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Characteristics of the home language environment, independent of socioeconomic background, may account for
disparities in early language abilities. Past studies have reported links between the quantity of language input
within the home and differences in brain function during early childhood. The current study examined associ
ations between home language input and EEG brain activity in a socioeconomically diverse sample of 6- to 12month-old infants (N ¼ 94). Replicating past studies, a positive correlation was found between measures of so
cioeconomic status and language input. Examining links between language input and brain activity, analyses
yielded a negative association, with children who heard more adult words in the home demonstrating reduced
EEG beta power (13–19 Hz) in the parietal region. Exploratory analyses revealed a significant interaction be
tween language input and the amount of chaos and disorganization in the home. Specifically, among children
living in high-chaos households, children who heard more adult words tended to have reduced EEG activity.
Among children living in low-chaos homes, there was no link between adult word count and children’s EEG
activity. These findings demonstrate the importance of the early home environment context in shaping neuro
cognitive trajectories.

1. Introduction

childhood, and early language ability is one of the best predictors of
school readiness and later academic achievement (Burchinal et al.,
2016; Hoff, 2013). Some of these differences can be traced, in part, to
socioeconomic disparities in language input within the home. By
kindergarten, children from higher socioeconomic status (SES) homes
outperform their age-matched peers from lower SES households on
standardized measures of language skills (Lee and Burkam, 2002), with
children living in poverty scoring an estimated 14.8 months behind the
national average on receptive vocabulary by the age of 5 (Layzer and
Price, 2008). These socioeconomic disparities in language skills may
already be present during infancy. In a sample of 179 infants, Noble
et al. (2015) reported significant SES differences in language skills
emerging between 15- and 21-months of age, with higher parental ed
ucation associated with higher receptive and expressive language scores
(Noble et al., 2015). This result was consistent with past studies
demonstrating SES disparities in early language skills by the age of 2
(Fernald et al., 2013; Hoff, 2003; Rowe and Goldin-Meadow, 2009).

Early experience has a profound impact on developing language
skills. At birth, newborns show a preference for their mother’s voice
(DeCasper and Fifer, 1980) and the language or languages spoken by
their mother during pregnancy (Byers-Heinlein et al., 2010; Moon et al.,
1993). By the time infants reach their first birthday, their brains have
undergone significant experience-dependent reorganization, commonly
referred to as perceptual narrowing (Werker and Tees, 1984) or neural
commitment (Kuhl, 2004). Whereas neonates have a capacity to support
learning any of the world’s languages, between 6 and 12-months of age
there is a substantial decline in perceptual sensitivity to speech sounds
not present in the infant’s environment. During this first year of life,
infants attune to the properties of the language or languages heard
within their proximal environment – scaffolding language acquisition
and setting the stage for subsequent language abilities.
Considerable variation in language skills is observed across
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Research using electroencephalography (EEG) as a measure of
cortical function during infancy and childhood have measured baseline
or resting EEG power to examine individual differences in cognitive
development (Anderson and Perone, 2018). In typically developing
children there is a developmental decrease in EEG power of
low-frequency rhythms (e.g., delta and theta) and an increase in
high-frequency rhythms (e.g., beta and gamma) across age (Marshall
et al., 2002; Matousek and Peterson, 1973). Relative to typically
developing children, children with learning or attention disorders often
demonstrate higher levels of low-frequency power and lower levels of
high-frequency power (Barry et al., 2003). This atypical EEG profile has
also been found in children who were previously institutionalized
(Marshall et al., 2002; Vanderwert et al., 2016) and children growing up
in economically disadvantaged environments (Harmony et al., 1990;
Otero, 1994; Otero et al., 2003; Tomalski et al., 2013).
Socioeconomic differences in brain structure and function relate to
numerous language outcomes during childhood (see Brito and Noble,
2014) and several studies have reported associations between SES and
brain function using EEG. Maguire & Schneider (2019) report differ
ences in resting EEG by household income within a sample of forty-five 8
to 15-year-olds. In their study, results indicated that children from lower
income households exhibited more low-frequency theta power (4–8 Hz)
and less high-frequency alpha power (9–12 Hz) compared to their higher
income peers. A study examining baseline EEG differences during in
fancy found that 6- to 9-month-olds from lower SES households
demonstrated reduced low-gamma EEG power (21–30 Hz) in frontal
brain regions, compared to infants from higher SES homes (Tomalski
et al., 2013). In children, gamma power increases across age (Takano
and Ogawa, 1998; Uhlhaas et al., 2010), and differences in frontal
gamma power have been related to cognitive differences in toddlers
(Benasich et al., 2008) and preschoolers (Gou et al., 2011). Within a
sample of 63 toddlers between the ages of 16 and 36 months, gamma
power (31–50 Hz) was linked to concurrent language skills (Benasich
et al., 2008) and gamma power during toddlerhood predicted later
language abilities (Gou et al., 2011).
In a study of 66 full-term infants, Brito et al. (2016) reported no
significant associations between SES factors and EEG power at birth,
suggesting that socioeconomic disparities in brain function may not
emerge until after the perinatal period. Individual differences in
neonatal low-gamma power (24–35 Hz) in the parietal region, however,
did prospectively predict receptive language scores at 15-months of age.
In a separate analysis (N ¼ 129), controlling for a host of covariates
including SES, results yielded significant correlations between neonatal
EEG (13–36 Hz in frontal polar, temporal, and parietal brain regions)
and socioemotional skills at 24–36 months measured by the Brief
Infant-Toddler Social Emotional Assessment (Brito et al., 2019). These
findings suggest that high-frequency EEG activity may be a marker for
concurrent or future cognitive skills.
Outside of distal factors like SES, direct characteristics of the home
environment may account for disparities in early language abilities.
Some studies have reported that children from lower-SES households
experience less child-directed speech and engage in fewer turn-taking
conversations relative to their higher-SES peers (Gilkerson et al.,
2017; Hoff, 2003, 2006; Huttenlocher et al., 2010; Johnson et al., 2017;
Rowe, 2008). But even after controlling for SES, the quantity and quality
of language input has been found to be significantly associated with
language abilities (Rowe, 2012; Weisleder and Fernald, 2013). In a
sample of 2-year-olds, quality of maternal speech fully explained dif
ferences in expressive vocabulary growth between children from lower
vs. higher SES families (Hoff, 2003). Similarly, the quality of the home
environment, but not SES, predicted 9-month phonemic discrimination
ability, even after controlling for 9-month language skills (Melvin et al.,
2017). Finally, past literature has also reported that chaotic or disor
ganized home environments may be negatively associated with early
receptive and expressive language abilities during toddlerhood (Ver
non-Feagans et al., 2012) and communication skills during infancy

(Wachs and Chan, 1986). Observing 12-month-olds and their mothers in
their homes, Wachs and Chan (1986) found that aspects of the physical
environment, including the number of people in the home and regular
suppertime, contributed to variability in infant communication skills
independent of SES and social environmental factors (i.e., adult vocal
izations, responses to child vocalizations).
There is also growing neuroimaging evidence that early language
input is related to both brain structure and function, and that neural
architecture and activity may mediate associations between the home
language environment and developing language skills. Romeo et al.
(2018a) collected home audio recordings of 36 four-to-six-year-old
children and reported significant positive associations between the
number of conversational turns (back-and-forth interactions between
adult and child) and activation in Broca’s area during a story-listening
fMRI task. Broca’s area activation also mediated links between conver
sational turns and child language scores. In a recent study with
5-to-9-year-olds, Merz et al. (2019) found that both adult word count
(the number of adult words heard by the child) and conversational turns
were significantly related to gray matter morphometry, with children
who experienced more language input having greater cortical surface
area in the left perisylvian region, an area highly involved in language
comprehension and production (Schlaggar and McCandliss, 2007).
Additionally, language input was indirectly associated with children’s
reading scores via left perisylvian cortical surface area. Together, these
studies suggest a direct relation between language exposure within the
home and subsequent brain development in language-related areas.
Support for the neural mechanisms underlying links between the
home language environment and language processing skills has also
been demonstrated during infancy. Garcia-Sierra et al. (2011) recruited
37 infants (11-to14-months of age) to examine correlations between the
amount of language input in the home and neural responses reflective of
speech discrimination (MMN: mismatch negativity). Roughly half of the
participants were only exposed to English at home (English mono
lingual) and the other half exposed to both English and Spanish within
the home (Spanish-English bilingual). For both groups, the number of
adult words was correlated with child MMN responses to
language-specific sounds. When groups were stratified by language
input (high vs. low adult word count), monolingual infants with high
language input demonstrated more robust negative mismatch response
(nMMR), indicating stronger neural commitment to the native language
(Kuhl and Rivera-Gaxiola, 2008), compared to monolingual infants with
low language input. Within the bilingual group, more language input
was associated with progress towards neural commitment, but even
bilingual infants with high language input did not show an nMMR
response reflective of full neural commitment. Bilingual caregivers do
not speak more to their infants than monolingual caregivers; therefore
bilingual infants must receive reduced input from each of their lan
guages – which may explain differences in neural commitment timelines
between the two language groups (Garcia-Sierra et al., 2011). Overall,
these findings demonstrate the importance of early language input for
brain activation patterns related to language processing.
1.1. Present study
Prior research has reported associations among family SES, neural
mechanisms underlying language processing, and developing language
skills during early childhood. The current study examines these corre
lations in a socioeconomically diverse sample of 6- to 12-month-old
infants. There were three main research questions addressed in the
present study. First, are there SES-related differences in home language
input during the first year of life? Replicating past studies, we hypoth
esized that both maternal education and family income-to-needs would
be associated with measures of home language input. Second, are home
language input measures related to infant neural activity? Based on past
research (Benasich et al., 2008; Brito et al., 2016; Tomalski et al., 2013),
we hypothesized that both adult word count and conversational turns
2
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and organization items are reverse coded before adding the total number
of items – higher scores represent more disorganized, confused, and
noisy home environments. Thirteen families did not fill out this measure.
This measure has been validated with observational measures of home
disorganization and parenting (Cronbach’s α ¼ .79) and shows stability
across a year (r ¼ .74). Additionally, this instrument has been reported
to measure differences in the child’s environment independent of so
cioeconomic status (Matheny et al., 1995).

would be correlated with higher-frequency EEG power (13–30 Hz). And
finally, if baseline EEG is related to home language input, does this
resting state brain activity mediate any associations between SES and
language skills? Exploratory analyses also examined the extent to which
home chaos and disorganization moderated the association between
language input and resting state brain activity.
2. Methods

2.2.3. Language measure
The Preschool Language Scale (PLS-5) is a standardized language
measure that has been normed from birth through age six (Zimmerman
and Castilleja, 2005). This measure assesses infant receptive and
expressive language through a series of interactive items designed to
elicit language skills. The Auditory Comprehension subscale assesses a
child’s ability to understand and respond to spoken language, whereas
the Expressive Communication subscale assesses a child’s ability to
verbally express their needs and respond to questions. Infants sat next to
their parent on the floor of a well-lit room. Parents were instructed to not
aid the infant on any of the assessment questions, unless specifically
instructed to do so. Eleven infants did not complete the PLS assessment
due to infant fussiness (n ¼ 4), experimenter error (n ¼ 5), or opt-out by
caregiver (n ¼ 2). Standardized sores for both subscales were used in the
following analysis.

2.1. Participants
Our sample included 94 infants (M age ¼ 9.15 months, SD ¼ 2.45; 61
males) and their caregivers recruited from community events and flyers
within New York City. To be included in the study, infants had to be born
at or after 36 weeks of gestation, have no history of or signs of devel
opmental delay, and be between 5 and 13 months of age at the time of
testing. Participants were invited to participate when they were 6(n ¼ 32), 9- (n ¼ 31), or 12- (n ¼ 31) months of age, see Table 1 for a
summary of socio-demographic information and Supplemental Table 1
for a breakdown by ages.
2.2. Measures
2.2.1. Parental-report measures
The caregiver was asked to complete a questionnaire assessing infant
age, sex, race/ethnicity, and other family demographics including
maternal education, annual household income, and the number of adults
and children in the household. Income-to-needs was calculated by
dividing the household income by the poverty threshold for that specific
family size. For example, for a family of four with two adults and two
children making $60,000/year, their income-to-needs would be 2.36 –
making a little more than two times the 2018 poverty threshold for a
family of that size of $25,465. As income was positively skewed, the
natural log transformed values were included in all models. An estimate
of the number of languages the child was consistently exposed to was
reported by the caregiver; children who heard at least 25 % of another
language on a daily basis were categorized as bilingual.

2.2.4. Home language input
To measure the home language environment, caregivers were given a
Language Environment Analysis (LENA) digital language processor
(DLP) and two specially designed t-shirts to take home with them after
the lab visit. The LENA system (LENA Research Foundation, Boulder,
CO) is an automated vocalization analysis device that can audio-record
the child’s language environment for up to 16 hours. Twenty-two infants
did not have LENA data due to caregivers refusing to participate (n ¼ 3),
not returning the DLP (n ¼ 9), or returning DLP without data (n ¼ 10).
Strong reliability and validity of the LENA speech identification algo
rithms has been reported, with over 75 % accuracy for both adult and
child speech (Gilkerson et al., 2017). LENA has also been validated for
Spanish-speakers (Weisleder and Fernald, 2013).
The parent was instructed to have the child wear the DLP within the
shirt pocket for one full day when the typical caregivers were present,
within 2 weeks of the lab visit. The average number of days between lab
visit and LENA home recording was 11.15 days. Once the DLP was
returned, the recording was uploaded to a computer and analyzed by the
LENA software. The software derives three primary measures: adult
word count (number of words spoken near the child), child vocalizations
(defined as a speech segment of any length surrounded by 300 milli
seconds or more of non-speech or silence), and conversational turns
(number of reciprocal vocalizations by an adult and the target child
within 5 seconds). Any recordings less than 5 hours were excluded from
analysis (range ¼ 5.75–16 hours). As in past studies (Romeo et al.,
2018a, b), per-participant highest hourly totals of adult words, child
vocalizations, and conversational turns were extracted separately for
analyses. Highest counts for each measure ensured that different
recording lengths did not bias results. LENA language counts were not
normally distributed; therefore, square root transformation was con
ducted to normalize the data.

2.2.2. Home confusion and disorganization
The Confusion, Hubbub, and Order Scale (CHAOS) scale is a 15-item
questionnaire designed to assess the level of confusion and disorgani
zation in the child’s home environment. The questionnaire is filled out
by parents using a 4-point scoring system (1 ¼ “Very much like your own
home” to 4 ¼ “Not at all like your own home”) and items assess the
extent to which the daily home environment is characterized by lack of
routine, confusion, and noise. Seven items reflect routines and organi
zation (e.g., “The atmosphere in our home is calm”) and eight items
reflect disorganization (e.g., “It’s a real zoo in our home”). The routines
Table 1
Overall Sample demographics (N ¼ 94).
Mean (SD; Range) or N (%)
Child Age (months)
Child Sex
Male
Female
Child Race
White
Black
Asian/Pacific Islander
Mixed (Two or More)
Did not provide response
Bilingual
Maternal Education (years)
Mothers with less than college degree
Income-To-Needs
Families below the poverty line

9.15 (2.4; 5.6–12.9)
61 (64.9 %)
33 (35.1 %)

2.3. EEG collection and analysis

14 (14.9 %)
15 (16 %)
2 (2.2 %)
43 (45.7 %)
20 (21.3 %)
34 (36.2 %)
15.18 (3.8; 6–22)
46 (48.9 %)
3.91 (4.4; 0–25.3)
29 (32.6 %)

During EEG acquisition, infants were seated on their caregiver’s laps
and watched a video of engaging but non-social stimuli (e.g., spinning
wheel, bubbles). An experimenter sat next to the infant and blew bub
bles if the infant became fussy during the 5-minute baseline. EEGs from
18 infants were unable to be recorded due to infant fussiness (n ¼ 14),
computer error (n ¼ 3), or experimenter error (n ¼ 1). The number of
recorded EEGs were fairly evenly distributed at 6 (n ¼ 27), 9 (n ¼ 26),
3
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and 12 (n ¼ 23) months. EEG was recorded using a 28-channel HydroCel
Geodesic Sensor Net (Electrical Geodesic, Inc., Eugene, OR) and on a
GEM 100 amplifier (Electrical Geodesic, Inc., Eugene, OR; EB NEURO S.
p.A., Firenze, Italy). The GEM system is a high input-impedance system,
and electrode impedances were kept below 50 kΩ whenever possible.
The sampling rate was 250 Hz and data were online referenced to the
vertex (Cz) electrode.
EEG was analyzed using the EEGLAB toolbox (Delorme & Makeig,
2004) and custom-written MATLAB scripts (The MathWorks, Natick,
MA). Data were high-pass filtered at 0.3 Hz and low-pass filtered at
50 Hz. Bad channels were identified and removed using the EEGLAB
plug-in FASTER (Nolan et al., 2010). Consistent with the approach used
by other developmental studies (e.g., Debnath et al., 2019), ocular ar
tifacts and generic noise removal were completed by creating a copy of
the dataset and performing independent component analysis (ICA) on
the copied dataset. This copied dataset was high-pass filtered at 1-Hz
and segmented into arbitrary 1000 ms epochs. Epochs were removed
from this copied dataset if the amplitude was þ/ 1000 μV or if power in
the 20–40 Hz band (after Fourier analysis) was greater than 30 dB
(Harrewijn et al., 2019). Additionally, if more than 20 % of the epochs in
a given channel were removed, that channel was excluded from both the
ICA-copied dataset and the original dataset (Debnath et al., 2019;
Troller-Renfree et al., 2016). If a child had more than six electrodes
(> 20 %) deemed globally bad, that child was then removed from all
future processing (N ¼ 8). Then, ICA (Comon, 1994; Makeig et al., 1997)
was performed on the copied dataset and the ICA weights were copied
back to the original continuous dataset (high-pass filtered at 0.3 Hz).
The ADJUST toolbox (Mognon et al., 2011) was used to automatically
identify artifactual independent components (ICs) in the original data
set, and, as is common in developmental work, ICs were also visually
inspected (Buzzell et al., 2019; Debnath et al., 2019). All ICs identified as
artifactual were removed from the data. Then, data were epoched in
segments of 2 s with 50 % (1 s) overlap (Levin et al., 2018; Pierce et al.,
2019; Tomalski et al., 2013). Similar to other infant work (Debnath
et al., 2019), epochs where any of the frontal electrodes (electrode
numbers 1, 2, 11, 12, 27) exceeded a voltage threshold of þ/ 100 μV
were automatically rejected to ensure ocular artifacts were removed. For
the remaining epochs, remaining bad channels were identified if the
electrode exceeded a voltage threshold of þ/ 100 μV. Finally, all
rejected channels were interpolated using a spherical spline (Perrin
et al., 1989). Epochs were rejected when more than 20 % of channels
were interpolated (Harrewijn et al., 2019). Participants needed to have
at least 10 artifact-free epochs (DeBoer et al., 2007) to be included in the
analysis (removed N ¼ 7). The average number of used epochs was
176.42 (SD ¼ 125.98, range: 12–452). Finally, remaining data were
re-referenced to an average reference.
A Fast Fourier Transformation (FFT) with a 2-second Hamming
window was applied to the epoched data. Consistent with other infant
studies (Tomalski et al., 2013), spectral power (μV2) was computed for
theta (3–5 Hz), alpha (6–9 Hz), beta (13–19 Hz), and two gamma fre
quency ranges (21–30 Hz, 31–45 Hz). Similar to past studies (Brito et al.,
2019; St. John et al., 2016; Tomalski et al., 2013), average absolute
power was computed separately for each hemisphere across electrodes
in region specific groupings: Frontal (electrodes 3, 4, 11, 12), Central
(electrodes 5, 6), Parietal (electrodes 7, 8, 15, 16), Temporal (electrodes
13, 14), and Occipital (electrodes 9, 10) (see Supplemental Fig. 1 for
diagram). There were no significant differences in absolute power by
hemisphere, region, or hemisphere*region interactions for theta, alpha,
low-gamma or high gamma (p’s > .05); for these frequency bands all
included electrodes were averaged to create whole-brain measures of
theta, alpha, low-gamma, and high-gamma. Significant differences in
power by region, but not hemisphere, were present for the beta fre
quency range. Therefore, subsequent analyses will examine EEG power
separately in Frontal, Parietal, Temporal, and Occipital regions within
the beta frequency range. Here we report absolute power values, since
relative power data yielded congruent but non-significant results, as

there were no major differences in the low frequency bands across
participants within these analyses. Confirmatory analyses examined
beta and low-gamma frequencies only. All EEG power values included in
subsequent models were natural log transformed to correct for
non-normality (Gabard-Durnam et al., 2019; St. John et al., 2016; Mis
sana et al., 2014; Pierce et al., 2019).
2.4. Planned statistical analyses
Descriptive statistics and preliminary analyses were conducted in
SPSS (Version 25). Subsequent regression analyses were performed in R
(R Core Team, 2013). These separate multiple regressions included (1)
SES (income-to-needs and/or maternal education) as the independent
variable and home language environment (LENA) values as the depen
dent variables, (2) SES as the independent variable and Preschool Lan
guage Scale (PLS) scores as the dependent variable, (3) SES as the
independent variables and EEG power (separate regressions for each
brain region within 13–19 Hz and whole-brain for 20–30 Hz), and (4)
separate regressions for LENA values as the independent variables and
EEG power (within 13–19 Hz and whole-brain for 20–30 Hz) as the
dependent variables. In all subsequent analyses, infant age and infant
sex were included as covariates. For all regression analyses, the sample
size was maximized (N ¼ 94) using Full Information Maximum Likeli
hood Estimation to account for missing data, which were missing at
random (Little’s MCAR: χ2 ¼ 56.59, p ¼ .92). Preliminary analyses
found no differences between children classified as monolingual or
bilingual on any measure of interest including age (p ¼ .51), maternal
education (p ¼ .77), family ITN (p ¼ .79), home language environment
(Adult Word Count: p ¼ .80; Conversational Turn Count: p ¼ .90; Child
Vocalization Count: p ¼ .07), PLS language scores (Auditory Compre
hension: p ¼ .53; Expressive Communication: p ¼ .06) or whole-brain
EEG power values in any frequency (p’s > .15). A categorical measure
of bilingualism was added as a covariate to all analyses but results were
nearly identical with or without this variable. Therefore, the bilin
gualism variable was dropped from subsequent analyses.
3. Results
3.1. Higher family income associated with greater home language input
Bivariate correlations yielded significant associations among both
family income-to-needs (ITN) and maternal education and home lan
guage exposure measures, with higher SES related to greater adult word
count (ITN: r ¼ .46, p < .001, n ¼ 58; ED: r ¼ .43, p < .001, n ¼ 62) and
conversational turns (ITN: r ¼ .33, p ¼ .011, n ¼ 58; ED: r ¼ .34,
p ¼ .005, n ¼ 62), see Table 2. When both maternal education and family
ITN were put into the same model as predictors, with infant age and sex
as covariates, only family ITN was significantly associated with hourly
adult word count (β ¼ 4.58, p ¼ .009, adjusted R2 ¼ .27) and passed FDR
correction, see Table 3. When controlling for covariates, there were no
significant associations between SES variables and conversational turns
or child vocalizations. There were also no significant associations be
tween SES measures and PLS language scores (p’s > .31) or LENA mea
sures (Table 3) and PLS language scores (p’s > .45), see Supplemental
Table 2.
3.2. Examining links between SES and EEG power
Both maternal education and family ITN were significantly associ
ated with beta EEG power in the temporal region (ED: β ¼ 0.05, p ¼ .025,
adjusted R2 ¼ .06; ITN: β ¼ 0.14, p ¼ .048, adjusted R2 ¼ .03), with higher
SES associated with higher EEG power (Fig. 1), but neither result passed
FDR correction, see Supplemental Table 3.
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Table 2
Zero-Order Correlations.
1. Family ITN
2. Maternal ED
3. Hourly adult words
4. Hourly conversational turns
5. Hourly child vocalizations
6. Auditory Comprehension
7. Expressive Communication

1

2

3

4

5

–
.67***
.46***
.33**
.06
.01
.08

–
.43***
.34**
.10
.02
.14

–
.63***
.13
.03
.14

–
.41***
.18
.08

6

7

–
.60***

–

–

.01
.01

*p < .05, **p < .01, ***p < .001. Family ITN and LENA measures are transformed variables.
Table 3
Associations between SES and language outcomes.

Age
Sex
Maternal ED
Family ITN
Adj. R2

Adult Word Count (AWC)

Conversational Turns (CTC)

Child Vocalizations (CVC)

PLS Auditory Scores

B

B

B
0.01
2.47
0.12
0.12
0.13

B
0.01
0.11
0.02
0.04
0.006

SE B
0.67
3.35
0.57
1.75

1.05
4.01
0.46
4.58
0.27

p
0.12
0.23
0.81
0.009

0.11
0.07
0.08
0.38
0.13

SE B
0.70
0.48
0.08
0.26

p
0.24
0.15
0.31
0.14

SE B
0.15
0.74
0.13
0.40

p
0.93
0.001
0.33
0.76

SE B
0.45
0.23
0.04
0.11

PLS Expressive Scores
p
0.81
0.62
0.70
0.75

B
0.01
0.15
0.04
0.04
.022

SE B
0.04
0.22
0.04
0.12

p
0.87
0.49
0.30
0.71

Fig. 1. Correlations between SES and beta EEG power in the temporal region (ITN: n ¼ 58, ED: n ¼ 60). Family ITN is natural log transformed (ln ITN of 0 ¼ at the
poverty line). Associations not significant after FDR correction.

Table 4
Associations between LENA outcomes and EEG Power.
Frontal Beta

Temporal Beta

Parietal Beta

Occipital Beta

Whole-Brain Low-Gamma

Age
Sex
Family ITN
AWC
Adj. R2

B
0.08
0.16
0.03
0.01
0.102

SE B
0.04
0.16
0.08
0.01

p
0.02
0.34
0.65
0.55

B
0.03
0.22
0.11
0.01
0.045

SE B
0.04
0.19
0.09
.01

p
0.54
0.24
0.24
0.52

B
0.02
0.20
0.11
0.02
0.171

SE B
0.04
0.16
0.08
0.01

p
0.65
0.21
0.16
0.01

B
0.02
0.30
0.04
0.01
0.077

SE B
0.03
0.15
0.07
0.01

p
0.59
0.05
0.57
0.35

B
0.01
0.14
0.06
0.01
0.063

SE B
0.04
0.17
0.08
0.01

p
0.81
0.41
0.46
0.25

Age
Sex
Family ITN
CTC
Adj. R2

B
0.08
0.18
0.02
0.03
0.095

SE B
0.04
0.16
0.07
0.06

p
0.02
0.28
0.74
0.64

B
0.02
0.21
0.13
0.009
0.034

SE B
0.04
0.19
0.08
0.07

p
0.64
0.27
0.09
0.89

B
0.02
0.26
0.05
0.08
0.077

SE B
0.04
0.17
0.08
0.06

p
0.50
0.12
0.50
0.15

B
0.03
0.31
0.02
0.03
0.051

SE B
0.03
0.15
0.07
0.06

p
0.31
0.05
0.78
0.59

B
0.02
0.16
0.002
0.005
0.023

SE B
0.04
0.17
0.07
0.06

p
0.55
0.36
0.98
0.94

Age
Sex
Family ITN
CVC
Adj. R2

B
0.08
0.28
0.04
0.05
0.124

SE B
0.03
0.19
0.07
0.04

p
0.02
0.14
0.60
0.26

B
0.02
0.19
0.14
0.008
0.036

SE B
0.04
0.23
0.08
0.05

P
0.64
0.40
0.07
0.88

B
0.04
0.34
0.02
0.04
0.052

SE B
0.03
0.20
0.07
0.05

p
0.30
0.10
0.77
0.36

B
0.03
0.17
0.03
0.06
0.133

SE B
0.03
0.18
0.06
0.04

p
0.31
0.35
0.61
0.14

B
0.02
0.18
0.008
0.01
0.024

SE B
0.04
0.21
0.07
0.05

p
0.55
0.40
0.91
0.91

Note: AWC ¼ adult word count, CTC ¼ conversational turns, CVC ¼ child vocalizations.
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3.3. Home language exposure negatively associated with EEG

yielded a significant interaction (β ¼ 0.007, p ¼ .006, adjusted
R2 ¼ .32). To explore these age-related differences in associations be
tween adult word count and EEG power, separate regressions were
conducted for each age group. There were no significant associations
between adult word count and EEG beta power in the parietal region at
6-months (p ¼ .91). However, significant associations between adult
word count and EEG beta activity in the parietal region were found at
both 9-months (β ¼ 0.037, p < .001, adjusted R2 ¼ .58) and 12-months
(β ¼ 0.033, p < .001, adjusted R2 ¼ .63). Across the whole sample, in
fant age did not correlate with any other independent variable or co
variate (i.e., income-to-needs, maternal education, adult word count,
conversational turns, child vocalizations, CHAOS scores).
Additional exploratory regression analyses examining other EEG
frequencies (theta, alpha, and high-gamma) in relation to SES, LENA,
and PLS scores were conducted and yielded no other significant asso
ciations. There were also no significant associations between EEG power
values of interest and Preschool Language Scale (PLS) scores for either
auditory comprehension or expressive communication (p’s > .13). As
there were also no correlations between SES and PLS language scores,
mediation analyses examining links between SES, EEG power, and PLS
scores were not conducted.

Next, associations between home language exposure and EEG were
assessed. As family ITN was significantly correlated with LENA mea
sures, ITN was also added as a covariate in regression models. Analyses
yielded significant FDR-corrected associations between adult word
count and beta EEG power in the parietal region (β ¼ 0.019, p ¼ .01,
adjusted R2 ¼ .17), with no significant interactions between adult word
count and family ITN (p ¼ .78). There were no significant associations
between EEG power values and conversational turns (p’s > .15) or child
vocalizations (p’s > .14), see Table 4.
3.4. Post-hoc analyses: links between home language input and EEG
moderated by home environment
The negative coefficient between adult word count and EEG power
suggests that a higher number of adult words heard by the child was
related to lower EEG power. This was unexpected, and we thus sought to
further understand this negative relationship within post-hoc analyses.
It is possible that more chaotic households contribute negatively to child
development (Evans, 2006; Martin et al., 2012); therefore, scores on the
Confusion, Hubbub, and Order Scale (CHAOS) were examined in rela
tion to adult word count and EEG power. CHAOS scores did not differ by
infant age (p ¼ .42) or sex (p ¼ .51), but were moderately correlated with
both SES measures (ITN: r ¼ .34, p ¼ .002, n ¼ 77; ED: r ¼ .31
p ¼ .005, n ¼ 81). Controlling for all covariates of interest including ITN
and maternal education, there was no main effect of CHAOS score
(p ¼ .94) on infant EEG. However, a significant interaction between
adult word count and CHAOS score emerged in relation to EEG beta
power in the parietal region (β ¼ 0.006, p ¼ .04, adjusted R2 ¼ .31), see
Supplemental Table 4. Probing the interaction using simple slopes
analysis, the association between higher adult word count and reduced
infant EEG beta power was not significant for families with low levels of
chaos in the home (t ¼ 0.21, p ¼ .84) and was only significant for
families with higher chaos in the home (t ¼ 2.28, p ¼ .03), see Fig. 2.

4. Discussion
The results from the current study replicate previous research
examining links between family SES and home language input, and also
extend previous findings to include measures of brain activity in the first
year of life. As in past studies (Gilkerson et al., 2017; Hoff, 2003, 2006;
Hoff-Ginsberg, 1998; Huttenlocher et al., 2010; Rowe, 2008), family
socioeconomic background was positively associated with both adult
word count and conversational turns. Controlling for covariates, family
ITN in this sample was a stronger predictor of adult word count in the
home than maternal education. When controlling for covariates, there
were no significant associations between SES variables and conversa
tional turns or child vocalizations. With respect to our second research
question, we found that home language input was related to EEG power,
but this relation was in an unexpected negative direction – children who
heard more adult words in the home had reduced EEG beta power in the
parietal region. Post-hoc analyses explored this association in relation to
the amount of chaos and disorganization within the home. Results
indicated that it was only among high-chaos households that higher
adult word counts were associated with reduced infant EEG power.
Finally, we found no significant associations between SES and language
skills (PLS auditory and expressive scores), and therefore did not
examine any mediation pathways for these variables.
It was not entirely surprising that our SES variables did not correlate
with early language skills measured by the Preschool Language Scale.
Socioeconomic differences in language have more consistently been
reported within the second year of life (Fernald et al., 2013; Hoff, 2003;
Noble et al., 2015), with one prior study finding no differences at 9
months, but demonstrable disparities in receptive language by 15
months and disparities in expressive language by 21 months of age
(Noble et al., 2015). Melvin et al. (2017) reported null findings between
phonetic discrimination (a foundational language skill) and SES in a
sample of 9-month-olds. Similar to the current study, however, phonetic
discrimination at 9-months was related to the home language environ
ment as assessed by the IT-HOME (Caldwell and Bradley, 1984).
There are two possibilities that could account for the null association
between SES and language skill within the current study. First, it is
possible that distal socioeconomic characteristics may not be sensitive
enough to account for differences in early linguistic skills; whereas
measures of the home environment, reflecting more proximal individual
differences in language experience, may be more reliable. A second
possibility is that behavioral measures of infant language more accu
rately reflect true skill levels as children age. This is in line with our
exploratory findings reporting stronger associations between the home

3.5. Other exploratory analyses
Because older infants have had greater cumulative exposure to lan
guage, it is plausible that the association between adult word count and
infant neural activity would be stronger among older infants. We
therefore examined whether infant age interacted with adult word count
in predicting EEG beta power in the parietal region. Indeed, this analysis

Fig. 2. Simple slopes analysis examining interaction between CHAOS home
score and Adult Word Count on EEG Power.
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language environment and EEG among older infants. Future work using
both behavioral and neural (e.g., ERP: event-related potentials) mea
sures of infant language skills could help differentiate between these
varying accounts.
Associations between home language input and brain activity were
specific to the beta frequency in the parietal region. Beta frequency is
most commonly associated with sensorimotor activity (Hari and Sal
melin, 1997), but increasingly has been reported in relation to
higher-order cognitive functioning including memory (Hanslmayr et al.,
2016) and language processing (Weiss and Mueller, 2012). In a sample
of 129 newborns, Brito et al. (2019) found links between
higher-frequency oscillations, including beta, and potential risk for
autism spectrum disorder at age 2, with reduced beta EEG power asso
ciated with increased risk. The present study’s significant findings in the
parietal region are in line with past results demonstrating associations
between parietal activity and infant language development, including
aspects of semantic generalization (Friedrich et al., 2015), auditory
comprehension (Brito et al., 2016), and word discrimination (Mills et al.,
1997). These links between the parietal lobe and language processing
may be mediated by mechanisms of attention (Behrmann et al., 2004) –
left parietal activation has been correlated with infant responding to
joint attention (RJA) at 14 months (Mundy et al., 2000) and RJA be
tween 6- to 18-months has been positively related to individual differ
ences in vocabulary acquisition at age 2 (Morales et al., 2000). Future
research should examine associations how early attentional processes
may moderate correlations between home language input and brain
activity during infancy.
While not a main research question in this study, household chaos
has been investigated in prior research in relation to child development,
and has been shown to negatively influence language development.
Chronic environmental noise (Maxwell and Evans, 2000; Song et al.,
2011), household crowding (Evans, 2006; Evans et al., 1999; Maxwell,
2003), and lack of routines or disorganization (Johnson et al., 2008;
Martin et al., 2012) have all been associated with poorer performance on
early language assessments, even after controlling for SES (Wachs and
Chan, 1986). It has been suggested that chaotic households may provide
children with too much stimulation or that children may not be able to
process language efficiently because of the many distractions within
their environment (Evans et al., 1999). Other studies point to more
proximal interactions with caregivers. In a large sample of infants
(N ¼ 1292) from predominantly low-income households, Vernon-Fea
gans et al. (2012) reported that household disorganization was nega
tively related to receptive and expressive language skills at 36 months,
and that parenting partially mediated this association. This was in line
with previous research reporting higher degrees of chaos in the home
associated with reduced parental responsiveness to infants (Corapci and
Wachs, 2002; Matheny et al., 1995; Wachs and Camli, 1991). Caregivers
living in households of increased chaos report higher levels of parenting
stress and symptoms relating to depression (Corapci and Wachs, 2002;
Wachs and Chan, 1986); these disorganized environments may influence
a caregiver’s time and ability to provide optimal interactions. A more
thorough investigation of links among household chaos, parenting, and
brain activity is needed in future analyses to better understand these
mechanisms.
Past studies have examined brain activity in relation to household
chaos within composites of chronic family stress (e.g., Chen et al., 2015),
but this is the first study, to our knowledge, that has reported links be
tween language input and EEG activity, during the first year of life.
Nonetheless, there are several limitations within the current study. First,
while the present study had a fairly large sample overall, the relatively
small number of infants at each age group limits our interpretation of
age-related effects. Replicating these effects in a larger sample, with
more infants in each age group, is a necessary next step to strengthen
confidence in these preliminary findings. Additionally, our study uses a
cross-sectional design, but multiple measures of home language input
over time would contribute to a better understanding of changes in

parent-infant verbal interactions in relation to early brain activity.
Secondly, although LENA measures of adult-child speech offer a wealth
of naturalistic language data within the home, the data is limited to
measures of quantity over quality. Capturing qualitative properties of
language (i.e., structure, complexity, and meaning) in relation to brain
function would be ideal in future studies. Furthermore, the effect sizes
for regression models examining SES, home language input, and EEG
power were relatively small. Multiple measures of the home environ
ment together, like language input and household chaos which
explained significantly more of the variance in EEG power, are needed.
Finally, our diverse sample of families included a relatively large pro
portion of infants exposed to two languages within the home (36.2 %).
Even though no differences were found between children classified as
monolingual or bilingual on any measure of interest, because past
studies have reported differences in neural commitment timelines in
relation to bilingualism (Garcia-Sierra et al., 2011), future studies
should examine how language input in both languages, independently
and jointly, contribute to individual differences in brain function.
The first year of life is a sensitive time period for language learning.
Characterizing how qualities of the home environment and parentinfant interactions shape the developing brain is crucial in under
standing the pathways between early language abilities and later aca
demic achievement. Increasing both the amount and diversity of
language interactions within the home can positively influence language
development, regardless of SES. The current findings suggest that the
situational context in which those language interactions occur are worth
exploring.
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