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Abstract— This research presents a novel statistical model 

for diagnosing acute myocardial infarction (AMI). The model is 

based on features extracted from a reduced lead system 

consisting of a subset of three leads from the standard 12-lead 

ECG. We selected a set of relevant parameters commonly used 

in the clinical practice for ECG-based AMI diagnosis, namely 

ST elevation and T-wave maximum. We also selected features, 

not used in clinical practice, that were derived from 

vectorcardiography and computed on the reduced three-lead 

system (pseudo-VCG parameters). To validate the model, we 

used 104 patients coming from the Physionet STAFF III 

database which contains 12-lead ECG recordings at baseline 

and in coronary artery occlusion condition during angioplasty 

(PTCA). Results show that pseudo-VCG features are able to 

diagnose AMI slightly better than ST elevation and T-wave 

maximum features together (area under the ROC curve (AUC) 

0.87 vs AUC 0.85). When combining pseudo-VCG features 

together with ST elevation, and T-wave maximum, the 

performance improved significantly (AUC 0.95, sensitivity 

89.6% and specificity 82.7%). Results indicate a potential for 

diagnosing AMI using the proposed reduced lead system and 

the selected set of features. We suggest its possible use for 

diagnosing AMI in long-term, ambulatory and home 

monitoring situations, allowing an earlier and faster diagnosis. 

I. INTRODUCTION 

Coronary heart diseases are one of the leading causes of 
death worldwide and the leading cause of mortality in 
America [1]. One of these coronary heart diseases is 
myocardial infarction, known as a heart attack, which is an 
occlusion of a coronary artery that results in an insufficient 
blood supply to the myocardium and damaging it. 

Acute myocardial infarction (AMI), also called 
myocardial ischemia, is the initial step of myocardial 
infarction and results from an imbalance between oxygen 
supply and demand. Morbidity and mortality from AMI are 
significantly reduced when symptoms are recognized early 
enough, shortening time to treatment.  

The diagnostic tests for AMI, commonly used in clinical 
practice, include ECGs, computer imaging, blood enzyme, 
chest X-ray, cardiac catheterization etc. Nonetheless, these 
tests are not only very expensive but also not always 
available. 

The ECG is a routine part of the diagnostic work-up of 
patients with suspected AMI. The more common ECG 
manifestations of AMI (in absence of LVH and LBBB) are 
ST elevation, ST depression and T-wave changes [2]. The 
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standard 12-lead ECG is characterized by a certain degree of 
redundancy, due to the fact that some of the leads are nearly 
aligned or derived as linear combinations of other leads. This 
redundancy already suggests the possibility to obtain reliable 
and accurate information from a subset of those leads. 
Recently, we used vectorcardiography (VCG) [3][4], to 
diagnose myocardial infarction [12], but not AMI. Different 
studies have focused on 12-lead ECG systems for diagnosing 
AMI [15]. However, a reduced set of ECG leads would be 
more convenient in situations of long-term, ambulatory, and 
home monitoring, making it possible an earlier diagnosis of 
AMI. 

In this research, we introduce a novel statistical model for 
diagnosing AMI using a reduced set of three ECG leads. 
Although the reduced lead system we suggest is not 
comparable with conventional VCG, we used it to compute 
standard VCG features, and for this reason we refer to those 
as pseudo-VCG features. The best subset of three ECG leads 
for diagnosing AMI was found using the backward stepwise 
method. The reduced lead system was used to build three 
different models to diagnose AMI based on ST elevation and 
T-wave maximum criteria (model 1), pseudo-VCG features 
(model 2), and a combination of all these features (model 3), 
respectively. Model 3 gave best performance with AUC 0.95, 
sensitivity 89.6% and specificity 82.7%. 

II. MATERIALS AND METHODS 

A. Database 

We used the PhysioNet STAFF III database [5][6] as data 
source. This database consists of standard 12-lead ECG 
recordings from 104 patients with stenotic coronary arteries, 
who received elective percutaneous transluminal coronary 
angiography (PTCA) in one of the major coronary arteries, 
thus simulating AMI episodes in patients. The database 
documents the first few minutes of complete coronary 
occlusion.  

The original objective of the database was to provide a 
better understanding of the manifestations of AMI in the 
ECG in respect to high-frequency components, particularly 
during ventricular depolarization [7]. From the 104 patients’ 
recordings, 6 patients were excluded because of either 
problems in the 12-lead configuration or noise. We used two 
recordings per patient. The first one is a baseline recording 
preceding intervention and at rest. The second one is selected 
in the interval between catheter balloon inflation and 
deflation during the PTCA procedure. This second recording 
contains the coronary artery occlusion period and records the 
ischemic event. 

As baseline (no AMI), 10 seconds of ECG data in the 
middle of the baseline recordings were selected. We used 10 
seconds of ECG data in the occlusion period during PTCA as 
AMI recordings. In this last case, the recordings were noisier, 
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so we decided to select the 10 seconds intervals by visual 
inspection to ensure the desired quality in the ECG signals. In 
average the 10 seconds interval was selected 181 seconds 
after the occlusion starts. 

B. Feature Extraction 

In order to characterize AMI, a set of features was 
derived from the reduced lead system, which can be 
classified in two groups: 

1) T-wave features. Namely ST elevation and maximum in 
the T-wave. Since we have three ECG leads, a total of six 
features were computed. 

2) Pseudo-VCG features. A total of 322 pseudo-VCG 
features were computed from the reduced lead system (see 
below for details). 

The pseudo-VCG features that were calculated can be 
grouped into the following categories: 

a) Geometrical Features (150 features) [8], computed for 
the QRS and T-wave loops: perimeter of the loop, centroid of 
the loop, maximum vector length, area of the loop, maximum 
distance from the centroid to the loop, angle of the loop with 
XY plane, angle of the loop with XZ plane, angle between 
QRS maximum vector length and T wave maximum vector 
length, angle between QRS optimal plane and T wave 
optimal plane. We measured those features in different 
planes. For instance, the perimeter of the QRS or T-wave 
loop can be measure in the horizontal, frontal or sagittal 
planes as well as in the 3D space. 

b) Spatial and Temporal Features (64 features)  [9][10], 
computed for the QRS and T-wave loops: octant location of 
the loops, percentage of time of the vector in an octant, 
average and variance of the vector magnitude in each octant. 
Notice that there are eight octants and therefore eight 
parameters for each one of the described features. Also notice 
that we have calculated those parameters in the first 
derivative of the ECG signals as well. 

c) Statistical Parameters (108 features): standard deviation, 
Shannon entropy, kurtosis, Hurst exponent, and skewness. 
Notice that these features are calculated for each of the ECG 
leads and that every feature is compose of different 
parameters. For instance, Hjorth feature is compose as well 
of Hjorth activity, mobility and complexity. Also notice that 
we have calculated as well those parameters in the first 
derivative of the ECG signals. 

C. Reduced Lead System Selection 

To select the best 3-lead ECG system, we used backward 
stepwise selection [11]. This was based on a model including 
all features introduced in Sec. II.B. In order to reduce 
overfitting, we divided the database into a training dataset 
with 70% of the patients (69 patients and 138 recordings) and 
a validation dataset with the other 30% (29 patients and 58 
recordings). Starting with the full set of 12-leads, backward 
stepwise selection iteratively removed one lead at time based 
on the AUC computed on the validation set, and by means of 
leave-one-out cross-validation. 

The best three leads found for diagnosing AMI were V1, 
V4 and III, which were used to generate the reduced 3-lead 
ECG system. 

D. Feature Selection 

As mentioned before, we computed a set of 322 pseudo-
VCG features and six T-wave features. This high 
dimensional feature space is not efficient for classification in 
terms of computational performance. Also, having 
unnecessary features may add noise to the estimation of other 
quantities of interest and increase the chances of overfitting.  

We used stepwise forward selection as method for 
variable selection, which in our analyses performed better 
than more advanced techniques such as lasso, ridge 
regression and random forest. We applied feature selection to 
both pseudo-VCG features and T-wave features. In the case 
of pseudo-VCG features, dimensionality was reduced from 
322 to five features, while in the case of T-wave features it 
was reduced from six features to two features. Table I shows 
the five final pseudo-VCG features selected and Table II 
shows the two final T-wave features selected. 

TABLE I.  REDUCED SET OF PSEUDO-VCG FEATURES. 

Feature Description 

T_PA_SP 
T-wave loop perimeter/area ratio in the sagittal 

plane. 

T_AREA_SP T-wave loop area in the sagittal plane. 

T_STD_Z T-wave standard deviation in z VCG component. 

QRS_PA_3D QRS loop 3D perimeter/area ratio.  

QRS_AVG_X QRS average vector length of VCG x component. 

TABLE II.  REDUCED SET OF T-WAVE FEATURES. 

Feature Description 

STE_III ST elevation in lead III. 

STE_V4 ST elevation in lead V4. 

  

E. Model Elaboration 

Using the reduced 3-lead ECG system described in 
section II.C, and the set of features described in Table I and 
Table II, we built three models for diagnosing AMI. All 
models were built by using the gradient boosting method 
implemented in the “gbm” R package [13]. Table III 
describes the three models that were created. 

TABLE III.  MODELS FOR DIAGNOSING AMI. 

Model Description 

1 
Built using the T-wave features obtained after feature 

selection (Table II). 

2 
Built using the pseudo-VCG features obtained after feature 

selection (Table I).  

3 
Built using T-wave features and pseudo-VCG features 
obtained after feature selection (Table II and Table I). 

 

In order to properly train and validate the model, we 
divided the database into the same training and validation 
dataset introduced in Sec. II.C. The selection of the training 
and validation patients was done randomly over the 98 
patients. We built each model using the training dataset and 
used the validation dataset to test the performance of the 
model. All the results presented in this work were obtained 
using the validation dataset. 
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F. AMI diagnosis based on location 

We were also interested in analyzing the variation of 
performance of the best model in diagnosing AMI depending 
on where AMI occurs. 

Table IV shows how many recordings correspond to each 
of the AMI locations in the complete dataset. As it can be 
observed, there are few recordings for some of the AMI 
locations (e.g., LAD diagonal, Left main). Therefore, we 
grouped all the individual locations in three main regions, 
namely anterior, inferior, and posterior (first column in Table 
IV).  

It can be observed that after grouping, the percentage of 
recordings corresponding to each AMI region is similar in the 
complete dataset and in the validation dataset. This shows 
that the validation dataset is representative for the entire 
dataset and the results obtained for this dataset can be 
generalized. 

TABLE IV.  AMI HEART REGIONS.  

III. RESULTS 

Figure 1 shows the performance of each of the 3 models 
when using the validation dataset which includes data from 
29 patients (30% of the samples). Model 3 (combined 
features) gave the best performance with AUC 0.95, followed 
by model 2 (VCG features; AUC 0.87), and model 1 (ST 
elevation and T-wave maximum features; AUC 0.85). 

We looked to significant differences in ROC curves 
values using DeLong’s test for two correlated ROC curves 
and using a cut-off p-value of 5%. Table V shows the results 
when comparing the three models.  

TABLE V.  DELONG'S TEST FOR AUC FOR MODELS 1 TO 3. 

Models p-value 

1 vs 2 0.738 

2 vs 3 0.025 

1 vs 3 0.045 

 

When comparing model 1 with model 2, the increase in 
AUC was not significant (0.85 vs. 0.87, p-value 0.738). 
When comparing model 2 with model 3 the difference in 
AUC was significant (0.87 vs. 0.95, p-value 0.025). Also, the 
increase in AUC when comparing models 1 and 3 was 
significant (0.85 vs. 0.95, p-value 0.045). Based on these 
results, we decided to use model 3 as our best model for 
diagnosing AMI. In this model, we selected a cut-off value in 

the ROC curve using the training dataset. Using this cut-off 
value, the sensitivity and specificity in the validation dataset 
was 89.6% and 82.7% respectively. 

Figure 1. Performance of the three models on the validation 

dataset. 

 Figure 2 shows the performance of model 3 in the different 
heart regions (in the validation dataset) while Table VI shows 
the significance of the differences in AUC when diagnosing 
different AMI locations. As can be seen in Table VI, there 
were no significant differences in AUC when diagnosing 
AMI in the different heart regions. 

 

Figure 2. Model performance in the different AMI locations. Notice 

that purple and blue lines overlap because AUC is 1.00 for both. 

TABLE VI.  DELONG'S TEST FOR AUC FOR HEART REGIONS. 

Heart Regions p-value 

Anterior vs Inferior 0.076 

Anterior vs Posterior 1.000 

Inferior vs Posterior 0.076 

IV. DISCUSSION 

The main motivation of this study is the lack of a reduced 
lead system to diagnose AMI from the ECG. The results we 
presented suggests that it is possible to do a reliable diagnosis 
of AMI using a 3-lead ECG system. We observed that when 
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clinical features were combined with pseudo-VCG features 
(model 3), the AUC significantly increased up to 0.95 vs 
AUC of 0.85 for T-wave features alone (model 1), and AUC 
of 0.87 for pseudo-VCG features alone (model 2). This may 
indicate that pseudo-VCG features have additional diagnostic 
relevant information not present in the clinical features. 
Indeed, Figure 1 shows that clinical features are more 
sensitive and less specific than pseudo-VCG features and that 
they complement each other. This match with actual 
literature on ST elevation that points out its high sensitivity 
and poor specificity. In the case of pseudo-VCG features we 
have both QRS and T-wave parameters, what we believe 
improves specificity by considering also the QRS and not 
only the T-wave. 

When looking at the performance of model 3 in the 
different heart regions, the dubious high performance 
achieved in the anterior and posterior sites (AUC 1.00) 
compared to the inferior sites (AUC 0.88) may be due to the 
small number of patients in the anterior (9 patients) and 
posterior (5 patients) regions, compared to the inferior region 
(15 patients). Interestingly, we observe that the model is able 
to diagnose AMI in the posterior part of the heart. Patients 
having posterior MI (PMI) cannot currently be identified 
using simple ECG analysis [14]. The reason according to 
some researchers is that there are no specific leads in the 
standard ECG that represents this area. In addition, the lack 
of ST-segment elevation (as seen in typical ST-elevation MI) 
combined with misinterpreting the anterior ST-segment 
depressions as indicating ischemia rather than posterior 
infarction, frequently lead to missing PMI [14].  

A consideration to keep in mind is that the patient 
population used in this research is at rest and not doing 
exercise. Being able to diagnose AMI at rest facilitates the 
diagnosis process of AMI, no longer requiring an exercise 
tolerance tests (ETT). This simplifies the diagnosis AMI and 
together with having a reduced lead system makes this 
solution suitable for long-term, remote, and home 
monitoring. 

One limitation of this research is that we used a database 
in which we have an artificial AMI produced by the occlusion 
of one of the coronary arteries during the PTCA procedure. 
We aim to validate those results with more data coming from 
AMI patients. Also, we aim to confirm the suitability of this 
method to diagnose Non-ST-elevation myocardial ischemic 
patients. Another limitation of this study was the relatively 
small sample size. The results we reported need to be 
confirmed on a larger dataset. 

V. CONCLUSIONS 

The diagnostic tests for AMI, commonly used in clinical 
practice, include ECGs, computer imaging, blood enzyme, 
chest X-ray, cardiac catheterization etc. Nonetheless, these 
tests are not only very expensive but also not always 
available. This is especially true for long-term, ambulatory, 
and remote monitoring situations.  

We showed that it may be possible to achieve a reliable 
diagnosis of AMI using a 3-lead ECG system composed of 
leads V1, V4 and III. We believe this simplification is 
especially important and meaningful in the long-term, 

remote, and home monitoring scenarios. The model we 
proposed uses T-wave and pseudo-VCG features and was 
able to diagnose AMI with 89.6% sensitivity and 82.7% 
specificity on a dataset with induced/simulated AMI events 
by PTCA procedure. The proposed method was also able to 
diagnose AMI in the posterior part of the heart. This, 
suggests its potential use for automatic detection of AMI 
from ECGs of PMI patients, for which diagnosis from ECGs 
is difficult nowadays. 
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