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Abstract
A growing body of research has found that talking to young children is positively associated
with language outcomes. However, there is tremendous heterogeneity in the design of these
studies, which could potentially affect the strength and reliability of this association. The
present meta-analysis, comprising 4760 participants across 71 studies, goes beyond prior
research by including: 1) more recent studies, 2) non-English-speaking populations, 3) more
fine-grained categorization of measures of input, 4) additional moderators, and 5) a multi-
level model design allowing us to considermultiple effect sizes per study.We find amoderate
association between input and outcomes (R2=0.04-0.07) across four input measures, with
some evidence of publication bias.We findno differences in effect size across any of the input
measures. Child age and study duration moderated some effects of input. Our findings
suggest that language input-outcome associations remain robust but modest across a
multitude of contexts and measures.
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1. Introduction

Children acquire the languages used by those around them. Toddlers in English-speaking
families say dog, while those in French-speaking families say chien. Thus, all theories of
language development are grounded in the assumption that the language children experi-
ence (i.e., the input) plays a critical role in language development. Over the last forty years,
however, a substantial body of research has been conducted to test a stronger claim: that
differences in the amount or kind of input that children receive are associated with
differences in the pace with which they acquire language (Zauche et al., 2016).

In these studies, researchers record interactions between a young child and their
caregiver during daily activities (like meals) or a structured play session. This speech
sample is then transcribed and coded for properties that might predict individual differ-
ences in children’s language development, such as the amount of speech directed at the
child (Huttenlocher et al., 1991), its lexical diversity (Hart & Risley, 1995), or grammatical
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complexity (Hoff-Ginsberg, 1986). Finally, parent input is compared to the child’s
language ability, which can be assessed in a wide variety of ways, such as by administering
a vocabulary assessment, collecting the information via a parent report, or sampling speech
produced by the child during observation. Most of these studies find that parent input
predicts their children’s language outcomes. This work has been cited as motivating
researchers to develop interventions that seek to increase parents’ verbal engagement with
their children (e.g., Dupas et al., 2023; Suskind et al., 2016; Weber et al., 2017; Wong et al.,
2020).

The present paper is a meta-analysis exploring the size of these input–output correl-
ations, the range of conditions under which they are observed, and the degree to which the
size of these effects depends on the choice of input measure, outcome measure, study
design, or population studied. In the remainder of this introduction, we review the
principal findings of the input literature, describe meta-analytical methods and what they
can accomplish, present the questions motivating the present meta-analysis, and discuss
the findings frompreviousmeta-analyses on this topic and how ourwork goes beyond this
study.

1.1. The growing interest in studies of caregiver input

While research into the relationship between parental speech and language development
began in the 1970’s (e.g., Newport & Gleitman, 1977), much of the current interest in this
topic stems from Hart & Risley’s 1995 book (H&R). H&R followed 42 families for nearly
2.5 years, collecting data on children’s linguistic milestones and sampling naturalistic
speech in the home duringmonthly hour-long visits. They found that the thirteen children
in the highest income group heard on average over 2000words per hour from their primary
caregiver, whereas the six children in families receivingwelfare heard around600. Critically,
differences in caregiver input predicted individual differences in the rate of children’s
vocabulary growth, such that children who heardmore words had larger vocabularies than
childrenwho heard fewer. These effects persisted: parental vocabulary use at age 3 predicted
performance on standardized language tests at age 9 (Walker et al., 1994). The authors
concluded that child-directed speech plays a critical role in language development.

While more recent studies have found that socioeconomic differences in child-
directed speech are neither as large nor as prevalent as H&R suggest (e.g., Dailey &
Bergelson, 2022; Sperry et al., 2019), a growing body of research has supported H&R’s
second conclusion that differences in the properties of caregiver input predict differences
in language growth. These findings have been replicated in a variety of socioeconomic
contexts (e.g., Hoff, 2003; Pan et al., 2004; Rowe, 2008; Huttenlocher et al., 2010; Hirsh-
Pasek et al., 2015; Romeo et al., 2018).Whilemost input studies have been conducted with
English-speaking families in the U.S., similar patterns have also been observed in other
contexts (e.g., Hurtado et al., 2008; Mastin & Vogt, 2016; Shneidman & Goldin-Meadow,
2012; Weber et al., 2017; Weisleder & Fernald, 2013; Zhang et al., 2023).

1.2. Motivating the meta-analytic approach

While there is a broad consensus that input and outcome are correlated, several important
questions remain that can be addressed by meta-analysis. First, it is unclear how large
these correlations are. H&R found that input measures collected between 34 and
36 months of age predicted over half of the variance in vocabulary at 36 months
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(R2 = 0.53), suggesting that input variation is the primary factor setting the pace for
vocabulary growth. Studies conducted since then, however, have found a wide range of
effect sizes ranging from R2 = 0.61 (Leech & Rowe, 2014) to R2 = 0.00 (Pancsofar &
Vernon-Feagans, 2006). Knowing how large we should expect these effects to be, in
general, allows us to more accurately determine how typical or unusual a given finding is,
opening the way for further discovery. This information also allows researchers to set
their priorsmore accurately for power analyses. Finally, it allows for direct comparisons of
parental input to other predictors of language development (e.g., Is parent input more
predictive of language outcomes than input from teachers or genetic differences that
impact learning?).

Second, there is mixed consensus on which input measures are most predictive of
language outcomes. Child-directed speech is a rich stimulus that can be characterized in a
variety of ways. Researchers may be interested in whether simply hearing more speech
facilitates development or whether the benefits come from hearing speech of a specific kind.
Thus, speech coding is often broken down into two categories: the quantity and quality of the
input.Quantitymeasures, like the number of words, capture howmuch speech children hear
during interactions with their caregivers.Qualitymeasures, like lexical richness, capture the
degree to which caregiver speech contains features that are thought to facilitate language
learning. Some researchers have found that measures of quality are more associated with
child outcomes than measures of quantity, particularly later in development (e.g., Hsu et al.,
2017; Pan et al., 2004; Rowe, 2012). Findings of this kind are central to understanding the
mechanism bywhich input shapes language development and the kind of input thatmatters
most (Golinkoff et al., 2019). Thus, it is important to know if such patterns are consistently
observed across studies and how large the difference in effect size is. In our study, we focus on
the fourmeasures that aremost often reported in input studies. Two aremeasures of quantity
(number of utterances and word tokens), and two are measures of quality (number of word
types and the mean length of utterances).Word tokens are counted as the number of words
in the sample, while word types are counted as the number of different words in the sample.
Mean length of utterance, or MLU, is defined as the average length of an utterance in words
or morphemes.

Third, because input studies differ greatly from one another, differences in study
design, participant characteristics, or language measures could moderate the effects of
input. Speech from parents can be sampled: in the participants’ homes or in the
researcher’s laboratory; during episodes of play or reading; for a few minutes or for many
hours. Children’s language ability can be assessed via direct testing, by observing
children’s speech production with their caregivers, or by surveying their primary care-
giver about their language use. Studies also vary in the characteristics of the participants,
such as the age of the child or the gender of the parent. Studies like H&R that find
correlations between SES and input raise the possibility that the strength of the associ-
ation between input and outcome might depend on the SES composition of the sample,
with more economically diverse samples having larger correlations.

Finally, there is a possibility that research on input–outcome relationships is skewed by
publication bias. The association between children’s language and caregiver speech is
supported by a large literature and has become a fixture of interventions and policy
initiatives (Dupas et al., 2023; Suskind et al., 2016; Weber et al., 2017; Wong et al., 2020).
Thus, many researchers may expect to find such a relationship in their data. This kind of
consensus can create a “file-drawer effect,” where negative or null results are not
published (Rosenthal, 1979), which would inflate the apparent effect size. Fortunately,
meta-analysis offers tools to estimate the possible effects of publication bias. By compar-
ing data that has been published to unpublished data obtained through contact with
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authors, one can determine whether positive results are more likely to be reported than
null results. One can also create funnel plots, which visualize the distribution of effect sizes
relative to their standard errors, to determine whether there aremore positive results than
would be expected in studies with greater variance (suggesting selective reporting).
Methods like Egger’s test can be used to determine whether effect sizes are asymmetrically
distributed against standard errors (Egger et al., 1997). These plots can also include
contour lines plotting the distribution of p-values, which can reveal other possible causes
of asymmetry, such as variable study quality (Peters et al., 2008).

1.3. Prior meta-analyses

Two prior meta-analyses have explored input–outcome correlations. Wang et al. (2020)
conducted a meta-analysis comparing language outcomes to caregiver input collected via
the use of LENA recording devices, which produce automatic quantitative measures of
speech spoken near the child extracted from hours of audio. They collected 17 studies of
children from birth to 48 months, including two non-English studies (one in Mandarin
and one in Finnish), and ran three analyses on each of the LENA input measures: adult
word counts, child vocalization counts, and conversational turn counts. Collapsing across
measures, they found a moderate relationship between LENA measures and language
outcomes (R2 = 0.07). Examining each measure individually, they found that adult word
counts had the weakest relationship with outcomes (R2 = 0.04), followed by conversa-
tional turn counts (R2 = 0.09) and child vocalizations (R2 = 0.09). In addition, longer
elapsed time between input and outcome collection was associated with smaller correl-
ations. No evidence of publication bias was found.

Most recently, Anderson et al. (2021, AGPJM) conducted ameta-analysis focusing on the
relationship between language outcomes and input quantity and quality. Studies were
included in the analysis of quantity if they included either word tokens or utterances as
an input measure. Studies were included in the analysis of quality if they included either a
measure of input diversity (e.g., word types/roots, type-token ratio) or complexity (mean
length of utterance, rare word usage, lexical richness, or multi-clausal utterances). Only
studies examining typically developing English-speaking childrenwere included, and studies
using LENA were omitted. The analyses included 33 quantity studies and 35 quality studies
of 1- to 72-month olds. Using hierarchically ordered study selection criteria, they selected a
single statistical effect size from each study. Studies of quantity had significant effects overall
(R2 = 0.04). There were two reliable moderators: effect sizes were larger in longitudinal
studies and in studies where children were assessed in naturalistic contexts. The funnel plot
was asymmetric for the quantity studies, suggesting publication bias, but the authors
estimated that the true effect size was only slightly smaller than the reported effect size.
Studies of quality had larger effect sizes (R2 = 0.11) with no evidence of publication bias. For
studies of quality, there were larger effect sizes for longer studies, studies where input was
collected in naturalistic contexts, and studies of older children. They conducted separate
analyses on theirmeasures of diversity (primarily types,R2 = 0.07) and complexity (primarily
MLU, R2 = 0.11), which were not significantly different from one another.

1.4. Current study

This study builds upon the AGPJM meta-analysis but goes beyond it in six critical ways.
First, because this research area is highly active, we were able to include 23 studies that

were not available when AGPJM conducted their analysis.
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Second, we adopted amultilevelmixed-effects design that allows us to includemultiple
effect sizes per study (e.g., correlations collected with different language assessments or
different speakers), increasing the total number of effect sizes analysed from k = 71 to
k = 323. By using robust variance estimation to control for statistical interdependence
between effect sizes in the same study, we are able to include all effect sizes reported in our
sample, increasing the precision of our estimates (Pustejovsky & Tipton, 2022). This
approach was also used by Wang et al. (2020) and departed from our original preregis-
tered analysis, which used hierarchical study selection to derive a single effect size per
study. The findings of the preregistered analysis, which differed little from the current
analysis, can be found in the Supplementary Materials.

Third, we adopted a finer-grained coding system for input, examining the four
standard measures of input separately: utterances, tokens, types, and MLU. This
approach differentiates between measures of input within quality and quantity and
allows us to perform more precise analyses of pooled effect size and moderators. Using
multilevel modelling, we could also compare the pooled effect sizes of these different
measures directly by including them in the meta-regression model as moderating
variables. We use a similar technique to test for publication bias. If there were
publication bias, we would expect studies with large standard errors to have dispro-
portionately large and positive effect sizes. We can test for this by constructing a
regression model with standard error as a moderating variable (Rodgers & Pustejovsky,
2021).

Fourth, in addition to exploring previously studied moderators using our novel
statistical approach, we included several moderators that have gone unexamined. For
example, we were interested in whether effect sizes are larger when input and outcome
measures are identical, which often occurs when children’s language is assessed on the
basis of the input speech sample. If the context of the conversation shapes the behaviour of
both participants in similar ways (e.g., a discussion of different animals might produce
greater lexical diversity from parent and child than pretend play with cars), we might
expect these studies to produce larger correlations.

Fifth, we wished to investigate whether input–outcome associations showed evi-
dence of boundedness. Most studies of input claim that associations between input and
outcomes are causal in nature: children who hear speech more often or hear more
complex speech learn their language more quickly. To our knowledge, no studies have
examined whether the effects of input are bounded. In other words, is there a point at
which children begin seeing diminishing returns on learning from additional input?
Intuitively, we might expect there to be a limit to how much new information young
children can learn in a day, after which additional child-directed speech does not
produce more learning. If this were true, we would expect input–outcome correlations
to be smaller in samples where children, on average, hear more speech or more complex
speech.

Finally, we have taken a simple step to explore the effects of language and culture on
input–outcome associations by including non-English studies in our analysis. While we
do not have access to data from studies of rural, non-Western populations, we wanted to
determine how large effect sizes were in non-English and in non-U.S. samples, and
whether they differed substantially from English/U.S. samples. This analysis was not
included in the meta-analyses reviewed earlier. This analysis is an initial, small step
towards understanding whether there are systematic differences in these effects across
languages and countries.
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2. Methods

We followed PRISMA guidelines for conducting and reporting results for meta-analyses
(Page et al., 2021) (Figure 1). A full breakdown of our study selection procedure can be
found in the Supplementary Materials.

2.1. Search procedure

2.1.1. Forward search
We constructed a Boolean search query based on our inclusion criteria, searching the
abstract, title, and keywords for references to (1) caregiver participants, (2) child parti-
cipants, (3) input measures, and (4) output measures. We refined our query by testing
candidate queries to ensure that the 28 studies in our literature review (see below) were
found. We surveyed the following databases based on their relevance to research in child
language development: ERIC, PsycInfo, Academic Search Premier, PubMed, Web of
Science, and Proquest (for dissertations). The most recent search was conducted
14 January 2021 and produced 6763 abstracts for further screening.

2.1.2. Other sources
Expert knowledge: Prior to our search, we included 28 publications for eligibility drawn
from a literature review conducted for a previous study of child-directed speech (Coffey
et al., 2022).

Contacting authors:We reached out to the research community through the ICIS and
CHILDES email listservs for missed studies and unpublished data. We considered an
additional eight publications collected this way.

Figure 1. PRISMA flowchart detailing study collection.
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Prior meta-analysis: Finally, we compared the results of our literature review, forward
search, and author contacts to the list of publications included in the AGPJM meta-
analysis. We considered an additional 23 publications collected this way. Nineteen were
excluded due to data overlap or differences in our respective inclusion criteria (Figure 1).

2.2. Inclusion criteria

We screened study abstracts for four criteria. First, studies must be English-language
journal articles, book chapters, dissertations, or conference proceedings. Reviews and
meta-analyses were excluded. Second, studies must examine typically developing, mono-
lingual children between the ages of 1–8. Atypically developing children, such as children
with autism or preterm infants, were excluded, as well as multilingual children. Third,
studies must include one of our four input measures (utterances, tokens, types, or MLU)
from speech directed to children by caregivers in naturalistic or semi-naturalistic settings.
Studies that only collected other measures of input (e.g., questions, decontextualized
speech) or measures of interaction (e.g., warmth, responsiveness) were excluded. We also
excluded input that was scripted (e.g., only words read from a book). Fourth, studies must
include either: a measure of children’s vocabulary, a broad measure of language devel-
opment, or an observation of children’s language use.We excluded studies that measured
other specific forms of language proficiency (syntactic knowledge, pragmatics, novel
word-learning) primarily because of the small number of studies using any one of these
measures. Our screening of abstracts left 248 potentially eligible publications. We located
full-text versions of these studies for further review and coding. Studies with data that
reported significant overlap with other studies were reviewed further.When available, the
earliest reporting of the original data set was preferred. We assumed the initial reporting
of data would be the primary analysis, whereas subsequent reports would be affected by
what had been found previously. Full-text review was conducted by the lead author.

This procedure resulted in 75 studies that were coded for effect size and moderating
variables. Four studies that did not provide Pearson’s r were omitted from analysis. In
addition, five reported input–outcome correlations were calculated from composited
measures of input (e.g., taking the average of multiple standardized input values) and
could not be included in any of the individual input analyses. In total, we examined
71 studies, reporting 323 correlations, across 4760 unique participants.

2.3. Study coding

Coding was conducted by the lead author. An additional annotator independently coded
21 studies to check for accuracy. Studies were coded four different kinds of variables:
input measures, outcome measures, subject characteristics, and study characteristics.

2.3.1. Input measures
Word tokens:Word tokens are a raw count of the total number of words produced. Tokens
produced by parents have been found to predict language development in children (e.g.,
Hoff, 2003; Rowe, 2012).

Total utterances: Utterances are defined as a continuous segment of speech. An
utterance can be a single sentence, a word, a phrase, or a portion of a sentence and are
commonly delimited by pauses in speech. The number of parent utterances have been
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found to predict individual differences in language outcomes (e.g., Pancsofar & Vernon-
Feagans, 2006).

Word types: Word types are a measure of how many different words are produced in a
sample. They index the lexical diversity of speech or the number of different words that
children have the opportunity to learn. Parent word types are frequently found to predict
language outcomes (e.g., Hart&Risley, 1995; Rowe, 2012). In addition toword types, we also
included closely associated measures, like number of different word roots or morphemes.

Mean-length of utterance (MLU): MLU is the average number of linguistic units an
utterance contains. This measure has been used to index the grammatical complexity of an
utterance. MLU and language outcomes are often positively correlated (e.g., Hoff-Ginsberg,
1986). MLU is commonly defined as the average number of morphemes in an utterance but
can also be defined as the average number of words in an utterance. These measures are
highly correlated (Parker & Brorson, 2005), and thus, we included both in our analysis.

2.3.2. Outcome measures
We coded studies for how they measured language outcomes. We distinguished between
three kinds of assessment types: observation, direct assessment, and parent report.Within
these assessments, we also distinguished between two kinds of assessment measures:
expressive and receptive language. We also distinguished whether an assessment was a
measure of vocabulary specifically. Finally, for studies using word types as the input
measure, we coded whether the outcome measure captured the same construct in the
child (e.g., parent word types and child word types produced during observation). Studies
that did were coded as matched.

2.3.3. Subject characteristics
Gender was coded as the percentage of children who were female. Age was coded at the
time input measures were collected and the time outcome measures were collected. We
coded information about the speaker(s) providing input (e.g., mother, father, primary
caregiver, etc.) and the native language and country of origin of the household. Next, we
coded for household SES by categorizing studies into three groups used by AGPJM.
Studies focusing on samples with lower levels of income/education (relative to national
norms) were coded as low SES. Studies with samples from across different income/
education levels were coded as diverse SES. All other studies were coded as middle/high
SES by default. Finally, for each input measure collected in a study, we coded mean input,
or the average recorded value across observations. To ensure input means were compar-
able from study to study, we normalized word tokens and utterances for observation
duration, producing measures of word tokens per minute and utterances per minute,
respectively. This was unnecessary for MLU, which is already normalized for total
caregiver utterances. We did not code the average word types produced because number
of word types declines as a function of time (i.e., the longer a session goes on, the less likely
new word types are to be encountered), and thus, word types per minute is confounded
with observation duration.

2.3.4. Study characteristics
Studies were coded for their total language sample duration in minutes. Study location
was coded as home, lab, or other. The activity taking place during the study was coded as
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either naturalistic (participants were told to go about their day), semi-naturalistic play
(participants were asked to play as they would normally), structured play (participants
were asked to play with a particular set of toys), or other. Studies were also coded for
temporal design, either cross-lagged or concurrent. Cross-lagged studies were those for
which parent input was collected at a different time (Time 1) than children’s outcomes
(Time 2). Finally, we coded publication type. First, we coded a baseline set which included
all studies that were published in peer-reviewed journals and where our correlation
coefficient was taken from that paper. Next, data from books, dissertations, or other
non-peer-reviewed sources were coded as non-peer-reviewed. Then, all studies in which
the correlation coefficient was not included in the paper but could be calculated from the
paper or were retrieved after contacting authors were coded as non-reported. We
conducted twomoderator analyses: one comparing baseline studies to non-peer-reviewed
studies and another comparing baseline studies to studies coded as non-peer-reviewed or
non-reported.

2.3.5. Effect sizes
Studies were coded for Pearson’s r correlations between input and outcome measures.
When these measures could not be found in the study, we reached out to the authors for
either the correlation coefficient or the raw data from which we could calculate the
correlation ourselves. We did not include partial correlations or regression coefficients
with covariates to maintain the comparability of effects across studies. All correlation
coefficients were normalized via conversion to z-scores and division by the squared
inverse of their standard errors, or 1

n�3 , where n is the sample size for each study (Hedges
& Olkin, 1985).

2.4. Analysis

All analyses were conducted in R (v 4.4.1) (RCore Team, 2024), using themetafor (v 4.6.0)
and clubsandwich (v 0.5.11) packages (Pustejovsky, 2024; Viechtbauer, 2010). To deter-
mine the size of input–outcome correlations, random effects meta-regression models
were fitted for each of the four inputmeasures, where the intercept is the pooled effect size
estimate. These models controlled for interdependence between shared effect sizes using
robust variance estimation (rho = 0.8). Q-statistics from the resultingmodels were used to
assess whether there was sufficient heterogeneity across studies to motivate an analysis of
potential moderating variables. Moderators were then added to each of the basemodels as
predictors. When considering continuous moderators, we removed outliers by excluding
studies that reported values more than three standard deviations from the mean in our
sample to avoid data skew. These studies were included in all other analyses. Statistical
significance was determined in a two-step process: first, individual coefficients are tested
for significance in the regression; second, likelihood ratio testing is used to determine
whether the addition of the variable improved fit from the base model. When multiple
moderators were found to be significant alone, they were included together in a single
model, which was then checked for significance and improvement of fit. Base cases for
categorical moderators were dummy coded zero and indicated in each table (e.g., for
household SES, the base case is middle-upper or MU).

We then checked for publication bias using two methods. First, we publication status
as a binary predictor variable in our moderator analysis. Second, we constructed funnel

Journal of Child Language 9

https://doi.org/10.1017/S0305000924000692 Published online by Cambridge University Press

https://doi.org/10.1017/S0305000924000692


plots for each of our input variables. These figures plot the correlation reported for each
study against its standard error. Studies with smaller standard errors would be expected to
find correlations closer to the pooled effect size than studies with larger standard errors
(resulting in a downward funnel). If there were publication bias, it would lead to the
disappearance of studies with large standard errors but small (non-significant) effect
sizes, resulting in an effect size that gets larger as the standard error increases. To test for
this, we approximated Egger’s regression test for asymmetry inmetafor by constructing a
regressionmodel using the standard error of each effect as amoderator (Egger et al., 1997;
Rodgers & Pustejovsky, 2021). We then applied our criteria for moderator significance
(regression and likelihood ratio test) to determine whether there was a significant effect of
standard error on effect size.

Finally, we determined whether certain forms of input were more strongly associated
with children’s outcomes by fitting a single multilevel model with all data from all input
types, including input measure as a moderator and applying our significance criteria.

3. Results

Our preregistration, data, code, and Supplementary Materials can be accessed through
OSF (https://osf.io/aydcf/). A version of this analysis using hierarchical study selection,
replicating most of the findings below, can be found in the Supplementary Materials.

A full breakdown of the study characteristics for each input analysis is given in Table 1.
To determine whether the studies using the different input variables differed along other
dimensions, we conducted a series of mixed-effect linear regressions using lme4 (v 1.1-
35.4) (Bates et al., 2015), where the moderating variable is used as the response variable,

Table 1. Summary of average study characteristics across all input analyses (median and range given for
continuous variables)

Tokens Utts Types MLU

Studies (N) 38 17 37 27

Reported Effects (k) 93 45 111 74

Participants (n) 1986 956 2420 2340

Input (per min) 46 (6.11–108) 14.76 (4.57–50.76) - 3.81 (2.48–6.28)

Duration (min) 26.5 (2.3–1920) 12.5 (4.73–43) 15 (2.3–1740) 15 (2.3–60)

Gender (%)

Female 0.49 0.48 0.5 0.48

Male 0.51 0.52 0.5 0.52

Age (months)

T1 - Input 20.13 (7–69.6) 16 (5–60) 23.91 (1–67) 20.74 (6–58.72)

T2 - Outcome 24.3 (12.37–91) 24 (12–62) 25 (9–91) 28 (12–58.72)

Region

US 30 11 30 21

Non-US 8 6 7 6
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input measure is included as a categorical predictor (word tokens coded as zero), and
study ID is used as a random intercept. We used mixed-effect modelling for the
comparisons to account for multiple values introduced by the same study. We found
that studies of word types were shorter on average than studies of word tokens
(β = �15.86, SE = 7.16, p = 0.03). Studies of word tokens were longer than other studies,
but these comparisons did not reach significance.

Table 1. (Continued)

Tokens Utts Types MLU

Language

English 30 12 31 22

Non-English 8 5 6 5

Household SES

Middle-Upper 20 13 24 16

Diverse 10 3 6 8

Low 8 1 7 3

Language assessment

Direct assessment 17 6 14 11

Parent report 16 10 13 11

Observed 14 5 21 16

Composite 0 1 1 1

Language measure

Expressive 30 14 30 23

Receptive 14 9 13 8

Both 3 1 3 4

Input/Outcome relation

Cross-lagged 24 10 21 16

Concurrent 22 10 24 15

Parent–Child activity

Naturalistic 18 3 10 4

Nat. Free play 6 5 4 6

Strc. Free play 11 7 17 12

Other 6 2 9 7

Recording method

Video 21 14 29 20

Audio 4 2 5 6

LENA 13 1 3 1
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We provide forest plots for each analysis: for studies with multiple reported correl-
ations, a single composited correlation was calculated using aggregate using metafor.
Reported pooled effect sizes have been converted from the z-score to r for interpretability.
Moderator effects are given in tables, with significant effects bolded (i.e., significant
coefficient and improved model fit by χ2 test). Finally, funnel plots are presented
illustrating each reported correlation plotted against its standard error, its statistical
significance, the overall pooled effect size (with 95% confidence intervals), and the degree
of distributional asymmetry given by an Egger’s test.

3.1. Word tokens

We examined 93 correlations across 38 studies that measured word tokens (n = 1986
unique participants). The number of effect size estimates per study ranged from 1 to
6 (median: 2). We found a medium-sized effect across studies (r = 0.23, Figure 2). Q-
statistics revealed significant evidence for between-study heterogeneity (Q(92) =362.68,
p < 0.001), which motivated an analysis of possible moderators. While some moderators
were significant when included in themodel (Table 2), none of them resulted in improved
model fit.

Figure 2. Forest plot of token study correlations.
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Table 2. Summary of moderator analysis for studies of word tokens

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

Base model 38 93 0.24 �24.45

Subject characteristics

Child Gender (% Female) 36 89 0.23 0.01 (0.02) 0.50 �22.51 0.25 0.62

Household SES (MU) 38 93 0.22 �23.29 1.91 0.38

versus Diverse 0.08 (0.06) 0.19

versus Low �0.02 (0.06) 0.74

Language (English) 38 93 0.24 �23.62 0.00 0.95

versus Non-English 0.00 (0.08) 0.95

Region (US) 38 93 0.23 �23.8 0.19 0.66

versus Non-U.S. 0.04 (0.07) 0.63

Child age (Input) 38 93 0.24 0.00 (0.02) 0.95 �23.62 0.00 0.96

Child age (Assessment) 38 90 0.24 0.01 (0.02) 0.59 �20.78 0.15 0.70

Sources of input (Mother) 38 93 0.2 �22.43 5.68 0.22

versus Father 0.00 (0.07) 0.96

versus Other �0.09 (0.06) 0.32

versus Primary 0.2* (0.03) 0.01

versus All adults 0.1 (0.05) 0.06

Mean input 33 83 0.22 �0.03 (0.02) 0.33 �18.97 0.97 0.32

Assessment characteristics

Type (Direct) 38 93 0.3 �26.03 4.65 0.10

versus Report �0.13* (0.06) 0.04

versus Observed �0.08 (0.07) 0.28

Measure (Expressive) 38 93 0.21 �24.2 2.83 0.24

versus Receptive 0.09 (0.04) 0.07

versus Both 0.05 (0.12) 0.73

Vocabulary 38 93 0.24 �23.84 0.23 0.63

versus Non-Vocab �0.02 (0.06) 0.70

Study design

Duration 31 82 0.23 0.01 (0.01) 0.16 �15.03 0.79 0.37

Context (Natural) 38 93 0.28 �21.72 2.63 0.45

versus Nat. Play �0.12 (0.09) 0.23

versus Struc. Play �0.09 (0.07) 0.24

versus Other �0.05 (0.08) 0.58

Location (Home) 38 93 0.23 �21.94 0.56 0.76
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To check for moderating effects of publication type, we compared the non-peer-
reviewed and studies with unreported statistics to our baseline. Neither of these
variables were found to moderate the effect of word tokens on outcomes. In addition,
we found no evidence of asymmetry in our funnel plot using Egger’s test (β = 0.69,
SE = 0.53, p = 0.22) (Figure 3). In sum, there was no evidence of publication bias in the
word token studies.

3.2. Utterances

3.2.1. Summary statistics
We examined 45 correlations across 17 studies that measured word tokens (n = 956
unique participants). The number of effect size estimates per study ranged from
1 to 6 (median: 2). We found a medium-sized effect across studies (r = 0.19, Figure 4).
Q-statistics revealed significant evidence for between-study heterogeneity (Q(44) = 338.75,
p < 0.001). Some moderators were significant when included in the model (Table 3), but
none of them improved overall model fit. Neither our analysis of publication status nor the
Egger’s test (β = 0.83, SE = 0.34, p = 0.08) revealed any evidence of publication bias
(Figure 5).

3.3. Word types

We examined 111 correlations across 37 studies that measured word types (n = 2420
unique participants), with effect size estimates per study ranging from 1 to 10 (median: 3).
We found a medium-sized effect across studies (r = 0.27, Figure 6). Q-statistics revealed
significant evidence for between-study heterogeneity motivating an analysis of moder-
ators (Q(110) = 621.82, p < 0.001). We found that studies with children who were older at
the time of input data collection reported larger correlations (Table 4), significantly
improvingmodel fit (χ2(1) = 12.64, p < 0.001). Studies with children whowere older at the
time of language outcome data collection also hadmarginally larger effect sizes (p = 0.05),

Table 2. (Continued)

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

versus Lab 0.03 (0.06) 0.65

versus Other �0.13* (0.03) 0.00

Timeline (cross-lagged) 38 93 0.26 �24.73 1.12 0.29

versus Concurrent �0.05 (0.03) 0.10

Publication bias

Peer-review status (PR) 38 93 0.21 �23.78 0.17 0.68

versus Non-PR 0.03 (0.08) 0.71

Reported in PR Pubs. 38 93 0.23 �23.63 0.02 0.90

versus Not reported 0.01 (0.05) 0.88

*p < 0.05; bolding indicates significant coefficient and χ2.
intcpt = model intercept; AICc = Akaike information criterion (corrected); χ2 = likelihood ratio test.
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also improvingmodel fit (χ2(1) = 7.60, p= 0.006). Unsurprisingly, we found that these two
variables were highly correlated with one another (R2 = 0.39, p < 0.001), and thus, it is
unclear if it is the age at input, outcome, or both that predicts the bigger effect size.

We found that studies using parent-reported outcomes exhibited lower correlations
with input than studies using direct assessments (χ2(1) = 9.35, p= 0.03). Parent reports are
more commonly used when children are younger, resulting in a difference in child age
across these assessment types (β = �6.72, SE = 2.8, p = 0.02). When assessment type is
included inmodels with age at input collection and outcome assessment as predictors, it is
non-significant and fails to improve model fit. Thus, this effect was most likely due to the
partial confound with child age.

Finally, while including vocabulary matching (i.e., parent word types and child types
produced during observation) in our model was found to improve fit, there were not
significantly higher effect sizes in studies where input and outcome measures were
matched (Table 3). As a follow-up, we included relation type as a main effect and
interaction to this model to see whether this effect was significant for studies where input
and outcome are collected during the same observation session (i.e., where parent input
might situationally influence child output, or vice versa). We found a significant inter-
action between these variables, such that reported correlations were higher in concurrent

Figure 3. Funnel plot for studies of word tokens.
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Figure 4. Forest plot of utterance study correlations.

Table 3. Summary of moderator analysis for studies of utterances

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

Base model 17 45 0.2 9.61

Subject characteristics

Child Gender (% Female) 17 45 0.22 0.09 (0.05) 0.22 9.67 2.35 0.13

Household SES (MU) 17 45 0.19 14.48 0.08 0.96

versus Diverse 0.02 (0.13) 0.89

versus Low 0.06 (0.07) 0.36

Language (English) 17 45 0.21 11.45 0.57 0.45

versus Non-English �0.09 (0.11) 0.41

Region (US) 17 45 0.18 11.84 0.19 0.67

versus Non-U.S. 0.04 (0.1) 0.70

Child age (Input) 17 45 0.2 0.00 (0.07) 0.98 12.02 0.00 0.97
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Table 3. (Continued)

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

Child age (Assessment) 17 45 0.2 �0.02 (0.04) 0.62 11.68 0.35 0.55

Sources of input (Mother) 17 45 0.2 8.64 5.92 0.05

versus Father �0.47 (0.48) 0.50

versus Other 0.23* (0.05) 0.00

Mean input 13 38 0.18 �0.04 (0.06) 0.59 14.3 0.42 0.52

Assessment characteristics

Type (Direct) 17 45 0.12 9.3 7.94 0.05

versus Report 0.07 (0.09) 0.49

versus Observed 0.3 (0.23) 0.27

versus Composite �0.21* (0.04) 0.01

Measure (Expressive) 17 45 0.22 12.87 1.69 0.43

versus Receptive �0.04 (0.08) 0.61

versus Both �0.31* (0.07) 0.00

Vocabulary 17 45 0.22 10.67 1.36 0.24

versus Non-Vocab �0.12 (0.07) 0.15

Study design

Duration 17 45 0.33 0.47 (0.44) 0.39 10.65 1.37 0.24

Context (Natural) 17 45 0.33 13.58 3.66 0.30

versus Nat. Play �0.16 (0.16) 0.41

versus Struc. Play �0.21 (0.12) 0.21

versus Other 0.00 (0.15) 0.99

Location (Home) 17 45 0.24 12.1 2.47 0.29

versus Lab �0.04 (0.1) 0.71

versus Other �0.42* (0.08) 0.00

Timeline (cross-lagged) 17 45 0.16 11.07 0.96 0.33

versus Concurrent 0.08 (0.08) 0.31

Publication bias

Peer-review status (PR) 17 45 0.22 12.01 0.02 0.89

versus Non-PR �0.02 (0.23) 0.93

Reported in PR Pubs. 17 45 0.28 10.32 1.7 0.19

versus Not Reported �0.13 (0.1) 0.22

*p < 0.05; bolding indicates significant coefficient and χ2.
intcpt = model intercept; AICc = Akaike information criterion (corrected); χ2 = likelihood ratio test.
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Table 4. Summary of moderator analysis for studies of word types

Moderator n k Intcpt β (SE) pβ AICc χ2 pχ

Base model 37 111 0.28 �19.13

Subject characteristics

Child Gender (% Female) 35 106 0.27 0.04 (0.04) 0.41 �18.11 1.14 0.28

Household SES (MU) 37 111 0.25 �16.09 1.97 0.37

versus Diverse 0.13 (0.11) 0.27

versus Low 0.02 (0.06) 0.71

Language (English) 37 111 0.28 �16.82 0.52 0.47

versus Non-English �0.07 (0.06) 0.31

Region (US) 37 111 0.29 �17.03 0.72 0.39

versus Non-U.S. �0.07 (0.09) 0.45

Child age (input) 37 111 0.26 0.1* (0.04) 0.02 �28.95 12.65* 0.00

Child age (assessment) 37 108 0.25 0.08 (0.04) 0.05 �21.94 7.6* 0.01

Sources of input (Mother) 37 111 0.28 �14.67 5.08 0.28

versus Father �0.11 (0.07) 0.15

versus Other �0.06 (0.14) 0.72

versus Primary 0.15 (0.11) 0.38

versus All Adults 0.12* (0.04) 0.01

Assessment characteristics

Type (Direct) 37 111 0.29 �21.23 9.35* 0.02

versus Report �0.14* (0.06) 0.03

versus Observed 0.03 (0.07) 0.64

versus Composite �0.08 (0.04) 0.06

Measure (Expressive) 37 111 0.28 �14.47 0.36 0.84

versus Receptive �0.03 (0.07) 0.65

versus Both 0.01 (0.05) 0.90

Vocabulary 37 111 0.29 �17.3 1.00 0.32

versus Non-Vocab �0.05 (0.03) 0.15

Matched input/Outcome 37 111 0.38 �28.22 11.91* 0.00

versus Non-Matched �0.15 (0.07) 0.06

Study design

Duration 36 110 0.26 �0.01 (0.24) 0.98 �23.06 0.00 0.96

Context (Natural) 37 111 0.33 �14.16 2.28 0.52

versus Nat. Play �0.08 (0.12) 0.52

versus Struc. Play �0.1 (0.11) 0.34

versus Other �0.02 (0.13) 0.88

Location (Home) 37 111 0.28 �14.27 0.15 0.93
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Figure 5. Funnel plot for studies of utterances.

Table 4. (Continued)

Moderator n k Intcpt β (SE) pβ AICc χ2 pχ

versus Lab �0.03 (0.07) 0.71

versus Other 0.02 (0.05) 0.64

Timeline (cross-lagged) 37 111 0.25 �17.25 0.94 0.33

versus Concurrent 0.04 (0.05) 0.39

Publication bias

Peer-Review status (PR) 37 111 0.3 �16.46 0.15 0.70

versus Non-PR �0.03 (0.11) 0.77

Reported in PR Pubs. 37 111 0.27 �16.33 0.02 0.89

versus Not reported 0.01 (0.07) 0.90

*p < 0.05; bolding indicates significant coefficient and χ2.

intcpt = model intercept; AICc = Akaike information criterion (corrected); χ2 = likelihood ratio test
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studies where input and outcomes were measured in the same way (main effect of
matching: β = �0.01, SE = 0.08, p = 0.88; interaction: β = 0.23, SE = 0.07, p = 0.01).

In our analysis of publication bias, neither peer review nor whether the correlation was
reported was found to moderate the effect of word types on outcomes. However, we did
find evidence of funnel plot asymmetry using Egger’s test (β = 1.22, SE = 0.41, p = 0.02),
such that studies with larger standard errors tended to be skewed towards larger positive
values (Figure 7).

3.4. MLU

We examined 74 correlations across 27 studies that measured mean length of utterance
(n = 2340 unique participants), with the number of effect size estimates per study ranging
from 1 to 6 (median: 3). We found a medium-sized effect across studies (r = 0.21,
Figure 8). Q-statistics revealed significant evidence for between-study heterogeneity (Q
(74) = 339.42, p < 0.001), motivating an analysis of possible moderators. We found a
significant and positive correlation between the length of the observation session and
effect size (Table 5, χ2(1) = 12.92, p < 0.001), with longer studies producing larger effect
sizes. We might expect to see such an effect if MLU measures were more stable when the

Figure 6. Forest plot of word type study correlations.
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sample of utterances is larger. Neither our analysis of publication status nor the Egger’s
test (β = 0.54, SE = 0.47, p = 0.25) revealed any evidence of publication bias (Figure 9).

3.5. Comparison of input measures

Finally, to compare the effect sizes for our four input measures, we first constructed a
baselinemodel with nomoderators, containing 323 input–outcome correlations across all
71 studies (Table 6). Overall, there was a medium-sized association between all input and
children’s language outcomes (r = 0.24, p < 0.001; CI [0.20; 0.29]). Next, we added input
measure as a moderating variable, using tokens as the contrast case. No significant
difference in effect size was found between our input measures, and there was no
improvement of model fit.

4. Discussion

The present meta-analysis drew upon 71 studies and 4760 participants to explore the
magnitude of input effects. The analysis included 38 studies that were not included in the

Figure 7. Funnel plot for studies of word types. Hart and Risley (1995) is given for comparison.
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most recent prior meta-analysis on this topic (AGPJM). In addition, our analysis
employed an innovative statistical method that allowed us to include multiple effect sizes
per study, resulting in a total of 323 effect sizes. As yet there are no widely accepted
methods for determining power inmultilevel meta-regressionmodels (e.g., Vembye et al.,
2023). Nevertheless, we should expect, on first principles, that the accuracy and sensitivity
of an analysis will increase as the number of studies and effects that are included increases.
Our meta-analysis also contributed to this literature by including studies conducted on
languages other than English and using more sensitive within-study comparisons to
explore differences in effect size across measures.

We found that the relationship between caregiver input and child language out-
comes is reliable across four different measures of caregiver input: utterances, word
tokens, word types, and MLU. These measures all produced similar small-to-medium-
sized effects, with no significant differences between them. For word types, we found
that effect sizes were reliably larger when children were older. For MLU, we found that
effect sizes were larger in studies with longer observation sessions. We also found evidence
that using parent and child word types collected from the same session produce larger
correlations.

However, most of the moderators that have been hypothesized to be relevant were not
reliable predictors of effect size in our analyses. This included caregiver demographics,

Figure 8. Forest plot of MLU study correlations.
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Table 5. Summary of moderator analysis for studies of MLU

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

Base model 27 74 0.21 �30.01

Subject characteristics

Child Gender (% Female) 25 68 0.22 �0.02 (0.02) 0.31 �28.26 0.51 0.47

Household SES (MU) 27 74 0.24 �32.82 1.8 0.41

versus Diverse �0.04 (0.07) 0.54

versus Low �0.12 (0.12) 0.40

Language (English) 27 74 0.21 �33.4 0.08 0.78

versus Non-English �0.02 (0.09) 0.80

Region (US) 27 74 0.23 �34.96 1.64 0.20

versus Non-U.S. �0.08 (0.05) 0.15

Child age (input) 27 74 0.21 �0.01 (0.05) 0.84 �33.43 0.1 0.75

Child age (assessment) 27 74 0.21 �0.03 (0.04) 0.50 �34.2 0.87 0.35

Sources of input
(Mother)

27 74 0.21 �31.4 0.38 0.83

versus Father �0.03 (0.06) 0.57

versus Other 0.05 (0.03) 0.15

Mean input 23 68 0.2 �0.01 (0.05) 0.89 �38.84 0.04 0.84

Assessment characteristics

Type (Direct) 27 74 0.21 �32.49 3.84 0.28

versus Report �0.04 (0.05) 0.41

versus Observed 0.03 (0.04) 0.50

versus Composite �0.25* (0.03) 0.00

Measure (Expressive) 27 74 0.22 �32.1 1.08 0.58

versus Receptive �0.05 (0.04) 0.26

versus Both 0.00 (0.07) 0.99

Vocabulary 27 74 0.18 �36.86 3.53 0.06

versus Non-Vocab 0.08 (0.04) 0.10

Matched input/Outcome 27 74 0.25 �33.76 0.44 0.51

versus Non-Matched �0.04 (0.07) 0.59

Study design

Duration 26 73 0.4 0.73* (0.2) 0.01 �46.38 12.92* 0.00

Context (Natural) 27 74 0.34 �33.48 4.83 0.18

versus Nat. Play �0.15 (0.26) 0.60

versus Struc. Play �0.11 (0.26) 0.72
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child demographics, and whether themeasure was based on a speech sample, experimenter
administered test, or parent report. Critically, we did not replicate three findings from the
AGPJM meta-analysis. In our sample, we found no evidence that naturalistic studies have
larger effect sizes than more structured observations, nor that studies with cross-lagged
observations have larger effects than studies with concurrent observations. Furthermore,we
found no evidence to support the claim that measures of input quality are more reliable
predictors than measures of input quantity, despite using potentially more sensitive within
study models.

Finally, we found evidence for publication bias for studies of where parental word
types were the critical input variable. In contrast, AGPJM found evidence for publication
bias in studies of input quantity (i.e., tokens and utterances).

The remainder of our discussion we address four issues: (1) assessing the pooled effect
sizes observed in this meta-analysis and how it affects our understanding of the input
literature and its policy implications; (2) interpreting the moderators observed in our
analysis; (3) understanding the null effects in this analysis; and (4) the limitations of this
meta-analysis and the input literature more broadly. Throughout our discussion, we will
conduct exploratory analysis on critical subgroups of studies within our sample to rule out
different hypotheses about our results.

4.1. Assessing the magnitude of the pooled effects

A central goal of meta-analysis is to better understand how large a particular effect truly
is. In our analyses, we found pooled effect sizes that ranged from r = 0.19 to r = 0.27. It is
easier to conceptualize these effects if we convert them to R2 so that they represent the
proportion of variance accounted for by the input variable. On this scale, the effects range
from R2 = 0.04 for utterances to R2 = 0.07 for types. These estimates are quite similar to
those in AGPJM even though less than half (46%) of the studies in our sample appeared in

Table 5. (Continued)

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

versus Other �0.2 (0.26) 0.51

Location (Home) 27 74 0.25 �36 4.98 0.08

versus Lab �0.11 (0.06) 0.07

versus Other 0.19* (0.04) 0.00

Timeline (cross-lagged) 27 74 0.18 �35.01 1.69 0.19

versus Concurrent 0.07 (0.06) 0.26

Publication bias

Peer-Review status (PR) 27 74 0.25 �33.78 0.46 0.50

versus Non-PR �0.05 (0.07) 0.53

Reported in PR Pubs. 27 74 0.26 �34.69 1.37 0.24

versus Not Reported �0.07 (0.07) 0.33

*p < 0.05; bolding indicates significant coefficient and χ2.
intcpt = model intercept; AICc = Akaike information criterion (corrected); χ2 = likelihood ratio test.
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their sample and the outcome measures were categorized differently. Specifically, in
AGPJM, the estimates ranged from R2 = 0.04 for quantity to R2 = 0.11 speech complexity.

These estimates might seem modest to those who were introduced to this question by
Hart & Risley’s seminal 1995 study. It is hard to overstate the effect that H&R have had on

Figure 9. Funnel plot for studies of MLU.

Table 6. Comparison of pooled effect sizes across input measures

Moderator n k intcpt β (SE) pβ AICc χ2 pχ

Base model 71 328 0.25 �58.76

Input measure
(Word Types)
versus Word Tokens

71 328 0.27 �0.03 (�0.03) 0.17 �55.88 5.39 0.25

versus MLU �0.07 (�0.07) 0.14

versus Utterances �0.02 (�0.02) 0.77

versus Composite 0.03 (0.03) 0.89

*p < 0.05; bolding indicates significant coefficient and χ2.
intcpt = model intercept; AICc = Akaike information criterion (corrected); χ2 = likelihood ratio test.
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language acquisition research and social policy; as of July 2024, Google Scholar lists over
12,000 citations to their 1995 book. However, the magnitude of the input–outcome
relationship found by H&R for caregiver word types is substantially higher than the
pooled effect size found in our meta-analysis (R2 = 0.53 versus R2 = 0.07). This difference
would be critical, for example, for our expectations about the impact of a policy that
sought to improve child language outcomes with parent training. Thus, understanding
this discrepancy is critical to understanding how we can best use limited resources.

There are two broad explanations for these divergent effect size estimates. First, the
H&R study might have unique properties that lead the true effect to be larger in their
sample. Second, it is possible that H&R is simply one sample drawn from an underlying
distribution in which the true effect size is roughly equivalent to the estimate from our
analysis. The first explanation could lead to new directions for research and new ways in
which policiesmight be targeted. The second hypothesis suggests that we, as scientists and
policy makers, may need to adjust our expectations.

There are several features of H&R that stand out as potential reasons for a larger effect
size. First, their measures of parent speech and their outcome measures were based on
large samples of speech, collected over an unusually long-time frame, in a naturalistic
context. Specifically, as many as 29 hour-long observation sessions were conducted in the
child’s home between the ages of 7 months to 3 years. In contrast, the other studies of
word types in our sample used between 2minutes and 2 hours of input (M = 26minutes).
As a result, H&Rmay have producedmore accurate estimates of parental speech resulting
in a larger observed correlation. Similarly, their primary outcome variable was an estimate
of lexical types produced across three-hour-long observation sessions. Themean length of
the child observations across studies of word types in our sample was 15 minutes. If these
factors were responsible for the larger effect size, it would suggest (1) that policymakers
could expect large effects from interventions that are effective in changing parental input
in enduring ways, and (2) that researchers (and clinicians) should consider longer data
collection periods for input studies. Our meta-analysis, however, does not support this
conclusion: for studies that used parental types as an inputmeasure, we found no evidence
that the length of the observation period moderated the effect size. One might question
the relevance of our moderator analysis, since there are few studies with an observation
period that was anywhere near as long as H&R. We disagree: if the advantage of larger
speech samples is that they are less noisy, then we would expect to see the steepest
improvement in stability at the low end of the scale. This is, however, ultimately an
empirical question. The relationship between sample size and correlation strength could
be directly tested by conducting secondary analyses of the H&Rdata set to determine how
rapidly input measures approximate the estimate from the total sample as increasingly
large subsamples of input are analysed.

The second feature that makes H&R unusual is that the sample was selected to
overrepresent the extreme ends of the socio-economic spectrum in the U.S. Of the
42 participating families, six were receiving welfare benefits and thirteen were recruited
because the primary wage earner was a high-status professional. In their sample, there was
a strong relationship between SES and input, with caregivers in professional families
producing about three times asmuch speech as the parents receiving benefits. Subsequent
studies have not found differences between their SES groups that are anywhere near this
large (see Dailey & Bergelson, 2022). For example, Hoff (2003) found that the high SES
families in her sample produced roughly 33% more speech than her mid SES group (see
also Gilkerson et al., 2017). It is unclear whether this difference in findings reflects the
unusual composition of the Hart and Risley sample, changes in child-rearing practices
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across communities in the U.S. over time, or the way in which their input measures were
collected and conceptualized. But critically, whatever its cause, the tighter link between
SES and input in the Hart and Risley sample raises the possibility that the unusually large
correlation between input and outcome in that study is attributable to other causal
pathways linking parental SES to child language outcomes, such as passive gene envir-
onment correlations (see Coffey et al., 2022 for discussion) or the effect of highermaternal
education on a wider range of parenting practices that might influence children’s
linguistic and cognitive development.

As we noted above, the second hypothesis is that H&R is drawn from the same
underlying distribution as the other studies with a true effect size aroundR2 = 0.07. H&R’s
sample size was modest for a study focused on individual differences (n = 42). We expect
the variability of effect sizes to increase as sample size decreases (giving funnel plots their
characteristic shape). The H&R results, however, fall outside of the range of what we
might expect on that basis alone (see Figure 7). In fact, even if the true effect size was
moderately larger than our estimate (e.g., r = 0.35, or the upper limit of our 95%
confidence interval), H&R would remain an outlier.

4.2. Moderator effects

4.2.1. Older children benefit more from lexical diversity
We found that the pooled effect size for word type studies was larger when the children
studied were older at both the time of input collection and the time of language
assessment. Why might younger children benefit less from lexical diversity?

One possibility is that words that children acquire early in life are so common and so
concrete (Braginsky et al., 2019; Coffey & Snedeker, 2024) that they are likely to appear in
informative contexts even in the speech of parents who exhibit lower lexical diversity.
After children pick up these more common words, they learn words that are less frequent
and less consistent across parents but are still quite concrete, like tiger or truck (Coffey
et al., 2024). At this stage, children who hear more diverse input could reap the benefit of
encountering more word types. In addition, as children become more linguistically
proficient, they are more likely to learn words that are frequent but not particularly
concrete (Coffey et al., 2024). Words of this kind can often only be acquired by using
information from different contexts in which the word was used (Gillette et al., 1999).
More lexically diverse speech might be more likely to provide these clues.

We did not find any evidence that age moderated the effects of the other input
measures. The fact that the quantity of input (tokens and utterances) is equally helpful
across this developmental range is consistent withmost learning theories—more learning
opportunities are helpful even for the easiest words. However, to the extent that these
measures are correlated with types (see below), we would expect to find an effect of age
given a sufficiently large sample of studies and participants.

The prior literature on MLU has been mixed. Some conclude that it only predicts
outcomes when it is tailored to children’s level of development (in which case we would
expect an effect of age, e.g., Murray et al., 1990). Others find that complex speech predicts
outcomes at all ages (in which case we would not expect an effect of age, e.g., Hoff-
Ginsberg, 1986). The fact that MLU does relate to input across studies but is not
moderated by age suggests the latter may be true.

Interestingly, while AGPJM found an effect of child age on correlations with input
quality, when they conducted separate analyses on studies that contained measures of
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lexical diversity (equivalent to our word types) and sentence complexity (consisting of not
only MLU, but also other measures, such as sophistication, rare words, and multi-clausal
utterances), they found no effects. Our results suggest that the age effects in the primary
analysis were likely driven by word types, rather than the complexity. Our ability to find
this effect within the studies of lexical diversity is likely due to the larger sample of relevant
studies available to us (N = 17 versus N = 37).

4.2.2. Length of the observation and MLU
We found thatMLU studies with longer observation sessions reported larger correlations.
This could be because longer observation sessions producemore stablemeasures ofMLU.
However, this leaves open the question of why we did not find a moderating effect in our
analyses of utterances, word tokens, or word types. One possibility is that MLU is
intrinsically a less stable measure than the others, requiring a longer session to measure
reliably. This could be assessed using existing data sets (e.g., by comparing correlations
across different-sized sub-samples). AGPJM also found that observation duration mod-
erated the effect size of input quality studies. Our results suggest that this finding may be
driven by studies using sentence complexity measures, rather than lexical diversity
measures.

4.3. Surprising non-moderators

4.3.1. Observation activity
We did not find significant differences in the size of the input–outcome correlations
depending on the activity during the observation session. In contrast, in their analysis of
input quality, AGPJM found that studies using naturalistic observation produced larger
effect sizes, as compared to other contexts. A priori, we might expect larger effect sizes
from naturalistic observations because theymight bemore representative of typical input.
Previous studies, however, have found that input measures from structured and natur-
alistic observations are correlated (Tamis‐LeMonda et al., 2017).

One possibility is that we reduced the difference in effect size between naturalistic
studies and other studies by including LENA studies, which are naturalistic but were
omitted by AGPJM. We do not believe that this is the case: omitting LENA studies from
our analysis did not change our results (see SupplementaryMaterials).We do not find this
surprising, as meta-analyses of LENA studies and non-LENA studies result in similar
effect-size estimates (Wang et al., 2020; AGPJM).

Instead, we suspect that the finding in AGPJM is attributable to the very small number
of naturalistic studies in their sample (5 for the quality analysis). This could make their
moderator analysis vulnerable to skewing due to a couple of naturalistic studies with
unusually large effect sizes (such as H&R). In contrast, our sample of naturalistic studies
was larger (10 for types), which may have made our analysis less sensitive to skewing.

4.3.2. Cross-lagged versus concurrent studies
We found no significant differences between studies where input and outcome are
collected concurrently and studies where data collection was cross-lagged. In contrast,
AGPJM found larger correlations in quantity studies that were cross-lagged. This is
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unlikely to reflect skew due to outliers since there are a number of studies of both kinds in
their sample (N = 16 for concurrent, N = 17 for cross-lagged).

Given our large sample of effect sizes (k = 93 for tokens; k = 45 for utterances), it is
unlikely that we lacked the power to detect such an effect. Instead, we suspect that their
findingwas a side-effect of their hierarchical data selection procedure: if studies had cross-
lagged and concurrent correlations, only a cross-lagged correlation was included in the
meta-analysis, creating a confound between study complexity/length and temporal
design. In our study, all correlations were included. In addition, given the large number
ofmediators in thesemeta-analyses and the confounds between them, we are likely to find
effects that shrink or disappear as more data are collected (Barnett et al., 2005; Gelman &
Carlin, 2014).

4.3.3. Quality versus quantity of input
Another notable difference between our study and AGPJM is the fact that we did not find
a difference in effect size between any of our input measures. Some researchers have
argued that measures of input quality are better suited to predict individual differences in
language outcomes than measures of input quantity (e.g., Golinkoff et al., 2019). This
would be expected if the pace of acquisition did not depend primarily on the number of
words a child encounters but the degree to which the context of word use allows them to
infer their meaning. While the logic behind this argument is sound, one might still expect
the effect sizes for quantity and quality measures to be quite similar because in practice
they are often highly correlated. To explore this, we calculated these correlations for the
studies in our sample with available data. There were large correlations between types and
tokens (range: r = 0.65–0.94; median: r = 0.88; k = 9), types and utterances (range:
r = 0.45–0.90;median: r = 0.75; k = 6), andMLU and tokens (range: r = 0.19–0.71;median:
r = 0.44; k = 8). The only correlation that was small and sometimes negative was between
utterances and MLU (range: r = �0.44–0.36; median: r = 0.12; k = 8).

4.4. Remaining questions

4.4.1. Culture and language
The dearth of input studies conducted outside of the Western world or with speakers of
non-Western languages makes a systematic investigation of cultural or linguistic mod-
erators of the input–outcome relationship difficult. In our analysis, we tried to get at this
question by characterizing studies as either “within the U.S.” or “outside the U.S.” and as
either “English” or “non-English.” This classification system cannot be justified on
cultural, geographic, or linguistic grounds. It makes sense only in light of the degree to
which developmental research in general, andwork on this topic in particular, has focused
on English-speaking populations within the United States (Kidd & Garcia, 2022). This
was the only coding scheme that would allow us to amass a reasonable, albeit small,
number of studies in the second group.

Nevertheless, we see this as one small but important step in using meta-analytic
approaches to examine cross-cultural input studies. We found no evidence that studies
conducted in English or in the U.S. produced larger or smaller correlations than other
studies. This finding has two critical limitations. First, due to the small number of non-
English studies (12/75) and non-US studies (16/75), we may lack the power to detect
modest effects. Second, the non-English and non-US samples consisted of families living
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in urban areas of Europe, East Asia, or North America.While there are a few input studies
conducted in rural agrarian settings (e.g., Mastin & Vogt, 2016; Shneidman & Goldin-
Meadow, 2012; Weber et al., 2017; Zhang et al., 2023), these studies were not eligible for
ourmeta-analysis for a number of reasons (e.g., no appropriate inputmeasures, no input–
outcome correlations reported, or conducted after the final search). Thus, we cannot
speak to the degree to which input–output correlations vary across the full range of
human societies.

Cross-cultural research is critical for understanding the nature of input–outcome
correlations and what they might reveal about the causal role of input in language
development. There is considerable cross-cultural variation in how parents speak to their
children and their beliefs about the role this plays in language development (Schieffelin &
Ochs, 1986). Our current understanding of the relationship between input variation and
outcome is based almost entirely on a narrow set of environments (mostly in the U.S.,
mostly in English) in which talking to young children is not only accepted but encouraged
and deemed valuable. Determining whether the magnitude of these input–outcome
correlations is affected by variation in mean input amount or variation in the language
socialization practices will provide critical insights into the causal connections between
input and outcome. If the correlations with caregiver speech shrink or disappear entirely
in some contexts, it might suggest that other sources of input play a larger role in these
contexts, that additional factors need to be present for input to set the pace for outcomes,
or that third variables (like maternal education) are inflating the correlations in WEIRD
societies. If the correlations are present cross-culturally but increase with variation in
input within the population, it would provide additional support for the simple causal
model in which input sets the pace for early acquisition.

Currently, however, we are in no position to address these questions. While our
analysis of mean input as a moderator was negative for all input measures, the range of
variation was restricted to what is found in urbanized societies where formal education is
valued. Our review confirms the need for additional research on input effects in non-
Western societies, small-scale societies, agrarian societies, and societies where secondary
education is less common.

4.4.2. Socioeconomic status
There are compelling reasons to believe a priori that we would find larger input effects in
studies of low-SES households. Environmental differences account for more variance in
the developmental outcomes of children from lower-SES households than children from
higher-SES households (Turkheimer et al., 2003). One explanation for this pattern is that
children in lower-SES households experience more environmental heterogeneity than
high-SES children. If this was the case, we might expect to see larger input–outcome
correlations in studies with low-SES households, which we did not. One possibility is that
we were underpowered to find such effects. We had fewer studies that drew only from
low-SES households as compared tomiddle-upper SES households (e.g.,N = 7 Low versus
N = 24 M-U in our analysis of word types).

We might have also expected to find differences larger correlations in studies that
contain socioeconomically diverse samples of children (relative to middle-upper SES
samples). Recent studies have confirmed that there are, on average, modest but reliable
differences in the amount of child-directed speech between higher-SES and lower-SES
households (Dailey & Bergelson, 2022). Thus, we would expect studies that sampled from
different socioeconomic groups would find greater variation in input, and therefore larger
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input–outcome correlations. However, the absence of a moderating effect in both
AGPJM’s meta-analysis and our own suggests that this is not the case. Here again, power
is a concern: there are fewer studies in our analyses that draw from different socio-
economic groups (e.g., N = 6 Diverse versus N = 24 M-U in our analysis of word types).

4.5. Limitations

4.5.1. Unable to establish causality
Although our approach has demonstrated that associations between input and outcome
are reliable across studies, correlational research of this kind cannot disambiguate the
causal relationship between these factors. It is possible that the robust relationships
between input and outcome we observe are caused by a third variable that influences
both parental speech and the pace of child language acquisition. For example, input could
be related to other environmental factors that impact development, such as general
parental attentiveness or the availability of educational materials in the home. In addition,
most input studies are conducted with children and their biological parents. Language
ability, like most human characteristics, is greatly influenced by genetic factors
(Polderman et al., 2015; Stromswold, 2001). This introduces the possibility that the
associations between caregiver input and children’s language outcomes we observe are
genetic in nature: verbal parents have verbal children because they pass on those genes.

Nevertheless, there are several reasons to believe that these effects might be causal in
nature. For one, parent-targeted randomized control trials that produce changes in input
also often impact language outcomes (e.g., Suskind et al., 2016; Weber et al., 2017).
Second, as we have seen in our meta-analysis, input effects persist across a range of
environments and measures, suggesting that, if there is a third variable underlying the
pattern, it must be one that is correlated with both input and outcome across these
environments. Finally, although there are only a few studies that use genetically non-
confounded designs, these studies find reliable input–outcome correlations (Hardy-
Brown et al., 1981; Huttenlocher et al., 2002; Gauthier et al., 2013; Coffey et al., 2022,
but see Wadsworth et al., 2002). Unfortunately, there are not enough studies of this kind
to usemeta-analysis to determine whether the input–outcome correlation in these studies
is smaller than studies with a genetic confound. Future work of this kind is necessary to
understand the complex causal pathways linking language input and outcomes.

4.5.2. Remaining sources of bias
The only evidence of publication bias that we found was asymmetry in the funnel plot for
word types, indicating that studies with smaller samples reported larger effects than we
would expect. This asymmetry could reflect differences in the methods used in larger and
smaller studies, but it could also result from studies with non-significant correlations
being culled from the literature. We attempted to address this by reaching out to authors
for unpublished studies, but this approach is unlikely to totally eliminate this source of
bias. In a paper examining 10 meta-analyses across different areas of language and
cognitive development, Tsuji et al. (2020) found that the inclusion of unpublished
literature did not result in any significant difference in estimated effect size. This may
be because unpublished data is often collected by reaching out to authors in familiar
networks which may favour the reporting of positive results. Furthermore, it is likely that
in many published studies only a subset of correlations calculated between variables were
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reported. Preregistration and open data access have emerged as partial solutions to this
problem.

4.5.3. Limited data on other kinds of input
Almost all of the studies considered here tracked child-directed speech produced by
adults. An open question in language development is the degree to which children benefit
from overheard speech or speech produced by other children. Many accounts of rural
societies stress the importance placed on children’s ability to learn about the adult world
by watching and listening (e.g., Schieffelin & Ochs, 1986; Shneidman & Goldin-Meadow,
2012). Inmany cultures, older children assume caregiving responsibilities early in life and
potentially account for a large amount of input to young learners (e.g., Loukatou et al.,
2022; Shneidman & Goldin-Meadow, 2012). Some previous studies have suggested that
overheard speech and sibling speech are less useful for learners, at least in WEIRD
societies (e.g., Mannle et al., 1992). This might lead us to expect smaller or non-significant
relationships with outcomes as compared to maternal input. Within our sample, the few
studies of overheard speech (N = 3) and sibling input (N = 2) give uniformly null results.
Nevertheless, omitting these sources of speech risks mischaracterizing the early language
environments of children in other cultural contexts (Sperry et al., 2019).

4.6. Conclusion

In our sample of 71 input studies, we found that caregiver input predicted child language
outcomes, albeit to a lesser degree than some early studies suggested (R2 = 0.04–0.07). The
size of these input–outcome associations is similar across different input measures. For
word types, we found evidence that the correlation increases with age, as well as evidence
of publication bias. For mean length of utterance, we found larger associations between
input and outcome measures in longer observation sessions.

Supplementarymaterial. The supplementarymaterial for this article can be found at http://doi.org/10.1017/
S0305000924000692.
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