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Appendix 1: The multilevel logistic model 

We used multilevel logistic models to investigate the association between the severe 

intellectual impairment outcome and predictors, while controlling for outcome variability 

among birth year cohorts.  In this section we provide a rationale for using multilevel models. 

Multilevel models, also called hierarchical models, are particularly appropriate when data are 

clustered in ways that may mean that observations within these clusters are related. Because 

of the inter-dependence of data within a cluster, key assumptions underlying standard 

regression models are not met (e.g. the assumed lack of correlation between error variance of 

observations), which can lead to incorrect inference. We reasoned that cases from the same 

birth year would be more alike to each other because they have been exposed to similar 

events, and because data collection and ascertainment of these cases took place at the same 

time, creating further inter-dependencies.  

Multilevel models allow to represent the inter-dependency between observations within 

clusters, estimating and controlling for within-cluster effects. They do so by partitioning the 

total variance of an outcome into two components. For example, in a model that represents 

individual’s cognitive abilities, one component represents cluster-level variance (i.e. variation 

in cognitive abilities of birth-year cohorts in comparison to the overall average), while the 

other represents individual-level variation (i.e. individuals’ variations from their own birth-

year cohort average).  

We chose this approach because the outcome of intellectual disability was typically based on 

a clinician’s ‘impression’ of the child rather than a standardised test. The estimates of this 

outcome by clinicians could be affected by unobserved sources of variation that may have 

played a role within the period of data collection and ascertainment. We reasoned that a 

sensible approach for controlling for these unobserved variables was to use the multilevel 

approach (also known as random coefficient approach) to model explicitly the between-

cluster variance.  

In formal terms, our regression of the binary outcome on covariate x was based on a logit 

model such as this: 

log (         ) =    +        +     
whereby: 

     represents the probability of the outcome severe intellectual impairment for the i
th

 

individual in the j
th

 birth year cohort;  

log (         ) represents the log-odds of the i
th

 individual in the j
th

 birth year cohort displaying 

severe intellectual impairment.    represents the overall intercept, or else, the log-odds of severe intellectual impairment 

when the covariate x is equal to 0. 

    represents the slope of covariate x, or else, the expected change in the log-odds of the 

outcome associated with predictor x for the i
th

 individual in the j
th

 birth year cohort;  
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    represents the variation in the intercept of the j
th

 birth year cohort, so that the expected 

log-odds of the outcome for birth year cohort j is equal to     +   . 
The model assumes that: 

      Normal (0,    ) 

or else, that    approximates a normal distribution mean equal to 0 and variance    . 

It is important to note that in this specification, the    and    parameters represent the overall 

intercept and the change in the log-odds of the outcome associated with covariate x while 

adjusting for cluster-specific variability u. 

The full model underlying the results reported in Table 3 in the manuscript can be described 

as: 

log (         ) =    +           +           +                                   +   

+                      +           +            +    
Whereby BSCP represents a dummy variable to indicate whether the child met criteria for 

BSPC or not, MPT and Term represent dummy variables indicating whether the child was 

born  Moderately Preterm or at Term, zBW represents the child’s standardized BW score. 

In addition to the latter model presented in Table 3 of the manuscript, we also tested two 

further models to investigate if the association between the outcome and two of the predictors 

varied across birth years cohort. In particular, we tested cluster variation in the association 

between the outcome and zBW, the outcome and GA categories, and the outcome and type of 

CP. These models did not indicate significant improvements of model fit and were therefore 

discarded.  

An introduction on multilevel logistic models, as well as multilevel models for ordinal and 

count data, can be found in the following textbooks:  

Hedeker D. Multilevel models for ordinal and nominal variables. In: Handbook of 

multilevel analysis, 2008 (pp. 237-274). Springer, New York, NY. 

Rabe-Hesketh S, Skrondal A. Multilevel and longitudinal modeling using Stata. 

STATA press, College Station, TX; 2008;  
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Appendix 2: Multiple Imputation. 

Multiple imputation is a general approach to deal with missing data.[1] The purpose of 

multiple imputation is to create a set of datasets whereby the missing values in one or more 

variables are replaced by plausible imputed values. Statistical analyses and models are run on 

the imputed datasets, and the parameters estimates averaged across the M imputed datasets. 

Standard errors are calculated taking into account variability across the M imputed datasets, 

thus adequately representing uncertainty associated with the missing values.  

Multiple imputation is considered a valid method for tackling missing data as long as the 

missing values can be plausibly assumed to be Missing Completely at Random (MCAR), or 

Missing at Random (MAR).[2] MCAR describes a scenario whereby there are no systematic 

differences between the missing and the observed values, e.g. information on CP cases is 

missing because of postal strikes. MAR describes a scenario whereby the differences between 

missing and observed values are associated with differences in other observed variables. For 

example, information on intellectual disability may be missing more often among  CP cases 

with severe motor impairment.   

A different scenario whereby Multiple Imputation would not be warranted involves data 

Missing not at Random (MNAR): in this case, the reason for data being missing is 

systematically associated with values of the missing variable itself. This would be the case if 

missing information on severity of intellectual disability were systematically missing for 

cases with the most severe impairment. 

We assumed that the mechanisms underlying missing information in our datasets were most 

likely to be of the MAR type. 

Because our data had missing values in the outcome as well as some of the covariates, we 

used chained equation methods while creating M=50 imputed datasets. Chained equations are 

used to fill missing data in an iterative manner.[1] This method was thus used to impute 

missing values in the severe intellectual disability outcome, as well as covariates GA 

category, and z BW.  

While the z BW was a continuous variable, the outcome was binary, and the GA category 

was an ordered variable. To impute plausible missing values in the last two variables, we 

used logistic and ordered logistic models respectively.  

In order to allow for clustering within birth year cohort variation, a dummy variable for each 

birth year was included in the equations to fill missing values of the imputed variables. To 

increase accuracy in the imputation, we also included gender, CP Type, and severity of motor 

impairment (categorised to indicate GMFCS level III to level V) as covariates. The latter 

variable was included because closely associated with the outcome (see Table 2 in the 

manuscript) as well as the other missing covariates. Finally, to allow for a moderation effect 

in the imputed values of the outcome, an interaction term obtained by multiplying GA 

categories by CP Type was also introduced while filling missing values of severe intellectual 

disability.  

BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
Supplemental material placed on this supplemental material which has been supplied by the author(s) Arch Dis Child

 doi: 10.1136/archdischild-2020-320441–6.:10 2021;Arch Dis Child, et al. Cummins D



4 

 

We conducted multiple imputation in Stata software version 13, using the mi impute 

chained command suite. After creating the n=50 imputed datasets for all cases in the 

analyses, parameters were estimated using mi impute: command in Stata. Estimates 

were combined by applying combination rules by Rubin. [3] 
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