

[image: image1]
Toward the Understanding of Topographical and Spectral Signatures of Infant Movement Artifacts in Naturalistic EEG












	 
	METHODS
published: 28 April 2020
doi: 10.3389/fnins.2020.00352





[image: image]

Toward the Understanding of Topographical and Spectral Signatures of Infant Movement Artifacts in Naturalistic EEG

Stanimira Georgieva1*, Suzannah Lester1, Valdas Noreika1, Meryem Nazli Yilmaz1, Sam Wass2 and Victoria Leong1,3

1Department of Psychology, University of Cambridge, Cambridge, United Kingdom

2Department of Psychology, University of East London, London, United Kingdom

3Division of Psychology, Nanyang Technological University, Singapore, Singapore

Edited by:
Guillaume Dumas, Institut Pasteur, France

Reviewed by:
Hoshinori Kanazawa, The University of Tokyo, Japan
Kirsty Jayne Dunn, Lancaster University, United Kingdom
Jonathan Levy, Aalto University, Finland

*Correspondence: Stanimira Georgieva, sg673@cam.ac.uk

Specialty section: This article was submitted to Brain Imaging Methods, a section of the journal Frontiers in Neuroscience

Received: 05 February 2019
Accepted: 23 March 2020
Published: 28 April 2020

Citation: Georgieva S, Lester S, Noreika V, Yilmaz MN, Wass S and Leong V (2020) Toward the Understanding of Topographical and Spectral Signatures of Infant Movement Artifacts in Naturalistic EEG. Front. Neurosci. 14:352. doi: 10.3389/fnins.2020.00352

Electroencephalography (EEG) is perhaps the most widely used brain-imaging technique for pediatric populations. However, EEG signals are prone to distortion by motion. Compared to adults, infants’ motion is both more frequent and less stereotypical yet motion effects on the infant EEG signal are largely undocumented. Here, we present a systematic assessment of naturalistic motion effects on the infant EEG signal. EEG recordings were performed with 14 infants (12 analyzed) who passively watched movies whilst spontaneously producing periods of bodily movement and rest. Each infant produced an average of 38.3 s (SD = 14.7 s) of rest and 18.8 s (SD = 17.9 s) of single motion segments for the final analysis. Five types of infant motions were analyzed: Jaw movements, and Limb movements of the Hand, Arm, Foot, and Leg. Significant movement-related distortions of the EEG signal were detected using cluster-based permutation analysis. This analysis revealed that, relative to resting state, infants’ Jaw and Arm movements produced significant increases in beta (∼15 Hz) power, particularly over peripheral sites. Jaw movements produced more anteriorly located effects than Arm movements, which were most pronounced over posterior parietal and occipital sites. The cluster analysis also revealed trends toward decreased power in the theta and alpha bands observed over central topographies for all motion types. However, given the very limited quantity of infant data in this study, caution is recommended in interpreting these findings before subsequent replications are conducted. Nonetheless, this work is an important first step to inform future development of methods for addressing EEG motion-related artifacts. This work also supports wider use of naturalistic paradigms in social and developmental neuroscience.
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INTRODUCTION


Motion in EEG Measurements

Electroencephalography (EEG) is a widely used brain imaging technique for both adult and pediatric populations, owing to its low risk to the individual (Teplan, 2002) and ease of application (De Haan, 2013). In particular, rising interest in the neural processes that play a critical part in early emotional, social, and cognitive development has led to an increased use of EEG with infants and young children (Saby and Marshall, 2012). For decades, research in infants and young children has employed EEG as a methodology to understand the neural processes involved in numerous aspects of early cognitive development (Maguire et al., 2014). Like the adult EEG signal, infant EEG can be decomposed into different frequency bands such as delta (1–3 Hz), theta (3–6 Hz), alpha (6–9 Hz), beta (9–20 Hz), and gamma (>20 Hz), although infant oscillations are generally slower than that of their functional equivalents in adults (Orekhova et al., 1999). Neural activity in different bands has been shown to be of functional significance for the study of a wide range of developmental phenomena including attention (e.g., theta and alpha bands: Xie et al., 2018), face and emotion processing (e.g., alpha band: Batty et al., 2011; Dawson et al., 2012), early language acquisition (Kuhl, 2010), object recognition (Reynolds, 2015), memory (Richards et al., 2010), auditory processing (Telkemeyer et al., 2011), action perception and production, imitation (e.g., alpha band, van Elk et al., 2008; Marshall et al., 2011), and interpersonal synchronization (e.g., alpha and theta bands: Leong et al., 2017; Wass et al., 2018). In particular, early language acquisition research uses brain-to-speech coupling (a measure of how accurately neural oscillatory activity tracks dynamic rhythmic patterns in the speech signal) to study infant-directed speech perception across a number of frequency bands: delta – corresponding to prosodic stress patterns in the speech signal (Leong et al., 2017); theta – representative of the syllabic rate in the English language (Leong et al., 2017; Kalashnikova et al., 2018); and alpha – corresponding to phonemic/onset-rime patterns in speech (Leong et al., 2017). Further, frontal high gamma activity in infants has been associated with the ability to discriminate native from non-native phonetic sounds (55–75 Hz: Peña et al., 2010), and also with inhibitory control and attention shifting skills (31–50 Hz: Benasich et al., 2008). Finally, alpha band power and coherence have been shown to change developmentally in relation to working memory and encoding tasks (Bell and Wolfe, 2007; Köster et al., 2017), while frontal and parietal theta is particularly associated with perceptual binding in learning (Köster et al., 2017).

However, EEG recordings are highly prone to interference by both biological factors (such as electromyogenic activity, the electrical activity produced by voluntary or automatic muscle contractions) and non-biological factors (such as electrical line noise) (Nathan and Contreras-Vidal, 2015). In particular, artifacts induced by motion (such as head motion, jaw motion, or blinking) are a major and common source of EEG distortion. These distortions can result in misinterpretation of underlying neural processes or sources; or to the inaccurate detection and diagnosis of brain disorders (Guerrero-Mosquera et al., 2012). For example, in a concurrent EEG and eye-tracking paradigm, Yuval-Greenberg et al. (2008) showed that the most likely source of the induced gamma-band EEG response – an EEG waveform associated with visual object representation, recognition and attention – were small eye movements made at the onset of each stimulus, rather than a neural response to the stimuli per se. Köster (2017) highlighted that a similar, if not worse, problem may exist for infant EEG analyses utilizing activity in the 25–35 Hz gamma range. It has not yet been clarified whether microsaccades (tiny involuntary fixation-related eye-movements) can be measured in infants, whether they generate similar EEG artifacts, and whether the correction methods used for adult EEG signals are applicable to infant data (Keren et al., 2010).

For adult populations, motion artifacts can be avoided or minimized by direct instruction, such as asking participants to only swallow and blink between trials or during other defined periods and asking them to avoid significant head and facial muscle contractions during critical periods of recordings (Reis et al., 2014). However, this strategy is less effective for clinical and pediatric populations whose ability to understand and comply with verbal instruction is greatly reduced. Young infants present a particular challenge in this regard, as they have a high natural tendency for movement, which cannot be constrained by instruction. Indeed, it is widely acknowledged that EEG recordings produced by infants and young children are heavily contaminated by various motion artifacts, including gross motor movements and eye blinks (Bell and Cuevas, 2012).

One common strategy used in infancy paradigms is to reduce motion indirectly through attentional capture – that is, the experimenter monitors the infants’ attentional state through a video feed and only delivers experimental stimuli during attentive periods when the infant is relatively still. However, as exemplified in Supplementary Table S1 (Supplementary Material), our own studies suggest that even when contingently delivered screen-based stimuli are used (including cartoons, real language, and artificial language stimuli), infant movement (i.e., facial, limb or postural movement) is still present throughout 60–70% of the total stimulus presentation time. In more naturalistic paradigms, in which infants are not watching a computer monitor but engaged in social interaction, we might expect that artifacts will be even more prevalent.



Naturalistic Social Paradigms

The necessity for ecological validity in experimental developmental psychology has been emphasized for decades (Tunnell, 1977; Fabes et al., 2000). It is accepted that the combination of experimental and naturalistic research methods offers a more complete insight into child development (Dahl, 2016). The use of naturalistic methods is more common in social science research than in the neurosciences. However, across a number of neuroscience sub-fields, such as developmental and social neuroscience, the balance is beginning to shift in favor of EEG paradigms with greater ecological validity (for example, see Babiloni et al., 2007; Lindenberger et al., 2009; Dumas et al., 2010, 2011, 2014). Still, a tension exists between the ecological benefits conferred by naturalistic social interaction, and the generation of EEG artifacts from participants’ social behavior (e.g., facial and gesticulatory movements). Observational assessments of behavior in the “real world,” such as in the home or school environment, have higher ecological validity than assessments that occur within structured experiments in laboratory settings, where participants typically perform screen-based tasks that require little or no social interaction. The lack of social interaction is a particular issue for infancy studies. Humans are a social species (Schilbach et al., 2013) and most attention and learning during the crucial early years of life takes place in social settings. For example, social factors influence attention allocation: when a parent pays attention to a particular object during social interaction with their infant, infants’ own attention to the object is increased (Yu and Smith, 2016; Wass et al., 2018). Therefore, when social interaction is excluded from infant experimental paradigms, this can affect the validity and generalizability of early cognition studies.

However, real-world measurements also carry the disadvantage of less (or no) control over key environmental variables that can affect behavior, leading to increased inter-subject variability. As a compromise, naturalistic laboratory settings allow for some controlled task-based variation between participants and facilitate the emergence of more natural behavior whilst at the same time minimizing environmental variation (Noris et al., 2012; Tamis-LeMonda et al., 2017). For example, with infants, such compromises may allow for parental social interaction within a semi-scripted paradigm.



Common EEG Motion Artifacts

Neural activity at the scalp level is low in amplitude compared to other sources of electrical activity, such as electrical potentials generated by muscle activity and environmental electrical noise (i.e., a low signal-to-noise ratio). Amplification that is applied to the neural signal also amplifies non-neural contaminants, and therefore does not improve neural signal detection. Myogenic EEG artifacts that arise from involuntary movements supporting the physiological functioning of the body, such as heartbeat and respiratory torso movements, can be monitored using a devoted channel, such as an electrocardiogram (ECG), which can significantly improve automated detection and removal strategies (Klados et al., 2011). By contrast, voluntary movement, such as motion generated by the jaw, head, body and limb, are both less easy to monitor through a devoted channel, and less frequently addressed in the literature. For example, in an extensive review of methods for EEG artifact detection and rejection, Islam et al. (2016) found that across 46 publications that were reviewed, over 70% focused solely on automatic movements, with the rest only partially addressing forms of voluntary action. Perhaps best understood are the effects of eye and jaw motions. However, this literature pertains almost exclusively to adults, and very little is known about the nature of motion artifacts in infant EEG signals.

A single eye movement can produce a number of artifacts that arise from different mechanisms (e.g., eye rotations and blinks) and differ in their amplitude and spectral properties (Plöchl et al., 2012). Eye movements can introduce systematic biases in both adult (Yuval-Greenberg et al., 2008; Keren et al., 2010) and infant (Köster, 2017) EEG analyses. Jaw movements are another major source of EEG artifacts. In experimental paradigms, jaw motion commonly occurs as a corollary of speech production (Ganushchak et al., 2011). Jaw motion causes significant distortion to EEG signals due to facial myogenic potentials originating from contractions of the frontalis and temporalis muscles when tensing or clenching the jaws (Sweeney et al., 2012). Speech-related articulatory motions are known to reduce the signal-to-noise ratio of neural signals that relate to cognition (Brooker and Donald, 1980). For instance, the myogenic potential generated by the temporalis muscle, used for closing the lower jaw, spreads widely over the scalp frontal/temporal/parietal locations, generating large broadband artifacts in the EEG signals measured over these regions (Brooker and Donald, 1980).

Myogenic artifacts are more problematic for infant than adult measurements since involuntary physiological activity such as heartbeat and blinks are less stereotypical than adults’ and therefore more difficult to identify in the EEG recording (Fujioka et al., 2011). A further complication arises from infants’ tendency to move abruptly and frequently, which creates temporary displacement of channels on the scalp and high-amplitude artifacts (Fujioka et al., 2011; Bell and Cuevas, 2012; Hoehl and Wahl, 2012). Hence, artifacts arising in infant EEG are more challenging to identify and remove using the de-noising procedures normally applicable to adult EEG.



Current Strategies for Addressing Motion Artifacts

There are two major approaches to addressing the problem of movement-related artifacts in EEG data. Researchers typically (1) exclude artifact-contaminated segments by employing strict rejection procedures/thresholds; or (2) attempt to remove artifacts from data using correction procedures such as independent component analysis (ICA) (Gwin et al., 2010). The first approach (artifact exclusion) is conservative and may entail considerable data loss, especially with infant participants (Fujioka et al., 2011; also see Supplementary Table S1), potentially leading to skewed data and subsequent misinterpretation. Therefore, there is increasing interest in correction procedures that permit the accurate identification and removal of artifacts from EEG data without a significant compromise to the integrity of underlying neural activity.

Several methods have been proposed for the detection and removal of physiologically generated artifacts from the EEG signal. These include the use of linear regression (Klados et al., 2011), Independent Component Analysis (ICA), and blind source separation (BSS) based on Canonical Correlation Analysis (CCA, Vos et al., 2010), to separate the neural signal from interfering electrical signals in the EEG trace. However, none of these methods is able to completely remove motion artifacts from the EEG signal and may even remove some genuine neural activity of interest. As noted by Islam et al. (2016), current artifact detection-removal methods are sub-optimal because these methods typically only address a single artifact class and necessitate dedicated reference channels, and moreover, frequently result in overcorrection. For example, a common approach to addressing some classes of stereotypical artifacts (such as eye blinks) is to include an observed reference channel that independently measures the artifact signal (i.e., EOG for eye muscles, ECG for heartbeat). Next, linear regression or ICA may be employed to estimate the similarities between the EEG signal and the reference signal, permitting removal of the artifact estimate from the EEG signal (Klados et al., 2011). ICA does not require the presence of a reference signal (although it can improve performance, see Plöchl et al., 2012), and is therefore a widely used approach for artifact removal (Chaumon et al., 2015). While all these approaches can be successful for highly stereotypical artifacts (such as heartbeats and eye-blinks in adults), they fail for less stereotypical artifacts that particularly affect infant EEG as these methods are designed to extract repetitive patterns in the signal over many occurrences of the same type of noise (where each noise occurrence presents with a similar shape and form). Further, the placement of additional reference channels (e.g., under the eyes) may not be well tolerated by pediatric participants.

Two correction approaches that have been successfully applied in infant EEG studies are Independent Channel Rejection (He et al., 2007) and Artifact Blocking (Fujioka et al., 2011). Both methods only eliminate data in trials and/or channels where there is an artifact (defined by amplitude displacement above a certain absolute threshold), without removing the whole trial or channel. Thus, these methods ameliorate the problem of data loss due to artifact rejection, and have been used in a number of research studies as a pre-processing data cleaning strategy (i.e., Corrigall and Trainor, 2014; Folland et al., 2014; Slugocki and Trainor, 2014; Trainor et al., 2014; Agyei et al., 2016). However, these strategies still rely on the successful classification of portions of the EEG signal as artifactual, which is itself a non-trivial task. Classification often relies either on some form of automated pattern-recognition (i.e., machine-learning classifiers) or a combination of automated and manual identification (i.e., ICA where components are rejected by eye). EEG pattern-recognition is challenging due to the large amount of natural variation in the signal, which is exacerbated further by the presence of sporadic artifactual activity, hindering accurate classification.

Newer machine learning approaches have begun to be employed for automatic classification of artifactual and non-artifactual segments of EEG signals. These methods are particularly applicable to motion-related distortions which are less stereotypical. For example, O’Regan et al. (2010) trained a classifier to segregate different types of artifactual neural EEG signals. In their study, 19 adult participants were instructed to perform 32 types of head actions that had previously been related to distortions in ambulatory EEG, including head shaking, rolling, nodding, jaw clenching, lowering and raising of eye-brows. A classifier using linear discriminant analysis was trained from a random selection of 20% of the data and resulted in up to 76.49% accuracy in distinguishing head-motion contaminated EEG. Similarly, Lawhern et al. (2012) investigated methods for automatic detection and classification of EEG artifacts generated by different types of jaw and eye movements. An autoregressive model using a Maximum Likelihood Estimator was used to estimate features for a support vector machine classifier. The procedure was successful in differentiating between broad classes of artifacts (i.e., jaw and eye); but it tended to group together more specific artifacts from a common source. However, the error rate of falsely classifying epochs with no artifacts was low (the reported average accuracy for 5 out of 7 participants was over 96%, and over 81% for the remaining 2). Therefore, newer machine learning approaches may, in future, have strong utility for the detection of more complex classes of motion artifacts. It is anticipated that the data from the current study could be used, in future, to inform the development of such new tools for artifact identification in infant EEG signals.



Pilot Study to Assess Common Infant Movement Types and Their Prevalence in a Naturalistic Task

A pilot study was conducted to identify the most prevalent infant motions in a naturalistic play setting where infant participants interacted with toys in a social or non-social context. We were interested in identifying motion patterns elicited during social interaction, as naturalistic developmental paradigms often include, or at least permit social interaction. Hence, we identified the most common infant motions produced during naturalistic object-oriented play and also investigated how these differed between social and non-social experimental conditions. The full inventory of infant movements analyzed included Talking, Chewing, Whining, Side-to-Side neck movements, Up and Down neck movements, Small Hand, Small Foot, Large Arm and Large Leg movements. The pilot study is fully described in Supplementary Material section “Pilot Study 1.” Our results revealed that across both play conditions, infant motion was present over 95% of the time, which represents near-continuous contamination of the EEG signal. We further noted that the most commonly occurring types of infant motion were small hand and large arm movements, which is unsurprising given that the paradigm involved object-oriented play. When further considering the types of motions that occurred as a function of play condition (social or non-social), we found that an increase in motion frequency was observed during non-social relative to social play for chewing and nodding movements, and no difference was observed for limb (arm and leg) movements and talking/whining. This pattern suggests that when actively engaged in play with their parents, infants were less distracted and therefore showed a lower tendency to move. Supplementary Material section “Results” presents a detailed account of the full set of results from the pilot study.



Study Aims

The high prevalence of movement observed during the pilot study motivated a more detailed study seeking to identify the spectral and topographical effects of movement on the infant EEG signal. As the removal of artifacts from EEG data is restricted by current methodological limitations, and clinical and infant populations are unable to comply with directions to reduce movement to lessen distortion of the signal, there is a clear need for research to report how these artifacts distort EEG data. Accordingly, the major aim of this work is to investigate the individual topological and spectral features of commonly occurring motion-related EEG artifacts in infants, as compared to resting state EEG measurements.



METHODS


Participants

Fourteen infants participated in the study. There were 6 boys and 8 girls in the group, with an average age of 338.85 days (SD = 59.59). Two infants produced insufficient resting state data due to fussiness, and so were excluded from the analysis. The remaining 12 infants comprised 5 boys and 7 girls, with an average age of 325.5 days (SD = 51.77). All mothers reported no neurological problems and normal hearing and vision for their infants. Participants also took part in other separate experiments on the same day as the current study, but these data are unrelated to the current study and will not be reported. This study was approved by the Cambridge Psychology Research Ethics Committee, and parents provided written informed consent on behalf of their children.



Materials

For the duration of this experiment, the infants saw a series of brief age-appropriate videos. The videos included familiar nursery rhymes (such as “Twinkle Twinkle Little Star”) that were sung by a female adult, interspersed with different (static) cartoon pictures. All infants saw the same set of videos, presented in a counterbalanced order. The videos lasted up to 22.77 min in total.



Protocol

Here, infants’ spontaneous motions during passive video viewing were analyzed. As shown in Figure 1, infants passively watched videos while seated in a high chair, with their mothers seated adjacent to them. A passive (video viewing) task was used in order to allow us to better assess the individual contribution of each motion type. As noted in section “Pilot Study to Assess Common Infant Movement Types and Their Prevalence in a Naturalistic Task” and detailed in Supplementary Material section 2.2, during object-oriented play, motions typically co-occurred because infants were actively exploring the toy objects (e.g., infants picked up the toy with their hands whilst bending their necks downward to inspect it). In the recorded EEG signal, the effects of these co-occurring motions would mix and overlap spectrally and topographically, making it very difficult to isolate the individual effects. In a passive paradigm, infants were more likely to make only one type of motion at a time, providing unambiguous exemplars for analysis1. The passive design also had the added advantage of optimizing the comparability of motion-related EEG with infant “resting state” EEG. Infant resting state EEG is typically recorded whilst infants quietly watch a screen with some non-arousing video presentation (Bell and Cuevas, 2012). This protocol minimizes frequent eye and motor movements, although some isolated movement by infants always occurs. Here, we capitalized on these isolated infant motions in order to collect both motion-related EEG and resting state EEG within the same recording.


[image: image]

FIGURE 1. Experimental Setup. Infants were seated on a highchair next to their mothers. A camera, placed in a central location in front of participants, recorded infants’ behavior and motions. (A) (left) illustrates resting state behavior, when the infant showed no visible motion. (B) (right) illustrates leg movement by the infant. Written informed consent was obtained from the parents for the publication of these images.



EEG Acquisition

A 32-channel BIOPAC Mobita mobile amplifier was used with an Easycap electrode system. Electrodes were placed according to the 10–20 international system for electrode placement (see Figure 3D). Data were acquired using Acqknowledge 5.0 software, at a 500 Hz sampling rate. The ground electrode was affixed to the back of the neck as this location is the least invasive for infants.

The 12 infants included in the final analysis produced an average of 325.5 s (SD = 51.8 s, range 274–448 s) of raw continuous EEG recording, which included periods of rest and of spontaneous motion. The raw EEG recording was then segmented to chunks containing only either rest, or a single motion, as operationally defined in later sections.



Video Recordings

A Logitech High Definition Professional Web-camera recorded infants’ behavior (at 30 frames per second) throughout the session. Afterward, each video was manually screened frame-by-frame and coded to ascertain the start and end times of each motion type of interest, and of the resting state periods.



Video Coding

The motion and rest timings were manually extracted from each video by video coding. Three trained video-coders noted the onset and offset time of each motion or rest period by looking through the recorded video frame by frame.



Resting State

Resting state periods were strictly defined as periods during which the infant exhibited fixated gaze with no visible facial or bodily motion and maintained this state for at least half a second. Periods with any visible motion were excluded. On average, infants produced 49.2 s of resting data (SD = 24.4) prior to pre-processing, and 38.3 s (SD = 14.7) of clean resting data after pre-processing.



Motion Artifacts

Five types of infant motions were selected for the analysis. These included: Jaw movements (e.g., talking/babbling and chewing), and Limb Movements (LMs) of the Hand, Arm, Foot and Leg. Only motions lasting for longer than 250 ms were included for the analysis. An additional inclusion criterion was that only one motion should be present at any time – periods containing overlapping motions were excluded from the analysis. Identical to the resting state data, during motion, infants’ gaze was fixed and no eye-movements other than blinks were present. Infants produced an average of 22.2 s of data per motion type (SD = 19.6 s) prior to data-cleaning, and an average of 18.8 s (SD = 17.9 s) of pre-processed data were included in the final analysis. A detailed operational definition of each one of these motions is given in Supplementary Material sections “Facial Motion Descriptives,” “Body Movement Descriptives,” and “Head Movement Descriptives.” We focused on these motions because they were the most prevalent types of motions made by infants in the pilot study. Statistical stratification was performed to assess the effect of data duration differences on the main reported results (described in Supplementary Material section “Statistical Stratification to Assess for Effects of Data Duration Differences Across Conditions”).



Video-EEG Synchronization

Video recordings were synchronized to the EEG signal by sending triggers via a radio frequency transmitter which marked the EEG trace and produced a light signal that was visible on the video recording. Synchronization was performed manually by recording the exact frame at which the onset of the synchronization light signal occurred. Thus, the synchronization accuracy was limited to the temporal resolution of the video frame rate, which was 30 frames per second (33 ms).



EEG Acquisition and Analysis


EEG Pre-processing

Noisy channels with raw amplitude fluctuations above 100 μV above the rest of the channels for over 25% of the recording session were rejected. Table 1 shows the number and location of rejected channels for each infant. Next, the data were re-referenced to the average of the remaining channels. EEG segments containing each type of motion were concatenated, creating separate continuous datasets for each motion type, and for the resting state. These concatenated data were then visually inspected for eye-blinks and high amplitude fluctuations, which were removed unless directly arising from the modeled action.


TABLE 1. EEG channels rejected for each infant and movement type.

[image: Table 1]


EEG Power Analysis

To describe the topographical distribution of power by frequency for each condition (rest or single motion type), raw power scores were transformed into z-scores to permit averaging across individual infants in a standardized manner. First, each continuous dataset per condition and infant was divided into non-overlapping 1-second-long epochs. A Fast Fourier Transform (FFT) was performed for each epoch, yielding 3-dimensional estimates of spectral power (channel × frequency bin × epoch) for each infant and condition. Next, for each frequency bin, the sample mean of all epochs and channels was subtracted from the sample mean for each channel (averaged over epochs). This differenced data were then divided by the sample standard deviation of all epochs and all channels per frequency bin to derive the normalized power spectra z-scores, as described in eq. (1) below:
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For each condition, the standardized power spectra for each channel were then averaged across all infants, according to eq. (2).

[image: image]

For clarity of reporting, spectral power in the following scalp topographical plots is reported as averaged over pre-defined frequency bands. As infant oscillations are generally slower than their functional equivalents in adults (Orekhova et al., 1999), the standard EEG frequency bands were downward-adjusted accordingly: delta (1–3 Hz), theta (3–6 Hz), alpha (6–9 Hz), low beta (9–13 Hz), and high beta (13–20 Hz) (Leong et al., 2017).



Cluster-Based Permutation Test of Motion-Related Power Changes

Statistical comparison of spectral power differences between motion and resting state data was conducted using the Matlab-based toolbox, Fieldtrip (Oostenveld et al., 2011). First, frequency decomposition of the pre-processed data was performed using a multi-taper FFT based on discrete prolate spheroidal sequences (DPSS) and 2 Hz smoothing frequency, for the frequency range of interest 0.1–20 Hz (ft_freqanalysis). The derived power spectra (uV2/Hz) during the resting state and each motion type were thus calculated separately for each infant, and then a grand-average was calculated across infants using ft_freqgrandaverage. Next, statistically significant differences in power between each motion type and the resting state were assessed at the group level by conducting a within-subject non-parametric cluster-permutation test. We corrected for multiple comparisons using Monte-Carlo estimates of the two-tailed significance probabilities (alpha = 0.05) from the permutation distribution based on 10,000 permutation cycles, using Fieldtrip’s function ft_freqstatistics. This procedure identified clusters of neighboring sensors where the EEG power differed significantly between a specific type of motion and the resting state data (in either direction), and is particularly suitable for use with non-parametric datasets (Maris and Oostenveld, 2007). Clusters were defined with a minimum of three sensors per cluster (with one unit distance between neighboring sensors, and yielding an average of 6–7 neighbors per sensor).



RESULTS


Motion Types and (Isolated) Prevalence

The total duration of each type of motion (occurring in isolation) for each infant is shown in Table 2. All 12 infants whose data were analyzed produced motion in at least two out of five motion categories. As not all the infants spontaneously produced all types of motion, the number of participants analyzed for each motion type varied between 4 and 10 (see Table 2).


TABLE 2. Total duration (in seconds) of clean pre-processed isolated motion and resting state EEG contributed for the final analysis by each infant.

[image: Table 2]Note that there was a difference in the prevalence of the same motions reported in the behavioral pilot study and here. This is because the behavioral pilot (see Supplementary Figure S3 in Supplementary Material section “Results”) considered all occurrences of motion present during the task (including co-occurring motion), whereas here we only report isolated motion.



Scalp Topographies by Frequency Band


Resting State

As shown in Figure 2A, infants’ resting state scalp topology was characterized by high power over posterior regions in delta and theta bands, and high alpha power over centro-parietal regions. Additionally, beta power was higher over bilateral orbitofrontal regions, while it was relatively lower over bilateral temporal regions, which could reflect the presence of oculomotor activity (such as microsaccades). Individual plots for each infant’s resting state scalp topologies are presented in Supplementary Figure S4A (Supplementary Material section “Individual Infants’ Scalp Topographies During Resting State and Motion”).
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FIGURE 2. Scalp topographies of infant EEG power for (A) Resting state; (B) Facial movements; and (C) Limb movements; Power is z-normalized power [uV2/Hz], averaged over infants. Red indicates a region of above-average power, and blue indicates a region of below-average power.




Movement

Compared to resting state EEG, the scalp topology of infants’ movement EEG also showed a broadly similar pattern of high delta/theta power over posterior regions and high beta power over orbitofrontal regions (see Figures 2B,C). However, visual inspection also indicated variations in scalp topography by movement class. To assess whether there were significant patterns of spectral and topographical difference in the power spectra of motion relative to the resting state data, a cluster permutation analysis was applied (see section “EEG Acquisition and Analysis”). Individual plots for each infant’s motion-related scalp topologies are presented separately for each motion type in Supplementary Figures S4B–F (Supplementary Material section “Individual Infants’ Scalp Topographies During Resting State and Motion”). Here, the group average topologies are presented.



Motion-Related Differences in Spectral Power and Topography

As shown in Figure 3, jaw movements and upper limb movements (arm) did indeed produce significantly increased low and high beta (12–20 Hz) power, peaking at around 15 Hz for both motion types and most strongly observed at peripheral sites. Jaw movements generally produced anteriorly located increases in beta power, particularly over frontal and fronto-temporal regions bilaterally. Smaller central increases in beta power were also observed. By contrast, arm movements mainly generated posterior increases in beta power, strongest over posterior parietal and occipital sites. Lower limb movements (foot and leg) and hand movements produced no significant changes as compared to the infants’ resting state topography.


[image: image]

FIGURE 3. Topographical and spectral differences in infant EEG power for (A,B) Arm and (C) Jaw Movements relative to resting state. The line plots below show the power spectra for motion (black line) and resting state (red line). Panel D shows a map of the locations of the electrodes on the head. A,B and C: The horizontal blue line on the x-axis indicates the frequency range over which significant differences in power were observed. The vertical blue line shows the peak difference in frequency and the headplots above this show the scalp topography of the cluster at the peak difference in frequency. Gray areas in the headplots (A,C) show non-significant difference. The color bars indicate differenced power.


The cluster analysis also revealed trends toward decreased power in the theta and alpha bands, however, these did not reach statistical significance (p = 0.0519). These trends in theta and alpha decreases were consistently observed over central topographies for all motion types (see Figure 3B for example).



DISCUSSION

Electroencephalography recordings are highly prone to distortion by motion-related artifacts, which can result in the misinterpretation of underlying neural processes, or even the inaccurate detection and diagnosis of brain disorders (Guerrero-Mosquera et al., 2012). Young infants present a particular challenge as they have a high natural tendency for movement, which cannot be constrained by instruction. This work represents the first systematic assessment of the effects of naturalistic (social) infant motion on the recorded EEG signal. It is intended that this work will build toward a more comprehensive database or “Artifact Library” which could later serve as a common resource for EEG researchers in social and developmental neuroscience.

In a behavioral pilot study, we assessed the prevalence of motion in adult-infant dyads during social and non-social naturalistic play paradigms. We observed that motion occurred >95% of the time, for both infants and adults, and in both types of social play settings. For such datasets, it would not be feasible to adopt a simple approach of rejecting (excluding) all motion-contaminated data, as this would entail losing an unacceptably high proportion of data. However, before artifact removal methods (such as ICA or CCA) can be effectively applied to the EEG signal, it is first necessary to understand the exact distortion that these motions would produce. Accordingly, the current study attempted to document the topographical and spectral properties of each of the most prevalent (frequently occurring) types of motion that were observed in the behavioral pilot. Here, infants’ motions, produced one at a time during a passive video-viewing paradigm, were analyzed. The spectral properties of these motion-contaminated signals were then contrasted against a resting state baseline.

In general, the infants’ motions generated only a few significant deviations from the resting state power spectrum. Upper limb movements (arm) and jaw movements (e.g., chewing) produced stronger and more widespread artifacts than hand movements and lower limb movements (foot and leg). Further, infants’ arm and jaw movement artifacts were both characterized by increased beta power which was most evident at peripheral sites. Jaw movements generated mainly anteriorly located increases in beta power over frontal and fronto-central sites whereas arm movements produced strong posterior increases in beta power over parietal and occipital regions. By contrast, lower limb and hand movements produced no discernible changes in infants’ spectral power.

One potential explanation for the apparent limited effects of motion contamination in infants’ EEG data could be that insufficient data were collected from infants to reveal true differences. Data from only 12 infants were included in the final analysis, with an average of 38.3 s (14.7) of rest and of 18.8 s (SD = 17.9 s) of single motion segments per infant. However, this explanation is unlikely as the main results were visually similar to the effects of motion described in our supplementary study where the number of trials produced by the infant was comparable to the data quantity produced in a controlled laboratory experiment with an adult (e.g., the mother of the infant produced a 450 s of resting state data compared to 328 s produced by the infant; and the infant also had a higher number of recorded instances for all motion types than his mother). An alternative explanation could be a bias in data quantity in favor of the resting state condition. However, an additional cluster-based permutation analysis on a stratified subsample of the data (reported in Supplementary Material section “Statistical Stratification to Assess for Effects of Data Duration Differences Across Conditions”) following the original protocol showed that Arm-related effects were virtually identical. Although the Jaw-related effects did not reach significance in the stratified subsample (due to loss of power), similar spectral trends in the data were observed. These supplementary analyses confirm that data duration differences did not introduce systematic biases into the results. Furthermore, it should be noted that infants’ resting state data differed qualitatively from resting state data that is typically collected from adults. Since we could not instruct infants to produce a state of rest, their resting state data was collected incidentally (e.g., whilst watching a video) and periods of non-motion were identified through video coding. This protocol of recording continuous EEG and selecting relevant segments offline is frequently used in infant research (e.g., Orekhova et al., 2014). Still, it is possible that this procedure inadvertently included some tonic muscle activity that was not visible on video, leading to an underestimation of the true extent of the effects of motion on the infant’s EEG signal.

Although not statistically significant, we observed trends toward decreased theta and alpha power at central sites associated with all motion types. Alpha or “mu rhythm” suppression has been well-documented in infants and young children in relation to both action production and action observation (Liao et al., 2015). For example, Marshall et al. (2011) reported suppression effects in the 6–9 Hz range, broadly distributed over the scalp, when 14-month old infants were engaged in action observation in a social context. This raises the question of whether the movement-related suppression effects observed here are truly “artifactual”, since they could also reflect the cognitive or social processes that underpin infants’ action generation, and therefore are more in the realm of confounding neural processes as opposed to truly artifactual signals that originate from peripheral muscle or electrode movement. According to this view, only unintentional or involuntary movement produces truly artifactual effects. However, to definitively separate these effects would require concurrent measures of intentionality and cognitive processing, along with active and passive manipulations of participant motion, which are beyond the scope of the current study.


Implications for EEG Research Using Naturalistic Paradigms

The growth of naturalistic EEG paradigms reflects the view that movement is a natural neural state (Makeig et al., 2009) and that cognitive processes themselves are embodied (Gramann et al., 2011). The brain maintains representations of its internal (proprioception) and external (motor behavior and audio-visual scene) environment – and these representations are constantly, dynamically updated through action. To study cognition in this holistic and action-oriented way, new technologies and imaging methods are required, such as mobile sensors that can synchronously image the brain (i.e., wireless EEG) and the body (i.e., motion capture) and perform online registration of the two modalities. One such system is the sensor technology for mobile brain/body imaging (MoBI) which has shown promising results for studying changes in the EEG power spectrum in relation to participants’ gait during locomotion (Gramann et al., 2011). The MoBI system has also been used to localize independent components in relation to motions such as head-turning, pointing, and walking in a 3D virtual reality orientation task (Makeig et al., 2009). However, when such sophisticated methods for tracking and removing EEG artifacts are not available, precautions should be taken when analyzing data from naturalistic paradigms, as discussed next.

Our results indicated that for infants, one likely effect of motion was reduced EEG power over central sites in the theta and alpha bands. Accordingly, if EEG researchers are investigating phenomena where infant alpha band effects are predicted (e.g., mu de-synchronization or emotion-related frontal alpha asymmetry), care must be taken to avoid including confounding jaw or limb motions, which can independently create changes in alpha band power across frontal and central sites. Additionally, EEG researchers studying speech perception or brain-to-speech synchronization in the beta bands might be cautious when interpreting results if jaw or arm motion is present during stimulus presentation. For example, jaw motions may provide a confounding factor when infants suck on a teething toy whilst watching screen-based experimental stimuli. It is important that experimenters check, and report (e.g., by video coding) the relative occurrence of these movement artifacts in infant participants across experimental conditions and groups, to verify that any reported results cannot be explained by differences in patterns of movement. Further, we also found that infants’ peripheral EEG channels were particularly vulnerable to motion-related power increases, and therefore recommend particular caution (or exclusion) when analyzing these channels.



Implications for EEG Research Using ERP Paradigms

Motion artifacts present a different set of challenges for research employing the use of evoked-response potentials (ERPs, sometimes also referred to as event-related potentials). ERPs measure changes in the electrical potential of the EEG trace in response to a discrete event in time, in some or all electrodes. ERPs are thus time-locked responses averaged over a number of repetitions (trials) of the same event. The measurement of ERPs is perhaps the most widely used EEG method in the infant literature. ERPs have been used to study face perception (e.g., de Haan and Nelson, 1999; Halit et al., 2004); visual recognition memory (deRegnier et al., 1997); the maturation of auditory perception (e.g., Kushnerenko et al., 2002); auditory recognition memory (e.g., deRegnier et al., 2000, 2002); word recognition and language processing of phrases based on intonation (Mannel and Friederici, 2009; Mannel et al., 2013). The negative central component (NC), which is the developmentally earliest described endogenous ERP component, is present in newborn infants (Nelson, 1996) and has been associated with aspects of attention (e.g., Richards, 2003), memory (e.g., Nelson et al., 1998; Pascalis et al., 1998; Lukowski et al., 2005), and face recognition (e.g., de Haan and Nelson, 1997). By far the most widely used and reported ERP component in the developmental literature is the mismatch negativity (MMN), a negative deflection which arises as a pre-attentive response (Kraus and Naatanen, 1995) to an oddball stimulus embedded within a sequence of standard stimuli (the typical probability of the oddball stimulus is about 10–20%). The MMN is implicated in the discrimination of phonemes (e.g., Winkler et al., 1999) and native vs. non-native stress patterns (e.g., Weber et al., 2004, 2005), and also in the ability to perceive complex statistical regularities such as embedding (nesting rules between stimuli) (e.g., Winkler et al., 2018).

Unless motion is time-locked to the neural phenomenon of interest (e.g., saccades to visual stimulus onset), the effect of motion will vary from one trial to the next, introducing a random (rather than systematic) bias. However, sufficient repetitions will decrease the effects of non-time-locked motion on the ERP signal. Nonetheless, a high prevalence of motion in an ERP paradigm may still reduce the signal-to-noise ratio (SNR) of the effect of interest, when compared to motion-free data of a similar quantity. A reduced SNR has two main effects on the ERP: (1) it reduces the amplitude of the ERP and (2) reduces the precision with which the latency of EEG components can be estimated. These effects also depend on the exact topography of the ERP component of interest. Future studies are needed to investigate these effects in more detail.

The current study may be of particular relevance to ERP research in situations where the amplitude or latency of the neural response is related to neuro-oscillatory processes in one or more frequency bands. Such event-related oscillations (EROs; Csibra and Johnson, 2007), also referred to as event-related synchronisation (ERS), are frequency-band specific bursts in EEG activity that are loosely time-locked to a specific event (for example, the gamma bursts described in the Introduction section “Motion in EEG Measurements”). EROs represent a sustained response to stimulation and have been used to study rapid auditory processing and acoustic change detection (e.g., theta: Musacchia et al., 2015; theta and gamma: Musacchia et al., 2017; Cantiani et al., 2019); infant-directed speech processing (delta and theta: Zhang et al., 2011); discrimination of native and non-native syllable contrasts (delta, theta and gamma: Ortiz-Mantilla et al., 2013); and perceptual binding and object permanence (broadband gamma: Csibra et al., 2000) in young infants. Accordingly, motion which affects spectral power in the frequency band(s) of interest would confound the detection and accurate measurement of the ERO/ERS event. Still, it is worth noting that an ERO/ERS (as well as any other ERP) study design would be less affected by random non-time-locked motion-related artifacts than designs using continuous data analysis, for example when studying naturalistic social interactions, sustained attention, connectivity, or resting-state default-mode networks, to name a few.

Another interdependency between neural oscillatory processing and ERPs is through variations in attentional state. Different attentional processes (alerting, orienting, executive control, sustained attention) are strongly correlated to the neural activity in the theta and alpha bands (in infants and adults: Fan et al., 2007; Xie et al., 2017), but also to beta and gamma band activity (in adults: Fan et al., 2007). The amplitude and latency of attention-related ERP components is modulated by attentional state (e.g., Fu et al., 2005; for review, see Luck et al., 2000), and also by underlying endogenous oscillatory fluctuations in theta and alpha bands (e.g., Buzsaki, 2006; Vanderperren et al., 2008; Harris et al., 2018). Therefore, one may envisage a scenario in which frontal/central alpha desynchronization, which is related to sustained attention in infants between 10 and 12 months (Xie et al., 2017), is potentially affected by infant hand motions that decrease central theta/alpha power and become more frequent during periods of infant inattention. This in turn may produce systematic artifactual differences in the measured ERPs to stimuli presented within a sustained attention paradigm.

It is important to note that based on the current study alone, it is not possible to estimate how the effect sizes of measurements (ERP or time/frequency-based) in a given paradigm compare to the effect sizes of these artifacts. Therefore, EEG researchers may need to assess whether the between-condition effects in their experiment are significantly affected by motion artifacts, especially in cases where there is a difference in movement between conditions, or where the phenomenon under investigation may be biased by motion.



Implications for ICA Artifact Removal

Independent component analysis is one of the most frequently used techniques for removing motion artifacts from adult EEG data. However, its use in infant EEG is still limited as the spectro-temporal signatures of motion in infant EEG are not as well described as adults’. To assess whether the findings of the current study may be used to guide and improve ICA correction of infant EEG data, we conducted a case study using infant Arm movement data. Arm movements were selected since this class of motion generated the most widespread artifactual effects. The full details of this supplementary analysis are provided in Supplementary Material section “ICA Analysis.” Briefly, independent components (ICs) were rejected in two stages: (1) ICs clearly pertaining to eye movements (blinks and saccades) were removed from both Resting State (RS) and Arm movement data, and (2) ICs specifically related to Arm movement - whose identification was guided by the spectral difference maps produced in the main “Results” section – were only removed from Arm movement segments. Next, we computed the spectral topographic difference maps of the “cleaned” Arm movement data with respect to the RS data, using the same statistical procedure as in the main “Results” section. We found that guided-ICA was indeed successful in removing infants’ Arm movement-related artifacts. Although both positive and negative differences clusters were still present, none of them reached significance. Still, it has to be cautioned that even when guided, the ICA procedure was most likely unable to fully separate Arm movements from other similar but non-related neural activity (we noted that Arm movement-related activity was observed to be spread across 3–6 different ICs in individual infants). Thus, some Arm-movement related activity may have remained in ICs that were not removed. In summary, the results presented in this study (specifically Figure 3) may indeed be used to guide the targeted removal of jaw and arm movement-related ICs from the infant EEG signal. This may have some benefit in reducing the impact of excessive motion, but is unlikely to completely eliminate artifactual motion effects.



Limitations and Future Directions

The major limitation to the current work is that the study was conducted with a small sample size (N = 12). This limits the wider generalizability of these findings, as individuals may differ substantially in their motion patterns, and also in the effects of motion on their EEG signals. Further, given the higher variability of infant (as compared to adult) data and lower signal-to-noise ratio, it is possible that significant effects could have been missed, thereby underestimating the effect of motion on the EEG signal. Therefore, given the very limited quantity of the infant data reported here, caution is recommended in interpreting these findings before subsequent replications are conducted.

The second major limitation of this work is the use of a passive (video-watching) as opposed to an active (i.e., play) paradigm to facilitate better isolation of the effects of individual motions (i.e., reduce the co-occurrence of different motion types). As we were concerned that the movements produced by infants in a passive paradigm may differ from movements during an active task, we conducted a supplementary study in which we repeatedly elicited each type of motion from one mother-infant pair, whilst their EEG was recorded. This analysis (fully detailed in Supplementary Material section “Supplementary Pilot Study 2 on Actively-Elicited Motion”) revealed that, similar to what we observed in the current study, the infant’s motions generated only a few significant deviations from his resting state power spectrum, and the effects of upper limb movement were larger than the effects produced by chewing or lower limb movement. Unlike in the current study, decreases in alpha power (mainly over fronto-central, central and centro-parietal regions) produced by the upper limb movements did reach significance in the Supplementary study. Significant increases in spectral power in peripheral scalp regions were also present when the infant was “modeling” upper limb and chewing movements, similar to the results observed in the current study when those motions occurred spontaneously. In future, a study actively modeling all motions with a larger number of infants is needed to ensure the replicability and generalizability of the current findings. Also, building on this work, future studies are required to explore the impact of multiple co-occurring motion types on the infant EEG signal. However, the current study, though highly limited, is an important first step in this direction.

Finally, it should also be noted that, as infants’ EEG signals were acquired whilst they were watching a movie, the neural activations recorded would also reflect sensory and cognitive processing of the video stimuli, in addition to the motion-related activity of interest. However, given that the resting state recordings were also obtained during the same movie stimuli, the subtraction procedure employed here should result in the removal of most common perceptual effects. Nonetheless, it is possible that infants moved more during some parts of the movie than others (e.g., sections that were more interesting or arousing), leading to potential biases in the data. Future studies may consider the use of video stimuli that present uniform stimulation throughout the task.

Despite these limitations, the current work is a necessary first step toward a better understanding of the effects of motion on infant EEG data. Further studies with a larger number of participants, and a wider range of modeled motions (collected across different social interactive scenarios) will be necessary to ascertain the extent to which these effects are generalizable, and to inform the future development of methods for EEG artifact removal.
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FOOTNOTES

1
Note that we also ran a second pilot study (described in Supplementary Material section “Supplementary Pilot Study 2 on Actively-Elicited Motion”), where an infant-adult dyad actively modeled the motions observed in the first pilot study using the same toys to elicit the same motions for the infant. In this second pilot study, the infant produced collectively more than 3 h of EEG recording over the course of three separate testing sessions; the adult produced around 20 h of EEG over 7 testing sessions. Similar to the first behavioral-only pilot study, the co-occurrence of motion was very high in this active protocol and we were unable to identify sufficient isolated repetitions for each infant motion. This necessitated the choice of a passive paradigm for the main study.

REFERENCES

Agyei, S. B., Van Der, W., Audrey, L. H.,, and Van Der, M. (2016). Neuropsychologia Longitudinal study of preterm and full-term infants : high-density EEG analyses of cortical activity in response to visual motion. Neuropsychologia 84, 89–104. doi: 10.1016/j.neuropsychologia.2016.02.001

Babiloni, F., Astolfi, L., Cincotti, F., Mattia, D., Tocci, A., and Tarantino, A., et al. (2007). “Cortical activity and connectivity of human brain during the prisoner’s dilemma: an EEG hyperscanning study,” in Engineering in Medicine and Biology Society, 2007. EMBS 2007. 29th Annual International Conference of the IEEE, Piscataway, NJ: IEEE, 4953–4956.

Batty, M., Meaux, E., Wittemeyer, K., Rogé, B., and Taylor, M. J. (2011). Early processing of emotional faces in children with autism: an event-related potential study. J. Exp. Child Psychol. 109, 430–444. doi: 10.1016/j.jecp.2011.02.001

Bell, M. A., and Wolfe, C. D. (2007). Changes in brain functioning from infancy to early childhood: evidence from EEG power and coherence during working memory tasks. Dev. Neuropsychol. 31, 21–38. doi: 10.1207/s15326942dn3101_2

Bell, M. A., and Cuevas, K. (2012). Using EEG to study cognitive development : issues and practices. J. Cogn. Dev. 13, 281–294. doi: 10.1080/15248372.2012.691143

Benasich, A. A., Gou, Z., Choudhury, N., and Harris, K. D. (2008). Early cognitive and language skills are linked to resting frontal gamma power across the first 3 years. Behav. Brain Res. 195, 215–222. doi: 10.1016/j.bbr.2008.08.049

Brooker, B. H., and Donald, M. W. (1980). Contribution of the speech musculature to apparent human EEG asymmetries prior to vocalization. Brain Lang. 9, 226–245. doi: 10.1016/0093-934X(80)90143-1

Buzsaki, G. (2006). Rhythms of the Brain. New York, NY: Oxford University Press.

Cantiani, C., Ortiz-Mantilla, S., Riva, V., Piazza, C., Bettoni, R., Musacchi, G., et al. (2019). Reduced left-lateralized pattern of event-related EEG oscillations in infants at familial risk for language and learning impairment. Neuroimage Clin. 22:101778. doi: 10.1016/j.nicl.2019.101778

Chaumon, M., Bishop, D. V., and Busch, N. A. (2015). A practical guide to the selection of independent components of the electroencephalogram for artifact correction. J. Neurosci. Methods 250, 47–63. doi: 10.1016/j.jneumeth.2015.02.025

Corrigall, K. A., and Trainor, L. J. (2014). Enculturation to musical pitch structure in young children : evidence from behavioral and electrophysiological methods. Dev. Sci. 17, 142–158. doi: 10.1111/desc.12100

Csibra, G., Davis, G., Spratling, M. W., and Johnson, M. H. (2000). Gamma oscillations and object processing in the infant brain. Science 290, 1582–1585. doi: 10.1126/science.290.5496.1582

Csibra, G., and Johnson, M.H. (2007). “Investigating event-related oscillations in infancy,” in Infant EEG and Event-Related Potentials, ed M. de Haan (Hove: Psychology Press), 289–304.

Dahl, A. (2016). Ecological commitments: why developmental science needs naturalistic methods. Child Dev. Perspect. 11, 79–84. doi: 10.1111/cdep.12217

Dawson, G., Jones, E. J., Merkle, K., Venema, K., Lowy, R., Faja, S., et al. (2012). Early behavioral intervention is associated with normalized brain activity in young children with autism. J. Am. Acad. Child Adolesc. Psychiatry 51, 1150–1159. doi: 10.1016/j.jaac.2012.08.018

De Haan, M. (Ed.). (2013). Infant EEG and Event-Related Potentials. Hove: Psychology Press.

de Haan, M., and Nelson, C. A. (1997). Recognition of the mother’s face by 6-month-old infants: a neurobehavioral study. Child Dev. 68, 187–210. doi: 10.1111/j.1467-8624.1997.tb01935.x

de Haan, M., and Nelson, C. A. (1999). Brain activity differentiates face and object processing by 6-month-old infants. Dev. Psychol. 34, 1114–1121.

deRegnier, R. A., Georgieff, M. K., and Nelson, C. A. (1997). Visual event-related brain potentials in 4-month-old infants at risk of neurodevelopmental impairments. Dev. Psychol. 30, 11–28. doi: 10.1002/(SICI)1098-2302(199701)30:1¡11::AID-DEV2¿3.0.CO;2-Y

deRegnier, RA., Nelson, CA., Thomas, KM., Wewerka, S., and Georgieff, MK. (2000). Neurophysiologic evaluation of auditory recognition memory in healthy newborn infants and infants of diabetic mothers. J. Pediatr. 137, 777–784. doi: 10.1067/mpd.2000.109149

deRegnier, R., Wewerka, S., Georgieff, M. K., Mattia, F., and Nelson, C. A. (2002). Influences of postconceptional age and postnatal experience on the development of auditory recognition memory in the newborn infant. Dev. Psychobiol. 41, 216–225. doi: 10.1002/dev.10070

Dumas, G., Lachat, F., Martinerie, J., Nadel, J., and George, N. (2011). From social behaviour to brain synchronization: review and perspectives in hyperscanning. Irbm 32, 48–53. doi: 10.1016/j.irbm.2011.01.002

Dumas, G., Nadel, J., Soussignan, R., Martinerie, J., and Garnero, L. (2010). Inter-brain synchronization during social interaction. PLoS One 5:8. doi: 10.1371/journal.pone.0012166

Dumas, G., Laroche, J., and Lehmann, A. (2014). Your body, my body, our coupling moves our bodies. Front. Hum. Neurosci. 8:1004

Fabes, R. A., Martin, C. L., Hanish, L. D., and Updegraff, K. A. (2000). Criteria for evaluating the significance of developmental research in the twenty-first century: force and counterforce. Child Dev. 71, 212–221. doi: 10.1111/1467-8624.00136

Fan, J., Byrne, J., Worden, M. S., Guise, K. G., McCandliss, B. D., Fossella, J., et al. (2007). The relation of brain oscillations to attentional networks. J. Neurosc. 27, 6197–6206. doi: 10.1523/jneurosci.1833-07.2007

Folland, N. A., Butler, B. E., Payne, J. E., and Trainor, L. J. (2014). Cortical representations sensitive to the number of perceived auditory objects emerge between 2 and 4 months of age? Electrophysiol. Evid. 27, 1060–1067 doi: 10.1162/jocn_a_00764

Fu, S., Caggiano, D. M., Greenwood, P. M., and Parasuraman, R. (2005). Event-related potentials reveal dissociable mechanisms for orienting and focusing visuospatial attention. Brain Res. Cogn. Brain Res. 23, 341–353. doi: 10.1016/j.cogbrainres.2004.11.014

Fujioka, T., Mourad, N., He, C., and Trainor, L. J. (2011). Comparison of artifact correction methods for infant EEG applied to extraction of event-related potential signals clinical neurophysiology comparison of artifact correction methods for infant EEG applied to extraction of event-related potential signals. Clin. Neurophysiol. 122, 43–51. doi: 10.1016/j.clinph.2010.04.036

Ganushchak, L., Christoffels, I., and Schiller, N. O. (2011). The use of electroencephalography in language production research: a review. Front. Psychol. 2:208. doi: 10.3389/fpsyg.2011.00208

Georgieva, S., Lester, S., Yilmaz, M., Wass, S., and Leong, V. (2018). Topographical and spectral signatures of infant and adult movement artifacts in naturalistic EEG. BioRxiv [Preprint]. doi: 10.1101/206029

Gramann, K., Gwin, J. T., Ferris, D. P., Oie, K., Jung, T. P., Lin, C. T., et al. (2011). Cognition in action: Imaging brain/body dynamics in mobile humans. Rev. Neurosci. 22, 593–608. doi: 10.1515/RNS.2011.047

Guerrero-Mosquera, C., Navia-Vazquez, A., and Trigueros, A. M. (2012). EEG Signal Processing for Epilepsy. London: INTECH Open Access Publisher

Gwin, J. T., Gramann, K., Makeig, S., and Ferris, D. P. (2010). Removal of movement artifact from high-density EEG recorded during walking and running. J. Neurophysiol. 103, 3526–3534. doi: 10.1152/jn.00105.2010

Halit, H., Csibra, G., Volein, Á., and Johnson, M. H. (2004). Face-sensitive cortical processing in early infancy. J. Child Psychol. Psychiatry 45, 1228–1123

Harris, A. M., Dux, P. E., and Mattingley, J. B. (2018). Detecting unattended stimuli depends on the phase of prestimulus neural oscillations. J. Neurosci. 38, 3092–3101. doi: 10.1523/JNEUROSCI.3006-17.2018

He, C., Hotson, L., and Trainor, L. J. (2007). Mismatch responses to pitch changes in early infancy. J. Cogn. Neurosci. 19, 878–892. doi: 10.1162/jocn.2007.19.5.878

Hoehl, S., and Wahl, S. (2012). Recording infant ERP data for cognitive. Dev. Neuropsychol. 37, 87–209. doi: 10.1080/87565641.2011.627958

Islam, M. K., Rastegarnia, A., and Yang, Z. (2016). Methods for artifact detection and removal from scalp EEG: a review. Neurophysiol. Clin. Clin. Neurophysiol. 46, 287–305. doi: 10.1016/j.neucli.2016.07.002

Kalashnikova, M., Peter, V., Di Liberto, G. M., Lalor, E. C., and Burnham, D. (2018). Infant-directed speech facilitates seven-month-old infants’ cortical tracking of speech. Sci. Rep. 8:13745.

Kampis, D., Parise, E., Csibra, G., and Kovács, Á. M. (2016). On potential ocular artefacts in infant electroencephalogram: a reply to comments by Köster. Proc. R. Soc. B: Biol. Sci. 283:20161285. doi: 10.1098/rspb.2016.1285

Keren, A. S., Yuval-Greenberg, S., and Deouell, L. Y. (2010). Saccadic spike potentials in gamma-band EEG: characterization, detection and suppression. NeuroImage 49, 2248–2263. doi: 10.1016/j.neuroimage.2009.10.057

Klados, M. A., Papadelis, C., Braun, C., and Bamidis, P. D. (2011). REG-ICA: a hybrid methodology combining blind source separation and regression techniques for the rejection of ocular artifacts. Biomed. Signal Process. Control 6, 291–300. doi: 10.1016/j.bspc.2011.02.001

Köster, M. (2017). What about microsaccades in the electroencephalogram of infants? Proc. Biol. Sci. 283: 20160739. doi: 10.1098/rspb.2016.0739

Köster, M., Haese, A., and Czernochowski, D. (2017). Neuronal oscillations reveal the processes underlying intentional compared to incidental learning in children and young adults. PLoS One 12:e0182540. doi: 10.1371/journal.pone.0182540

Kraus, N., and Naatanen, R eds (1995). Mismatch negativity as an index of central auditory function. Ea.r Hear. Special Issue 16, 38–51.

Kuhl, P. K. (2010). Brain mechanisms in early language acquisition. Neuron 67, 713–727. doi: 10.1016/j.neuron.2010.08.038

Kushnerenko, E., Ceponiene, R., Balan, P., Fellman, V., Huotilaine, M., and Naatane, R. (2002). Maturation of the auditory event-related potentials during the first year of life. Neuroreport 13, 47–51. doi: 10.1097/00001756-200201210-00014

Lawhern, V., Hairston, W. D., McDowell, K., Westerfield, M., and Robbins, K. (2012). Detection and classification of subject-generated artifacts in EEG signals using autoregressive models. J. Neurosci. Methods 208, 181–189. doi: 10.1016/j.jneumeth.2012.05.017

Leong, V., Byrne, E., Clackson, K., Georgieva, S., Lam, S., and Wass, S. (2017). Speaker gaze increases information coupling between infant and adult brains. Proc. Natl. Acad. Sci. U.S.A. 114:201702493. doi: 10.1073/pnas.1702493114

Liao, Y., Acar, Z. A., Makeig, S., and Deak, G. (2015). EEG imaging of toddlers during dyadic turn-taking: mu-rhythm modulation while producing or observing social actions. NeuroImage 112, 52–60. doi: 10.1016/j.neuroimage.2015.02.055

Lindenberger, U., Li, S. C., Gruber, W., and Müller, V. (2009). Brains swinging in concert: cortical phase synchronization while playing guitar. BMC Neurosci. 10:22. doi: 10.1186/1471-2202-10-22

Luck, S. J., Woodman, G. F., and Vogel, E. K. (2000). Eventrelated potential studies of attention. Trends Cogn. Sci. 4, 432–440.

Lukowski, A. F., Wiebe, S. A., Haight, J. C., DeBoer, T., Nelson, C. A., and Bauer, P. J. (2005). Forming a stable memory representation in the first year of life: why imitation is more than child’s play. Dev. Sci. 8, 279–298. doi: 10.1111/j.1467-7687.2005.00415.x

Maguire, M. J., Magnon, G., and Fitzhugh, A. E. (2014). Improving data retention in EEG research with children using child-centered eye tracking. J. Neurosci. Methods 238, 78–81. doi: 10.1016/j.jneumeth.2014.09.014

Makeig, S., Gramann, K., Jung, T. P., Sejnowski, T. J., and Poizner, H. (2009). Linking brain, mind and behavior. Int. J. Psychophysiol. 73, 95–100. doi: 10.1016/j.ijpsycho.2008.11.008

Mannel, C., and Friederici, A. D. (2009). Pauses and intonational phrasing: ERP studies in 5-month-old German infants and adults. J. Cogn. Neurosci. 21, 1988–2006. doi: 10.1162/jocn.2009.21221

Mannel, C., Schipke, C. S., and Friederici, A. D. (2013). The role of pause as a prosodic boundary marker: language ERP studies in German 3- and 6-year-olds. Dev. Cogn. Neurosci. 5, 86–94. doi: 10.1016/j.dcn.2013.01.003

Maris, E., and Oostenveld, R. (2007). Nonparametric statistical testing of EEG- and MEG-data. J. Neurosci. Methods 164, 177–190. doi: 10.1016/j.jneumeth.2007.03.024

Marshall, P. J., Young, T., and Meltzoff, A. N. (2011). Neural correlates of action observation and execution in 14-month-old infants: an event-related EEG desynchronization study. Dev. Sci. 14, 474–480. doi: 10.1111/j.1467-7687.2010.00991.x

Musacchia, G., Ortiz-Mantilla, S., Choudhury, N., Realpe-Bonilla, T., Roesler, C., Benasich, A. A., et al. (2017). Active auditory experience in infancy promotes brain plasticity in theta and gamma oscillations. Dev. Cogn. Neurosci. 26, 9–19. doi: 10.1016/j.dcn.2017.04.004

Musacchia, G., Ortiz-Mantilla, S., Realpe-Bonilla, T., Roesler, C. P., and Benasich, A. A. (2015). Infant auditory processing and event-related brain oscillations. J. Vis. Exp. 101:e52420. doi: 10.3791/52420

Nathan, K., and Contreras-Vidal, J. L. (2015). Negligible motion artifacts in scalp electroencephalography (EEG) during treadmill walking. Front. Hum. Neurosci. 9:708. doi: 10.3389/fnhum.2015.00708

Nelson, C. A. (1996). “Electrophysiological correlated of memory development in the first year of life,” in Biological and Neuropsychological Mechanisms: Life Span Developmental Psychology eds H Reese and M Fransen , (Hillsdale, NJ: Lawance Erlbaum Associates Inc), 95–131.

Nelson, C., Thomas, K., de Haan, M., and Wewerka, S. (1998). Delayed recognition memory in infants and adults as revealed by event-related potentials. Int. J. Psychophysiol. 29, 145–165. doi: 10.1016/s0167-8760(98)00014-2

Noris, B., Nadel, J., Barker, M., Hadjikhani, N., and Billard, A. (2012). Investigating gaze of children with ASD in naturalistic settings. PLoS One 7:e44144. doi: 10.1371/journal.pone.0044144

Oostenveld, R., Fries, P., Maris, E., and Schoffelen, J. -M. (2011). FieldTrip: open source software for advanced analysis of MEG, EEG, and invasive electrophysiological data. Comput. Intell. Neurosci. 2011:156869. doi: 10.1155/2011/156869

O’Regan, S., Faul, S., and Marnane, W. (2010). “Automatic detection of EEG artefacts arising from head movements. In engineering in medicine a nd biology society (EMBC),” in 2010 Annual International Conference of the IEEE, Piscataway, NJ: IEEE, 6353–6356.

Orekhova, E. V., Stroganova, T. A., and Posikera, I. N. (1999). Theta synchronization during sustained anticipatory attention in infants over the second half of the first year of life. Int. J. Psychophysiol. 32, 151–172. doi: 10.1016/s0167-8760(99)00011-2

Orekhova, E. V., Elsabbagh, M., Jones, E. J., Dawson, G., Charman, T., Johnson, M. H., et al. (2014). EEG hyper-connectivity in high-risk infants is associated with later autism. J. Neurodev. Disord. 6:40. doi: 10.1186/1866-1955-6-40

Ortiz-Mantilla, S., Hamalainen, J. A., Musacchia, G., and Benasich, A. A. (2013). Enhancement of gamma oscillations indicates preferential processing of native over foreign phonemic contrasts in infants. J. Neurosci. 33, 18746–18754. doi: 10.1523/JNEUROSCI.3260-13.2013

Pascalis, O., de Haan, M., Nelson, C. A., and de Schonen, S. (1998). Long-term recognition assessed by visual paired comparison in 3- and 6-month-old infants. J. Exp. Psychol. Learn. Mem. Cogn. 24, 249–260. doi: 10.1037/0278-7393.24.1.249

Peña, M., Pittaluga, E., and Mehler, J. (2010). Language acquisition in premature and full-term infants. Proc. Natl. Acad. Sci. U.S.A. 107, 3823–3828. doi: 10.1073/pnas.0914326107

Plöchl, M., Ossandón, J. P., and König, P. (2012). Combining EEG and eye tracking: identification, characterization, and correction of eye movement artifacts in electroencephalographic data. Front. Hum. Neurosci. 6:278. doi: 10.3389/fnhum.2012.00278

Reis, P. M., Hebenstreit, F., Gabsteiger, F., von Tscharner, V., and Lochmann, M. (2014). Methodological aspects of EEG and body dynamics measurements during motion. Front. Hum. Neurosci. 8:156. doi: 10.3389/fnhum.2014.00156

Reynolds, G. D. (2015). Infant visual attention and object recognition. Behav. Brain Res. 285, 34–43. doi: 10.1016/j.bbr.2015.01.015

Richards, J. E. (2003). Attention affects the recognition of briefly presented visual stimuli in infants: an ERP study. Dev. Sci. 6, 312–328. doi: 10.1111/1467-7687.00287

Richards, J. E., Reynolds, G. D., and Courage, M. L. (2010). The Neural Bases of Infant Attention. Curr. Dir. Psycho. Sci. 19, 41–46. doi: 10.1177/0963721409360003

Saby, J. N., and Marshall, P. J. (2012). The utility of EEG band power analysis in the study of infancy and early childhood. Dev. Neuropsychol. 37, 253–723. doi: 10.1080/87565641.2011.614663

Schilbach, L., Timmermans, B., Reddy, V., Costall, A., Bente, G., Schlicht, T., et al. (2013). Toward a second-person neuroscience 1. Behav. Brain Sci. 36, 393–414. doi: 10.3389/fpsyt.2020.00123

Slugocki, C., and Trainor, L. J. (2014). Cortical indices of sound localization mature monotonically in early infancy. Eur. J. Neurosci. 40, 3608–3619. doi: 10.1111/ejn.12741

Sweeney, K. T., Ward, T. E., and McLoone, S. F. (2012). Artifact removal in physiological signals—Practices and possibilities. IEEE Trans. Inf. Technol. Biomed. 16, 488–500. doi: 10.1109/TITB.2012.2188536

Tamis-LeMonda, C. S., Kuchirko, Y., Luo, R., Escobar, K., and Bornstein, M. H. (2017). Power in methods: language to infants in structured and naturalistic contexts. Dev. Sci. 20:10.1111/desc.12456. doi: 10.1111/desc.12456

Telkemeyer, S., Rossi, S., Nierhaus, T., Steinbrink, J., Obrig, H., Wartenburger, I., et al. (2011). Acoustic processing of temporally modulated sounds in infants: evidence from a combined near-infrared spectroscopy and EEG study. Front. Psychol. 2:62. doi: 10.3389/fpsyg.2011.00062

Teplan, M. (2002). Fundamentals of EEG measurement. Meas. Sci. Revi. 2, 1–11.

Trainor, L. J., Lee, K., and Bosnyak, D. J. (2014). Cortical plasticity in 4-month-old infants : specific effects of experience with cortical plasticity in 4-month-old infants : specific effects of experience with musical timbres. Brain Topogr 24, 192–203. doi: 10.1007/s10548-011-0177-y

Tunnell, G. B. (1977). Three dimensions of naturalness: an expanded definition of field research. Psychol. Bull. 84, 426–443. doi: 10.1037/0033-2909.84.3.426

van Elk, M., van Schie, H.T., Hunnius, S., Vesper, C., and Bekkering, H. (2008). You’ll never crawl alone: neurophysiological evidence for experience-dependent motor resonance in infancy. NeuroImage 43, 808–814. doi: 10.1016/j.neuroimage.2008.07.057

Vanderperren, K., Hunyadi, B., DeVos, M., Mennes, M., Wouters, H., Vanrumste, B.,, et al. (2008). Reduction of alpha distortion in event related potentials. IFMBE Proc. 22:1298–1301. doi: 10.1007/978-3-540-89208-3_309

Vos, D. M., Riès, S., Vanderperren, K., Vanrumste, B., Alario, F. X., Huffel, V. S., and Burle, B. (2010). Removal of muscle artifacts from EEG recordings of spoken language production. Neuroinform. 8, 135–150. doi: 10.1007/s12021-010-9071-0

Wass, S. V., Noreika, V., Georgieva, S., Clackson, K., Brightman, L., Nutbrown, R., et al. (2018). Parental neural responsivity to infants’ visual attention: how mature brains influence immature brains during social interaction. PLoS Biol. 16:e2006328. doi: 10.1371/journal.pbio.2006328

Weber, C., Hahne, A., Friedrich, M., and Friederici, A. D. (2004). Discrimination of word stress in early infant perception: electrophysiological evidence. Cogn. Brain Res. 18, 149–161. doi: 10.1016/j.cogbrainres.2003.10.001

Winkler, I., Lehtokoski, A., Alku, P., Vainio, M., Czigler, I., Csepe, V., et al. (1999). Pre-attentive detection of vowel contrasts utilizes both phonetic and auditory memory representations. Cogn. Brain Res. 7, 357–369. doi: 10.1016/s0926-6410(98)00039-1

Winkler, M., Mueller, J. L., Friederici, A. D., and Männel, C. (2018). Infant cognition includes the potentially human-unique ability to encode embedding. Sci. Adv. 4:eaar8334 doi: 10.1126/sciadv.aar8334

Weber, C., Hahne, A., Friedrich, M., and Friederici, A. D. (2005). Reduced stress pattern discrimination in 5-month-olds as a marker of risk for later language impairment: neurophysiologial evidence. Cogn. Brain Res. 25, 180–187. doi: 10.1016/j.cogbrainres.2005.05.007

Xie, W., Mallin, B. M., and Richards, J. E. (2017). Development of infant sustained attention and its relation to EEG oscillations: an EEG and cortical source analysis study. Dev. Sci. 21:e12562. doi: 10.1111/desc.12562

Xie, W., Mallin, B. M., and Richards, J. E. (2018). Development of brain functional connectivity and its relation to infant sustained attention in the first year of life. Dev. Sci. 22:e12703. doi: 10.1111/desc.12703

Yu, C., and Smith, L. B. (2016). The social origins of sustained attention in one-year-old human infants. Curr. Biol. 26, 1235–1240. doi: 10.1016/j.cub.2016.03.026

Yuval-Greenberg, S., Tomer, O., Keren, A. S., Nelken, I., and Deouell, L. Y. (2008). Transient induced gamma-band response in EEG as a manifestation of miniature saccades. Neuron 58, 429–441. doi: 10.1016/j.neuron.2008.03.027

Zhang, Y., Koerner, T., Miller, S., Grice-Patil, Z., Svec, A., Akbari, D., et al. (2011). Carney, E. Neural coding of formant-exaggerated speech in the infant brain. Dev. Sci. 14, 566–581 doi: 10.1111/j.1467-7687.2010.01004.x

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Georgieva, Lester, Noreika, Yilmaz, Wass and Leong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fnins-14-00352-t001.jpg
Rejected channels

Infant ID RS Jaw Hand Arm Foot Leg
1 - - = - = -
2 - - - - - -
3 CP5 - - CP5 - CP5
4 - — - — - —
5 — — —_ — —_ —
6 T7,TP9 T7,TP9 - TP9, P7 - TP9
7 TP9 - TP9 TP9 - TP9
8 S s P —= P s
9 S s P —= P s
10 C3, CP2 - C3, CP2 - - -
11 - - - Cz, TP9 TP9 Cz
12 T7 - - - - T7

RS, resting state.





OPS/images/fnins-14-00352-t002.jpg
Total duration contributed (s)

Infant ID RS Jaw Hand Arm Foot Leg
1 15 8 7 5 4 19
2 46 - 14 11 8 27
3 53 8 - 10 - 57
4 33 14 - 6 - —

5 10 18 12 10 4 18
6 36 10 27 11 - 21

7 34 - 25 28 - 14
8 36 4 - - -

9 44 - 41 9 -

10 59 - 27 - - -

11 54 - 36 27 93 51

12 40 - - 5 - 6

Average(SD) 38.3(14.7) 10.3(5) 23.6(11.9) 12.2(8.4) 27.3(43.9) 22.2(18.4)





OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Toward the Understanding of Topographical and Spectral Signatures of Infant Movement Artifacts in Naturalistic EEG



		INTRODUCTION



		Motion in EEG Measurements



		Naturalistic Social Paradigms



		Common EEG Motion Artifacts



		Current Strategies for Addressing Motion Artifacts



		Pilot Study to Assess Common Infant Movement Types and Their Prevalence in a Naturalistic Task



		Study Aims







		METHODS



		Participants



		Materials



		Protocol



		EEG Acquisition



		Video Recordings



		Video Coding



		Resting State



		Motion Artifacts



		Video-EEG Synchronization







		EEG Acquisition and Analysis



		EEG Pre-processing



		EEG Power Analysis



		Cluster-Based Permutation Test of Motion-Related Power Changes











		RESULTS



		Motion Types and (Isolated) Prevalence



		Scalp Topographies by Frequency Band



		Resting State



		Movement







		Motion-Related Differences in Spectral Power and Topography







		DISCUSSION



		Implications for EEG Research Using Naturalistic Paradigms



		Implications for EEG Research Using ERP Paradigms



		Implications for ICA Artifact Removal



		Limitations and Future Directions







		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/cover.jpg
, frontiers
In Neuroscience

Toward the Understanding
of Topographical and Spectral
Signatures of Infant Movement

Artifacts in Naturalistic EEG









OPS/images/fnins-14-00352-g001.jpg





OPS/images/fnins-14-00352-g002.jpg
A

Foot Arm Hand  © Chewing =

Leg

Resting State

o

e st

ee 0

Facial Movements

o)

e s

Ao tesre)

060

Limb Movements

o)

e s

o v

g o)

<

)

o

Ao teare)

<

H

Lowse

§ §
® @i ¢

PN
@

f
i
H

©

§
£
H

@)
C

§

e 101

O
O

o Bea 14200

Mo Bea 142000

Mo Bea 14200

Hon e

H

0000





OPS/images/logo.jpg
' frontiers

in Neuroscience





OPS/images/fnins-14-00352-e000.jpg
(infant, cond)

2PV ey





OPS/images/fnins-14-00352-e002.jpg
where ¢ = channel; f = frequency bin; e

(1)





OPS/images/fnins-14-00352-e001.jpg
(infant, cond).
o)

stdev(meanc(pow)

(infant, rond)yy

meane(pow ) — meung(mennp(Pow(/)

(i condy





OPS/images/fnins-14-00352-g003.jpg
A Arm Movements: Arm > RS

04 : 05
q
0.2 1 P
e~ b 0
-
0 f
) N\
9 10 11 12 13 14 15 16 17 18 19 20 0.5
4 Cluster peak 15.254 Hz {t = 11681.14, p = 0.028)
- N, :
N : '
3 N !
52 | EAm(SEM)
z N\ 1 HRes{(SEM)
£ o

0

012345678 91011121314151617 181920
Frequency (Hz)

g4 Jaw Movements. Jaw > RS

0.2 i
-
0 : ..
\v
9 1011121314 1516 17 18 19 20

4 Cluster peak 15.420 Hz (}\= 10584.49, p = 0.016)
N * i
T AN '
g E :
=5) _ N
o : WJaw(SEM)
3 N | BRest(SEM)
&o

012345673829 1011121314151617181920
Frequency (Hz)

B Arm Movenggnts: RS> Arm

0
-0.5
4.031 Hz (p = 0.0519, n.s.)
~N 1
L 28 -
2 :
2 |
51 HArm Movements(SEM)
H BResting State(SEM)
ao '
012345678 91011121314151617 181920

Frequency (Hz)

D Electrode montage

-F8

*F3 *Fz *F4

*FT9 *FT10

*FC5 «FC1 «FC2 *FCA

*CP1 *CP2

*CP5

TP “TP10

*P3 *Pz P4






OPS/images/fnins-14-00352-e003.jpg
mean_z_pow,

(cond) _

(G

(cond)

Sifont 2LV

infant

@)





