Psychiatry Research 354 (2025) 116826

Contents lists available at ScienceDirect PSYCHIATRY
RESEARCH

Psychiatry Research

o %

ELSEVIER journal homepage: www.elsevier.com/locate/psychres

Original article ' :.)

Check for

Combining genetic and behavioral predictors of 11-year language outcome i

a,b a,b

Loretta Gasparini ™ ©, Daisy A. Shepherd *""®, Katherine Lange *-"®, Jing Wang *-"®,
Ellen Verhoef®, Edith L. Bavin “*, Sheena Reilly ", Beate St. Pourcain “"%,
Melissa Wake ™', Angela T. Morgan "'

@ Murdoch Children’s Research Institute, Royal Children’s Hospital, 50 Flemington Rd, Parkville 3052, VIC, Australia
® Department of Paediatrics, The University of Melbourne, Parkville 3052, VIC, Australia

¢ Language and Genetics Department, Max Planck Institute for Psycholinguistics, Nijmegen, The Netherlands

4 School of Psychology and Public Health, La Trobe University, Bundoora, Australia

€ Health Group, Griffith University, Gold Coast, Australia

f MRC Integrative Epidemiology Unit, University of Bristol, Bristol, United Kingdom

& Donders Institute for Brain, Cognition and Behaviour, Radboud University, Nijmegen, The Netherlands

h Liggins Institute, The University of Auckland, Grafton, Auckland 1023, New Zealand

! Department of Audiology and Speech Pathology, The University of Melbourne, Parkville 3052, VIC, Australia

j Royal Children’s Hospital Melbourne, 50 Flemington Rd, Parkville 3052, VIC, Australia

ARTICLE INFO ABSTRACT

Keywords: Background: Rapid population-level identification of language disorders could help provide care to young chil-

Language d{BVElOPment dren to improve their outcomes. Two previous studies identified and replicated up to six parent-reported items

I(;angll'age disorders that predicted 11-year language outcome with >71 % sensitivity and specificity. Here, we assess whether
enetics

including genetic propensity for toddlerhood vocabulary improves predictive accuracy.
Sensitivi [ Method: The Early Language in Victoria Study (ELVS) recruited 1910 8-month-olds in Melbourne in 2003-2004.
ensitivity and specificity
Longitudinal studies The Longitudinal Study of Australian Children (LSAC) recruited 5107 0-1-year-olds across Australia in 2004.
Machine learning Both collected parent-reported items at 2-3 years, a comparable 11-year language outcome: the Clinical Eval-
uation of Language Fundamentals (CELF-4) Core Language score or Recalling Sentences subtest, and bio-
specimens for genotyping. We derived polygenic scores capturing participants’ genetic propensity for parent-
reported 24-38-month vocabulary. We calculated univariate associations with continuous language outcomes.
We used ensemble method SuperLearner to estimate how accurately the parent-reported predictors and poly-
genic scores predict low 11-year language outcome (>1.5 standard deviations below the mean) in each cohort.
Results: Language outcome was available for 839 ELVS and 1441 LSAC participants. Polygenic scores accounted
for little variance in continuous language outcomes (R? < 1.3 %). Adding polygenic scores to the predictor sets
increased accuracy of predicting language outcome by up to 7 %, but inconsistently between analyses.
Conclusions: Polygenic scores derived for toddlerhood vocabulary did not meaningfully improve predictive ac-
curacy of individuals’ language outcome when added to the phenotypic predictor set. Presently, parent-reported
measures or clinician observation appear best for predicting language outcome at this age.

Polygenic score
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vational Studies in Epidemiology.
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1. Introduction

About 7-10 % of children have a lifelong language disorder, defined
as language difficulties impacting everyday functioning (Bishop et al.,
2017; Calder et al., 2022; Norbury et al., 2016). Language disorders can
impact socio-behavioral, academic, employment and quality of life
outcomes (Dubois et al., 2020; Van Barreveld et al., 2025; Ziegenfusz
et al., 2022) and are unlikely to resolve, although intervention can help
improve functioning (Bishop et al., 2017). Language disorders are
largely unknown to the community and under-researched (McGregor,
2020).

We don’t yet have rapid, accurate, population-level ways to identify
language disorders in the preschool years (Feltner et al., 2024). This
hinders providing early support to young children with language dis-
orders, leaving them underdiagnosed and critically underserved
(McGregor, 2020). A previous study investigated all the individual
parent-reported survey items (approximately 2000) collected in the
Early Language in Victoria Study (ELVS) from 8-36 months of age,
spanning the family, socioeconomics, early communication, language
and other development. This identified a set of six parent-reported
survey items administered at 2-3 years that predicted 11-year lan-
guage with 75 % sensitivity and 81 % specificity in ELVS (Gasparini
etal., 2023). In a replication using a national-based cohort (Longitudinal
Study of Australian Children; LSAC), these same predictors yielded 78 %
sensitivity and 71 % specificity for predicting 11-12-year language
(Gasparini et al., 2024b). This set of six predictors with replicated results
has similar or better sensitivity and specificity for predicting late
childhood language outcome compared to other studies that have
looked at the accuracy of early predictors (e.g. Armstrong et al., 2018;
and for a review see Feltner et al., 2024). Although 70-80 % sensitivity
and specificity has been cited as potentially acceptable for develop-
mental screening (Council on Children With Disabilities et al., 2006;
Wallace et al., 2015), it still misclassifies many children. If used for
screening, this would prevent children misclassified as not having a
language disorder from receiving the support they need. It would waste
time and money and cause undue stress for families whose child is
misclassified as having a language disorder. Improving predictive ac-
curacy would bring such tools closer to suitability for population-wide
screening (Feltner et al., 2024).

Current approaches to identifying preschool children likely to have
persisting language difficulties are limited to observable traits of the
child or their environment (e.g. Armstrong et al., 2018; Borovsky et al.,
2021; Feltner et al., 2024; Law et al., 2023; McKean et al., 2016).
However, there is evidence that both genetic and environmental factors
influence language and related skills (Mountford et al., 2022). The
human genome is present at birth and consistent throughout life, so if
accurate measures representing genetic propensity for later language
outcome become available, they could be collected at birth or in early
life to aid early identification (Plomin and Von Stumm, 2022).

Previous studies examining genetic measures of language propensity
are scarce and have yielded mixed results. In one study, genetic pro-
pensity for language disorder using genome-wide association studies
(GWAS) from a cohort of 700 individuals explained 3.8 % of genetic
variance for having a language disorder (Schiavon et al., 2024). In
another, genetic propensity for 8-year expressive vocabulary derived
using GWAS from a cohort of 2718 children and a constrained set of
genes was found to account for only 0.18 % of variance in the phenotype
for which it was derived (8-year expressive vocabulary) (Newbury et al.,
2019). In that same study, genetic propensity scores for 15-month vo-
cabulary accounted for 0.11 % variance of that phenotype, and for all
other genetic propensity scores, the variance explained of the pheno-
types for which they were derived was <0.1 %. The approach for
deriving genetic measures can greatly affect the effect size (Pain et al.,
2021). Genetic propensity scores for toddlerhood vocabulary calculated
using larger GWAS samples than Newbury et al. (2019) and Schiavon
et al. (2024) have been found to be associated with later phenotypes
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including listening comprehension, literacy, intelligence, and
Attention-Deficit/Hyperactivity Disorder (Verhoef et al., 2020, 2023).
Extending these findings, our study is, to our knowledge, the first to
examine the relations between genome-wide genetic propensity scores
based on a large GWAS sample (n > 6000) and a late-childhood global
language phenotype that spans receptive and productive vocabulary and
grammar. Furthermore, our study uniquely investigates whether genetic
propensity scores can help identify children with language difficulties at
the individual level. Combining genetic propensity scores with behav-
ioral predictors may improve classification models beyond relying on
only one approach, as has been found in risk profiling for various psy-
chiatric and neurodevelopmental conditions (Bourque et al., 2025;
Dybdahl Krebs et al., 2024; Murray et al., 2021), but not yet for pre-
dicting later language outcomes.

1.1. Aim

In the current study, we derived polygenic scores (PGSs), reflecting
part of an individual’s genetic propensity for toddlerhood expressive
and receptive vocabulary. We added these PGSs to an established,
replicated set of parent-reported language predictors (Gasparini et al.,
2023; Gasparini et al., 2024b). We assessed whether this strategy im-
proves accuracy for predicting individuals’ 11-year language outcome.

2. Methods

We preregistered the methods in a protocol and reported protocol
amendments. These and all Supporting information files and statistical
analysis code are available on Open Science Framework (OSF) at htt
ps://osf.io/mrxdg/?view_only=90878858c980441d8e0190alce23cc54
under ‘Files’. For ELVS and LSAC, ethical approval was granted, guard-
ians provided written, informed consent, and permission was granted to
use the data for the current study.

We follow the Strengthening the Reporting of Observational Studies
in Epidemiology (STROBE) guidelines (von Elm et al., 2007). See Sup-
porting information 1 for additional methodological details and Sup-
porting information 2 for explanations of key terms used in this paper.

2.1. Study design and participants

In this study, we used two cohorts, ELVS (Reilly et al., 2018) and
LSAC (Clifford et al., 2019; Edwards, 2014; Sanson and Johnstone,
2004), to assess the predictive accuracy of our genetic and
parent-reported predictors. We refer to these as the “analysis datasets”.
To derive the genetic predictors, we drew data from a meta-GWAS
across multiple cohorts of children (Verhoef et al., 2023), which we
refer to as the “GWAS dataset”. In this study, the GWAS and analysis
datasets are independent from each other, so no individual person
participated in more than one. We describe the analysis datasets below,
and describe the GWAS dataset and procedures for deriving the genetic
predictors in 2.2.2.

Both ELVS and LSAC are Australian prospective longitudinal
population-based cohorts that recruited infants in 2003-2004 (at
recruitment, ELVS: n = 1910; LSAC: n = 5107) and collected data on
children’s families, environment and development at least biennially
from infancy until adolescence (at 11 years, ELVS had n = 851; at 11-12
years LSAC had n = 1874 participants).

ELVS recruited in six metropolitan areas of Melbourne, Victoria.
Participants were excluded from joining ELVS if at recruitment (8
months of age) the Maternal and Child Health Nurse identified them as
having a disability likely to interfere with their language development.
This included developmental delay, cerebral palsy, a syndrome, intel-
lectual or physical disability, cleft lip or palate, vision or hearing
impairment. Children were also excluded if their parents did not un-
derstand English sufficiently to complete questionnaires designed for
grade 6 reading level.


https://osf.io/mrxdg/
https://osf.io/mrxdg/
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LSAC recruited across Australia using a clustered design and children
were excluded from recruitment if they lived in some remote parts of
Australia, were not enrolled in Medicare or had no fixed address at the
time of sampling. See Supporting information 1 for further cohort
details.

2.2. Variables

2.2.1. Parent-reported predictors

ELVS and LSAC participants’ parents completed surveys relating to
their child, the family and home environment. The current study uses six
parent survey items (all administered in English; listed in Table 1) from
ELVS at ages 24 and 36 months, and from LSAC at 2-3 years. We used
this set of predictors in this study as it has been found to have >71 %
sensitivity and specificity for predicting 11-year language outcome,
replicated across ELVS and LSAC (Gasparini et al., 2023; Gasparini et al.,
2024Db). Its predictive accuracy is comparable to any of the other pre-
dictor sets investigated in those two studies, which spanned thousands
of predictors across various domains of child development and their
environment (always maximum 70-85 % sensitivity and specificity)
(Gasparini et al., 2023; Gasparini et al., 2024b). However, in the current
primary analysis we excluded the variable about child behavior as it had
57 % missing data amongst LSAC children with an available outcome,
while the other predictors all had <20 % missingness (Gasparini et al.,
2024b). Excluding this variable, the remaining five predictors still had
satisfactory predictive accuracy (Area Under the receiving operating
characteristic Curve, AUC>71 %, see Supporting information 4).

2.2.2. Genetic predictors

Participants provided biospecimens for genotyping at 7 years in
ELVS (Richards et al., 1993) and at 11-12 years in LSAC. Samples with
300 ng DNA (deoxyribonucleic acid) were genotyped. We imputed
further genotypes and cleaned the data, excluding single nucleotide
polymorphisms (SNPs, genetic variants at a single position in the genetic
code) and participants with low-quality data based on our preregistered
criteria. See Supporting information 1 for further details on genotyping,
imputation, data cleaning, quality checks and PGS calculation.

GWAS summary statistics estimate the association of each SNP with a
phenotype of interest. In this case, we obtained GWAS summary statis-
tics from the EAGLE (Early Genetics and Life Course Epidemiology)
Consortium (Verhoef et al., 2023). The analyses from the EAGLE

Table 1

Six questions asked at 24 and 36 months that yielded 75 % sensitivity and 81 %
specificity for predicting 11-year low language ability in the ELVS cohort and 78
% sensitivity and 71 % specificity in the LSAC cohort.

Question Options Source
Mark the sentence that sounds most like the way This dolly big CDI-III
your child talks at the moment. If your child is This dolly big and
saying sentences even longer or more this dolly little
complicated than the two provided, mark the
second one.
“Circle” Says CDI-III
Not yet
“Accident” Says CDI-IIT
Not yet
“Kangaroo” Says CDI-III
Not yet
“Forget/forgot” Says CDI-III
Not yet
Do you have any concerns about how your child No PEDS
behaves?* Yes
A little

CDI-III: MacArthur-Bates Communicative Development Inventories, Third Edi-
tion (Dale, 2007); PEDS: Parents’ Evaluation of Developmental Status (Glascoe,
1999).

* Excluded from our primary analysis due to high data missingness. Included
in a sensitivity analysis.
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Consortium comprised seven cohorts (Avon Longitudinal Study Parents
and Children [ALSPAC], Barwon Infant Study, Copenhagen Prospective
Studies on Asthma in Childhood, Generation R, Raine Study, Twins Early
Development Study, and LSAC) amounting to 17,298 children of Euro-
pean descent. Within each cohort participating in the meta-GWAS,
expressive vocabulary size between 24-38 months of age was esti-
mated using age- and language-specific, parent-reported word lists
adapted from the MacArthur-Bates Communicative Development In-
ventories (CDI, Fenson et al., 1993) or the Language Development
Survey (Rescorla, 1989). Additionally, at 38 months in ALSPAC,
receptive vocabulary size was estimated using the CDI. Genetic samples
were also collected from participants from each cohort. Verhoef et al.
(2023) then meta-analyzed seven cohort-level GWAS summary statistics
(reflecting associations of each SNP with 24-38-month vocabulary size)
to yield meta-GWAS summary statistics for toddlerhood expressive (n =
16,615) and receptive (n = 6291) vocabulary.

Verhoef and colleagues’ (2023) meta-GWAS for expressive vocabu-
lary originally included the LSAC cohort. So, for the current study, we re-
ran their meta-GWAS for expressive vocabulary excluding LSAC, to
create independence between the GWAS dataset and our analysis data-
sets (ELVS and LSAC). Thus, our PGS for expressive vocabulary was
derived from GWAS summary statistics for expressive vocabulary size
from the remaining six EAGLE cohorts (n = 15,481). Verhoef and col-
leagues’ (2023) GWAS summary statistics for receptive vocabulary were
derived using participants from ALSPAC only (n = 6291), thus they were
already independent from our analysis datasets, and we used these
summary statistics in the current study.

For each ELVS and LSAC participant (from whom a genotyped
sample was available and who met our quality control criteria), each of
their genetic variants (SNPs that met our quality control criteria) were
weighted by their relative effect size obtained from the toddlerhood
vocabulary GWAS summary statistics (Verhoef et al., 2023). We then
summed these weighted values across all matched SNPs to compute a
PGS for expressive vocabulary at 24-38 months (denoted ‘PGS-ex’) and
a PGS for receptive vocabulary at 38 months (‘PGS-rec’) for each ELVS
and LSAC individual (Qi et al., 2012). We inspected the PGS distribu-
tions for normality and transformed each PGS to internal z-scores, where
a higher PGS indicates greater genetic propensity for larger vocabulary
size at 24-38 months.

2.2.3. Outcome variable

At 11 years the ELVS participants completed the Clinical Evaluation
of Language Fundamentals, Fourth Edition, Australian Standardized
Edition (CELF-4) in English (Pearson Education, 2008; Semel et al.,
2006). In this study, the ELVS 11-year language outcome was the CELF-4
Core Language score (Semel et al., 2006). The CELF-4 is a standardized
tool used widely in clinical practice that yields a Core Language score
with a mean of 100 and standard deviation (SD) of 15, where a higher
score corresponds to better performance.

At 11-12 years, the LSAC participants completed the Recalling
Sentences subtest of the CELF-4 in English (Semel et al., 2006), which is
the LSAC 11-year language outcome in this study. Participants heard
audio recordings of sentences via audio file on an iPad which they were
asked to repeat verbatim (Wang et al., 2018). This differs from the ELVS
outcome measure because LSAC did not administer the whole CELF-4,
only this subtest. Based on previous studies showing sentence repeti-
tion to strongly agree with global language skills (Archibald and Joa-
nisse, 2009; Botting et al., 2001; M. Klem et al., 2015; Redmond et al.,
2019; Smith et al., 2019), we consider this subtest a suitable language
outcome measure for our purposes, but we discuss the limitations of
potentially misclassifying some LSAC children in 4.1. The Recalling
Sentences subtest age-related scaled scores range from 1-18 with a mean
of 10 and SD of 3.

Language skills exist on a continuum, with no clear cut-off dis-
tinguishing typical language and language disorders (Bishop et al.,
2016). Thus, we examined univariate associations between continuous
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polygenic scores and continuous CELF-4 Core Language or Recalling
Sentences scores. However, as we are interested in identifying children
likelier to have later language difficulties, we used a dichotomous lan-
guage outcome when evaluating predictive performance. The CELF-4
Core Language score has been found to have 100 % sensitivity and 89
% specificity for diagnosing Language Disorder at a cut-off of 1.5SD
below the population mean (Pearson Education, 2008). Thus, in our
primary analysis of predictive performance, we dichotomized the
outcome as “low” language at this cut-off of >1.55D below the popu-
lation mean (Core Language score <77.5 or Recalling Sentences scaled
score <5.5), or as “typical” language (Core Language score >77.5 or
Recalling Sentences scaled score >5.5). In sensitivity analyses we used
1.25SD and 2SD cut-offs (see 2.3.1.2). We consider a low CELF-4 Core
Language or Recalling Sentences score as a potential indicator, but not a
diagnosis, of Language Disorder.

2.3. Statistical methods

We conducted statistical analyses in RStudio (R Core Team, 2020;
RStudio Team, 2020), with self-developed R code provided on the OSF
repository.

2.3.1. Primary analysis

2.3.1.1. Univariate associations. Separately for ELVS and LSAC, we
calculated Pearson’s correlations with 95 % confidence intervals (CIs)
between (a) PGS-ex and PGS-rec, and (b) each of PGS-ex and PGS-rec
and the continuous language outcomes. We squared the Pearson’s cor-
relations values to obtain R? estimates, which represent the percentage
of variance one variable accounts for in the other in a univariate
association.

2.3.1.2. Predictive performance. We used SuperLearner (Polley et al.,
2021; van der Laan et al., 2007), an ensemble approach that uses various
machine learning algorithms to estimate the predictive accuracy (AUC)
of the PGSs, the parent-reported predictor sets, and combinations
thereof. We applied 10-fold cross-validation and included various indi-
vidual algorithms in our SuperLearner algorithm (see Supporting in-
formation 1 for details). We ran models using complete case data
(individuals with no missing variables included in the given model)
(Dashti et al., 2021) and report for each model the total number of
participants with complete case data included.

For ELVS and LSAC separately, we ran SuperLearner with the
following predictor sets: (i) five parent-reported predictors (denoted as
‘Pheno’); (ii) PGS-ex, (iii), PGS-rec, (iv) PGS-ex & PGS-rec, (v) Pheno &
PGS-ex; (vi) Pheno & PGS-rec; (vii) Pheno & PGS-ex & PGS-rec. For these
seven sets of predictors, we calculated the AUC of the predictor sets with
corresponding 95 % ClIs. We compared the AUC of the different predictor
sets, to understand how much the predictive accuracy of the set of
phenotypic predictors improves when adding a genetic predictor,
namely PGSs for toddlerhood vocabulary size, replicated across two
cohorts.

Additionally, we combined the ELVS and LSAC cohorts and ran
SuperLearner with the five parent-reported predictors ((i) Pheno, as
above) to improve precision (we could not combine the PGSs between
cohorts due to technical barriers, see Supporting information 1 for an
explanation).

When inspecting predictor set accuracy, we consider AUC, sensitivity
or specificity of <70 % as “unsatisfactory”, 70-79 % as “fair”, 80-89 %
as “good” and greater than 90 % as “excellent”. We consider the 95 %
confidence intervals (ClIs) to reflect the precision and level of uncer-
tainty of our results.

2.3.2. Additional analyses
We ran various sensitivity analyses to support our primary analyses.
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See the full methods and results in Supporting information 1 and 4
respectively. Briefly, (1) we meta-analyzed the correlation coefficients
of the PGSs and language outcome. (2) We included in all models only
the participants for whom the five phenotypic predictors, the PGSs and a
language outcome were all available (rather than all participants with
complete cases for each given model). (3) We included in the models
only participants of European genetic ancestry. (4) We derived the PGSs
using the same method as Verhoef et al. (2023) using a Bayesian-based
approach developed by Ge et al. (2019). (5) We used alternative lan-
guage outcome cut-offs of 1.25 and 2SD, instead of 1.5SD, below the
mean. (6) We used the CELF-4 Recalling Sentences subtest as the
outcome in ELVS. (7) We added the PGSs to the six-item predictor set
reported in two previous studies that we excluded in our main analysis
as it resulted in greater data loss. Finally, (8) we estimated the predictive
accuracy of a predictor set replacing the vocabulary item ‘kangaroo’
with ‘today’, to create an alternative that may be more suitable for in-
ternational users. We report in the Results any results that do not accord
with the primary results.

3. Results
3.1. Participant characteristics

A language outcome was available for 839 (43.9 %) ELVS and 1441
(28.2 %) LSAC participants recruited at baseline. In both cohorts, the
group of participants for whom an outcome was available lived in more
socioeconomically advantaged neighborhoods, had parents with higher
education levels, had fewer Aboriginal and Torres Strait Islander fam-
ilies, and fewer families from non-English-speaking backgrounds than
those for whom an outcome was not available. In Supporting informa-
tion 3 we report participant characteristics and summarize the miss-
ingness levels and proportions or means and SDs of all the variables used
in our analyses.

3.2. Primary analysis

3.2.1. Univariate associations

Linear associations between PGS-ex, PGS-rec and the 11-year lan-
guage outcome were similar in the two cohorts (Fig. 1). There was a
modest overlap in variance between the expressive and receptive PGSs
(14-16 % variance; Table 2). There was very small linear association
between either PGS and language outcome in both cohorts (r < 0.114,
corresponding to the PGSs accounting for <1.3 % variance in continuous
language outcomes). The ELVS 95 % CIs suggest some uncertainty (the
upper 95 % CI value suggests up to 3.8 % variance accounted for by PGS-
rec), but the LSAC 95 % CI values all indicate very small associations
(upper 95 % CI values suggesting maximum 0.9 % variance accounted
for by PGS-ex).

3.2.2. Predictive performance

SuperLearner prediction model results are presented in Table 3. The
five parent-reported phenotypic predictors (Pheno) resulted in an esti-
mated AUC of 72-86 %, similar to results in the studies that developed
this predictor set (Gasparini et al., 2023; Gasparini et al., 2024b). When
adding the PGS derived from receptive vocabulary to the five phenotypic
predictors (Pheno & PGS-rec), the AUC increased by about 1 % in ELVS
and 4 % in LSAC, compared to Pheno (see Fig. 2). In both cohorts, this
predictor set (Pheno & PGS-rec) yielded the highest predictive accuracy
(AUC). However, 95 % CIs largely overlapped with those obtained for
the phenotypic predictors alone. Adding PGS-ex instead of PGS-rec, or
both, to the phenotypic predictors yielded similar results, suggesting
only marginal improvement by adding genetic propensity scores for
toddlerhood vocabulary. Both PGS-ex and PGS-rec had low predictive
accuracy when studied without phenotypic predictors, with AUC values
close to chance level at 50 %.

Next, we combined ELVS and LSAC data and calculated the
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Fig. 1. Scatterplots of the relationships between z-scaled PGSs reflecting genetic propensity for 24-38-month expressive (PGS-ex, top) and receptive (PGS-rec,
bottom) vocabulary (x-axis) and 11-year language outcomes (y-axis). On the left are the results for ELVS and on the right LSAC. Regression lines are included.

Table 2

Pairwise correlation coefficients (r) and % variance accounted for (R? x 100)
with 95 % CIs between PGSs reflecting genetic propensity for expressive vo-
cabulary (PGS-ex), PGSs for receptive vocabulary (PGS-rec), and 11-year lan-
guage outcome (ELVS: CELF-4 Core Language score, LSAC: CELF-4 Recalling
Sentences scaled score), assuming a linear association.

ELVS LSAC
r (95 % CI) R? x 100 (95 (95 % CI) R? x 100 (95
% CI) % CI)
PGS-ex ~ PGS-  0.385 14.840 0.396 (0.354,  15.668
rec (0.324, (10.470, 0.436) (12.521,
0.444) 19.686) 19.029)
11-year- 0.038 0.146 (0.000,  —0.038 0.146 (0.000,
language ~ (—0.046, 1.480) (—0.093, 0.872)
PGS-ex 0.122) 0.017)
11-year- 0.114 1.293(0.090,  0.008 0.007 (0.000,
language ~ (0.030, 3.831) (—0.047, 0.407)
PGS-rec 0.196) 0.064)

predictive accuracy of the five parent-reported phenotypic predictors
(Table 4). As expected, this shows predictive accuracy values in between
those of ELVS and LSAC when examined alone, with increased precision
as reflected by the slightly narrower 95 % Cls (compare with ‘Pheno’ in
Table 3). However, the sensitivity estimates remain rather imprecise,
with 95 % CIs spanning a 20 % range, reflecting the low prevalence of
low language outcome.

3.3. Additional analyses

Our sensitivity analyses methods and results are described in Sup-
porting information 1 and 4 respectively. Meta-analyzing the pairwise
correlation coefficients yielded similar point estimates but wider 95 %
Cls than the single cohorts (11-year-language~PGS-ex: R?=0.005 %
[0.000 %, 20.259 %]; 11-year-language~PGS-rec: R?=0.317 % [0.000
%, 38.440 %]) suggesting uncertainty in these estimates. In our sensi-
tivity analyses where we used an alternative subsample of participants,

method for deriving PGSs, language outcome, or phenotypic predictor
set, adding PGSs to the phenotypic predictor set sometimes improved
predictive accuracy by up to 7 % (see Supporting information 4
Table S4.12), but sometimes not at all (see Supporting information 4
Tables S4.9, S4.11), and never consistently between different analyses,
PGS type (expressive or receptive), or cohorts (ELVS or LSAC). In all
cases across our primary and sensitivity analyses, when comparing the
predictive accuracy of phenotypic predictors only and the addition of a
PGS, 95 % CI values overlapped substantially.

4. Discussion

Genetic propensity scores (PGSs) derived for toddlerhood vocabulary
had very small linear relationships with 11-year language outcomes in
both ELVS and LSAC, accounting for a maximum of 1.3 % variance. The
amount of variance explained is up to almost 10 times larger than a
previous study of PGSs derived for various childhood language pheno-
types using only a constrained set of genes, who found at most 0.18 %
variance explained by their polygenic scores (Newbury et al., 2019).
However, we note that our 95 % CIs include values as low as 0.00 %
variance, indicating low precision in our point estimates.

Previous studies have suggested that genetic propensity for
toddlerhood vocabulary may lay a foundation for later literacy and
cognitive skills (e.g., genetic correlation of 0.79 with spelling outcomes
in Verhoef et al., 2023). Our results provide limited evidence for such
genetic links with late childhood global language performance, although
this may reflect low statistical power.

Given that PGSs capture only part of (genetic) contributions to a
trait, it is expected that our PGSs alone could not predict language
outcome at the individual level (Bourque et al., 2025; Murray et al.,
2021). But neither did our PGSs improve the prediction of individuals’
language outcomes when combined with parent-reported predictors,
suggesting they capture little unique information. Adding PGSs to the
phenotypic predictor set improved predictive accuracy (AUC) by up to 7
% in some cases, but sometimes not at all. The 95 % CIs always over-
lapped, and findings were not consistent between cohorts, PGS type
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Table 3
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Area under the curve (AUC) of SuperLearner models with different combinations of predictors for each cohort ELVS (left) and LSAC (right). ‘Typical’ and ‘Low’ show
the number of participants included in each group after removing missing data. Bold indicates the models with the highest AUC for each cohort.

ELVS LSAC
n Model* AUC (95 % CI) n Model AUC (95 % CI)
Typical Low Typical Low
Five phenotypic predictors (Pheno) 750 25 SuperLearner 0.861 (0.783, 0.939) 1134 48 SuperLearner 0.729 (0.645, 0.812)
Discrete 0.845 (0.759, 0.930) Discrete 0.742 (0.660, 0.823)
Expressive vocab PGS (PGS-ex) 525 21 SuperLearner 0.486 (0.338, 0.634) 1188 68 SuperLearner 0.447 (0.376, 0.517)
Discrete 0.431 (0.266, 0.595) Discrete 0.461 (0.389, 0.534)
Receptive vocab PGS (PGS-rec) 525 21 SuperLearner 0.560 (0.409, 0.711) 1188 68 SuperLearner 0.419 (0.346, 0.492)
Discrete 0.448 (0.284, 0.611) Discrete 0.425 (0.351, 0.499)
PGS-ex & 525 21 SuperLearner 0.554 (0.397, 0.710) 1188 68 SuperLearner 0.453 (0.381, 0.525)
PGS-rec Discrete 0.612 (0.471, 0.754) Discrete 0.442 (0.374, 0.509)
Pheno & PGS-ex 499 16 SuperLearner 0.862 (0.770, 0.954) 994 41 SuperLearner 0.759 (0.683, 0.835)
Discrete 0.798 (0.684, 0.912) Discrete 0.770 (0.696, 0.844)
Pheno & PGS-rec 499 16 SuperLearner 0.851 (0.747, 0.955) 994 41 SuperLearner 0.785 (0.720, 0.850)
Discrete 0.873 (0.798, 0.947) Discrete 0.781 (0.710, 0.851)
Pheno & PGS-ex & PGS-rec 499 16 SuperLearner 0.851 (0.748, 0.954) 994 41 SuperLearner 0.780 (0.713, 0.847)
Discrete 0.834 (0.720, 0.947) Discrete 0.752 (0.674, 0.830)

" ‘SuperLearner’ is ensemble-based using multiple algorithms (listed in Supporting information 1). ‘Discrete’ is the single best performing algorithm. We select the

best performing of the two for a given predictor set.

ELVS LSAC
86.1%[78.3,93.9] 87.3[79.8,94.7]  74.2%[66.0,82.2]  78.5% [72.0, 85.0]
1
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Good | ¢ | - T
Fair } 1L
0.6
05
0.4
Poor 03
02
0.1

Pheno

Pheno & PGS-rec Pheno Pheno & PGS-rec

Fig. 2. AUC [95 % ClIs] of (a) the five parent-reported phenotypic predictors
only, (Pheno, dark) and (b) that set of phenotypic predictors plus the PGS
derived for receptive vocabulary PGS-rec (Pheno & PGS-rec, light) in ELVS (red,
left) and LSAC (blue, right).

Table 4

AUC, sensitivity and specificity of SuperLearner models with the set of five
parent-reported predictors, combining ELVS and LSAC. ‘Typical’ and ‘Low’ show
the number of participants included in each group after removing missing data.

n Model* AUC Sensitivity Specificity
. (95 % (95 % CI) (95 % CI)
Typical  Low
(¢l))]
Pheno 1884 73 SuperLearner  0.78 0.73(0.61, 0.76 (0.74,
(0.71, 0.82) 0.78)
0.84)
Discrete 0.80 0.74 (0.62, 0.74(0.72,
(0.74, 0.84) 0.76)
0.85)

" ‘SuperLearner’ is ensemble-based using multiple algorithms (listed in Sup-
porting information 1). ‘Discrete’ is the single best performing algorithm. We
select the best performing of the two for a given predictor set.

(expressive or receptive vocabulary), or sensitivity analyses, limiting our
confidence in any improvement afforded by the PGSs.

This small and inconsistent relationship between the PGSs and 11-
year language outcome may be because expressive and receptive vo-
cabulary fluctuate greatly throughout toddler- and childhood (Reilly
et al., 2014). A GWAS derived for alternative language phenotypes may
be more effective at capturing relevant genetic effects. Some methodo-
logical explanations for our findings may be due to our approach to
calculating PGSs. Although we did follow the approach that yielded the
best results in a previous study examining body mass index (Lange et al.,

2022). And in a sensitivity analysis, we used the approach used by the
EAGLE Consortium (Ge et al., 2019; Verhoef et al., 2023), which was
found to be on average one of the best methods for deriving PGSs in a
methodological study of different derivation approaches and various
outcomes (Pain et al., 2021). Additionally, restricting SNPs to those that
could be imputed in both cohorts may have resulted in more consistent
results across cohorts, albeit the smaller set of SNPs would have resulted
in lower precision, so we opted against this. Our current sample size may
have also been underpowered to detect a substantial contribution of the
PGSs, as shown by wide 95 % CIs in the meta-analysis of correlation
coefficients.

4.1. Strengths and limitations

Our study has many strengths. The GWAS from which we derived our
genetic measures is the largest to date that examined genetic associa-
tions with language-related phenotypes (PGS-ex: n = 15,481, PGS-rec: n
= 6291 participants) (Verhoef et al., 2023) and we exploited two
different PGS approaches that yielded similar results. Both ELVS and
LSAC recruited across whole communities with broad inclusion criteria.
Repeating our results across these two cohorts allowed us to observe
whether our results replicated in two Australian population-based
cohort studies. Collecting a standardized language outcome in late
childhood allowed us to identify children with persisting language dif-
ficulties (a characteristic of Language Disorder) (McKean et al., 2017).
Our ELVS language outcome is a widely used measure for diagnosing
Language Disorder, giving us confidence that the ELVS children were
classified appropriately as having low or typical language at 11 years
(see next paragraph for a discussion on limitations of the LSAC
outcome). Using the ensemble method SuperLearner minimizes the ef-
fects of arbitrary decisions by running multiple algorithms and param-
eters, it is able to flexibly observe non-linear relationships and
interactions between variables, and it uses cross-validation to reduce
overfitting (Lever et al., 2016).

Regarding limitations, our complete case analyses likely introduced
selection bias, as the groups of ELVS and LSAC participants from whom
an outcome was available are more socioeconomically advantaged, have
fewer Aboriginal and Torres Strait Islander families and families from
non-English-speaking backgrounds than their counterparts for whom an
outcome was not available. A limitation of our language outcome was
that LSAC only administered the CELF-4 Recalling Sentences subtest,
which has been found to have good to excellent, but not perfect,
agreement with global language across several studies (Archibald and
Joanisse, 2009; Botting et al., 2001; M. Klem et al., 2015; Redmond
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et al., 2019; Smith et al., 2019). By extrapolating the level of agreement
between CELF-4 Core Language Score and Recalling Sentences in ELVS,
we estimate we may have misclassified about a quarter of LSAC children
we classified as having low language outcome, or about 2 % of all LSAC
children (see Supporting information 4, Section 6). While this may
somewhat lower one’s confidence in our LSAC results, it is worth noting
that our interpretations are consistent between both ELVS, who used a
robust outcome, and LSAC. That is: across both cohorts, the
parent-reported predictor set has fair predictive accuracy, and adding
PGS does not consistently improve predictive accuracy.

4.2. Future directions

The currently available PGSs derived for parent-reported toddler-
hood vocabulary did not consistently correlate with late-childhood
language outcomes across two Australian cohorts. To estimate in-
dividuals’ genetic propensity for persisting language skills, future
research could derive PGSs for direct language outcome measures
collected at later ages, namely from 4 years to around 11 years and at
multiple timepoints, to better characterize children’s persisting lan-
guage skills (McKean et al., 2017). These outcome measures should be
ones that have been validated as representing overall language skills (e.
g. CELF Core Language score, or sentence repetition which has been
found to be a good proxy: Archibald and Joanisse, 2009; Botting et al.,
2001; M. Klem et al., 2015; Redmond et al., 2019; Smith et al., 2019).
While Newbury et al. (2019) did include a variety of later language
phenotypes and did not find any large genetic effects, this may be due to
their smaller GWAS sample and the fact that they only included a con-
strained set of genes to derive polygenic scores (they did this to increase
power, due to their small sample). Meanwhile Schiavon et al. (2024)
estimated a 3.8 % genetic effect of language disorder using GWAS with a
later language phenotype, albeit their GWAS sample size was also small
(n = 700). Thus, deriving GWAS summary statistics and PGSs each from
much larger, as well as more diverse, samples may yield more precise
and generalizable results. A future study could also systematically
compare different PGS calculation methods (e.g. as per Lange et al.,
2022; Pain et al., 2021) to determine the optimal methods for deriving
language-related PGSs.

4.3. Practical implications

Adding a PGS for toddlerhood receptive vocabulary to the pheno-
typic predictors resulted in the highest AUC in both cohorts in our pri-
mary analysis. However, as the improvement was only marginal and
inconsistent, the current findings do not justify collecting biospecimens
to individually predict language outcomes. For now, parent-reported
measures or assessment of language skills by a trained examiner
appear most promising for predicting in the preschool years later lan-
guage outcome (Feltner et al., 2024).

Our five-item phenotypic predictor set could be suitable for
recruiting 2-3-year-old participants into research studies at large scale
where more accurate but lengthier instruments (e.g. Feltner et al., 2024)
are not feasible. As such, we have made code available for researchers to
input the results of parents’ surveys to yield estimated probabilities of
participants having persisting language difficulties (Gasparini et al.,
2024a). The predictor set in its current form is inappropriate for clinical
screening for language disorder due to the proportion of children it
would misclassify (about 25 %). Instead, clinicians may use longer, more
accurate screening tools or a longitudinal surveillance approach,
following best practice (Bishop et al., 2016; Eadie et al., 2022; Feltner
et al., 2024).

5. Conclusion

We have reported a set of five parent-reported variables that can be
asked when children are aged 2-3 years with “fair” accuracy (74 %
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sensitivity and specificity) for predicting which children will have low
language skills at 11-12 years. Currently available PGSs derived for
toddlerhood vocabulary did not meaningfully improve predictive ac-
curacy of individuals’ language outcome when added to the phenotypic
predictor set. This reflects the fact that PGSs only account for part of an
individual’s genetic propensity for a trait, and genetically complex
phenotypes like language likely involve a strong interplay between ge-
netics and environment. Different approaches to phenotyping and
deriving genetic measures, as well as larger samples may be needed to
develop genetic predictors of language for individual-level prediction.
For now, parent report or assessment by a trained examiner, perhaps
using a longitudinal surveillance approach (Eadie et al., 2022), appear
most promising for predicting later language outcome in the preschool
years.
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