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Combining frequency tagging with electroencephalography (EEG) provides excellent opportunities for developmental research and is increasingly employed as a powerful tool in cognitive neuroscience within the last decade. In particular, the visual oddball paradigm has been employed to elucidate face and object categorization and intermodal influences on visual perception. Still, EEG research with infants poses special challenges that require consideration and adaptations of analyses. These challenges include limits to attentional capacity, variation in looking times, and presence of artefacts in the EEG signal. Moreover, potential differences between age-groups must be carefully evaluated. This manuscript evaluates challenges theoretically and empirically by (1) a systematic review of frequency tagging studies employing the oddball paradigm and (2) combining and re-analyzing data from seven-month-old infants (N = 124, 59 females) collected in a categorization task with artifical, unfamiliar stimuli. Specifically, different criteria for sequence retention and selection of harmonics, the influence of bins considered for baseline correction and the relation between fast periodic visual stimulation (FPVS) responses and looking time are analyzed. Overall, evidence indicates that analysis decisions should be tailored based on age-group to optimally capture the observed signal. Recommendations for infant frequency tagging studies are developed to aid researchers in selecting appropriate stimulation and analysis strategies in future work.
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Introduction

Stimulating the brain rhythmically and measuring the resulting rhythmic changes of electrical activity on the scalp has been successfully employed in vision research for many decades (Adrian and Matthews, 1934; Adrian, 1944; Walter et al., 1946; Dawson, 1954). More recently, rhythmic stimulation has been applied in cognitive research and provided evidence for very fast face and object categorization in infants and adults (Liu-Shuang et al., 2014; de Heering and Rossion, 2015; Rossion et al., 2015; Peykarjou et al., 2017; Kabdebon et al., 2022). Due to its objectivity and high signal-to-noise ratio, this approach holds great potential for developmental cognitive neuroscience. In particular, the so-called fast periodic visual stimulation (FPVS) oddball paradigm (Heinrich et al., 2009; Liu-Shuang et al., 2014) embeds categorical changes at a slower frequency rate into a fast periodic stream of stimuli and thus allows for dissociating the rate of categorization from low-level changes within a single stimulation stream. This paper summarizes studies utilizing the approach, addresses its methodological strengths and challenges and systematically examines analysis decisions on response patterns to the visual FPVS oddball paradigm in infants.

In the past, inducing rhythmic responses through visual stimulation has been described in the frameworks of steady-state visual evoked potentials (SSVEPs; Regan, 1966, Norcia et al., 2015), fast periodic visual stimulation responses (FPVS; Liu-Shuang et al., 2014, Rossion et al., 2020), and frequency tagging (Tononi et al., 1998). Here, the term frequency tagging will be adopted as it captures the idea of associating a cognitive process with a frequency tag, and thus stresses an important advantage of the approach, the a priori defined dependent measure. Frequency tagging can be understood as the process of stimulating in a given frequency and analyzing EEG responses at the corresponding frequencies. To this purpose, the continuous EEG signal recorded in the time-domain is converted to the frequency domain via a fast Fourier Transformation (FFT). Thus, changes in amplitude over time are converted and represented as amplitude and phase across frequencies, allowing the researcher to track response strengths at stimulated frequencies.

The frequency tagging approach has recently been employed to measure face individuation and object categorization with great validity, objectivity, reliability and sensitivity (Stothart et al., 2017; Rossion et al., 2020; Peykarjou et al., under review1). It is objective in the sense that the response of interest is defined a priori by the input frequency f (fundamental frequency), and analysis are confined to the input frequency and its harmonics (nf). Satisfactory reliabilities of adult frequency-tagging responses in face individuation have recently been established (Dzhelyova et al., 2019; Stacchi et al., 2019), but reliability certainly depends on the specific stimuli and design as well as processing proficiency of participants. It is conceivable that more variable responses in less capable participants will lead to decreased reliability (see also Stacchi et al., 2019). There also is first evidence that frequency tagging responses are correlated with performance, e.g., decreased face individuation responses in prosopagnosia (Liu-Shuang et al., 2016). In addition, previous work has demonstrated high sensitivity of frequency tagging, requiring only a few minutes of stimulation to reliably differentiate responses from noise (Dzhelyova et al., 2019). Finally, flickering images are highly attractive for infants, thus eliciting prolonged looking and alertness, further enhancing the usability of this approach in development.

Thus, frequency tagging holds great potential for developmental cognitive neuroscience, and has been successfully employed in vision and development over decades. Since the 1970, it was leveraged to delineate the development of spectral sensitivity, acuity, contrast sensitivity and binocular interaction (Dobson, 1976; Sokol, 1978; Atkinson et al., 1979; Petrig et al., 1981). During the last years, frequency tagging has received surging interest and been applied in face and object categorization, intermodal perception, and attention (De Heering and Rossion, 2015; Peykarjou et al., 2017; Barry-Anwar et al., 2018; Christodoulou et al., 2018; Leleu et al., 2020; Rekow et al., 2021). The present study systematically evaluates design and analysis decisions to develop recommendations for future applications of this method.

First, methodological differences between infant and adult studies will be described, focusing on particulars of frequency tagging (Hoehl and Wahl, 2012, for more general discussions of infant EEG studies, see DeHaan, 2007). This part is supplemented by a systematic review of existing studies following the FPVS oddball approach. In the empirical part, the effects of methodological decisions will be assessed.


Methodological characteristics of frequency tagging employed with infants

A great advantage of EEG frequency tagging studies is that the same stimulation and dependent measures can be employed across age. As the frequency of interest is defined and embedded into the stimulation a priori by the researcher, responses at this precise frequency can be analyzed regardless of age-group or other sample characteristics. While one might adapt the speed of stimulation and thus the fundamental frequency for different samples, past research has employed the same speed for infants and adults and found that infants are capable of processing images at presentation times employed with adults, typically less than 170 ms per image. Anyhow, studies determining how infants respond to stimulation at different fundamental frequencies are lacking (see, for example, Gentile and Rossion, 2014; Retter et al., 2020, for evidence in adults) and would be very helpful for furthering our understanding of differences and commonalities in rhythmic responses throughout development.

While the general stimulation can thus be applied irrespective of age, some specifics require adaptation for infant participants. For example, infants’ attentional capacity is relatively short, which requires adapting the stimulation in terms of duration of flicker sequences, the number of sequences and, thus, the number of conditions that can be tested within-subjects. Moreover, the rather high amount of artefacts typically present in infant EEG requires careful handling. To provide an empirical overview of methodological decisions made in FPVS oddball studies with infants, a focused systematic review was conducted based on the search terms “infant” and “frequency tagging,” “SSVEPs” or “fast periodic visual stimulation” (see Figure 1).
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FIGURE 1
 Flow diagram of study selection process for systematic review (Page et al., 2021).


The Psycinfo search was performed on March 23rd 2022 and supplemented with records identified by personal communication. All studies employing a visual FPVS oddball paradigm with infant participants (< 4 months of age) were included, yielding N = 11 records (see Table 1 for an overview of all included studies). All information was double-coded by the author and student assistants. The following information was extracted from included articles, separately for all groups tested: mean participant age, sample size, software and hardware employed, number of within-subject conditions, duration of sequences, number of sequences presented and kept, criteria for excluding sequences, methods employed for artifact detection, treatment of artefacts, number of harmonics analyzed, criteria for selection of harmonics, number of bins for baseline-correction, and response strength of significant responses (see Tables 1, 2).



TABLE 1 Design of studies included in the systematic review.
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TABLE 2 Analysis decisions of studies included in the systematic review.
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Due to infants’ limited attentional capacity, the duration of frequency tagging sequences is reduced compared to studies with older participants. The literature review (see Table 1) indicates that previous studies employed sequence durations of 15–30 s with infants, whereas 60 s are typical for adults (e.g., Liu-Shuang et al., 2014; Stothart et al., 2017; Stacchi et al., 2019). This adaptation allows researchers to provide more breaks, soothe infant participants if necessary, and redirect attention to the screen. However, by adapting the duration of sequences, the resulting frequency resolution is also changed as both are inversely related via the FFT (1/duration(s)). This leads to a lower frequency resolution when using shorter stimulation times with infants. Moreover, the duration of sequences is potentially related to signal strength at the tagged frequency for two reasons (e.g., Dzhelyova et al., 2019): First, increasing stimulation time may support perception of embedded rhythms, thus strengthening responses, and second, a higher frequency resolution may enhance the signal-to-noise ratio by confining the stimulated response to a narrow frequency bin relative to the broad-band EEG noise.

In addition to reducing stimulation time, infants’ attentional span also limits the number of conditions that can be tested within-subjects. Based on the systematic review, infants (0–11 months) on average watched M = 213.06 (SD = 89.51) seconds of stimulation, arranged into 1–3 conditions. Most common were sequence durations of 15–30 s, so that an overall average of M = 9.91 (SD = 3.60) sequences were presented. Considering that some sequences will need to be excluded during preprocessing (see below), in most cases, running two to three conditions within-subjects is feasible.

Another caveat posed by infants’ attentional limits is variable looking time. Infants cannot be instructed to attend to the screen and will thus engage and disengage in a variable pattern during frequency tagging sequences. In contrast, most adult studies employ an orthogonal task to control attention and keep it constant (Liu-Shuang et al., 2014; Stothart et al., 2017; Stacchi et al., 2019). When participants look away from the screen, this may reduce the response strength as, on the one hand, they do not observe the stimulation and, on the other hand, they likely produce motor artefacts. Faced with this problem, all infant studies define a minimal threshold for inclusion of sequences, mostly based on responses to the general visual stimulation, sometimes considering looking times and/or data quality criteria (see Table 1 for an overview of inclusion criteria). Determining a criterion for retention of sequences is critical. On the one hand, sequences that were not attended well should be excluded, as categorization responses cannot be measured validly. On the other hand, as much data as possible should be retained to remain representative of the original dataset.

As elaborately discussed elsewhere (DeHaan, 2007; Hoehl and Wahl, 2012), infant EEG is characterized by a high amount of artefacts. These can be due to movement, limited preparation time during capping (leading to higher impedances), sweating or biological processes (e.g., heartbeat or respiration). Artefacts impact frequency tagging responses differently than other dependent variables, such as event-related-potentials (ERPs), as they are distributed broadly but not necessarily evenly in the frequency spectrum. When the infant blinks, she will do so in a partly random fashion, thus contributing to a range of frequencies. This means that artefacts may distort amplitudes across ranges of frequencies rather than at specific frequencies.2 Analyses of responses spread across the frequency spectrum, such as ERPs, are heavily influenced by these artefacts. In contrast, frequency tagging is based on analyzing specific frequencies of interest, and while artefacts may influence amplitude at each specific frequency, they will exhibit a similar influence on surrounding frequency bins and can thus be controlled by baseline correction.

The artefacts distributed throughout the spectrum increase standard deviations (SDs) of amplitudes across frequencies. This increased SD of whole frequency ranges may diminish the strength of the baseline corrected signal compared to cleaner data collected with older participants. Therefore, artefacts will enhance variability of the signal across bins, likely diminishing the statistical significance of responses at frequencies of interest. However, they will not influence the tagged frequency specifically, providing one major strength of this approach.

Dealing with artefacts is a central aspect of EEG analysis. Similar to other EEG approaches, in the context of frequency tagging, artefacts can be identified visually or by algorithms. As can be seen in Table 2, previous studies treated artifacts most commonly by excluding data, interpolating channels, and applying an artifact blocking algorithm. Semi-automizing the detection and handling of artifacts seems an important venture for the near future to facilitate and objectify analysis.

To determine the strength of the response at the tagged frequency, amplitude at this frequency is compared to and corrected for amplitude at the surrounding bins (baseline correction). The systematic review indicates that 10 bins (5 on each side, excluding the immediately adjacent bins), corresponding to approx. + − 0.35 Hz, are employed most frequently. The number of bins taken into account is reduced relative to typical studies with adults (considering 20 bins, Liu-Shuang et al., 2014; Stacchi et al., 2019) due to the shorter duration of sequences and, in turn, lower frequency resolution. Thus, by reducing the number of bins, a similar frequency range is taken into account as in longer sequences.

Tagged responses are analyzed at the stimulation frequency (f) and its harmonics, multiple integers of the stimulation frequency (nf). Due to non-linear properties of the stimulation and brain processes, responses can be spread across the stimulation frequency and harmonics, and thus the signal needs to be aggregated to provide a balanced comparison of conditions (Norcia et al., 2015; Retter et al., 2021). The systematic review reveals that recent studies statistically evaluate the presence of harmonics and proceed by summing significant harmonics, consistent with current recommendations (Retter et al., 2021).

Previously, it has been demonstrated that the pattern of dominant harmonics (i.e., the harmonic in which the highest amplitude is elicited) is relatively stable in adult participants over the course of 2 months (Dzhelyova et al., 2019). Very little is known regarding potentially systematic relations of harmonics with age, and, more generally, the number of studies comparing responses across age are still limited. In studies on face categorization (De Heering and Rossion, 2015; Rossion et al., 2015), the number of harmonics was reduced in 4-to-6-month-old infants compared to adults. In infants, only the first harmonic (i.e., the stimulation frequency) reached significance, whereas harmonics 1 to 14 were significant in adults. In a study on categorization of animals and furniture items, the number of significant harmonics increased from one to three harmonics during infancy (four to 11 months), compared to significant harmonics 1 to 22 in adults (Peykarjou et al., under review see footnote 1). In a similar vein, a study on facial trustworthiness discrimination observed harmonics 2 to 7 to be significant in adults, whereas only two harmonics reached significance in six-month-old infants (Baccolo et al., in preparation see footnote3). Thus, though more systematic work is needed, it appears that responses are confined to fewer harmonics during infancy than in adulthood.

In general, whether and how many harmonics are elicited varies much between tasks and samples, and it is currently still unclear which factors drive these differences. Importantly, as harmonics may differ between conditions and samples, they need to be considered during analysis to provide an unbiased estimation of responses elicited. If harmonics are present, they can unequivocally be attributed to the stimulation, as no enhanced harmonic responses are elicited when there is no stimulation frequency f.4 Some frequency tagging papers have passed over the analysis of harmonics (e.g., Barry-Anwar et al., 2018; Bekhtereva et al., 2018), which may lead to biased results. There may be cases where the first harmonic does not reach significance (e.g., Peykarjou et al., 2022), so focusing exclusively on the first harmonic would lead to the erroneous conclusion that no frequency tagging response was observed. On the other hand, even if the fundamental frequency is present, when conditions vary regarding the recruitment of harmonics, employing only the first harmonic would bias comparisons of conditions. Thus, inspection and balanced inclusion of harmonics is recommended, for example by averaging across conditions and extracting significant harmonics based on this overall grand-average.

Another decision that is potentially influenced by age (or other sample characteristics) is selecting regions of interest (ROIs). Based on the existing evidence, it seems that general visual activation associated with the flicker stimulation can be recorded in infants and adults likewise over the medial occipital cortex, predominantly on electrode Oz and spreading to O1/O2 (e.g., Leleu et al., 2020; Rossion et al., 2020; Pauen and Peykarjou et al., under revision 5). This is independent of the type of visual stimuli employed, consistent with the assumption that this base response reflects general visual processing. Selecting appropriate ROIs for the specific cognitive processes involved in frequency tagging studies in an age-fair way is much more challenging. Drawing on the limited number of studies in which the same paradigm was conducted with infants and adults (Baccolo et al., in preparation see footnote 3; Peykarjou et al., under review see footnote 1; de Heering and Rossion, 2015; Rossion et al., 2015), it seems that categorization responses are often confined to smaller ROIs in infants than adults. Adult data may provide a reasonable starting point for determining the spatial layout of frequency tagging responses, but the response may be restricted to fewer electrodes early in development.

A final challenge in developmental frequency tagging studies pertains to the reliability of responses. First reports on reliability in frequency tagging with adults are highly promising, indicating that base and cognitive responses can be measured with high retest-reliability in adults (Dzhelyova et al., 2019). As low reliabilities may pose a challenge in ERP studies (Cassidy et al., 2012; Munsters et al., 2019), this finding is very promising and may provide a basis for individual diagnosis in frequency tagging. So far, there are no reports on reliability of frequency tagging in infants, but due to the limitations discussed already, it can be expected to be lower than in adults. Among other factors, reliability increased linearly with increasing stimulation time in adults (Dzhelyova et al., 2019), so the shorter stimulation time with infant samples may limit reliability.

To sum up, employing frequency tagging with infants holds great potential for cognitive research, but is associated with challenges regarding stimulation and analysis. The stimulation needs to be adjusted to accommodate infants’ attentional limits by decreasing duration of sequences and limiting the number of conditions. During analysis, artefacts need to be handled with care, and decisions on inclusion of harmonics and ROIs need to be made in an age-fair way.

In the following, the influence of analysis decisions on response strengths will be explored empirically, drawing upon a large dataset of categorization by seven-month-old infants in a simple oddball categorization task. The empirical part will focus on comparing different criteria for retaining sequences, evaluating the relation between looking time and EEG responses, the influence of the frequency range for baseline correction and the number of sequences per participants, as well as the influence of considering different numbers of harmonics.




Analyses of infant frequency tagging data


Stimuli and design

Infants were presented with sequences of artificial stimuli flickering at 6 Hz (6 items/s). At every fifth position, the type of stimulus changed, corresponding to 1.2 Hz (6/5 = 1.2, see Figure 2). Two types of stimuli were employed, red-orange/curvy shapes and blue-green/straight-edged shapes, with 10 individual exemplars of each type varying in size, color and number of pedals and parts (Pahnke, 2007; Ropeter and Pauen, 2013). Global luminance contrast did not differ across categories (p > 0.05). Pixel size of images was 545 (width) x 542 (height), corresponding to approximately 8 × 8 degrees of visual angle. Participants were compiled across two studies, so the maximum of sequences varied between 8 (Experiment 2) and 16 (Experiment 1).
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FIGURE 2
 Schematic illustration of the stimuli and experimental paradigms. Ten different angular red-orange and round blue-green stimuli were employed, with contrasting categories differing in the shape of all parts (angular vs. round outlines) and colour spectrum. Phase-scrambled control images were created from original stimuli. In 20-s-sequences, images were presented by sinusoidal contrast modulation at a rate of 6 cycles per second = 6 Hz (1 cycle ≈ 170 ms). Angular red-orange stimuli (A) were presented as standards, with round blue-green stimuli presented as deviants at every 5th cycle (B; 6/5 Hz = 1.2 Hz).


Sequences were initiated manually when participants looked attentively at the screen and showed an artifact-free EEG signal. Each sequence started with a uniform grey background (random length, 5–6 s) while a short doorbell-sound was played to attract attention if necessary. Each sequence lasted 24 s, consisting of a fade-in of 2 s (contrast of images against the background increased gradually from 0 to 100%), a stimulation sequence of 20 s, and a fade-out of 2 s. Fade-in and fade-out phases served to avoid surprise reactions and blinks. Images changed size (+/− 5%) and were presented using a sinusoidal contrast-modulation function. Testing ended when participants became too inattentive or fussy.



Sample

A sample of N = 124 (mean age = 7 months, 14 days, SD = 9 days, 59 females) participants were aggregated across two studies. On average, participants participated in M = 6.91 sequences (SD = 2.60, range 1–14), of which M = 1.09 (SD = 1.43, range 0–6) were excluded due to bad data (see specifics in Recordings and Analyses). A data base of M = 5.82 sequences (SD = 2.94, range 1–12) was thus employed for all analyses. All data combined here was based on the same stimulation, a categorization task with artificial categories as described in the section on stimuli & design. The first study evaluated the impact of familiarization on categorization responses. Categorization in the frequency tagging paradigm was compared following three different familiarization conditions: an ERP familiarization with stimuli from the base category (10 different exemplars presented 5 times for 1 s each); familiarization to the base category with subsequent presentation of a stimulus from the contrasting category (10 different exemplars presented 5 times for 1 s each, one stimulus from contrasting category presented for 15 s), and no familiarization. A previous study indicated that categorization did not differ based on familiarization condition (Experiment 2 in Pauen and Peykarjou, under revision see footnote 5), so data from participants was collapsed here across familiarization conditions. In the second study, subjects participated twice (T1, T2) in the same categorization task with an interval of approximately 2 weeks (data partly reported in Exp. 1, Pauen and Peykarjou, under revision see footnote 5). Only data from T1 are included into the aggregated sample. 41 additional infants were tested but excluded due to excessive crying (Experiment 1 N = 2, Experiment 2 N = 2), fussiness (Experiment 1 N = 7, Experiment 2 N = 7), too many artefacts (Experiment 2 N = 18), or technical problems (Experiment 1 N = 2, Experiment 2 N = 3). In accordance with the terms provided by the local ethics committee of Heidelberg University that approved the general procedure, written informed consent was obtainted from caretakers.



Procedure

In a dimly lit and quiet room, infants sat on the lap of their caregivers with a computer monitor in front of them (looking distance of approx. 80 cm). Parents were asked not to interact with their infant during data collection. Infant behavior was recorded on video, and brain responses were registered using a BrainProducts actiCap (Gilching, Germany) with 32 active Ag-AgCl electrodes arranged according to the 10-10-system and a right mastoid reference.



Recordings and analyses

Sampling rate was set at 250 Hz and the EEG signal was amplified using BrainAmp. Impedances were considered acceptable if <20 kΩ. EEG processing steps was performed using Matlab 2012b (The Mathworks) and Letswave.6 Data was band-pass filtered at 0.1–100 Hz using a 4th order Butterworth filter and segmented for each sequence. Noisy channels were identified and pooled from surrounding channels (for a maximum of three channels) and a common average reference computation was applied to all channels.

Preprocessed data segments were cropped to an integer number of 6 Hz cycles beginning 5 s after onset of the sequence (after fade-in) until 20 s (120 cycles, 5,000 time bins in total = 20 s). Sequences were averaged per participant before a Fast Fourier Transform (FFT) was applied to these averaged segments to extract amplitude spectra for all channels (square root of sum of squares of the real and imaginary parts divided by the number of data points). By averaging prior to the FFT, the contribution of responses not in phase (predominantly noise) is reduced (Rossion et al., 2020). Frequency analysis yielded spectra with a high frequency resolution of 0.05 Hz (1/20s).

The utility of different criteria for retention of sequences was compared by evaluating the number of sequences and participants included by criterion, the relation of each criterion with looking time data and the resulting pattern of base and categorization data. Amplitude at the base frequency (6 Hz) and its harmonics represents the brain’s response to the general visual stimulation and has previously been used as an index of whether the infant paid attention to the screen (de Heering and Rossion, 2015; Peykarjou et al., 2017). However, as the base frequency is also a multiple integer of the categorization frequency (5*1.2 Hz), both general stimulation and categorization processes may contribute to it. Base rate criteria can be based on SNR or Z-scores and are generally evaluated on channels O1, O2, Oz at 6 and, in several studies, 12 Hz. Here, the following base rate criteria will be evaluated: On O1, O2 or Oz, for 6 or 12 Hz, at least 1 SNR > 1.5; 1, 2 or 3 SNR > 2; 1 Zscore > 2.33; 2 or 3 Z-scores > 1.64. All following steps employ the base rate criterion selected based on this comparison. EEG amplitude at the frequency of F/5 = 1.2 Hz and its harmonics (i.e., 2F/5 = 2.4 Hz, 3F/5 = 3.6 Hz…) served as an index for categorization. In accord with prior work and recommendations (e.g., Peykarjou et al., 2017; Retter et al., 2021), responses were summed across significant harmonics. The range of harmonics for quantification of responses was defined by extracting all harmonics above noise level at a p < 0.05threshold. This threshold was Bonferroni-corrected for the number of tests run, in this case three independent tests for electrodes O1, O2 and Oz. Harmonics 1–19 reached significance and were summed for the categorization response, and harmonics 1–5 for the base response.

Looking time was coded offline. Twenty percent of videos were independently double-coded by two student assistants to estimate reliability, which reached high levels, Cronbach’s alpha = 0.96. Based on these analyses, a base rate criterion was selected and employed for all subsequent analyses.

To measure the magnitude of activity at pre-defined bins of interest, baseline corrected amplitudes were computed by subtracting the average amplitude of surrounding bins. SNRs were computed by dividing the signal by the amplitude at the neighboring frequency bins and used to display response patterns. Similarly, Z-scores were calculated by subtracting the average baseline-corrected amplitude of surrounding bins from each bin and dividing this by the standard deviation (SD) of the surrounding bins. The number of bins employed for statistical analysis was compared for 10 and 20 bins (removing the 2 bins with highest and lowest amplitude), corresponding to a frequency range of + − 0.35 to + − 0.70 Hz (excluding the immediately adjacent bins). Based on these analyses, the number of bins included in all further analyses was selected.

As a next step, the number of sequences included was varied systematically from 1 to 9 to evaluate how base and categorization response strengths relate to the number of sequences. To explore the impact of considering harmonics on response strengths, the number of harmonics was then increased systematically from 1 to 29 for the categorization response (always excluding harmonics corresponding to the base frequency, i.e., 5, 10, 15, 20, 25), and from 1 to 10 for the base response. The resulting data pattern was compared to the analysis based on harmonics selected according to Z-scores. Based on prior work (Peykarjou et al., 2017) and visual inspection of grand averages, all analyses were focused on visual responses recorded at O1, O2, and Oz. For all comparisons of different approaches with approximately similar numbers of participants, Friedman tests, a non-parametric alternative for repeated-measures ANOVAs, were employed to test for statistical significance.



Results


Evaluating different criteria for retention of sequences

Sequence inclusion criteria were evaluated first by comparing the numbers of sequences and participants kept by criterion, and in a second step by examining the resulting pattern of base and categorization data and calculating the relation of responses with looking time data. An overview of the results can be found in Table 2.

Across all criteria for retaining sequences, the same harmonics were summed. Inspection of Bonferroni-corrected Z-scores revealed that a significant base response was obtained across harmonics 1 through 5 regardless of sequence retention criterion, while the 6th harmonic failed to reach significance. A significant categorization response was observed across harmonics 1–19, with the following exceptions: In the analysis on 3 channels with an SNR > 2 and 1 channel with Z > 2.33, the 18th harmonic failed to reach significance, and for 3 channels Z > 1.64, the 2nd harmonic failed to reach significance. Vice versa, the 21st harmonic reached significance only when considering 2 channels Z > 1.64. For consistency, the dominant pattern of significant harmonics 1–19 was included.

As revealed by Table 2, rates of sequence exclusion ranged from.06 to 2.86. On average, criteria which were focused on only one channel excluded less than one sequence per participant. Likewise, while participant exclusion rates ranged from 0 to 13.7%, no more than one participant was excluded when criteria focused on only one channel. In contrast, when 2 or 3 channels were considered, more than 1 sequence and up to 13.7% of participants were excluded.

Signal-to-noise-ratios (SNRs) of resulting response patterns varied only slightly across criteria. For the categorization response, variation of average SNRs was no more than 4%, and less than 5% for the base response. Regardless of which criterion was employed, a substantial but non-exhaustive correlation (r = 0.29–0.39) between the base rate response and looking times emerged.

Overall, sequence retention criteria varied regarding participant retention, but negligibly regarding response patterns. Thus, a more inclusive criterion seems desirable considering parsimony of data collection and representativeness of the obtained sample. Therefore, in accord with the majority of prior research as indicated by the systematic literature review (Table 1), SNR > 2 on at least one channel at 6 or 12 Hz was selected. All further analyses are based on sequences included according to this criterion.



Comparing the number of bins employed for baseline correction

Next, the number of bins employed during baseline correction was compared. In adults watching 60-s-sequences, typically 20 bins are employed (Stothart et al., 2017; Rossion et al., 2020), whereas in infant studies, mostly 10 bins are used (see Table 1). These two criteria were evaluated by comparing the resulting grand-average SNRs and the results pattern of individual participants. As evident from Figure 3, while the use of 20 bins results in visually higher baseline-corrected amplitudes at higher harmonics of the categorization frequency, it decreases the response at 1.2 Hz. This is most likely due to the steep amplitude curve at the very low spectrum, which unproportionally skews the baseline correction at 1.2 Hz. Statistical tests including all significant harmonics (i.e., 1–19 for the categorization response, 1–5 for the base response) did not indicate an effect of the number of bins considered, p < 0.05.However, a hypothesis-driven analysis on 1.2 Hz only revealed that the response at this frequency is indeed reduced when employing 10 bins, X2(123, N = 123) = 25.609, p < 0.001. Considering that measuring at the stimulation frequency 1.2 Hz is essential to this paradigm, employing 10 bins is recommended for studies using shorter presentation times (<= 30 s).
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FIGURE 3
 Grand-average frequency-spectrum responses. Base (6 + 12 Hz) and categorization (1.2, 2.4, 3.6… 10.8 Hz) responses are clearly visible and highly significant. The effect of the number of bins employed for baseline correction was evaluated by comparing signal-to-noise-ratios (SNRs) was compared across 10 (2–6) and 20 (2–12) bins. While employing a larger number of bins did not seem to affect responses at higher frequencies (from 6 Hz onwards) detrimentally, response strength was stronger when employing fewer bins at lower frequencies (below 6 Hz). Crucially, the effect seemed strongest at 1.2 Hz, corresponding to the stimulation frequency.




Systematically increasing the number of included sequences 1 to 9

The number of sequences included was increased systematically from 1 to 9. Naturally, the number of participants contributing to the analysis decreased with increasing numbers of required sequences. Thus, analysis was stopped at isequences = 9 as the number of participants providing larger numbers of sequences was too small (N < 10).

Regardless of the number of sequences considered, all analyses revealed significant responses, Zs > 11. Numerically, the base response was smaller when averaging across <4 sequences compared to higher numbers (Figure 4). As evident from Figure 5, the categorization response was numerically lower when averaging across 2–3 sequences. Importantly, responses were comparable when taking into account all children providing at least one sequence and higher sequence numbers. This descriptive analysis was not supplemented by inferential statistics as the number of subjects contributing to the different conditions varies substantially, violating assumptions of statistical tests.
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FIGURE 4
 SNR of grand-average base responses summed across harmonics 1–5 and compared across numbers of sequences averaged. The respective N contributing to each analysis is specified per graph. Highly significant base responses were obtained in all analyses.
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FIGURE 5
 SNR of grand-average categorization responses summed across harmonics 1–19 and compared across numbers of sequences averaged. The respective N contributing to each analysis is specified per graph. Highly significant categorization responses were obtained in all analyses.


Considering the problem of different sample sizes and the trade-off between numbers of sequences and participants who provide sufficient data to be included. In a control analysis with 20 participants who contributed 8 usable sequences, it was evident that increasing numbers of sequences per participant increase both base and categorization responses (Figures 6, 7). This was supported by statistical analyses which showed that the number of sequences included has a significant effect on response strength for the categorization response, X2(7, N = 20) = 17.951, p < 0.05. The effect on the base response strength was only marginal, X2(7, N = 20) = 12.651, p = 0.081. Bonferroni-corrected pairwise comparisons did not reach significance.

[image: Figure 6]

FIGURE 6
 SNR of grand-average base responses summed across harmonics 1–5 and compared across numbers of sequences averaged for a subsample of N = 20 who provided usable data for at least 8 sequences. Highly significant base responses were obtained in all analyses, with a tendency for increasing amplitude with number of sequences averaged.
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FIGURE 7
 SNR of grand-average categorization responses summed across harmonics 1–19 and compared across numbers of sequences averaged for a subsample of N = 20 who provided usable data for at least 8 sequences. The respective N contributing to each analysis is specified per graph. Significant categorization responses were obtained in all analyses. Averaging across larger numbers of sequences increased response strengths.




Systematically increasing the number of harmonics considered

To evaluate the effect of including harmonics into response measurement, the number of harmonics was systematically increased from 1 to 10 for the base response (corresponding to frequencies 6, 12… 60) and from 1 to 29 for the categorization response (corresponding to frequencies 1.2, 2.4… 34.8, always excluding harmonics corresponding to the base frequency). In addition, a Z-score criterion was used to select the number of harmonics summed as in prior work (base: 1–5, categorization: 1–19).

As evident from Figure 8, lower base harmonics (1–3) contributed strongly to the summed responses, whereas including higher harmonics (particularly 7–10) descriptively reduced the SNR at the stimulated frequencies. However, estimation of SNR at the surrounding bins employed for baseline correction was also reduced by summing, so overall, including harmonics contributed to a cleaner estimation of base responses. In this case, the number of harmonics for summing obtained by the Z-score criterion, 1–5, provides an optimal balance between high responses at the stimulated frequencies and evenly distributed responses across the surrounding bins. Friedman tests confirmed that the number of harmonics influenced base response strength, X2(9, N = 123) = 182.889, p < 0.001. Post-hoc tests indicated that baseline-corrected amplitudes were significantly smaller when considering only the first harmonic (i.e., 6 Hz) compared to analyses including at least 3 harmonics, all ps < 0.05. No other comparison reached significance.

[image: Figure 8]

FIGURE 8
 SNR of base grand-average responses summed across increasing numbers of harmonics (considering only the 1st or up to harmonics 1–10). Highly significant responses were obtained in all analyses. The analysis on harmonics 1–5, marked by a black box, was indicated by the Z-score criterion.


For the categorization response, including harmonics generally led to an increase in SNR at the stimulated frequencies. As evident from Figure 9, while the categorization response was visible from the 1st harmonic, signal strength increased numerically until summation of harmonics 1–9 and stabilized from that point onward. Signal strength at the surrounding bins was not much influenced beyond harmonics 1–6. Here, including harmonics (at least up to the 9th) seems desirable for optimal signal estimation. The analysis based on the Z-score criterion (harmonics 1–19) does not seem to have an advantage in terms of signal at stimulated frequencies or surrounding bins compared to related harmonic ranges (e.g., 1 through 11–1 through 29). For the categorization response, Friedman tests also confirmed that the number of harmonics influenced response strengths, X2(9, N = 123) = 1295.21, p < 0.001. Post-hoc tests indicated that baseline-corrected amplitudes were significantly smaller when considering only the first two harmonics (i.e., 1.2 + 2.4 Hz) compared to analyses including at least 3 harmonics, all ps < 0.05. Moreover, analyses including at least 16 harmonics yielded higher amplitudes than those including up to 11 harmonics, all ps < 0.05.

[image: Figure 9]

FIGURE 9
 SNR of categorization grand-average responses summed across increasing numbers of harmonics (considering only the 1st or up to harmonics 1–29, always excluding harmonics corresponding to the frequency). Highly significant responses were obtained in all analyses. The analysis on harmonics 1–19, marked by a black box, was indicated by the Z-score criterion.






Discussion

Based on a systematic literature review and re-analyses of data on categorization in seven-month-old infants, this manuscript evaluates stimulation and analysis decisions of infant frequency tagging studies employing the FPVS oddball paradigm. In the following, current standards and future recommendations will be summarized.

A major challenge in developmental neuroscience is the limited attentional capacity of participants. Prior infant frequency studies following the FPVS oddball paradigm have faced this challenge by reducing sequence duration to 15–30 s. The longer the sequence, the more stimulation can be delivered, and the higher is the spectral resolution of resulting data. Thus, maximizing sequence duration is highly desirable. Given the apparent feasibility of 30-s-sequences, this duration is recommended for future studies.

Relatedly, the number of sequences that can be presented is limited by infants’ attentional capacities. The systematic literature review indicates that on average, about 9 sequences can be presented, so limiting the number of conditions to 2–3 within-subject factors seems reasonable. However, this number will need to be adjusted to the nature of the stimulation and the age of participants, with more engaging presentations (e.g., concurrent visual and auditory stimulation) and older participants being likely to provide more usable data.

Analyzing the effect of the number of sequences included may aid in determining minimum requirements for participant inclusion. Generally, this decision follows a trade-off: The more sequences are set as a requirement for participant retention, the more data is lost due to exclusion of participants. Indeed, increasing the number of required sequences from 1 to 9 led to exclusion of 113 participants. Most important is probably the effect of excluding all participants providing less than two usable sequences. This led to exclusion of 10 participants (8%). However, while the amount of data loss may be considered passable, excluding those participants decreased the categorization response numerically, reflecting the loss of meaningful data. One sequence in the FPVS oddball paradigm displayed at 6 Hz contains, depending on the precise duration, between 90 and 180 images (75–150 base stimuli, 15–30 stimuli from the contrasting category). In addition, generalization within and discrimination across categories is inherent within each sequence and reflected by the categorization response. This argues in favor of including all participants contributing at least one usable sequence to the analysis (or each condition).

Of all presented sequences, several might need to be excluded based on data quality and participant attention. The literature review indicated that data quality was mostly assessed by visual inspection, and data quality issues were treated mainly by exclusion of sequences or channel interpolation. It seems desirable to supplement visual inspection through more automated artifact detection approaches, to increase preprocessing accuracy, objectivity, and efficiency. Certainly this will be an important avenue for future studies.

Sequences with sufficient data quality still need to be screened for attention towards the presentation, as infant attention naturally fluctuates throughout the session. Different approaches have been employed for this step, based on looking times or base rate responses during a given sequence. Comparing such approaches in a re-analysis of a large data-set comprising N = 124 seven-month-olds reveals that sequence and participant retention rates are influenced by the criteria employed, whereas the resulting data pattern and the relations of base responses with looking time do not vary much. To maximize data retention and in accord with most prior studies, use of an SNR (>2) or Z-score (>2.33) criterion based on only one channel (O1, O2, or Oz) can thus be recommended.

Due to the shorter sequence duration employed with developmental populations, the frequency resolution of resulting data is decreased. This should be taken into consideration when estimating the signal at each bin and may be especially important in the low frequency spectrum, which is typically characterized by a larger amount of noise and distortions due to the FFT. Thus, employing a large range of bins for noise estimation, e.g., to determine Z-scores or SNRs, may disproportionately affect responses in the low spectrum, such as 1.2 Hz. This was reflected in the re-analysis reported here, which showed a decrease in response strength at lower frequencies (<6 Hz), but an increase of responses at higher frequencies (>6 Hz) when employing 20 bins for baseline correction. It is therefore recommended to employ a reduced frequency range (e.g., ~ + −0.35 Hz, corresponding to 10 bins) when stimulating for up to 30 s.

Two final decisions that should be made a priori regard the selection of harmonics for summing and electrodes for analysis. Due to the limited number of studies comparing infant responses in the same paradigm to that of older participants, recommendations are based only on anecdotal evidence at this point. It seems likely that responses can be confined to fewer harmonics and electrodes early in life than later on, so simply basing these decisions on adult data does not seem appropriate. Therefore, similar, a priori defined criteria should be employed to select electrodes and harmonics across age-groups. For harmonics, a selection based on Bonferroni-corrected significance levels of harmonics can be recommended (Retter et al., 2021). This selection seemed optimal in the analysis of base responses. In the analysis of categorization responses, while summing across several harmonics clearly had advantages in terms of signal strength at stimulated and surrounding frequencies, none of the analyses could be clearly favored, as the responses remained relatively stable from summing harmonics 1–11 onward. In such a case, considering Z-scores may provide an objective criterion for deciding which harmonics to include.

For electrodes, decisions are generally based more on theoretical accounts and prior studies but should be open to adjustments based on age-group. In any case, transparent and a priori selection is advisable, for example through preregistering analyses.


Limitations

Given the particularities of the approach, the systematic review was limited to studies employing the FPVS oddball paradigm with infants, so this overview and the recommendations derived are likewise limited. However, they may be useful for other developmental frequency tagging studies following related stimulation paradigms.

Moreover, the data re-analysis was based on only one age-group (seven-month-olds), and a categorization paradigm with artificial, unfamiliar stimuli that should not evoke much prior experience. Accordingly, categorization responses were elicited primarily in the occipital region. In prior studies using more familiar categories, responses were sometimes also recorded in the occipital region (Peykarjou et al., under review see footnote 1; Barry-Anwar et al., 2018), but in other cases at more parietal and/or temporal regions (de Heering and Rossion, 2015; Leleu et al., 2020). Future work should certainly test and generalize analysis recommendations to categorization tasks involving other regions of interest. Moreover, the categorization response elicited in the present study is much stronger than in most studies using familiar, natural categories (Baccolo et al., in preparation see footnote 3; De Heering and Rossion, 2015; Barry-Anwar et al., 2018; Leleu et al., 2020; Rekow et al., 2021). Upon investigating a subtler response, it seems likely that analysis decisions will carry even more weight than for the robust response observed in the current paradigm.

While these limitations may of course restrict generalizability, most analysis decisions evaluated here should in principle be independent of the specific age-group and stimuli presented. The increased noise level in the low frequency spectrum will be evident across infant samples of all research questions, arguing in favor of generally employing 10 bins for baseline correction. While sequence and participant retention rates will vary with age-group and stimulation, the general pattern of being more inclusive (and thus representative) when employing a base-rate criterion directed at only one occipital channel will likely be independent of these aspects.

In contrast, of course the response patterns resulting from different sequence inclusion criteria may vary. On the one hand, there is no indication to assume that being less inclusive (i.e., requiring base rate responses on more channels, or excluding participants providing less than one usable sequence) will lead to enhanced data cleanness. On the other hand, keeping more data will increase the representativeness of analyses for the tested sample. The observation that the number of sequences included did, overall, not change base or categorization data patterns much likely reflects the overall amount of data analyzed. It seems probable that the effects are less driven by the number of sequences per se but rather the overall amount of data (i.e., participants * sequences), which again argues for an inclusive criterion. However, his question should also be addressed in future studies, as it is likely not independent from study-specific factors.



Open questions and avenues

As we are beginning to systematically develop and evaluate developmental frequency tagging, some central aspects remain to be addressed in future work. First, as already mentioned in the Introduction, frequency sweeps testing the optimal flicker speed with infant participants are lacking. These would be highly desirable not only to optimize the stimulation of developmental frequency tagging, but also to further our understanding of the development of basic neural processes. For instance, certain frequency bands have been associated with particular cognitive functions (e.g., theta range: ~ 4 Hz in infants; learning; e.g., Begus et al., 2015, alpha range: ~ 6 Hz in infants; attention; e.g., Friese et al., 2013; Gulbinaite et al., 2019). Labeling frequency bands in a consistent way across development is challenging, and more basic research is needed to ascertain the relations between cognitive functions and given frequencies at different ages. Moreover, a systematic analysis of the assumption that stimulating at certain frequencies supports particular cognitive processes would require sampling a large range of frequencies. Inherently, stimulating at a given frequency also means presenting stimuli for a certain period of time, and changing presentation times may in itself alter cognitive processes. Therefore, systematically varying the speed of stimulation and associating it with response patterns and cognitive functions seems an important avenue for future work.

Moreover, to be able to apply frequency tagging more broadly, reliability of responses needs to be evaluated. The promising reliabilities obtained in adult face individuation studies (Dzhelyova et al., 2019; Stacchi et al., 2019) give rise to the hope that frequency tagging may provide a window into cognitive processes that is suited even for differential approaches and longitudinal research. Both within-and between-sessions reliability of base and categorization responses should be examined to ascertain the utility of the approach. While relatively long inter-session intervals (2–6 months) have been employed with adults, developmental progress makes it unlikely that responses will remain stable over such time-windows. However, frequency tagging seems to have the potential to provide reliable estimates of categorization, at least on the time-scale of a few weeks.

More broadly speaking, the paradigm holds potential for investigating cognitive processes beyond categorization. For example, it might be useful for investigating rule learning, the process of extracting and generalizing repetition-based, abstract patterns to new elements (Marcus et al., 1999). Moreover, it could be used concurrently (and even orthogonally) in other tasks to track attention, when a cognitive task is presented in the context of an object or background flickering at a given frequency. The relation between frequency tagging responses and attention has been broadly established in studies with adult participants (Morgan et al., 1996; Chen et al., 2003; Toffanin et al., 2009). Similarly, the relation of infant frequency tagging responses to overt and covert visual attention has been established previously (Christodoulou et al., 2018), but the approach has so far not been used as a control mechanism during an independent task. The dissociated and objective measure of the base rate response could become a valuable tool in developmental cognitive neuroscience.




Conclusion

Frequency tagging is a tool increasingly utilized in developmental cognitive neuroscience and has previously been employed to demonstrate fast and high-level face and object categorization in the first year of life (De Heering and Rossion, 2015; Kabdebon et al., 2022; Peykarjou et al., under review See footnote 1). Objectivity and a high signal-to-noise ratio are inherent to this approach, and its reliability and validity have been demonstrated in adult research. This paper has provided a systematic review of studies following the FPVS oddball paradigm and a re-analysis of a dataset comprising 124 seven-month-old infants to develop recommendations for future work following this approach. Future work should set a particular focus on automizing and objectifying artifact detection, assessing the reliability of infant frequency tagging responses, and systematically evaluating the development of infants’ response patterns across a range of frequencies. Together, these endeavors will serve to enhance the usefulness of frequency tagging for research on cognitive development, in basic functions such as categorization and beyond.
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Footnotes

1Peykarjou, S., Hoehl, S. and Pauen, S. (under review). The Development of Visual Categorization Based on High-Level Cues.

2Note that the only case of noise at one precise frequency bin concerns electrical line noise at 50 or 60 Hz depending on the region of recording. This precise frequency should therefore be excluded from analysis.

3Baccolo, E., Peykarjou, S., Quadrelli, E., Conte, S. and Macchi Cassia, V. (in preparation). Neural discrimination of facial cues to trustworthiness in adults and six-month-old infants as revealed by Fast Periodic Visual Stimulation.

4Of course, this assumes that adequate corrections for multiple tests across harmonics have been adopted.

5Pauen, S. and Peykarjou, S. (under revision). Infants’ Fast Neural Categorization of Artificial Objects: The impact of stimulus- and task- characteristics Developmental Psychology.

6https://nocions.github.io/letswave6/


References

 Adrian, E. D. (1944). Brain rhythms. Nature 153, 360–362. doi: 10.1038/153360a0

 Adrian, E. D., and Matthews, B. H. (1934). The interpretation of potential waves in the cortex. J. Physiol. 81, 440–471. doi: 10.1113/jphysiol.1934.sp003147 

 Atkinson, J., Braddick, O., and French, J. (1979). Contrast sensitivity of the human neonate measured by the visual evoked potential. Invest. Ophthalmol. Vis. Sci. 18, 210–213.

 Barry-Anwar, R., Hadley, H., Conte, S., Keil, A., and Scott, L. S. (2018). The developmental time course and topographic distribution of individual-level monkey face discrimination in the infant brain. Neuropsychologia 108, 25–31. doi: 10.1016/j.neuropsychologia.2017.11.019 

 Begus, K., Southgate, V., and Gliga, T. (2015). Neural mechanisms of infant learning: differences in frontal theta activity during object exploration modulate subsequent object recognition. Biol. Lett. 11:20150041. doi: 10.1098/rsbl.2015.0041 

 Bekhtereva, V., Pritschmann, R., Keil, A., and Müller, M. M. (2018). The neural signature of extracting emotional content from rapid visual streams at multiple presentation rates: a cross-laboratory study. Psychophysiology 55:E13222. doi: 10.1111/psyp.13222 

 Bertels, J., Bourguignon, M., De Heering, A., Chetail, F., De TIÈGE, X., Cleeremans, A., and Destrebecqz, A. (2020). Snakes elicit specific neural responses in the human infant brain. Sci. Rep 10: 7443

 Cassidy, S. M., Robertson, I. H., and O'connell, R. G. (2012). Retest reliability of event-related potentials: evidence from a variety of paradigms. Psychophysiology 49, 659–664. doi: 10.1111/j.1469-8986.2011.01349.x 

 Chen, Y., Seth, A. K., Gally, J. A., and Edelman, G. M. (2003). The power of human brain magnetoencephalographic signals can be modulated up or down by changes in an attentive visual task. Proc. Natl. Acad. Sci. U. S. A. 100, 3501–3506. doi: 10.1073/pnas.0337630100 

 Christodoulou, J., Leland, D. S., and Moore, D. S. (2018). Overt and covert attention in infants revealed using steady-state visually evoked potentials. Dev. Psychol. 54, 803–815. doi: 10.1037/dev0000486 

 Dawson, G. D. (1954). A summation technique for the detection of small evoked potentials. Electroencephalogr. Clin. Neurophysiol. 6, 65–84. doi: 10.1016/0013-4694(54)90007-3 

 De Heering, A., and Rossion, B. (2015). Rapid categorization of natural face images in the infant right hemisphere. elife 4:E06564. doi: 10.7554/eLife.06564 

 DeHaan, M. (2007). Infant Eeg and event-related potentials, Hove, England: Psychology Press.

 Dobson, V. (1976). Spectral sensitivity of the 2-month infant as measured by the visually evoked cortical potential. Vis. Res. 16, 367–374. doi: 10.1016/0042-6989(76)90198-X 

 Dzhelyova, M., Jacques, C., Dormal, G., Michel, C., Schiltz, C., and Rossion, B. (2019). High test-retest reliability of a neural index of rapid automatic discrimination of unfamiliar individual faces. Vis. Cogn. 27, 127–141. doi: 10.1080/13506285.2019.1616639

 Friese, U., Köster, M., Hassler, U., Martens, U., Trujillo-Barreto, N., and Gruber, T. (2013). Successful memory encoding is associated with increased cross-frequency coupling between frontal theta and posterior gamma oscillations in human scalp-recorded Eeg. NeuroImage 66, 642–647. doi: 10.1016/j.neuroimage.2012.11.002 

 Gentile, F., and Rossion, B. (2014). Temporal frequency tuning of cortical face-sensitive areas for individual face perception. NeuroImage 90, 256–265. doi: 10.1016/j.neuroimage.2013.11.053 

 Gulbinaite, R., Roozendaal, D. H. M., and Vanrullen, R. (2019). Attention differentially modulates the amplitude of resonance frequencies in the visual cortex. NeuroImage 203:116146. doi: 10.1016/j.neuroimage.2019.116146 

 Heinrich, S. P., Mell, D., and Bach, M. (2009). Frequency-domain analysis of fast oddball responses to visual stimuli: a feasibility study. Int. J. Psychophysiol. 73, 287–293. doi: 10.1016/j.ijpsycho.2009.04.011 

 Hoehl, S., and Wahl, S. (2012). Recording infant Erp data for cognitive research. Dev. Neuropsychol. 37, 187–209. doi: 10.1080/87565641.2011.627958 

 Kabdebon, C., Fló, A., De Heering, A., and Aslin, R. (2022). The power of rhythms: how steady-state evoked responses reveal early neurocognitive development. NeuroImage 254:119150. doi: 10.1016/j.neuroimage.2022.119150 

 Leleu, A., Rekow, D., Poncet, F., Schaal, B., Durand, K., Rossion, B., et al. (2020). Maternal odor shapes rapid face categorization in the infant brain. Dev. Sci. 23:E12877. doi: 10.1111/desc.12877 

 Liu-Shuang, J., Norcia, A. M., and Rossion, B. (2014). An objective index of individual face discrimination in the right Occipito-temporal cortex by means of fast periodic oddball stimulation. Neuropsychologia 52, 57–72. doi: 10.1016/j.neuropsychologia.2013.10.022 

 Liu-Shuang, J., Torfs, K., and Rossion, B. (2016). An objective electrophysiological marker of face individualisation impairment in acquired prosopagnosia with fast periodic visual stimulation. Neuropsychologia 83, 100–113. doi: 10.1016/j.neuropsychologia.2015.08.023 

 Marcus, G. F., Vijayan, S., Bandi Rao, S., and Vishton, P. M. (1999). Rule learning by seven-month-old infants. Science 283, 77–80. doi: 10.1126/science.283.5398.77 

 Morgan, S. T., Hansen, J. C., and Hillyard, S. A. (1996). Selective attention to stimulus location modulates the steady-state visual evoked potential. Proc. Natl. Acad. Sci. U. S. A. 93, 4770–4774. doi: 10.1073/pnas.93.10.4770 

 Munsters, N. M., Van Ravenswaaij, H., Van Den Boomen, C., and Kemner, C. (2019). Test-retest reliability of infant event related potentials evoked by faces. Neuropsychologia 126, 20–26. doi: 10.1016/j.neuropsychologia.2017.03.030 

 Norcia, A. M., Appelbaum, L. G., Ales, J. M., Cottereau, B. R., and Rossion, B. (2015). The steady-state visual evoked potential in vision research: a review. J. Vis. 15:4. doi: 10.1167/15.6.4 

 Page, M. J., Mckenzie, J. E., Bossuyt, P. M., Boutron, I., Hoffmann, T. C., Mulrow, C. D., et al. (2021). The Prisma 2020 statement: an updated guideline for reporting systematic reviews. BMJ 372:N71. doi: 10.1136/bmj.n71

 Pahnke, J. (2007). Visuelle Habituation Und Dishabituation Als Maße Kognitiver Fähigkeiten Im Säuglingsalter. Heidelberg, Germany: Heidelberg University.

 Petrig, B., Julesz, B., Kropfl, W., Baumgartner, G., and Anliker, M. (1981). Development of stereopsis and cortical binocularity in human infants: electrophysiological evidence. Science 213, 1402–1405. doi: 10.1126/science.7268443 

 Peykarjou, S., Hoehl, S., Pauen, S., and Rossion, B. (2017). Rapid categorization of human and ape faces in 9-month-old infants revealed by fast periodic visual stimulation. Sci. Rep. 7:12526. doi: 10.1038/s41598-017-12760-2 

 Peykarjou, S., Langeloh, M., Baccolo, E., Rossion, B., and Pauen, S. (2022). Superior neural individuation of Mother’s than Stranger’s faces by five months of age. Cortex 155, 264–276. doi: 10.1016/j.cortex.2022.07.011

 Poncet, F., Leleu, A., Rekow, D., Damon, F., Dzhelyova, M., Schaal, B., et al. (2022). A neural marker of rapid discrimination of facial expression in 3.5-and 7-month-old infants. Front. Neurosci. 16:901013. doi: 10.3389/fnins.2022.901013 

 Regan, D. (1966). Some characteristics of average steady-state and transient responses evoked by modulated light. Electroencephalogr. Clin. Neurophysiol. 20, 238–248. doi: 10.1016/0013-4694(66)90088-5 

 Rekow, D., Baudouin, J. Y., Poncet, F., Damon, F., Durand, K., Schaal, B., et al. (2021). Odor-driven face-like categorization in the human infant brain. Proc. Natl. Acad. Sci. U. S. A. 118:e2014979118. doi: 10.1073/pnas.2014979118 

 Rekow, D., Leleu, A., Poncet, F., Damon, F., Rossion, B., Durand, K., et al. (2020). Categorization of objects and faces in the infant brain and its sensitivity to maternal odor: further evidence for the role of intersensory congruency in perceptual development. Cogn. Dev. 55:100930. doi: 10.1016/j.cogdev.2020.100930

 Retter, T. L., Jiang, F., Webster, M. A., and Rossion, B. (2020). All-or-none face categorization in the human brain. NeuroImage 213:116685. doi: 10.1016/j.neuroimage.2020.116685 

 Retter, T. L., Rossion, B., and Schiltz, C. (2021). Harmonic amplitude summation for frequency-tagging analysis. J. Cogn. Neurosci. 33, 2372–2393. doi: 10.1162/jocn_a_01763 

 Ropeter, A., and Pauen, S. (2013). Relating 7-month-olds visuo-spatial working memory to other basic mental skills assessed with two different versions of the habituation–dishabituation paradigm. Infancy 18, 578–603. doi: 10.1111/j.1532-7078.2012.00133.x

 Rossion, B., Retter, T. L., and Liu-Shuang, J. (2020). Understanding human individuation of unfamiliar faces with oddball fast periodic visual stimulation and electroencephalography. Eur. J. Neurosci. 52, 4283–4344. doi: 10.1111/ejn.14865 

 Rossion, B., Torfs, K., Jacques, C., and Liu-Shuang, J. (2015). Fast periodic presentation of natural images reveals a robust face-selective electrophysiological response in the human brain. J. Vis. 15:15.1.18. doi: 10.1167/15.1.18 

 Sokol, S. (1978). Measurement of infant visual acuity from pattern reversal evoked potentials. Vis. Res. 18, 33–39. doi: 10.1016/0042-6989(78)90074-3 

 Stacchi, L., Liu-Shuang, J., Ramon, M., and Caldara, R. (2019). Reliability of individual differences in neural face identity discrimination. NeuroImage 189, 468–475. doi: 10.1016/j.neuroimage.2019.01.023 

 Stothart, G., Quadflieg, S., and Milton, A. (2017). A fast and implicit measure of semantic categorisation using steady state visual evoked potentials. Neuropsychologia 102, 11–18. doi: 10.1016/j.neuropsychologia.2017.05.025 

 Toffanin, P., De Jong, R., Johnson, A., and Martens, S. (2009). Using frequency tagging to quantify attentional deployment in a visual divided attention task. Int. J. Psychophysiol. 72, 289–298. doi: 10.1016/j.ijpsycho.2009.01.006 

 Tononi, G., Srinivasan, R., Russell, D. P., and Edelman, G. M. (1998). Investigating neural correlates of conscious perception by frequency-tagged Neuromagnetic responses. Proc. Natl. Acad. Sci. U. S. A. 95, 3198–3203. doi: 10.1073/pnas.95.6.3198 

 Walter, W. G., Dovey, V. J., and Shipton, H. (1946). Analysis of the electrical response of the human cortex to photic stimulation. Nature 158, 540–541. doi: 10.1038/158540a0



OPS/images/fpsyg-13-1015611-g005.jpg
Wy Wt by T
i LJ.J, AL T Tl IJJ,I.LI,LLU
My I(J,NL b Ul g J.,,L I

™





OPS/images/fpsyg-13-1015611-g006.jpg
Base response

1 sequence
s s
3

L B

a0m

4 sequences
s s
3

LS -

a0k

7 sequences

SNR s

Lo
W0Hz

2 sequences

B

3
ci bl b taatd Ty
~SHbaselreq sHz +30Hz 0
5 sequences

B

3
5 [l s I L,
LS baseireq sHz +30H: e
8 sequences

SR s

3
. I .
ASTRamEieg SISHE s3hM gy

|
15z base freq

il 1
15z base freq

TG B )

sk

shz

He

|

30

a0

L1
+30Hz

I

'

3 sequences

SNRs

i
~30Hz
6 sequences

SNR 5

b
T

cra L1

152 basefreq

e L1

15z base freq

sk

ashz

1
pET™

o
a0

1

'





OPS/images/fpsyg-13-1015611-g003.jpg
12 24 36 48 6

bins 2-6
bins 2-12

7.2 8.4 96 108 12

Frequency (Hz)





OPS/images/fpsyg-13-1015611-g004.jpg
Base response

1 sequence

SNR's

I

4 sequences
SNR s
3
W
Lt
0H

7 sequences

SNR 'S

LLLL
~30Hz

1l L

i5 |
T5Hz basefreq +1sHz +30H:

[EEEE NN |

iz baselieq ~isHz +30H:

SN |
et ST el

3

1

!

2 sequences

SNR 5

AEEEE

5 sequences

SNR s

8 sequences

SNR s,

30k

L1

30k

LILirogl]

1
5z basefieq +15Hz +30Hz

i I I

ol gy
Uil baseliea S5 30h

Pl

i L
15 Hz basefreq 15 Hz | +30Hz

3 sequences
R s
B
Lt
»

6 sequences

SNR 5

|
“s0mz

9 sequences

SNR s

1

L1l L1t
He 1S baserea -1 e

|

sl iy
35t basefreq 35 s

o1

Ll
0w

a2

Lyl

L
T

10





OPS/images/fpsyg-13-1015611-g009.jpg
Categor
SNR

0

|
14
SNR

w“

SNR

|

14
SNR

SNR

SR

ation response
harm 1

harm 1-11

| 1
Es ummmwsm.»m

harm 1-16.

il
304 a5

sl atll,
30w -hswbcitea st

harm 1-26

Ll
.

1
SO S Rt e iSTE:

]

1, 11
0mz- szxul"ea~vs~psﬂNx

®

6

il

®

1
“aoke

1111

Loz

i
b

harm 1-2 6
1

Liall

N
req e 30t

e @

SNR

.
5

1l
A0ke-18

b i1l

30k vsmmrm:nsm.anm

14
SNR

10

Ll 11l

50kt b et s o

SNR

Pl 1]

3015 o e 15 i 30

iz
p

SR

A Liaalll

30kz-15 g ca e 15 e+ 30

@

SR

it Ligtil

il
oS e LS 301

harm 13
1
SR
10 .
Il Lialll
3okt i e 3o
harm 18 6
1
SR
10| 1
cliilly a1l
30W-15s e s 30
harm 113
SNR
I i :
il 1]
frea s o
horm 1-16
SNR
i il
AT Tes AR
harm 123
1
e
Ll 11l
s o
” harm 128
SN
¥l RERRAAN]

®

®

NARRNHRAREARNRAN

SNR

10

14
SNR

horm 1-4 6

Lttt

Stk

dlionnl]
20z o e s i o

harm 1-14 6

higatlly o1l
R ey R 1

SNR

norm 1-19 6

Dgadd ity

'
30Mz-15 Wz catreq 15 e 30

SNR

Tali,n

14
SNR

iz (G

| Liiltl
301 e b ot

ERRRRARERRRN]

—nnz,vsm:auv«;usnz‘;om






OPS/images/fpsyg-13-1015611-g007.jpg
(Categorization response

Tseuence 2 sequences 3 sequences
1 [ . ’
[REREEARRARNNEART Lottty Tl
4 sequences 5 sequences 6 sequences

'Hm,u‘mum QATTRITRRNRRRTAN ARERERRTINENERERE

0M I5Hr catfieq 1Sz +30H: W 15Hz catreq i 15H o3

7 sequences 8 sequences

SR 2 SR 2
i

oot ot HMHMIII,M!

Wi A5 CRAoe iBiE IO ST b SIS e





OPS/images/fpsyg-13-1015611-g008.jpg
Base response

%
‘“'m“IJ”‘.\v Wl L, 'l 10l 1 W | NENNEN]
'30'H-15 i base frede.is i + 30 Hz 3015 b base rele hsui + 30 e et 15k s e Js e 301z Lokt el s At
omis ) narm 16 harm 17 harm 18
™ sy o s
2 x| 2 2
el | Loy gty AR NN ”'H'HH‘HHH\- 10 NN ERRN ]
TN JERERARAL b e e Sl [ERERNNHONRRNRRE] HRRERRNS ANRN NN}
harm 1:9 6 harm 1-10
™ ™
% %
“’\HH\H NN Wbty





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Frequency tagging with infants: The visual oddball paradigm



		Introduction



		Methodological characteristics of frequency tagging employed with infants









		Analyses of infant frequency tagging data



		Stimuli and design



		Sample



		Procedure



		Recordings and analyses



		Results



		Evaluating different criteria for retention of sequences



		Comparing the number of bins employed for baseline correction



		Systematically increasing the number of included sequences 1 to 9



		Systematically increasing the number of harmonics considered















		Discussion



		Limitations



		Open questions and avenues









		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Footnotes



		References



















OPS/images/fpsyg-13-1015611-g001.jpg
Records emoved bofors
scroening
Records dentfed from Psyinfo Records dentfid trough
(n=50) Ouplcaterecords removed personalcontact (1 8)
(.
Records screened Records excluded due to
[

(n=48) Reviewimethod

papericommentary (0

primary dal ropoted;n = 11)

non-human subjects (n = 1) Reports sought for retrieval

‘age of participants > 24 (n=8)

months (n = 9)

difterent paradigm employed l
Reports sought for retrieval o=23) Reports assessed for elighilty Reports excluded due to

Reviewmethod
papricommentry (10
I primary data reported; n = 1)

Studis included i revew
(n=11)






OPS/images/fpsyg-13-1015611-g002.jpg
Stimuli

Design

EDEEENSE
.““ |

- |
.

0083 0249 0414 0580 0746 0912 1243

6 Hz
1.2Hz






OPS/images/fpsyg-13-1015611-t002.jpg
First Author/ M no

Year of
Publication

Baccolo etal, in
preparation (see

footnote 3)

Barry-Anvar
ctal., 2018
Bertels, etal.,

2020

de Heering and

Rossion, 2015

Leleu et al, 2020

peykarjou et al,

2017

Peykarjou et al.

2022

peykarjou et al,

ander revision

(see footnote 1)

Rekow et al., 2020

Rekow et al,, 2021

M (SD) mumber
of remaining
sequences

M (SD) number
of excluded

sequences

N remaining
participants
SNR of GA
categorization
response

SNR of GA base:
response
Correation of

6 Hz response

with looking time.

BE of correlation
6Hz+looking

ime

sequences
pres./indl.

87.65

20/11.7020/9.79

1255/8.41

81475

85772

1060925

566208

6687359
846/5.27
928/5.14

<1401
<=14/1056

101920

97850

SNR 1 channel
>15
576 (291)

0.06(0.25)

132

312

Criterion for sequence
exclusion

Tookingat screen for less than
majorit of equence, SNR<2 at
base frequency or first harmonic:
on 70,75 0 83 (=01,02,0r 07)
Tookingat screen for <50%,
artefats/noise >50% of time

Tookingat screen forles than

majriy ofsequence, SNR <2 t
base requency on O1, 02, and
o

looking t screen forles than

‘majority of sequence, SNR <2 at

base frequency on O1, 02, or Oz

crying,>=2 Z-scores >164or |
Zscore> 233t base frequency
and 15t harmonic on Oz, POz,
o or02

signifcant responseat base
frequency;looking at screen for

<50% oftime

>3 channelsrequiring
interpolation, too many artfacts,
SNR<2at base frequency and
Istharmonic on O1, 02, and Oz
>3 channelsrequiring
interpalation, too many artfacts,
SNR<2at base frequency and

Istharmonic on O1, 02, and Oz

2Zscores >1.64or 1

Zescore>23at base frequency
and 15t harmonic on Oz, POz,
1, 0r 02 global noise-corrected
amplitude > <2 SD of mean ofal
sequences, < 2sequences et
ater preprocessing
>=2Z:scores >1.640r 1
Zescore>23at base frequency
and 1t harmonic on Oz, PO,
O1,0r 02 gobal nose-corrected
amplitude > <2 SD of mean ofall
sequences, only one sequence left
ater preprocessing
>=2Zscores 3164 or 1
Zescore>23at base frequency
and 15t harmonic on Oz, POz,
O1,0r 0 lobal nose-corrected
amplitude ><2 5D of mean ofall
sequences

SNR 1 channel >2

518 (290)

064(050)

123

039 (N-

72367

Artifact detection/
criterion for
harmonics select

n

visual inspection/ Bonferroni-
corrected Z-scores of grand-
averages, averaged across
conditions
visualinspection/no.
harmonic responses evident
visualinspection/ based on

literature

visual inspection/ X

Antifact Blocking algorithm,
visualinspection/Z scores of
grand-averages, averaged
across conditions
visualinspection/ Bonferroni-
corrected Zscores of grand-
averages, averaged across
conditions

sual inspection) Bonferroni-
corrected Z-scores of grand-
averages, averaged across
conditions
visualinspection/ Bonferroni-
corrected Z-scores of grand-
averages, averaged across
conditions
Antifact Blocking algorithm,
visual inspection’Z-scores of

grand-averages

Artifat Blocking lgorithm,
visual inspection/Z:scores of

grand-averages

Antifact Blocking algorithm,
visual inspection/Z-scores of

grand-averages

SNR 2 channels >2

439282)

14301.52)

e

031 (N=a18)

Lase"

Handling of
artefacts

interpolation,

exclusion

exclusion or values
replaced with zeros
inerpolaton,
axcusion,
normalization of
Fourier cocficients
iterpolaton,

Arifact Blocking
algorithm,
interpolation,
interpolation,

interpolation,

exclusion

interpolation,

exclusion

Artifact Blocking
algorithm,
interpolation,

Antifact Blocking
algorithm,
interpolaton,

Artifact Blocking
algorithm,
interpolation,

exclusion

SNR 3 channels >2

296 243)

286 (224)

029(¥

23553

Bins for
baseline-
correction

10 excl.

Adjacent bins)

10 exd,
Adjacent bins)
10 exd,

Adjacent bins)

20 excluding

adjacent bins)

10

10 (excl.

Adjacent bins)

10 excl.

Adjacent bins)

20excl
Adjacent bins,
and two extreme
bing)

10

10

10

Zescore |

channel

502 (280)

080(105)

327

Response
strength (of
significant

categoriz:

ion)

SNR234

SNR1.05-1.27

SNR 184417

SNR0.99-2.56

2191-479

SNR 108159

SNR205-4.34

2176-313

Z-score 2 channels
164
475279)

10701.23)

167"

Comparison of exclusion rates, grand-average responses and relations with looking times across different criteria for sequence retention.

5736

Harmonics
considered
(categorization)

3rd o 4th harmonic

summed

o harmonic responses.
considered
first 4 harmonics

averaged

harmonics 1 and 2

described.

only 1st harmonic

significant

Istto 11th harmonic

summed

Istto 9th harmonic

summed

harmonics summed; 4

‘mo: 3rd harmonic, 7ms

3rd - th harmonic, 11
mo 2nd - th harmonic
condition 1; only
stimulation frequency
significant, condition 2:
Istt0 2nd harmonic

summed

Istto 3rd harmonic

summed

only 1st harmonic

significant

Z-score 3 channels
164

354(260)

2280178)

u3

13

213¢





OPS/images/fpsyg-13-1015611-t001.jpg
First Author/Year of
Publication

Baccolo et al., in preparation
(see footnote 3)
Barry-Anwar etal,, 2018
Bertels, et al., 2020

De Heering and Rossion, 2015

Leleu et al., 2020
Peykarjou etal, 2017

Peykarjou et al, 2022

Peykarjou et al, under
revision (see footnote 1)
Poncet et al,, 2022
Rekow et al,, 2020

Rekow et al,, 2021

Journal

submitied

Neuropsychologia
S

tific Reports

eLIFE

Developmental Psychology
Scientific Reports.

Cortex

under revision

Frontiers in Neuroscience
Cognitive Development
Proceedings of the
National Academy of

Sciences

N/Mage
(mo)

2906

23/619/9
3978

305
1814
419
39/5
44/440/756/11
18/3.518/7

18/4
204

Software/Hardware

24 inch, 60 Hz monitor/Matlab

Not specified/Matlab
800 600 monito, 60 Hz/Windows, Matlab,
Psychotoolbox

not specified/Windows, Matlab,
Psychtoolbox

24inch, 60Hz monitor/custom Java software
60 Hz monitor/Windows, Matlab

60 Hz monitor/Windows, custom Java
software

60 Hz monitor/Windows, Matlab and
custom Java software

24 inch, 60 Hz monitor/not specified
24inch, 60Hz monitor/custom Java software

24inch, 60 Hz monitor/not specified

No within
- subject -
conditions

2

Sequence duration /
total presentation
duration (s)

15/120

101200
20/251

20/160
3117/26495
20212.1
200132
20/166
3173117

31167/3117
3117/28053





OPS/images/cover.jpg
& frontiers | Frontiers in Plant Science

Frequency tagging with infants:
The visual oddball paradigm









OPS/images/crossmark.jpg
(®) Check for updates






OPS/images/logo.jpg
’ frontiers Frontiers in Plant Science





