Illustration of the MI approaches for handling incomplete three-level data
Here, we provide the R syntax for the MI approaches as applied to the real CATS data. A detailed description of the variables and the data are provided in the main text. 
The following packages will be required
[image: ]
The variables used in the imputation models are as follows: 
[image: ]
The time varying variables prev_dep (depressive symptoms at the previous wave), NAPLAN_z (NAPLAN numeracy scores) and prev_sdq (overall child behaviour reported by SDQ) all have missing values, while all the other variables are completely observed. 
Single level JM with DI for schools with repeated measures analysed in wide format (JM-1L-DI-wide)
The original data above is in long format, with one row per individual per wave. For JM-1L-DI-wide, the data will need to be reshaped into wide format: one row per individual, with the repeated measures (at waves 3, 5 and 7) of the time varying variables as distinct variables. For this the reshape function can be used.
[image: ] 
In order to guarantee that the correct function is being used by `jomo’, make sure that continuous variables are stored as numeric vectors in the data frame and binary/categorical variables as factors. To include fully observed categorical covariates with three or more categories in the predictor matrix (X) of the imputation model, appropriate dummy variables will have to be created.
Under this approach, the incomplete variables prev_dep.3, prev_dep.5, prev_dep.7, NAPLAN_z.3, NAPLAN_z.5, NAPLAN_z.7, prev_sdq.3, prev_sdq.5 and prev_sdq.7 will need to be specified as the outcomes(Y) in the single level imputation model, while all complete variables will serve as the predictors(X). The imputation model can be specified as follows: 
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After imputation, the imputed datasets will need to be reshaped into long format before fitting the substantive analysis model.[image: ]
For fitting the analysis model on the imputed datasets and pooling the results, the `mitml’ package can be used. 
[image: ]
Single level FCS with DI for schools with repeated measures analysed in wide format (FCS-1L-DI-wide)
Similar to the JM-1L-DI-wide approach, here the dataset will need to be in wide format during the imputation process. To carry out single-level FCS, R package `mice’ can be used. Because all the incomplete variables prev_dep.3, prev_dep.5, prev_dep.7, NAPLAN_z.3, NAPLAN_z.5, NAPLAN_z.7, prev_sdq.3, prev_sdq.5 and prev_sdq.7 are continuous, the method used is `norm`. Here each of the incomplete variable will be imputed by using a series of univariate imputation models with the incomplete variable as the outcome and all the other variables as the predictors. Because we don’t need the individual’s id, `uniqueid’ to serve as a predictor in the imputation model it is removed from the dataset. 
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After carrying out MI, as before the imputed datasets will need to be reshaped back to long format prior to fitting the substantive analysis model.
Two level JM for school clusters with repeated measures analysed in wide format (JM-2L-wide)
Under this approach, the repeated measures will again need to be reshaped into wide format during the imputation stage and then the two-level joint imputation model in `jomo’ can be applied for the school clusters.
The incomplete variables, prev_dep.3, prev_dep.5, prev_dep.7, NAPLAN_z.3, NAPLAN_z.5, NAPLAN_z.7, prev_sdq.3, prev_sdq.5 and prev_sdq.7, will be specified as outcomes(Y) in the two level imputation model, while all complete variables will serve as the predictors(X). As before to include fully observed categorical covariates with three or more categories in the predictor matrix of the imputation model, appropriate dummy variables have to be created. In this case because the clustering due to schools will be modelled using random effects (random intercepts) and not as a fixed effect as in SL-JM-DI-wide, dummy variables will need to be created only for SES. 
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However here, an additional data frame (Z) will also need to be created for the random intercepts of the school clusters and the school cluster indicator will need to be specified in the imputation model as shown above. 
After imputation, the imputed datasets will need to be reshaped into long format before fitting the substantive analysis model.
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Two level FCS for school clusters with repeated measures analysed in wide format (FCS-2L-wide)
Similar to JM-2L-wide, under this approach the repeated measures will need to be reshaped into wide format during the imputation stage .Then two-level univariate imputation models are specified for each incomplete repeated measure.  To specify the univariate models R package `mice’ can be used. Here for each univariate imputation model an imputation method and the predictor variables to be used will need to be specified. Below for each incomplete variable, prev_dep.3, prev_dep.5, prev_dep.7, NAPLAN_z.3, NAPLAN_z.5, NAPLAN_z.7, prev_sdq.3, prev_sdq.5 and prev_sdq.7, the imputation method to be used is specified as `2l.pan’ 
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Then the predictor matrix can be specified as shown below. Each row will indicate the variable being imputed (the outcome in the univariate imputation model) while the columns corresponds the predictors with the integer values denoting the relations between the outcome and predictor variables.
[image: ]
 The imputation can be then carried out as follows
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After imputation, the imputed datasets will need to be reshaped into long format before fitting the substantive analysis model as before.
Two level JM for repeated measures with DIs for the school clusters (JM-2L-DI)
Under this approach, the data can be imputed in long format because the clustering between repeated measures of the same variable is now modelled using the two-level joint imputation model in `jomo’. 
The incomplete variables, prev_dep, NAPLAN_z and prev_sdq , will be specified as outcomes(Y) in the two level imputation model, while all complete variables will serve as the predictors(X). As before to include fully observed categorical covariates with three or more categories in the predictor matrix of the imputation model, appropriate dummy variables have to be created. An additional data frame (Z) will also need to be created for the random intercepts for each individual and the cluster indicator, individual’s uniqueid, will need to be specified in the imputation model as shown below. 
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Two level FCS for repeated measures with DIs for the school clusters (FCS-2L-DI)
Similar to JM-2L-DI here the repeated measures will be imputed in long format, with the clustering between repeated measures of the same variable modelled using a univariate two-level imputation model. The imputation models can be specified using the R package `mice’. For each univariate imputation model, an imputation method and the predictor variables to be used will need to be specified as shown below. In this case we will have to specify three univariate imputation models each for incomplete variable prev_dep, NAPLAN_z and prev_sdq.  
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Then specify the imputation method and perform imputations
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Three level FCS in ml.lmer (FCS-3L)
Under this approach a three-level imputation model can be specified for the imputation of the missing values in the time varying variables, prev_dep, NAPLAN_z and prev_sdq, using the R package `miceadds’. As a three-level model is used, the repeated measures will be imputed in long format.  
As in the previous FCS approaches, a predictor matrix and an imputation method will need to be specified for each incomplete variable. 
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In addition to the predictor matrix, for variables that will be imputed using the method ml.lmer, the hierarchical structure must be set with two additional arguments (i.e. outside the predictor matrix). For all higher-level variables (i.e. those at level 2 and level 3) we need to specify the level at which the variables are measured.  For rest of the variables (i.e. for level 1 variables) the level can be left blank.
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Next for each variable being imputed, cluster variables that define the hierarchical structure in the imputation model must be specified as follows. By default, this uses a random intercept model with random effects at each of the specified levels. 
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Then the imputation model can be specified as follows: 
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Three level FCS in Blimp (FCS-3L)
Note: The syntax shown below is of the Blimp Version 1.1 used in this paper (which is an older version of the current operational version). The newest version of the Blimp software with the user guide and examples with the current syntax can be found at www.appliedmissingdata.com/multilevel-imputation 
Similar to the ml.lmer approach, this approach will also use a three-level imputation model and therefore the repeated measures will be imputed in long format.  
[image: ]
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mylist=1istO)

for(m in 1:20)
{

datw<-imp[impsImputation=—n,]

#1. attach the categorical variables: school variable and SES variable
datwsschool=CATS_datawsschool
datwisEs=CATS_datawsses

#2. remove unwanted variables (indicator variables and the auxiliary variables used for imputation)

datw=datwl,names (datw)inc ("NAPLAN_z. 3", "NAPLAN_z. 5", "NAPLAN_z. 7
"age”, "gend dep. 3",
“prev_dep.7 NAPLANL" , "uniqueid

#3. Reshape to Tong
datL-reshape (datw,varying=1ist(c("prev_dep.3
C("NAPLAN_2.3

ddvar="uniqueid

Times=c(3,5,7) direction= "long"

prev_dep.s”
NAPLAN_z. 5"

datt <- dati [order (datLSschool ,datL$id),]

#4. save the dataset in a list
myl4stlinl]= datl
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#Ffit the analysis of interest on the imputed datasets
mods <~ 1apply(my1ist,function(d){Tmer (NAPLAN_Z~prev_dep+Time+age+gender sNAPLANL+
as. factor (5£5)+(1|school /uniqueid) , data = d)})

#conbine the estimates
Testestimates (mods, var.comp=TRUE)
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imp=mi ce (data=CATS_dataw, |names (CATS_dataw)%in%c("uniqueid")],m=20, method="norm", maxit=10)
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##create a dataframe with variables to be im
myvars <- names (CATS_dataw) %inc("prev_dep.
NAPLAN_z.
“prev_sdq. 3

prev_dep.7
L: NAPLAN_2.7",
."prev_sdq. 5", "prev_sdq.7")

##create dummy indicators for fully observed categorical variables: SEs
_ses_bI-data. frame(model. matrix(CATS_datawsuniqueid-as. factor (CATS_datawsses)-1,CATS_dataw))

_"),"c_ses_1nd",5))

names (c_ses_bT) [1:ncol (c_ses_b1)] <- unlist(mapply(function(x,y) paste(x, seq(1,y), se

#drop one indicator variable from each of the categorical variables
c_ses_DI-c_ses_DI[,1:4]

##create a dataframe with complete variables

datacomp= cbind(Intercept=rep(1,nrow(CATS_dataw)) ,
CATS_dataw[, names (CATS_dataw)%inc("age”, "gender”, "NAPLANL™) ],
<c_ses_o1)

##Create a data frame with column of 1's for random intercept
datcompRe<-chind (Intercept=rep(1,nrow(CATS_dataw)))

##perform imputations with random effects (two-level imputation)
imp<-jomolrancon(y-dataimp, x-dataconp,z-datcompRe,, C1us=CATS_datawsschool , nimp=20, nburn=1000, nbetween=100)
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mylist=TistO

for(m in 1:20)

{
datw<-inp[impSImputation=-n, ]
#1. attach the categorical variable: SEs variable
datwSSES—CATS_datawsses
#2. remove unwanted variables (indicator variables and the auxiliary variables used for imputation)
datw=datwl,names (datw)%in%c("NAPLAN_z. 3", "NAPLAN_z. 5", "NAPLAN_2. 7",
rev_dep. 5",
uniqueid”, “clus™1
"prev_dep. 5", "prev_dep.7"),
"NAPLAN_Z.5", "NAPLAN_2.7")),
*,v.names—c("prev_dep”,
(3,5,7),direction= "long")
datL <- dati[order (datLsclus,dattsuniqueid),]
#4. save the dataset in a list
mylisci[m]]= datL
¥

#Fit the analysis of interest on the imputed datasets
mods <~ 1apply(my1ist,function(d){Tmer (NAPLAN_Z~prev_dep+Time+age+gender +NAPLANL+
as. factor (ses)+ (1| clus/uniqueid) data - d)})

#combine the estimates
testEstimates(mods, var.comy

RUE)
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##specify the imputation method
meth<-rep("",ncol (pred))
meth[substr (row. names (pred) ,1,4)%in%c("
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##specify the predictor matrix for imputation of incomplete variables
#rows indicate the outcome variable being impted while the columns are the variables used as predictors
pred-make. predictormatrix(CATS_dataw)

#recode the cCluster variable (shcool) from factor to integer
CATs_datawsschool=as. integer (CATS_dataw$school)

# A value of 1 means that the column variable is used as a fixed effect
#for the target block (in the rows).

#2: indicates that the column variable is a predictor with

#FIXED AND RANDOM effects for row variable

# -2: indicates the cCluster/group variable (only one is allowed)

# If a variable should not be included as a predictor set the column of

#the variable to zero

#3:If for a precitor X1,group means need to be calculated and included as further fixed effects
#if in addition to the effects in '3, specification "4 also includes random effects of x1.

pred[ ‘rownames (pred)%inc("school™) #school cluster variable as the group variable
pred[, colnames (pred)%inxc("uniqueid*)1=0 #remove id variable as this is not used as predictor

pred[ ! rownanes (pred)%insc("prev_dep. 3 "prev_dep.7”, #set all the rows with complete
"NAPLAN_z. 3 "NAPLAN_2Z. 7" #variables to zero
"prev_sda. 3 ."prev_sda.7"),1=0

##specify the imputation method
meth<-rep("",ncol (pred))

meth[substr (row. names (pred), 1,4)%in%c("
methlsubstr (row. names (pred) , 1,8)%ic ("NAPLAN_2") ]<-"21. pan”
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#perform the imputations
imp<-mice (CATS_dataw,m=20, maxit-]

0,predictorMatrix=pred, method-meth)
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##create a dataframe with variables to be imputed

myvars <- names (CATs_datal) %ir% c("prev_dep”,"NAPLAN 2", "prev_sdq")
dataimp—cATs_datalmyvars]

##create dummy indicators for fully observed categorical variables: school and SEs

#create school dummy indicators
school_bI-data. frame (model. matrix(CATS_datal Suniqueid-as. factor (CATS_datal §school)-1,CATS_datal))

names (school_bI) [

:ncol (school_pI)]<-unlist(mapply(function(x,y) paste(x, seq(l,y), sep="_"),"schoo_Ind",43))

#create ses dummy indicators
_ses_pI-data. frame(model. matrix(CATS_datal Suniqueid-as. factor (CATS_datal $SES)-1,CATS_datal))

names (c_ses_bT) [1:ncol (c_ses_b1)] <- unlist(mapply(function(x,y) paste(x, seq(1,y), se

N

#drop one indicator variable from each of the categorical variables
school_pI-school _bI[,1:42]
c_ses_pI-c_ses_DI[,1:4]

datacomp= cbind(Intercept=rep(1,nrow(CATS_datal)),
CATS_datal [, names (CATS_datal)%im<c("age” , "gender"
c_ses_bI, school_bT)

J"NAPLANI™)T,

##Create a data frame with column of 1's for random intercept
datcompRe<-chind(Intercept=rep(1,nrow(cATS_datal)))

##perforn imputations with the random effects (two-level imputation)
imp<-jomolrancon(y-dataimp, x-dataconp,z-datcompRe , C1us=CATS_datal Suniqueid,nimp=
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##specify the predictor matrix for imputation of incomplete variables
pred-make. predictormatrix(CATS_dataL)

#recode the cluster variable (uniqueid) from factor to integer
CATS_datal Suniqueid-as. integer (CATS_dataL Suniqueid)

# A value of 1 means that the column variable is used as a fixed effect
#for the target block (in the rows).
#2: indicates that the column variable is a predictor with
#FIXED AND RANDOM effects for row variable
# -2: indicates the cCluster/group variable (only one is allowed)
# If a variable should not be included as a predictor set the column of
#the variable to zero
#3:If for a precitor X1,group means need to be calculated and included as further fixed effects
#if in addition to the effects in '3, specification "4’ also includes random effects of X1.
pred[ ! rownames (pred)%in%c("uniqueid”),"uniqueid”]1=-2 #individuals id variable as the group variable
pred[ ! rownames (pred)sinxc("prev_dep”, #set all the rows with complete
“prev_sdq"),]=0 #variables to zero
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##imputation method
meth<-rep("",ncol (pred)).

meth[substr (row. names (pred) ,1,4)%in%c("
meth[substr (row. names (pred) ,1,8)%in%c ("NAPLAN_z") 1<-"21. pan”

##perfrom imputations
imp2-mi ce (data-CATS_dataL ,m=20, method-neth, predictormatrix=pred, maxi

10)
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##Define ordinal/nominal variables as integers (0,1,..

#gender
CATS_datal Sgender—ifelse(CATS_dataL Sgender
#SES

CATS_dataL$5ES-as. numer1c(factor (CATS_dataL $SES)) -1

wale”,1,0)

#specify predictor matrix
prednat < mice: :make. predictormatrix(data-CATs_dataL)
predmat[, c("uniqueid”,"school™ 1 <- 0 #set the Cluster indicator variables to zero

prednat [ names (CATS_datal )%in%c("prev_dep”, "prev_sdq”, "NAPLAN_z"),]=0 #set all the rows with
#complete variables to zero

#specify imputation methods
method <- mice: :make. method (data-CATS_datal
method["prev_dep”] <~ “ml.1ner
method["prev_sdq"] <- “ml.1ner
method ["NAPLAN_2"] <~ "m1.Tmer
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#STEPL. specify levels of variables (only relevent for variables
# with missing values)

# leave variables at lowest Tevel blank (i.e., ")
Tevel<- character (ncol (CATS_datal)) # left blank as missing values are only
nanes (level) <~ colnames (CATS_datal) #at the Tlowest level
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#STEP2-———— specify hierarchical structure of imputation models (highest Tevel blank)
Cluster<- 1istQ)

### hierarchical structure for variables
##level 1 variables

cluster[["prev_dep”]] <~ c(’uniquei
cluster[["prev_sdq"]] <~ c(uniquei
cluster[["NapLaN_z"]] <- c("uniquei

L
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imp<- mice: :mice(CATS_dataL ,maxit-10,m-20, method-method, predictormatrix:
id-cluster,variables_levels-level,aggregate_automaticall
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DATAC:\Users\name\Desktop\CATS_forblimp.csv;

VARIABLES: uniqueid gender age school SES NAPLANT time prev_dep NAPLAN 2 prev_sdq
ORDINAL: SES gender;

MISSING: 999;

MODEL: uniqueid school ~time NAPLAN_z age gender SES NAPLAN prev_sdq prev_dep ;
NIMPS: 20;

THIN: 100;

BURN: 1000;

‘SEED: 2036

OUTFILE: CAUsersiname\Deskiop\CATS _blimpimputed csv;

OPTIONS: csv prior1 hov gibbs;
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Tibrary(jomo)
Tibrary(inice)
Tibrary(miceadds)
Tibrary(Tmes)
Tibrary(mitml)

#1oad
#1oad
#1oad
#1oad
#load

jomo for single and two-level joint imputation
“mice’ for single and two-level FCs imputation
“miceadds’ for three-level FCs imputation

“Tmes’ package for fitting mizxed models
“mitml"package for analysis and pooling the results
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‘data.frame’: 3165 obs. of 10 variables:

87
3

S uniqueid: int 1112223334,
S gender : Factor w/ 2 levels "Female”,"Male™: 2222221111 ...
s age num 8.74 8.74 8.74 §.59 8.59

S school : Factor w/ 43 levels "1 66666688

s ses Factor w/ 5 levels "1", ,.144444433

S NAPLANL | o L0T4zia S0-431a -0, 474 008 bloses

s tine num 3573573573,

S prev_dep: num 0013051000 ...

S NAPLAN_z: num -0.609 0.564 0.357 -0.343 -0.519 ...

S prev_sdq: num 15 12 NA 18 14 14 10 NA 13 24 ...
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CATS_dataw-reshape(CATS_dataL,v. names:
timevar="time",

("NAPLAN_z", "prev_sdq”, "prev_dep™) , idvar="uniqueid",
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myvars <- names(CATs_dataw) %in%c("prev_dep.
NAPLAN_z.
“prev_sdq. 3

prev_dep.7"
NAPLAN_2.7"

."prev_sda. 5", "prev_sdq.7"

dataimp-cATS_datawlmyvars]

##create dummy indicators for fully observed categorical variables: school and SEs

#create school dummy indicators
school_bI-data. frame (model. matrix(CATS_datawsuniqueid-as. factor (CATS_datawsschool)-1,CATS_dataw))

names (school_pI) [1:ncol(school_bpI)]<-unlist(mapply(function(x,y) paste(x, seq(l,y), sep="_"),"schoo_Ind",43))

#create Ses dummy indicators
_ses_pI-data. frame(model. matrix(CATS_datawsuniqueid-as. factor (CATS_datawSses)-1,CATS_dataw))

names (c_ses_DI) [1:ncol (c_ses_pI)] <- unlist(mapply(function(x,y) paste(x, seq(l,y), sep="_"),"c_ses_Ind",5))

#drop one indicator variable from each of the categorical variables
school_bI-school_DI[,1:42]
c_ses_pI-c_ses_DI[,1:4]

##create a dataframe with complete variables

datacomp=cbind(Intercept-rep(1,nrow(CATS_datan)),
‘CATS_dataw[, names (CATS_dataw)in%c("age”, "gender” , "NAPLANL" )1,
s5chool_oI, c ses_p1)

##perform single-Tevel imputation
imp<-jomolcon(v-dataimp,

000, nbetween-100)




