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Ambulatory Care, Insurance, and Avoidable Emergency Department Utilization in North 

Carolina 

 

Abstract 

Objective: To examine whether and how avoidable emergency department (ED) utilization is 

associated with ambulatory or primary care (APC) utilization, insurance, and interaction 

effects. Design and Sample: A cross-sectional analysis of electronic health records from 

70,870 adults residing in Mecklenburg County, North Carolina, who visited an ED within a 

large integrated healthcare system in 2017. Methods: APC utilization was measured as total 

visits, categorized as: 0, 1, and >1. Insurance was defined as the method of payment for the 

ED visit as: Medicaid, Medicare, private, or uninsured. Avoidable ED utilization was 

quantified as a score (aED), calculated as the sum of New York University Algorithm 

probabilities multiplied by 100. Quantile regression models were used to predict the 25
th

, 50
th

, 

75
th

, 95
th

, and 99
th

 percentiles of avoidable ED scores with APC visits and insurance as 

predictors (Model 1) and with an interaction term (Model 2). Results: Having >1 APC visit 

was negatively associated with aED at the lower percentiles and positively associated at 

higher percentiles. A higher aED was associated with having Medicaid insurance and a lower 

aED was associated with having private insurance, compared to being uninsured. In stratified 

models, having >1 APC visit was negatively associated with aED at the 25
th

 percentile for the 

uninsured and privately insured, but positively associated with aED at higher percentiles 

among the uninsured, Medicaid-insured, and privately insured. Conclusions: The association 

between APC utilization and avoidable ED utilization varied based on segments of the 

distribution of ED score and differed significantly by insurance type. 

Keywords: Emergency Service, Medicaid, Primary Health Care, Algorithms Quantile 

Regression  
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Ambulatory Care, Insurance, and Avoidable Emergency Department Utilization in North 

Carolina 

1 Introduction 

Avoidable utilization of the emergency department (ED) occurs when individuals seek 

treatment for nonurgent conditions, for which a delay of several hours to several days would 

not increase the likelihood of an adverse outcome. If a patient could have received treatment 

in other healthcare settings, an ED visit is a waste of resources that lowers health system 

efficiency and raises healthcare costs [1]. Approximately 13 to 27% of all ED visits in the U.S. 

are avoidable, with an estimated annual cost of $4.4 billion [2]. Charges for nonurgent care in 

the ED are 320 to 728% higher than in primary care clinics, resulting in a 69 to 86% potential 

savings had the patient been treated in a primary care setting [3]. In addition to resource waste, 

using the ED for nonurgent treatment can result in poor quality of care as a consequence of 

overcrowding, increased wait time, and a lack of follow-up and care continuity [4,5]. 

Avoidable ED utilization has increased over time among specific insurance reimbursement 

groups. Between 1997 and 2009, the probability of ED visits for primary care treatable 

conditions increased significantly for Medicaid-insured visits (0.25% per year, 95% CI: 0.13% 

to 0.37%) and Medicare-insured visits (0.52% per year, 95% CI: 0.38% to 0.65%) in a 

nationally representative sample, with no significant change observed in privately insured or 

uninsured visits [6]. 

Vulnerable populations across race/ethnicity, insurance, and socioeconomic subgroups 

are disproportionately impacted by avoidable ED utilization [7]. Using the ED for non-urgent 

or primary care could be an indicator of inadequate access to healthcare [8]. Poor availability 

and quality of healthcare, including preventive healthcare, is also associated with increased 

disease severity [9,10] and mortality [11] in disadvantaged groups. Preventive healthcare is 

delivered in ambulatory healthcare settings [12], and includes primary care services such as 
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cancer screenings, annual wellness exams, and vaccinations that can prevent or reduce the 

severity of many chronic diseases and health conditions [13]. However, individuals 

experiencing social, economic, and environmental health risk factors are less likely to use 

preventive healthcare [14] and are more likely to experience severe chronic disease that 

compounds with other health risk factors [15]. 

A variety of evidence has highlighted complexity in the relationship between 

healthcare utilization, insurance coverage, and avoidable ED utilization. A longitudinal study 

of the 2007-2009 National Hospital Ambulatory Medical Care survey found that avoidable 

ED utilization varied based on race/ethnicity, insurance status, age group, and socioeconomic 

status [7]. Among a retrospective cohort of patients from state-based hospital discharge data, 

individuals without insurance were more likely to use the ED for nonurgent or primary care 

treatable conditions compared to those with private insurance, yet were less likely compared 

to those with public insurance (i.e., Medicaid or other forms of state-subsidized insurance 

coverage) [16]. Avoidable ED utilization rates were higher in minority and Medicaid-insured 

patients and lower in Medicare-insured patients among a county-based population of 

healthcare system ED users [3]. A recent assessment of Massachusetts All-Payer claims data 

from 2011-2012 found that primary care treatable ED utilization was positively associated 

with primary care visits among stratified samples of private insurance (rate ratio [RR] = 1.006; 

95% CI: 1.005 to 1.007), any public insurance (RR: 1.003; 95% CI: 1.002 to 1.003), and for 

the combined sample (RR: 1.01; 95% CI: 1.005 to 1.007) [17]. Given the widespread 

investment in hospital-based programs and interventions to improve appropriate healthcare 

utilization [1,18,19,20] a nuanced evaluation of the relationships between non-emergency 

healthcare utilization, insurance status, and avoidable ED utilization would benefit the health 

services research and practitioner communities.   

The purpose of this study was to assess i) the relationship between non-emergency 

healthcare utilization, insurance coverage, and avoidable ED utilization (outcome); and ii) the 
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degree to which the relationship between non-emergency healthcare utilization and avoidable 

ED utilization (outcome) varied by type of insurance coverage, using advanced statistical 

methods to explore complexity in these relationships. 

 

2 Methods 

2.1 Overview  

2.1.1 New York University Algorithm. Avoidable ED utilization was classified in this 

analysis using the New York University Emergency Department algorithm (NYU Algorithm), 

a validated classification system that measures the urgency of an ED visit using nine distinct 

categories [21]. The first four NYU Algorithm categories classify an ED visit as being: 1) 

non-emergent, 2) emergent, primary care treatable, 3) emergent, preventable or avoidable, and 

4) emergent, not preventable or avoidable. The algorithm assigns a probability for each ED 

visit being in one of those four categories based on the primary diagnosis code for each ED 

visit. The sum of probabilities in categories 1-4 equals 1. If the primary diagnosis code aligns 

with an injury, mental health, alcohol, drug-related diagnoses, or is unclassified, the 

remaining categories 5-9 are treated as mutually exclusive events. Therefore, ED visits for 

which the urgency is calculated (categories 1-4), exclude visits that are injury, mental health, 

alcohol, drug-related, or unclassified (categories 5-9). 

2.1.2 Study Sample. The data for this cross-sectional analysis were obtained from the 

electronic medical records (Cerner Corporation, Kansas City KS) and billing records (Epic 

Systems Corporation, Verona WI) of individuals 18 years and older living in selected county 

zip code tabulation areas (ZCTAs) in the Charlotte Mecklenburg area, who visited a Health 

System ED between January 1, 2017 and December 31, 2017 (n=101,810). In alignment with 

standard practice for NYU Algorithm use [22] we excluded individuals with ED visits 

classified by categories 5-9 as ED visits for injuries, mental health issues, alcohol and drug 

use, or visits that could not be classified (n = 29,710). Those who died during the study period 

Journal Pre-proof



Jo
ur

na
l P

re
-p

ro
of

 

 

 

(n = 721), had unknown gender (n = 3) or had extreme and potentially miscoded ages (n = 3) 

were also excluded. Individuals with “other” insurance (n = 693) reflected less than 1% of 

sample with governmental insurance benefits (e.g., Veterans Affairs) and other program-

specific options that did not conceptually align with larger insurance categories. As this 

sample size was too small to produce reliable regression model estimates, those with “other” 

insurance were excluded, resulting in a final analytic sample consisting of 70,870 patients 

(Figure 1). The research protocol was reviewed and approved by the Institutional Review 

Board (IRB) at the Health System and was exempt from IRB review by the collaborating 

university because the protocol used de-identified secondary data. 

2.2 Measures 

2.2.1 Exposure: Ambulatory or Primary Care Visits. Non-emergency healthcare 

utilization was narrowed to focus on ambulatory or primary care (APC) utilization where an 

individual could potentially access preventive healthcare. Through key informant interviews 

with health system providers, the following list of specialty categories in the electronic 

medical record system was defined for APC: allergy, cardiovascular, dermatology, 

endocrinology, family medicine, internal medicine, primary care behavioral health, 

rheumatology, sleep medicine, sports medicine, urgent care, and general obstetrics and 

gynecology. Utilization of APC was quantified as the total number of unique encounters at 

Health System facilities during the study period and categorized as: 0 visits, 1 visit, and > 1 

visit for analysis. 

2.2.2 Exposure: Insurance Coverage. The primary source of payment indicated for the 

index visit (i.e., the first visit to the ED during the study period) was used as a proxy for 

insurance coverage during the study period using the following categories: Medicaid, 

Medicare, private, or uninsured. Medicare included both Advantage (commercial) and non-

Advantage (public) members. Private represented all commercial insurance categories. For 

the purpose of this study, patients indicating “self-pay” were considered uninsured.  
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2.2.3 Outcome: Avoidable Emergency Department Score. The score of avoidable ED 

utilization for each individual was calculated using the sum of probabilities for NYU 

Algorithm categories 1-3 across all visits during the study period. Since individuals may have 

multiple ED visits over time, we defined the outcome as the total avoidable ED (aED) score. 

This method was used and described by prior research [22], which provided the following 

example: suppose an individual had three ED visits during a 12-month study period with two 

visits for heart palpitations and one visit for chest pain. The probability of avoidable ED 

utilization for each visit is 0.61, 0.61, and 0.44, respectively. Therefore, the patient’s aED 

score for the study period is 1.66. To improve the interpretation of model estimates, the total 

aED score was multiplied by 100. In this context, an aED score value of 100 is equivalent to 

one ED visit that was deemed 100% avoidable, or two visits that were 60% avoidable and 40% 

avoidable. 

2.2.4 Other Confounders. The following confounding factors were adjusted for as 

covariates: gender, race, ethnicity, age, and public health priority area (PHPA) status. Gender 

was defined as a categorical variable (Male or Female). Race (White, Black, other or 

unknown) and Ethnicity (Hispanic or Latino, non-Hispanic or Latino, other or unknown) were 

included as separate categorical variables. Age (years) was included as a continuous variable 

in all analyses. The local county public health department identified six PHPA ZCTAs, which 

were selected based upon disproportionately low educational attainment and high percent of 

the population living below the poverty threshold. The PHPA status of a patient’s ZCTA was 

included as a binary variable (PHPA vs. non-PHPA) as a proxy for social and environmental 

factors associated with healthcare access and utilization. 

2.3 Analysis 

Descriptive statistics were calculated by APC visit categories to characterize the study 

sample. The distribution of the outcome, aED score, was summarized by using box plots, 

histograms, and quantile-based location, scale, and shape measures.  
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In this study, we used quantile regression (QR) to evaluate the relationship between 

APC visits, insurance coverage, and aED score. QR is a statistical method that assesses the 

strength and direction of the effect of an exposure on specific quantiles (e.g., the median or 

the 90th percentile) of the outcome. If these effects are heterogeneous (i.e., non-constant) 

across the quantiles of the outcome, then there is evidence that there are sub-populations that 

are differentially affected by the exposure. In contrast, mean regression, as it models only one 

value of the outcome, cannot provide information on heterogeneous effects of the exposure by 

definition. Other advantages of QR include robustness of the results to outliers in the outcome 

and robustness to different shapes of the error distribution (e.g., skewed or heavy-tailed) [23, 

24].  

In this study, QR models were fitted at the 25
th

, 50
th

, 75
th

, 95
th

, and 99
th

 percentiles of 

aED score. Estimation was carried out using linear programming (Frisch-Newton), while 

confidence intervals and standard errors were computed using bootstrap resampling with 100 

replications. The location-shift hypothesis was tested by using a Khmaladze test. The null 

hypothesis is that the coefficients (slopes) of the regression models are constant 

(homogeneous) across quantiles. Goodness of fit was evaluated using a cusum test [25]. 

Model 1 included APC visits and insurance coverage as predictors, and was adjusted for 

gender, age, race, ethnicity, and PHPA status. Model 2 additionally included an interaction 

term between APC visits and insurance coverage. Standard mean regression models were 

used for comparison. All analyses were performed using R 3.6.1 [26], with quantile regression 

models performed using the quantreg [27], and Qtools [28, 29] packages. 

 

3 Results 

3.1 Sample Characteristics 

Of the 70,870 individuals in the study sample that attended at least one of six county 

EDs during 2017, approximately 70.8% (n = 50,200) had some form of insurance coverage, 
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while the remaining 29.2% (n = 20,670) were uninsured. A majority were privately insured 

(36.0%) followed by Medicaid (19.3%), and Medicare (15.5%). Participant characteristics by 

APC visit categories are presented in Table 1. Not having an APC visit in the last year varied 

by insurance status (36.7% for uninsured versus 28.2% for those with private insurance), 

gender (55.8% for females), race (62.9% for Black versus 19.1% for White) ethnicity (79.5% 

for non-Hispanic or Latino versus 12.2% for Hispanic or Latino), and living in a PHPA (38.2% 

versus 61.9%). Individuals with more than one APC visit were approximately eight years 

older on average (mean: 48.7, SD: 17.8) than those with one visit (mean: 40.8, SD: 15.2) or 

no visits (mean: 39.6; SD: 16.1). 

3.2 Distribution of Avoidable Emergency Department Scores 

The aED scores ranged from 0 to 4,551.8 (corresponding to about 45 fully avoidable 

visits), with a median at approximately 100 (corresponding to one fully avoidable visit). The 

interquartile range, the range of the middle 50% of the distribution, was 51.3. The histogram 

of aED scores shows a unimodal distribution, with an extreme right skewness. The skewness 

index was approximately 0.3, which indicates a moderate right asymmetry (i.e., extreme 

observations in the right side of the distribution). The shape index was 3.4, indicating that the 

tails of the distribution were heavier (i.e., extremes more likely) compared to a value of 1.9 of 

a normal distribution. The conditional box plot of aED scores by APC visit categories is 

presented in Figure 2 (to remove the distorting effect of extreme values, the y-axis is on the 

log scale). The distribution of aED score differed by APC visit category, with most extreme 

outliers observed among those without any APC visits during the study period.  

3.3 Percentiles of Avoidable Emergency Department Scores 

The 25th, 50th, 75th, 95th, 99th percentiles as well as the mean of aED scores, by 

APC visit categories and overall, are presented in Table 2. Clear differences were observed 

between the stratified samples and the total sample for all percentiles except the 95
th

. For 

example, at the 25
th

 percentile, the aED score decreased with increased APC visits (67.0 for 
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>1 APC visits, 72.9 for 1 APC visit, and 84.4 for 0 APC visits). This pattern was consistent 

across the 50
th

, 75
th

, and 99
th

 percentiles. On average, the aED score for those with more than 

one APC visit was smallest (mean: 120.6), followed by those with one visit (mean: 125.0) and 

no visits (mean: 126.5). 

Results from Model 1 are presented in Table 3. At the 25
th

 percentile, having an APC 

visit during the study period was negatively associated with the aED score. Individuals with        

>1 APC visits (β = -2.5; p < 0.001) or with 1 APC visit (β = -1.7; p = 0.024) had a lower aED 

score compared to those without any APC visits during the study period. At the 75
th

 percentile, 

the association between APC visits and the aED score was positive for those with >1 APC 

visits (β = 5.4; p < 0.001) and 1 APC visit (β = 4.5; p = 0.002) compared to those without any 

APC visits. A similar trend was observed at the 95
th

 percentile. In the top 1% of the 

distribution (i.e., 99
th

 percentile), having >1 APC visits during the study period was positively 

associated with the aED score (β = 61.2; p < 0.001) compared to those without any APC visits. 

At the 99
th

 percentile, no significant differences were observed between those having 1 APC 

visit and those without any APC visits during the study period. Results from the mean 

regression model showed a significant positive association between APC visits and aED 

scores, where the estimated average score was higher among those with >1 (β = 7.8; p < 0.001) 

or 1 APC visit (β = 4.8; p = 0.008) during the study period compared to those without any 

APC visits.  

Among ED users, having Medicaid insurance was positively associated with aED 

scores compared to being uninsured. Individuals with Medicaid insurance had a higher aED 

score at the 25
th

, 75
th

, 95
th

, and 99
th

 percentiles than the uninsured. The coefficients for this 

relationship were 80-fold larger among those at the 99
th

 percentile (β = 202.2; p < 0.001) 

compared to the 25
th

 percentile (β = 2.5; p < 0.001). No significant differences were observed 

between those with Medicare insurance and those who were uninsured at the 25
th

, 50
th

, and 

75
th

 percentiles. Medicare insurance was positively associated with aED scores at the 95
th

 (β = 
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31.4; p < 0.001) and 99
th

 percentiles (β = 102.4; p = 0.003) compared to the uninsured. At all 

percentiles of the distribution, having private insurance was negatively associated with aED 

scores compared to being uninsured. The magnitude of the estimated coefficient for private 

insurance at the 25
th

 percentile (β = -7.9; p < 0.001) was about 14-fold the estimate at the 99
th

 

percentile (β = -111.2; p < 0.001). The Khmaladze test for the location-shift hypothesis test 

was significant at the 1% level along with the individual slopes of Model 1 quantiles. This 

supports the hypothesis that the association (i.e., slope) between APC visits, insurance 

coverage, and aED was significantly different across the quantiles of aED score. 

In Model 2 we tested the interactions between APC visit categories and insurance 

coverage types at the 25
th

, 50
th

, 75
th

, 95
th

, and 99
th

 percentiles. The interaction terms were 

significant at the 5% level for most coefficients. The Khmaladze test for the location-shift 

hypothesis test was significant at the 1% level for the Model 2 individual slopes of the 

interaction, indicating that the association (i.e., slope) between APC visits and aED scores 

varied by the type of insurance coverage, and was significantly different across quantiles of 

aED score.  

The study sample was stratified by insurance type and modeled separately to estimate 

the association between APC visits and aED scores in each stratum (Table 4). Among the 

uninsured, APC utilization was negatively and positively associated with aED scores, based 

on segments of the distribution. At the 25
th

 percentile, uninsured individuals with > 1 APC (β 

= -0.7; p = 0.0177) had lower aED scores than those without any APC visits. This relationship 

was opposite at the 75
th 

(β = 26.7; p < 0.001), 95
th

 (β = 82.8; p < 0.001), and 99
th

 (β = 164.1; p 

= 0.001) percentiles. For those with Medicaid insurance, having >1 APC visit was associated 

with a higher aED score at the 75
th

 (β = 9.6; p < 0.033),  95
th

 (β = 41.9; p = 0.045) and 99
th

 (β 

= 187.3; p = 0.033) percentiles compared to having no APC visits, while there was no 

statistically significant differences in aED scores were found between individuals with one 

APC visit and those with no APC visits. The largest negative coefficient of magnitude was 
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observed among individuals with private insurance, at the 25
th

 percentile where having >1 

APC visit was negatively associated with aED scores (β= -4.2, p < 0.001). At higher 

percentiles a positive association was observed for those in the 95
th

 (β = 18.6; p < 0.001) and 

99
th

 percentiles (β = 39.7; p = 0.012). Both coefficients were the smallest in magnitude 

compared to other significant associations at equivalent percentiles. 

 

4 Discussion 

The goal of this study was to assess the independent associations of non-emergency 

healthcare use (i.e., APC utilization) and insurance coverage, with utilization of the ED for 

avoidable care during a 12-month study period. We also examined the interaction effect 

between APC utilization and insurance type on these relationships. Using a robust statistical 

method, QR, we examined associations across percentiles of the distribution of our outcome 

variable, aED score. Our results showed that the relationships between APC utilization, 

insurance coverage, and aED score are heterogenous, with the strength and direction of effect 

inconsistent across percentiles. For those with lower than typical levels of avoidable 

utilization (i.e., bottom 25% of aED scores), APC utilization was associated with less 

avoidable ED utilization. In contrast, for those with higher than typical levels of avoidable ED 

utilization (i.e., top 25% of aED scores), APC utilization was associated with more avoidable 

ED utilization. Note that these associations controlled for insurance coverage and other 

covariates. When adjusting for APC utilization, having Medicaid insurance was consistently 

associated with more avoidable ED utilization (compared to uninsured), while having private 

insurance was consistently associated with less avoidable ED utilization (compared to 

uninsured).  

In the stratified analysis, heterogeneous relationships between APC utilization and 

avoidable ED utilization were also observed. In the bottom 25% of the uninsured, Medicare, 

and privately insured stratum, having > 1 APC visit during the study period was associated 
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with less avoidable ED utilization. This relationship was strongest in the privately insured 

stratum, and could be an indicator of greater protective benefit for non-emergency or 

preventive healthcare utilization among those privately insured. The only significant 

associations between having 1 APC visit during the study period and avoidable ED utilization 

were observed in the uninsured stratum. Of note, the largest magnitude of effect for all 

stratified analysis occurred in the top 1% of the uninsured stratum for those with 1 APC visit 

(compared to no APC visits) at value equivalent to almost 2.5 ED visits that were 100% 

avoidable. This relationship was not significant in the Medicaid stratum. Additionally, among 

the top 1% of the Medicaid stratum, having >1 APC visits (compared to no APC visits) was 

associated with a magnitude of effect approximately equivalent to 2 ED visits that were 100% 

avoidable. These results highlight the complexity of the relationship between healthcare 

utilization, insurance coverage, and avoidable ED utilization and could be an indication of 

systematically unmet care needs among the uninsured population accessing non-emergency, 

ambulatory or primary healthcare.  

The distribution of the outcome variable, aED score, was heavily skewed and did not 

align with normal distribution assumptions. Prior studies have measured avoidable ED 

utilization using a dichotomized outcome as a solution for having a bounded, continuous 

outcome variable, and a distribution that violated the standard linear regression assumption of 

constant variance [30,31]. For example, in one study, an ED visit was non-emergent (i.e., 

avoidable) when the sum of NYU Probability categories 1 and 2 was greater than 50%, and 

emergent (i.e., non-avoidable) when the sum of categories 3 and 4 was greater than 50% [32]. 

This method of dichotomizing the total probability has been criticized as arbitrary [22] and an 

unnecessary loss of sensitivity [6] when it can be modeled as a continuous variable using 

appropriate regression methods. Our study applied QR to model avoidable ED utilization as a 

continuous outcome, a method that is robust to skewness and heavy-tailed error distributions. 
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Consistent with other studies, we found that avoidable ED utilization was positively 

associated with having Medicaid insurance, and largest among those with Medicaid compared 

to other insurance groups [16,3]. A similar study examining Massachusetts All-Payer claims 

data from 2011-2012 found that primary care treatable ED utilization was positively 

associated with primary care visits among stratified samples of insurance groupings and for 

the combined sample [17]. This study also measured ED utilization as a continuous sum of 

NYU Algorithm probabilities and used a generalized linear model with a log link and gamma 

family (i.e., mean regression model) to estimate the associations for the population on average. 

Using QR, our study identified that the strength of the association between APC utilization 

visits and avoidable ED utilization differed significantly across distribution percentiles. 

Therefore, interpreting the magnitude of the association at the average mischaracterizes the 

relationship.  

Some limitations should be considered when interpreting the results of this work. Our 

study utilized a sample from a large county Health System, that was not comprehensive for all 

healthcare in the area. As reported by other studies [33,34], health system leakage 

(participants using other facilities) is a limitation in single-system data sources that can induce 

measurement error. The Health System is the largest provider of healthcare for all of 

Mecklenburg County and for uninsured and Medicaid-insured populations; thus, the impact of 

system leakage on results of the study is likely limited. The external validity of the NYU 

Algorithm has been criticized because of the single timepoint, geographic location, and 

healthcare system used in its development [35]. However, it has been validated using 

nationally representative data [32] and Medicare payer data [21] for single time point 

classifications. Additionally, the cross-sectional study design and single year of data does not 

allow for temporal, causal interpretations of associations between variables. The observational 

study design also introduces the potential for residual confounding.  
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5 Conclusions 

The relationships between APC utilization, insurance coverage, and avoidable ED 

utilization are inconsistent across percentiles of the outcome distribution. Studies applying 

mean regression models to evaluate these relationships may mischaracterize the associations 

and fail to account for heterogeneity in the population. Using APC is associated with less 

avoidable ED utilization among those with lower than typical levels, and more avoidable ED 

utilization among those with higher than typical levels. The protective effect of this 

relationship is strongest among the private insurance stratum, while the harmful effect is 

strongest among the uninsured stratum. Future studies evaluating relationships between 

insurance coverage and healthcare utilization, particularly those exploring solutions for 

inappropriate healthcare utilization, should consider quantile regression methods as an 

alternative to traditional mean regression techniques.  
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Figure 1. Analytic Sample Flow Diagram 

Abbreviations: ED, Emergency Department; EMR, Electronic Medical Record; NYU 

Algorithm, New York University Algorithm  

 

 

Figure 2. Box Plot of Avoidable Emergency Department (ED) Score by Ambulatory or 

Primary Care (APC) Visit Category 

Note: Avoidable ED Score calculated as the total probability of avoidable ED utilization 

during the study period, as scored by the New York University Algorithm 0 to 1 scale, 

multiplied by 100. A value of 100 is equivalent to 1 ED visit that was scored as 1 (i.e., 100% 

avoidable) or 2 visits that were scored as .60 and .40 (i.e., 60% avoidable and 40% avoidable) 

during the study period; APC Visits measured as total visits to ambulatory or primary care 

during the study period January 1- December 31st 2017. 
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Table 1. Participant Characteristics by Ambulatory or Primary Care (APC) Visit Categories 

(n = 70,870) 

 

Characteristic 
0 Visits 
No. (%) 

1 Visit 

No. (%) 
> 1 Visits 
No. (%) 

 

Total 
 

Total Sample 45,784 (64.6) 4,886 (6.9) 20,200 (28.5) 70,870 (100) 

Insurance Type     

Uninsured 16,823 (36.7) 1,196 (24.5) 2,651 (13.1) 20,670 (29.2) 

Medicaid 10,443 (22.8) 929 (19.0) 
 

2,305 (11.4) 13,677 (19.3) 

Medicare 5,622 (12.3) 511 (10.5) 4,848 (24.0) 10,981 (15.5) 

Private 12,896 (28.2) 2,250 (46.0) 10,396 (51.5) 25,542 (36.0) 

Gender     

Female 25,533 (55.8)   3,336 (68.3)  14,768 (73.1)  43,637 (61.6) 

Male 20,251 (44.2) 1,550 (31.7) 5,432 (26.9) 27,233 (38.4) 

Age     

Mean (SD) 39.6 (16.1) 40.8 (15.2) 48.7 (17.9) 42.2 (17.1) 

Race     

White 8,741 (19.1) 1,269 (26.0) 7,287 (36.1) 17,297 (24.4) 

Black  28,809 (62.9) 2,801 (57.3) 9,973 (49.4) 41,583 (58.7) 

Other or Unknown 8,234 (18.0) 816 (16.7) 2,940 (14.6) 11,990 (16.9)  

Ethnicity     

Non-Hispanic or Latino 36,415 (79.5) 3,940 (80.6) 16,546 (81.9) 56,901 (80.3)  

Hispanic or Latino 5,577 (12.2) 511 (10.5) 1,774 (8.8) 7,862 (11.1) 

Declined or Unknown 3,792 (8.3) 435 (8.9) 1,880 (9.3) 6,107 (8.6) 

PHPA Status     

PHPA 17,465 (38.2) 1,638 (33.5) 5,435 (26.9) 24,538 (34.6) 

Non-PHPA 28,319 (61.9) 3,248 (66.5) 14,765 (73.1) 46,332 (65.4) 

 

Note: APC Visits measured as total visits to ambulatory or primary care during the study period January 1- 

December 31st 2017; PHPA = Public Health Priority Areas are 6 ZIP code tabulation areas selected by the 

county health department with disproportionate poverty and educational attainment relative to the larger county. 

 

Table 2. Quantiles of Avoidable Emergency Department (ED) Score by Ambulatory or 

Primary Care (APC) Visit Category 
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APC Visit 

Category 

25th 50th 75th 95th 99th Mean 

>1 Visit 67.0 93.8 121.3 300.0 567.4 120.6 

1 Visit 72.9 100.0 133.3 300.0 590.2 125.0 

0 Visits 84.4 100.0 133.0 300.0 570.6 126.5 

Overall 81.1 100.0 132.4 300.0 573.4 124.7 

 

Note Avoidable ED Score calculated as the total probability of avoidable ED utilization during the study period, 

as scored by the New York University Algorithm 0 to 1 scale, multiplied by 100. A value of 100 is equivalent to 

1 ED visit that was scored as 1 (i.e., 100% avoidable) or 2 visits that were scored as .60 and .40 (i.e., 60% 

avoidable and 40% avoidable) during the study period; APC Visits measured as total visits to ambulatory or 

primary care during the study period January 1- December 31st 2017. 
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Table 3. Regression Quantiles of Avoidable Emergency Department (ED) Score 

 

 

 

 

Factor 

Quantile regression estimates (SE)  

 

 

KT 

p value 

 

 

Mean 

regression  

estimate (SE) 

 

 

25
th
 

 

 

 

50th 

 

 

75
th
 

 

 

 

95
th
 

 

 

 

99
th
 

 

APC Visits        

> 1 Visit  -2.5 (0.5)
‡
 -0.0 (0.1) 5.4 (0.8)

‡
 32.7 (4.5)

‡
 61.2 (14.7)

‡
 < 0.01  7.8 (1.1)

‡
 

1 Visit  -1.7 (0.7)
*
 0.1 (0.1) 4.5 (1.5)

†
 17.4 (7.3)

*
 28.3 (19.3) < 0.01  4.8 (1.8)

†
 

0 Visit  

(ref) 

-- -- -- -- -- -- -- 

Insurance Type       

Medicaid 2.5 (0.4)
‡
 0.2 (0.2) 40.0 (2.9)

‡
 83.0 (7.2)

‡
 202.2 (29.0)

‡
 < 0.01  25.4 (1.3)

‡
 

Medicare 0.9 (0.6) 0.1 (0.1) 0.6 (2.6) 31.4 (7.0)
‡
 102.4 (33.9)

†
 < 0.01  9.9 (1.8)

‡
 

Private -7.9 (0.9)
‡
 -6.4 (0.5)

‡
 -17.3 (2.5)

‡
 -55.0 (4.0)

‡
 -111.2 (14.9)

‡
 < 0.01  -20.5 (1.2)

‡
 

Uninsured 

(ref) 

-- -- -- -- -- -- -- 

 

Note: Avoidable ED Score calculated as the total probability of avoidable ED utilization during the study period, 

as scored by the New York University Algorithm 0 to 1 scale, multiplied by 100. A value of 100 is equivalent to 

1 ED visit that was scored as 1 (i.e., 100% avoidable) or 2 visits that were scored as .60 and .40 (i.e., 60% 

avoidable and 40% avoidable) during the study period; 

Quantile and mean regression estimates obtained from fitting linear models adjusted for Gender, Age, Race, 

Ethnicity, and Public Health Priority ZIP code tabulation area; SE, Standard Error; APC Visits = total visits to 

ambulatory or primary care during the study period January 1- December 31, 2017; KT = Khmaladze test for the 

location-shift hypothesis test for individual slopes. 
*
Significant at p < 0.05 

†
Significant at p < 0.01 

‡
Significant at p < 0.001 

 

 

 

 

 

Insurance 

Type 

 

 

APC Visits  

Quantile regression estimates (SE)  
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Table 4. Regression Quantiles of Avoidable Emergency Department (ED) Score, Stratified by 

Insurance Type 

 

Note: The study sample was stratified by insurance coverage type; Avoidable ED Score calculated as the total 

probability of avoidable ED utilization during the study period, as scored by the New York University Algorithm 

0 to 1 scale, multiplied by 100. A value of 100 is equivalent to 1 ED visit that was scored as 1 (i.e., 100% 

avoidable) or 2 visits that were scored as .60 and .40 (i.e., 60% avoidable and 40% avoidable) during the study 

period; Quantile regression estimates obtained from fitting linear models adjusted for Gender, Age, Ethnicity, 

and Public Health Priority Area ZIP code tabulation area; APC Visits = Ambulatory or Primary Care Visits 

during the study period January 1- December 31, 2017. 
*
Significant at p < 0.05 

†
Significant at p < 0.01 

‡
Significant at p < 0.001 

 

 

  

 

25
th
 

 

50
th
 

 

75
th
 

 

95
th
 

 

99
th
 

KT 

p value 

Uninsured > 1 Visit -0.7 (0.3)
*
 0.0 (0.0)

†
 26.7 (3.2)

‡
 82.8 (12.2)

‡
 164.1 (49.3)

†
 < 0.01  

  1 Visit -0.5 (0.5) 0.0 (0.0)
†
 25.6 (3.2)

‡
 61.3 (16.2)

‡
 243.8 (118.7)

*
 < 0.01  

 0 Visit (ref) -- -- -- -- -- -- 

Medicaid > 1 Visit -0.2 (0.6) 0.0 (0.0)
*
 9.6 (4.5)

*
 41.9 (20.9)

*
 187.3 (88.1)

*
 < 0.01  

  1 Visit -0.9 (1.1) 0.0 (0.0) 1.0 (4.3) 28.0 (27.5) 43.2 (42.3) < 0.01  

 0 Visit (ref) -- -- -- -- -- -- 

Medicare > 1 Visit -2.3 (1.1)
*
 -1.0 (0.4)

*
 -1.9 (1.8) 4.0 (9.0) -29.9 (42.4) > 0.10  

  1 Visit -2.7 (2.4) -0.5 (0.7) -7.1 (4.2) -23.6 (17.2) -63.3 (104.5) < 0.01  

 0 Visit (ref) -- -- -- -- -- -- 

Private > 1 Visit -4.2 (0.9)
‡
 -0.3 (0.4) 0.1 (0.3) 18.6 (5.1)

‡
 39.7 (15.7)

*
 < 0.01  

 1 Visit -3.1 (1.7) -0.7 (0.7) 0.0 (0.1) -6.8 (7.9) 17.1 (22.7) < 0.01  

 0 Visit (ref) -- -- -- -- -- -- 
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