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Abstract

It is challenging to identify potential patients with acute coronary syndrome (ACS) in the emergency department (ED),
although these cases should immediately undergo further evaluation in the observation unit. This study aimed to establish
a new and rapid assessment system for triaging patients with potential ACS in the ED. Data from 1022 cases (June 2012—
August 2015) were evaluated using latent class analysis to identify key symptoms and medical histories. Significant variables
in the latent class analysis were entered as predictors for the new triaging system, and the final model was selected based on
the false alarm rate, hit rate, and discriminability index. The new system provided better discriminability and significantly
reduced the false alarm rate, compared to conventional methods. Our results indicate that symptom clustering analysis can
facilitate the identification of potential ACS cases using a risk stratification system in the ED. The symptom clustering may
facilitate a rapid assessment tool that reduces the costs of unnecessary diagnosis and hospitalization. Furthermore, this system

might be developed as an application for embedding in ambient assisted living homes.

Keywords Latent class analysis - Healthcare support system - Humanized computing - Emergency department

management - Ambient assisted living

1 Introduction

Cardiovascular diseases were the top global causes of death
during 2000-2015, with the proportion of global deaths due
to cardiovascular diseases increasing from 27.7% in 2000
to 31.3% in 2015 out of all-cause mortality (World Health
Organization 2018). Acute coronary syndrome (ACS) is a
heart disease that is commonly encountered in the emer-
gency department (ED), where observation units (OU) are
used to admit patients with potential ACS and monitor them
using non-invasive tests and diagnostic procedures (Hess
et al. 2012; Simon et al. 2014). Early diagnosis of heart
disease is the key to reducing patient mortality rates and
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can help reduce health care costs. Hospitals in Taiwan and
throughout the world have developed triaging systems to
determine whether patients with suspected ACS should be
first admitted to the OU (e.g. Zarich et al. 2004; Lopez et al.
2010). However, as missed diagnoses can lead to death, all
current methods tend to admit patients with a low risk of
ACS. This strategy results in a high false alarm rate that is
associated with increased patient wait times, higher costs,
and increased burden on healthcare providers. Therefore,
triaging potential ACS patients prior to admission of OU is
a great challenge for triage nurses and physicians in EDs.
As reported by Goodacre et al. (2005), in England and
Wales, among all patients who presented with chest pain,
66% were admitted to the OU. Among those admitted, only
34.5% were clinically diagnosed with ACS. Admitting
low-risk patients to the OU is a substantial burden for the
healthcare sector of the United Kingdom. Thus, it would be
useful to have a tool that could rapidly determine whether
a patient should be admitted to the OU for further testing,
while screening out patients with a very low risk of ACS.
The most conventional triage system is the chest pain
method, which selects patients with non-traumatic chest
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pain or chest discomfort as potential ACS cases (Wright
et al. 2011). In the OU, cases of suspected ACS with non-
traumatic chest pain or discomfort undergo triage classifi-
cation based on protocol-driven diagnostic testing (Wright
et al. 2011). The protocol-driven diagnostic testing includes
12-lead electrocardiography (ECG), biomarker measure-
ments, and treadmill tests. However, previous studies
(Brieger et al. 2004; McNamara et al. 2010; Hess et al.
2012a, b; Rosenfeld et al. 2015) have indicated that chest
pain/discomfort alone is inadequate for triaging potential
ACS cases, as it is associated with a high false alarm rate
and missed diagnoses in low-risk groups, such as female
patients (Jayes et al. 1992; Rosengren et al. 2004) and
young adults (Tungsubutra et al. 2007; Khan et al. 2013).
Thus, studies have aimed to improve the triaging process
using modifications of the chest pain strategy. For exam-
ple, to reduce the high false alarm rate, Zarich et al. (2004)
proposed only admitting patients to the OU if they were
greater than 35-year-old or female patients who were greater
than 40 years. Similarly, Lopez et al. (2010) developed a
flowchart process that discharged patients with chest pain
from the ED using five conditions, including age of less
than 40 years and the absence of diabetes, coronary artery
disease history, non-oppressive pain, or retrosternal pain.
Although these methods can reduce the false alarm rate,
they cannot address the missed diagnoses in cases without
chest pain. Moreover, patients can present with other non-
thoracic symptoms, and the critical presenting symptoms
can vary according to age and sex (Rosegengren et al. 2004).
As the existing ACS triaging systems have limited accu-
racy for young or female patients (Chang et al. 2007; Kuhn
et al. 2013), it may not be appropriate to rely on chest pain
or a one-size-fits-all checklist for assessing patients for OU
admission.

Recent studies have indicated that clinical data analysis
can be useful in selecting key predictors for ACS screen-
ing and risk stratification system. For example, Kong et al.
(2012) developed a system based on a belief-rule based
system for classifying risk among patients with chest pain
according to sex, age (greater than 40 years), worsening
angina, and diabetes. In addition, Rosenfeld et al. (2015)
used latent class analysis to evaluate data from patients with
potential ACS, which revealed that chest pain/discomfort
was not a significant symptom for 22% of the cases in a
particular latent class; this group of patients typically expe-
rienced shortness of breath, unusual fatigue, and lighthead-
edness. Ryan et al. (2007) also reported that patients with
myocardial infarction (MI) did not have symptom clusters
that contained all typical symptoms. Nevertheless, both
reports indicated that sex and age can predict risk classi-
fication, and Rosenfeld et al. (2015) suggested that further
research was needed to develop a procedure that applies key
symptom cluster-based predictors for improved ACS risk

@ Springer

classification. More recently, Ahmadi et al. (2017) imple-
mented the neural network and decision tree to develop a
clinical decision support system for predicting coronary
artery disease in patients. However, they did not demon-
strate the efficacy of their model when compared to other
current practices.

Challenges in diagnosing ACS involve the high costs of
ED assessments, as well as the possibility of misdiagnosis,
which can lead to missed treatment opportunities and poor
outcomes. Therefore, the present study aimed to improve
existing triaging systems using key presenting symptoms
and medical histories, which were identified using latent
class analysis. Additionally, we aimed to use symptom
clustering to further improve the ACS triaging system. As
we hypothesized that symptom clusters, detected by using
latent class analysis, could help us to extract key predic-
tors of a potential ACS patient and consequentially improve
the risk stratification in the ED. In this context, latent class
analysis considers the patient’s presenting symptoms and
medical histories, as well as their interactions with the ED
physician’s final diagnosis at discharge from the ED. This
approach could be implemented to create a more effective
triaging system for the admission process to the OU that
can operate without triaging nurses and ED physicians. The
final new Heart Broken Index (HBI) checklist can be imple-
mented at the front desk of the ED in hospitals worldwide
as well as in the ambient living system where the triaging of
potential ACS patient starts; in other words, it can start at the
patient’s home rather than at the ED department.

The remaining sections of this paper are constructed as
follows: In Sect. 2, we summarize the data collection strat-
egy and how we proceeded with the data analysis. In Sect. 6,
we present the results of the data analysis and evaluate the
efficiency of the purposed method. In Sect. 4, we discuss the
clinical applicability of our findings and the limitations of
this study. In Sect. 5, we summarize the major contributions
of this study.

2 Methods
2.1 Study design and setting

The present study is part of a longitudinal study that is being
performed in collaboration with the Far Eastern Memorial
Hospital (Northern Taiwan), which is a 1000-bed regional
teaching hospital with a percutaneous coronary intervention
center and an ED that serves more than 400 patients per day.
The ED has performed various projects to improve patient
processing, modify bottle-neck processes, and improve the
triaging system for directing patients to the OU. The current
HBI was developed at this center (Hsu et al. 2011; Chen
et al. 2012), and considers four criteria: age of > 30 years
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with chest discomfort (2 points), epigastric pain/epigastral-
gia (1 point), cold sweating (1 point), and dyspnea (1 point).
This system is implemented at the triaging station to shorten
wait times, and patients with a score of greater or equal to
2 points are admitted to the OU. Although the existing HBI
provides a high hit rate (98.39%), it also has a high false
alarm rate (92.23%), which increases wait times and medi-
cal expenses in the ED. Therefore, the present study aimed
to re-design the HBI to reduce its false alarm rate and more
rapidly classify cases of suspected ACS. The study’s proto-
col was approved by the institutional ethics review board,
and no personal data were retained as part of the study.

2.2 Data collection

For our study, we included patients who visited the ED
of the Far Eastern Memorial Hospital between June 2012
and August 2015. All non-traumatic adult patients who
were older than 18 years of age and who presented with
at least one symptom or a medical history related to ACS
(see Table 1) were included. A total of 1022 patients were
randomly selected from a total of 10,184 that satisfied the
abovementioned criteria. Data were collected by ED nurses,
who randomly retrieved the medical records and transferred
the relevant information into a Google form. For each case,
sex, age, medical history (heart disease, diabetes, hyperten-
sion, and kidney disease), presenting symptoms at the ED,
and diagnosis before discharge from the ED were recorded.
Age was recorded as a continuous variable, and all other data
were recorded in a binary format.

Several pre-analysis tasks were performed before the
latent analyses. Since the patients’ symptoms had been
recorded by various ED physicians at different times using
different names and formats, the ED physician on our
research team categorized and summarized all symptoms
using combined and standardized names. For example, as
shown in Table 1, “chest discomfort” included chest pain,
chest discomfort, chest heaviness, chest pressure, chest tight-
ness, and chest compression. As another example, shock
encompassed pallor, shock, and diaphoresis. Furthermore,
based on the final diagnosis of each patient, the ED physi-
cian decided whether a patient should have been suspected
as having ACS. Potential ACS patients were those diagnosed
with ACS, acute myocardial infarction (AMI), myocardial
infarction (MI), ST-segment elevation myocardial infarction
(STEMI), non-ST-segment elevation myocardial infarction
(NSTEMI), and unstable angina (UA).

2.3 Data analysis and validation

The current HBI triaging system is a self-developed system
for the ED that is based on ED physicians’ domain knowl-
edge, clinical experiences, and previous research. To com-
plement the physicians’ domain knowledge, we collected the
patients’ characteristics and medical histories, which were
used to create symptom clusters that could be objectively
evaluated using latent class analysis. This approach allowed
us to extract data regarding the key predictors for triaging
potential ACS cases, which served as the foundation for the
new HBI system.

Table 1 Proportion of individual symptoms by diagnosis for admitting into OU

Symptoms and medical history

Should be admitted to OU Shouldn’t be admitted to
ou
n=208 n=814

Combined symptom name Symptom name

Frequency Occurrence (%) Frequency Occurrence (%)

Chest discomfort Chest pain/discomfort/heaviness/pressure/tightness/ 208 100.00 788 96.81
compression
Acute heart failure Dyspnea/shortness of breath/cough 50 24.04 187 22.97
- Difficulty breathing 61 29.33 186 22.85
- Pallor and sweating 49 23.56 82 10.07
Neurological symptoms Collapse/consciousness loss (change)/syncope/presyn- 10 4.81 71 9.46
cope/syncope
Shock Diaphoresis/shock 62 29.81 71 8.72
Nausea Nausea/vomiting/hiccup 15 7.21 70 8.60
Proximal radiation pain Radiation pain/left arm soreness/neck compression 34 16.35 60 7.37
Hypertension 94 45.19 299 36.73
Diabetes 48 23.08 150 18.43
Kidney disease 9 4.33 21 2.58
History of heart disease 56 26.92 202 24.82
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Latent class analysis is a mixed model that is commonly
applied to screen for and identify clinically important fac-
tors (Whitson et al. 2016), and it has been used in numer-
ous disease-specific studies (DeVon et al. 2010; Mahr et al.
2013; Rosenfeld et al. 2015; Divon et al. 2016; Lunt et al.
2016). As most variables were treated as binary variables,
latent class analysis can consider multiple possible causes
and determine the optimal number of classes using objective
criteria (e.g., the Akaike information classification [AIC]
and/or Bayesian information classification [BIC]) or subjec-
tive criteria (e.g., class interpretability). Furthermore, as the
presenting symptoms of ACS vary according to sex (Rosen-
feld et al. 2015) and age (Halon et al. 2004; Tungsubutra
et al. 2007), the present study classified the patients using
those variables. To group young and old patients, previous
studies (Zarich et al. 2004; Tungsubutra et al. 2007; L6pez
et al. 2010) have specified age cutoff values of 34, 45, and
40 years. We chose the cutoff value of 45 years used in the
study of Tungsubutra et al. (2007) for two reasons. First,
Tungsubutra et al. (2007) conducted their study in Thailand,
which shares similar geographic characteristics and biologic
characteristics in the population with Taiwan (where the
data was collected and the target hospital is located). The
other reason is that the study conducted by Tungsubutra
et al. (2007) had a similar objective as that in our study. The
authors focused on investigating the difference in presenting
symptoms between young and old patients. The admission
threshold score of the new HBI checklist remained the same
(2 points). The development steps for the new triaging sys-
tem are shown below:

Step 1 The patients’ presenting symptoms and medical
histories were collected.

Step 2 The patients were categorized into four sub-
groups: (1) men who were >45-year-old, (2) men who were
<45-year-old, (3) women who were >45-year-old, and (4)
women who were <45-year-old.

Step 3 The latent class analysis was performed for each
subgroup, with the ED physicians’ diagnoses (i.e., admit to
the OU or not) as the grouping variable and the presenting
symptoms and medical histories as the model features.

Step 4 The optimal number of classes was selected based
on the best AIC and BIC values. For example, if the optimal
numbers of classes for >45-year-old women were three for
AIC and four for BIC, we recoded the latent classification
results of both three-class clusters and four-class clusters
before proceeding to step 5.

Step 5 The significant presenting symptoms and medical
histories of each subgroup were extracted as possible predic-
tors to include in the new HBI checklist of that group. To
determine which predictor is significant, we develop three
selection rules. The first two rules aimed to identify indica-
tors associated with patients who should be admitted into the
OU. The third rule aimed to identify indicators associated
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with patients who should not be admitted into the OU. First,
features in each latent class of patients who should be admit-
ted to the OU with an occurrence probability > 0.55 were
assigned a weighted score of 1 s, variables with a moderate
occurrence probability among patients who should be admit-
ted to the OU, and a low occurrence probability (<0.1) for
patients who should not be admitted to the OU, were also
assigned a weighted score of 1. The symptoms designated
a weighted score of 1 were potential indicators associated
with patients who should be admitted to the OU. Once these
potential indicators were found, we proceeded to step 6.

Step 6 For the third rule, variables with a moderate occur-
rence probability (>0.1) among patients who should not be
admitted to the OU and an extremely low occurrence prob-
ability (<0.05) among patients who should be admitted to
the OU, were assigned a weighted score of — 1. In contrast
to the first two rules, the third rule aimed to search for symp-
toms which might indicate the patients belong to a low-risk
group of ACS. Therefore, a negative weight was assigned to
symptoms selected by rule 3.

Step 7 Although the weighted score for chest discomfort
was set to 2 based on the existing HBI, the weighted score of
chest discomfort was designed to match the threshold score
of admitting a patient into the OU. This implies that a patient
who presented to the ED with chest discomfort would be
recognized as a potential ACS patient; this complies with
the chest discomfort strategy purposed by America Heart
Association (Wright et al. 2011). The weighted score of
these three rules were designed so that presenting symp-
toms and medical histories served as minor factors, and chest
discomfort served as a dominating exclusion or inclusion
factor(s). After the variables were selected, the new HBI
system was generated based on the selected variables. The
combination of variables with the best predictability, based
on their weighted scores from step 6, was selected as the
final model. The total score was calculated for each person,
and the decision regarding whether to admit the patient to
the OU was guided by Eq. (2):

Total score = 2 Weight; X Feature; )
i

Yes if total scoreis > 2
No inall other cases -

@)

Step 8 As chest discomfort was common among all
patients, this variable was non-significant in the logistics
regression equation. Thus, we searched all combinations of
selected features plus a weighted score of 2 for chest dis-
comfort. The signal and detection theory (Green and Swets
1966) was implemented to quantify the discriminability of
these combinations, with the results being calculated for the
discriminability index (d’), the hit rate, and the false alarm

Patient should be admitted to the OU = {
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rate. The formula for calculating the discriminability index
is shown in Eq. (3) below. More significantly, the initial
combination content all significant predictors and the best
combination of the variables are selected by eliminating the
variable which will reduce the discriminability index. We
refer to this as the backward selection method. The combina-
tions with the best discriminability and highest hit rate were
recorded, although the checklist was limited to a maximum
of six features to ensure that it is simple enough to use in
the ED.

separation .
r  JOparaiion _ @~ (hit rate) — ®~! (false alarm rate),

(3
where ®~!(.) is an inverse function of the standard normal
distribution.

Step 9 The d’ values were compared for the new system,
the current HBI system, and the chest pain strategy.

spread

3 Results
3.1 Clinical case analyses

Among the 1022 included cases, the clinical case analy-
ses identified 43 symptoms and 6 diagnoses (unstable
angina: 0.5%, MI: 0.6%, non-ST-segment elevation myo-
cardial infarction: 0.7%, ST-segment elevation myocardial
infarction: 1.5%, AMI: 2.4%, and ACS: 12.1%). These six
diagnoses provided an overall signal rate of 17.8%. The 43
symptoms were compiled into eight symptom clusters: chest
discomfort, acute heart failure, difficulty breathing, pallor
and sweating, neurological symptoms, shock, nausea, and

proximal radiation of pain (Table 1). The medical histories
included hypertension, diabetes, kidney disease, and heart
disease. These data allowed us to identify most expressive
variables which influencing the risk stratification of patients
who should and should not be admitted to the OU for further
testing in latent classification clusters.

Age- and sex-specific classifications were performed for
the included patients. Young adults (< 45-year-old) were
classified as having a low risk of ACS in the presence of
atypical presenting symptoms or no medical history. Table 2
shows the eight presenting symptoms and four medical his-
tories with the highest frequencies and occurrences.

3.2 Latent class analyses and extracted symptoms

The goodness-of-fit of the latent class analysis model for
each subgroup was examined for models with 3, 4, 5, 6, and
7 classes. The optimal number of classes was selected based
on the AIC/BIC values (e.g., the lowest AIC was observed
for five classes, while the lowest BIC was observed for three
classes among women who were >45-year-old). The propor-
tions of latent classes for each latent class analysis subgroup
are summarized in Table 3, along with the incidence of the
occurrences of the chest discomfort. The effects of age and
sex on symptom clustering was evaluated for male/female
patients and young/old patients (Table 2). The results indi-
cate that sex was a significant predictor of latent class, thus
each latent class was investigated individually.

Table 3 shows that chest discomfort/pain was a significant
factor in all latent classes across all subgroups. Tables 4, 5
and 6 summarize the occurrence rates of each symptom in
all latent classes selected by AIC or BIC values.

Table 2 Propositions of

Lo Be admitted to OU Female age >45 Female age <45 Male age >45 Male age <45

individual symptoms by ECG

diagnosis Yes No Yes No Yes No Yes No

n=46 n=246 n=3 n=74 n=129 n=357 n=30 n=137

Symptoms n (%) n (%) n(%) n%) n(%) n (%) n (%) n (%)
Chest discomfort 46 (100) 237 (96) 3 (100) 73 (99) 129 (100) 346 (97) 30 (100) 132 (96)
Acute heart failure 15 (33) 63 (26) 0(0) 1520) 29(12) 78(32) 6(20) 31(23)
Shock 8 (17) 21 (9) 0@ 4(5) 46(19) 36 (15) 8(27) 10 (7)
Difficulty breathing 16 (35) 61 (25) 1(33) 10(14) 38(15  78(32) 6(0) 3727
Proximal radiation pain 7 (15)  25(10) 1(33) 4(5) 19 (8) 24 (10) 7(23) 7(5)
Pallor and sweating 4(9) 25 (10) 0(0) 34) 38 (15) 45(18) 7(23) 9(7)
Nausea 3() 31 (13) 0(0) 5 10 (4) 22(09) 2() 12 (9)
Neurological symptoms 4 (9) 31 (13) 0(0) 6(8) 4(2) 37(15) 2 3(12)
Hypertension 26 (57) 109 (44) 0(0) 5@ 61 (25) 167 (26) 7(23) 18 (13)
History of heart disease 13 (28) 66 (27) 0(0) 12(16) 39(16) 102(41) 4(13) 22 (16)
Diabetes 11 (24) 61(25) 1(33) 2(3) 32(13) 78(32) 4(13) 9(7)
Kidney disease 3(7) 6(2) 0(0) 00 6(2) 1(0.41) 0(0) 1(1)
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Table 3 The proportion of each
latent class and their occurrence

Index LCA subgroups

Admitted to OU Latent class Frequency Chest discomfort

of chest pain/discomfort FE-1

FE-2  Female age <45 A/BIC 2 Classes YES

FE-3  Female age <45 A/BIC 3 Classes NO

FE-4 Female age>45 AIC 5 Classes  NO

FE-5 Female age>45 BIC 3 Classes NO

MA-1

MA-2 Male age>45 AIC 5 Classes

MA-3 Male age >45 BIC 3 Classes

MA-4 Male age <45 A/BIC 3 Classes YES

MA-5 Male age <45 A/BIC 3 Classes NO

Female age >45 A/BIC 3 Classes YES

Male age >45 A/BIC 3 Classes YES

Cluster 1 0.61333 1.00000
Cluster 2 0.22913 1.00000
Cluster 3 0.15754 1.00000
Cluster 1 0.65744 1.00000
Cluster 2 0.34256 1.00000
Cluster 1 0.89998 0.99760
Cluster 2 0.07370  0.80630
Cluster 3 0.02631 0.92920
Cluster 1 0.48199  0.98640
Cluster 2 0.20328 0.96820
Cluster 3 0.15716  0.97350
Cluster 4 0.09562  0.99490
Cluster 5 0.06196  0.65990
Cluster 1 0.60581 0.98170
Cluster 2 0.30000  0.98380
Cluster 3 0.09420  0.75840
Cluster 1 0.59949 1.00000
Cluster 2 0.24720 1.00000
Cluster 3 0.15331 1.00000
NO Cluster 1 0.51550  0.99570
Cluster 2 0.25958 0.89560
Cluster 3 0.12293 0.97420
Cluster 4 0.08455 0.99570
Cluster 5 0.01743 0.98380
NO Cluster 1 0.60060  0.97500
Cluster 2 0.24905 0.98660
Cluster 3 0.15035 0.90180
Cluster 1 0.68614 1.00000
Cluster 2 0.25185 1.00000
Cluster 3 0.06201 1.00000
Cluster 1 0.60985 0.99790
Cluster 2 0.23253 0.88590
Cluster 3 0.15762  0.94320

The boldfaced values indicate that the occurrence of chest pain is less than 0.9

3.3 Extracted symptoms and new HBI checklist

Tables 4, 5 and 6 indicate the key predictors (in boldface
for significant predictors) that were selected in steps 5 and 6
in Sect. 2.3. More specifically, predictors selected by rules
1 and 2 for ACS were assigned positive scores (as sum-
marized in Table 7), whereas symptoms of very-low-risk
patients who generally should not be admitted to the OU
(rule 3) were assigned negative scores (as summarized in
Table 8). Although a history of heart disease had a relatively
low occurrence rate among patients who should be admitted
to the OU, it is a widely recognized risk factor for potential
ACS, and thus it was assigned an initial score of 1.

The backward selection method indicated in Sect. 2.3 was
used to select significant symptoms and medical histories.
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This approach required that the final model include less than
six presenting symptoms or medical histories for each new
HBI checklist, as well as a false alarm rate that was less than
that of the original HBI checklist. Our final model (the new
HBI checklist), original HBI checklist, and the chest pain
strategy were subsequently evaluated using the signal and
detection theory to compare their discriminability. The hit
rates, false alarm rates, and d’ values are shown in Table 9.

Figure 1 shows the two sets of the new proposed check-
lists, which were selected based on a high d' value (checklist
1) and a low false alarm rate (checklist 2). The only differ-
ence between these two checklists was whether >45-year-
old men were admitted to the OU if they present with non-
traumatic chest pain, and the checklists were identical for
the three remaining subgroups. The patient flow and critical
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Table 4 The occurrence of each symptom or medical history for female greater than 45-year-old (FE1, FE4, FES)
Admitted to OU A/BIC 3 Classes AIC 5 Classes BIC 3 Classes

YES NO NO
Latent class Cluster 1 Cluster 2 Cluster 3 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 1 Cluster 2 Cluster3
Chest discomfort 1.0000  1.0000 1.0000 0.9864 0.9682 0.9735 0.9949 0.6599 0.9817 0.9838  0.7584
Hypertension 0.4408  0.9815 0.4280 0.2788 0.4185 0.8646 0.7019 03540 0.2680  0.8604  0.2558
Acute heart failure 0.4694  0.0821 0.1592  0.2659 0.0072 0.2728 0.1972  0.9735 0.1552  0.2228  0.9589
History of heart disease 0.3112  0.4054  0.0275  0.2477 0.0336  0.3935  0.5729 0.4088 0.1820 0.3849  0.4503
Shock 0.0091 0.1075  0.9331  0.0021 0.1773  0.0047  0.4470  0.0521 0.0609  0.1540 0.0101
Diabetes 0.0698  0.8583  0.0231 0.0029  0.1973  0.9868 0.3062 0.4139 0.0543  0.6464  0.2647
Difficulty breathing 0.3571 0.2746  0.4380 0.3010 0.0155 0.0576  0.3222 09612 0.2054 0.1473  0.8360
Proximal radiation pain  0.1329  0.3250  0.0225  0.1175 0.1765 0.0708  0.0060  0.0068  0.1475  0.0486  0.0081
Pallor and sweating 0.0400 0.0157 0.4205 0.0117 0.0277 0.0707 0.7620 0.0773  0.0419  0.2271 0.0724
Nausea 0.0734  0.0223  0.1535 0.0260 0.3058 0.1295 0.1634 0.2286  0.1127 0.1465 0.1352

The boldface indicate the occurrence of chest pain is greater than 0.5

symptoms for the new triaging system of a potential ACS
patient who should be admitted to OU is shown in Fig. 1.
Since the final HBI checklist will be embedded in the com-
puter system at the front desk or portable device for the
triaging nurse, the triaging nurse need only to input the age,
sex, and symptoms as shown in Fig. 1. As the symptom list
appears, the nurse can check if a patient presents with the
listed symptoms, then the computer automatically calculates
the score and determines if the patient should be admitted
to the OU.

4 Discussion

The extracted symptoms and medical histories obtained
in our results were significantly different from those in the
existing HBI checklist. The selected key symptoms and
medical histories show that young and old patient groups
should use different HBI checklists. For example, younger
patients generally had atypical symptoms, such as nausea
and proximal radiation pain. Cardiac disease-related history
(e.g., hypertension, diabetes, and heart disease) was a signif-
icant predictor among older women and young men. In the
final model, a history of heart disease and acute heart fail-
ure were significant risk factors for older women and young
men, and these variables were not considered in the original
HBI checklist. In Table 2, significantly different occurrence
rates of presenting symptoms were noted between sexes.
For the same sex, the occurrence rates of presenting symp-
toms were also different between young and old patients,
suggesting that sex and age were both strong predictors of
class membership. Furthermore, we observed from the latent
class analyses in Tables 4, 5 and 6 that the predictors in the
new HBI checklist, which were selected by the proposed

method for each subgroup, should be significantly different.
For example, Table 4 indicated that for older women, shock
had an occurrence rate of 93.31% in cluster 3 for patients
who should be admitted to the OU. Hence, according to rule
1 of step 5 in Sect. 2.3, hypertension was selected as one
of the positive predictors of admission to the OU. In con-
trast, Table 6 indicated that for young women, shock had an
extremely low (0%) occurrence rate across all clusters for
patients who should be admitted to the OU, but had a high
occurrence rate for cluster 3 (92.33%) of patients who should
not be admitted to the OU. Hence, shock was selected as
one of the potential negative predictors for the new HBI list
for young women according to rule 3 of step 6 in Sect. 2.3.
Therefore, from the latent class analyses, we concluded that
the subgroups should not share the same HBI checklist, since
not all subgroups had the same predictors of potential ACS.

4.1 Predictors for patients who should to be
admitted into the OU

As shown in Fig. 1, the predictors of subgroups were sig-
nificantly different. However, from Table 9, we can observe
that the chest pain strategy is a simple and effective strategy
for men aged > 45 years. Thus, in this subsection, we focus
on predictors that are not traditionally considered. Women
aged > 45 years and men aged <45 years were appointed
four positive weighted predictors for admission to the OU.
In addition, hypertension and a history of heart disease con-
tributed to positive weighted scores for older patients and
young men (see Table 7), but not for young women. Shock
was the only significant symptom found for older women.
Our results are consistent with those of studies that have
identified a number of positive predictors for women (see
Table 7). However, in the final new HBI checklists shown in
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BIC 3 Classes

AIC 5 Classes

A/BIC 3 Classes

Table 5 The occurrence of each symptom or medical history for male greater than 45-year-old (MA1, MA2, MA3)

Admitted to OU

@ Springer

NO

NO

YES

Cluster 2 Cluster 3 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 1 Cluster 2 Cluster 3

Cluster 1

Latent class

0.9018
0.4156
0.2572
0.2133
0.4836
0.1126
0.4075
0.0717
0.7296
0.1472

0.9866
0.8402
0.3572
0.4253
0.0119
0.7654
0.3201
0.0560
0.0202
0.0219

0.9750
0.3367
0.1544
0.2428
0.0486
0.0260
0.1274
0.0621
0.0268
0.0619

0.9838
0.9531
0.4501
0.5947
0.7953
0.6983
0.1945
0.6596
0.9730
0.0180

0.9957
0.7104
0.6405
0.6417
0.0043
0.6826
0.9679
0.0704
0.0403
0.0034

0.9742
0.9698
0.2536
0.2994
0.0245
0.9679
0.0119
0.0196
0.0025
0.0458

0.8956
0.3046
0.2150
0.1937
0.3231
0.0188
0.3581
0.0014
0.4181

0.9957
0.3852
0.1380
0.2557
0.0072
0.0559
0.0730
0.0803
0.0028
0.0397

1.0000
0.9791
0.2403
0.3118
0.9033
0.4059
0.3236
0.0901
0.6318
0.1942

1.0000
0.0121
0.2797
0.2541
0.4907
0.0293
0.5038
0.1032
0.7252
0.1282

1.0000
0.5195
0.2098
0.3212
0.1495
0.3061
0.1984
0.1942
0.0106
0.0158

Chest discomfort

Hypertension

Acute heart failure

History of heart disease

Shock

Diabetes

Breathing difficulty

Proximal radiation pain

Pallor and sweating

0.1471

Nausea

The boldface indicate the occurrence of chest pain is greater than 0.5

Fig. 1, we found that the only significant positive predictor
for young women was chest discomfort. This might indi-
cate that even women report more presenting symptoms. For
young women, most of the presenting symptoms were not
effective predictors of potential ACS. A study conducted by
Canto et al. (2007) indicated that women appear to report
more presenting symptoms (2.6 on average) compared to
that in men (1.8 on average) and are more likely to present
without chest pain. In contrast, a study by Rosenfeld et al.
(2015) reported that women of all ages are more likely to
report chest pain and discomfort with symptoms associ-
ated with acute heart failure (dyspnea, shortness of breath,
and cough). In our study, young women did not exhibit the
behavior of reporting more ACS predictors. This might be
due to the fact that pre-menopausal women have a very low
risk of ACS, and there was a limited number of cases in
the current data set. The problem of underrepresentation of
young women is discussed in Sect. 4.6.

Young men also exhibit significantly more predictors in
the new HBI checklist (see Fig. 1), compared to that of other
subgroups. In this context, young men have a low incidence
of previous heart disease, which is a significant predictor of
potential ACS in the ED. Our results from the latent class
analysis are consistent with those of Schoenenberger et al.
(2011) and Fournier et al. (1996); these studies reported that
a history of heart disease was a risk factor for ACS among
young men. Thus, our results indicate that a latent class
analysis can effectively isolate key risk factors that might
otherwise be overlooked.

4.2 Predictors for patients who should not to be
admitted into the OU

In this study, we introduced a new set of predictors that can
help identify symptoms among patients who should not be
admitted into the OU. These predictors included pallor,
sweating, and nausea across both age groups of women.
Traditionally, these symptoms are considered predictors of
potential ACS. Our contradictory result may be explained by
sex differences and the low occurrence rate of ACS among
women. DeVon et al. (2008) investigated the difference in
ACS symptoms among men and women and they found that
while women were more likely to report nausea, the dizzi-
ness (which is one of the presenting symptoms of nausea) is
a significant predictor associated with men who experience
MI (type of ACS) rather than women. In contrast, women
with UA and MI are more likely to report weakness and
cough (both are associated with acute heart failure). Our
new HBI checklist is consistent with the findings of DeVon
et al. (2008), who suggested that nausea is not a significant
indicator of ACS for women.

Women, especially those who are premenopausal, have
a low risk of developing ACS when compared to that of
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Table 7 Selected positive
weighted symptoms

Table 8 Selected negative
weighted symptoms

Table 9 Comparison of
discriminability of chest pain
strategy, original HBI and New
HBI checklists

@ Springer

Symptoms Subgroup
Female > 45 Female <45 Male > 45 Male <45
Chest discomfort 1 1 1 1
Hypertension 1 1
Acute heart failure 1
History of heart disease 1 1 1 1
Shock 1 1 1
Diabetes 1 1
Difficulty breathing 1 1 1
Proximal radiation pain 1
Pallor and sweating 1 1
Nausea 1
Neurological symptoms
Kidney disease 1
Symptoms Subgroup
Female > 45 Female <45 Male > 45 Male <45
Chest discomfort
Hypertension -1 -1
Acute heart failure -1 -1 -1 -1
History of heart disease -1
Shock -1 -1
Diabetes -1 -1
Difficulty breathing -1 -1 -1 -1
Proximal radiation pain
Pallor and sweating -1 -1 -1
Nausea -1 -1
Neurological symptoms -1
Kidney disease -1
Triaging method Subgroup Subgroup’s discriminability Overall discriminability
Hit (%) False alarm d’ Hit (%) False alarm (%) d’
Chest pain strategy Male > 45 100.00 96.82 2445 100.00 96.68 2419
Male <45 100.00  96.62 2.472
Female>45 100.00 96.30 2.514
Female<45 100.00 97.40 2.356
HBI checklist Male > 45 100.00 96.82 2445 9839 9223 0.721
Male <45 90.91 78.38 2.472
Female>45 100.00 96.30 2.514
Female<45 100.00 81.82 2.356
New HBI checklists 1  Male>45 98.41 88.15 0.965 99.27 86.03 1.246
Male <45 100.00 86.49 3.198
Female>45 100.00 88.48 3.101
Female<45 100.00 63.64 3.951
New HBI checklists 2 Male>45 100.00 96.82 2.445 100.00 90.03 3.017
Male <45 100.00 86.49 3.198
Female>45 100.00 88.48 3.101
Female<45 100.00 63.64 3.951
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Fig. 1 The process flow chart of Symptoms Weights
new triaging method [1] [2] -
- Chest Discomfort 2
Must be 45 and under Pallor and sweating -1
L Nausea -1
Female
(1 2] — ~
. Chest Discomfort 2
caater S venr Acute Heart Failure 1
Greater than 45-year-old Fiistony: of hiesrk disease 1
L Shock 1
Pallor and sweating -1
Nausea -1
SEX — - &
(1] 2]
Chest Discomfort 2
( Acute Heart Failure 1
Must be 45 and under gllsltow of lle?n't disease 1
{ allor and sweating 1
Difficulty Breathing -1
Kidney disease -1
N~ Male
| 1]
Greater than 45-year-old Chest Discomfort 2
Hypertension 1
Nausea 1
Neurological Symptoms -1
2]
Chest Discomfort 2

[1] The presented checklist is the check list 1.
[2] The presented checklist is the check list 2.

men (Maas and Appelman 2010). In addition, we found that
young women had fewer significant predictors but more neg-
atively weighted predictors, compared to other subgroups
(Tables 7, 8), which is inconsistent with the previous litera-
ture (e.g. Rosenfeld et al. 2015). This might be because the
number of clinical cases of young women with ACS is low.
The final model revealed that young women who presented
with chest discomfort along with pallor and sweating or nau-
sea represented a group of patients at very-low-risk patients
for developing ACS. As Tungsubutra et al. (2007) and Mass
and Appelman (2010) stated in their studies, ACS among
young patients (<45 years) is more likely to be associated
with personal characteristics such as smoking, obesity, and
family history, rather than the preceding angina. Amster-
dam et al. (2010) also stated that the false alarm rate for
ACS among younger patients is very high; these research-
ers reported that among 220 young patients (<40 years)
admitted into the OU, only six of them were suspected to
have ACS according to the diagnostic tests. Among all six

of these patients, none were confirmed to have ACS. These
results may explain the higher number of negative predictors
for the young patients.

4.3 The final model’s effectiveness

We developed two new HBI checklists based on the hit rate,
false alarm rate, and d’ value (Table 9), with checklist 1
providing a better d’ value and checklist 2 providing a better
false alarm rate, compared to the rates using the chest pain
strategy. In addition, checklist 1 reduced the false alarm rate
by 5.8% compared to the current HBI checklist and reduced
the false alarm rate by 10.65% compared to the chest pain
strategy. Furthermore, checklist 2 provided a perfect hit rate
and reduced the false alarm rate by 2.2% compared to the
current HBI checklist and reduced the false alarm rate by
6.65% compared to the chest pain strategy. Moreover, the
current HBI checklist had poorer results for the hit rate and
false alarm rates among young men, compared to that of
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checklist 1. This result is problematic, as a misdiagnosis of
younger men is associated with poor outcomes. Tungsubutra
et al. (2007) reported that younger men were more likely to
have high-risk types of ACS (e.g., STEMI) compared to that
of older men and women. Thus, our new checklists perform
better for women and young men, compared to the current
checklist, with similar performance for older men.

4.4 Future study and applications in an ambient
assisted living environment

Although the present study primarily aimed to create a new
HBI system, our findings lay the foundation for develop-
ing a self-triaging system in the ambient assisted living set-
ting. Previous reports have indicated that telemedicine and
home-healthcare are inevitable avenues of progress, espe-
cially for elderly individuals (O’Grady et al. 2010; Li 2013).
Thus, it will be important to integrate diagnostic, triaging,
and/or assessment systems into smart homes. Wang et al.
(2010) have proposed a healthcare application that connects

nutritional experts and the patient to improve their eating
habits. Furthermore, elderly individuals have a high risk
of ACS and other cardiac syndrome and may benefit from
ambient assisted living settings, as Halon et al. (2004) found
a lower mortality rate among > 80-year-old patients with
ACS compared to the rate among > 70-year-old patients.
Therefore, the new HBI checklist can also serve as an alarm
system that determines if the results of a critical non-inven-
tive tests (such as a 12-lead ECG, which is recorded for
old patients on a daily basis in a smart home Hussein et al.
2017) should be transferred to the hospital and examined in
real time. Thus, our new HBI checklist App and the ECG
in smart homes can be simultaneously used for triage if a
patient needs to be admitted to the OU. Therefore, we specu-
late that our new HBI checklist could be incorporated into
downloadable applications for mobile devices, which could
potentially allow elderly patients to provide data for ACS
triaging from their home (Fig. 2). The new HBI checklist
only assesses presenting symptoms that can be easy identi-
fied by motion sensors in the smart home or heart rate and

HBI ambient system development

STEP 3.

STEP 4.

STEP 5.

APP

?@"’-,rﬁf

l Data gathermg l—ﬁ{ Data analysis I—H—%{New HBI checklist

>l Computer Smart triaging system

(APP/ APK)

Embeded In Ambtient asisted living System

STEP 1. STEP 2.
N\ o r
Et;j (V) i
l o W) . —
& 4 © i

T4
To users over
18 year-old

Smart triaging
system

2 POINT %

Il -Eﬁlc_rgzn;y_dc_pa_rtt?nc-m_ -
2. START

STEP 3.

1
p. 1. Follow-up treatment !
Simple triage and rapid 2 Upload treatment data :

treatment

Fig.2 The process of embed the self-triaging system in an ambient assisted living
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blood pleasure from a smart bracelet (Amiribesheli et al.
2015). An early start to the triaging process with the help
of an application would likely reduce the door-to-ECG time
and the mortality rate among elderly patients (Diercks et al.
2006). The implementation process is split into two stages.
The first stage is called “HBI ambient system development”
stage, in which the HBI checklist is constructed based on
the method proposed in Sect. 2.3. The final HBI checklist
is then packaged as a downloadable APP/APK and embed-
ded in the smart home or device (Fig. 2). The second stage
“embedded in ambient assisted living system” is where the
checklist assesses the patient’s motion, heart rate, and other
critical symptoms in real time. The application will alarm
the ED if the total score excessed the threshold.

4.5 Contributions

The present study provides three important contributions.
First, we created a new HBI checklist based on latent analy-
sis, which provided significant improvements in the hit and
false alarm rates. These improvements could help decrease
wait times, treatment costs, and the burden on healthcare
providers. For example, the standard diagnostic time for the
12-lead ECG is 10 min (c.f. Lee et al. 2013; Acute Coronary
Syndromes Algorithm 2018). Our new HBI checklist can
reduce the overall false alarm rate by 6.2% and consequen-
tially save 634 min of diagnostic time with our current data
of 1022 patients. Second, we developed a general procedure
for applying symptom clustering in improving triaging tools.
Third, our findings lay the foundation for application-based
triaging in the ambient assisted living setting, as the new
HBI checklists can be incorporated into applications that
allow users to perform periodic updates, which can then be
used during the triaging process. These applications would
be expected to decrease wait times and improve the mortality
rate among this high-risk population (Cannon et al. 2000).
In addition, our new HBI triaging list can be easily imple-
mented in an ambient assist living system.

4.6 Limitations

Despite providing a simple and effective procedure to use
latent classes in a triaging system, the present study also has
several limitations. First, we only selected patients with at
least one ACS-related symptom (see Table 1), and it is pos-
sible that we did not include enough patients with atypical
symptoms. Furthermore, the retrospective data used in this
study might have limitations regarding the comprehensive
symptoms of a patient. For example, in an extremely busy
situation, an ED physician might record critical symptoms
and ignore minor symptoms once she/he felt confident about
making the triaging decision. However, this limitation may
have had little effect on our model development since ED

physicians rarely neglect any symptoms when patients
arrive at the ED. Second, since this study focused on triag-
ing for admission to the OU at the ED, we only collected
the patient’s presenting symptoms and medical history but
did not include other risk factors of ACS such as smok-
ing, obesity, race, and family history. However, the patient’s
habits such as smoking and genetic characteristics such as
race and family history might not be available as the patient
arrives the emergency department. More specifically, as dis-
cussed in Sect. 4.2, previous literature (Mass and Appelman
2010; Tungsubutra et al. 2007; Amsterdam et al. 2010) indi-
cates that these risk factors are more predominant in young
patients and women than in older patients. This information
might greatly improve the accuracy of the OU admission
checklist that is currently used in ambient living systems.
Thus, to improve the applicability of the purposed method
for ambient living systems, the user should add these risk
factors into the data analysis.

Third, the decision of whether the patient should have
been admitted to the ED was made by an ED physician, who
tend to overestimate the patient’s risk of ACS, compared to
a cardiologist who uses the same scoring system (Wu et al.
2017). Thus, the ED physician’s diagnosis may not be con-
sistent with the final diagnosis at their discharge. Fourth, the
random case selection process provided a smaller group of
female patients, especially young female patients, compared
to male patients. As previous literature has indicated, young
patients and woman are typically underrepresented. There-
fore, the results might not represent the population due to
the limited number of patients.

These limitations point towards several avenues for future
research. First, unequal sampling may be needed to provide
more representative data from female or young patients to
train ACS triaging models. Second, the patient’s final diag-
nosis at discharge could be used to define their group assign-
ment. Third, logistic regression analysis may be useful to
develop a prediction model that overcomes the extraordi-
narily high occurrence of chest pain or discomfort in this
setting. Fourth, in constructing an ambient living system,
personal behaviors such as smoking, diet and/or family med-
ical history can be included as risk factors to improve the
predictability of woman and young ACS patients.

5 Conclusions

In developed and emerging countries, heart disease is one
of the ten leading causes of death. In this study, we aimed
to assist ED physicians in developing a triaging system to
determine who should enter the OU for further inspection of
ACS. Our study identified and applied symptom clustering
to develop a system for determining whether patients with
potential ACS should or should not be admitted to the OU.
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The new OU triaging system consists of four HBI checklists
for age- and sex-specific subgroups, which provide better
performances in these subgroups, compared to that of exist-
ing methods. The average hit rate is 99.27%, and the average
false alarm rate is 86.03% for the new HBI checklist 1, which
is significantly better compared to the 98.39% hit rate and
92.23% false alarm rate of the current HBI checklist. Fur-
thermore, the new system appears to be more accurate for
triaging patients at the ED in our hospital, as it had better
overall performance (d' = 1.240 and 3.017 vs. 2.419 for the
chest pain strategy and 0.721 for the current HBI checklist).
Therefore, our system provides an enhanced ability to iden-
tify and triage patients with potential ACS in the ED. Moreo-
ver, our system may be useful in a self-triaging application
that could be used in the ambient assisted living setting.
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