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T he Veterans Affairs (VA) Health Care System is among the 

largest integrated healthcare systems in the United States. 

The VA provides comprehensive health services to eligible 

veterans, and most of the 8.3 million VA enrollees in 2017 were 

exempt from co-payments or other cost sharing.1 VA enrollees are 

unique because, in addition to access to VA health services, more 

than 80% are dually enrolled in at least 1 other source of private 

or public insurance. Although most users of VA are exempt from 

cost sharing, many veterans 65 years or older supplement VA care 

with Medicare services. Extensive research has examined factors 

associated with greater dual use of VA and Medicare outpatient 

services. Dual VA-Medicare enrollees who were more reliant on 

VA outpatient care were younger and unmarried, lived closer to 

VA facilities, and were exempt from VA co-payments.2-4

Previous research examining determinants of VA utilization and 

dual use has largely been descriptive and has not explored approaches 

to generate accurate predictions. More recent research outside VA has 

applied newer machine learning algorithms, demonstrating promise in 

producing predictions of future health outcomes, utilization, and costs 

with greater accuracy compared with more traditional approaches.5 

Notably, several studies have examined prediction of costs within 

the context of improving risk adjustment, finding that supervised 

learning methods outperform such traditional methods as parametric 

regression.6-8 Machine learning models are being increasingly applied 

within VA but have not been routinely used for the purpose of predict-

ing reliance on VA health services. These models often have practical 

challenges, including greater computational complexity and lack of 

interpretability relative to traditional statistical models. Thus, it is 

important to understand trade-offs between potential improvements 

in model performance and these practical challenges.

Improving the ability to correctly predict patients’ expected 

utilization and costs is important for at least 2 reasons. First, more 

accurate predictions can help determine the adequacy of budget and 

staffing resources needed to provide care for a patient population. 

This is particularly important for the VA, which is funded annually 

through a budget appropriation from Congress. This appropriation is 

determined, in part, from the Enrollee Health Care Projection Model, 
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ABSTRACT

OBJECTIVES: The Veterans Affairs (VA) Health Care System 
is among the largest integrated health systems in the United 
States. Many VA enrollees are dual users of Medicare, and 
little research has examined methods to most accurately 
predict which veterans will be mostly reliant on VA services 
in the future. This study examined whether machine learning 
methods can better predict future reliance on VA primary 
care compared with traditional statistical methods.

STUDY DESIGN: Observational study of 83,143 VA patients 
dually enrolled in fee-for-service Medicare using VA and 
Medicare administrative databases and the 2012 Survey of 
Healthcare Experiences of Patients.

METHODS: The primary outcome was a dichotomous 
measure denoting whether patients obtained more than 
50% of all primary care visits (VA + Medicare) from VA. We 
compared the performance of 6 candidate models—logistic 
regression, elastic net regression, decision trees, random 
forest, gradient boosting machine, and neural network—in 
predicting 2013 reliance as a function of 61 patient 
characteristics observed in 2012. We measured performance 
using the cross-validated area under the receiver operating 
characteristic (AUROC) metric.

RESULTS: Overall, 72.9% and 74.5% of veterans were 
mostly VA reliant in 2012 and 2013, respectively. All models 
had similar average AUROCs, ranging from 0.873 to 0.892. 
The best-performing model used gradient boosting machine, 
which exhibited modestly higher AUROC and similar variance 
compared with standard logistic regression.

CONCLUSIONS: The modest gains in performance from 
the best-performing model, gradient boosting machine, 
are unlikely to outweigh inherent drawbacks, including 
computational complexity and limited interpretability 
compared with traditional logistic regression.
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which includes veterans’ expected reliance on 

the VA for care as a key input.9,10 At the individual 

clinic level, predictions of expected VA primary 

care reliance are helpful in determining staffing 

distributions, including ancillary services such 

as social work and integrated behavioral health 

that are needed by more frequent users of VA.11

More accurate predictions of VA reliance 

can also help better identify veterans expected 

to use outpatient services outside the VA. This 

is significant in light of VA’s current emphasis 

on competing for veterans as customers given 

increasing healthcare options available to VA enrollees.12 In addition, 

accurate reliance predictions may inform care coordination efforts 

within VA’s patient-centered medical home.13 Receipt of fragmented 

care across health systems is often associated with poor clinical 

outcomes and increased hospitalizations.14-17 As current policies 

continue to support veterans’ access to care outside the VA, accurate 

predictions of reliance will help identify patients who need further 

support to mediate the risks of care fragmentation. To address these 

policy-planning priorities, we examined whether supervised machine 

learning methods could improve the ability to predict future reliance 

on VA primary care among VA-Medicare dual enrollees.

METHODS
Data Sources

The primary data source was the VA Corporate Data Warehouse 

(CDW), which houses information on utilization of VA health ser-

vices, demographic data, and International Classification of Diseases, 

Ninth Revision diagnosis codes.18 We linked CDW data with Medicare 

enrollment and claims data to ascertain enrollment in fee-for-service 

Medicare and utilization. We supplemented VA and Medicare admin-

istrative data with survey responses capturing patient experiences 

with VA outpatient care, as measured using the 2012 VA Survey of 

Healthcare Experiences of Patients (SHEP) Outpatient Module, which 

is adapted from the Consumer Assessment of Healthcare Providers 

and Systems.19 SHEP is managed by the VA Office of Reporting, 

Analytics, Performance, Improvement and Deployment, which 

routinely administers the survey to a random sample of veterans 

who obtained outpatient care at VA outpatient facilities. Finally, 

we obtained measures of local area health resources in veterans’ 

residence counties, as reported in the Area Health Resource File.20

Study Sample

Using data from the 2012 outpatient SHEP, we identified 222,072 

respondents enrolled in VA, of whom 90,819 were also continuously 

enrolled in fee-for-service Medicare in fiscal year (FY) 2012 and 

FY 2013. Consistent with prior studies,2-4 we examined veterans 

dually enrolled in VA and fee-for-service Medicare because we 

were unable to capture utilization from other non-VA sources. We 

then excluded 7182 veterans with no primary care utilization in FY 

2012 or FY 2013 whose reliance, by definition, was undefined. After 

excluding 494 veterans with missing covariates, the final study 

sample consisted of 83,143 dual VA–fee-for-service Medicare enrollees.

Outcome Measures

Our primary outcome was veterans’ reliance on VA primary care in 

FY 2013. We measured reliance as the number of primary care visits 

received in VA divided by total primary care visits (VA + Medicare). 

We identified primary care visits in VA and Medicare administrative 

data through the identification of records in which the provider of 

care was classified in a specialty considered primary care, including 

general internal medicine, family medicine, and geriatrics.21 We 

further required records to contain at least 1 primary care evalua-

tion and management Current Procedural Terminology code.22 We 

dichotomized the continuous reliance measure to indicate whether 

veterans were mostly reliant on VA primary care (ie, VA reliance 

>0.5). The rationale for this binary definition is that prior research 

found that most VA enrollees were completely reliant on 1 system.3,23

Predictor Variables

We predicted reliance on VA primary care as a function of 61 variables 

measured in FY 2012, the 12 months prior to the assessment of 

reliance. The predictor variables encompassed 5 broad categories 

routinely available to researchers examining VA utilization using 

administrative data and informed by prior studies examining 

determinants of VA utilization: patient demographics, access to VA 

care, physical and mental comorbidities, characteristics of veterans’ 

residence areas, and experiences with VA care (Table 1).2-4 Access to 

care included several administrative measures, as conceptualized 

in prior research.24 Comorbidities included 20 indicator variables 

denoting the presence of conditions in FY 2012, as specified by 

the validated Gagne et al index.25 Patient experience variables 

included 23 measures from survey data, elicited on a 4-point Likert 

scale. These variables included measures capturing perceptions of 

the availability of VA outpatient care, assessment of VA facilities, 

and satisfaction with providers and overall VA care. All patient 

experience measures were defined as binary variables denoting 

whether an experience dimension was rated in the top 2 categories 

(eg, always or usually able to obtain immediate care from VA when 

needed compared with sometimes or never).

TAKEAWAY POINTS

Reliance on the Veterans Affairs Health Care System for outpatient services is a key metric for 
informing resource allocation and current operational priorities, including efforts to compete 
for veteran demand amid increasing healthcare options.

 › The application of each of 6 candidate models for predicting future reliance exhibited very 
good performance based on previous thresholds.

 › Each of the 5 machine learning models considered did not outperform, or modestly out-
performed, a traditional regression model.

 › Modest gains in performance of machine learning models are unlikely to outweigh practical 
limitations including computational complexity and difficulty in interpreting model composition.
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Assessing Candidate Machine Learning Algorithms
We compared the performance of several candidate supervised 

machine learning algorithms in classifying veterans’ future reliance 

on VA primary care. First, we applied standard logistic regression, 

which is a traditional approach using parametric regression to 

model binary outcomes. Next, we applied elastic net regression, 

which is a regularization approach that combines penalty terms 

for (1) shrinking regression coefficients to 0, as done in LASSO 

regression, and (2) shrinking coefficients toward 0, as done in Ridge 

regression. Third, we considered decision trees, which repeatedly 

partition the predictor space into subspaces producing the biggest 

performance improvement. Fourth, we applied random forests, 

which extend decision trees, by constructing multiple regression 

trees using bootstrapped training sets, splitting over a subset of 

predictors, and averaging predictions across trees. Fifth, we exam-

ined a gradient boosting machine, which sequentially constructs 

a regression tree using information from previously grown trees 

and generates an overall prediction using a weighted average of 

predictions across trees. Finally, we applied 

an artificial neural network, which involves 

constructing a directed graph composed of a 

network of nodes connected using weights that 

are updated using predefined rules.

To estimate the performance of the 6 algo-

rithms, we conducted 10-fold cross-validation 

repeated 3 times, which is a common approach 

to protect against model overfit.26 We prespeci-

fied a grid of tuning parameters specific to the 

algorithm that controlled the configuration of a 

model (eg, maximum number of splits for tree-

based models). For each combination of tuning 

parameters, we estimated model parameters 

and calculated performance metrics for each 

of the 30 training samples. For each algorithm, 

we identified the set of tuning parameters with 

the highest mean performance metric. We 

compared model performance using the area 

under the receiver operating characteristic 

curve (AUROC), sensitivity, and specificity.27-30 

All models applied sampling weights to account 

for nonresponse of veterans who were offered 

the 2012 SHEP. We conducted statistical analyses 

using RStudio version 0.99.891 (RStudio Inc; 

Boston, Massachusetts). Implementation of 

logistic regression, elastic net regression, deci-

sion trees, random forests, gradient boosting 

machine, and neutral networks applied the 

glm,31 glmnet,32 rpart,33 randomForest,34 gbm,35 

and nnet36 packages, respectively. Assessment 

of candidate models was facilitated using the 

caret package.37

RESULTS
Descriptive Statistics

The characteristics of dual VA-Medicare enrollees were similar to 

those found in prior studies.2-4 Specifically, the mean age was 70.7 

years, and the majority of patients were male (96.6%), white (78.3%), 

married (65.7%), and exempt from co-payments for VA health services 

(76.3%) (Table 1). Compared with patients mostly reliant on VA care 

(ie, receiving >50% of primary care from the VA in FY 2012), Medicare-

reliant patients were older and more likely to be white, married, or 

reside in urban areas. Medicare-reliant patients were also less likely 

to be reliant on VA services in the prior year, 2011. Differences between 

groups were observed for several physical and mental comorbidities, 

with Medicare-reliant patients having a lower prevalence of heart 

failure, chronic obstructive pulmonary disease, and psychosis. Also, 

Medicare-reliant patients reported substantially worse experiences 

with VA services, including a lower proportion perceiving an ability 

to access immediate care or specialty care in a timely manner.

TABLE 1. Selected Descriptive Statistics Stratified by Reliance Classification

Overall
(N = 83,143)

Medicare Reliant
(n = 25,803)

VA Reliant
(n = 57,340)

Age in years, mean (SD) 70.7 (11.1) 75.3 (9.8) 69.0 (11.1)

Male, % 96.6 97.7 96.2

Race/ethnicity, %

Non-Hispanic white 78.3 84.2 76.1

Non-Hispanic black 11.5 7.3 13.1

Hispanic 4.4 3.3 4.7

Other/unknown 5.8 5.2 6.1

Married, % 65.7 78.5 61.0

High school education or greater, % 87.1 88.0 86.8

Selected comorbidities, %

Alcohol abuse 5.2 2.1 6.4

Chronic obstructive pulmonary disease 17.2 13.9 18.4

Complicated diabetes 10.0 7.2 11.0

Heart failure 7.6 5.7 8.3

Hypertension 70.6 65.0 72.6

Liver disease 1.9 0.9 2.3

Psychosis 12.9 7.2 15.0

Exempt from VA co-payments, % 76.3 85.6 72.9

Resides <20 miles from nearest VA, % 79.6 82.7 78.6

Urban, % 63.1 66.7 61.8

County-level hospital beds/1000, mean (SD) 3.22 (2.38) 3.16 (2.25) 3.24 (2.43)

County-level PCPs/1000, mean (SD) 0.70 (0.28) 0.71 (0.28) 0.70 (0.29)

Mostly VA reliant in prior year, % 74.5 24.5 93.1

Perceptions of access to VA, %

Immediate care 33.5 20.6 38.3

Routine care 58.9 61.3 58.1

Specialists 46.6 36.4 50.4

Overall VA rating, % 58.5 56.7 59.2

PCP indicates primary care provider; VA, Veterans Affairs.
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Prediction Model Performance
The mean (SD) AUROC estimated using logistic regression across 30 

validation samples was 0.890 (0.004) (Table 2). Regularized regres-

sion using elastic net produced similar predictive performance but 

exhibited greater variance (AUROC, 0.891; SD = 0.005). Of the 3 tree-

based algorithms, decision trees performed the worst (AUROC, 0.873; 

SD = 0.005), followed by random forest (AUROC, 0.889; SD = 0.003) 

and gradient boosting machine (AUROC, 0.892; SD = 0.004). The 

latter exhibited the best performance of all algorithms considered.

Performance was also similar across the 6 models using other 

evaluation metrics. Mean (SD) specificity ranged from 0.724 (0.007) 

using decision trees to 0.759 (0.008) for gradient boosting machine. 

Specificity was modestly lower for logistic regression (mean 

[SD] = 0.752 [0.007]) compared with the best-performing model. 

Mean (SD) sensitivity ranged from 0.916 (0.003) for decision tree 

to 0.922 (0.002) for random forest. Similarly, sensitivity for logistic 

regression (mean [SD] = 0.920 [0.002]) was only modestly lower 

compared with the best-performing machine learning model.

DISCUSSION
Prior study findings have established that dual use of VA and 

non-VA services is common among VA enrollees. Most studies, 

however, are solely descriptive and do not have the objective of 

accurate prediction of future VA reliance. In this study, we explored 

whether several candidate machine learning models could better 

predict which patients would be highly reliant on VA primary care 

services compared with logistic regression, which is commonly 

used for prediction in health services research. The predictive 

model using logistic regression exhibited very good performance, 

as defined using AUROC thresholds from a prior study. However, 

average performance, as measured by AUROC, was similar across 

all 6 models considered and varied by less than 2 percentage points. 

Gradient boosting machine exhibited the best performance of all 

6 models considered. However, the predictive performance was 

less than 1 percentage point better and exhibited modestly greater 

variance compared with logistic regression. Similarities in model 

performance were observed for 2 alternative metrics, specificity 

and sensitivity, with the best-performing models only modestly 

outperforming logistic regression.

Evidence on how to more accurately predict VA reliance is important 

for policy planning because the VA is publicly funded through an 

annual Congressional appropriation, which is informed by budget 

projection models that include veterans’ expected reliance on VA 

healthcare as an input. Research in this study is also consistent 

with the explicit operational goal of focusing resources efficiently 

within the VA FY 2018-2024 Strategic Plan.12 Specifically, future VA 

efforts will use VA funding requests to “eliminate spending without 

sacrificing the outcomes for veterans.” Clinically, reliance predic-

tion models have utility by identifying veterans who are at risk of 

receiving fragmented care from multiple health systems. For these 

veterans, creating services to improve care coordination can avoid 

duplication of services, reduce waste, and improve patient safety by 

mitigating the loss of clinical information needed by providers.38-40

Stakeholders determining the best model to apply when predicting 

future VA reliance should consider a number of factors other than 

overall performance. These considerations include the model 

assumptions, computational complexity, variance in model perfor-

mance, and intended use. Notably, more complex models such as 

random forest and gradient boosting machine tend to exhibit greater 

performance, on average, but may overfit data, resulting in higher 

variance and less reliable predictions when applying models in the 

real world. In addition, more complex models are generally more 

computationally intensive, require more time to train, and may 

be less desirable if stakeholders require that models be frequently 

updated to incorporate newly collected data. If interpretability is 

an important feature, more complex models may be less desirable 

despite better overall performance because model parameters that 

reflect effect of individual predictors, analogous to regression 

coefficients, are often not available. For the prediction of future 

VA primary care reliance using the 61 variables considered in this 

study, the practical limitations of more complex machine learning 

models likely outweigh the modest gains in predictive performance 

relative to traditional logistic regression, which achieved very good 

performance. Because model performance varies with the specific 

set of predictor variables chosen, the optimal prediction algorithm 

may differ for an alternative set of data.

TABLE 2. Comparison of Performance of Reliance Classification Models 

Mean Interquartile Range

AUROC

Logistic regression 0.891 0.889-0.893

Elastic net 0.891 0.889-0.894

Decision tree 0.873 0.871-0.876

Random forest 0.889 0.888-0.891

Gradient boosting machine 0.892 0.889-0.895

Neural network 0.885 0.883-0.887

Specificity

Logistic regression 0.752 0.748-0.758

Elastic net 0.753 0.748-0.756

Decision tree 0.721 0.713-0.728

Random forest 0.742 0.737-0.747

Gradient boosting machine 0.759 0.752-0.764

Neural network 0.746 0.750-0.760

Sensitivity

Logistic regression 0.920 0.918-0.923

Elastic net 0.920 0.919-0.922

Decision tree 0.913 0.910-0.916

Random forest 0.922 0.920-0.924

Gradient boosting machine 0.918 0.916-0.920

Neural network 0.919 0.916-0.920

AUROC indicates area under receiver operating characteristic.
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Limitations
This study has a number of limitations. First, our study sample 

consisted of a sample of VA-Medicare dual enrollees who responded 

to a routinely administered VA patient experience survey to capture 

a wider set of predictor variables not available in VA administra-

tive data. Because these patients were recent users of the VA, and 

veterans remain enrolled until death regardless of utilization, 

the study sample may not generalize to the population of all VA 

enrollees. Second, we were able to measure utilization of primary 

care services from VA and Medicare using a unique data-sharing 

agreement available to VA researchers. However, we were unable 

to capture utilization of primary care services through other payers. 

Third, data used in this study measured VA primary care reliance 

prior to the expansion of community care options in 2014.41 To 

date, the uptake of these community care options for primary care 

services among VA-Medicare dual enrollees is unknown.

CONCLUSIONS
Knowledge of reliance on VA services is important for policy 

planning and care delivery, but there has been limited research 

on improving prediction of this important outcome. We examined 

several candidate methods for predicting reliance as a function of a 

comprehensive set of patient variables. We found that more complex 

machine learning methods exhibited modest improvements in 

predictive performance compared with traditional logistic regres-

sion. These gains in performance are unlikely to outweigh other 

practical limitations of more complex machine learning models 

that are more computationally intensive and difficult to interpret. n
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