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Online Supplement 

 

Missing Data 

 

Missing data in the cohort studies has the potential to induce bias into estimation within some 

analyses. The sample sizes and unit missingness for the two cohorts are shown in table S1, and 

table S2 shows the patterns of item missingness.  

 

Table S1: Patterns of unit missingness for the NCDS and BCS. 

 Present at First Survey 

(Birth) 

Deceased 

(Age 10/11) 

Missing ‘Other’ 

(Age 10/11) 

Present at Third 

Survey (Age 10/11) 

 n n n n (% original 

sample) 

NCDS 17,415 840 2,001 14,574 (84) 

BCS 16,568† 595 2,216 13,757 (83) 

Total 33,983 1,435 4,217 28,331 (83) 

Note: †Excludes babies born in Northern Ireland. In addition to the datasets cited above 

information on response rates are derived from the NCDS and BCS response datasets (SN5560 

(NCDS) and SN5641 (BCS), University of London, 2015a; University of London, 2015b). 

 

 

Table S2: Patterns of item missingness for the NCDS and BCS data pooled. 

Variable Missingness Patterns  

Ability Test Score   x x x   x x 

Gender         x 

Parent’s Highest 

Education 

  x   x x x x 

Father’s NS-SEC  x x x   x  x 

n 17716 4908 3690 2814 2340 1433 771 302 9 

Note:  indicates that the value for the variable is non-missing (i.e. present), x indicates that 

the value for the variable is missing. 
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As Carpenter and Kenward (2012) advise we first conduct a complete records analysis (see 

table S4), followed by a series of principled approaches to handling missing data.  

1. We construct inverse probability weights (IPW) in an attempt to reduce bias in the 

complete records analysis due to attrition (see table S5, model 1).  

2. We also undertake multiple imputation by chained equations (see table S5, model 2).  

3. We use multiple imputation and inverse probability weights in combination (results 

shown in main paper).  

 

The substantive conclusions of the models using these different missing data strategies are 

largely consistent but this could not have been known a priori. We focus our discussion in the 

main article on the more sophisticated models, which use multiple imputation and inverse 

probability weights to provide improved adjustments in the presence of missing data. Missing 

data techniques are at the cutting edge of statistical methods. It is highly likely that as statistical 

theory develops, the techniques and approaches that are currently prescribed may be modified. 

We also envisage that facilities within data analysis software will inevitably change. Therefore, 

we argue that there are obvious benefits to providing clearly documented information about 

the processes relating to handling missing data in order to enable the work to be reproducible 

at some point in the future.  

 

Inverse Probability Weights 

We constructed inverse probability weights (IPW) in an attempt to reduce bias in the complete 

records analysis due to attrition (see Höfler, Pfister, Lieb, & Wittchen, 2005). To produce the 

inverse probability weights we first model whether a cohort member is present at the age 11 

(NCDS) or the age 10 (BCS) sweep of the survey. We selected variables to predict this outcome 

based on their use in previous models of missingness in the cohort studies (see Mostafa & 
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Wiggins, 2015; Plewis, Calderwood, Hawkes, & Nathan, 2004), and also the degree of 

missingness on these variables themselves. The variables used in these models are shown in 

table S3. 

 

A very small per cent of variance in missingness at age 11/10 is accounted for by our models 

(less than 1 per cent in the NCDS, and 3 per cent in the BCS). This indicates that the predictive 

power of our models is weak and our attrition weights are unlikely to have a major impact on 

the results. We have made a best attempt however, with the available information, to construct 

suitable inverse probability weights. Including additional variables in the models of 

missingness at age 10/11 did not lead to large increases in pseudo R2 and led to a reduction in 

the number of observations included in the model due to item missingness. Mostafa and 

Wiggins (2015) argue that the use of metadata, such as interviewer characteristics and 

conditions surrounding the collection of the data, could account for more of the variance in unit 

missingness in the cohort studies. These metadata variables are currently not available in the 

deposited NCDS or BCS datasets available to researchers. 

 

Table S3: Variables used to produce the Inverse Probability Weights. 

NCDS  BCS  

Variable Original 

Name 

Variable Original 

Name 

Mother’s Age (Age 0 Survey) n553 Mother’s Age (Age 0 Survey) BD1MAGE 

Parity (Age 0 Survey) n504 Parity (Age 0 Survey) a0166 

Mother’s Marital Status (Age 

0 Survey) 

n545 Mother’s Marital Status (Age 

0 Survey) 

BD1MAGM 

Cohort Member’s Gender n622 Cohort Member’s Gender SEX 

Region (Age 0 Survey) n0region Region (Age 0 Survey) BD1REGN 

 

 

Following the models of missingness at age 10/11, we calculated predicted probabilities of 

observing the cohort member at age 10/11. The weight is the inverse of these predicted 

probabilities (Höfler et al., 2005). For 235 cases there was missing information that prevented 

the calculation of the probability of inclusion. In these cases a weight of 1 was allocated to 
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ensure that these cases were included in the models and that the overall sample sizes would 

remain consistent. 

 

Multiple Imputation 

We implemented Multiple Imputation using the mi commands in Stata SE 14.1. In multiple 

imputation a number of plausible values are computed that better represent the uncertainty 

around the missing value. This method imputes multiple values for each missing variable from 

a cycle of regression models. These datasets are then pooled when analyses are undertaken 

using ‘Rubin’s rules’ (see Little & Rubin, 2014). Our missing data model included all of the 

variables in the explanatory model of interest as well as parity and mother’s marital status (see 

table S3 for details of these additional variables). We imputed missing values on both our 

explanatory and dependent variables. There has been some debate concerning the imputation 

of missing values for dependent variables (see Von Hippel, 2007). Recent methodological 

research recommends that imputed values on the dependent variable should not be deleted prior 

to analysis, and this is the approach we have taken in this article (see Sullivan, Salter, Ryan, & 

Lee, 2015). We carried out multiple imputation on the missing data from all cohort members 

present at the first sweep of the studies, and we deleted deceased cohort members before the 

substantive analysis. 

 

When computing the interaction term in our models (father’s NS-SEC x cohort) we have a 

scenario where there is missing data on the father’s NS-SEC variable but no missing data on 

the cohort variable. Because cohort is not missing and has only two levels (NCDS or BCS) we 

carried out multiple imputation separately for each cohort (see Carpenter & Kenward, 2012, 

pp. 148-150; Enders, 2010, pp. 267-268). We then created the interaction term following the 

multiple imputation. 
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We also use multiple imputation and inverse probability weights in combination (see Seaman, 

White, Copas, & Li, 2012). These models are presented in the main article. This is carried out 

by imputing the data as described above, then deleting those cases who were not present in the 

age 10/11 surveys. In the analytical model we combine the imputed datasets, as described 

above, and adjust the analyses using the inverse probability weights. Seaman et al. (2012) note 

that whilst combining multiple imputation and inverse probability weights will generally have 

no advantages if the imputation models are correctly specified, the combination of multiple 

imputation and inverse probability weights can act as a robustness check. The strategy of 

combining multiple imputation and inverse probability weights has been used previously in the 

analysis of the National Child Development Study (Caldwell et al., 2008; Stansfeld, Clark, 

Caldwell, Rodgers, & Power, 2008), however we do not have access to the inverse probability 

weights used in these previous studies. 
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Table S4: Regression analysis of general ability test scores, pooled NCDS and BCS data. 

 Model 1 (CR) Model 2 (CR) 

 Coef.  SE Coef.  SE 

Gender       

Female Ref.   Ref.   

Male -0.66 ** (0.21) -0.67 ** (0.21) 

Parent’s Highest Education       

Compulsory School Only Ref.   Ref.   

Compulsory School + 1 to 3 Years 5.63 *** (0.25) 5.64 *** (0.25) 

Compulsory School + 4 to 5 Years 7.87 *** (0.59) 7.90 *** (0.59) 

Compulsory School + 6 or more 

Years 

10.24 *** (0.49) 10.28 *** (0.49) 

Father’s NS-SEC       

NS-SEC1.1 1.56 * (0.63)    

NS-SEC1.2 2.08 *** (0.59)    

NS-SEC2 1.15 ** (0.45)    

NS-SEC3 Ref.      

NS-SEC4 -3.44 *** (0.45)    

NS-SEC5 -3.26 *** (0.42)    

NS-SEC6 -4.66 *** (0.43)    

NS-SEC7 -6.98 *** (0.41)    

Cohort       

NCDS (1958) Ref.      

BCS (1970) -2.00 *** (0.21)    

Father’s NS-SEC x Cohort Interaction      

NS-SEC1.1 x NCDS    2.41 ** (0.92) 

NS-SEC1.1 x BCS    -1.04  (0.85) 

NS-SEC1.2 x NCDS    1.43  (0.81) 

NS-SEC1.2 x BCS    0.73  (0.80) 

NS-SEC2 x NCDS    1.51 * (0.62) 

NS-SEC2 x BCS    -1.10  (0.61) 

NS-SEC3 x NCDS    Ref.   

NS-SEC3 x BCS    -1.90 ** (0.69) 

NS-SEC4 x NCDS    -3.40 *** (0.61) 

NS-SEC4 x BCS    -5.37 *** (0.63) 

NS-SEC5 x NCDS    -3.03 *** (0.58) 

NS-SEC5 x BCS    -5.40 *** (0.58) 

NS-SEC6 x NCDS    -4.57 *** (0.57) 

NS-SEC6 x BCS    -6.68 *** (0.61) 

NS-SEC7 x NCDS    -7.16 *** (0.54) 

NS-SEC7 x BCS    -8.58 *** (0.57) 

Constant 102.65 *** (0.39) 102.61 *** (0.48) 

n 17,716   17,716   

Adjusted R2 0.13   0.13   

AIC 8.08   8.08   

Log likelihood -71529   -71526   

Notes: CR = Complete Records. * p<0.05, ** p<0.01, *** p<0.001 
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Table S5: Regression analysis (OLS) of general ability test scores with adjustments for missing 

data, pooled NCDS and BCS data. 

 Model 1 (IPW) Model 2 (MI) 

 Coef.  SE Coef.  SE 

Gender       

Female Ref.   Ref.   

Male -0.66 ** (0.21) -0.58 ** (0.18) 

Parent’s Highest Education       

Compulsory School Only Ref.   Ref.   

Compulsory School + 1 to 3 Years 5.66 *** (0.26) 5.84 *** (0.23) 

Compulsory School + 4 to 5 Years 7.96 *** (0.58) 8.22 *** (0.56) 

Compulsory School + 6 or more Years 10.29 *** (0.47) 10.64 *** (0.47) 

Father’s NS-SEC x Cohort Interaction      

NS-SEC1.1 x NCDS 2.39 ** (0.87) 2.91 ** (0.91) 

NS-SEC1.1 x BCS -0.99  (0.83) -0.65  (0.79) 

NS-SEC1.2 x NCDS 1.42  (0.74) 1.86 * (0.82) 

NS-SEC1.2 x BCS 0.70  (0.74) 0.97  (0.80) 

NS-SEC2 x NCDS 1.50 * (0.58) 1.71 ** (0.64) 

NS-SEC2 x BCS -1.14  (0.60) -0.90  (0.59) 

NS-SEC3 x NCDS Ref.   Ref.   

NS-SEC3 x BCS -1.85 ** (0.66) -1.64 * (0.70) 

NS-SEC4 x NCDS -3.41 *** (0.61) -3.26 *** (0.63) 

NS-SEC4 x BCS -5.40 *** (0.62) -5.42 *** (0.61) 

NS-SEC5 x NCDS -3.03 *** (0.58) -2.93 *** (0.59) 

NS-SEC5 x BCS -5.44 *** (0.58) -5.31 *** (0.58) 

NS-SEC6 x NCDS -4.56 *** (0.57) -4.49 *** (0.61) 

NS-SEC6 x BCS -6.74 *** (0.61) -6.73 *** (0.59) 

NS-SEC7 x NCDS -7.16 *** (0.54) -7.09 *** (0.58) 

NS-SEC7 x BCS -8.60 *** (0.57) -8.76 *** (0.56) 

Constant 102.60 *** (0.47) 101.76 *** (0.49) 

n 17,716   32,548   

Adjusted R2 0.13   0.14   

AIC 8.08      

Log likelihood -71527      

Note: IPW = Inverse probability weights. MI = Multiple Imputation. AIC and Log likelihood 

cannot be calculated for models using Multiple Imputation. The sample size for model 2 is all 

cohort members present in the first survey minus those who are deceased by the third survey. 

* p<0.05, ** p<0.01, *** p<0.001. 
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