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A B S T R A C T

Monitoring cognitive development in early childhood enables detection of problems for timely intervention. 
However, currently recommended methods require lengthy evaluations of task performance, and are resource 
intense. Here we examined whether 3 minutes of resting-state EEG (rs-EEG) recorded in 70 33–40-month-old 
children using a 14-channel portable EEG device in low-resource households could classify performance on five 
domains of developmental outcomes (cognition, receptive language, expressive language, fine motor and gross 
motor coordination) as measured by the Bayley’s Scale of Infant and Toddler Development, 3rd Edition (BSID- 
III). Applying supervised learning models to a combination of spectral features and novel time-domain features 
derived from EEG data, we predicted BSID-III domain scores with moderate accuracy (AUCs ranging from 0.70 to 
0.84 and F1-scores ranging from 0.58 to 0.76). While spectral frequencies significantly correlated with cognitive 
and language domain scores, time-domain features describing amplitude variability were more significantly 
correlated and contributed more substantially to model outcomes. Model performance was reliable even with a 
subset of 4 channels. Overall, this study provides a first demonstration that rs-EEG from low electrode config
uration devices can serve as a quick and reliable indicator of cognitive developmental outcomes and aid in 
identifying those requiring support during early childhood.

1. Introduction

Understanding where a child stands with respect to their trajectory of 
cognitive development is an important aspect of monitoring of their 
growth and wellness for early identification of potential problems, 
where intervention can change outcomes. This is particularly important 
in early childhood (below age 5) which is marked by a period of rapid 
brain development that lays the foundation for its healthy functioning 
throughout the lifetime. However it is also particularly challenging to 
assess in these early years when children are not yet equipped with the 
literacy and numeracy for typical mechanisms of testing. Consequently, 
cognitive assessment at this age involves lengthy observational 

assessments that require training and are not feasible in low resource 
settings. One way to circumvent these challenges could be to have robust 
methods of assessing cognitive development at the level of brain 
activity.

Tools such as Electroencephalography (EEG) that reflect aggregate 
electrical activity detected non-invasively with scalp channels could 
potentially be used to measure trajectories of neural development. 
Historically, the study of brain development using EEG has focused on 
changes in event related potential (ERP) components such as P1, N1, N2, 
P300 or N170 during tasks examining cognitive processes including 
working memory, attention, inhibition or other aspects of social or ex
ecutive function (Bhavnani et al., 2021). However, these types of 
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measures are not easily generalizable beyond the specific task.
In recent years, studies have also examined developmental changes 

in the resting-state EEG (rs-EEG) which contains information on neural 
activity when the brain is not actively engaged in a specifically assigned 
task. These studies have revealed changes in the peak frequency of alpha 
oscillations from infancy through to adolescence (Freschl et al., 2022; 
Marshall et al., 2002), as well as a general shift in the power spectrum of 
the EEG signal towards higher frequencies over time (Cellier et al., 2021; 
Perone et al., 2018). As neural changes across the lifespan are associated 
with cognitive, social and behavioral changes, there have also been ef
forts in both adults and children to associate features of rs-EEG with 
cognitive outcomes (Anderson and Perone, 2018; Miskovic et al., 2015; 
Stacey et al., 2021; Wilkinson et al., 2023). For example, an increase in 
EEG power in gamma frequency bands (21–30 Hz and 31–45 Hz) has 
been shown for girls with higher verbal IQ (Tarullo et al., 2017), while 
differences in rs-EEG, including increases in theta and decreases in alpha 
power, have been reported in children from low income homes who 
perform worse on language tasks (Maguire and Schneider, 2019). In 
addition, rs-EEG characteristics in early childhood have been shown to 
correlate with future cognitive outcomes (Bosl et al., 2018; Brito et al., 
2016). For example, one study found that children who exhibited 
greater increases in frontal alpha power from 10 months to 4 years had 
greater inhibitory control at 4 years (Whedon et al., 2020), while 
another study found that higher resting theta power measured at 
22–42 months predicted lower IQ at 18 years (Tan et al., 2023). Finally, 
a number of studies have shown that differences in spectral features in 
babies and infants can predict BSID-III scores at age 2 (Hooyman et al., 
2018; Lloyd et al., 2021; Xiao et al., 2018). However, while directionally 
promising, studies thus far have only outlined correlations or population 
level differences that are statistically significant but are not sufficiently 
separated to accurately classify children for clinical applications. 
Moreover, the majority have focused on spectral features alone, which 
are typically highly correlated with one another and non-specifically 
associated with various task outcomes and functions (Newson and 
Thiagarajan, 2019). The question thus arises whether it is possible to 
accurately classify children with poor developmental function based on 
EEG features that could open up the possibility for further study in the 
context of clinical application.

Such a demonstration would require a model-based approach that 
makes use of multiple relatively orthogonal features. In this study, we 
undertook an initial pilot study to investigate whether rs-EEG, measured 
for 3 minutes in eyes closed condition while not performing any assigned 
cognitive tasks, could be used as a predictor of developmental outcomes, 
as measured by the BSID-III (Bayley, 2006a, 2006b). In particular we 
make use of numerous novel time-domain features derived from rs-EEG. 
This includes features such as a complexity, that also changes across the 
lifespan and have been shown to be correlate significantly to perfor
mance on a Raven’s progressive matrix task (Parameshwaran et al., 
2019; Van Noordt and Willoughby, 2021) and novel measures of vari
ability in the signal (Parameshwaran and Thiagarajan, 2023). Specif
ically, we examined how well a combination of spectral and 
time-domain features derived from rs-EEG could identify children 
whose BSID-III scores fell above and below one standard deviation of the 
mean across cognitive, expressive language, receptive language, gross 
motor and fine motor domains. Notably, this study was carried out in 
three-year-old children in low resource households of rural India, a 
setting which remains largely under-represented in global neurophysi
ological research largely due to limitations of the scalability of EEG 
equipment and data collection methods.

In a previous publication we have described standard operating 
procedures (SOPs) to collect EEG data using a low-cost portable device 
(EMOTIV EPOC) administered by trained non-specialist workers within 
uncontrolled settings of rural households (Bhavnani et al., 2022). This 
pilot study uses data collected through this protocol to demonstrate that 
rs-EEG contains sufficient information to classify children based on their 
performance on gold-standard clinical developmental assessments.

2. Materials and methods

2.1. Study setting and ethics

Children recruited for the SPRING (Sustainable Programme Incor
porating Nutrition and Games) cluster randomized controlled trial 
(ClinicalTrials.gov, 2017; Divan et al., 2015; Lingam et al., 2014) con
ducted in 120 villages in Rewari district in rural Haryana, India, were 
followed-up at 3 years of age for this study. The SPRING trial tested an 
intervention designed to optimize growth and development in early 
childhood, and has been described in detail elsewhere (registered with 
Clinical-Trials.gov, number NCT02059863) (Bhopal et al., 2019a, 
2019b; Divan et al., 2015; Lingam et al., 2014). Rewari district is pre
dominantly agricultural (70 % rural households) with some industrial 
sectors (International Institute for Population Sciences, 2022). While 
almost all households have electricity (98.6 %) and improved drinking 
water sources such as piped water or public taps (93.5 %), fewer have 
non-shared toilet facilities (69.7 %) and use clean fuel for cooking 
(39.1 %).

BSID-III (described below) was collected on 200 children from this 
cohort. Of these, 100 were approached for EEG data of which one family 
refused consent, 19 children refused to wear the headset or removed it in 
the middle of the recording, and data was lost for another 5 children. Of 
the 75 records obtained, 5 were discarded due to data quality resulting 
in a total of 70 children for whom both BSID-III and EEG data was 
available. These 70 children were aged 35–40 months (55.7 % girls). 
Data was collected during household visits by non-specialist assessors 
trained in EEG as described in (Bhavnani et al., 2022).

The socio-demographic details of these participants are summarized 
in Supplementary Table 1.

This study was conducted in accordance with the Declaration of 
Helsinki. Parents provided written informed consent before their own 
and their child’s participation in this study. The study received approval 
from institutional review boards of the Public Health Foundation of 
India (18 July 2018 TRC-IEC-378/18) and Sangath (23 August 2018 
VP_2017_23).

2.2. Administration of the Bayley’s Scale of Infant and Toddler 
Development, 3rd Edition (BSID-III)

BSID-III is an observation-based assessment of the developmental 
status of a child during early childhood (1–42 months) comprising 
assessment of five domains of development, namely cognitive, language 
(receptive and expressive), motor (gross and fine), adaptive and social- 
emotional. A translated version of the BSID-III (Bayley, 2006a, 2006b), 
adapted for administration by non-specialists was used following a 
protocol described previously (Bhopal et al., 2019a). The tool was 
delivered by a team of non-specialist assessors who were hired locally, 
rigorously trained and supervised by early child development special
ists. The inter-rater reliability of the assessors was judged to be excellent 
(> 99 %). The raw scores across the three domains of cognitive, lan
guage and motor coordination (outcome scores relevant to this study) 
were calculated following protocols described in the BSID-III manual. 
During the 3-year follow-up, children unable to meet BSID-III milestones 
appropriate for 25.5–28.5 months (~2.1 – 2.4 years) were referred to 
District Early Intervention Centres (DEICs) or pediatric clinics for 
follow-up assessments of their developmental status. As each BSID-III 
assessment took 2–3 hours to complete, it was split across 2 days to 
reduce assessment fatigue.

2.3. EEG recordings

EEG activity was recorded using the Emotiv EPOC EEG headset 
connected to Microsoft Surface Pro 4 tablets. It consists of 14 gold plated 
saline channels (sensors contained felt inserts) positioned by the 10–20 
International system at AF3, AF4, F3, F4, F7, F8, FC5, FC6, T7, T8, P7, 
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P8, O1 and O2. The EEG headsets use CMS/DRL reference system (M1, a 
ground reference point for measuring the voltage of the other sensors 
and M2, a feed-forward reference point for reducing electrical interfer
ence from external sources). The device has a maximum sampling rate of 
128 Hz along with digital notch filters for line noise at 50 Hz and 60 Hz. 
The spectral range reliably available for analysis is 0.2–45 Hz. Imped
ance at each electrode is measured, color-coded and reported in real- 
time as ‘channel contact quality’ ranging from 0 to 4.

Resting state EEG was recorded for 3–4 min when the child was 
sitting still with their eyes closed. To ensure compliance the mother was 
asked to gently place their palms on the child’s eyes to create the “eyes 
closed” condition. Such placement makes it near impossible to open the 
eyes. The eyes closed paradigm had the advantage of eliminating eye- 
blink artifacts and has been shown to produce an increase in neural 
oscillatory power in the alpha frequency band (7–13 Hz) relative to eyes 
open in this context (Bhavnani et al., 2022). The field practices and 
quality of EEG obtained from this cohort has previously been described 
(Bhavnani et al., 2022). However briefly, recordings were obtained by 
field researchers who were EEG naïve on recruitment and subsequently 
trained. Channel quality and spectral features such as peak alpha fre
quency have been shown to be comparable to studies in controlled lab 
environments.

2.4. EEG processing

Data quality was checked using impedance reported real-time as 
“channel quality” ranging from 0 to 4 and only those recordings that met 
the channel quality of 4 for over 90 % of the recording duration were 
used. EEG data was processed using analysis scripts created in-house in 
R (RStudio Team 2023.03). Since numerous studies demonstrate that 
filtering can affect and distort the shape and temporal structure of EEG 
signals (Acunzo et al., 2012; VanRullen et al., 2011), no filtering was 
performed on the EEG signals obtained in this study.

In addition, no EOG removal was used since EOG was minimal in the 
eyes closed condition, and EOG removal resulted in substantially worse 
performance, likely due to distortion of signal that accompanies EOG 
removal (see Supplementary Figure 1 and Supplementary Table 2 for 
comparison of with EOG removal).

Instead, the EEG was first pre-processed only with a mean correction 
to correct for signal offset. For each participant, 22 EEG features as 
described below were then computed for each of the 14 channels and 
averaged across all channels (WB) as well as four frontal channels (F4) 
comprising AF3, AF4, F7, F8, four fronto-temporal channels (FT4) T7, 
T8, FC5, FC6, four parieto-temporal channels (TP4) T7, T8, P7, P8 and 
four parieto-occipital channels (PO4) P7, P8, O1, O2 (Fig. 1).

22 single channel metrics, selected based on their computational 
efficiency, were computed from the rs-EEG signal. These include metrics 
describing spectral features of the signal, complexity of the signal and 
various views of the amplitude variability in the signal that are grouped 
together as follows and described in detail in Supplementary Table 3: 

Group 1 (8 spectral metrics) – Delta, Theta, Alpha, Beta, Gamma, 
Theta/Beta, Peak A, Energy A (Parameshwaran and Thiagarajan, 
2019).
Group 2 (6 amplitude variability metrics) - LNC_A, LNC_R, A_SD, 
D1_SD, HVP_R and HVP_A (Parameshwaran and Thiagarajan, 2023).
Group 3 (3 amplitude variability duration metrics) - HVP_D, HLra
tio_D, LNC_D (Parameshwaran and Thiagarajan, 2023)
Group 4 (5 complexity metrics) – Waveform Complexity 
(Parameshwaran et al., 2019), Multiscale entropy (Costa et al., 
2005), Sample Entropy (Richman and Moorman, 2000; Sub
ramaniyam, 2018), Permutation Entropy (Bandt and Pompe, 2002) 
and Weighted Permutation Entropy (Fadlallah et al., 2013).

2.5. Clustering of EEG metrics

Clustering of the 22 EEG metrics (channel averages for each partic
ipant) was done using hclust in R that is based on the Ward.D algorithm 
using a distance measure of 1-r, where r was the Pearson’s correlation 
between each feature across all individuals. While metrics in Groups 2 
and Group 3 all capture aspects of signal variability, they have been 
divided into two groups based on their distance of separation, indicating 
broadly four relatively orthogonal groups.

2.6. Metric selection and dimension reduction

Given the small size of the data, the large number of metrics, and 
high correlation among metrics within groups we used multiple ap
proaches in the construction of models to reduce the dimensionality. 

1) Feature Agglomeration: which uses correlations among features and 
hierarchical clustering to construct 4 combined features computed as 
their arithmetic mean using the scikit-learn package sklearn.cluster. 
FeatureAgglomeration (Supplementary Table 4).

2) Principal Component Analysis: which compute the eigenvectors and 
eigenvalues of the covariance matrix to recast the data along prin
cipal components axes using the scikit-learn package sklearn. 
decomposition.PCA (Supplementary Table 5).

3) Single Metric Selection: In this method we selected one metric from 
each group rather than combining them as in 1) and 2), where all 
possible combinations of 4 metrics were trialed. Metrics within each 
group are designed to capture a similar feature of the signal but differ 
in how they are constructed based on various assumptions such as for 
example, time or length scales and thresholds. We thus sought to 
determine if there were particular metrics within in each group that 

Fig. 1. EEG features were created by averaging features from all 14 recording 
channels O1, O2, AF3, F3, AF4, F4, FC5, FC6, F7, T7, P7, F8, T8, P8 (WB) as 
well as four subsets electrode configurations. AF3, AF4, F7, F8 (F4) and T7, T8, 
FC5, FC6 (FT4), T7,T8, P7, P8 (TP4) and P7,P8,O1,O1 (PO4).
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outperformed others. Should this be the case, models constructed 
with these metrics would outperform methods that combined 
correlated metrics and would suggest that a particular metric may be 
capturing the relevant aspects of the signal feature more effectively. 
In order to reduce the computational load we first assessed the cor
relation between each metric and each outcome metric for each of 
the electrode combinations (WB, F4, FT4, TP4, PO4) and eliminated 
those metrics from each group that did not have a significant cor
relation with the outcome variable of interest in any of the electrode 
configurations. In case no metrics within a group were significantly 
correlated we used the top four most correlated in the group. This 
resulted in 144 combinations of metrics for each outcome and 
channel configuration.

2.7. Building BSID prediction models

The 22 EEG features described above were used to build models to 
classify children at the bottom 15 and top 15 percentiles of scores 
(equivalent to ~1 SD greater than or less than the mean) for each BSID- 
III domain of interest (cognition, receptive language, expressive lan
guage, gross motor and fine motor). The R statistical software version 
4.0.3. was used to build random forest and gradient boost models. 65 % 
of the data (N = 45) was used to train the model, and model perfor
mance was evaluated on the remaining 35 % (test set) (N = 25). We 
used a 2-fold cross validation and “leave-one-out cross-validation” on 
the training dataset.

Models were constructed after feature agglomeration, PCA or Single 
metric selections from each group. Model inputs were limited to 4 
clusters for Feature Agglomeration (see Supplementary Table 4 for 

feature clusters), 4 components for PCA (see Supplementary Table 5 for 
components), and 4 metrics in the Single metric selection, with one 
metric being drawn from each of the four groups described above, 
exploring all possible combinations of EEG metrics in this structure. This 
ensured that the combination of individual metrics used were relatively 
distinct in the information they carried about the signal. For each model 
2 cross validation approaches x 3 prediction functions were run for each 
of the five BSID-III domains. For the Single metric selection method, the 
best performing models were selected based on the mean of the ROC 
area under curve (AUC) and F1-Score (the harmonic mean of precision 
and recall). Test groups were randomly selected within different bins to 
create balanced test sets while the remaining records were used for 
training. The average of ten such training and testing combinations are 
reported for each set of metrics. This process was repeated for EEG 
features derived for each of the 5 electrode groups (WB, F4, FT4, TP4, 
PO4).

2.8. Impact calculation

Each classifier model for each BSID-III domain prediction included 4 
groups of metrics, each describing a feature of the EEG signal. To 
evaluate the relative importance of each feature type we looked at the 
impact on each of the methods by removing each group of metrics 
without changing the feature/metrics from the other groups. The impact 
of each metric was computed by assessing the average model perfor
mance across all models in which the metric appeared.

Fig. 2. Distribution of five domains of BSID-cognitive scores. (A-E) Histograms of BSID scores across each domain namely cognitive, receptive language, 
expressive language, fine motor and gross motor (grey bars N = 200); purple bars represent the scores for the subset with EEG (N = 70). (F) Correlations of BSID 
domain scores (N = 70). Correlogram shows that language and cognition scores are closely related but distinct from motor skill domains. CG = Cognition, RL 
= Receptive Language, EL = Expressive Language, FM = Fine Motor, GM = Gross Motor.
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3. Results

3.1. Structure of BSID scores

The scores among the 200 participants who had completed the BSID- 
III during the follow-up of the entire cohort were broadly normally 
distributed for each of the 5 domains. The mean scores of 72 (range 
56–88) for Cognition, 33 (range 19–47) for Expressive Language, 34 
(range 21–47) for Receptive Language, 49 (range 36–62) for Fine Motor 
and 63.5 (range 55.5–71.5) for Gross Motor. (Fig. 2A-E, grey histo
grams). This distribution was closely mirrored across the sample of 70 
children whose EEG recording was obtained (Fig. 2A-E purple histo
grams). Across the BSID domain scores for the sample in this study, 
cognitive scores were highly correlated to receptive language scores 
(r = 0.78) and expressive language scores (r = 0.71). Gross and fine 
motor scores were highly correlated with each other (r = 0.65), but less 
so with other domains (0.55 >r > 0.34; Fig. 2F).

3.2. Relationship between individual metrics and BSID-III domain scores

Fig. 3A shows a correlogram of all 22 EEG metrics (average of all 
channels) across all participants grouped by the signal feature they are 
designed to capture. This shows that metrics designed to describe the 
same feature of the signal (e.g. power spectrum, complexity or aspect of 
amplitude variability) were generally more correlated within a group 
than between groups, although some metrics were relatively less 
correlated within groups and more orthogonal to all other metrics such 
as theta within the spectral group and HVP_R in the amplitude vari
ability group (Fig. 3A).

Fig. 3B shows the correlations (Pearson’s r) between EEG features 
and each BSID-III domain score . When considering all channels together 
(WB; Fig. 3B), 9 out of 22 metrics were significantly correlated with the 
cognitive domain score, while 5 features were significantly correlated 
with the receptive language scores, 4 with expressive language scores 
and 3 with each of gross and fine motor scores. All Group 2 amplitude 
variability metrics and all spectral metrics other than theta and peak 
alpha frequency were significantly correlated to the cognitive domain 
scores across multiple channel configurations, while only Waveform 
Complexity (shown as Complexity) and Sample Entropy were correlated 
among the complexity metrics. The highest/most significant correla
tions were A_SD (r − 0.31, p < 1e− 3), HVP_A (r − 0.24, p < 0.016) and 
D1_SD (r − 0.29, p < 0.049), LNC_A (r 0.28, p < 0.016) and Complexity 
(r = 0.24, p < 0.047). Further, A_SD, HVP_R and LNC_A were signifi
cantly correlated with all BSID-III domains in almost all channel con
figurations, while Complexity was only correlated with cognitive 
domain scores and Theta was only significantly correlated with lan
guage domain scores. No spectral features were significantly correlated 
with the motor domain scores. Finally, features averaged across frontal 
and fronto-temporal channel subsets were equally strongly correlated to 
BSID-III domain scores, particularly for cognitive and fine motor scores. 
Notably, more features were significantly correlated with cognition, 
receptive language, and fine motor scores for the subset of fronto- 
temporal channels (see Supplementary Table 6 for all correlations). 
We note however that only the correlation of A_SD to the cognitive 
domain score remained significant after Bonferroni correction. Howev
er, given that all Group 2 metrics are designed to capture similar features 
of the EEG signal, are correlated with each other and were more likely to 
correlate with BSID-III scores, this demonstrates that the correlations 
were internally consistent and not randomly obtained. Nonetheless none 
of the EEG features alone provide sufficient separability of performance.

3.3. Classifying BSID-III domain scores from rs-EEG features

Table 1 shows the model results of classification of children into the 
bottom or top 15 % (~1 SD) of the BSID-III score distribution for each of 
the five domains, for models constructed using feature agglomeration, 

PCA and Single metric selection using whole brain averages of metrics. 
We show outcomes of the best model obtained based on 10 iterations of 
test set selection (distribution of all model outcomes are shown in 
Supplementary Figure 7) based on the metrics derived from rs-EEG using 
logistic regression, random forest and gradient boosting models where 
each model type is reported separately. We then identified the best 
performing classifier based on the AUC and F1-score. Overall, we were 
able to classify children in the top 15 percentile of each BSID-III domain 
with AUCs ranging from 0.73 to 0.84, and in the bottom 15 percentile of 
each BSID-III domain with AUCs ranging from 0.70 to 0.84. The best 
performance (determined as the sum of the AUC and F1-scores) was 
obtained for classification of children within the top 15 % of receptive 
and expressive language domain scores and the bottom 15 % of cogni
tive domain scores. Classification of the bottom 15 % of receptive lan
guage scores showed the poorest performance.

We next looked at model outcomes across BSID domains for four 
subsets of channels (channel groupings shown in Fig. 1). The metrics 
derived from the 4 frontal channels showed better or near-equivalent 
performance than metrics derived from WB for the cognition (COG) 
and expressive language (EL) domains while all combinations with 
temporal or parietal channels (FT4, PT4, PO4) performed better or near- 
equivalently for classification of both bottom and top 15 % of receptive 
language (RL) and for the bottom 15 % of expressive language (Table 2; 
Supplementary Table 7).

Altogether, given the model selection criteria used for maximizing 
the combination of AUC and F1-scores, the proportion of those identified 
as positive that were correct (i.e. recall or sensitivity) was high for all 
prediction groups (top 15 % and bottom 15 % for all domains) with 
values of 80 % or more for at least one electrode grouping, while the 
proportion of positives correctly identified (i.e. precision) ranged be
tween 56 % and 66 % with the exception of the upper 15 % of receptive 
language domain scores, where it was 75 % or more. Across all domains, 
this translates generally to only 1 or 2 out of every 10 true positives 
being missed, while about 2 out of every 5 would be false positives.

3.4. Key EEG features and metrics in BSID prediction

To determine the contribution of each signal feature (i.e. group of 
metrics describing a feature), we selected the top 5 models (sum of test 
AUC and test F1-score across 10 iterations, see Methods) for each of the 
10 cases (5 BSID-III domains x top/bottom 15 percentile). We removed 
features associated with each one of the 4 groups in turn (i.e. with 
replacement) and built a new model using the identical method with one 
feature from each of the 3 remaining clusters to measure the impact of 
each cluster. Group 2 (amplitude variability metrics) had the biggest 
impact, especially to the cognitive, receptive language and expressive 
language score predictions (Fig. 4; values in Supplementary Table 8). 
Group 1 (spectral metrics) had more impact on performance for the 
motor domains. Across all cases, the maximum impact was 0.172 
improvement in AUC for the model identifying the bottom 15 % of the 
cognition domain (COG.LO) model (Fig. 4; light green bar). The impact 
of the amplitude variability metrics in Group 2 was 9 times more than 
the impact of extending spatial coverage from 4 channels to WB.

To determine whether the best models were statistical errors, or due 
to specific metrics within feature groups outperforming others, we 
looked at the average AUC and F1 scores of all the models in which each 
of the metrics appeared. Fig. 5 shows the average AUC± SEM for each 
metric within each feature group for classification of each BSID 
dimension (Fig. 5; whole brain results shown as average, all channel 
combinations in Supplementary Table 9). HVP_R substantially out
performed all other Group 2 (Amplitude variability) metrics across all 
BSID dimensions, while HLratio_D performed significantly better in 
Group 3 (Amplitude duration metrics). In contrast, most spectral and 
complexity metrics performed more similarly, although theta and beta 
tended to perform slightly better than other spectral metrics, while 
multiscale entropy performed better than other complexity metrics for 
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the fine motor domain. We also note that metric performance differs 
significantly within all feature groups (p < 0.05, ANOVA). In addition, 
outcome distributions were skewed to the right rather than normally 
distributed reflecting use of more impactful metrics (F1 scores shown in 
Supplementary Figure 2). This demonstrates that better model outcomes 
in the single metric selection are in large part due to single channel 
metrics that better capture relevant aspects of a signal feature. The 
specific combination of features in each of the Single metric models are 
shown in Supplementary Table 7.

4. Discussion

Here we have shown that it is possible to use a 3-minute recording of 
eyes closed rs-EEG data collected using a low-cost device administered 
by trained non-specialist workers in uncontrolled settings of rural 
households to classify performance across five domains of the BSID-III in 
3-year-old children. This represents a significant step towards the pos
sibility of clinical applications for assessment of cognitive development 
at the level of brain activity in early childhood.

Our models classified those who scored above or below ~1 SD of the 
mean on various dimensions of the BSID-III scores with task AUCs 
ranging from 0.7 to 0.84 and F1-scores ranging from 0.58 to 0.76. 
Consistent with previous studies we found a significant correlation be
tween higher frequencies in the power spectrum and BSID cognitive and 
language domain scores (Cainelli et al., 2021; Hipp et al., 2021; Hooy
man et al., 2018; Lloyd et al., 2021; Ostrowski et al., 2021). We extend 
these results to show that correlations to these outcomes were stronger 
with time-domain metrics that capture amplitude variability of the 
signal; that the combination of spectral and time-domain features 
resulted in substantially better model performance for all four domains 
compared to spectral metrics alone, with amplitude variability metrics, 
and in particular HVP_R dominating the classification for cognitive and 
language domains. We further show that just four frontal channels were 
sufficient for cognitive predictions while various combinations of four 
channels were sufficient for language and motor skills predictions. This 
study also contributes to the evidence base of the validity of EEG metrics 
derived using scalable methods, with implications for improving 
contribution of under-researched populations to our understanding of 
brain development and, potentially, to leap-frog barriers to scale for 
child developmental assessments which are done through administra
tion of observational and behavioral tasks which can be challenging, 
cost-intensive and time consuming.

4.1. Model performance

The ability of the models to correctly identify those in the upper and 
lower tails of the distribution was generally higher than 80 % for the 
best models obtained with single metric selection, although there was 
variability across domains, and between the bottom and top tails of the 
distributions. For example, compared to the classification of cognitive 
and language score, classification of motor scores (which are also more 
easily observable) performed slightly worse. This may have been due to 
lack of coverage of motor regions by the EEG configuration used. 
However, fewer features were correlated to the motor scores suggesting 
that the same mechanisms are not at play. Furthermore, within the 
language and cognitive domains, the models for classifying the top 15 % 
for receptive and expressive language and the bottom 15 % for the 
cognitive domain performed substantially better than for the bottom 
15 % of the language domains and the top 15 % of the cognitive domain. 
This differential could have arisen due to small sample size. We also note 

Fig. 3. Correlations between EEG features and BSID scores. (A) Correlogram showing clustering of EEG metrics estimated from whole brain averages demon
strating that metrics constructed to capture the same or similar feature of the EEG tend to be in correlated groups. White boxes show feature groups. (B) Correlation 
between the 5 BSID domains and 22 EEG features for 5 electrode configurations - Whole brain (WB), Frontal (F4) and Fronto-temporal (FT4), Temporo-parietal (TP4) 
and Parieto-occipital (PO4). The EEG features have been ordered according by Groups 1–4 shown in Methods. Group 2 Amplitude variability metrics were the most 
correlated with BSID domains, with maximum correlation for the 5 BSID domains ranging between 0.3 and 0.36.

Table 1 
Comparison of model outcomes using feature agglomeration (FA), PCA and 
Single metric selection. Average AUC and F1-score of models constructed with 
each method of dimension reduction using all channel average (WB). For Single 
metric selection, values reflect the best performing models across 10 combina
tions of training-testing datasets for prediction of the top and bottom 15 % of 
each domain (full set of performance metrics shown in Supplementary Table 7).

Best Models with Entropy Metrics

WB AUC F1 Score

Top 15 % FA PCA Single Metric FA PCA Single Metric

COG 0.52 0.56 0.72 0.44 0.43 0.58
EL 0.42 0.54 0.73 0.44 0.47 0.63
RL 0.62 0.66 0.83 0.52 0.51 0.76
FM 0.66 0.61 0.73 0.50 0.45 0.62
GM 0.55 0.62 0.75 0.52 0.56 0.64
Bottom 15 % FA PCA Single Metric FA PCA Single Metric
COG 0.66 0.73 0.84 0.49 0.58 0.70
EL 0.66 0.68 0.76 0.53 0.53 0.63
RL 0.45 0.44 0.68 0.43 0.43 0.57
FM 0.52 0.53 0.70 0.43 0.44 0.56
GM 0.58 0.57 0.81 0.50 0.48 0.68

Table 2 
Classification performance by electrode subsets using Single metric selection. Average AUC and F1-score of the best performing models as in Table 1 for single 
metric selection using all channels (WB) and four combinations of 4 channels from frontal to occipital. Frontal channels (F4) was comparable to that of WB electrode 
configurations in most cases.

AUC F1 Score

Top 15 % WB F4 FT4 TP4 PO4 WB F4 FT4 TP4 PO4

COG 0.72 0.74 0.67 0.65 0.74 ​ 0.58 0.58 0.56 0.50 0.60
EL 0.73 0.83 0.80 0.72 0.81 ​ 0.63 0.71 0.71 0.60 0.69
RL 0.83 0.77 0.84 0.83 0.82 ​ 0.76 0.68 0.73 0.68 0.73
FM 0.73 0.68 0.71 0.67 0.69 ​ 0.62 0.53 0.58 0.52 0.58
GM 0.75 0.72 0.73 0.72 0.62 ​ 0.64 0.63 0.63 0.62 0.57
​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
Bottom 15 % WB F4 FT4 TP4 PO4 ​ WB F4 FT4 TP4 PO4
COG 0.84 0.82 0.68 0.72 0.73 ​ 0.70 0.67 0.53 0.55 0.57
EL 0.76 0.79 0.69 0.69 0.67 ​ 0.63 0.58 0.59 0.61 0.54
RL 0.68 0.64 0.57 0.70 0.64 ​ 0.57 0.55 0.49 0.58 0.54
FM 0.70 0.79 0.77 0.74 0.70 ​ 0.56 0.60 0.65 0.55 0.56
GM 0.81 0.60 0.72 0.71 0.63 ​ 0.68 0.54 0.64 0.59 0.55
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that typically referrals based on BSID-III are usually at a 2 SD cutoff 
(severe delay) whereas this study uses 1 SD (moderate delay) due to the 
small sample size (Çelik et al., 2020). Performance on larger samples 
using a 2 SD cutoff would be expected to be far superior. Thus alto
gether, while model performance could be improved with larger data, 
this study nonetheless provides a substantial leap in comparison to 
existing correlative studies.

Finally, it is of note that a subset of 4 frontal channels performed 
equally well in predicting cognition domain scores as all channels 
together, consistent with findings that frontal networks are associated 
with executive functions such as attention, working memory, and 
problem-solving (Fiske and Holmboe, 2019; Friedman and Robbins, 
2022). Similarly, various combinations of 4 channels that included 
temporal and parietal locations performed best for predicting the top 
15 % receptive and expressive language domain scores, again consistent 
with research demonstrating that language processing is heavily medi
ated by temporo-parietal regions (Coslett and Schwartz, 2018; Ubel
lacker and Hillis, 2022). This is therefore a first demonstration of the 
potential of low electrode configuration EEG as a tool for developmental 
and cognitive health screening of young children.

4.2. Feature contribution to prediction of outcomes

Directionally consistent with other studies we report a significant 
negative relationship between relative delta power and cognitive mea
sures (Hipp et al., 2021; Ostrowski et al., 2021), a significant positive 
relationship between higher frequencies and cognitive and language 
measures (Benasich et al., 2008) and a significant positive relationship 
between complexity and cognitive measures (Parameshwaran et al., 
2019). However, we show that the time-domain metrics, and particu
larly those describing amplitude variability of the signal had stronger 
and more significant correlations with cognitive and language domains 
and substantially greater impact on model performance. Particularly, 
the features of HVP_R, which is a measure of the rate at which high 
variability periods occur in the signal, and A_SD, which is a measure of 
amplitude variability, dominated the best performing models. More
over, models constructed with specific metrics tended to perform far 
better than models constructed using feature agglomeration or PCA 
which aggregate across metrics. Altogether this demonstrates that 

specific novel time-domain metrics introduced in this paper, which are 
relatively orthogonal to the spectral features, contribute far more to 
model outcomes for cognitive and language domain scores. In contrast, 
spectral features contributed more strongly to the motor domain pre
dictions although individual features were not significantly correlated to 
outcomes. We note that the models used are tree-based models that are 
appropriate for nonlinearly separable data where relationships may not 
be linear, and therefore correlated.

4.3. Applications, limitations, and future directions

Here we have demonstrated the potential to reliably classify raw 
scores on five BSID domains using just 3 minutes of eyes closed resting 
state EEG with as few as four channels. This suggests the possibility of 
developmental screening using a simple 4 channel device with easy set 
up and scalability. However, further research will be required to achieve 
this goal. First, as the size of the dataset in this cross-sectional study was 
small (N = 70), it is expected that larger-scale data would improve the 
models and therefore deliver greater precision and recall in the results, 
particularly for the extreme scores beyond 2 SD of the mean. Second, the 
sample in this study was restricted to typically developing children in 
the age range of 35–40 months in low-income households. Future 
studies will therefore be required to determine how well these models 
perform across other age groups, across varying developmental abilities 
including those who are not typically developing, and in high income 
contexts. However, despite these limitations, the ability to broadly 
predict a wide range of developmental capability in a relatively small 
sample with a small subset of channels suggests an opportunity for ap
plications in the clinical assessment of development trajectories.

It is also of significance to the global child development research 
community that the EEG data reported in this study has been collected 
using a low-cost, low configuration device administered by trained non- 
specialists within uncontrolled rural household settings. This highlights 
the potential of this technology to include hard-to-reach populations 
from low-resource settings in neuroscience research in which diversity 
of populations has largely been missing (Bhavnani et al., 2021). How
ever, it is also important to note that 30 % of the target population in this 
study was lost to follow-up, largely due to children rejecting the EEG 
device or EEG data not being usable, demonstrates that challenges 
remain in administering these assessments at scale. It can be hoped that 
with rapidly evolving technology in the field of EEG devices, with an 
emphasis on making low-cost devices directly for consumers, the 
acceptability of these assessments can be improved. If this is achieved, it 
is possible to envision a future in which a short 3-minute recording of 
resting-state brain function delivered by a non-specialist team can cap
ture developmental status of children in the crucial period of early 
childhood and enable early intervention where appropriate. This would 
be a huge leap for developmental surveillance since existing protocols 
and instruments are resource intensive, time consuming to administer 
and are also a function of the child’s environment, socio-economic 
background and culture, making them difficult to compare across pop
ulations. This technology could therefore fill the gap of an alternative, 
rapid, objective, and low-cost measure that can accurately capture 
developmental health and performance in young children.
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Tarullo, A.R., Obradović, J., Keehn, B., Rasheed, M.A., Siyal, S., Nelson, C.A., 
Yousafzai, A.K., 2017. Gamma power in rural Pakistani children: links to executive 
function and verbal ability. Dev. Cogn. Neurosci. 26, 1–8. https://doi.org/10.1016/j. 
dcn.2017.03.007.

Ubellacker, D.M., Hillis, A.E., 2022. The neural underpinnings of word comprehension 
and production: The critical roles of the temporal lobes. in: Handbook of Clinical 
Neurology. Elsevier, pp. 211–220. https://doi.org/10.1016/B978-0-12-823493- 
8.00013-4.

Van Noordt, S., Willoughby, T., 2021. Cortical maturation from childhood to adolescence 
is reflected in resting state EEG signal complexity. Dev. Cogn. Neurosci. 48, 100945. 
https://doi.org/10.1016/j.dcn.2021.100945.

VanRullen, R., Busch, N.A., Drewes, J., Dubois, J., 2011. Ongoing EEG phase as a trial- 
by-trial predictor of perceptual and attentional variability. Front Psychol. 2, 60. 
https://doi.org/10.3389/fpsyg.2011.00060.

D. Parameshwaran et al.                                                                                                                                                                                                                      Developmental Cognitive Neuroscience 74 (2025) 101575 

10 

https://doi.org/10.1016/j.dcn.2025.101575
https://doi.org/10.1016/j.jneumeth.2012.06.011
https://doi.org/10.1016/j.bandc.2018.08.001
https://doi.org/10.1103/PhysRevLett.88.174102
https://doi.org/10.1103/PhysRevLett.88.174102
https://doi.org/10.1016/j.bbr.2008.08.049
https://doi.org/10.1371/journal.pone.0247223
https://doi.org/10.1371/journal.pone.0247223
http://refhub.elsevier.com/S1878-9293(25)00070-2/sbref6
http://refhub.elsevier.com/S1878-9293(25)00070-2/sbref6
http://refhub.elsevier.com/S1878-9293(25)00070-2/sbref6
http://refhub.elsevier.com/S1878-9293(25)00070-2/sbref6
https://doi.org/10.1016/j.psyneuen.2019.05.012
https://doi.org/10.1016/j.psyneuen.2019.05.012
https://doi.org/10.1371/journal.pone.0209122
https://doi.org/10.1371/journal.pone.0209122
https://doi.org/10.1038/s41598-018-24318-x
https://doi.org/10.1038/s41598-018-24318-x
https://doi.org/10.1016/j.dcn.2016.03.004
https://doi.org/10.1007/s00431-020-03818-x
https://doi.org/10.1007/s00431-020-03818-x
https://doi.org/10.3906/sag-1910-69
https://doi.org/10.3906/sag-1910-69
https://doi.org/10.1016/j.dcn.2021.100969
https://doi.org/10.1016/B978-0-444-63622-5.00018-8
https://doi.org/10.1016/B978-0-444-63622-5.00018-8
https://doi.org/10.1103/PhysRevE.71.021906
https://doi.org/10.1103/PhysRevE.87.022911
https://doi.org/10.1016/j.dr.2019.100866
https://doi.org/10.1016/j.dcn.2022.101146
https://doi.org/10.1016/j.dcn.2022.101146
https://doi.org/10.1038/s41386-021-01132-0
https://doi.org/10.1038/s41386-021-01132-0
https://doi.org/10.1016/j.bpsgos.2021.05.003
https://doi.org/10.1016/j.bpsgos.2021.05.003
https://doi.org/10.12688/gatesopenres.12868.2
https://doi.org/10.12688/gatesopenres.12868.2
https://doi.org/10.1111/nyas.12326
https://doi.org/10.1136/archdischild-2020-319825
https://doi.org/10.1136/archdischild-2020-319825
https://doi.org/10.1016/j.bandc.2019.103619
https://doi.org/10.1016/j.bandc.2019.103619
https://doi.org/10.1016/S1388-2457(02)00163-3
https://doi.org/10.1016/S1388-2457(02)00163-3
https://doi.org/10.1016/j.neuroimage.2015.06.013
https://doi.org/10.1016/j.neuroimage.2015.06.013
https://doi.org/10.3389/fnhum.2018.00521
https://doi.org/10.3389/fnhum.2018.00521
https://doi.org/10.1002/acn3.51385
https://doi.org/10.1002/acn3.51385
https://doi.org/10.1088/2057-1976/ab29d0
https://doi.org/10.1088/2057-1976/ab29d0
https://doi.org/10.3390/brainsci13111528
https://doi.org/10.3390/brainsci13111528
https://doi.org/10.1016/j.jneumeth.2019.108313
https://doi.org/10.1111/desc.12691
https://doi.org/10.1152/ajpheart.2000.278.6.H2039
https://doi.org/10.1016/j.neuropsychologia.2021.107887
https://doi.org/10.1016/j.dcn.2023.101287
https://doi.org/10.1016/j.dcn.2017.03.007
https://doi.org/10.1016/j.dcn.2017.03.007
https://doi.org/10.1016/B978-0-12-823493-8.00013-4
https://doi.org/10.1016/B978-0-12-823493-8.00013-4
https://doi.org/10.1016/j.dcn.2021.100945
https://doi.org/10.3389/fpsyg.2011.00060


Whedon, M., Perry, N.B., Bell, M.A., 2020. Relations between frontal EEG maturation 
and inhibitory control in preschool in the prediction of children’s early academic 
skills. Brain Cogn. 146, 105636. https://doi.org/10.1016/j.bandc.2020.105636.

Wilkinson, C.L., Pierce, L.J., Sideridis, G., Wade, M., Nelson, C.A., 2023. Associations 
between EEG trajectories, family income, and cognitive abilities over the first two 
years of life. Dev. Cogn. Neurosci. 61, 101260. https://doi.org/10.1016/j. 
dcn.2023.101260.

Xiao, R., Shida-Tokeshi, J., Vanderbilt, D.L., Smith, B.A., 2018. Electroencephalography 
power and coherence changes with age and motor skill development across the first 
half year of life. PLoS ONE 13, e0190276. https://doi.org/10.1371/journal. 
pone.0190276.

Further reading

Gilmore, J.H., Knickmeyer, R.C., Gao, W., 2018. Imaging structural and functional brain 
development in early childhood. Nat. Rev. Neurosci. 19, 123–137. https://doi.org/ 
10.1038/nrn.2018.1.

Gramfort, A., 2013. MEG and EEG data analysis with MNE-Python. Front. Neurosci. 7. 
https://doi.org/10.3389/fnins.2013.00267.

D. Parameshwaran et al.                                                                                                                                                                                                                      Developmental Cognitive Neuroscience 74 (2025) 101575 

11 

https://doi.org/10.1016/j.bandc.2020.105636
https://doi.org/10.1016/j.dcn.2023.101260
https://doi.org/10.1016/j.dcn.2023.101260
https://doi.org/10.1371/journal.pone.0190276
https://doi.org/10.1371/journal.pone.0190276
https://doi.org/10.1038/nrn.2018.1
https://doi.org/10.1038/nrn.2018.1
https://doi.org/10.3389/fnins.2013.00267

	Resting state EEG classifies developmental status in three-year-old children
	1 Introduction
	2 Materials and methods
	2.1 Study setting and ethics
	2.2 Administration of the Bayley’s Scale of Infant and Toddler Development, 3rd Edition (BSID-III)
	2.3 EEG recordings
	2.4 EEG processing
	2.5 Clustering of EEG metrics
	2.6 Metric selection and dimension reduction
	2.7 Building BSID prediction models
	2.8 Impact calculation

	3 Results
	3.1 Structure of BSID scores
	3.2 Relationship between individual metrics and BSID-III domain scores
	3.3 Classifying BSID-III domain scores from rs-EEG features
	3.4 Key EEG features and metrics in BSID prediction

	4 Discussion
	4.1 Model performance
	4.2 Feature contribution to prediction of outcomes
	4.3 Applications, limitations, and future directions

	Author Contributions
	Funding
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Appendix A Supporting information
	Data availability
	References
	Further reading


