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context of the WIN test (multitalker babble). We nonetheless regressed out every available variable,
including those that were not significantly individually associated with the measure of interest because
the subject measures taken together are sources of individual differences that we wished to remove, as
we aimed at establishing relationships that are specific to WIN. In order to avoid overfitting in the
regression, principal component analysis (PCA) was used to reduce the dimensionality of the set of
confounds. Before entering the PCA, variables were mean-centred (by subtracting the sample mean from
each individual score) and by using rank-based inverse normal transformation we ensured gaussian-like
distribution of variables. The statistical rationale for transformation of precipitation variables towards a
normal distribution prior to PCA is to facilitate a meaningful quantification of variance, and to stabilize the
variance (reduce heteroskadacity). The ecological rationale for transformation of precipitation is that the
meaning of the units changes across the range of values. Twenty-five principal components, accounting
for 80% of the total variance of the set of 132 measures, were regressed out from the original WIN score

following the steps described by Smith and collaborators (2015).

Table 1. Criteria for the selection of subject measures entering the PCA (adapted from Smith et al.,
2015).

Criterion Formal requirement
1. Standard deviation (SD) >0

Subject measure data need 2. Atleast 49 valid subject scores

to have enough variability 3. The number of values in the largest group of unique values does

not need to exceed 80% of the total number of valid values

Subject measure data need 4. If xs is a subject measure value for subject s, and

to have excessively high ys=(xs—median(xs))?, the subject measure does not need to

leverage points contain any xs for which max(ys) >100 x mean(ys) .

2.3. RS-MEG data. RS-MEG data was acquired in three runs of approximately six minutes per subject
during which participants are asked to remain supine with eyes open. Details on acquisition protocols and

hardware specifications can be found in WU-Minn Consortium Human Connectome Project, 2017. Briefly,
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subjects were scanned on a whole head MAGNES 3600 (4D Neuroimaging, San Diego, CA) system housed
in a quiet, darkened and magnetically shielded room. The MEG system includes 248 magnetometer
channels together with 23 reference channels. Data were recorded at a sampling rate of 2.035 kHz and
resampled at 200 Hz. Raw MEG data underwent the standard HCP MEG data pre-processing pipeline
based on independent component analysis (ICA) aimed at identifying and removing artefacts, bad
channels and bad segments (2s each). Additionally, single shell volume conduction models (one per
participant) were defined in the MEG-system based head coordinate system from segmentation of
anatomical MRI T1 images. We computed the inverse solution using Linearly Constrained Minimum
Variance (LCMV) Beamformer filters. These allow source models to be defined on a regular 3D grid in
normalized MNI-space with a resolution of 8mm, aligning the subjects in source space. Welch’s method
was used to obtain the power spectral density (PSD) of each of the source-reconstructed and standardised
(over time to mean=0 and SD=1) time series session data (three per participant). The two-sided PSD was
computed on eight equally-long time series windows with 50% overlap from 1 to 40 Hz, in 1-Hz bins at
each source point (3559 voxels of size 8*8*8mm each). PSDs of the three sessions were then averaged

within participants for each voxel.

2.3.1. Definition of frequency bands. In order to accommodate the inherent similarity of the power
distribution in neighbouring frequencies, k-means clustering (1000 replicates, using correlation distances)
was used to cluster the 40 frequency bins into 6 wider bins based on the similarity of the spatial
distribution of voxelwise power. Evaluation of the optimal clustering solution was based on a two-step
procedure. First, whole-brain voxelwise power cross-correlation matrix was inspected visually in order to
determine a range of ks to test. Once the range of clusters to evaluate was established (4 to 6), the optimal
solution was determined using two measures of internal clustering validation measures, namely Dunn’s
Index (DI; Dunn, 1973), and Silhouette Index (SI; Rousseeuw, 1987). Both indices indicated that k=6

represented the best clustering solution. The final frequency bins — mainly corresponding to conventional
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frequency bands — were as follows: 1-4Hz (‘6’), 5-7Hz (‘©’), 8-15 (‘a’), 16-20 (‘low-B’), 21-29Hz (‘high-B’),

and 30-40Hz (‘low-y’).

2.4. Statistical Analyses. Within-subject means of voxelwise power in each frequency band were
correlated with the standardised deconfounded WIN score. We evaluated the statistical significance of
the clusters by means of permutation testing. Because the sample analysed here is composed by
subgroups of monozygotic and dizygotic siblings in addition to non-related participants, we took into
account the possible effect of family structure on the null distribution of correlations generated by
permutation by randomly shuffling WIN scores (10000 times) across participant labels in a manner
constrained by family structure. Multi-level block permutation (Winkler, Webster, Vidaurre, Nichols, &

Smith, 2015) was performed using FSL’s PALM utility (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM), and the

exchangeability block structure specified in the HCP documentation

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM/ExchangeabilityBlocks). For each frequency band (n=6) and

voxel (n=3559), a t-value was calculated for both the actual and the data-driven null distribution; t-values
were then compared to produce p-values. Below we report results that are significant at a voxelwise level
of p<.05, corrected for multiple comparisons using threshold-free cluster enhancement (TFCE), a
statistical approach that determines significance by weighting each voxel’s effect magnitude by the
‘support’ received from neighbouring voxels in terms of both spatial extent and effect magnitude (Mensen
& Khatami, 2013; Smith & Nichols, 2009). The general principle of TFCE is to increase the value (t-value in

the current instance) of highly supported voxels and to decrease the value of weakly supported voxels.

3. Results

RS activity was found to be predictive of WIN performance in two adjacent frequency ranges (Table 2,

Figure 1). In both the high-B (21-29Hz) and low-y (30-40Hz) bands, we observed significant negative
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correlations between power and WIN SNR, indicative of a positive association between amplitude of the
oscillatory activity and the ability to be resilient to noise-induced breakdown of intelligibility. In the high-
B frequency band, we observed a large cluster of significant association in the LH spanning the inferior
frontal gyrus until the temporo-parietal junction. This large cluster comprises a number of cortical regions
that have been consistently recognized as being involved in the processing of various features of speech.
Most of these cortical sites are associated with processing along the ventral ‘speech recognition’ stream
of dual stream models of speech perception (Hickok & Poeppel, 2007). The peak effect was observed in
the posterior superior temporal gyrus (pSTG). We also observed a more constrained cluster in terms of
both spatial extent and magnitude of the effect in the RH, centred on the pSTG. In the low-y band, effects
were spatially more constrained, but were again characterised by a slight leftward asymmetry. Whilst
significant correlations were confined to the pSTG in the right hemisphere, they were slightly more

extended anteriorly and inferiorly in the left hemisphere.

4. Discussion

This analysis has revealed that topographically- and spectrally-resolved RS MEG power — an index of
spontaneous neuronal synchronisation at various time scales — can predict behavioural performance. This
analytical approach offers an alternative and complementary perspective on mechanisms of brain
functioning as compared to activation studies. Indeed, whilst in the latter type of studies, individual
differences in brain responses to stimulation are generally treated as random noise and often ascribed to
confounding ‘volatile’ factors, such as participants’ momentary alertness level, here we specifically tested
the functional relevance of such differences. Of note, the observed effects cannot be accounted for by a
spurious association with volatile confounds, since the electrophysiological and behavioural assessments

took place in different contexts, day(s) apart. Furthermore, we removed the potential confounding effects
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Table 2. Loci of significant correlations between RS brain activity and WIN. Anatomical labels were
obtained labels using in-house routines to assign identity according to the nearest labelled coordinate in
the AAL template (Tzourio-Mazoyer et al., 2002), Brodmann area labels for the peak co-ordinates were
extracted, where available, from the BA template provided with MRIcron

(https://www.nitrc.org/projects/mricron).

E;i%”fﬁf)y custer I < AAL Label Brodmann e runcorr.)  p(fwe)
Left superior temporal gyrus 42 -52,-40,16 0.362  0.026
Left anterior insula -28,16,8 0.255 0.033
Left Rolandic operculum -44,0,16 0.263 0.034
Left superior occipital gyrus 18 -20,-72,32 0.272  0.037
high-p 402 Left inferior parietal lobule 7 -28,-48,56 0.257 0.038
(21-29Hz) Right middle cingulate gyrus 23 4,-16,40 0.187 0.041
Right middle cingulate gyrus 4,-32,48 0.226 0.041
Left precuneus 7 -4,-56,56 0.274 0.041
Left middle occipital gyrus 19 -28,-80,0 0.263 0.043
15  Right superior temporal gyrus 22 52,-32,8 0.299  0.044
Right superior temporal gyrus o] -44,-64,16 0.203 0.042
low-y 29  Left middle temporal gyrus -28,-48,64 0.204  0.044
(30-40H2) Left superior parietal lobule 7 -20,-72,48 0.185 0.047
8 Left superior parietal lobule 2 60,-32,16 0.218 0.04

12

Prweg) = .02

Figure 1. Axial (top panel) and surface (bottom panel) view of the correlation clusters.
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of a substantial array of cognitive and demographic factors, ensuring that the results we report are specific
to the relevant behavioural domain, namely speech processing. By excluding potential confounds from
even related cognitive domains, such as verbal working memory and vocabulary we may legitimately
conclude that these brain-behaviour relationships relate to the auditory and speech-processing specific
aspects of the task. Thus, we propose that individual differences in WIN performance are related to
baseline excitability levels of the speech perception system, and that the locus of this effect is early in the
speech-processing hierarchy. Specifically, we suggest that increased power in spectrally- and
topographically-specific MEG power at rest, by determining a suitable context in which relevant acoustic
features (i.e., cues to phonemic identity) are processed, are associated with better WIN recognition

abilities.

This proposal is consistent with a number of lines of evidence. The locus of the LH high-p peak is consistent
with the region in which categorical phoneme perception has been demonstrated in fMRI (e.g., Specht,
Baumgartner, Stadler, Hugdahl, & Pollmann, 2014; see Turkeltaub & Branch Coslett, 2010 for a review).
Evidence from intracranial recordings also supports this. For example, Chang and colleagues (2010) carried
out intracranial recordings of STG responses to synthesised phonemic continua and found neural
populations in pSTG responding to phonemic cues important for phoneme recognition. In addition, they
observed populations of neurons responding selectively and categorically to single phonemes, providing
a strong physiological correspondence to the behavioural categorical perception phenomenon. A further
study (Mesgarani, Cheung, Johnson, & Chang, 2014) has shown that neuronal populations discretely
responding to phoneme categories are hierarchically clustered in a way that is strikingly similar to the
traditional clustering of phonemes performed by phoneticians and linguists. Mesgarani and colleagues
(2014) conclude that selectivity is determined primarily by acoustic cues for manner and secondarily by
place of articulation (and, in general, by articulatory properties). Thus, not only is the leftward perisylvian

lateralisation of the effects in line with speech-related processes, but the topography of the peak effects
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suggests a specific involvement of the spontaneous activity highlighted here in phoneme-level processing:

in both the high-f and low-y bands, peak effect was found in the pSTG (in the LH and RH, respectively).

Brain-behaviour relationships observed in this study were confined to two neighbouring frequency bands
(21-29 and 30-40Hz). Different lines of inquiry indicate that neural activity within this range of the
spectrum is important for the parsing and processing of acoustical information on short time scales
relevant for phoneme recognition, i.e., phonetic features. Among the work supporting this hypothesis,
relatively strong evidence comes from a growing body of research on exogenous modulation of neural
excitability. Recent studies using transcranial alternating current stimulation (tACS) have begun to provide
causal evidence for the role of oscillations in this frequency range for phoneme perception. The oscillatory
current produced by tACS is assumed to instantaneously synchronize (i.e., to entrain) the firing the
targeted neuronal populations, enhancing oscillatory power at the stimulation frequency (Helfrich et al.,
2014). A recent study using tACS reported the induction of phoneme recognition deficits in healthy
participants as a result of applying a 40Hz current to auditory areas (Rufener, Zaehle, Oechslin, & Meyer,
2016). In a separate study, Rufener, Zaehle and colleagues (2016) found that applying 40Hz stimulation to
the bilateral auditory cortex reduced the rate of perceptual learning during a phoneme categorisation
task, while applying 6Hz tACS stimulation did not affect perceptual learning. Importantly, whilst this result
was replicated in a comparable sample of young participants (20-35 years), it was shown that perceptual
learning of older participants (60-75 years) was enhanced, rather than hindered, by 40Hz stimulation and
the presumed tACS-induced enhancement of 40Hz activity, with 6Hz stimulation again having no
significant effect (Rufener, Oechslin, Zaehle, & Meyer, 2016). Intriguingly, Rufener and colleagues suggest
that the effect of perturbing low-y activity may depend on (i.e., interact with) its ‘pre-existing’ (i.e., RS)

level.

The idea that there may be such a thing as an optimal resting-state level for phoneme processing is further

supported by experiments on developmental dyslexia (DD). DD is a common disability defined as sub-
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normal acquisition of reading skills and phonological abilities within the context of otherwise normal
hearing and cognitive abilities. Rufener and colleagues (Rufener, Krauel, Meyer, Heinze, & Zaehle, 2019)
showed that 40Hz tACS stimulation over the bilateral auditory cortex improved phoneme-categorisation
accuracy in a sample of patients suffering from DD. Thus, by altering the putatively optimal balance of
synchronous endogenous activity in healthy individuals unaffected by phonological deficits, sampling of
rapid acoustic events is altered and performance is worsened. In contrast, when the equilibrium of
oscillatory activity is sub-optimal, as might be the case in the context of healthy aging (Voytek et al., 2015)
and DD (Hancock, Pugh, & Hoeft, 2017), abnormal, or sub-optimal, temporal sampling is remediated by
the external stimulation, and performance improves. Taken together, evidence from these tACS studies
strongly supports a causal involvement of low-y activity in the rapid auditory processing hypothesised to

be essential for phoneme extraction and identification.

A large body of evidence suggests that the phonological deficits that characterise DD may arise from
abnormal sampling of the speech stream into the short time windows relevant for the processing of
phonetic cues, (Chobert, Francois, Habib, & Besson, 2012; Gaab, Gabrieli, Deutsch, Tallal, & Temple, 2007;
Raschle, Stering, Meissner, & Gaab, 2014; Snowling, 1998). Consequently, DD is increasingly characterised
as a disruption of rapid auditory processing (RAP). Lehongre and colleagues (Lehongre et al., 2011) tested
the auditory steady state response (ASSR) of individuals affected by DD and a group of controls. ASSR
reflects an intrinsic and stable property of the brain that is relevant for auditory processing (Baltus &
Herrmann, 2015). Lehongre and colleagues (2011) found that the magnitude of left lateralised ASSR to
30Hz amplitude-modulated stimuli was reduced compared to controls, and that the magnitude of the
ASSR in planum temporale at 30Hz in both DD and control participants predicted performance on
phonological tasks. They take this to be a reflection of an intrinsic property of the auditory system and
conclude that an abnormal oscillatory rhythm in left auditory areas in the range 25-35Hz is responsible

for DD. This demonstrates the relevance of this frequency range at this cortical area, for speech
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perception, consistent with our finding that RS activity in this frequency region at this anatomical locus
predicts WIN performance. Further, deviance from normal ASSRs in the 25-35Hz range were observed by
Lehongre and collaborators also in the left prefrontal cortex and in the right posterior superior temporal
cortex, showing a high spatial similarity with regions that were correlated with WIN recognition abilities
in our sample of healthy participants. Unfortunately, the boundaries of this frequency range exactly
matches the centre of two different frequency bands defined in this study (21-29Hz and 30-40Hz,
respectively), slightly complicating the comparison. Nevertheless, the ASSR is known to peak higher in the
RH than LH (Lehongre et al., 2011; Ross, Herdman, & Pantev, 2005), and that the effect we see may be
related to this asymmetry. Indeed, it is possible that our results indicate that higher power at the peak
ASSR frequency of the auditory system at rest is beneficial for speech perception. Under the assumption
that the human auditory system has co-evolved with speech and is thus highly tuned to the acoustic
properties of the latter, it may not be too much of a stretch to suggest that higher resting-state activity at
the peak of the local neural tuning may provide a superior neural context for speech stimulus processing,

underpinning improved speech in noise perception.

We acknowledge that the present study is subject to a number of limitations. One issue is the task that
was used to evaluate speech in noise perception, namely the words in noise test. This presents
participants only with a series of unconnected monosyllabic words. Use of such a set precluded
investigation of another oscillatory component that has recently been tied to speech comprehension,
namely the 8 band (Ding, Melloni, Zhang, Tian, & Poeppel, 2015; Peelle & Davis, 2012). According to a
number of reports and the predictions of the AST, 8 underpins the syllabic parsing based on envelope
cues, which are neither relevant nor present in the WIN. Further investigations of individual differences
in performance on noisy connected speech materials would be necessary to evaluate whether RS 6 may
also contribute to the comprehension of acoustically challenging speech under slightly more ecologically

valid conditions.
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5. Conclusion

We have observed that analysis of spectrally-resolved RS-electrophysiology can provide valuable insights
into the spatial and spectral properties of cerebral systems that are specific to WIN recognition. In this
regard, the present results are consistent with the growing body of research indicating that the
interactions between resting and evoked activity need to be better characterised in order to obtain a
more complete and accurate account of cerebral functioning. In particular, beyond advancing our
understanding of properties intrinsic to the brain that determine speech comprehension, a number of
implications arise from this investigation. First, it suggests, together with a number of studies presented
above, that altering resting oscillatory activity associated with RAP may constitute a viable approach for
overcoming phonological processing deficits that arise from sub-optimal resting-state oscillatory activity
patterns. This has already been shown to be the case within the realm of non-invasive electrical
stimulation, but other interventions aimed at altering the balance of endogenous oscillatory activity
associated with phonological processing can be conceived, such as EEG-informed neurofeedback, or
closed-loop neurostimulation, targeting the spectral and spatial regions highlighted here. Furthermore,
since the affordances of such interventions are inevitably tightly linked to pre-intervention activity levels,
characterisation of RS activity in the normal population and in populations of patients affected by
phonological impairments is a necessary step for the development of effective interventions. Thus, the
scope of the analysis of neural correlates of RS power extends well beyond fundamental research and has
important implications for applied research into how to support and enhance the auditory brain’s

resilience in the face of noisy signals.
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Statement of Significance

We show that resting-state power, measured by MEG, in auditory cortices and left perisylvian areas is
predictive of individual differences in speech in noise recognition performance. Intrinsic brain properties
indexed by resting-state activity are behaviourally relevant, and provide further insight into the neural

substrates of speech in noise processing capacity.
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