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Abstract

An important approach for studying the human brain is to use functional neuroimag-
ing combined with a task. In electrophysiological data this often involves a time-frequency
analysis, in which recorded brain activity is time-frequency transformed and epoched around
task events of interest, followed by trial-averaging of the power. Whilst this simple approach
can reveal fast oscillatory dynamics, the brain regions are analysed one at a time. This
causes difficulties for interpretation and a debilitating number of multiple comparisons. In
addition, it is now recognised that the brain responds to tasks through the coordinated
activity of networks of brain areas. As such, techniques that take a whole-brain network
perspective are needed. Here, we show how the oscillatory task responses from conventional
time-frequency approaches, can be represented more parsimoniously at the network level us-
ing two state-of-the-art methods: the HMM (Hidden Markov Model) and DyNeMo (Dynamic
Network Modes). Both methods reveal frequency-resolved networks of oscillatory activity
with millisecond resolution. Comparing DyNeMo, HMM and traditional oscillatory response
analysis, we show DyNeMo can identify task activations/deactivations that the other ap-
proaches fail to detect. DyNeMo offers a powerful new method for analysing task data from
the perspective of dynamic brain networks.

Highlights

• We show how oscillatory task response analysis can be carried out at the network level
using two state-of-the-art methods: the Hidden Markov Model (HMM) and Dynamics
Network Modes (DyNeMo).

• The HMM and DyNeMo can identify oscillatory task responses that conventional time-
frequency methods fail to detect.

• DyNeMo provides a more interpretable and precise network decomposition of the data
compared to the HMM.

• The dataset and (Python) scripts used to perform dynamic network analysis on task data
are made publicly available.

1 Introduction

Non-invasive neuroimaging techniques, such as functional magnetic resonance imaging and mag-
neto/electroencephalography (M/EEG), provide a means for viewing the human brain during
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function. These imaging techniques are often used in a task paradigm. Here, a participant is
asked to perform a particular task while their brain activity is recorded1. The task is designed
to isolate a particular cognitive process, thereby studying the brain activity in response to the
task can reveal insights into how the brain performs the necessary cognition for the task.

A well known property of the brain is the emergence of oscillatory activity from neuronal
populations, which can occur both at rest and in response to a task [1]. M/EEG is a particularly
useful modality for studying these oscillations because of its high temporal resolution and the
fact that it is a direct measure of neuronal activity.

A very popular method for analysing task M/EEG data is to compute oscillatory responses
using time-frequency (TF) decompositions [3]. This approach looks at the trial-averaged, oscil-
latory response that occurs in a task at a single spatial location, e.g. a brain region. However,
such an approach neglects the interaction of a particular region with the rest of the brain.

More recently, the widespread adoption of large-scale neural recordings and whole-brain
imaging techniques has prompted neuroscientists to develop new frameworks for understanding
brain activity at the level of inter-regional interactions, rather than focusing solely on region-
specific responses [4, 5]. A potentially more powerful approach for studying M/EEG data would
be to take a large-scale network perspective. After all, it is widely believed that the human brain
performs cognition via large-scale functional networks [6]. Therefore, identifying the functional
networks that activate in response to a task may yield a better understanding of the cognitive
processes occurring in the brain. This also alleviates the burden of doing separate analyses
on each region, in terms of both the difficulties of interpretation and the multiple comparison
correction.

A popular hypothesis for the mechanism of communication in the brain is via the phase lock-
ing of oscillatory activity in different neuronal populations (‘communication via coherence’ [7]).
Given this hypothesis, we expect the brain to exhibit large-scale functional networks of coherent
activity. Indeed, this has been shown to be the case, fast transient networks of coherent activity
have been identified in task [8] and at rest [9]. Both [8] and [9] used an HMM (Hidden Markov
Model) [10] to identify transient networks in M/EEG data. This is an unsupervised method,
meaning the model learns the timing of network activations directly from the data without any
input from the user.

An important assumption made by the HMM is that only one network is active at a given
time point. More recently, a more flexible unsupervised dynamic network model called DyNeMo
(Dynamic Networks Modes) has been introduced [11]. Crucially, this model allows co-activations
of multiple networks to occur. Multiple cognitive processes in the brain are likely to occur si-
multaneously. Each cognitive process may be underpinned by its own large-scale functional
network [6]. Therefore, we hypothesise that DyNeMo could provide a better model for under-
standing cognitive processes in the brain, and could be particularly useful in the context of task
data analysis.

Here, we show how we can use the network descriptions of the HMM and DyNeMo to analyse
task M/EEG data. This can be thought of as doing a task response analysis at the network level
rather than computing event-related responses for the activity in every brain area separately. We
compare conventional TF methods for computing oscillatory responses when analysing task data,
to the dynamic network-level approaches of the HMM and DyNeMo. Using simulations with
overlapping network activations, we that show DyNeMo can identify co-activations/deactivations
that the HMM cannot. Using a publicly available real MEG task dataset, we show qualitatively
that the network-based perspective provided by the HMM and DyNeMo can identify task re-
sponses that conventional oscillatory response methods fail to detect. Finally, we show that
DyNeMo can provide a more precise dynamic network description compared to the HMM, due
to its ability to infer brain networks with temporally overlapping dynamics.

1We often refer to the data collected during a task as task data.

2

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2024. ; https://doi.org/10.1101/2024.01.12.567026doi: bioRxiv preprint 

https://doi.org/10.1101/2024.01.12.567026
http://creativecommons.org/licenses/by-nc-nd/4.0/


2 Methods

2.1 Conventional Single-Channel Methods

TF response. A common approach for studying task MEG data is to compute oscillatory
responses using TF transformations [3]. While the ordering of steps can somewhat vary, this
involves calculating the TF response as shown in Figure 1: first, the continuous data is epoched
around the occurrence of an event and a TF transformation (typically a wavelet [3]) is calculated
using the epoched data and the absolute value is taken. Finally, we trial average to give the
full TF response. The full TF oscillatory response contains both the fixed latency (task-phase-
locked) response, known as the evoked response, and the jittered latency (non-task-phase-locked)
response, known as the induced response [13]. We can estimate the evoked TF response by TF
transforming the trial-averaged time series rather than each trial individually. Subtracting the
evoked TF response from the full TF response, we can estimate the induced TF response. This
calculation can be done at the sensor (outside of the brain) or source (within the brain) level.
The TF response is calculated for each channel separately. Note that in this paper, channels
can correspond to sensors or to parcels in brain space. The result of such an analysis is a 2D
array (time by frequency) for the evoked/induced TF response for each subject and channel.

Often it is necessary to baseline correct the TF response to isolate the change in activity
due to the event [3]. In this report, we will subtract the mean TF response before 100ms before
t = 0 s, which is when the event occurs, where t is time, for each frequency separately. This is
the last step after calculating the evoked/induced TF response.

Statistical significance testing. Once we have calculated a TF response for each subject
and channel, we need to test for statistical significance to check whether the response we have
observed can be simply due to chance. We test if the average TF response across subjects
(group average) is significant for each time point and channel. The null hypothesis is that
the event does not evoke/induce a TF response, i.e. a TF response of zero. We calculate a
p-value for the TF response we have observed given this null hypothesis and if the response is
sufficiently unlikely (has a p-value< 0.05), we conclude it is significant. In this report, we use
non-parametric permutation testing with a GLM (General Linear Model) [14] to do this. We
use the maximum COPE (Contrast of Parameter Estimate) across time and channels to control
for multiple comparisons (familywise error rate). See supplementary information (SI) 1.1 for
further details.

2.2 Dynamic Network Models

Here, we introduce the two state-of-the-art methods we will use for identifying dynamic net-
works in the task MEG data: the HMM [15] and DyNeMo [11]. Both methods infer networks
without any knowledge of the task. We used the OHBA Software Library Dynamics toolbox
(osl-dynamics) [17] implementation of these models in this work. Note, we prepare the data
using time-delay embedding (TDE) to enable the model to learn the spectral content (frequency
of oscillations) in the data, see [9] for further details.

Both methods are fed the source-level (parcel) data and output a set of time courses that
summarise network dynamics. This is shown in the SI Figure S1C. Post-hoc, we visualise
the inferred networks and perform an event-related response analysis on the inferred network
activity (state for the HMM/mode for DyNeMo) time courses to compute network responses.
We do this by epoching and trial-averaging the state/mode time courses. Importantly, since each
state/mode describes a network with specific oscillatory activity, a network response represents
a set of underlying oscillatory responses that occur across that network. This is shown in
Figures 2D and E. The result of a dynamic network analysis is a 1D time course for the network
response for each subject and state/mode. Similar to the TF response, we baseline correct
the network response by subtracting the average value 100ms before t = 0 s. We use the
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Figure 1: Calculation of a time-frequency (TF) oscillatory response in conventional
single-channel analyses. A) Individual trials (calculated by epoching the data around a
particular event). The individual trials can contain both an evoked (phase-locked to the task,
i.e. fixed latency) and induced (not phase-locked to the task, i.e. jittered latency) response. B)
TF transform and calculation of oscillatory power at each time and frequency (e.g. a wavelet
transform) of each trial. C) Full TF oscillatory response calculated by averaging the trial-
specific TF responses; note that this contains both the evoked and induced response. D) Average
response over the trials of the data prior to the TF transform. E) Evoked TF response calculated
by TF transforming the trial average from D. F) Induced TF response calculated by subtracting
the evoked TF response from the full TF response.

same approach as we did for the TF response to test for statistical significance (non-parametric
permutation testing with a GLM). Note, the network response contains both the evoked and
induced oscillatory response.

HMM. Here, the model assumes the data is generated by a finite set of states, each with its
own characteristic covariance matrix (which represents a network). Only one state may be active
at a particular time point. Based on this, the model learns a time course for the probability of
a state being active at each time point in the input data. See [16] for further details. Both the
state covariance matrices and probabilities are learnt directly from the data, without any input
from the user.

DyNeMo. Here, the model assumes the data is generated by a set of modes [11], each with
its own characteristic covariance matrix. Crucially, these modes can overlap. The model learns
the coefficient for how much each mode contributes to the total (instantaneous) covariance of
the data at a given time point2. In Section 3.1, we will show this model outperforms the HMM
using simulated data when the ground truth includes co-activating network bursts. Both the
mode covariance matrices and mode time courses are learnt directly from the data, without any
input from the user.

2.3 Dataset

In this report, we will study a simple visual perception task. 19 participants (11 male, 8 female,
23-37 years old) were presented with an image of famous or unfamiliar face or a scrambled image.
The participants were asked to judge the symmetry of the image via a button press. This button

2Note, in this work we will reweight and renormalise the inferred mode coefficients using the trace of each mode
covariance. This ensures the (renormalised) mode time courses account for the magnitude of each covariance.
See [11] for further details.
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Figure 2: Comparison of a conventional parcel-based and network approach for oscil-
latory response analysis. A) Parcel time courses epoched around events of interest (trials).
B) Full TF response of individual trials at the parcel level. C) Trial-averaged full TF response
at the parcel level. D) Network activity (state/mode time course) epoched around events of
interest. The state/mode time course is estimated using a dynamics network model (Hidden
Markov Model/Dynamic Network Modes) trained on the continuous parcel time courses. E)
Trial-averaged state/mode time course, referred to as the network response.

press was included to ensure the participant focused on the images presented. Figure 3 shows a
schematic of a single trial. Each participant completed 6 sessions3 that contained approximately
200 trials evenly split between famous, unfamiliar and scrambled images. See [18] for further
details regarding the experimental paradigm and dataset.

The public dataset provides the MaxFiltered data. The following steps were applied to the
data using the OHBA Software Library (OSL) [19]:

Preprocessing. Starting from the MaxFiltered data, we apply some basic preprocessing.
This includes filtering the data, downsampling and automated artefact removal. The exact
preprocessing steps we applied are summarised in SI Figure S1A.

Source reconstruction. Starting from the preprocessed sensor-level data, we perform
source reconstruction using a Linearly Constrained Minimum Variance (LCMV) beamformer [20].
This involves projecting the preprocessed sensor data onto a 8mm dipole grid inside the inner
skull. The covariance matrix used to calculate the beamformer was estimated across the whole
sensor-level time course for a subject and regularised to 60 dimensions using principal compo-
nent analysis rank reduction. Note, the MaxFiltering step reduces the rank of the sensor-level
data to approximately 64.

Parcellation. Using the dipole time courses from source reconstruction, parcel time courses
were calculated using a 38 region of interest (non-binary) parcellation. The first principal com-
ponent across dipoles, weighted by the parcellation, was used to generate the parcel time courses.
This was followed by symmetric orthogonalisation [21] to minimise spatial leakage and dipole
sign flipping to align the sign of each parcel time course across subjects. The exact steps we
applied are summarised in SI Figure S1B.

3In the accompanying Python scripts, each session is referred to as a ‘run’.
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Figure 3: Single-trial schematic of the task. Participants were presented with an image of
a face (famous or unfamiliar) or a scrambled image and pressed a button in response to indicate
their judgement on the symmetry of the image. See [18] for further details.

3 Results

We will first compare the dynamic network perspective provided by the HMM and DyNeMo
using simulated data in Section 3.1. Following this, we will compare the different methods for
analysing task data using the real MEG dataset (described in Section 2.3).

3.1 Simulation

To illustrate DyNeMo’s ability to identify overlapping network activations, we simulated two
networks of bursting oscillatory activity. We simulated a visual network with activity at 10Hz
in the occipital lobe and motor network with activity at 20Hz in the motor cortex. The ground
truth simulated power map and PSD for each network is shown in Figures 4A.II and A.III
respectively. The corresponding ground truth parcel-level brain activity is shown in Figure 4A.I.
The dashed vertical lines in Figure 4A.I show the onset of visual (green) and motor (blue)
network activations. For each network, the burst amplitude alternates between a ‘high’ and
‘low’ value.

Using the simulated parcel-level data (shown in Figure 4A), we performed a conventional TF
response analysis selecting a parcel in the occipital cortex (Figure 4B.I, top) and motor cortex
(B.I, bottom). We observe the conventional single-parcel full TF analysis correctly identifies
the oscillatory frequency of each burst. Note, there is also a wide-band activation across many
frequencies at the onset of the valid 10 (or 20)Hz power increase at approximately 100ms, which
is an artefact of the spectral estimation method (wavelet transform).

Next, we trained the HMM on the simulated parcel-level data. The perspective provided by
the HMM is shown in Figure 4C. We can see from the network response (C.II) that there is a
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Figure 4: The assumption of mutual exclusivity harms the HMM’s ability to model
the data when there are co-activating bursts of oscillatory activity. A) Ground truth
simulation of parcel-level data: parcel time course (I); power maps (II); and PSD (III). B) Full
TF response using conventional parcel-level analysis (I). C) HMM network analysis: inferred
state time courses (I); network response for visual and motor events (II); inferred state power
maps (III); state PSDs (IV); and model projected full TF response (V). D) DyNeMo network
analysis: inferred mode time courses (I); network response for visual and motor events (II);
mode coefficients for high and low amplitude events (III); inferred mode power maps (IV); mode
PSDs (V); and model projected full TF response (VI).

clear response to the onset of visual and motor bursts. However, we see that multiple states
are activated in response to each event type. We also see from the power maps (C.III) that
the activity from both event types is present in each state. Looking at the model projected full
TF response (C.V), which is calculated by multiplying the network response time course by the
PSD for each state and summing, we can see the HMM is still a good model for the underlying
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oscillatory dynamics, just its decomposition of activity into states prevents it from identifying
the ground truth description of the data. Note, increasing the number of states in the HMM
does not help it identify the ground truth networks in the simulation.

Finally, we trained DyNeMo on the simulated parcel-level data. The perspective provided by
DyNeMo is shown in Figure 4D. We see from the network response (D.II) that DyNeMo is better
able to isolate bursts of oscillatory activity into separate modes. We also see from the power
maps (D.IV) that DyNeMo correctly identifies the simulated networks and the model projected
full TF response (D.VI) is a good representation of the ground truth oscillatory content of the
simulated data. In addition to the correct identification of event timings, DyNeMo is also able
to learn the amplitude of each event type via the value of the mixing coefficients. Figure 4D.III
shows the distribution of mode mixing coefficient values for when high and low-amplitude visual
events occur (left) and motor events occur (right). We see when there is a low-amplitude event
the mean of the mode mixing coefficient distribution is much lower than for high amplitude
events. Note, using less modes than the number of networks in DyNeMo leads to the visual
and motor networks combining into a single mode. Specifying more than three modes, DyNeMo
learns only three modes are needed to describe the data and the extra modes have virtually no
activation.

3.2 Real Task MEG Dataset

There are five unique events in this dataset: the presentation of a famous face, unfamiliar face,
scrambled image, left button press and right button press (see Figure 3). We will study the
average response (across trials, subjects and sessions) for different event types. Specifically, we
will look at:

• What’s the response to all visual stimuli? (Section 3.2.1.)

• What’s the difference in response between faces and scrambled images? (Section 3.2.2.)

• What’s the difference in response between famous and unfamiliar faces? (Section 3.2.3.)

• What’s the response to a button press (left or right)? (Section 3.2.4.)

3.2.1 Visual Stimuli: All

Turning to the real MEG dataset. First, we look at the average response over all visual stimuli.
Single-channel analysis reveals a fast oscillatory response in the α-band to visual

stimuli. Figure 5 shows the TF response calculated using conventional single-channel analysis.
To be able to show such a parsimonious result, we have pre-selected a single sensor/parcel near
the occipital lobe, as this is an area known to be involved with visual processing [22]. At the
sensor-level (Figure 5A), we can see a short-lived increase in α-band (8-12Hz) activity followed
by a decrease relative to baseline. We see a consistent description in source space (Figure 5B).
Both analyses indicate a very fast response to the task, on the order of 100ms, which is consistent
with existing literature [23].

Functional brain networks of oscillatory activity are identified by the HMM and
DyNeMo directly from the data. Figure 6 shows the networks inferred by the HMM (A)
and DyNeMo (B). Figure 6A.I and B.I show the spatial distribution of oscillatory power for each
network as well as the phase-locking connectivity (coherence). We identify well known functional
networks found in MEG data [17]. Of particular interest in this work is HMM states 2 and 5,
which represent visual networks with α-band activity; state 3, which represents a frontotemporal
network that is often associated with higher-order cognition [22] with δ/θ-band (1-8Hz) activity;
and state 4, which is a sensorimotor network with β-band (13-30Hz) activity. HMM state 1
is identified as the default mode network with wide-band (1-45Hz) activity [9]. The remaining
state (6) represents a suppressed wide-band power network, which in previous HMM analyses
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Figure 5: Conventional TF analysis reveals a fast oscillatory response to the task.
For all visual stimuli: A) Conventional sensor-level analysis: location of the selected sensor
(left); induced TF response (non-task-phase-locked, middle left); evoked TF response (task-
phase-locked, middle right); and full TF response (evoked + induced, right). B) Conventional
parcel-level analysis: location of the selected parcel (left); induced TF response (middle left);
evoked TF response (middle right); and full TF response (right). The black outline in TF plots
indicate clusters with p-value< 0.05. Note that we have had to pre-select (here based on where
we expect a visual response to occur) which single sensor and parcel to show.

has often been ignored. In this work, we will explore the relevance of this network in relation
to the task and its connection to the DyNeMo networks. The DyNeMo networks that are of
particular interest are: mode 2, which is a visual network with α-band activity; mode 3, which
is a frontotemporal network with δ/θ-band activity; and modes 4 and 5, which represent right
and left lateralised sensorimotor networks respectively, with β-band activity. The remaining
networks are mode 1, which is a left temporal network with θ/α-band (4-12Hz) activity often
associated with language [24] and mode 6, which is a suppressed power background network
that does not show any additional oscillatory activity compared to the static (time-averaged)
PSD [11]. Figure 6C shows the average values for the (renormalised) DyNeMo mode time course
when each HMM state is active. This signifies the amount each DyNeMo mode contributes to
an HMM state. We see multiple DyNeMo modes combine to form an HMM state. Note, the
networks presented in Figure 6 can be reliably found in this dataset, see SI Figure S2.

Network responses to task are identified with millisecond temporal resolution.
Figure 7A.II and B.II show network responses in the form of trial-averaged epoched state/mode
time courses. Importantly, since each state/mode describes a network with specific oscillatory
activity, a network response represents a set of underlying oscillatory responses that occur across
that network. Both the HMM and DyNeMo were able to identify networks with millisecond-level
dynamics directly from the data. Comparing the network responses (Figure 7A.II and B.II) with
a conventional single-parcel analysis (full TF response in Figure 5B), we see oscillatory activity
in the occipital lobe parcel is actually part of a wider visual network. Using the HMM/DyNeMo
network description we can project a model estimate for the oscillatory activity at a single
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II) State Probability Time Course

A) HMM
I) Networks

State 1 State 2 State 3 State 4 State 5 State 6

B) DyNeMo

II) Mode Time Course

I) Networks

Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 Mode 6

Figure 6: DyNeMo and the HMM provide a fundamentally different network per-
spective. A.I) Network states inferred by the HMM: lateral views of the power maps relative
to the static (time-averaged) power (top), coherence networks relative to the static coherence
for each edge, showing the top 2% of edges irrespective of sign (middle), and state PSD (solid
coloured line) and static PSD (dashed black line) (bottom). A.II) State probabilities for the first
8 seconds for the first subject. The width of each colour represents the probability of a particular
state. B.I) Network modes inferred by DyNeMo: lateral views of the power maps relative to the
mean across modes (top), coherence networks showing the top 2% of edges (middle), and mode
PSD (solid coloured line) and static PSD (dashed black line) (bottom). B.II) Renormalised
mode time course (weighted by trace of each mode covariance [11]) for the first 8 seconds for
the first subject. The width of each colour represents the contribution of a particular mode. C)
Time-average mode coefficient for each DyNeMo mode when each HMM state is active minus
the average mode coefficient across all time points.
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Visual Response
A) Parcel-Based HMM Networks

I) State Probability Time Course

Famous Unfamiliar ScrambledFamous

State 2

State 3 State 4 State 5 State 6

Visual Stimulus (All)

II) Network Response III) Significant Networks 

(p-value < 0.05)

B) Parcel-Based DyNeMo Networks

I) Mode Time Course

Famous Unfamiliar ScrambledFamous

Visual Stimulus (All)

II) Network  Response

III) Significant Networks (p-value < 0.05)

Mode 2 Mode 3

Figure 7: Both the HMM and DyNeMo reveal a millisecond resolution dynamic
network-level perspective of brain activity in response to the task, with DyNeMo
providing a more parsimonious decomposition. For all visual stimuli: A) Parcel-based
HMM network states (i.e. the data fed into the HMM was parcel time courses). A.I) The inferred
network state probabilities for the first 8 seconds of the first session. The dashed vertical lines
indicate when a particular visual stimulus was presented. A.II) Network response for each
state. Since each state describes a network with specific oscillatory activity, a network response
represents a set of underlying oscillatory responses that occur across that network. The colour
of each line indices its state. A.III) Lateral views of power maps relative to the mean across
states (top) coherence networks showing the top 2% of edges above or below the mean across
states (middle) and state-specific PSD (solid coloured line) and PSD averaged over all states
(dashed black line) (bottom). Only states which show a significant (p-value< 0.05) response to
the task are shown. B) Parcel-based DyNeMo network modes. B.I) The inferred (renormalised)
mode time course. B.II) Network response for each mode. Each network response represents
an underlying set of oscillatory responses that occur across that network. B.III) Lateral views
of power maps relative to the mean across modes (top, left) mode-specific PSD (solid coloured
line) and mean across modes (dashed black line) (top, right) and coherence networks showing
the top 2% of edges with values greater than the mean across modes (bottom). The horizontal
bars above each time course in A.II and B.II indicate the time points with p-value< 0.05.

parcel4. This is shown in SI Figure S3. We can see both the HMM and DyNeMo provide a good

4This is done by multiplying the network response by the state/mode PSD.
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description of the oscillatory response to visual stimuli for a single parcel.
The HMM and DyNeMo identify a late activation of a δ/θ-band frontotemporal

network. The network responses inferred by the HMM in Figure 6A.II, show most network
states significantly activating or deactivating in response to the visual stimulus. We see the visual
networks (states 2 and 5) exhibit a short-lived activation of approximately 100ms - the same
timescale we saw for the response identified with conventional methods (Figure 5). In addition
to the initial visual network response, the HMM network perspective reveals a late activation
of the frontotemporal network (state 3) lasting a few hundred milliseconds in combination with
a deactivation of the visual networks. Turning to the network responses inferred by DyNeMo
(Figure 7B.II), we see a consistent overall description. However, it is much simpler. We see
an initial visual network activation, followed by a frontotemporal network activation combined
with a visual network deactivation. The reason we see many significant network activations and
deactivations for the HMM is likely due to the mutual exclusivity, where for a network to activate,
all other networks must deactivate. Lifting this constraint leads to the more parsimonious
description provided by DyNeMo.

3.2.2 Visual Stimuli: Faces vs Scrambled

Next, we examine a more subtle task effect by looking at the difference in response between the
presentation of a face vs scrambled image (the response to faces (famous and unfamiliar) minus
the response to scrambled images). Studying this process allows us to understand the cognitive
processes that occur in the detection and identification of a face in contrast to non-facial images.

Dynamic network approaches (HMM and DyNeMo) can identify a late network
response that conventional methods fail to detect. Figures 8A and B show the difference
in TF response for faces vs scrambled calculated using conventional methods at the sensor and
parcel level respectively. We see using conventional methods that we fail to identify any signif-
icant induced TF responses (Figure 8A and B). We do observe a significant increase in evoked
and full TF response but only at the parcel level (Figure 8B). Turning to the dynamic network
models, which describe the full TF response to the task, we see both the HMM and DyNeMo
show a larger activation of the visual network for faces over scrambled images (Figure 8C and
D, right). Additionally, the HMM is able to identify a late activation of a suppressed power
network (state 6, Figure 8C, right). Figure 8D (middle) shows the time-averaged value for each
DyNeMo (renormalised) mode time course for time points in the data when HMM state 6 is
active. We see HMM state 6 can be represented as a mixture of DyNeMo modes 2, 3 and 6
and that the observed late response seen with the HMM (state 6 in Figure 8C, right) is the
combination of a visual network (mode 2) deactivation and frontotemporal network (mode 3)
activation in DyNeMo (Figure 8D, right).

Dynamic network analyses (HMM and DyNeMo) reveal a sequence of oscilla-
tory network activations related to the cognitive processing of faces. Studying the
difference between the network response to the presentation of a face (famous and unfamiliar)
and scrambled images allows us to understand the network activations that occur during the
processing of faces. First turning our attention to the network description provided by the HMM
(Figure 8C, right), we see there is an early visual network response (state 2, occipital α-band
activity) that lasts approximately 100ms, which could represent a bottom-up response to the
detection of a face. Following this, we see an activation of a frontotemporal network (state 3,
frontotemporal δ/θ-band activity) that lasts approximately 100ms. Following this, there is a
long-lived (300-400ms) activation of the suppressed visual network (state 6, suppressed occip-
ital α-band activity). The DyNeMo perspective (Figure 8D, right), shows something similar,
however, it is able to identify that the late suppression of the visual network (deactivation of
mode 2) occurs simultaneously with an activation of a frontotemporal network (mode 3). This
provides a new insight that the suppressed activity in the occipital cortex maybe linked to the
activity in frontotemporal regions. Such activity could represent a top-down feedback response
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Significant Networks (p-value < 0.05)

Selected Sensor Induced Response Evoked Response

A) Sensor Level: Single Channel

Selected Parcel Induced Response Evoked Response

B) Parcel Level: Single Region

Visual Response: Faces vs Scrambled

Significant Networks (p-value < 0.05)

C) Parcel Level: HMM Networks
Network Response

State 2 State 6

Mode 2 Mode 3

Network Response

D) Parcel Level: DyNeMo Networks

Full Response

Full Response

Figure 8: Unique combinations of DyNeMo modes are modelled as distinct states in
the HMM. For faces (famous and unfamiliar) vs scrambled images: A) Conventional single-
channel sensor-level analysis: location of the selected sensor (left); induced TF response (non-
task-phase-locked, middle left); evoked TF response (task-phased-locked, middle right); and
full TF response (induced + evoked, right). B) Conventional single-region parcel-level analysis:
location of the selected parcel (left); induced TF response (middle left); evoked TF response
(middle right); and full TF response (right). The black outline in TF plots indicate clusters
with p-value< 0.05. C) HMM networks inferred on the parcel-level data: states with significant
activation (p-value< 0.05 for any time point) (left); and contrasted network responses (corre-
sponding to trial-averaged epoched state time courses) with significant (p-value< 0.05) time
points highlighted by the horizontal bars (right). D) DyNeMo networks inferred on the parcel-
level data: significant modes (p-value< 0.05 for any time point) (left); the contribution of each
DyNeMo mode to HMM state 6 (middle); and contrasted network responses (corresponding to
trial-averaged epoched mode time courses) with significant (p-value< 0.05) time points high-
lighted by the horizontal bars (right).
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that occurs in the identification of faces. This description is consistent with existing literature
on face recognition in the primate visual system [12].

3.2.3 Visual Stimuli: Famous vs Unfamiliar

Next, we look at an even more subtle effect by comparing the difference in response between
famous and unfamiliar faces (the response to famous faces minus the response to unfamiliar
faces).

Only DyNeMo reveals a deactivation of the visual network and activation of the
frontotemporal network for famous vs unfamiliar faces. Figure 9A and B show the
results of a conventional TF analysis at the sensor and parcel-level respectively for the famous
vs unfamiliar contrast. We see no significant TF response. Looking at the HMM analysis
for this contrast in Figure 9C, we see a hint that there may be a response in the suppressed
power network (state 6). However, this response is unconvincing. Comparing this to the network
response identified by DyNeMo in Figure 9D, we see a much clearer response with a deactivation
of the visual network (mode 2) and activation of the frontotemporal network (mode 3).

The identification of faces (famous vs unfamiliar) occurs in the late network
response. Focusing on the network response provided by DyNeMo (Figure 9D) we do not see
the early visual network (mode 2) activation that we saw in the faces vs scrambled contrast
(Figure 8D). This suggests the detection of a face occurs early on (around 100ms after the
presentation of the image). Following this, the network response shown in Figure 9D suggests
the identification of the face (whether is it a famous or unfamiliar face) occurs after 400ms and
involves the frontotemporal network (mode 3) and visual network (mode 2). This description is
consistent with existing literature [12].

3.2.4 Button Press: Left vs Right

The final contrast we study is the response to a button press. Note, the experiment involves two
types of button presses: a left button press executed with the left index finger and right button
press executed with the right index finger.

DyNeMo identifies unilateral components of the sensorimotor network, providing
a better model of the data than the HMM. Figure 10A and B respectively show the results
of a conventional single-channel (sensor/parcel) analysis. Here, we epoch around all button
presses (left or right). We selected a sensor/parcel near the motor cortex as we expect this
area to be involved in executing a button press [22]. We observe the expected post-movement β-
rebound a few hundred milliseconds following the button press [25]. We see a consistent network
description with both the HMM (Figure 10C) and DyNeMo (Figure 10D). Note, the activation
of the visual networks after the button press is due to the start of the next trial. An interesting
feature of the network description provided by DyNeMo is that the sensorimotor network has
been split into two unilateral components (modes 4 and 5). Epoching the mode time courses
for these two modes around left and right button presses, which were executed with left and
right index fingers respectively (Figure 10E), we see the contralateral network activates for each
button press. This is in contrast to the HMM, where a single bilateral sensorimotor network
activates in response to both left and right button presses.

4 Discussion

Sensor vs source-space analysis. In Figures 5, 8-10 we compared a conventional single-
channel TF analysis in sensor and source (parcel)-space. We observed both methods provided
consistent descriptions of the timing and oscillatory content of the response to the task. The
main advantage of performing the analysis in source space is the ability to isolate the response in
a particular region in the brain, which can aid with interpretability. For example, in Figure 5B
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Selected Sensor Induced Response Evoked Response

A) Sensor Level: Single Channel

Visual Response: Famous vs Unfamiliar

Significant Networks (p-value < 0.05)

D) Parcel Level: DyNeMo Networks
Network Response

Significant Networks (p-value < 0.05)

C) Parcel Level: HMM Networks

State 6

Network Response
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B) Parcel Level: Single Region

Mode 2 Mode 3

Full Response
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Figure 9: Modelling the data using DyNeMo can reveal subtle differences in brain
activity missed by conventional methods and the HMM. For famous vs unfamiliar
faces: A) Conventional single-channel sensor-level analysis: location of the selected sensor (left);
induced TF response (non-task-phase-locked, middle left); evoked TF response (task-phase-
locked, middle right); and full TF response (induced + evoked, right). B) Conventional single-
region parcel-level analysis: location of the selected parcel (left); induced TF response (middle
left); evoked TF response (middle right); and full TF response (right). No significant time
points or frequencies were found with conventional analysis. C) HMM networks inferred on the
parcel-level data: states with significant activation (p-value< 0.05 for any time point) (left); and
contrasted network responses (corresponding to trial-averaged epoched state time courses) with
significant (p-value< 0.05) time points highlighted by the horizontal bars (right). D) DyNeMo
networks inferred on the parcel-level data: significant modes (p-value< 0.05 for any time point)
(left); and contrasted network responses (corresponding to trial-averaged epoched mode time
courses) with significant (p-value< 0.05) time points highlighted by the horizontal bars (right).
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A) Sensor Level: Single Channel
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Significant Networks (p-value < 0.05)
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C) Parcel Level: HMM Networks
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Figure 10: DyNeMo offers a more precise dynamic network description, inferring
significant unilateral sensorimotor networks that are missing from the HMM. For
the Button Press contrast (i.e. the average response of all button presses): A) Conventional
single-channel sensor-level analysis: location of the selected sensor (left); induced TF response
(non-task-phase-locked, middle left); evoked TF response (task-phase-locked, middle right); and
full TF response (induced + evoked, right). B) Conventional single-region parcel-level anal-
ysis: location of the selected parcel (left); induced TF response (middle left); evoked TF re-
sponse (middle right); full TF response (right). The black outline in the TF plots indicate
a p-value< 0.05. C) HMM networks inferred on the parcel-level data: states with significant
activation (p-value< 0.05 for any time point) (left); and network responses (corresponding to
trial-averaged epoched state time courses) with significant (p-value< 0.05) time points high-
lighted by the horizontal bars (right). D) DyNeMo networks inferred on the parcel-level data:
significant modes (p-value< 0.05 for any time point) (left); and network responses (correspond-
ing to trial-averaged epoched mode time courses) with significant (p-value< 0.05) time points
highlighted by the horizontal bars (right). E) Network responses for the HMM/DyNeMo epoched
around left and right button presses with significant (p-value< 0.05) time points highlighted by
the horizontal bars.

we were able to show the oscillatory response to visual stimuli occurs in the occipital lobe. An
additional benefit of performing analysis in source-space is that the process of source reconstruc-
tion incorporates information regarding the head position relative to the sensors, which could
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provide a useful denoising effect.
Disadvantages of a conventional analysis. The conventional event-related oscillatory

response analysis of task data uses region-by-region TF decompositions. It is simple, quick and
easy to compute. However, it is limited in what it can achieve. It only looks at a single sensor
or region of interest at a time. Additionally, there can be a large number of sensors/parcels,
which means we can end up performing a large number of multiple comparisons when we test
for statistical significance, when we cannot sensibly pre-specify a small set of sensors/parcels of
interest. This can drastically reduce our sensitivity to subtle effects. For example, we could not
identify any differences in the response to famous vs unfamiliar faces in Figure 9A and B.

Advantages of a dynamic network analysis. Adopting a dynamic network approach
can provide a useful perspective on how the brain responses to a task. Rather than doing
many parcel-based TF analyses to oscillatory responses, we can instead identify how large-scale
networks respond to the task. Since each state (with the HMM) or mode (with DyNeMo)
describes a network with specific oscillatory activity, these network responses represent a set of
underlying oscillatory responses that occur across that network that we can interrogate. E.g.,
with a dynamic network approach we can understand which large-scale networks underpin single-
region oscillatory changes. Also, once we know which networks activate or deactivate in response
to a task, we can look up existing literature relating to the network and understand its function
in a wider context. In Figure 7, we identified a visual and frontotemporal network is involved
in the task we studied.

Another useful advantage is there’s no need to specify the oscillatory frequencies of interest.
Both the HMM and DyNeMo can learn networks with distinct oscillatory activity directly from
the data. We also show in Figure 7 that we can resolve dynamics with the same resolution
as event-related TF analyses, meaning we do not sacrifice any temporal precision with the
dynamic network perspective. Note, the network response reflects both the evoked and induced
TF response.

Decomposing brain activity into a low number of states (with the HMM) or modes (with
DyNeMo) acts as a dimensionality reduction technique, which can aid with interpretation. In
this work, we chose 6 to give us a low-dimensional network description. This also allows us to
reduce the number of multiple comparisons we perform, which can increase our sensitivity to
subtle effects. For example, only with the network models did we see a difference in the response
between faces and scrambled images (Figure 8).

The dynamic networks identified by the HMM and DyNeMo can be reliably
inferred. As with many modern machine learning models, the HMM and DyNeMo can suffer
from a local optima issue, where slightly different networks can be inferred from the same
data. With good initialisation, improved training techniques and larger datasets, this has been
minimised [17]. Empirically, we find selecting the best run5 (the one with the lowest loss6) from
a set of 10 runs robustly finds a reproducible network descriptions of the data. We also find
group-level analysis, such as the network responses, are robust. In Figure S2, we show the same
analysis repeated on 3 sets of 10 runs and demonstrate the same networks and conclusions are
obtained with each.

DyNeMo provided the most parsimonious network description of the methods
tested. Both the HMM and DyNeMo are state-of-the-art methods for identifying dynamic net-
works in neuroimaging data. However, we showed in simulation (Figure 4) that the assumption
of mutually exclusive states may compromise the network description provided by the HMM.
DyNeMo overcomes this limitation by allowing networks to overlap at a given time point. The
network description provided by DyNeMo appears to be much more straightforward to interpret.
We saw in Figure 7B, that the network response to visual stimuli was isolated to just a couple
networks (modes 2 and 3) with localised power activations. Whereas with the HMM (Figure 7A)

5A run is a single model trained from scratch.
6In our case the loss is the variational free energy [26] for both DyNeMo the the HMM.
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many networks (states 2-6) show a significant response to the task. This is likely an artefact of
the assumption of mutual exclusivity, which for a state to activate requires all other states to
deactivate.

DyNeMo offered the most precise network descriptions of the methods tested. In
this task, participants perform a button press with either their left or right index finger. When
we compared the network response to left and right button presses separately, we saw DyNeMo
was able to identify unilateral sensorimotor networks contralateral to movements (modes 4 and
5) whereas the HMM did not (Figure 10E). This network description was learnt directly from
the data, without any information regarding the button press being fed into model. Such
a description could be useful for studying lateralisation of function [27] or inter-hemispheric
connectivity [28].

5 Conclusions

Conventional event-related methods can be a useful technique for understanding the oscillatory
response at a single region. However, a potentially more powerful technique that can give a
whole brain perspective is a dynamic network approach. We have shown that two state-of-
the-art methods: the HMM and DyNeMo can learn frequency-specific large-scale functional
networks that activate in response to a task with millisecond resolution. Comparing the HMM
with DyNeMo, we found DyNeMo provides a particularly useful network description for studying
task data. We provide the scripts for reproducing the analysis presented in this report here:
github.com/OHBA-analysis/Gohil2023_NetworkAnalysisOfTaskData.
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