
A Machine Learning Approach to False Alarm
Detection for Critical Arrhythmia Alarms

Xing Wang∗, Yifeng Gao∗, Jessica Lin∗, Huzefa Rangwala∗, Ranjeev Mittu†
∗Department of Computer Science, George Mason University, Virginia, USA

†Naval Research Laboratory
{xwang24, ygao12, jessica}@gmu.edu,{rangwala}@cs.gmu.edu, {ranjeev.mittu}@nrl.navy.mil

Abstract—High false alarm rates in Intensive Care Unit (ICU)
is a common problem that leads to alarm desensitization—a
phenomenon called alarm fatigue. Alarm fatigue can cause longer
response time or missing of important alarms. In this work, we
propose a methodology to identify false alarms generated by
ICU bedside monitors. The novelty in our approach lies in the
extraction of 216 relevant features to capture the characteristics
of all alarms, from both arterial blood pressure (ABP) and
electrocardiogram (ECG) signals. Our multivariate approach mit-
igates the imprecision caused by existing heartbeat/peak detection
algorithms. Unlike existing methods on ICU false alarm detection,
our approach does not require separate techniques for different
types of alarms. The experimental results show that our approach
can achieve high accuracy on false alarm detection, and can be
generalized for different types of alarms.

I. INTRODUCTION

Automated electronic monitoring systems in intensive care
units (ICU) routinely collect vast amounts of real-time patient
vital signs data, including blood pressure and electrocardio-
gram (ECG), via bedside monitors. If abnormalities in the vital
signs are detected (e.g. if they fall outside the range of some
pre-set thresholds), the monitoring system triggers the alarm
and notifies the nurses or physicians in charge. However, the
ICU monitoring systems often have a high level of sensitivity
in detecting patients’ abnormal status. While it is important to
not miss any important alarms, the sensitivity leads to a high
false alarm rate, resulting in a common phenomenon known as
alarm fatigue. According to Lawless [1], ICU false alarm (FA)
rates are as high as 86%. In fact, only 2% to 9% of alarms
have been found to be important for patient management [2].
The overwhelming frequency of alarms, particularly the false
alarms, have negative impact on patients and hospital staff [3].
More specifically, alarm fatigue for medical staff may lead
to longer response time or missing of important alarms. In
addition, the work by Gabor et al. [4] shows that noises from
ICUs, e.g. noises made by the machines, could lead to slower
recovery for the patients. Therefore, the reduction of false
alarms in the ICU is an important problem that has gained
much popularity in recent decades.

A variety of techniques have been developed for the prob-
lem of false alarm suppression over the past few years. Sayadi
et al. [5] present a nonlinear joint dynamical model based
on Extend Kalman Filter (EKF) to enhance the performance
life-threatening alarms detection. However, the model works
only when all channels of signals are available, and the cost
of computation is high. Salas-Boni et al. [6] introduce a

wavelet transform based method to detect false ventricular
tachycardia alarms but they only consider one type of life-
threatening alarms. Behar et al. [7] introduce a method based
on signal quality generated from ECG segments for false alarm
detection. Aboukhalil et. al. [8] introduce an algorithm to
reduce the false critical arrhythmia alarms using morphological
and timing information derived from the arterial blood pressure
(ABP) signal. The proposed algorithms are data-specific, in
the sense that each type of alarm is handled differently,
based on the definition of the alarm. Baumgartner et al. [9]
use a data mining process to detect false alarms. However,
the authors only consider instances that contain the second
Einthoven ECG derivation and the ABP signal. The majority
of alarm records in the well-known MIMIC II (Multiparameter
Intelligent Monitoring in Intensive Care) database [10] does
not have these two signals simultaneously.

In this work we address the problem of false alarm
suppression on five types of life threatening ICU alarms, in
order to alleviate the alarm fatigue problem. Existing work on
ICU alarm reduction either are data-specific i.e., they require
learning of specific parameters or features based on alarm
definitions, or focus only on small subset of data that meet
certain requirements. Our technique learns from the same set
of features regardless of alarm definition, and consists of the
following three stages:

1) Feature extraction: The MIMIC II database [10] con-
tains data for five types of life threatening alarms: (i) Asystole,
(ii) Extreme Bradycardia (EB), (iii) Extreme tachycardia (ET),
(iv) Ventricular tachycardia (VT) and (v) Ventricular fibrilla-
tion (VT/VF). Each record in the database is annotated with the
alarm type and the time stamp of the alarm, and each record
contains the Arterial Blood Pressure (ABP) and Electrocardio-
gram (ECG) signals. Using the ABP and ECG signals, our goal
is to classify an alarm into True (alarm) or False (alarm). Due
to the high level of noise and the occasionally unstable voltage
of bedside monitors, we find that existing anomaly detection
techniques that focus on discovering patterns directly from the
raw time series data typically yield poor results.

Therefore, instead of using the original ABP/ECG signals
directly, we introduce a feature extraction step to transform
the raw time series data into a new features space. The
features extracted from the original ABP and ECG signals
can potentially be used to distinguish false alarms from true
alarms. The new features are generated by extracting relevant
statistical information from the original signals.



2) Feature selection: For all the alarm types, our algorithm
extracts the same set of features. However, for different types
of alarms, the relevant or important features may vary. For
example, the Asystole alarms are triggered by a default asys-
tolic pause of 4 seconds. In other words, features related to the
largest heartbeat interval in the ABP and ECG signals are more
important than other features. However, for Extreme tachycar-
dia, a condition where the Heart Rate exceeds 140 beats per
minute (BPM), the information about the largest interval is not
as informative as the features related to heart rates (or small
intervals which correspond to fast heart rates). In addition,
correlation may exist among features, which may impact the
accuracy of false alarm detection. Therefore, we incorporate
feature selection algorithms in our technique, which selects
the key features for different types of alarms. Differing from
existing techniques [8], our unified framework does not require
separate learning techniques for different types of alarms.

3) Classification: In this stage, our algorithm trains a clas-
sifier using historical alarm data. The false alarm suppression
problem is formulated as a binary classification problem that
outputs one of two class labels: True or False alarm.

In summary, we make the following contributions in this
work: (i) Our method detects false alarms without any prior
knowledge of the alarms. (ii) By transforming raw ABP/ECG
signals into other feature space, we achieve better accuracy on
false alarm detection compared to existing work.

The remainder of the paper is organized as follows: we
discuss our methodology in Section II. Section III shows
experimental validation of our technique on the MIMIC II
database [10]. We conclude in Section IV and offer suggestions
for future work.

II. METHODS

Our approach consists of three components: feature ex-
traction, feature selection, and classification. Prior to feature
extraction, we pre-process the data by removing signals that do
not contain sufficient information about patient condition. For
each alarm, we extract the appropriate segment in the signal
surrounding the alarm. For feature extraction, we transform the
ABP and ECG signals into the appropriate feature space that
removes noise and helps detect false alarms. After extracting
the features from the signals, we obtain a large set of features;
however, these features have different significance for different
alarm types. In this phase the algorithm automatically identi-
fies the relevant feature set for each alarm type via feature
selection. Once the relevant features are selected, we train a
binary classifier that outputs one of the two class labels (True
or False alarm). The alarms that are classified as False alarms
in the test set should be suppressed.

A. Data Source and Preprocessing

The dataset we use in this work is from the MIMIC
II (Multiparameter Intelligent Monitoring in Intensive Care)
Waveform Database from Physionet [11]. As in prior studies,
a subset of records from the MIMIC II database were selected
with two criteria [8]: (i) a critical ECG arrhythmia alarm was
issued at some time during the ICU stay, and (ii) one channel
of ECG and an ABP waveform were present at the time of the
arrhythmia alarm.

There are five types of life-threatening ECG arrhythmia
alarms present in the MIMIC II database. According to
ANSI/AAMI-EC13 Cardiac Monitor Standards [12], they are
defined as: (i) Asystole: asystolic pause of 4 seconds, as shown
in Figure 2; (ii) Extreme Bradycardia (EB): heart rate less
than 40 beats per minute (BPM), as shown in Figure 1(a); (iii)
Extreme tachycardia (ET): heart rate greater than 140 BPM, as
shown in Figure 1(b); (iv) Ventricular tachycardia (VT): five
continuous ventricular heart beats, as shown in Figure 1(c); and
(v) Ventricular fibrillation (VT/VF): a fibrillatory waveform
lasting for more than 4 second, as shown in Figure 1(d).

Fig. 1. Examples of ABP and ECG signals during the occurrence of different
alarms. (a) Waveform when alarm EB occurs. (b) Waveform when alarm
ET occurs. (c) Waveform when alarm VT occurs. (d) Waveform when alarm
VT/VF occurs

According to the AAMI standards [12], the asystole and
rate-limit arrhythmia alarms must be triggered within 10
seconds of the onset of the event. In this work, for each alarm
we take a 17-seconds (13 seconds prior to the alarm onset
and 4 seconds after the alarm) corresponding ABP and ECG
waveform segments as the input data.

We define a record or an instance as a pair of corre-
sponding 17-second ABP signal and 17-second ECG signal
of an annotated alarm. Figure 2 is an example of an alarm
instance (a record). The top figure is a 17-second ABP signal
and the bottom figure is a 17-second ECG signal; the vertical
red dashed lines denote where the annotated alarm is.

Fig. 2. Example of a record (an instance) of an Asystole alarm. (Top) ABP
signal (Bottom) corresponding ECG signal. Vertical red dashed lines indicate
the location of the alarm

In the pre-processing step, we remove signals of poor qual-
ity, since those signals lack information on patient condition.
Figure 3 shows such an example of an ABP signal, whose



low values may be caused by loss of connection. Based on the
work in [13], if the range of an ABP signal is less than 20, it
is of poor quality and is discarded in this study.

Fig. 3. Example of a poor quality ABP signal. The signal is nearly flat.

B. Feature Extraction

Since all of the alarms are related to some abnormality
in the heart rate, we extract relevant features from the raw
ECG and ABP signals as described below. We categorize the
features into three groups: whole-segment-based features (for
both ECG and ABP, independently), interval-based features
(for both ECG and ABP, independently), and features that
combine both ECG and ABP signals.

1) Whole segment based features: Whole-segment-based
features are statistical properties computed from the whole
records (signals). Suppose si ∈ S, i = 1 . . . n is an ABP or
ECG signal for one alarm instance, we compute the following
statistical properties of S: mean, maximum, minimum, range,
standard deviation (STD), number of peaks, and mean interval
between peaks. Each of these statistical properties is computed
from the whole 17-second segment. We define the features as
follows:

Mean Value: The average value of the segment of the ABP
or ECG signal.

Maximum Value: The maximum value of the segment of
the ABP or ECG signal.

Minimum Value: The minimum value of the segment of
the ABP or ECG signal.

Range Value: The difference between the maximum and
the minimum values of the segment of the ABP or ECG signal.

Standard deviation: The standard deviation of the segment
of the ABP or ECG signal.

Number of Peaks: The number of peaks detected from the
segment of the ABP or ECG signal using the peak detection
algorithm (described in Section II-B2).

Mean Interval between Peak: The average length of
intervals from the segment of the ABP or ECG signal.

1

(|p| − 1)

m∑
i=2

pi − pi−1 (1)

where each pi denotes the location of the peak in a
heartbeat, and m is the number of peaks.

In summary, for each alarm instance, we extract a total of
2 ∗ 7 = 14 whole-segment-based features (7 features for ABP
and 7 features for ECG).

2) Interval based features: The interval-based features
are statistical measures computed from each heartbeat in an
instance. The individual heartbeats are detected by the algo-
rithm described in [14]. Suppose the heartbeat/peak detection
algorithm for signal S outputs a series {pi, i = 1 . . .m}
where m is the number of detected heartbeats in a record, and
pi is the location of the ith peak. We can define intervals as
the segments {Nj , j = 1 . . . (m−1)}, where Nj is the section
between two consecutive peaks pj and pj+1, j = 1 . . . (m−1).

For the problem of false alarm detection, we are only
interested in intervals that are potentially indicative of abnor-
malities, e.g. the largest or the smallest interval from each
instance. Taking into consideration the potential imperfection
of the peak detection algorithm due to noise, we take the top-K
(K ∈ 1 . . . 5) largest and smallest intervals, respectively. For
each of the top-K largest and smallest intervals, we extract
the following interval-based features:

Minimum value within an interval: The minimum value
within a detected interval Nj .

Maximum value within a interval: The maximum value
within a detected interval Nj .

Mean value: Average value within a detected interval.

Standard deviation: The standard deviation within a de-
tected interval.

Range value within a interval: The difference between
the maximum value and the minimum value within a detected
interval.

Position difference of maximum and minimum: The posi-
tion difference between the maximum point and the minimum
point within a detected interval.

pdItv = | argmax
x∈Nj

x− argmin
x∈Nj

x| (2)

Interval Length: Length of a detected interval.

Area: Area under the signal of a detected interval.

Maximum change: Maximum value change within a de-
tected interval.

mcItv = max
xi∈Nj

(|xi+1 − xi|) (3)

For each interval Nj in a signal S (ECG or ABP), there are
a set of nine statistical measures as described above. Since the
features are extracted from both the ABP and the ECG signals,
we will have a total of 2 ∗ 9 = 18 features per record (i.e. per
alarm instance). Also we take the top-K (K ∈ 1 . . . 5) largest
and smallest intervals, respectively, and average the values for
each feature from the K intervals. Instead of setting a fixed
value for K, we consider all K from 1 to 5, resulting in 18 ∗
2 ∗ 5 = 180 features for each record (here we multiply by 2
because we consider both largest and smallest intervals).

The reason we introduce the features above instead of
merely extracting the heart rate (HR) (as [8] did for alarms
Asystole and Extreme bradycardia) is that it cannot be gener-
alized to other types of alarms. For more complicated alarm
conditions, possibly those not defined in this database, one
would need to extract other alarm-specific features. While the



features we extract are largely motivated by the current alarm
definitions, by specifying a wide range of features, we can
learn the best features automatically based on the training data
without knowledge of specific alarms.

Consecutive intervals: In addition to the features men-
tioned above for single interval, information from consecutive
heartbeats can provide important insight as well. Therefore, we
also consider the information related to c = 2 . . . 4 consecutive
intervals. Again, we consider the largest and the smallest
c consecutive interval for ABP and ECG. In this step, we
generate 3 ∗ 2 ∗ 2 = 12 features (i.e. 3 choices for c, 2 choices
for signal type ABP/ECG, and 2 choices for smallest/largest).

The largest c consecutive intervals for ABP or ECG is de-
fined as the segment between pi and pi−c, where (pi−pi−c) >
(pj − pj−c), ∀j 6= i, j = (c+ 1) . . .m. Similarly, the smallest
c consecutive intervals for ABP or ECG is defined as the
segment between pi and pi−c, where (pi−pi−c) < (pj−pj−c),
∀j 6= i, j = (c+ 1) . . .m.

3) Features from combination of ABP and ECG: So far,
all the features described are extracted from ABP and ECG
independently. However, the peak detection algorithm may
not detect all peaks/heartbeats correctly due to the noise in
the signals. For example, there may be missing peaks which
may result in erroneously long intervals. In order to overcome
this problem, we introduce the combined features which use
the peaks detected in one signal to improve the accuracy
of peaks detected from the other signal. Considering the
chance of missing peaks in both the ABP and ECG signals
simultaneously is low, the overall accuracy can be improved.

Suppose pa,j and pe,j are the jth peak found by the peak
detection algorithm in the ABP and ECG signals, respectively.
Then we can define the jth interval in ECG (with the help of
ABP signal) as:

itve,j = max
pe,j<pa,k<pa,k+1<pe,j+1

(pa,k+1 − pa,k) (4)

where k could be any value in {1...m− 1}. Eq. (4) states
that if at least one complete ABP interval exists between
an ECG interval [pe,j , pe,j+1], then the largest ABP interval
between pe,j and pe,j+1 is used as the jth ECG interval length.
If there is no complete ABP interval between pe,j and pe,j+1,
then itve,j is just pe,j+1 − pe,j . Similarly, the jth interval
(itva,j) in ABP (with the help of ECG signal) could be defined
the same way. Similar to the features generated from single
signal, we compute the average of the top K largest intervals.
We set K ∈ 1 . . . 5, so the number of features (i.e. average
interval lengths) generated here is 5 ∗ 2 = 10 (5 from ABP, 5
from ECG).

In summary, the total number of features (whole-segment-
based, interval-based, and combination) we have is 14+180+
12 + 10 = 216.

C. Feature Selection Algorithms

The correlations among the features may impact the per-
formance of the classifier and result in biased outcome or
overfitting. In addition, as the number of features increases, the
data may become under-sampled — a phenomenon known as

the curse of dimensionality. In this phase, we perform feature
selection to automatically learn the best features suitable
for each alarm type. We consider several different feature
selection approaches: principal component analysis (PCA),
decision tree, bagged decision tree, and rank features by class
separability.

PCA finds a subset of linear combinations of the original
features called the principal components [15]. Without much
information loss, the new features capture the covariance
structure of the original features in reduced space.

Decision tree is a classic machine learning tool for clas-
sification and regression. By placing the feature that best
distinguishes the data (i.e. the one resulting in the highest
information gain) at the root, a decision tree induction process
recursively partitions the data samples into subsets of samples
based on the feature splitting criterion. Since a decision tree
typically contains only a subset of (most informative) features,
we can also use it for feature filtering or feature selection —
the features contained in the tree will be selected as input for
a classifier such as SVM.

Bagged decision tree is similar to decision tree. The
difference is that the bagged decision tree does not take the
whole training data to build a predictive model. It trains a set of
decision trees by generating in-bag samples by oversampling
classes with large misclassification cost and undersampling
classes with small misclassification cost. Every feature gets
a score based on its performance in decision tree. Features
with high score will be selected.

The ranking method ranks features by their class separabil-
ity, using their scores measured by T-Test[16] and F-score[17]
criteria. Top ranked features will be selected as input for the
classification phase.

D. Classification

In this section, we use the features selected from Section
II-C for classification. We classify a given alarm into True
or False alarm. We use Support Vector Machine (SVM) as
our main choice of classifier since it is one of the most
widely used classifiers. The SVM implementation we use is
LibSVM [18]. Other classification methods that we consider in
our experiments include decision tree (DT), bagged decision
(BDT), and k nearest neighbor (KNN).

E. Evaluation Metrics

We evaluate the classifier performance based on three met-
rics: classification accuracy; false alarm (FA) suppression rate;
and true alarm (TA) suppression rate. Classification accuracy
measures the percentage of alarms that are correctly classified.
False alarm suppression rate measures the percentage of false
alarms correctly identified. True alarm suppression rate mea-
sures the percentage of true alarms incorrectly classified as
false alarms. Obviously, we want to maximize the false alarm
suppression rate and minimize the true alarm suppression rate
(down to zero, ideally).



III. RESULTS AND DISCUSSION

A. Experimental Design

We implement all of our algorithms in Matlab. The dataset
we use are from PhysioNet’s MIMIC II Waveform Database
[10]. There are a total of 5,569 alarms in the dataset after
removing records with insufficient or erroneous signals. Out
of the 5,569 alarms, 3,313 of them are true alarms and 2,256
are false alarms. Recall there are five types of life-threatening
arrhythmia alarms in the database. The number of instances
for each type of alarm is shown in Table I.

TABLE I. NUMBER OF ALARM INSTANCES FOR EACH TYPE OF ALARM

Type Num of True Alarm Num of False Alarm Total Alarm

Asystole 34 515 549
EB 498 208 706
ET 1560 416 1976
VT 1132 893 2025

VT/VF 89 224 313

B. Results

The reason for using extracted features instead of using
ABP/ECG signals directly is two folds: (i) We obtain impor-
tant information related to the characteristics of alarms. For
example, as shown in Figure 4(a), the signal that contains the
true alarm is very similar to the one that contains false alarm.
Thus, using the raw time series directly will lead to poor
performance. Using the extracted features, in particular the
largest/smallest K intervals, we can separate the two classes
and detect this alarm easily. (ii) The signal-to-noise ratio in
ABP/ECG signals leads to erroneous distance computations
between time series. Converting the noisy signal into the
proposed feature space mitigates this problem. As shown in
Figure 4(b), both ECG signals contain a false alarm, but
they look dissimilar to each other. Transforming them to the
proposed feature space shows that both have similar intervals.

Fig. 4. (a): Top plot is an ABP signal contains a TRUE VT alarm. Bottom
plot is another ABP signal contains a FALSE VT alarm. (b) Top plot is an
ECG signal contains a FALSE alarm. Bottom plot is another ECG signal that
also contains a FALSE alarm. Note that they do not look similar to each other.

The performance of our algorithms is evaluated using the
criteria described in Section II-E. Due to the limited data size
(in particular, the Asystole alarm since it is highly unbalanced),

we use 5-fold cross validation to evaluate our methods. We
first compare our method with other methods in [8], [9], and
then compare results from different combinations of feature
selection methods (no selection, decision tree/bagged decision
tree, and ranking features) and classification methods (SVM,
decision tree, bagged decision tree and KNN).

1) Comparison with other methods: We compare our ap-
proach, Feature-based False Alarm Detection (FFAD), with
prior work for false alarm detection [8], [9]. Since we do not
have the same datasets used in [8] or in [9], we try our best
effort to implement and run their methods on our dataset for
comparison. The results are summarized in Table II. The bold
items in the table indicate the best value for each method.

Comparing to the best previous work, in general, our
method has higher classification accuracy by 7.16%, higher
false alarm suppression rate by 13.96%, and lower true alarm
suppression rate by 0.99%. For all types of alarms, our method
wins on false alarm detection rate and classification accuracy.
For true alarm detection, our method does not always win, but
the loss is small: comparing to the best previous work, we only
have 1 (Asys.), 8 (EB), and 3 (VT/VF) more instances that are
missclassified.

TABLE II. CLASSIFICATION RESULTS FROM THREE DIFFERENT
APPROACHES.

Dataset Approach TP FN FP TN Acc. Suppression Rate
(%) TA(%) FA(%)

Asys. FFAD 32 2 2 513 99.27 5.88 99.61
[8] 33 1 38 477 92.90 2.94 92.62
[9] 31 3 8 507 97.99 8.82 98.44

EB FFAD 490 8 11 197 97.31 1.61 94.71
[8] 498 0 47 161 93.34 0.0 77.40
[9] 495 3 34 174 94.76 0.6 83.65

ET FFAD 1543 17 72 344 95.50 1.09 82.69
[8] 1513 47 179 237 88.69 2.99 56.97
[9] 1536 24 260 156 85.62 1.53 37.50

VT FFAD 995 137 260 633 80.40 12.10 70.88
[8] 955 177 755 138 53.98 15.64 15.45
[9] 980 152 345 548 75.45 13.42 61.36

VT/VF FFAD 79 10 16 208 91.69 11.24 92.86
[8] 82 7 90 134 69.01 7.87 59.82
[9] 64 25 29 195 82.74 28.08 87.05

All FFAD 3139 174 361 1895 90.39 5.25 83.99
[8] 3081 232 1109 1147 75.92 7.0 50.84
[9] 3106 207 676 1580 83.23 6.24 70.03

2) Comparison of different feature selection and classi-
fication algorithms: In this section we compare different
combinations of feature selection and classification algorithms.
The results are summarized in Table III. The bold items in the
table indicate the best value for each type of alarm. According
to the results, complex classifiers such as SVM and BDT
have better performance on the proposed features. However,
the proposed features could be used in conjunction with any
feature selection and classification methods.

IV. CONCLUSION AND FUTURE WORK

In this work, we introduce a novel technique to detect
false critical ECG arrhythmia alarms. We extract three different
types of features from the original ECG/ABP signals to capture
the characteristics of alarms. Our algorithm automatically
selects relevant (multivariate) features for different types of



TABLE III. CLASSIFICATION RESULTS (5-FOLD CROSS VALIDATION)
FROM DIFFERENT COMBINATIONS OF CLASSIFICATION (CLS.)
ALGORITHMS AND FEATURE SELECTION (FS) ALGORITHMS.

Cls. FS TP FN FP TN Acc. Suppression Rate
Alg. Alg. (%) TA(%) FA(%)

Asys. BDT None 28 6 3 512 98.36 17.65 99.42
DT None 27 7 6 509 97.63 20.59 98.83

KNN None 30 4 8 507 97.81 11.76 98.45
SVM None 33 1 9 506 98.18 2.94 98.25
SVM DT 29 5 4 511 98.36 14.71 99.22
SVM BDT 31 3 3 512 98.91 8.82 99.42
SVM TTest 32 2 2 513 99.27 5.88 99.61
SVM Fscore 27 7 4 511 98.00 20.59 99.22
SVM PCA 16 18 2 513 96.36 52.94 99.61

EB BDT None 490 8 11 197 97.31 1.61 94.71
DT None 476 22 15 193 94.76 4.42 92.79

KNN None 479 19 18 190 94.76 3.82 91.35
SVM None 487 11 12 196 96.74 2.21 94.23
SVM DT 486 12 19 189 95.61 2.41 90.87
SVM BDT 486 12 12 196 96.60 2.41 94.23
SVM TTest 489 9 21 187 95.75 1.81 89.90
SVM Fscore 489 9 16 192 96.46 1.81 92.31
SVM PCA 492 6 35 173 94.19 1.20 83.17

ET BDT None 1543 17 72 344 95.50 1.09 82.69
DT None 1481 79 82 334 91.85 5.06 80.29

KNN None 1489 71 92 324 91.75 4.55 77.88
SVM None 1471 89 52 364 92.86 5.71 87.50
SVM DT 1519 41 83 333 93.72 2.63 80.05
SVM BDT 1520 40 69 347 94.48 2.56 83.41
SVM TTest 1530 30 87 329 94.08 1.92 79.09
SVM Fscore 1510 50 82 334 93.32 3.21 80.29
SVM PCA 1527 33 85 331 94.03 2.12 79.57

VT BDT None 995 137 260 633 80.40 12.10 70.88
DT None 874 258 271 622 73.88 22.79 69.65

KNN None 917 215 210 683 79.01 18.99 76.48
SVM None 940 192 173 720 81.98 16.96 80.63
SVM DT 973 159 203 690 82.12 14.05 77.27
SVM BDT 978 154 200 693 82.52 13.60 77.60
SVM TTest 948 184 318 575 75.21 16.25 64.39
SVM Fscore 976 156 244 649 80.25 13.78 72.68
SVM PCA 939 193 173 720 81.93 17.05 80.63

VT/VF BDT None 70 19 24 200 86.26 21.35 89.29
DT None 65 24 21 203 85.62 26.97 90.63

KNN None 60 29 17 207 85.30 32.58 92.41
SVM None 79 10 16 208 91.69 11.24 92.86
SVM DT 63 26 16 208 86.58 29.21 92.86
SVM BDT 68 21 9 215 90.42 23.60 95.98
SVM TTest 49 40 17 207 81.79 44.94 92.41
SVM Fscore 68 21 13 211 89.14 23.60 94.20
SVM PCA 57 32 9 215 86.90 35.96 95.98

All BDT None 3109 204 390 1866 89.33 6.16 82.71
DT None 2923 390 395 1861 85.90 11.77 82.49

KNN None 2975 338 345 1911 87.74 10.20 84.71
SVM None 3010 303 262 1994 89.85 9.15 88.39
SVM DT 3070 243 325 1931 89.80 7.33 85.59
SVM BDT 3083 230 293 1963 90.61 6.94 87.01
SVM TTest 3048 265 445 1811 87.25 8.00 80.27
SVM Fscore 3070 243 359 1897 89.19 7.33 84.09
SVM PCA 3031 282 304 1952 89.48 8.51 86.52

alarms by feature selection. The experimental results show that
our approach outperforms other methods in most cases. For
future work, we will focus on further reducing the true alarm
suppression rate, e.g. via cost-sensitive learning.
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