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eAppendix. Imputation Methods. 

 

1. Exploratory analysis of missing data: 

We first explored missing data in this study by creating a missingness indicator dataset to mirror the 
original dataset. Each variable in the missingness indicator dataset could take one of two values: 0 if the 
corresponding variable in original dataset was observed; and 1 otherwise. To gauge the extent of the 
missing data problem, we obtained the percentage of missing values for each target (i.e. imputed) variable 
as well as the overall frequency of missing values among study subjects.  

To describe the association of the target variables and the missingness indicators of target variables with 
other variables, we used a simple spearman correlation coefficient. To describe the tendency of missingness 
for two target variables, we obtained the percentage of agreement of missingness indicators among pair-
wise target variables. To evaluate the utility of all other variables for imputation of a target variable, we 
obtained the percentage of usable cases of those variables for the target variable. The results from these 
exploratory analyses provided the statistical basis for selecting predictors in our imputation models.   

2. Specification of missingness mechanism: 

We rejected the missing completely at random (MCAR) mechanism of missing data, since the distributions 
of missingness indicators depended on observed data. Consequently, we assumed the data in the dataset 
were missing at random (MAR), indicating that the distributions of missingness indicators depended only 
on the observed data.  

3. Specification of imputation model: 

The form of the imputation models was determined by the categorical measurement scale of the target 
variables. Consequently, binomial logistic regression models or multinomial logistic regression models 
were used for variables with two or more than two categories, respectively, except for cases of simple 
imputation described below.  

4. Selection of predictors: 

Using all available information in the dataset as the foundation for the exploratory analyses, we selected 
variables based on clinical rationale or the statistical association with the occurrence of missing data (i.e. 
missingness indicator) or with the values of a target variable. We kept the variable for neurosurgical 
intervention (yes/no) as a predictor in all imputation models.  

5. Simple imputation: 

Among target variables with less than 2% missing data, we used direct sample techniques where missing 
values were imputed based only on the empiric distribution of he observed data. Since the number of 
missing values was very small, this strategy reduced the imputation complexity with a negligible impact on 
accuracy. Specifically, direct sample techniques were used to impute 3 (0.36%) missing values for 
hematoma location, 13 (1.5%) missing values for injury severity, and 16 (1.9%) missing values for vomit 
number. 

6. Conditional imputation: 
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While we were able to use standard regression-based imputation methods to impute missing data for some 
variables with more than 2% missing data (amnesia—9.5% missing; acting normally—21% missing), 
imputing other variables entailed certain unique considerations which required the development of novel 
imputation methodology. In particular, several variables were linked via a gate-keeping function For 
example, consider a patient with known headache (gate-keeper variable) and unknown headache severity 
(gated variable). Logically, the patient’s headache could only be imputed as mild, moderate, or severe—
and imputing “no headache” would be illogical. By comparison, if the variable for headache was missing, 
then headache severity could be imputed as no headache, mild, moderate, or severe headache. 

We found that publically available statistical software did not permit this type of conditional imputation, 
and we did not find literature referencing relevant approaches. Consequently, we developed several post-
processing functions for various conditional imputations. These functions are parsed and evaluated just 
after the univariate imputation function returns the results, and these post-processing functions are called 
within the Gibbs samplers in MICE software. Source code for these post-processing functions is available 
upon request. 

Where appropriate, back imputation was conducted to impute missing values for gate-keeper variables (e.g. 
headache yes/no) based on the imputed values of the corresponding gated variable (e.g. headache severity). 
This conditional imputation with corresponding back imputation, where appropriate, was used to impute 
missing data for: duration of loss of consciousness (29% missing) and history of loss of consciousness 
(11.8%); headache severity (12.5%) and presence of headache (6.0%); and hematoma size (2.4%). 
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eTable 1. A list of the Variables Evaluated as Potential Predictors of the Need for 
ICU Admission. 

Clinical Variables 

 Injury mechanism 
 Loss of consciousness: classified as yes/no and less than vs. greater than 5 seconds 
 Post-traumatic seizure 
 Acting normally according to the parent 
 Headache: classified as yes/no and also by headache severity 
 Post-traumatic vomiting: classified as yes/no and also according to number of times 

vomited 
 Amnesia to the injury 
 GCS score 
 Altered mental status 
 Bulging anterior fontanelle 
 Signs of basal skull fracture 
 Scalp hematoma 
 Neurological deficit 
 Suspicion for alcohol or drug intoxication 
 Other (non-head) significant injuries 
 Age: classified by year and also as less than vs. greater than 2 years 
 Race 
 Ethnicity 
 Gender 

 

Imaging Variables 

 Cerebellar hemorrhage 
 Cerebral contusion/intraparenchymal hemorrhage 
 Epidural hematoma 
 Extra-axial hematoma 
 Intraventricular hemorrhage 
 Subarachnoid hemorrhage 
 Subdural hematoma 
 Traumatic infarction 
 Diffuse axonal injury 
 Herniation 
 Shear injury 
 Sigmoid sinus thrombosis 
 Midline shift 
 Pneumocephalus 
 Non-depressed skull fracture 
 Depressed skull fracture 
 Cerebral edema 
 Diastasis of the skull 
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eTable 2. A List of the Neurosurgical Interventions That Occurred in the Study 
Cohort. The sum of all surgeries is greater than the total (n=70) number of 
procedures due to patients that underwent more than one type of intervention. 
ICP=intracranial pressure. 

Surgery Type Frequency (%) 
Repair of CSF leak 7 (10.0) 
Fracture elevation 31 (44.3) 
Hematoma evacuation 41 (58.6) 
ICP monitor placement 5 (7.1) 
Lobectomy 1 (1.4) 
Tissue Debridement 4 (5.7) 
Ventriculostomy placement 1 (1.4) 
Other neurosurgical procedure 11 (15.7) 
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eFigure. Calibration Curve Showing Observed vs Expected Probabilities Across 
Risk Levels. The dotted line represents an ideal model and the solid line 
indicates the results from this study.  

 

 


