
Additional Information 4 

Handling missing data 

Missing data occurrence 

Missing data occurred for the indicators in a given month for a given health facility. 

Health facility ownership (public or private), level of health facility, time (month and year) and 

COVID-19 binary indicator (0 – months before pandemic and 1 – months post pandemic) 

were used as covariates (independent variables) with the health facility as a clustering 

variable. These hospital characteristics were fully observed across all hospitals. 

 

Multiple Imputation under joint modelling framework 

We implemented MI under the joint modelling imputation framework. In instances with 

complete data, standard statistical approaches for multi-level data apply models accounting 

for this dependency (1). Similarly, for missing values, imputation techniques need to account 

for dependency between observations, otherwise the predictive variance of the missing data 

is not accurately reflected. Certainly, if an incomplete variable is imputed ignoring the 

multilevel structure, the resultant imputations can be unreliable (1), and consequently bias in 

estimates obtained from imputed data. Therefore, to account for the multilevel structure, 

imputation techniques based on regression models that include a random intercept for clusters 

are generally used and have been implemented in the R-package jomo (2-4). 

General model specification under joint modelling framework 

Since missing data was observed in each indicator (outcome variable) in our dataset, with 

hospital characteristics fully observed (covariates), this presents a univariate missing data 

pattern (1). The general imputation model under this scenario is outlined below (1); 

Let the matrix 𝑌𝑛×𝑝 = (𝑦1, … . , 𝑦𝑝) be the matrix of incomplete data for 𝑛 items in rows and 𝑝 

variables in columns. Let 𝑖 be the index for the individuals ((1 ≤ 𝑖 ≤ 𝑛 and 𝑗 for columns (1 ≤𝑗 ≤ 𝑝). Y is stratified to K clusters of size 𝑛𝑘 where 𝑘 denotes the index for a cluster (1 ≤ 𝑘 ≤𝐾). So, 𝑦𝑗𝑘 denotes the 𝑛𝑘- vector corresponding to vector 𝑦𝑗 restricted to individuals within 
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cluster 𝑘. Then, let (𝑦𝑗𝑜𝑏𝑠 , 𝑦𝑗𝑚𝑖𝑠𝑠) be the missing and observed parts of 𝑦𝑗 and let 𝑌𝑜𝑏𝑠 =(𝑦1𝑜𝑏𝑠, … , 𝑦𝑝𝑜𝑏𝑠) and 𝑌𝑚𝑖𝑠𝑠 = (𝑦1𝑚𝑖𝑠𝑠, … , 𝑦𝑝𝑚𝑖𝑠𝑠). The imputation draws missing values from the 

predictive distribution 𝑃(𝑌𝑚𝑖𝑠𝑠|𝑌𝑜𝑏𝑠), where, an imputation model with parameter θ is specified 

and realizations of the predictive distribution of the missing values can be obtained by; drawing 

θ from 𝑃(𝜃|𝑌𝑜𝑏𝑠) its posterior distribution and drawing missing values according to 𝑃(𝑌𝑚𝑖𝑠𝑠|𝑌𝑜𝑏𝑠, 𝜃) their predictive distribution given θ (1). In our case of a single incomplete 

variable (𝑦𝑝), the posterior distribution can be specified by letting 𝜃 = (𝛽, Ѱ, ∑ 𝑘) be the 

parameters of a linear mixed effects model (1): 𝑦𝑝𝑘 = 𝑍𝑘𝛽 + 𝑊𝑘𝑏𝑘 + 𝜀𝑘 , (1) 

 𝑏𝑘~𝑁(0, Ѱ), (2) 

 𝜀𝑘~𝑁(0, ∑𝑘) (3) 

 

Where 𝑦𝑝𝑘 denotes the incomplete variable restricted to the cluster 𝑘, 𝑍𝑘(𝑛𝑘 × 𝑞) and 𝑊𝑘(𝑛𝑘 × 𝑞′) are the known covariate arrays corresponding to two subsets of (𝑦1𝑘 , … , 𝑦(𝑝 − 1)𝑘), β is the 𝑞 −vector of regression coefficients of fixed effects, 𝑏𝑘 is the 𝑞′-
vector of random effects for cluster 𝑘, Ѱ(𝑞′ × 𝑞′) is the between cluster variance matrix, and ∑𝑘 = 𝛿𝑘2𝐼𝑛𝑘(𝑛𝑘 × 𝑛𝑘) is the variance matrix within cluster 𝑘. 

Implementation of the model to DHIS2 

Since the number of attendances is count, linear transformation was important before 

imputation, following an appropriate variance-stabilizing transformation to make the normal 

distribution assumption more plausible. The variance-stabilizing transformation for the 

Poisson distribution of count data is the square root, and it provides a better transformation 

relative to the log transformation for count data (5-9). The back transformed values under the 

square root method align with the original count scale. A linear mixed effects model was then 

selected for the implementation of MI. Below is a representation of the specified model in 
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matrix form: 

 𝑌𝑖 = 𝑋𝑖𝛽 + 𝑍𝑗𝑏𝑗 + 𝜀𝑖 (4) 

Where: 𝑌𝑖 is response vector of the indicators 𝑋𝑖 the model matrix for the fixed effects (health 

facility covariates; Health facility ownership (public or private), level of health facility, COVID-

19 binary indicator (0 – months before pandemic and 1 – months post pandemic) and time 

(time data was reported as months and year combined)) and 𝑍𝑖 the model matrix for the 

random intercept for observations in the 𝑗𝑡ℎ health facility. The vector of health facility 

covariates coefficients is represented by   𝛽 while 𝑏𝑗  represents the vector of random-effect 

coefficients in health facility 𝑗 . The errors terms denoted by  𝜖𝑖   are assumed to follow a 

multivariate normal distribution with mean vector 0 and variance covariance matrix ∑. The MI 

mixed effects model was implemented in  R version 3.6.3 using the jomo package for multilevel 

imputation (10).  
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