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Forecasting the Onset of Depression With Limited Baseline Data Only:
A Comparison of a Person-Specific and a Multilevel Modeling
Based Exponentially Weighted Moving Average Approach

Evelien Schat1, Francis Tuerlinckx1, Marieke J. Schreuder1, Bart De Ketelaere2, and Eva Ceulemans1
1 Research Group of Quantitative Psychology and Individual Differences, Faculty of Psychology and Educational Sciences,

KU Leuven
2 Department of Biosystems, Mechatronics, Biostatistics and Sensors, KU Leuven

The onset of depressive episodes is preceded by changes in mean levels of affective experiences, which can
be detected using the exponentially weighted moving average procedure on experience sampling method
(ESM) data. Applying the exponentially weighted moving average procedure requires sufficient baseline
data from the person under study in healthy times, which is needed to calculate a control limit for monitoring
incoming ESM data. It is, however, not trivial to obtain sufficient baseline data from a single person. We
therefore investigate whether historical ESM data from healthy individuals can help establish an adequate
control limit for the person under study via multilevel modeling. Specifically, we focus on the case in which
there is very little baseline data available of the person under study (i.e., up to 7 days). This multilevel
approach is compared with the traditional, person-specific approach, where estimates are obtained using the
person’s available baseline data. Predictive performance in terms ofMatthews correlation coefficient did not
differ much between the approaches; however, the multilevel approach was more sensitive at detecting
mean changes. This implies that for low-cost and nonharmful interventions, the multilevel approach may
prove particularly beneficial.

Public Significance Statement
This study investigates early depression detection using the exponentially weighted moving average
procedure with limited baseline data from the person under study in healthy times. The findings suggest
that using historical data from other healthy individuals is useful and enhances sensitivity in detecting
mean changes for the person under study.

Keywords: exponentially weighted moving average procedure, real-time monitoring, experience sampling
method, multilevel models, detection of mean changes

A major challenge in clinical practice is identifying in real time
when a person is at risk of developing a (recurrent) depressive
episode, which would allow for timely intervention. So far, research
into the prediction of depression has largely been performed at
group level and has focused on time-invariant characteristics such as

genetics (Bigdeli et al., 2017; Craddock & Forty, 2006; Levinson,
2006), personality (Klein et al., 2011), and early-life experiences
(Agid et al., 1999; Heim et al., 2004). These studies, however, only
inform us about who has an increased risk of developing depression.
To identify when a person is at risk of developing (recurrent)
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depression, we need to monitor time-varying characteristics that
may function as early warning signals. Monitoring emotional
experiences seems promising for this purpose, as these experiences
are inherently dynamic over time (Davidson et al., 2000; Frijda,
2007; Kuppens, 2015; Larsen, 2000). Moreover, deviations from
typical patterns of emotional experiences are considered to be a
central manifestation of depression (Houben et al., 2015).
To capture the dynamic nature of emotional experiences and how

they unfold over time, researchers frequently use experience
sampling methods (ESM; Myin-Germeys et al., 2009, 2018). In
ESM studies, participants report on their affective states several
times a day, for multiple days, during the course of their daily
routines. Retrospective within-person analyses of ESM data suggest
that the dynamics of affective experiences indeed often change prior
to a depressive episode (Curtiss et al., 2023; Ludwig et al., 2023;
Smit et al., n.d.; Wichers & Groot, 2016). However, from a
prevention perspective, there is a need for methods that can detect
when these affective experiences change in real time.
Statistical process control (SPC) procedures are deemed

particularly useful for this purpose (Montgomery, 2009;
Shewhart, 1931). SPC procedures originate from industry, where
they are used to monitor manufacturing process in real time.
Recently, SPC has been introduced in the field of psychopathology
as a tool to monitor for early warning signals of depression in real
time (Schat, Tuerlinckx, De Ketelaere, & Ceulemans, 2023; Schat,
Tuerlinckx, Smit, et al., 2023; Smit et al., 2019; Smit & Snippe,
2023; Snippe et al., 2023). These studies have shown that the
exponentially weighted moving average (EWMA) procedure
(Roberts, 1959) performs especially well for this purpose and
that there are benefits to monitoring day averages rather than the
scores at the individual measurement occasions (Schat, Tuerlinckx,
De Ketelaere, & Ceulemans, 2023; Schat, Tuerlinckx, Smit, et al.,
2023). A potential drawback of the EWMA procedure is its
probability of signaling false positives—that is, predicting that
someone will have a depressive episode while this is not the case.
However, this drawback characterizes all statistical tests. Moreover,
the significant association between the obtained early warnings and
the occurrence of a depressive episode indicates a favorable balance
of true positives versus false positives.
To apply the EWMA procedure in practice, two distinct phases

are required. In Phase I, the in-control distribution of the monitored
process is captured. For psychological purposes, this involves
estimating the mean (μ1i) and standard deviation (σ1i) of repeatedly
assessed emotions for a particular individual i (e.g., Alice). These
estimates are then used to compute a control limit,1 which describes
the boundary of Alice’s normal emotions. In Phase II, incoming
emotions reported by Alice are transformed into EWMA scores and
monitored over time. As long as these scores remain below the
control limit, Alice’s emotions can be considered “normal” (or in
control). When a score falls above the control limit, however,
emotions are deviating from what is normal (or out of control),
which may in turn call for a preventive intervention. Because the
control limit is person-specific, namely based on Alice’s Phase I
data, the EWMA method is in line with the trend toward
“personalized psychopathology” (Wright & Woods, 2020).
Figure 1 shows an example of the EWMA procedure applied to

the ESM data of a person with a history of major depressive disorder
who had been using antidepressants for the previous 8.5 years
(Groot, 2010;Wichers &Groot, 2016). The participant took part in a

239-day ESM study, in which the antidepressant dose was reduced.
Importantly, the study had two distinct phases, namely a relatively
stable period during which the participant was in remission (i.e., Days
1–41) as well as a period during which he gradually tapered his
antidepressant medication (i.e., Days 42–239). Correspondingly, we
used the first 41 days as Phase I (i.e., to define the control limit) and
the remaining data as Phase II (i.e., to monitor changes in emotions).
Around Day 127 (i.e., Day 86 in Phase II), the participant relapsed
into depression. Applying the EWMA procedure to the participant’s
day averages of negative affect (i.e., mean of the items “restless,”
“irritated,” and “down”) resulted in many out-of-control scores
(indicated by the red dots), with the first occurring onDay 13 in Phase
II. The detection of a change in the monitored process occurred well
in advance of the relapse on Day 86 in Phase II and thus would have
allowed for early intervention. This was later replicated in the
Transitions in Depression Tapering study (Smit et al., 2020), in which
41 formerly depressed patients (gradually) discontinued their
antidepressant medication while participating in a 4-month ESM
study. Twenty-two participants experienced recurrent depressive
symptoms. There was a distinct Phase I period of 28 days during
which the participants were in remission, after which (gradual)
discontinuation of their antidepressants started. The remaining days
(i.e., Days 29–122) were used for Phase II monitoring using EWMA,
and this confirmed that the EWMA procedure may be useful for
forecasting the onset of depression by monitoring mental states
(Schreuder et al., 2024; Snippe et al., 2023).

Despite the promising initial results, the implementation of SPC
for psychological data is faced with a major challenge, namely
obtaining a sufficient amount of Phase I data (i.e., baseline data) for
the person we are monitoring. Ideally, these data should (a) cover
multiple weeks (or even months) of frequent mood assessments and
(b) be collected during a stable, healthy period. With respect to the
first requirement, simulation results suggest that a minimum of 50
Phase I days are recommended for the EWMA procedure, while
multivariate procedures require even more data (Schat, Tuerlinckx,
Smit, et al., 2023). Although a number of studies have shown that
collecting ESM data across many months is feasible (Bos et al.,
2020; Dejonckheere, Houben, et al., 2021; Helmich et al., 2020;
Ludwig et al., 2023; Myin-Germeys et al., 2018; Olthof et al., 2020;
Schreuder et al., 2020; Smit & Snippe, 2023; Snippe et al., 2023;
Wichers & Groot, 2016), it is not trivial to obtain 50 days of Phase I
data. Indeed, the Transitions in Depression Tapering Phase I of 28
days would generally be considered long when compared to the
more traditional baseline period in ESM research, which usually
consists of 7 days at maximum (e.g., study on exam results,
Dejonckheere, Mestdagh, et al., 2021; study on anticipatory social
stress, Koval & Kuppens, 2012). In this study, we therefore focus on
this more traditional scenario and investigate what we can best do in
this case. In addition, it is difficult to guarantee that individuals do
not experience major changes in their mental health during this
period, which violates the second requirement. Thus, establishing a
reliable control limit that reflects the boundary of “normal” emotions
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1 It is possible to implement two-sidedmonitoring, where one has an upper
and a lower control limit, which describe the range of normal emotions.
Regarding one-sided monitoring, one can use either the upper or lower
control limit. Here, we choose for one-sided monitoring using the upper
control limit, as warning signals are only expected to occur in one direction.
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for a particular person may be difficult, which severely limits the
potential utility of SPC.
The issue of insufficient Phase I data has also surfaced in other

fields. To illustrate, in agriculture research, alternative ways to
compute control limits have been proposed, for example, to monitor
the feeding patterns of pigs (Maselyne et al., 2018) or the daily
average egg weight (Mertens et al., 2008). These studies have tried
to solve the issue by using historical data to derive SPC control
limits for the objects under study. Correspondingly, in our case,
extensive historical data drawn from standard 1- or 2-week ESM
studies may be a rich source of insights regarding the in-control
distribution of healthy individuals (e.g., Cloos et al., 2023;
Dejonckheere et al., 2018; Dejonckheere, Kalokerinos, et al.,
2019; Eisele et al., 2022; Houben et al., 2017). Nevertheless, the
challenge remains of how to combine ESM data from other
individuals with little Phase I data (i.e., up to 7 days) of the person
under study to establish a useful control limit in the light of the
ubiquitous individual differences in the level and variability of
people’s emotions (Dejonckheere, Mestdagh, et al., 2019; Nelson et
al., 2020; Thompson et al., 2017).
Drawing upon established literature, a good way to combine

historical data with information from the person under study is
through multilevel modeling. This allows us to use the historical
information while still molding it toward the person under study.
Specifically, for someone who has a few repeated assessments of
mood (e.g., 1–7 days of ESM data), we could estimate their mean
and standard deviation by augmenting the limited Phase I data with
the multilevel model for the historical data.2 An alternative,
person-specific approach would be to solely use the limited
available ESM data as Phase I data. We will compare these two
approaches with respect to (a) deriving the control limit in Phase I
and (b) accurately predicting the transition into depression in
Phase II.
The remainder of this article is structured as follows: First, we

describe the key ideas of the EWMA procedure. Next, we introduce
the multilevel modeling approach of estimating the Phase I
parameters and evaluate these estimates by comparing them to the
person-specific estimates (i.e., the within-person sample mean and
standard deviation) and the known parameters (i.e., the true within-
person mean and standard deviations). We then further evaluate the

estimates by performing a simulation study to investigate predictive
Phase II performance of the EWMA procedure using a control limit
based on the estimates. Finally, we present a discussion of the results
and directions for future research.

EWMA Procedure

In this section, we first explain how we preprocess the ESM data
and provide a rationale for this. Next, we discuss how to compute the
EWMA scores that are monitored in Phase II, followed by a
description on how the Phase I data are used to calculate the control
limit needed for Phase II monitoring. Finally, we elaborate on how
EWMA performance is measured and its desired behavior.

Data Preprocessing

The EWMA procedure (Roberts, 1959) is based on a number of
assumptions, and its expected performance is contingent on these
assumptions being met. Scores at the individual measurement
occasions are assumed to be normally distributed, independent
across time (i.e., serially independent), and there should be no
missing values (i.e., equal spacing between measurement occa-
sions). It is unlikely that these assumptions are met when using ESM
data, but certain preprocessing steps can minimize the impact
thereof. Specifically, simulation studies have shown that it is
beneficial to apply the EWMA procedure to day averages (i.e.,
aggregated measurement occasions within days) rather than the
scores at the individual measurement occasions (Schat, Tuerlinckx,
De Ketelaere, & Ceulemans, 2023; Schat, Tuerlinckx, Smit, et al.,
2023). The averaging step renders data distributions less skewed,
decreases serial dependence, and minimizes issues associated with
missing data (Schat, Tuerlinckx, Smit, et al., 2023). Importantly, this
step also improves the EWMAperformance by increasing the size of
the mean change in the monitored process due to the reduced
variance of the day statistics as compared to the original observed
scores.
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Figure 1
EWMA Procedure Applied to Day Averages of Negative Affect

Note. In the right panel, the dashed horizontal line indicates the control limit (CLi). The solid horizontal line indicates the estimated Phase I mean (μ̂1i). The
solid vertical line indicates the day of the relapse into depression (Day 86 in Phase II). The red dots indicate the out-of-control scores that exceed the CLi.
EWMA = exponentially weighted moving average. See the online article for the color version of this figure.

2 Note that in case no Phase I data are available of the person under study,
the historical data can function as a replacement. Alternatively, one can use
covariates of the person under study to obtain an estimate of the person’s
mean and standard deviation (Schreuder et al., 2023).
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Phase II: Monitored Score

The monitored EWMA scores are based on both past and current
information, as they are a weighted sum of the self-reported ratings
obtained thus far. The highest weight is assigned to the current
rating, and the weights of the past ratings decrease exponentially
over time. Specifically, the EWMA procedure computes a score zit
for individual i on every day t(t = 1, … , T):

zit = λxit + ð1 − λÞzi,t−1, (1)

where xit denotes the observed day average on day t, zi,t−1 represents
the EWMA score on the previous day, and the starting value zi0 is
equal to the estimated Phase I mean μ̂1i for individual i. The constant
λ (0 < λ ≤ 1) is the weight given to xit; the remaining weight is given
to zi,t−1. When interested in detecting smaller mean changes, lower
values of λ are recommended. For ESM data, λ values between .05
and .15 have shown to work well (Schat, Tuerlinckx, Smit, et al.,
2023; Smit et al., 2023; Snippe et al., 2023). Here, we set λ to .10.

Phase I: Parameter Estimation and Calculation of
Control Limit

Using the day averages in Phase I, we obtain estimates of the in-
control mean and standard deviation (i.e., μ̂1i and σ̂1i). These
estimates are then used to compute the control limit, which is used in
Phase II to determine whether the process is in control or not. As
long as the monitored EWMA scores in Phase II fall below this
control limit, the process is considered to be in control. When an
EWMA score goes beyond the control limit, the process is flagged as
out of control. The control limit (CLi) is calculated as follows:

CLi = μ̂1i + Lσ̂1i

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2

ð2 − λÞ

s
: (2)

The L parameter determines the height of the control limit. We
will explain in the next section how to obtain this L value for a
specified EWMA performance.

Performance and Desired Behavior

In SPC literature, the run length (RL) indicates the day in Phase II at
which the first out-of-control score is observed (Montgomery, 2009). If
the process remains in control in Phase II (i.e., no change occurred; no
depressive episode developed), the RL0 is ideally high, as an out-of-
control score is a false positive. On the other hand, if the process goes
out of control (i.e., a change occurred; depression developed), the RL1

is ideally short, as this allows for timely interventions. When multiple
replicates from the same process (i.e., monitoring the same person
again and again, which is obviously impossible in reality) could be
obtained, theRL can largely vary. For example, in the event of a change
(e.g., the onset of depression), the exact day at which the process is
flagged as being out of control may vary. Consequently, in order to
evaluate the performance of the EWMA procedure in simulations, one
usually generates a large number of replicates from the same process,
resulting in a distribution of RL values. To summarize this RL
distribution, the average of the run length (ARL) distribution is usually
reported. The in-control ARL0 denotes the average run length given
that the process remains in control in Phase II, and the out-of-control
ARL1 denotes the average run length given that the process goes out of
control at the start of Phase II. Figure 2 shows an example of RL0 and
RL1 distributions, where the former follows the typical positively
skewed distribution of an in-control process. The ARL0 and ARL1 of
the two distributions equal 340.5 and 2.6, respectively.

The L value in the formula for the control limit is related to these
ARL values. Specifically, when the λ value is kept constant,
increasing the value of L results in a higher control limit, which in
turn leads to higher expected ARL0 and ARL1 values. Given this
interrelationship, in practice L is often estimated from λ and the
desired ARL0, which users choose themselves. This can be done
using the xewma.crit function of the R package spc (Knoth, 2020).
We set ARL0 to 370, and with a λ of .10, this yields an L of 2.40. An
ARL0 of 370 means that, in case the process stays in control (i.e., a
person stays healthy), a false alarm is expected to occur on average
after 370 days. Although the choice of 370 is common in the SPC
literature, a higher or lower ARL0 value may be used, depending on
the cost and impact of an intervention (i.e., whether false positives
are problematic; Smit et al., 2023).
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Figure 2
Example of a RL0 and RL1 Distribution

Note. The horizontal blue lines indicate the ARL0 (left) andARL1 (right) of the distributions. RL=
run length; ARL= average of the run length. See the online article for the color version of this figure.
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Study 1: Evaluating the Quality of the Obtained Phase I
Estimates and Corresponding Control Limit

The challenge in the Phase I period is to obtain sufficient in-control
data of the person we aim to monitor. In this section, we showcase the
person-specific approach to obtaining estimates for μ1i and σ1i for the
person under study, based on the person’s available Phase I data, by
means of an ESM data set that we will call the target data. For
individuals in this target data set, we will compute control limits for
monitoring changes in their negative affect, even though few Phase I
data are available. Next, we elaborate on the multilevel modeling
approach, which fits a multilevel model to historical data from a group
of healthy individuals. This model is then used to generate estimates
for μ1i and σ1i for the person under study, based on the person’s
available Phase I data (i.e., target data). As historical data, we use either
the target data, excluding the person who is monitored (leave-one-out
case), or five other ESM data sets (historical case). We evaluate the
multilevel estimates resulting from both the leave-one-out and the
historical cases by comparing them to the person-specific estimates
and the true parameters of the person under study. Comparing the two
multilevel cases will reveal whether it matters if the historical data
differ from the data of the person under study in terms of design
choices and settings (e.g., items). This study was not preregistered.

ESM Data Sets

The details of the six data sets are provided in Table 1 (Cloos et al.,
2023; Dejonckheere, Kalokerinos, et al., 2019; Heininga et al., 2019;
Pe et al., 2016; Provenzano et al., 2021; Sels et al., 2017). We
consider the sixth data set of Cloos et al. (2023) as our target data, as
this data set contained the most assessments per individual. In the
leave-one-out case, these data also yield the historical data. In the
historical case, the historical data consist of the first five data sets. In
all studies, ESM data were collected, and participants rated their
emotionsmultiple times a day (i.e., 7–10 times) formultiple days (i.e.,
7–14 days). Negative affect items were measured on a continuous
sliding scale, ranging from 0 (not at all) to 100 (very much). The
negative affect items themselves and the amount of items that were
measured differed between studies, which is a point we revisit in the
Discussion section. Using the relevant items in each study, we
calculated the day averages of negative affect for each person. All
participants provided informed consent, and the studies were ethically
approved. See https://osf.io/dar5v/ for an overview of which data sets
are publicly available and where they can be accessed.
For all six data sets, we applied the following two inclusion

criteria: First, we only included healthy individuals (i.e., not
diagnosed with depression or other mood disorders), as we want the
control limit to reflect the upper boundary of negative affect when
people are healthy. Second, we only included individuals with a
compliance of at least 75%.3 This yielded a sample of 762
individuals in Data Sets 1–5 and a sample of 145 in Data Set 6.
In each data set, we computed the day averages of negative affect

for each participant. The mean of negative affect in Data Sets 1–5
(calculated overall day averages of all participants within the study)
falls between 9.58 and 15.44. The standard deviation of negative
affect in these data sets ranges from 6.08 to 11.99. Both the mean
and standard deviation values in Data Set 6 are higher, amounting to
19.21 and 12.56, respectively.

Obtaining Phase I Estimates Using the
Person-Specific Approach

Ideally, the individual Phase I parameters (i.e., μ1i and σ1i)
for the monitored process (e.g., negative affect) are known,
such that they can be used to calculate rather than estimate the
control limit. This is, in practice, never the case, also not for the
145 individuals in our target data. To still have a benchmark to
compare the person-specific and multilevel estimates with, we
consider the known parameters for each target person to be the
mean and standard deviation of the 14 available day averages of
negative affect.

When the Phase I parameters are not known, one usually takes
the traditional, person-specific approach, where the mean (ȳi) and
standard deviation (si) are estimated based on the person’s available
Phase I day averages of negative affect. These person-specific
estimates are then used to compute the control limit. In this study, we
vary the number of available Phase I days from 2 to 7 days, which
are used to obtain the person-specific estimates.

To illustrate how these person-specific estimates and the
corresponding control limit may fluctuate depending on the
number of available Phase I days,4 we present an example in
Table 2 of a target person from Data Set 6. The person’s known
mean and standard deviation equal 22.72 and 4.60, respectively.
The day averages yit fluctuate over the days, which is reflected
in the person-specific estimates and corresponding control limit.
As more Phase I data become available, the estimates approach
the known parameters.

Obtaining Phase I Estimates Using the Multilevel
Modeling Approach

Modeling Historical Data

To obtain the multilevel estimates, we start by pooling the ESM
data of our historical data. For each individual i, we compute a day
average yit of the item y on day t, where i= [1, … , I] and t= [1, … ,
T]. In our case, y is negative affect. Next, we fit a multilevel model to
the historical data. Specifically, we fit a random-intercept multilevel
model on yit and allow the Level 1 error variance to differ between
persons (Nestler & Humberg, 2022):

yit = γ0i + εit , εit ∼Nð0, σ2εiÞ: (3)

γ0i = β00 + ν0i, ν0i ∼Nð0, σ2νÞ: (4)

σ2εi = expðs00 + ω0iÞ, ω0i ∼Nð0, σ2ωÞ: (5)
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3 We also ran the analyses in Studies 1 and 2 with a more relaxed inclusion
criterion. Specifically, we included all participants in Data Sets 1–5 (i.e., 841
participants). For Data Set 6, we only excluded participants (i.e., N = 5) who
did not have any data—and thus did not have a day average—in at least one
of the first 7 days. Using this more relaxed inclusion criterion did not change
our conclusions; the results can be found at https://osf.io/dar5v/. We advise
to use a stringent threshold for the target person under study, as having (a lot
of) missing data in a short Phase I period will render the estimates of the
person-specific mean and standard deviation less reliable.

4 Note that we do not update the estimates (and thus the control limits)
every day after obtaining a new day average for the person under study but
rather use the limited amount of Phase I data to obtain the person-specific and
multilevel estimates.
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The group-mean level of y equals β00. Interindividual differences
in ymeans are captured by the random intercept γ0i, which expresses
the deviation of the person-specific y mean from the overall (group)
mean. The random effects v0i are normally distributed, with mean
zero and variance σ2ν (i.e., a large value implies big differences
between individuals). εit denotes the Level 1 errors, which express
daily variations in y level, and are normally distributed with variance
σ2εi. Interindividual differences in σ2εi are modeled by summing and
exponentially transforming s00 and ω0i, with s00 denoting the
average of the logarithm of the individual-specific Level 1 error
variances. ω0i is the person-specific random effect, where ω0i is
normally distributed with a variance σ2ω. The exponential is taken to
ensure that the Level 1 error variance remains positive.
To fit this multilevel model, we use the umels function of the

mels package in R (Nestler & Humberg, 2022). Fitting this
multilevel model to Data Sets 1–5, for instance, yields the
following estimates: group-mean level of NA β̂00 = 12.57, standard
deviation of the random effect σ̂ν = 7.93, group-level logarithm of
the Level 1 error variance ŝ00 = 3.02 (for a typical person, this
results in a Level 1 standard deviation of 4.53), and the standard
deviation of the random effect σ̂ω = 1.27. Applying the multilevel
model to Data Set 6 yielded the estimates: β̂00 = 19.10, σ̂ν = 10.76,
ŝ00 = 3.29, and σ̂ω = .98.

Predicting Multilevel Estimates for a New Person

Once we fit the multilevel model, we compute a day average yit for
each available Phase I day for the person under study (i.e., a person
from Data Set 6). Using the predict function, we obtain estimates of
the random intercept γ̂0i and Level 1 error variance σ̂2εi for the person
under study using the person’s available Phase I day averages. These
two estimates can then be used as our Phase I estimates: γ̂0i for the
Phase I mean μ̂1i and σ̂εi for the Phase I standard deviation σ̂1i. Of
note, the parameter estimates obtained from the multilevel model
may be subject to shrinkage, where the estimates are shrunk toward
the group-level values (i.e., β̂00 and ŝ00).

Themultilevel estimates for our example person are shown in Table 2
for the historical approach, which fluctuate over the number of Phase I
days. The estimates for the mean (i.e., γ̂0i) are lower than the person-
specific estimates (i.e., ȳi), whereas the estimates for the standard
deviation (i.e., σ̂εi) are higher than the person-specific estimates (i.e., si).

Evaluation of the Person-Specific and
Multilevel Estimates

To assess the accuracy of the person-specific and multilevel
estimates obtained using the approaches described above, we
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Table 2
Day Averages, Known Parameters, Person-Specific and Multilevel Estimates, and Corresponding Control Limits of a
New Person

N Phase I days yit

Known parameter Person-specific estimate Multilevel estimate

μ1i σ1i CLi ȳi si CLi γ̂0i σ̂εi CLi

1 13.05 22.72 4.60 25.26
2 17.91 22.72 4.60 25.26 15.48 3.44 23.96 15.03 4.29 25.60
3 21.89 22.72 4.60 25.26 17.62 4.43 28.53 16.97 4.83 28.88
4 24.89 22.72 4.60 25.26 19.41 5.09 31.96 18.61 5.32 31.72
5 21.15 22.72 4.60 25.26 19.76 4.48 30.79 19.18 4.83 31.09
6 25.66 22.72 4.60 25.26 20.74 4.67 32.26 20.16 4.97 32.41
7 26.23 22.72 4.60 25.26 21.53 4.74 33.22 20.97 5.00 33.30

Note. yit denotes the day average of negative affect. μ1i and σ1i denote the known mean and standard deviation, respectively.
ȳi and si are the sample mean and standard deviation, respectively, based on the available day averages. γ̂0i is the random
intercept, σ̂εi is the standard deviation of the Level 1 errors, and CLi is the control limit.

Table 1
Overview of the ESM Studies

Data set

Protocol characteristic Measurement characteristic Descriptive

N participants Occasions/day N days NA items Scale M NA SD NA

1. Heininga et al. (2019) 38 10 7 Depressed, stressed, anxious, angry, restless 0–100 9.58 6.08
2. Pe et al. (2016) 516 10 7 Depressed, stressed, sad, anxious, angry 0–100 12.97 10.23
3. Dejonckheere, Kalokerinos,
et al. (2019)

90 7 14 Stressed, sad, angry 0–100 15.44 11.44

4. Provenzano et al. (2021) 28 10 7 Stressed, sad, anxious, angry 0–100 10.05 9.48
5. Sels et al. (2017) 90 10 8 Depressed, stressed, sad, anxious, angry 0–100 12.64 11.99
6. Cloos et al. (2023) 145 10 14 Depressed, stressed, anxious, angry, exhausted,

ashamed, guilty, gloomy, tired, shy, regretful,
irritated, concerned, nervous

0–100 19.21 12.56

Note. N participants indicate the number of individuals we have after applying the exclusion criteria. The descriptives for each study are based
on the day averages of NA of all participants, calculated using all NA items. ESM = experience sampling method; NA = negative affect; M = mean;
SD = standard deviation.
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compared these estimates to the known parameters. To this end, we
determined the mean squared error (MSE) for the different estimates
(i.e., ȳi, si, γ̂0i, σ̂εi) across the 145 target persons. The MSE is the
average squared difference between the estimate and the known
parameter value (i.e., μ1i for the mean and σ1i for the standard
deviation). Thus, the lower the MSE value, the more accurate the
estimate is. We also calculated the correlation between the person-
specific/multilevel estimates and known parameter values.

Results

Figure 3 shows the scatter plots of the person-specific and
multilevel estimates of the mean and standard deviation for the
leave-one-out case and the historical case. The columns indicate the

number of Phase I days, and the color of the dots indicates the value
of the known parameter (i.e., μ1i and σ1i). Table 3 shows the average
MSE values of the person-specific and multilevel estimates (of the
145 persons) and the correlations between the estimates and known
parameter values for the different number of Phase I days.

Mean. In the leave-one-out case, the person-specific (i.e., ȳi) and
multilevel (i.e., γ̂0i) mean estimates are very similar. In Figure 3, we do
observe some shrinkage, where the more extreme multilevel estimates
are pulled toward the group-mean level. As such, the higher multilevel
estimates are lower than the corresponding person-specific estimates,
and the lower multilevel estimates are higher than the corresponding
person-specific estimates. However, this effect decreases as the
number of Phase I days increases and is minimal for seven Phase I
days. In the historical case, we observe more shrinkage for the mean,
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Figure 3
Scatter Plots of the Person-Specific and the Multilevel Estimates for the Leave-One-Out Case and Historical Case

Note. The first two and the last two rows show the results for the leave-one-out case and the historical case, respectively. Within a case, the top row shows the
results for the mean and the bottom row for the standard deviation. The columns indicate the number of Phase I days. The color of the dots indicates the value of
the known parameter (i.e.,μ1i and σ1i). μ1i = known mean; σ1i = standard deviation. See the online article for the color version of this figure.
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where especially the higher multilevel estimates are lower than the
corresponding person-specific estimates. This makes sense, as in our
case the group-mean level of the historical data is lower than the mean
level of the target data (see Table 1 and Obtaining Phase I Estimates
Using the Multilevel Modeling Approach section). Again, this effect
diminishes as the number of Phase I days increases.
In Table 3, we see that overall, the MSE values of all estimates

decrease as the number of Phase I days increases, indicating that the
estimates become more accurate (i.e., approach the known values)
with more data. Similarly, the correlations increase as the number of
Phase I days increases. In the leave-one-out case, the MSE of ȳi is
higher than the MSE of γ̂0i for two to four Phase I days. From five
Phase I days onward, the MSE of ȳi is lower than that of γ̂0i. Thus,
from five Phase I days onward, the person-specific estimate is closer
to the known mean than the multilevel estimate. In the historical
case, the intersection already occurs after two Phase I days. Thus,
from three Phase I days onward, the MSE of ȳi is lower than the
MSE of γ̂0i. This corresponds with the larger amount of shrinkage
observed in the historical case as compared to the leave-one-out case
(Figure 3). This means that, aside from two Phase I days, the person-
specific estimate outperforms the multilevel estimate. In both the
leave-one-out and historical cases, the correlation between ȳi and μ1i
initiates at .84 for two Phase I days and increases to .96 for seven
Phase I days. These same values were observed for the correlation
between γ̂0i and μ1i for two and seven Phase I days.
Standard Deviation. For the standard deviation, we also

observe shrinkage in both the leave-one-out case and the historical
case (Figure 3). The higher multilevel estimates (i.e., σ̂εi) are lower
than the corresponding person-specific estimates (i.e., si), and the
lower multilevel estimates are higher than the corresponding person-
specific estimates. Moreover, more Phase I days (as compared to the
mean) are required to get a strong correlation between the person-
specific and multilevel estimates and the known standard deviation.
This is reasonable, considering that more observations are needed to
get an accurate estimate for the standard deviation than for the mean.
The correlation between si and σ1i (in the leave-one-out case and the
historical case) is quite low at .36 for two Phase I days and increases
to .81 for seven Phase I days (Table 3). The correlation between σ̂εi

and σ1i also starts low in the leave-one-out case, at .38 for two Phase
I days and increases to .80 for seven Phase I days. In the historical
case, however, the correlation is .50 for two Phase I days and
increases to .81 for seven Phase I days.

TheMSE of σ̂εi is consistently lower than theMSE of si, implying
that the multilevel estimates are more accurate than the person-
specific estimates. This again reflects the fact that more data are
needed to obtain an accurate estimate of the standard deviation, and
thus, here, we benefit from having more data than merely the
person’s available Phase I data.

Study 2: Evaluating the Quality of Obtained Control
Limits for Detecting Mean Changes

The next step is to investigate how well the estimates and
corresponding control limit work for monitoring and detecting mean
changes in the Phase II data of the person under study. Specifically,
we aim to evaluate the predictive performance of the EWMA
procedure with different control limits. As such, we conducted a
simulation study in which we applied the EWMA procedure with a
control limit based on the person-specific estimates, multilevel
estimates, and known parameters. Specifically, we used the
person-specific estimates, multilevel estimates (leave-one-out case
and historical case), and the known parameters of the 145
individuals in the target data (i.e., Data Set 6), as obtained in the
previous section. Prior to explaining our simulation study, we
describe the statistical procedure used in two recent articles
applying EWMA to forecast recurrence of depression (Schreuder
et al., 2024; Snippe et al., 2023), which we used as a basis for our
simulation design.

Statistical Procedure Used by Snippe et al. (2023) and
Schreuder et al. (2024)

As mentioned in the introduction, Snippe et al. (2023) and
Schreuder et al. (2024) investigated whether the recurrence of
depression can be forecasted by monitoring mental states using the
EWMA procedure. Specifically, these studies analyzed data of 41
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Table 3
Average Mean Squared Error Values and Correlations

Case N Phase I days

MSE ρ

ȳi γ̂0i si σ̂εi ρȳi ,μ1i ργ̄0i ,μ1i ρsi ,σ1i ρσ̂εi ,σ1i

Leave-one-out 2 39.48 36.17 17.35 7.75 .84 .84 .36 .38
3 26.65 25.37 9.72 6.47 .89 .89 .53 .53
4 19.13 19.06 6.49 5.11 .92 .92 .65 .65
5 16.14 16.28 5.48 4.73 .93 .93 .69 .68
6 12.04 12.32 4.36 4.09 .95 .95 .74 .74
7 9.54 9.72 3.30 3.23 .96 .96 .81 .80

Historical 2 39.48 38.53 17.35 7.40 .84 .84 .36 .50
3 26.65 29.35 9.72 6.88 .89 .88 .53 .55
4 19.13 21.79 6.49 5.11 .92 .91 .65 .67
5 16.14 17.91 5.48 4.67 .93 .93 .69 .69
6 12.04 13.60 4.36 3.90 .95 .95 .74 .75
7 9.54 10.76 3.30 3.01 .96 .96 .81 .81

Note. γ̂0i denotes the random intercept, σ̂εi the standard deviation of the Level 1 errors, ȳi the sample mean, and si the sample
standard deviation. μ1i and σ1i denote the known mean and standard deviation, respectively. Correlations between person-specific/
multilevel estimates and known parameters are given by ρ. MSE = mean squared error.
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formerly depressed patients who participated in a 4-month ESM study
while discontinuing their antidepressant medication. Twenty-two
participants experienced a relapse into depression. There were two
distinct phases: Phase I (i.e., days 1–28), in which participants were in
remission, after which (gradual) continuation of their antidepressant
started, followed by Phase II (days 29–122), in which participants
were monitored using EWMA. The statistical procedure of the two
studies is shown in Figure 4. First, in Phase I, the day averages of days
1–28 were used to obtain the person-specific estimates of the mean
(ȳi) and standard deviation (si). Next, in Phase II, the day averages of
days 29–122 were monitored using the EWMA procedure. In case
there was an out-of-control EWMAscore, the personwas predicted to
experience recurrent depression (hereinafter, transition).

Performance Measure

Predictive performance of the EWMA procedure was measured
using Matthews correlation coefficient (MCC; Matthews, 1975).
This measure ranges from −1 to 1, where an MCC of 1 means
perfect prediction and an MCC of 0 means prediction at the chance-
level. MCC essentially reflects a correlation between two binary
variables (e.g., predicted transition vs. no transition and observed
transition vs. no transition). In this case, the observed transition
versus no transition is whether a person relapsed into depression or
not. A predicted transition is operationalized as the detection of at
least one out-of-control EWMA score, whereas a predicted no
transition is no out-of-control EWMA score.
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Figure 4
Statistical Procedure Used by Snippe et al. (2023) and Schreuder et al. (2024)

Note. TP= true positives; FP= false positives; FN= false negatives; TN= true negatives;MCC=Matthews correlation coefficient. See the online article for
the color version of this figure.
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Permutation Testing. To evaluate whether the observed MCC
values were significantly larger than 0, permutation testing was used
in Schreuder et al. (2024). Specifically, the predicted transition
values were randomly shuffled and compared to the observed
transition, leading to a new MCC value. For 1,000 permutations, a
new MCC value was obtained, resulting in a sampling distribution.
The p value of the observed MCC value was equal to the number of
times the permutation MCC values were larger than the observed
MCC value, divided by the total number of permutations.

Simulation Design

In our simulation study, we followed a similar procedure as
described above. However, instead of using empirical Phase II data
and the presence/absence of a transition, we simulated Phase II data
for the 145 persons in Data Set 6. In addition, we simulated the
transition itself and its magnitude in terms of a mean change.
First, for each of the 145 individuals, we sampled Phase II day

averages of negative affect from a normal distribution, based on
the person’s known mean and standard deviation. Next, we
randomly allocated the 145 individuals to the transition (N = 73)
or no-transition group (N= 72). We set the transition to depression
to 1 month (i.e., 31 days) after the start of Phase II,5 as warning
signals can be found up to a month prior to the transition (Smit et
al., 2019; Snippe et al., 2023). Given that out of controls after the
transition are not of interest, we limited the Phase II period to
31 days.
For those in the transition group, we introduced a mean change

(i.e., proxy for depression) with varying sizes of 0, .79, 1.58, or 3.16
σ1i at the day average level (based on 10 measurement occasions per
day), which was introduced at the start of Phase II.6 In other words,
in three settings, participants did have a mean change in negative
affect (i.e., .79, 1.58, or 3.16σ1i), and in one setting, they did not
(i.e., 0σ1i). This resulted in a mean change in negative affect, with
sizes of 0, .25, .50, and 1σ1i in terms of Cohen’s d, at the level of
individual measurement occasions (Schat, Tuerlinckx, Smit, et al.,
2023). The size of the change at day level is larger, as the day
averages have a lower variance than the scores on the individual
measurement occasions. We used 10 measurement occasions per
day, as it is similar to most empirical ESM data sets that we used (see
Table 1). For ease of interpretation, we refer to the mean changes in
terms of Cohen’s d in the remainder of this article. For those in the
no-transition group, we did not introduce a mean change, as these
individuals reflect a group of healthy individuals (i.e., they all had an
effect size of 0σ1i). This procedure (i.e., data simulation, group
allocation, introducing the four mean changes to the transition
group) was replicated 10,000 times.
In each replication, we applied the EWMA procedure 19 times to

the Phase II data of each person. We applied the EWMA procedure
with the control limit based on the known parameters (i.e., μ1i and
σ1i), multilevel estimates of the leave-one-out case (i.e., γ̂0i and σ̂εi),
multilevel estimates of the historical case, and person-specific
estimates (i.e., ȳi and si). Whereas the first EWMA procedure was
applied once, the latter three EWMA procedures were applied six
times each, with estimates based on two to seven Phase I days.
Finally, for each EWMA procedure, we noted down whether at least
one EWMA score was flagged as out of control (1) or not (0). Thus,
for each of the 76 combinations of settings (i.e., four mean change
sizes × 19 EWMA procedures) and 10,000 replicates, we obtained a

145 × 2 matrix containing (a) the allocated transition group of the
person (i.e., 1 transition, 0 no transition) and (b) whether there was
an out-of-control EWMA score (i.e., 1 presence, 0 absence). The R
code for the simulation study can be found at https://osf.io/dar5v/.

Performance Measures

We also measured predictive performance of the EWMA
procedures using MCC. In our case, the observed transition versus
no transition is whether a person is allocated to the transition or no-
transition group. A predicted transition is operationalized as the
detection of at least one out-of-control EWMA score, whereas a
predicted no transition is no out-of-control EWMA score. In total,
we obtained 76,000 MCC values (for each replicate of the 76
combinations of settings). Furthermore, we calculated the sensitivity
and specificity of the procedures, as well as the true and false
positives and negatives.

Permutation Testing. Permutation testing was again used to
evaluate whether the obtained MCC values were significantly larger
than 0. For each of the 76 combinations of settings, we did the
following: First, for each of the 10,000 replicates, we obtained the
number of detections that were found (i.e., the number of true
positives + false positives). For each unique number of detections
(to limit computational burden), we ran 1,000 permutations, in
which we randomly allocated the presence (1) or absence (0) of a
detection to 145 persons, of whom 73 belonged to the transition
group (1) and 72 to the no-transition group (0). For each of the 1,000
permutations, we obtained a new MCC value, resulting in a
sampling distribution. Next, we compared the observed MCC value
to the sampling distribution based on the number of detections.
Finally, we noted the result of the significance test with α = .05: 1 if
<5% of the permuted MCC values were larger than the observed
MCC value, and 0 if ≥5% of the permuted MCC values were larger
than the observed MCC value. For a mean change of 0σ1i, the
percentage of significant MCC values is ideally low (i.e., 5%),
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5 We conducted additional simulations in which the timing of the
transition differed between individuals. Specifically, we divided the
individuals with a transition (N = 73) into three subgroups with different
transition timings: 14 days after the start of Phase II for 24 individuals, 31
days for 24 individuals, and 45 days for the remaining individuals. Similarly,
for the no-transition group (N = 72), the duration of Phase II varied: 24
individuals had 14 Phase II days, 24 individuals had 31 Phase II days, and 25
individuals had 45 Phase II days. Results are available at https://osf.io/dar5v/.
A slight decrease in sensitivity andMCCwas observed for mean changes .79
and 1.58σ1i, whereas specificity remained unaffected. The overall patterns
across the different approaches (i.e., person-specific and multilevel)
remained the same.

6 We conducted additional simulations in which mean changes (i.e., up to
79, 1.58, or 3.16σ1i) were introduced gradually across the 31-day span of
Phase II, as changes in affect can be more continuous. Specifically, the mean
change was introduced by incrementally increasing it in 30 equal steps,
resulting in a cumulative effect size of .79, 1.58, or 3.16σ1i. Results are
available at https://osf.io/dar5v/. Compared to the results for abrupt changes,
we observed lower sensitivity, unchanged specificity, and a lower MCC (i.e.,
fewer TP, more FN, unchanged FP and TN) for a mean change of .79 and
1.58σ1i. For 3.16σ1i, results were the same. This is in line with Smit et al.
(2023), who stated that pinpointing the start of the change is often not
possible, as the new process is still very similar to the in-control process. It
therefore takes longer before changes are detected (i.e., lower sensitivity).
However, if the gradual change is large enough or persists over an extended
period, it can still be detected. Overall, the patterns across the different
approaches (i.e., person-specific and multilevel) also remained the same.
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reflecting the Type I error rate. For the other mean changes, the
percentage of significant tests is ideally high, indicating that the
method is good at predicting the transition/no-transition groups in
terms of MCC.

Results

We first discuss the Type I error rate and power of the EWMA
procedures in terms of the percentage of significant MCC values.
Next, we evaluate the predictive performance of the EWMA
procedures in terms of the MCC values themselves, as well as
sensitivity, specificity, and true and false positives and negatives. The
results for the multilevel estimates are only shown for the historical
case, as they were overall better than the results for the leave-one-out
case (i.e., higher sensitivity and MCC values, slightly lower
specificity; see https://osf.io/dar5v/).

Type I Error and Power

Figure 5 shows the average percentage of significant MCC values
for the EWMA procedure with the control limit based on known
parameters, person-specific estimates, and multilevel estimates.
Specifically, the values indicate the average over all 10,000
replications. For the known parameters, the average percentage of
significant MCC values lies at 5% for the mean change of 0σ1i,
reflecting the significance level α = .05. The Type I error rate of the
other two procedures is higher but decreases as the number of Phase
I days increases. The percentage of significant MCC values for the
other mean changes (i.e., .25, .50 and 1σ1i) reflects power, which
increases as the size of the mean change increases and as the number
of Phase I days increases. For the smaller mean change of .25σ1i, the
percentage of significant MCC values is higher for the multilevel
estimates than the person-specific estimates. For the mean change of
.50σ1i, the percentages of significant MCC values for the person-
specific estimates and multilevel estimates become approximately
equal after four Phase I days. At seven Phase I days, theMCC values
of the person-specific and multilevel estimates approximate the
MCC values of the known parameters. This is also the case for the

larger mean change of 1σ1i, where the percentages of significant
MCC values of the person-specific and multilevel estimates are
similar to those of the known parameters.

Performance Indices

To further understand the differences in Type I error rate and
power between the known parameters, person-specific estimates,
and the multilevel estimates, we investigate the different indices for
predictive performance. Table 4 shows the average percentage of
true and false positives and negatives, and the average MCC,
sensitivity, and specificity. The values indicate the average over all
10,000 replications and are shown for mean changes .25 and .50σ1i.
The results for the mean change of 1σ1i are not shown here as the
results do not improve much, but can be found at https://osf.io/da
r5v/.

Overall, four things stand out in Table 4. First, the values for the
known parameters do not vary over the number of Phase I days
because they are based on all 14 days (and thus the variation of the
number of Phase I days plays no role). Second, for the person-specific
and multilevel estimates, the average MCC and sensitivity values
increase as the size of the mean change and the number of Phase I
days increase, even though specificity remained relatively constant.
Correspondingly, the percentage of true positives increases (without
increasing false positives), while the percentage of false negatives
decreases (without decreasing true negatives). It follows that, with a
mean change of .50σ1i and seven Phase I days, one reaches similar
performance with the person-specific and multilevel estimates, as one
would with the known parameters. Third, EWMA with multilevel
estimates is slightly more sensitive (but less specific) than EWMA
with person-specific estimates. For the former, the percentage of true
positives and false positives is higher, while for the latter, the
percentage of true negatives and false negatives is higher. Finally, we
observe that the MCC values of the person-specific estimates never
clearly surpass those of the multilevel estimates, but are in many
conditions worse: Especially for the smaller mean change of .25σ1i,
the MCC values of the multilevel approach were consistently higher.
This was also the case for the medium mean change of .50σ1i in
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Figure 5
Average Percentages of Significant MCC Values

Note. The columns indicate the size of the mean change (σ1i) in terms of Cohen’s d in the transition group. The solid horizontal line indicates
the significance level of α at 5%. MCC = Matthews correlation coefficient. See the online article for the color version of this figure.
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combination with less than four Phase I days. From four Phase I days
onward, for themean change of .50σ1i, theMCC values of the person-
specific approach were slightly higher.

Discussion

The EWMA procedure shows great potential for detecting early
warning signals of depression in real time and, thus, identifying when
someone is at risk of developing depression. However, a primary
challenge of applying EWMA in practice lies in the Phase I period,
namely obtaining sufficient Phase I data of the person under study.
This is needed to obtain accurate estimates of the person’s mean and
standard deviation in healthy times, such that an accurate control limit
can be obtained for monitoring in Phase II. While simulation studies
have suggested that at least 50 Phase I days are needed, the practical
implementation of such a long Phase I period poses challenges. Based
on usual implementations in ESM research (Dejonckheere,
Mestdagh, et al., 2021; Koval & Kuppens, 2012), we focused on
the scenario in which very little Phase I data are available (i.e., up to 7
days). Nonetheless, the recommendation remains: If you are able to
acquire a large amount of Phase I data, it is advisable to do so.
In other fields, historical data have been used to calculate control

limits for the subject of interest (e.g., Maselyne et al., 2018; Mertens
et al., 2008). Our study aimed to adopt a similar strategy by using
ESM data of a large group of healthy individuals. Specifically, we
proposed to fit a multilevel model with random intercepts and random
Level 1 error variances to historical ESM data (i.e., day averages of
negative affect). Next, we obtained estimates of the mean and
standard deviation for the person under study by predicting the
person’s random intercept and Level 1 error variance using a small
number of available observations for this person. We used empirical
ESM data of six studies to compare the multilevel estimates with
person-specific estimates with respect to deriving the control limit in
Phase I. Moreover, we compared the accuracy with which these
approaches predicted simulated transitions into depression in Phase
II. In the remainder of this section, we first discuss the obtained results
and provide recommendations. Next, we discuss applications for the
multilevel EWMA approach and address some limitations and
remaining challenges that warrant further research.

Phase I Parameter Estimates

For estimating within-person means based on varying lengths of
Phase I, we saw that multilevel approaches initially outperformed the
person-specific approach. After two (historical case) and five (leave-
one-out case) Phase I days, however, this reversed. Regarding the
standard deviation, the multilevel approaches consistently provided
more accurate estimates than the person-specific approach. This
illustrates that more data are needed to obtain an accurate estimate of
the standard deviation, and thus approaches to estimate standard
deviations benefit more from having historical data. Although MSE
values decreased as the number of Phase I days increased, there is still
room for improvement, and the valueswould decrease even further by
including more Phase I days.

Phase II Predictive Performance

The multilevel and person-specific approaches were further
investigated in the simulation study, which focused on predictive
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performance in Phase II. Here, we found that both multilevel
approaches (historical and leave-one-out) essentially yielded a
similar performance. Both multilevel approaches generally out-
performed the person-specific approach for detecting small changes
(i.e., .25σ1i), implying that small changes in mental health are more
accurately detected when applying control limits that are based on
historical data than with control limits that are based on a person’s
limited available Phase I data. For larger changes in mental health,
this only held when fewer than four Phase I days were available.

Applications for the Multilevel EWMA Approach

The multilevel EWMA procedure is particularly useful in mental
health applications since individual norms (i.e., a person’s control
limit) are typically unknown in this domain. In situations where low-
cost interventions are applicable and having somewhat more false
positives can be dealt with, for instance, by asking a “triage” follow-
up question, we recommend using the multilevel approach. In this
case, one has a higher chance of targeting the right person at the right
time (e.g., finding an out-of-control EWMA score for someone who
experiences a transition in mental health) as compared to the person-
specific approach.
To illustrate, one type of application is Just-In-Time Adaptive

Interventions (Spruijt-Metz & Nilsen, 2014). Such interventions are
delivered online (e.g., via smartphone), right when individuals are
likely to benefit from them. Ideally, Just-In-Time Adaptive
Interventions should not be delivered upon false alarms, as this
limits user engagement (Nahum-Shani et al., 2018). One way of
limiting the rate of false alarms might be to take the reliability of
momentary assessments into account when applying the EWMA
procedure, for instance, by repeating certain items (Dejonckheere
et al., 2022). One could also check whether there is a different reason
(than impendent depression) for the extreme score based on context
information. Another way of limiting the impact of false alarms
could be to incorporate an opt-out option, giving individuals the
choice to respond to or ignore the prompt (Nahum-Shani et al.,
2015, 2018).
A second potential low-cost application is patient engagement in

therapy. Patients often find it insightful to visualize their data in a
time series format, which can be used in therapeutic settings. For
example, reviewing specific days when they felt out of control can
provide both the patient and their therapist with insights into
underlying triggers or patterns. Having one or a few false positives
will probably not hinder the detection of such patterns, as long as
there are sufficient true positives.
In this study, we focused onmental health applications, specifically

depression. However, utilizing historical data to estimate control
limits may be useful in a broader scope of applications, such as in
behavioral health (e.g., smoking cessation; Soyster & Fisher, 2019),
physical health monitoring (e.g., heart pump device; Moazeni et al.,
2023), or organizations (e.g., social network dynamics; Perry, 2020).

Directions for Future Research

Although the present study provided valuable insights and
recommendations regarding ways to derive the EWMA control
limit, there remain some challenges that merit future research.
Regarding the empirical data sets that we used, we saw that the mean
of the day averages was higher in Data Set 6 (i.e., the target data)

compared to Data Sets 1–5 (Table 1). A clear distinction between
Data Set 6 and the other data sets is the larger amount and wider
range of negative affect items, which may contribute to a higher
mean. Indeed, computing the mean per item shows that there is quite
some variability between the items (see https://osf.io/dar5v/). Items
that are found in most data sets (i.e., “depression,” “stress,”
“anxiety,” and “anger”) exhibit a slightly higher mean value in Data
Set 6. Nevertheless, other items such as “exhaustion” and “fatigue”
contribute more to the higher overall mean of negative affect in Data
Set 6. The observed differences in the multilevel estimates of the
leave-one-out case and historical case were also reflected in the
predictive performance of the EWMA procedure. Therefore, it
appears that the specific subselection of items does have an impact
on predictive performance, a factor that future research should
consider.

The simulation results assessing Phase II predictive performance
showed that, regardless of the size of themean change and the number
of Phase I days, the percentage of false positives stays constant. The
presence of false positives can be linked to the skewed shape of the
RL0 distribution (see Figure 2), where there is a high probability of
early out-of-control EWMA scores even though the process is in
control (Gan, 1993). This is an inevitable outcome when using the
EWMAprocedure, and modifications of the parameters (i.e., λ and L)
provide only a small workaround for this problem (Snippe et al.,
2023). Hence, if the occurrence of false positives does not present
significant concerns, using EWMA can be valuable for detecting
early warning signals of depression. However, if the intervention
carries potential risks, it may be worthwhile to explore alternative
methods that are less prone to false positive detections. One could, for
instance, adapt the EWMA procedure such that only multiple
consecutive out-of-control scores are considered a warning signal
rather than a single out-of-control score.

Although the multilevel approach worked best in most cases, the
multilevel estimates were still very quickly governed by the person’s
own observed Phase I day averages. For example, we observed
some shrinkage for two Phase I days (Figure 3); however, this
quickly decreased as the number of Phase I days increased to 7. This
may not be desirable because (a) the limited number of observations
may not accurately reflect the person’s own distribution in healthy
times, and (b) we are not fully utilizing the knowledge we have
regarding the range of scores that are considered healthy based on
historical data. This could potentially be improved by including an
additional type of information, namely person-specific covariates.
For example, this may be information regarding demographics,
personality traits, emotion regulation, life satisfaction, or self-
esteem, which is often also collected in ESM studies (e.g.,
Dejonckheere, Kalokerinos, et al., 2019; Grommisch et al., 2020;
Heininga et al., 2019; Houben et al., 2016; Kuppens et al., 2010;
Zetsche et al., 2021). By including covariates in the multilevel
model, the between-person variance of the random effects will
decrease, and consequently, the ratio of the between-person and
within-person variances will change. The multilevel estimates that
we obtain for a new person depend on this ratio. Specifically,
the speed at which the multilevel estimates are governed by the
observed Phase I data depends on this ratio, together with the
number of Phase I days. Thus, by including covariates in the model
and thus changing the ratio of the variances, we may be able to make
fuller use of information in the historical data.
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The multilevel approach is based on the assumption that the
sample of individuals is a random sample of the underlying
population. Indeed, in the present study, both the to-be-monitored
individuals and the historical sample can be considered healthy.
Nevertheless, if one aims to monitor individuals with a history of
major depressive disorder, it is important to consider that they may
inherently possess a higher susceptibility to depression and could
potentially have a higher Phase I average compared to individuals
without a history of depression. In future research, this can be
addressed by including covariates in the multilevel model or by
working with historical data from a sample of individuals with a
history of major depressive disorder.
In the present study, EWMA was used to detect mean changes in

negative affect, as such changes can serve as early warning signals
of the onset of depression (Ludwig et al., 2023; Smit & Snippe,
2023; Smit et al., 2019; Snippe et al., 2023). However, the onset of
depression can also manifest in other aspects of the data beyond just
mean changes, including changes in variability and trends (Cabrieto
et al., 2018, 2019; Wichers & Groot, 2016, 2020). Detecting
changes in trends is challenging, as SPC is built on the assumption
that a process fluctuates around a mean level with a constant
variance and that observations are independent. If there is a trend in
the data, leading to dependence in the data, it is typically
recommended in SPC literature to detrend the data. This can be
done, for example, by fitting an autoregressive model (e.g., first-
order autoregressive or AR[1] model) to the data and monitoring the
residuals (Schat, Tuerlinckx, Smit, et al., 2023). It is also possible to
monitor changes in other statistics than the mean by applying
EWMA to multiple relevant day statistics, such as day standard
deviations (Schat, Tuerlinckx, De Ketelaere, & Ceulemans, 2023).
Research has shown that monitoring day standard deviations on top
of day averages is beneficial for predicting depression (Schreuder
et al., 2024). Future research can expand on the present study by
monitoring additional types of day statistics on top of day
averages.
Individuals fluctuate in mood and may thus experience a mean

change in negative affect that does not necessarily signal
impending depression. This change could, for example, be due to
events such as exam stress or the loss of a loved one. Integrating
such contextual information into the analysis could allow us to
more effectively distinguish between changes that are indicative
of impendent depression and those that arise from other factors.
This can, in principle, be done by employing regression analysis
with contextual covariates as predictors and monitoring the
residuals. Future research should therefore consider utilizing the
contextual information that is typically also collected in ESM
studies.
Finally, since we focused on monitoring the day averages of

negative affect rather than the individual measurement occasions, we
did not account for temporal dependency in the multilevel model.
This is because the aggregation of scores within a day reduces the
serial dependence considerably (Schat, Tuerlinckx, Smit, et al.,
2023). However, when monitoring affect scores at the individual
measurement occasion level, this approach may lead to inaccurate
estimates. In such cases, it is essential to consider and capture the
temporal dependency of the monitored scores, by, for example,
assuming the Level 1 errors to follow an autoregressive (e.g., AR[1])
process (Goldstein et al., 1994) or by detrending the data.

Conclusion

The present study demonstrated the potential of using historical
ESM data of healthy individuals to help establish an EWMA control
limit for a new person under study, for whom only a few days of data
are already available, throughmultilevel modeling. In terms ofMCC
values, the difference between the person-specific approach and the
multilevel approach is small. However, when weighing the trade-off
between sensitivity and specificity, the multilevel approach still
offers advantages given that it is more sensitive at detecting mean
changes. Especially for low-cost and nonharmful interventions, the
multilevel approach may therefore prove particularly beneficial.
Furthermore, there is potential to extract even more information
from the historical data by using person-level covariates, which may
further improve the prediction of depression.
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