurement scales
(e.g., with think aloud protocols), how they come to certain
answers and how they relate meaningfully to their own EMA
data, for instance in terms of narrative identity, which all
may contribute to a richer understanding of the phenomena
of pattern transitions and resilience as well.

A limitation of this study is that it cannot shed light on the
relative frequencies by which pattern transitions and recov-
ery after perturbation are expected to occur in an EMA da-
taset. As a multiple case study, our aim was to study whether
certain phenomena exist, but not how often they take place.
This also means that we do not make any generalized claim
that every instance of non-stationarity signals pattern transi-
tions nor that every outlying value presents a meaningful
perturbation that allows for studying recovery processes.
However, we do pose that one cannot safely assume that
non-stationarity and outlying values are simply uninforma-
tive sources of noise that should be corrected for, as one
tends to do from a purely statistical perspective. As pattern
transitions and recovery after perturbation are generic phe-
nomena in all living systems (e.g., Scheffer et al., 2018), we
would be very surprised if other EMA datasets do not contain
them.

Conclusion

This study illustrates that it is indeed ‘the theory that de-
cides what we observe’ when we use EMA as a ‘window into
a person’s life’. Where probability theory sees non-station-
arity and outliers, complex systems theory sees pattern tran-
sitions and recovery from perturbations. In this study, we il-
lustrated some exemplars in which further evidence for pat-
tern transitions and recovery from perturbation was found in
context measures and data viewing sessions. These findings
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show that person-oriented EMA research would benefit from
broadening its scope beyond the statistical perspective and
use a dynamic pattern perspective to identify highly mean-
ingful and clinically relevant phenomena that are otherwise
at risk of being missed. Complementing time series with
contextual information and qualitative data will be essential
to genuinely understand these phenomena.
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