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1 | INTRODUCTION

| Sheraz Khan® | Jonas Obleser? | Angela D. Friederici®

Abstract

An event related potential, known as the N40O, has been particularly useful in investigating lan-
guage processing as it serves as a neural index for semantic prediction. There are numerous
studies on the functional segregation of N40O neural sources; however, the oscillatory dynamics
of functional connections among the relevant sources has remained elusive. In this study we
acquired magnetoencephalography data during a classic N40OO paradigm, where the semantic
predictability of a fixed target noun was manipulated in simple German sentences. We
conducted inter-regional functional connectivity (FC) and time-frequency analysis on known
regions of the semantic network, encompassing bilateral temporal, and prefrontal cortices.
Increased FC was found in less predicted (LP) nouns compared with highly predicted
(HP) nouns in three connections: (a) right inferior frontal gyrus (IFG) and right middle temporal
gyrus (MTG) from O to 300 ms mainly within the alpha band, (b) left lateral orbitofrontal (LOF)
and right IFG around 400 ms within the beta band, and (c) left superior temporal gyrus (STG)
and left LOF from 300 to 700 ms in the beta and low gamma bands. Furthermore, gamma
spectral power (31-70 Hz) was stronger in HP nouns than in LP nouns in left anterior tempo-
ral cortices in earlier time windows (0-200 ms). Our findings support recent theories in
language comprehension, suggesting fronto-temporal top-down connections are mainly medi-
ated through beta oscillations while gamma band frequencies are involved in matching

between prediction and input.
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Obleser, Helle, & Friederici, 2016; McRae, Hare, Elman, & Ferretti,
2005; Van den Brink, Brown, & Hagoort, 2001; Van Petten, Coulson,

Language comprehension requires decoding of highly structured
speech signals within a very short time (Friederici, 2002; Hickok &
Poeppel, 2007; Pylkkanen & Marantz, 2003; Scott, Blank, Rosen, &
Wise, 2000). Yet, healthy humans can comprehend up to 210 words
per minute without any loss (Omoigui, He, Grudin, & Sanocki, 1999).
A potential explanation for this speed and efficiency is that our brains
may make predictions about upcoming linguistic input. This idea is
supported by many studies suggesting that prediction is employed
during language processing (Federmeier & Kutas, 1999; Grisoni,
Miller, & Pulvermuller, 2017; Kamide, Scheepers, & Altmann, 2003;
Knoeferle, Crocker, Scheepers, & Pickering, 2005; Maess, Mamashli,

Rubin, Plante, & Parks, 1999). Particularly, lexical semantic prediction
has been investigated using the so-called N40O paradigm which was
first described by Kutas and Hillyard (1980b) who discovered using
EEG when participants read sentences that unexpected words at the
end (i.e., | take coffee with cream and dog) elicit a negative event-
related potential (ERP) at about 400 ms. Reduced N400 responses
have been reliably observed for words in a predictive or supportive
context (Federmeier, 2007; Kutas & Federmeier, 2011; Kutas &
Hillyard, 1980a, 1984; Lau, Almeida, Hines, & Poeppel, 2009; Lau,
2009; Lau, Holcomb, & Kuperberg, 2013; WIlotko & Federmeier,
2012). Furthermore, it has been demonstrated that the N400
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amplitude inversely correlates with the predictability of the word
within the given context (DelLong, Urbach, & Kutas, 2005).

A theoretical framework on efficient information processing is
the predictive coding theory, which postulates that the brain is hier-
archically organized (Felleman & Van Essen, 1991; Mumford, 1992)
and continuously anticipates upcoming events by sending predic-
tions from higher to lower hierarchical levels via feedback connec-
tions (Clark, 2013; David & Friston, 2003; Friston, 2005; Friston,
Kilner, & Harrison, 2006; Helmholtz, 1925; Huang & Rao, 2011;
Rao & Ballard, 1999; Srinivasan, Laughlin, & Dubs, 1982; Swanson,
2016). Furthermore, predictive coding assumes that prediction
errors, that is, the difference between inputs and predictions, are
sent from lower to higher cortical levels via feedforward connec-
tions. Recently, studies on language comprehension have attempted
to model information processing under predictive coding theory
(David, Maess, Eckstein, & Friederici, 2011; Hickok, 2012; Jakuszeit,
Kotz, & Hasting, 2013; Lewis, Schoffelen, Schriefers, & Bastiaansen,
2016; Park, Ince, Schyns, Thut, & Gross, 2015; Sohoglu, Peelle,
Carlyon, & Davis, 2012). A predictive coding model of single spoken
word recognition, proposed by Gagnepain, Henson, and Davis
(2012), suggests that superior temporal gyrus (STG) neurons repre-
sent the difference between predicted and heard speech sounds.

In our previous article, we proposed a simplified version of the
predictive coding model on N400 generation (Maess et al., 2016).
Here, we briefly recapitulate our hypothesis. Consider a sentence “he

drives the car” in which the target noun “car” is highly predicted

(HP) by the previous verb “drives.” We assume that prediction X is

generated for the word “car,” prior to its presentation, and based on

predictive coding theory, Xis conveyed from higher to lower cortical

areas. As a result, processing of the word “car’ requires only the
difference, between “car” and X to be fed forward up the processing

hierarchy. Smaller differences between prediction X and actual input,
means less bottom-up information transfer and fewer adjustments
required at the higher level, thus, less top-down processing too. Now,
consider another sentence “he gets the car” in which the noun is less
predicted (LP) given the previous verb. In this case, accurate predic-
tions are unlikely to be generated and all information in the word “car”
must be conveyed from lower to higher levels after it is presented.
More processing at the higher level would be required as the noun
“car” now provides the information, which was missed until that point.
Therefore, when we compare the hierarchical information flow for the
word “car” in HP and LP conditions, we would generally expect less
processing in HP than LP. This means we expect less top-down and
less bottom-up processing in HP than LP condition. We have illus-
trated our hypothesis in Figure 1.

In addition, recent studies suggest a strong link between the
predictive coding account of hierarchical information flow and the
oscillatory neural dynamics in the brain (Arnal & Giraud, 2012;
Arnal, Wyart, & Giraud, 2011; Bastos et al., 2012; Cannon et al,,
2014; Engel & Fries, 2010; Kopell, Ermentrout, Whittington, &
Traub, 2000; Wang, 2010). Specifically, empirical studies on rats
(Kopell et al., 2000), monkeys (Bastos et al., 2015), and humans
(Arnal et al., 2011) suggest that hierarchical information flow via

feedback- and feedforward-connections are mediated through

distinct frequency bands. It is proposed that top-down processing
is preferentially mediated through beta band oscillations whereas
bottom-up processing is propagated through gamma oscillations
(Bastos et al., 2012, 2015; Khan et al., 2018; Obleser, 2016; Sedley
et al., 2016; Wang, 2010).

Adopting the predictive coding view to language comprehen-
sion, Lewis and Bastiaansen (2015) proposed a double role of beta
oscillations in maintaining certain cortical network configurations
during sentence-level processing and in the top-down propagation
of prediction to hierarchically lower levels. Low- and middle
evoked gamma (35-75 Hz) has been suggested to reflect the
matching of bottom-up and top-down information, while high
evoked gamma (80-130 Hz) may reflect the propagation of
bottom-up prediction errors (Lewis et al., 2016). Recently, Schof-
felen et al. (2017) estimated granger causality between cortical
areas as subjects read word sequences and observed that connec-
tions originating from frontal areas peaked in the beta band
whereas connections originating from temporal areas peaked in
the alpha band. This beta band granger causality from frontal areas
may represent top-down information transfer, consistent with
the Lewis and Bastiaansen (2015) model. Frontal areas, including
orbitofrontal and inferior frontal, have been linked to higher order
processing in general (Badre, Poldrack, Pare-Blagoev, Insler, & Wagner,
2005; Badre & Wagner, 2007; Engel, Fries, & Singer, 2001) and to
language comprehension in particular (Martin, 2007; Thompson-Schill,
D'Esposito, & Kan, 1999). Alpha band granger causality originating from
temporal areas may indicate bottom-up processing, which is in contrast
to the Lewis and Bastiaansen (2015) model associating alpha band
with feedback signaling and top-down influence.

The goal of the current study is to investigate hierarchical infor-
mation flow in N4OO generation. We tested our hypothesis based on
predictive coding following the proposal of Lewis and Bastiaansen
(2015). Previous studies have shown that synchronization between
cortical areas may indicate communication between those areas, with
the phase locking values as a measure of synchrony (Doesburg,
Kitajo, & Ward, 2005; Fries, 2005, 2015; Panagiotaropoulos, Deco,
Kapoor, & Logothetis, 2012; Pantazis et al., 2017; Tallon-Baudry &
Bertrand, 1999; Weeks et al., 1999). Phase locking values were
estimated between cortical areas involved in semantic processing. It
should be noted that phase-locking values do not estimate the direc-
tionality of the information flow between cortical areas. We chose
this approach, in particular, because it is a data driven method. In
contrast, model driven approaches such as dynamic causal modeling
or granger causality are useful in estimating the directionality of the
connectivity. However, they require assumptions of the temporal and
spatial covariance of the sources that are difficult to estimate in the
presence of noise and with a limited amount of data. We are conduct-
ing this study to understand the connectivity dynamics between areas
involved in semantic prediction, specifically in terms of spectral and
temporal characteristics. So far, the majority of N40O studies have
focused on varying linguistic parameters and identifying the neural
sources, however, the communication between those sources in time
and frequency is largely unknown.

We used data from a classic N40OO paradigm in which identical

target nouns were either HP or LP. An earlier publication describes
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FIGURE 1 lllustration of top-down and bottom-up information flow
when the word X is highly predicted and less predicted. The strength of
the arrows schematically represents the amount of top-down and
bottom-up processing. For generalizability, we use the term “X" to
represent a word [Color figure can be viewed at wileyonlinelibrary.com]

the analysis of the evoked magnetic fields of the same data (Maess
et al., 2016). In this article, we focus on spectrally resolved, func-
tional connectivity measures to track the information transfer

between brain areas.

2 | MATERIALS AND METHODS

2.1 | Stimuli

Stimuli were short German sentences, which were grouped based on
the cloze probability values, that is, the probability that mother tongue
speakers would select this word to complete the given context
(Taylor, 1953). Nouns which had a cloze probability greater than 50%
were considered as having high semantic predictability (HP), [e.g., He
drives the car, German: Er fihrt das Auto] and those with a cloze proba-
bility less than 24% were considered to have low semantic predictabil-
ity (LP), [e.g., He gets the car, German: Er kriegt das Auto] (Maess et al.,
2016). Each condition consisted of 69 items. Sentences were spoken
by a trained female speaker at natural speed. Loudness was adjusted

so that all sentences were presented at the same volume.

2.2 | Participants

Twenty-one German native speakers (11 female) participated in a
Magnetoencephalography (MEG) experiment (age range: 20-32 years,
median: 27). All were right-handed according to the Edinburgh Hand-
edness Inventory (Oldfield, 1971). None of the participants had a
hearing deficit or neurological disease. Participants gave written
informed consent prior to the experiment and were paid for their
participation. The study followed the guidelines of the declaration of
Helsinki and received ethical approval from the ethics commission of
the University of Leipzig (Ref. 059-11-07032011).

2.3 | Design and procedure

Participants were seated in a dimly lit shielding room (Vacuumschmelze

Hanau, Germany). MEG data was recorded with a 306 channel

Vectorview device (Elekta, Helsinki, Finland) at 500 Hz sampling
rate utilizing a bandwidth of 160 Hz. The experiment was con-
ducted in one session with five recording blocks. First, participants'
individual hearing thresholds were determined for both ears sepa-
rately. Stimuli were presented at 48 dB SL (sensation level,
i.e., above the mean individual hearing threshold). Sensation level
was estimated using a subpart of one of the sentences. For the first
two blocks stimuli were randomized and presented once, thereafter
presentation of all stimuli was repeated in blocks 3 and 4, using a
different randomization to increase the number of trials and conse-
quently signal to noise ratio. Therefore, 138 stimuli per condition
were presented in total. The onsets of all sentences, as well as the
onsets of the verbs and the nouns in each sentence, were specifi-
cally marked. During the fifth block, a sequence of simple tones
(200 ms length and 500 Hz pitch) were presented, with a stimulus
onset asynchrony (SOA) of 2,200 ms, at the same loudness level as
the sentence stimuli to provide data to control for the accuracy of
the MEG inverse solutions.

Participants were instructed to listen carefully to the presented
sentences and not to move during a block. They were asked to fixate
a visually projected cross while listening to the auditory stimulation.
Fixation crosses were presented from 700 ms before onset until
700 ms after the offset of each sentence. Fifteen percent of the sen-
tences were followed by the same, or an alternative sentence, spoken
by a male. Participants' (incidental) task was to judge whether the two
preceding sentences (female and male voice) were the same. Partici-
pants responded by a button press following the cue. The cue also
informed participants of the response-to-button-alignment: It was
comprised of one happy and one sad symbolic face (smiley), one pre-
sented on the left side of the screen and the other on the right side of
the screen. Participants had to use their thumbs to press either
the left or the right side button, that is, giving the answer “yes” with
the button at the side of the happy face and “no” with the other. The
arrangement of the faces on the screen was randomized and counter-

balanced over all stimuli in each block.

2.4 | Data preprocessing

The MEG data were spatially filtered using the signal space separation
(SSS) method (Elekta-Neuromag Maxfilter software) to suppress envi-
ronmental interference (Taulu, Kajola, & Simola, 2004; Taulu & Simola,
2006). SSS was further used to transform the data from each block
into the same head position (Taulu et al., 2004). Cardiac and ocular
artifacts were removed by signal space projection (Gramfort et al.,
2014). MEG data were filtered with a low pass filter of 90 Hz using
MNE-C (fft based filter) with a filter size of 8,192. Data were epoched
into single trials lasting 1.4 s, extending from 400 ms before noun
onset to 1,000 ms following it. For baseline correction purposes in
the time-frequency analysis, data were epoched from —-400 to
400 ms time-locked to the sentence onset. The baseline interval is
taken as point of reference for the spectral power estimates as it by
design represents no condition difference. This baseline includes the
first stages of acoustic processing but no generation of linguistic
predictions as all sentences begin identically. Using this baseline

allows us to separate linguistic stages from pure acoustic processing
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stages. Epochs were rejected if the peak-to-peak amplitude exceeded
150 pV, 1 pT/cm, and 3 pT in any of the electrooculogram, gradiome-
ter, and magnetometer channels, respectively. To achieve a similar
signal-to-noise ratio in each condition (i.e., HP and LP), the number of
trials in the lesser populated condition was used to analyze both
conditions. To this end, trials from the more numerous conditions
were randomly selected from the reservoir of acceptable trials. After
artifact rejection the mean number of trials per condition was 99 when
averaging over subjects. The subject with the smallest number of trials

provided 72 trials per condition.

241 |

The geometry of each participant's cortical surface was reconstructed

Source estimation

from 3D structural MRI data using FreeSurfer software (http://surfer.
nmr.mgh.harvard.edu). The cortical surface was decimated to a grid of
10,242 dipoles per hemisphere, corresponding to a spacing of approx-
imately 5 mm between adjacent source locations on the cortical
surface. The MEG forward solution was computed using a single-
compartment boundary-element model (BEM) assuming the shape of
the intracranial space (Hamaldinen & Sarvas, 1987). The watershed
algorithm was used to generate the inner skull surface triangulations
from the T1-weighted MR images of each participant. The cortical
current distribution was estimated using a depth-weighted, minimum-
norm estimate (MNE) (http://www.martinos.org/martinos/userinfo/
data/sofMNE.php [Lin, Belliveau, Dale, & Hamaldinen, 2006]) assum-
ing a fixed orientation of the source, perpendicular to the individual
cortical mesh. The noise-covariance matrix used to calculate the
inverse operator was estimated from data collected from empty room
recordings prior and following the recordings with each subject. To
reduce the bias of the MNEs toward superficial currents, we used
depth weighting, that is, the source covariance matrix was adjusted to

favor deep source locations.

242 |
analysis

Inter-subject cortical surface registration for group

Each participant's inflated cortical surface was registered to an average
cortical representation (FsAverage in FreeSurfer) by optimally aligning
individual sulcal-gyral patterns computed in freesurfer (Fischl, Sereno, &
Dale, 1999). We employed a surface-based registration technique
based on folding patterns because it provides more accurate inter-subject
alignment of cortical areas than volume-based approaches (Fischl, Sereno,
Tootell, & Dale, 1999; Van Essen & Dierker, 2007).

243 |

Regions of interest (ROI) were selected from the Freesurfer parcella-

Regions of interest identifications and analysis

tion (Desikan-Killiany Atlas) and covered seven areas spanning both
hemispheres known to be parts of the network for semantic language
processing (Friederici, 2011; Lau, Phillips, & Poeppel, 2008; Maess
et al., 2016; Price, 2010), namely bilateral superior temporal gyrus
(STG), middle temporal gyrus (MTG), inferior frontal gyrus (IFG)
including Brodmann areas BA44, BA45, and BA47 and left lateral
orbitofrontal cortex (LOF) in agreement with our previous article
(Maess et al. 2016). However, here we selected only ROIs from the

lateral side of the cortex and ignored the deeper, medial part

because of the poor SNR of the deeper source (Ahlfors, Han,
Belliveau, & Hamalainen, 2010). In addition, we used an automatic
routine (mris_divide_parcellation) available in the Freesurfer package
(equal size principle) to break each large ROl into smaller equal size
sub-ROls; that is, all sub-ROls in all ROIs were of approximately the
same size—thereby increasing the spatial specificity for further connectiv-

ity analysis. Large ROls can lead to temporal signal cancelations.

2.4.4 | Sub-ROI time series extraction

Epochs were extracted for all vertices within each sub-ROI. Epochs
were averaged across vertices to compute the mean sub-ROI time
course, generating X(A, T, N), where A is the number of vertices, T is
the number of time points and N is the number of epochs. Owing to
the ambiguity of individual vertex (dipole) orientations, these time
series were not averaged directly but first aligned with the dominant
component of the multivariate set of time series, before calculating
the sub-ROI mean. In order to align the sign of the time series across
vertices we first concatenated all the epochs for all sub-ROI vertices
in a matrix of the dimension [vertices x samples] conducted an SVD
of it X" = UZV'. If the sign of the dot product between the first left
singular vector U and a time series was negative, we inverted the
time-series before averaging over all vertices resulting in a 2D matrix

[epochs x time] per sub-ROI.

24.5 | Time frequency decomposition

In a next step, each epoched time series was convolved with a dictio-
nary of complex Morlet wavelets, transforming the real 2D matrices
into complex 3D matrices S [epochs x time x frequency]. The number
of cycles used in the Morlet wavelets varied as a function of fre-
quency as follows: 8-30 Hz: 7 cycles and 31-70 Hz: 9 cycles. The
same time-frequency decomposition was conducted for both ana-
lyses, time-locked to the noun onset from —400 to 1,000 ms and to

the sentence onset from —400 to 400 ms.

24.6 |

We used the inter-trial phase-locking value (PLV), to estimate the con-

Functional connectivity computation

nectivity between ROIs. The PLV measures the consistency of phase
differences between two ROls across epochs (Lachaux, Rodriguez,
Martinerie, & Varela, 1999). Here we use the term for two ROIs (1, J)
and the corresponding sub-ROls (i, j) represented as I;, J;, respectively.
Separately for both conditions, PLV was estimated between each
sub-ROI pair (I;, Jj) in ROl and ROI, (1 <1<k -1, 1<J<K K=7)
for all frequencies between 8 and 70 Hz and latencies:

1 ZN . (w(f,t),;wf,t)]j.)

PLVi 1 (6) =[S0 en

K'is the number of ROIs,i = 1,.., Y, j=1,.., €Y, € are the maximum
number of sub-ROls in ROI, and ROI,, respectively. In order to elimi-
nate the statistical bias due to the non-Gaussian distribution of phase-
locking values and the problem of spurious connectivity (Sekihara,
Owen, Trisno, & Nagarajan, 2011), we used normalized phase-locking
values, sometimes also referred to as ZPLV (Maris, Schoffelen, & Fries,
2007). In this measure, the principal condition (LP with (N;=70)

epochs) is normalized with respect to a baseline condition (HP with
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FIGURE 2 A schematic display of the statistical analysis for the comparison of functional connectivity between LP and HP conditions. (a) Two
example ROls are considered in left STG and IFG. ZPLV was computed for each sub-ROI connection, with ¥ = 9 and € = 9 maximum number of
sub-ROls. (b) Cluster-based statistics using one sample t-tests were done on the ZPLV values across all subjects at each sub-ROI pair. Two 2D
matrixes were generated based on the p-values and the sign of cluster masses. (c) LP and HP data were permuted and the cluster statistics
repeated 1,000 times to generate the null distribution. (d) Two p-values were assigned for LP > HP (left panel) and HP > LP (right panel) by
comparing the original total connectivity with the null distribution [Color figure can be viewed at wileyonlinelibrary.com]

(N, = 70) epochs), which addresses the bias (e.g., Khan et al., 2013), B. For the early time interval (no temporal resolution): Following
(Figure 2): our hypothesis for the early gamma effect, an additional power
N3 estimate was computed specifically for the time interval of

ZPLV,, 4 (t,f) = 5 (ta”h_l()P’-Vﬁ’J, (t, f)D -tanh™! (‘P’-Vm-(tv f)‘)) 0-200 ms from the noun onset in STG and MTG. To this end, we
applied Welch's method (with Hann window, window size = 200

ms) (Hayes, 1996; Stoica & Moses, 1997). We used the same

“N" represents the number of epochs. Note that the ZPLV formula
baseline power reference as in (A).

is simplified from Maris et al. (2007) because, in our case, N1 = No.

24.7 | Power computation 2.4.8 | Statistical analysis of functional connectivity:

A. Temporally resolved power estimates were separately averaged Correction in time, frequency and space

over epochs for both conditions, each subject and each sub-ROI. All statistics on the ZPLV, were carried out in three steps, focused in
Averaged power changes in the post stimulus interval (0-700 ms) time from O to 700 ms with increments of 2 ms, and frequencies from
were estimated as relative change from the baseline interval 8 to 70 Hz selected on a 34-point logarithmic scale (Kitzbichler et al.,
(averaged power of both conditions at sentence onset: —300 to 2015). The analysis strategy is depicted in Figure 2. This results in a
—100 ms). The aim of this analysis was to find out the potential very large number of comparisons calling for appropriate corrections.

confounding effect of power on connectivity results. We selected two nonparametric methods to account for this. First, for
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FIGURE 3 Functional connection between left LOF and left STG (a) and between right IFG and right MTG (b). For each panel, the left column is
the matrix of sub-ROI pairs that reached significance; the middle column shows the sub-ROls at the cortex, and the right column the time
frequency map of the sum of the t-values inside the cluster masks between the significant sub-ROls from the left column. In (a), the brain is
rotated to show all sub-ROls in LOF [Color figure can be viewed at wileyonlinelibrary.com]

each connectivity between a pair of sub-ROls, cluster-based statistics were
applied (Maris & Oostenveld, 2007). Second, statistical analysis over all
pairs was conducted using random permutations. In step (1): We used
p < 0.05 as the initial threshold, 1,000 permutations and one sample
t-tests as the test statistics. Please note that the normalized phase locking
value is a Z-score from the LP versus HP comparison, which is approxi-
mately normally distributed. The cluster statistic's output is a p-value,
cluster mass, cluster mask, and the t-values, for each cluster. A p-value
smaller than 0.05 indicates that the cluster is significant after multiple com-
parisons correction in time and frequency. The cluster mass is the sum of
the t-values of all vertices inside the cluster; a positive cluster mass means
LP > HP whereas negative means HP > LP. The cluster mask is a matrix
with the same dimensions as the tested plane (time by frequency). Values
of zero and one indicate which time and frequency bins belong or do not
belong to a cluster, respectively. Two additional masks are also generated:
One for the case LP > HP and a second for HP > LP. For significant
clusters (p < 0.05), we used cluster masses in the 2D matrix (Figure 2b). At
this stage we had a matrix with the size of Y x € corresponding to Y
sub-ROls in RO, and € sub-ROls in ROI, for LP > HP and a similar matrix
for HP > LP (Figure 2b). The sum of the cluster masses of each significant
pair of this Y x € matrix was called “original total connectivity”. Step (2): In
order to estimate the null distribution of this total normalized-connectivity,
we randomly flipped the sign of ZPLV at the subject level, without repeti-
tion, and conducted the cluster statistics (LP vs. HP) at each (I, J) sub-ROI
pair again. This step also corrected for multiple comparison in space (across
all sub-ROls) using maximum statistics (Figure 2c). By permuting LP and
HP conditions' datas 1,000 times and repeating the cluster statistics, we
ended up with a matrix of 1,000 permutation XY x € values as a null
distribution for LP > HP and HP > LP. Step (3): The null distribution was
compared with the nonpermuted original total connectivity of the
Y X € matrix, resulting in one p-value for LP > HP and one for HP > LP

corrected in time, frequency and space (Figure 2d).

In summary, multiple comparisons within each of the sub-ROls are
accounted for by the cluster analysis in time and frequency (Step 1) and
by the permutations approach (Step 2, 3) for the sub-ROls tests. Please
see (Mamashli et al., 2017) for more details on this method. Matlab
scripts are available online through our github repository (https://
github.com/fm897/NSR). Note that, we ignored ROI-to-ROI connec-
tions that would link adjacent ROIs as between STG and MTG or left
IFG and LOF. This is due to the fact that there is a strong point spread

effect in nearby areas; therefore the results may not be reliable.

249 |

A. With temporal resolution: Cluster statistics were used to compare

Statistical analysis of power

the power between two conditions in time (0-700 ms) and fre-
quency (8-70 Hz on a logarithmic scale with 34 steps) in each
sub-ROI. We used p < 0.05 as the initial threshold, 1,000 permu-
tations and paired t-tests to compare HP and LP conditions. Non-
parametric methods were then applied to correct for multiple
comparisons based on the number of sub-ROIs within each ROI.
B. For the early time interval (no temporal resolution): Gamma power
(31-70 Hz) was averaged across all vertices within each sub-ROI
and paired t-tests were used to compare the LP versus HP condi-
tions. In order to correct for multiple comparisons across all sub-
ROls, FDR correction was applied for each ROl with g = 0.05.

3 | RESULTS

3.1 | Functional connectivity

We found significantly stronger functional connectivity for LP than
HP in: left LOF-left STG (p = 0.03), right IFG-right MTG (p = 0.04),
and left LOF-right IFG (p = 0.04). The time-frequency map of the
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FIGURE4 Functional connection between left LOF and right IFG. (a) Matrix of sub-ROI pairs that reached significance, (b) time frequency map
of the sum of the t-values inside the cluster masks between the significant sub-ROls from (a). (c) Sub-ROls from a on the cortex. The brain in c
showing LOF is rotated to show all sub-ROls [Color figure can be viewed at wileyonlinelibrary.com]

conditional effect in these connections were as follows: In left LOF-
left STG beta and low gamma band, from 300 to 700 ms, was predomi-
nant (Figure 3a), in right IFG-right MTG, the effect was earlier, from O to
350 ms, and mainly in lower frequencies (<15 Hz) with some distributed
beta and low gamma (Figure 3b) and in left LOF-right IFG, the effect was
in beta (20-30 Hz) frequency, around the 300-500 ms time interval
(Figure 4). One connection showed a trend to be stronger in LP than HP:
left LOF-right STG (p = 0.1). The primary effect in left LOF-right STG
was in the beta band around 400 ms.

3.2 | Power

A. With temporal resolution: None of the ROIs showed a significant
difference in power between the two conditions. The power find-
ings are consistent with Wang, Zhu, and Bastiaansen (2012) in
which no difference was found between LP and HP conditions.

B. For the early time interval (no temporal resolution): We found a
significant gamma power (31-70 Hz) increase in the early time
window from O to 200 ms, for the HP compared with LP condition,
in left STG and MTG in anterior sub-ROls (Figure 5). The same
analysis did not yield any significant effects in any other ROls.

4 | DISCUSSION

The goal of the current study was to investigate the rhythmic cortical
interactions in semantic prediction and test the principles of predictive
coding in language comprehension. To that end, we measured inter-

cortical synchronization using phase locking values between bilateral

superior and middle temporal, inferior frontal and left orbitofrontal. In
general, the functional connectivity findings are consistent with our
hypothesis, illustrated in Figure 1, supporting the predictive coding model
of hierarchical information flow in semantic prediction. Increased PLVs
were found for LP compared with HP in three connections: left LOF-left
STG, right IFG-right MTG, and left LOF-right IFG. Interestingly, we
found increased gamma power for the first 200 ms of noun processing
in HP relative to LP, specifically in the left anterior STG and MTG.

Significant PLVs were observed for LP > HP between the left
STG and the left LOF from about 300 ms onward, mainly in the beta
and low gamma bands. Using transfer entropy, Park et al. (2015)
showed top-down information transfer from left frontal areas to the
auditory cortex in language processing. In addition, Cope et al. (2017)
recently demonstrated a causal connection from the left frontal to the
superior temporal area within beta band in predictive speech proces-
sing. Given the established role of the prefrontal and orbitofrontal
cortex in higher order language comprehension (Halgren et al., 1994;
Lau et al., 2008), our observation of larger PLVs for LP in the beta
band between the left LOF and STG may represent a top-down role,
in line with Lewis and Bastiaansen's model (Lewis & Bastiaansen,
2015). Increased beta band activity may also reflect the active mainte-
nance of the cortical network configuration responsible for the
construction and representation of the current sentence-level mean-
ing (Lewis & Bastiaansen, 2015).

In addition, we observed increased low gamma band PLVs for LP
compared with HP between the left STG and the left LOF from about
250 ms onward. Following our hypothesis of increased top-down and
bottom-up processing in LP nouns, here the low gamma PLVs may

represent stronger bottom-up information transfer from the left STG


http://wileyonlinelibrary.com

MAMASHLI ET AL.

WILEY-2¢

Gamma Power: LP<HP, 0-200 ms

T-value

FIGURE 5 T-values for all sub-ROls in left STG and MTG when
comparing the gamma power between the two conditions in the time
window (0-200 ms). Negative t-value means LP < HP. Sub-ROls with
t-values less than —2.2 are significant with FDR correction [Color
figure can be viewed at wileyonlinelibrary.com]

to the left LOF required to process the LP nouns. This is consistent
with the general theory of associating gamma oscillations with
feedforward processing (Bastos et al., 2012, 2015; Khan et al,,
2018; Obleser, 2016; Sedley et al., 2016; Wang, 2010). However,
this has not been established in language processing literature. The
majority of studies have focused on power analysis, whereas
oscillatory-based functional connectivity investigation, particularly
in semantic processing is sparse. Therefore, future studies are
needed to shed more light on the role of gamma band oscillations
in the inter-regional communication during semantic prediction.
We also observed increased alpha band PLVs in the 0-300 ms
time window for LP, as compared with HP nouns, between right MTG
and right IFG. We interpret these as bottom-up connections in agree-
ment with Schoffelen et al. (2017), who found using granger causality
connections originating from temporal areas to peak also at the alpha
frequency range. Similarly, Cope et al. (2017) demonstrated causal
connections from temporal to frontal areas in alpha band in a speech
perception task. The relatively early time window (0-300 ms) and
the stronger PLVs within the alpha band for the LP condition further
supports the view of bottom-up information transfer. Further studies
are required to estimate the direction of information transfer between
cortical areas in semantic prediction using, for example, electro-
corticogram (ECoG) data offering significant higher signal to noise
ratio (Fontolan, Morillon, Liegeois-Chauvel, & Giraud, 2014).
Contextual information available in predictive verbs, coming
before HP nouns, allows for the generation of constraining predictions
about the upcoming noun and hence pre-activation of aspects of the
semantic features of the upcoming noun (Maess et al., 2016; Wang
et al., 2012). We hypothesized that this predictive information is avail-
able for HP noun processing in the early time window (<200 ms) and
tested whether it is represented in gamma power. Out of 7 tested
areas, the anterior part of left STG and MTG showed larger gamma
power for HP than LP nouns. Increased gamma band power in HP
compared with LP words within a sentence is previously reported by
(Obleser & Kotz, 2011). In parallel, Lau, Gramfort, Hamalainen, and
Kuperberg (2013) have found left anterior temporal cortex to facilitate
top-down expectation in lexical semantic prediction in fMRI and MEG

experiments. In addition, anterior temporal cortex activation has been

found, in response to adjectives, that related to their predictive infor-
mation on subsequent nouns (Fruchter, Linzen, Westerlund, & Marantz,
2015). In combination, greater gamma power of HP nouns, compared
with LP, in left anterior temporal cortex may indicate that low and mid
gamma oscillations are involved in the comparison of the prediction
and the actual input (Grossberg, 2013; Grossberg & Seidman, 2006;
Herrmann, Munk, & Engel, 2004). This is consistent with the proposed
model of Lewis and Bastiaansen (2015). This idea is further supported
by a recent study (Wang, Hagoort, & Jensen, 2018) demonstrating that
gamma power is more strongly correlated, between noun prediction
and the actual processing of the noun, when the prediction matches
the subsequently processed word, as opposed to when the prediction
is violated.

Our hypothesis of more processing in LP, as compared with HP
nouns, and increased power in HP rather than LP nouns may seem
incongruent. To further clarify, it is helpful to note that more processing
in LP nouns may include more processing at most ROIs and especially
more inter-regional communication between ROIs. The latter is because
the network is certainly more active during LP nouns. Interestingly,
we found larger gamma power in the anterior temporal area for HP
compared with LP nouns in the very early time interval (<200 ms). This
is the time interval during which the prediction is confirmed by the
actual input within the lower hierarchical ROls. Communication within
the network remains at a low level in HP noun, though. Therefore, in a
later time window (>250 ms), we found increased PLVs in LP compared
with HP nouns.

Lastly, there are numerous studies on the functional segregation
of N400 neural sources (Friederici, 2002; Hagoort, 2008; Halgren
et al.,, 2002; Jung-Beeman, 2005; Kujala, Alho, Service, limoniemi, &
Connolly, 2004; Lau et al., 2008; Maess, Herrmann, Hahne, Naka-
mura, & Friederici, 2006; Maess et al., 2016). However, studies on the
oscillatory dynamics of functional connections underlying this effect
are quite sparse. Mellem, Friedman, and Medvedev (2013) found
greater coherence between anterior and posterior EEG sensors for
unrelated conditions, relative to related, in the theta band over the
time windows 150-425 ms and 600-900 ms. It is worth noting that
sensor level coherence estimates have the disadvantage of being
more prone to produce spurious results than source-level estimates
(Schoffelen & Gross, 2009) and also leave the cortical origins of the
effects ambiguous. Thus, our article is among the first to present
direct oscillatory representations of functional connectivity during
N400 generation.

5 | CONCLUSION

In summary, we investigated functional connectivity modulation dur-
ing a classic N40O paradigm in which identical target nouns were
either less predicted (LP) or highly predicted (HP) in simple sentences.
Normalized phase-locking values of LP relative to HP were estimated
between relevant temporal and frontal ROIs. We found that func-
tional connectivity increased for LP compared with HP nouns in gen-
eral and in three specific connections: left LOF-left STG within beta
and low gamma, right IFG-right MTG within alpha, and left LOF-right
IFG within beta band. This is consistent with predictive coding theory,
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which proposes reduced information flow between hierarchically
organized cortical areas for an HP in contrast to an LP target word.
We found increased beta band phase-locking value between left LOF
and left STG as well as left LOF and right IFG in LP compared with HP
nouns, which is in agreement with a recent hypothesis of beta band
involvement in top-down processing. Lastly, low gamma band power
was increased for HP compared with LP nouns during an early time
window of processing in left anterior temporal cortex, supporting the
idea that low gamma oscillations may mediate the matching between
the prediction and the input.
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