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Abstract

Ecological momentary interventions (EMI) are digital mobile health (mHealth)
interventions that are administered in an individual’s daily life with the intent to
improve mental health outcomes by tailoring intervention components to person,
moment, and context. Questions regarding which intervention is most effective
in a given individual, when it is best delivered, and what mechanisms of change
underlie observed effects therefore naturally arise in this setting. To achieve this,
EMI are typically informed by the collection of multivariate intensive longitudinal
data of various target constructs - designed to assess an individual’s psychological
state - using ecological momentary assessments (EMA). However, the dynamic
and interconnected nature of such multivariate time series data poses several
challenges when analyzing and interpreting findings. This may be illustrated when
understanding psychological variables as part of an interconnected network of
dynamic variables, and the delivery of EMI as time-specific perturbations to
these variables. Network control theory (NCT) is a branch of dynamical systems
theory that precisely deals with the formal analysis of such network perturbations
and provides solutions of how to perturb a network to reach a desired state
in an optimal manner. In doing so, NCT may help to formally quantify and
evaluate proximal intervention effects, as well as to identify optimal intervention
approaches given a set of reasonable (temporal or energetic) constraints. In this
proof-of-concept study, we leverage concepts from NCT to analyze the data of
10 individuals undergoing joint EMA and EMI for several weeks. We show how
simple metrics derived from NCT can provide insightful information on putative
mechanisms of change in the inferred EMA networks and contribute to identifying
optimal leveraging points. We also outline what additional considerations might
play a role in the design of effective intervention strategies in the future from the
perspective of NCT.

Keywords: ecological momentary assessment, ecological momentary intervention,
mental health, mobile health, digital intervention, control theory, linear dynamical
systems, computational psychiatry

1 Introduction

Mobile devices such as smartphones and sensors allow us to collect rich and dynamic
information about an individual’s mental state (e.g.,[1–4]). For example, ecological
momentary assessments (EMA) enable to collect high-dimensional information on pos-
itive and negative affect, physical needs, and social interaction several times a day [5],
sometimes over periods of months [6]. A central advantage of these approaches is that
mental health states are sampled within the everyday life and context of an individ-
ual. Through these ecologically valid assessments, we can obtain more detailed insight
into the actual time points at which mental health declines. This paves the way to
explore and identify immediately preceding or succeeding maladaptive behavioral pat-
terns, and to intervene at critical time points. It has been argued that interventions
delivered at these moments may therefore be most profitable [5, 7].
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Ecological momentary interventions (EMI) represent a specific type of mobile
health (mHealth) interventions that aim to fill this critical gap in the treatment of men-
tal health conditions. EMI are administered via smartphone devices and are designed
to intervene in an individual’s natural environment, precisely at moments when men-
tal health is at risk [7–9]. For instance, the administration of EMI has been used
to improve resilience in response to stress in youth at risk to develop, or with first
episodes of severe mental disorders [2, 10, 11], and to reduce depression and anxiety
[? ? ]. EMI may also be particularly effective in mental health promotion as well as
preventing poor mental health outcomes in youth, given their generally positive atti-
tude towards mHealth applications [10]. Moreover, for service users which frequently
experience psychiatric symptoms that may be triggered by the exposure to socio-
environmental risk factors, EMI provide a window of opportunity for supplementing
traditional face-to-face therapy (i.e., blended care) [13, 14].

While the combination of EMA and EMI bears great potential for alleviating
mental health burden, it also poses several data analytic challenges. For instance, when
using EMA to evaluate the (proximal) success of an intervention delivery, we need to
account for the temporal dynamics and the interdependencies of the sampled EMA
variables (e.g., [12, 15, 16]). Through interdependencies and feedback mechanisms
between different psychological variables, it is conceivable for instance, that seemingly
small immediate effects accumulate to large effects over time, or alternatively, that an
intervention may have an immediate favorable effect on the mental state, but backfires
with time (see also [15, 17, 18]). When evaluating proximal intervention effects, we may
want to account for all of these (possibly counterintuitive) patterns, as well as obtain
a clear picture on its mechanisms of change. However, isolating intervention effects in
time-varying EMA and tracking them over time can become challenging (particularly
for high-dimensional recordings). Also, when personalizing an intervention – that is,
when seeking to identify and present the most effective intervention for a specific
individual at a given time – we may need to factor in inter-individual differences in
these dynamics (see also [19, 20]). Finally, different researchers may want to improve
different outcomes (e.g., some may want to reduce negative affect while others aim
to increase activity levels [18]). Yet, an overarching framework to deliver personalized
EMI would be favorable.

One way to address these challenges is to understand and treat the psychological
variables collected within an EMA as an interconnected dynamic network [15, 17, 21–
25]. By operating on such networks, network control theory (NCT) offers guidelines
and insights on how to address current questions in EMI research [17]. NCT is a con-
temporary branch of dynamical systems theory which concerns itself with quantifying
the control an external input (such as an intervention) exerts over a dynamical system
(DS) such as a network of psychological or mental health variables. Specifically, NCT
studies how a network behaves under perturbation both immediately and over time,
and how to place perturbations to achieve some goal or desired state [26]. In this way,
NCT provides insight into which individuals are particularly sensitive to interventions
based on their network structure, and which nodes (e.g., which EMA variables) are
best to target in order to effect change. The latter is particularly relevant when it
comes to designing and refining user-friendly and personalized EMI delivery schemes,
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Fig. 1 Proposed framework and goodness of fit. (A) Proposed analysis approach. After assessing
EMA and EMI time series, we infer dynamical systems models on these time series and conduct
perturbation analyses to obtain insights into network control and future system behavior. (B) Example
of EMA time series of one participant (top) and presented inputs (bottom). (C) Average explained
variation (x-axis) in EMA variables (y-axis) by inferred LDS models (mean and SEM are displayed).
(D) Observed (y-axis) vs. predicted (x-axis) immediate input effects averaged over participants.

or when aiming to gain insights into an individual’s behavioral contingencies, that
may, in turn, be addressed in conventional psychotherapy.

In a proof-of-concept study, we aimed to illustrate these principles on a dataset of
individuals that underwent several weeks of EMI for the improvement of emotional
resilience in youth with early mental health problems (i.e., EMIcompass) [10]. We used
NCT to identify network nodes which have high impact and high reach on mental
health states, to evaluate effects of real and hypothetical interventions over time, and
to outline the considerations necessary to address the ambitious goal of designing an
optimal EMI delivery scheme.

2 Results

Ten participants underwent several weeks of EMA with interleaved EMI. Table 1 lists
the assessed EMA variables while Figure 1a illustrates our approach. To extract the
dynamics and the associated network structure underlying these time series (see Figure
1a for an example), we modeled the EMA time series as a linear dynamical system
(LDS; cf. Methods “Dynamical system models”), where the EMI constitute external
inputs, that is, perturbations, to this system. The dynamics and network structure of
each participant are described by the following map:

xt+1 = Axt +But.

Here, xt is a (state) vector collecting all EMA scores at time t, A is an adjacency
matrix which describes how different vector elements (linearly) affect each other from
one time point to the next (that is, A describes the network structure), ut are vectors
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coding for the presence of different external inputs at time t, and B is a matrix
specifying the degree to which each external input perturbs the system state. The
external inputs consist of binary vectors which indicate the delivery of three types of
EMI (with a 1 indicating a delivery), or whether the individual was currently alone
or in the presence of social company (a 1 indicating company; see also Methods “EMI
and input data”). Using NCT, we examined i) the networks’ responses to EMI as well
as simulated interventions on single nodes in detail, and ii) the optimal control policies
and their implications for EMA and EMI research.

2.1 Goodness of fit

Before analyzing network control in detail, we first assessed how well the inferred LDS
models captured the dynamics in the observed data. Figure 1c depicts the explained
variation in each EMA variable averaged over all participants. On average, the fraction
of variance explained by the LDS models in the observer time series wasR2 = .46 (stan-
dard deviation .28). Immediate intervention effects, that is, differences in EMA scores
immediately before and after presentation of an input averaged across participants,
were predicted with R2 = 0.78 (p < .001; see Figure 1d).

2.2 Controllability

Having established that the LDS models account for a significant proportion of vari-
ance in the original time series and were successful at predicting relative input effects,
we next tested whether the inferred systems are controllable through the presented
inputs and through hypothetical interventions on single network nodes (i.e., through
perturbing single EMA variables). We use the term intervention here to refer to a
control matrix and unit input acting on the network (cf. Methods). Controllability is
assessed by evaluating the rank of the controllability Gramian (eqn. (2)) and means
that a given network is structured such that the administered intervention may in prin-
ciple drive it into any desired outcome state (assuming that we can select an arbitrary
control input sequence). Most but not all networks were controllable by the each pre-
sented EMI individually (Figure 2a). The two participants that were not controllable
by any of the EMI, were yet controllable by interventions designed to target specific
network nodes. This suggests that one could in principle design an intervention by
which to control these individuals as well.

2.3 Average controllability

Controllability may provide important insights into an individual’s general network
structure by indicating which state configurations are per se unreachable through
intervention. In practice however, it may be difficult to deploy interventions to control
systems to such a degree as to steer the network into any desired state (even if they are
controllable). This relates to the fact that we cannot arbitrarily scale EMI effects (in
contrast, for instance, to an electronic circuit where an input current can be increased
by orders of magnitude). Of greater practical relevance is therefore the question to
what degree a system is controllable by a given intervention, and accordingly, whether
we can identify specific EMI or network nodes that facilitate system control. Such
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Fig. 2 Controllability metrics. (A) Left: System controllability of each participant (x-axis) by pre-
sented external inputs (y-axis). Most but not all systems were controllable (ctrlb) by the presented
inputs. Right: Average controllability (AC) of presented inputs (mean and SEM are displayed). (B)
Left: AC of single network nodes (median and 25-75 percentile range are displayed). Right: Distri-
bution over the number of times each node was identified as one of the top 4 highest AC nodes in
each individual. (C) Adjacency A matrix averaged across participants and thresholded for connec-
tions significant at p < .05 (uncorrected for multiple testing) as identified via t-tests for visualization
purposes (arrow width indicates average strength, positive/negative connections in black/red). (D)
Correlation between log AC per node (x-axis) and sum over absolute incoming and outcoming edge
weights of each node. (E) Left: Modal controllability (MC) of single network nodes (mean and SEM
are displayed). Right: Distribution over the number of times each node was identified as one of the
top 4 highest MC nodes in each individual.

analyses can deliver insights into working mechanisms of a network and may provide
efficient strategies for future treatment. Average controllability (AC) quantifies the
degree of control exerted by an intervention (cf. Methods “Average controllability”).
Loosely speaking, it quantifies the ability of an intervention to cause large state changes
with little input energy, steering the system into easy-to-reach states (e.g., [27–29]).

As interventions, we evaluated the three delivered EMI and an external input
indicating the presence or absence of social company. The right hand side of Figure
2a displays the mean AC of each intervention. Overall, we found an indication that
the designed EMI exerted stronger control over the inferred systems than the mere
presence or absence of social company (T (9) = 2.056, p = 0.07, Figure 2a). We did,
however, observe a large variation in AC across individuals (with standard deviations
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[SD] ranging between 12.8 and 42.7 for the four inputs, respectively). This suggests
that the degree of control exerted by each input strongly depends on inter-individual
differences in dynamics.

We also evaluated simulated (hypothetical) interventions that we designed to tar-
get single network nodes separately. These observations are consistent with results
obtained from EMI and presence of company (see Figure 2b). Node-wise AC showed
high variations across participants (see Figure 2b for percentile ranges). This varia-
tion coincided with a high degree of inter-individual differences in network structure.
Network edge weights exhibited high variance, and no consistent pattern for positive
or negative weights across individuals could be confirmed by t-tests (all pBonf > .05;
although multiple test corrections may have limited these findings in light of the
small sample; see Figure 2c for uncorrected exploratory results). Collectively, these
findings signal substantial inter-individual differences in system responses, which may
demand and further support the importance of personalized (rather than group-based)
intervention strategies (see also [19, 20]).

Nonetheless, we also found evidence for a few common nodes with high AC across
individuals. For instance, ‘social unpleasantness’, ‘agreeable*’, and ‘rather company’
(reflecting an individual’s desire to rather be with company when alone) were fre-
quently identified among the four nodes with highest AC in each individual (identified
in 5 out of 10 individuals, Figure 2b right). Moreover, ‘anxious’ was the node with
highest median AC (Figure 2b left), also exerting a high degree of average control over
the inferred DS.

Nodes which exert high average control are typically hub nodes [27], i.e., nodes
with strong connections to (often multiple) other nodes. This could be confirmed
here as well, with log AC being positively associated with the log net magnitude of
incoming and outgoing edge weights of a given node (see Figure 2d; r = .71, p <
.001). The results implicate that interventions that particularly target social-cognitive
processes, or anxiety, can be expected to have a strong impact on the system state
across individuals.

2.4 Modal controllability

In contrast to AC, which quantifies control via easy-to-reach states, modal controllabil-
ity (MC) identifies nodes that can steer the system into difficult directions. MC refers
to the ability of a node to change the system state along all of its modes (that is, a
set of linearly independent directions in state space; cf. Methods “Modal controllabil-
ity”), independent of input (see eqn. (3)). Here, we identify feeling ‘hungry’, ‘activity
unpleasantness’, and feeling ‘relaxed*’ as those with descriptively highest median MC
(Figure 2e). ‘Cheerfulness*’ and ‘activity unpleasantness’ were identified among the
4 nodes with highest MC (identified in 5 out of 10 individuals). Log MC scores were
negatively correlated with log AC (r = −.76, p < .001), and only slightly negatively
correlated with edge weight magnitude (r = −.26, p = .001), consistent with previous
observations of high MC nodes not being network hubs [27].
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Fig. 3 Cumulative impulse response. (A) Predicted network cumulative impulse response (CIR)
for 100 time steps in response to the four presented inputs (median and 25-75 percentile range are
displayed). Negative values always indicate an improvement in observed variables since an unfavorable
mental health state is reduced. Asterisks mark inverted scales. (B) Left: Same as (A) for network
node frequently identified as having high AC across participants. Middle: Same as left side, for the
maximum AC node for each individual. Right: Same as left side for network node with frequently
high MC.

2.5 Cumulative impulse response

2.5.1 Presented inputs

While AC and MC are directly related and interpretable in terms of the systems’
eigenvector basis, many times we may be more interested in quantifying the predicted
proximal or distal effect of an intervention in the observable space, that is, in terms
of the assessed EMA. Since these effects depend on the interconnections of all nodes,
they are difficult to disentangle by a mere inspection of time series values. Here, we
quantify these effects by looking at the network’s cumulative impulse response (CIR)
to an input, that is, the cumulative effect an input exerts on the system state over
time considering all network connections (cf. Methods “Cumulative impulse response”;
eqn. (4)). We ask ‘what is the expected proximal effect of a given intervention on each
psychological variable over time’?

Figure 3a shows the predicted median CIR integrated over 100 time steps for
the three EMI and the social external input (indicating the presence or absence of
social company). EMI-I and EMI-II resulted in an improvement across the assessed
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psychological variables, predicted by a general decrease in predicted median CIR (EMI-
I: T (14) = −4.15, pBonf = .004, EMI-II: T (14) = −6.55, pBonf < .001, EMI-III:
T (14) = −2.00, pBonf = .26). Increasing the desire to be alone did not improve the
mental state (T (14) = −1.58, pBonf = .55, p values were Bonferroni corrected for four
tests.

2.5.2 Single network nodes

Whereas Figure 3a demonstrates how NCT may be applied to evaluate actual interven-
tions, it may also be leveraged to simulate other interventions that were never actually
presented. Here we simulated interventions targeting each single network node sepa-
rately, by perturbing it into the negative direction (and thus, expecting a favorable
mental health outcome). Figure 3b delineates the (100 time step) CIR for simulated
interventions which target EMA nodes with a frequently high AC (‘soc. unpleasant-
ness’; figure 3b left), a frequently high MC (‘cheerfulness*’; figure 3b right), and the
node with highest AC in each individual participant (Figure 3b middle). Interventions
on the identified high AC nodes statistically reduced the CIR scores (‘social unpleas-
antness’: T (14) = −2.77, pBonf = .046, personalized AC nodes: T (14) = −3.07 pBonf =
.029). Among these two interventions, the personalized intervention which targeted
the highest AC node in each individual was superior in improving mental health than
targeting ‘social unpleasantness’ (T (14) = 3.04, p = .009). The results are consistent
with the notion that decreasing social unpleasantness results in a favorable mental
health state, and that personalized interventions which target the highest AC node in
each individual can be (even more) effective in improving mental health.

However, although predominantly reducing unhealthy states, the two high AC
interventions also exerted an unfavorable effect on several variables (e.g., they tended
to reduced feeling calm or cheerful). This was not the case when targeting ‘cheerful-
ness*’ (a node with frequently high MC). Targeting ‘cheerfulness*’ had a moderate
but consistent and significant impact on improving the mental health state (T (14) =
−3.487, pBonf = .011). Overall, intervention effects again varied quite largely across
participants (see Figure 3b left and right), necessitating future replication and/or
further evidence for personalized intervention strategies.

2.6 Optimal treatment policies

Eqn. (1) defines a dynamical system that - once inferred - determines the future fate of
the network of EMA variables, and relatedly, the system’s future response to proposed
interventions. This property in principle allows us not only to evaluate the effect of
administered and hypothetical interventions, but also to identify optimal treatment
policies. An optimal treatment policy refers to a personalized sequence of proposed
interventions that optimizes the predicted EMA variables in a user-defined sense. The
goal is to drive the system into a desired state, where the type of state, the speed of
convergence towards this state, as well as the amount of input energy needed to reach
this state are user-defined. NCT provides a principled (and well-defined) approach
towards identifying such optimal solutions (see eqn. (5)). In this section, we investigate
such optimal control policies and relate them to AC and MC.
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Fig. 4 Optimal treatment policies. (A) Correlation (y-axis) between input energy and AC (blue) vs.
MC (green) as a function of constraint on input energy (x-axis) (mean and standard error over partic-
ipants computed on Fisher transformed correlation coefficients are displayed). In case of low energy
constraints, we observe a higher/lower correlation between input energy and MC/AC indicating that
the optimal policy emphasizes high MC items. As energy constraints increase, this relationship is
reversed, such that the policy favors allocating energy to high (as compared to low) AC nodes. (B)
Squared error loss between the optimal state and the one-step ahead predicted observations depend-
ing on the optimal control policy identified for different values of ρ (x-axis) (mean over participants
and standard error are displayed). The loss increases when energy constraints increase. Dashed lines
indicate the mean trajectory loss and control energy empirically observed in the sample. (C) Identi-
fied treatment policies for a low (left) and high (right) constraint on input energy for one example
participant and two selected variables. Calm* was the node with maximum AC, cheerful* the node
with maximum MC for said participant. (D) Share of control energy in identified optimal policies
on the highest AC/MC nodes for all participants (x-axes) for low energy constraints (left) vs. high
energy constraints (right). (E) Control energy spent for low energy (ρ = 0.1; left) and high energy
(ρ = 100; right) constraints on nodes sorted by high AC (blue) vs. MC (green) (mean over partici-
pants and standard error are displayed). (F) Predicted control policy for example participant for low
energy (ρ = 0.1; left) and high energy (ρ = 100; right) constraints. The left panels display normalized
AC and MC values (divided by the maximum value) for comparison purposes.

The inferred treatment policies were designed to improve the psychological state
along all of its dimensions, driving all systems towards values of −3, delineating the
most favorable mental health rating (cf. section Methods “Optimal control policies”).
Figure 4a illustrates the relationship between exerted node-wise input energy and the
previously described AC and MC metrics as a function of energy constraints. Figure 4b
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depicts the exerted control energy for these constraints as well as the resulting devia-
tion between desired and predicted trajectories, as well as empirically observed control
energy and trajectory deviation for reference. Psychologically speaking, high energy
constraints could for instance refer to situations in which we have limited possibili-
ties of delivering an intervention, or to situations in which the delivered interventions
have only limited effects (since in both of these situations, we can only exert a lim-
ited amount of control). In contrast, low energy constraints could refer to situations
in which we can administer very effective interventions on a frequent basis. With only
mild energy constraints, we observe a positive correlation between allocated input
energy and MC, and a negative correlation with AC. In this case, the optimal control
policy also allocates a higher total amount of control energy to the person-specific
node with highest MC as compared to highest AC (T (9) = −2.91, p = .017, Figure
4c, d left). As energy constraints increase, this relationship is reversed, resulting in a
high correlation between spent energy and AC (Figure 4a, blue line), and higher allo-
cated energy on (person-specific) high AC nodes (T (9) = 6.14, p < .001; see Figure 4d
right). As an example, Figure 4c depicts the allocated control energy of a recovered
optimal control policy with low (Figure 4c left) and high (Figure 4c right) constraints
on control energy. During low energy constraints, this policy would favor targeting
feeling ‘cheerful*’ as compared to ‘calm*’, and vice versa for high energy constraints.

The increased emphasis on targeting high AC nodes in case of high energy con-
straints is consistent with the notion that when little energetic resources are available,
more effective nodes need to be targeted to minimize the loss function (cf. eqn. (5)).
In this case, the deviation between the reference trajectory (i.e., the state we want to
drive the systems towards) and the trajectories predicted by the control policies will
however increase (Figure 4b). This suggests that in the given sample, the high MC
nodes are in fact superior in driving the system closer to the desired state (if we were
free to control the system with arbitrary effort). For EMI based control policies, this
would again indicate that in situations where we can flexibly target specific nodes,
and have little restrictions on control, it may be favorable to target high MC over AC
nodes (and vice versa). However, as Figure 4b also indicates, the mean empirically
administered control energy is very low, suggesting that realistically, control input
should be considered strongly constrained. Still, the optimal trajectory was closer on
average to the target trajectory than the observed trajectories, showing that even in a
setting with high costs of control, the potential to better allocate control energy (e.g.,
on high AC nodes in this case) exists.

Finally, we also asked whether optimal treatment policies were primarily driven by
the perturbation of single or multiple nodes (i.e., targeting single or multiple psycho-
logical variables). The results are displayed in Figure 4e. As may be expected, during
high energy constraints (Figure 4e right), the best intervention policy focuses on tar-
geting a few high AC nodes, whereas during low energy constraints (Figure 4e left)
the targets are more broadly distributed, with a slight preference for high MC nodes.
This pattern is also reflected in individual optimal control sequences over time (see
Figure 4f for an example for low (left) and high (right) control constraints).
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3 Methods

3.1 Sample

The data analyzed here were collected as part of an uncontrolled pilot study that
investigated the feasability, safety, and initial therapeutic effects of EMI - based on
principles of compassion-focused therapy (CFT) - for enhancing resilience to stress in
help-seeking youth. Please see Rauschenberg and colleagues [10] for elaborate details
on study design, sample, inclusion and exclusion criteria, and data assessment. Briefly,
the final sample consisted of ten individuals aged 14-25 years (mean 20.3± 3.8 years),
with psychotic, depressive, or anxiety-related psychiatric symptoms and seeking help
from secondary health services. The study was approved by the local ethics committee.

3.2 Empirical data

All study participants completed 3 weeks of EMI informed by EMA administered via a
mobile app on a smartphone. During this period, participants were prompted 7 times
per day on 6 consecutive days per week to complete a brief EMA. The EMA was
scheduled at random times within predefined blocks of time. Whenever participants
scored high on stress, negative affect and/or threat anticipation in the EMA (i.e., scores
higher than 4 on a 7-point Likert scale), individuals were offered an EMI. The EMI
consisted of four different exercises based on principles of CFT (for more information
please see [10]). They served as real-time and real-world transfer of knowledge gained
within three face-to-face sessions on CFT with a trained psychologist, supervised by
an expert clinical psychologist in CFT, within a 3-week period (1 training session, 1
follow-up ‘booster’ session 2 weeks later, and 1 final review session).

3.2.1 EMA variables

For each EMA, participants were prompted to rate several scales related to positive
and negative affect, social appraisals, physical needs, and more in their daily life. Table
1 summarizes the assessed EMA variables and associated statements which showed
variation in all participants. EMA were assessed on a Likert scale (1 to 7, with 1=low,
and 7=high) and were mean centered (−3 to 3) prior to analyses. Positive EMA
variables (e.g., feeling ‘cheerful’) were inverted such that low values connote favorable
health states in all cases. The inverted EMA are indexed by an asterisk (e.g., the
inverted ‘cheerful’ scale is now denoted by ‘cheerful*’) to emphasize that low values
indicate positive states (see Table 1).

3.2.2 EMA preprocessing

In order to infer the network structure and dynamics on these data, we first generated
a data matrix X = [x0, x1, ..., xT ]

⊤ ∈ R(T+1)×M for each participant, in which the
columns x:,i correspond to theM = 15 EMA items assessed at time points t = 0, . . . , T
(listed in Table 1). A row of X, denoted by xt, thus corresponds to a pattern of self-
reports which we take to reflect a participant’s (multivariate) mental health state at
a given point in time. All EMA variables completed in response to one prompt were
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treated as belonging to the same time point and thus allocated to the same bin (i.e., row
of X). A bin was added whenever a prompt was answered. Missing values (which could
occur if an EMA item was skipped or not prompted), were replaced by the last present
value in the time series to avoid not-a-number values. Initial missing values (occurring
before each item was fully prompted) were replaced by the grand average. Finally,
only items which showed variation in each participant (that is, were not constant
throughout the entire time series) were analyzed. For this proof-of-concept study, we
intentionally refrained from other preprocessing steps (such as smoothing or other
forms of imputation) to minimize assumptions made on the data.

3.2.3 EMI and input data

Details on the exact content of the presented compassion-focused EMI can be found
elsewhere [10]. While the present analyses do not centrally focus on the content of
these EMI, they were categorized into four qualitatively distinct types, referring to
compassionate and positive imagery (EMI-I), compassionate self-validation (EMI-II),
emotion as a wave (EMI-III), and compassionate writing (EMI-IV). Since not all
participants completed EMI-IV, only the first three EMI entered our analyses. These
three EMI were collected in binary column vectors ut ∈ R4, with a non-zero element in
the first, second, or third entry depending on which type was presented at a given time
point. The fourth entry indicated whether a participant was currently alone (= 1) or in
the presence of company (= 0) (termed ‘with company’), as also assessed in the EMA.
Given the relevance of social support and context for mental health [30], we therefore
treated these four external inputs as inputs to the DS model (see next section).

3.3 Dynamical system models

To assess the network structure and its dynamics from these EMA and EMI time
series (i.e., from xt and ut, t = 0, . . . , T ), we inferred (discrete time) linear dynamical
systems (LDS) models of the form

xt+1 = Axt +But (1)

where, once more, xt corresponds to the M = 15 dimensional state (column) vector
composed of EMA scores at time t (see Table 1), ut corresponds to binary vectors cod-
ing for the 4 external inputs presented at time t, A is an adjacency matrix describing
the interconnections and linear dynamics of states, and B is a regression coefficient
matrix which maps the inputs onto the state variables. Each column of the regression
coefficient matrix B thus corresponds to the inferred perturbation of the respective
input. This model corresponds to an order 1 vector autoregressive model (VAR) (with
0 bias and no noise) where A and B were inferred via regularized least squares using
ridge regression. The regularization strength of the ridge regression was determined
per model and set to the minimum value at which the inferred system was stable (that
is, the maximum absolute eigenvalue of A was smaller than 1), and varied between
0 and 1.5 (see also [22, 31] for discussions on modeling affect dynamics with VAR
models).
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To assess the agreement between true and model predicted data, we assessed the
explained variation R2 for each EMA time series (by computing the average squared
correlation coefficient between true and predicted time series across participants). To
assess the agreement between true and predicted immediate input effects, we compared
the difference between true EMA scores immediately before and after an external
input to the difference between EMA scores immediately before and predicted EMA
scores immediately after an input.

3.4 Controllability and DS analysis

Eqn. 1 defines a map that describes the temporal evolution of the vector-valued mental
health state. Through matrix A, the nodes x:,i (i.e., the EMA variables) form an
interconnected network. Here, using NCT, we aim to quantify how the different nodes,
and input to these nodes, control the temporal evolution of the inferred systems (i.e.,
the network dynamics), and how this control is constrained by the inferred network
structure. We briefly mention that network controllability is mathematically studied
by representing the network in terms of a graph G = (V, E), where V are the vertices
(or nodes), and E are edges of the graph (see also Figure 2c). Here, matrix A = [aij ]
relates to the weighted adjacency matrix of G, where aij quantifies the edges between
pairs of vertices, and the real-valued EMA variables are associated with the graph’s
vertices.

In NCT, the controllability Gramian is a matrix that contains information on
the ability and the degree to which an external input exerts control over a DS. To
understand this matrix more intuitively, we first define the (T-step) controllability
matrix as

CT =
[
B̃ AB̃ A2B̃ · · · AT−1B̃

]
.

Here, B̃ corresponds to a matrix or vector, in the following referred to as ‘control
vector’, which specifies the nodes which are targeted and the degree to which they
are targeted by an external input (also referred to as ‘control input’). For instance, B̃
could correspond to columns of B (cf. eqn. (1)), if we were to test the controllability of
the presented EMI. It could however, more generally refer to any other perturbation
a participant was exposed to, or not exposed to, in the case that we want to evaluate
effects of simulated hypothetical perturbations. The elements of CT correspond to
the system’s response to a control vector and single control input of 1 (collectively
referred to as intervention in the following) at consecutive moments in time, also
referred to as the system’s cumulative impulse response [26]. As an example, they could
correspond to iterations of the map in eqn. (1) starting from an initial state x0 = 0
and control vector B:,i presented at t = 0. The (T -step) controllability Gramian is
directly associated with the controllability matrix, given by

WT := CTC
⊤
T =

T−1∑
t=0

AtB̃B̃⊤(A⊤)t. (2)
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Eigenvectors and eigenvalues of WT correspond to directions in state space and the
relative ease to steer system into them. Eigenvectors associated to large (small) eigen-
values correspond to easily (difficult) to control directions, that is, it requires a
low/high amount of input energy [26, 29]. Many controllability metrics are therefore
defined in terms of the eigenvalues of this Gramian.

3.4.1 Controllability

We first assessed whether the inferred systems were generally controllable by the
presented EMI or by simulated interventions on single network nodes. A system is
controllable in T time steps by a control vector, if for any initial state x0 and final
state xT of the system, there exists a control input sequence u0, . . . , uT−1, that steers
the system from x0 to xT [32]. In other words, the EMA networks are structured
in a way that we could, in theory, leverage the proposed interventions to drive the
system into any state we aim for. For a system to be controllable in T time steps, WT

has to have all non-zero eigenvalues (since an eigenvalue of 0 indicates directions the
system cannot move in), which implicates that WT has full rank. For a system to be
controllable, it needs to be controllable in T = M time steps (M being the size of the
system; [26]). Controllability was therefore assessed by checking the rank of WT , with
T = M , for the case where B̃ was set either to columns of B (eqn. (1)), or to unit
(canonical) vectors targeting each node separately (multiplied by −1 to account for
positive effects on mental health).

3.4.2 Average controllability

AC determines interventions on a network that may drive a system into different states
with little (input) energy [27]. In other words, AC quantifies the relative efficiency of
an intervention. We quantify AC here as AC = trace(WT ), with T = M as above
[29, 33]. To assess the AC of the actual presented inputs (including the EMI), we set
B̃ to the inferred input effects, that is, to columns of B (cf. eqn. (1)). To assess the
AC of simluated hypothetical interventions targeted at single network nodes, we set
B̃ to negative unit vectors −ej .

3.4.3 Modal controllability

Since AC is strongly dominated by the largest eigenvalues of WT which indicate easily
reachable directions given an intervention, AC rather measures the ability of a node to
steer the system into easily controllable directions with little input energy. In contrast,
MC identifies network nodes that can, in principle, also steer the system towards
hard-to-reach configurations. MC does not depend on input but is a property of the
network, where the MC of node i is given by

MCi =

M∑
j=1

(
1− |λj |2

)
|νij |2. (3)

Here, j refers to the j-th eigenvalue of the participant specific adjacency matrix A,
and νij is the i-th component of the j-th eigenvector of A. Loosely speaking, since
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νij denotes the projection of xi onto the j-th eigenvector or mode (i.e., independent
direction a system may move in), and j the degree of change in eigenvector direction,
MC quantifies the controllability or reach of node i on all of its modes. A high reach
may imply that a node is able to steer the state into directions difficult to reach with
low input energy.

3.4.4 Cumulative impulse response

The metrics introduced so far conveniently assign single numbers relating to different
aspects of controllability. Sometimes we may be more interested in quantifying the
behavior of the system in terms of the actual observed measurements. As indicated
earlier, the system’s CIR quantifies the future output of a system in response to an
initial input. To assess the predicted effects of targeting single network nodes, as well
as targeting multiple nodes by the presented inputs, on the actual EMA item scores,
we computed the associated effects vectors

CIRT =

T∑
t=0

AiB̃ (4)

where the j−th component of CIRT represents the total effect on observable j of the
intervention defined by control vector B̃ after applying a control input once at time
t = 0, and accumulating effects over time (see also [17]). Once more, we set B̃ to
columns of B to compute CIRs for the presented inputs, and to negative unit vectors
−ej to compute CIRs for simulated interventions which target single network nodes.
The minus sign accounts for simulating interventions with positive effects on mental
health. T was set to 100 to account for a sufficient temporal horizon. To compare
CIRs between different inputs, dependent samples t-tests were applied and Bonferroni
corrected for multiple comparisons where appropriate.

3.4.5 Optimal control policies

Beyond control metrics, NCT provides principled approaches towards obtaining opti-
mal control sequences. The optimal control sequence U∗ = u∗

0, . . . , u
∗
T−1 refers to the

unique sequence of inputs which will drive a given system towards a desired state while
minimizing some loss function. Without specifying the loss, there are (infinitely) many
such sequences. However, some of these sequences could require an intense amount
of input energy whereas others could take an exceedingly high amount of time. The
loss function thus typically regulates how fast we want the system to converge to the
desired state, and how much input energy we want to provide along the way (or in
other words, how costly we define our inputs to be). If the loss function is convex, this
optimization problem under constraints is well defined [26]. The most commonly used
loss function in this context is

L = x⊤
TQxT +

T−1∑
t=0

(x⊤
t Qxt + u⊤

t Rut)
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where Q and R are self-determined matrices which penalize the speed of convergence
and the enforced input energy, respectively. For instance, if we consider inputs to
be very costly and therefore aim at identifying a control sequence with little input
energy, we can increase the values in R. Alternatively, if we increase Q, we emphasize
that we want fast convergence to our desired state. The algorithm that minimizes the
above loss for a model as in eqn. (1) is commonly known as the Linear Quadratic
Regulator (LQR). It will identify a policy that stabilizes the system, i.e., aims at
driving the system towards 0 (its fixed point). In our experimental case, however, the
most desirable state is reached at values of −3. To account for this offset, we define a
reference trajectory r0, . . . , rT , rewriting the loss as

L = (xT − rT )
⊤Q(xT − rT ) +

T−1∑
t=0

(
(xt − rt)

⊤Q(xt − rt) + u⊤
t Rut)

)
. (5)

This will encourage a control input solution that drives the system towards the
defined reference trajectory. The reference trajectory in principle allows for user-
defined outcome goals (e.g., by setting only specific values in the reference trajectory
to −3). For the system given in eqn. (1) and the loss given in eqn. (5), we can analyt-
ically obtain the optimal control input sequence U∗ such that L is minimized. At any
given time point, the optimal control depends only on the current state of the trajec-
tory, but not its past or future, resulting in the possibility to update the policy online
while data collection is ongoing.

We first computed the optimal control solutions fixing Q (i.e. convergence speed)
to the identity and varying the penalization of control input R = ρI by ρ ∈ [0.1, 100].
As ρ increases, we are therefore simulating scenarios in which we can only expect
very limited effects, or more precisely, may only exert little control over our state
with the presented treatments. We then related the exerted (node-wise) control energy

Ei =
∑T−1

t=0 (ut)
2
i of the respective recovered control sequence to AC and MC measures

(for more elaborate details on how the optimal control input sequence was obtained
please see Supplement “Methods”).

4 Discussion

The delivery of EMI within the naturalistic daily life setting of an individual bears
great potential for mental health promotion, prevention, and treatment of mental
health conditions [7, 9]. The assessment of psychological variables relating to overall
mental health using EMA allows for a detailed and ecologically valid measurement
of proximal outcomes of EMI. However, accurate evaluation of proximal intervention
effects, mechanisms of change, and intervention placement presents novel challenges
due to the temporal dynamics of underlying psychological states and their interactions
[16, 17, 34]. To address these challenges, we propose a control theoretic approach that
has, to the best of our knowledge, not yet been applied to EMA and EMI. The approach
considers EMA variables as part of a network of interconnected states [15, 17, 21, 35],
whereas interventions constitute perturbations to these states. NCT facilitates the
study and evaluation of network perturbations at the level of an individual. It may also
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help us design and predict effects of (novel) personalized treatment delivery schemes
based on a principled approach. Here, we demonstrate how perturbation analyses can
be deployed to better understand and systematically study EMA networks. In partic-
ular, we use NCT to evaluate real and simulated intervention effects, to thereby gain
insight into network mechanisms, and to guide delivery schemes under considerations
of energetic and temporal constraints.

Current findings

We inferred linear dynamical systems models from the EMA time series of each par-
ticipant and examined the impact of real and simulated inputs using concepts from
NCT. This led to several important insights. The predicted proximal effects of the
investigated external inputs as well as simulated inputs were largely consistent with
prior expectations. For instance, simulated interventions which perturbed the systems
into a positive mental health direction (e.g., by reducing social unpleasantness’ or
increasing cheerfulness) exerted an overall positive effect on mental health. Moreover,
the administered EMI also resulted in an overall pattern of improvement across pre-
dicted psychological variables, and exerted a stronger degree of system control than
the mere (passive) indication of social presence and absence. This aligns well with
previous observations of immediate EMI-driven mental health improvements [10], as
well as the general motivation behind delivering these specific EMI (e.g., [11, 36]). The
consistency of these findings w.r.t. expectations speaks to the validity of the proposed
approach.

Although expected and predicted mental state changes aligned well, we also found
large inter-individual differences in dynamical systems and system responses, that is,
both in terms of network connections as well as in AC and CIR. This variability
implicates that interventions are likely to affect each individual differently and indi-
cates the necessity to harmonize an individual’s personal dynamics with the proposed
interventions (see also [19, 20]). Consistent with this idea, we found that a person-
alized (simulated) intervention targeted at the participant-specific node with highest
AC predicted a larger improvement in mental health state than a group-based inter-
vention strategy. AC (perhaps combined with CIR) could thus be a good indicator for
a personalized delivery scheme.

Finally, using the linear quadratic regulator, we assessed optimal intervention deliv-
ery schemes (referred to as “optimal control policies”), to gain additional insights into
suitable strategies for mental health promotion, prevention, and treatment of mental
health conditions. For each participant, we determined this optimal delivery scheme as
a function of energy constraints. This may roughly be understood as how the sequence
of proposed optimal interventions changes, depending on whether we can afford to
strongly and frequently perturb the system of a given participant, or not. Limits on the
beneficial effects or possible frequency of a proposed intervention may thus be seen as
an energy constraint. In the context of the psychological networks examined here, we
observed that energy constraints modulate whether the intervention strategy should
focus on targeting nodes with high modal vs. high average controllability. When energy
resources are freely available (i.e., we can deliver interventions frequently and may
expect a strong impact), then more emphasis (i.e., control energy) should be allocated
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to nodes with high MC. If this is not the case, then the intervention strategy shifts
ever more to focus on (few) nodes with high AC. The stronger and narrower allocation
of energy on high AC nodes during high energetic constraints is intuitive. Under these
circumstances, intervention strategies should progressively focus on interventions that
drive large (positive) changes with little effort. Interestingly, these observations were
driven by group analyses suggesting that whereas MC and AC may substantially vary
across individuals, the optimal delivery scheme follows similar energetic trade-off prin-
ciples. Considerations on energetic constraints may thus play a substantial role for the
design of an optimal intervention delivery scheme.

Implications for EMI delivery schemes and evaluation

Based on these findings, we see several promising future directions for NCT and EMI
research. First off, while intuitive, energetic considerations are not commonly factored
in when designing intervention strategies. Integrating psychotherapeutic research that
focuses on designing interventions specifically targeted at changing an individual’s
mental state “in the moment” with aspects of dynamical systems and control could
prove particularly profitable to improve future EMI delivery schemes. As an example,
the EMI selected in the current data set are based on principles of CFT that rest on
cultivating and enhancing compassion in individuals. These compassion focused inter-
ventions (CFIs) are particularly designed to act on three interacting emotional systems
- the soothing, the drive, and the threat system - and use intervention techniques (e.g.,
positive mental imagery) expected to exert momentary (i.e., “in-the-moment”) effects
on mental health [36]. For instance, by strengthening the soothing system, CFIs may
down-regulate the threat-system and up-regulate the drive system, resulting in an
overall mental health improvement. By capturing the dynamics of these emotional sys-
tems and integrating a preselected set of EMI targeted at these systems into a delivery
scheme that selects a personalized EMI based on the proximal prediction of its effects
under considerations of energetic constraints, we can hope to place and exploit these
interventions more optimally.

As an example, one such strategy could rest on leveraging dynamical system models
to forecast EMI effects (e.g., by assessing their CIR) and probabilistically selecting
the most promising one (see e.g., https://ai4u-training.de/). Alternatively, to account
for strong energetic constraints, the selection algorithm could additionally factor in
AC (e.g., by probabilistically selecting the EMI with largest AC, or by linking AC
and CIR). Our simulated analyses demonstrate that this could in fact be an effective
approach. Ideally though, in analogy to the linear quadratic regulator, we would have
an algorithm which renders an optimal delivery scheme based on a set of predefined
binary inputs and control matrix (as is the case with the EMI, cf. section 3.2.3),
as well as possible temporal constraints on delivery time points (to account for the
circumstance that we cannot present an EMI at each moment). So far, optimal control
sequences in NCT are conventionally identified under the premise that interventions
can be scaled (as for instance in the case of a car which is controlled by the precise
dosage and addition of fuel). The development of optimal control algorithms that
address the specific requirements of EMI may be extremely powerful in this context.
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Moreover, in combination with real-time model inference and closed-loop control
laws [26], such algorithms could be successively adapted and optimized [34, 37]. Iter-
ative inference and control approaches could also circumvent or counteract issues
which arise due to nonstationarities, i.e., when the observed statistical distributions
associated with an individual’s response pattern (and associated underlying genera-
tive network) changes over time [38]. In an iterative inference protocol, models could
be inferred on a fixed number of past responses, thus neglecting distant data with
other distributional properties. Alternatively, such protocols could first detect non-
stationarities and then base model inference on identified stationary chunks of the
data.

Beyond informing EMI delivery schemes, assessing network control metrics may
prove valuable more generally when evaluating and interpreting intervention effects.
For instance, assessing whether a psychological network is at all controllable by a
specific intervention can provide a quick marker of whether certain state configurations
are at all reachable, and could further be complimented by analyses unmasking which
dimensions are unreachable (e.g., by looking at minimal controllability; [29]).

Network CIRs and ACs are simple and interpretable quantities that capture proxi-
mal intervention effects and can help us gain insight into behavioral contingencies and
network mechanisms [27, 39]. This is important since interactions between network
nodes are often not immediately evident from inspecting observed time series, or may
even entirely elude our observation [17, 24]. Moreover, we can leverage this approach to
study both the effects of actual EMI, as well as effects of simulated interventions tar-
geted at specific network nodes. The latter can be exploited to gain additional insights
into yet unexplored network mechanisms and behavioral contingencies [27, 39]. Such
analyses may prove invaluable to provide personalized feedback to users and increase
awareness w.r.t. an individual’s personal behavioral contingencies. For instance, one
could inform on interactions between psychological variables (e.g., ‘when you are not
relaxed, you tend to feel less appreciated’), educate on the effects of a given CFI (e.g.,
‘positive imagery relaxes you’), and raise awareness for effects of other recorded exter-
nal factors (e.g., ‘spending time in nature had a positive effect on your mood’). In
blended care settings, such evaluations could even inform the therapist on possible
effective leveraging points.

Limitations

The success of the proposed approaches will likely rest on the ability of the DS model
to reconstruct the correct (or close to correct) dynamics (as also pointed out in [17];
see also [40]). While they may not be an adequate reflection of reality, linear models
have proven to be good approximations to many systems [41], and are frequently
deployed in this or similar contexts [22, 42]. Also, linear models of equal dimension to
the observable space may better account for the bias-variance trade-off in the context
of these comparatively short time series [43, 44]. Nonetheless, more powerful nonlinear
approaches to reconstruct dynamics from time series exist (as reviewed in [40]; see
also [45, 46]). On the downside, given their complexity, these approaches likely require
longer time series to generalize well, and NCT is more easily applied to linear systems.
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Optimal control algorithms with input constrained to finite EMI sets have yet to be
developed for complex nonlinear models.

Future studies should concentrate on validating the proposed approaches on longer
time series. By inferring models on part of the time series and predicting the statistics
of the left-out part, we could validate the here-made observations on a personalized
level [44, 47]. For instance, an out-of-sample prediction error could quantify the devi-
ation of predicted CIR and actual CIR, or the inferred dynamics more generally, as
well as evaluate the proposed intervention delivery schemes.

Concluding remarks

The proposed approach complements and extends proposed network theories of men-
tal disorders [15, 48]. The general view here is that mental disorders arise through the
coordinated interaction between a network of mental health symptoms [15], or under-
lying latent variables [38]. Internal or external factors which influence single symptoms
will therefore also change other causally connected symptoms. This perspective rather
seamlessly accounts for frequently observed phenomena including the self-sustaining
negative effect of a momentary adverse experience on mental health, as well as expla-
nations for vulnerability and resilience mechanisms [15]. Methods that shed light onto
network interaction and feedback mechanisms will therefore putatively help to improve
our understanding on the etiology of mental disorders. NCT may be understood as
one such framework that directly quantifies the degree of control network nodes exert
over each other and accounts for essential dimensions such as energetic and temporal
constraints. This augments more traditional network analysis approaches that study
network centrality indices [49], as well as recent advanced approaches to study node
importance in psychological networks [50]. Considering node importance through the
lens of network control directly relates network dynamics to intervention policies. The
same NCT framework as adopted in the present study may be easily transferred to
latent variable models (in which case eqn. (1) is simply coupled to an additional obser-
vation model [26]), and may also reflect a very powerful approach to study EMA
dynamics [38].

Administering effective personalized mHealth interventions and discovering the
mechanisms underlying interindividual differences in intervention response are two
central goals in current digital mental health research. EMA provide exceptional
opportunities to study effects of EMI as well as simulated interventions on mental
health, by assessing relevant psychological variables and their temporal evolution over
long time windows. By understanding these variables as part of a DS that responds to
perturbations, NCT comprises a natural way of addressing both goals of digital men-
tal health research. Personalized intervention effects correspond to the control these
interventions exert over a specific system. Perturbation analyses, hypothetical or real,
provide insights into contingencies between psychological variables and thus elucidate
behavioral contingencies and action mechanisms. Network control algorithms reveal
important insights into personalized optimal delivery schemes.
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Tables

Appendix A Optimal control policies

In the following, we state the solution to obtain an optimal control policy based on
the specified loss function (eqn. (5), main manuscript), and refer the reader to [32] for
a more comprehensive understanding of the involved derivations. Optimizing the loss
function yields the following solution to obtain the optimal control input:

ut = −Gtxt + Ftvt+1.
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Table 1 EMA variables across participants. Inverted variables are highlighted by an asterisk.

EMA label EMA statement
Act. unpleasant I find [this activity] unpleasant
Agreeable* I find this pleasant
Soc. apprec.* I feel appreciated
Soc. unpleasant I find this company unpleasant
Rather company I would prefer to be in the company of other people
Choose alone* I choose to be alone [when alone]
Hungry I feel hungry
Energetic* I feel energetic
Calm* I feel calm
Uncomfortable I feel uncomfortable
Relaxed* I feel relaxed
Irritated I feel irritated
Down I feel down
Cheerful* I feel cheerful
Anxious I feel anxious

The so-called feedback term, Gtxt , contains information from the current trajectory.
Gt is the (Kalman) gain matrix given by

Gt =
(
B⊤StB +R

)−1
B⊤StA,

where St is obtained by the recursive Riccati equation

St = A⊤St+1

(
A−B

(
B⊤St+1B +R

)−1
B⊤St+1A

)
+Q,

ST = Q.

Q and R have been defined along with the loss function and must be positive semidefi-
nite (R positive definite). The so-called feedforward term Ftvt+1 contains information
from the future steps of the reference trajectory. It is transmitted via the adjoint state
vt+1, recursively given by

vt = (A−BGt)
⊤
vt+1 +Qrt,

vT = QrT .

Finally, Ft is another gain matrix given by

Ft =
(
B⊤StB +R

)−1
B⊤.

Since it usually converges quickly, St can be replaced by its limit, the solution of the
Algebraic Riccati equation

S = A⊤
(
S − SB

(
B⊤SB +R

)−1
B⊤S

)
A+Q,

to save memory cost. This results in constant gain matrices F and G. Because the
exact solution to vt depends on a time-varying gain, an approximation can be obtained
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by iterating through to v0 and then setting

vt+1 = (A−BG)
⊤
vt −

(
(A−BG)

⊤
)−1

Qrt.
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