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Derivation of High Utilizer (HU) threshold  

 

The HU threshold of 90th percentile was chosen, in line with the HU definition most commonly observed 

in literature. [1] We computed the expenditure for each patient over all inpatient and outpatient settings in 

the hospital for each observation year. An observation year was determined as a 365-day interval from 

discharge date of the index admission of a patient, i.e. the first observation year for a patient is the first 365-

day interval prior the discharge date of the patient’s index admission, and the second observation year 

would then be the subsequent 365-day interval after the first observation year and so forth. We then assessed 

the 90th percentile of expenditure for each of the 9 observation years in our data. This 90th percentile 

threshold varied from Singapore Dollar (SG$)8,150 (approximately United States Dollar [US$]6,000) to 

SG$10,492 (US$7,755) over the 9-year period. We selected the minimum value of the threshold over the 9 

years, or SG$8,150, to increase the capture of patients who were likely to be high utilizers of services. 

 

Feature extraction 

 

To construct our predictive models, we included information on demographics, clinical complexity, billing 

components, diagnoses as well as clinical subspecialty visited in Year 1 (Y1). This information was 

extracted from the raw data and processed as features, or predictors to be included in the models (Table 

S1). Demographic information included were age at index admission, sex and ethnicity. Housing type was 

excluded from the model due to the high proportion of missing information and the lack of generalizability 

of housing type categories to other countries. Charlson Comorbidity Index (CCMI) and Polypharmacy 

Score (PPS) previously prepared in the dataset were also included. [2]  CCMI and PPS were based on 

diagnosis and medication information from 2005 to the end of Y1. Utilization features extracted from the 

raw data were the number of inpatient and outpatient visits, length of stay (LOS) in inpatient care, as well 

as expenditure in Y1. For each visit billed to the patient, we identified the different bill components for that 

particular visit. The bill components included expenditure on prescription drugs, radiological scans, surgical 

procedures, specialized diagnostics, therapists, doctor consultations, consumables, implants and appliances 

as well as miscellaneous procedures. We subsequently aggregated the visit-level expenditure information 

into a total amount spent per patient for Y1, and calculated the proportion of the Y1 bill that each component 

accounted for.  
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Clinical subspecialty and diagnosis features were also included. We considered the proportion of visits to 

each subspecialty with respect to the total number of visits made in Y1. For the diagnosis features, we 

streamlined the number of diagnoses in Y1 using the Clinical Classification Software (CCS) grouping from 

more than 10,000 ICD codes to 283 mutually exclusive disease categories. [2,3] This allowed significant 

reduction in the feature space thereby improving the prediction model performance. As SNOMED CT 

concept identifiers were also present in the external validation set data, they had to be converted to ICD 

codes first in order to streamline the diagnoses using CCS grouping. [4] We further classified the CCS 

groupings to chronic and acute using the AHRQ Chronic Condition Indicator to generate meaningful 

indicators relevant to the disease groups. [5,6] For chronic conditions, features were captured as the duration 

of disease (in days), computed as the time in days between the first and last date of coding in Y1, such that 

conditions that were recurrent over a long duration received more weight. For acute conditions, features 

were captured as the number of visits to the hospital for the condition in Y1.  

 

Categorical predictors such as sex and ethnicity were converted to dummy variables, omitting one category 

each to remain as the reference. All other quantitative predictors were centered by their means and scaled 

by their standard deviation. Over all features, pairs of features which had a Spearman correlation of 0.90 

and above were identified and the feature from each pair with the higher average correlation with all features 

was dropped to minimize collinearity. [7] Features with zero variance were also dropped. Only visits with 

complete information across all features were included in the modelling.  

 

Table S1. Description of feature set 

Type of 

feature 
Description 

Number of features in feature set 

Initial 

set 

Features 

dropped for 

zero 

variance or 

collinearity 

Final 

set 

Demographic Age at first visit in Year 1, sex, ethnicity 5 0 5 

Clinical 

complexity 

Charlson Comorbidity Index, Polypharmacy 

score during Year 1 
2 0 2 

Expenditure 

and utilization 

Total Year 1 expenditure, inpatient 

expenditure, outpatient expenditure, 

average inpatient expenditure per visit, 

11 2 9 
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average outpatient expenditure per visit, 

inpatient admissions, inpatient length of 

stay, outpatient visits, emergency 

attendances, number of surgeries  

Billing Expenditure and proportion of total Year 

1 expenditure on prescription  drugs, 

laboratory services, radiology services, 

specialized diagnostics, doctor 

consultations, therapists, procedures, 

surgical procedures, dialysis, 

consumables/appliances/implants and 

other services 

22 5 17 

Diagnosis Number of visits for acute conditions and 

duration since diagnosis for chronic 

conditions as defined by Clinical 

Classification Software (CCS) and Chronic 

Condition Indicator (CCI) by Agency for 

Healthcare Research and Quality in Year 1 

382 11 371 

Subspecialty Proportion of total visits in Year 1 sought at 

respective medical specialties 
111 1 110 

 

Model building and validation 

 

Given the size and complexity of our dataset, we opted to use machine learning algorithms for the prediction 

of persistent HUs (PHUs) as they have been shown to be adept at handling large volumes of high-

dimensional data in healthcare settings to enable high quality predictions. [8–10] We tested three algorithms: 

penalized regression, support vector machine (SVM) and extreme gradient boosting (XGBoost), and 

evaluated their performance for the task described. Penalized regression approaches include penalty terms 

in model estimation for shrinking of regression coefficients and variable selection to optimize model 

performance. [11] As the prediction of PHUs is a binary classification problem, penalized regression was 

employed using a logistic regression model. [12,13] Support vector machines perform classification of data 

points using hyperplanes, generated using kernel methods, and is one of the most prevalent approaches for 
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classification problems in healthcare analytics. [14–17] Lastly, XGBoost algorithms improve the predictive 

accuracy of a collection of decision trees through gradient boosting, and  has been shown to perform well 

despite imbalance in datasets, [18] a challenge found in our dataset.  

 

For each of these algorithms, we performed a 10-fold repeated cross validation for 10 iterations with a data 

split of 70% for training and 30% for testing to ensure internal validation. As the dataset was imbalanced 

with a small number of PHUs relative to the THUs, the THUs were under-sampled within each training 

iteration of cross-validation. [19,20] Hyper-parameters for the models were tuned using grid search (Table 

S2). We evaluated the performance of these algorithms using standard metrics of sensitivity, specificity and 

AUC. [21] To identify factors influential in predicting PHUs, the most important features in the best 

performing model were identified. The features were ranked by relative importance, or the improvement in 

accuracy the feature brought to its branch relative to the highest ranked, which would range from 0 to 100. 

In addition, to increase applicability of the model as a predictive tool to be used as point of discharge, we 

identified an additional sub-model that would achieve similar predictive performance using only a subset 

of features. We tested sub-models containing different number of features with the highest variable 

importance against the full model using a two-sided Delong’s test. This was to identify the first sub-model 

with the lowest number of features that had an AUC not significantly different from that of the full model. 

[22]  

 

Table S2. Hyperparameters for models  

Model Parameter values tested 

Support vector machine Cost: 0.001, 0.01, 0.1, 1 

Penalised regression 
Alpha: 0, 0.2, 0.4, 0.6, 0.8, 1 

Lambda: 0.001, 0.01, 0.1, 1 

XGBoost 

Number of boosting iterations = 500, 1000 

Maximum tree depth = 4, 6, 8 

Shrinkage = 0.03125, 0.0625, 0.125, 0.250, 0.500 

Minimum loss reduction = 0 

Subsample ratio of columns = 0.3, 0.6, 0.9 

Minimum sum of instance weight = 0, 1, 2, 3 

Subsample percentage = 0.3, 0.6, 0.9 
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A dataset from the same administrative database for the period of 2014 to 2016 was obtained for external 

validation of the sub-model, and information captured within this dataset was generally similar to our 

working dataset. The exceptions were the lack of information on deaths, as well as the medications that 

patients were billed for in each visit, which hindered the computation of patients’ PPS. Also, the end of the 

first observation year for this external validation cohort was fixed at the discharge date of the patient’s index 

admission in 2014. We validated the selected sub-model in this patient cohort and compared the model 

performance against the performance of the sub-models with and without PPS in the internal validation. 

We used RStudio and the package caret for the computation described above. [23,24] 
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