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Abstract

Reading difficulties are prevalent worldwide, including in economically developed countries, and are associated with low academic achieve-
ment and unemployment. Longitudinal studies have identified several early childhood predictors of reading ability, but studies frequently lack
genotype data that would enable testing of predictors with heritable influences. The National Child Development Study (NCDS) is a UK birth
cohort study containing direct reading skill variables at every data collection wave from age 7 years through to adulthood with a subsample
(final n= 6431) for whommodern genotype data are available. It is one of the longest running UK cohort studies for which genotyped data are
currently available and is a rich dataset with excellent potential for future phenotypic and gene-by-environment interaction studies in reading.
Here, we carry out imputation of the genotype data to the Haplotype Reference Panel, an updated reference panel that offers greater impu-
tation quality. Guiding phenotype choice, we report a principal components analysis of nine reading variables, yielding a compositemeasure of
reading ability in the genotyped sample. We include recommendations for use of composite scores and the most reliable variables for use
during childhood when conducting longitudinal, genetically sensitive analyses of reading ability.
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Poor functional reading skill is a global problem with high preva-
lence, even in economically developed countries. For example, 21%
of the population of the United States have poor English literacy
skills (Mamedova & Pawlowski, 2019), and 16.4% of the adult pop-
ulation in England struggle with reading unfamiliar material
(National Literacy Trust, ca. 2017). The annual global cost of poor
literacy skills is estimated to be £800 billion (World Literacy
Foundation, 2018). It is imperative to identify the causes of reading
skill variation so that early identification and intervention in cases
of potential reading disorder is possible, which can improve both
word-reading and comprehension skills (Snowling & Hulme,
2011). This could reduce related negative outcomes, such as lower
educational attainment and unemployment (Currie & Thomas,
1999). Cohort studies are particularly valuable for determining
the causes of reading ability if they have extensive longitudinal data
from birth and linked genetic data. Here, we outline a UK birth
cohort study, the National Child Development Study (NCDS), that
has a wide range of readingmeasures in childhood andmeasures of

functional reading ability in adulthood, along with genotyped data
in a large subsample. Data collection began in 1958, and there is a
rich variety of environmental variables collected at all age points.
We present a series of carefully selected reading measures that we
suggest for future studies, along with the protocol for imputation of
the genotype data. The imputed data is available for researchers to
access from the Centre for Longitudinal Studies.

Longitudinal studies of reading are required to build a complete
picture of predictors of reading ability from childhood through to
adulthood. The majority of existing longitudinal reading studies
have been conducted across short time periods in early childhood
(Psyridou et al., 2020). This approach overlooks two reading tra-
jectories: those who read well in early childhood and begin to
develop reading problems later, and those who have difficulties
in acquiring reading skills in early childhood but go on to read nor-
mally (Catts et al., 2012). This provides clear incentive for use of
longitudinal reading datasets that extend beyond early childhood.
Additionally, several studies have identified that environmental
circumstances in early childhood, such as socioeconomic status
(SES) and maternal education, are associated with reading out-
comes years later (e.g., Russell et al., 2016; Senechal, 2006;
Williams & Silva; 1985). While these existing studies have gener-
ated insight into early predictors, they do not reach adulthood and
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potential lifespan sequalae of reading difficulty. In general, reading
fluency appears to stabilize around adolescence (Lohvansuu et al.,
2021) with little or no changes during middle age (Reder, 2012).
However, small to moderate gains can still be made in adulthood
with targeted intervention (Sabatini et al., 2011), and individual
differences in rate of change have been identified (Lechner et al.,
2021), so it is important to track the trajectory of reading skill over
the lifespan. The NCDS contains reading skill data for a large, gen-
otyped subsample up to and including adulthood, allowing longer
term longitudinal studies to be conducted.

Comprehensive reading studies should use environmental data
to build a full picture of predictors. Some identified predictors of
reading ability are physiological in nature (e.g., Leppänen et al.,
2010; Lohvansuu et al., 2021), but the majority of early known pre-
dictors involve either the Home Literacy Environment (HLE) or
home and family circumstances more broadly. For example, asso-
ciation of low SES with poorer reading related skills has replicated
across studies and cultures (e.g., Fernald et al., 2012; Fung &
Chung, 2019; Molfese et al., 2003; Russell et al., 2016; Williams
& Silva, 1985), and literacy activities and experiences gained in
the home have repeatedly predicted reading related skills (e.g.,
Hamilton et al., 2016; Russell et al., 2016; Senechal, 2006). Many
predictors of reading ability, including housing tenure, single
parenthood, maternal education, and reading to the child
(Russell et al., 2016) are present in the NCDS.

While these studies each go some way to untangling the nature
of the predictors of reading ability, each fails to control for poten-
tial genetic confounding. This prevents us from understanding
whether the aforementioned environmental variables are causal
(Kendler & Baker, 2006). Researchers have provided clear evidence
that genetically informed reading studies are required to complete
the picture. For example, one study has shown that maternal read-
ing and language skills are positively correlated with storybook
exposure in the home, and once these skills are controlled for,
storybook exposure no longer acts as a significant predictor of
childhood reading, spelling and language skill (Puglisi et al.,
2017). This suggests a heritable component acting on childhood
reading skill, demonstrated by the maintained association of the
mother’s skill level with the skills of the child. The nature of these
associations can be clarified by including genotype data for genet-
ically informed reading studies, which can be used to control for
genetic confounding.

Twin studies confirm that reading ability has a substantial her-
itable component (e.g., see Bates et al., 2007; Byrne et al., 2005;
Wadsworth et al., 2007) with an estimated heritability of approx-
imately .54−.73 in adolescents (Bates et al., 2004; Wadsworth et al.,
2015). In recent years, genomewide association studies (GWAS)
have been conducted to identify specific genetic variants that are
associated with reading skill (Luciano & Bates, 2019). The largest
of these was in ∼34,000 individuals and identified one locus of
genomewide significance associated with quantitative word-read-
ing, along with a significant SNP-based heritability estimate
(Eising et al., 2022). The largest GWAS of dyslexia, which might
be considered the low extreme of reading skill (Hulme &
Snowling, 2016), has identified 42 associated independent variants
(Doust et al., 2022). The NCDS dataset has the potential to contrib-
ute to GWAS meta-analysis, increasing sample sizes and allowing
for greater power (Panagiotou et al., 2013).

The influence of genetics on reading ability is an area that has
been explored using twin cohort studies.Many of these studies point
towards stability in the genetics of reading ability in childhood and
adolescence. This is a finding that has been replicated with different

methods. For example, use of Cholesky decomposition models have
shown high genetic correlations across late childhood and adoles-
cence for reading ability (Betjemann et al., 2007; Wadsworth
et al., 2001). Use of DeFries-Fulkner regression has indicated that
persisting reading difficulties are due to the same genetic compo-
nents, and between 60−75% of stability in reading difficulties
may be due to genetic influence (Astrom et al., 2007; Wadsworth
et al., 2015, 2016). Similarly, latent growth models in twins have
shown that genetic influence on reading ability at the age of 6 is
related to reading performance through to age 8 (Petrill et al.,
2010), and has also indicated that no new genetic factors appear
for reading ability between the ages of 6 and 12 (Logan et al.,
2013), although a longitudinal genetic model from Erbeli et al.
(2017) showed a new genetic factor appearing after kindergarten,
which influences word reading at first grade and comprehension
at seventh grade. Similarly, Ebejer et al. (2010) showed that a second
genetic factor becomes active on reading ability in Grades 1 and 2,
compared to kindergarten. A similar result was demonstrated by
Samuelsson et al. (2008) in samples from Scandinavia and the
United States; however, no additional genetic factor was found in
an Australian sample. The authors suggest this may be due to
international differences in schooling. These discrepancies show
that while we are starting to build a picture of the changing influ-
ence of genes on reading over the life-course, most studies have
focused on childhood, with a fewmoving into adolescence, and they
have not utilised modern molecular methods.

Data from genotyped individuals can be used to ask and answer
more complex questions about prediction of reading ability. For
example, the data can be used for polygenic prediction, in which
the additive variants of an individual’s genome can be combined to
indicate their genetic propensity for high reading ability (Luciano,
2017). A polygenic score (PGS) based on dyslexia explained up to
6% of variance in quantitative reading measures in samples both
enriched and not enriched for poor reading (Doust et al., 2022).
Selzam et al. (2017) showed that the proportion of variance in reading
ability explained by an educational attainment PGS increasedwith the
age of the child, highlighting the importance of longitudinal data in
genetic studies. In another study, PGSs calculated for intelligence,
educational attainment, attention deficit hyperactivity disorder
(ADHD) and bipolar disorder were found to be significantly corre-
lated with word reading ability (Price et al., 2020). PGS can further
be used for gene by environment interaction (G × E) and gene-envi-
ronment correlation (rGE) research over the life course.Whereas gen-
eration of PGS for reading ability for gene-environment interplay
research has not yet been conducted, the phenotype of educational
attainment provides an example; one study has found that environ-
mental factors mediated approximately 40% of the impact of an edu-
cational attainment PGS (Allegrini et al., 2020).

In sum, the NCDS 1958 Birth Cohort contains a range of read-
ing and reading related measures throughout childhood, and fol-
low-up variables focusing on functional literacy in adulthood,
providing a valuable resource for reading studies. The sizeable sub-
sample for which genetic data is available, along with the richness
of other variables collected through the life-course, makes it a
potentially valuable resource for genetically sensitive longitudinal
reading studies that has been underutilised thus far. The imputed
genotyped subsample has, to date, only been available with the
1000 Genomes reference panel (Davies et al., 2015). In this article,
we present the NCDS genetic dataset imputed using the more
recent Haplotype Reference Consortium r1.1 panel, which offers
greater imputation quality (Haplotype Reference Consortium,
2016). Conducting genetic research with NCDS genotype data is
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challenging, due to the genotyping of data on multiple chips and a
lack of centralised documentation. To aid in future studies, we
clearly demonstrate the quality control and processes that took
place prior to imputation, so that future researchers may use this
updated resource in their own work. In addition to preparation of
genetic data, this article presents an overview of reading and read-
ing-related measures available in this dataset from age 7 to age 33.
Matched genetic and phenotypic data must be requested from the
data holders (Centre for Longitudinal Studies, n.d.-a). The full
sample of NCDS phenotypic data is openly available through
the UK Data Service (UK Data Service, n.d.).

Material and Methods

About the NCDS Dataset

The NCDS, also known as the 1958 British Birth Cohort, is a
national cohort study that surveyed the parents of babies born
during one week in the year 1958 (Power & Elliot, 2005). There
have been several follow-ups, which are still ongoing (Centre for
Longitudinal Studies, n.d.-c), and the length of time for which this
cohort study has been running makes this an excellent dataset for
tracing longitudinal patterns and associations. Data for 17,416
births were collected, with 9137 respondents at the last completed
wave at age 55 (Centre for Longitudinal Studies, n.d.-b). For a sub-
sample of the participants, a biomedical survey was also conducted
at age 44, which included the collection of DNA samples (Power &
Elliot, 2005). This article presents the preparation and imputation
of 13,738 overlapping genotyped samples (resulting in a final total
of 6431 unique individuals) collected from the NCDS participants
on seven different arrays (Table 1). This imputed dataset is avail-
able for researchers to access from the Centre for Longitudinal
Studies. Access to linked phenotype and genetic data is dependent
on research proposal approval.

Genotyped Data

Quality Control Procedure

All quality control was conducted using Plink v1.90b4, R v3.3.2 and
RStudio v4.1.2. Code used to carry out these processes, along with
further information regarding externally developed scripts and
resources, is publicly available as a GitHub repository (Bridges,
2022). Quality control was carried out on each of the seven genetic
datasets according to the following steps. SNPs with a call-rate of
less than 98% were removed (Turner et al., 2011), and SNPs that
were not in Hardy-Weinberg equilibrium were removed at a
threshold of p< 1×10-6. Individuals failing quality control were
also removed. Those with a genotyping call-rate of less than
97% were then removed (Wellcome Trust Case Control
Consortium, 2007). Individuals showing unexpected levels of het-
erozygosity (þ/- 3 SD from the mean) were removed.

Each dataset was updated to GRCh37 build for consistency,
using up-to-date strand files and a series of commands collated
in the script Update Build (Robertson, 2012; see Supplementary
Information A for further detail). Heterozygous haploid errors
were present in six of the seven chips. They were removed by first
ensuring that all variants in the pseudo-autosomal region had the
correct chromosome code for the Plink format, and any remaining
errors were set to missing. Any individuals with discrepant or
ambiguous sex data were removed, excluding the Affymetrix
500K chip, for which X chromosome data was not available. A
small number (n= 8) of related samples (representing 6 individ-
uals) were identified using a relatedness threshold of 0.1875, and

the sample with the most missing data from each related pair
was removed. The computational burden to control for genomic
relatedness of six cases was deemed too high to warrant their inclu-
sion, and has the advantage that users will not need to check for
relatedness prior to their own analysis.

To identify genetic ancestry outliers, the data was merged with
1000 Genomes reference data (The 1000 Genomes Project
Consortium, 2015), and Principal Components Analysis (PCA)
was conducted in Plink to identify outliers (n= 17). Outliers were
removed according to the procedure documented by Meyer
(2021a, 2021b), using a theta value of 3.

Data Preparation and Imputation

The cleaned data were checked against the HRC reference panel
r1.1 site list (Haplotype Reference Consortium, 2016) for strand
issues, using a specifically developed Perl script named HRC-
1000G-check-bim.pl, v.4.3.0 (Rayner, 2020). This script checks
for strand inconsistencies between the data and the reference
panel, and generates a series of Plink commands that can then
be used to remove or update any problematic loci. Perl v5.24.0
was used, followed by Plink to make the aforementioned necessary
changes. Sorted VCF files were generated for each chromosome
using BCFtools (Danecek et al., 2021). A final set of quality control
checks were carried out on the VCF files post-conversion, using a
specifically developed Python script (Zhan & Liu, 2016). These
checks include identifying duplicated sites, invalid genotypes
and NonSNP sites. Python v2.7.10 was used. No issues requiring
further action were identified. The data were uploaded to the
Michigan Imputation Server for quality control and imputation
(Das et al., 2016). Imputation was carried out against the
European population of the HRC r1.1 2016 reference panel, using
the Minimac4 pipeline. Eagle v2 phasing was used.

Post Imputation Quality Control

Following imputation, quality control checks were carried out
using the ‘ic’ script developed by Rayner (2016), which incorpo-
rates a series of Perl commands to check alternate allele frequencies
and imputation quality (Rayner, 2016). This output can be used to
evaluate the quality of an imputed dataset, including alternate allele
frequency counts and frequency counts of the R2 imputation qual-
ity score by chromosome.

There was considerable overlap of individuals between arrays,
with many individuals having been genotyped on multiple arrays.
After imputation, we determined the number of unique samples

Table 1. Breakdown of number of participants sampled on each array in the
NCDS after removal of exclusions and duplications, and number of SNPs
sequenced in each dataset

Array N SNPs

Illumina 1.2M 2908 1157986

Illumina 15k Custom Chip 1475 9803

Illumina Human 660-Quad 871 582892

Infinium HumanHap 550K v1.1 1436 555174

Infinium HumanHap 550K v3 2592 561303

Affymetrix 500k 1477 490032

Affymetrix v6 2979 934967
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that should be retained on each array by retaining the highest
quality sample for each individual (Table S16). This was deter-
mined by listing all samples in order of chip quality, determined
by the number of SNPs with an information score>0.8 after impu-
tation (Al-Soufi et al., 2021). The values in Table S16 represent the
number of individuals that were retained on each chip after
removal of lower quality duplications. It should be noted that
duplicates were not removed in the final imputed dataset that is
available for researchers.

Phenotype Data

Measures

Age 7. Three reading measures are available at age 7 in the NCDS.
(1) The Southgate Group Reading Test is a 30-item word reading
test that assists in the identification of participants with poor read-
ing skills (Shepherd, 2012). The test was distributed in school by
the participant’s teacher, and one point was awarded for each cor-
rect answer (Shepherd, 2012). Of the 30 questions, 16 required the
child to correctly circle the word from a list that corresponded to an
image, and fourteen required the child to correctly circle the word
from a list that corresponded to a word read aloud by their teacher
(Shepherd, 2012). Little further information is available about the
test; however, a small amount of research on reliability has been
conducted. The Southgate Test manual reports parallel reliability
of 0.95 (Southgate, 1958, as cited in Tizard et al., 2002). One study
has found that the Southgate reading test shows relatively high
concurrent validity, as shown by a correlation of .72, with the
Concepts About Print test, which measures several early read-
ing-related skills such as book orientation and the relationship
between written and oral language (Sultmann et al., 1983).
(2) The child’s usual teacher was asked to rate the child’s reading
ability compared to other children of their own age on a 5-point
scale (Teacher Rating). The available options were Avid reader.
Reads fluently and widely in relation to his age; Above average
ability. Comprehends well what he reads; Average reader; Poor
reader. Limited comprehension; Non-reader, or recognises very
few words. (3) The child’s usual teacher was asked to identify which
level of book the child had reached in a reading scheme (Reading
Level). Response options included Don’t know or inapplicable; On
prereading activities only; At present on Book 1 or introductory
book; At present on Book 2; At present on Book 3; At present on
Book 4; Beyond basic reading scheme. The option Don’t know or
inapplicable was coded as missing (full sample N= 148, subsample
n= 66), leaving a 6-point scale. No further information was
available on this variable.

Age 11. Four reading related measures are available at age 11.
(1) A 35-item reading comprehension test was administered by the
participant’s school, based on the 1947Watts-Vernon test of read-
ing ability (Shepherd, 2012). For each item, the participant was
asked to choose a word from a selection of five in order to complete
a sentence, and one point was awarded per correct answer
(Shepherd, 2012). (2) The child’s teacher was asked to rate the
child’s use of books compared to other children their age on a
5-point scale (Book Use). Response options included Exceptional.
Reads very widely for pleasure and information; Above average.
Turns to books very readily; Average. Skill and comprehension sat-
isfactory for school requirements; Below average. Still learning the
skill of reading, not inclined to turn spontaneously to books for
pleasure or information; Very poor or non-reader. Recognises few
words, very limited use of books because of poor skill. (3) The par-
ticipant was asked how often they read books outside of school

work, and was given the option to respond with often (nearly every
day), sometimes, or never or hardly ever (Reads Books). (4) The
participant was asked how often they read magazines, newspapers
and comics. The response options were often (nearly every day),
sometimes, and never or hardly ever (Reads Other).

Age 16. There are five reading related measures available at age
16. (1) The same reading comprehension test was administered as
at age 11 (Shepherd, 2012). (2) The participant’s teacher was asked
if the participant could read well enough to cope with everyday
needs (Can Cope). This was presented with the options yes, no,
and uncertain. Uncertain responses were removed from analysis
in order to create a binary variable (full sample N= 20, subsample
n= 8). (3) The participant was asked whether they often read
books outside of school work, and was provided with the categori-
cal response options often, sometimes, never or hardly ever, and like
to but no chance. Like to but no chance (full sample N= 388, sub-
sample n= 152) was removed from analysis due to its categorical
nature, leaving three ordinal categories (Reads Books). 4) The par-
ticipant’s teacher was asked to rate the English ability of the par-
ticipant from the options Capable of obtaining an A-level or
Higher-grade pass in this subject; Above average. Capable of
obtaining O-level or O-grade or CSE grade one; Of average ability
in this subject. Capable of obtaining a CSE pass, grades 2−4; Below
average. A possible CSE entrant; Little, if any, ability in this subject;
Don’t know (English Ability). Those who responded Don’t know
were set to missing to ensure an ordinal set of responses (full sam-
ple N= 32, subsample n= 17). (5) The participant was asked to
rate their ability in English compared to other people of their
age, from the options never studied, below average, average and
above average (English Rating). Never studied responses were
removed (full sample N = 61, subsample n= 24).

Age 23. At age 23 all participants were asked if they had
had problems with reading since they left school (Reading
Problems). Possible response options were yes, no and don’t know.
Don’t know responses were removed from analysis (full sample
N= 27, subsample n= 17). The follow-up question was a binary
response variable asking whether their problems made things dif-
ficult in everyday life. This question was excluded from analysis
because data were limited by the screening question. An open text
question allowed participants to elaborate on what difficulties they
faced. Participants were also asked whether they had attended any
courses to improve their skills. This variable was also excluded in
this analysis, for two reasons; first, limited data due to the screening
question, and second, attendance at a course may not be represen-
tative of need as there are multiple practical barriers to attendance,
including lack of temporal and financial resources (BSA, 2000, as
cited by Melrose, 2014).

Age 33. At age 33, participants were again asked whether they
had had problems with reading since they left school. If they
responded yes, they were asked a series of follow-up questions
regarding which common activities they had difficulty with due
to their reading problems. Respondents were asked whether they
could usually read and understand what is written in a newspaper
or magazine; a letter; and paperwork or forms. Respondents were
also asked whether they could read aloud to a child from a child-
ren’s book. Response options included yes, easily; yes, with diffi-
culty; and no. Respondents were asked about which aspects of
reading they found difficult, and whether they had attended any
courses to improve their skills. As for age 23, these follow-up ques-
tions were excluded from analysis for the same reasons.

Age 42 and Beyond. Reading phenotypes are available beyond
age 33 in this dataset. Our analysis did not include variables beyond
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age 33 because maximal reading skill is achieved by early adult-
hood, with research showing that mean literacy scores in popula-
tion samples are unlikely to change significantly beyond the age of
34 (Lechner et al., 2021). For completeness, we briefly describe the
reading variables available. At age 42, participants were asked
whether they had done any courses to improve their reading since
their last NCDS interview, and, if so, how many. Age 42 reading
variables also included several binary response variables, such as
Are you currently on a course to improve reading?, Have you ever
wanted to improve your reading?, and Do/did you feel confident
about helping your child(ren) with reading? In addition to this, par-
ticipants were asked whether they can usually read and understand
what is written in a magazine or newspaper, whether they can read
aloud to a child from a child’s storybook, and whether they can usu-
ally read and understand any paperwork or forms you would have to
deal with in a job? For each of these questions, the respondent had
the option of responding yes or no. Each time the respondent
answered yes, they were asked whether they could read this easily
or with difficulty. Participants were also asked whether their ability
to read any paperwork or forms you must deal with has improved
or got worse over the last 10 years? Response options included
improved, got worse, and stayed the same. Other reading-related
variables exist at age 42; however, we chose not to include them
here due to lack of specificity, with many of the variables also
encompassing writing and mathematics skills. No reading varia-
bles were collected with the biomedical subsample at age 44.

Several reading variables were collected at age 46, including how
many reading courses, if any, the participant had attended since
their last NCDS interview, and a binary response question asking
whether they would like to improve their reading skills.
Participants were asked how often they read magazines or news-
papers for enjoyment, and given six ordinal response options,
ranging from never to every day. Respondents were asked the same
question with regard to how often they read books. No reading
measures were available at ages 50 or 55.

Analysis

All phenotypic analysis was carried out in RStudio v4.1.2. Analysis
was carried out separately in both the full data sample from UK
Data Service (N= 18,558), and the quality controlled subsample
from the biological survey after removal of duplicated individual
samples (n= 6431), to allow for comparison. All data for which
valid phenotypic values were present were used. Descriptive statis-
tics were generated for selected variables, as described above.
Correlations were generated for all continuous, ordinal and binary
variables using the hetcor function in the polycor R package, which
is able to determine which pairs of variables are to be correlated
using Pearson, polyserial or polychoric methods based on variable
type (Fox & Dusa, 2022). All complete pairs were used for analysis.
It has been previously stated that correlations across time
are a valid method for assessing stability of reading ability
(Hulslander et al., 2010). Horn’s parallel analysis of principal com-
ponents was carried out to identify themost appropriate number of
components for these variables (Horn, 1965; Franklin et al., 1995).
Five thousand iterations were used.We opted to conduct the analy-
sis with three PCs as recommended due to the range of reading
variables, as we expected all variables to be related to a broader
reading construct, but not necessarily to reading skill. Use of multi-
ple PCs would allow us to assess which variables had high scores on
the first PC to ensure that we were, in fact, capturing reading abil-
ity. Following this, PCA with oblimin rotation was conducted to

assess which reading variables could be combined to form general
and age-specific composites (Song et al., 2013). PCA was carried
out using the principal function in the psych R Package (Revelle,
2022), using the correlationmatrices generated previously as input.
All aforementioned reading variables between ages 7 to 33 were
included in the correlations and therefore the PCA.

Following inspection of PCA results, variables were selected for
retention in a composite at a threshold of >.45 (Comrey & Lee,
1992, as cited in Finch et al., 2017, p. 1364). The variables retained
in the full sample were used to calculate weighted reading
composite scores for each individual. This included calculation
of an overall composite, comprising of all retained measures,
and a composite for use at age 7, 11 and 16. The scores calculated
from the full PCA were used in order to weight the individual mea-
sures by their contribution to the reading ability component that
spanned different measures and times. To achieve this, a z score
was calculated for each data point, and these values weremultiplied
by the corresponding loading, before being summed to provide the
composite (Bridges, 2022). The polycor package was then used to
correlate the age specific childhood reading composites with adult-
hood reading variables, in order to assess their validity.

Results

Tables 2 and 3 show the number and percentage of SNPs and indi-
viduals respectively that were removed from each array during the
quality control process. The percentage of SNPs removed from
each chip was low (maximum 4.88%), as was the percentage of
individuals removed, which ranged from 0.95%−9.09%. Imputation
was completed successfully for all seven arrays. The number and
percentage of variants in each chip with an R2 score > .8 can be
found in Table 4 (Al-Soufi et al., 2021; see Supplementary
Material B for full breakdown).

Basic descriptive statistics were generated for each of the key
variables in both the full sample and the subsample. Breakdown
of all noncontinuous variables is available in Supplementary
Information C. The proportion of respondents selecting each
binary and ordinal response option was similar in both the full
sample and the subsample for all questions. Rates of teacher-
reported difficulty in coping with reading were low in both the full
sample (n= 203) and the subsample (n= 40; Figure S7). A similar
trend was found in adulthood self-reported reading difficulties;
the number of self-reported reading difficulties at age 23 was
low in the full sample (n= 497) and subsample (n= 169). This

Table 2. Number and overall percentage of SNPs that were removed from each
array due to failure to pass quality control steps

Array

Low call-rate
SNPs Failed HWE Total

No. % No. % No. %

Illumina 1.2M 11893 1.03 0 0.00 11893 1.03

Illumina 15k Custom Chip 220 2.24 0 0.00 220 2.24

Illumina Human 660-Quad 5024 0.86 680 0.12 5704 0.99

Infinium 550k v1.1 15549 2.80 850 0.15 16399 2.95

Infinium 550k v3 2291 0.41 2340 0.42 4631 0.83

Affymetrix 500 21415 4.37 2503 0.51 23918 4.88

Affymetrix v6 12638 1.35 0 0.00 12638 1.35
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was also the case at age 33 (full sample n= 486, subsample
n= 204). A breakdown of the rate of adulthood reading problems
is available in Figure S10. Response rates for all variables in the full
sample can be found in Supplementary Table S15. All three reading
tests showed similar distributions, with slightly higher means and
medians in the subsample (Table 5). A chi-square goodness-of-fit
test using the Southgate Group Reading test scores showed that the
difference in distribution between the full sample (mean= 23.34,
SD= 7.14) and subsample (mean = 24.20, SD= 6.48) was signifi-
cant (p= 6.216e-12, df= 30); however, the large sample size meant
that very slight differences could be detected. Correlations between
all variables ranged from very weak to very strong, with clear

clusters emerging of similar variables (Figure 1). Correlations
for variables assessing frequency of book reading at different ages,
and English Rating showed the weakest overall correlations with
the remaining variables, suggesting that these may not be appro-
priate for inclusion in the composite. Southgate, Teacher Rating,
Reading Level, Book Use, Comprehension at both ages, English
Ability, and Can Cope correlated particularly strongly with each
other. All of these variables show moderate-to-strong correlations
with self-reported reading difficulties at age 23 and 33, confirming
the validity of these measures.

Results were similar for the PCA conducted in the full sample
and the subsample (Table 6). Horn’s parallel analysis indicated that
a three PC solution was the most appropriate (Figure 2).
Interfactor correlation coefficients were low (Table 7). While load-
ings differed between the full and subsample, the overall trends
were consistent. The full sample results were used to generate
composite scores to reduce any selection bias present in the
subsample.

PC1 appears to be representative of reading skill level in the par-
ticipant. In the full sample, PC1 explained 66% of the variance. Ten
variables were retained (Table 6). Cronbach’s alpha was calculated
on the standardized variables weighted by PCA scores that were
used to calculate the overall reading composite, and composites
at age 7, 11 and 16 (Table 8). All composites were in the acceptable
range of >0.7 (Taber, 2017), except for the composite at age 16
comprised of Comprehension, Can Cope and English Ability,
which fell below this value. Removal of each variable in turn
showed that an acceptable Cronbach’s alpha could be achieved
by removing Can Cope from the data.

Following this, the three age-specific composites were corre-
lated with each other and with Can Cope, and reading difficulties
at age 23 and 33 in both samples (Figure 3). All correlations were
moderate to strong, again confirming the validity of these compo-
sites and these measures over time. It should be noted that Can
Cope had stronger correlations with adulthood reading difficulties
(Reading Problems 23 and Reading Problems 33) than the age 16
composite did; however, the age 16 composite showed greater cor-
relations with childhood composites. Correlation coefficients were
similar in all cases, suggesting either measure may be used.
However, in the subsample, only 40 participants were believed
not to be able to read enough to cope, making this a very small
sample size for statistical analysis. As a result, we recommend

Table 3. Number and overall percentage of individuals removed from each array due to failure to pass quality control steps

Array

Missing data
Unexpected

heterozygosity Sex errors
Related

individuals
Ancestry
outliers Total

No. % No. % No. % No. % No. % No. %

Illumina 1.2M 74 2.54 55 1.89 1 0.10 1 0.03 6 0.21 139 4.78

Illumina 15K Custom Chip 10 0.68 10 0.68 122 8.27 1 0.07 1 0.07 74 9.09

Illumina Human 660-Quad 8 0.92 7 0.80 7 0.80 3 0.34 0 0.00 25 2.87

Infinium 550k v1.1 54 3.79 25 1.74 6 0.42 0 0.00 1 0.07 86 5.99

Infinium 550k v3 5 0.19 26 1.00 3 0.12 0 0.00 2 0.08 36 1.42

Affymetrix 500k 0 0.00 14 0.95 -a -a 0 0.00 0 0.00 14 0.95

Affymetrix v6 61 2.05 65 2.18 1 0.03 3 0.10 7 0.23 137 4.60

Note: a No sex chromosome data was available for the Affymetrix 500k.

Table 4. Percentage and number of SNPs with genomewide imputation R2

scores greater than 0.8 for each array

Array % variants> 0.8 Number of SNPs > 0.8

Illumina 1.2M 35.33 14,276658

Illumina 15k Custom Chip 0.21 82702

Illumina Human 660-Quad 29.77 12026652

Infinium 550k v1.1 31.28 12635492

Infinium 550k v3 33.13 13386532

Affymetrix 500K 26.40 10326572

Affymetrix v6 31.83 12858081

Table 5. Descriptive statistics of continuous reading variables in the full sample
and matched genotyped subsample

Mean Median
Standard
deviation N

Southgate Test Full sample 23.34 26 7.14 14929

Subsample 24.20 27 6.48 5821

Comprehension
Test Age 11

Full sample 15.98 16 6.29 14130

Subsample 16.71 17 5.96 5608
Comprehension
Test Age 16

Full sample 25.31 27 7.09 11986

Subsample 26.26 28 6.35 5000

Twin Research and Human Genetics 15

https://doi.org/10.1017/thg.2023.2 Published online by Cambridge University Press

https://doi.org/10.1017/thg.2023.2


carefully weighing these options before choosing which one is right
for a particular study.

Discussion and Conclusion

In this study, we have presented the quality control and data prepa-
ration process of seven arrays that form a large genetic dataset,
which was matched to a subsample of a UK birth cohort study
who have reading skill data in childhood and adulthood. We have
imputed missing genotypes for all arrays and carried out post-
imputation quality control checks. We have also identified and
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Fig. 1. Correlation Heatmap Between All Reading Variables in the Full Sample (A) and Subsample (B).

Table 6. Principal component loadings and communality from a principal
components analysis

Age Variable PC1 PC2 PC3 h2

7 Southgate Test .91* −.07 −.19 .73

Teacher Rating .89* −.04 −.07 .73

Book Level .90* −.12 −.20 .69

11 Comprehension Test .76* .17 .06 .73

Book Use .77* .16 .09 .76

Reads Books .09 .72 −.02 .57

Reads Other −.10 −.04 .81 .60

16 Comprehension Test .76* .15 .01 .68

Reads Books −.04 .87 −.09 .72

Can Cope .80* .00 .30 .87

English Ability .76* .19 .05 .73

English Rating .21 .39 .31 .43

23 Reading Problems .64* .02 .45 .80

33 Reading Problems .58* .01 .48 .73

Note: *These variables passed the 0.45 threshold, and so were included in composite
calculation.

Table 7. Interfactor correlations of the three principal components generated
by principal components analysis of the full NCDS dataset

PC1 PC2 PC3

PC1 1.00 .36 .30

PC2 .36 1.00 .18

PC3 .30 .18 1.00
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Fig. 2. Eigenvalues generated from A parallel analysis of principal components in the
full NCDS sample suggesting that three components should be retained.
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described a large number of phenotypic variables in this sample,
which measure reading or reading-related outcomes. Many of
these variables are highly correlated, and there is substantial shared
variance between them, making this dataset an excellent resource
for genetically sensitive studies on reading ability, and allows for
such studies to contain a longitudinal element.

Genetic data preparation and imputation were completed suc-
cessfully; however, imputed data quality is variable across the seven
arrays. In particular, there is a very low number of high quality var-
iants for the Illumina 15k chip. It has been shown that a high pro-
portion of unknown variants reduces imputation quality, and so
the low number of genotyped loci may be responsible for the small
proportion of high quality variants observed (Gao et al., 2011). It
should be noted that most of the samples collected on the Illumina
15k chip are also present on other, higher quality chips, meaning
that failure to use this chip would only result in the loss of 16 sam-
ples (see Supplementary Information D). The remaining six chips
show amuch higher proportion of high quality variants, which can
be used to conduct further association analysis.

The strong relationships betweenmany of the reading and read-
ing-related variables we have investigated offer multiple options
for further analysis. The high correlations between almost all var-
iables (Figure S11) suggest that there is a high degree of reliability

between adulthood self-report and childhood teacher report and
objective tests when it comes to reading ability. This has two ben-
efits; first, it allows for data reduction when considering reading
ability as a composite, avoiding multicollinearity issues and reduc-
ing noise due to measurement error; and second, it means that it is
feasible to conduct longitudinal reading studies with this data up to
adulthood. Additionally, the strength of correlations across the
whole studied period provides further evidence that reading ability
remains relatively constant as age increases (Reder, 2012). It should
be noted that the reading composites we have generated are more
informative of poorer reading, given that several of our variables,
including the Southgate Test, Can Cope and adulthood self-report
measures are intended to capture reading difficulties. While the
Southgate Test results show scores from across the distribution,
there is a ceiling effect.

The PCA revealed that one PC explained a substantial propor-
tion of variance, again indicating a strong relationship between the
different variables across different ages. The genotyped sample,
which only included NCDS members still active in the study at
age 44, has previously been reported to be less representative of
the general population, including fewer poor childhood readers
(Atherton et al., 2008). This likely explains the differences we
found between PCA results on the full sample and subsample,
and for this reason, we recommend projection of the PCA analysis
from the full sample, which is more population representative,
onto the subsample, rather than using subsample-specific analysis.

The 3PC solution was the most appropriate fit to the data.
Upon further inspection, these PCs can be interpreted as three dif-
ferent reading-related constructs. The strongest loadings in PC1
are objective measures of reading ability, teacher ratings, and
self-report at age 23 and 33. This suggests that these are the var-
iables that should be included in a measure of reading ability, as
they are the strongest indicators of skill. The strongest loadings
in PC2 relate to how often the participant reads books at different
ages, and this might reflect shared variance related to interest or
enthusiasm for reading, a variable in itself that may be of interest

Table 8. Cronbach’s alpha to show reliability of scale of overall and age-specific
reading composites in the full sample and subsample

Composite Cronbach’s alpha

Overall .82

Age 7 .88

Age 11 .81

Age 16a .82

Note: aThis composite does not include Can Cope, as scale reliability was low.
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Fig. 3. Correlation heat map of age-specific reading composites and reading measures in adulthood in the full sample (A) and subsample (B).
Note: Age 16 composite does not include Can Cope.
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to reading researchers. PC3 highlights variance shared by the
reporting of reading difficulties with nonbook reading.

This work has shown that the NCDS is a valuable resource for
conducting genetic studies of reading ability, particularly those
with a longitudinal element. The imputed arrays can be analyzed
separately for GWAS meta-analysis, or alternately, the data can
be combined and the array can be used as a covariate for further
analysis as a single dataset. The range of reading measures avail-
able in this dataset allow for exploration of genetic influence
across the full continuum of reading ability in childhood and ado-
lescence, and for reading difficulties over time. The NCDS is cur-
rently the longest running UK cohort study for which genotyped
data is available, meaning that long-term outcomes of partici-
pants, including retirement and life expectancy, can be investi-
gated in this dataset in relation to their phenotypic reading
ability and genome. Additionally, the NCDS is an incredibly rich
resource in many other domains, including physical and mental
health, employment, leisure activities, life in the home and finan-
cial information. This matched data provides opportunities for
gene-by-environment interplay studies, including from a longi-
tudinal perspective. In particular, this data allows the investiga-
tion of potential G × E interactions that provide a more nuanced
understanding of how environmental circumstances can influ-
ence reading skill across a spectrum of abilities, and across the
life course.

To conclude, the NCDS is rich potential resource for future
genetic studies of reading ability. An imputed and cleaned,
matched genomic dataset is available, and there is a reliable and
valid set of reading variables available, as evidenced by the consis-
tency of the different measures of reading ability across types of
variable and with increasing age. Finally, the incredible detail con-
tained in the NCDS dataset will help to make it a valuable resource
for genomic studies of reading ability in the years to come.
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