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Abstract
The sensorimotor dorsal stream is known to activate in both overt and covert speech production. However, overt produc-
tion produces sensory consequences that are absent during covert production. Thus, the purpose of the current study is to 
investigate differences in dorsal stream activity between these two production conditions across the time course of utter-
ances. Electroencephalography (EEG) was recorded from 68 channels while 23 participants overtly (Op) and covertly (Cp) 
produced orthographically cued bisyllabic targets. Sensorimotor mu and auditory alpha components (from anterior and 
posterior aspects of the dorsal stream) were identified using independent component analysis (ICA). Event-related spectral 
perturbation (ERSP) analyses identified changes in mu and alpha oscillatory power over time, while intercomponent phase 
coherence (IPC) measured anterior–posterior connectivity in the two conditions. Results showed greater beta (15–25 Hz) 
suppression during speech planning across left and right hemisphere sensorimotor and temporal ICs for Op relative to Cp. 
By contrast, greater intrahemispheric beta coherence was observed for Cp compared to Op during speech planning. Dur-
ing execution, greater beta suppression was observed along with greater low frequency (< 10 Hz) power enhancement and 
intrahemispheric phase coherence in Op compared to Cp. The findings implicate low frequency sensorimotor and posterior 
temporal phase coherence in the integration of somatosensory and acoustic feedback in overt relative to covert execution. 
Findings are consistent with early frontal–temporal forward models involved in planning and execution with modulations 
depending on whether the task goal is internal or overt syllable production.
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Introduction

Dual-stream models of language posit that a left-lateralized 
dorsal sensorimotor network mediates speech production 
and the conversion of auditory information into the motor 
commands required to produce auditory targets (Hickok and 
Poeppel 2007). In the dual-stream model, internal models 
of motor control initiated in premotor and motor regions 
internally simulate the sensory consequences of speech 
and subsequently compare those consequences with overt 
sensory outcomes in somatosensory and auditory regions 
(Hickok et al. 2011; Tian and Poeppel 2012; Hickok 2012; 
Guenther and Hickok 2015). Consistent with those mod-
els, neuroimaging studies have demonstrated that common 
neural substrates mediate both internal imagery of speech 
(i.e., covert speech production; Cp) and overt production 
(Op) (Price 2012). Further, despite the absence of true sen-
sory consequences, subjects engaged in imagined speech 
production experience quasi-perceptual internal auditory 
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and somatosensory consequences of speech, suggesting 
that internal simulation and overt execution rely on similar 
mechanisms (Hickok 2012; Tian and Poeppel 2012). Despite 
similarities, neuroimaging studies comparing imagined to 
overt speech production also show differences between Cp 
and Op (Murphy et al. 1997; Shuster and Lemieux 2005). 
In particular, overt execution of speech is associated with 
greater activation in the premotor cortex (PMC), primary 
motor cortex (M1), left insula, and left posterior superior 
temporal gyrus (pSTG), suggesting greater activation related 
to processing motoric execution and associated sensory feed-
back (Shuster and Lemieux 2005). Despite neuroimaging 
evidence supporting overlap in cortical networks and dif-
ferences in the magnitude of activation in Op and Cp, to our 
knowledge no studies have investigated how connectivity 
between motor and sensory regions is dynamically altered 
on a millisecond time-scale.

Although it is yet unclear how sensorimotor connectivity 
is modulated by Cp, it has been suggested that Cp follows a 
sequential activation pattern analogous to that in Op (Tian 
and Poeppel 2012). From this perspective, mental imagery 
in general is a top-down process that adapts the sequence of 
events in sensorimotor integration for overt production to 
the task of internally formulating and experiencing sensory 
goals (Tian and Poeppel 2012). In such cases, sequential 
estimation requires that motor plans induce somatosensory 
and subsequent (Tian and Poeppel 2012) or parallel internal 
auditory estimates related to quasiperceptual experiences 
(Rauschecker and Scott 2009; Hickok 2012; Guenther and 
Hickok 2015). It is as yet unclear whether activity associated 
with Op relative to Cp is lateralized to the left hemisphere 
or more bilaterally organized. Some studies have reported 
left lateralization for Op relative to Cp (Hickok et al. 2009; 
Murakami et al. 2015) while others report more bilateral 
organization for both Cp and Op, depending in part upon the 
analysis approach and task employed (Tremblay and Small 
2011; Simmonds et al. 2014; Cogan et al. 2014). In addi-
tion to Op and Cp execution, one version of a dual-stream 
model of language (Hierarchical state feedback control 
model; HSFC) also proposes forward models prior to execu-
tion may play an important role in speech planning (Hickok 
2012; Guenther and Hickok 2015). A strong prediction of 
that account is that sensory-phonological regions encoding 
the target and motor-phonological regions related to plan-
ning movements are activated in parallel (Hickok 2012). 
From this point of view, both Cp and Op would be expected 
to involve a forward model just following the selection of a 
speech target with modification when overt sensory feedback 
is anticipated (i.e., Op compared to Cp).

One potential way to test predictions from internal models 
is to examine millisecond temporal resolution ‘neural oscil-
lations’ after the selection of speech syllable targets (i.e., 
speech planning) and in subsequent execution. Although 

relatively few studies have investigated neural oscillations 
in both Op and Cp (Jenson et al. 2014; Jenson et al. 2015), 
emerging principles derived from a dual-stream model and 
state feedback motor control models have been proposed 
(Hickok and Poeppel 2007; Giraud and Poeppel 2012; 
Hickok 2012). Collectively, those accounts suggest that low-
frequency phase coherence and increases in power (< 10 Hz) 
are consistent with theoretical models of speech production 
proposing that speech planning and production are tempo-
rally organized along coherent oscillations converging at 
time constants consistent with the syllable unit (~ 200 ms) 
(MacNeilage 1998; Ghitza 2012; Giraud and Poeppel 2012; 
Hickok 2012; Gross et al. 2013; Doelling et al. 2014; Asse-
neo and Poeppel 2018). Therefore, one prediction from those 
models is that both Op and Cp should involve increased low 
frequency power and phase coherence between motor and 
sensory regions, with differences in the magnitude of coher-
ence during overt execution (i.e., overt sensory feedback) 
compared to covert execution. However, to our knowledge, 
no studies have measured both power and phase coherence in 
sensorimotor and auditory sensory regions on a millisecond 
time-scale coinciding with speech planning and execution 
time-periods, respectively.

Neural oscillations in speech planning

While it is still unclear how neural oscillations are related 
to Op and Cp speech planning, a small body of work has 
investigated event-related time–frequency changes follow-
ing auditory or orthographic cues but prior to imagined or 
overt execution (i.e., speech planning). In two complemen-
tary electrocorticographic (EcoG) studies of overt and covert 
planning and subsequent production, it was demonstrated 
that power in the gamma (40–100 Hz), alpha-mu (8–12 Hz), 
and beta bands (15–20 Hz) were similar across premotor, 
motor, somatosensory, and auditory regions, with enhanced 
responses in sensory (e.g., pSTG/Wernike’s area) and motor 
regions (e.g., M1) during Op relative to Cp (Pei et al. 2011a, 
b). Additionally, alpha-mu suppression (i.e., power decrease) 
(8–13 Hz) distinguished vowels in Cp and Op conditions, 
suggesting that alpha-mu suppression may play a role in 
vowel encoding in both speaking conditions (Pei et  al. 
2011a). In addition to EcoG findings, a recent magnetoen-
cephalographic (MEG) study acquired data during the ‘set-
up’ of the speech oscillatory networks following a visual cue 
that indicated whether upcoming speech would be produced 
overtly or covertly (Gehrig et al. 2012). That study showed 
bilateral power enhancement maximal at low frequencies 
in frontal regions (e.g., superior frontal gyrus) for both 
conditions relative to a baseline, suggesting enhancements 
in the delta–theta bands are generally related to the set-up 
of the speech network. Further, left-lateralized beta band 
suppression in the medial and more lateral premotor cortex 
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and pSTG was greater for overt compared to covert speech 
planning, while alpha suppression was greater in the medial 
premotor cortex and middle temporal gyrus only (Gehrig 
et al. 2012). Taken together, those findings implicate alpha/
beta suppression and low frequency enhancement in speech 
planning.

While a number of studies have focused on oscillatory 
power, fewer studies have investigated correlations between 
the phase of oscillations in frontal and temporal lobe regions 
during planning in Op and Cp. In the Gerhig et al. (2012) 
study, time-independent causal modeling analysis of phase 
coherence indicated that connectivity in the alpha and beta 
bands was best explained by both bottom-up and top-down 
connections across premotor, sensorimotor, parietal, and 
temporal regions. A more recent study employed a speech 
motor adaptation paradigm in which FAF was used to alter 
auditory feedback to vowel production to examine gamma 
and theta band coherence of the electroencephlagraph (EEG) 
in early and later trials in both speech planning and execu-
tion (Sengupta and Nasir 2015). A decrease in theta and 
gamma coherence was found at frontotemporal electrodes 
for late compared to early training (i.e., early trials) while 
theta and gamma increased at central electrodes for the same 
training periods. Differences in frontotemporal coherence 
occurred in both the planning and execution time-periods, 
suggesting that feedforward maps were progressively estab-
lished as participants adapted to perturbed sensory input 
(Sengupta and Nasir 2015).

Taken together, findings in speech planning suggest 
that power enhancements at low frequencies (< 10 Hz) and 
power suppression in the alpha/beta bands are related to both 
Op and Cp speech planning. In addition, the evidence also 
implicates phase coherence across frontal motor and tem-
poral lobe sensory regions in those same frequency bands 
during speech planning. However, because studies have not 
compared Op and Cp, it is as yet unclear from the current 
literature whether power and coherence in frontotemporal 
regions are modified by the expectation of overt auditory 
and somatosensory consequences in anticipation of overt 
execution. Such investigations are important in light of inter-
nal model proposals, suggesting that forward models in the 
dorsal stream are implicated in speech planning as well as 
execution and predict differences depending on whether 
speech is internally or overtly realized (Hickok 2012; Tian 
and Poeppel 2012).

Neuronal oscillations in speech execution

While few studies have directly compared measures power 
and phase coherence focusing during Op and Cp execu-
tion (Pei et al. 2011b), a number of studies have investi-
gated those same measures focusing on the execution of 

speech with and without altered auditory feedback (AAF). 
One event-related EEG study focusing on event-related 
power demonstrated low frequency delta (1–4 Hz) and 
theta (4–7 Hz) power increases over the frontal lobes just 
following pitch-shifted feedback, suggesting that power 
at low frequencies is related to the integration of sensory 
consequences (Behroozmand et al. 2015). Complementary 
findings from the study of event-related potentials (ERPs) 
suggested that adaptive vocal responses were negatively 
correlated with parietal ERPs and positively correlated 
with frontal–central ERPs, consistent with the notion that 
pitch-shifted feedback reprograms feedforward motor 
commands by integrating auditory feedback (Behrooz-
mand and Sangtian 2018). In the most recent study, 
Franken et  al. (2018) found left hemisphere increases 
power in a 4–10 Hz band and a 12–16 Hz band during 
small (25 cents) pitch changes, suggesting that power 
enhancements in those bands were related to sensorimo-
tor integration during pitch shifts as opposed to cognitive 
changes related to adaptation/conscious awareness. Taken 
as a whole, the few studies that have focused on a time-
sensitive measure of power suggest that enhancements in 
low frequency power and suppression in alpha/beta bands 
are related to the integration of sensory feedback during 
speech execution.

In addition to studies focusing on power, a few stud-
ies have also investigated the role of interregional oscil-
latory phase coherence in sensorimotor integration during 
speech execution. Wang et al. (2014) reported localized 
phase coherence between prefrontal regions (including the 
IFG) and the pSTG prior to vowel production at frequen-
cies < 10 Hz that was related to subsequent sensory sup-
pression (i.e., N1 suppression), suggesting that coherence 
between temporal-sensory and frontal-motor regions at 
low frequencies in speech planning is related to conver-
gence between forward and inverse models during overt 
execution (Wang et al. 2014). Evidence from an EcoG 
study of coherence between the dorsal premotor cortex 
and IFG with the pSTG also implicate low frequency theta 
(4–7 Hz) coherence in audiomotor integration following 
pitch-shifted feedback along with gamma-band coherence 
(Kingyon et al. 2015). Finally, while Sengupta and Nasir 
(2015) demonstrated robust phase coherence at theta fre-
quencies during planning, they also found frontotemporal 
coherence during execution with auditory perturbation of 
vowels, further suggesting that low frequency coherence in 
planning is related to the integration of auditory feedback 
in execution. As such, evidence from studies of power and 
interregional phase coherence implicate low frequencies 
between frontal motor and temporal sensory regions in 
audiomotor integration during execution.
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Independent component analysis of EEG in speech 
production

Consistent with previous electromagnetic studies, investiga-
tions of Op and Cp production using a blind source sepa-
ration (BSS) approach known as independent component 
analysis (ICA) of EEG data have also demonstrated low fre-
quency increases in power and alpha/beta suppression. The 
advantages of using a BSS approach, such as ICA, is that it 
does not require the selection of electrodes, ROIs, or aver-
ages over preselected time–frequency bins. In addtion, it is 
a robust means of removing movement-related artifact and 
accounts for the well-known volume conduction problem in 
the interpretation of EEG data (Makeig et al. 2004; Delorme 
et al. 2012). Studies conducted using this methodology have 
shown bilateral alpha and beta suppression in sensorimotor 
mu (µ) and posterior temporal lobe alpha (α) rhythms in vis-
ually cued Op and Cp consonant vowel syllable production 
tasks (Jenson et al. 2014, 2015). Jenson et al. (2014) dem-
onstrated bilateral sensorimotor mu suppression during both 
Cp and Op, with significantly greater suppression occurring 
during speech execution in the Op condition. A second study 
examining alpha rhythms with source estimates in the poste-
rior temporal lobe demonstrated alpha and beta suppression 
prior to overt execution, followed by diminished suppression 
in the alpha band and enhancement in theta band coinciding 
with overt execution (Jenson et al. 2015). During the same 
time-period, alpha and beta suppression peaked in the left 
and right sensorimotor components, suggesting that early 
temporal lobe alpha was associated with an internal model 
of speech production that was subsequently suppressed dur-
ing overt execution along low frequencies. While findings 
in that study were interpreted as consistent with sensory 
suppression in the posterior temporal lobe related to early 
sensorimotor forward models (Houde and Nagarajan 2011), 
the evidence was circumstantial as it did not provide a meas-
ure of phase coherence between sensorimotor and posterior 
temporal lobe components.

While previous studies of Op and Cp demonstrated acti-
vation in sensorimotor mu and posterior temporal lobe com-
ponents implicating interregional communication for speech 
production, those studies did not explore measures of phase 
coherence between components on a millisecond timescale. 
Further, the aim of those studies was to examine time–fre-
quency activations in the time period following the cue to 
execute speech (i.e., the execution time period) as opposed 
to the speech planning period just following the orthographic 
cue. Given predictions from internal model proposals and 
previous electromagnetic evidence examining speech plan-
ning, increases in processing would be expected for Op rela-
tive to Cp in that time period in addition to the time period 
during execution. As such, one aim of the current study was 
to extend time–frequency analysis of power and phase to the 

speech planning time period. A second aim of the current 
study was to examine interregional phase coherence in Op 
and Cp in both planning and execution similar to previous 
studies investigating Op (Wang et al. 2014; Kingyon et al. 
2015).

Differences in neural oscillations between Op and Cp in 
speech planning and execution would be expected because 
overt sensory feedback must be integrated with forward 
models in the Op condition while the Cp condition requires 
internal realization of syllable targets. Thus, it was hypoth-
esized that oscillatory dynamics would show low power 
increases and alpha/beta suppression in sensorimotor mu and 
temporal lobe alpha components during planning for both 
Op and Cp. However, if forward models during planning are 
important for subsequent sensorimotor integration during 
execution, greater low frequency enhancement and alpha/
beta suppression would be expected both during overt plan-
ning due to the anticipation and subsequent presence of overt 
sensory feedback in the Op condition. With regard to phase 
coherence between sensorimotor and temporal components, 
enhancements in low frequency (< 10 Hz) coherence were 
expected in the overt relative to covert execution time period 
during which overt sensory feedback must be compared with 
the forward model initiated during speech planning. In addi-
tion, earlier low-frequency phase coherence during covert 
execution was also expected due to the lack of a need to 
integrate delayed, overt sensory feedback during execution. 
In other words, because overt sensory feedback lags behind 
internal estimates, low frequency coherence was expected to 
occur earlier in the covert relative to overt condition.

Methods

Participants

Twenty-three right-handed native English speakers were 
recruited from the audiology and speech pathology pro-
gram at the University of Tennessee Health Science Center. 
Participants (3 male) had a mean age of 25.16 years (range 
21–46) and no history of hearing, cognitive, communicative, 
or attentional disorders. The Edinburgh Handedness Inven-
tory was administered to establish handedness dominance 
for each subject (Oldfield 1971). The study was approved 
by the Institutional Review Board for the University of Ten-
nessee Health Science Center and each participant provided 
written, informed consent prior to participation.

Stimuli

A timeline for the overt and covert production tasks is shown 
in Fig. 1. Syllable stimuli were combined to create syllable 
pairs such that half of the stimuli consisted of identical pairs 



709Experimental Brain Research (2019) 237:705–721	

1 3

(e.g., /ba ba/) and half of the stimuli contained different pairs 
(e.g., /da ba/). Targets for the Cp and Op (i.e., speech pro-
duction) conditions consisted of syllable pairings presented 
via graphemes (e.g., /ba da/). Visual stimuli for production 
were presented at the center of the visual field on Micro-
soft PowerPoint slides consisting of white text on a black 
background (Arial font, size 56) subtending a visual angle 
of 1.14 degrees.

Procedure

The experiment was conducted in an electrically and mag-
netically shielded, double-walled, sound-attenuated booth. 
Participants were seated in a comfortable chair with their 
heads and necks well supported. Stimuli were presented 
and button press responses were recorded by a PC com-
puter running Compumedics NeuroScan Stim 2 software, 
version 4.3.3. Visual stimuli were presented on a monitor 
(69.5 × 39.0 cm) placed 132 cm in front of the participant’s 
chair. Visual stimuli (syllable pairs) remained on the screen 
for 2000 ms, and participants were instructed to begin their 
production when the visual stimuli disappeared. Thus, 
stimulus offset (i.e., removal) was the response cue in the 
production conditions. The stimulus was held on the screen 
prior to production to reduce working memory demands in 
the subsequent production. In the Op speaking condition, 
participants were instructed to produce the syllable pairs in 
their normal speaking voice and at a natural rate following 
the cue to speak. All overt productions were complete within 
the 2000 ms window between the response cue and the end 
of the trial epoch. Each of the conditions were comprised 
of 2 blocks of 40 trials each. Both the order of conditions 
and block presentation were randomized using an algorith-
mic random number generator for each subject prior to the 
experiment.

Data acquisition

Sixty-eight electrodes were used to acquire EEG and sEMG 
data. EEG data were acquired using an unlinked, sintered 
NeuroScan Quik Cap with 64 of the channels placed on the 
scalp according to the extended international standard 10–10 
system, along with two mastoid reference channels (M1) and 

(M2) (Chatrian et al. 1985). The other four channels were 
used for collecting various types of artifact. The electro-ocu-
logram was recorded by means of two electrode pairs placed 
above and below the orbit of the left eye (VEOL, VEOU) 
and on the medial and lateral canthi of the left eye (HEOL, 
HEOR) to monitor vertical and horizontal eye movements, 
respectively. The electro-cardiogram was recorded from one 
channel placed over the carotid artery. The sEMG channel 
was recorded from two recessed electrodes placed above 
and below the lips to capture movement potentials arising 
from the OO complex. In accordance with previous studies, 
the superior electrode was placed to the right of the phil-
tral ridges and the inferior electrode was placed just below 
the mentolabial sulcus in line with the superior electrode. 
Although the activity from single muscles cannot be meas-
ured from perioral recordings (Blair and Smith 1986; Stepp 
2012), the sEMG signals from perioral structures are associ-
ated with the activity of muscles involved in oral opening/
closing (Gracco 1988).

All electrophysiological data were recorded using Com-
pumedics NeuroScan 4.3.3 software in tandem with the Syn-
amps 2 system. During data acquisition, electrophysiological 
data were band pass filtered (0.15–100 Hz) and digitized 
with a 24-bit analog-to-digital converter at a sampling rate 
of 500 Hz. The orthographic visual stimuli for subsequent 
production were shown on the screen for 2000 ms prior to 
removal, which served as the cue to produce the stimulus. 
Data collection was time locked to the removal of the ortho-
graphic cue in both production conditions (Cp and Op). The 
impedances of all electrodes were measured at 30 Hz before, 
during, and following testing and were never greater than 
5 kΩ. All subsequent data preprocessing was implemented in 
Matlab and EEGLABv12.4b, an open source Matlab signal 
processing toolbox designed for event-related EEG analysis 
(freely available at http://sccn.ucsd.edu/eegla​b/).

Data processing

Data processing was accomplished using a series of steps 
reported in previous studies at the individual and group 
levels (Bowers et al. 2013, 2014, Jenson et al. 2014, 2015; 
Cuellar et al. 2016; Saltuklaroglu et al. 2017). In the indi-
vidual level analysis, two 40 trial blocks for each condition 

Fig. 1   Timeline of one trial in the Op and Cp conditions. A timeline of one trial from − 3000 ms prior to the orthographic cue to 2000 ms fol-
lowing the cue to produce speech in both the Op and Cp conditions

http://sccn.ucsd.edu/eeglab/
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were appended, independent component analysis (ICA) was 
applied across condition for each participant, and estimates 
of dipole locations were computed for all components for 
each participant. In the group analysis, the STUDY module 
in EEGLAB v12 was used to perform time–frequency and 
spectral analysis on nonartifactual components (i.e., neu-
ral components). Subsequently, components were clustered 
across participants using K-mean principle component clus-
tering. Dipole locations, event-related spectral perturbations 
(ERSPs) and intercomponent phase coherence (IPCs) were 
examined. The details of each step in both the individual 
and group level analyses are described in more detail in the 
sections below.

Independent component analysis

In the first step, unprocessed EEG/sEMG data files from 
the two 40 trial blocks for each condition were appended to 
create one dataset per condition per participant. To reduce 
the time required to process data files, the two 40 trial blocks 
were appended and then digitally downsampled to 256 Hz 
using a cubic spline interpolation method. Trial epochs of 
5000 ms (ranging from − 3000 to + 2000 ms around time 
zero) then were extracted from the continuous EEG data 
resulting in 80 trials per condition (240 total trials). Follow-
ing epoching, the data were then filtered from 1 to 30 Hz 
using an FIR (linear finite impulse response), zero-phase 
filter with a rolloff of 12 dB per octave. As ICA has been 
shown to be effective for separating non-neural signals that 
contribute highly repetitive artifact all epochs containing 
gross, non-repeating (i.e., one-time artifact) greater than 
200 microvolts were removed (Makeig et al. 2004). A mini-
mum of 50 useable trials per subject per participant across 
conditions was required for inclusion in the analysis. This 
single trial noise reduction step resulted in a mean of 65 tri-
als contributed per block. In the second step, the unaveraged, 
preprocessed data were decomposed using ICA. ICA was 
performed using the binary version of the extended infomax 
algorithm (i.e., the binica algorithm). The informax algo-
rithm spheres the data prior to ICA rotation and returns a 
complete ICA decomposition resulting in the same number 
of components as the number of original channels (Lee et al. 
1999). ICA was implemented with an initial learning rate of 
0.001 and the stopping weight set to 10-7. ICA decomposi-
tion yielded 68 ICs for each participant, corresponding to the 
number of recording electrodes. The resulting square weight 
matrix (68 × 68) was applied to each participant, yielding 
a single set of IC weights for each experimental condition 
expressing independence in the data. The process allows for 
a comparison of condition differences for the same set of 
component weights across experimental conditions. Thus, 
because the Op condition was associated with highly repeti-
tive and identifiable sEMG artifact, it was possible to isolate 

a set of IC weights consistent with the sEMG signal in each 
condition.

IC source estimation

In the third step, equivalent current dipole models (ECD) 
were generated for each component using a standard tem-
plate boundary element model (BEM) in the DIPFIT tool-
box, an open source Matlab plugin available at http://www.
sccn.ucsd.edu/eegla​b/dipfi​t.html (Oostenveld and Oosten-
dorp 2002). Prior to ECD estimation, an average common 
reference was computed. After computing the average com-
mon reference, Cartesian electrode coordinates according 
to the international 10-10 system were warped to the BEM. 
The EOG, ECG, and mastoid electrodes were omitted from 
dipole fitting due to lack of standard placement. Automated 
coarse and fine fitting to the BEM yielded a single dipole 
model for each of the 1564 ICs (23 × 68). Dipole localiza-
tion using the DIPFIT toolbox involves a back projection 
of the signal to a potential source that could have gener-
ated the signal, followed by computing a forward model that 
accounts for the highest proportion of variance in the scalp 
topography. IC sources are proposed to represent Cm3 syn-
chronized cortical patches adequately represented by a single 
dipole (Delorme et al. 2012). The percentage of residual 
variance (RV) represents the proportion of variance in the 
original scalp recorded signal not accounted for by a single 
dipole model. An RV of < 15% suggests a good fit between 
the dipole estimate and IC scalp topography (Makeig et al. 
2004; Delorme et al. 2012).

Following dipole fitting, ICs were evaluated and classified 
using three criteria. First, an automated algorithm designed 
for rejection of IC artifactual components known as the mul-
tiple artifact rejection algorithm (MARA) was used to tag 
likely neural and non-neural electrophysiological compo-
nents (Winkler et al. 2014). MARA uses a pre-trained linear 
classifier to detect non-neural component features including 
fit error, the absence of distinct alpha peaks typical of neural 
components, local skewness, scalp-topographic features, and 
current density norm. These features are used to estimate the 
probability that a given IC is artifactual in origin. Second, 
scalp maps and log spectra were also visually inspected for 
indicators of non-brain artifact including abnormal spectral 
slope and topographic distributions known to be associated 
with eye-movement and myogenic artifact. Artifacts identi-
fied as myogenic then were visually inspected for move-
ment-related potentials consistent with the original sEMG 
channel. Third, ICs consistent with lip-related sEMG single 
trial and average sEMG potentials were computed using the 
erpimage function in EEGLAB and 1280 time points. The 
single trial and average ERPs were used to inspect trial-by-
trial potential increases in both the identified sEMG ICs and 
original sEMG channel. The aim of the early classification 

http://www.sccn.ucsd.edu/eeglab/dipfit.html
http://www.sccn.ucsd.edu/eeglab/dipfit.html
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process was to identify potential sEMG sources identified 
by ICA.

Group level analysis

In the fourth and final step, ICs were clustered across par-
ticipants and conditions using K-means principal component 
analysis (PCA) clustering for ICs fit with a dipole model 
with < 15% RV. Because the hypothesized regions are 
known to have distinct spectra, dipole estimates, and scalp 
topographies all three measures were precomputed for each 
component prior to PCA clustering and used in the cluster-
ing analysis (Bowers et al. 2014; Jenson et al. 2014, 2015). 
Log spectra were computed using a fast Fourier transform 
(FFT) from 1 to 30 Hz using a window length of 256 points. 
Scalp topographies were computed as 68 channel (x, y) map 
gradients. ECD models were precomputed in the manner 
described in the previous step. Components more than three 
standard deviations from any cluster mean were excluded 
from further analysis. The number of final dimensions for 
the PCA was set to 10. 20 possible clusters were considered 
based on the mean of the components with neural sources 
identified in a previous step. Following PCA clustering, a 
measure of dipole density was computed to characterize the 
variability of dipole location across components belonging 
to the cluster (Delorme et al. 2012).

For the sEMG components, a statistical toolbox known as 
Corrmap was used to correlate IC scalp topographies asso-
ciated with increases in lip-related sEMG amplitude (Viola 
et al. 2009). Corrmap was designed for the quantification 
of relationships between similar artifact related IC scalp 
topographies. Corrmap uses an initial template dataset and 
the corresponding IC to identify similar scalp maps across 
IC decompositions applying an automatically determined 
threshold derived from an iterative process. In the first step, 
the inverse weights from a selected template are correlated 
with all ICs from all datasets entered. Here, as only one 
sEMG IC per participant was identified using MARA and 
erpimage, the number of contributing components per par-
ticipant was restricted to one. In other words, because all 
datasets for the same subject had the same ICA decomposi-
tion, only one map from a dataset was required. The mean 
correlation of a cluster resulting from the initial step is com-
puted using Fisher’s Z transform accounting for non-normal 
distribution of correlation values. Following RMS normali-
zation of the mean map, the average map is then used as a 
new template and the initial process described in the first 
step is repeated with the aim of determining the dependence 
of the average map on the initial template. A value close 
to 1 indicates that the average map is robust to the selec-
tion of the initial map template. A more detailed discussion 
and data-driven proof of concept for the Corrmap algorithm 
may be found in Viola et al. (2009). Inter-rater reliability 

between Corrmap IC identification and a human rater (first 
author) using single-trial sEMG potentials to identify the 
component was computed using Krippendorff’s alpha (Krip-
pendorff 2013). For each sEMG IC identified by Corrmap, 
single trial and average ERP images computed in a previ-
ous step were used to confirm that event-related movement 
potentials were consistent with the original sEMG channel. 
Finally, as unprocessed sEMG signals have both positive 
and negative polarities, sEMG signals must be full-wave 
rectified prior to statistical comparisons of sEMG poten-
tials across conditions. As such, sEMG signals were rectified 
prior to the computation of sEMG potentials and stored in a 
1/1280 matrix for later averaging and statistical comparisons 
between conditions.

Following PCA, neural clusters were inspected and 
adjusted using the following steps. First, each cluster was 
identified using now well-known topographic distributions, 
spectra, and dipole location estimates used in previous stud-
ies (Bowers et al. 2013, 2014; Jenson et al. 2014, 2015). 
Lateral sensorimotor clusters (i.e., the µ rhythm clusters) 
were identified by characteristic spectral peaks at ~ 10 and 
20 Hz, dipole estimates in a region from the precentral gyrus 
to the posterior central sulcus/ postcentral gyrus, and topo-
graphic maps centered over the sensorimotor cortex. Tem-
poral lobe clusters were identified by characteristic spectra 
with a distinct peak at ~ 10 Hz, dipole estimates clustered 
in the superior temporal gyrus/superior temporal sulcus, 
and topographic maps centered over the posterior temporal 
lobe. Second, to adjust for ICA over-fitting known to occur 
with high-density arrays, in cases where one participant sub-
mitted two components in the same cluster (e.g., two left 
hemisphere µ components), the component with a dipole 
model accounting for the highest percentage of RV in the 
scalp-map was selected. The rationale for this approach is 
that scalp topographies contributing the least mutual infor-
mation in ICA decompositions are more dipolar, and con-
sequently, have lower residual variance in accounting for 
scalp topographies (Delorme et al. 2012). The inclusion of 
only one IC from each participant also addresses concerns 
that subsequent statistical tests may be weighted toward a 
single participant contributing a higher number of ICs in a 
given cluster. Increases and decreases in spectral power from 
a 1000-ms prestimulus baseline were computed for each 
component across conditions as reported in previous studies 
(Bowers et al. 2013; Jenson et al. 2014, 2015). ERSPs in the 
time period following the presentation of the orthographic 
stimulus (−2000 ms) during speech planning to the time 
period following overt production (1500 ms) were examined.

Intercomponent phase coherence

Although two ICs are maximally independent, they also 
may be associated with partial synchrony over event-related 
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time–frequency windows (Delorme et al. 2012; Makeig 
et al. 2004). In other words, while ICA minimizes mutual 
information shared between ICs and accounts for the prob-
lem of volume conduction (Delorme et  al. 2012), ICs 
may nonetheless show oscillatory connectivity at limited 
time–frequency windows not attributable to volume conduc-
tion effects (Ofori, Coombes, and Vaillancourt 2015; Chung 
et al. 2017). For comparison with previous studies using 
interelectrode or interregional phase coherence (Kingyon 
et al. 2015; Sengupta and Nasir 2016), in the current study, 
a measure of phase coherence between sensorimotor mu and 
temporal lobe alpha rhythms was used. The newcrssf func-
tion in EEGLAB is designed to compute measures of event-
related phase coherence (ERPCOH) between two compo-
nent activities using methods similar to those for computing 
inter-trial phase coherence (ITPC). As described in Makeig 
et al. (2004), calculating ITPC requires computing spectral 
estimates in a 2-D Cartesian coordinate frame, wherein the 
vectors are returned as complex vectors in 2-D phase space. 
The norm of each vector is represented by the magnitude of 
each time–frequency spectral estimate. For two component 
signals a and b, ERPCOH is given by:

where Fk (f,t) is the spectral estimate of trial k at frequency 
f and time t. // is the complex norm of the time–frequency 
spectral estimates for two signals a and b. The magnitude of 
ERPCOH varies between 1 and 0, with 1 indicating perfect 
synchrony and 0 indicating a complete absence of synchrony 
at a given time–frequency window. The normalizing factor 
in the ERPCOH denominator ensures that only the relative 
phase of the two spectral estimates at each trial is taken into 
account.

In the current study, custom Matlab scripts using the new-
crssf function were used to compute ERPCOH between left 
hemisphere sensorimotor mu and temporal lobe IC clusters. 
For each 5000 ms epoch (i.e., − 3000 to − 2000 ms), Morlet 
wavelets set from 1 cycle at the lowest frequency (1 Hz) ris-
ing linearly by 0.5 cycles up to 30 Hz with the padratio set 
to 2. Coherence values are then averaged across epochs to 
yield a single time–frequency matrix. Because the intrinsic 
interconnectivity between cortex and effector was of inter-
est, ITPC due to time-locking events was removed. In other 
words, as any sensory stimulus may evoke an increase in 
phase coherence at the same time across trials, the effect of 
stimulus ‘phase reset’ was subtracted so that only intrinsic 
intercomponent coherence relative to time-locking events 
remained. After ERPCOH was computed in the same man-
ner across conditions and participants, each 117 × 200 
time–frequency matrix was concatenated and stored in a 
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single three-dimensional matrix (frequency × time × par-
ticipant) in each experimental condition for further statistical 
analysis and averaging. To aid clarity, in the sections follow-
ing, ERPCOH will be referred to simply as intercomponent 
phase coherence (IPC).

Statistical analysis

Analysis of condition effects was carried out using the stat_
cond function in EEGLAB. Stat_cond allows for testing con-
dition effects using parametric or non-parametric surrogate 
hypothesis testing methods. Because time–frequency meas-
ures are known to be non-gaussian, condition effects were 
initially tested using non-parametric, permutation statistics. 
In the current study, 2000 random permutations were com-
puted and compared to t values for condition differences. 
Values were corrected for multiple comparisons across the 
time–frequency matrix using the false discovery rate (FDR) 
correction at p < 0.05 (Hochberg and Benjamini 1995).

Results

sEMG cluster

Individual scalp topographies for each participant and the 
mean scalp topography for the sEMG cluster are shown in 
Fig. 2a with mean sEMG potentials for both the cluster and 
the original perilabial channel in the Op and Cp conditions 
shown in Fig. 4b. In addition to neural component clusters, 
Corrmap identified one set of inverse component weights 
for each participant using a correlation threshold of r = 0.95. 
The mean correlation coefficient was 0.99 with no r value for 
an individual scalp-map falling below 0.98. Following the 
Corrmap analysis, each IC was visually inspected for agree-
ment with the single-participant ERP analysis described in 
a previous step. Of the 23 participants (i.e., ICs) included in 
the analysis, there was only one disagreement due to a less 
stereotyped scalp topography. Analysis of inter-rater reliabil-
ity between a human rater (first author) using visual inspec-
tion of single trial movement-related potentials and Cor-
rmap was α = 0.89 as assessed by Krippendorff’s alpha. For 
further analysis, the IC consistent with the original sEMG 
component selected by the initial human rater was included 
in place of the IC selected by Corrmap. The component was 
the only component for that participant exhibiting consistent 
increases in trial-by-trial sEMG potentials associated with 
speech production onset.

sEMG potentials

Following clustering, sEMG potentials were computed 
using the original sEMG channel and sEMG components 
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across participants (Fig. 2b). In the channel analysis, robust 
increases in sEMG potentials relative to the time period 
prior to the cue to speak were found in the Op condition 
consistent with movement beginning at ~ 400 ms following 
the cue to speak (0 time). The component potentials also 
showed little change relative to the baseline in the Cp condi-
tion with a large increase in potentials at ~ 400 ms following 
the cue to speak in the Op condition. A comparison between 
conditions using permutation based statistics as described 
in the analysis section was performed for both the rectified 
channel and component sEMG signals. The paired t test 
showed statistically significant differences between condi-
tions at pFDR < 0.05 (1 × 1280) just following the cue to 
speak in the Op condition. Post hoc t tests for the channel 
sEMG showed that only the speech production condition was 
associated with significantly higher sEMG potentials. The 
component paired t test showed significantly higher poten-
tials occurring just following the cue to speak in the Op 
condition consistent with the onset of overt syllable produc-
tion. Thus, both the sEMG channel and component signals 
were associated with increases during movement in Op and 
minimal movement in Cp.

Neural source IC clusters

Neural source (NS) clusters scalp topographies are shown 
in Fig. 3a with associated dipole densities in Fig. 3b. In 
accordance with our hypotheses, three component clusters 
were associated with the anterior bilateral network involved 
in the execution of speech. 17 participants submitted ICs to 
a cluster with mean a scalp distribution over the left sen-
sorimotor cortex (LSMµ), a mean dipole location within 
the precentral gyrus [MNI (x, y, z) − 44, 1, 39; RV 6.46%], 
and characteristic mu rhythm spectra with peaks at ~ 10 
and 20 Hz reported in previous studies (Hari 2006; Jenson 
et al. 2014, 2015). 16 participants submitted ICs to a right 

sensorimotor (RSMµ) cluster with a mean scalp topography 
over the sensorimotor cortex, a mean dipole location in the 
right posterior inferior frontal gyrus (IFG) [MNI (x, y, z) 47, 
− 7, 37; RV 6.18%], and mu spectra. Along with the motor 
clusters, two posterior temporal lobe clusters were identi-
fied. The left posterior temporal (LTα) and right posterior 
temporal (RTα) lobe topographic distributions and distinct 
spectral peaks at 10 Hz. 14 participants submitted ICs for the 
LTα cluster with scalp-topographic distributions centered 
over the left posterior temporal lobe and with a mean dipole 
location at [MNI (x, y, z) − 61, − 25, 3; RV 6.31%] in the 
pSTG. 14 participants submitted topographic distributions 
over the right posterior temporal lobe with a mean cluster 
dipole location at [MNI (x, y, z) 61, − 26, −1 ; RV 5.59%] 
within the pSTG.

Event‑related spectral perturbations (ERSPs)

ERSPs for the left sensorimotor and temporal alpha 
components are shown in Fig. 4a and right sensorimo-
tor and temporal alpha components in 4b, respectively. 
As in previous studies and initial hypotheses, alpha and 
beta suppression across components relative to prestimu-
lus baseline was found in both the Op and Cp conditions. 
Specifically, alpha and beta suppression occurred just fol-
lowing orthographic stimulus presentation and peaked in 
both the left and right sensorimotor components during 
overt production. By contrast, alpha and beta suppres-
sion peaked prior to overt production in the temporal lobe 
components both in the Op and Cp conditions. In addi-
tion to alpha/beta suppression, increases in power at fre-
quencies < 10 Hz were found just following orthographic 
stimulus onset across conditions and during production in 
the Op condition. For the left (LSMµ) and right sensori-
motor clusters (RSMµ) paired t test with an pFDR < 0.05 
correction for multiple comparisons showed significantly 

Fig. 2   sEMG cluster topog-
raphies and sEMG potentials 
in the Op and Cp conditions. 
Row (a) depicts the mean scalp 
topography and correlation 
coefficient for the sEMG cluster 
as identified by Corrmap (left) 
along with individual com-
ponent topographies included 
in the cluster (right). Row 
(b) depicts movement-related 
potentials from the original 
sEMG channel (top) and sEMG 
component cluster identified 
using Corrmap as a function of 
Cp and Op conditions
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higher beta suppression in the time period prior to speech 
production in the Op condition with significantly higher 
beta and alpha suppression during production. In addi-
tion, enhancements in the theta range (4–7 Hz) follow-
ing the orthographic stimulus along with delta–theta 
enhancements during production were found for both the 
left and right component clusters. A paired t test with an 
pFDR < 0.05 correction for the left and right component 
clusters, respectively, showed significantly higher beta 
suppression prior to the cue to speak (0 time) and just 

prior to movement termination (~ 1000  ms). Relative 
increases in the theta range during the speech planning 
period were also found along with significant delta–theta 
increases during speech production. Overall, the results 
showed that relative to covert production, the overt pro-
duction was associated with higher alpha/beta suppression 
across components along with significant enhancements in 
the theta range during the planning period and delta–theta 
enhancements during execution.

Fig. 3   Mean topographies and dipole density left and right lateralized 
component clusters. Row (a) depicts mean scalp topographies for the 
left and right sensorimotor mu (µ) and temporal lobe alpha (α) com-

ponent clusters. Row (b) depicts a measure of dipole density for left 
and right sensorimotor mu (µ) and temporal lobe alpha (α) compo-
nents
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Intercomponent phase coherence (IPC)

Intrahemsipheric IPCs for the left and right sensorimo-
tor and temporal lobe components are shown in Fig. 5a, 
b, respectively. Left hemisphere IPCs showed increased 
coherence at frequencies < 10 Hz during speech planning 
with a peak occurring during execution in the Op condition 
while a similar peak was evident in the Cp condition just 
following the cue to speak (0 time) with diminishing values 
thereafter. Intermittent peaks in the beta band were also evi-
dent in the Cp condition. Paired t tests with a pFDR < 0.05 
correction showed significant increases in phase coherence 
in the Op condition at < 10 Hz during speech execution. 

Significant decreases in < 10 Hz coherence were found for 
the Op relative to Cp condition in the speech planning period 
just following the cue to speak (0–500 ms), along with inter-
mittent increases in the beta band prior to and following 
speech execution. In the right hemisphere, phase coherence 
appeared to show diminished values during execution in the 
Op condition relative to the Cp condition. As in the left 
hemisphere, in the Cp condition increased coherence at fre-
quencies < 10 Hz and intermittent beta coherence were evi-
dent throughout the trial. A paired t test with a pFDR < 0.05 
correction showed significantly lower coherence in the Op 
relative to Cp condition in the < 10 Hz and beta ranges 
during speech planning and following the cue to speak. In 

Fig. 4   ERSPs in the Op and Cp conditions across sensorimotor and 
temporal lobe components. Row (a) depicts ERSPs in the 1–30  Hz 
range for the left hemisphere sensorimotor mu (µ) (top) and temporal 
lobe alpha (α) component clusters (bottom) in the Op and Cp condi-
tions followed by t values for condition differences at pFDR < 0.05. 
Row (b) depicts ERSPs in the 1–30Hz range for the right hemi-
sphere sensorimotor mu (µ) (top) and temporal lobe alpha (α) com-

ponents (bottom) followed by t values for condition differences at 
pFDR < 0.05. Blue t values represent significant decreases in power 
for a comparison of Op > Cp while yellow–white values represent 
increases in power for the comparison Op > Cp. White vertical lines 
from left to right represent orthographic stimulus onset (− 2000 ms), 
the cue to execute (0  ms), the mean onset of movement (~ 480  ms) 
and mean offset of movement (~ 1100 ms) in the Op condition
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summary, left hemisphere IPC at frequencies < 10 Hz was 
maximal during speech execution in the Op condition with a 
significantly earlier peak occurring in the Cp condition. By 
contrast, the right IPC was maximal at frequencies < 10 Hz 
in the Cp condition during the time period (500–1000 ms) 
associated with overt execution in the Op condition. In 
addition, significantly higher intermittent beta peaks were 
observed in both the left and right hemispheres in the Cp 
condition.

Discussion

The primary aim of the current study was to use ICA of 
EEG data to investigate differences in the time course of 
sensorimotor mu and temporal lobe alpha ERSPs and IPCs 
between overt relative and covert speech production with 
minimal influence from movement-related artifact. Consist-
ent with previous studies using the same EEG data analysis 
approach and task, myographic artifact was readily identi-
fiable and associated with stereotyped scalp topographies 
and movement-related potentials (Jenson et al. 2015). Using 
a broader time range to encompass speech planning, there 
were also several novel findings regarding ERSPs relative to 
our previous studies (Jenson et al. 2014, 2015). First, greater 

suppression in the beta band was observed across compo-
nents in the speech planning period for the Op relative to Cp 
condition. Second, greater enhancements were observed in 
theta band during the speech planning period just following 
stimulus presentation and in the delta–theta range during 
overt speech execution relative to Cp. Further, in the tem-
poral lobe alpha components, low frequency enhancement 
during execution also encompassed the lower alpha band 
(8–10 Hz) as compared to the sensorimotor components in 
which power enhancements during execution were more 
restricted to the delta–theta range (1–5 Hz).

Finally, analysis of IPCs also showed significant condi-
tion differences in the < 10 Hz and beta (15–25 Hz) fre-
quency ranges. In the Op condition, left hemisphere low 
frequency coherence was greater in a short time window 
during speech execution, while a significantly earlier peak in 
the same frequency range was observed in the Cp condition. 
Right hemisphere contrasts showed enhanced low frequency 
coherence in the Cp relative to Op condition primarily in 
the time period following the cue to speak. One unexpected 
finding was that IPC was higher in the beta band across left 
and right components in the Cp relative to Op condition 
throughout the trial, suggesting task-related enhancements of 
the beta band. Overall, Op and Cp were associated with sim-
ilar time–frequency distributions in both phase and power 

Fig. 5   Intercomponent coherence for the left and right sensorimo-
tor and alpha components. Row (a) depicts interhemispheric phase 
coherence values (red–yellow) for the left hemisphere in the Op 
and Cp conditions followed by t values for condition differences at 
pFDR < 0.05. Row (b) depicts interhemispheric phase coherence val-
ues (red–yellow) for the left hemisphere in the Op and Cp conditions 
followed by t values for condition differences at pFDR < 0.05. Blue t 

values represent significant decreases in power for a comparison of 
Op > Cp while yellow–white values represent increases in power for 
the comparison Op > Cp. White vertical lines from left to right rep-
resent orthographic stimulus onset (− 2000  ms), the cue to execute 
(0 ms), the mean onset of movement (~ 480 ms) and mean offset of 
movement (~ 1100 ms) in the Op condition
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with some task-related modulations. Taken together, the 
current findings implicate increases in both low frequency 
power enhancement and phase coherence along with higher 
frequency beta/alpha suppression in speech sensorimotor 
integration for Op relative to Cp conditions. Those findings 
are consistent with the prediction that forward models are 
activated in parallel and maintained during execution with 
significant differences in power and the timing of interre-
gional coherence to accommodate overt sensory feedback. 
In the sections following, findings are discussed in the con-
text of the relatively small body of work investigating neural 
oscillations in speech planning and execution, respectively, 
and predictions derived from dynamic internal models of 
motor control.

Power and phase coherence in speech planning

Speech planning in the current study was defined as the time 
between the orthographic cue and a cue to execute covert 
or overt speech. Internal models of speech motor prepara-
tion have proposed that early forward models of upcoming 
sensory targets are initiated in sensory and motor regions 
prior to speech execution, though few high time-resolution 
studies have investigated cued speech planning in both Op 
and Cp (Hickock 2012; Tian and Poeppel 2012). Studies that 
have investigated neural oscillations following an auditory or 
orthographic cue have implicated suppression in the alpha 
and beta bands prior to both overt and covert production 
in cortical premotor, sensorimotor, auditory, and audiomo-
tor regions (Pei et al. 2011a, b; Gehrig et al. 2012; Cogan 
et al. 2014). In particular, Gehrig et al. (2012) focused on 
analysis of MEG oscillations in a set-up period following a 
cue, indicating that subsequent stimuli would be produced 
either overtly or covertly. That study reported increases in 
beta band suppression over the left lateral sensorimotor 
cortex and pSTG regions (planum temporale/supramarginal 
gyrus) prior to overt relative to covert production, whereas 
greater alpha suppression was localized to the more inferior 
temporal lobe (middle temporal gyrus), medial premotor, 
and parietal regions. Further, Gehrig et al. (2012) reported 
significantly larger delta–theta band power across frontal 
regions in speech set up that was not significantly greater 
for overt relative to covert conditions, suggesting similar 
prefrontal processing in both conditions.

Findings in the current study of greater beta band sup-
pression during the speech planning period are consistent 
with greater suppression in sensorimotor/premotor and 
pSTG regions as reported in Gehrig et al. (2012). However, 
findings in the current study also suggest that differences in 
beta band suppression during speech planning may also be 
extended to the right hemisphere sensorimotor and pSTG 
regions, consistent with more recent accounts and findings 
supporting sensorimotor integration for speech as a bilateral 

process (Cogan et al. 2014; Pei et al. 2011b; Tremblay and 
Small 2011; Simmonds et al. 2014). Further, in contrast with 
the Gehrig et al. (2012) study, significantly larger theta band 
(4–7 Hz) power enhancements were found across compo-
nents immediately following stimulus presentation in the 
Op relative to Cp condition. As such, findings in the current 
study implicate theta band increases in speech planning prior 
to the cue to execute speech over sensorimotor and posterior 
temporal regions in addition to enhanced beta suppression.

One likely reason for more bilateral beta suppression 
and theta enhancement in the current study as compared to 
Gehrig et al. (2012) is a difference in the paradigm used to 
investigate speech planning as opposed to speech ‘set up.’ In 
the current study, the syllables were known to participants 
prior to the cue to execute either covert or overt speech and 
as such participants could begin planning their response 
prior to the cue to execute. By contrast, in the Gehrig et al. 
(2012) study, participants were given a cue indicating that 
the upcoming sentence level stimuli would subsequently be 
produced either covertly or overtly but were not able to plan 
to produce speech targets. Those findings imply that general 
cognitive mechanisms are related to preparation to produce 
both overt and covert speech in the absence of known speech 
targets. However, under conditions in which the upcoming 
syllable targets are known prior to production (i.e., speech 
planning), power enhancement in the theta band and sup-
pression in the beta band may be related to preparation for 
subsequent overt or covert execution. Such a distinction 
may be important because delta–theta frequencies are impli-
cated in sensorimotor integration under perturbed sensory 
feedback (Behroozmand et al. 2015), show interregional 
or interelectrode phase coherence related to sensory sup-
pression (Wang et al. 2014; Kingyon et al. 2015; Sengupta 
and Nasir 2015; Behroozmand and Sangtian 2018), and are 
implicated more generally in syllable parsing in both per-
ception and production (Doelling et al. 2014; Asseneo and 
Poppel 2018). As such, delta–theta enhancement would be 
expected to be important both for speech planning as part 
of a forward model as well as during execution when sen-
sory feedback is integrated with the initial forward estimates 
(Hickok 2012).

Similar to differences in power between the current study 
and Gehrig et al. (2012) study, task differences may account 
for discrepancies in phase coherence. In the current study, 
increased beta band IPCs in both the left and right hemi-
spheres were observed for Cp relative to Op in the planning 
period, while increases in low frequency coherence were 
associated with processing just prior and during overt execu-
tion in the Op condition. Increased beta band coherence in 
the Cp conditions was somewhat surprising given previous 
reports of increased beta band phase coherence in speech 
set-up for Op relative to Cp (Gehrig et al. 2012). As in the 
current study and in contrast to Gehrig et al. (2012) study, 
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Wang et al. (2014) reported only low frequency (< 10 Hz) 
coherence during the speech planning period that was subse-
quently related to overt sensory feedback (i.e., N1 suppres-
sion), suggesting that interregional coherence may be altered 
for speech planning as compared to speech ‘set-up.’ Such an 
interpretation is reasonable as low frequencies are thought 
to be related to the integration of forward models and overt 
sensory feedback. In such cases, interregional communica-
tion would be expected to shift toward frequencies required 
for sensorimotor integration. As such, it appears that when 
speech targets are known prior to execution, coherence in 
the planning period is enhanced at low frequencies < 10 Hz 
for Op compared to Cp, while phase at both low and upper 
beta frequencies is enhanced for covert speech.

Power and phase coherence in speech execution

Findings regarding power during execution highlight sub-
stantial similarities along with some differences between 
the Op and Cp conditions. In both conditions, alpha and 
beta power were maximal prior to execution in the temporal 
lobe components and during execution in the sensorimotor 
components. In addition, low frequency power enhance-
ments reaching into the lower alpha band (1–10 Hz) were 
observed in both conditions for temporal lobe components. 
The current data are consistent with inhibition of temporal 
lobe components at low frequencies proposed to be criti-
cal for sensory analysis and suppression. At the same time, 
1–4 Hz sensorimotor and < 10 Hz temporal lobe alpha 
power increases during execution were also significantly 
higher in the Op compared to Cp conditions, suggesting 
that low frequency power increases are related to the pres-
ence of sensory feedback. Because fMRI studies have shown 
an inverse relationship between alpha/beta suppression and 
blood oxygen level dependent (BOLD) measures, those 
findings are broadly consistent with previous neuroimaging 
findings showing greater BOLD activation in sensorimotor 
and posterior temporal lobe regions during Op compared to 
Cp (Shuster and Lemieux 2005; Tremblay and Small 2011; 
Simmonds et al. 2014). Findings of low frequency power 
increases are also in accord with EEG/EcOG evidence dem-
onstrating delta–theta enhancement during sensory perturba-
tion (Kingyon et al. 2015). As such, findings in the current 
study are consistent with a role for low frequency power 
increases in both planning and execution, albeit with sig-
nificantly larger responses for Op relative to Cp conditions.

While few studies have investigated phase coherence in 
speech production, those that have suggested that fronto-
temporal coherence at < 10 Hz is associated with sensory 
feedback in overt production. Low frequency coherence is 
correlated with subsequent sensory suppression (Wang et al. 
2014), the onset of perturbed auditory feedback (Kingyon 
et al. 2015), and decreased coherence between frontal and 

temporal electrodes occurs with practice compensating for 
sensory perturbation (Sengupta and Nasir 2015). The current 
finding of a left hemisphere low frequency peak coincident 
with movement onset and offset is a novel finding as previ-
ous studies have not measured coherence in relation to the 
onset of movement-related potentials. That finding suggests 
that sensorimotor and temporal lobe regions coordinate low 
frequency phase to process sensory input in the left hemi-
sphere near movement onset and diminish following offset. 
By contrast, in the Cp conditions low-frequency coherence 
peaked earlier in the left hemisphere and was associated with 
significantly greater coherence in the right hemisphere, sug-
gesting that intrahemispheric connectivity is dynamically 
altered in time along low frequencies to accommodate the 
internal realization of sensory targets as opposed to the inte-
gration of overt sensory feedback. In addition, as discussed 
in the speech planning section, pervasive increases in beta 
coherence were observed in Cp following the cue to execute, 
implicating as yet unclear task-related factors differentiat-
ing Cp from Op. To our knowledge, this is the first study to 
investigate differences in intrahemispheric phase coherence 
between Op and Cp conditions, and as such, more research 
is needed to determine what functional role alterations in 
phase coherence perform in Cp conditions during internal 
execution.

Dynamic oscillations in internal models of motor 
control

Because Cp is considered to be an adaptation of internal 
models of motor control for realizing internally generated 
speech, the task goal is an important consideration (Tian 
and Poeppel 2012). One way to interpret time-sensitive 
changes in power and interregional coherence is to discuss 
them in the context of larger scale cognitive-sensorimotor 
interactions necessary for achieving task goals (Seigel et al. 
2012; Fries 2005). According to a ‘dynamic’ framework, the 
cognitive processes at work in any task (including internal 
models of motor control) are altered by task-specific require-
ments associated with different time–frequency distributions 
within the same cortical networks (i.e., multiple realizabil-
ity). For example, tasks requiring a sensorimotor response 
may be associated with large-scale interregional beta 
coherence (Buchman and Miller 2007; Gross et al. 2004; 
Saalmann et al. 2007; Hipp et al. 2011) or a shift toward 
gamma (~ 30–60 Hz) coherence depending on task require-
ments (Siegel et al. 2008; Gregoriou et al. 2009). In addi-
tion, interregional phase coherence and local band power are 
often disassociated, suggesting that each process may index 
different underlying neural computations and associations 
with task requirements (Buchman and Miller 2007; Pesaran 
et al. 2008; Siegel et al. 2008; Hipp et al. 2011). As such, 
neural oscillations related to ‘mechanistic’ internal model 
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accounts of speech motor control may also be considered 
within broader dynamic-mechanistic models predicting task-
specific alterations in neural oscillations (Siegel et al. 2012).

Broadly consistent with a dynamic model, findings in the 
current study show both similarities and differences between 
ERSP and IPC measures related to Op and Cp tasks. While 
ERSPs appear to index primarily differences in the magni-
tude of response between Op and Cp conditions, IPCs are 
more closely associated with differences in interregional 
timing and coordination related to overt sensory feedback 
(i.e., overt execution) or the lack of overt sensory feedback 
(i.e., covert execution). One finding common to analyses of 
both ERSP and IPC measures was an increase at < 10 Hz 
during overt execution relative to covert execution, fur-
ther suggesting a role in processing sensory feedback both 
in local power and larger scale phase coherence between 
regions. Such coupling at low frequencies may be related 
to intrinsic oscillatory properties of the sensorimotor cor-
tex, allowing for sensory processing at preferential speech 
rates consistent with the syllable unit (MacNeilage 1998; 
Ghitza 2012; Giraud and Poeppel 2012; Assaneo and Poep-
pel 2018). Further, the findings are broadly consistent with 
internal model proposals implicating a frontotemporal dorsal 
sensorimotor stream in both speech planning and execution 
(Hickok 2012) and with theories of speech production pre-
dicting preferential processing consistent with the syllable 
unit (McNeilage et al. 1998; Ghitza 2012; Giraud and Poep-
pel 2012; Assaneo and Poeppel 2018).

Although the cause of increased beta coherence in the 
Cp condition is unclear, one plausible explanation is that 
Cp is associated with increased communication between 
motor and sensory regions along a band closely related to 
both motor processing and task-related goals. According to a 
relatively recent state feedback (SFC) motor control model, 
Cp requires forward models relying on simulations of soma-
tosensory and auditory targets during speech planning even 
without anticipation of subsequent input from overt feedback 
(Hickok et al. 2011, Hickok 2012). Because the beta band 
is closely related to both motor processing and attentional 
control (Siegel et al. 2012), we speculate that the results 
may reflect differences in internal cognitive states related 
to Cp not required in the Op condition. Such an explana-
tion is consistent with pervasive beta increases even prior 
to the orthographic stimulus and throughout the trial. Alter-
natively, it is plausible that increased beta coherence in the 
Cp condition reflects cooperation between sensorimotor and 
temporal lobe components in the inhibition of overt execu-
tion during Cp. Similar explanations have been proposed to 
account for inhibition of motoric execution related to the 
beta band in movement more generally (Engel and Fries 
2010). However, given that this is, to our knowledge, the 
only study to compute coherence between sensorimotor and 
posterior temporal lobe regions during Cp, more research is 

needed to determine what role sensorimotor and temporal 
lobe beta coherence may play in internal speech production.

Limitations and conclusions

One limitation of the current study is related to the analysis 
method used to process EEG data. Because ICA is an unsu-
pervised and entirely data driven approach, coherence and 
power could only be computed for participants submitting 
ICs consistent with spectra, scalp topographies, and dipole 
sources in the sensorimotor mu and posterior temporal lobe. 
As such, interpretation of the results is limited to the partici-
pants submitting dipolar ICs consistent with inclusion cri-
teria and future studies should investigate power and phase 
in a larger sample. A second limitation is that the measure 
of phase coherence used in this study does not indicate the 
direction of coherence. For that reason, the analysis does not 
suggest that sensorimotor regions caused increases in phase 
coherence with posterior temporal regions or vice versa. One 
possible avenue for future study using the ICA approach is to 
compute measures of directed phase coherence or directed 
transfer function that would indicate causal influences simi-
lar to previous studies exploring nonspeech motor control 
(Chung et al. 2017). Finally, the current study measured only 
low frequencies < 30 Hz in Cp and Op speech planning and 
production. Data and models have also demonstrated low 
(30–60 Hz) and high gamma (60–120 Hz) coherence/power 
increases in speech planning and execution (Pei et al. 2011a; 
Kingyon et al. 2015; Giraud and Poeppel 2012; Behrooz-
mand et al. 2016; Chang et al. 2013; Kort et al. 2016). For 
that reason, future studies should also study gamma-band 
coherence and power in relation to speech planning and 
execution.

Findings in the current study demonstrate that the power 
and phase of sensorimotor mu and posterior temporal lobe 
alpha rhythms index sensorimotor processes involved in 
preparation for and execution of Op and Cp. Our findings 
suggest that beta rhythm suppression and theta rhythm 
enhancement are greater during planning for Op relative to 
Cp. During overt execution, < 10 Hz power and phase are 
enhanced when compared to Cp, consistent with a role for 
both power and phasic coordination of < 10 Hz rhythms in 
the integration of sensory feedback during movement. In 
future studies, the current signal processing approach could 
be used to further investigate the functional role of low-
frequency rhythms in feedback integration using sensory 
perturbation paradigms (e.g., AAF paradigms) (Kittilstved 
et al. 2018). Interestingly, decreases in frontotemporal coher-
ence have been reported in adults who stutter prior to dysflu-
ent relative to fluent nonword repetition trials (Sengupta and 
Nasir 2016; Sengupta et al. 2017). As such, future studies 
may have implications for sensorimotor integration deficits 
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in children and adults who stutter (Bowers et al. 2018; Jen-
son et al. 2018) or people with acquired neurogenic language 
disorders related to sensorimotor integration (e.g., conduc-
tion aphasia) (Buchsbaum et al. 2011). Due to its relatively 
low cost and noninvasive nature, the EEG recording and 
signal processing approach used in the current study has 
high potential for translational use in both the evaluation and 
treatment of clinical populations.
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