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Abstract

Objective: There has been a rise in advanced diagnostic imaging (ADI) use in the emergency 

department (ED). Increased utilization may contribute to longer length of stay (LOS), but prior 

reports have not considered improved methods for modeling skewed LOS data.

Methods: The 2010 National Hospital Ambulatory Medical Care Survey data were analyzed by 

five common ED chief complaints. Generalized linear model (GLM) was compared to quantile 

and ordinary least squares (OLS) regression to evaluate the association between ADI and ED LOS. 

Receipt of CT or MRI was the primary exposure. ED LOS was the primary outcome.

Results: Of the 33,685 ED visits analyzed, 17% involved ADI. The median LOS for patients 

without ADI was 138 minutes compared to 252 minutes for those who received ADI. Overall, 

GLM offered the most unbiased estimates, though it provided similar adjusted point estimates to 

OLS for the marginal change in LOS associated with ADI. The effect of imaging differed by LOS 

quantile, especially for patients with abdominal pain, fever, and back symptoms.
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Conclusions: GLM offered an improved modeling approach compared to OLS and quantile 

regression. Consideration of such techniques may facilitate a more complete view of the effect of 

ADI on ED LOS.

Keywords

Length-of-stay; advanced diagnostic imaging

INTRODUCTION

As evidenced by the current debates on appropriate imaging1–3, there is widespread concern 

regarding the dramatic rise in the use of advanced diagnostic imaging (ADI) in the 

emergency department (ED). Between 2000 and 2010, the percentage of ED visits that 

included a computed tomography (CT) or magnetic resonance imaging (MRI) scan 

increased over three-fold, from 5% to 17%, with little change in ultimate patient disposition.
4–6 This has been seen for both CT and MR imaging across numerous conditions.7–10 Such 

trends exist without an equal rise in the diagnostic rate of emergency pathology or 

improvement in health outcomes5–7,11, and have led to increased health care costs as well as 

patient harm via radiation exposure, over-diagnosis, and over-treatment.

Increased intensity of ADI use also contributes to increased ED length of stay (LOS) and 

crowding12, both of which have been linked to poor patient outcomes.13,14 However, 

previous reports evaluating the relationship between ADI and ED LOS have provided over a 

three-fold variation in estimates, ranging from a 36- to 126-minute increase in LOS. 

Additionally, they have been limited in either their scope (e.g., only evaluating one type of 

imaging modality or one diagnosis) or in their statistical modeling approach – using simple 

linear or logistic regression without accounting for skewed LOS data, using log-

transformation without appropriate retransformation, and not considering that ADI may 

influence LOS differently across its distribution.7,11,15–18

We evaluated the relationship between ADI and ED LOS for patients with common ED chief 

complaints, while accounting for patient, provider and systems-level characteristics using 

improved methodological techniques. We hypothesized that after controlling for relevant 

covariates, patients who received ADI would have significantly greater LOS, and that receipt 

of ADI would have differential effects by ED LOS quantile.

METHODS

Study Design and Setting

We performed a retrospective, cross-sectional analysis of the 2010 National Hospital 

Ambulatory Medical Care Survey (NHAMCS) ED subset. Briefly, NHAMCS is an annual, 

national probability sample of ED visits to nonfederal, general, and short-stay hospitals 

conducted by the Center for Disease Control and Prevention, National Center for Health 

Statistics (NCHS). The ED subset is developed through a multistage estimation procedure – 

geographic primary sampling units (PSUs), hospitals within PSUs, emergency services areas 

(ESAs) within hospitals, and patient visits within ESAs – to provide unbiased estimates. 
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Trained hospital staff or US Census Bureau field representatives collect information on a 

random sample of ED patient visits in a random 4-week period from specified EDs. The data 

collected includes information on patient, provider, and systems-level characteristics as 

described in more detail below. US Census Bureau field supervisors oversee data 

abstraction, and additional quality control is pursued to ensure minimal error rates. The 2010 

NHAMCS data set was obtained from 427 of 449 eligible emergency service areas (95.1% 

response rate), for a total of 34,936 ED patients visits. Additionally details of the survey are 

available for further review.19,20 NHAMCS is a publically available data set without patient 

identifiers and thus, this study was deemed exempt from review by our institutional review 

board.

Selection of Participants

The full 2010 NHAMCS cohort includes a wide range of patients with heterogeneous 

complaints and diagnoses. To allow for comparison among patients with more homogenous 

characteristics and diagnoses, we evaluated the influence of ADI on ED LOS in patients 

with five common ED chief complaints. To create sub-groups, we used the standardized 

sourcebook employed in NCHS studies, Reason for Visit Classification for Ambulatory 
Care, and the NHAMCS data extraction form, which lists up to 3 patient “reasons for visit 

(RFV)” fields. We identified the five most common reasons for ED visits in the US 

population in 2010, which were abdominal pain (RFV 1545), chest pain (RFV 1050), fever 

(RFV 1010), headache (RFV 1210), and back symptoms (RFV 1905).21

The primary outcome variable was ED LOS, calculated from the visit date and time interval 

between ED arrival and disposition. Patients missing ED LOS data, those who left against 

medical advice, left before or after triage without primary provider evaluation, and those 

who were dead on arrival or died during the ED stay were excluded. The final analysis 

included evaluation of 33,685 ED patient visits where complete information was available 

for all covariates in the models.

The primary regressor of interest was receipt of a CT or MRI (yes/no) during an ED visit. As 

done in prior ED LOS literature, we additionally controlled for the following patient, 

physician, and hospital-level characteristics: age, sex, insurance type, race/ethnicity, triage 

severity score, selected co-morbidities, provider type, geographic region, metropolitan 

statistical area status, and hospital ownership.22 Insurance type was categorized into 

uninsured (i.e., self-pay), Medicaid, Medicare, private insurance, or other/unknown (which 

included worker’s compensation and no charge) based on the expected source of payment 

for the ED visit. Provider type was categorized into four groups: intern/resident, nurse 

practitioner/physician assistant, attending/consultant, and other/missing. To account for 

clinical severity, in addition to triage severity score, we controlled for presence of the five 

co-morbidities – human immunodeficiency virus, diabetes, congestive heart failure, 

cerebrovascular disease, and end stage renal disease – listed in the 2010 NHAMCS dataset. 

We used NHAMCS-provided imputed values for missing race, ethnicity, and triage level. 

Details of the imputation technique used are available.23

Kanzaria et al. Page 3

Am J Emerg Med. Author manuscript; available in PMC 2020 May 05.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Data Analysis

Unless otherwise specified, all analyses were conducted using Stata 13.1 (StataCorp, 

College Station, TX) and a standard method for evaluating survey-weighted data. We used 

the svy package of commands, which accounts for the complex sampling design and NCHS-

assigned patient weights when producing national estimates, and present both unweighted 

and weighted estimates as has been done in prior NHAMCS-related literature on related 

topics.22,24,25

Basic univariate and bivariate analyses were conducted. Covariates to be included in 

regression model were assessed for multicollinearity, recognizing that many of the predictor 

variables (e.g., age, triage score, receiving advanced imaging etc.) are related to each other 

and ED LOS. We planned to remove covariates with a correlation of greater than 0.8, 

however no such relationship existed.26

In order to evaluate the influence of ADI on ED LOS, several regression models were 

created for comparison. These included both models used in prior literature as well as 

techniques to better handle right-skewed ED LOS data.27 Specifically, we compared a 

generalized linear model (GLM) with a log-link function and gamma distribution to a 

standard ordinary least squares (OLS) regression model and a quantile regression model.

We first ran a survey-weighted generalized linear model (GLM) since it does not impose 

distributional assumptions on LOS data, and allows prediction through a linear combination 

of the independent variable through a link function without requiring retransformation. Since 

GLM can yield inefficient estimates if the wrong family (i.e., distribution of the dependent 

variable) is specified, we evaluated this using a Modified Park Test. Compared to the OLS 

and quantile models, GLM appropriately accounts for both the right-skewed LOS data and 

the multi-level NHAMCS sampling design, and thus offers the least biased estimates of the 

models presented.

For comparison purposes, we also ran a survey-weighted naïve OLS model. However, OLS 

assumes normality of the residual (error) terms. We evaluated this assumption since if 

violated, the standard errors of the estimated parameters would be incorrect.

Finally, we constructed a quantile regression model since we hypothesized that ADI 

influences the conditional distribution of ED LOS in a variety of ways. Both OLS and GLM 

model the effect of ADI on ED LOS for the average patient, whereas quantile regression 

uniquely allows exploitation of the distribution of the dependent variable, profiling patients 

across the entire ED LOS spectrum. It is robust to outlying observations, handles 

heteroscedasticity well, and is a recognized method in the emergency medicine literature to 

evaluate variation in service completion times (i.e., waiting room time, treatment time, and 

boarding time).28 We also performed tests of equality of the quantile regression coefficients 

to evaluate whether the effect of imaging was the same across the quantiles. Importantly, 

however, quantile regression is not currently compatible with survey weights, and thus likely 

results in biased population estimates.
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Survey weighted estimates and 95% confidence intervals are presented for OLS and GLM 

models. The margins command was used for these models to offer weighted post-estimation 

of subpopulations (e.g., chest pain patients) while also accounting for the complex survey 

weights by specifying vce(unconditional).29 Unweighted point estimates and associated 

confidence intervals based on bootstrapped analysis, using 100 replications as is standard in 

the literature, are presented for the quantile regression model.30

RESULTS

We excluded 1,251 (3.6%) of the visits based on criteria described above, leaving 33,685 

(96.4%) for analysis, estimated to represent 126.1 million ED patient visits nationally. From 

this cohort, there were 3,521 visits for abdominal pain, 2,180 for chest pain, 2,026 for fever, 

1,658 for headache, and 1,451 for back symptoms estimated to represent 13.0, 8.8, 7.8, 6.5, 

and 5.3 million patient visits, respectively. Demographic characteristics of these ED visits 

are shown in Table 1, while key clinical characteristics related to the primary regressor and 

outcome are depicted in Table 2.

The median ED LOS for the entire cohort was 154 (interquartile range [IQR], 89–255) 

minutes. Approximately 17% of patients were exposed to the main predictor variable, 

receipt of ADI; visits for abdominal pain and headache were associated with a higher 

proportion of ADI, whereas those for fever were associated with a lower proportion. 

Unadjusted analysis showed the median LOS for patients without ADI was 138 [IQR 81–

229] minutes, compared to a median LOS of 252 [IQR 170–362] minutes for patients with 

ADI. Patients who received ADI were typically older, Medicare recipients, white, had 

significant comorbid disease, and had more acute triage severity scores.

During the construction of the survey-weighted GLM estimation technique, the Modified 

Park Test demonstrated that the gamma family was preferred based on it being the only 

family with a non-significant test statistic. This was true for each chief-complaint sub-group. 

Using the log-link gamma-family GLM framework, we calculated the difference in ED LOS 

between patients who received ADI and those that did not. For patients presenting with 

abdominal pain, we found that, on average, patients who received ADI had approximately a 

118-minute increase in ED LOS compared to those that did not, controlling for all other 

factors in the model. This difference in ED LOS was statistically significant given the 95% 

confidence interval (97.3 – 138.2) did not include the null value of 0. Each of the other 

chief-complaint based sub-groups demonstrated similar findings.

The association between ADI and ED LOS appeared to be most marked in patients 

presenting for abdominal pain and fever (Table 3). For example, according to the survey-

weighted OLS model, on average, patients with abdominal pain who received ADI had a 

119-minute increase in ED LOS compared to patients who did not receive ADI, after 

controlling for all other covariates in the model. Importantly, with respect to the OLS model, 

the residuals were not normally distributed and thus the associated standard errors of the 

estimated parameters were not reliable.
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The results of the quantile regression model are also shown in Table 3. At each quantile, 

ADI was associated with a statistically significant increase in ED LOS. Higher ED LOS 

quantiles had an increasing proportion of ED visits by patients who received ADI, were 

older, of Black or Hispanic race/ethnicity, seen by a resident or intern, with a triage severity 

of emergent or urgent, and seen in a government-owned hospital. For a change in advanced 

imaging status (from not receiving imaging to receiving imaging), the associated coefficients 

represent the difference, or marginal change, in ED LOS for patients at the 10th, 25th, 50th, 

75th, and 90th percentile. Thus, for patients presenting with abdominal pain at the 10th 

percentile in ED LOS, advanced diagnostic imaging was associated with an 89-minute 

increase in ED LOS, controlling for all other covariates in the model whereas at the 90th 

percentile, imaging was associated with a 152-minute increase in ED LOS, controlling for 

all other covariates. Tests of comparison indicated that the effect of imaging differed by ED 

LOS quantile (F = 4.95, p < 0.001). Statistically significant differential trends were also 

observed for patients presenting with fever and back symptoms. In general, compared to the 

GLM and OLS models, the quantile regression estimates suggested a shorter association 

between imaging on LOS at lower quantiles and longer associations at higher quantiles.

DISCUSSION

Even after controlling for other patient, physician, and hospital characteristics, receipt of 

ADI was associated with increased ED LOS in our cohort. With little exception, ADI was 

the largest contributor to increased ED LOS in all of the models, and had differential effects 

in the quantile regression model.

Several prior studies have shown that ADI is associated with increased ED LOS.7,11,15–18 

However, many of these prior reports only considered one imaging modality related to a 

single clinical scenario, and often did not appropriately account for skewed LOS data.27 

They also assumed the relationship between ADI and ED LOS to be constant across the 

entire LOS distribution. Such limitations in methodology may contribute to false estimates, 

and may also explain the considerable variation in estimates previously provided.

We presented three statistical modeling approaches. The estimates from the naïve OLS and 

GLM models were quite similar, but the quantile regression model identified the impact of 

ADI on ED LOS to be most pronounced at higher quantiles. Survey-weighted GLM 

accounts for both the right-skewed LOS data and the multi-level sampling, making this the 

best estimation technique with the least potential bias. The OLS model was deemed 

inappropriate given the non-normal error terms, which resulted in unreliable standard errors. 

Quantile regression uniquely facilitated an evaluation of the differential effects of the 

covariates on the conditional distribution of ED LOS, but it was unable to account for the 

complex sampling design and thus also remained an inappropriate model. While unweighted 

NHAMCS analysis on related topics has been used previously and may allow accurate 

estimates of the sample24, unweighted quantile regression should not be considered an 

appropriate method as it likely leads to biased population level estimates. If an option for 

weighted quantile regression becomes available in the future, however, this approach may 

allow a more complete view of the effect of ADI on the location, scale, and shape of the ED 

LOS distribution.
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Policies to improve ED crowding should incorporate methods to decrease low-yield imaging 

utilization, and streamline appropriate studies for patients likely to be in the highest 

quantiles of ED LOS. For example, referring and consulting providers commonly request 

ED imaging31,32, and some patients may receive duplicative imaging.33–35 For patients 

whose ED disposition is already certain, it may be beneficial to receive such “requested” 

studies in non-ED settings. For example, patients already admitted for neurological disease 

could receive non-emergent MRIs after having left the ED, instead of while boarding.

There are many on-going endeavors to reduce ED LOS. These include efforts such as 

protocolized-order entry and placement of physicians in triage to expedite diagnostic 

ordering for waiting room patients.13,36–39 We found an increased proportion of patients 

with emergent or urgent triage severity were seen at higher LOS quantiles. It is possible that 

triage order-entry, especially for low-acuity patients (e.g., a finger x-ray for a non-urgent 

patient or head CT for a patient with mild head injury), may not be making valuable 

contributions to reduce LOS or ED crowding. In fact, these efforts may actually lead to 

unintended consequences of increased test-ordering and result in slower overall ED 

throughput, as documented elsewhere.40

There are several limitations to our study. First, ED LOS is affected by many factors, and our 

model may be biased due to omitted variables. Factors such as medical complexity, 

provider-to-patient staffing ratios, the number of discharges, admissions, and critically ill 

patients per shift, the number of other EDs in the area on diversion, and hospital bed 

availability are all likely associated with ED LOS, but unfortunately are not available in the 

NHAMCS dataset. For example, patients with complex presentations may need advanced 

imaging, consultations, and substantial decision-making before an appropriate disposition 

can be achieved. In such cases ADI and ED LOS may simply be markers of case complexity, 

and ADI may not be the principal cause of prolonged ED LOS. In general, such omitted 

variables could potentially confound the association between ADI and ED LOS, and thus 

our results should be interpreted with some caution. Second, there are inherent limitations of 

the NHAMCS dataset. Variables such as insurance status are self-reported, while race and 

ethnicity have significant levels of missing data for which imputation methods are used. 

However, this is unlikely to bias our results towards or against the null hypothesis. Third, 

due to incompatibility with quantile regression, we could not present survey-weighted 

estimates for this model and therefore cannot make population-level generalizations for the 

differential effects of ADI on ED LOS. Overall NHAMCS is a robust dataset with multiple 

built in safeguards to reduce bias in the data reporting and entry, and remains the most 

widely used dataset for emergency medicine health service research.

Our non-experimental study is limited in that we have only analyzed one cross-sectional 

year of data, making assessment of a causal link between advanced imaging and ED LOS 

challenging. Additionally, since ADI was analyzed as a binary variable, we did not 

differentially account for patients who received more than one imaging study (i.e., chest CT 

and abdomen/pelvis CT). Thus, our analysis assumes that any ADI has the same effect on 

LOS. Finally, while it may be true that ADI contributes to increased ED LOS, and that use 

of ADI is on the rise, it is impossible to comment on the appropriateness (or 

inappropriateness) of advanced imaging through this study.
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In summary, GLM, OLS, and quantile regression offer alternative approaches to modeling 

LOS data. Of the three, GLM offered the most unbiased estimates, though if available in the 

future, a weighted quantile regression may offer potential unique strengths. Such techniques 

should be considered to facilitate a more complete view of the effect of ADI on ED LOS.
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Table 1:

Demographic Characteristics of Emergency Department Visits by Reason for Visit

Total Abdominal 
Pain Chest Pain Fever Headache Back 

Symptoms

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Age

 Under 15 years 6,552 (19.6) 361 (10.5) 79 (3.3) 1,402 (69.1) 207 (13.6) 54 (3.2)

 15–24 years 5,381 (16.0) 780 (21.8) 225 (9.6) 159 (7.4) 332 (21.2) 215 (15.1)

 25–44 years 9,570 (28.0) 1,265 (36.2) 635 (29.2) 208 (10.1) 582 (33.4) 615 (42.2)

 45–64 years 7,236 (21.4) 737 (20.8) 775 (35.9) 128 (6.5) 384 (22.5) 384 (27.7)

 65–74 years 2,062 (6.3) 157 (4.5) 226 (10.5) 68 (3.4) 60 (3.9) 93 (6.3)

 75 years and 
over 2,884 (8.7) 221 (6.2) 240 (11.5) 61 (3.5) 93 (5.4) 90 (5.5)

Gender

 Male 15,248 (44.9) 1,113 (31.0) 1,016 (46.4) 994 (50.2) 600 (37.6) 644 (42.7)

 Female 18,437 (55.1) 2,408 (69.0) 1,164 (53.6) 1,032 (49.8) 1,058 (62.4) 807 (57.3)

Insurance

 Uninsured 4,914 (15.2) 585 (17.9) 294 (12.8) 171 (8.9) 265 (16.3) 275 (20.2)

 Medicaid 9,562 (27.4) 1,034 (27.7) 448 (19.9) 1,019 (49.3) 470 (29.3) 332 (20.8)

 Medicare 5,924 (17.7) 493 (14.3) 528 (24.8) 158 (7.7) 213 (12.4) 250 (16.9)

 Private 10,082 (30.3) 1,112 (31.7) 715 (33.3) 544 (27.9) 529 (31.8) 398 (28.5)

 Other/Unknown 3,203 (9.4) 297 (8.4) 195 (9.2) 134 (6.2) 181 (10.2) 196 (13.6)

Race/Ethnicity

 Non-Hispanic 
White 20,057 (61.9) 2,027 (60.1) 1,317 (62.7) 953 (48.7) 913 (56.0) 921 (65.5)

 Non-Hispanic 
Black 7,387 (20.8) 777 (20.6) 492 (21.3) 416 (18.5) 423 (24.7) 286 (19.5)

 Hispanic 4,936 (14.5) 563 (16.0) 283 (12.7) 529 (28.0) 256 (16.1) 202 (13.0)

 Non-Hispanic 
Other 1,305 (2.8) 154 (3.3) 88 (3.3) 128 (4.8) 66 (3.2) 42 (2.0)

Geographic region

 Northeast 8,221 (18.5) 832 (18.1) 486 (18.2) 406 (14.6) 317 (15.2) 334 (18.6)

 Midwest 7,173 (21.6) 745 (21.4) 451 (18.9) 383 (16.4) 360 (21.6) 321 (23.3)

 South 12,085 (40.6) 1,243 (38.8) 827 (42.8) 850 (49.5) 646 (41.6) 557 (41.6)

 West 6,206 (19.3) 701 (21.7) 416 (20.1) 387 (19.5) 335 (21.6) 239 (16.5)

Metropolitan 
Statistical Area

 MSA 29,163 (82.9) 3,133 (85.7) 1,918 (84.3) 1,813 (85.6) 1,456 (85.3) 1,240 (82.7)

 Non-MSA 4,522 (17.1) 388 (14.3) 262 (15.7) 213 (14.3) 202 (14.7) 211 (17.3)

Hospital 
ownership

 Voluntary non-
profit 25,005 (75.3) 2,497 (73.0) 1,625 (75.9) 1,480 (73.9) 1,182 (71.2) 1,084 (74.5)
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Total Abdominal 
Pain Chest Pain Fever Headache Back 

Symptoms

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

Unweighted N 
(Weighted %)

 Government 5,745 (14.4) 692 (15.8) 368 (14.3) 335 (13.9) 308 (16.1) 239 (14.7)

 Proprietary 2,935 (10.3) 332 (11.2) 187 (9.8) 211 (12.2) 168 (12.7) 128 (10.8)
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Table 2:

Unadjusted Summary of Advanced Diagnostic Imaging and ED Length of Stay by Reason for Visit

Total Abdominal Pain Chest Pain Fever Headache Back Symptoms

(n = 33,685) (n = 3,521) (n = 2,180) (n = 2,026) (n = 1,658) (n = 1,451)

Received Advanced 
Imaging

 Yes - Unweighted N 
[Weighted %] 5,372 (16.8) 1,124 (33.8) 368 (17.0) 122 (6.8) 658 (40.9) 295 (21.1)

 No - Unweighted N 
[Weighted %] 28,313 (83.2) 2,397 (66.2) 1,812 (83.0) 1,904 (93.2) 1,000 (59.1) 1,156 (78.9)

ED Length of Stay 
(minutes)

 Median (Interquartile 
Range)

154 (89 – 
255) 229 (149 – 337) 203 (132 – 

305)
137 (86 – 
224) 165 (106 – 266) 156 (95 – 243)
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Table 3:

Adjusted Marginal Change in ED Length of Stay from Advanced Diagnostic Imaging*

Abdominal Pain Chest Pain Fever Headache Back Symptoms

(n=3,521) (n = 2,180) (n = 2,026) (n = 1,658) (n = 1,451)

Marginal 
Change

95% 
CI

Marginal 
Change

95% 
CI

Marginal 
Change

95% 
CI

Marginal 
Change

95% 
CI

Marginal 
Change

95% 
CI

GLM 
ϑ

117.8 97.3 – 
138.2

78.7 51.1 – 
106.3

99.4 58.8 – 
140.1

53.4 32.8 – 
73.9

82.0 62.9 – 
101.2

OLS 
ϑ

119.3 97.5 – 
141.1

80.8 47.5 – 
114.1

123.6 72.9 – 
174.3

47.5 25.3 – 
69.7

80.6 60.0 – 
101.3

Quantile 
ϑ

Q10 88.7 78.1 – 
99.2

69.7 55.7 – 
83.7

62.9 23.9 – 
101.9

48.2 37.6 – 
58.9

64.3 43.8 – 
84.8

Q25 88.7 80.0 – 
97.3

72.3 57.0 – 
87.6

86.2 56.1 – 
116.4

49.2 39.8 – 
58.7

65.9 53.6 – 
78.3

Q50 101.6 89.8 – 
113.3

80.7 63.5 – 
97.8

119.7 80.1 – 
159.3

52.3 39.0 – 
65.5

74.0 56.4 – 
91.7

Q75 130.5 111.4 – 
149.6

89.1 64.6 – 
113.5

116.9 69.3 – 
164.3

58.0 35.1 – 
80.8

107.4 79.9 – 
134.9

Q90 152.1 117.2 – 
187.0

104.9 41.9 – 
167.8

224.8 101.1 – 
348.3

76.3 23.2 – 
129.5

132.5 90.4 – 
174.6

*
Each model is adjusted for patient age, gender, insurance, race/ethnicity, triage acuity, co-morbidities, provider type, geographic region, 

urbanicity, and hospital ownership.

ϑ
Survey-weighted estimates and 95% confidence intervals are presented for OLS and GLM models. Unweighted estimates and associated 95% 

confidence intervals based on bootstrapped analysis are presented for the quantile regression model.
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