
Page 1/18

Prehospital diagnostic algorithm for acute coronary
syndrome using machine learning: a prospective
observational study
Masahiko Takeda 

Chiba University Graduate School of Medicine
Takehiko Oami 

Chiba University Graduate School of Medicine
Yosuke Hayashi 

Chiba University Graduate School of Medicine
Tadanaga Shimada 

Chiba University Graduate School of Medicine
Noriyuki Hattori 

Chiba University Graduate School of Medicine
Kazuya Tateishi 

Chiba University Graduate School of Medicine
Rie E. Miura 

Smart119 Inc
Yasuo Yamao 

Smart119 Inc
Ryuzo Abe 

Chiba University Graduate School of Medicine
Yoshio Kobayashi 

Chiba University Graduate School of Medicine
Taka-aki Nakada  (  taka.nakada@nifty.com )

Chiba University Graduate School of Medicine

Article

Keywords: prediction, acute myocardial infarction, ST-segment elevation myocardial infarction, STEMI,
scoring system, XGBoost

Posted Date: May 11th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1360222/v2

https://doi.org/10.21203/rs.3.rs-1360222/v2
mailto:taka.nakada@nifty.com
https://doi.org/10.21203/rs.3.rs-1360222/v2


Page 2/18

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://creativecommons.org/licenses/by/4.0/


Page 3/18

Abstract
Rapid and precise prehospital recognition of acute coronary syndrome (ACS) is key to improving clinical
outcomes. We tested the hypothesis that the machine learning-based prehospital algorithm shows a high
predictive power for predicting ACS. We conducted a multicenter observational prospective study that
included 10 participating facilities in an urban area of Japan. The data from consecutive adult patients,
identi�ed by emergency medical service personnel with suspected ACS, were analyzed. The primary
outcomes were binary classi�cation models for ACS prediction based on eXtreme Gradient Boosting. Of
the 555 enrolled patients, 388 (70%) were randomly assigned to a training cohort, and 167 (30%) were
placed in a test cohort. The eXtreme Gradient Boosting model for ACS using 43 features performed well
(area under the receiver operating curve 0.879 [95% CI 0.815–0.935]) in the test cohort. We repeated the
analysis with a limited number of selected features, and the performance of the eXtreme Gradient
Boosting model using 17 features remained high (area under the receiver operating curve 0.883 [95% CI
0.820–0.939]) in the test cohort. We found that the machine learning-based prehospital algorithms
showed a high predictive power for predicting ACS.

Introduction
Early therapeutic interventions are crucial for reducing the mortality of acute coronary syndrome (ACS) 1.
A substantial number of patients have initial symptoms of ACS outside hospitals; emergency medical
service (EMS) personnel play a role as the �rst responders to patients. EMS personnel estimate the
possibility of ACS based on the symptoms of patients and transport them to the appropriate hospital for
immediate treatment. Precise prediction of ACS in the prehospital setting may contribute to improving the
quality of ACS care and clinical outcomes.

Several studies have investigated the prediction of ACS. Integrated components of patient history, vital
signs, 12-lead electrocardiograms (ECG), and cardiac enzymes were studied to increase the accuracy of
diagnosis in prehospital management 2. Prehospital 12-lead ECG is recommended for early diagnosis in
patients with suspected ST-segment elevation myocardial infarction (STEMI) 3; however, costs and lack
of training of 12-lead ECG limit its widespread use4,5. Other diagnostic tools with cardiac biomarkers have
demonstrated e�cacy for risk strati�cation, but several concerns, including technical errors, high false-
negative rates, and possible delays in transportation, cast a shadow on the generalization of promising
results 6.

As a result of the low utility of 12-lead ECG and biochemical tests in the prehospital setting, a novel
diagnostic tool with vital signs, 3-lead ECG monitoring, and symptoms is warranted to improve the
diagnostic accuracy of EMS personnel. With the development of machine learning approaches, early
prediction models for other diseases, including stroke and acute aortic syndrome, have demonstrated
their accurate and stable performance 7,8. However, there are few studies using machine learning to
predict the onset of ACS in a prehospital setting.
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Therefore, we tested the hypothesis that the machine learning-based early prediction of ACS using vital
signs, 3-lead ECG monitoring, and symptoms show a high predictive power. We used a large cohort of
patients with suspected ACS.

Results
Baseline characteristics and outcomes

Among the training cohort, 134 (24%) patients were diagnosed with ACS (Table 1). ACS patients had
signi�cantly lower age, a higher proportion of males, lower frequency of past heart diseases (stable
angina and old myocardial infarction), lower heart rate, lower body temperature, higher blood oxygen
saturation, lower respiratory rate, and higher frequency of ST elevation or ST change than non-ACS
patients. For the symptoms, ACS patients had greater pain severity and higher proportion of cold hands,
hand moistening, pressing pain, cold sweat, pain radiating to jaw or shoulder, and persistent pain than
non-ACS patients. In the test cohort, similar differences were con�rmed between the ACS and non-ACS
patients (Supplementary Table S1).

Prediction of ACS

The eXtreme Gradient Boosting (XGBoost) model for ACS using 43 features showed a high predictive
power (areas under the receiver operating characteristic curve (AUC) 0.879 [95% CI 0.815-0.935]) in the
test cohort (Figure 1). 

Feature selection for the prediction algorithm

We examined the relationship between the number of features and the change in predictive values (AUC,
accuracy, sensitivity, speci�city, and F1-score) using XGBoost (Figure 2 and Supplementary Figure S1).
While reducing the number of features from 43 to 17, the performance remained high. However, in
decreasing the number of features from 16 to 1, the prediction algorithm with fewer features had lower
predictive values. The model using 17 features had the highest AUC (17 features 0.883 [95% CI 0.820-
0.939], 43 features 0.879 [95% CI 0.815-0.935]) in the test cohort (Figure 1, Supplementary Figure S2, and
Supplementary Figure S3). Of the �ve machine learning algorithms, XGBoost, logistic regression, random
forest, a linear support vector machine (SVM), and a radial basis function (RBF) kernel SVM with 17
features, XGBoost had the highest predictive value in the test cohort (Table 2 and Supplementary Figure
S2). 

The SHAP summary plot showed that the important predictors of ACS were “ST change,” “ST elevation,”
“Heart rate,” “Cold sweat,” “Male,” and “Blood oxygen saturation” (Figure 3 and Supplementary Figure S4).

Prediction of AMI or STEMI

Next, we built classi�cation models for diagnosing subcategories of ACS, including AMI and
STEMI, using XGBoost with 17 features. The prediction algorithm of AMI using XGBoost also had a high
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predictive value in the test cohort (AUC 0.857 [95% CI 0.788-0.919]). Likewise, the XGBoost model
presented a high AUC for the prediction of STEMI (0.871 [95% CI 0.819-0.925]) in the test cohort (Table 3).

Discussion
In this study, we found that the machine learning-based prehospital model showed a high predictive
power for predicting the diagnosis of ACS and subcategories of ACS using 17 features including vital
signs, 3-lead ECG monitoring, and symptoms.

Although machine learning-based prediction algorithms have shown promising results with high
accuracy in other �elds, including stroke and acute aortic syndrome 7,8, to the best of our knowledge, only
one study has reported the e�cacy of a machine learning-based prediction model for the prehospital
onset of ACS using only 12-lead ECG 9. In contrast, in our study, we built the models on the basis of 3-lead
ECG monitoring, as well as vital signs and symptoms, which can be easily obtained without special
equipment and technical training in a prehospital setting. The strength of this study is the remarkably
high predictive values of our machine learning models, even when the model inputs are limited to easily
obtainable features. Our XGBoost model showed superior predictive power (AUC = 0.883 in the test
cohort) compared to those of the previously reported models using 12-lead ECG (AUC = 0.82) 9.
Furthermore, compared to the widely used standard scoring system (HEART score: AUC = 0.84) for
patients with suspected ACS in the emergency department 9, our models had a higher predictive power
even in the prehospital setting.

While several studies have demonstrated the e�cacy and feasibility of risk strati�cation for ACS with
combined modalities such as 12-lead ECG and biomarkers in the emergency department 10–12 and
prehospital setting 2, there are few reports predicting the onset of ACS according to vital signs, ECG
monitoring, and symptoms obtained by EMS personnel. A prehospital stroke scale with physical
examination has been 13 designed to be accessible and applicable for EMS personnel initially triaging
patients with limited information, but the conventional scoring system for suspected ACS requires 12-lead
ECG and cardiac troponin in addition to medical history 11. A previous study 14, which compared
diagnostic accuracy for ACS between an assessment of general practitioners and clinical decision rule
(CDR) based on medical history and physical examination, reported that the AUC was 0.66 for the
physicians’ risk estimate and 0.75 for the CDR. This result implies that the diagnostic precision for ACS
based on physical assessment reaches the ceiling when 12-lead ECG or cardiac enzymes are not
available. In this context, our novel approach for predicting the onset of ACS with vital signs, ECG
monitoring, and symptoms using machine learning would provide us with substantial advantages over
traditional methods.

With the high predictive accuracy of the algorithm for the diagnosis of ACS, the SHAP analysis presented
signi�cant features contributing to the diagnosis of ACS: ST change, ST elevation, heart rate, cold sweat,
sex (male), and blood oxygen saturation. While 12-lead ECG has been recognized as one of the most
reliable tests for estimating the probability of diagnosis, ECG monitoring with leads I, II, or III
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demonstrated noteworthy �ndings for an assessment of the likelihood. Other features listed as
contributing factors are potentially used as additional information to determine the possibility of ACS in a
prehospital setting. Based on the extent of the contribution to the diagnosis, we successfully decreased
the number of features for the prediction algorithm from 43 to 17 features. This can be explained by that
the exclusion of the irrelevant and redundant features, and noises has improved the model performance.
The advantages of the modi�ed algorithm with a decreased number of features include reduction of
workload and shorter duration of implementation, leading to potential feasibility of clinical application in
the future. Such a diagnostic tool with a predicting algorithm is soon to be launched with validation in a
prehospital setting.

Some limitations of this study need to be addressed. First, the speci�c study area, Chiba city, could be an
obstacle for generalization of the results, although the study was conducted in multiple institutions.
Second, patient background such as dyslipidemia in our study is different from that in previous studies
15. Insu�cient interviews with a limited time may be attributed to missing information. Third, the
proportion of patients with STEMI in this study (83%) is higher than that in the Japanese registry data
(approximately 70%) 16. Selection bias is a potential reason for the lower percentage of patients with
NSTEMI and UA. Fourth, the prediction algorithm for diagnosing NSTEMI was not developed in the
analysis because of the lack of su�cient data. As ECG shows low sensitivity in NSTEMI 17 18, our
algorithm estimating the probability of ACS could improve the diagnostic accuracy of NSTEMI. Future
studies should clarify the predictive value of NSTEMI, as well as the robustness of diagnostic accuracy
for STEMI using the algorithm.

In conclusion, we found that the prehospital prediction algorithm had a high predictive power for
diagnosing the onset of ACS using machine learning from the data of vital signs, 3-lead ECG monitoring,
and symptoms obtained by EMS personnel. Further investigations are needed to validate the accuracy
and feasibility of the algorithm in a prehospital setting.

Methods

Study population
This study was a multicenter observational study that was prospectively conducted in an urban area of
Japan (Chiba city, population 1 million) between September 2018 and March 2021. Consecutive adult
patients (≥ 20 years of age) identi�ed by EMS personnel with suspected ACS who were transported to
one of the twelve participating facilities were enrolled in the study. The symptoms indicating ACS to EMS
personnel included pain, discomfort, or pressure in the chest, epigastric region, neck, jaw, or shoulder
within 24 hours. Patients with other symptoms that were strongly suspected of having an onset of ACS
were also enrolled in the study. Patients with cardiac arrest were excluded from the study because they
could not be interviewed in a manner consistent with the other patients.
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The study was approved by the Ethical Review Board of the Graduate School of Medicine, Chiba
University (No.2733). In accordance with the Ethical Guidelines for Medical and Health Research
Involving Human Subjects in Japan, the requirement for written informed consent was waived by the
review board.

Data collection and de�nition
We collected data from 663 patients for 45 features used to predict ACS in a prehospital setting. These
features included past medical history, vital signs, 3-lead ECG monitoring, and 21 symptoms
(Supplementary Table S2). However, we used only 43 features after excluding two low variance features
that were constant in more than 95% of the sample, speci�cally, the past medical histories of “Prior
coronary artery bypass grafting (CABG)” and “Intracranial hemorrhage.” The onset timing and
meteorological conditions were considered, but discarded in the �nal analysis (see Supplementary Note
S1 for contribution of onset timing and meteorological conditions).

ST changes were assessed with leads I, II, or III of ECG monitoring. ST changes included ST elevation and
ST depression. Assessment of the ST changes were left to the discretion of EMS personnel. The contents
of symptoms were determined based on previous studies 10–12, 19,20. Symptoms 1 and 2 were evaluated
by palpation, and symptoms 3–21 were evaluated via interviews. Detailed interview data are shown in
Supplementary Table S3. The diagnosis of ACS was established by cardiologists with �ndings from a
catheter angiography according to current guidelines21. ACS was de�ned as acute myocardial infarction
(AMI) and unstable angina (UA).

Of the 663 screened patients, 555 patients were included in the �nal analysis after excluding 108 patients
because of missing diagnostic data, multiple entries, and cardiac arrest (Supplementary Figure S5).

Missing values
As our data had missing values for some features, we performed imputations before building the
machine learning models. We used the imputed values as input even to the gradient boosting model,
which can deal with missing values by treating them the same way as categorical values, because we
found that our imputation approach written below had improved its performance compared to the
implementation without imputation. Following the domain knowledge, we mutually imputed the missing
values in some features: symptoms 4 to 21, except symptoms 19 and 20, and a pair of systolic and
diastolic blood pressure. The vital signs, including body temperature, blood oxygen saturation, and
breathing rate, were imputed with each median value. For any other categorical attribute, the missing
values were replaced with a new subcategory “Unknown.”

Machine Learning model development
Enrolled patients were randomly divided into a training cohort (70%) or a test cohort (30%) for validation
in a strati�ed fashion. There were no statistically signi�cant differences in data distribution between the
training and test cohorts (P > 0.05).
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First, we developed binary classi�cation models for ACS prediction as a primary outcome based on
XGBoost. As a secondary outcome, we built binary classi�cation models for AMI and STEMI prediction.
Non-ST-segment elevation myocardial infarction (NSTEMI) was not included in the secondary analysis
because of its small number. The parameters were optimized using the grid search method with nested
cross-validation (see Supplementary Note S2 for detailed descriptions of our nested cross-validation).

We assessed the feature importance in the machine learning model based on the Shapley Additive
exPlanation (SHAP) value 22. The SHAP value is a solution concept used in game theory and is computed
by the difference in model output resulting from the inclusion of a feature in the algorithm, providing
information on the impact of each feature on the output. The SHAP value is a method for its
interpretability in machine learning models and is also used as a feature selection tool. A higher absolute
SHAP value indicates a more important feature.

Feature selections
We also performed feature selection by discarding the redundant and irrelevant features for prediction to
improve performance and the interpretability of the model using XGBoost. Feature selection was
performed by the following steps, after we split the dataset into a training set and a test set to evaluate
the �nal model. (1) We used the training set to optimize the hyperparameters using a grid search. (2) We
then performed cross-validation on the training set using the optimized parameters and obtained the
validation score. (3) We computed the SHAP values of the best model and excluded less important
features with the lowest absolute SHAP values. (4) We repeated procedures (1)– (3) until the number of
features became one. This process was repeated 10 times to avoid less important features appearing in
the higher ranking by chance. As a result of the iterations, we determined the most plausible number of
features (i.e., the most important features to be included) from the model that showed the best
performance in the mean cross-validation scores. After feature selection, we evaluated a two-
classi�cation model for ACS prediction using four common machine learning algorithms other than
XGBoost: logistic regression, random forest, SVM (linear), and SVM (RBF).

Statistical analysis
We expressed the data as median (interquartile range) values for continuous variables and absolute
numbers and percentages for categorical variables. The model performance was evaluated using AUC,
accuracy, sensitivity, speci�city, and F1 score. Statistical signi�cance was set at P < 0.05. We used Python
3.9.5 packages (NumPy 1.21.1, Pandas 1.3.0, XGBoost 1.4.0, and Scikit-learn 1.0) to construct the
machine learning models and Prism (version 7.0, GraphPad Software, San Diego, CA) for statistical
analysis.
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Table 1
Baseline characteristics and clinical outcomes in the training cohort

  ACS (n = 134) Non-ACS (n = 254) P value

Age, years 68.5 (57–77) 73 (60–82) 0.010

Male sex, n (%) 105 (78.4) 147 (57.9) < 0.001

Past medical history      

Diabetes mellitus, n (%) 27 (20.5) 46 (18.5) 0.304

Hypertension, n (%) 50 (38.2) 102 (41.0) 0.423

Dyslipidemia, n (%) 10 (7.8) 13 (5.3) 0.117

Stable angina, n (%) 11 (8.5) 47 (18.9) 0.007

Old myocardial infarction, n (%) 18 (13.6) 47 (19.1) 0.037

Prior PCI, n (%) 13 (10.1) 32 (13.4) 0.101

Prior CABG, n (%) 2 (1.6) 5 (2.1) 0.043

Intracranial hemorrhage, n (%) 1 (0.78) 1 (0.4) 0.237

Cerebral infarction, n (%) 9 (7.0) 13 (5.28) 0.347

Prior antiplatelet or anticoagulant therapy, n (%) 6 (5.0) 31 (13.6) 0.013

Vital signs      

Heart rate (beats/min) 74 (60–86) 90 (72–110) < 0.001

Systolic blood pressure (mmHg) 143 (122–167) 147 (121–176) 0.413

Diastolic blood pressure (mmHg) 87 (76–102) 87 (72–103) 0.748

Body temperature (°C) 36.0 (35.8–36.4) 36.2 (36.0-36.6) < 0.001

Blood oxygen saturation (%) 98 (97–99) 97 (93–99) < 0.001

Respiratory rate (times/min) 20 (18–24) 24 (18–24) 0.014

Japan Coma Scale = 0, n (%) 117 (87.3) 202 (79.5) 0.057

Oxygen therapy, n (%) 50 (37.3) 98 (38.6) 0.807

ECG monitoring      

Data are presented as median and interquartile range for continuous features.

P-values were calculated using Pearson’s chi-square test or Mann–Whitney U test.

CABG (coronary artery bypass grafting), ECG (electrocardiogram), PCI (percutaneous coronary
intervention)
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  ACS (n = 134) Non-ACS (n = 254) P value

ST elevation, n (%) 69 (51.5) 23 (9.1) < 0.001

ST depression, n (%) 37 (27.6) 79 (31.1) 0.475

ST change, n (%) 106 (79.1) 102 (40.2) < 0.001

Arrhythmia, n (%) 30 (22.4) 65 (25.6) 0.485

Symptoms      

1. Cold hands, n (%) 52 (38.8) 65 (25.6) 0.007

2. Hand moistening, n (%) 47 (35.1) 60 (23.6) 0.016

3. Dyspnea, n (%) 34 (25.4) 86 (33.9) 0.086

4. Palpitations, n (%) 25 (20.5) 66 (27.2) 0.300

5. Throbbing pain, n (%) 26 (21.1) 51 (20.9) 0.929

6. Sharp/stabbing pain, n (%) 13 (10.6) 18 (7.5) 0.614

7. Positional chest pain, n (%) 19 (17.0) 23 (10.0) 0.182

8. Reproduction of chest pain by palpation, n (%) 4 (3.7) 10 (4.4) 0.520

9. Chest pain with breathing or cough, n (%) 12 (5.5) 6 (5.94) 0.983

10. Pressing pain, n (%) 107 (82.3) 157 (64.3) 0.001

11. Nausea or vomiting, n (%) 34 (26.8) 43 (17.4) 0.098

12. Cold sweat, n (%) 74 (57.8) 83 (34.0) < 0.001

13. Pain radiating to jaw or shoulder, n (%) 23 (19.3) 15 (6.6) 0.001

14. Similarity to previous ischemic episode, n
(%)

18 (19.8) 53 (28.0) 0.205

15. Chest pain aggravated by walk, n (%) 16 (18.0) 40 (20.4) 0.745

16. Worsening pain, n (%) 35 (29.9) 74 (31.6) 0.844

17. Pain at rest, n (%) 101 (86.3) 185 (78.7) 0.173

18. Persistent pain, n (%) 123 (97.7) 199 (81.2) < 0.001

19. Recurrent pain within 24 hours, n (%) 24 (20.9) 47 (21.4) 0.970

Data are presented as median and interquartile range for continuous features.

P-values were calculated using Pearson’s chi-square test or Mann–Whitney U test.

CABG (coronary artery bypass grafting), ECG (electrocardiogram), PCI (percutaneous coronary
intervention)
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  ACS (n = 134) Non-ACS (n = 254) P value

20. Chronic pain, n (%) 12 (10.4) 43 (19.2) 0.033

21. Pain severity (10-point scale) 7 (6–9) 6 (5–8) < 0.001

Data are presented as median and interquartile range for continuous features.

P-values were calculated using Pearson’s chi-square test or Mann–Whitney U test.

CABG (coronary artery bypass grafting), ECG (electrocardiogram), PCI (percutaneous coronary
intervention)

 
Table 2

Prehospital diagnostic algorithms for acute coronary syndrome using 17 features
Models AUC Accuracy Sensitivity Speci�city F1-score

Training cohort          

XGBoost 0.898 0.827 0.791 0.846 0.760

Random forest 0.882 0.804 0.657 0.882 0.698

Logistic regression 0.884 0.835 0.664 0.925 0.736

SVM (radial basis function) 0.893 0.827 0.694 0.898 0.735

SVM (Linear) 0.877 0.822 0.642 0.917 0.714

Test cohort          

XGBoost 0.883 0.832 0.810 0.844 0.770

Random forest 0.878 0.844 0.724 0.908 0.764

Logistic regression 0.860 0.808 0.638 0.899 0.698

SVM (radial basis function) 0.869 0.832 0.707 0.899 0.745

SVM (Linear) 0.873 0.832 0.638 0.936 0.725

AUC (area under the receiver operating characteristic curve), SVM (support vector machine), XGBoost
(eXtreme Gradient Boosting)
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Table 3
Prehospital prediction algorithms for subcategories of acute coronary syndrome using XGBoost with 17

features

  AUC Accuracy Sensitivity Speci�city F1-score

Training cohort          

AMI 0.883 0.820 0.790 0.833 0.737

STEMI 0.883 0.820 0.790 0.833 0.737

Test cohort          

AMI 0.857 0.802 0.792 0.807 0.718

STEMI 0.871 0.802 0.792 0.807 0.697

AMI (acute myocardial infarction), AUC (area under the receiver operating characteristic curve), STEMI
(ST-segment elevation myocardial infarction), XGBoost (eXtreme Gradient Boosting),

Figures
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Figure 1

Receiver operating characteristic (ROC) curve of prehospital diagnostic algorithms for acute coronary
syndrome using XGBoost with 43 features

The ROC curve of prehospital ACS prediction algorithms using 43 features were depicted at 1-speci�city
on the x-axis and sensitivity on the y-axis using the training cohort. The 95% con�dence interval of AUC is
shown as well.

AUC (area under the receiver operating characteristic curve), XGBoost (eXtreme Gradient Boosting)
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Figure 2

Relationship between the number of features and the area under the receiver operating characteristic
curve for the prediction algorithm

The line plot depicts sequential changes in the AUC with the number of features for the prediction
algorithm in (a) the training cohort (blue) and (b) the validation cohort (yellow). The dotted vertical line
indicates the highest predictive value (n=17, AUC of the training cohort = 0.905, AUC of the validation
cohort = 0.855). The error bars indicate 95% con�dence intervals.

AUC (area under the receiver operating characteristic curve)
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Figure 3

SHAP values of the prehospital diagnostic algorithm for acute coronary syndrome using 17 features

The impact of the features on the model output was expressed as the SHAP value. The features are
placed in descending order according to their importance. The association between the feature value and
SHAP value indicates a positive or negative impact of the predictors. The extent of the value is depicted
as red (high) or blue (low) plots.

SHAP (SHapley Additive exPlanation)
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