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Synopsis
Conventional resting-state network concept is based on calculating linear dependence of spontaneous
low frequency fluctuations of the BOLD signals of different brain areas (Biswal et al. 1995,Biswal et al.
2010), which assumes temporally stable zero-lag synchrony across regions (Biswal et al. 1995; Fox et
al. 2005; Fox and Raichle 2007; Kalcher et al. 2012; Margulies et al. 2010; Yeo et al. 2011). However,
growing amount of experimental findings suggest that functional connectivity exhibits dynamic
changes and a complex time-lag structure, which cannot be captured by the static zero-lag correlation
analysis (Allen et al., 2014; Chang and Glover, 2010; Handwerker et al., 2012; Jones et al., 2012;
Kiviniemi et al., 2011; Sakoğlu et al., 2010; Smith, 2012).
In our first study we proposed a new approach applying Dynamic Time Warping distance (Sakoe and
Chiba, 1978) to evaluate functional connectivity strength that accounts for non-stationarity and phaselags between the observed signals, which arises from the dynamic switching between brain states
(Allen et al., 2014; Chen et al., 2015). In contrast to well-known methods analysing dynamic functional
connectivity (Allen et al., 2014; Hutchison et al., 2013), the DTW algorithm provides a single scalar
measure of connectivity strength between brain regions with complex unstable non-zero temporal lag
structure, therefore DTW distance and the derived DTW similarity can characterize a wide range of
connections while still allowing simple multi-subject statistics. In the first study we examined the
applicability of DTW distance for fMRI data analysis and investigated its robustness between
measurements and for different preprocessing pipelines.
Resting-state fMRI connectivity based classification gained substantial popularity in the past decade,
and raised the intriguing possibility of application of machine learning for fast and objective diagnosis
of mental disorders (Abraham et al., 2017; Kassraian-Fard et al., 2016; Arbabshirani et al., 2013; Kim
et al., 2016; Rosa et al., 2015; Liem et al., 2017). Connectome based classification studies tend to suffer
from the so called ‘curse of dimensionality’ (Hughes, 1968), i.e. the number of resting-state fMRI
measurements in most studies is much lower than the number of pairwise connectivity descriptors
between brain regions. Therefore the vast majority of these classification experiments use machine
learning techniques that can cope with low sample numbers. One particularly interesting model is the
Least Absolute Shrinkage and Selection Operator (LASSO) that performs feature selection during
classification, i.e. it selects brain region pairs with altered connectivity between subject groups (Ng et
al., 2012; Rosa et al., 2015; Ryali et al., 2010; Tibshirani, 1996). In our second study we examined the
DTW distance’s sensitivity for differences between subject groups using a connectivity based
classification task, and we analysed set of connectivity features selected by means of a LASSO model.
As recent advances in resting-state fMRI based dynamic functional connectivity analysis shows, the
time-course of phase relationship of distinct brain regions can reveal information about the switching
between brain states (Allen et al., 2014; Chang and Glover, 2010; Chen et al., 2015) and the stability of
these phase-relationships can differentiate between subject groups (Córdova-Palomera et al., 2017;
Demirtaş et al., 2016; Glerean et al., 2012). Based on these results in our third study we investigated
whether the length of the warping path – a simple measure derived from the DTW algorithm that can
be used as a proxy for connection stability – can differentiate between subject groups in a LASSO
classification paradigm.
In the last couple of years the focus of machine learning research has shifted to deep learning
techniques (Krizhevsky et al., 2012). Recent developments in the theory of deep learning demonstrates
that in case of high-dimensional datasets with complex structure, deep neural networks have an
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exponential
gain
in
efficiency
over
conventional
machine
learning
models,
i.e. from the same amount of training data, deep neural networks can learn exponentially more com
plex output function (Bengio et al., 2005, 2013; LeCun et al., 2015; Montúfar et al., 2014). Therefore
deep models show great potential in fMRI based classification (Kawahara et al., 2017; Kim et al., 2016;
Plis et al., 2014; Vieira et al., 2017). In our fourth study we investigated the potential of a deep
convolutional neural network architecture to classify subject groups based on combined information
from different connectivity descriptors, namely DTW distance and warping path length.
The dissertation addresses the following research questions:
1. Can we use Dynamic Time Warping distance of resting-state fMRI signals to describe functional
connectivity strength?
2. Can Dynamic Time Warping distance as a descriptor of functional connectivity discriminate
subject groups?
3. Can warping path length, a descriptor of functional connection stability discriminate subject
groups?
4. Dynamic Time Warping distance and warping path length describe fundamentally different
properties of functional connectivity. How can we efficiently combine information of the two
metrics to increase accuracy in connectome classification tasks?

Thesis points
Thesis point I: Dynamic Time Warping distance and the derived similarity measure can be efficiently
used for resting-state fMRI based functional connectivity strength estimation as it can capture
dynamic interactions of brain regions and is more robust against global noise linearly combined with
the signal in the BOLD time-series than the more conventional approaches based on linear
correlation.
In the first study (Meszlényi et al., 2017b), we investigated a new method for functional connectivity
strength calculation based on the Dynamic Time Warping algorithm that applies nonlinear warping on
the compared time-series to correct for the dynamically changing phase-lag structure of the measured
activity of brain regions. Using simulated fMRI data we found that DTW captures dynamic interactions
and it is less sensitive to global noise linearly combined with the signal as compared to conventional
correlation analysis. We tested our method using resting-state fMRI data from repeated
measurements of a single subject and showed that DTW analysis results in more stable connectivity
patterns by reducing the within-subject variability and increasing robustness for preprocessing
strategies.
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Thesis point II: Functional connectivity strength characterized by Dynamic Time Warping distance is
sensitive for group differences, i.e. in resting-state fMRI classification tasks, classifiers trained on
connectivity features based on Dynamic Time Warping distance systematically outperformed
models based on conventional correlation coefficient features.
In the second study (Meszlényi et al., 2016b), we examined the sensitivity of the functional connectivity
strength estimates based on Dynamic Time Warping distance in a classification experiment on a
dataset of young adults with and without and attention deficit hyperactivity disorder (ADHD). Gender
and ADHD diagnosis were used as classification targets. We applied a LASSO classifier that includes
feature selection, i.e. based on the LASSO model we can determine which brain connections and
regions differentiate well. Our results showed that functional connectivity networks resulting from
DTW-based estimates as compared to the correlation-based ones are more stable and achieve higher
classification performance (in terms of averaged F-measure) in both gender and ADHD classification.

Thesis point III: Warping path length, a measure of connection stability derived from the Dynamic
Time Warping algorithm contains valuable information about the dynamic properties of the
functional connection between brain regions beside functional connectivity strength, therefore
warping path length can efficiently be used as connectivity feature in resting-state fMRI based
classification tasks.
In the third study (Meszlényi et al., 2016a) we demonstrated further advantages of the DTW algorithm:
beside the DTW distance, the algorithm generates the warping path, i.e. the time-delay alignment
between the two time-series. On the dataset of young adults we used the length of the warping path
as classification feature for cannabis addiction classification and demonstrated that the warping path
itself carries important information, as classifiers based on relative warping-path length significantly
outperformed models based on either correlation or DTW distance. As we applied LASSO classifiers,
we could also demonstrate the network of brain regions that differentiates well between addicted and
non-addicted subjects based on the stability of connection between regions.

Thesis point IV: Classification based on Dynamic Time Warping distance and path length combined
with a convolutional neural network specifically designed for connectome based classification
achieves substantially better performance than classification based on single connectivity metric
features (i.e. Dynamic Time Warping distance, warping path length or correlation coefficients alone).
In the fourth study (Meszlényi et al., 2017a) we designed a convolutional neural network architecture
specifically for classification based on functional connectivity and tested the method on a datasets of
patients suffering from mild cognitive impairment. A great advantage of the convolutional architecture
is that it can straightforwardly combine heterogeneous connectivity metrics and can successfully utilize
this heterogeneity in contrast to conventional machine learning models. With this convolutional model
we demonstrated that the best classification performance can be achieved by combining connectivity
information extracted from DTW distance and warping path length features. We also showed that
based on a relatively simple analysis of the learnt weights of the convolutional neural network we can
determine which brain regions have most influence on the classification output, i.e. the regions that
show altered connectivity between groups.
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Discussion
To determine the usefulness of a functional connectivity metric we have to take certain properties into
account. Connectivity strength between brain regions should be reliable between multiple
measurements and also robust against common noise sources, while it should retain sensitivity for
differences between subject groups caused for example by mental disorders or other phenotypic
differences. Conventional correlation based functional connectivity calculation holds many of these
properties, however we hypothesized that a method that can account for the dynamic nature of
connections could be even more advantageous.
We were able to prove that as the Dynamic Time Warping algorithm can handle non-stationary
processes, the derived connectivity strength results in more stable connectivity patterns in repeated
measurements, and is less sensitive for linearly combined common noise than connectomes calculated
with correlation coefficients. We could also show that DTW distance differentiates better between
groups than correlation as concluded from results of multiple classification studies performed using
several different classification algorithms and with different classification targets.
Besides functional connectivity strength calculation, the DTW algorithm also provides information
about the time-varying phase difference between brain regions through the generation of the warping
path. The length of this warping path can be used to describe the stability of connections between
brain regions and it is also sensitive for group differences (in terms of averaged F-measure) as our
classification studies show. We were able to demonstrate that the warping path length holds
complementary information compared to connectivity strength based on DTW distance, therefore a
carefully designed convolutional neural network architecture that is able to straightforwardly combine
different connectome descriptors can discriminate subject groups substantially better if it is provided
with both DTW distance and warping path length features, than a network trained on single
connectivity descriptors.
With these results we were able to demonstrate that the DTW algorithm is indeed an applicable and
advantageous tool of resting-state functional connectivity analysis, as it can take into account the
dynamic properties of the connections and simultaneously provide functional connectivity strength
and connection stability information.
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