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Abstract

Dynamic Time Warping (DTW) is an emerging analytic technique that offers a flexible approach to modeling
symptom dynamics in psychological and psychiatric research. Unlike traditional network models, which often rely
on linear associations, DTW aligns symptom trajectories even when changes unfold at slightly different speeds or
time intervals. This tutorial offers a brief introduction into DTW and demonstrates how to apply DTW to panel or
time series data. We illustrate the workflow using clinical case data from patients with eating disorders, to capture
temporal patterns that cannot be detected with conventional network analysis techniques, as these require more
intensive time-series data. Key advantages include its applicability to non-stationary data, flexibility in handling
irregular time intervals, and reduced reliance on frequent assessments, which patients often cannot maintain due
to the burden. We also discuss some of the limitations such as noise, scaling decisions and lack of Granger causality
associations. Finally, we outline directions for future research. By expanding the methodological toolkit available for
studying therapy processes, DTW holds promise for advancing both research and clinical practice in personalized

mental health care.

Introduction

In psychological and psychiatric research as well as in
clinical practice, the dominant paradigm has long cen-
tered around group-level analyses to guide therapeutic
decision-making [27, 28]. Most research on eating dis-
order treatment has relied on cross-sectional studies,
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cohort analyses, and randomized controlled trials on a
group level. Yet, patients with eating disorders differ not
only in the symptoms they present (e.g., [25]) but also in
the way these symptoms evolve over time during therapy
(e.g., [23]) and in their potential responses to interven-
tions. Thus, group-level change can obscure patterns of
individual change crucial to the recovery process [14]. As
a result, there is now a shift in treatment research due to
a growing consensus that research on treatment effec-
tiveness needs to focus on individual change rather than
group-level change [8, 24, 25].

Central to this shift is the need to better under-
stand intraindividual dynamics—how symptoms, emo-
tions, cognitions, and behaviors fluctuate over time
within a person, and how these temporal patterns shape

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or

other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati

vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1186/s40337-025-01414-8
http://crossmark.crossref.org/dialog/?doi=10.1186/s40337-025-01414-8&domain=pdf&date_stamp=2025-11-5

Kopland and Giltay Journal of Eating Disorders (2025) 13:230

treatment progress and outcomes. Over the past decades,
psychotherapy research has increasingly focused on dis-
entangling between-person (group-level) effects from
within-person processes in an effort to identify the
mechanisms that drive therapeutic change [20, 21]. More
recently, this pursuit has evolved toward the goal of per-
sonalization, recognizing that therapeutic change is often
idiosyncratic and shaped by the unique interplay of psy-
chological processes within an individual. Within this
emerging paradigm, the network theory of mental disor-
ders has gained prominence as a promising framework
for modeling these intra-individual dynamics (e.g., [6,
10]), also in eating disorder therapy [25, 26].

By conceptualizing symptoms and psychological con-
structs as interconnected nodes in a dynamic system, net-
work models offer a novel approach to understanding and
personalizing the process of change in psychotherapy [5,
9, 31]. Olthof and colleagues [31] propose that psycho-
pathology can be conceptualized as a complex dynamic
pattern of 'self-organized interactions between interde-
pendent biopsychosocial processes in a complex adap-
tive system comprising a person in its environment' (p.
314). In other words, they suggest that a patient’s symp-
toms may form an interconnected, potentially self-rein-
forcing system of experiences and behaviors. Unpacking
each patient’s complex set of symptoms may help identify
more targeted intervention points in therapy- and hope-
fully to better treatment outcomes for patients.

However, studying these dynamics is methodologically
demanding. Many of the most powerful analytic tools
available, such as multilevel vector autoregressive [13]
models and or dynamic structural equation modeling
(DSEM; [1], Hamaker & Muthen, 2017), require exten-
sive longitudinal data—often dozens of or a hundred time
points per person—to produce reliable estimates (e.g.,
[34]). Such dense data are rarely available in real-world
therapy settings, where measurement frequency is lim-
ited by both practical and ethical constraints. Experience
Sampling Method (ESM) data collection can be demand-
ing for patients with severe psychopathology, where ini-
tiative and energy are often limited by the condition. This
creates a significant barrier to implementing personal-
ized care at scale. Without access to detailed temporal
models, clinicians may miss critical insights into how
their clients are changing over time. At the same time,
researchers struggle to generalize individual-level find-
ings (i.e., idiographic results) to larger populations, limit-
ing their ability to inform theory and practice.

Dynamic Time Warping (DTW) can be a promising
alternative for investigating individual-level as well as
group-level temporal network dynamics (i.e., networks
based on data collected across time) in eating disorder
therapy. DTW is a technique originally developed for
time series alignment in speech and signal processing

Page 2 of 14

and has more recently found applications in psychol-
ogy and behavioral science (e.g., [11, 18, 22, 23, 33, 34]).
Unlike model-based approaches, DTW does not require
parametric assumptions or extensive data. Instead, it
provides a flexible, non-linear way to measure similarity
between time series, even when they differ in length or
timing [18]. We propose that DT'W can serve as a practi-
cal method for analyzing idiographic data capturing the
ebb and flow of symptoms or behaviors within a person
over time and subsequently aggregating these patterns
to the group level. This allows us to retain the granular-
ity of individual trajectories while still identifying com-
monalities across cases, allowing an overview of pattern
of change in psychotherapy. In doing so, DTW offers a
viable path toward scalable, data-efficient, and clinically
relevant analysis of dynamic processes in therapy.

This tutorial demonstrates the ‘how’” and ‘why’ of DTW,
in an eating disorder context. Although our focus here
is on eating disorders, the analytical approach we pres-
ent is broadly applicable to other stress-related disorders,
such as anxiety disorders, depression, and post-traumatic
stress disorder, conditions for which a complex systems
framework is appropriate, as a wide range of biopsycho-
social factors influence both their onset and course [6, 10,
32]. We outline the theoretical rationale for using DTW
with temporal data, describe the methodological work-
flow, and provide empirical illustrations using clinical
eating disorder case data. The tutorial is implemented in
R statistical software (R Foundation for Statistical Com-
puting, Vienna, Austria, 2016. URL: https://www.R-pro
ject.org/), a widely used language for scientific analysis
today. We provide R scripts (in Supplementary files) that
guide the execution of individual- and group-level DTW
analyses, which can be applied to users’ own datasets. We
provide a tutorial on undirected networks, which cap-
ture patterns of similarity in symptom change over time,
and directed networks, which model how change in one
symptom may precipitate change in others, thereby rep-
resenting potential mechanisms of change.

The clinical case data used in this tutorial are drawn
from a randomized controlled trial (RCT) conducted in
Norway. The overarching RCT is registered at Clinical-
Trials.gov (NCT02649114). For more information on the
study protocol (with ethical approval etc.), please consult
Vrabel and colleagues [36]. The group-level DTW analy-
sis was applied to real-world data with patients receiving
treatment at a residential ward for severe eating disor-
ders. For a full description of the study and its finding
resulting from DTW analyses, please consult Kopland
and colleagues [22, 23].
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Methods
The general mechanism of DTW
Most longitudinal, idiographic network research to
date has used vector autoregressive (VAR) models [13].
Despite various strengths, these traditional models need
many assessments (intensive time-series data) and rely
on several assumptions including linearity of associations
and fixed time intervals between successive assessments
(Haslbeck et al., 2021). This means the analysis assumes
that symptom scores at one time point remain stable over
time, so past scores from a patient in therapy are equally
informative for future scores. Furthermore, if changes
in symptoms occur over longer periods or abrupt, they
cannot always be recognized as being associated within
these traditional models [34]. This could lead to diffi-
culties when working with data from clinical practice,
which are rarely intensive times series data, and many of
the assumptions are difficult to be met. For example, we
expect change to happen in therapy and for some patients
such changes may happen suddenly. The method for
analysis needs to be able to handle these sudden changes.
DTW is a good alternative as it uses a non-linear,
shape-based approach. This means that the shape-based
algorithm compares the overall form or trajectory of two
time series (of symptoms) rather than matching them
strictly point-by-point in time, which might obscure
meaningful symptom change across therapy. The shape-
based algorithm uses ‘Elastic’ distance measures [4, 18],
which does not assume linearity. An elastic distance mea-
sure allows flexibility in matching: one point in one series
can align with several points in the other, or the matching
can “stretch” and “compress” in time. In psychotherapy
research, this means that if two patients with eating dis-
orders work on their fear of eating—one showing much
less restraint in week 2 and the other in week 6—DTW
can recognize that their underlying processes are simi-
lar, even though the changes occur at different times.
The key point is that “less fear of eating,” is associated
with less “restraint” DT'W captures this by using a shape-
based approach and an elastic, flexible algorithm. In the
following, we will outline how DTW works by present-
ing the steps in DTW, from investigating a single item
pair, aggregating individual data, making undirected and
directed networks both at an individual level and group
level. In this tutorial we will use data from a real-world
setting with items from the Eating Disorder Question-
naire (EDE-Q). Each node in the network represents one
item. Because many EDE-Q items in the network are
symptoms (but not always), we use the terms ‘items’ and
‘symptoms’ interchangeably when describing the nodes.
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How undirected DTW works—for a single item pair over
time

Symptoms can be repeatedly measured within a person
over time. Each point represents an assessment of where
the intensity of the symptoms is recorded. By track-
ing these symptoms across multiple time points, we can
examine whether they tend to rise and fall together, sug-
gesting a potential relationship, or whether they fluctu-
ate independently. This type of within-person temporal
data allows for detailed analysis of how symptoms co-
occur or diverge over time, offering valuable insights
into individual symptom dynamics. DTW can be helpful
in this context, as it calculates the distance for each pair
of symptoms (between each symptom and all the other
symptoms) in the model across several time points (with
panel data or within a more extensive time series) [6]. In
Fig. 1 examples of such time series are presented, show-
ing the scores of two symptoms (Symptom A: ‘restraint,
and Symptom B: ‘fear of eating’) across 20 time points.

How undirected DTW works—for a set of items over time
An undirected network is a network of how several
symptoms change together across time. Often such com-
parisons are made point by point. In other words, symp-
tom scores at time point 1 in Symptom A are compared
only with time point 1 in Symptom B, assuming perfect
time alignment. This is called Euclidean distance mea-
sure. While calculating the Euclidean distance is straight-
forward, it can be misleading if similar symptom patterns
occur at slightly different time points.

However, as two symptoms will not always change
at the same pace, DTW looks for the best alignment
between the two time series. It allows for more flexibil-
ity in how the time series are aligned. Instead of enforc-
ing a strict point-by-point comparison, DTW enables
non-linear stretching and compression along the time
axis. As previously mentioned, this means that changes
in one symptom can be aligned with similar changes in
the other symptom, even if they occur a few timepoints
earlier or later. Figure 2 illustrates the difference between
Euclidean distance and DTW distance when comparing
the temporal patterns of two symptoms across time. In
the top panel, the Euclidean distance is shown. The verti-
cal dashed lines highlight how even small shifts in timing
can result in large perceived distances, despite the over-
all shape of the patterns being quite similar. The dashed
lines in the bottom panel demonstrate how DTW finds
the most meaningful alignment between the two pat-
terns, despite differences in timing.

Other methods for network analysis typically rely
on mean scores across time points. In contrast, DTW
operates directly on raw scores, preserving the original
variability in symptom dynamics. However, using raw
scores introduces the challenge of comparing data across
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Symptom scores over Ame

Assessment |Symptom A [Symptom B

1 2 1

2 3 4

3 5 4 y
4 4 2

5 4 3 6
6 3 1

7 2 2 5
8 i 2

9 1 2 4
10 1 2

11 2 4 3
12 2 3

13 5 6 2
14 6 5

15 5 3 1
16 1 2

17 3 3 0
18 > 2 1 2 8 4
19 5 3

20 4 3

e Symptom A == Symptom B

Fig. 1 Symptom scores over time. The chart and graph show how Symptom A (e.g,, restraint) and Symptom B (e.g,, fear of eating) change across assess-

ment time points

different questionnaires with varying scoring systems.
Sometimes, nodes in the network represent sum scores
with a completely different range than nodes based on
mean values or single-item scores. To address this, DTW
applies scaled data during analysis, standardizing scores
to enable meaningful comparisons across measures (see
Fig. 3; [29]). When scores represent very rare occurrences
in the dataset, such as symptoms like depersonalization
or suicidal ideation, scaled scores can result in extreme
values. In these cases, it may be advisable to cap scores at
plus or minus 3 standard deviations.

Data can be scaled by using the ‘scale()’ function in R,
which centers each variable around its mean and dividing
by its standard deviation to ensure comparability across
measures.

Aggregating individual data to generate an undirected
group-level network

Undirected DTW can be used to compare each person’s
symptom patterns with those of others, identifying simi-
larities in how symptoms change over time. Importantly,
DTW does not assume that one person is “ahead” or
“behind” another; instead, it flexibly aligns symptom tra-
jectories, regardless of differences in timing. This makes
it possible to detect subgroups of patients with similar
patterns of change, even when those patterns unfold at
different speeds or times.

DTW relies on a dynamic programming approach that
stretches and compresses time series to minimize a pre-
defined distance measure [2, 15, 18]. For each pair of time
series, DTW constructs a cost matrix, where each cell
represents the local cost of aligning one observation from

the first series with one observation from the second. The
algorithm then searches this matrix for the optimal warp-
ing path- the sequence of alignments that minimizes the
cumulative distance while allowing for temporal stretch-
ing or compression. The resulting DTW distance sum-
marizes the overall similarity between the two sequences
after optimal alignment, and these distances can then be
averaged across patients.

In this tutorial we report the results from a previous
article; Kopland and colleagues (2024). In this study, the
distance matrix contains n*(n-1)/2) distinct distances
per patient (i.e., (28*27)/2 =378 in our example, due to 28
questions in the EDE-Q), which, in the total group led to
122 * 378 =46,872 calculated DTW distances (as N =122
in our study). In simple terms, the cost matrix shows
every point-to-point comparison between two time
series (e.g., restraint vs. fear of eating), while the distance
matrix summarizes the overall similarity between entire
symptoms and their relations to all other symptoms in
the network (see Fig. 4).

The distance matrix was subsequently analyzed using
hierarchical cluster analysis to identify groups of symp-
toms with similar change profiles. The optimal number of
clusters was determined using the elbow method, based
on explained variance as a function of the number of
clusters (hierarchical Ward.D2 clustering). This analy-
sis identified three symptom clusters, which were color-
coded consistently throughout all figures.

Before DTW analysis, all EDE-Q items were standard-
ized at the group level to ensure that distances reflected
change dynamics over time rather than differences in
symptom scale. Only significant edges are displayed in
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Euclidean distance
Sample R script: dtw("Symptom A", "Symptom B", window.size = 0)

7
6
Point-by-point
> comparison,
assuming perfect
4 alignment in time
3
2
1
0

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Dynamic Time Warp (DTW) distance

Sample R script: dtw("Symptom A", "Symptom B",
window.size = 2, window.type = "sakoechiba", step.pattern = symmetricl)

Allowing non-linear
stretching along
5 the time axis

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
w—— Symptom A == Symptom B

Fig. 2 Euclidean distance and DTW distance. Comparison of symptom time series using two methods. Top panel: direct, point-by-point comparison
using Euclidean distance. Bottom panel: non-linear comparison using Dynamic Time Warping (DTW), which allows local “stretching” of the time axis. The
R code for both methods is provided below the heading for tutorial purposes
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Original data
time | EDEL. Eatingdisorder behaviors | EDE2. Inhibiti EDE3. Eating disorder cognitions/feelings n
1 4,29 4,71 5;21:
2 0,14 4,47 4,86 5 \/—W
3 0,00 4,54 4,71
4 0,86 4,38 4,62 ¢
5 0,00 4,19 5,00 g 3
6 1,57 4,33 5,07 a
2 0,29 4,63 4,36 2
8 3,29 5,14 5,36
9 1,29 4,79 5,07 !
10 0,00 4,38 4,64 0
11 0,00 4,13 4,29 1 2 3 4 5 6 7 8 9 10 11
Time
« EDE1. Eatingdisorder behaviors
EDE2. Inhibitions
Scaled data — EDE3. Eating disorder cognitions/feelings
time | EDEL. Eating disorder behaviors | EDE2. Inhibiti EDE3. Eating disorder cognitions/feelings 3
1 2,19 0,68 1,10
2 -0,63 -0,16 0,06 2
3 -0,72 0,09 -0,35
4 -0,14 -0,48 -0,64 :
5 -0,72 -1,12 0,48 ®
6 0,34 -0,63 0,69 §
7 0,53 0,37 1,39 "
8 1,51 2,14 1,52 f—
9 0,15 0,94 0,69 !
10 -0,72 -0,48 -0,56
11 0,72 -1,34 -1,60 %
1 2 3 4 5 6 7 8 9 10 1
Time

Fig. 3 Original and scaled data in DTW. Table and graph showing the difference between raw scores and scaled scores in three different eating disorder

items (symptom dimensions)

the resulting undirected DTW network. In this net-
work, smaller distances between two symptoms indicate
that they tend to co-occur more similarly over time. The
network was generated using the ggraph R package [12].
Figure 5 shows the undirected symptom network for 122
patients across therapy. To aid replication, we also pro-
vide an example R script with simulated data from nine
patients across ten measurements (see Supplement 1 and
https://osf.io/fx8y5).

In the network, edges (i.e., links between nodes) rep-
resent significant relationships (p<0.05) based on the
shortest distances between symptoms, adjusted for each
patient’s average item scores over time. This adjustment
helps to avoid spurious edges that might otherwise arise
from symptoms that are generally rated at similar levels
across assessments. The thickness of edges indicates the
strength of similarity in change patterns, while the size of
each node reflects its connectivity to other nodes.

Finally, the standardized centrality of each of the 28
EDE-Q symptoms was calculated and presented in a bar
graph. Symptoms with high centrality are more influ-
ential in the network, as they are strongly connected to
many other symptoms. Such central symptoms are often
considered valuable therapeutic targets, since changing
them may influence other symptoms and thereby sup-
port recovery. In our network [22], three dimensions
of change similarities were identified: eating disorder
inhibition (yellow), eating disorder cognitions and feel-
ings (red) and lastly, eating disorder behavior (blue).

Overvaluation of shape and weight showed the highest
centrality and out-strength. This suggests that addressing
thoughts and feelings about shape and weight could affect
multiple other symptom clusters, potentially “dissolving”
the broader symptom network of eating disorders. For
more thorough discussion on the clinical implications of
this study, please consult [22].

How directed DTW works—for a single item pair over time
Directed DTW estimates temporal lag patterns among
nodes. In the context of therapy data, this approach
can indicate which symptom changes are more likely to
precede changes in other symptoms, thereby highlight-
ing potential targets for intervention. One of the key
conditions for causality is the presence of a temporal
relationship, where the causal factor must occur before
the consequence. Although directed DTW is based on
observational data, it can bring us closer to understand-
ing how change in one symptom may influence or lead
to change in another. Figure 6 shows time-series data for
three items (A, B, and C) across 40 measurements, along
with the resulting undirected and directed DTW illustra-
tions. The green line (Item C) follows a different pattern
compared to the blue (Item A) and red (Item B) lines,
fluctuating independently. In contrast, Items A and B
show a more similar dynamic over time, moving roughly
together in their ups and downs. As a result, in the undi-
rected DTW network, an edge is drawn between Item
A and Item B, indicating their similarity, while Item C
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B. Sample R script

7
Time SymptomA SymptomB ¢
1 1 1
2 3 4
3 5 4 5
4 4 6
5 4 6 4
6 2 5
7 2 4
8 1 2 3
9 i 3
10 1 2 2
11 2 3
12 2 3
13 5 4 1
0

library("dtw")

SymptomA <- ¢(1,3,5,4,4,2,2,1,1,1,2,2,5)
SymptomB <- ¢(1,4,4,6,6,5,4,2,3,2,3,3,4)

route <- dtw(SymptomA, SymptomB, keep = TRUE)
route$stepPattern

route$distance

plot(route, type = "density")

1 12 138

10

Symptom B

< | @
o o
1) han
~ | 2
o
| o
< | ~
w| ©
©| v
s
Lo | «
S
o
2
o< | o
B
S
2| «
£
@A -] -

1 2 3 4 5 6 7 8 9

Symptom A scores:

1 3 5 4 4 2 2 1 1

11 12 13
Time point

D. 3D landscape plot of cost matrix

F. Calculate one cumulative alignment cost

Step pattern Step pattern: "symmetric2"
glijl = min( ° [
gli-1j-11+27dli j ], %g ,
ol 1+ di 1, & :
it 1+ dij1) T
-1 Query o
index

n gli-1j-11=5
2+dfi j]=2"(6-2)=8
gli-1j-11+2*d[i j]=5+8=13
gfij] = min(
B o - B
dij-1= (6-2)=4 1
glij1+di jl=9+4=13 )
1M)=11
CT o
dfi-1j]=(6-2)=4
gli-tjl+ di j]=7+4=11

Fig. 4 Cost matrix in DTW. illustrates this process. Panel A shows two symptom trajectories over time and their DTW distance. Panel B provides the R
script used to calculate the DTW distance. Panels C and D display the optimal alignment between two symptoms using a heatmap and a 3D plot. Panel
E presents the cost matrix, representing the cumulative distance between two symptoms across all patients. Finally, Panel F outlines the mathematical

definition of a single cell in the cost matrix
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A. DTW undirected symptom network (n=122)
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B. Standardized centrality of EDE symptoms

e p<0.001 C ——
p<0.001 ":—]
p<0.001 |
p<0.001 L E =)
p=0.002 | m
p=0.003 (_——
p=0.002 == =
p=0.009 |

n< p=0.19 —

t{ p=0.65 =
p=0.68 : E
p=0.85 —H
p=0.87 ; ;]
p=0.76 =)
p=0.62 5
p=0.60 —il——
p=0.48 E
p=0.33 T
p=0.19 1] é

19. Eat secretly { p=0.13 E *
1. Restrict{ p=0.16 { —
p=0.20 : )
p=0.15 t |
p=0.048 ——
s{ p=0.04 t 1)
ved{ p=0.04 ——— —
p=0.002 + ]
rcise | p=0.00+ { ] ]

050 0.25
« Low centrality

0.00 025 0.50
High centrality —

Fig. 5 Undirected DTW network of 122 patients with eating disorders. A. Showing an undirected network of how symptom clusters change similarly
over time. The three colors represent clusters of symptoms with similar change profiles: blue indicates eating disorder behaviors, yellow reflects eating
disorder-related inhibition, and red represents eating disorder-related cognitions and feelings. B. Showing the centrality of each item of the EDE-Q. Over-
valuation of shape and weight being the most central items. The figure is retrieved from [22] (doi: https://doi.org/10.1002/eat.24097) with the general

permission of Wiley

remains disconnected. In the directed DTW network, the
analysis also considers the temporal ordering of changes:
it is observed that changes in Item A tend to precede sim-
ilar changes in Item B. Therefore, a directed edge (arrow)
is drawn from Item A to Item B, suggesting that dynamics
in A precedes and those of the dynamics in B, while Item
C again remains isolated. In the directed DTW network,
temporal precedence yields a directed edge from A to B.
Temporal precedence means that one event or change
occurs before another, establishing the correct time order
between variables (e.g., in therapy data, a reduction in
fear of eating must occur before a reduction in restraint
for the former to be considered a possible driver of
change).

Figure 7 builds on Fig. 6 by focusing only on the blue
and red item scores (Item A and Item B), showing their
point-by-point DTW alignments between the two time
series. The analysis here uses a directed warping path,
which only looks forward in time, comparing the rela-
tionship between Item A and Item B at lag O (the same
time point) and lag 1 (one time point ahead). Many of
the arrows point slightly forward in time, meaning that
the best match between a value of Item A and a value
of Item B often occurs shortly after, rather than exactly
at the same time. This suggests that the distance to the
"next" time point is mathematically shorter (i.e., a better
match) than the distance at the current time point, which
supports the idea that changes in Item A slightly precede
changes in Item B. This directional alignment therefore

provides information about the degree of potential lead-
lag relationships between the two items. A clinical exam-
ple is that directed DTW can detect patterns of e.g. a
reduction of ‘fear of eating’ (Item A) precedes a decrease
in ‘restraint’ (Item B), thereby indicating temporal prece-
dence. Issues of temporal precedence and model specifi-
cation (bivariate vs. multivariate) will be addressed in the
Discussion section.

As noted for the undirected DTW analysis, a ‘cost
matrix’ underlies the point-by-point alignment of two
time series. It is used to compare the similarity between
two symptom time series, which essentially map how
one pattern of change can be aligned with another over
time (see Fig. 4). You can think of the cost matrix as a
grid where each cell represents the 'cost’ or difference
between symptom scores at two time points, one from
each series. DTW then finds the optimal path through
this grid that minimizes the total cost, effectively identi-
fying how the patterns align, even if one person’s symp-
toms change faster or slower than another’s.

In contrast to the undirected DTW analysis, we now
aim to explain the cost matrix that underlies the directed
(temporal) DT'W analysis. This was done using a revised
Sakoe-Chiba window band [30], which is a part of the
DTW algorithm that constrains the window “search-
ing” for optimal alignment. The Sakoe-Chiba was speci-
fied as being asymmetric. This means that the dynamic
alignment was constrained to a single direction (i.e., only
toward later time points) to examine directionality (see
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Fig. 6 Undirected and directed DTW of symptom change. Time-series data for three items A, B, C across 40 measurements and the resulting DTW net-
works. [tems A (blue) and B (red) show similar dynamics, leading to an edge between them, while Item C (green) remains isolated. Because changes in
[tem A (blue) frequently precede similar changes in Item B (red), the directed DTW analysis identifies a directional relationship, represented by an arrow

from A to B in the directed DTW network

Fig. 8). The Sakoe-Chiba also narrows the warping path
to a band around the diagonal of the matrix, preventing
excessive matching to time points very far away, as well
as making the computation more efficient and accurate
[30]. In Fig. 8, the optimal alignment path from Item A
to Item B is shown as the red route, within this asym-
metric window. The final directed distances between the
two items A and B are calculated at the bottom. So, we
use both distances, from Item A to Item B (as shown in
Fig. 6 and 7) and the distance from Item B to Item A that
was much longer (i.e., 25.1 versus 11.9). The relative dif-
ference in distance is calculated and highlights how tem-
poral directionality between the symptom pair can be
quantified.

How directed DTW works—for a group of individuals

For the tutorial on directed DTW, we again present the
results from Kopland and colleagues [22]. Similarly, we
conducted directed group-level DTW analyses. For each
of the 122 patients, a directed distance matrix was esti-
mated. Thus, for each person we first analyze every possi-
ble symptom pair to see if one symptom tends to change
before the other. This produces a distance matrix for that
individual. We then combine these individual networks
from all participants into a single aggregated group-level
network by averaging the results and testing which con-
nections are statistically significant. Only the connec-
tions that pass this test are shown as arrows in the final
network, indicating the direction from the symptom that
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Fig. 7 DTW warping of item scores across therapy Item scores over time with DTW warping. The point-by-point DTW alignments are shown as arrows

between Item A (blue, ‘fear of eating’) and Item B (red, restraint’)

tends to change first to the symptom that tends to change
later. Subsequently, all 122 distance matrices were com-
bined to yield standardized out-strength (i.e., temporal
lead, where changes in the symptom influence changes
in other symptoms) and in-strength (i.e., temporal lag,
where changes in other symptoms influence a symp-
tom) centrality values, for which the confidence intervals
were assessed through bootstrapping. See Fig. 9 for the
network.

Large nodes that have thick edges with arrows pointing
outwards indicate items (symptoms) that have high cen-
trality and out-strength and thus have high importance
and influence in the network. These symptoms could be
potential mechanisms of change. Panel B shows the sig-
nificance level of the out- and in-strength of the different
EDE-Q items. In this network, change in overvaluation of
shape seem to precede and affect change in other symp-
toms, especially overvaluation of weight, the wish for a
flat/empty stomach and desire for weight loss. For a thor-
ough discussion on the clinical implications of this net-
work, please consult Kopland and colleagues [22]. For
directed DTW, a sample R script is provided that simu-
lates data from 6 patients across 10 measurements (see
Supplement 2 and https://osf.io/fx8y5).

Discussion

This tutorial demonstrates the potential of DTW as a
flexible and accessible method for investigating tempo-
ral dynamics in psychotherapy. By aligning and compar-
ing individual time series data, DT'W enables researchers
and clinicians to examine processes within a person while

still allowing meaningful aggregation across individuals.
This is particularly important given the challenge of rec-
onciling individual and group-level findings in the move
toward more personalized medicine [19].

Eating disorders can be conceptualized as disorders
of a complex dynamic system, in which multiple symp-
toms, stressors, and biological characteristics interact
over time in non-linear ways. DTW is well suited to this
complexity because it captures the dynamic relationships
between variables rather than focusing on them in isola-
tion. By identifying lead—lag patterns among symptoms
and external factors, DTW allows researchers to map the
interplay of cognitive, emotional, behavioral, and physi-
ological processes within a single analytic framework.
In many contexts, this capacity makes DTW sufficient
as a standalone method, particularly when the goal is to
understand the temporal structure of symptom dynam-
ics. At the same time, DTW can complement sophisti-
cated modeling approaches, such as mIVAR, DSEM, and
Latent Growth Curve Models [3], serving as an explor-
atory tool to detect patterns worthy of further model-
ing or as a fallback when data do not meet traditional
assumptions.

A key advantage of DTW is its lower data require-
ments than mIVAR and other parametric network analy-
sis techniques [34]. It can be applied to panel data, that
has relatively few time points per participant. More
work is needed on power calculations as there are no
clear guidelines. However, both the number of measure-
ments per individual and the number of participants is
important for obtaining reliable DTW interpretations.
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in Item B (x-axis). The warping path is determined by selecting the sequence of cells (shown in red) that minimizes the cumulative alignment cost from
the lower-left to the upper-right corner of the matrix. Because an asymmetric window is applied, the warping path is constrained along the diagonal
but only allows forward progression in time. This means that each point in ltem A can only be aligned with current or future points in [tem B, ensuring a
temporal alignment. In other words, the alignment avoids "backward" matches, which yields a directional relationship between the two time series. The
final cumulative cost at the end of the warping path (i.e, 11.9) represents the DTW distance from Item A to Item B. This value, combined with the reverse
distance (from Item B to Item A, being 25.1), allows for the calculation of the directed distance, which quantifies that time serie A systematically preceded
changes in time serie B with a strength of 0.36

When the number of measurements within a single per- a potential causal role in worsening other symptoms.
son is very high (e.g.>60), it is possible to conduct an However, when the number of measurements per person
‘n=1 study, allowing for identification of symptoms or is small, a larger sample size is required to obtain stable
stressors with a substantial temporal lead that may play and reproducible group-level results. While a universal
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rule is not yet established, based on our experience,
when there are around eight measurements per person,
a sample size of approximately 100 participants is needed
to produce reliable group-level directed DTW networks.
The choice of measurement interval should be closely
matched to the expected rate of change in the target vari-
ables. As Bringmann et al. [7] emphasize, variables that
fluctuate quickly—such as eating disorder urges or mood
states—require dense sampling to capture their dynam-
ics, whereas slower-changing variables—such as BMI—
necessitate longer intervals to allow meaningful change
to occur. Aligning the measurement interval with the
temporal nature of the variable is critical for obtaining
interpretable DTW results.

In contrast to multivariate time series models such as
mlVAR, DTW do not require long, stationary time series,
or parametric assumptions. A recent simulation study
showed that unlike mIVAR, DTW did not generate spuri-
ous edges in the presence of colliders [34]. A collider is
a variable that is influenced by two (or more) other vari-
ables, such that conditioning on it can create a spurious
association between those variables. These features make
DTW particularly suitable for clinical applications, where
frequent measurement may not be feasible and where
nodes may have some content overlap. In this sense,
DTW represents a methodological middle ground: more
sensitive to individual dynamics than cross-sectional
analyses, yet more scalable and practical than complex
modeling techniques.

Beyond its feasibility, DTW also provides intuitive
though complex visual and quantitative outputs that
can be directly interpreted. For instance, the matrices

of similarity and alignment paths can reveal how closely
individuals follow similar trajectories over time, despite
possible differences in timing or phase. This can be espe-
cially valuable in clinical work, where understanding
the temporal structure of change—whether symptoms
improve steadily, fluctuate, or follow delayed patterns—
can inform intervention planning and monitoring.

While DTW offers a flexible approach to analyzing
therapy dynamics, several methodological limitations
warrant consideration. First, unlike autoregressive mod-
els, DTW cannot infer true Granger causal relationships
as it is a bivariate model. Granger causality [16] is an
important concept in psychotherapy research where one
wants to move closer to causality and answer questions
like which symptoms changes happen before others. It is
a statistical method used to examine whether the values
in one time series (A) at a particular time point (t -1) can
predict the future values in another time series (B) at a
different time point (t) while accounting for the autocor-
relation in series B between time points (t—1) and (t). By
applying DTW analysis in both directions (A predicting
B and B predicting A), we can determine whether there
is predictive relationship between time series A and
B. In simpler terms, it is like noticing that every time a
patient’s stress level rises, their sleep quality tends to
drop a day later, hinting at a potential link. However, if
stress (A) causes poor sleep (B), and poor sleep causes
low mood (C), DTW may also make it appear as if stress
also directly causes low mood — even though the rela-
tionship is actually indirect, while stressonlyprecedes-
lowmood. This illustrates DTW's limitation: it identifies
temporal order, but does not establish causality. Unlike
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multivariate Granger causality models (e.g., mIVAR [34],
DTW does not adjust for confounders or account for
autocorrelation structures, so its result should be inter-
preted as suggestive patterns rather than evidence of
strict causal relationships. However, if we can establish
temporal order (i.e., directionality), we can screen symp-
toms to experimentally manipulate in therapy to help
inform personalized care.

Second, DTW is sensitive to noise and may overfit
idiosyncratic (individual) fluctuations, particularly when
the number of participants is small, or when time series
are short, irregular, or affected by substantial measure-
ment error. Third, DTW requires sufficient variation in
symptom scores over time within individuals. If a node/
symptom trajectory shows little to no fluctuation—for
example, consistently recording zero scores—it tends to
form very strong edges with other non-fluctuating nodes,
even though no meaningful dynamic information is actu-
ally present for that symptom. Fourth, aggregating indi-
vidual DT'W-based results to the group level remains an
open methodological challenge. Because DTW captures
highly individualized patterns of symptom alignment,
aggregating results to the group level remains a meth-
odological challenge, as it risks obscuring the very per-
son-specific dynamics that DTW is designed to detect.
Furthermore, because DTW emphasizes overall pattern
similarity rather than strict time-point correspondence,
it may obscure clinically meaningful short-term changes.
Fifth, when time points are spaced far apart, DTW may
fail to detect temporal relationships that occur within
these intervals, such as rapid symptom shifts following
therapeutic interventions or acute stressors.

Future directions

Looking forward, continuously collecting and analyz-
ing data streams with DTW could support adaptive,
real-time monitoring systems that provide rapid, inter-
pretable feedback on individual trajectories. This makes
DTW suitable for integration into wearable devices or
smartphone algorithms, identifying personalized tem-
poral lead-lag relationships—such as patterns of activity,
mood, or physiological changes that precede symptom
escalation—and delivering timely, tailored interventions
in the form of prompts or “nudges” to encourage adaptive
behaviors or prevent deterioration. For example, if DTW
detects that an increase in daily activity consistently pre-
cedes a spike in eating disorder thoughts, the app could
prompt the patient to increase food intake, reduce activ-
ity or contact a health professional as a preventive strat-
egy. Such an approach could make DTW a practical tool
for personalized, real-time clinical support outside of tra-
ditional therapy sessions. Just-in-time adaptive interven-
tions (JITAIs) delivered via mobile health technologies
can provide scalable, context-aware, and individualized
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support [37], and DTW might further strengthen such
adaptive systems by identifying personalized lead-lag
dynamics.

In sum, DTW provides an interpretable and feasible
approach that can both stand alone and integrate with
other methods. Future research should continue to
refine DTW-based techniques, explore their integration
with complementary approaches and new approaches
(such as wearable devices and smartphone algorithms),
and test their utility across diverse clinical contexts and
populations.
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