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A B S T R A C T

Automatic diagnosis of cardiac events is a current problem of interest in which deep learning has shown pro-
mising success. We have earlier reported the use of Long Short Term Memory (LSTM) networks-trained on
normal ECG patterns-to the detection of anomalies from the prediction errors for real-time diagnostic applica-
tions. In this work, we extend our anomaly detection algorithm by introducing a second stage predictor that can
identify the actual anomaly class from the error outputs of the first stage model. Results from seven types of
anomalies have been presented including Atrial Premature Contraction (APC), Paced Beat (PB), Premature
Ventricular Contraction (PVC), Right Bundle Branch Block (RBBB), Ventricular Bigeminy (VB), Ventricular
Couplets (VCs) and Ventricular Tachycardia (VT). To optimize anomaly class prediction performance, multiple
choices of second stage models such as multilayer perceptron (MLP), support vector machine (SVM) and logistic
regression have been employed. A featurization scheme for LSTM prediction errors in the form of overall
summaries has been proposed and a successful predictor for the same was developed with good performance.
Our results indicate that the error vectors represented by their summary features carry useful predictive in-
formation about actual ECG anomaly type. We discuss how the accuracy scores without attention to inherent
class imbalances and paucity of data instances may produce misleading performance estimates and hence ac-
curate background models are needed to estimate true predictive performance of multi-class predictors such as
those presented in this work. The training data sets and related resources for this study are provided at http://
ecg.sciwhylab.org.

1. Introduction

Heart disease is one of the major health problems worldwide. Early
detection of heart diseases and proper medical treatment can prevent
sudden deaths [17]. A large number of cardiac and seriously ill patients
are under constant monitoring of their cardiac conditions with the help
of ECG or EKG (Electrocardiogram) recording devices as they are at a
risk of undergoing cardiac events needing critical care. Intensive real-
time monitoring of ECG in the form of human attention is not practical
in most such cases and hence there is a need to automatically detect the
anomalous cardiac events directly from machine-readable, recorded
ECG signals in an exact or approximate real time scenario. Successful
real-time diagnosis or classification of ECG signals is achieved by
finding characteristic shapes of the ECG that discriminate effectively
between the previously defined diagnostic categories (See Fig. 1 for
typical ECG patterns of normal and various types of abnormal heart
beats). An arrhythmia is an abnormal heart rhythm. Various machine
learning and data mining methods have already been developed to

improve the detection and classification of different types of cardiac
arrhythmias based on ECG signal data but the levels of predictive
performances are still low [16]. Reported approaches include Self-Or-
ganizing Maps (SOM), Support Vector Machines (SVM) [19] Multilayer
Perceptron (MLP) [4]; Markov Models and Fuzzy or Neuro-fuzzy Sys-
tems [2,6,10]. Historically, Khadra et al. way back in 1997 used time-
frequency wavelet theory to differentiate among three types of ar-
rhythmias i.e. ventricular fibrillation, atrial fibrillation, and ventricular
tachycardia [12]. Patra et al. [18] proposed an integration methods
using fuzzy c-means (FCM) clustering, Principal Component Analysis
(PCA) and Neural networks for classifying five types of ECG beats [18].
Chazal et al. [9] used the wavelet coefficients to describe the ECG
shape, wherein classification is performed directly on the wavelet
coefficients. In another work by Srinivasan et al. an autoregressive
modeling was applied on the ECG signals and AR coefficients were used
for their classification into different types of arrhythmias [20]. More
recently deep learning techniques have found their way into this pro-
blem [3,7]. We reported an LSTM based model, whereas Acharya et al.
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have presented a convolutional neural network (CNN) technique to
automatically diagnose different ECG segments with potential anoma-
lies [3]. The latter group designed eleven-layer deep CNN network with
the output layer of four neurons, each representing the normal (NSR),
A-Fib, AFL, and V-Fib abnormal ECG class resulting in encouraging
performance levels.

In our previous work [7], we utilized the probability distribution of
prediction errors from LSTM based recurrent models, trained on normal
ECG signals to label normal and abnormal patterns on previously un-
seen recordings. The main advantage of using LSTM network was that
the ECG signal could be directly fed into the network without any
elaborate preprocessing as required by other techniques. Also, the
networks needed no prior information about abnormal signals as they
were trained only on normal data. The application of LSTM model-
derived prediction errors as the indicator of anomaly proved to be
successful but the study was limited to the detection of anomaly in
general and employed a basic error annotation technique. The model did
not evaluate if the same error patterns could be retrained to predict the
actual anomaly class instead of making a simple binary class prediction.
Such a detailed prediction would be helpful in better diagnostic systems
and naturally provide for a better patient care in clinical conditions.

In this work, we propose to extend the LSTM anomaly detection
algorithm by introducing a second stage predictor that can identify the
actual anomaly class from the outputs of the first stage model. The
anomaly classes that we have investigated in this work are seven types
of arrhythmias: Atrial Premature Contraction (APC), Paced Beat (PB),
Premature Ventricular Contraction (PVC), Right Bundle Branch Block
(RBBB), Ventricular Bigeminy (VB), Ventricular Couplets (VCs) and
Ventricular Tachycardia (VT). Using the prediction errors of LSTM
model as the inputs, we have evaluated the performances of multi layer
perceptron (MLP), Logistic regression (LR), and support vector machine
(SVM) in estimating the true class of ECG anomaly out of these seven.
Our results indicate that the ECG data sets trained on LSTM may be

used to compute error vectors and subsequently their summary features
over a fixed time interval. These newly introduced features have useful
information to be further trained to classify original signals with the
help of a second stage predictor such as MLP, SVM or LR. We also
discuss how the accuracy scores without attention to inherent class
imbalances may be misleading and hence an accurate background
model is needed to estimate true predictive performance of multi-class
models.

2. Methods

2.1. Source data sets and annotations

All the ECG dataset used in this work and their annotations have
been taken from MIT-BIH Arrhythmia Database of which anomaly
without a class reference was used in our previous paper [7,15]. In
brief, we have used 1min-long ECG recordings for each annotation. The
seven types of pathological ECG beats, being considered here and as
shown in Fig. 1, are as follows:

1) Normal Sinus Rhythm: It is a normal heart rhythm shown in
Fig. 1(a).

2) Atrial Premature Contraction (APC): It is a premature beat that
commences in atria and occurs earlier than normal beats, shown in
Fig. 1(b).

3) Paced Beat (PB): Refers to an increase in heart rate. Paced beats start
from 4th beat in Fig. 1 (c).

4) Premature Ventricular Contraction (PVC): It is also a premature beat
but commences in ventricles. One single PVC is shown in Fig. 1(d)

5) Right Bundle Branch Block (RBBB): These rhythms originate above
the ventricles. Here right ventricles are not directly activated by
impulses travelling through the right bundle branch. In Fig. 1(e), all
rhythms belong to RBBB.

Fig. 1. Eight different types of beats in ECG recordings (seven anomaly types and a normal).
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6) Ventricular Bigeminy (VB): Each normal sinus impulse is followed
by a ventricular premature beat. VB starts from fifth beat in the
Fig. 1(f).

7) Ventricular Couplets (VCs): These are sequence of two consecutive
PVCs. In Fig. 1(g), first, second, fourth and fifth beats are PVCs.

8) Ventricular Tachycardia (VT): It is fast abnormal heart rate com-
mences in ventricles. Three or more PVCs in a row make VT. In
Fig. 1(h), sixth, seventh and eighth beats are VT.

It may be clarified that prediction models could have also been
developed by first splitting the one minute ECG recordings into short
pulses and attempting to predict abnormal pulse from a pathological
one. Indeed some of the previous methods seem to use this partitioning
scheme of the data. However, in this work, we have used an entire one-
minute signal as pathological or normal one, which is explained below.

(1) In a whole one-minute recording, the number of pathological pulses
are very small compared to normal pulses and the prediction
models are likely to be biased towards predicting trivial majority
class. By annotating the whole one-minute recordings as patholo-
gical or normal, class balance is improved.

(2) Models trained in this way are now class-balanced but the challenge
in accurate predictions still remain large because now the patho-
logical signal may easily get lost in the overall normal pattern. The
model performances, therefore can be better assessed by introdu-
cing a background model. The background model mimics the be-
havior of a trivial predictor. Results for such background models
have been included in this work.

(3) One-minute ECG recordings may contain more than one loci of
abnormal pulse. A predictive model using an entire recording can
utilize this conveniently.

(4) Once a pathological annotation is assigned to the whole recording,
our previously published LSTM-based model can still identify the
exact site of anomaly for which performances have been bench-
marked and reported earlier.

2.2. Overall prediction model

The details of the proposed models evaluated in this work, together
with the previously reported LSTM workflow, are illustrated in Fig. 2.
Each component of this scheme is briefly described below:

2.3. Long Short-Term Memory (LSTM) networks

Long Short-Term Memory (LSTM) networks are an extension of
Recurrent Neural Networks (RNNs) and basically extend the memory of
the latter. RNN was known to suffer from the vanishing gradient pro-
blem, and to overcome this, Hochreiter et al. in 1997 [11] used mul-
tiplicative units of a new model called Long Short Term Memory
(LSTM). Multiplicative units are called Input gate, forget gate and
output gate in order to preserve and select information useful for
training and prediction [11]. Detailed architecture of LSTM network
employed in this work is the same as we reported earlier [7]. The es-
sential details of this LSTM network are included below for quick un-
derstanding of the current model (see Fig. 2). In our previous work, we
trained stacked LSTM based Recurrent Neural Network on non-anom-
alous training set (sN ) using (valN) as the validation set for early stop-
ping. Subsequently, the trained LSTM network was used to predict
signal strengths on +testN A i.e. the combination of anomalous and non-
anomalous sequences [14]. For the input x t( ) , the predictions are made
for every < < −l t n l values l times i.e. next 10 predictions, where n is
the length of the sequence.

2.4. Error calculation for deriving features for second stage model inputs

For each pattern in our anomaly detection data, starting with an
initial window as the LSTM inputs, we predict an entire ECG waveform
from scratch and compare it with the actual ECG signal. The difference
between the predicted and actual ECG signals is an error vector that has
the same dimensionality as the original ECG signal but from which the
normal components of the signal have been effectively subtracted.
Formally, the network prediction at time t is = ……+ +p x x[ ¯ , ., ¯ ]i
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t( ) ( ) ( 1) likewise we computed ten error vectors corre-
sponding to each value in the sequence. As described above, even
though, the anomaly may be in any region within this ECG error vector,
the entire error vector is used for computing the summary features

Fig. 2. Workflow of ECG arrhythmia classification.
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representing the entire waveform (see below). This summary feature
vector is used for the second stage models for anomaly class prediction.

2.5. Second stage model inputs

As stated above, second stage models -employing prediction errors
derived from the first stage (LSTM network)- are computed as deriva-
tive summary features described below without further preprocessing.
We found these summary features to be more effective than raw error
vectors and therefore discuss only the models based on them in this
work. Summary feature construction protocol is described below:

Step 1: using initial seed from an ECG signal, predict an entire one-
minute recording using trained LSTM networks. 10 predictions are
made for each point for every sliding window position in the initial
seed, which will be merged in Step 3.
Step 2: compute error vector of size ×e(2140 10) by subtracting original
ECG signal from the LSTM-predicted one.
Step 3: average the ten values of each time point to generate the
final error vector of length 2140 i.e. ×e(2140 1)
Step 4: compute summary features:
a) Select ten maximum and minimum error values from ×e(2140 1) (top

and last 10 values in the sorted vector).
b) Compute three statistical measures viz.

i) Mean of all 2140 values in ×e(2140 1)
ii) Median of all 2140 values in ×e(2140 1)
iii) Standard deviation of all 2140 values in ×e(2140 1)

c) Take ten previous and ten next time points from the position with
highest error (to enrich the most likely anomaly position in the
summary features). For e(t)where ≤ ≤− +e e e(t 10) (t) (t 10)

d) Build summary feature sf vector from (a, b, and c) of length

×sf(43 1)

From the above-explained steps, we have sf(43×1) i.e. 43 summary
features for each ECG recording.

2.6. Target vector representation

We have used one hot sparse encoding for creating the target vector.
We maintained target vector of size ×(1 8) for each sample. Only one
bit is labeled as bit “1” at a time, leaving the remaining bits as “0”. The
exact position of non-zero bit in a target vector shows the presence of
the particular category (anomalous or normal) of that waveform.

2.7. Multilayer perceptron

In this work, we have used a deep MLP architecture with 43 input
units at the input layer, two hidden layers with 300 units in each and 8
output units at the output layer. In the forward pass, the signal flows
from the input layer through the hidden layers to the output layer, and
the decision of the output layer is measured against the ground truth
labels (see target vector representation, defined above). In the backward
pass (during training only), we used backpropagation and the chain rule
of differential calculus taking partial derivatives of the error function
with respect to the various weights and biases and the same are back-
propagated through the MLP. We have used the ReLU activation func-
tion at the hidden layers and sigmoid activation function at the output
layer respectively. We used softmax activation function at the output
layer:

=
∑ =

S y e
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2.8. Logistic regression (LR)

Logistic Regression is a classification algorithm that predicts the
probability of occurrence of an event by fitting data to a logit function.
Logistic regression is used to describe data and to explain the re-
lationship between one dependent binary variable and one or more
nominal, ordinal, interval or ratio-level independent variables. In
multiclass logistic regression, instead of =y 0,1 we can expand to

= =y n n1, 2, 3, ...., , where 8 as we are working with 7 anomalous
and one normal ECG classes. Basically, LR model runs binary classifi-
cation multiple times, once for each class. So, effectively one LR model
is developed for each dimension in the target vector defined above and
corresponds to labeling a single anomaly type as positive class while all
others anomaly classes are negative for that LR model. This will pro-
duce multiple outcomes, one from each model, of which the final pre-
diction from the class, which has the maximum probability (predicted
score) is selected as a consensus prediction of LR models.

2.9. Support vector machine

SVMs (Support Vector Machines) are a useful technique for data
classification. Given a training set of instance-label pairs:

R= … ∈ ∈x y i l and x and y( , ), 1, .., {1, 0} ,i i i
n l where l is the number of

data points i.e. 140, the support vector machines (SVM) [5,8] require
the solution of the following optimization problem:

For each data point i, we need to introduce a variable
= − −ξ max(0,1 y (w. x b)i i i . where ξi is the smallest non negative

number which satisfies − ≥ −y (w. x b) 1 ξi i i. Thus the optimization-
+ ∑ =

min w w C ξT
i
l

i
1
2 1 . Subject to − ≥ − ≥y w φ x b where( ( ) ) 1 ξ , ξ 0i

T
i i i

for all i.
Here training vectors xi are mapped into a higher dimensional space

by the function φ. SVM finds a linear separating hyperplane with the
maximal margin in this higher dimensional space. >C 0 is the penalty
parameter of the error term. Furthermore, ≡k x x φ x x( , ) ( ) φ( )i j i

T
j is

called the kernel function [21]. We have used radial basis function
(RBF):

= − − >k x x exp γ x x γ( , ) ( || || ), 0i j i j
2

here, γ is a kernel parameter.

2.10. Implementation and performance evaluation

All models trained in this work were implemented in Python pro-
gramming language using Adam optimizer for training the deep MLP
and LSTM model [13] in Tensorflow framework [1]. C-SVM i.e. Support
vector classification was used which is based on libSVM framework
implemented in python using scikit-learn module. All machine learning
techniques used in this work like deep MLP, Logistic Regression, and
Support vector machine have been trained and validated using Jackknife
or leave-one-out cross validation method. In jackknife method, in each
fold only one sample is taken out from the complete dataset to test, rest

−n 1 samples are used in training. The performance of the prediction
system is evaluated using precision, recall, F-score, and Matthews cor-
relation coefficient (MCC). These measurements are expressed in terms
of true positive (TP), false negative (FN), true negative (TN), and false
positive (FP). The measurements are defined as follows:

=
+

+ + +
×Accuracy TP TN

TP FP TN FN
(%)

( )
100

=
+

×Precision TP
TP FP

(%)
( )

100

=
+

×Recall TP
TP FN

(%)
( )

100
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2.11. Computation of a background model

In this work, we are dealing with a highly imbalanced data with
multiclass predictions. Performance scores can be heavily indicative of
the class balance for any given dimension instead of representing true
predictive value of a model. To overcome this problem, we computed a
background model for each anomaly class to estimate how much per-
formance score is expected for a randomly assigned set of class labels,
so that the gain in performance of every trained model in its reference
may be computed. Two background models are defined for our work as
follows:

1) Background Model 1 (BG Model 1): We obtained this model after
shuffling the actual target labels 20 times for each class without
retraining the model and measured the performance on various
metrics. It is a common background model.

2) Background Model 2 (BG Model 2): We shuffled the actual target
values 20 times for each class and retrained the model for those
values and measured the average performance on each model.

Final unbiased performance estimates for any of the given metrics,
defined above (e.g. F-score or AUC or ROC) can be easily computed
from the assessment of how much that score has been enriched with
respect to these background models.

3. Results

As stated in the Methods, we have first predicted ECG signals using
our previously trained LSTM and then taken a (signed) difference be-
tween the predicted and actual signal intensities at all available time
points in a given recoding. These error vectors for each recording are
then converted to 43 summary features as described above. Using these
43 input features for the second stage predictor, we have used multiple
models such as SVM, MLR and MLP in a leave-one-out manner. For
comparison full length error vectors without converting them to sum-
mary features are also developed to assess predictive performance of
different feature sets. Two background models by reassigning class la-
bels are also trained likewise as stated in Methods. Results of these
training experiments are presented below.

3.1. The best model selection choice to predict each anomaly type in three
different conditions

Table 1 shows the ability of different classifiers to solve the anomaly
classification problem being addressed in this work in a nutshell. More
detailed results are presented in Fig. 3. Further, Fig. 4 is added to
highlight key points from these results and the same are also sum-
marized in the following:

1. Table 2 shows the model-wise classification performance obtained
using jackknife cross-validation for the classifier processing for
each category. As observed from this table, the classification ac-
curacy of deep MLP, Logistic regression, and SVM model varies
substantially across anomaly type, featurization and selected model
(e.g. MLP, LR and SVM model resulted in 42.86%, 51.43%, and
50.0% accuracy overall respectively).

2. SVM is the best model to predict PB anomaly when trained on
summary features. However, SVM is not the best model for all types
of anomalies or when raw ECG signals are used for training them.

Superiority of summary features on SVM models could be because
summary based featurization creates smaller input vectors which
can be trained to higher level of accuracies on training data without
causing over-fitting.

3. SVM models completely fail to detect the anomaly type VB. Even
though other classifiers are slightly better, they also show quite
weak prediction scores. Exact cause of difference between perfor-
mance for PB and VB on the same model and featurization is dif-
ficult. Intutively, paced beat (PB) anomaly spreads over a longer
region in the entire ECG recording and therefore summary features
will receive stronger signals to enable their identification. It may
also be that PB anomalous patterns are more conserved across pa-
tients and are easier to learn from most models. On the contrary VB
patterns are more complex and due to a small number of patients in
the category, achieving generalization without overfitting is more
challenging. It may also be due to the fact that VB is more of a
sequential property of a signal, which might be lost upon sum-
marization.

4. RBBB is only captured by deep MLP on complete error vector, while
Logistic regression is more successful when trained on summary
features.

5. Although the overall accuracy of SVM classifier is higher than other
classifiers in case when network is trained and tested on complete
error vector and on original ECG signal, these good scores mainly
come from the majority class data (i.e. normal, PVC and VC class
sequences).

6. The other classes (minority classes i.e. RBBB, VT, APC, PB, VB)
have very low F-score. RBBB and PB are two anomalies, which are
strongly predicted by Logistic regression and SVM model when
trained on summary features.

7. On summary features Logistic regression (LR) model performs the
best in terms of accuracy and F-score as well because most of the
anomalies are better predicted than other models by them. RBBB
and APC are never captured by LSTM.

8. Logistic regression has poor predictability for RBBB and VB on
complete error vector while it strongly predicts both anomalies on

Table 1
On the basis of F-score, the best and worst predictive models are selected for
each anomaly type in three different conditions. Symbol notations are defined
below.
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summary features with highest F-score.
9. APC, RBBB, PB and VB are not captured by LSTM with either the

original ECG signals or their error-based summaries. However,
original ECG signals work better for this model (see below).

10. LSTM performs poorly on whole waveform data but does not do
well on summary data. It is intuitively caused because LSTM are

more suitable for time series signals, and use of summary features
actually disrupts the time-series nature of data (see point [3]
above).

11. Detailed analysis of confusion matrices from predicted scores con-
firms that the performance levels are generally dependent on data
availability in each class but some exceptions do occur (see

Fig. 3. F-score performance, measured when four different models have been trained and tested on three different data conditions.

Fig. 4. Model-wise F-score performance measure for predicting class labels for different types of arrhythmia present in ECG recordings. Here, (a) one common
background model is obtained after shuffling the actual class labels randomly (without retraining) and (b) is obtained after retraining the network with randomly
shuffled class labels of arrhythmias. Inset in (a) shows the ratio difference among three basic models (i.e. deep MLP, LR, and SVM) and background model 1 (model
obtained without retraining) and inset (b) shows the ratio differences among three basic models and background model 2 (obtained after retraining the model with
randomly shuffled labels).
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Supplementary Table ST1 and Supplementary Figure SF1).

3.2. Background model performances and real model enrichments

While training multiclass models, standalone accuracy scores such
as precision, recall, AUC and F-score may be misleading as seen from
the Tables 2 and 3. Some of the scores are less than 50% giving the
impression that prediction scores are poorer than a random model.
However, in the given data class imbalance scenario, random model
scores are not 50%. To accurately estimate these scores, we created two
background models as described in Methods, by shuffling class labels in
two ways i.e. by randomly assigning class labels for all 8 categories or
by shuffling within a binary class label column. Table 3 summarizes the
enrichment scores for each of these performance estimates together
with performances on background models. We observed that in all
cases, RBBB anomalies are best predicted among all the anomaly classes
considered here and reaches as much as more than 70% the background
models. Some of the models are found to show poorly enriched scores,
suggesting corresponding model is not suitable for such anomaly de-
tection.

4. Discussion

In this work, we have implemented various computational models
to predict anomaly class from LSTM model errors. The power of the
method is that LSTM model is trained on normal data sets and errors
that are returned from such models on a new data are scale-free as
LSTM is automatically scaled to signal strengths. We observed that the
second stage LSTM model was not effective and that is likely due to two
reasons. First of all summary features of LSTM model errors are not a
time-series data and LSTM is not a suitable model for such stationary
data. Secondly the errors are derived from LSTM model itself and any
data structure or patterns detectable by LSTM are already implicit in the
first stage error vectors.

A significant point that we made in this work is that background

models are important for reporting performance levels on highly im-
balanced multi-class data. We notice that ECG data with randomized
class labels are not only sensitive to class population but also whether
the anomaly patterns are conserved within the category. In other
words, the same anomaly class could be seen in somewhat different
ECG waveforms. Performance scores of each anomaly class also reflect
the inherent structure of the specific anomaly e.g. they may occur over
a longer or narrow subspace. Knowledge of these diversities or lack
thereof is crucial for accurate estimates of model performances and
confidence to apply such models on clinically deployable systems.

Performance levels in this work are often several folds better than a
random background model, which shows that the experimental design
and outcomes are effective. However, much ground needs to be covered
to take such results to substitute for human expertize. Major bottleneck
in having a high performance diagnostic system appears to be the
availability of high quality data for many patients with manually as-
signed class labels. We believe that more clinical data collection with
diverse scenarios is needed to develop ECG anomaly class prediction
methods and model performances will improve over time within the
framework proposed in this work.

5. Conclusion

We successfully implemented a novel model that utilizes LSTM
prediction errors as input features for a second stage anomaly class
prediction problem. Results are promising although not coming close to
a 100% accurate model. Data paucity and class imbalance require de-
finition of accurate background models, two of which have been pro-
posed in this work. We believe these findings will be helpful in real-time
monitoring and cardiac anomaly class alert systems. However, more
data will be needed to improve the performances further.
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Table 2
Model-wise performance measures for predicting each anomaly class present in ECG recordings. Pr: Precision, Re: Recall, F: F-score, and MCC: Matthews correlation
coefficient. Additional details of confusion matrix in predictions have been included in Supplementary data.

Anomaly type (#of patterns) Deep MLP LR SVM

Pr (%) Re (%) F (%) MCC Pr (%) Re (%) F (%) MCC Pr (%) Re (%) F (%) MCC

Normal (34) 71.05 79.41 75 0.67 74.42 94.12 83.12 0.78 69.39 100 81.93 0.77
APC (14) 16.67 7.14 10 0.05 33.33 21.43 26.09 0.20 50.00 7.14 12.50 0.16
PB (6) 50 33.33 40 0.39 60.00 50.00 54.55 0.53 83.33 83.33 83.33 0.83
PVC (26) 32.56 53.85 40.58 0.24 46.15 46.15 46.15 0.34 29.55 50 37.14 0.19
RBBB (16) 50 43.75 46.67 0.40 81.25 81.25 81.25 0.79 90.91 62.50 74.07 0.73
VB (8) 7.69 12.50 9.52 0.03 28.57 25.00 26.67 0.23 0 0 0 −0.02
VC (20) 28.57 20 23.53 0.14 28.57 30.00 29.27 0.17 22.22 20.00 21.05 0.09
VT (16) 50 25 33.33 0.30 7.69 6.25 6.90 −0.04 33.33 18.75 24 0.18

Table 3
F-score prediction enrichment score for each anomaly class from Background
Model 1 and 2. Enrichment score (EnR) is the ratio between actual model
prediction F-score and background model prediction F-score, shown in Fig. 4.

Anomaly type
(#of patterns)

Background Model 1 Background Model 2

EnR-MLP EnR-LR EnR-SVM EnR-MLP EnR-LR EnR-SVM

Normal (34) 2.84 3.15 3.10 10.83 3.12 2.35
APC (14) 1.82 4.74 0 2.97 5.05 0
PB (6) 20 27.27 0 13.66 43.64 0
PVC (26) 1.94 2.21 1.78 1.88 2.59 2.84
RBBB (16) 4.38 7.62 6.94 6.16 14.19 77.78
VB (8) 1.54 4.31 0 1.77 29.33 0
VC (20) 2.11 2.62 1.88 1.70 2.35 9.44
VT (16) 3.20 0.66 2.30 4.30 0.78 4.61
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