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Does the inclusion of a genome-wide polygenic score improve early risk prediction for later language and literacy delay?
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Abstract
Purpose: The ability to identify children early in development who are at substantial risk for language/literacy difficulties would have great benefit both for the children and for the educational and therapeutic institutions that serve them. Information that is relatively easily available prior to age 3, such as late talking, family history of language/literacy difficulties, and SES, have some but very limited predictive power. Here, we examine whether the inclusion of a DNA-based genome-wide polygenic score that has been shown to capture children's genetic propensity for educational attainment (EA3) adds enough prediction to yield a clinically useful score. 
Method: Data are longitudinal scores of 1420 children from the Twins Early Development Study, who were assessed at ages 2 and 3 years on language and nonverbal ability, and at age 12 on oral language, word decoding, and reading comprehension.  Five risk factors were examined: expressive vocabulary, nonverbal ability (these two from parent report), family history, mothers’ education, and EA3. Analyses were conducted both for continuous and categorically defined measures of risk and outcome. 
Results: Language and literacy abilities at 12 years were significantly but modestly predicted by the risk factors, with a small but significant added prediction from EA3. Indices of diagnostic validity for poor outcomes, such as sensitivity and AUC statistics, were poor in all cases. 
Conclusions: We conclude that at present clinically useful prediction from toddlerhood remains an unattained goal.


How much does inclusion of a genome-wide polygenic score improve early prediction of risk for later language and literacy impairments?
Impairments in the mastery and use of language and literacy skills have substantial and far-reaching impact on the lives of children and adults, extending beyond education to social relationships, mental health, and employment (Law, Rush, Schoon & Parsons, 2009; Weismer, 2014).  On the plausible assumption (though difficult to rigorously evaluate) that intervention is more likely to be effective early than later, a high priority in recent research has been to develop measures which can accurately identify young children who are at substantial risk for language and literacy difficulties. Such identification would have great benefit both for the children and for the educational and therapeutic institutions that serve them, by enabling the provision of services to the children who need them most, and as early as possible. On the whole, research has had only very limited success in this pursuit. One particularly important challenge is the great variability in individual growth trajectories in the first decade of life (Dale, McMillan, Hayiou-Thomas & Plomin, 2014). This variability necessitates long-term longitudinal studies which explore prediction at least out to early adolescence when abilities become relatively stable (Hayiou-Thomas, Dale & Plomin, 2014). 
An extensive body of research has documented prediction from the late preschool period to later language and literacy. A range of language abilities, including vocabulary, grammar, and speech, account for some of the variance, but the most strongly supported risk markers from this period are in the domain of emergent literacy, including phonological awareness and memory, letter knowledge, and rapid automatized naming (Duff & Snowling, 2015; Marinus & Castles, 2015). A family history of early language or literacy learning difficulties also contributes to prediction (Snowling & Melby-Lervag, 2016), along with some nonverbal abilities. Though not a child-based measure, socioeconomic status (most often assessed for early childhood as maternal education) also has predictive significance (Hoff, 2006). Although each of these risk factors contributes to prediction, their combined prediction is far from being sufficiently sensitive at an individual level (e.g., sensitivity, specificity) to be clinical useful. For example, although Hayiou-Thomas et al. (under review) found substantial odds ratios for low performance at age 12 based on number of risk factors at age 4.5 years, compared to none, in the range of 3.65 to 17.71 (depending on whether there were many risk factors compared to only a few), showing a strong group prediction, the positive predictive values for later delay for multiple risk factors for individual children were in the range of .33-.55, which is poor.  
The most widely studied potential marker in toddlerhood is late-talking: late emergence and/or late growth of early vocabulary and the emergence of grammar (Rescorla & Dale, 2013). Although late talking (e.g., fewer than 50 words at 24 months, or lowest 10%) is associated with a higher rate of later language impairment, there is enormous variability. Half or more of all late talkers will move into the normal range by the end of the preschool period. though they may still have lower scores than matched controls (Rescorla, 2013). Dollaghan (2013) has provided a particularly comprehensive review and integration of 14 studies which followed up late-talkers, and demonstrated how poor the prediction is at an individual level. Notably, the pooled positive and negative likelihood ratios were just 2.04 and 0.66, respectively, not only far from the 10 and .1 values often recommended as being clinical trustworthy, but not even reaching the criteria for a ‘suggestive indication’ of 3 and 0.3. Some of the variables mentioned above cannot be measured below the age of 3 as they have not yet emerged, but the risk factors of family history and nonverbal abilities are potentially available at an early age, as is maternal education. These factors have seldom been investigated together, but the available evidence (e.g., Dale et al., 2003) suggests that the prediction is poor. 
Genome-wide polygenic scores (GPS) and EA3
Although emergent literacy skills are not generally testable in toddlers, they are known to have significant genetic influence (Samuelsson et al., 2007). This suggests that a DNA-based measure might be valuable. In the present study, we examine whether inclusion of such a measure adds enough prediction to yield a clinically useful score in predicting language and literacy performance at age 12, both across the full range of performance and specifically with respect to placement in a low performance category.
A relatively recent new technique for evaluating genetic influence on a trait is centered on the use of genome-wide polygenic scores (GPS). A fundamental insight underlying this approach is the realization that although many academic, cognitive and language skills are substantially heritable (30-60% of the variance), this is the result of a very large number of genetic factors, each with very small influence. Even the largest associations account for less than 0.05% of the variance (Allegrini et al., 2019). An especially clear example of this is shown in a recent study which focused on six genes known from pedigree and/or molecular studies to be associated with language/literacy development and disorders: ATP2C2, CMIP, CNTNAP2, DCDC2, FOXP2, and KIAA0319, which together included a total of 1,229 SNPs. Even when summed, these genetic variants accounted for only .18% of the variance in a measure of expressive language at age 8 (Newbury, Givson, Conti-Ramsden, Pickles, Durkin & Toseeb, 2019). Thus, rather than searching for a few DNA units with a large effect, current research is directed toward identification of a much larger number of elements, in genome-wide association (GWA) studies. This has become feasible due to the construction of ‘SNP chips’, arrays that are able to genotype (identify) inexpensively and quickly the most common type of inherited DNA differences, a difference in a single nucleotide base, called a single-nucleotide polymorphism (SNP). Such a scan typically produces around a million units of information for an individual’s DNA. Each of these units can be correlated with the trait of interest, but because of the extremely high number of such tests, and the low actual impact of any unit, the results for individual units are not reliable or directly interpretable. Instead, this information is used to select a set of elements with the highest correlation; typically hundreds or even thousands of SNPs are selected, and the summed. It is acknowledged that SNPs may be included in the sum which are not in fact related, and that relevant SNPs may be missed; it is the sum that is important. To demonstrate the reliability and validity of the sum, the GPS, the formula is first computed using a ‘training set’ of observations, and then validated by determining how well it predicts the trait in the ‘replication sample’. Once the GPS is confirmed in this way, the formula can be applied in new research studies. An important caveat for this approach is that it requires extremely large studies, both in number of subjects and number of DNA variants studied. This can be thought of as a problem of distinguishing signal from noise. 
By far the most successful GPS thus far has been defined on the basis of the educational attainment of adults.  This is due in part to the fact that educational attainment, usually indexed as total number of years of education, is obtained as a demographic marker in most GWA studies. Based on pooled data from many such studies, totaling 1.1 million individuals, a GPS for educational achievement accounted for 12% of the variance (Lee et al., 2018).  This GPS, named EA3 because it is the third version of the formula, also predicts educational achievement during the period of schooling. Within the Twins Early Development Study (TEDS), from which the present sample is drawn, the proportion of variance in educational achievement predicted by EA3 increases from 5% at age 7 to 7% at age 12 (both of these are with respect to National Curriculum school grades) to 14% at age 16 for the end of compulsory education General Certificate of Secondary Education examination (Allegrini et al., 2019; von Stumm et al.,  in press). Within the same sample, Ayorech, Plomin and von Stumm (2019) utilized multinomial logistic regression to predict educational/occupational status at age 18 in terms of four broad categories: pursuing a university degree, taking a gap year, pursuing full-time employment or apprenticeship, or not being in education, employment or training (NEET). The prediction of category placement was estimated with an effect size of Nagelkerke r2 of 10%.  Utilizing a previous version of the GPS known as EA2, Smith-Woolley, Ayorech, Dale, von Stumm & Plomin (2018) obtained significant prediction of performance for TEDS participants on the university entrance examination (A-levels; 4% of the variance), university enrollment (dichotomous; 5% of the variance), university quality rating (UK league tables; 2%), and university achievement (possession and type of degree, e.g., first-class,  0.7%). The last of these effect sizes is the lowest; this is likely because of restricted range for students attending university, and also because both earning a degree and its type are not standardized across universities, and thus not on the same scale.
There are two notable aspects of the success of EA3. The first is the evidence it provides of the need for very large samples. Earlier versions, EA1 and EA2, which were based on 125,000 and 294,000 subjects respectively, accounted for only 2% and 3% of the variance in educational attainment (Allegrini, Selzam, Rimfeld, von Stumm, Pingault & Plomin, 2019). An additional 800,000 subjects were needed to improve the prediction from 3% to 12%. The second one is foreshadowed by the fact that EA3 actually predicts educational achievement at age 16 even more successfully than it predicts total educational attainment in adults, the outcome which was used to develop the formula. Because there is high pleiotropy for genetic influence, that is, the effect of genetic units is widespread, not limited to a single trait, prediction of traits other than the target one may be very good. The influence of EA3 is considerably wider than this; in particular, it has been shown to predict (again, in the TEDS sample) 9.9% of the variance in IQ at age 16 (Allegrini et al., 2019). GPS formulas do exist for other traits, such as reading and IQ, but they are based on far smaller sample sizes in the training set, generally below 10,000. Due to the overwhelming importance of sample size in defining the GPS, along with pleiotropic effects, cross-trait prediction can be  higher than within-trait prediction. For example, EA3 actually predicts IQ at age 16 better (9.9%) than an IQ-based GPS  does (6.7%; Allegrini et al., 2019). Given the broad success of EA3, its clear cognitive connection to language and literacy, and the small size of GPS training sets for language and literacy variables, we have chosen to examine the predictive contribution of EA3.. 
The current study
In this paper, we evaluate the prediction from five risk factors discussed above, potentially available in the toddler period: family history, maternal education, expressive vocabulary, nonverbal abilities, and EA3, the GPS for educational attainment. We utilize two analytic approaches, one focused on the full range of predictor and outcome measures, and the first focused on a cumulative risk measure based on low scores on each measure.   We address the following research questions: 
1. Using continuous measures representing the full distribution of risk and outcome measures, how well can receptive language, word decoding, and reading comprehension  at 12 years of age be predicted by early expressive vocabulary and nonverbal ability, family history of early language/literacy difficulties, mothers’ education, and a genome-wide polygenic score for educational attainment (EA3)? 
(a) Specifically, does EA3 make an additional, unique contribution to the prediction?
(b) Conversely, do the other, nongenetic measures, make a contribution to the prediction beyond that of EA3? 
2. Using categorically defined (lowest 10%; a frequent criterion in clinical work and research on disorders) measures for each risk and outcome measure, how well can impairments at age 12 for receptive language, word decoding, and reading comprehension be predicted by categorically defined risk factors of early expressive vocabulary and nonverbal ability, family history of early language/literacy difficulties, mothers’ education, and a genome-wide polygenic score for educational attainment (EA3)?  
(a) Specifically, does EA3 make an additional, unique contribution to the prediction?
(b) Conversely, do the other, nongenetic measures, make a contribution to the prediction beyond that of EA3? 
3. For both questions above, is prediction from the risk factors assessed at 3 years of age superior to that from 2 years of age? Note that only expressive vocabulary and nonverbal ability change from 2 to 3 years of age.
Method
Ethical approval for TEDS has been provided by the King’s College London Ethics Committee (reference: PNM/09/10–104).
Participants
The present sample is drawn from the Twins Early Development Study (TEDS), a longitudinal twin study that recruited more than 10,000 twin pairs born in England and Wales in 1994 through 1996. The recruitment process and the sample are described in detail elsewhere (Haworth, Davis, & Plomin, 2013; Rimfeld et al., in press). The TEDS sample was at its inception representative of the UK population in comparison with census data and despite some attrition remained considerably representative at age 12 (and later) with respect to ethnicity, maternal education and employment, and paternal employment (Oliver & Plomin, 2007; Haworth, Davis & Plomin, 2012). For 1812 individuals of European ancestry from TEDS, complete risk measures were available, including genotype data (both twins from DZ [i.e., fraternal] pairs were included, as they differ genetically, but only one twin from each MZ [i.e., identical] pair was included, chosen randomly ) and information on expressive vocabulary and nonverbal ability at ages 2 and 3, mother’s educational qualifications, and family history concerning early language/literacy difficulties. For 1420 of these individuals, outcome measures for at least one of age 12 oral language, word decoding and reading comprehension were available. The sample included 789 females and 631 males; etiologically, 568 twins were from MZ pairs, 429 from DZ same-sex pairs, and 423 from DZ opposite-sex pairs. Based on information provided at the time of recruitment, the present analysis sample is slightly more advantaged (d = .22) in terms of mother’s educational qualifications (mean = 4.06, SD = 2.00) than the full TEDS sample (mean = 3.63, SD = 1.96). 
Risk Factor Measures
	Parent-reported expressive vocabulary. The parent-reported expressive vocabulary measures at 2 and 3 were shortform adaptations of the vocabulary portion of the MacArthur-Bates Communicative Development Inventory: Words and Sentences (CDI:WS; Fenson, Marchman, Thal, Dale, Reznick & Bates, 2007). It is comprised of a list of words from which parents are asked to check those that they have heard their child say. The score is the total number of words checked. The 100 words on the 2-year version were selected (Fenson et al., 2000) to give good prediction of the total score from the longer list on the MBCDI . The list of words was then “anglicized” for appropriate spelling in a United Kingdom setting. The 3-year vocabulary measure was developed in accordance with similar design principles, replacing about half the words in order to be more appropriate for older children, based on literature review and pilot testing. Additional information about these measures is provided in Dale, Price, Bishop and Plomin (2003).
Parent-reported nonverbal ability. The Parent Report of Children’s Abilities (PARCA; Oliver et al., 2002; Saudino et al., 1998) was developed within the TEDS project. It consists of both parent-report questions and parent-administered items (e.g., copying shapes, imitating actions). Because the aim of the present study was to include measures that were relatively easily available, we included only information provided in the parent-report portion of the instrument. At age 2, the PARCA consists of 26 questions assessing quantitative skills, spatial abilities, symbolic play, planning and organizing, adaptive behaviors and memory. At age 3, there are 22 questions assessing similar domains, extending also to reasoning and number. Items included modified items from existing parent questionnaires as well as original items written specifically for the PARCA. Questions were phrased in terms of specific activities, and parents were asked to indicate if they had seen their child perform the activity, as research indicates that parents are most accurate in this recognition format. A sample question at age 2 is ‘Can your child put a simple piece, such as a square or an animal, into the correct place on a puzzle board’; an example at age 3 is ‘Does your child draw simple pictures that other people can recognize, such as a person, house, or car?’ 
	Mother’s educational qualifications. Mothers’ highest educational achievement was rated on an 8 point scale, as in Dale et al. (2003) and other TEDS publications. On this scale, 1 =
no qualifications, 2 = below standard for a pass on the school-leaving examination, 3 = O-levels (passing score on school-leaving examination), 4 = A-levels (age 18 exam, generally required for university entrance), 5 and 6 = tertiary vocational qualifications, 7 = an undergraduate degree, and 8 = a postgraduate degree.
	Family history. When children were 9, parents provided information about family history. If any first-degree relative was reported as having either early language or reading difficulty, we classified this as a positive family history, i.e., family history = 1.
	Genome-wide polygenic score EA3. Saliva and buccal cheek swab samples were collected by mail, and DNA was extracted and genotyped and molecular analysis used for these same individuals to compute genome-wide polygenic scores (GPS) based on the latest genome-wide association (GWA) study for years of education (N = 766,345), called educational attainment EA3, as it is the third and largest version of the study (Lee et al., 2018). (This sample is smaller than the full Lee et al. sample of 1.1 million, due to the fact that data contributed to their sample by 23andme are not publically available.) Beta weights for the prediction of each SNP to educational attainment were drawn from EA3 and then applied to genotypes for each TEDS participant, utilizing a Bayesian approach (LDpred; Vilhjalmsson et al., 2015) that applies shrinkage to individual SNP weights to improve prediction.  Additional information about this computation is provided in Supplementary Method S1, and in  Selzam et al. (2019).
	Categorical and cumulative risk measures. For categorical analyses, a criterion for dichotomous cutoff was defined as the value on the continuous measure which would capture as close as possible to the lowest 10%. Scores below this level were scored as 1; scores above it were scored as 0. Family history was inherently categorical. In addition to the individual risk measures, cumulative risk measures at ages 2 and 3,  ranging from 0 to 5, were computed as the total number of risk variables for which the score was 1. This measure was used to predict the continuous outcome measures at 12 as well as low outcome at 12.
Outcome measures at 12 years 
Language Composite. Receptive language was assessed at 12 using a battery of audio-streamed, web-administered measures indexing vocabulary (WISC-III-PI, Kaplan et al., 1999), syntax (Listening Grammar, Test of Adolescent & Adult Language-3, Hammill et al., 1994), non-literal semantics, and understanding of inferences (Test of Language Competence-Level 2, Wiig et al., 1989). Previous analysis showed substantial phenotypic and genetic overlap among these four measures (Dale, Harlaar, Hayiou-Thomas & Plomin, 2010). A composite score was formed by averaging the standardized scores for each measure. (All four measures were required to be available, and a similar requirement held for the other two composites.)
Word Decoding Composite. The Test of Word Reading Efficiency, Form B (Torgesen, Wagner, & Rashotte, 1999) was included in a test booklet sent to families by mail (one test booklet for each twin), and administered to each twin separately by telephone. In addition, children completed an online adaptation of the Woodcock-Johnson III Reading Fluency test (W-J III; Woodcock et al., 2001). These three measures were combined into a composite by averaging the standardized scores for each measure.
Reading Comprehension Composite. Sentence-level reading comprehension was assessed using a web-based version of the Reading Comprehension subtest of the Peabody Individual Achievement Test (PIAT; Markwardt et al., 1997), in which children read a sentence and chose the matching picture from a set of four.  In addition, children completed a web version of the GOAL Formative Assessment in Literacy for Key Stage III, which includes a wide range of literal and inferential comprehension questions based on a set of stimulus sentences and short paragraphs.  These two measures were combined into a composite by averaging the standardized scores for each measure.
Analysis
	Because patterns of prediction may vary between the full range of measures and performance at the low end, two sets of analysis were conducted. In the first, both predictors (other than family history, which is inherently categorical) and outcomes were treated as continuous, full-range measures in multiple regression analyses. In the second, predictors and outcomes were treated as dichotomous variables with cutoffs defining risk or low outcome. A cumulative risk score was computed across the five measures and related to outcome. Diagnostic validity was computed as sensitivity, specificity, Positive Predictive Value (PPV) and Negative Predictive Value (NPV) based on matching the predicted incidence of low outcome as closely as possible to the actual incidence. In addition, as a measure of diagnositic validity independent of cutoff, ROC analyses were used to determine the Area under the Curve(AUC).
Results
Descriptive information
Table 1 provides descriptive information for each of the risk and outcome measures for the full sample and by gender. It also includes the percentage of children who exhibited risk as defined above for each of the predictor and low performance on each of the outcome measures. With respect to predictor variables analyzed categorically, males were more likely than females to be at risk with respect to expressive vocabulary at 3 and to EA3, and consequently higher cumulative risk at age 2. With respect to outcome variables, the only gender difference was that males were more likely than females to be scoring low with respect to reading comprehension at 12. As there were few gender differences overall and they were small, gender was not treated as a distinct risk factor.
Predictive analyses for continuous, full-distribution measures
Multiple regression predictions using all predictive and outcome measures in continuous mode (other than family history), produced modest predictions, as shown in Table 2. In the initial regressions, all five risk factors were observed to contribute significantly to the prediction of all three outcomes, except that Family History did not contribute unique variance for 12 year receptive language in either the 2 year or 3 year analyses. The R-square values for the total prediction (numeric columns 2 and 5) are systematically higher for prediction from age 3 than from 2. The table also includes the unique contribution made by EA3 when entered last, and the unique combined contribution of the other four variables when entered after EA3. In each case, the variable or variables added last made a significant contribution.  
Although these correlations are modest, the predictions are not trivial. This is illustrated in Figure 1. (Standard errors are not presented in this and the following figure due to lack of visual clarity that would result due to closeness of the lines. That information is provided in Supplementary Table T1.) Here the results of the regression analysis (somewhat different for each measure) are used to compute predicted scores at outcome; those predictions are then categorized into quintiles, and the actual mean scores at outcome are computed. It can be seen that the top and bottom quintiles according to prediction are separated by approximately .8 of a standard deviation. On a standardized test, this would correspond to approximately 12 points.
<< Figure 1 about here >>
Categorical risk factors and cumulative risk analyses
No participant was observed to have all five risk factors at age 2, and only two participants were observed to have all five risk factors at age 3, and therefore that value for cumulative risk was omitted from the figures which follow. As shown in Supplementary Figure S1, approximately half of the children had no risk factors, one-third had one, 13% had two, 2.7% had three, and .8% had four. The distributions of risk factors at ages 2 and 3 are very similar, as expected, given that only vocabulary and cognition can change between the two ages. The two cumulative risk measures were correlated at r = .806 (kappa = .63 if risk total is considered as a categorical measure). Correlations among the 5 individual risk factors are provided in Supplementary Table S2. Most pairwise phi coefficients were significant;  low EA3 was the exception, in that it was not related to any child variable at either age, only to low maternal education.
The relation between each of the 5 risk factors and low performance on each outcome measure, as indexed by phi coefficients (Pearson coefficients for binary variables), was significant, though modest, in every case other than nonverbal delay predicting reading comprehension, as shown in Supplementary Figure S2. In general, age 12 receptive language is more predictable (measured by phi) than word decoding or reading comprehension,  though the differences are small. 
The relation of cumulative risk at 2 and 3 to low performance on each of the outcome measures is illustrated in Figures 2a and 2b. The relation is generally monotonic and is approximately equal for all three outcomes. Spearman correlations between number of risk conditions at ages 2 and 3 and poor outcomes are shown in Table 3, along with comparable correlations when low EA3 is not included in the cumulative risk measure. Although the correlations are consistently higher for the measure with EA3, the differences are small, and are significant only for receptive language, using Steiger’s formulae (1980). There is little evidence for the predictions from age 3 to be higher than from age 2; the differences are inconsistent in direction and none are significant (all p > .3).
<< Figures 2a & 2b about here >>
The central analyses for research question 2 concern predictions for individual children. This requires a criterion for low score on the cumulative risk measure. For each outcome, approximately 10% are classified as low performers. At both ages,  a cutoff of greater than or equal to 2 captures 16.5% of the sample. These are the closest it is possible to get to 10%. Table 4 summarizes the results of analyses based on this classification. 
As can be seen, the odds ratios are all significantly greater than 1.0 for risk factors above the proposed cutoff of 2, but only modestly so, and the prediction is very poor with respect to sensitivity and Positive Predictive Value. As a more comprehensive evaluation of the validity of prediction, not tied to any specific cutoff of risk, six ROC analyses were conducted (2 cumulative risk predictors x 3 outcomes). These analyses assess the validity of a classification measure across all possible settings of the criterion by plotting sensitivity against specificity for each possible predictor cutoff. A sample ROC is shown in Figure 3, and all 6 are included as Supplementary Figures 3 to 8. The Area under the Curve (AUC) statistic is a measure of the extent to which that curve diverges from the diagonal, which indicates chance performance. Thus it is a comprehensive assessment of the potential diagnostic validity, and hence utility, of a measure. For cumulative risk at 2 and receptive language at 12, AUC = .658.  AUC values for the entire set of six predictions range from .615 to .671, which would be considered poor (Caspi et al., 2016). It has been suggested that AUC values need to be approximately .8 or better to demonstrate adequate discrimination for consideration in decision-making about intervention.
	<< Figure 3 about here >>

Discussion
For the continuous, full-distribution measures (Research question 1), the genome-wide polygenic score EA3 did significantly improve prediction, but only very modestly, and even with it included, prediction was poor. The other four measures contributed an even larger amount of unique prediction. For the categorical measures of risk factors and language/literacy outcomes (Research question 2), the predictions were significantly better with EA3 included, but only for the receptive language measure. Waiting until age 3 (Research question 3) slightly improved prediction of the continuous outcome measures, but not the prediction of poor outcomes.  Overall, sensitivity, Positive Predictive Value, odds ratios and AUC statistics all demonstrated predictions far from clinically useful. 
Given the relative success of EA3 in predicting educational attainment, why are these results so poor?  There are several possibilities, not mutually exclusive. First, EA3 was developed for educational attainment in the broad sense, in contrast to the focus on language and literacy outcomes in this study. Educational attainment (and success along the way) reflects a wide range of abilities and characteristics that extend beyond language and literacy. Notably, Krapohl et al. found that a substantial portion of the heritability of educational achievement was shared with genetic influence on personality (a composite including conscientiousness), behavior problems, and educational self-efficacy.  The success of EA3 may reflect individual differences in these broader characteristics, and thus language and literacy abilities and difficulties may constitute only a very small part of the story. We note that research is in progress to develop a language-specific GPS, but there is not yet a sufficient sample to yield a GPS score with good predictive validity. 
Second, research documenting the predictive power of EA3 has typically examined that variable either in isolation as a predictor or without the extensive demographic and early childhood measures available here. In the present case, we hypothesize that some of the predictive power of EA3 may be pre-empted by those other measures which are themselves predicted by EA3. As shown in Supplementary Table S2, EA3 is correlated in this sample with maternal education, consistent with the finding of Wertz et al. (2018) that children’s EA3 is correlated with their mother’s EA3 and actual educational attainment. 
	A third factor which may reduce prediction stems from the use of twins in the present research. Early language development in twins is typically slower than for singletons, though the ‘twin effect’ is reduced or absent by the early school years (Thorpe, 2006). Likely causes of delay include prenatal and perinatal factors which are known to impact language development and are at elevated risk in twins, including gestational diabetes, prolonged time to spontaneous respiration, and fetal growth restriction (Taylor et al., 2018), as well as twin effects on parental language input and interaction (Thorpe, 2006). Valid research on the twin effect and its developmental course requires the use of measures which have been normed in the general, i.e., singleton population (Rice, Zubrick, Taylor, Hoffman & Gayan, 2018; Rice, Taylor, Zubrick, Hoffman and Earnest, in press), and this is often not possible for twin studies and other large-sample designs, where, as in the present study, a relative criterion of low performance within the available sample was used. This methodological difference, population-based versus sample-specific,  has implications for categorizing children either as normally developing, late talkers or recovered to the normal range. Recently, Rice et al. (2014; 2018; in press) have studied the twin effect in a large and representative Western Australian population with standardized measures, from the ages of 2 to 6 years. The twin effect was evident at age 2 and continued to be substantial at age 4, but had largely resolved by the age of 6, when considering continuous measures of language performance (Rice et al., 2018). Similarly, when using a categorical cutoff of -1 SD to identify language impairment, the proportion of children meeting this criterion was reduced from 36% at age 4 to 28% at age 6, again suggesting that the twinning effect diminishes between these two ages, although the rate of language impairment was still substantially higher than the 8% expected in a general population (Rice et al., in press). The findings of the Western Australia project taken together suggest a period of particularly dynamic and variable change in language development between the ages of 4 and 6 that is specific to twins. Moreover, the twinning effect seems to be more marked for MZ than DZ twins, adding further variability in twin samples such as ours, which include both MZ and DZ twins. Consequently, the long-range prediction of outcomes from early childhood is likely to be weaker in twin samples compared to the general population, whether focusing on the classification of language impairments or on continuous measures across the whole range of ability.
Fourth, the considerations above primarily focus on EA3, but the other risk factors have their own limitations. There is much evidence, for example, that early language and nonverbal behavior are so variable, even when they are reliable at any given point, that there is little prediction from them.  The validity of family history information is limited by memory and by little understanding of the nature of variability in the general population. Mothers’ education is correlated, but far from perfectly, with actual interaction patterns. We also acknowledge that our measures did not include an assessment of receptive vocabulary. Psyridou,  Eklund,  Poikkeus & Torppa (2018) examined the reading outcomes of children through age 16 as related to vocabulary assessments at 2-2.5 years. They found the combination of family risk, expressive, and receptive vocabulary had the largest negative impact on reading, whereas late talkers without receptive vocabulary difficulties tended to become typical readers. 
Research question 3 focused on the comparison of prediction from age 2 versus age 3. (Note that only vocabulary and nonverbal cognition can change from 2 to 3.) Although the full-range predictions reported in Table 2, both for overall prediction and for the contribution of EA3,  do show a significant improvement from age 2 to age 3, the changes are very small (< 3% and <1% of the variance, respectively) with little practical significance. The analyses focused on risk factors and low outcomes (correlations in Table 3 and Odds Ratios in Table 4) do not identify any significant change, despite some trend for age 3 values to be higher. The latter finding is interesting because it is inconsistent with what might be expected on the basis of genetic contribution, namely, that stability should increase as genetic endowment comes to play a larger role, perhaps due to lessened family environment effects as children spend more time outside the home. Between 2 and 3, the heritability of late talking (lowest 10% on vocabulary) in the larger TEDS sample has been estimated to increase from .28 at age 2 to .49 at age 3 (Dale & Hayiou-Thomas, 2013).  In any case, a practical implication of these results is that waiting until age 3 does not substantially improve prediction.
Limitations and future directions
	One limitation of the present findings is that they are based on a relatively small sample, due to the need for complete genetic and family information, along with complete age 2 and 3 vocabulary nonverbal cognition measures, and at least one of the three outcomes measures. Although these criteria identified 1420 children, generous for full-range correlational analysis, only 106 to 133 children were classified as showing low performance on each measure at age 12. Replications of this general approach would be highly valuable. 
	The use of a GPS based on educational attainment, necessitated by the need for large sample size in developing the measure, might also be seen as a limitation, though we have argued above that this may not be as important as it seems, given pleiotropy and the close relation of language/literacy and educational success. Certainly it should be a high priority to develop a GPS based on literacy with a large dataset, but that is likely to be far off. On the whole, behavior genetic research is limited less now by the cost and effort required to obtain molecular data than it is by the availability of quality phenotype measurement in large samples. 
	Another limitation is the use of vocabulary only as the early language measure.  Leonard (2013) has suggested that reduced vocabulary, while often present in children who will manifest language/literacy difficulties later, is not a necessary or core feature of the condition. He suggests that grammatical difficulties are more central, and valid measures of morphosyntax are not possible until grammatical development is more advanced. Measures of tense and agreement appear to be especially relevant, at least for children learning English.  Dale et al. (2003) did include a CDI-type measure of early grammatical development, which focused primarily on combinatorial abilities, but they found it did not contribute significantly to prediction.
Taken together, these issues suggest that may simply not be possible to predict from early childhood to later language/literacy development from the kinds of measures that were included in the current study. A promising alternative approach is to change focus from measures of knowledge, such as vocabulary, to process-oriented measures. Fernald and Marchman (2012), for example, have found that efficiency in identifying referents of familiar words, assessed by reaction time and accuracy in looking at a target picture from a presented pair, provides some differentiation between late-talking toddlers at 18 months who will ‘bloom’ by 30 months from those who will not. Although sensitivity (55-61%) and PPV (52-66%) were not yet in the clinical range, they were better than in the present study. In its present form, the looking-while-listening task is not feasible on a large scale, but technical improvements can be expected. 
Our results overall are consistent with previous research which has found that it is difficult to predict long-range language and literacy outcomes from toddlerhood; and although the EA3 genome-wide polygenic score adds a little predictive power, it is not sufficient to be clinically useful. 
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Figure Legends

Figure 1. Mean outcomes by predicted quintile from multiple regression.
Figure 2a. Risk factors at 2 and % low outcomes at 12. 
Figure 2b. Risk factors at 3 and % low outcomes at 12. 
Figure 3. ROC curve plotting sensitivity versus specificity for cumulative risk measure at 2 and low receptive language at 3. 

Table 1
Means (SDs) for continuous risk and outcome measures for total sample and by sex, and percentage meeting criteria for low score for each measure
	Measure
	Total sample
M (SD)       % low
	Females
M (SD)            % low
	Males
M (SD)        % low

	Vocabulary-2
	49.7 (24.7)     10.5
	52.7 (24.3)          7.4
	45.9 (24.7)  14.4
<.001              <.001

	Vocabulary-3
	65.2 (23.9)     10.0
	66.1 (23.2)           8.7
	64.0 (24.6)      11.6

	NV cognition-2
	18.4 (3.2)       11.8
	18.6 (3.2)          10.1
	18.1 (3.1)    13.9
.001                .027

	NV cognition-3
	14.1 (3.0)       12.2
	14.4 (3.0)            9.5
	13.7 (3.1)    15.5
<.001              <.001

	Mother’s education
	4.1 (2.0)         16.8
	4.1 (2.0)           17.9
	4.07 (2.0)        15.4

	Family History 
	----                 20.5
	----                     19.8
	----                  21.4

	EA3a 
	.091 (1.025)   10.0
	.053 (.997)          9.5*
	.138 (1.058)    10.6

	Cumulative risk-2
	.696 (.85)       16.4
	.646 (.83)          15.0
	.758 (.87)    18.1
.015

	Cumulative risk-3
	.694 (.87)       16.4
	.654 (.84)          16.0
	.745 (.90)        17.3

	Receptive lang-12a
	.014 (.73)         9.9      
	 .031 (.75)         10.0                    
	 -.008 (.72)       9.9               

	Decoding-12a
	.002 (.86)       10.0       
	 .021 (.84)           9.5                           
	 -.024 (.88)     10.6                    

	Reading comp-12a
	.009 (.89)         9.9                       
	-.011 (.87)          9.4                         
	  .033 (.91)     10.6*                  



Note: Scores for gender scoring significantly higher risk score (lower vocabulary, nonverbal cognition, or mother’s education; higher Family History) or higher outcome are bolded, and p-value is included underneath.
a z-score; M may not = 0 and SD may not = 1, as standardization is on a larger sample. Similarly, % low may not = 10%.
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Table 2
Multiple regression analyses predicting 12 year outcomes from five continuous risk variables at age 2 and at age 3

	Outcome measure
	n
	R2 for prediction from age 2
	R2 unique prediction from EA3
	R2 unique prediction from 4 varsa at 2
	R2 for prediction from age 3
	R2 unique prediction from EA3
	R2 unique prediction from 4 varsa at 3

	12yr Language
	1077
	.140
	.023
	.067
	.168
	.033
	.069

	12yr Decoding
	1163
	.118
	.020
	.057
	.134
	.029
	.054

	12yr Reading Comprehension
	1338
	.132
	.033
	.049
	.143
	.033
	.057



Note: all variance contributions are significant at p < .01
a Family History, Mother’s education, Expressive Vocabulary, Nonverbal skills; note that only Expressive Vocabulary and Nonverbal skills can change between 2 and 3.











Table 3
Spearman correlations between number of risk factors and poor outcome
	Predictor
(cumulative risk score)
	Receptive language
(n = 1077)
	Word decoding
(n = 1163)
	Reading comprehension
(n = 1338)

	2 year, including EA3
	.176a
	.163
	.139

	2 year, without EA3
	.146a
	.151
	.134

	3 year, including EA3
	.194b
	.164
	.131

	3 year, without EA3
	.165b
	.152
	.124



 Note: all correlations are significant at p < .001; correlations with the same superscript are significantly different (p = .005 & .006, respectively ).


Table 4
Prediction of low performance on receptive language, word decoding, and reading comprehension from cumulative risk measure at age 2 (CR2) and age 3 (CR3)
	Cumulative risk cutoff
	Typical at 12
	Low at 12
	Sensitivity
	Specificity
	PPV
	NPV
	Odds Ratio
(95% CI)

	Receptive language from age 2
	

	CR2 < 2
	827
	74
	.31
	.85
	.19
	.92
	2.58 (1.65-4.03)

	CR2 >= 2
	143
	33
	

	Word decoding from age 2
	

	CR2 < 2
	895
	76
	.34
	.85
	.21
	.92
	3.10 (2.04-4.72)

	CR2 >= 2
	152
	40
	

	Reading comp from age 2
	

	CR2 < 2
	1023
	93
	.30
	.85
	.18
	.92
	2.42 (1.62-3.62)

	CR2 >= 2
	182
	40
	

	Receptive language from age 3
	

	CR3 < 2
	831
	68
	.36
	.86
	.22
	.92
	3.43 (2.22-5.29)

	CR3 >= 2
	139
	39
	

	Word decoding from age 3
	

	CR3 < 2
	894
	74
	.36
	.85
	.22
	.92
	3.32 (2.19-5.03)

	CR3 >= 2
	153
	42
	

	Reading comp from age 3
	

	CR3 < 2
	1021
	91
	.32
	.85
	.19
	.92
	2.56 (1.72-3.81)

	CR3 >= 2
	184
	42
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