
Access to health services, health insurance, and regular providers have been shown to vary significantly 

across sociodemographic groups within the United States.
1, 2

 Marital status, employment, and job 

characteristics have been found to predict health service receipt beyond insurance status,
3
 and differences 

in health care access across racial and ethnic lines are also well-documented.
1
 Improved health outcomes 

and reduced mortality have been linked to increased primary care usage as compared to emergency 

services.
4, 5

 Variation in environmental conditions across communities has been shown to correspond to 

differences in trajectory of medical conditions among residents
6, 7

 Environment characteristics common 

among disadvantaged populations have been associated with greater frequency of negative physical health 

outcomes
8, 9

 In addition, common mental health conditions such as depression can affect medical care 

receipt and treatment adherence.  

Varying relationships across individual and environmental characteristics as related to missed 

needed medical services suggests the utility for recognition of complexity in relationships corresponding 

to potentially related risk factors. To do this, we consider the roles for sociodemographic factors, 

insurance status, neighborhood characteristics and depression in estimating the probability of missed 

needed care. Emphasizing prediction of missed needed care through neighborhood and individual 

characteristics, and the likely occurrence of interaction effects, we use and assess the gradient boosted 

regression trees
13

 (BRT) method. BRT combines the tree-based model fitting process for CART
14

 with 

boosting,
15

 an adaptive stagewise model fitting procedure, to improve predictive accuracy through an 

ensemble of many simple decision tree models.
16, 17

 Through regularization methods, cross-validation, 

subsampling, and shrinkage,
18

 we carry out estimation to emphasize generalizability in estimation, caution 

against overfitting relationships in training data ,while measuring for relative influence
13 

of variables in 

estimation error reduction and estimation of interaction effects.
19

 Analyses were carried out using the 

‘gbm’ package
20

 within the open-source statistical software environment R version 3.0.1.
21

 Analyses were 

carried out in the full sample and stratified by health insurance status. BRT specifications were evaluated 

for predictive performance using ROC curve figures and calculation of AUC values. 



Data were collected in New York City from 18,552 participants surveyed through the 2009 

(n=9,900) and 2010 (n=8,622) Community Health Survey (CHS).
22

 The CHS is an annual telephone 

survey, carried out by the NYC Department of Health and Mental Hygiene, designed to identify health 

behaviors and conditions among non-institutionalized adults age 18 and older living in NYC’s 34 United 

Hospital Fund neighborhoods. Response rates for the 2009 and 2010 CHS were 37.7% and 39.0% 

respectively, with cooperation rates of 89.5% and 89.4%. Sampling weights were generated based on 

respondent age, race, and gender as proportionate to United Hospital Fund (UHF) neighborhood 

demographics. CHS data were de-identiified and publicly available.
22 

Additional weighting accounted for 

selection probability by ratio of household adults to phone lines. Mobile phones were sampled with 

nominal differences found between mobile and landline samples.
23 

Neighborhood characteristics were 

collected from the Census’ American Community Survey 2007-2012 estimates at zip code level. UHF 

neighborhood characteristics were then evaluated as population weighted values aggregated among zip 

codes encompassed by each UHF. To improve measurement of environment corresponding to each 

respondent, we will conduct analyses with individuals linked to zip code. 

As missed needed care occurs outside the scope of the medical system, we defined ‘missed 

needed care’ as an adult’s perception of having a medical condition requiring treatment for effective 

recovery, coupled with non-receipt of medical services. CHS respondents responded ‘yes’ or ‘no’ to the 

survey item: “Was there a time in the past 12 months when you needed medical care but did not get it?” 

Our dependent variable was defined categorically; values of 1 were given where the respondent reported 

not getting needed care in the previous 12 months and 0 when an occasion of missed needed care did not 

occur. Independent variables were included for both individual characteristics and neighborhood 

characteristics. Respondents reported insurance status, income, employment status, age, cohabitation with 

adults and children, marital status, education, foreign born status, and whether they had previously been 

told they had depression. Neighborhood characteristics matched to zip code and UHF include poverty 

rate, crowding, median income and housing vacancy rates. 



Our results suggest that tree-based adaptive statistical learning methods like BRT can improve 

model prediction accuracy through estimation of complex relationships and interactions in both location 

demographic characteristics. Through use of BRT, neighborhood characteristics were shown to have high 

degree of relative influence on optimal prediction of missed necessary medical treatment among New 

York City residents. Health insurance enrollment, while important, is not the only factor useful for 

predicting which individuals missed needed medical care. Recognition that additional factors, including 

prior depression, socioeconomic characteristics, and neighborhood characteristics predict missed care 

among insured adults may be a significant consideration toward continued health policy refinement. 

 

Figure 1. Relative influence of ten most influential predictor variables for BRT estimation.  

 
 

Figure 2. Comparison of classification performance for BRT with 2 and 4 tree-splits and logistic 

regression. 
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