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Abstract 

Emergency department nurses need to identify patients with potential acute coronary 

syndrome rapidly because treatment delay could impact patient outcomes. Aims of this 

secondary analysis were to identify key patient factors that could be available at initial 

emergency department nurse triage that predict acute coronary syndrome. Consecutive 

patients with chest pain who called 9-1-1, received a 12-lead electrocardiogram in the 

prehospital setting and were transported via emergency medical service were included 

in the study. A total of 750 patients were recruited. The sample had an average age of 

59 years old, was 57% male and 40% black. One hundred and fifteen patients were 

diagnosed with acute coronary syndrome. Older age, non-Caucasian race, and faster 

respiratory rate were independent predictors of acute coronary syndrome. There was an 

interaction between heart rate by type II diabetes receiving insulin in the context of 

acute coronary syndrome. Type II diabetics requiring insulin for better glycemic control 

manifested a faster heart rate. By identifying patient factors at emergency department 

nurse triage that could be predictive of acute coronary syndrome, accuracy rates of 

triage may improve, thus impacting patient outcomes.  
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1. Introduction 

 Nurses triage over 145 million patients at United States emergency departments 

(ED) each year (Center for Disease Control and Prevention, 2019). When a patient 

arrives at the ED, a nurse is often the first provider to assess the patient and identify 

clinical conditions that may need emergent attention. The nurse must prioritize patients 

who may have significant risk of morbidity and mortality. This triage decision can often 

determine if the patient is placed in the waiting room or brought back to an ED room for 

immediate and further evaluation.  

Most EDs in the United States use the Emergency Severity Index (ESI) score to assist 

in triage (McHugh et al., 2012). The ESI score is an ordinal five level triage scale that 

helps nurses to separate patients into high acuity (levels 1 and 2), middle acuity (level 

3) and low acuity (levels 4 and 5) categories. Although it is widely used, the ESI score 

has been shown to have limitations. The ESI tool has large inter-rater variability (i.e., 

scoring is very subjective; Gilboy et al., 2012). ESI scoring is influenced by nurse 

gender (Vigil et al., 2017). Assigned ESI scores correlate poorly with patient-centered 

outcomes (Frisch et al., 2019) and fail to properly differentiate patients’ acuity (i.e., poor 

specificity; Dugas et al., 2016). The ESI scores lack the ability to differentiate middle 

acuity patients with more than 50% of patients being classified as ESI score 3 (Dugas et 

al., 2016; Levin et al., 2018).  As such, the ESI tool does not account for patient-specific 

factors present at the time of triage that can accurately predict clinical conditions 

requiring life-saving interventions.  

 Acute coronary syndrome (ACS) is an umbrella term that includes myocardial 

infarction, myocardial injury/ischemia and unstable angina (Thygesen et al., 2018). ACS 



is a common condition with complex symptomology, time-sensitive treatment windows, 

and variable outcomes. Chest pain is a sign of potential ACS. Although chest pain is the 

second leading reason to seek emergency care, only 15% to 30% of the seven million 

annual chest pain visits in the United States are due to ACS (Hollander & Chase, 2018). 

This vulnerable population of undifferentiated patients with chest pain are difficult to 

assess because of numerous pathologies that can mimic ACS (Amsterdam et al., 2014; 

Canto et al., 2012). Further, it is well known that vulnerable populations, especially 

women (DeVon et al., 2008), racial minorities (DeVon, Burke, et al., 2014; McSweeney 

et al., 2010), older patients and individuals with diabetes mellites (DeVon, Penckofer, & 

Larimer, 2008), may not present with chest pain and often experience less frequent 

symptoms and may have treatment delays, misdiagnoses, and higher in-hospital 

mortality rates (Canto et al., 2012; Schrader & Lewis, 2013). This complex presentation 

of possible ACS that can be difficult to assess should be explored by checking all 

interaction terms of patient factors (Jaccard, 2001). Rapid identification at triage of 

patients with potential ACS will prevent delays in treatment.  

 Nurses often do not recognize or prioritize ACS. Of the roughly 800,000 annual 

ACS cases, nurses do not identify approximately 45% of them during ED triage (Canto 

et al., 2012; Hitchcock et al., 2014; McSweeney et al., 2010; Sanders & DeVon, 2016; 

Weeks et al., 2017). Furthermore, we found that only 38% of ED patients with chest 

pain who had a final diagnosis of ACS during hospitalization were assigned high-acuity 

ESI scores at initial nurse triage (Frisch et al., 2019). Nurses rely on personal 

perceptions and experience to inform cardiac triage decisions (Arslanian-Engoren, 

2009). Unfortunately, ED nurses have shown cultural biases and hold stereotypes that 



interfere with clinical decisions at triage; given the same age and sex of a patient, 

nurses are less likely to consider ACS in women as compared to men (Arslanian-

Engoren, 2000, 2005, 2009). These concerning discrepancies during triage have given 

rise to a few studies.  

A number of researchers have explored strategies to rapidly identify patients with 

potential ACS at triage. Arslanian-Engoren et al. (2010) tested the feasibility of a cardiac 

decision aid to emphasize gender disparities. This intervention was accepted by nurses 

and a majority stated post-intervention and at 3-month follow up that the intervention 

had changed their cardiac triage decisions. Similarly, to improve cardiac triage, 

Arslanian-Engoren and Hagerty (2013) developed and tested an instrument to 

understand nurses’ cardiac triage decisions. They used factor analysis to determine 

which factors out of a 30-item instrument had good internal consistency. Patient 

presentation, unbiased nurse reasoning and nurse action were discovered as 

contributions to the nurses’ cardiac triage decision making process (Arslanian-Engoren 

& Hagerty, 2013). This tool could be utilized in combination with an objective cardiac 

triage tool to provide the highest quality of care to patients with a suspected cardiac 

event.  

 Many researchers have examined different techniques to improve ED cardiac 

triage. Zègre-Hemsey and colleagues found that symptoms of sweating and shoulder 

pain when combined with potential signs of ischemic heart disease on the 

electrocardiogram (ECG) may improve recognition of ACS at the ED. Investigators 

showed that using the Front Door Score was a better tool compared to the standard 

triage tool to improve accuracy of chest pain triage (Ho & Suen, 2013). Sittichanbuncha 



et al. (2015) developed an online tool that nurses could use to predict ACS given the 

information available at ED nurse triage. Additionally, Lopez et al. (2011) successfully 

validated a five-step triage flowchart for patients with suspected ACS at triage. All of 

these researchers sought to improve ED nurse triage of patients with potential ACS 

because current universal triage tools demonstrate poor specificity to this vulnerable 

population of patients (Atzema et al., 2009; DeLaney et al., 2017; Frisch et al., 2019; 

Leite et al., 2015). The researchers in the above studies did not mention exploring two-

way interactions as part of their methodology. This gap indicates an opportunity to 

identify patient factors in the first five minutes of an ED visit that are most predictive of 

ACS. The purpose of this study was to identify key patient factors that could be 

available at initial ED nurse triage assessment that can predict ACS.  

2.0 Methods 

2.1 Study Design  

 We conducted a secondary analysis of data from the first cohort of the EMPIRE 

(Electrocardiogram Methods for the Prompt Identification of Coronary Events) study (Al-

Zaiti et al., 2015). This study was a large observational study enrolling consecutive 

patients with chest pain or symptoms suggestive of ACS (e.g., shortness of breath, 

syncope) who requested an ambulance for emergent care. For all patients enrolled in 

the parent study, emergency medical services obtained a 12-lead ECG and transported 

the patient to one of three participating affiliated tertiary care centers with 24-hour on-

site cardiac catheterization centers. Our Institutional Review Board granted a waiver of 

informed consent to enroll consecutive chest pain patients. We extracted clinical data 

from the electronic health record (EHR) from an a priori patient factor list created by the 



authors. We collected data from the pre-hospital and in-hospital phases of care, and 

from 30-day follow-up.  

2.2 Participant Inclusion and Exclusion 

 The EMPIRE study included consecutive patients who met the following criteria: 

1) 18 years of age or older; 2) presented to ED with a chief compliant of chest pain or 

other less frequent symptoms suspicious of ACS (e.g., shortness of breath, 

palpitations); and 3) arrived at the ED by emergency medical service transport with 12-

lead ECG already obtained. There were no restrictions to sex or race. We excluded 

patients with traumatic chest pain.  

2.3 Data Collection of Variables  

 Independent reviewers manually extracted pertinent clinical data from the in-

hospital EHR from an author-developed a priori list of patient factors that could be 

available at ED nurse triage. An expert user of the EHR trained each reviewer to use a 

standardized data collection tool with well-defined variables. We also collected basic 

demographic and clinical characteristics for each patient.  

2.3.1 Defining Patient Factors (Possible Predictive Independent Variables) 

 Standard patient charting in the EHR is by exception only (i.e., the nurse only 

documents abnormal findings; if it is not charted, it is presumed to be normal). We 

recorded the following variables recommended by the American College of Cardiology/ 

American Heart Association (Amsterdam et al., 2014; Cannon et al., 2013; Levine et al., 

2016; Rodriguez & Mahaffey, 2016) for initial assessment requirements and included 

them in the multivariable regression model: 1) demographic characteristics (e.g., age, 

sex, race); 2) chief complaint (e.g., chest pain, shortness of breath, palpitations); 3) 



initial ED vital signs (e.g., heart rate, systolic blood pressure, respiratory rate, pulse 

oximetry); and 4) stated past medical history and the past medical history as 

documented in the EHR (e.g., patient known history of hypertension, patient known 

history of heart failure, etc.).  

2.3.2 Defining Patient Outcome Variable (Dependent Variable): Acute Coronary 

Syndrome 

 Our primary outcome was the presence of ACS (myocardial infarction or unstable 

angina) during the index hospitalization, defined as the presence of symptoms of 

ischemia (e.g., diffuse discomfort in the chest, upper extremity, jaw or epigastric area for 

> 20 minutes) and at least one of the following criteria: 1) elevation of cardiac troponin 

( 99th percentile of normal reference); 2) new or presumed new significant ECG 

changes indicative of ischemic changes (i.e., ST-segment elevation in two contiguous 

leads, with or without reciprocal ST-segment depression, and/or new left bundle branch 

block); 3) echocardiographic or nuclear imaging showing evidence of new loss of viable 

myocardium or new regional wall motion abnormalities, or 4) coronary angiographic 

images with greater than 70% stenosis of a major coronary artery with or without 

treatment (O'Gara et al., 2013; Thygesen et al., 2012). Two independent emergency 

medicine physician reviewers examined all available medical and diagnostic records to 

adjudicate the presence of ACS.  Disagreement of an outcome of ACS was resolved by 

a third emergency medicine physician.  

2.4 Statistical Analysis  

 We conducted all statistical analyses using SPSS® version 25 (IBM Corp., 

Armonk, NY). Prior to any inferential analysis, we performed a detailed descriptive 



analysis of each variable. We described continuous variables using means with 

standard deviation or median with interquartile range if not normally distributed. We 

compared continuous variables between ACS and non-ACS groups using either 

Student t-tests or Mann-Whitney U-tests if not normally distributed. We summarized 

categorical variables using percentages and compared groups using Chi-Square test of 

independence. We used graphical techniques to identify outliers. When data deviated 

from normality, we made statistical adjustments to patient factor variables such as data 

transformation and winsorization of outlying values (i.e., score alteration of an outlier to 

the next highest non-outlying value to lessen the possible impact on descriptive and 

inferential statistics). We examined the associations of key patient factors for the 

outcome of ACS with extraneous covariates to determine the need for covariate 

adjustment. To limit type two error due to misspecification of the scale of continuous 

type predictor variables and non-additivity, we included predictors of ACS with 

univariable associations with ACS p ≤ 0.3 in a multivariable binary logistic regression 

model. We then used backward elimination approach to remove predictors with p ≥ 0.1 

in multivariable models (Hosmer et al., 2013). We assessed whether the relationship of 

continuous predictor variables with the logit for the outcome of ACS met the assumption 

of linearity.  

 To explore the complexity of patient presentation for possible ACS we included 

all two-way interactions among patient factor variables (i.e., two independent variables 

multiplied together) during model development. We kept all interactions with a p < 0.05 

in the model. For the final identification of predictors, we considered predictor variables 

in the multivariable binary logistic regression model with p < 0.05. We compared 



competing models based on Pseudo R-squared values (Hosmer et al., 2013). We 

assumed model goodness of fit using the Hosmer-Lemeshow test. We reported 

predictor variable relationships with ACS as unadjusted and adjusted odd ratios and 95 

percent confidence intervals. The area under the receiver operating characteristic curve 

described the discrimination power of the final model.  

3. Results 

 Our total sample included 750 patients (mean [standard deviation] age on 

average 59 [17] years, 57% male, and 60% Caucasian). Overall, we observed one 

hundred and fifteen (15.4%) participants who had the outcome of ACS. Table 1 reports 

the descriptive and comparative statistics for the demographic and clinical 

characteristics between those with or without ACS. Race categories included 

Caucasian, Black and other. Race analysis compared Caucasian (reference group) and 

non-Caucasian (i.e., Black and other). For those who developed ACS, the mean age 

was greater than the non-ACS group (p = 0.03). Within the ACS group, 80% were 

Caucasian and 62% were male. Those who experienced ACS were more likely to be 

older, non-Caucasians, and have a slightly higher first ED respiratory rate. 

 We had three participants with a large amount of missing data from the initial ED 

nurse triage encounter, which would preclude the use of imputation, so they were 

omitted from subsequent analysis (n = 747). The following patient factors had a p ≤ 0.3 

in univariate analysis and were included as candidate predictor variables in 

multivariable regression (see Table 2): 1) age, 2) sex, 3) race, 4) chief complaint of 

angina-like chest pain, 5) chief complaint of syncope, 6) past medical history of type II 

diabetes mellitus, 7) past medical history of diabetes receiving insulin for glycemic 



control, 8) past medical history of coronary revascularization, 9) past medical history of 

myocardial infarction, 10) first ED heart rate, 11) first ED systolic blood pressure, and 

12) first ED respiratory rate.  The first ED heart rate variable was winsorized, 

transformed using the log-based function and then was centered to minimize the 

interaction with the type II diabetes receiving insulin for glycemic control variable. Age, 

first ED systolic blood pressure, first ED respiratory rate and first ED oxygen saturation 

were also winsorized. All two-way patient factor interactions (i.e., two independent 

variables multiplied together) were explored.  

3.1 Multivariable Analysis 

 All multivariate patient factors had a variance inflation factor less than 2.0, 

indicating a lack of multicollinearity among the candidate predictors. Over 200 possible 

independent variable interactions (patient factor variables multiplied together) were 

evaluated yielding six interactions that were statistically significant (see Table 2). 

Multivariable binary logistic regression models with and without interactions were 

evaluated. After adding the six interactions that were statistically significant to the 

model, the pseudo R-Squared increased from 0.157 to 0.185. Upon further model 

evaluation, we added each statistically significant interaction term (see Table 2) one by 

one and simultaneously to determine statistical significance within the multivariable 

model. Only one interaction, first ED heart rate by type II diabetes receiving insulin for 

glycemic control, remained significant (p < 0.05) in the final model including all 

statistically significant independent variables (see Figure 1). For the outcome of ACS, 

there was a different relationship between first ED heart rate for those patients who 

were type II diabetics receiving insulin for glycemic control compared to patients who 



did not take insulin as part of their regimen to control their type II diabetes. For patients 

who were type II diabetics receiving insulin for better glycemic control, as heart rate 

increased, there was an increased predictive probability of ACS. 

 When compared to the first model without interactions, the addition of one 

statistically significant interaction (i.e., first ED heart rate by insulin status in type II 

diabetics) increased the pseudo R-squared from 0.157 to 0.172. The final parsimonious 

model with all univariately significant variables plus one statistically significant 

interaction had a Hosmer and Lemeshow test equal to 0.664. The area under the 

receiver operating characteristic curve was 0.745 (95% confidence interval, [0.695 to 

0.790]). In summary, age, race, and first ED respiratory rate with the interaction of first 

ED heart rate by type II diabetes receiving insulin for glycemic control remaining 

significant was our final parsimonious model (see Table 3).   

4. Discussion 

 In this study, we sought to identify key patient factors that could be available at 

initial ED nurse triage using binary logistic regression to predict ACS.  The final 

parsimonious model demonstrated that the following baseline predictors have good 

discriminate value (area under the receiver operating characteristic curve = 0.75) for 

ACS detection during initial nursing triage: older age, non-Caucasian race, elevated 

respiratory rate, and the interaction of first ED heart rate by type II diabetes requiring 

insulin for glycemic control. By knowing what patient factors are important when a 

patient walks into the ED seeking emergent care, ED nurses can prioritize and expedite 

the care of those of utmost need to appropriate ED resources, which can greatly impact 

outcomes in ACS populations. 



 It is important to identify patient factors in the first minutes of an ED visit that are 

most predictive of ACS because timely treatment could affect patient outcomes. 

Approximately one in five patients with ACS will die very early in the event (Benjamin et 

al., 2018). Early diagnosis of ACS can reduce mortality by 10%-20% (Benjamin et al., 

2018; Wu et al., 2018). Several clinical decision tools (e.g., GRACE, Thrombolysis in 

Myocardial Infarction [TIMI] and HEART scores) exist to help ED physicians differentiate 

suspected ACS patients’ disposition status (Al-Zaiti et al., 2019; Poldervaart et al., 

2017). These tools have a point system to reflect patient likelihood of developing ACS 

or a major adverse cardiac event, which takes into account patient age, patient 

presenting symptomology, past medical history, initial ECG findings and initial 

laboratory values (e.g., troponin or creatine; Antman et al., 2000; Backus et al., 2013; 

Fox et al., 2006). There are few nursing clinical decision tools to improve cardiac triage. 

To our knowledge, there are no cardiac specific clinical tools being used in current ED 

triage practice.     

 In our study, we have determined similar independent predictors of ACS that 

could be present at ED nurse triage compared to other studies. Patients with the 

outcome of ACS were older, which was consistent across multiple studies (Haasenritter 

et al., 2012). López and colleagues used the cut off age of 40 years old in addition to 

known past medical history of coronary artery disease (CAD), past medical history of 

diabetes, and oppressive or retrosternal chest pain as criteria at triage to be admitted to 

a chest pain unit (López et al., 2011). Another tool called the Front Door Score was 

developed in China, but also used age as a cut off (i.e., ≥ 65 years old) to help develop 

a clinically relevant decision aid tool (Ho & Suen, 2013).  This tool was modeled after 



the TIMI Risk score and had the following variables included: previous coronary 

stenosis with a history of revascularization, at least three risk factors for CAD, use of 

aspirin in the previous seven days, at least two anginal events in the last 24 hours, and 

ST-segment depression or elevation ≥ 0.5 millimeters. Other patient factors were 

consistent across other studies that sought to improve triage of patients suspicious of 

ACS.  

 Our current research and Tsai et al. (2018) both utilized systematic statistical 

methods to determine predictive factors that could improve cardiac triage. Their triage 

model had better performance than the chest pain model (i.e., all patients with chest 

pain are assumed to have ACS), the Zarich model (Zarich et al., 2004), the flowchart 

model (López et al., 2011), and the heart broken index model (Hsu et al., 2011).  Similar 

to our research, age was used as a continuous variable in addition to the following 

variables, in order of importance: chest pain, age, male, proximal radiation pain, shock 

and acute heart failure.  We additionally found that race and initial ED respiratory rate 

were predictors of ACS.  

 To the best of our knowledge, no previous researchers have explored two-way 

interactions among independent variables (i.e., patient factors). The interaction of first 

ED heart rate by type II diabetes receiving insulin for glycemic control alludes to the 

complex presentation that may need to be considered by the nurse when triaging 

patients suspicious of ACS. If a patient is a type II diabetic who requires taking insulin 

for better glycemic control, the nurse should consider that a slightly higher first ED heart 

rate may increase suspicion for ACS. It is well known that the diabetic population has 

higher baseline heart rates when compared to non-diabetics because of impaired 



parasympathetic control (Zola et al., 1986). Additionally, due to the progression of type 

II diabetes mellitus, most patients will eventually need a basal insulin regimen to 

maintain adequate glycemic control (Davies et al., 2018). In our research, we suspect 

that type II diabetics requiring insulin for glycemic control are potentially at higher risk 

for ACS because of their progressive disease process (Haffner et al., 1998; Alexander &  

Gobin, 2010). Taking insulin may be a surrogate for the severity of their diabetic disease 

process. Furthermore, CAD is more common in diabetics than in non-diabetics. In our 

study, 50% of patients with CAD were also type II diabetics receiving insulin for 

glycemic control. The use of beta blocker medication is common in this population but 

was not available for analysis. The use of beta blocker medication could be contributing 

to this two-way interaction. Future studies should explore the three-way interaction 

between past medical history of CAD, type II diabetics receiving insulin for glycemic 

control and the use of beta blocker medication. 

 Cardiac triage could benefit from future research focusing on developing a 

universal tool to improve triage accuracy rates based on patient factors that are 

predictive of ACS and patient symptoms that are suggestive of ACS. This study begins 

to shed light on patient factor interactions that may need to be considered at triage to 

properly identify patients suspicious of ACS. Triage nurses in the ED need to be aware 

of the complexity of ACS clinical presentation, which will allow for early recognition to 

potentially improve patient outcomes.  

Clinical Implications 

 Our study’s final parsimonious model had a gain of 30% accuracy for predicting 

ACS when compared to current triage accuracy rates of ACS (Sanders & DeVon, 2016).  



Nurses should be aware of all baseline patient factors that are independently predictive 

of ACS. Being older and of non-Caucasian race are warning signs to be aware of in all 

patients for whom ACS is suspected. Additionally, type II diabetics who may or may not 

be on insulin for glycemic control should be triaged carefully. Nurses also should to be 

very sensitive to presenting ED respiratory rate. Being slightly tachypneic may be an 

indication in combination with other patient factors that might suggest ACS. All of these 

key patient factors should be kept in mind when triaging patients with potential for ACS.  

4.1 Limitations 

 This study has a few limitations. This analysis was limited to patients with chest 

pain who arrived to the ED via ambulance and who also had an ECG prior to arrival. 

Patients arriving by other means of transportation may be different than patients arriving 

via ambulance. These findings may not be generalizable to patients who arrive to the 

ED via other than by ambulance and who did not receive an ECG prior to arrival.  This 

study is limited to one healthcare system and should be expanded to include multiple 

systems in future studies. Future studies should examine a larger sample of patients. 

Due to the retrospective extraction of patient factors from the EHR, some patient factors 

for ACS could have been missing (e.g., home medications). A future study that utilized a 

more open-ended style of obtaining the patient’s history and perspective on the ACS 

event may lead to new insight into less recognized patient risk factors and symptoms.  

5. Conclusion 

 We have identified a subset of baseline patient factors available at initial ED 

nursing triage that have good discriminate value to identify patients with potential ACS. 

These key patient factors should be considered in future development of triage tools 



that could help nurses better differentiate patients with presentation suggestive of ACS, 

which could expedite care to those who require prompt treatment.  

  



References 

Al-Zaiti, S. S., Faramand, Z., Alrawashdeh, M. O., Sereika, S. M., Martin-Gill, C., & 

Callaway, C. (2019). Comparison of clinical risk scores for triaging high-risk chest 

pain patients at the emergency department. Am J Emerg Med, 37(3), 461-467. 

doi:10.1016/j.ajem.2018.06.020 

Al-Zaiti, S. S., Martin-Gill, C., Sejdic, E., Alrawashdeh, M., & Callaway, C. (2015). 

Rationale, development, and implementation of the Electrocardiographic 

Methods for the Prehospital Identification of Non-ST Elevation Myocardial 

Infarction Events (EMPIRE). J Electrocardiol, 48(6), 921-926. 

doi:10.1016/j.jelectrocard.2015.08.014 

Amsterdam, E. A., Wenger, N. K., Brindis, R. G., Casey, D. E., Jr., Ganiats, T. G., 

Holmes, D. R., Jr., . . . Members, A. A. T. F. (2014). 2014 AHA/ACC guideline for 

the management of patients with non-ST-elevation acute coronary syndromes: a 

report of the American College of Cardiology/American Heart Association Task 

Force on Practice Guidelines. Circulation, 130(25), e344-426. 

doi:10.1161/CIR.0000000000000134 

Antman, E. M., Cohen, M., Bernink, P. J., McCabe, C. H., Horacek, T., Papuchis, G., . . 

. Braunwald, E. (2000). The TIMI Risk Score for Unstable Angina/ Non-ST 

Elevation MI: A Method for Prognostication and Therapeutic Decision Making. 

JAMA, 284(7), 835-824.  

Arslanian-Engoren, C. (2000). Gender and age bias in triage decisions. Journal of 

Emergency Nursing, 26(2), 117- 124.  



Arslanian-Engoren, C. (2005). Patient cues that predict nurses' triage decisions for 

acute coronary syndromes. Appl Nurs Res, 18(2), 82-89. 

doi:10.1016/j.apnr.2004.06.013 

Arslanian-Engoren, C. (2009). Explicating Nurses’ Cardiac Triage Decisions. The 

Journal of Cardiovascular Nursing, 24(1), 50- 57.  

Arslanian-Engoren, C., & Hagerty, B. M. (2013). The development and testing of the 

nurses' cardiac triage instrument. Res Theory Nurs Pract, 27(1), 9-18. 

doi:10.1891/1541-6577.27.1.9 

Atzema, C. L., Austin, P. C., Tu, J. V., & Schull, M. J. (2009). Emergency department 

triage of acute myocardial infarction patients and the effect on outcomes. Ann 

Emerg Med, 53(6), 736-745. doi:10.1016/j.annemergmed.2008.11.011 

Backus, B. E., Six, A. J., Kelder, J. C., Bosschaert, M. A., Mast, E. G., Mosterd, A., . . . 

Doevendans, P. A. (2013). A prospective validation of the HEART score for chest 

pain patients at the emergency department. Int J Cardiol, 168(3), 2153-2158. 

doi:10.1016/j.ijcard.2013.01.255 

Benjamin, E. J., Virani, S. S., Callaway, C. W., Chamberlain, A. M., Chang, A. R., 

Cheng, S., . . . Stroke Statistics, S. (2018). Heart Disease and Stroke Statistics-

2018 Update: A Report From the American Heart Association. Circulation, 

137(12), e67-e492. doi:10.1161/CIR.0000000000000558 

Cannon, C. P., Brindis, R. G., Chaitman, B. R., Cohen, D. J., Cross, J. T., Jr., Drozda, J. 

P., Jr., . . . Society of Thoracic, S. (2013). 2013 ACCF/AHA key data elements 

and definitions for measuring the clinical management and outcomes of patients 

with acute coronary syndromes and coronary artery disease: a report of the 



American College of Cardiology Foundation/American Heart Association Task 

Force on Clinical Data Standards (Writing Committee to Develop Acute Coronary 

Syndromes and Coronary Artery Disease Clinical Data Standards). Circulation, 

127(9), 1052-1089. doi:10.1161/CIR.0b013e3182831a11 

Canto, A. J., Kiefe, C. I., Goldberg, R. J., Rogers, W. J., Peterson, E. D., Wenger, N. K., 

. . . Canto, J. G. (2012). Differences in symptom presentation and hospital 

mortality according to type of acute myocardial infarction. Am Heart J, 163(4), 

572-579. doi:10.1016/j.ahj.2012.01.020 

Canto, J. G., Rogers, W. J., Goldberg, R. J., Peterson, E. D., Wenger, N. K., Vaccarino, 

V., . . . Investigators, f. t. N. (2012). Association of Age and Sex with Myocardial 

Infarction Symptom Presentation and In-Hospital Mortality. JAMA, 307(8), 813-

822.  

Center for Disease Control and Prevention. (2019). Emergency Department Visits. 

Emergency Medicine Journal. Retrieved from 

https://www.cdc.gov/nchs/fastats/emergency-department.htm 

Davies, M. J., D'Alessio, D. A., Fradkin, J., Kernan, W. N., Mathieu, C., Mingrone, G., . . 

. Buse, J. B. (2018). Management of hyperglycaemia in type 2 diabetes, 2018. A 

consensus report by the American Diabetes Association (ADA) and the 

European Association for the Study of Diabetes (EASD). Diabetologia, 61(12), 

2461-2498. doi:10.1007/s00125-018-4729-5 

DeLaney, M. C., Neth, M., & Thomas, J. J. (2017). Chest pain triage: Current trends in 

the emergency department in the United States. Journal of Nuclear Cardiology, 

24(6), 2004- 2011.  

https://www.cdc.gov/nchs/fastats/emergency-department.htm


DeVon, H., Penckofer, S., & Larimer, K. (2008). The Association of Diabetes and Older 

Age with the Absence of Chest Pain During Acute Coronary Syndromes. 

Western Journal of Nursing Research, 30(1), 130-144. 

doi:10.1177/0192945907310241 

DeVon, H. A., Burke, L. A., Nelson, H., Zerwic, J. J., & Riley, B. (2014). Disparities in 

patients presenting to the emergency department with potential acute coronary 

syndrome: it matters if you are Black or White. Heart Lung, 43(4), 270-277. 

doi:10.1016/j.hrtlng.2014.04.019 

DeVon, H. A., Ryan, C. J., Ochs, A. L., & Shapiro, M. (2008). Synptoms across the 

contiunuum of acute coronary syndromes: Differences between women and men. 

American Journal of Critical Care, 17, 14- 24.  

Dugas, A. F., Kirsch, T. D., Toerper, M., Korley, F., Yenokyan, G., France, D., . . . Levin, 

S. (2016). An Electronic Emergency Triage System to Improve Patient 

Distribution by Critical Outcomes. J Emerg Med, 50(6), 910-918. 

doi:10.1016/j.jemermed.2016.02.026 

Fox, K. A., Dabbous, O. H., Goldberg, R. J., Pieper, K. S., Eagle, K. A., Van de Werf, F., 

. . . Granger, C. B. (2006). Prediction of risk of death and myocardial infarction in 

the six months after presentation with acute coronary syndrome: prospective 

multinational observational study (GRACE). BMJ, 333(7578), 1091. 

doi:10.1136/bmj.38985.646481.55 

Frisch, S., Faramand, Z., Leverknight, B., Sereika, S. M., Sejdic, E., Hravnak, M., . . . 

Al-Zaiti, S. (2019). The Association Between Patient Outcomes and the Initial 

Emergency Severity Index Triage Scores of Patients with Suspected Acute 



Coronary Syndrome. Journal of Cardiovascular Nursing. 

doi:10.1097/JCN.0000000000000644 

Gilboy, N., Tanabe, P., Travers, D., & Rosenau, A. (2012). The Emergency Severity 

Index: A Triage Tool for Emergency Department Care, Version 4. Implementation 

Handbook. . Rockville, MD: AHRQ Publication No. 12-0014. 

Haasenritter, J., Stanze, D., Widera, G., Wilimzig, C., Abu Hani, M., Sonnichsen, A. C., . 

. . Donner-Banzhoff, N. (2012). Does the patient with chest pain have a coronary 

heart disease? Diagnostic value of single symptoms and signs--a meta-analysis. 

Croat Med J, 53(5), 432-441. doi:10.3325/cmj.2012.53.432 

Haffner, S., Lehton, S., Rönnemma, T., Pyörälä, K., & Laakso, M. (1998). Mortality from 

cornary heart disease in subjects with type 2 diabetes and in nondiabetic 

subjects with and without prior myocardial infarction. New England Journal of 

Medicine, 339(4), 229- 234.  

Hitchcock, M., Gillespie, B., Crilly, J., & Chaboyer, W. (2014). Triage: an investigation of 

the process and potential vulnerabilities. J Adv Nurs, 70(7), 1532-1541. 

doi:10.1111/jan.12304 

Ho, J. K., & Suen, L. K. (2013). Effectiveness of using the front door score to enhance 

the chest pain triage accuracy of emergency nurse triage decisions. J Cardiovasc 

Nurs, 28(6), E55-64. doi:10.1097/JCN.0b013e318277c5ed 

Hollander, J. E., & Chase, M. (2018). Evaluation of the adult with chest pain in the 

emergency department. . Retrieved from 

https://www.uptodate.com/contents/evaluation-of-the-adult-with-chest-pain-in-

the-emergency-department?topicRef=184&source=see_link 

https://www.uptodate.com/contents/evaluation-of-the-adult-with-chest-pain-in-the-emergency-department?topicRef=184&source=see_link
https://www.uptodate.com/contents/evaluation-of-the-adult-with-chest-pain-in-the-emergency-department?topicRef=184&source=see_link


Hosmer, D., Lemeshow, S., & Sturdivant, R. (2013). Applied Logistic Regession (3rd 

ed.). Hoboken, New Jersey: John Wiley & Sons, Inc. 

Hsu, J., KC, C., Cheng, I., & Li, A. (2011). Using heart broken index to improve the 

diagnostic accuracy of patient with STEMI and shorten door-to-balloon time on 

emergency department. Amercican Heart Association.  

Jaccard, J. (2001). Interaction Effects in Logistic Regression (C. D. Laughton Ed.). 

Thousand Oaks, California: Sage Publications, Inc. . 

Leite, L., Baptista, R., Leitao, J., Cochicho, J., Breda, F., Elvas, L., . . . Costa, J. N. 

(2015). Chest pain in the emergency department: risk stratification with 

Manchester triage system and HEART score. BMC Cardiovasc Disord, 15, 48. 

doi:10.1186/s12872-015-0049-6 

Levin, S., Toerper, M., Hamrock, E., Hinson, J. S., Barnes, S., Gardner, H., . . . Kelen, 

G. (2018). Machine-Learning-Based Electronic Triage More Accurately 

Differentiates Patients With Respect to Clinical Outcomes Compared With the 

Emergency Severity Index. Ann Emerg Med, 71(5), 565-574 e562. 

doi:10.1016/j.annemergmed.2017.08.005 

Levine, G. N., Bates, E. R., Blankenship, J. C., Bailey, S. R., Bittl, J. A., Cercek, B., . . . 

Zhao, D. X. (2016). 2015 ACC/AHA/SCAI Focused Update on Primary 

Percutaneous Coronary Intervention for Patients With ST-Elevation Myocardial 

Infarction: An Update of the 2011 ACCF/AHA/SCAI Guideline for Percutaneous 

Coronary Intervention and the 2013 ACCF/AHA Guideline for the Management of 

ST-Elevation Myocardial Infarction: A Report of the American College of 

Cardiology/American Heart Association Task Force on Clinical Practice 



Guidelines and the Society for Cardiovascular Angiography and Interventions. 

Circulation, 133(11), 1135-1147. doi:10.1161/CIR.0000000000000336 

López, B., Sánchez, M., Bragulat, E., Jiménez, S., Coll-Vinent, B., Ortega, M., . . . Miró, 

Ò. (2011). Validation of a triage flowchart to rule out acute coronary syndrome. 

Emergency Medicine Journal, 28(10), 841-846. doi:10.1136/emj.2010.096602 

M Alexander, E. D. A., S Erqou, P Gao,, & R Gobin, P. H., S Kaptoge, S R Kondapally 

Seshasai, S Lewington, L Pennells, P L Perry, K K Ray, N Sarwar, A Thompson, 

S G Thompson, M Walker, S Watson, I R White, A M Wood, D Wormser, J 

Danesh. (2010). Diabetes mellitus, fasting blood glucose concetration, and risk of 

vascular disease: A collborative meta analysis of 102 prospective studies. The 

Lancet, 375, 2215- 2222.  

McHugh, M., Tanabe, P., McClelland, M., & Khare, R. K. (2012). More patients are 

triaged using the Emergency Severity Index than any other triage acuity system 

in the United States. Acad Emerg Med, 19(1), 106-109. doi:10.1111/j.1553-

2712.2011.01240.x 

McSweeney, J. C., O'Sullivan, P., Cleves, M. A., Lefler, L. L., Cody, M., Moser, D. K., . . 

. Zhao, W. (2010). Racial differences in women's prodromal and acute symptoms 

of myocardial infarction. Am J Crit Care, 19(1), 63-73. doi:10.4037/ajcc2010372 

O'Gara, P. T., Kushner, F. G., Ascheim, D. D., Casey, D. E., Jr., Chung, M. K., de 

Lemos, J. A., . . . American College of Cardiology Foundation/American Heart 

Association Task Force on Practice, G. (2013). 2013 ACCF/AHA guideline for the 

management of ST-elevation myocardial infarction: a report of the American 

College of Cardiology Foundation/American Heart Association Task Force on 



Practice Guidelines. Circulation, 127(4), e362-425. 

doi:10.1161/CIR.0b013e3182742cf6 

Poldervaart, J. M., Langedijk, M., Backus, B. E., Dekker, I. M. C., Six, A. J., 

Doevendans, P. A., . . . Reitsma, J. B. (2017). Comparison of the GRACE, 

HEART and TIMI score to predict major adverse cardiac events in chest pain 

patients at the emergency department. Int J Cardiol, 227, 656-661. 

doi:10.1016/j.ijcard.2016.10.080 

Rodriguez, F., & Mahaffey, K. W. (2016). Management of Patients With NSTE-ACS: A 

Comparison of the Recent AHA/ACC and ESC Guidelines. J Am Coll Cardiol, 

68(3), 313-321. doi:10.1016/j.jacc.2016.03.599 

Sanders, S. F., & DeVon, H. A. (2016). Accuracy in ED Triage for Symptoms of Acute 

Myocardial Infarction. J Emerg Nurs, 42(4), 331-337. 

doi:10.1016/j.jen.2015.12.011 

Schrader, C. D., & Lewis, L. M. (2013). Racial disparity in emergency department triage. 

J Emerg Med, 44(2), 511-518. doi:10.1016/j.jemermed.2012.05.010 

Thygesen, K., Alpert, J. S., Jaffe, A. S., Chaitman, B. R., Bax, J. J., Morrow, D. A., . . . 

Executive Group on behalf of the Joint European Society of Cardiology 

/American College of Cardiology /American Heart Association /World Heart 

Federation Task Force for the Universal Definition of Myocardial, I. (2018). 

Fourth Universal Definition of Myocardial Infarction (2018). Circulation, 138(20), 

e618-e651. doi:10.1161/CIR.0000000000000617 



Thygesen, K., Alpert, J. S., Jaffe, A. S., Simoons, M. L., Chaitman, B. R., White, H. D., . 

. . Wagner, D. R. (2012). Third universal definition of myocardial infarction. J Am 

Coll Cardiol, 60(16), 1581-1598. doi:10.1016/j.jacc.2012.08.001 

Vigil, J. M., Coulombe, P., Alcock, J., Stith, S. S., Kruger, E., & Cichowski, S. (2017). 

How nurse gender influences patient priority assignments in US emergency 

departments. Pain, 158(3), 377-382. doi:10.1097/j.pain.0000000000000725 

Weeks, J., Johnson, J., & Jones, E. (2017). Are Triage Nurses Knowledgeable about 

Acute Coronary Syndromes Recognition? The ABNF Journal, 69-75.  

Wu, J., Gale, C. P., Hall, M., Dondo, T. B., Metcalfe, E., Oliver, G., . . . West, R. M. 

(2018). Editor's Choice - Impact of initial hospital diagnosis on mortality for acute 

myocardial infarction: A national cohort study. Eur Heart J Acute Cardiovasc 

Care, 7(2), 139-148. doi:10.1177/2048872616661693 

Zarich, S., Sachdeva, R., Fishman, R., Werdmann, M., Parniawski, M., Bernstein, L., & 

Dilella , M. (2004). Effective of a Multidisciplinary Quality Improvement Initiative 

in Reducing Door-to-Balloon Times in Primary Angioplasty. Journal of 

Interventional Cardiology, 17(4), 191- 195.  

Zègre-Hemsey, J. K., Burke, L. A., & DeVon, H. A. (2018). Patient-reported symptoms 

improve prediction of acute coronary syndrome in the emergency department. 

Research in Nursing & Health, 41(5), 459-468. doi:10.1002/nur.21902 

Zola, B., Kahn, J., Juni, J., & Vinik, A. (1986). Abnormal cardiac function in diabetic 

patients with autonomic neuropathy in the absence of ischemic heart disease. 

Journal of Clinical Endocrinology Metabolism, 63, 208- 214.  

 



Table 1 

Participant Characteristics with Chest Pain and the Outcome of Acute Coronary Syndrome 

Patient Factor Variables All Patients 

(n=747) 

Acute Coronary Syndrome   

ACS 

(n=115, 15%) 

No ACS 

(n=632, 85%) 

Demographics 

Age (years, mean (standard deviation)) 

Sex (Male) 

Race  
Caucasian 

Black  

Other 

59 ± 17  

431 (58%) 

 

432 (58%) 

300 (40%) 

15 (2%) 

64 ± 15 

71 (62%) 

  

91 (79%) 

23 (20%) 

1 (1%) 

58 ± 17 

360 (57%) 

 

341 (54%) 

277 (44%) 

14 (2%) 

Acute Coronary Syndrome Risk Factors 

Obesity (Body mass index >30)  

Ever Smoked 

Hypertension 

Diabetes Mellitus 

Type II Diabetes receiving insulin for 
glycemic control  

Hyperlipidemia 

Coronary Artery Disease  

History of Myocardial Infarction 

Past Medical History of Angina 

Known Heart Failure 

Past medical history of coronary 
revascularization 

285 (38%) 

438 (59%) 

521 (70%) 

198 (27%) 

97 (13%) 

 

260 (35%) 

249 (33%) 

206 (28%) 

142 (18%) 

133 (18%) 

209 (28%) 

43 (37%) 

66 (58%) 

77 (67%) 

40 (35%) 

26 (23%) 

 

43 (37%) 

42 (37%) 

41 (36%) 

22 (19%) 

19 (17%) 

45 (39%) 

242 (38%) 

372 (60%) 

444 (70%) 

158 (25%) 

 71  (11%) 

 

217 (34%) 

207 (33%) 

165 (26%) 

120 (19%) 

114 (18%) 

164 (26%) 

Chief Complaint 

Angina-Like Chest Pain 

Shortness of Breathing 

Heart Rhythm Abnormality /palpitations 

Atypical Symptoms 

665 (89%) 

215 (29%) 

95 (13%) 

100 (13%) 

108 (94%) 

32 (28%) 

15 (13%) 

13 (11%) 

557 (88%) 

183 (29%) 

80 (13%) 

87 (14%) 

Emergency Department First Vital Signs 



Heart Rate (beats per minute) 

Systolic Blood Pressure (mmHg) 

Respiratory rate (respirations per minute) 

Oxygen Saturation (%) 

85 ± 24 

137 ± 25 

18 ± 5 

97 ± 4 

80 ± 21 

141 ± 32 

20 ± 4 

98 ± 6 

85 ± 25 

137 ± 24 

18 ± 5 

97 ± 8 

Note. ACS = acute coronary syndrome.  

 

 

 

 

 

 

 

 

 

 

 

 

 

  



Table 2 

Patient Factors Associated with Univariate Model for Acute Coronary Syndrome and Patient 

Factor Variable Interactions 

Main Effects Univariate Model 

Crude Unadjusted Odd Ratio 
(95% Confidence Interval for 

Odds Ratio) 

p 

Age (years) 1.024 (1.011, 1.037) < 0.001 

Sex (male as reference group) 1.219 (0.811, 1.833) 0.341 

Race (Caucasian as reference group) 3.121 (1.9251, 5.060) < 0.001 

Chief complaint of angina-like chest pain  2.141 (0.961, 4.767) 0.062 

Chief complaint of syncope  1.875 (0.658, 5.345) 0.240 

Past medical history of type II diabetes mellitus 0.625 (0.409, 0.955) 0.030 

Past medical history of type II diabetes receiving 
insulin for glycemic control  

0.433 (0.262, 0.716) 0.001 

Past history of coronary revascularization  1.834 (1.212, 2.777) 0.004 

Past medical history of myocardial infarction  1.568 (1.029, 2.389) 0.036 

First ED heart rate (beats per minute) 1.005 (0.996, 1.014) 0.296 

First ED systolic blood pressure (mmHg) 0.128 (0.02, 0.818) 0.033 

First ED respiratory rate (respirations per 
minute) 

1.083 (1.034, 1.135)  0.001 

Interaction Terms 

Past history of type II diabetes mellitus by past 
history of coronary revascularization 

2.123 (1.050- 4.211) 0.031 

Past history of type II diabetes mellitus by past 
history of myocardial infarction 

1.960 (0.986- 3.893) 0.05 

Past medical history of type II diabetes receiving 
insulin for glycemic control by past medical 
history of coronary revascularization 

4.705 (1.391- 15.908) 0.013 

First ED heart rate by past medical history of 
type II diabetes receiving insulin for glycemic 
control  

1569.754 (7.231- 340758.1) 0.007 



First ED respiratory rate by past medical history 
of type II diabetes receiving insulin for glycemic 
control 

1.186 (1.008- 1.395) 0.040 

Past medical history of coronary 
revascularization by first ED heart rate 

167.623 (2.662- 10554.04) 0.015 

Note.  ED = Emergency Department  

 

 

 

 

  



Table 3  

Multivariable Model 

Patient Factors Multivariable Model  

Odd Ratio (95% Confidence 
Interval for Odds Ratio) 

p  

Age (years) 1.016 (1.002, 1.030) 0.028 

Sex (male as reference group) - -  

Race (Caucasian as reference group) 3.638 (2.174, 6.089) < 0.001 

Chief complaint of angina-like chest pain  -- 

Chief complaint of syncope - - 

Past history of diabetes mellitus - - 

Past medical history of type II diabetes 
receiving insulin for glycemic control  

0.370 (0.210,  0.651)   0.001 

Past history of coronary revascularization - - 

Past history of myocardial infarction  - - 

ED first heart rate 17.152 (0.124, 2373.168) 0.259 

ED first systolic blood pressure - - 

ED first respiratory rate 1.114 (1.057, 1.175) < 0.001 

First ED heart rate by past medical history of 
type II diabetes receiving insulin for glycemic 
control 

0.001 (0.001- 0.138) 0.007 

Note. ED = Emergency Department.  

 

  



Figure 1 

Interaction of Mean Centered First Emergency Department Heart Rate by Type II Diabetics 

Receiving Insulin for Glycemic Control  

 

 


