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Abstract 

Neural complexity, measured as the entropy of noninvasively recorded electrophysi-

ological signals, evolves with age in early infancy, differentiates between typical and 

atypical development, and likely serves as a surrogate marker of brain maturation. 

However, the reason for this evolution of neural entropy in early infant development 

remains unclear. To understand this evolution, we measured the proportion of time 

that the infant brain spent in a bursting pattern of activity and related this activity 

pattern to the neural complexity (i.e., entropy or entropy rate). Additionally, we sought 

to predict neural complexity using each infant’s gestational age and to replicate sex-

related complexity differences previously reported in age-equivalent fetuses. Four dis-

tinct complexity estimator algorithms – Lempel-Ziv (LZ) complexity, multiscale entropy 

(MSE), complexity via state-space entropy rate (CSER), and context tree weighting 

(CTW) – were applied to 8-channel infant electroencephalogram (EEG) recordings 

in 28 preterm infants (27–34 weeks gestational age). To explore factors influencing 

signal complexity, we modeled relationships between complexity estimates, on the 

one hand, and spontaneous activity transients, gestational age, and sex, on the other 

hand. We calculated channel-averages for each complexity estimate separately, as 

derived either from entire EEG recordings or separately from burst and interburst 

periods. Our results suggest that increased EEG signal continuity with maturation may 

drive increases in neural complexity as quiescent periods subside. Additionally, our 

results largely recapitulate previous findings linking neural complexity to biological sex 

in third-trimester fetuses. We also observed unexpected differences between entropy 
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rate results obtained using CSER (a newer algorithm) and older algorithms. These 

findings support further research into neural complexity as a potential predictor of clini-

cal outcomes in infants at high risk for neurodevelopmental disorders.

Author summary

There are currently two languages for describing the evolution of neural dynamics 
in the first weeks of human life: the qualitative language of tracé discontinu – elec-
trophysiological patterns of bursting and quiescent activity – and the quantitative 
language of signal entropy, or the number of ways in which discrete states of a neu-
ral signal can be arranged. Here, we attempt to unify these two languages by mea-
suring bursting activity in terms of spontaneous activity transients and using these 
measurements, alongside other developmental variables, to predict the neural 
entropy or entropy rate (collectively referred to as complexity) in premature infants. 
A further goal of our analysis was to understand why neural complexity changes 
week-by-week in the human infant brain. Our results suggest that this change is 
driven by qualitative changes in infant neural activity, which grows more continuous 
with age. Consistent with previous work, we also uncovered associations between 
biological sex and neural complexity in the earliest weeks of life. By revealing the 
developmental drivers of neural complexity in premature infants, we not only pro-
vide a useful context for understanding the evolution of infant neural complexity but, 
also, we lay the groundwork for future efforts toward practical, predictive biomarkers 
of developmental outcomes rooted in neural complexity features.

1.  Introduction

The human brain is characterized by complex and nonlinear dynamics [1–3], yet the 
extent to which neural complexity tracks developmental processes remains unclear, 
particularly in the earliest stages of human development. More broadly, the com-
plexity of neural signals (i.e., the richness or diversity of brain activity) has delivered 
promising results in studies of cognitive processes [4–7] and disorders such as 
Parkinson’s [8], epilepsy [9], anesthesia [10], and Alzheimer’s [11]. Most relevantly 
for our purposes, neural complexity has been used in developmental contexts as an 
indicator of brain maturation and developmental delays [12,13], as well as a predictor 
of autism spectrum disorder diagnosis [14] or familial autism risk [15]. Several studies 
of neural complexity in early development have focused on preterm infants, i.e., 
those born before the 37th week of gestation, which account for approximately 11% 
of all livebirths worldwide [16] and are at heightened risk of negative developmental 
outcomes, which manifest in neurological, psychiatric, or motor domains [17–20].

Many methods of estimating neural complexity exist [1–3], most of which reflect 
the entropy of neural signals, i.e., the number of ways in which states of a signal can 
be arranged, or the entropy rate, which, unlike entropy, is sensitive to shuffling the 
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order of signal states. In neonatal electroencephalography (EEG), neural complexity 
differs between sleep stages, with higher complexity during active sleep (analogous 
to rapid eye movement sleep in adults) compared to quiet sleep (analogous to non-
rapid eye movement sleep in adults) [21–23]. This suggests that, even in earliest 
stages of life, neural complexity may track the brain’s capacity for information pro-
cessing, which is greater during wakefulness. Additionally, elevated complexity is 
present in full-term infants relative to preterm infants of comparable gestational age 
(GA) [24], suggesting the potential of neural complexity as a clinical biomarker sen-
sitive to early developmental risk. Along these lines, preterm newborns who under-
went a skin-to-skin maternal care intervention or “kangaroo care” also show higher 
EEG-derived complexity compared to preterm newborns without the same interven-
tion at comparable GA [22,25], further implying potential for neural complexity as a 
clinical biomarker or, e.g., a surrogate endpoint in clinical trials.

In order to further develop neural complexity as a prognostic biomarker of long-
term outcomes in preterm infants, it is essential to understand how neural complexity 
evolves during the perinatal period and early infancy. When applied to spontaneous 
EEG signals, measures of neural complexity generally increase with GA in preterm 
infants [21], an intuitive result given concurrent increases in anatomical complexity 
[26]. Indeed, neural complexity continues to increase until late adolescence [12,27], 
hinting at an overarching developmental trajectory whereby complexity may track 
maturation from gestation to adulthood.

However, recent work has added a kink to this story. Magnetoencephalography (MEG) 
findings have demonstrated that neural complexity actually decreases with GA in auditory 
evoked neural signals recorded from both fetuses and newborns [28]. The same work also 
uncovered unexpected dependencies of MEG signal complexity on fetal sex, highlighting 
the difficulty of interpreting neural complexity during the perinatal period. In short, neural 
complexity appears to depend not only on gestational age, as has already been demon-
strated by a number of studies [21,22,29], but likely also on sex and recording technique 
(e.g., EEG versus MEG, spontaneous versus sensory evoked recordings, etc.).

The foregoing fetal MEG findings have yet to be reproduced using EEG in preterm 
infants. At the same time, because the fetal MEG data in the foregoing study were 
event related, the findings did not address whether neural complexity is influenced 
by cortical events which are largely unique to spontaneous neural dynamics in the 
perinatal brain. These include quiescent periods, also known as inter-burst intervals 
(IBIs), separated by bursts of neural activity known as spontaneous activity transients 
(SATs). Both activity patterns are developmentally relevant, as SATs seem to be 
needed for neural wiring and network formation during brain development [30–32], 
and IBIs are common in neonates who are small for their gestational age when com-
pared to peers appropriate for their age [33]. To fill this gap in existing knowledge, we 
computed neural complexity from EEG recordings in preterm infants using develop-
mental variables, fitting separate models for EEG data recorded during bursts and 
between bursts. We chose preterm infants as subjects because SATs and IBIs can be 
easily recorded in their EEG signals; by comparison, fetal MEG is usually restricted to 
event-related activity due to its low signal-to-noise ratio [34].

Abbreviations: CSER, Complexity via 
state-space entropy rate; CTW, Context tree 
weighting; EEG, Electroencephalography; FDR, 
False Discovery Rate; GA, weeks of Gestational 
Age; IBIs, inter-burst intervals; LZ, Lempel-
Ziv compressibility; MSE, Multiscale Entropy; 
SAT, Spontaneous Activity Transient; pSAT, 
proportion of time points detected as SAT over 
the total duration of the dataset.
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Specifically, we examined differences in neural signal complexity between burst and interburst periods using a dataset 
from Nourhashemi et al. [35]. We hypothesized that 1) neural complexity in our group of preterm neonates would increase 
with GA, 2) neural complexity would be lower in boys than in girls, following previous work [28], and 3) SATs influence, 
and thus predict, neural complexity estimates, with higher neural complexity during SATs as compared with IBIs. Fur-
thermore, to ensure that neural complexity is not better explained by other developmental variables, we addressed these 
hypotheses using a stepwise linear modeling approach which also considers alternative predictors.

2.  Methods

2.1.  Infants and recordings

The infant details, recordings and datasets are described in Nourhashemi et al. [35]. In short, the study recruited 32 
preterm neonates between 27–35 weeks of GA whose EEG data were recorded while they rested in a supine posi-
tion. The ethics committee of the Amiens University Hospital approved this study (CPP Nord-Ouest II-France IDRCB-
2008-A00704-51). Parents gave their informed consent in accordance with the Declaration of Helsinki, and agreed to their 
infant’s data being used for further research. The EEG electrodes were placed on the infant’s scalp to record spontaneous 
neural data (for further details on the recording system, see Nourhashemi et al. [35]). For the current analysis, we included 
all available EEG channels (eight in total). Electrodes were placed according to the 10–20 international system and were 
located at Fp1, Fp2, C3, C4, O1, O2, TP9 and TP10, referenced to Cz. For a layout, see Fig A in S1 Text. The dataset 
lengths varied between 12.9 and 54.9 minutes (32.2 ± 10.0 minutes, mean ± SD). The EEG sampling frequency was 1024 
Hz. Apgar scores, to assess the newborn wellbeing, were recorded at 1 and 5 minutes after birth.

2.2.  Preprocessing and measures estimation

All analyses were performed in Matlab R2022b (The MathWorks, Natick, MA, USA). We first linearly detrended the raw 
EEG data. Data were then band-pass filtered between 1 and 45 Hz using a finite impulse response (FIR) filter order of 
2048 (i.e., twice the sampling rate of the signal). At this point, independent component analysis (ICA) was applied to iden-
tify and remove artifacts related to eye movements and cardiac activity. The ICA decomposition was performed using the 
FastICA algorithm [36] in EEGLAB [37], and components corresponding to physiological artifacts were identified by visual 
inspection and manually rejected. Besides ICA, data were also manually inspected for noise and artifact. Note that we did 
not automatically reject bad data (e.g., based on an amplitude or kurtosis threshold), since standard automated artifact 
rejection procedures would also eliminate bursting activity. Then, and before proceeding with the estimation of neural 
complexity, we divided the EEG datasets into non-overlapping 10-second windows, resulting in N = 10,240 timepoints per 
window. EEG sections manually identified as containing artifacts were excluded from complexity calculation.

For each of the non-overlapping windows, we calculated the multiscale entropy (MSE) [38], Lempel-Ziv compressibility 
(LZ) [39], context tree weighting (CTW) [40,41] as well as a recently introduced estimator called complexity via state-
space entropy rate (CSER) [42], which is particularly valued for its temporal resolution, a relevant advantage in our analy-
sis of EEG segments containing only burst or non-burst waveforms. The selection of these entropy measures was guided 
by the need to include one based on state-space signal reconstruction (MSE), one derived from a compression algorithm 
(LZ), one based on Markov models (CSER), and a method that combines compression-based and Markov model-based 
approaches (CTW). LZ, CTW, and CSER are measures of the entropy rate and were implemented using code from a pub-
licly available GitHub repository [43]. For mathematical definitions of each complexity measure, see Section 2.2.2.

For each complexity estimator, computed values were averaged across windows within subject. Despite the fact that 
dividing a dataset into separate windows decreases the number of data points for the measures’ calculations, this proce-
dure is more effective in mitigating the influence of noise and artifacts that are common in neurophysiological recordings in 
newborns. On the other hand, SAT detection was applied to each EEG dataset as a whole, rather than using a windowed 
approach (see below).
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In a further analysis, we divided the datasets into windows 1) with SATs and 2) interburst windows without SATs. Only 
detected SATs lasting at least 3 seconds were considered as true bursts. Then, we separately calculated our complexity 
measures for these two periods. Conversely, when windows were longer than 10240 samples (10 seconds), they were 
divided into non-overlapping windows consisting of 10240 samples.

2.2.1.  SAT detection.  SATs in the EEG were detected over each EEG channel using a nonlinear energy operator 
algorithm [44]. We then defined proportion-SAT (pSAT) as the proportion of data points detected as SATs over the total 
duration of the dataset. Consecutive bursts that occurred within 0.5 seconds of each other were merged. An example of a 
SAT detected in a representative EEG signal is depicted in Fig B in S1 Text. For our analyses, the average pSAT across 
all channels was taken as a parameter of interest.

2.2.2.  Complexity measures.  We estimated EEG signal complexity using four different complexity measures 
described earlier: MSE, LZ, CTW, and CSER. The EEG signal was divided into non-overlapping 10 second windows and 
then z-scored, within each window, prior to estimating each complexity measure for each window that did not contain 
noise or artifact. The MSE algorithm computes sample entropy (SampEn) [45] at multiple coarse-grained timescales to 
account for temporal patterns at both short and long scales [46]. SampEn is given by

	
SampEn = –ln

( ∑N–m
i = 1 n

m
i (r)∑N–m

i =1 n
m+1
i (r)

)

	 (1)

where m is the embedding dimension and nmi (r) is the number of vectors xm(tj) which are within a distance r of xm(ti) without 
counting instances of i = j [45]. We used m = 2 as the embedding dimension and a time delay of t = 1, consistent with standard 
applications of SampEn. In addition, we chose r = 0.15 σ, where σ is the signal’s standard deviation, and we recalculated σ to 
update this radius for each timescale, thus patching a criticism of the original MSE algorithm [47,48]. We computed SampEn 
for 20 timescales and derived the corresponding signal frequency at each timescale by dividing the sampling frequency by the 
scale length. Neural complexity was analyzed for scales between 6–20, as lower coarse grained timescales do not meaning-
fully alter the signal in light of the bandpass filter already applied during preprocessing. Next, we averaged MSE at the relevant 
timescales to obtain a single representative value for each participant. Note that in one participant’s data, we replaced INF 
(infinite value) with NaN (not-a-number) values before averaging (MATLAB function: nanmean).

Next, we calculated LZ complexity according to the eponymous compression algorithm [39] following binarization of the EEG 
signal. In essence, the LZ algorithm proceeds by counting the number of distinct substrings, or “patterns” in a binarized signal, 
and assigning a higher complexity to signals with more distinct patterns. Specifically, we binarized the EEG using its median 
value as a threshold; LZ was then normalized by T/log2(T), where T is the signal’s window length, to yield an entropy rate [49].

In contrast, the CTW algorithm estimates complexity by building a decision tree-based predictor that computes the 
most likely next state of the signal based on its past states, and assigning low complexity to highly predictable signals. For 
the CTW calculation, the signal was discretized into S = 8 discrete symbols (i.e., octiles) before being processed by the 
algorithm. In total, we obtained 32 dependent variables per participant (8 channels x 4 complexity measures).

Complexity via state-space entropy rate (CSER) is similar to CTW in the sense that it involves fitting a predictive model 
to the signal and estimating complexity from the performance of the predictor. Instead of using a decision tree, CSER 
uses a state-space model, which models a signal xt as being generated by a hidden process zt,

	 zt+1 = Azt + Kεt	 (2)

	 xt = Czt + εt	 (3)

The main objects of interest are the εt, often referred to as residuals. Once the model has been fit, CSER is calculated as 
the entropy of the residuals,
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CSER =

1
2
log[2πe Var (εt)]	 (4)

For the calculation of CSER, we further downsampled the EEG signal to 128 Hz [42] and estimated the optimal state-
space model order by setting the vector autoregressive model order to a maximum of 15. A major motivation for the recent 
development of CSER was to create a measure of neural complexity that can be spectrally decomposed without a sur-
rogate data test [42]. Thus, to measure signal complexity by EEG frequency, we decomposed CSER into the following 
frequency bands: delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz), gamma (30–45 Hz). Calculation of 
CSER for frequency bands was conducted on the whole signal, during bursts and during interburst intervals.

Finally, as a supplemental analysis, we explored a much shorter, 1 s window size, using CTW, an entropy rate measure 
that is well suited for short segments of data [50]. To reduce computation time, 60 windows were chosen at random for 
each dataset, and CTW was computed within each window from all 8 EEG channels. In case some noisy windows were 
selected, at least 30 valid windows were retained in each dataset. We then correlated CTW with a continuous measure 
that increases with bursts, the EEG signal wave envelope. The wave envelope was computed as the instantaneous ampli-
tude of the signal’s Hilbert transform smoothed with a 2 s moving average filter and log

10
 transformed.

2.2.3.  Analysis of aperiodic components in the EEG signal.  Generally speaking, signals with a strong aperiodic 
exponent taper off rapidly in power with frequency and are often heavily weighted toward delta activity, whereas signals with 
a weak aperiodic exponent show a fuller, richer spectrum in which high frequency activity accompanies low frequency activity. 
Recent work [1] has shown that the aperiodic exponent follows a strong, inverse correlation with complexity in resting EEG from 
children and adults, as both metrics reflect distinct yet related aspects of signal complexity. Therefore, to further investigate the 
relationship between pSAT, neural complexity, and the spectral profile of the EEG signal, we calculated the aperiodic exponent 
of the EEG signals using the FOOOF (Fitting Oscillations and One-Over-F) algorithm [1], which models power spectral density 
as a combination of aperiodic and periodic components. The aperiodic exponent was calculated to explore its relationship with 
our complexity measures rather than being considered a primary outcome variable. EEG data were segmented into 10-second 
windows, and power spectral densities were computed using a wavelet-based time-frequency transformation with a frequency 
range of 1–45 Hz. The FOOOF model included the following settings: peak width limits between 1 and 10 Hz, maximum 
number of peaks set at 4, and ‘fixed’ was selected for the aperiodic mode. For each of the 8 EEG channels, the power spectral 
density was computed using Morlet wavelets and averaged across time, and FOOOF was applied to extract the aperiodic 
exponent. The mean aperiodic exponent was calculated across channels and windows for each participant. This value was then 
used to examine the relationship between the aperiodic component of the signal and neural complexity.

2.3.  Statistics

Given the multicollinearity of our neural complexity measures, we reduced the dimensionality of our complexity data by 
computing the average complexity value across all channels for each complexity metric separately. Next, we modeled 
each channel average using a stepwise regression model with the MATLAB function stepwiselm. We selected model pre-
dictors using the sum of squares error with default stepwiselm parameters. Each linear model started with only an inter-
cept term before considering the addition of the following variables: GA, sex, age at birth (measured in gestational weeks), 
birth weight (measured in grams), Apgar score (measured approximately 1 minute after birth), and EEG burst percentage. 
To further understand the pairwise relationships between developmental variables, spectral profile and neural complexity, 
we then calculated the correlation matrix between GA, pSAT, aperiodic exponent, birth weight, and the Apgar score at 
time 1 and our four complexity measures (LZ, MSE, CTW, and CSER), computed for each individual channel on the whole 
signal. Using the MATLAB ‘corrcoef’ function we computed the Pearson correlation coefficients with an alpha level of 0.05 
for each correlation. To explore potential differences in complexity measures between burst and interburst periods, we 
computed the channel-averaged complexity estimates for each window type separately. These averaged values were then 
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entered into a stepwise linear regression model, following the same procedure as described previously, to identify signif-
icant predictors of neural complexity across bursts and interburst periods. Then, to compare entropy measures between 
bursts and interburst periods, we compared the channel-average complexity estimates using a paired sample t-test.

Next, we computed the correlation matrix between developmental variables and channel-averaged CSER across differ-
ent frequency bands, calculated separately for the whole signal, bursts, and interburst periods. As previously done, we used 
the ‘corrcoef’ function to calculate Pearson correlation coefficients for each relationship, applying an alpha level of 0.05.

Finally, we investigated possible mediation relationships in our data using the MATLAB mediation toolbox by Wager and col-
leagues [51,52]. Specifically, we investigated two basic mediation models. In the first model a relationship between GA and com-
plexity is mediated by pSAT; in other words, we asked whether maturation drives changes in EEG burst activity, which in turn drives 
changes in complexity. In the second model, a relationship between pSAT and complexity is mediated by the aperiodic exponent; in 
other words, we asked whether bursting drives changes in the EEG 1/f background slope, which in turn drives changes in complex-
ity. Each model was run for each complexity measure computed from the whole signal, bursts, and interburst periods.

To correct for multiple testing, we applied the false discovery rate (FDR) correction method by Benjamini and Hochberg [53]. 
This was done separately for 1) the main tests reported in Table 2, 2) correlations displayed in Fig C and Fig D in S1 Text, 3) the 
band-limited CSER results displayed in Fig E in S1 Text, and 4) the mediation model results reported in Table A in S1 Text.

2.4.  Burst simulation

To investigate whether signal complexity increases as a necessary consequence of burst waveforms, we simulated EEG 
signals using artificial 1/f noise time series (MATLAB function: dsp.ColoredNoise). The number of simulated signals was 
chosen to match the number of infants with usable data, and the simulated signal length was chosen to match the mini-
mum data length from our infant EEG sample. Bursts were randomly added to simulated signals with a burst duration of 
2 – 10 seconds, and an interburst interval of 3 – 30 seconds.

3.  Results

3.1.  Infants

Of the 32 preterm infants recruited, 28 were eligible for analyses after preprocessing and data quality assessment; 4 
infants were excluded either due to excessive movement or because at least one electrode detached. The characteristics 
for included participants are available in Table 1. Age distribution of our sample is displayed in Fig A in S1 Text.

3.2.  Neural complexity in the whole EEG signal

Our first step was to reduce the dimensionality of our data by calculating the average complexity value across channels 
for each measure separately; this decision was supported by the low spatial variance of complexity measures, illus-
trated by largely homogeneous topographic scalp plots (Fig F-H in S1 Text). Following stepwise regression, which in all 
cases included an intercept term, we found that channel-averaged MSE was higher in females than in males (t = -3.8, 
P

FDR
 = 0.0012, Fig 1A). Next, LZ significantly decreased with pSAT (t = -5.2, P

FDR
 = 0.00011, Fig 1B). CSER was positively 

related to GA (t = 2.2, P
FDR

 = 0.037, Fig 1C) and negatively to pSAT (t = -3.1, P
FDR

 = 0.0057, Fig 1C). Finally, CTW also 
negatively related to pSAT (t = -4.5, P

FDR
 = 0.00045, Fig 1D). Next, we computed the correlation matrix between complex-

ity measures, calculated for individual channels, and developmental variables. This showed strong correlations between 
complexity measures, as previously reported (for example [28]), and largely consistent associations between complexity 
and developmental variables (see Fig C in S1 Text). Additionally, the aperiodic exponent was negatively correlated with all 
complexity estimates, in agreement with previous work by others [1].

Finally, to resolve spectral information for signal complexity, we calculated CSER from the whole EEG signal according to 
a spectral decomposition for delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz), gamma (30–45 Hz) frequency 
bands. The correlation matrix between spectrally decomposed CSER values and developmental variables is presented as 
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a heatmap in Fig D in S1 Text. For CSER results yielded from each frequency (Fig I in S1 Text), we fit the same model as 
previously selected by the stepwise procedure for broadband CSER with GA and pSAT as predictors. We found that pSAT 
significantly predicted CSER in each of the five frequency bands, but GA only significantly predicted CSER in the alpha and 

Table 1.  Participant characteristics.

Variable Mean ± SD Range

Age at birth (weeks) 29.2 ± 2.0 25–33

Age at recording (weeks) 30.9 ± 1.9 27–35

Weight at birth (g) 1254.4 ± 324.5 750–1950

Weight at recording (g) 1388.6 ± 347.4 900–2180

Apgar 1 7.9 ± 2.0 2–10

Apgar 5 9.1 ± 1.3 4–10

pSAT 35.5 ± 14.0 4.9–66.2

Aperiodic exponent 2.2 ± 0.2 1.8–2.5

Recording length (min) 32.2 ± 10.0 12.9–54.9

https://doi.org/10.1371/journal.pcsy.0000056.t001

Fig 1.  Predictive variables for channel-averaged complexity measures obtained from the whole signal. For P-values and test statistics, see Table 2.

https://doi.org/10.1371/journal.pcsy.0000056.g001

https://doi.org/10.1371/journal.pcsy.0000056.t001
https://doi.org/10.1371/journal.pcsy.0000056.g001
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beta bands (Fig E, panels a-e, in S1 Text). Finally, t-tests revealed that CSER is consistently greater during EEG bursts com-
pared with IBIs, regardless of the frequency band (Fig E, panels f-j, in S1 Text, Table A in S1 Text).

3.3.  Neural complexity during burst and interburst periods

Following stepwise regression, we found that, during periods of burst, channel-averaged MSE was positively related to GA 
(t = 4.0, P

FDR
 = 0.00081, Fig 2A); CSER positively related to pSAT (t = 4.1, P

FDR
 = 0.00071, Fig 2B) and was higher in males 

compared to females (t = 2.2, P
FDR

 = 0.037, Fig 2B). CTW was also positively related to GA (t = 2.7, P
FDR

 = 0.011, Fig 2C).
When considering interburst periods, MSE was lower in males compared to females (t = -2.8, P

FDR
 = 0.012, Fig 3A). In 

addition, LZ (t = -4.9, P
FDR

 = 0.00021, Fig 3B) and CTW (t = -4.2, P
FDR

 = 0.00055, Fig 3D) negatively related to pSAT. CSER, 
on the contrary, positively related to pSAT (t = 3.6, P

FDR
 = 0.0020, Fig 3C).

3.4.  Causal mediation analysis

Based on the foregoing, pSAT would appear to be the main driver of between-subjects variance in complexity. However, it is 
known that the continuity of EEG burst patterns changes with GA in preterm infants [54], and indeed, our data showed a strong 
correlation between GA and pSAT (r = 0.51, P

FDR
 = 0.008; see Fig C in S1 Text). Therefore, it is plausible that pSAT actually 

mediates relationships between GA and complexity. Furthermore, it is also plausible that EEG bursts alter the spectral 1/f back-
ground of the EEG signal, an effect which might in turn drive complexity changes. While pSAT was not significantly correlated 
(r = 0.28, P

FDR
 > 0.05) with the aperiodic exponent—a measure of the steepness of the 1/f background—we nonetheless decided 

out of caution to test models wherein the aperiodic exponent mediates a relationship between pSAT and complexity.
The mediation analysis yielded a trend-level effect (P

FDR
 = 0.08) for pSAT as a mediator between GA and all complexity 

measures computed from the whole signal or the interburst signal, as well as CSER computed from the burst signal (see 
Table B in S1 Text). On the other hand, the effect for the aperiodic exponent as a mediator between pSAT and complexity 
was neither significant nor trending for any complexity measure, regardless of whether it was computed from the whole 
signal, the burst signal, or the interburst signal.

3.5.  Differences in neural complexity between burst and interburst periods

Our final goal was to compare complexity measures between bursts and interburst periods. To this end, we compared the 
channel-average complexity estimates between the two types of windows using a paired sample t-test. Each complexity 
measure was significantly different between burst and interburst segments. Specifically, MSE (t = -4.3, P

FDR
 = 0.00051, Fig 4A),  

Fig 2.  Complexity measures during bursts. For P-values and test statistics, see Table 2.

https://doi.org/10.1371/journal.pcsy.0000056.g002

https://doi.org/10.1371/journal.pcsy.0000056.g002
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LZ (t = -4.3, P
FDR

 = 0.00051, Fig 4B), and CTW (t = -5.2, P
FDR

 = 0.00011, Fig 4D) were lower during bursts compared to inter-
burst periods. On the contrary, CSER was higher during bursts compared to interburst periods (t = 19.7, P

FDR
 = 2.5E-16,  

Fig 4C). To confirm that an overall inverse relationship between neural complexity and EEG bursts remained even when 
neural complexity was examined with finer temporal resolution, we used CTW – which is preferable for short data seg-
ments [50] – computed the CTW entropy rate in 1 s windows, and correlated this measure with the EEG signal’s log-
scaled wave envelope, which increases during bursts (Fig J in S1 Text). This correlation was consistently negative, with a 
median Pearson coefficient across datasets of r = -0.63 (Fig K in S1 Text).

3.6.  Simulated bursts do not recapitulate EEG results

To address the possibility that correlations between pSAT and signal complexity are an inevitable consequence of burst 
waveforms, we simulated n = 28 1/f noise signals with a duration of 13 minutes, i.e., approximately the same duration 
as the shortest EEG recording in our dataset. Artificial signals were generated using a spectral exponent of alpha = 2, or 
approximately the average aperiodic exponent observed in our EEG data. No significant or trend-level correlations were 

Fig 3.  Complexity measures during interburst periods (IBIs). For P-values and test statistics, see Table 2.

https://doi.org/10.1371/journal.pcsy.0000056.g003

https://doi.org/10.1371/journal.pcsy.0000056.g003
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observed between complexity measures and pSAT in artificial signals, even without correcting for multiple testing (Fig L in 
S1 Text).

4.  Discussion

In this study, we investigated the complexity of neural signals as it relates to developmental variables by using complexity 
estimation algorithms applied to spontaneous EEG recordings from preterm infants. We sought to understand the evo-
lution of neural complexity during the neonatal period in relation to GA (gestational age), biological sex, and periods of 
cortical burst or interburst activity. Specifically, and consistently with prior work from our group [28], we measured neural 
complexity as the EEG signal entropy (MSE) or entropy rate (LZ, CTW, and CSER). While other rigorous definitions of 
complexity have been proposed [55] that aim to quantify the structure of a signal, here we use the term complexity as a 
synonym for signal diversity, a meaningful quantity that scales across a wide range of contexts with the brain’s capacity 
for information processing and level of consciousness [6,7,42,56–58]. Although quantifying signal complexity or diversity 
is challenging [55], prior work [28,59] has noted that many estimators of functional brain signal entropy or entropy rate 

Fig 4.  Comparisons of complexity between burst and interburst periods. For P-values and test statistics, see Table 2.

https://doi.org/10.1371/journal.pcsy.0000056.g004

https://doi.org/10.1371/journal.pcsy.0000056.g004
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seem to capture a common underlying property of the signal, which is often conceptualized as “complexity as entropy” 
or “statistical complexity” [60]. Here, too, we found strong correlations in our data among estimators of neural entropy or 
entropy rate (see Fig C in S1 Text), suggesting a common denominator which we refer to as neural complexity. Our results 
demonstrate that neural complexity is predicted by developmental variables and tracks developmentally meaningful pro-
cesses, including the maturation of signal dynamics which become more continuous with age. In particular, correlations 
were common between neural complexity and pSAT – the proportion of time during which bursts were observed in the 
signal – and this finding was not reproduced in a simulation using artificial 1/f noise signals and square wave bursts, sug-
gesting that our results are not merely an inevitable consequence of the manner in which entropy or entropy rate estima-
tor algorithms respond to burst waveforms.

4.1.  The evolution of neural complexity is driven by changes in signal continuity

Neonatal cortical dynamics are characterized, particularly in preterm infants, by discontinuous patterns of bursting activity, 
on the one hand, and quiescent activity, on the other hand. As the thalamocortical system matures, the efficacy of the thal-
amus to drive the cortex increases, resulting in a more continuous pattern of bursting activity [54,61]. In premature new-
borns, bursts of cortical activity lead to interactions at the level of a network comprising thalamic afferents, the horizontal 
nexus of the cortical subplate, and the cortical plate. Bursts of activity similar to that recorded with EEG are also found in 
recordings from subplate postmortem brain slices from human fetuses at 21 weeks of gestation [62]. This suggests that 
subplate neurons play a significant role in generating brain activity characterized by bursts.

Past studies [21,22,29] have observed an increase in neural complexity during the neonatal period without connecting 
these changes to the fundamental dynamics of cortical signals (bursting versus quiescent). Here, we found strong evidence 
to support the hypothesis that the information-rich signal fluctuations which occur during burst periods may drive changes in 
neural complexity as estimated from several algorithms we employed (MSE, LZ, CTW, and CSER). When considering the 
EEG signal as a whole (i.e., without separately analyzing bursts or interburst periods), neural complexity measured by LZ, 
CTW and CSER significantly decreases in a linear fashion as the proportion of bursts (pSAT) increases (Fig 1B–D). Given 
the organized and stereotyped spatiotemporal characteristics of bursts, these results were largely expected.

Notably, the foregoing pattern persisted even when interburst intervals (IBIs) were analyzed separately, with both LZ 
and CTW values during IBIs decreasing as bursts occurred more often (Fig 3B, D). These correlations were unexpected, 
given that IBIs, by definition, exclude bursting activity. It is possible that as the brain matures, burst waveforms grow more 
complex – a conclusion supported by complexity estimates (MSE and CTW) during bursts which positively correlated with 
gestational age (Fig 2A, C) – at the expense of IBIs, which grow proportionally less complex. However, the decrease in 
complexity during IBIs was not observed with all complexity estimators: in contrast to LZ and CTW, CSER increased with 
the proportion of bursts (Fig 3C), suggesting that it is sensitive to different signal properties.

As mentioned above, when burst periods were considered in isolation, both MSE and CTW increased with gestational 
age, thus aligning with previous literature [21,22,29]. However, these previous studies have included infants across a 
broader range of gestational ages, generally extending to term-equivalent age. In these infants, the EEG signal is domi-
nated almost entirely by bursting activity, which may drive the overall increase in neural complexity with age. In contrast, 
infants in our cohort are younger and exhibit a more discontinuous pattern with relatively sparse bursting. As a result, 
developmental increases in complexity seen in our data were primarily detectable during bursts themselves, while the 
overall EEG signal, still heavily shaped by IBIs, shows a less pronounced age-related effect. These findings suggest that 
with advancing gestational age, not only does the repetition frequency of bursting increase, but the bursts themselves also 
become more structured and information-rich, reflecting enhanced neural activity.

Comparing complexity measures between burst periods and IBIs further supported and extended the findings of the 
current work. Across most algorithms (MSE, LZ, and CTW), complexity was consistently lower during bursts than during 
IBIs. This likely reflects the structured and stereotyped nature of bursts, which stand in contrast to the more variable and 
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less organized activity typical of IBIs. Once again, CSER demonstrated an opposite trend, with higher complexity values 
during bursts than IBIs. This divergence highlights important differences in how these algorithms seem to capture neural 
signal properties, e.g., perhaps bursts have a strong non-stationary component not captured by CSER. Further work is 
necessary to determine why CSER diverges from other entropy rate measures.

4.2.  Do bursts mediate a relationship between gestational age and neural complexity?

An important question raised by our results is whether the proportion of bursts (pSAT) mediates a relationship between 
gestational age and neural complexity. Gestational age and pSAT are strongly correlated (Fig C in S1 Text), and of the two 
variables, gestational age is fundamentally independent, i.e., it is only caused by the passage of time and thus positions 
itself as the explanatory variable. Furthermore, gestational age was measured in weeks and many subjects shared the 
same gestational age as measured with this relatively coarse level of precision. By comparison, pSAT was measured with 
much higher precision and, thus, may have been favored as an explanatory variable by the stepwise regression proce-
dure as it carried more information.

While a mediation model is intuitive, we did not find significant evidence for pSAT as a mediator variable. Nonetheless, 
all models run using complexity computed from either the whole signal or the interburst periods showed a trend-level 
mediation effect (Table B in S1 Text). Although we performed frequentist statistics, an informal Bayesian approach may 
also be helpful: given neurodevelopmental processes which increase pSAT with age [54], we view mediation as both a 
likely and useful framework for conceptualizing the dependencies between gestational age, pSAT, and neural complexity. 
In the broader context of previous work [21,63], findings of increasing neural complexity with gestational age in preterm 
infants are likely explained by the mediating influence of transitions from discontinuous to continuous signal dynamics with 
age. Finally, while auditory-evoked fetal recordings have shown the opposite trajectory – decreasing neural complexity 
with gestational age [28] – this could be explained by the fact that trial-averaged evoked responses lack the dimension of 
pSAT which drives age-related complexity increases in spontaneous data.

4.3.  Does EEG complexity depend on spectral properties?

Finally, a further question remains whether spectral power changes mediate the relationship between pSAT and neural com-
plexity. Thus, we tested the aperiodic exponent (i.e., the steepness of the 1/f EEG background) as a mediator derived from the 
power spectrum; this variable follows a strong, inverse correlation with EEG signal complexity both in previous work [1] and 
our own results (Fig C in S1 Text). We found no significant or even trend-level mediation effect when pSAT was treated as the 
independent variable and complexity measures were treated as the dependent variable. While this null result supports our focus 
on neural complexity rather than spectral properties, it remains possible that oscillatory power at a given frequency might par-
tially mediate the relationship between pSAT and complexity. Excluding this possibility would require a more exhaustive search 
beyond the scope of the current study. However, to partially address the role of each EEG frequency band in our complexity 
results, we utilized a spectral decomposition of the entropy rate using CSER, whose development was partially motivated by the 
need for a spectral decomposition of the entropy rate, which cannot be obtained from the other metrics in a principled manner 
[42]. The spectral decomposition of CSER (Fig E in S1 Text) revealed largely consistent results across frequency bands, though 
the strongest correlation with pSAT occurred in the delta band, suggesting that bursts alter neural complexity at slow timescales. 
On the other hand, CSER only correlated with gestational age at faster frequencies – specifically, alpha and beta – suggesting 
that pSAT does not simply mediate a relationship between gestational age and the neural entropy rate.

4.4.  Neural complexity is influenced by sex

A puzzling recent finding is that neural complexity is influenced by fetal sex in auditory-evoked MEG signals [28] recorded 
between 25 and 40 gestational weeks, with female fetuses exhibiting greater signal complexity, especially later in gesta-
tion. While preterm infants are not perfect models of gestational age-equivalent fetuses [64], there is sufficient similarity 
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that we hypothesized that we would recapitulate the above finding in spontaneous EEG recorded from preterm infants. 
In fact, we found three instances in which sex indeed predicted neural complexity (Figs 1–3, Table 2). These differences 
were observed on MSE values computed both on the whole signal and during IBIs, where male infants showed lower 
brain complexity compared to females. In contrast, CSER computed specifically during burst periods revealed the oppo-
site pattern, with males showing higher complexity than females. Overall, our findings largely corroborate prior work 
[28], where MSE was computed from MEG according to the Xie et al. algorithm [65] and several other neural complexity 
measures were greater in female versus male fetuses; note that this study did not examine CSER, which was introduced 
in work published only a few months prior [42].

Nonetheless, the neurobiological reason for an influence of sex on neural complexity during the perinatal period 
remains mysterious. Addressing this unsolved problem might be relevant toward efforts to develop neural complexity 
as a biomarker of early risk for neurodevelopmental disorders, which are often more common in boys than in girls. For 
instance, autism spectrum disorder is diagnosed approximately four times more often in boys than in girls [66] and less 
extreme gender ratios are also skewed toward boys in the diagnosis of attention deficit hyperactivity disorder [67] and 
Tourette syndrome [68], as well as childhood obsessive-compulsive disorder [69]. Moreover, neural complexity recorded 
with EEG at as early as 3 months of age is predictive of autism diagnosis in a cohort with familial risk [14]. Future work 
should explore whether neural complexity recorded during the perinatal period, either using fetal MEG or infant EEG, can 
predict autism diagnosis even earlier using a similar study design that recruits pregnancies with high familial risk.

4.5.  Limitations

Several limitations of our study should be noted, all stemming from the clinical context in which data were obtained. Firstly, 
we could not control the sleep states of the preterm infants who gave data in a clinical setting, and thus, EEG recordings 
likely contain a mixture of sleep and wakefulness. While this somewhat hinders the interpretation of our results, the same 
issue also affects recordings of fetal MEG data in research settings [28,34], and our data yielded significant results that 
were useful toward testing our hypotheses nonetheless. Secondly, our sample size (n = 28 infants with usable data) was 
modest, and we may have been underpowered to detect statistical relationships with small effect sizes. Furthermore, only 

Table 2.  Predictive variables and complexity measures computed on the whole signal, during bursts, or during interburst periods.

Complexity measure Predictor T-stat PFDR

Whole signal MSE Sex -3.8 0.0012

Whole signal LZ Bursts -5.2 0.00011

Whole signal CSER GA 2.2 0.037

Whole signal CSER Bursts -3.1 0.0057

Whole signal CTW Bursts -4.5 0.00045

MSE during bursts GA 4.0 0.00081

CSER during bursts Bursts 4.1 0.00071

CSER during bursts Sex 2.2 0.037

CTW during bursts GA 2.7 0.013

MSE during interburst Sex -2.8 0.012

LZ during interburst Bursts -4.9 0.00021

CSER during interburst Bursts 3.6 0.0020

CTW during interburst Bursts -4.2 0.00055

MSE in bursts vs. interburst Difference -4.3 0.00051

LZ in bursts vs. interburst Difference -4.3 0.00051

CSER in bursts vs. interburst Difference 19.7 2.5E-16

CTW in bursts vs. interburst Difference -5.2 0.00011

https://doi.org/10.1371/journal.pcsy.0000056.t002

https://doi.org/10.1371/journal.pcsy.0000056.t002
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8 channels were recorded from each infant, and thus, we were not strongly positioned to examine EEG spatial dynamics 
or spatial topographies. However, given that we did not have an anatomical hypothesis, we did not consider this to be a 
major limitation. Finally, the GA range of our sample reflects the limitations of collecting data in a clinical setting, where 
extremely premature infants are underrepresented.

5.  Conclusions

We showed that neural complexity in preterm infants is influenced by developmental variables, including the continuity 
of neural signals, gestational age, and sex. In particular, we found that CSER, a newer algorithm for measuring neural 
complexity, behaves differently from older algorithms in interesting and relevant ways. While we focused on the temporal 
dimension of neural complexity, parallel and independent work by others is currently investigating the spatial dimension 
of neural complexity in preterm infants using high density EEG with promising results [70]. We anticipate that both lines of 
work may converge in the near future to demonstrate the general importance of neural complexity as a potential predictive 
biomarker of developmental outcomes in preterm infants [71]. In light of this, future studies should investigate long term 
trajectories of neural complexity into toddlerhood, e.g., as it may relate to atypical development. Finally, because EEG 
burst dynamics are not exclusive to infancy, but also appear in adults during states of greatly attenuated consciousness 
such as disorders of consciousness or deep anesthesia [72], our results may also have implications for explaining why 
neural complexity is also reduced during the absence of consciousness [56]. Future work should test whether our results 
generalize to burst patterns recorded in adult EEG during states of unconsciousness, e.g., by demonstrating that increas-
ing burst tendency drives reductions in neural complexity.
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