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A Machine Learning Algorithm for Risk Prediction of Acute Coronary
Syndrome

Prediccidn de riesgo de sufrir un sindrome coronario agudo mediante un algoritmo de machine
learning
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ABSTRACT

Background: Chest pain represents one of the most common reasons for consultation in emergency medical services (EMS). A diag-
nostic strategy using objective and subjective information about the characteristics of chest pain has not been identified yet.
Objective: The aim of this study was to evaluate the performance of a machine learning classifier to predict the risk for non-ST-
segment elevation acute coronary syndrome (ACS) in patients consulting an EMS due to chest pain.

Methods: A total of 161 patients consulting the EMS due to chest pain were analyzed. Both objective and subjective variables about
the characteristics of chest pain were recorded using a machine learning classifier.

Results: Mean age was 57.43+12 years, 75% were men and 16% had history of cardiovascular disease. Acute coronary syndrome was
present in 57.8% of cases with an incidence of acute myocardial infarction of 29.8%. Among the latter 35% required percutaneous
coronary intervention and 9.9% myocardial revascularization surgery during the 30-day follow-up. A Random Forest Classifier was
used as model of classification, with an area under the ROC curve of 0.8991, sensitivity of 0.8552, specificity of 0.8588 and accuracy
of 0.8441. The most significant predictors in the model were weight (p = 0.002), age (p = 5.011e-07), pain intensity (p = 3.0679e-05),
systolic blood pressure (p = 0.6068) and the subjective characteristics of pain (p = 1.590 e-04).

Conclusions: Machine learning classifiers are a useful and effective tool to predict an acute coronary syndrome at 30-day follow-up.
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RESUMEN

Introduccion: Las consultas por dolor toracico son frecuentes en los servicios de emergencias médicas (SEM). Adn no se ha identifi-
cado una estrategia diagnodstica que utilice tanto los datos objetivos como los subjetivos del dolor.

Objetivos: Evaluar un clasificador de machine learning para predecir el riesgo de presentar un sindrome coronario agudo (SCA) sin
elevacion del segmento ST, en pacientes que consultan a un SEM con dolor toracico.

Material y métodos: Se analizaron 161 pacientes que consultaron al SEM con dolor toracico. Se registré mediante un clasificador de
machine learning las variables objetivas y subjetivas de caracterizacion del dolor.

Resultados: La edad promedio fue de 57,43 + 12 anos, 75% eran de sexo masculino y 16% presentaban antecedente cardiovasculares.
E157,8% presentaba un sindrome coronario agudo con una incidencia de IAM de 29,8%, de los cuales requirieron revascularizacién
por ATC el 35%, y CRM el 9,9% en el periodo de seguimiento a 30 dias. Como modelo de clasificacion se utiliz6 un Random Forest
Classifier que present6 un area bajo la curva ROC de 0,8991, sensibilidad de 0,8552, especificidad de 0,8588 y una precision de 0,8441.
Las variables predictoras mas influyentes fueron peso (p = 0,002), edad (p = 5,011e-07), intensidad del dolor (p = 3,0679¢-05), ten-
sién arterial sistolica (p = 0,6068) y caracteristicas subjetivas del dolor (p = 1,590e-04).

Conclusiones: Los clasificadores de machine learning son una herramienta util a fin de predecir el riesgo de sufrir un sindrome
coronario agudo a 30 dias de seguimiento.

Palabras clave: Machine learning - Sindrome coronario agudo - Tecnologia.

INTRODUCTION the past decades. This information implies a challenge
Undifferentiated chest pain represents one of the most  for the medical team in terms of making a quick and
common reasons for consultation in the emergency de-  effective diagnosis, as in many cases, doctors must de-
partment (ED), and its frequency has increased over  cide whether to continue with a more thorough evalu-
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ation of the patient’s condition in the hospital setting
or to discharge the patient and continue the evaluation
on an outpatient basis, which entails a high risk as-
sociated with underdiagnosis of serious diseases and,
consequently, an ominous outcome.

Several strategies and diagnostic algorithms have
been analyzed to reduce these risks. The validated
diagnostic tools currently available (as the HEART
score) consider only part of the subjective data ob-
tained from the anamnesis by the treating physician,
and in this setting there are many medical interpreta-
tions of the same clinical condition according to the
experience of the medical team involved. (1, 2) There-
fore, there is currently no single diagnostic method ca-
pable of linking the objective data of patients with the
subjective data derived from the anamnesis, thereby
synthesizing the information obtained into a risk pre-
diction algorithm.

We believe that in the era of digital technology and
with the advent of artificial intelligence and machine
learning algorithms, a risk score classifier using these
technologies can be a useful tool to predict the occur-
rence of an acute coronary syndrome (ACS) in patients
who spontaneously attend the EMS with undifferenti-
ated chest pain.

OBJECTIVE

The aim of this study was to demonstrate the ability
of machine learning classifiers to diagnose and predict
an acute coronary syndrome in patients who sponta-
neously consult the EMS with undifferentiated chest
pain, during a 30-day follow-up period.

METHODS

A prospective, observational study was conducted in a center
specialized in cardiology in the Autonomous City of Buenos
Aires between August 2018 and April 2019.

Inclusion criteria

- Patients > 18 years

- Patients with undifferentiated chest pain

- Feasibility to complete the 30-day follow-up period
- Having signed an informed consent form

Exclusion criteria

- Patients with electrocardiogram (ECG) with ST-segment
elevation.

- Patients with hemodynamic instability or arrhythmias.

The data obtained from a cohort of 161 patients attending

the EMS due to undifferentiated chest pain were ana-

lyzed. During the triage stage of chest pain, the patient’s

objective variables and the subjective variables collected

by the treating physician during the diagnostic anam-

nesis were recorded using a machine learning classifier

integrated into a portable digital device (tablet or smart-

phone).

Patient’s objective variables:

Age

Sex

Weight

W=

Height

Hypertension

Dyslipidemia

Diabetes with or without insulin requirement.

Smoking (current smoker or within the last month) and

former smoker (having quit smoking for more than 1

month).

9. Family history of cardiovascular diseases-

10. Systolic blood pressure

11. Heart rate

12. Positive signs on physical examination: third heart
sound, bilateral crackles.

b. Subjective variables obtained:

1. Characteristics of chest pain: sharp, crushing, burning,
stabbing, penetrating.

2. Intensity: chest pain intensity was measured using a vis-
ual analogue scale with a range between 1 to 10 (where
1 was “minimum intensity” and 10 “maximum inten-
sity”).

3. Pain duration and number of episodes in the last 24

hours; increase or decrease associated with exercise.

Pain relief with nitrates.

5. Pain associated symptoms: diaphoresis, dizziness, need
for bowel movement, palpitation, nausea, breathless-
ness.

6. Pain intensity changes with: chest movements, arm
movements, touching the area, cough, inspiration.

7. Evaluation of the patient’s perception of his/her condi-
tion by means of a continuous visual scale, which was
reported by the patient on the digital device following
instructions of the treating physician

8. Site of chest pain identified by the patient by means of a
touch-sensitive body diagram integrated into the digital
device, following the instructions of the treating physi-
cian. (3-6)

History of cardiovascular disease, percutaneous coro-
nary interventions (PCI), coronary artery bypass graft sur-
gery (CABGS) and acute coronary syndrome (ACS) with or
without ST-segment elevation was also recorded.

The classification system using the machine learning
algorithm was developed in cooperation with the company
Sigmind LAB, which developed and implemented a digital
backup system with the aim of ensuring the privacy and
confidentiality of data obtained through the use of the al-
gorithm through an encrypted access, only accessible by the
study team of researchers.

The Scikit-Learn tool was used to implement the Ran-
dom Forest Classifier of 150 estimators as a predictive mod-
el. (7) Random Forest is a classifier, that is, an algorithm
that predicts output values from input data. In this case,
the model used predicts whether a patient will develop an
event based on the data entered into the digital device (pa-
tient’s objective and subjective data). For this purpose, the
algorithm is trained with labeled data, i.e. the algorithm is
provided with input data and its corresponding output data
or variable to be predicted. When the training process ends,
the algorithm is capable of generating the modeled predic-
tion as data that it has never seen or test data.

Overfitting may occur in machine learning algorithms. We
used cross-validation to prevent overfitting, a strategy exten-
sively described in the literature. In this study, we used 10-fold
cross-validation. Cross-validation means splitting the labeled
data (dataset of patients’ data and the variables to predict)
in a number of k-folds. Then, k-1 folds are taken (i.e. 90% of
the patients participating in the protocol) as the training set.
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After algorithm training, the testing stage is performed,
in order to predict whether the patients not used as train-
ing set (those of the remaining fold) will generate or not an
event. Since we have the actual value of whether each pa-
tient in the fold used as test set had an event or not, we
obtain an actual value that is similar to how the trained al-
gorithm would perform with data from new patients. This
process is repeated k times, taking each time another fold
as test set. The resulting performance is the mean obtained
from the k repetitions of all the folds. The implementation
used can be accessed at the following link: https:

//scikitlearn.org/stable/modules/generated/sklearn.en-
semble.RandomForestClassifier.html

Patients were followed-up for 30 days from index consul-
tation and were contacted by telephone calls or in person to
analyze the occurrence of events.

The following events were analyzed:

- Cardiovascular mortality. Mortality due to acute myocar-
dial infarction (AMI), stroke, ventricular arrhythmia or
sudden death of unclear cause.

- ST-segment elevation or non-ST segment elevation AMI
according to the fourth universal definition of AMI.

- Acute coronary syndrome : a composite of myocardial in-
farction and unstable angina.

- Percutaneous coronary intervention (PCI)

- Coronary artery bypass graft surgery (CABGS)

The adjudication of events was done in person or using
the information from the electronic medical record (EMR)
and by a phone call made by one of the study investigators.

Statistical analysis

The mean value for each measure of performance was re-
ported. Continuous variables had normal distribution and
were compared using Student’s t test.

Before the implementation of the algorithm, an initial
stage of verification was carried out in order to evaluate pre-
ventable errors of the classifier, understanding the model
and assessing the feasibility of using the digital system by
the EMS physicians. Those patients analyzed during the ini-
tial testing stage (n=20) were excluded from the subsequent
analysis.

Ethical considerations
All the patients signed an informed consent approved by the
institutional Ethics Committee.

The investigators implemented measures to protect the
confidentiality of all the information according to the Argen-
tine personal data protection law 25,326. These data were
only available to the investigators of the ANGINA study and
the members of the teaching, ethics and research commit-
tee, as required. The study was conducted following national
ethical standards (CABA law N? 3301 about Protection of
Human Subjects in Health Research) and the recommenda-
tions of the Declaration of Helsinki, among others.

RESULTS

A total of 161 patients consulting the EMS with un-
differentiated chest pain were analyzed. Mean age
was 57%x12 years and 72.7% were men. Hyperten-
sion was present in 51.5% of the patients, 14.2% had
diabetics, 51.5% had dyslipidemia and 14.3% were
smokers. During the interview, 18% of the patients
reported a family history of cardiovascular disease
and 17.4% presented a previous coronary event

(23.6% PCI, 5% CABGS).

Among the patients analyzed, 57.8% (n=85) pre-
sented an acute coronary syndrome, with an incidence
of AMI of 29.8% (n=48), 35% (n=>56) of which required
PCI and 9.9% (n=16) underwent CABGS. There were
no deaths during follow-up (Table 2).

The area under the ROC curve of the machine
learning model with the use of a Random Forest al-
gorithm as classifier was 0.8991, with a sensitivity of
0.8552, specificity of 0.8588 and accuracy of 0.8441,
considering patients with acute coronary syndrome
during follow-up as positive class (Figure 1).

The most significant predictors for the model
were, in order of importance: weight (p=0.002), age
(p=5.011e-07), pain intensity (p=3.0679e-05), and
perception of pain evaluated through a continuous
visual scale (p=1.590 e-04). All the variables men-
tioned were statistically significant after correction
with the Bonferroni test for multiple comparisons.

DISCUSSION

In the present study, we have demonstrated that the
use machine learning classifiers is a useful and effec-
tive tool to predict an acute coronary syndrome in pa-
tients who spontaneously consult the EMSwith undif-
ferentiated chest pain.

Technology is part of our lives, and not only as a fa-
cilitator of ludic activities, but also for health care and
wellbeing. Over the past decades, many strategies re-
lated to the prevention and early diagnosis of diseases
have been implemented through digital devices such
as smartphones, tablets and smart watches, which are

Table 1. Baseline population characteristics

Variable Value
Age, years 57 +12
Hypertension, n 93 (51.5%)
Smoking habits, n 23 (14.3%)
Dyslipidemia, n 93 (51.5%)
Family history, n 29 (18%)
Male gender, n 117 (72.7%)
Diabetes, n 23 (14.2%)
Previous coronary event, n 28(17.4%)
Previous percutaneous coronary intervention, n 38 (23.6%)
Previous CABGS, n 8 (5%)

CABGS: Coronary artery bypass graft surgery

Table 2. Cardiovascular events at 30 days

Events n (%)
Acute coronary syndrome 93 (57.8%)
AMI 48 (29.8%)
PCI 56 (35 %)
CABGS 16 (9.9 %)

AMI: Acute myocardial infarction. PCl: Percutaneous coronary interven-
tion. CABGS: Coronary artery bypass graft surgery.
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nowadays widely spread, accessible and used by differ-
ent age groups.

This evolution includes methods based on the pro-
cesses of artificial intelligence and machine learning,
understood as the ability of a computer system to
acquire their own knowledge by extracting patterns
from a large volume of raw data. (8)

Different studies have demonstrated the benefit
of machine learning classifiers to predict an ACS in
patients with chest pain. VanHouten et al. obtained
20,078 variables used by the conventional diagnostic
algorithms for ACS from a multicenter registry and
analyzed them using elastic net and random forest al-
gorithms. (9) The Random Forest classifier obtained
an AUC of 0.848 and of 0.849 in the validation set,
outperforming the TIMI and GRACE risk scores. (10,
11)

The AUC in our machine learning model is similar,
but the main difference is that data was prospectively
collected in our case.

These algorithms have also proved to be efficient
in predicting long-term cardiovascular events. Weng
et al. demonstrated the effectiveness of machine
learning classifiers to predict cardiovascular events in
a population without known history of cardiovascular
disease during a 10-year follow-up period and were
more effective and accurate than many clinical risk
prediction algorithms recommended by the current
clinical practice guidelines. In this way, these classi-
fiers identify those patients who could benefit from an
early preventive treatment. (12)

We consider that the use of these machine learning
algorithms can be very useful in our setting, mainly

due to the high demand of health care professionals
and the high interobserver variability for making a di-
agnosis according to the medical experience acquired.
Machine learning algorithms could thus be used to
complement medical care through their ability for
risk stratification, thus allowing more time to focus
on the most serious diseases. They could also be an
additional tool for the correct interpretation of com-
plementary test results and to predict the outcome
when used together with current conventional strate-
gies. (13-16)

Artificial intelligence classifiers based on machine
learning algorithms do not come from remote and
inaccessible places. In our country, they have already
been used in the field of public health. Scavuzzo et al.
used neural networks, a machine learning algorithm,
to identify and predict those regions with the high-
est concentration of Aedes aegypti mosquito eggs to
implement prevention strategies against dengue. (17)

Study limitations
Firstly, the potential bias in data collection is a limita-
tion of our predictive algorithm as the patients were
evaluated in the emergency department by cardiolo-
gists in a center only specialized in cardiology. How-
ever, most of the data collected had dichotomous an-
swers, which should reduce this potential bias.

Secondly, the number of events in our study was
significant and implies a positive predictive value
greater than a negative predictive one.

We understand that a study comparing our algorithm
with the traditional risk scores as HEART, GRACE or
TIMI would be useful. These data will be analyzed soon.
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Future investigations

This work is included in a program that has the fol-

lowing predefined steps:

1. Validation of the machine learning algorithm used
in other populations from public and private hos-
pitals, with doctors belonging to the medical emer-
gency services of different subspecialties.

2. Based on all the information obtained, the algo-
rithm will be optimized to improve its predictive
and prognostic ability.

3. Development of an application for public use.

As far as we know, this is the first study in our
country that demonstrated the usefulness of machine
learning classifiers in cardiovascular disease, as a use-
ful element in the diagnosis of acute coronary syn-
drome.

Conflicts of interest
None declared.

(See authors’ conflicts of interest forms on the website/
Supplementary material)

REFERENCES

1. Cortés M, Lambardi F, Ariznavarreta B, Resi S, Arbucci R, Borda
M, y cols. Utilidad del score HEART con troponina T de alta sensibi-
lidad para la evaluacion de pacientes con dolor toracico. Rev Argent
Cardiol 2018;86:333-7. https://doi.org/10.7775/rac.v86.15.13326

2. Costabel J, Cortés M, Lambardi F, Ariznavarreta B, Resi S, Campos
R, y cols. Usefulness of the HEART score without troponin value
to stratify patients with suspected non-ST elevation acute coronary
syndrome. J Am Coll Cardiol 2019;73: Supplement 1. https:/doi.
org/10.1016/S0735-1097(19)30879-4

3. Panju, AA, Hemmelgarn BR, Guyatt GH, Simel DL. Is This Pa-
tient Having a Myocardial Infarction? JAMA 1998;280:1256. https://
doi.org/10.1001/jama.280.14.1256

4. Chun AA, McGee S.R Bedside diagnosis of coronary artery dis-
ease: A systematic review. Am J Med 2004;117:334-43. https://doi.
org/10.1016/j.amjmed.2004.03.021

5. Dezman ZD, Mattu A, Body R. Utility of the History and Physi-
cal Examination in the Detection of Acute Coronary Syndromes in
Emergency Department Patients. West J Emerg Med. 2017;18:752-

60
6. Goodacre S, Locker T, Morris F, Campbell S. How useful are clini-
cal features in the diagnosis of acute, undifferentiated chest pain?
Acad Emerg Med 2002;9:203-8. https://doi.org/10.1197/aemj.9.3.203
7. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel
O, et al. Scikit-learn: Machine Learning in Python. Journ of Mach
Lear Res 2011;12:2825-30
8. Goodfellow Y, Bengio Y, Courville A. Deep Learning. Cambridge,
MA MIT Press; 2017.
9. VanHouten JB, Starmer JM, Lorenzi NM, Maron DJ, Lasko TA.
Machine learning for risk prediction of acute coronary syndrome.
AMIA Annu Symp Proc 2014:1940-9. eCollection 2014.
10. Antman EM, Cohen M, Bernink PJ, McCabe CH, Horacek T, Pap-
uchis G, et al. The TIMI risk score for unstable angina/non-ST eleva-
tion MI: A method for prognostication and therapeutic decision mak-
ing. JAMA 2000;284:835-42. https://doi.org/10.1001/jama.284.7.835
11. Elbarouni B, Goodman SG, Yan RT, Welsh RC, Kornder JM, Dey-
oung JP, et al; Canadian Global Registry of Acute Coronary Events
(GRACE/GRACE(2)) Investigators. Validation of the Global Registry
of Acute Coronary Event (GRACE) risk score for in-hospital mortal-
ity in patients with acute coronary syndrome in Canada. Am Heart dJ.
2009;158:392-9. https://doi.org/10.1016/j.ahj.2009.06.010
12. Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-
learning improve cardiovascular risk prediction using routine clini-
cal data? PLoS One. 2017;12:e0174944
https://doi.org/10.1371/journal.pone.0174944
13. Zhao Q, Zhang L. ECG feature extraction and classification using
wavelet trans-form and support vector machines. Int Conf Neural
Net Brain 2005;2:1089-92.
14. Afsar FA, Arif M, Yang J. Detection of ST segment deviation epi-
sodes in ECG using KLT with an ensemble neural classifier. Physiol
Meas 2008;29:747-60. https://doi.org/10.1088/0967-3334/29/7/004
15. van Rosendael AR, Maliakal G, Kolli KK, Beecy A, Al’'Aref SJ,
Dwivedi A, et al. Maximization of the usage of coronary CTA derived
plaque information using a machine learning based algorithm to
improve risk stratification; insights from the CONFIRM registry. J
Cardiovasc Comput Tomogr 2018;12:204-9. https://doi.org/10.1016/;.
jeet.2018.04.011
16. Arsanjani R, Xu Y, Dey D, Vahistha V, Shalev A, Nakanishi R,
et an ¢al?. Improved accuracy of myocardial perfusion SPECT for
detection of coronary artery disease by machine learning in a large
population. J Nucl Cardiol 2013;20:553-62. https://doi.org/10.1007/
$12350-013-9706-2
17. Scavuzzo JM, Trucco F, Espinosa M, Tauro CB, Abril M, Scavuzzo
CM, Frery AC. Modeling Dengue vector population using remotely
sensed data and machine learning. Acta Trop. 2018 Sep;185:167-75
. https://doi.org/10.1016/j.actatropica.2018.05.003



	Botón 24: 


