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Abstract—In the evolving field of psychopathology, the ac-
curate assessment and forecasting of data derived from Eco-
logical Momentary Assessment (EMA) is crucial. EMA offers
contextually-rich psychopathological measurements over time,
that practically lead to Multivariate Time Series (MTS) data.
Thus, many challenges arise in analysis from the temporal
complexities inherent in emotional, behavioral, and contextual
EMA data as well as their inter-dependencies. To address both
of these aspects, this research investigates the performance
of Recurrent and Temporal Graph Neural Networks (GNNs).
Overall, GNNs, by incorporating additional information from
graphs reflecting the inner relationships between the variables,
notably enhance the results by decreasing the Mean Squared
Error (MSE) to 0.84 compared to the baseline LSTM model at
1.02. Therefore, the effect of constructing graphs with different
characteristics on GNN performance is also explored. Addition-
ally, GNN-learned graphs, which are dynamically refined during
the training process, were evaluated. Using such graphs showed
a similarly good performance. Thus, graph learning proved also
promising for other GNN methods, potentially refining the pre-
defined graphs.

Index Terms—Ecological Momentary Assessment (EMA), Mul-
tivariate Time Series (MTS), Graph Neural Networks (GNNs), 1-
lag Forecasting, similarity-based graph structure, graph learning

I. INTRODUCTION

In the field of psychopathology, recent advancements in
Ecological Momentary Assessment (EMA) for real-time moni-
toring have offered new opportunities to uncover the complex
world of mental disorders [1], [2]. EMA provides a tool to
capture the individual dynamics over various factors, regarding
emotions, behaviors, and physiological states in their daily
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life [3]. All these can be measured multiple times throughout
the day over a period of days, weeks, or even months. Such
data, structured as Multivariate Time-series (MTS), hold a
significant amount of information to better understand individ-
uals’ underlying mechanisms and consequently study mental
disorders. Particularly, EMA data could be used for accurately
predicting and forecasting the progression of variables related
to the progression of psychopathological conditions [4]. The
ability to understand and predict such conditions is crucial for
the development of early intervention and tailored treatment
strategies [5].

The paradigm of forecasting in multivariate time series
presents a unique confluence of challenges and opportunities
in the domain of Machine learning (ML) [6], [7]. Such chal-
lenges are increasingly complex due to the inherent temporal
dynamics, the interactions across time-series, as well as the
high dimensionality of the data.

While traditional forecasting methods, such as the Vector
Autoregressive (VAR) model and Autoregressive Integrated
Moving Average (ARIMA), focus on handling the temporal
aspect of the data, they often fall short when high dimensional
and interdependent variables are involved, as in EMA datasets
[3], [8]. These limitations highlight the need for more so-
phisticated approaches to handle the complex nature of EMA
multivariate time-series. Therefore, deep learning methodolo-
gies have been established as a milestone of multivariate time-
series analysis [6], [7]. More specifically, Deep Learning (DL)
methodologies designed for time-series, such as Recurrent
Neural Networks (RNN) models, have been effective due to
their ability to model complex non-linear relationships on the
temporal aspect of the data as well as handling large volumes
of data. Although RNN can successfully identify short-term
dependencies among data, global or long-term effects are not



taken into account [9]. Moreover, these models do not address
the spatial aspect of data, adding another layer of complexity.
Thus, these challenges call for an innovative approach that
can adeptly handle both the long-term temporal and spatial
domains inherent in EMA MTS data.

Following the theory of Complex Networks, the time series
dynamics can be captured not just by data sequences, but as a
complex network of interactions, offering a multidimensional
perspective of the data [10]. Networks, represented by graphs,
are a powerful mechanism, able to characterize the relation-
ships between all variables. Therefore, an additional transfor-
mation from MTS to a network representation is promising as
an alternative way for time-series analysis.

Inspired by this, graph-based neural networks (GNNs) have
emerged as promising models to address all the challenges
mentioned above [11]. These methods exploit the inherent
structure in data to capture complex dependencies, offering
potentially higher accuracy by incorporating a graph repre-
senting variables’ interactions. Therefore, a well-defined and
reliable graph representation is the key to enhance the efficacy
of the applied forecasting model.

In this paper, the use of GNN models is explored in
the context of processing EMA data. To the best of our
knowledge, this is the first application of GNNs on EMA with
a goal to enhance the prediction of future variables related to
psychopathology. Also, it is investigated how different graph
structures, representing different information about variables’
interactions, impact the GNN performance. Through this,
the nature of each graph is explored. A graph leading to
a better model performance potentially holds a better rep-
resentation of the data’s complex patterns and relationships.
As an additional contribution, the exploration goes beyond
only utilizing pre-defined graphs but also graph learning
approaches. Graphs, adaptively updated during the training
process, could potentially provide more insights into hidden
inter-variables connections. Thus, it is believed that GNNs and
graph learning techniques set new methodological directions
for understanding and forecasting complex psychopathological
trends.

II. RELATED WORK

Conducting a literature review on the relevant EMA fore-
casting approaches is crucial to fully understand the scope
of this study. First, the existing research on EMA data is re-
viewed. Starting from linear models to more advanced models
focusing on the temporal aspects of the data, such as Recurrent
Neural Networks (RNNs), we finally move to explore the
GNN models, capable of handling the whole spatio-temporal
spectrum of the data.

A. Forecasting on EMA Data

In the field of psychopathology, the recent paradigm shift to
the network approach brought changes in the way of studying
mental disorders [12]. The network approach conceptualizes
mental disorders as complex systems comprising of dynami-
cally interacting symptoms, behaviors, and contextual factors

[3]. In practice, network modeling was studied in the form
of EMA time-series forecasting task. Most of the studies
then focus on applying linear statistical models, like the VAR
model, with an aim to capture the inter-connections among
multiple time series variables [8], [13]. Exploiting the inherent
interpretation of linear models offers an insightful way to
capture disorders, represented as networks or graphs of all
co-occurring variables. Nevertheless, there are significant chal-
lenges arise by using VAR models in reliably forecasting short-
term psychopathological fluctuations. More specifically, the
complex non-stationary nature of EMA data cannot accurately
be reflected by the produced linear interactions, while high
data dimensionality involving interdependent variables can
yield unstable results.

In a way to incorporate non-linear interactions, a switch to
Machine Learning and Deep Learning models was undertaken.
More advanced ML models were studied in [4], [14], while
models particularly focusing on the temporal aspect of EMA,
such as RNN, were introduced in [15]. In general, RNN-based
models have been widely applied in the task of time-series
forecasting due to their ability to handle large volumes of
data and capture complex non-linear temporal relationships.
Despite their success in identifying local relationships, global
effects or spatial interactions are not taken into account. Thus,
these challenges add another layer of complexity, calling for
an innovative approach that can address both the long-term
temporal and spatial domains inherent in EMA MTS data.

B. Application of GNN on MTS

Building on the VAR model and the principles of Com-
plex Networks theory, representing variable interactions in
networks to understand the whole system, it was believed that
MTS forecasting can be naturally approached from a graph
perspective. Thus, modeling MTS data using GNNs seems as
a promising strategy. GNNs could preserve the temporal nature
of data while exploiting the inter-dependency among variables
of time series. The key component of GNNs is the use of
an externally defined, well-structured graph. However, ground
truth knowledge about graph structure is not always available
in the context of MTS applications. Based on this, GNNs
are categorized into prior-knowledge based or learning-based
models. According to the first category, models exploit some
additional information available. For example, graphs can be
constructed by the physical connections existing in many
scenarios such as road traffic [16], [17]. Alternatively, a graph
adjacency matrix can be created by capturing connectivity in
terms of similarity or distance [18], [19]. On the other hand,
graph-learning methods automatically update the graph matrix
while optimizing the training loss. This could potentially fa-
cilitate uncovering hidden inter-relationships among variables.
Examples of works incorporating graph-learning methods are
given in [20]-[23].

III. METHODOLOGY

In this section, the methodology to approach the MTS
forecasting problem through GNNS is discussed in detail. All



steps of the proposed methodology are presented in Fig. 1.
First, the nature of EMA MTS data is provided along with
the problem formulation of the current forecasting task. After-
wards, we continue by demonstrating the workflow of applying
GNN models adapted to the application of EMA data. As
already clarified, the important role of graph construction is
also explored, where static distance metrics as well as GNN-
learned are evaluated. Therefore, all the key components are
separately described as follows:

A. EMA Data

As already introduced, EMA offers an advanced way to
gather real-time data about individuals’ psychopathology-
related behaviors, emotions, and symptoms. According to the
EMA protocol for data collection, participants respond to
digital questionnaires on their smartphones, where they rate
the perceived intensity of different EMA items (including
positive and negative affect, stress, impulsivity, etc.) along
with contextual information. Ratings are made on a 7-point
Likert scale, which, after being normalized for each individual,
allows the data to be analyzed as continuous data.

In practice, as data collection occurs multiple times on a
daily basis, EMA is typically structured as MTS data. To elab-
orate, we denote the entire EMA dataset as X, including the
individual EMA data of the total number of participants, N.
The X dataset can be represented as X = {X1, Xs,.., Xn}.
On the individual level, data X; are comprised of V' variables,
each recorded over several time-points, 7;. Although the total
number of time-points may differ among participants, because
of possible missed/unanswered questionnaires, for each indi-
vidual ¢, all V' variables are collected over the same 7; period.
Based on these characteristics, every individual EMA dataset
X, represents a multivariate time-series dataset, structured as

{Xi1.vim}

B. Forecasting Problem

In the field of psychopathology, a critical task is using
the EMA data to accurately forecast the future of individual
psychological variables. More specifically, in this study, the
goal is to predict the 1-lag future values for all variables. That
is, for each X, using as input all variables at time-point ¢t — 1,
X;1..v,t—1, the goal is to predict all variables at time-point ¢,
X;.1..v,t. In practice, since the output is set as the whole range
of variables at the time-point ¢, the number of output states
is equal to the input states, that is V. This individual setup is
also described in Fig. 1. Considering the temporal nature of
data, the temporally-oriented NNs are capable of processing
data inputs of varying sequences. Therefore, the dimensions of
the input data could differ, by using a single-step or multi-step
sequences for all the variables.

C. GNN Models

Graph Neural Networks (GNNs) have emerged as a power-
ful framework for learning representations on graph-structured
data. They extend traditional NNs to handle graph data
by propagating information (message passing) through the
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Fig. 1: Personalized forecasting models, repeated across N
individuals, aiming at accurately predicting the 1-lag future
responses of all V' variables.

graph’s nodes and edges, thereby capturing the complex re-
lationships and structures inherent in different types of data.
Focusing on MTS applications, the key to their success is the
ability to model both spatial and temporal dependencies within
the data, which is particularly valuable in dynamic variables
whose relationships evolve over time.

GNN models can be generally categorized based on the
primary processing mechanisms they use. The three prominent
categories include Recurrent Graph Convolution (R-GCN),
Temporal Graph Attention (T-GAT), and Auxiliary Graph
Convolution models [11], [24]. R-CGNs, based on RNN
principles, capture the temporal dependencies by maintain-
ing a hidden state that evolves over time. By incorporating
such architectures, they can effectively propagate information
across the graph structure over multiple time steps, allowing
the model to learn complex spatial-temporal patterns.

On the other hand, T-GAT models make use of attention
mechanisms to weigh the importance of different time steps
dynamically. This approach allows the model to focus on the
most relevant parts of the graph at each time step, which
is beneficial for tasks where the significance of different
nodes can vary significantly over time. Naturally, the Auxiliary
models collect elements from both recurrent and attention
categories to capture a richer set of spatial-temporal patterns.

For the following analysis, we study a subset of GNNs
belonging to these categories, specifically chosen because of
their ability to be trained on multi-step sequential data. First,
A3TGCN (implementation of the Attention Temporal Graph
Convolutional Networks), from the R-GCN category, stands
out for its integration of Graph Convolutional Networks (GCN)
with Gated Recurrent Units (GRU), offering a robust frame-
work for processing lower-order proximity data [16]. Next,
ASTGCN (Attention Based Spatial-Temporal Graph Convo-
lutional Networks) and MTGNN (Multivariate Time Series
Forecasting Graph Neural Networks), both belonging to the
T-GATs category, are investigated [17], [20]. While ASTGCN
employs an attention mechanism coupled with Chebyshev
convolutions, MTGNN incorporates custom attention mecha-
nisms, offering advanced approaches to higher-order proximity
data analysis. Moreover, the latter model incorporates a graph-



learning module.

D. Graph Construction

As already clarified, the effectiveness of GNNGs is expected
to be influenced by the structure of the graph and the infor-
mation it incorporates. Given this impact, it becomes essential
to explore and evaluate various graph construction strategies.
First, measures to count the similarity between variables within
the graph are employed [18], [19], [25]. Such graphs could un-
cover the inter-dependencies among EMA variables, providing
a structured way to quantify and visualize these. It is also
crucial to acknowledge that because of individual variability,
different patterns of variables’ inter-relationships would be
identified for each one. Thus, integrating and learning from the
structure of individual-specific similarity-based graphs could
eventually enhance the personalized GNN models.

The exploration of similarity-based graphs starts with the
utilization of a classic distance metric, the Euclidean distance.
An extension of this is the k-Nearest Neighbors (kNN) ap-
proach, which incorporates only the information of significant
edges, and particularly the Euclidean distance of k connections
per node [18]. Additionally, two more temporally-oriented
metrics are involved. These are the Dynamic Time Warping
(DTW) as well as the Pearson correlation. DTW is particularly
useful in measuring similarities by aligning sequences that
may vary in time or speed. This is a crucial aspect because
it is common for emotions and psychopathology symptoms to
fluctuate differently over time. For instance, the effect of an
event on each variable as well as their response time are not
expected to be temporally synchronized, necessitating the need
for proper alignment. On the other hand, Pearson correlation
offers insights into the linear relationship between variables
over time. Thus, these measures provide a valuable assessment
of different variable similarities, crucial for optimizing GNN
performance.

Beyond only utilizing graph similarity measures, another
critical aspect of enhancing GNN performance involves ex-
ploring the graphs learned by some special GNN models
that integrate a graph learning module. During training, the
way these GNNs interpret, utilize, and update the connections
within graph adjacency matrices could improve their overall
graph effectiveness. Therefore, a better performance could be
caused by more informative learned graph structures. By such
graphs, we can get invaluable insights into how GNNs pro-
cess the complex relationships between variables highlighting
the underlying mechanisms and patterns that GNNs identify
during their learning process. Subsequently, enhanced graph
information could be also used as an input to other graph-
based models and potentially boost their performance.

IV. EMA DATASET

The dataset examined consists of real-world EMA pilot
data, collected sequentially over time across students in Dutch
Universities [5], [26]. Particularly, a group of 269 participants
was asked to complete 8 questionnaires per day at fixed time
intervals throughout 28 days. The questionnaires included a

TABLE I: All examined scenarios regarding GNN models,
graph structure and graph sparsity

GNN Models | Graph Structure | Graph Sparsity

A3TGCN Euclidean 20%
ASTGCN kNN 40%
MTGNN DTW 100%
Correlation
GNN-learned
Random

series of questions regarding their experiences, emotions, and
behaviors. Subsequently, their responses, recorded on a 7-
point Likert scale, could be used to provide insights into each
participant’s psychological state.

During pre-processing, each individual was analyzed sepa-
rately. First, individuals with low compliance were eliminated,
ensuring that the dataset consisted of active participants with
the largest possible number of observations. Then, regarding
the EMA variables, a number of them with low variance were
also removed. Finally, a group of 100 individuals remained
for analysis. After examining the variables kept for each
individual, they were all eventually represented by the same
subset of 26 variables. These selected variables spanned across
an average of 140 time-points.

V. EXPERIMENTAL SETUP

The comparative analysis focuses on three main aspects.
First, the comparison of models’ performance, that is exam-
ining the extent to which GNN models can be effective after
incorporating graph information. Second, the impact of the
nature of connectivity on the constructed graph, representing
the inner relationship between the variables. Finally, the effec-
tiveness of the graph learning module compared to pre-defined
graphs. All the examined parameters regarding GNN models,
graph structure and graph sparsity are presented in Table I.

A. Experiment A: Investigating Different GNNs

In Experiment A, a comparative analysis of the performance
across various GNN models is conducted. The whole set of
three models, A3TGCN, ASTGCN and MTGNN, is trained
and evaluated on the last part of the data across all individuals.
Then, all GNN models are assessed against the widely-applied
Long short-term memory (LSTM). LSTM is commonly used
for multivariate time series forecasting based on its ability
to capture complex relationships within sequential data. It
is then important to determine whether GNN is suitable for
forecasting EMA data and to what extent these can outperform
the baseline model. Thus, Experiment A will provide a clearer
understanding of the effectiveness of GNNs in handling EMA
data complexities compared to the LSTM model.

B. Experiment B: Investigating the Efficacy of Different Graph
Structures

Since graph information is a key factor for a successful
GNN model, different graph construction techniques are inves-
tigated. The primary objective is to determine which distance
metric is the most suitable when the underlying graph topology
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Fig. 2: Proposed experimental framework for investigating the effect of different static graphs and graph learning on the

forecasting performance of various GNN models.

is not predefined, a scenario frequently encountered in EMA
datasets. Therefore, the performance of GNNs using 4 different
metrics, such as Euclidean distance (EUC), kNN, DTW and
cross-correlation (CORR) is evaluated [18]. For an additional
check, the performance is compared also to cases when a
random graph is used as an input, meaning that no useful
information is involved.

As another aspect of graph construction, the level of sparsity
in connectivity is assessed. That is, investigating the effect of
employing sparser graphs, with fewer connections among vari-
ables, compared to more densely connected graphs. Although
it is generally known that sparse graphs are more effective for
training GNNs [20], this experiment involves three distinct
graph density thresholds (GDT), keeping high sparsity with
20% and 40% of the graph edges or no sparsity with 100%.
By comparing the outcomes from graphs with varying GDT, it
can be determined whether a more interconnected network of
variables or a more selective one could enhance the forecasting
accuracy and model efficiency.

C. Experiment C: Investigating Static and GNN-Learned
Graphs

The core objective of this experiment is to assess the
GNN performance after using a static or GNN-learned graph
structure. More specifically, the impact of the 4 static distance-
based graphs, as above analyzed, is compared to the graph
learning procedure applied through MTGNN. During training,
the MTGNN model continuously updates its graph topology
while starting from an initial graph structure or a random
one. Apart from only assessing MTGNN using its learned
graph, the extracted learned representations could be used
as an input to the rest of the GNN models. This would
facilitate determining whether a dynamically-learned graph
by MTGNN could be more informative than distance-based
graphs. In the case that the MTGNN-learned graph could
also enhance the predictive performance of ASTGCN and
A3TGCN, then valuable insights could be uncovered by that
graph’s information.

D. Model Parameters

In this study, all models investigated were developed utiliz-
ing the PyTorch Temporal Geometric framework [24]. How-

ever, to take full advantage of these models, the optimal setting
of hyperparameters needs to be determined. The process of
fine-tuning these parameters is essential for model effective-
ness.

First, during the training phase, a core set of hyperparame-
ters was evaluated for each model, including the learning rate,
batch size, and the number of training epochs. After exploring
various choices, the Adam algorithm is used as the optimizer
with a learning rate of 0.01. Since our modeling is designed
in a personalized approach, each individual’s data is processed
in a single batch, and training is iterated over 300 epochs. To
avoid overfitting, we adopted a dropout strategy with a rate of
0.3.

Furthermore, another critical group of hyperparameters was
examined regarding the number of hidden units across all
possible channels or layers within each model. For example,
in MTGNN, convolution, temporal and skip-connection layers
are involved. Because of the relatively short-length sequences
in each EMA dataset, there was no need to incorporate a
very deep network or very large filters. Through experiments
using 16 or 32 hidden units, we determined that setting all
layers to 32 hidden units, along with a kernel size of k£ = 3,
yielded the optimal performance. For other model-specific
hyperparameters, their default settings were retained.

E. Models Evaluation

Performance is measured in terms of Mean Squared Error
(MSE), averaged across all N individuals. For each individual
data X; then, the errors are assessed on the test set (where
time-points range from 1 to 7"), while predicting all V' vari-
ables. Since each X is time-series data, these are sequentially
split into training (first 70% of each dataset X;) and test (the
last 30% of each dataset). Particularly, the calculation of the
MSE error between the true X and the predicted X values is
described in (1).

N T \% >
Zi:l Zt:l Zv:1(Xi,v,t — Xi,v,t)2
N-T-V

VI. EXPERIMENTAL RESULTS

)

Lyse =

The analysis is designed to assess the effectiveness of GNNs
in handling EMA data through a series of three structured
experiments, as described in Section V.



A. Experiment A

Experiment A investigates the comparison results between
GNN models with the baseline LSTM model as well as
across all GNN models. Table II shows the results of the
three examined GNN models based on the four static graphs
(EUC, DTW, kNN, and CORR), while keeping sparsity at
GDT = 20%. Also, both single- (Seq1) and multi-step (Seq2,
Seq5) inputs are given. The presented scores refer to the MSE
values averaged across all individuals.

TABLE II: Comparison of GNN models with LSTM when
using single- and multi-step input. The best scores are high-
lighted.

[ Model [ Seql [ Seq2 [ Seq5 |
[Baseline LSTM | 1.027(0.492) | 1.020(0.484) | 1.022(0.499) |
A3TGCNEy o 1.032(0.500) | 1.034(0.493) | 1.034(0.506)
ASTGCNgue | 0.907(0.488) | 0.881(0.459) | 0.885(0.442)
MTGNNgyco 0.868(0.430) | 0.851(0.430) | 0.845(0.432)
A3TGCNprw 1.032(0.500) | 1.033(0.490) | 1.034(0.504)
ASTGCNpw | 0.9000.482) | 0.886(0.470) | 0.883(0.442)
MTGNNprw 0.871(0.430) | 0.855(0.427) | 0.846(0.430)
A3TGCNg N N 1.032(0.500) | 1.037(0.502) | 1.035(0.505)
ASTGCNpyn | 0.911(0.486) | 0.888(0.460) | 0.893(0.447)
MTGNNy v N 0.862(0.428) | 0.844(0.422) | 0.841(0.430)
A3TGCNcoRR 1.020(0.494) | 1.026(0.493) | 1.027(0.501)
ASTGCNGorr | 0.908(0.488) | 0.882(0.449) | 0.885(0.438)
MTGNNcoRR 0.860(0.428) | 0.842(0.426) | 0.840(0.431)

Table II, demonstrates that the GNN models provide en-
hanced performance compared to baseline LSTM, in terms of
the average MSE score. In more detail, the best outcome is
found when using a multi-step input, achieving an average
MSE score of 0.840 for MTGNN¢corr and MTGNNyn N,
and around 0.845 for MTGNN gy and MTGNN p7yw. These
are followed by the ASTGCNpry model with 0.883. In
contrast, the baseline LSTM performs worse, with an average
MSE at 1.022 when using the 5-timestep sequence. It is
interesting to observe that only A3TGCN provides similar
or slightly higher than LSTM errors, with MSE at 1.03.
This is reasonable because A3TGCN employs a quite simpler
framework architecture, consisting of a temporal GCN along
with an attention mechanism. In contrast, beyond MTGNN
which incorporates graph learning, ASTGCN incorporates
more complex blocks, such as spatial and temporal attention
mechanisms, in addition to the fundamental GCN and convo-
lution layers. This additional complexity in ASTGCN allows
for better spatiotemporal representations within the data. Thus,
apart from that case, GNN models outperform LSTM, noticing
that MTGNN incorporating graph learning features achieved
the best performance.

Moreover, similar patterns in results are seen when using the
single-step sequence of input data. GNN-models outperform
LSTM, except for A3TGCN. Whereas, between the 1-step, 2-
step, and 5-step input data, the results are also a bit improved
in the latter case for all models. Therefore, models, using
a snapshot of the data at each moment, potentially missing
valuable long-term patterns and fluctuations.

TABLE III: Average MSE errors for different levels of graph
sparsity (GDT) when using multi-step input data. The best
scores are highlighted.

[ Model [ GDT = 20% | GDT = 40% | GDT = 100% |
ASTGCNEU o 1.034(0.506) | 1.035(0.505) | 1.032(0.496)
ASTGCNgyco | 0.885(0.442) | 0.878(0.430) | 0.879(0.432)
MTGNN gy ¢ 0.845(0.432) | 0.843(0.430) | 0.843(0.430)
ASTGCNprw | 1.034(0.504) | 1.035(0.505) | 1.034(0.503)
ASTGCNpry | 0.883(0.442) | 0.883(0.434) | 0.844(0.440)
MTGNNprw | 0.846(0.430) | 0.845(0.434) | 0.848(0.435)
ASTGCN, N N 1.035(0.505) | 1.035(0.505) | 1.035(0.505)
ASTGCNynn | 0.893(0.447) | 0.875(0.429) | 0.882(0.443)
MTGNNj, x v 0.841(0.430) | 0.847(0.425) | 0.851(0.437)
ASTGCNcorgp | 1.027(0.501) | 1.037(0.507) | 0.970(0.385)
ASTGCNcoRrr | 0.885(0.438) | 0.884(0.436) | 0.840(0.436)
MTGNNcopr | 0.840(0.431) | 0.841(0.434) | 0.838(0.434)
ASTGCNpanD | 1.032(0.504) | 1.033(0.506) | 1.033(0.504)
ASTGCNpAND | 1.059(0.622) | 1.0620.633) | 1.062(0.630)
MTGNNRranp | 0.849(0.438) | 0.848(0.437) | 0.848(0.437)

B. Experiment B

In Experiment B, the assessment focuses on the impact
of various graph construction techniques on GNN forecasting
performance. The exploration was centered around identifying
the most effective distance-based graph when the underlying
graph topology is not pre-defined. To verify the validity of
our approach, these four examined metrics were also tested
against a randomly generated graph with the same amount
of connected edges. Specifically, sparse graphs considering
GDT = 20% and GDT = 40% as well as dense with
GDT = 100% were analyzed and their results are demon-
strated in Table III.The presented findings refer to 5-step
input data training, since it was already observed that single-
and multi-step follow the same trends in results. Moreover,
regarding the random scenario, the average score after using
5 randomly generated in training is given.

According to Table III, the lowest average MSE score
is found in MTGNN, with MTGNN¢cogrpr reaching a score
of 0.838, without a clear distinction among the different
sparsity levels. MTGNN is followed by ASTGCNcorr and
ASTGCNprw with 0.84 in case of GDT= 100%. This is
remarkably different than utilizing sparser graphs, where MSE
is around 0.89. Similarly, A3tGCNcogrgr is also positively
affected when using a denser graph, giving an MSE of 0.97.
However, the remaining graphs do not facilitate improving the
performance of A3TGCN.

As expected, the performance of the GNN models based on
a random graph is the worst. It shows the biggest change for
ASTGCN, moving to 1.06 when using a random graph. In the
case of MTGNN, by updating the random graph information,
the error reaches the lowest 0.84 score. On the contrary, the
overall bad performance of A3TGCN is not getting much
worse. Moreover, despite the overall high variability across
all individuals shown in all methods, MTGNN and ASTGCN
give the lowest standard deviation at 0.43.

Therefore, it is interesting to notice that the distance-based
graph structures do not significantly affect the performance
of GNN models. This can be caused by the fact that all



these metrics can be effectively used in time-series data. The
only case of positive change was seen in ASTGCNcorr and
ASTGCNprw when the whole graphs were used. On the
other hand, using random graphs, meaning that these incor-
porate no useful information, leads to the worst performance.
This highlights the importance of selecting an appropriate
method for representing the relationships between temporal
sequences.

C. Experiment C

Experiment C investigates the impact of the previously an-
alyzed static (distance-based) graphs compared to the learned
graph structures on the forecasting performance of multivariate
time series. This is designed by extracting the MTGNN-
learned graph representations and using them as input into the
other GNN models. The approach seems promising because
of the successful application of MTGNN on EMA data that
relies on iteratively updating the input graph. This comparison
is essential in understanding the efficacy of the learned graph
approach derived by the MTGNN model, against the initial
static graphs.

In Fig. 3, the outcomes of comparing the graph learning
process to the four static ones are presented. In this case, the
sparse version of the graph is utilized along with the 5-step
input data. According to the extracted outcomes, MTGNN
shows again the best performance, giving an MSE of 0.84.
This is reasonable since the learned graph is optimized while
trying to minimize the MTGNN training error. However, this
result using the learned graph was not that effective. More
specifically, ASTGCN shows only a slight error drop, without
being affected by the learned graph structure. This is caused
by the level of similarity between the two graphs, reaching
88% correlation. Alternatively, the small differences between
the two methods (A3TGCN and ASTGCN) can be further
quantitatively assessed by the percentage change in their error
rates. For each individual, the relative percentage of increase
or decrease is calculated when using each distance metric
and the corresponding MTGNN-learned graph. According to
the results (marked in red) in Fig. 3, an overall decrease
indicates an improvement in MSE error when using the
MTGNN-learned graph. Specifically, the biggest enhancement
(—20.3%) is observed in the case of ASTGCN, when using the
kNN_learned graph compared to kNN. It is also interesting to
notice that a consistent improvement is revealed in error rates
using DTW, kNN, and CORR, which contrasts with the results
from the EUC metric.

Regarding A3TGCN, the performance remains the lowest,
not exceeding an MSE of 1.02. While the models show a
slight drop in average MSE when using the learned version of
a specified graph, it is worth exploring again the percentage
of change in performance. More specifically, a performance
enhancement is seen with KNN and CORR, when the learned
graph is utilized instead of the pre-defined metrics. However,
the increase in MSE percentage for DTW is unexpectedly high.
Therefore, despite the general bad performance, individuals’
MSE improvement is present in some models.

VII. DISCUSSION

In the exploration of applying GNNs to multivariate time-
series forecasting, a set of three experiments was conducted
whose key findings are summarized as follows.

A. GNN Performance

In the first comparative analysis of GNNs, the study focuses
on the performance of GNNs against the baseline LSTM
model. According to Table II, almost all GNN models provide
better MSE scores than LSTM, which reaches the level of
A3TGCN. GNNs exploit the inherent relationships and de-
pendencies among variables represented in a graph, allowing
them to capture more complex patterns than LSTM.

Subsequently, regarding GNNs, models from two differ-
ent categories R-GCNs (A3TGCN) and T-GATs (ASTGCN,
MTGNN) were investigated, applicable to sequentially-input
MTS data. Among these, the models from the latter category
show the best performance, with the MTGNN giving the
lowest MSE at 0.84. The success of MTGNN is because
it incorporates layers dedicated to graph learning, indicating
the effectiveness of approaches updating the graph structure
during training.

On the contrary, A3TGCN model produces higher MSE
scores, also showing a greater sensitivity to a denser graph
structure. This is attributed to the simplicity of its architecture
relative to ASTGCN and MTGNN. A3TGCN integrates a
temporal GCN with an attention layer, lacking processing any
complex spatial-temporal dynamics inherent in the data.

Another aspect examined was the length of input data se-
quences. More specifically, during training, single- and multi-
step sequences of input data were tested in terms of models’
performance. After evaluation, when data is input as multi-step
sequences, the errors slightly decrease with the errors showing
similar trends across GNNs. Consequently, Experiments B and
C are only focused on multi-step input sequences.

B. Graph Construction

Due to the dependence of GNN performance on the uti-
lized graph, different characteristics of a graph structure were
explored. First, this involved different distance-based graphs,
since the ground truth representations across all variables of
each individual were not known. While, afterwards, different
aspects, such as sparsity and graph-learning structures, were
investigated.

According to all experiments’ results, a consistent pattern
was retrieved, where models based on dense correlation graphs
outperformed all the others. Although all examined distance
metrics are commonly used in time-series data, correlation
was proved particularly powerful, resulting in a meaningful
similarity matrix. This distinction to the other graphs was
mostly apparent for ASTGCN, whereas, for MTGNN, there
was a minimal impact because of the learning process.

Moreover, the effect of the level of graphs’ sparsity on
performance was evaluated. The findings of Experiment B
showed the superiority of dense graphs in yielding better per-
formance for ASTGCN and A3TGCN. However, for MTGNN,
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Fig. 3: MSE distributions across all individuals comparing the graph learning process to the four static graphs. Apart from the
boxplot properties, mean values are given in black as well as the relative percentage of change in red.

using a sparse graph facilitates focusing on the most valuable
information, whereas a denser graph potentially introduces
unnecessary complexity and noise, finally leading to similar
performance.

Based on Experiment C, the significant role of learned
graphs in improving the predictive performance of GNN
models was further highlighted. MTGNN-learned graphs cause
a small decrease in MSE compared to all initial static graphs,
also, when used in other models. In cases of CORR and
kNN, the overall percentage of MSE decrease indicates a
performance improvement. However, it is highly dependent
on the dynamics of the time series data. This is evident
in the variability of weight updates and subsequently, MSE
performance, observed across different individuals. Only in
some cases, the updates to the weights were substantial,
highlighting more significant relationships from the data.

C. Limitations - Future Work

As already discussed, enhancement in performance was
observed in many cases of all the examined experiments, such
as using the MTGNN-learned graphs. However, the differences
were not significant. This is probably caused by the fact that
the produced MSE scores are averaged over many dimensions,
that are across all individuals, all variables, and all the time-
points on the test set. Thus, potential effects at an individual
level can be relatively suppressed by that. Particularly, using
boxplots in Fig. 3, considerable variability in performance
across individuals is observed. This can arise from the different
quality of their data. For example, the number of time-points
recorded per individual, the variance in variables, or the
presence of noise in the data. Focusing on the importance of
improving MSE scores at an individual level, this difference is
also reflected by the relative percentage of MSE change. For
instance, for ASTGCNy, v, although the average MSE score
was 0.89 when using both static and learned graphs, there
was a 20.3% MSE decrease when checking the individual

improvement of the latter case. Similarly, the effects across
the MSE scores when predicting each of the variables should
be further investigated.

Furthermore, multi-step input data was proved to lead to bet-
ter forecasting performance. This is reasonable because richer
data representations are used, involving a subset of historical
data. However, more experiments should be conducted on the
most appropriate length of the input data sequence.

Further exploration should also be done on the selected
graph structure. Alternative types of distance metrics or thresh-
old levels in sparsity should be carefully investigated as well
as interpreted for their inter-variables connections. Finally,
inspired by the success of MTGNN, it is also crucial to
acknowledge that graph-learning mechanisms are incorporated
in other GNN models as well. The graphs learned by advanced
methods, such as Graph for Time Series (GTS), and Neural
Relational Inference (NRI), should be further compared to both
static and MTGNN-learned graphs [21], [22].

VIII. CONCLUSIONS

In conclusion, this work has significantly contributed to
the understanding of applying GNN models on EMA MTS
data. More specifically, several GNN models were investigated
aiming at successfully forecasting the progression of EMA
data. After a set of experiments, GNN models proved to
outperform the baseline LSTM model, decreasing the MSE
from 1.01 to 0.84 when using MTGNN. Overall, MTGNN
had the best performance, taking advantage of its internal
graph learning layer that updates the initially input graph
structure. Due to this success, the MTGNN-learned graph
was also explored by the other GNN methods, showing
that it could potentially enhance individuals’ performance.
This highlights the significance of incorporating meaningful
information regarding the inner relationships within the data,
ultimately leading to improved EMA forecasting performance
and ultimately a better understanding of mental disorders.
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