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Abstract

One out of three stroke-patients develop language processing impairment known as aphasia. The need
for ecological validity of the existing diagnostic tools motivates research on biomarkers, such as
stimulus-evoked brain responses. With the aim of enhancing the physiological interpretation of the
latter, we used EEG to investigate how functional brain network patterns associated with the neural

response to natural speech are affected in persons with post-stroke chronic aphasia.

EEG was recorded from 24 healthy controls and 40 persons with aphasia while they listened to a story.
Stimulus-evoked brain responses at all scalp regions were measured as neural envelope tracking in the
delta (0.5-4 Hz), theta (4-8 Hz) and low-gamma bands (30-49 Hz) using mutual information. Functional
connectivity between neural-tracking signals was measured, and the Network-Based Statistics toolbox
was used to: 1) assess the added value of the neural tracking vs EEG time series, 2) test between-group
differences and 3) investigate any association with language performance in aphasia. Graph theory

was also used to investigate topological alterations in aphasia.
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Functional connectivity was higher when assessed from neural tracking compared to EEG time series.
Persons with aphasia showed weaker low-gamma-band left-hemispheric connectivity, and graph

theory-based results showed a greater network segregation and higher region-specific node strength.

oNOYTULT D WN =

Aphasia also exhibited a correlation between delta-band connectivity within the left pre-frontal region

10 and language performance.

12 We demonstrated the added value of neural tracking when investigating functional brain networks
14 associated with natural speech processing in post-stroke aphasia. Its higher sensitivity to language-

16 related brain circuits favours its use as informative biomarker for the assessment of aphasia.

18 Keywords: aphasia, brain network, graph theory, neural tracking, language processing
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1. Introduction

Aphasia is an acquired language-related disorder most often caused by a stroke. On average, one out
of three stroke patients develop impairments in language processing,® with significant inter-individual
variability in terms of symptoms and pathology.? Behavioral assessment has limited validation3# and

might be capturing comorbid disorders. Hence, it may benefit from supportive biomarkers.

According to task-based and resting-state neuroimaging studies, stroke-related aphasia is associated
with alteration in the functional organization of the brain activity, as assessed with both fMRI and EEG.>
Depending on the stage and severity of the pathology, post-stroke aphasia exhibits affected functional
integration and connectivity distribution of the brain network, with a shift of activation towards lower
frequency bands within the lesioned hemisphere and increased cortical activation over the contra-
lesional hemisphere, likely associated with compensatory mechanisms.6'! In recent research involving
part of the participant cohort of the present study, we used EEG and investigated functional
connectivity alterations in persons with chronic post-stroke aphasia (PWA) during natural speech
listening.® We found that PWA exhibit higher interhemispheric connectivity compared to healthy
controls (HC) within the theta-band (4.5-7 Hz) network and weaker widespread connectivity within the
low-gamma band (30.5-49 Hz). These results support the hypothesis of ongoing compensatory
processes in PWA associated with recovery and resonate with pathological reorganization of language-

and auditory-related functional networks!?!3 towards a more functionally centered architecture.’

Language processing and related disorders can also be investigated through the analysis of neural
tracking of natural speech. This is performed by quantitatively assessing the statistical relationship
between the EEG-recorded neural signal and the speech stimulus. In fact, the envelope of natural
speech has been shown to be informative enough to allow for a good level of comprehension,**> and
its neural tracking is reportedly an effective marker of speech understanding and intelligibility.16-1°
Interestingly, neural tracking is also associated with a functional connectome, i.e., the neural response
to the envelope of natural speech is synchronized across brain regions and can be defined as a
functional network.?° The analysis of such network may provide further insights into the functional and
structural processes associated with the processing of natural speech, although its added value as a
biomarker compared to the connectome associated with EEG time series has not been investigated

yet.

Despite the existing evidence of neural envelope tracking as a biomarker for diverse language
disorders,?1-* research on post-stroke aphasia to date remains limited. In our most recent works, we

used temporal response functions (TRF)?> and temporal mutual information functions (TMIF)%%%7 as
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measures of neural tracking. The first consists of a linear model, where weights represent the
amplitude of the brain response to the stimulus at different latencies; the latter is a statistical approach
also capturing non-linear relationships between the EEG and the stimulus, and provides a more
thorough assessment of neural tracking.?® Using TMIFs, we reported reduced neural envelope tracking
in PWA compared with HC within fronto-central, parietal and posterior scalp regions. Affected
frequency bands included delta (0.5 — 4 Hz), theta (4 — 8 Hz) and low-gamma (30 — 49 Hz), suggesting
an impairment of lower-level acoustic and higher-level linguistic structures,”?%2° such as encoding of

phonetic features (Giraud & Poeppel, 2012; Gross et al., 2013; Hyafil et al., 2015).

In the present study, we investigate whether the functional connectome associated with natural
speech processing is altered in PWA. In a combined manner, we measure the neural envelope tracking
of natural speech as TMIF, and we assess the strength of synchronization of the neural tracking
between scalp regions. To infer the added value of such an approach, we first compare the functional
connectome associated with neural envelope tracking to the network derived from the EEG time
series. We then compare the TMIF-connectome between HC and PWA, and perform graph theory
analysis to assess between-group differences. Our analyses focuses specifically on the delta (0.5-4 Hz),
theta (4-8 Hz) and low-gamma (30-49 Hz) frequency bands, since these reportedly reflect diverse

aspects of language processing and its disorders.%1%13.27.28

2. Materials and methods

2.1. Participants

PWA were recruited within the cohort of participants at the stroke unit of the University Hospital
Leuven, Belgium (UZ Leuven). Patients’ screening was performed in the acute stage with the help of
speech and language pathologists using a Dutch adaptation of the Language Screening Test (LAST),3%~
33 with a cut-off score for inclusion of 14/15. Only PWA with left-hemispheric or bilateral lesion were
recruited. For each included patient, the experimental session took place not earlier than six months
following the stroke onset (median: 17 months; range: 6-369 months). Recruitment of HC was pursued
aiming to match the average age of PWA. All participants had no history of psychiatric or
neurodegenerative disorders and gave written informed consent before participation. The study was
approved by the Medical Ethical Committee UZ/KU Leuven (S60007) and was performed in accordance

with the relevant guidelines and regulations.
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Our cohort comprised 24 HC (72 + 7 years old, 16 males) and 40 PWA (69 + 12 years old, 26 males).
Demographic and behavioral information was assessed through standardized clinical tests as described
in our recent works®?73* and reported in Table 1. Participants’ cognition was assessed with the Oxford
Cognitive Screen (OCS),? and language tests comprised the Nederlandse Benoem Test (NBT), i.e. Dutch
naming test,3® and the Screeling test,3 which is aimed at assessing phonological, semantic and
syntactic abilities. Although 12 PWA did not score below the cut-off scores in either language tests on
the session day, they had a documented language impairment in the acute phase and were still

attending speech-language therapy sessions at the time when the testing sessions took place.

2.2. Experimental design

All experimental sessions took place in a soundproof room with a Faraday cage at the Department of
Neurosciences, KU Leuven. EEG signals were recorded while participants listened to a 25-minute-long
fairy tale titled “De Wilde Zwanen” (“The Wild Swans”) by Hans Christian Andersen, narrated by a
female Flemish-native speaker. Throughout the listening, every five minutes a break was introduced
and questions about the story to that point were asked to ensure participant’s attention, resulting in
five 5-min story segments. The speech stimulus was presented binaurally through ER-3A insert phones
(Etymotic Research Inc, IL, USA) using the software APEX.38 Participants were deemed hearing impaired
if any hearing threshold was higher than 25 dB hearing loss on frequencies below 4 kHz. To ensure
audibility in this case, stimulus intensity was set at 60 dB SPL plus half of the pure tone average (PTA)
of the individual audiometric thresholds at 250, 500 and 1000 Hz. EEG signals were obtained using a
Biosemi ActiveTwo (Amsterdam, Netherlands) cap with 64 Ag/AgCl electrodes distributed according to

the 10-20 system3? as shown in Figure 1. Signals were recorded at a sampling rate of 8192 Hz.

2.3. Speech envelope extraction

The envelope of the speech signal was extracted with a gammatone filter bank. The filter was
implemented with 28 channels spaced by one equivalent rectangular bandwidth and center
frequencies spanning between 50 Hz and 5000 Hz. To extract the envelopes at each sub-band, the
absolute value of each sample was computed and raised to the power of 0.6. The speech envelope was
yielded by averaging the envelopes across sub-bands. The obtained signal was downsampled to 512
Hz and filtered in the frequency ranges of interest. High- and lowpass least squares filters of order 2000
were implemented with a transition band of 10% below the highpass and 10% above the lowpass
frequency, and compensation for group delay. The envelope was eventually normalized and further

subsampled to 128 Hz.
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2.4. EEG data pre-processing

Pre-processing of the EEG data was automated as implemented in the Automagic toolbox*® and is
described in detail in our previous works.>?” Briefly, signals were filtered to remove low-frequency
(cut-off: 0.1 Hz) and line-noise, subsampled to 512 Hz, and cleaned from bad channels (average
number of removed channels: 2 *+ 2). Sporadic artifacts were time-interpolated, whilst systematic
artifactual patterns were removed by means of independent component analysis (ICA) (average
number of removed components: 26 + 7). Before any further analysis, all signals were inspected

visually, average-referenced and subsampled to 128 Hz.

2.5. Neural envelope tracking

As described in detail in our previous publication,?” we here also used the Gaussian copula mutual
information (MI) analysis to assess neural tracking of natural speech.*! Compared to other methods,
the Gaussian copula is reportedly unaffected by biases associated with the power spectrum of the
signal and the stimulus and can effectively handle high-dimensional data.?® The copula was applied to

the Ml between the EEG signal and the stimulus, defined as:

MI _ 1 I-leEG”Zenvl
EEG, env — 2[112[ lZEEG em,l (1)

where the summation operators are the determinants of the covariance matrices of respectively EEG,
envelope, and the joint variable. The temporal dynamics of Ml were obtained by progressively shifting
the EEG signal with respect to the speech envelope and computing the metric as defined in Equation
(1) at each time-lag. The shift was performed within an integration window between -200 ms and 500
ms in order to capture stimulus-response latencies of interest.?® This process was performed for all
EEG channels, and the obtained neural-tracking-metric consisted of the TMIF.?642 To avoid artefactual
effects due to discontinuity across recording segments (see Supplementary Fig. 2) and due to the fact
that one participant fell asleep sporadically after the first 5-min recording, TMIF was only computed
for the first 5-min segment, since such an amount was shown to already provide an estimation of

neural tracking comparable to the one obtained from the whole EEG recording in both HC and PWA.?”
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2.6. Functional connectivity

Connectivity between the EEG time series and between the TMIFs across channels was measured with
the weighted phase lag index (WPLI),* defined as:
[{Im(X)sign[a®(t)])]

= 2
WPLI Ime)| (2)

where X is the cross-spectrum between the signals, Im(X) is its imaginary part, Ad is the phase
difference between the signals, ty is the time step with k =1, 2, ..., N and sign is the signum function.
WPLI computation was based on instantaneous phase differences measured through Hilbert
transform, as implemented in the Brainstorm toolbox.** Connectivity was measured for delta, theta

and low-gamma band networks.

7

https://mc.manuscriptcentral.com/braincom

Page 10 of 40



Page 11 of 40

oNOYTULT D WN =

Manuscripts submitted to Brain Communications

a) Functional connectivity: EEG time-series

(pre-processing)

|:(>

stimulus .
l(story, in-ear) EEG, 64ch |
@ EEG time-series network
b) Functional connectivity: TMIF c) Comparison between
connectomes
QR
woA s S, D ———:W 1.0
AT N A A A T T
bnwnaao -t B2 iy
~ N A WA o M e A e ﬁzx I > 06
Aon — U " A _ _ _ $£F/I——"(delta, theta, low-gamma)
A AU e M W/ ~——— 0.4
.\ b s S
L e - o -0.2 0 0.5
S . -~ time (S) 0.2
- TMIF network
d) HC vs PWA: TMIF, NBS and graph theory e) PWA: Connectivity vs
language performance
AR /\ ®HC > PWA
®PWA > HC 100
80
l l — 60
m
P
40 o
20
v S oo
0 0.2 04 0.6 0.8 1
HC)P& connectivity strength

t-stat

Figure 1 - Methodological workflow. a) EEG is recorded during natural speech listening, and functional
connectivity is extracted from the recorded signals. On the connectivity matrix, purple bar: left hemisphere;
green bar: right hemisphere. b) Temporal mutual information functions (TMIFs) are computed for each EEG
channel within delta, theta and low-gamma bands, and corresponding TMIF-connectomes are computed. c)

Functional connectomes are compared between the two approaches. Magenta bar: left-hemisphere channels;
green bar: right-hemisphere channels. d) TMIFs and functional connectomes obtained from TMIFs are
compared between groups with the Network Based Statistics (NBS) and graph theory. On the second
topography, blue: HC > PWA, red: PWA > HC. e) Correlation between TMIF-connectivity strength and language
performance within PWA.
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2.7. Graph theory

In the present work, we computed the same graph measures as we reported in our previous research.?
These include node strength, clustering coefficient, eccentricity, characteristic path length, small-
worldness, and modularity. Functions to compute these metrics are included in the Brain Connectivity
Toolbox (BCT) for MATLAB.*> Before computing the network measures, graphs were obtained by
applying proportional thresholding on connectivity matrices to preserve between 3-40% of network
density. This range reportedly reflects the underlying structural network properties, while allowing to
take into account the dependence of the measures on the network size.*¢5! Connectivity matrices
were then normalized by their maximum weight,>? and graph metrics were computed at each network
density. Further details on the graph theory metrics are reported in Supplementary materials of the

publications by Mehraram and colleagues (2023), Rubinov & Sporns (2010) or Kaiser (2011).

2.8. Statistical analysis

EEG time series vs TMIF-connectomes. WPLI matrices were obtained from the first five minutes of the
EEG signals and compared with the connectomes based on the TMIFs extracted from the same
recording segment. We limited this analysis to the HC group and used the Network Based Statistics
(NBS) toolbox®3 to define a generalized linear model (GLM) with the methodological approach (EEG
time series vs TMIF) as within-subject factor. The primary threshold of the NBS was set to 3, and a t-
test for each direction was performed with 5000 permutations across the two methods (P < 0.025). If
any significant network component was obtained, the distribution of the altered connectivity patterns
across participants was inferred by generating the corresponding graph with the support of functions
included in the EEGLAB toolbox>* and by visualizing the average connectivity within the NBS

component (WPLIygs) for both the EEG time series and TMIF.

TMIF-connectome: PWA vs HC. TMIFs and functional networks obtained from TMIF signals were
compared between HC and PWA. Comparison between TMIFs at all frequency bands was performed
with non-parametric spatiotemporal cluster-based permutation tests with 10000 permutations (P <
0.01)°> as implemented in the Eelbrain toolbox for Python.>® Comparison between connectomes was
performed implementing an F-test with the NBS. Within the latter, primary threshold was set to 3, and
significant network components were detected by performing 5000 permutations (P < 0.05). Direction
of significance of any significant component was inferred by visualizing the distribution of WPLIygs

across groups.
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Graph theory: PWA vs. HC. Graph measures were compared between groups at each network density
with Mann-Whitney U-tests (P < 0.05). Nodal measures, i.e., node strength and clustering coefficient,
were locally tested for each node (64 electrodes, uncorrected for multiple tests) as well as globally on
average across nodes. Graph theory analysis was only performed within frequency ranges which

yielded significant results from the between-group NBS test described in the previous paragraph.

TMIF-connectivity vs language performance. We used the NBS also to test whether the TMIF-
connectome of PWA correlates with either the score of the Screeling test or the NBT. For the
correlation test, we tested a range of primary thresholds between 1-20, and significant results are

reported in the next section. Results were also controlled for lesion size and age.

3. Results

3.1. Demographic data

Age range was not significantly different between groups (Mann-Whitney U-test, U = 1285.5, P =
0.846), and the ratio of males versus females was not different (Chi-squared test, y>=0.019, P=0.892).
The HC group performed better in all behavioral language and cognitive tests (OCS: U =569, P <0.001;
NBT: U = 845.5, P < 0.001; Screeling: U = 563.5, P < 0.001). Statistics on demographic data and

behavioral test scores are reported in Table 1.

3.2. Functional connectome: TMIF vs EEG time series

We used the NBS to investigate the added value of analyzing the functional connectome associated
with the TMIF versus EEG time series when investigating natural speech processing in the brain. The
NBS yielded significant results only when testing in the TMIF > EEGme series direction, i.e. WPLI in the
connectome associated with the TMIFs is higher than in the one associated with EEG time series (delta:
t<4.8,P=0.02; theta:t<4.6, P=0.005; low-gamma: t<7.8, P<0.001) (Figure 2). Paired tests produced
a stronger network component derived from the TMIFs, i.e. a region-specific emphasized
synchronization between speech-related brain responses, as compared with the EEG time series. In
the delta band, the cluster was centralized over the right temporal and parietal region, and also
included connections between occipital, frontal and widespread left-hemispheric channels. On the
contrary, the theta-band network shows higher centralization over the left hemisphere for the TMIF-

estimated connectome, including central and prefrontal scalp regions. The low-gamma TMIF-
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connectome shows stronger connectivity compared to the EEG-estimated network mainly over
posterior-anterior paths. Topographies from one-sample t-tests are reported in Supplementary

material (Supplementary Fig. 1).

TMIF > EEG

e series

29.9

delta theta low-gamma
0.8 $ % A
-+ R 3 gz

o 0.6
—
T 0.4
= +
a.2 * -
= = e
TMIF  EEG TMIF  EEG TMIF  EEG

Figure 2 - NBS outcome: TMIF vs EEG time series. The functional connectome associated with the neural
envelope tracking exhibits a more strongly connected component when compared to the EEG time series-
related network.

3.3. Between-group network comparison

The outcome of our analysis on the TMIFs is reported in Figure 3. Similar to the results from our
previous work,?” PWA showed lower Ml values compared to HC in the delta and theta band, whilst no
difference emerged from the low-gamma band (Figure 3A). Cluster-based permutation tests yielded
the strongest effect in the delta band within a spatial cluster with 15 channels between 89 — 300 ms
after the stimulus onset (P = 0.004), whilst the theta band exhibited four clusters, respectively with 48
channels between -141 — 34 ms (P < 0.001), 47 channels between 34 — 120 ms (P = 0.001), 45 channels
between 120-206 ms (P =0.001), and 48 channels between 214 —323 ms (P < 0.001). The NBS yielded
significant results from the between-group comparison only within the low-gamma band (Figure 3B).
Namely, low-gamma-network connectivity was weaker in PWA compared to HC, with widespread
effect mostly marked over the left-hemisphere involving central and frontal scalp regions (F < 18.9, P

= 0.043) (topographies from one-sample t-tests for delta and theta bands are reported in
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Supplementary Fig. 1). Between-group differences also emerged from Graph Theory analysis (Figure
3C). On average, connectivity strength of the individual nodes was reduced in PWA only when network
density was lower than 21%, with the effect mostly driven by central regions. Nevertheless, local
differences in the opposite direction, i.e., PWA > HC, also emerged, namely over left parietal and
temporal scalp regions. Global graph measures, i.e., average characteristic path length, small-
worldness and modularity, were all higher in PWA, with the first two showing an effect only when
network densities were respectively higher than 34% and 17% of the strongest connections. Results
were deemed significant at P < 0.05 (uncorrected for multiple comparisons due to intrinsic

interdependence of observations).

3.4. Connectivity strength vs language performance in PWA

We used the NBS to investigate whether there exists any subnetwork that correlates with the
performance of language tests, namely the NBT and the Screeling test. A significant outcome only
emerged in the delta band, consisting of positive correlation between one link over the left-prefrontal
region and the NBT score, as shown in Figure 4 (F = 34.4, P = 0.026). Nevertheless, no significant result

was found when lesion size and age were included in the GLM as nuisance covariates.
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Figure 4 - Outcome of NBS correlation tests with language performance. Only a positive correlation between
delta-band connectivity and NBT percentage score was found.

4. Discussion

In the present study, we used EEG and we combined neural envelope tracking with connectomics to
investigate natural speech processing in PWA. We first assessed the added value of the combined
approach as compared to the analysis of the connectome solely based on EEG time series, and found
a more prominent subnetwork in the TMIF-connectome. The latter was affected in PWA when
compared with HC only in the low-gamma band, showing weaker connectivity and more segregated
network distribution, whilst delta-band network connectivity was associated with impairment of

language performance in PWA.

4.1. Connectivity patterns are more consistent in TMIFs compared to EEG
time series

Using the NBS within the HC group, we implemented a GLM to assess whether functional networks
obtained from TMIFs reveal significant region-specific patterns compared to the connectome
associated with the EEG time series. Functional connectivity based on TRFs was already investigated in
a recent EEG study investigating natural speech processing in healthy participants.’” The authors
successfully demonstrated that the response to speech stimulus is synchronized across brain regions,

and that such synchronization is organized in a community structure, hence defining a functional
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connectome. We here confirmed the suitability of such an approach, now based on TMIFs instead of
TRFs, as opposed to the analysis of whole EEG time series when analyzing the brain response to natural

speech.

In the delta band we found a subnetwork connected with the right temporal and parietal lobes
statistically dependent on the signal from which the connectome is obtained, i.e. TMIF vs EEG time
series, with TMIFs being associated with higher connectivity. As consistently reported in the literature
on speech processing, EEG delta-band is commonly associated with acoustic modulations, such as
prosody and rhythm, and sound articulation.?13:585° As hypothesized in the Asymmetric Sampling in
Time (AST) theory, these processes feature lateralization towards the right auditory cortex,%%%2 and
reflect into the neural envelope tracking. Our comparative analysis suggests that the emergence of
these mechanisms from the EEG time series might be hindered due to other cognitive processes being
captured at the same time, resulting in low signal-to-noise ratio (SNR). On the other hand, extraction
of neural tracking-related signal, i.e. TMIF, allows to isolate the mechanisms of interest and obtain a
signal solely reflecting the corresponding cortical activity, hence achieving a higher SNR. Higher
connectivity in a subnetwork centralized over the right temporal lobe is in line with the AST hypothesis,
and it favors connectome-analysis based on TMIF rather than EEG time series to aim for more

interpretable outcomes when investigating natural speech processing.

A significant outcome was also yielded in the theta band, consisting of a widespread TMIF-network
with stronger connectivity compared to the EEG-time-series connectome. According to the AST,
processing at the syllable rate is associated with theta-band activity.13>%%1 Hence, our result is evidence
of higher sensitivity of TMIF compared to EEG time series to also estimate the connectome associated

with processing of this language feature.

The strongest effect was detected in the low-gamma band, where the TMIF-connectome exhibits
stronger posterior-anterior connectivity compared to the EEG time-series network. The actual role of
gamma-band activity is still debated among researchers.®3% Coupled with theta activity, gamma
oscillations are known to reflect inhibitory activity of interneurons associated with memory,
attentional and learning mechanisms.%>%8 By assessing the connectome associated with the brain
response to speech, we aimed at limiting the gamma activity of interest to language-related processes,

reportedly phonemic processing,3%6%% and these are likely reflected into the obtained topography.

4.2. TMIF-connectome is weakened in PWA

Before analyzing functional networks, we compared TMIFs across groups as a validation of the results
reported in our previous work.?’” With a larger sample than in the previous study, we also obtained
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reduced neural tracking in PWA in delta and theta bands, confirming the robustness of the TMIF
waveform as a biomarker for post-stroke aphasia. However, no difference emerged in the low-gamma
band. For the latter, statistical power might be affected either by the sample size, recording length,
channel selection, single-channel here vs multivariate TMIF computation in De Clercq et al.?’ or the
stricter threshold in the cluster-detection algorithm (P = 0.01 in this study against P = 0.05 in De Clercq

et al.?’).

We then measured connectivity between TMIF signals and compared the obtained connectomes
between PWA and HC using the NBS. In contrast with the previous analysis where TMIF signals were
compared, a between-group difference only emerged in the low-gamma band when TMIF
connectomes are compared. We found a weakened widespread interhemispheric frontal-posterior
subnetwork in PWA, with a strong effect over the left-prefrontal region. Reduced interhemispheric
connectivity is a common consequence of stroke,® and together with the fact that the main effect is
located over the most frequent lesion site across participants (see the lesion overlap map in
Supplementary Fig. 3), our finding may here reflect impairment of phonemic and phonetic processing
in PWA 306066 A difference in the functional connectome in the low-gamma band is in line with our
previous study based on EEG time series, where we also reported reduced posterior-anterior
connectivity.® The fact that a difference in the connectome was not found in the theta band may
suggest that the corresponding outcome in our previous study might be reflecting other language-
related processes, such as cognitive or executive functions. Nevertheless, this remains speculative and

should be further investigated in future studies.

We believe that these results further prove the additive value of connectomics approach on the
analysis of neural tracking of continuous natural speech in post-stroke aphasia. A commonly pursued
approach in the research on neural tracking consists of averaging the waveforms within certain regions
of interest (ROIs) before performing any between- or within-group-comparison.>®%%70 However, this
can result in attenuation of the average signal in PWA due to the misalignment of the waveforms
compared to HC, hence leading to inaccurate neurophysiological interpretation. In fact, reduced
connectivity between TMIFs reflects a lack of synchronization between stimulus-responses across
channels. On the other hand, the NBS is a data-driven approach, and revealed localized significant
alterations of connectivity in PWA, proving that neural-tracking pathological abnormalities are
localized and emerge at a network level. Therefore, we believe that it would be valuable for future
neural-tracking studies to be complemented with data-driven network analysis for effective
assessment of response-related brain regions. This strategy may disentangle methodological
obliquities, let the research efficiently focus on regions involved in the process of interest, and provide

further topographical information associated with the neural response to speech.
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4.3. The functional network tends towards a small-world organization in PWA

To further disentangle alterations in the functional connectome in PWA, we performed graph theory
analysis. Globally, TMIF-networks in PWA showed reduced network integration as compared to HC,
but only when weaker connections, i.e. low synchronization between TMIFs across regions, were
preserved in the definition of the graph via thresholding. This finding may reflect a preservation of
network integration within the strongest connections of the network, potentially as a compensatory
mechanism for the affected weaker links. Despite a weakened connectivity pattern in PWA being
detected with the NBS as also reflected in the average node strength, local increases in functional
connectivity in PWA also emerged, namely over the right temporal and central scalp regions. This latter
finding resonates with existing evidence in fMRI studies reporting compensatory mechanism driven by
preserved regions within the contra-lesional hemisphere, associated with recovery towards the
chronic stage.”*7* The fact that this feature was found in connectomes associated with neural
envelope tracking of speech reinforces the link between physiological compensatory mechanism and
language impairment, excluding a sole relation to stroke-related anatomical alterations. Local increase
in connectivity strength in PWA, although significant, may not be defining a connected cluster to be

detected with the NBS.

We also found higher small-worldness in PWA compared to HC. A small-world network features a high
level of clustering whilst integration is similar to a random network of the same size.”>””7 Small-
worldness is normally associated with network complexity and efficiency,*®7%7° and enhanced small-
worldness in the TMIF-connectome in PWA might appear paradoxical. This might be interpreted in the
context of compensatory mechanisms associated with aphasia, as discussed above, where increased
node strength within the right temporal and parietal regions might be driving a global reorganization
of the network favoring higher functional efficiency. Interestingly, higher small-worldness was also
reported for other pathological conditions, including dementia with Lewy bodies,*®*° sleep
deprivation,®® and post-traumatic stress disorder associated with traumatic brain injury.8! It is likely
that these conditions share local increase in connectivity and prevalence of short connections, that we
also reported in PWA compared to HC. This alteration reflects a reorganization of the network towards
a more regular topology,” and results in higher small-worldness. Small-worldness together with higher
modularity in PWA also suggest increased network segregation compared to HC, reflecting an overall

damage of the functional connectome.
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4.4. Delta-band connectivity is associated with aphasia severity

Using the NBS we found a correlation between delta-band connectivity and the performance of NBT
in PWA. Specifically, weaker connectivity over the left prefrontal region is associated with worse
performance in the Dutch naming test. Association between delta-band connectivity and language
performance agrees with the results reported in our previous study,’ and further favors the relevance
of delta oscillation for the assessment of the severity of the pathology. As discussed in the previous
paragraph, a network pattern in the delta band is likely to reflect neurophysiological mechanisms
associated with perception of rhythm, acoustic modulation and lexical processing.'>13:585%.82 Hence,
affected neural-tracking connectivity may relate to disruption of rhythmic, acoustic and lexical
processing in post-stroke aphasia as emerging in a naming task. However, the sample distribution
features a ceiling effect, which might have attenuated the statistical power of this analysis and limited
the effect to only one connection. Together with non-significant result when also testing for correlation
with the Screeling test, this outcome strengthens the relevance of ensuring enough within-group
behavioral variability at the recruitment stage. Interestingly, despite the intrinsic variability of
anatomical properties of the lesion(s) as also emerges from the lesion overlap map reported in
Supplementary Fig. 3), the functional connection associated with language performance in PWA is
located over the most frequently lesioned area. However, the correlation is not significant when lesion
size is included as nuisance covariate. As discussed in the next section of this paper, this might
potentially reveal a statistical confound related to anatomical properties of the lesion, which should

be addressed with appropriate lesion modelling.

4.5. Limitations

Measurement of neural tracking requires choosing a specific speech-stimulus feature. Hence, a single
TMIF does not allow assessment of the brain response to the overall speech stimulus. This may result
in omitting relevant biomarkers not associated with the feature of interest. Nevertheless, as we
discussed in the Introduction section, the envelope of speech reportedly contains most of the energy

of the stimulus signal and suffices for an optimal perception of speech.4-1°

The electrical signals recorded with EEG correspond to spatial linear combinations of cortical
activation. The latter are influenced by conductivity of anatomical layers adjacent to the cortical
tissue.®? In the case of a stroke this phenomenon is likely enhanced due to the associated cortical
lesion,®48> potentially introducing unpredictable biases in the statistical analysis and, in this paper,

lower SNR in the computation of TMIF connectomes in PWA. Nevertheless, aphasia features a high
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level of pathological variability,® and alteration in volume conductivity is expected to introduce a
confounding factor, resulting in weaker statistical power. With the NBS we detected a significantly
affected subnetwork in PWA and demonstrated the consistency of language-related functional
alteration despite variability in stroke characteristics. Future studies should implement source-level
analysis with accurate modelling of volume conductivity of brain tissues in order to address lesion-

related signal distortions.87:88

Aphasia also involves impairment of cognitive functions. This raises the concern whether this might be
driving the detected between-group differences, questioning the interpretability of our results. Due to
the intrinsic comorbidity of post-stroke aphasia, disentangling this aspect remains challenging,
although we believe that our natural-speech-based experimental paradigm favored the emergence of
speech-processing-related activity in the EEG measurement, thus attenuating cognition-related

confounding factors.

Another limitation lies in the chosen connectivity metric, i.e. WPLI. In fact, this phase-based measure
lacks information on directionality, hence interpretation of the results remains limited. In addition,
almost-zero-lag connections are omitted, whilst they may contain relevant topological information.
Alternative metrics, such as amplitude correlation!! or Granger causality,®® may be considered to

obtain complementary additional insights into the functional connectome in PWA.

A component of arbitrariness is introduced with the choice of a primary threshold in the NBS.>? In the
present work, we selected permissive values and made statistical interpretations based on t- or F-

statistics of the connections within the obtained network components.

The comparisons of connectomes by means of the NBS was controlled for the family wise error rate.
However, correction for multiple tests for local graph theory measures remains challenging, due to the
high number of tests, interdependence of the recorded cortical activity at different EEG channels and

the exploratory nature of our study.

5. Conclusion

We investigated the functional connectome associated with neural tracking of natural speech in PWA.
We reported reduced connectivity between cortical stimulus-responses in PWA compared to HC, as
well as altered network topology. Whilst exhibiting reduced functional connectivity, the connectome
in PWA also tends towards a more segregated architecture likely reflecting a damage of physiological

natural speech processing. We also showed a correlation between TMIF-connectivity and language
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1
2
3 performance in PWA, demonstrating the potential of connectomics-based approaches for the
4
5 assessment of severity of post-stroke aphasia. Overall, our study shows the added value of
? connectomics to the analysis of natural speech processing in PWA when performed in a combined
8 fashion with neural envelope tracking. Future research should investigate whether such an approach
9
10 may also effectively define informative biomarkers for the assessment of aphasia at the acute stroke.
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11. Figure legends

Figure 1 - Methodological workflow. a) EEG is recorded during natural speech listening, and functional
connectivity is extracted from the recorded signals. On the connectivity matrix, purple bar: left
hemisphere; green bar: right hemisphere. b) Temporal mutual information functions (TMIFs) are
computed for each EEG channel within delta, theta and low-gamma bands, and corresponding TMIF-
connectomes are computed. c) Functional connectomes are compared between the two approaches.
Magenta bar: left-hemisphere channels; green bar: right-hemisphere channels. d) TMIFs and
functional connectomes obtained from TMIFs are compared between groups with the Network Based
Statistics (NBS) and graph theory. On the second topography, blue: HC > PWA, red: PWA > HC. €)

Correlation between TMIF-connectivity strength and language performance.

Figure 2 - NBS outcome: TMIF vs EEG time series. The functional connectome associated with the
neural envelope tracking exhibits a more strongly connected component when compared to the EEG

time series-related network.

Figure 3 - Comparison of neural tracking metrics between PWA and HC. a) TMIF-values were averaged
across channels and compared between groups throughout the integration window. Time
corresponding to a cluster associated with significant difference is highlighted with the faded bar on
the bottom (with color reflecting cluster size as number of EEG channels). The dotted gray line
corresponds to the stimulus onset. Shaded area corresponds to 95% confidence interval. b) Outcome
of the NBS analysis. Topographies from left to right correspond respectively to one-sample t-test within
HC group, one-sample t-test within PWA group, and F-test testing for PWA vs HC. A left-hemispheric
network component is weakened in PWA compared to HC. ¢) Graph theory analysis. On average, PWA

feature higher modularity and small-worldness. Shaded area corresponds to 95% confidence interval.

Figure 4 - Outcome of NBS correlation tests with language performance. Only a positive correlation

between delta-band connectivity and NBT percentage score was found.
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12. Tables

Table 1 - Demographic and behavioural data.

oNOYTULT D WN =

9 HC (n =24) PWA (n = 40) Statistics

Age (years old) 72+7 73+11 U =1285.5, P=0.846°

@
Demographics

Sex (male/female) 16/8 26/14 x>=0.019, P=0.892°

OCS total score

93.95+4.62 79.56 +15.74 U =569, P<0.001°
Composite %: attention, memory and executive
function 35,

Cognition

21 NBT total score

22 271.30+4.09 | 22413%57.72 | U=8455 P<0.001°
Participants were asked to describe a series of

images in one word each 3¢,

ScreelLing total score

N
w
Language tests

Three parts with each four different tasks, 69.78 +2.49 62.17 +9.67 U =563.5, P<0.001°

28 covering semantics, phonology and syntax (El
29 Hachioui et al., 2012).

32 aUnpaired Mann-Whitney U-test

bChi-squared test
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Supplementary material

Functional connectivity of stimulus-evoked brain responses to

natural speech in post-stroke aphasia.

Authors:

Ramtin Mehraram, Pieter De Clercq, Jill Kries, Maaike Vandermosten, Tom Francart

Contents:

1. NBS: one-sample t-tests
2. TMIF: discrepancy across recording segments
3. Lesion overlap map

1. NBS: one-sample t-test

Figure S1 shows the results produced with one-sample t-tests performed with NBS on the TMIF- and
EEG-networks for HC, and the results obtained from the TMIF-connectome for PWA. Topographies
corresponds to group-level network components significantly above zero.

NBS one-sample: TMIF
PWA

0.90

NBS one-sample (HC): EEG time series
0.15 0-band 0.22 low y-band 0.09

hOII

t-stat

Figure S1 - NBS: one-sample t-tests. Darker colors correspond to higher t-stats (see colorbar).
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2. TMIF: discrepancy across recording segments

For the computation of TMIFs, only the first five minutes of the experimental session was considered.
As reported in the main text of this paper, this choice was aimed at excluding:

oNOYTULT D WN =

10 e any artifacts related to recording discontinuity across segments

e blurring effects due to visually detected discrepancies of TMIFs across recording segments
(Figure S2)

14 e parts of the recording during which one participant fell asleep

16 An example of the discrepancies and shifts of TMIF waveforms across segments is shown in Figure S2,
17 respectively for delta, theta and low-gamma bands (each frequency band from different participant).

22 segment
23 2 a1 0 01 02 03 04 oz

Time (s) v oL bl LRI 02 0.1 0 01 02 03 04

segment

31 a 01 o 01 03 04
o2 o o ot oz o8 oe Time (s) > 02 0.1 0 01 02 03 04

33 Figure S2 - Example of TMIF waveforms across three recording segments. From left to right: delta, theta, low-gamma bands
(from different participants)

3. Lesion overlap map

To obtain an overview of the topographical distribution and the variability of the lesion across
41 PWA, we produced a lesion overlap map using MRIcroGL toolbox
42 (https://www.nitrc.org/projects/mricrogl/), shown in Figure S3. Lesioned stroke tissue was
segmented on 40 T2-weigthed FLAIR (26 at the acute stage, 14 at the chronic stage) and two
45 non-contrast enhanced computed tomography (at the acute stage). For one participant, brain
46 scans could not be accessed, hence was excluded from the generation of the lesion overlap
47 map. Lesions were manually delineated based on the information reported in the medical
files. Despite the majority of recordings show a left-hemispheric lesion, the maximum overlap
50 was reached for only 19 participants, reflecting a strong level of variability of lesion anatomical
51 properties across the cohort.
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Figure S3 - Lesion overlap map. Numbers on tops correspond to the Z-layer of the MRI recording. The maximum overlap is
reached for only 19 participants, over the left Rolandic area and the insula.
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