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Abstract

Background: A person’s ability to adapt to a given context is a critical determinant of mental
health and psychopathology, which has been redefined by network approaches and Ecological
Momentary Assessment (EMA). This study examined whether including adaptive processes in
EMA enhances the informational value of idiographic network models.

Method: Forty-five university students participated in a multi-week EMA protocol assessing
psychological dimensions using bipolar visual analogue scales ranging from maladaptive to
adaptive. Participants were randomly assigned to two groups: one assessed only maladaptive
processes; the other included both maladaptive and adaptive processes.

Results: Network analyses indicated higher density and connectivity in the adaptive-maladaptive
group, as well as significantly reduced floor effects across all variables. Greater response dispersion
was associated with more differentiated network structures. Motivation emerged as the most
central node across conditions, highlighting its relevance as a transdiagnostic treatment target.
Cognitive processing showed strong associations with other variables, underlining its clinical
importance.

Conclusion: The findings suggest that incorporating adaptive dimensions into EMA facilitates a
more comprehensive understanding of psychological functioning and improves the interpretability
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of idiographic models. The study represents an initial feasibility investigation and a basis for
further investigations in clinical practice.

Keywords

ecological momentary assessment, case conceptualization, maladaptive psychological processes, adaptive
psychological processes, network approach

Highlights

« Adaptive processes enrich EMA data by increasing response variability and network
connectivity.

+ Adaptive processes enhance EMA data, reducing floor effects and revealing
psychological dynamics.

« Assessing motivational processes appears beneficial for enhancing psychological
functioning.

« Targeting cognitive processes in EMA seems effective in promoting adaptive
functioning.

Case conceptualization plays a crucial role in treatment planning, since it offers a
context-sensitive, yet concise model of the client’s functioning and helps to identify rele-
vant treatment targets along with appropriate assessment methods (Gilboa-Schechtman,
2024). Usually, retrospective reports are used as the primary source of information.
However, they may be affected by a number of biases, e.g., overestimation of frequency
and intensity of symptoms (Van den Bergh & Walentynowicz, 2016). Ecological Momen-
tary Assessments (EMA) offer a potential solution to these limitations of retrospective
self-reports. By collecting data in real time in people's everyday lives, EMA enables the
capture of detailed information about the dynamics of psychological processes, including
emotions, cognitions, and behaviors (Shiffman et al., 2008).

Recent advances in dynamic network analysis have provided a new perspective on
using EMA data for treatment planning (Hayes et al., 2019). An increasing number
of studies have provided evidence that dynamic network analyses may significantly
enhance treatment planning by creating an idiographic dynamic model of the patient’s
problem based on EMA data (Burger et al., 2020; Frumkin et al., 2021; Roefs et al., 2022;
Rubel et al., 2018).

However, it is not yet clear how to select variables to provide a valid idiographic
conceptualization of the patient’s problem. Many studies use symptom items based on di-
agnostic criteria or standardized psychometric instruments for EMA assessment (Cusack
et al., 2024), thereby adopting a nomothetic approach, which may not be appropriate for
the individual processes of the patient (Beltz et al., 2016).

As an alternative, the dynamic network approach advocates an idiographic view of
psychological processes as interacting nodes of an individual network (Borsboom, 2017).
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While the dynamic network emphasizes causal relations and feedback loops within
psychological systems, where certain nodes/symptoms activate others, the Extended
Evolutionary Meta Model (Hayes et al., 2020) highlights the adaptiveness of human
behavior and psychological functioning. An integration of both theories is provided by
the Adaptive Process-Based Network Model (APNM), which postulates that adaptation
results from the self-regulation and interaction of psychological processes conceptualized
as nodes of an individual network. These processes can be described on the six core
dimensions of cognition, emotion, physiology, behavior, cognitive processing, and moti-
vation. The dimensions can be assessed in relation to a specific context using questions
such as:

“How did I feel?” (e.g., sad vs. happy), “How was my body sensation?” (e.g., restless
vs. calm), “How were my thoughts?” (e.g., ,My life is hopeless.” vs. ,I can influence my
life in a direction that I feel good about”), “How was my behavior?” (e.g., approaching
vs. avoidance), “How was my inner cognitive processing?” (e.g., ruminating vs. attentive),
and “What motivational goal did I have in the situation?” (e.g., avoidance of failure
vs. striving for appreciation). The resulting psychological networks may be adaptive or
maladaptive depending on the context (see Figure 1).

Figure 1

The Adaptive Process-Based Network Model (APNM)

-y

Context I

——=

D

)
)

Behavior Motivation

Cognitiv
rocessin,

)¢
PSR’

Cognition hysiology

C
@

Emotion

C

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 4

In emotional disorders, maladaptation to the environment is also influenced by dis-
torted cognitive processing. For instance, memory and attentional biases play a key
role in the development and maintenance of emotional disorders (Cisler & Koster, 2010;
Everaert et al., 2020; Phelps & Hofmann, 2019).

Although the reliability of measures used to assess cognitive processing in clinical
practice remains questionable (Rodebaugh et al., 2016), treatment approaches targeting
cognitive processes have been suggested to enhance therapeutic outcomes (e.g., Ehlers
et al., 2012; Hvenegaard et al., 2020; Schreiber et al., 2015). In addition, research in neu-
rocognitive science provides strong evidence for the substantial impact of motivational
mechanisms on cognitive processing, emotions, and behavior (Braver et al., 2014). For
instance, reward motivation has a robust influence on improving proactive cognitive
control of goal-oriented behavior (Chiew & Braver, 2014). Furthermore, neurocognitive
research has shown that motivational processes such as reduced reward responsiveness,
via neural circuits, profoundly affect behavior and mental health problems like depres-
sion (Nestler, 2015).

Whereas psychological treatments have traditionally focused on maladaptive, psycho-
pathological processes, defining “positive” and adaptive dimensions has become increas-
ingly important in establishing treatment goals (Epton et al., 2017).

Thus, within a network approach to case conceptualization, it may be beneficial
to specify not only maladaptive, but also adaptive poles of the dimensions relevant
to the individual patient. Therefore, a dynamic network model may facilitate patient en-
gagement in change processes, enhancing motivation to adopt the desired psychological
processes and behaviors (Locke & Latham, 2002). So far, however, this approach has not
yet been applied in the context of EMA. When applying continuous rating scales in EMA,
however, it is important to consider potential psychometric issues such as floor effects.

In the evaluation of self-report measures, floor effects can limit sensitivity to detect
variation at the lower end of the scale. A floor effect occurs when a substantial propor-
tion of responses cluster at the lower bound, suggesting that the scale may not adequate-
ly capture lower levels of the construct of interest (de Vet et al., 2011; Terwee et al.,
2007). This issue is particularly relevant in EMA contexts, where continuous scales (e.g.,
0-100) are commonly used, and dynamic variation is critical for model interpretability. A
floor effect is typically considered relevant when responses fall at or near the minimum
score. For this study, we defined the floor range as the lowest 10% of the scale (i.e.,
values = 10), allowing us to quantify and compare the prevalence of floor effects across
experimental groups. This operationalization balances empirical convention with the
specific characteristics of EMA data and continuous response formats.

In the present study, we investigated the feasibility of assessing maladaptive and
adaptive psychological processes in an analogue sample of university students. We hy-
pothesized that the inclusion of adaptive processes can be successfully implemented
in EMA data used to calculate dynamic network models. Specifically, this approach is
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expected to provide a more holistic view of an individual’s experiences and associated
processes compared to models based solely on maladaptive processes. A recent study by
Nemani et al. (2025) provides evidence that the choice of bipolar versus unipolar scales
in EMA significantly impacts the structural complexity of network models. The findings
indicate that bipolar scaling captures a wider range of emotional and cognitive states,

as participants are less likely to choose a neutral “0” response. This allows for a more
detailed and accurate picture of psychological processes.

Previous research on emotion regulation and its impact on emotional experience
suggests that the simultaneous assessment of both adaptive and maladaptive dimensions
using EMA can reveal more nuanced patterns (De la Barrera et al., 2024; Short et al.,
2018).

Building on these results, the present study examines how overall the variability in
response distributions affects the density and connectivity of psychological networks.
We hypothesize that network density will be greater when both maladaptive and adap-
tive processes are assessed, compared to when only maladaptive processes are consid-
ered.

Given that motivational schemas — as described above - control behavior and infor-
mation processing, we hypothesize that motivational processes - ranging along a contin-
uum from approach to avoidance - play a central role in understanding both maladaptive
and adaptive psychological functioning and are characterized by a high degree of influ-
ence on other variables which is manifested by strong outgoing edges to other nodes
in a dynamic network model. Furthermore, we propose that cognitive processing, due
to its well-documented associations with a variety of psychological variables, represents
another crucial node in dynamic networks of interconnected psychological processes, as
indicated by strong associations with the other variables.

Method

Participants

Of the 50 individuals initially recruited, five participants discontinued the study before or
during the EMA phase. The dropout reasons were not systematically recorded. The final
sample consisted of 45 students from German universities who volunteered to participate
in exchange for a small monetary compensation and the opportunity to gain experience
with smartphone-assisted self-monitoring. Recruitment occurred via social media and
digital flyers. By providing informed consent, participants confirmed that they were
currently enrolled as university students and had access to a smartphone suitable for
completing daily assessments. Participants ranged in age from 21 to 40 years (M = 25.19,
SD = 4.65). The majority of the sample identified as female (73.6%), and over half (55.3%)
were enrolled in psychology programs.
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Procedures

Participants received an email with a QR code to set up the EMA application and a
questionnaire to identify dimensions of a personally relevant problem experienced in
daily life. Participants collected data between October 2023 and January 2024 using the
Vacay Status-PBT app [Mobile app] for iOS and Android (Vacay GmbH, 2020).

Participants were instructed to complete three daily assessments, each lasting about
two minutes. They received at fixed times three prompts per day — 6 am, 12 pm, 6 pm.
Each survey consisted of seven questions, with each question relating to one of the
seven domains: emotion, cognition, situation, cognitive processing, motivation, bodily
response, and behavior.

Participants were randomly assigned to one of two conditions: one group (n = 23)
specified maladaptive aspects and processes related to their identified problem, while
the other group (n = 22) also specified corresponding adaptive, desirable processes. For
the group that assessed maladaptive and adaptive dimensions, each question pertained
solely to the specific process under investigation. For example: “How did I feel?” or “How
was my body sensation?”. The items were arranged with two opposing poles placed at
either end and a movable slider in between. The left pole represented the maladaptive
expression of the process, while the right pole represented its adaptive form. As the
slider was adjusted, numerical values appeared: moving it toward the maladaptive pole
produced values from 0 to —100, while moving it toward the adaptive pole produced
values from 0 to +100. Figure 2 shows how this was displayed in the app.

For the group that assessed maladaptive dimensions only, questions contained the
participant’s self-defined expression of the respective process. For example, if the indi-
vidually defined feeling was “sad,” the corresponding question was: “How sad did I feel?”
(Figure 3).

Participants were given substantial flexibility in the selection of anchors. For clar-
ification and support in finding suitable descriptions for individual processes, they
were given a questionnaire with examples of each domain available in Supplementary
Material A.

Based on questionnaire responses, the research team programmed individualized
EMA items in the app. Participants then began the EMA phase and were informed that
they could request modifications to any item they felt did not accurately reflect their
experience. This implied rewording items but also replacing predefined items with more
appropriate ones. However, the project team took care that semantic-logical opposites
of the condition-specific aspects were chosen, while also accounting for the subjectively
perceived significance in the linguistic formulation. In cases where participants experi-
enced difficulties, the issues were addressed through telephone consultations. The daily
EMA protocol began with a situational anchoring item: “How similar was the current,
objective situation to my problem situation?” followed by brief prompts assessing the
seven identified dimensions (see Appendix A1 for the maladaptive group and Appendix
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A2 for the maladaptive-adaptive group), each rated using a visual analog scale. The
length of the EMA phase was approximately five weeks on average but varied between
participants and depended on the number of missings. In the maladaptive group, they
participated on average for 42 days (SD = 8.74) and missed 18% of the beeps. In the
maladaptive-adaptive group, they took part on average for 41 days (SD = 5.19) and
missed 17% of the beeps. During the EMA phase, participants completed around 100
assessments (on average, 94 assessments in the maladaptive group and, depending on
the variable 98/99 in the maladaptive-adaptive group) — aligning with prior research
recommendations for idiographic modeling (Epskamp et al., 2018). During the EMA
phase, the study team monitored participant entries. However, as monitoring was not
performed daily, minor variations in the total number of measurement points occurred.
Participants did not receive feedback and had no access to self-monitoring features.
The final evaluation yielded a total of 4363 EMA observations across all participants.

Figure 2

Example of an Individualized Item Assessing the Adaptive and
Maladaptive Dimension of Emotion

How did I feel?

Please move the slider to a point on the following
scale that best describes your feeling and its
severity/intensity.

sad cheerful
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Figure 3

Example of the Individualized Item Assessing Only the Maladaptive
Dimension of Emotion

How sad did I feel?

Please move the slider to a point on the following
scale that best describes your feeling and its
severity/intensity.

70

0 100

Data Analysis

In order to evaluate the added value of including adaptive processes on a temporal
group level, multilevel vector autoregressive (mlVAR) models were calculated. For the
purpose of this study, we focused on the fixed-effect temporal networks (using a lag-1
approach) to model the average temporal relationships within individuals. The associ-
ations between variables (“nodes”) will be referred to as “edges”, with a blue edge
indicating a positive association and a red edge a negative association. As a measure of
relative importance, outStrength refers to the sum of the weights of all outgoing edges
from a specific node. InStrength refers to the sum of the weights of all incoming edges to
a specific node, representing how strongly that node is influenced by other nodes.

The main data analysis was conducted using the mIVAR package (Version 0.5.2;
Epskamp et al., 2024) within RStudio (Version 2024.04.2, Posit Team). Prior to analysis,
important preprocessing steps included the removal of the linear time trends through
detrending and the handling of missing data using the Kalman filter (function na_kal-
man) from the imputeTS package (Version 3.3; Moritz & Bartz-Beielstein, 2017). For each
participant and each variable, missing data were below 40%.
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Results
Descriptive Statistics

Descriptive statistics for both groups are summarized in Table 1. The maladaptive group
showed mean scores ranging from 38.64 (Behaviour) to 49.17 (Motivation), with standard
deviations around 29 to 32, indicating moderate within-group variability. The maladap-
tive-adaptive group exhibited scores centered closer to zero across most domains, with
notably higher variability (SD mostly > 50), reflecting a more diverse range of responses.
The broader scale range (-100 to +100) for the maladaptive-adaptive group compared to
the restricted positive range (zero to 100) for the maladaptive group further highlights
the distinct response patterns between groups. Intraclass correlation coefficients (ICCs)
calculated quantified the proportion of variance attributable to stable between-person
differences across psychological domains (Siepe et al., 2025). The maladaptive group
showed a mean ICC of .389 (SD = 0.05), with values ranging from .319 (Behaviour) to
0.465 (Body Response). The maladaptive-adaptive group demonstrated a slightly lower
mean ICC of .340 (SD = 0.05), with the highest stability observed for Situation (.445)

and lowest for Cognitive Processing (.289). These moderate ICC values indicate that
approximately 34 to 39% of total variance stems from consistent individual differences,
while the majority (666%) reflects within-person fluctuation.

Table 1

Summary of Descriptive Statistics for Items by Group

Group Item M SD Mdn Min Max N

1 Behaviour 38.64 31.34 31.82 0 100 2069
1 Body Response 45.65 31.80 45.04 0 100 2068
1 Cognition 40.57 30.01 35.00 0 100 2069
1 Emotion 40.77 29.26 35.00 0 100 2068
1 Motivation 49.17 32.45 57.00 0 100 2068
1 Cognitive Processing 45.98 30.40 45.00 0 100 2069
1 Situation 49.13 30.78 57.00 0 100 2071
2 Behaviour -0.36 53.00 0.00 -100 100 2287
2 Body Response 0.35 55.80 -6.20 -100 100 2286
2 Cognition -5.45 54.27 -15.45 -100 100 2288
2 Emotion -1.34 51.95 -9.70 -100 100 2288
2 Motivation -1.02 54.92 -6.60 -100 100 2283
2 Cognitive Processing 0.54 56.14 0.00 -100 100 2287
2 Situation 45.04 36.99 50.00 -100 100 2246

Note. Group 1 = Maladaptive (n = 23) with raw scores (zero to 100); Group 2 = Maladaptive Adaptive (n = 22)
with standardized scores (-100 to 100). SD = Standard Deviation; N = total number of participants. Chi-square
tests were used to compare groups.
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To examine potential multicollinearity and node redundancy, zero-order correlation ma-
trices among the seven key domains were calculated for each group. In the maladaptive
group, correlations ranged from r = .33 to r = .74, indicating moderate associations but
also sufficient distinction among nodes. For the maladaptive-adaptive group, correlations
spanned from approximately r = -.54 to r = .81.

Network Analysis of EMA Variables

The data was analyzed separately for each group: a group of participants which exclu-
sively recorded maladaptive processes and the other group that assessed maladaptive and
adaptive processes. Between-person networks, reflecting trait-like associations among
participant averages, are presented in Supplementary Material B in Figure 1 and Figure 2.

Fixed Effects Temporal Networks (Maladaptive/Maladaptive-Adaptive)

Figures 4 and 5 show the results of the two fixed effects temporal networks — Figure 4
for the group with exclusively maladaptive networks and Figure 5 for the group with
maladaptive and adaptive processes.

Density

In the fixed-effect temporal maladaptive network, 14% of all possible edges were present,
compared to 27% in the adaptive-maladaptive network. While some nodes in the average
maladaptive network remained isolated, all nodes in the adaptive network were intercon-
nected.

In Figure 4, which depicts the average temporal network of the maladaptive group,
the Emotion node exhibits no temporal associations with any other variables. Most of the
remaining nodes display only auto-temporal associations. Notably, the only cross-varia-
ble temporal link is a positive association from Motivation to Behavior, suggesting that,
on average, motivation temporally predicts subsequent behavior across measurement
points.

In Figure 5, which presents the average temporal network of the maladaptive-adap-
tive group, two interconnected subsystems emerge. In the first, Cognition is positively
associated with Emotion. In the second, Motivation appears to initiate adaptive cascades,
showing positive temporal associations with both Behavior and Cognitive Processing.
Cognitive Processing, in turn, is negatively linked to Situation and positively associated
with Behavior, which then shows a positive temporal connection to Body Response.
Additionally, all nodes in the network display autoregressive loops. These reflect that
each construct’s state at one time point significantly predicts its own state at the next,
demonstrating temporal consistency within that psychological dimension. Notably, in an
idiographic network model with bipolar scaling, the network structure alone does not
reveal which variable manifestations influence each other over time. To determine this,
the individual values must be examined.
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Figure 4

Fixed Effects Temporal Network, Maladaptive Processes

0.11

Body_response Cognition

Cognitive_Processing

Note. Thickness of the autoregressive loops indicates self-influence strength. Thickness of the arrow indicates
association strength. Arrowheads indicate the direction of the association between nodes (outStrength or
inStrength). Arrow colour indicates whether the association is positive (blue) or negative (red). Higher colour
saturation indicates a stronger association.

The estimation of the fixed effects temporal networks showed Motivation had the highest
outStrength in both groups, which agrees with our hypothesis that motivation strongly
impacts other psychological processes and should be targeted. The highest inStrength is
in Behavior (see Table 2).

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 12

Figure 5

Fixed Effects Temporal Network, Maladaptive — Adaptive Processes

0.22

Motivation

-0.05

Body_response Cognition

Cognitive_Processing Behaviour

Note. Thickness of the autoregressive loops indicates self-influence strength. Thickness of the arrow indicates
association strength. Arrowheads indicate the direction of the association between nodes (outStrength or
inStrength). Arrow colour indicates whether the association is positive (blue) or negative (red). Higher colour
saturation indicates a stronger association.

Response Distribution and Its Impact on the Network Structure

To ensure comparability across groups and to examine potential differences in floor
effects, all bipolar scales ranging from —100 to +100 (used in the maladaptive-adaptive
group) were linearly rescaled to match the unipolar 0 to 100 formats employed in the
maladaptive only group. The transformation was linear, mapping -100 to zero, zero to 50,
and +100 to 100. Thus, both groups were expressed on the same 0 to 100 metrics, despite
the original difference in raw scale range. This transformation allowed for a uniform def-
inition of the lower 10% of the scale (< 10) as the operational threshold for floor effects
across all variables (Figure 6). We then analyzed response distributions across all scales
to assess whether more evenly distributed responses across the scale increased network
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density. Results revealed that participants in the adaptive-maladaptive group exhibited
a significantly more balanced response distribution compared to the maladaptive-only
group (p < .05) suggesting that the inclusion of adaptive processes encourages a broader
range of responses across the scale, rather than clustering at extreme values.

Table 2

OutStrength and inStrength of the Fixed Effects Temporal Network for Both Groups (Maladaptive; Maladaptive-
Adaptive)

Maladaptive (n = 22) Maladaptive — Adaptive (n = 23)
Variable outStrength total inStrength total outStrength total inStrength total
Situation 0.110 0.110 0.222 0.273
Emotion 0.000 0.000 0.134 0.267
Cognition 0.151 0.151 0.351 0.218
Behaviour 0.165 0.247 0.245 0.321
Cognitive Processing 0.145 0.145 0.323 0.297
Body Response 0.200 0.200 0.130 0.222
Motivation 0.266 0.185 0.423 0.230

Note. OutStrength = sum of the weights of all outgoing edges from a node; InStrength = sum of the weights of
all incoming edges to a node. Higher values indicate stronger connections.

Individuals with greater response dispersion exhibited higher network connectivity, indi-
cating that broader variability enables more nuanced psychological interconnections. By
contrast, those with narrow response distributions (i.e., excessive clustering in specific
scale regions) demonstrated lower network density, reinforcing the notion that response
flexibility enhances the structural integrity of network models. Adaptive-maladaptive
networks consistently exhibited significantly fewer floor responses across all variables
compared to maladaptive-only networks (Table 3). This indicates enhanced sensitivity
and greater response variability when adaptive processes are included in EMA assess-
ments. Chi-square tests revealed highly significant differences between groups (all p <
.001).
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Figure 6

Distribution of Data in the Two Groups Maladaptive and Adaptive-Maladaptive

Distribution of Emotion Distribution of Cognition
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Group 1 (0-100)
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Density

0.005
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0.000 0.000

Distribution of Body response Distribution of Motivation
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0.005 0.005
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°
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Value

Note. Group 1 = maladaptive-only group; Group 2 = maladaptive—adaptive group. Values in Group 2 were
linearly transformed from -100-0, 0-50, and 100-100 to a unipolar 0-100 scale to match the maladaptive-only
group. The dotted lines indicate the floor range (lowest 10% of the scale).

Table 3

Comparison of Floor Effects of the Maladaptive (n = 2,070) and Maladaptive-Adaptive (n = 2,287) Group

Maladaptive Maladaptive-Adaptive

Variable Floor count Floor percent Floor count Floor percent x2 P

Behavior 513 24.8% 145 6.34% 287.05 <.001
Body Response 407 19.7% 186 8.14% 122.02 <.001
Cognition 435 21.0% 179 7.82% 155.31 <.001
Emotion 402 19.4% 151 6.60% 160.40 <.001
Motivation 379 18.3% 155 6.79% 133.09 <.001
Cognitive Processing 348 16.8% 175 7.65% 85.55 <.001

Note. Chi-square tests were used to compare groups.
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Discussion

Building on previous studies on EMA (Mink et al., 2025; Nemani et al., 2025; Yim et al.,
2020), the present study demonstrates the feasibility of incorporating both maladaptive
and adaptive processes into the collection of EMA data for the calculation of idiographic
dynamic network models. The present study advances existing research on EMA as a
methodological approach to data collection and provides a foundation for subsequent
investigations in clinical populations. Future work could specifically evaluate its applic-
ability and utility for individualized case conceptualization as the implementation in
psychotherapeutic settings is theoretically useful but still lacking (Mink et al., 2025).

The findings provide evidence that including adaptive processes enhances the rich-
ness of EMA data, used in network analysis. For example, when assessing emotion exclu-
sively on maladaptive dimensions, emotional states lacked temporal stability and associa-
tions with other psychological processes, indicating that maladaptive emotion alone may
not sufficiently capture the dynamic interplay within individuals. Furthermore, increased
richness of EMA data is reflected by greater response dispersion and increased connec-
tivity between variables in the dynamic network model. This in turn contributes to a
deeper understanding of interrelationships among psychological processes and supports
our hypothesis that density is stronger when both maladaptive and adaptive processes
are assed.

It should be noted that in the present study, network density is operationalized as the
average absolute strength of temporal (lagged) connections and thus primarily reflects
the magnitude of direct interdependencies rather than network topology or functional
optimality. When networks predominantly capture maladaptive processes, higher density
may indicate increased vulnerability, as strongly coupled systems can be more sensitive
to external perturbations and show reduced flexibility (Borsboom, 2017). However, in
the present context, increased density is primarily interpreted as reflecting enhanced
response variability and reduced floor effects due to the inclusion of adaptive dimen-
sions, which facilitates the detection and interpretation of temporal associations. Because
density is based on absolute edge weights, it does not distinguish between stabilizing
and destabilizing dynamics, underscoring the need for cautious interpretation (Fried &
Cramer, 2017).

By incorporating adaptive processes, the narrow definition of well-being as merely
the absence of suffering is challenged, allowing for a more holistic understanding of an
individual's experiences (Joseph & Wood, 2010). This aligns with the growing acceptance
of a dimensional view on psychological processes and the idea that the severity of psy-
chopathology varies along a continuous spectrum (Clark et al., 2017; van Os et al., 2009).
Practically, adding adaptive processes in EMA, broadens the perspective on processes
relevant to everyday life. In our study, motivation emerged as the central node in both
groups, supporting our hypothesis of its high impact on other variables in a dynamic
network model.
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Thus, assessing approach motivation seems to be particularly important, as it may
enhance intrinsic motivation, which mediates links between clinical symptoms and social
functioning (Yamada et al., 2010) and drives behavior aimed at fulfilling psychological
needs (Ryan & Deci, 2000).

Memory, attention, and consciousness have been proposed as crucial components of
cognitive processing that significantly influence psychological functioning and mental
health (Becker et al., 2021; Knowles et al., 2016; Phelps & Hofmann, 2019). Several
dimensions of cognitive processing, such as concrete versus abstract thinking modes
and rumination (Watkins & Moulds, 2005), as well as emotion regulation strategies like
attentional deployment (McRae & Gross, 2020), have been linked to the development
of emotional disorders. In contrast, cognitive processing styles such as decentering and
mindful attention (Bernstein et al., 2015) have been proposed as adaptive responses to
distress and are considered key targets in various psychological treatment approaches,
including the Third Wave of CBT. Given that cognitive processes are fundamental to the
mechanisms maintaining psychological problems and symptoms, it has been proposed
that personalized clinical case formulation should address not only dysfunctional cogni-
tive content (e.g., beliefs and automatic thoughts), but also dysfunctional cognitive pro-
cesses (e.g. attentional biases; Dennis-Tiwary et al., 2019). However, due to their implicit
nature, the identification of memory and attentional processes often requires substantial
support, such as guidance from a therapist and intensive self-monitoring to recognize au-
tomatic patterns (Stefana et al., 2024). Therefore, the results of the present study support
efforts to incorporate cognitive processing as a potential target for enhancing adaptive
functioning within ecological momentary assessment frameworks by showing that cog-
nitive processing has connections to other variables in a dynamic network model. In the
present study, the connections are not particularly strong compared to others. Further
research is needed to explore potential underlying mechanisms. Incorporating measures
such as reflective functioning (Fonagy et al., 2016) could reveal whether interindividual
differences in data quality are moderated by the capacity to reflect on internal states
(Fonagy et al., 2016). In general, we recommend considering motivational processes as
well as cognitive processing when designing future research.

For decades, different therapy schools used different approaches to case conceptu-
alization. While in psychodynamic therapy the assessment of central psychodynamic
constructs is crucial (Luborsky et al., 1994), the SORCK model (Kanfer & Saslow, 1965)
is an established model for case conceptualization in behavior therapy. The transdiagnos-
tic approach is gaining increasing popularity, because it pushes traditional diagnostic
boundaries and offers a deeper understanding of the structure of psychological problems
(Dalgleish et al., 2020). The findings of our study, which support a more in-depth ex-
ploration using bipolar scales, align with the broader shift to a more comprehensive
understanding of interacting psychological processes. This approach can serve as a
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fundament for case conceptualization in the context of personalized psychotherapy, an
area of growing importance (Hayes et al., 2020; Huibers et al., 2021).

Nemani et al. (2025) demonstrated that bipolar scaling reduces zero inflation, our
findings suggest that overall response variability across the entire scale plays a critical
role in determining network connectivity. Specifically, the concentration of responses
in extreme boundary regions (e.g., zero to 10, 90 to 100, -10 to 0, -100 to -90) may con-
strain network formation, limiting meaningful interconnections between psychological
variables.

Our findings extend previous research by demonstrating that the additional assess-
ment of adaptive processes can reduce floor effects which are associated with restrictions
in the possibility to capture fluctuations in symptom ratings (Mestdagh et al., 2018)
and limited variance (Simkovic & Triuble, 2019). Since values at the lower bound can-
not decrease further (e.g., Fries et al., 2014; Simkovic & Trauble, 2019), floor effects
constrain the ability to detect longitudinal changes in the lower range of the scale. By
incorporating adaptive processes into the scale, overall variability is increased, thereby
reducing constraints on the detection of interconnections among psychological variables.
Our findings suggest examining both adaptive and maladaptive dimensions to gain a
comprehensive understanding of the interplay among psychological processes.

This study has several limitations that should be acknowledged. First of all, temporal
associations and node centrality metrics derived from network analyses represent statis-
tical dependencies rather than causal effects. Therefore, conclusions about mechanisms
should be made with caution. Network analysis conceptualizes psychological phenom-
ena as systems of interacting symptoms or variables rather than manifestations of a
single latent construct (Bastiaansen et al., 2020). One the one hand, this approach allows
researchers to explore direct relationships among variables, identify central nodes, and
detect possible pathways of change, offering insights for both theory and intervention
(Bringmann et al., 2019). On the other hand, the method faces important limitations,
particularly regarding the stability and replicability of estimated networks, which may
vary with sample size, measurement error, and analytic choices (Hevey, 2018). As the ro-
bustness of the estimated networks was not systematically evaluated, the interpretation
of the findings should pay attention to this fact.

In addition, adaptive and maladaptive processes were assessed in relation to the
specific context in which the problem typically arises. This approach aligns with research
showing coping effectiveness depends strongly on context (Cheng, 2001; Cole et al., 1994;
Gross, 1998, Kalokerinos et al., 2017). However, this context-specific focus also limits the
generalizability of our findings. Bonanno (2021) argues that psychological flexibility -
the ability to select the most appropriate coping strategy based on situational demands -
is a key factor in successfully coping with stressful events. This perspective may be espe-
cially relevant for EMA, where focusing on flexibility over rigid maladaptive—adaptive
distinctions could offer more nuanced insights.
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Furthermore, the sample primarily consisted of female university students, resulting
in both a gender imbalance and limited demographic diversity.

Additionally, the relatively small sample size (N = 45), although comparable to fea-
sibility samples in EMA research, may limit statistical power to detect subtle group
differences in multilevel vector autoregressive modeling. Future research should aim to
replicate these findings in larger samples, with a more balanced gender distribution and
diverse educational backgrounds.

Another limitation concerns the method of participant recruitment: individuals vol-
unteered to participate and were given the opportunity to engage in smartphone-based
self observation which may have introduced a bias, as participants were likely already in-
terested in using ecological momentary assessment (EMA) tools which may not represent
clinical populations.

Furthermore, an important limitation of the study is the reliance on self-report meas-
ures, which may be influenced by social desirability or lack of awareness.

Additionally, given the relatively young and tech-savvy nature of the sample, the
ease of smartphone use observed in this study may not be representative of other
populations, potentially limiting the applicability of these findings to broader groups. A
further limitation is the lack of procedures to identify or address careless responding in
EMA, which may add noise and reduce the accuracy and interpretability of the dynamic
network models.

Another limitation is the uncertainty associated with centrality estimates derived
from mIVAR models. The complexity of multilevel temporal modeling combined with
our relatively small sample size and the variability inherent in EMA data contribute
to potential imprecision. As a result, while motivation appeared as a central node, the
robustness of this finding remains uncertain. Future research employing bootstrap-based
stability analyses is needed to strengthen conclusions about key intervention targets.

Moreover, as our sample consisted of non-clinical university students, reduced floor
effects may partly reflect lower baseline symptom severity and greater variability in
adaptive functioning in this population. Replication in clinical samples is needed to
determine whether including adaptive processes in EMA vyields the same benefits under
higher symptom burden and lower functioning.

Finally, the use of different scale formats: zero to 100 in the maladaptive group
and -100 to +100 in the maladaptive—adaptive group is another limitation. Although
responses were linearly rescaled for comparability, the interpretation of the anchors and
the understanding of the midpoint of the scale, which may not consistently reflect a true
“neutral” state, may vary. This interpretative variability could introduce noise or bias in
the data, potentially affecting the observed differences between the two groups. Future
studies should standardize formats to rule out this source of bias.

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://www.psychopen.eu/

Hufschmidt, Ebert, Nemani et al. 19

Funding: This work was supported by the Hessische Ministerium fiir Wissenschaft und Kunst (as part of the
LOEWE Spitzenprofessur), and the DYNAMIC center, funded by the LOEWE program of the Hessian Ministry of
Science and Arts (Grant Number: LOEWE1/16/519/03/09.001(0009)/98).

Acknowledgments: The authors have no additional (i.e., non-financial) support to report.

Competing Interests: The authors declare that there is no conflict of interest regarding the publication of this
article. None of the authors have any financial, personal, or professional relationships that could be perceived as
influencing the research presented in this study. Dr. Hofmann receives financial support from the Alexander von
Humboldt Foundation (as part of the Alexander von Humboldt Professur), and the Deutsche Forschungsgemeinschaft

(DFG, German Research Foundation) — Project-ID 521379614 — TRR 393SFB/Transregio 393.

Ethics Statement: Informed consent was obtained from all participants included in the study. All procedures in
studies involving human participants were performed in accordance with the ethical standards of the institution’s
Human Research Ethics Committee of the Faculty of Psychology and Sports Science at the Johann-Wolfgang-Goethe

University Frankfurt.

Preregistration: Due to the small size the study was not submitted to a preregistration platform.

Reporting Guidelines: The study adheres to the JARS-Quant Guidelines of the American Psychological

Association.

Declaration of Generative Al and Al-Assisted Technologies in the Writing Process: During the preparation of
this work, the authors used ChatGPT-40 and DeepL Write in order to improve the style and grammar of the final
manuscript. After using this tool/service, the authors reviewed and edited the content as needed and took full

responsibility for the content of the publication.

Social Media Accounts: Bettina Hufschmidt: LinkedIn

Data Availability: The data underlying the results presented in this study are available from the Department of
Clinical Psychology and Psychotherapy at Goethe University Frankfurt (contact via stangier@psych.uni-
frankfurt.de). The data cannot be shared publicly due to ethical restrictions and privacy concerns regarding
participant confidentiality. Access to these data may be granted by the Goethe University Institutional Data Access/
Ethics Committee for researchers who meet the criteria for access to confidential data.

The R code used for the main analyses is available in OSF at https://osf.io/7amzu

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://www.linkedin.com/in/bettina-hufschmidt-8899b2193
https://osf.io/7amzu
https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 20

Supplementary Materials
The Supplementary Materials contain the following items:

« R code used for the main analyses (Hufschmidt, 2026S)

« Appendix (Hufschmidt et al., 2026S): The appendix associated with this article provides the
EMA-items used for assessing the maladaptive dimensions and the maladaptive and adaptive
dimensions of individual psychological processes.

« Additional information, tables, and figures (Hufschmidt et al., 2026S): The supplementary
material contains an additional information sheet provided to participants to help them define
their own psychological processes (Supplementary Material A) and a comprehensive set of tables
and figures that exceeded the scope of the main article (Supplementary Material B).

Index of Supplementary Materials

Hufschmidt, B. (2026S). Adaptive and maladaptive networks using ecological momentary assessment
[R code]. OSF. https://osf.io/7amzu

Hufschmidt, B., Ebert, M., Nemani, A., Kohl, V., Pahlen, L., Miller, S., Hofmann, S. G., & Stangier, U.
(20268S). Supplementary materials to "Adaptive and maladaptive networks using ecological
momentary assessment” [Appendix; Additional information, tables, and figures]. PsychOpen
GOLD. https://doi.org/10.23668/psycharchives.21827

References

Bastiaansen, J. A., Kunkels, Y. K, Blaauw, F. J., Boker, S. M., Ceulemans, E., Chen, M., Chow, S.-M.,
de Jonge, P., Emerencia, A. C., Epskamp, S., Fisher, A. J., Hamaker, E. L., Kuppens, P., Lutz, W,
Meyer, M. J., Moulder, R., Oravecz, Z., Riese, H., Rubel, J., . . . Bringmann, L. F. (2020). Time to
get personal? The impact of researchers choices on the selection of treatment targets using the
experience sampling methodology. Journal of Psychosomatic Research, 137, Article 110211.
https://doi.org/10.1016/j.jpsychores.2020.110211

Becker, E. S., Vanderhasselt, M.-A., Koster, E. H. W., & Vrijsen, J. N. (2021). Memories warm you up
from the inside. But they also tear you apart: Editorial for the special issue on memory training
for emotional disorders. Cognitive Therapy and Research, 45(5), 841-847.
https://doi.org/10.1007/s10608-021-10249-x

Beltz, A. M., Wright, A. G., Sprague, B. N., & Molenaar, P. C. (2016). Bridging the nomothetic and
idiographic approaches to the analysis of clinical data. Assessment, 23(4), 447-458.
https://doi.org/10.1177/1073191116648209

Bernstein, R. E., Delker, B. C., Knight, J. A., & Freyd, J. J. (2015). Hypervigilance in college students:
Associations with betrayal and dissociation and psychometric properties in a Brief
Hypervigilance Scale. Psychological Trauma: Theory, Research, Practice and Policy, 7(5), 448-455.
https://doi.org/10.1037/tra0000070

Bonanno, G. A. (2021). The resilience paradox. European Journal of Psychotraumatology, 12(1),
Article 1942642. https://doi.org/10.1080/20008198.2021.1942642

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://osf.io/7amzu
https://doi.org/10.23668/psycharchives.21827
https://doi.org/10.1016/j.jpsychores.2020.110211
https://doi.org/10.1007/s10608-021-10249-x
https://doi.org/10.1177/1073191116648209
https://doi.org/10.1037/tra0000070
https://doi.org/10.1080/20008198.2021.1942642
https://www.psychopen.eu/

Hufschmidt, Ebert, Nemani et al. 21

Borsboom, D. (2017). A network theory of mental disorders. World Psychiatry, 16(1), 5-13.
https://doi.org/10.1002/wps.20375

Braver, T. S., Krug, M. K., Chiew, K. S., Kool, W., Westbrook, J. A., Clement, N. J., Adcock, R. A.,
Barch, D. M., Botvinick, M. M., Carver, C. S., Cools, R., Custers, R., Dickinson, A., Dweck, C. S.,
Fishbach, A., Gollwitzer, P. M., Hess, T. M., Isaacowitz, D. M., Mather, M., . . . Somerville, L. H.
(2014). Mechanisms of motivation-cognition interaction: Challenges and opportunities.
Cognitive, Affective & Behavioral Neuroscience, 14(2), 443-472.
https://doi.org/10.3758/s13415-014-0300-0

Bringmann, L. F., Elmer, T., Epskamp, S., Krause, R. W., Schoch, D., Wichers, M., Wigman, J. T. W,,
& Snippe, E. (2019). What do centrality measures measure in psychological networks? Journal
of Abnormal Psychology, 128(8), 892—903. https://doi.org/10.1037/abn0000446

Burger, J., van der Veen, D. C., Robinaugh, D. J., Quax, R., Riese, H., Schoevers, R. A., & Epskamp, S.
(2020). Bridging the gap between complexity science and clinical practice by formalizing
idiographic theories: A computational model of functional analysis. BMC Medicine, 18(1),
Article 99. https://doi.org/10.1186/512916-020-01558-1

Cheng, C. (2001). Assessing coping flexibility in real-life and laboratory settings: A multimethod
approach. Journal of Personality and Social Psychology, 80(5), 814-833.
https://doi.org/10.1037/0022-3514.80.5.814

Chiew, K. S., & Braver, T. S. (2014). Dissociable influences of reward motivation and positive
emotion on cognitive control. Cognitive, Affective & Behavioral Neuroscience, 14(2), 509-529.
https://doi.org/10.3758/s13415-014-0280-0

Cisler, J. M., & Koster, E. H. W. (2010). Mechanisms of attentional biases towards threat in anxiety
disorders: An integrative review. Clinical Psychology Review, 30(2), 203-216.
https://doi.org/10.1016/j.cpr.2009.11.003

Clark, L. A., Cuthbert, B, Lewis-Fernandez, R., Narrow, W. E., & Reed, G. M. (2017). Three
approaches to understanding and classifying mental disorder: ICD-11, DSM-5, and the National
Institute of Mental Health’s Research Domain Criteria (RDoC). Psychological Science in the
Public Interest, 18(2), 72-145. https://doi.org/10.1177/1529100617727266

Cole, P. M., Michel, M. K., & Teti, L. O. (1994). The development of emotion regulation and
dysregulation: A clinical perspective. Monographs of the Society for Research in Child
Development, 5%2-3), 73-102. https://doi.org/10.2307/1166139

Cusack, C. E., Ralph-Nearman, C., Christian, C., Fisher, A. J., & Levinson, C. A. (2024).
Understanding heterogeneity, comorbidity, and variability in depression: Idiographic models
and depression outcomes. Journal of Affective Disorders, 356, 248-256.
https://doi.org/10.1016/j.jad.2024.04.034

Dalgleish, T., Black, M., Johnston, D., & Bevan, A. (2020). Transdiagnostic approaches to mental
health problems: Current status and future directions. Journal of Consulting and Clinical
Psychology, 88(3), 179-195. https://doi.org/10.1037/ccp0000482

De la Barrera, U., Arrigoni, F., Monserrat, C., Montoya-Castilla, I., & Gil-Gémez, J.-A. (2024). Using

ecological momentary assessment and machine learning techniques to predict depressive

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://doi.org/10.1002/wps.20375
https://doi.org/10.3758/s13415-014-0300-0
https://doi.org/10.1037/abn0000446
https://doi.org/10.1186/s12916-020-01558-1
https://doi.org/10.1037/0022-3514.80.5.814
https://doi.org/10.3758/s13415-014-0280-0
https://doi.org/10.1016/j.cpr.2009.11.003
https://doi.org/10.1177/1529100617727266
https://doi.org/10.2307/1166139
https://doi.org/10.1016/j.jad.2024.04.034
https://doi.org/10.1037/ccp0000482
https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 22

symptoms in emerging adults. Psychiatry Research, 332, Article 115710.
https://doi.org/10.1016/j.psychres.2023.115710

Dennis-Tiwary, T. A., Roy, A. K., Denefrio, S., & Myruski, S. (2019). Heterogeneity of the anxiety-
related attention bias: A review and working model for future research. Clinical Psychological
Science, 7(5), 879-899. https://doi.org/10.1177/2167702619838474

de Vet, H. C. W,, Terwee, C. B., Mokkink, L. B., & Knol, D. L. (2011). Measurement in medicine: A
practical guide. Cambridge University Press. https://doi.org/10.1017/CB09780511996214

Ehlers, A., Mauchnik, J., & Handley, R. (2012). Reducing unwanted trauma memories by imaginal
exposure or autobiographical memory elaboration: An analogue study of memory processes.
Journal of Behavior Therapy and Experimental Psychiatry, 43(Suppl 1), S67-S75.
https://doi.org/10.1016/j.jbtep.2010.12.009

Epskamp, S., Deserno, M., & Bringmann, L. (2024). mIVAR: Multi-level vector autoregression (Version
0.5.2) [R package]. CRAN. https://CRAN.R-project.org/package=mlIVAR

Epskamp, S., Waldorp, L. J., Méttus, R., & Borsboom, D. (2018). The Gaussian graphical model in
cross-sectional and time-series data. Multivariate Behavioral Research, 53(4), 453-480.
https://doi.org/10.1080/00273171.2018.1454823

Epton, T., Currie, S., & Armitage, C. J. (2017). Unique effects of setting goals on behavior change:
Systematic review and meta-analysis. Journal of Consulting and Clinical Psychology, 85(12),
1182-1198. https://doi.org/10.1037/ccp0000260

Everaert, J., Bernstein, A., Joormann, J., & Koster, E. H. W. (2020). Mapping dynamic interactions
among cognitive biases in depression. Emotion Review, 12(2), 93-110.
https://doi.org/10.1177/1754073919892069

Fonagy, P., Luyten, P., Moulton-Perkins, A., Lee, Y.-W., Warren, F., Howard, S., Ghinai, R., Fearon,
P., & Lowyck, B. (2016). Development and validation of a self-report measure of mentalizing:
The Reflective Functioning Questionnaire. PLoS One, 11(7), Article e0158678.
https://doi.org/10.1371/journal.pone.0158678

Fried, E. I, & Cramer, A. O. J. (2017). Moving forward: Challenges and directions for
psychopathological network theory and methodology. Perspectives on Psychological Science,
12(6), 999-1020. https://doi.org/10.1177/1745691617705892

Fries, J. F., Lingala, B., Siemons, L., Glas, C. A., Cella, D., Hussain, Y. N., Bruce, B., & Krishnan, E.
(2014). Extending the floor and the ceiling for assessment of physical function. Arthritis &
Rheumatology, 66(5), 1378—-1387. https://doi.org/10.1002/art.38342

Frumkin, M. R, Piccirillo, M. L., Beck, E. D., Grossman, ]J. T., & Rodebaugh, T. L. (2021). Feasibility
and utility of idiographic models in the clinic: A pilot study. Psychotherapy Research, 31(4), 520—
534. https://doi.org/10.1080/10503307.2020.1805133

Gilboa-Schechtman, E. (2024). Case conceptualization in clinical practice and training. Clinical
Psychology in Europe, 6(Special Issue), Article e12103. https://doi.org/10.32872/cpe.12103

Gross, J. J. (1998). The emerging field of emotion regulation: An integrative review. Review of
General Psychology, 2(3), 271-299. https://doi.org/10.1037/1089-2680.2.3.271

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://doi.org/10.1016/j.psychres.2023.115710
https://doi.org/10.1177/2167702619838474
https://doi.org/10.1017/CBO9780511996214
https://doi.org/10.1016/j.jbtep.2010.12.009
https://cran.r-project.org/web/packages/mlVAR/index.html
https://doi.org/10.1080/00273171.2018.1454823
https://doi.org/10.1037/ccp0000260
https://doi.org/10.1177/1754073919892069
https://doi.org/10.1371/journal.pone.0158678
https://doi.org/10.1177/1745691617705892
https://doi.org/10.1002/art.38342
https://doi.org/10.1080/10503307.2020.1805133
https://doi.org/10.32872/cpe.12103
https://doi.org/10.1037/1089-2680.2.3.271
https://www.psychopen.eu/

Hufschmidt, Ebert, Nemani et al. 23

Hayes, S. C., Hofmann, S. G., Stanton, C. E., Carpenter, J. K., Sanford, B. T., Curtiss, J. E., &
Ciarrochi, J. (2019). The role of the individual in the coming era of process-based therapy.
Behaviour Research and Therapy, 117, 40-53. https://doi.org/10.1016/j.brat.2018.10.005

Hayes, S. C., Hofmann, S. G., & Wilson, D. S. (2020). Clinical psychology is an applied evolutionary
science. Clinical Psychology Review, 81, Article 101892. https://doi.org/10.1016/j.cpr.2020.101892

Hevey, D. (2018). Network analysis: A brief overview and tutorial. Health Psychology and
Behavioral Medicine, 6(1), 301-328. https://doi.org/10.1080/21642850.2018.1521283

Huibers, M. J. H., Lorenzo-Luaces, L., Cuijpers, P., & Kazantzis, N. (2021). On the road to
personalized psychotherapy: A research agenda based on cognitive behavior therapy for
depression. Frontiers in Psychiatry, 11, Article 607508. https://doi.org/10.3389/fpsyt.2020.607508

Hvenegaard, M., Moeller, S. B., Poulsen, S., Gondan, M., Grafton, B., Austin, S. F., Kistrup, M.,
Rosenberg, N. G. K., Howard, H., & Watkins, E. R. (2020). Group rumination-focused cognitive-
behavioural therapy (CBT) v. group CBT for depression: Phase II trial. Psychological Medicine,
50(1), 11-19. https://doi.org/10.1017/S0033291718003835

Joseph, S., & Wood, A. (2010). Assessment of positive functioning in clinical psychology:
Theoretical and practical issues. Clinical Psychology Review, 30(7), 830-838.
https://doi.org/10.1016/j.cpr.2010.01.002

Kalokerinos, E. K., Greenaway, K. H., & Casey, J. P. (2017). Context shapes social judgments of
positive emotion suppression and expression. Emotion, 17(1), 169-186.
https://doi.org/10.1037/emo0000222

Kanfer, F. H., & Saslow, G. (1965). Behavioral analysis: An alternative to diagnostic classification.
Archives of General Psychiatry, 12(6), 529-538.
https://doi.org/10.1001/archpsyc.1965.01720360001001

Knowles, M. M., Foden, P., El-Deredy, W., & Wells, A. (2016). A systematic review of efficacy of the
attention training technique in clinical and nonclinical samples. Journal of Clinical Psychology,
72(10), 999-1025. https://doi.org/10.1002/jclp.22312

Locke, E. A., & Latham, G. P. (2002). Building a practically useful theory of goal setting and task
motivation: A 35-year odyssey. American Psychologist, 57(9), 705-717.
https://doi.org/10.1037/0003-066X.57.9.705

Luborsky, L., Popp, C., Luborsky, E., & Mark, D. (1994). The core conflictual relationship theme.
Psychotherapy Research, 4(3-4), 172-183. https://doi.org/10.1080/10503309412331334012

McRae, K., & Gross, J. J. (2020). Emotion regulation. Emotion, 20(1), 1-9.
https://doi.org/10.1037/emo0000703

Mestdagh, M., Pe, M., Pestman, W., Verdonck, S., Kuppens, P., & Tuerlinckx, F. (2018). Sidelining the
mean: The relative variability index as a generic mean-corrected variability measure for
bounded variables. Psychological Methods, 23(4), 690-707. https://doi.org/10.1037/met0000153

Mink, F., Lutz, W., & Hehlmann, M. I. (2025). Ecological momentary assessment in psychotherapy
research: A systematic review. Clinical Psychology Review, 117, Article 102565.
https://doi.org/10.1016/j.cpr.2025.102565

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://doi.org/10.1016/j.brat.2018.10.005
https://doi.org/10.1016/j.cpr.2020.101892
https://doi.org/10.1080/21642850.2018.1521283
https://doi.org/10.3389/fpsyt.2020.607508
https://doi.org/10.1017/S0033291718003835
https://doi.org/10.1016/j.cpr.2010.01.002
https://doi.org/10.1037/emo0000222
https://doi.org/10.1001/archpsyc.1965.01720360001001
https://doi.org/10.1002/jclp.22312
https://doi.org/10.1037/0003-066X.57.9.705
https://doi.org/10.1080/10503309412331334012
https://doi.org/10.1037/emo0000703
https://doi.org/10.1037/met0000153
https://doi.org/10.1016/j.cpr.2025.102565
https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 24

Moritz, S., & Bartz-Beielstein, T. (2017). imputeTS: Time series missing value imputation in R. The R
Journal, A1), 207-218. https://doi.org/10.32614/RJ-2017-009

Nemani, A., Hufschmidt, B., Kohl, V., Sendig, L., Ebert, M., Bonarius, D., Hofmann, S. G., & Stangier,
U. (2025). Bipolar vs. unipolar scaling in dynamic network analyses of ecological momentary
assessment data. PLoS One, 20(3), Article e0314102. https://doi.org/10.1371/journal.pone.0314102

Nestler, E. J. (2015). Role of the brain’s reward circuitry in depression: Transcriptional mechanisms.
International Review of Neurobiology, 124, 151-170. https://doi.org/10.1016/bs.irn.2015.07.003

Phelps, E. A., & Hofmann, S. G. (2019). Memory editing from science fiction to clinical practice.
Nature, 572(7767), 43-50. https://doi.org/10.1038/s41586-019-1433-7

Posit Team. (2024). RStudio (Version 2024.04.2) [Computer software]. Posit Software, PBC.
https://posit.co/download/rstudio-desktop/

Rodebaugh, T. L., Scullin, R. B., Langer, J. K., Dixon, D. J., Huppert, J. D., Bernstein, A., Zvielli, A., &
Lenze, E. J. (2016). Unreliability as a threat to understanding psychopathology: The cautionary
tale of attentional bias. Journal of Abnormal Psychology, 125(6), 840-851.
https://doi.org/10.1037/abn0000184

Roefs, A., Fried, E. I, Kindt, M., Martijn, C., Elzinga, B., Evers, A. W. M., Wiers, R. W., Borsboom, D.,
& Jansen, A. (2022). A new science of mental disorders: Using personalised, transdiagnostic,
dynamical systems to understand, model, diagnose and treat psychopathology. Behaviour
Research and Therapy, 153, Article 104096. https://doi.org/10.1016/j.brat.2022.104096

Rubel, J. A., Fisher, A. J., Husen, K., & Lutz, W. (2018). Translating person-specific network models
into personalized treatments: Development and demonstration of the dynamic assessment
treatment algorithm for individual networks (DATA-IN). Psychotherapy and Psychosomatics,
87(4), 249-251. https://doi.org/10.1159/000487769

Ryan, R. M., & Deci, E. L. (2000). Intrinsic and extrinsic motivations: Classic definitions and new
directions. Contemporary Educational Psychology, 25(1), 54-67.
https://doi.org/10.1006/ceps.1999.1020

Schreiber, F., Heimlich, C., Schweitzer, C., & Stangier, U. (2015). Cognitive therapy for social
anxiety disorder: The impact of the “self-focused attention and safety behaviours experiment”
on the course of treatment. Behavioural and Cognitive Psychotherapy, 43(2), 158—166.
https://doi.org/10.1017/S1352465813000672

Shiffman, S., Stone, A. A., & Hufford, M. R. (2008). Ecological momentary assessment. Annual
Review of Clinical Psychology, 4(1), 1-32.
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415

Short, N. A., Boffa, J. W,, Clancy, K., & Schmidt, N. B. (2018). Effects of emotion regulation strategy
use in response to stressors on PTSD symptoms: An ecological momentary assessment study.
Journal of Affective Disorders, 230, 77-83. https://doi.org/10.1016/j.jad.2017.12.063

Siepe, B. S., Rieble, C. L., Tutunji, R., Rimpler, A., Mérz, ]., Proppert, R. K. K., & Fried, E. L. (2025).
Understanding ecological-momentary-assessment data: A tutorial on exploring item
performance in ecological-momentary-assessment data. Advances in Methods and Practices in
Psychological Science, 8(1), 1-20. https://doi.org/10.1177/25152459241286877

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://doi.org/10.32614/RJ-2017-009
https://doi.org/10.1371/journal.pone.0314102
https://doi.org/10.1016/bs.irn.2015.07.003
https://doi.org/10.1038/s41586-019-1433-7
https://posit.co/download/rstudio-desktop/
https://doi.org/10.1037/abn0000184
https://doi.org/10.1016/j.brat.2022.104096
https://doi.org/10.1159/000487769
https://doi.org/10.1006/ceps.1999.1020
https://doi.org/10.1017/S1352465813000672
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415
https://doi.org/10.1016/j.jad.2017.12.063
https://doi.org/10.1177/25152459241286877
https://www.psychopen.eu/

Hufschmidt, Ebert, Nemani et al. 25

Simkovic, M., & Trauble, B. (2019). Robustness of statistical methods when measure is affected by
ceiling and/or floor effect. PLoS One, 14(8), Article e0220889.
https://doi.org/10.1371/journal.pone.0220889

Stefana, A., Fusar-Poli, P., Vieta, E., & Youngstrom, E. A. (2024). Assessing the patient’s affective
perception of their psychotherapist: Validation of the in-Session Patient Affective Reactions
Questionnaire. Frontiers in Psychiatry, 15, Article 1346760.
https://doi.org/10.3389/fpsyt.2024.1346760

Terwee, C. B., Bot, S. D. M., De Boer, M. R., Van Der Windt, D. A. W. M., Knol, D. L., Dekker, J.,
Bouter, L. M., & De Vet, H. C. W. (2007). Quality criteria were proposed for measurement
properties of health status questionnaires. Journal of Clinical Epidemiology, 60(1), 34-42.
https://doi.org/10.1016/].jclinepi.2006.03.012

Vacay GmbH. (2020). Status by Vacay (Version 3.0.1) [Mobile app]. Google Play Store.
https://play.google.com/store/apps/details?id=dev.vacay.sts.android

Van den Bergh, O., & Walentynowicz, M. (2016). Accuracy and bias in retrospective symptom
reporting. Current Opinion in Psychiatry, 29(5), 302-308.
https://doi.org/10.1097/YC0.0000000000000267

van Os, J., Linscott, R. J., Myin-Germeys, I, Delespaul, P., & Krabbendam, L. J. P. M. (2009). A
systematic review and meta-analysis of the psychosis continuum: Evidence for a psychosis
proneness—persistence—impairment model of psychotic disorder. Psychological Medicine, 39(2),
179-195. https://doi.org/10.1017/S0033291708003814

Watkins, E. R., & Moulds, M. L. (2005). Distinct modes of ruminative self-focus: Impact of abstract
versus concrete rumination on problem solving in depression. Emotion, 5(3), 319-328.
https://doi.org/10.1037/1528-3542.5.3.319

Yamada, A. M., Lee, K. K., Dinh, T. Q., Barrio, C., & Brekke, ]J. S. (2010). Intrinsic motivation as a
mediator of relationships between symptoms and functioning among individuals with
schizophrenia spectrum disorders in a diverse urban community. The Journal of Nervous and
Mental Disease, 198(1), 28-34. https://doi.org/10.1097/NMD.0b013e3181c8aa71

Yim, S. J., Lui, L. M. W,, Lee, Y., Rosenblat, J. D., Ragguett, R. M., Park, C., Subramaniapillai, M., Cao,
B., Zhou, A., Rong, C., Lin, K., Ho, R. C,, Coles, A. S., Majeed, A., Wong, E. R., Phan, L., Nasri, F.,
& Mclntyre, R. S. (2020). The utility of smartphone-based, ecological momentary assessment for
depressive symptoms. Journal of Affective Disorders, 274, 602-609.
https://doi.org/10.1016/j.jad.2020.05.116

Clinical Psychology in Europe
2026, Vol. 8(2), Article 17891

GOLD
https://doi.org/10.32872/cpe.17891 B PsychOpen


https://doi.org/10.1371/journal.pone.0220889
https://doi.org/10.3389/fpsyt.2024.1346760
https://doi.org/10.1016/j.jclinepi.2006.03.012
https://play.google.com/store/apps/details?id=dev.vacay.sts.android
https://doi.org/10.1097/YCO.0000000000000267
https://doi.org/10.1017/S0033291708003814
https://doi.org/10.1037/1528-3542.5.3.319
https://doi.org/10.1097/NMD.0b013e3181c8aa71
https://doi.org/10.1016/j.jad.2020.05.116
https://www.psychopen.eu/

Adaptive and Maladaptive Networks Using EMA 26

-
EACLIPT Zpid

Leibniz-Institut fur

Psychologie
Clinical Psychology in Europe (CPE) is PsychOpen GOLD is a publishing
the official journal of the European service provided by the Leibniz
Association of Clinical Psychology and Institute for Psychology (ZPID),

Psychological Treatment (EACLIPT). Germany.

Clinical Psychology in Europe

2026, Vol. 8(2), Article 17891 GO
B PsychOpen

https://doi.org/10.32872/cpe.17891

LD


https://www.psychopen.eu/

	Adaptive and Maladaptive Networks Using EMA
	(Introduction)
	Method
	Participants
	Procedures
	Data Analysis

	Results
	Descriptive Statistics
	Network Analysis of EMA Variables
	Response Distribution and Its Impact on the Network Structure

	Discussion
	(Additional Information)
	Funding
	Acknowledgments
	Competing Interests
	Ethics Statement
	Preregistration
	Reporting Guidelines
	Declaration of Generative AI and AI-Assisted Technologies in the Writing Process
	Social Media Accounts
	Data Availability

	Supplementary Materials
	References


