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A B S T R A C T   

Preterm children show developmental cognitive and language deficits that can be subtle and sometimes unde
tectable until later in life. Studies of brain development in children who are born preterm have largely focused on 
vascular and gross anatomical characteristics rather than pathophysiological processes that may contribute to 
these developmental deficits. Neural encoding of speech as reflected in EEG recordings is predictive of future 
language development and could provide insights into those pathophysiological processes. We recorded EEG 
from 45 preterm (≤ 34 weeks of gestation) and 45 term (≥ 38 weeks) Chinese-learning infants 0–12 months of 
(corrected) age during natural sleep. Each child listened to three speech stimuli that differed in lexically 
meaningful pitch (2 native and 1 non-native speech categories). EEG measures associated with synchronization 
and gross power of the frequency following response (FFR) were examined. ANCOVAs revealed no main effect of 
stimulus nativeness but main effects of age, consistent with earlier studies. A main effect of prematurity also 
emerged, with synchronization measures showing stronger group differences than power. By detailing differ
ences in FFR measures related to synchronization and power, this study brings us closer to identifying the 
pathophysiological pathway to often subtle language problems experienced by preterm children.   

1. Introduction 

The present study investigates neural encoding of speech in preterm 
and term infants, with a goal to understand the neural functional un
derpinnings of preterm language and communication deficits. Such an 
understanding holds the potential for developing objective, early 
detection tools for language impairments that affect as much as one- 
third of the preterm population and are of continuing concern in 
cognitive development and education (Putnick et al., 2017; Sansavini 
et al., 2010; Woodward et al., 2009). 

Preterm birth is an important clinical condition with a prevalence of 
11 % of all births (Blencowe et al., 2012; Walani, 2020). By school age, 
preterm-born children score consistently lower than term children in 

many areas of language and literacy (Luu et al., 2009; Zimmerman, 
2018), including complex language features such as formulating sen
tences (van Noort-van der Spek et al., 2012). Importantly, even children 
born moderate-to-late preterm have poorer long-term neuro
developmental outcomes (McGowan et al., 2011). Children who are 
born late preterm are at greater risk for language difficulties than for 
other neurodevelopmental disorders such as ADHD (Harris et al., 2013; 
Rabie et al., 2015). These deficits in language and communication are 
likely associated with differences in the central nervous system. Brain 
studies of preterm infants historically focused on gross pathologies, such 
as periventricular leukomalacia and intraventricular hemorrhage (Guit 
et al., 1990; Kidokoro et al., 2014; van de Bor et al., 1992), whereas 
recent studies have used MRI to investigate more detailed anatomical 
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measures, such as fractional anisotropy (FA), to differentiate term and 
preterm groups (Brignoni-Pérez et al., 2022). FA increases linearly 
during language learning over 9 months (Schlegel et al., 2012), and 
animal data have revealed a correlation between FA changes and myelin 
increase in histological follow-ups (Almeida and Lyons, 2017). Preterm 
infants are more likely to have smaller brain size (Bouyssi-Kobar et al., 
2016; Walsh et al., 2014), reduced gray matter volume (Munakata et al., 
2013), abnormal white matter microstructure (Dibble et al., 2021; Kelly 
et al., 2019; Thompson et al., 2019), delayed gyral maturation (Walsh 
et al., 2014), and lower neurite density (Wang et al., 2023). These 
structural measures, however, do not address differences in brain 
function, nor can behavioral patterns be attributed to physiological 
processes. Even with functional measures, MRI cannot capture 
millisecond-level changes in the speech signal that define spoken 
language. 

Speech encoding is foundational to language development. Minute 
millisecond-by-millisecond changes in speech can result in changes in 
word meaning (for example, altering the pitch patterns of /ma/ can 
result in four different words in Putonghua Chinese). Infants as young as 
4 months can differentiate minimal differences in the speech signal 
(Eimas et al., 1971; Polka and Werker, 1994). EEG, with its 
sub-millisecond resolution, provides the needed temporal precision to 
examine neural encoding of speech. Specifically, the EEG-derived Fre
quency Following Response (FFR) is a potential biomarker of a range of 
developmental language and communication problems (Font-Alaminos 
et al., 2020; Ribas-Prats et al., 2022). FFR belongs to a family of mostly 
(but not exclusively) brainstem-originating potentials of which the best 
known representative is the click-evoked auditory brainstem response 
(ABR; Skoe and Kraus, 2010). ABR peaks demonstrate delayed latencies 
in preterm as compared to term infants (Ribeiro and Carvallo, 2008; 
Silva et al., 2014; Sleifer et al., 2007). A meta-analysis of 14 studies 
demonstrated a large and significant effect size for the latency difference 
between preterm and term groups in a III–V ABR peak latency difference 
(Stipdonk et al., 2016). However, the click response still does not pro
vide the kind of precision needed to forecast the development of lin
guistic skills in individual children compared to actual speech (Wong 
et al., 2021). Earlier studies demonstrated a dissociation between ABR 
and FFR parameters in individual adults (Hoormann et al., 1992). 
Furthermore, the click response is not sufficiently rich in the spectral 
domain to operationalize underlying pathophysiology. Thus, contem
porary studies have used natural, spectrally rich speech sounds to elicit 
spectrally rich FFR that could be decomposed into a larger set of phys
iologically meaningful measures. For example, Novitskiy et al. (2022) 
reported a rapid progression of different measures of FFR to speech 
during the first 2 years of life, and Wong et al. (2021) found that FFR to 
speech sounds during infancy predicted language learning in 
toddlerhood. 

The scalp-recorded FFR to speech represents a direct neural mirror
ing of perceived harmonic sounds in speech signals (Anderson et al., 
2015; Arenillas-Alcón et al., 2021; Jeng et al., 2016; Kraus and 
White-Schwoch, 2020; Krizman and Kraus, 2019). Generally speaking, 
FFR measures can be classified into those related to synchronization 
(phase-locking) to the stimulus and those related to signal power. For 
example, inter-trial phase coherence (ITPC) directly measures 
phase-locking in EEG (Tallon-Baudry et al., 1996). By contrast, the re
sidual root-mean-squared noise (Noise RMS) in the pre-stimulus interval 
after averaging EEG trials indicates the power of spontaneous activity 
(Skoe et al., 2015). In the present study, we compared FFR to speech in 
preterm versus term infants. Our goals were to investigate whether 
preterm infants show poorer neural encoding of speech relative to their 
term peers and to determine whether FFR measures that primarily 
indicate deficiencies in either synchronization (e.g., Pitch Strength) or 
power (e.g., Noise RMS) are differentially affected by preterm birth. This 
study represents one of the first attempts to identify specific patho
physiological processes underlying the functional language deficit 
associated with preterm birth. 

We expected that different FFR measures (dependent variables) 
would relate to synchronization versus gross power on a Specificity 
Principle. This principle postulates that specific processes in specific 
individuals are affected by specific experiences at specific time periods 
(Bornstein, 2019; Lerner and Bornstein, 2021). In our case, the setting of 
each specific infant is a specific transition from in utero to ex utero en
vironments at a specific time after gestation, which affects two specific 
processes, synchronization and power growth in a specific way as re
flected by our dependable variables. We expected that this coaction 
would result in specific changes in speech development later in life, as 
the same dependable variables have been shown to predict speech after 
1 year of postnatal development (Wong et al., 2021). Including multiple 
dependent variables in the study allowed us to detect specific and 
differentiating independent-dependent variable relations. 

2. Materials and methods 

2.1. Participants 

Forty-five preterm infants (25 females) and 45 term infants (21 fe
males) from homes where Cantonese is spoken as the dominant language 
participated. All infants were of Chinese ancestry. Preterm infants were 
born before 37 weeks of gestation (range 22–34 in our sample), and term 
infants were born after 37 weeks of gestation (range 38–40 in our 
sample; Engle and Kominiarek, 2008; Stewart et al., 2019). Median 
gestational age at birth was 31(7) weeks for preterm group and 38(1) 
weeks for the term group (parentheses enclose interquartile ranges, i.e. 
the difference between the 25th and 75th percentiles of the distribu
tion). Median birth weights were 1.48(1.01) kg and 3.06(0.41) kg in 
preterm and term groups, respectively (Table 1). The corrected age of a 
preterm infant was calculated by subtracting the number of weeks be
tween the birth and expected date of delivery (40 weeks) from their 
chronological age (Committee on fetus and newborn, 2004). At the time 
of EEG data acquisition, the median corrected age of the preterm infants 
was 4(4) months, and the median chronological age of the term infants 
was 4(3) months (Fig. 1A). Median maternal education was 16(5) years 
and 16(4) years in preterm and term groups (Fig. 1B). Maternal edu
cation was used as a proxy for SES, following previous research (e.g., 
Bornstein et al., 2003; Poulsen et al., 2019; see McHale et al., 2022, for a 
review). The success rates of EEG testing were 95 % and 86 % respec
tively, for preterm and term infants. 

2.2. Procedures 

Infants were held by their principal caregiver and were naturally 

Table 1 
Basic sociodemographic characteristics of the infant participants (median and 
interquartile range).   

Preterm Term Group comparison 
statistics 

Gestational age (weeks) 31(7) 38(1) Z =− 8.33; 
P < 0.001*** 

Age/Corrected age at EEG 
acquisition (months) 

4(4) 4(3) Z =1.85; 
P =0.064 ns 

Birthweight (kg) 1.48(1.01) 3.06(0.41) Z =− 7.71; 
P < 0.001*** 

Sex (M/F) 20/25 24/21 χ2 = 0.71; 
P =0.399ns 

Maternal education 
(years) 

16(5) 16(4) Z = -0.49; 
P =0.62ns 

Race and ethnicity 45 Chinese 
(100 %) 

45 Chinese 
(100 %) 

ns 

ns, non-significant. 
**P < 0.01. 
*P < 0.05. 

*** P < 0.001. 
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asleep during the recording. Recording was conducted inside a sound
proof and electrically shielded room. A random sequence of three 
equiprobable lexical tones embedded in the syllable /ga/ was presented 
to infants, 620 times each. The tones were female-voice Cantonese tone 
2 (rising high) and tone 4 (falling low) and Putonghua tone 3 (dipping 
tone) that have been used in previous studies (Novitskiy et al., 2022; 
Wong et al., 2021). Sounds were presented by Neurostim (Compu
medics) or E-prime-3 (Psychology Software Tools). The inter-stimulus 
interval (ISI) was 331 ms in 45 infants (21 preterms) and 501 ms in 
the remaining 45 infants (24 preterms), which resulted in 
stimulus-onset-asynchronies (SOA) of either 507 or 682 ms (χ2 = 0.4, 
P = 0.53 for ISI type per experimental group). 

2.3. EEG recording and analysis 

Continuous EEG was recorded with the Neuroscan system (Compu
medics, Australia) at 20 kHz sampling rate from Cz and left and right 
mastoids with Cpz as reference and Fpz as ground. The impedance was 

kept below 2 kOm. Offline analysis was performed on Cz which was re- 
referenced to the average of the two mastoids. Continuous EEG data 
were filtered with a zero-phase digital bandpass FIR filter (bandpass 
80–1500 Hz, filter order 512, MATLAB functions filtfilt and designfilt). 
The 80-Hz low cutoff of the filter left out the non-target low-frequency 
activity such as long-latency responses (LLRs) to auditory stimuli, alpha- 
rhythm, and eye-blink artifacts, and the 1500-Hz high cutoff of the filter 
removed frequencies that fell above the phase-locking capacities of the 
FFR (Skoe and Kraus, 2010). Filtered data were epoched from − 50 to 
250 ms from stimulus onset with epochs exceeding ± 25 μV rejected 
during the analysis. Averaged across epochs, FFR was analyzed in both 
time and frequency domains and with time-frequency (TF) decomposi
tion. The FFR power spectrum was calculated as the squared Fast Fourier 
transform (FFT) of the post-stimulus part of the averaged FFR. The 
resulting power was transformed into decibels (dB) relative to one 
millivolt (dBmV). The FFR ITPC (Inter-trial Phase Coherence) was 
calculated as an absolute value of the vector average across normalized 
FFTs of the single-epoch FFR. The ITPC TF decomposition 

Fig. 1. The distributions (corrected) age (A) and maternal education (B) in the preterm and term groups. No significant group difference was detected in 
either measure, as indicated by the dash between the violins. 

Fig. 2. Two types of FFR measures: Syn
chronization and Power. Raw EEG signals 
(the upper panel) are recorded from the lis
tener’s central nervous system, re-referenced, 
filtered, and aligned with the onsets of a 
particular external auditory stimulus (indicated 
by the inverted triangles with dashed lines) to 
produce the epoched EEG (left lower panel). 
EEG trials (epochs) are shown as rows at the 
epoched EEG panel. The ellipses frame Raw and 
Epoched EEG waveforms to indicate that they 
show a subset of a larger data set. Epoched EEG 
was further transformed into time-domain 
(green) and frequency-domain (orange) repre
sentations that included averaged FFR wave
forms and ITPC periodograms, FFR Power 
Spectrum, Root-mean square (RMS) and Auto
correlation. These representations can be map
ped onto Synchronization (purple) and Power 
(blue) FFR measures. See Discussion for a 
detailed explanation of the mapping. As stated 
in Results, our a priori classification converged 
with the statistical clustering results (see 
Fig. 4).   
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(periodogram) was obtained by calculating ITPC in sliding 50-ms 
Hamming windows in 2-ms steps along the FFR epoch. 

Altogether, 11 FFR parameters were extracted from the FFR (Fig. 2):  

(1) Response Consistency was calculated as a Fisher-transformed 
averaged correlation between the FFRs from two halves of the 
randomly split single-epoch data after 300 iterations.  

(2) Low-Frequency Spectral Power was calculated as a mean over the 
120–260-Hz interval of the FFR power spectrum. This range 
corresponds to the fundamental frequency (F0); that is, the first 
harmonic of female voice.  

(3) Mid-Frequency Spectral Power was calculated as mean over the 
260–750-Hz interval of the FFR power spectrum. This range 
corresponds to the second and third harmonics of female voice.  

(4) Low/High Power Ratio was calculated as a difference between 
Low-Frequency Spectral Power (2) and Higher-Frequency Spec
tral Power. The latter was calculated as a mean over the 
750–1200-Hz interval of the FFR power spectrum. Decibel (dB) 
values were log transformed where the log ratio between two 
values equals the difference between those values: log(a/b) = log 
(a) − log(b). Thus, for dB-transformed values a difference is 
equivalent of the ratio of the non-transformed values.  

(5) Mid/High Power Ratio was calculated as a difference between 
Mid-Frequency Spectral Power (3) and Higher-Frequency Spec
tral Power.  

(6) Noise root-mean square (RMS) was the RMS of the 50-ms pre- 
stimulus interval of the FFR waveform.  

(7) Mid-Frequency ITPC was calculated as the mean over 260–750- 
Hz interval of the whole-epoch FFR ITPC.  

(8) Low-Frequency ITPC was calculated as the mean over 120–260- 
Hz interval of the whole-epoch FFR ITPC.  

(9) Maximal ITPC was the highest value across the ITPC 
periodogram.  

(10) Signal-to-noise ratio (SNR) was calculated as the dB-transformed 
ratio of the root-mean-square (RMS) power of the 170-ms post- 
stimulus to 50-ms pre-stimulus interval of the FFR waveform. 

(11) Pitch Strength was calculated as the maximum of the FFR auto
correlation waveform excluding the initial peak at 0 ms delay. 

These dependent variables represent a subset of parameters which 
were measured in a group of term infants without neurological abnor
malities (Novitskiy et al., 2022) and included in a machine-learning 
model that successfully predicted speech outcomes (Wong et al., 
2021). In the current study, we selected those dependent variables that 
can be measured fully objectively and whose estimation does not require 
knowledge about the auditory stimulus. For example, Pitch Error and 
Pitch Tracking are important measures of the brain’s ability to follow the 
pitch of the stimulus (Jeng et al., 2013). However, calculations of these 
dependent variables require the extraction of pitch of the presented 
auditory stimulus which reduces their value as universal measures. 
Traditional peak latency and amplitude measurement provide a great 
deal of physiological information (Anderson et al., 2012; Skoe et al., 
2015) but require meticulous peak-picking by trained personnel which 
reduces their value potential for use in a mass-screening instrument. 

2.4. EEG measure clustering 

FFR measures can be classified into one of two types which reflect, 
respectively, either synchronization or gross power (Bourgeois et al., 
1989; Liu et al., 2006; Seidl and Rubel, 2016). Specifically, ITPC, Pitch 
Strength, FFR SNR and Response Consistency can be considered 
synchronization-related measures because they reflect a degree of 
phase-locking between the stimulus and neural response in the brain
stem (Jeng, Lin, Sabol, et al., 2016; Jeng, Lin, Chou, et al., 2016). Noise 
RMS, Spectral Power, and Power Ratio can be regarded as measures of 
gross power because they reflect background EEG noise and activity 

(Skoe et al., 2015). To obtain converging evidence for this 
process-defined grouping, we employed a data-driven approach that 
assessed statistical relations and clustering patterns of the FFR measures 
extracted in this study. 

To do so, we first performed principal component analysis (PCA) of 
the 11 FFR measures. The resulting data matrix was composed of 270 
rows (90 participants × 3 tones) and 11 columns (measures). The data 
were normalized across participants and tones with the MATLAB zscore 
function. PCA was performed with the MATLAB pca function. The 
outcome was 11 principal components with their coefficients (loadings), 
scores, and the percentages of variance explained. We selected the first 
two components on the Kaiser rule (i.e., the components with eigen
values higher than unity). They explained 79.6 % of the variance with 
43.9 % explained by the first component (PC1) and 35.7 % explained by 
the second component (PC2). Loadings of the PC1 and PC2 were rotated 
with varimax rotation to align the maximal variance with the compo
nent axes. 

We then performed k-means clustering in two clusters of the first two 
principal component coefficients of the measures. We used the MATLAB 
function k-means with default parameters (the squared Euclidean dis
tance metric and the k-means++ algorithm for cluster center initiali
zation) which was replicated five times to achieve a stable solution 
(Cohen, 2017). The number of clusters was set to two according to our a 
priori hypothesis that postulated two essential neuronal characteristics, 
synchronization and gross power. The clustering of the FFR measures in 
the principal component space converged with our a priori bipartite 
classification being primarily related to neural synchronization or gross 
power (henceforth Synchronization and Power variables, respectively). 
The scores of the two principal components were entered into the sta
tistical analysis. In addition, we performed statistics on the individual 
measure values. See Section 3 below for details. 

2.5. Statistical analysis 

The scores of the two principal components and individual measures 
were fed into a 4-way fixed-effects ANCOVA (MATLAB function fitlm 
with method anova) with two discrete factors of Prematurity (preterm 
versus term) and Tone (ga2, ga3, or ga4) and two continuous factors of 
Corrected Age at FFR data collection (in months) and Maternal Educa
tion (in years). False-discovery rate (FDR) correction for multiple com
parisons was applied whenever necessary (Benjamini and Hochberg, 
1995). Age at FFR data collection and Tone need to be accounted for 
because significant effects of these measures have been found in previ
ous studies (Novitskiy et al., 2022; Wong et al., 2021). Gestational age 
and birth weight have also emerged as significant factors in previous 
studies. However, because Prematurity is already accounting for gesta
tional age and correlating with birth weight, these two factors were not 
additionally examined in the present study. Maternal Education is a 
component of socioeconomic status (SES) that was previously shown to 
affect the risk of premature birth in European cohorts (Ruiz et al., 2015). 
We included it in the model even though SES did not improve language 
outcome to prediction in a previous study of Chinese children in Hong 
Kong (Wong et al., 2021). 

3. Results 

A Chi-squared test revealed no reliable difference between groups in 
sex ratios (χ2 = 0.71, P =0.399) or EEG success rates (χ2 = 0.167, 
P = 0.68). Birth weight correlated with gestational age (Spearman 
ρ =0.845, P =1.23⋅10-25); expectedly, preterm infants weighed less at 
birth (Wilcoxon test, Z =− 7.71, P =1.3⋅10-14). A Wilcoxon test revealed 
no between-group difference in chronological/corrected age (Z =1.85, 
P =0.064, Fig. 1A). Median maternal education did not differ between 
the two groups (Wilcoxon test, Z = − 0.49, P = 0.62, Fig. 1B). 

Preterm and term infant grand-averaged FFR waveforms for the 
three tones are shown in Fig. 3. Visual inspection confirms that the FFR 
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waveforms of the preterm infants are noisier than those of their term 
peers. 

Fig. 4 A illustrates the results of the k-means clustering. The PC co
efficients (loadings) for each measure are plotted as open circles 

connected with the lines to the centroid of their cluster that is plotted as 
a filled circle. The best total sum of squared Euclidian distances (i.e., 
minimal of the five replications) was 0.0222, and it replicated five out of 
five times. Coordinates of the centroids were [0.4056, 0.0002] for 

Fig. 3. The grand-averaged FFR responses of the preterm (D–F) and term (A–C) infants to the three speech stimuli: /ga2/ (A, D), /ga3/ (B, E), and /ga4/ (C, F).  

Fig. 4. Clustering of the first two principal component coefficients of the 11 FFR measures. (A) The PC coefficients for each measure are plotted as empty 
circles connected with the lines to the centroid of their cluster that is plotted as a filled circle. Abbreviations: SN – FFR SNR, NR – Noise RMS, PL – Power LOW, PM – 
Power MID, mI – maxITPC, RC – Response Consistency, PS – Pitch Strength, IL – ITPC LOW, IM – ITPC MID, dL – Low/High Power Ratio, dM – Mid/High Power Ratio. 
AU – arbitrary units. (B) Main effects in ANCOVA analysis, representing an effect of one factor on the response from changing the factor value while averaging out the 
effects of the other factors (MathWorks, 2012). The factors are listed along the y-axes. The bars indicate the confidence intervals. The significant factors (i.e., those 
whose confidence intervals do not include zero) are marked with asterisks. (C) Synchronization and (D) Power findings of the two experimental groups controlled for 
Age, Tone, and Maternal Education. Non-parametric Wilcoxon rank-sum tests demonstrated that Synchronization (Z = − 1.88, P =0.030) but not Power (Z = − 0.97, 
P =0.17) was impaired by prematurity. 
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Synchronization and [− 0.0001, 0.4452] for Power, where first coor
dinate is the PC1 value and second coordinate is the PC2 value. The sum 
of squared Euclidian distances between the measures of a cluster and 
cluster centroid was 0.0117 for Synchronization and 0.0105 for Power, 
while the distance between the centroids was 0.3626. 

Dependent variables for the two groups were nonoverlapping: Syn
chronization dependent variables include Response Consistency (0.125 
± 0.2011), Low-Frequency ITPC (0.053 ± 0.0171), Mid-Frequency ITPC 
(0.046 ± 0.0081), maximal ITPC (0.186 ± 0.0748), FFR SNR (1.63 
± 2.458 dB), and Pitch Strength (0.335 ± 0.1296); and Power depen
dent variables include Low-Frequency Spectral Power (− 31.5 ± 5.161 
dBmV), Mid-Frequency Spectral Power(− 38.5 ± 3.475 dBmV), Noise 
RMS (0.129 ± 0.0735 μV), Low/High Power Ratio (14.6 ± 4.591 dB), 
and Mid/High Power Ratio (7.55 ± 2.8132 dB). The numbers in pa
rentheses indicate the mean and standard deviation of each dependent 
variable (note the high individual variability). 

The ANCOVAs of the combined scores of the two principal compo
nents resulted in main effects of Experimental Group (F(1,492) = 5.11, 
P = 0.0242, ηp

2 = 0.0103) and Age (F(1,492) = 31.6, P < 0.0001, ηp
2 

= 0.0603) as well as a 3-way interaction of Experimental Group x Age x 
Principal Component (F(1,492) = 14.0, P = 0.0002, ηp

2 = 0.0277). No 
other main effect or interaction were significant (i.e., Tone, Maternal 
Education and Principal Component). The sizes of the main effects 
calculated by MATLAB plotEffects function as the effects of each factor on 
the response from changing the factor value while averaging out the 
effects of the other factors are shown at the Fig. 4B (MathWorks, 2012). 

In order to follow up the 3-way interaction, we performed two 

separate ANCOVAs for Synchronization and Power principal compo
nents with factors Experimental Group, Tone, Principal Component, 
Age, and Maternal Education. They showed that the Synchronization 
score was higher in term than in preterm infants (F(1,263) = 5.60, 
P =0.0187, ηp

2 = 0.0208) and increased with age (F(1,263) = 22.62, 
P =3.26⋅10-6, ηp

2 = 0.0792). The Power score also increased with age (F 
(1,263) = 11.1, P =0.0010, ηp

2 = 0.0405), but by contrast did not differ 
between the term and preterm infants (F(1,263) = 0.905, P =0.3424, ηp

2 

= 0.0034). 
Neither PC outcome differed across stimulus tones or with maternal 

education in years; that is, results did not depend on the nativeness of 
the tone or SES. Comparisons of the effects of prematurity in the two 
principal components are shown in Fig. 4C and 4D. To exclude the 
possibility of outliers in Synchronization data—and accordingly its de
viation from normality-we performed a one-tailed non-parametric Wil
coxon rank-sum test on the sores of the two principal components 
controlling for age, tone, and maternal education. The test confirmed 
that Synchronization (Z = − 1.88, P =0.030) but not Power 
(Z = − 0.97, P =0.17) deteriorated with the prematurity status of the 
infants. 

To detail which of the original Synchronization and Power FFR 
measures contributed most to these results, sensitivity ANCOVAs on the 
individual FFR measures were conducted (all P-values reported below 
are FDR-corrected, see Table 2). Two measures from the Synchroniza
tion cluster yielded higher values in the term than in the preterm infants: 
Response Consistency (F(1,264) = 7.26; P =0.0075, ηp

2= 0.0268) and 
maximal ITPC (F(1,264) = 10.22; P =0.0016; ηp

2 = 0.0373). No Power 

Table 2 
Results of the 3-way fixed-effects ANCOVA for individual measures (FDR-corrected across measures and factors).  

Measure cluster Measure ANCOVA factors 

Tone Prematurity Age at EEG acquisition Maternal education 

Synchronization FFR SNR F(2,264) = 1.80; 
ηp

2 = 0.0134; 
P =0.1677ns 

F(1,264) = 5.37; 
ηp

2 = 0.0199; 
P =0.0212ns(FDR) 

F(1,264) = 9.40; 
ηp

2 = 0.0344; 
P = 0.0024** 

F(1,264) = 0.01; 
ηp

2 = 0.0000; 
P = 0.9099ns 

Max ITPC F(2,264) = 0.18; 
ηp

2 = 0.0014; 
P = 0.8328ns 

F(1,264) = 10.22; 
ηp

2 = 0.0373; 
P = 0.0016** 

F(1,264) = 11.88; 
ηp

2 = 0.0431; 
P = 0.0007*** 

F(1,264) = 0.04; ηp
2 = 0.0002; P = 0.8415ns 

ITPC LOW F(2,264) = 1.53; 
ηp

2 = 0.0115; 
P = 0.2177ns 

F(1,264) = 1.99; 
ηp

2 = 0.0075; 
P =0.1594ns 

F(1,264) = 18.16; 
ηp

2 = 0.0644; 
P = 2.83⋅10-5*** 

F(1,264) = 0.03; ηp
2 = 0.0001; P = 0.8609ns 

ITPC MID F(2,264) = 0.56; 
ηp

2 = 0.0042; 
P =0.5713ns 

F(1,264) = 1.12; 
ηp

2 = 0.0042; 
P =0.2908ns 

F(1,264) = 40.75; 
ηp

2= 0.1337; 
P =7.73⋅10-10*** 

F(1,264) = 0.09; ηp
2 = 0.0003; P = 0.7688ns 

Response Consistency F(2,264) = 0.59; 
ηp

2 = 0.0045; 
P =0.5524ns 

F(1,264) = 7.26; 
ηp

2 = 0.0268; 
P = 0.0075** 

F(1,264) = 15.04; 
ηp

2 = 0.0539; 
P = 0.0001*** 

F(1,264) = 0.01; ηp
2 = 0.0000; P = 0.9122ns 

Pitch Strength F(2,264) = 4.01; 
ηp

2 = 0.0294; 
P =0.0193ns 

F(1,264) = 1.87; 
ηp

2 = 0.0070; 
P =0.1729ns 

F(1,264) = 18.62; 
ηp

2 = 0.0659; 
P = 2.25⋅10-5*** 

F(1,264) = 0.34; ηp
2 = 0.0013; P = 0.5579ns 

Power Noise RMS F(2,264) = 0.05; 
ηp

2= 0.0004; 
P =0.9475ns 

F(1,264) = 0.28; 
ηp

2 = 0.0011; 
P =0.5982ns 

F(1,264) =7.80; 
ηp

2 = 0.0287; 
P = 0.0056* 

F(1,264) = 3.91; ηp
2 = 0.0146; P = 0.0491ns(FDR) 

Power LOW F(2,264) = 0.10; 
ηp

2 = 0.0008; 
P =0.9012 ns 

F(1,264) = 1.85; 
ηp

2 = 0.0069; 
P =0.1754ns 

F(1,264) = 12.40; 
ηp

2 = 0.0449; 
P = 0.0005*** 

F(1,264) = 6.11; ηp
2 = 0.0226; P = 0.0141ns(FDR) 

Power MID F(2,264) = 0.04; 
ηp

2 = 0.0003; 
P =0.9600ns 

F(1,264) = 1.75; 
ηp

2 = 0.0066; 
P = 0.1867ns 

F(1,264) = 18.98; ηp
2 = 0.0671; 

P = 1.9⋅10-5*** 
F(1,264) = 5.37; ηp

2 = 0.0199; P = 0.0213ns(FDR) 

Low/High Power Ratio F(2,264) = 0.20; 
ηp

2 = 0.0015; 
P =0.8156ns 

F(1,264) = 0.45; 
ηp

2 = 0.0017; 
P =0.5020ns 

F(1,264) = 3.53; 
ηp

2 = 0.0132; 
P = 0.0613ns 

F(1,264) = 4.47; ηp
2 = 0.0166; 

P = 0.0354ns(FDR) 

Mid/High Power Ratio F(2,264) = 0.15; 
ηp

2 = 0.0012; 
P =0.8574ns 

F(1,264) = 0.06; 
ηp

2= 0.0002; 
P =0.8107ns 

F(1,264) = 3.82; 
ηp

2 = 0.0142; 
P =0.0518ns 

F(1,264) = 3.16; ηp
2 = 0.0118; 

P = 0.0766ns 

ns. non-significant. 
ns(FDR) non-significant after FDR-correction 

*** P < 0.001 
** P < 0.01 
* P < 0.05 
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measure showed an effect of prematurity. 
All six Synchronization measures and three of five Power measures 

demonstrated an effect of age with EEG. The six age-dependent Syn
chronization measures are FFR SNR (F(1,264) = 9.40; ηp

2 = 0.0344; 
P =0.0024), Response consistency (F(1,264) = 15.04; P = 0.0001; ηp

2 

= 0.0539), Pitch Strength (F(1,264) = 18.62; P =2.25⋅10-5; ηp
2 

= 0.0659), maximal ITPC (F(1,264) = 11.88; P =0.0007; ηp
2 = 0.0431), 

Low-Frequency ITPC (F(1,264) = 18.16; P =2.83⋅10-5; ηp
2 = 0.0644), 

and Mid-Frequency ITPC (F(1,264) = 40.75; P =7.73⋅10-10; ηp
2 

= 0.1337). The following Power measures improved with age: Low- 
Frequency Spectral Power (F(1,264) = 12.40; P =0.0005; ηp

2 

= 0.0449), Mid-Frequency Spectral Power (F(1,264) = 18.98; 
P =1.90⋅10-5; ηp

2 = 0.0671), and Noise RMS (F(1,264) = 7.80; 
P =0.0056; ηp

2 = 0.0287). Note that the effects of maturation on Low- 
Frequency Spectral, Mid-Frequency Spectral Power, FFR SNR, and 
Pitch Strength in preterm infants are consistent with earlier findings 
reported in term infants (Novitskiy et al., 2022). 

4. Discussion 

Advances in neonatal care have drastically increased the survival 
rate of preterm infants. However, preterm infants remain at risk for 
poorer long-term neurodevelopmental outcomes than infants born at 
term, including outcomes that are subtle, such as language impairment 
and learning disabilities. In a meta-analysis covering ~ 1500 preterm 
infants, Zimmerman (2018) found that at an early school age (5–9 
years), children who were born before 37 weeks of gestation scored 
significantly worse across virtually all areas of language and literacy 
than their peers who were born at term. Problems in language continue 
to be detectable even at 12 years of age in children who were born 
preterm (Luu et al., 2009). More alarmingly, van Noort-van der Spek 
et al. (2012) reported that preterm- and term-born children differed 
most in complex language (e.g., formulating sentences) as opposed to 
simple language (e.g., receptive vocabulary), with differences growing 
significantly from 3 to 12 years of age. Even when moderate-preterm 
(32 < 34 weeks) and late-preterm (34 < 37 weeks) infants were stud
ied separately from very preterm infants, poorer long-term neuro
developmental outcomes were still observed (see McGowan et al., 2011, 
for a review). Importantly, language difficulties seem to be the devel
opmental domain at greatest risk in late preterm infants. For examples, 
while Harris et al. (2013) and Rabie et al. (2015) found no increased risk 
for ADHD in infants who were born late preterm compared to those who 
were born term, the risks for speech and language delays were signifi
cantly elevated in those who were born late preterm. Future research 
should be directed to understand the biological basis of these specific 
developmental difficulties. 

Much extant research on the nervous system of human preterm in
fants has focused on vascular injuries (e.g., intracranial hemorrhage; van 
de Bor et al., 1992) and anatomical characteristics (Bouyssi-Kobar et al., 
2016). Although empirical research can be conducted to link neuro
anatomy with developmental outcomes (Ullman et al., 2015; Kelly et al., 
2020), such studies do not directly link neuropathologies with cognitive 
functions. The present study represents an effort to identify neural 
functional deficits in preterm infants by investigating their neural 
encoding of speech. With a longitudinal study that is being conducted, 
we will be better positioned to link neural functional deficits with lan
guage and communication deficits. 

Neural auditory responses to click (Chonchaiya et al., 2013) and 
speech (Wong et al., 2021) in infants are associated with early language 
development. However, it is not known which neural measures are 
disrupted in preterm infants. Here, we measured the neural encoding of 
speech sounds in preterm and term infants with the FFR, an EEG-derived 
non-invasive technique. We divided FFR measures into two categories: 
synchronization and power (Figs. 2 and 4). We found that preterm in
fants experienced significant disruption of neural encoding of speech, 
more so with synchronization than with power, after age, SES, and other 

non-neural factors were controlled. Although much research (possibly 
including animal models) is needed to understand the neuronal pro
cesses associated with synchronization and power, we speculate that 
these two categories of FFR are related to myelination and synapto
genesis, respectively. 

Myelination and synaptogenesis are two fundamental processes in 
the nervous system that peak in the perinatal period of development 
(Kinney and Volpe, 2017; Kostović and Jovanov-Milošević, 2006; Moore 
and Linthicum, 2001). Preterm birth deprives the infant brain of fatty 
acids and iron that are normally accrued in the last trimester of preg
nancy (Georgieff and Innis, 2005; Koudelka et al., 2016; Schneider et al., 
2022). This deprivation can lead to pathological changes in the activity 
of astrocytes and microglia that prevent pre-oligodendrocyte differen
tiation, which in turn results in hypomyelination (Volpe, 2019). Preterm 
infants also often experience perinatal hypoxia during delivery and due 
to cardiorespiratory pathologies (Salmaso et al., 2014). Although early 
studies in macaques suggested that synaptogenesis develops in a pro
grammed way and was not affected by prematurity (Bourgeois et al., 
1989), in the contemporary murine model experimental hypoxia causes 
white matter injury (WMI) by arresting oligodendrocyte differentiation, 
which leads to both hypomyelination and delayed synaptogenesis 
(Wang et al., 2018). Whether and how hypomyelination and/or delayed 
synaptogenesis are linked to functional deficits in speech processing in 
preterm human infants have yet to be investigated. We speculate that 
FFR synchronization measures are related to myelination and FFR power 
measures are related to synaptogenesis. Thus, by studying these two 
categories of FFR measures, we take one step closer to understanding 
specific pathophysiological processes that underlie preterm infants’ 
developmental deficits. 

Several factors are commonly discussed in relation to the develop
ment of FFR, including myelination, synaptic transmission, phase- 
locking, and tonotopicity (Anderson et al., 2015; Arenillas-Alcón 
et al., 2021; Jeng et al., 2016), two of which, myelination and 
phase-locking, are intricately related. Phase-locking is achieved by 
synchronicity among neurons. Synchronicity over a large number of 
spatially dispersed neurons requires fine tuning of the conduction speed 
that is best achieved by myelination (Liu et al., 2006; Seidl and Rubel, 
2016; Sinclair et al., 2017). Incomplete myelination can account for 
slower conduction and reduced synchronicity in vertebrate neural net
works (Almeida and Lyons, 2017; Nave and Werner, 2021). FFR mea
sures that indicate synchronicity are likely related to myelination and 
should improve with myelination in development. Phase-locking can be 
directly measured in EEG with inter-trial phase coherence (ITPC) which 
is also known as the phase-locking factor (Delorme and Makeig, 2004; 
Tallon-Baudry et al., 1996). This frequency-domain measure indicates 
phase alignment of individual trials in the epoched EEG (Fig. 2). 
Maximal ITPC is used as an overall measure of phase-locking. The 
phase-locked response to the pitch of the voice consolidates earlier in 
development than the response to higher harmonics (Anderson et al., 
2015; Arenillas-Alcón et al., 2021; Levi et al., 1995) justifying separate 
assessment of phase-locking in these two spectral areas (ITPC LOW and 
ITPC MID). Another way to access phase-locking is to measure response 
consistency, that is the correlation in the time domain between indi
vidual trials (Skoe et al., 2015). The basic assumption of 
signal-averaging is that event-related neural activity, including its 
phase, is the same on every trial (Luck, 2005). Therefore, averaging EEG 
trials favors stimulus-evoked waveforms that keep their phase constant 
to the jittered waveforms of the same amplitude. By contrast, 
high-amplitude background oscillations are completely subtracted with 
averaging if their phases are independent of the stimulus onset. Thus, 
the ratio between the post-stimulus and pre-stimulus of the averaged 
waveform (i.e., signal-to-noise ratio or SNR) also estimates the degree of 
phase-locking (Anderson et al., 2015; Novitskiy et al., 2022). Pro
nounced peaks in autocorrelation of the averaged waveform also indi
cate that the signal phase is aligned between individual trials at some 
frequency. The maximum of autocorrelation is labeled Pitch Strength 
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(Jeng et al., 2013, 2010). We considered these six synchronization 
measures (Pitch Strength, SNR, Response Consistency, maximal ITPC, 
Low-Frequency ITPC and Mid-Frequency ITPC) as proxies of 
myelination. 

By contrast, measures that indicate the power of background EEG (e. 
g., Noise RMS) or time-locked activity (e.g., Spectral Power) are more 
likely to reflect the general amount of synaptic activity and should grow 
with increases in the number of synapses (Skoe et al., 2015). The total 
power of the EEG (e.g., FFR Spectral Power) reflects changes in the 
amount of postsynaptic activity in the brain and is likely reduced by 
disrupted synaptogenesis (Buzsáki et al., 2012; Podvalny et al., 2015). 
High values of pre-stimulus noise RMS in FFR in young school-age 
children have been interpreted to reflect an excessive number of syn
apses that are pruned in early adulthood (Skoe et al., 2015). Averaging 
EEG trials removes a substantial part of the non-phase-locked activity as 
described above. The remaining signal power in the pre-stimulus in
terval quantified as Noise RMS indicates spontaneous activity. 
Post-stimulus Spectral Power is a mixture of spontaneous, time-locked 
activity, and phase-locked activity. It can be divided into three fre
quency bands: low-frequencies around pitch of the voice (Power LOW), 
mid-frequencies in the range of the lower harmonics (Power MID), and 
high-frequencies for higher harmonics (Skoe et al., 2015). Besides the 
stimulus-related peaks, the EEG spectrum is characterized by aperiodic 
slope, a decrease of power from lower to the higher frequencies. This 
so-called 1/f slope is an important physiological parameter character
izing spontaneous EEG activity and synaptic dynamics behind it (Gao 
et al., 2017; Podvalny et al., 2015; Voytek et al., 2015). The 1/f slope can 
be estimated by division of the Low- and Mid Frequency Power by the 
High-Frequency Power. We considered those five power measures 
(Noise RMS, Power LOW, Power MID, Low/High Power Ratio and 
Mid/High Power Ratio) as proxies of synaptogenesis. 

A previous study demonstrated that measures of the FFR response to 
speech matured independently of whether the speech sound belonged to 
a native or non-native category of the child’s ambient linguistic envi
ronment (Novitskiy et al., 2022). In the present study, those measures 
were classified into two clusters based on the likelihood of their asso
ciation with either myelination or synaptogenesis. Classification was 
first performed according to theoretical predictions about the physio
logical properties of the measures, followed by statistical clustering; the 
two approaches converged. Two measures associated with myelination, 
maximal ITPC and Response Consistency, were less pronounced in 
preterm infants (GA ≤ 34 weeks) as compared with age- and 
sex-matched term controls (with the corrected age of preterms matching 
the chronological age of the controls). This finding accords with results 
of animal studies that preterm birth is characterized by hypomyelination 
(Volpe, 2019). None of the five measures associated with synaptogenesis 
was so affected, supporting the observation in macaques that synapto
genesis develops in a programmed way and is not affected by prema
turity (Bourgeois et al., 1989). As found previously (Novitskiy et al., 
2022), none of these findings could be attributed to whether the speech 
sound encoded by the infant was native or non-native. 

Earlier studies demonstrated a negative relation between the SES of 
families and the prevalence of preterm birth, with maternal education 
being the most common SES measure (see McHale et al., 2022; Wong 
and Edwards, 2013, for systematic reviews). Maternal education is also 
associated with preterm birth in three large-scale cohort studies (Poul
sen et al., 2019). However, effects of maternal education on prematurity 
vary between countries (Ruiz et al., 2015). In the present study maternal 
education did not differ between preterm and term groups and no effect 
of maternal education was found in our statistical models. The plausible 
explanation may be overall high maternal education in our sample 
(median of 16 years) and relative homogeneity of the groups in terms of 
SES. Nor did SES contribute to predicting native language outcome 
above EEG responses in a previous study in Hong Kong (Wong et al., 
2021). 

Although the study-level results reported here are consistent with the 

interpretation of hypomyelination in preterm infants relative to term 
infants, it is important to underscore the substantial variability that was 
evident at the individual child level. In a previous study of mostly term 
infants, individual differences in FFR measures predicted future child 
language development (Wong et al., 2021). Individual differences may 
be meaningful as well in preterm infants (Putnick et al., 2017). Longi
tudinal language outcome data are being collected from these preterm 
and term children to construct a predictive algorithm for future lan
guage development that relies on individual differences in the FFR 
measures. Neural encoding of speech may well serve as an important 
augmentation of the current click ABR test (Richard et al., 2020) used to 
screen for hearing and language impairment and delay. Early screening 
will enable clinicians to prescribe preventive early intervention to 
potentially mitigate the extent and burden of widespread language 
impairment in children born preterm. 

5. Limitations 

Although the broader goal of the present study is to explore links 
between neural and language development in preterm children, longi
tudinal language outcome data are not yet available in these children. 
This circumstance substantially limits some conclusions of our study. 
Because the relation between neural encoding of speech and language 
outcome was established in a previous study of term infants (Wong et al., 
2021), we have no reason to believe that such a relation would not exist 
in preterm infants as well. Nevertheless, preterm infants may develop 
compensatory mechanisms in other neural pathways to overcome their 
reduced neural encoding precision in order to develop language in the 
typical range. Future studies should evaluate the relation between 
neural encoding of speech and language outcomes in preterm infants 
empirically. Another limitation of the present study is that no direct 
measures of myelination were obtained. The relation between neural 
timing and white matter measures has only been established in cortical 
long-latency studies, as far as we are aware (see Babaeeghazvini et al., 
2021, for a review). Future research should connect FFR synchronicity 
measures with white matter neuroimaging metrics to more directly 
examine their association. As a study comparing preterm and term in
fants, our focus was on group-level differences. A future study with a 
larger sample size coverage a broader range of gestational age should 
investigate more specifically the impact of gestational age on neural 
encoding of speech. 

6. Conclusions 

Early intervention to remediate symptoms of language impairment 
in children at-risk for communication disorders is effective (Roberts 
et al., 2019). Preterm birth can lead to subtle language and cognitive 
deficits that may not surface until the preschool years. Not every pre
term infant will develop these deficits. A prognostic tool is needed to 
differentiate those preterm infants who may or may not develop these 
problems so that intervention can be implemented at the earliest time 
point specifically for children who are at-risk for these problems. Results 
from the present study may lead to such a prognostic tool in the future. 
Importantly, because our results pointed to a subset of FFR features to be 
especially impaired, more weight may be put to these features to in
crease the tool’s precision. 
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