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Functions running within the brain's neural network are what makes us see,
feel, think and move, and are key in understanding the complete human
experience. One method to study these functions is inter-subject correlation.
When using it to study our brains, brain activity data is gathered from multiple
subjects and each individual's responses are compared to each other. In this
thesis we focus on studying the possibility of improving ISC performed on
functional magnetic resonance imaging data by processing the fMRI data
with a signal processing method called dynamic time warping.

The goal of this thesis was to assess the potential and feasibility of dynamic
time warping to improve inter-subject correlation experiments. The means to
this goal was to build a dynamic time-warping script and apply it in the post-
processing stage of an existing experiment and then compare results with
and without dynamic time warping.

The output of the thesis is the notion that dynamic time warping can
potentially improve quality of inter-subject correlation, but applying it involves
outstanding issues, including requiring improved temporal resolution when
recording functional magnetic resonance imaging data.
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Näemme, tunnemme, ajattelemme ja liikumme aivojemme avulla.
Neuroverkostoissa kulkevat funktiot ovat avainasemassa pyrkimyksessä
ymmärtämään ihmisenä olon kokonaisuutta. Yksi tapa tutkia näitä funktiota
on subjektien välisen korrelaation mittaaminen, englanniksi inter-subject
correlation (ISC). Aivoja ISC:llä tutkiessa dataa aivojen aktiivisuudesta
keräätään usealta subjektilta ja jokaisen henkilökohtaista dataa verrataan
toisiinsa. Tässä diplomityössä tarkastelemme mahdollisuutta parantaa
funktionaalisen magneettikuvauksen kautta toteutettua ISC:tä hyödyntämällä
dynamic time warping -signaalinkäsittelymenetelmää (DTW).

Työn tavoite on arvioida DTW:n käytettävyyttä ISC-kokeissa. Tavoitteen
saavuttamiseksi rakennettiin dynamic time warping ohjelma ja sovellettiin sitä
olemassaolevan kokeen dataan, jonka jälkeen prosessoimattomia ja
prosessoituja tuloksia verrattiin ksekenään.

Työn tuloksena todettiin, että dynamic time warping voi potentiaalisesti
parantaa inter-subject correlation tuloksia, mutta hyödyntämisen edessä on
esteitä, keskeisimpänä nykyisen funktionaalisen magneettikuvantamisen
normaalitilanteissa riittämätön aikaresoluutio. 

Avainsanat: dynamic time warping, funktionaalinen magnettikuvantaminen,
aivot, subjektien välinen korrelaatio, BOLD, signaalinkäsittely
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 1 Introduction

In the past century, modern neuroscience has provided a means to study
our mind via the cognitive functions running within the brain's neural network.
These functions are what actually make us see, feel, think and move, and are
key in understanding the complete human experience.

Brain functions can be studied to understand how similar, or different, we
are from one another on a neurobiological level. Some of the benefits of
understanding our differences include learning how our skills and personalities
develop in order to make positive development more effective, and how to
better combat disorders by being able to distinguish healthy patterns from
pathological ones. 

Functional magnetic resonance imaging (fMRI) has become one of the
most widely used neuroimaging methods in the past decade [1] for being a
reliable and non-invasive method to record neural activity over the whole brain
over a flexible period of time. FMRI does not measure neural activations
directly, but via the blood-oxygen-level dependent (BOLD) signal. While the
BOLD signal is a good proxy of neural activations, the time it takes to go from
neural activation to BOLD varies from one person to another and from one brain
region to another. [2]

One method to study the similarity of brain activity is inter-subject
correlation (ISC). Brain activity data are gathered from multiple subjects and
each individual's responses are compared to each other. In this thesis, we focus
on studying the possibility of improving ISC performed on fMRI data by
processing the data with a signal processing method called dynamic time
warping (DTW). The goal of this thesis is to introduce DTW to manage an
inherent temporal inaccuracy problem with fMRI data that affects the results of
ISC. 

This thesis assesses the suitability of DTW by performing fMRI-based ISC
analysis side-by-side with and without the help of DTW to determine whether
the effects of DTW are significant or can be explained by the algorithm
matching noise from each subject to artificially increase correlation.

The Background chapter describes how magnetic resonance imaging
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(MRI) works and compares it to other neuroimaging methods, explains neural
signaling, how the BOLD signal is formed and how it varies from one subject to
another, and describes the principeles of ISC and DTW and their applications in
neuroscience.

In the Methods chapter, the mathematical formula of DTW is explained
and the different aspects of DTW, such as warping limits and their applications,
are described in detail. Additionally, the effects of sampling rate and possible
adjustments by upsampling are discussed. The ISC calculations are also
explained in the Method section, along with the exact details of the fMRI
experiment whose data is used to perform the DTW. Finally, full information on
the analysis performed to assess DTW is provided.

The Results chapter provides in-depth results on all of the analysis done
with and without DTW. In addition to performing ISC with and without DTW,
results are provided for permutation tests to determine the significance of the
results. In the Discussion chapter, the results are dissected in more detail and
assessments are made on what would be the best ways to proceed in
researching the topic further.
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 2 Background

To measure how similarly different systems process received data, a wide
array of approaches can be used. Similarity measurements are common in
many fields of science, as they can be used to compare any set of systems
processing any kind of data, and are especially useful when the system studied
is complex enough to make absolute comparison difficult. One application is
studying how we process sensory data in our brains.

When studying the similarity of brain functions, the general approach
consists of first gathering brain activity data from multiple subjects doing a set of
tasks or receiving identical stimuli, and then comparing and analyzing the data
using specific metrics to make an assessment of similarity between each
subject. 

As the brain is a very complex organ with a vast amount of different
functions operating within, from vision to generating thoughts, solving equations
and smelling scents (just to name a few), experiments often focus not on all of
the brain and its functions at once but rather on one or selected few distinct
functions or areas of interest.

To activate certain functions, the stimuli or tasks used can vary from
simple events, such as a single flash of light, to complex ones, such as free
viewing of movies. The better the experiment is at triggering the targeted
functions and triggering as few others as possible, the better the received data
is for the desired analysis.

As the brain has evolved to support the life-form it belongs to, it reacts
reliably to situations that it could encounter naturally outside the experiment.
Even while being seemingly uncontrolled, complex naturalistic stimuli can evoke
highly reliable, selective and time-locked activity in many brain areas, including
some regions that show little response modulation under the most conventional
experimental protocols. [3] The longer the time scale of the experiment, the
more complex the response data become. For instance, when measuring a
subject watching a movie, the data obtained is not just a short transient
activation peak within the brain, but a continuous stream whose temporal
dynamics contain information of the functions running within. [3]

To gather brain-activity data, we need a setup that can measure the
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neuronal activity in the brain itself either directly or indirectly through some other
phenomena that are related to such activity. This is called functional
neuroimaging. There are multiple neuroimaging techniques in use with different
advantages and disadvantages each; choosing the one to use is a game of
compromises. 

In the 1970s, computerized tomography (CT) opened a new era in
noninvasive structural brain imaging, by introducing computer processing
technology to be used to help probe the living brain. Prior to CT, the only brain
imaging technology available was standard X-ray film, which has poor soft
tissue contrast and involves relatively high radiation exposure. The CT
approach uses a narrow X-ray beam and a row of sensitive detectors placed on
opposite sides of the head to probe just a small portion of tissue at a time. In
order to make an image, the X-ray tube and detectors rotate all around the head
to collect radiodensity information from every orientation around a narrow slice.
By slowly moving the patient through the scanner while the X-ray tube rotates in
this way, a three-dimensional image can be formed. CT scans can readily
distinguish gray matter and white matter of the brain, differentiate the ventricles
quite well and show many other brain structures with a spatial resolution of
several millimeters.  [4]

Brain imaging took another large step forward in the 1980s with the
development of magnetic resonance imaging (MRI). MRI is based on the fact
that the nuclei of certain atoms exhibit a quantum-mechanical property called
'spin' , and that if they are placed in a strong magnetic field their spins will line
up with the field and precess at a frequency that is dependent on the field
strength. If they are then given a brief radiofrequency pulse tuned to their
precession frequency they are knocked out of alignment with the field, and
subsequently emit energy as they gradually realign themselves with the static
field. This emitted energy is dependent on how many nuclei are involved in this
process, which in turn is dependent on what kind of matter is being affected. To
get spatial information in MRI, the magnetic field is distorted a little by imposing
magnetic gradients along the three spatial axes. Almost all MRI scanners use
detectors tuned to the frequencies of spinning hydrogen molecules, and thus
create images based on the amount of water in different tissues. The magnetic
fields and the radiofrequency pulses used in MRI scanning are harmless,
making this technique completely noninvasive. [4]

Imaging functional variations in the living brain became possible with the
recent development of techniques for detecting small, localized changes in
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metabolism or cerebral blood flow. This is the basis of three widely used brain
imaging techniques: position emission tomography (PET), single-photon
emission computerized tomography (SPECT) and fMRI. Both PET and SPECT
imaging involve injection or inhalation of a radiolabeled compound, which
produce photons that are, in case of SPECT, detected by a gamma camera
moving rapidly around the head. [4]

Functional MRI, a variant of MRI, currently offers the best approach for
visualizing brain function based on local metabolism. [4] It is, however, just one
of the many modern non-invasive functional neuroimaging methods. Some
o t h e r s u s e d t o d a y i n c l u d e e lectroencephalography (EEG),
magnetoencephalography (MEG) and near-infrared spectroscopy (NIRS). [1]

Before the advent of functional neuroimaging, almost all of our
understanding of the organization of human brain function came from structural
studies, more specifically by relating neurological disorders to the patterns of
brain injury (e.g., brain tumors, strokes, penetrating head injuries) that cause
them. [5] 

Each imaging method has its advantages and disadvantages. Structural
studies have very limited applications in functional neuroscience in comparison
to the functional neuroimaging methods, as due to their long time scale they are
unable to reveal short-term physiological changes associated with the active
function of the brain. The reason fMRI has become so popular out of all the
non-invasive functional methods is that it provides a good balance of spatial and
temporal resolution throughout the brain and at the same time lacks many of the
disadvantages of its competitors, some of which described below. [1]

Of fMRI's non-invasive competitors, the next most widely used methods
are EEG and MEG. They both have better temporal resolutions than fMRI, but
they can only provide reliable information from the outer layers of the brain, and
even there they have a worse spatial resolution compared to fMRI. They are
also susceptible to artifacts from common biological events such as eye
movement. [1]

Some invasive methods have better spatial resolution than fMRI, but have
other disadvantages in addition to their invasiveness, such as the slow speed at
which images are acquired in PET scanning. Figure 1 shows the different
spatial and temporal resolutions of many different functional and structural
research methods in neuroscience. [1]



6

 2.1 Neural signaling

Nerve cells, or neurons, generate electrical signals that transmit
information. Neurons are not intrinsically good conductors of electricity, but they
have evolved elaborate mechanisms for generating these signals based on the
flow of ions across their plasma membranes. These mechanisms importantly
allow signaling between neurons without connecting their cytoplasms, so that
the cells can maintain their own integrity. By default, neurons generate a
negative potential, called the resting membrane potential, which can be
observed by measuring the voltage between the inside and outside of nerve
cells. [4]

The action potential is a self-regenerating wave of electrical activity that
propagates from its point of initiation at the cell body to the terminus of the axon
where synaptic contacts are made. During an action potential, the
transmembrane potential is transiently positive. Action potentials propagate
along the length of axons, and are the fundamental signal that carries
information from one place to another within the nervous system, including the
brain. At sensory organs, the generation of action potentials is determined by
receptor potentials, which occur due to the activation of sensory neurons by

Figure 1: The available spatial and temporal resolutions for different research methods in 
neuroscience. Adapted from Ref. [1]
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external stimuli, such as light, sound or heat, and between neurons by synaptic
potentials, which allow transmission of information from one neuron to another
by either exciting the target neuron closer to the threshold of generating an
action potential or by inhibiting it from generating one.  [4]

The action potential is a brief (about 1 ms) change from a negative
transmembrane potential to a positive. The amplitude of the action potential is
independent of the magnitude of the current used to evoke it. In other words,
larger currents do not elicit larger action potentials. The action potentials of a
given neuron are therefore said to be all-or-nothing, because they occur fully or
not at all. If the amplitude or duration of the stimulus current is increased
enough, multiple action potentials occur. Therefore, the intensity of a stimulus is
encoded in the frequency of action potentials rather than in their amplitude. [4]

 2.2 Functional magnetic resonance imaging

The difference between functional MRI and structural MRI is the same as
the difference between video recording and still photography. Video recording is
a composition of multiple still frames, whereas fMRI is a composition of multiple
MR-image volumes. Magnetic resonance imaging is performed with MRI
scanners (Figure 2) that generate a strong static magnetic field and a series of
changing magnetic gradients and oscillating electromagnetic fields to interact
with the magnetic properties of protons within the measured object. In the
human body, the protons in question are mainly H+ -ions present in water
molecules. [1]

To form an image, first the strong magnetic field  aligns the spins of the
protons in the measured object. Then, electromagnetic pulse sequences are
used to temporarily flip the spins of the protons, changing the net magnetic
effect caused by the object. After a pulse , the protons are given time to recover
– the rate at which the net magnetic effect diminishes varies depending on the
substance measured. This phenomenon, called magnetic relaxation is used to
form the MR images. [1]
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There are three commonly used magnetic relaxation constants that vary
from one substance to another: T1 (spin–lattice relaxation), T2 (transverse spin–
spin relaxation) and T2* (combined effect of T2 and the relaxation caused by
changes in spin precession frequency due to inhomogeneities in the magnetic
field). Images can be formed that have increased weight in a single constant by
using an appropriate pulse sequence. As different tissues have different T1-, T2-
and T2* values, differently weighted images are sensitive to different contrasts
within the body, which has been widely taken advantage of in clinical
applications. T1 is most commonly used for anatomical images of the brain,
whereas T2-contrast imaging can be used to create images that have maximal
signal in fluid-filled regions, which is important for many clinical considerations
as many tumors and other pathological conditions show up most readily under T2

Figure 2: A 3.0-T GE (General Electric) Signa Excite MRI scanner at the AMI center of 
Aalto University. This scanner was used to obtain the data for this thesis. Source: AMI-
center ( http://ami.aalto.fi )

http://ami.aalto.fi/
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contrast. T2*-weighted images are sensitive to the amount of deoxygenated
hemoglobin present, making it especially useful to measure brain activity with
fMRI due to the BOLD contrast. [1]

Because fMRI uses signals intrinsic to the brain without any radioactivity,
repeated observations can be made on the same individual, which is a major
advantage over imaging methods such as PET. The spatial resolution (2–3 mm)
and temporal resolution (a few seconds) of fMRI are also superior to other
functional imaging techniques, causing MRI to emerge as the technology of
choice for probing both the structure and function of the living human brain. [4]

 2.2.1 Blood-oxygenation-level dependent contrast

The connection between T2*-weighted images and neuronal activity lies in
the BOLD contrast. Neuronal activity is paired with increased vascular activity in
the corresponding area. The reaction of the vascular system to neuronal activity
is called the hemodynamic response (HDR).

The hemodynamic response is a reaction to the energy requirements of
the neural network's signaling system. Signals are transmitted by generating
action potentials, and generating them requires energy. [1] In addition to
signaling activities, energy is used also for housekeeping functions such as
synthesis of proteins and maintenance of the membrane properties, but it has
been estimated that as much as 74% of the energy budget of gray matter is
spent on signaling. [6]

Glucose and oxygen, the fuel to create adenosine triphosphate (ATP; the
main energy store of the body and a requirement for action potential
generation), are not stored in the neuron itself. Instead, the fuel required is
delivered through the vascular system. The hemodynamic response begins as
active neurons release vasoactive substances which cause local blood vessels
to dilate, reducing the blood vessels' resistance to flow. This local change is
accompanied by a dilation of the higher-resistance arterioles located on the pial
surface upstream, jointly allowing for increased blood flow to the target area. [1]

The blood flowing into the brain is more oxygenated than blood being
pushed out. An increased blood flow thus alters the balance between
oxygenated and deoxygenated blood in the area of increased neural activity. As
deoxygenation decreases the T2*-value of blood, an increased blood flow
increases the MR signal on T2*-weighted images relative to the initial balance of
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oxygenated blood and can be considered a sign of neural activations. [1]
Referring to HDR as the hemodynamic response is a bit misleading, as the

shape of the HDR varies with the properties of the evoking stimulus and,
presumably, with the underlying neuronal activity. Determining the exact relation
between the neuronal events that trigger the HDR and the shape of the HDR is
complicated by the difference in their dynamics, including their timing. Sensory
neuronal responses occur within tens of milliseconds following a stimulus, but
the first observable HDR changes do not occur until 1–2 s later. Therefore, the
HDR will always be only an estimate of the underlying neuronal activity. [1]

The temporal profile a neuronal response exhibits in the BOLD response is
called a hemodynamic response function (HRF). The accepted generic form the
HRF comprises a short-duration event consisting of a sharp rise in BOLD signal
amplitude to a certain peak, followed by a similarly sharp fall. The fall is followed
by a brief undershoot period, where the amplitude goes below the base value
before returning to its initial state. For a cluster of repeating short-duration
events, the BOLD signal is thought to rise to its peak value, then plateau for the
duration of the cluster, after which it follows the same falling pattern as a single
event would. Representations of both of these events are shown in Figure 3. [1] 

The HRF can include an initial dip, better visible at stronger magnetic
fields. [7]  The initial dip is believed to be due to the increased oxygen
consumption before the increased blood flow reaches the area of activity.

Figure 3: Schematic representations of the fMRI BOLD hemodynamic 
response. On the left is the representative HRF to a single short-duration 
event (A) and to a block of multiple consecutive events (B). Source: Ref. [1]
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Theoretical analyses suggest that the BOLD contrast can be characterized by
two components: one proportional to the static magnetic field and another that
increases quadratically with the magnetic field. [8] The former is believed to
arise from macroscopic vessels and the latter from microvascular structures.
This would explain why the ratio of the early negative response to the delayed
positive response was found to be 0.11 at 1.5 T, 0.3 at 4 T and 0.6 at 7 T in a
study by Yacoub & Shmuel in 2001. [7]

One successful model for HDR estimation that accounts for the nonlinear
behavior of the response is the Balloon model; see Figure 3. [9–11] It is an
input–state-output model wi th two-state var iables: volume and
deoxyhemoglobin content. The effect of blood flow on these two variables is the
basis of the Balloon model: Increases in flow effectively inflate a venous
“balloon” such that deoxygenated blood is diluted and expelled at an increased
rate. The clearance of deoxyhemoglobin reduces intravoxel dephasing and
causes an increase in the signal. Before the balloon has inflated sufficiently, the
expulsion and dilution may be insufficient to counteract the increased delivery of
deoxygenated blood to the venous compartment, which results in the possibility
of the initial dip. After the flow has peaked, and the balloon has relaxed again,
reduced clearance and dilution contribute to the undershoot commonly
observed after the stimulus. The Balloon model is a simple and plausible model
that is predicated on a minimal set of assumptions. [9]

 2.2.2 Variance in hemodynamic responses

Due to the dynamics of the HDR, when a sudden change in neural activity
is observed using fMRI, it is seen as a delayed signal change that takes several
seconds to develop and decay. The delay is paired with a smoothing effect,
caused by the gradual change in blood flow. These smoothing and delaying
effects are always present for every subject, but because no two humans are
perfectly identical in their anatomy or their cardiovascular system, the
magnitude of these effects is not constant across subjects. [2]

Aguirre and colleagues examined the time it takes to receive an fMRI
signal from the event of the corresponding neuronal activity by making the
subjects do a reaction test in the scanner. The experiment included 30 subjects
doing an identical test multiple times during a day for multiple days. The
subjects' reaction time and the time it took the fMRI signal to peak from the
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moment the instruction was given were recorded. [2]
The mean reaction time as a function of the BOLD signal time to peak is

plotted in Figure 4. The results demonstrate that the BOLD time to peak varies
significantly across subjects, from as low as 2700 ms to over 6200 ms, and has
no relation to their reaction time. The mean reaction times averaged at slightly
below 400 ms with no correlation to the time to peak. The measured coefficient
of reaction time as a function of time to peak was r = 0.055.   [2]

In addition to comparing subjects to one another, the study had the
subjects to perform the same task across different scanning sessions and
across different days to measure the variance caused by external factors and
the equipment, specifically the MR scanner. The subjects were divided into 4
groups, where subjects within a group performed the tasks during the same
session. The study confirmed observations made by Boynton and colleagues

Figure 4: Mean reaction time to a simple event-related task for 30 subjects
against the time to peak of the hemodynamic response obtained from that
subject's central sulcus. The graph shows no discernible relationship 
between the reaction time and time to peak, while there is variability of 
multiple seconds in the time to peak between subjects. Source: Ref. [2].
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[12], that the hemodynamic responses are more stable within a single subject
during a single scanning session than they are from one subject to another in
concurrent scans. 

The variance between subjects dwarfed any variance caused by scanning
on different days or scanning sessions, even though there was noticeable
variance across different scanning days. As seen in Table 1, the median
variability across subjects is over 4.5 times greater than the median variability
seen across multiple days, and over 16 times greater than the median variance
across multiple scans of a single subject during the same scanning session.
The variance across days was over 3.5 times greater than that of one subject
during a single scanning session. [2]

Table 1: Results of partial F tests of variability amongst the hemodynamic responses. 
The variability in responses collected over different days is roughly 3.5 times greater 
than the variability of responses collected during a single scanning session. 
Furthermore, the variability across subjects is over 16 times of the variability of a 
single subject during a single session.  [2]
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Another factor clouding the connection between MR signal and related
neural activity is that the dilation of blood vessels in the hemodynamic response
is not 100% accurate in terms of supply and demand. During neural activity,
multiple blood vessels in the vicinity of the neural activity react and start to
dilate, even when the blood vessels in question do not feed to the activated
neurons. In a research on cerebral blood flow conducted with rats [13], the
epicenter of the response was in the region of synaptic activity, but arteriolar
dilation and increased blood flow occurred up to a few millimeters distant, where
there was no synaptic activity. This causes false positives, reducing the spatial
accuracy and the data quality of BOLD-dependent imaging such as fMRI
somewhat. The increased blood did however diminish rapidly as the distance
from the epicenter grew, and considering that the spatial resolution of fMRI is in
the millimeter range with today's technology, the reduce in data quality is
relatively small. Should spatial resolution improve, the problem is something
that might require further review.

Ultimately, all neuroimaging techniques that depend on the hemodynamic
response to form their image will be constrained by the spatial properties of
capillaries. Even if the dilation was perfectly matched with neuronal activity,
capillaries are typically less than a millimeter in length and generally separated
from each other by tens to hundreds of microns. Therefore the absolute lower
limit for the functional resolution of any hemodynamic response related imaging
of brain activity is about 100 µm. [1]

The spatial and temporal resolutions of fMRI scanning are related, as a
better spatial resolution means more slices per a sweep of the brain, and more
slices means longer intervals between sweeps. Modern MRI technology is able
to sensibly reach spatial resolutions of a few hundred microns [1], so the
separation of capillaries is not currently a limiting factor during fMRI scanning.

 2.3 Inter-subject correlation

Most neuroimaging studies, including those based on fMRI, have so far
utilized relatively simple static stimuli to analyze brain functions. However, the
human brain has evolved to function in a very stimulating world and the
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investigation of complex brain functions is limited when using highly controlled
or simplistic experimental setups due to these functions being only triggered
under highly complex stimuli. An increased interest in studying human brain
functions with dynamic, continuous stimuli that are designed closer to normal
everyday life than in conventional, strictly controlled research paradigms have
lead to a demand for other than general linear model (GLM) analysis, because
GLM requires a reference time course of the task that is impossible to obtain for
a multi-dimensional stimulus, such as a movie, unless the data-analysis is
focused on a very specific feature of the stimuli. [14]

Inter-subject correlation (ISC) analysis, originally introduced by Hasson
and colleagues [15], is a conceptually simple approach to analyze fMRI data
acquired under naturalistic stimuli. In ISC-based analysis, the extent of shared
processing across subjects during the experiment is determined by calculating
the correlation coefficient between the fMRI time series of the subjects in
specified brain locations. This means that ISC-based analysis effectively avoids
modeling of the stimuli. [14]

There can be many motivations to apply ISC based analysis for fMRI data.
Analyses have been applied to data collected during complex stimuli or tasks,
such as movies, TV news reports, auditory and audiovisual narratives, pieces of
music and aesthetic performances. ISC can be used to answer specific
neuroscientific questions such as understanding how spectators' brains process
information during aesthetic performances, such as dance, or simply to try to
make sense of highly complex fMRI data to generate new hypotheses.
Regardless of the motivation, it is important to take note that inter-subject
correlation is primarily a measure of shared hemodynamic activity across
subjects instead of a measure of the amount of hemodynamic activity in a
region. However, when equipped with proper nonparametric statistical
procedures, ISC based methods can be used to detect traditional fMRI
activations without requiring specific, a-priori stimulus time course models. [14]

 2.3.1 Correlation coefficient

The correlation coefficient is a measure of dependence between two
signals. Two identical signals are perfectly correlated, making their correlation
coefficient value +1. The more closely the two signals follow each other, the
higher the value. Correlation values vary between +1 and –1, as signals are
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considered negatively correlated when the other signal decreases while the
other increases. Zero correlation is not as trivial, as many kind of pairs of
signals can be considered not correlated. A flat signal is uncorrelated
(correlation = 0) with any non-flat signal, but so is a sine wave delayed by a
quarter of a period (cosine wave) uncorrelated with a sine wave, as the cosine
wave always peaks when the sine wave is 0 and vice versa. Illustrative
examples are shown in Figure 5 of these three extreme cases. 

Considering the variance in time to peak in the BOLD signal across
subjects demonstrated in the study by Aguirre and colleagues [2], ISC results
may be distorted by individual differences.

 2.3.2 Process description

The fundamental unit of ISC is a comparison of the correlation between
two subjects over a single region of interest (ROI) in the brain. This is called
pairwise ISC. The size of a ROI can range from a single fMRI voxel to functional
areas of the brain. To perform studies over multiple subjects, a correlation
matrix is formed by measuring the correlation coefficient of all possible pairs of
subjects. An average correlation coefficient for the observed ROI is then
extracted from the correlation matrix. This process will then be repeated for all
ROIs to form a complete correlation map for the pairs of subjects.

This correlation map is then tested for significance. This map of significant

Figure 5: The correlation coefficient varies between +1 and –1. On the leftmost plot, 
two identical signals produce a correlation of 1. By inverting one of the signals, the 
correlation becomes –1 (center). By delaying one of the identical signals by a quarter of
its period, the correlation becomes 0 as now the peak of either signal always 
corresponds to a value of 0 on the other.
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average correlation is the raw data end product of ISC. Figure 6 provides a
simplified example of an ISC experiment.

Figure 6: A simplified illustration of an ISC experiment with 8 subjects and multiple 
ROIs. fMRI data are gathered from each subject. The average correlation for each 
region of interest in the brain (colored cubes, bottom middle) is calculated separately. 
First, each subject is paired with all other subjects and their fMRI time series' 
correlation for that ROI is measured (top left). Going through each pair of subjects, a 
correlation matrix is formed from these pairwise correlation coefficients (top right). An 
average correlation value is then extracted from the correlation matrix, which denotes 
the ISC value for that ROI.
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Figure 7 shows an example of results from ISC analysis. The figure shows
the ISC visualization graphical user interface (GUI) of ISC Toolbox 2.0
developed by Kauppi and colleagues. After getting the raw results from ISC, the
data can be post processed by various measures, including thresholding to only
show significant ISCs, and correcting values using the false discovery rate
(FDR) -based multiple comparisons correction introduced by Benjamini &
Hochberg [16]. ISC can also be used to generate other types of results, such as
ISC difference maps that display differences in ISC results under differing
experiment conditions.  [14]

 2.3.3 Applications of inter-subject correlation

In many fMRI-based imaging studies, the primary interest is to detect brain
locations associated with task-related neural activity. Traditionally, this is

Figure 7: Example of ISC analysis done in ISC Toolbox 2.0 [14]. In the analysis, a user 
has located significant ISCs in several brain areas, including the precuneus cortex and 
the posterior division of the superior temporal gyrus, whose perimeters are shown in 
green color over the anatomical template. The correlation map was thresholded to only 
show parts of the brain with significant correlation. Source: Ref. [14]
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achieved by GLM-based analysis where a task- or stimulus-derived time course
is used as a reference to compare to fMRI data voxel time courses. The
application of the GLM requires detailed knowledge how stimuli are varied
during the experiment, and thus it cannot be used to detect activations from
experiments involving complex naturalistic stimuli. Basic ISC analysis has been
proven to work as a suitable method to detect task related natural activation
without making any assumptions about the applied stimuli [17]. In the study,
fMRI data from 37 right-handed subjects who all had performed the same
blocked design tasks were analyzed with the ISC Toolbox by Kauppi and
colleagues and a GLM-based method. The comparison of the statistical maps of
ISC and GLM were in agreement in their findings. This demonstrated that ISC
analysis can detect truly active brain regions in a manner that is blind to the
actual stimuli, making it a highly promising method for detecting activity in data
sets collected under naturalistic stimuli experiments. [14]

Another application ISC has been used for is analysis of aesthetic
experience using ISC difference maps. Understanding how onlookers' brains
process information during an aesthetic performance, such as dance, is a topic
that has gathered interest. To investigate this, subjects can be shown videos of
aesthetic performances while their brain activity is being measured using fMRI.
The stimuli in such experiments are very rich, which makes ISC a natural fit for
data analysis. [14]

In a study to determine whether auditory stimulation has an effect on the
kinesthetic experience and/or the aesthetic appreciation of a spectator watching
dance, fMRI signals were acquired from 22 subjects under two different
stimulus conditions: a full audiovisual dance performance with soundscapes of
Bach, and the same dance performance without Bach but with the sounds of
breathing and footsteps of the dancer. Both individual ISC maps of each
condition and ISC difference maps of the differences between each condition
were created. The individual ISC maps indicated a large overlap in the visual
and auditory cortices for both conditions, but the analysis of the ISC difference
maps revealed clusters in the temporal cortex that were unique to the different
audio conditions. This would indicate clear differences between the processing
of sound under each condition, which might suggest that the presence or
absence of music may influence spectators' experience of the performance. For
instance, the greater ISC noticed in the post central gyrus of parietal cortex,
which is tied to the sense of touch could suggest that the performance void of
music elicited greater engagement of action understanding within body-specific
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mechanisms. [14]
The use of movies as stimuli in neuroimaging studies also offers new

possibilities to understand higher-order brain functions, such as those related to
social cognition and emotions. Time-window ISC was used by Nummenmaa
and colleagues [18] to analyze how ISC is associated with events that elicit
emotions in movies. Data from 16 subjects was collected via fMRI while they
watched movies depicting unpleasant, neutral and pleasant emotions. After
scanning, participants watched the movies an additional time and continuously
rated the pleasantness of their experience in addition to rating their arousal-
calmness. Short-time ISCs for each voxel were then computed using a 17-s
sliding time window. The results lead to proposing that negative valence
synchronizes individual's brain areas supporting emotional sensations and
understanding of another's actions, while high arousal directs individual's
attention to similar features of environment. [14]

 2.4 Dynamic time warping

The principle of dynamic time warping is to adjust two time series to match
each other more closely by warping one of the time series according to certain
rules and boundaries as to how much the time series are allowed to be changed
from their original form. The aim of this thesis is to look into ways to alleviate the
effects of the BOLD time delay inconsistencies by applying DTW to the fMRI
data when performing ISC. 

 2.4.1 Prior applications

Based on dynamic programming, DTW was introduced by Itakura in the
speech-processing community in 1975 [19]. Since then, it has been found to be
useful in many applications with regards to speech-processing. [20–24]

The database community found DTW when it was first introduced over two
decades ago by Berndt and Clifford to find patterns in time series [25]. In the
biomedical field, outside fMRI, it has been successfully applied to ribonucleic
acid (RNA) expression data [26] and to align biometric data, such as gait [27],
signatures [28] and fingerprints [29]. Two of these examples are described in
more detail below:
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DTW can be used in many situations where similarity analysis is needed.
For instance, it has been found useful in a fingerprint verification system
presented by Zsolt Miklós Kovács-Vajna [29]. The system is divided in two
blocks: the Information Extraction Block and the Matching Block. Information
Extraction Block includes filtering, minutiae and neighborhood extraction
algorithms to extract information from the reference image that is used for
verification of the real-time obtained fingerprint. The effective fingerprint
matching is carried out for each fingerprint in the Matching Block. If
correspondences are found between the reference and input fingerprints, a
triangular matching is applied and a possible fingerprint matching is defined.
Finally, this tentative matching is verified by DTW to overcome strong local
deformations. This final verification step corresponds to a ridge count, which is
required for legal fingerprint verification by the Department of Justice in the
United States. [29]

In biomedical time-series analysis, Aach & Church [26] found that dynamic
time warping can provide useful mapping RNA expression time-series. In
general, biological processes have the property that multiple instances of a
single process may unfold at different and possibly non-uniform rates in
different individuals, organisms, strains or conditions. For instance, a common
disease may progress at different and varying rates in different individuals. This
presents a problem for analysis of biological processes using time series of
RNA expression levels, because to find the time point of one series that
corresponds best to that of another, one cannot simply pair off points taken at
equal measurement times. DTW was found to allow for better mapping of two
RNA expression time series than what would be possible with simpler means
such as linear fits between time axes. [26]
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 2.4.2 Application in fMRI

 Like other biological processes, the BOLD signal which fMRI is based on,
and therefore the fMRI data themselves are suspect to the differences between
individuals and conditions. This was shown by Aguirre and colleagues [2] and is
described in more detail in Section 2.2.2. If it would be possible to diminish the
effects of the individual variance of BOLD time delay without sacrificing the data
quality of the fMRI signal, it should result in clearer and more reliable ISC
results in both inter-subject comparison.

There are several issues that may affect the application of DTW for fMRI
data: 

1) Performance on very large databases has been found to be a limiting
factor in some experiments [25]. However, techniques have been later
introduced to that considerably improve DTW performance across the board
[30].

2) Data quality may suffer from excessive warping of the time series. If the
restrictions on how much the signals may be warped, the data may be distorted
too much, artificially increasing the correlation of signals when there is no true
correlation present.

3) It may be possible that the noise included in the fMRI data produces
false high correlation if the DTW algorithm matches noise from two different
signals well.

4) The sampling rate of the fMRI data determines the minimum warping
step for the DTW algorithm. If delays in the BOLD signal are shorter than the
minimum warping step, DTW cannot correct for the delays.

To measure the feasibility of DTW in fMRI, the above issues are
considered with our experiment by doing various statistical analysis, testing
DTW with different parameters on both original and interpolated data.
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 3 Methods

 3.1 Dynamic time warping

DTW uses a dynamic programming approach to align a candidate time
series to a query time series so that some distance measure is minimized.
Suppose we have two one dimensional time series: the query time series Q and
the candidate time series C, of length n and m, respectively, where

Q=q1 , q2 ,. . . , q i , .. . , qn (1)

C=c1 , c2 ,. . . , ci , . .. , cm. (2)

A n-by-m distance matrix can be constructed, where the element (i, j)
contains the Euclidean distance d(i,j) between the two points qi and cj, i.e.

d (i , j)=∣qi – c j∣ . (3)

A warping path (Figure 8) is a set of adjoining distance matrix elements
that defines a mapping between Q and C. The goal of DTW is to find the
warping path W that minimizes the total warping cost, or in other words the sum
of the elements of d that are on the warping path. Each element of W is defined
as wk = (i,j)k. So we have

W=w1 ,w2 ,. .. ,w k , . .. ,wK , where max (m ,n)≤K<m+n−1 . (4)

The warping path is typically subject to several constraints:
• Boundary conditions: w1 = (1,1) and wK = (m,n)

◦  The warping path is required to start and finish in diagonally opposite
corner cells of the matrix, to ensure no points are omitted from the
beginning or end of either signal.
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• Continuity: Given wk = (a,b), then wk-1 = (a',b'), where | a-a' | <= 1 and | b-
b' | <= 1
◦ Each element of the warping path has to be in an adjacent cell to the

previous element, to ensure no points are skipped from either signal.
All surrounding cells, including those diagonally adjacent, are
considered valid.

• Monotonicity: Given wk = (a,b), then wk-1 = (a',b'), where a-a' >= 0 and b-
b' >= 0
◦ The warping path is required to be monotonically spaced with regards

to time.
There are exponentially many possible warping paths for any two time

series. However, we are only interested in the one path that minimizes the total
warping cost:

DTW (Q ,C )=min(∑
i=1

K

w i) . (5)

Dynamic programming can be used to find this path. The following
recurrence defines the cumulative distance y(i,j) as the distance d(i,j) and the
minimum of cumulative distances of the valid adjacent elements:

y (i , j)=d (i , j)+min { y( i−1, j−1) , y (i−1, j) , y (i , j−1)} . (6)
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The optimal warping path (Figure 8) is found by following the path taken
by y when evaluating the recurrence. The computational requirement for DTW
finding the optimal warping path thus adds up to calculating d(i,j) and y(i,j) for
every i and j. 

A simple example of DTW can be demonstrated with two sine signals that
have an identical frequency and a different phase (Figure 9, left hand side).
Applying DTW with no constraints is guaranteed to find the optimal warping
path by calculating the minimum cumulative distance to every cell. In this case
the two signals will be aligned on top of each for most of their span (Figure 9,
right hand side) just by warping all of one of the signals forward, and the other
one back. 

Figure 8: The path matrix and the optimal warping path of two time series.
Each cell on the grid represents an alignment between a pair of points 
from each time series. The original time series C and Q are displayed to 
the left and above the path matrix, respectively. Each row on the matrix 
represents one data point in time series C, while each column represents 
data points in time series Q. The optimal warping path that minimizes the 
total warping cost is marked as black cells on the matrix. The warped 
signals according to the optimal warping path are displayed on the right, 
overlaid on top of each other. The colored area between the signals 
denotes parts where the euclidian distance between the data points of the
warped signals is non-zero, i.e. where the signals were not possible to be 
perfectly matched with each other.
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The total warping cost can be estimated by calculating the area between
the two signals, which in this case is non-zero only at the beginning and end for
the distance of the warps.

The complexity of the signals does not affect the accuracy of DTW. In
Figure 10, signal A (dotted line) has a static frequency, whereas signal B (solid
red) has a varying frequency over time. Applying DTW without any additional
constraints is, regardless of complexity, guaranteed to minimize the total
warping cost and provides a similarly well matched result as in Figure 9.

Figure 9: Two sine signals with identical frequency and amplitude but different phases can be 
aligned on top of each other with DTW. DTW finds the warping path that minimizes the 
euclidian distance of each individual data point between the two signals, resulting in most of 
the warped signals to be matched on top of each other. The total warping cost, i.e. the sum of 
the euclidian distances, for any path can be estimated by measuring the area between the 
warped signals.



27

The sampling rate of the signals has an effect on the accuracy of DTW. As
each element of the warping path W corresponds to the alignment of points qi

and cj, the minimum step any point in the time series can be warped is the
difference in time between two points in the series. Upsampling, or interpolating,
(Figure 11) can be used to lower the minimum warping step and allow for more
freedom in the alignment of the two signals at the cost of loss in data reliability.

Figure 10: The complexity of the signals has no effect on DTW: The algorithm will always find 
the optimal warping path. In this example, both signals are identical in their starting and ending
phase, amplitude and number of periods. One signal (dotted line) has a static frequency, while
the other has three different frequencies changing over time. The optimal warping path 
matches the signals as perfectly on top of each other, with some warping cost caused by a low
sampling rate at the beginning where one of the signals has a high frequency.
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 3.1.1 Global and local constraints

The constraints mentioned on page 23 (boundary conditions, continuity,
monotonicity) are typically applied in all DTW applications. There are, however,
in addition, two types of optional constraints that can be applied in order to fit
the algorithm to specific needs. These are called global and local constraints.

Global constraints set restrictions on the maximum distance any single
point can be warped from it's original position, or in other words the maximum
delay, negative or positive, that can be applied to any point in either signal. The
limit can be universal for each point, or vary from one time point to another, for
example allowing less warping near the endpoints and more in the middle of the
signals. It can also be symmetrical to both directions of time, or be biased
towards one direction. [30]

Two commonly used global limits in literature are the Sakoe-Chiba Band, a
universal limit for each point, and the Itakura Parallelogram, where the allowed
warping area widens toward the center of the path matrix. Figure 12 shows

Figure 11: The shortest step a signal can be warped can be reduced by upsampling. Left: the
original warping path of two signals, each of length 6, leading to every point in either time 
series having 6 possible points where they can be warped. Right: The warping path after 
both signals have been upsampled by a factor of 2. The upsampling has doubled the amount 
of data points, thus halving the minimum warping distance, allowing DTW to find a more 
optimized warping path with a lower total warping cost per data point.
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examples of both of these global limits. [30] 

Consider two sine signals with a different phase, as was shown in Figure 9.
If we do DTW and apply a global limit, such as the Sakoe-Chiba Band, with a
tight enough restriction, the signals cannot be offset enough to be aligned on
top of each other (Figure 13, top right). If the allowed area includes the optimal
warping path, the constraint has no effect on the end result, allowing the signals
to be perfectly warped on top of each other. (Figure 13, bottom right)

Figure 12: Examples of two commonly used global limits in DTW literature: 
the Sakoe-Chiba Band (left) and Itakura Parallelogram (right). In the Sakoe-
Chiba band the warping path is allowed to deviate a set amount of steps 
from the diagonal for all points of the signals. In the Itakura parallelogram 
the amount of deviation allowed is relative to the distance from the end 
points of the signals. Source: [30]
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Global constraints can be implemented either independently or in
conjunction with local constraints. Local constraints are considered individually
for every data point and restrict how much a single point can be warped in
relation to the previous data point.

The four original local constraints suggested by Sakoe and Chiba [23] are
shownin Figure 14. Many other constraints have been suggested since,
including asymmetric ones, with different use cases and effects on the end
result. An extensive review of local constraints can be found in Rabiner and
Juang's paper [21]. [30]

Figure 13: Global limits restrict the amount of warping allowed for either signal under 
DTW. In this example, two sine signals with a different phase, otherwise identical, are
warped with a global limit in place. If the limit is strict enough, the optimal warping 
path is outside the limit, and the algorithm instead finds the best warping path within 
the restrictions (figure, top middle). The restriction therefore affects the end result, 
and the signals are not aligned on top of each other (top right). If the restriction 
leaves the optimal warping path within its limits, the restriction has no effect on the 
end result (bottom right). The restriction does however always speed up the 
computation of the algorithm, as paths outside the boundaries are ignored.
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The optional constraints can be useful in preventing unwanted warping of
the signals. Without any constraints, there is a risk of a very small area of either
signal accounting for a large portion of the other, which often is not the desired
result. Choosing proper constraints is also necessary to adapt DTW for tasks
where the proximity of similar patterns within the signals is of relevance and
want to be maintained. All constraints also reduce the computational cost of the

Figure 14: From a to d four different local constraints. Below each case is an example of a 
20x20 warping path matrix showing the effective global constraint forced by the local 
constraint and the boundary conditions of the warping path. Also displayed are the 
outermost warping paths possible. a ) corresponds to the trivial case of no constraint, 
whereas b-d) correspond to cases where each horizontal or vertical step has to be 
followed by a minimum of P diagonal steps. The figure has been adapted from Keogh and 
colleagues [30]
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algorithm as paths outside the constraint limits can be ignored.

 3.2 Inter-subject correlation

Inter-subject correlation extracts a single correlation value from a set of
subjects of the measured time series by aggregating the correlation values of
each pair of subjects.

For each set of data, any possible modifications of the time series, such as
interpolation and DTW, are first applied to obtain the time series data. After
obtaining the time series data from each subject, we used Pearson product-
moment correlation coefficient to derive our multisubject similarity measure. In
Pearson, the correlation coefficient between every pair is calculated as:

r ij=
∑
n=1

N

[( si [n]− s̄ i)(s j [n]− s̄ j)]

√∑
n=1

n

(si [n]− s̄i)
2∑
n=1

n

(s j[n ]− s̄ j)
2

, (7)

where N is the total number of data points in a time-series, r i j is the sample
correlation coefficient between the time-series si and s j obtained from the
ith and jth subject, and s̄i and s̄ j are the mean values of si and s j . All
r ij values are then combined from all subject pairs into a single ISC statistic

by averaging:

r̄= 1

m2−m
2

∑
i=1

m

∑
j=2, j>i

m

r ij , (8)

where m is the number of subjects. [31] As the total number of subjects was
12 in our study, the total number of correlation coefficient pairs we averaged
over is (122−12)/ 2=66 . 

To control for false correlation caused by chance, we did a permutation test
to calculate thresholds of correlation values that can be the result of chance. To
generate the scrambled permutation distribution, we circularly shifted each
subject's time series by a random amount to ensure they were not aligned in
time across the subjects and then calculated the r̄ statistic. This way we
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could account for temporal autocorrelations present in the fMRI data.
[31] Calculating all possible time shift combinations for all pairwise data would
be computationally prohibitive, so we chose the top 70 most correlated pair/ROI
combinations out of the whole data for the test. We approximated the full
permutation distribution with 10 000 permutations for each combination for a
total of A = 700 000 realizations. The thresholds were calculated for four
different percentiles: 95, 99.5, 99.95 and 99.995.

 3.3 Data acquisition and analysis

All analysis and DTW vs. non-DTW comparisons were done with a single
set of fMRI data, where the ten subjects, mean age 31, watched 22 minutes and
58 seconds of a Finnish language film in the fMRI scanner. The feature film was
re-edited in order to adapt the story to be imaged within the constraint of 20000
slice acquisitions allowed by the MRI scanner. Subjects were instructed to avoid
any movements and watch the movie during fMRI scanning. [32,33]

The brain imaging was carried out with a 3.0 T GE Signa Excite MRI
scanner (GE Medical Systems, USA) using a quadrature 8-channel head coil.
The imaging area consisted of 29 functional gradient-echo planar (EPI), oblique
slices (thickness 4 mm, between-slices gap 1 mm, in-plane resolution 3.4 mm x
3.4 mm, voxel matrix 64 x 64, TE 32 ms, TR 2 s, flip angle 90 degrees). Images
were acquired continuously during the whole experiment. A T1-weighted spoiled
gradient echo volume was additionally acquired for anatomical alignment
(SPGR pulse sequence, TE 1.9 ms, TR 9 ms, flip angle 15 degrees). The T1
image in-plane resolution was 1 mm x 1 mm, matrix 256 x 256 with a slice
thickness of 1 mm with no gap. Each data set contained 689 data points for
each voxel. [32,33]

All preprocessing was performed using Oxford Centre for Functional MRI
of the Brain's (FMRIB) FMRIB Software Library (FSL), a comprehensive library
of analysis tools for FMRI, MRI and diffusion tensor imaging (DTI) data.
[34,35] Motion correction was applied using Motion Correction of FMRIB's
Linear Image Registration Tool (MCFLIRT) [36] and non-brain matter was
removed using the Brain Extraction Tool (BET) [37]. All of the tools are included
in the FSL library. 

Intensity threshold and threshold gradient values in BET were searched
manually by changing the parameters and visually inspecting each brain
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extracted volume until the results were satisfactory. The data sets were
registered to 2 mm MNI152 standard space template with the brain extracted T1
weighted images of each individual subject as an intermediate step using
FMRIB's Linear Image Registration Tool (FLIRT) [36]. Functional to anatomical
volume registration was done using 12 degrees of freedom (DOF). Registration
of the anatomical images to the standard template was done using 7 DOF
allowing translation, rotation, and global scaling. Volume data was smoothed
using a Gaussian kernel with full width at half maximum (FWHM) of 6.0 mm.
High-pass temporal filtering was applied using Gaussian-weighted least-
squares straight line fitting, with sigma 100 s, with the first 10 volumes of each
dataset discarded as only a blank screen was presented during these volumes.
[32]

A portion of this data, consisting of time series of 14 regions of interest
from 12 subjects, chosen for unrelated research at Aalto University's BECS
department, makes up the dataset used in this thesis. The descriptions and MNI
coordinates of the ROIs are described in Table 2. The ROIs were selected
based on activation found in a previous study on perception of dynamic social
events.[38]

Table 2: Descriptions and MNI coordinates of the ROIs.[38]

ROI MNI coordinates

cerebellum crus (16, –74, –40)
left middle temporal gyrus (–50, –26, –6)
right caudate nucleus (16, 10, 10)
left caudate nucleus (–16, 4, 10)
left superior temporal gyrus (–58, –16, –2)
right superior frontal gyrus (6, 54, 24)
right precentral gyrus (46, 0, 50)
right superior frontal gyrus (10, 10, 66)
right temporal occipital fusiform cortex (32, –46, –8)
right orbitofrontal cortex (20, 56, –6)
left superior frontal gyrus (–20, 68, 12)
left paracingulate gyrus (–4, 28, 32)
left lateral occipital cortex / angular gyrus (–42, –60, 40)
left postcentral gyrus (–38, –26, 50)
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For each region of interest the following set of ISC analyses were
performed with the whole set of subjects: 

• Normal inter-subject correlation (ISC)
◦ Upsampled by a factor of 1–8

• ISC with dynamic time warping (DTW)
◦ No upsampling (689 data points in time series)

▪ Maximum allowed warping per datapoint:
• 1 step (G1)
• 2 steps (G2)
• 3 steps (G3)
• 4 steps (G4)
• 5 steps (G5)

◦ Upsampled to double sampling rate (U2, 1378 data points)
▪ Maximum allowed warping per datapoint:

• 1 step (G½ U2)
• 2 steps (G1 U2)
• 4 steps (G2 U2)
• 8 steps (G4 U2)
• 10 steps (G5 U2)

◦ Upsampled to 4x sampling rate (U4, 2756 data points)
▪ Maximum allowed warping per datapoint:

• 4 steps (G1 U4)
• 8 steps (G2 U4)

◦ Upsampled to 8x sampling rate (U8, 5512 data points)
▪ Maximum allowed warping per datapoint:

• 8 steps (G1 U8)
• 16 steps (G2 U8)

GX equals a global warping limit proportional to X steps in the raw MRI
data. Therefore all analyses with the same G-value allow for as much warping
when measured in seconds or original MRI data.



36

 4 Results

The focus of the analyses was comparing the correlation results with and
without DTW. In Figure 15 (Analysis A) we compare the correlation data of ISC
on the original fMRI dataset (no upsampling) to correlation data of ISC on the
same dataset with DTW. DTW was performed with five different global warping
limits, labeled G1 to G5, colored with a progressively darker shade of grey as
the warping limit is increased. The global limits correspond to a maximum
warping distance of 1-5 times the sampling rate forward or back in time for any
single data point.

The X-axis on the figure shows the original correlation without DTW, and
the Y-axis the DTW enhanced correlation. Every small point on the plot
represent to the correlation of two subjects on a single ROI. The larger circles
represent the average correlation of a single ROI across all (66) subject pairs.
The distance on the Y-axis between the reference line y = x and a point on the
graph equals to the increase of correlation for that measurement from
performing DTW with the corresponding parameters. 
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Figure 15: Analysis A. Comparison of normal ISC data with DTW of fMRI data with no 
upsampling. X-axis shows the correlation without any DTW, while the Y-axis shows the
result of the corresponding comparison with DTW. DTW was performed with five 
different global limits: G1 – G5, denoted with progressively darker shades of grey as 
the warping limit increases. The red lines represent the rate at which the DTW 
correlation value increases as a function of the non-DTW correlation value. The higher 
the coefficient, the better preserved the correlation differences between subjects 
remain.
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The red lines represent the best linear fit for each of the different DTW
cases, in other words the rate at which the DTW correlation value increases as
a function of the non-DTW correlation value. The higher the coefficient, the
better preserved the correlation differences between subjects remain. A
coefficient of 1 would represent that on average the absolute increase in
correlation is the same regardless of the original correlation value. A coefficient
of 0 would represent a case where the DTW causes every point on average to
reach the same absolute correlation regardless of their non-DTW correlation
value

From Figure 15 we see that DTW increases correlation for every single
pair measured regardless of the global limit. The increase in correlation is more
than 0.1 regardless of the starting correlation with the original data. 

Average correlations of the results in Analysis A are listed in Table 3.
The mean increase in correlation across all subjects and all ROIs is +0.2713
(+191%) from the initial 0.1415 with a global warping limit of one data point,
equaling 1xTR = 2 s. The largest warping limit, five data points, resulted in and
increase of correlation of +0.5832 (+412%) with a limit of five time points, or 10
s.
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The slope of the linear fit for each global limit in Analysis A is shown in
Table 4. The coefficients vary from between approximately 0.46 to 0.84. The
coefficient is higher with more restrictive warping limits. A coefficient of 1 would
mean that the correlation of each pair is increased on average the same
amount between each subject pair and ROI by using DTW. These results
indicate that DTW increases the correlation of highly correlated pairs relatively
less than pairs with a lower correlation, especially when the warping limit is not
restrictive.

Table 3: Inter-subject correlation values with and without DTW with different global 
warping limits. The leftmost column are the mean correlation results from ISC without 
any adjustments for each ROI. The other five columns show corresponding results for 
each of the five different global time warping limits. The global limits are numbered 1–5, 
equaling a warping limit of 1–5 TR, respectively. As TR equals 2 seconds, these limits 
equal warping of 2–10 s.

Inter-subject correlation values per ROI
 Global limit (n x TR*) 0 1 2 3 4 5

Mean 0.1415 0.4128 0.5552 0.6372 0.6895 0.7247

Difference 0 0.2713 0.4137 0.4957 0.548 0.5832

ROI 1 0.1112 0.3552 0.4986 0.5879 0.6493 0.6919
ROI 2 0.0415 0.3430 0.4917 0.5782 0.6335 0.6724
ROI 3 0.0580 0.3636 0.5222 0.6098 0.6648 0.7002
ROI 4 0.2462 0.4874 0.6142 0.6866 0.7313 0.7602
ROI 5 0.1517 0.4232 0.5575 0.6356 0.6867 0.7211
ROI 6 0.0985 0.3599 0.5037 0.5899 0.6473 0.6865
ROI 7 0.1511 0.4206 0.5671 0.6510 0.7038 0.7392
ROI 8 0.2546 0.5140 0.6395 0.7063 0.7467 0.7744
ROI 9 0.1344 0.4176 0.5697 0.6552 0.7095 0.7459

ROI 10 0.0360 0.3382 0.5000 0.5914 0.6479 0.6854
ROI 11 0.2225 0.4684 0.6016 0.6780 0.7266 0.7587
ROI 12 0.1400 0.4126 0.5496 0.6306 0.6834 0.7203
ROI 13 0.1310 0.4068 0.5564 0.6434 0.6982 0.7346
ROI 14 0.2046 0.4688 0.6013 0.6769 0.7245 0.7554

*TR = 2 seconds
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We measured the effect of upsampling to the ISC correlation results.
Upsampling by a factor of two allows for DTW to match the signals with twice as
much precision, the minimum warping step halving from two seconds to one, or
TR/2. The upsampling itself does not cause a significant increase in the mean
correlation over the normal ISC results (correlation increased by 0.009).

The effects of upsampling are greater with DTW. The correlation values
are increased considerably more, and the difference between non-upsampled
and upsampled correlations increases as DTW is given more room to operate.
With a global limit of 1xTR mean correlation value is 0.0281 higher with
upsampling, up to an increase of 0.0426 at 5xTR, as seen in Table 5.

While the absolute increase in mean correlation increases as a function
of the maximum warping distance, the proportional increase is smaller than with

Table 4: Linear fit for DTW correlation as a function of initial correlation. The coefficient of
the linear fit increases the as the warping limit becomes more restrictive. This means that
the difference in the effect of DTW between pairs with low and high correlation becomes 
greater as the global warping limit is loosened.

Global limit 0 1 2 3 4 5
Linear fit coefficient 1 0.8368 0.697 0.5941 0.5155 0.4567

Change 0 -0.1632 -0.1398 -0.1029 -0.0786 -0.0588

Table 5: The effect on DTW mean correlation from upsampling from a sample rate 
of 1xTR to 2xTR. The ISC mean correlation values with four different global 
warping limits show that upsampling by a factor of 2 increases ISC correlation 
values regardless of the warping limit. Correlations are increased relatively more 
with stricter global limits, but on an absolute scale the more warping is allowed the 
bigger the effect of upsampling is.

Mean Corr.
Global limit No Upsample 2x Upsample Change % Change

G1 0.4128 0.4409 +0.0281 +6.81%
G2 0.5552 0.5937 +0.0385 +6.93%
G4 0.6895 0.7319 +0.0424 +6.15%
G5 0.7247 0.7673 +0.0426 +5.88%
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more restrictive warping limits.
The linear fit coefficients are also lower across the board, showing that

the difference between the correlation increase of low and high initial correlation
value pairs is bigger when the data is upsampled. The effect of upsampling on
the linear fit coefficient is smaller than the effect of increasing the warping limit
by one step, however. The comparison of linear fit coefficients are shown in
Table 6. 

Table 6: Comparison of linear fit coefficients of ISC results with DTW with and without 
2xTR upsampling. Different columns are results from ISC with DTW warping limits as a 
factor of TR (TR = 2 s). Upsampling lowers the linear fit coefficient for all warping limits. 
This means that the difference between the correlation increase of low and high initial 
correlation value pairs is bigger when the data is upsampled.

0 0.5 1 2 4 5
1 0.8368 0.697 0.5155 0.4567
1 0.9087 0.8173 0.6644 0.4751 0.415

-0.0195 -0.0326 -0.0404 -0.0417

Global limit
Linear fit coefficient

Upsampled coefficient
Change
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Figure 16 shows all 2x upsampled correlation data. As evident with the
change in linear fit coefficient (Table 5), upsampling by a factor of 2 increases
the effect of DTW across the board. The effects of upsampling are examined
further by using a matching DTW global limit respsctive to TR, but upsampling
by increasingly greater factors. The results are shown in Figure 17. All the DTW

Figure 16: Correlation comparison of ISC results from 2xTR upsampled data with and 
without DTW. DTW was performed with five different global limits: G1/2 – G5, denoted 
with progressively darker shades of grey as the warping limit to match the colors in
Figure 15. The limit G1/2, not possible with non-upsampled data is shown in red. 
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data has the same global warping limit of 4 seconds (2xTR), but the data is
upsampled at varying levels, from no upsampling to 8x samplng rate. The
results show that additional increased upsampling has a smaller effect on the
DTW ISC correlation.

Figure 17: Effects of different upsampling levels on ISC correlations with DTW with a 
global warping limit of 4 seconds. The data has been upsampled by varying levels, 
from no upsampling (white dots) to a factor of 8 times the original sampling rate. 
Results with increasing upsampling are denoted with progressively darker colors.
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To control for significance, we did a permutation test of ISC with and without
DTW. The permutation was performed by randomly circularly shifting the time
series, effectively scrambling the signals. The number of permutations was 100
000. The results of ISC on the permutations and the original data are shown in
Figure 18, without DTW, with DTW with a global limit of 2 seconds (1 x TR), and
with 2x upsampled data and a global limit of 1 s (½ x TR).

The correlation results of permutation ISC data with no DTW had a
distribution around 0, similar to the correlation distribution of random noise. The
95% permutation percentile for ISC with no DTW is 0.0165. Using this as a
threshold for significance would make 91.8% of the ISC correlation pairs
significant.

The correlation from permutations of upsampled data with a DTW with a
global limit of 1 s was higher. The mean correlation was 0.12 with the 95%
permutation percentile at 0.1275. Using this as a threshold for significance
would make 96.8% of correlation pairs significant when using DTW with a global
limit of 1 s.

Increasing the global limit to 2 s increased the correlation further. The
correlation results from permutations on non-upsampled data and DTW with a

Figure 18: Probability distributions of ISC, G½U2 and G1 data & permutations. The 
value of the graph shows the combined probability of a moving window of a 0.05 
correlation range. Permutation data correlations from ISC and DTW with global limits of
½xTR and 1xTR are shown with dashed lines, while the source data results are shown 
in solid lines, each limit with matching colors. Permutation results show a significantly 
lower mean correlation than the source data.
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global limit of 2 s yielded a mean correlation of 0.21, with the 95% permutation
percentile at 0.2212. Using this as a threshold for significance would make
97.5% of voxels significant.

The results from permutation tests for different levels of significance are
shown in Figure 19. The thresholds were calculated for the 95, 99.5, 99.95 and
99.995 percentiles. At the 99.995 percentile with ISC, 73.6% of correlation pairs
remained significant. With upsampled data and DTW with a global limit of 1
second, 78.9% of pairs remained significant, and with DTW and a global limit of
2 seconds 91.8% of pairs remained significant.

Figure 19: Cumulative distribution functions of ISC correlation pair data as a function of
correlation, ISC without DTW in black, ISC with DTW of upsampled data with a global 
warping limit of 1 second in red and ISC with DTW with a global warping limit of 2 
seconds in blue. The thresholds for significance from permutation tests are displayed 
as vertical lines for each cumulative distribution, the 95 percentile in blue, 99.5 in 
green, 99.95 in red and 99.995 in black.



46

 5 Discussion

It is apparent that DTW increases the correlation of ISC pairs. Regardless
of the sampling rate or the warping limits of DTW, every single subject pair in
every single ROI had an increase in correlation. This was expected, as DTW
matches the signals better against each other, which by definition means they
are more correlated than before.

However, the amount of increase in correlation is affected by the
parameters used. The global warping limit of DTW has a significant effect, with
the mean correlation from non-upsampled ISC increasing by 191% with a global
limit of 1xTR and by 412% with a 5xTR limit. With upsampling, there is also an
increase in correlation but it is less significant. Upsampling has a bigger effect
the bigger the warping limit is.

A relevant question to ask is if the increase in correlation is significant or if
the correlation would be increased in a similar fashion even with scrambled
data. The permutation tests we performed indicate that it is indeed significant.
Scrambled data pairs had significantly lower correlations than the source data,
with over 95% of data points above the 95 percentile for ISC with DTW. In fact,
without DTW slightly fewer data points where above the 95 percentile of the
scrambled data (91.8%). The high correlation of ISC with DTW was not
achievable by doing ISC with DTW on scrambled data.

 5.1 Limitations in fMRI

While the results were clearly significant when comparing to noise and
adjusting the warping limits affected the results, the problem using DTW to
correct for the variances in the BOLD response come from structural
capabilities of fMRI. The data from fMRI is a compromise between spatial and
temporal resolution. For accurate analysis of brain activity in specific ROIs, one
needs a high enough spatial resolution, which puts limits to the temporal
resolution, as having more voxels in the volume increases the time it takes to
gather data and thus the TR. In the data used in this thesis, the TR was at 2
seconds, which is much longer, possibly over 20 times longer than the
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variances in BOLD responses across people. As the data points are so few and
far between and the minimum warping step for DTW is one data point, the setup
does not support correcting for BOLD responses. The minimum warping step
can be decreased by upsampling, but as the discrepancy between the actual
and desired sampling rates are so big, upsampling would not yield meaningful
data. [39]

In theory, DTW could improve the quality of ISC analysis, but it would
require improved temporal resolution in the data. There are two ways that this
could be achieved: improvement of equipment and technology, or adjusting the
experiment setup. As fMRI technology advances the limitations on spatial and
temporal resolutions improve. However there is a long way to go from current
technology to reaching better than 100-ms temporal resolution with the 3.4 mm
x 3.4 mm x 2 mm resolution used in this data, with a full brain scan. Therefore,
more immediate improvements can be gained by setting up the experiment
differently.

Scanning a larger volume or the same volume with a better spatial
resolution decreases the temporal resolution, because getting data from more
voxels takes more time. Therefore the TR can be improved by changes in the
experiment setup, by either reducing the scanned volume or using a smaller
spatial resolution. If the volume is small enough with a small enough spatial
resolution, the TR can in theory be reduced enough to be in the area where
DTW might be able to contribute by correcting BOLD variations.

Novel methods, such as inverse imaging [40] may provide a venue to
circumvent the need for compromises in resolution. Inverse imaging has been
able to produce TRs as short as 100 ms, which is potentially very promising for
the application of DTW in fMRI.

 5.2 Naturalistic stimuli and DTW

The stimuli used in the dataset for testing the application of DTW would
benefit from being more repetitive and the responses more predictable than the
one used in this thesis. The lack of a stimulus model makes it difficult to assess
the practical improvements gained with DTW. 

The consistency of the results when applying DTW could be better
reviewed when a repetitive stimulus that should elicit more similar responses
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from the subjects is used. As the stimulus in the dataset used for the thesis was
a shortened version of a full length movie, the responses from subjects vary
from one to another. Before establishing the applicability of DTW, simple stimuli
could be more useful.

Shorter datasets in terms of their real world time span could also be
studied first to help establish the applicability of DTW. Studying shorter signals
allows for more efficient scrutiny of the effects DTW has by being better able to
control the experiment.

With the results from our experiment, DTW appears to have potential but
the possible actual benefits remain inconclusive. Using controlled experiments
where the results are known, we could test whether DTW can compensate for
inter-individual temporal differences. For example, using functional localizers,
we can estimate the HRF response for a specific brain area and see if DTW
compensates for each individual's HRF.

Furthermore, DTW could be tested using simulated data, where the inter-
subject differences are known, to better see if DTW improves the significance
while also being able to control for false positives.

 5.3 Future work and applications

To study the application of DTW in fMRI further, the limits of temporal
resolutions in fMRI and the possibility of performing experiments that reach a
temporal resolution in the range of 100 ms or better should be examined. If a
setup that allows for useful utilization of DTW is reached, the costs of having
such a setup should be assessed. The most promise would be for applying
DTW in conjunction with novel methods such as inverse imaging, as the added
temporal resolution might not provide enough added value if compromises need
to be made to reach it. The use of upsampling to further improve the effects of
DTW could also be studied further if an adequate temporal resolution is
achieved.

Applying DTW with other similarity measures between time series should
also be tested. These would include measures such as mutual information, or
phase synchronization introduced by Glerean and colleagues [41], which should
be compared with the correlation based approach. 
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In addition, DTW could be used to compute the similarity between two
BOLD time series from the same brain, also known as functional connectivity.
Functional connectivity analysis (FCA) is an especially interesting target for
application of DTW as a recent study [42] has found multiple “lag threads”, or
temporal sequences of propagated activity, present in the brain. This would
suggest that a lag between brain regions could be a better assumption of the
actual workings of brain connectivity rather than what is usually done, i.e.
assuming that the BOLD signal in various brain areas from the same brain is
changing in sync. The use of DTW could be extended to measuring the lag
between regions by looking at the extent of warping needed to match different
brain regions. This would require testing with simulated data, as there are
strong concerns on causality and BOLD data [43], with claims that the causality
we see may only be due to veins and blood vessels with little to do with actual
neuronal activity within the same region.

 5.4 Methodological limitations

In this thesis, while DTW increased significance, we did not control for
false positives and just reported the data as is. To control for false positives, as
mentioned in chapter 5.2, tests should be conducted with simulated data where
the amount of real positives is known, to assess the viability of DTW.

Correlation values have a ceiling effect, i.e. they are forced between values
of –1 and 1. When applying DTW, the values are pushed towards the ceiling,
which could explain why the slope of the upsampling is smaller at higher
upsampling factors. One way of avoiding this could be by transforming the
correlation coefficients with Fisher z-transformation, but in this work this was not
done as we sticked to the definition of ISC as by Kauppi and colleagues. [31]
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 6 Conclusions

It is possible to use fMRI and ISC to study how our brain works and
compare differences in brain functionality between different persons. While
these methods have proven very useful, they are not perfect. One known issue
is that the BOLD response from one subject to another differs with identical
stimuli. We demonstrated that DTW has the potential of improving ISC by
compensating these inter-subject differences, if the temporal resolution of fMRI
data is improved to under 100 ms. There are novel methods that can make
such temporal resolutions reachable without having to compromise spatial
resolution, which could provide the best opportunity for applying DTW in ISC. In
addition to inter-subject studies, DTW could potentially have uses in intra-brain
functional connectivity analysis as well, as recent studies have found a lag
within the responses of different brain areas. Further research is required to
determine whether DTW has useful applications in fMRI, but our study found no
reasons to eliminate the possibility.
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