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Abstract: This chapter is a review of studies that have examined false arrhythmia alarms during
in-hospital electrocardiographic (ECG) monitoring in the intensive care unit. In addition, we de-
scribe an annotation effort being conducted at the UCSF School of Nursing, Center for Physiologic
Research designed to improve algorithms for lethal arrhythmias (i.e., asystole, ventricular fibrillation,
and ventricular tachycardia). Background: Alarm fatigue is a serious patient safety hazard among
hospitalized patients. Data from the past five years, showed that alarm fatigue was responsible for
over 650 deaths, which is likely lower than the actual number due to under-reporting. Arrhyth-
mia alarms are a common source of false alarms and 90% are false. While clinical scientists have
implemented a number of interventions to reduce these types of alarms (e.g., customized alarm
settings; daily skin electrode changes; disposable vs. non-disposable lead wires; and education),
only minor improvements have been made. This is likely as these interventions do not address the
primary problem of false arrhythmia alarms, namely deficient and outdated arrhythmia algorithms.
In this chapter we will describe a number of ECG features associated with false arrhythmia alarms.
In addition, we briefly discuss an annotation effort our group has undertaken to improve lethal
arrhythmia algorithms.

Keywords: alarm fatigue; annotation of ECG data; arrhythmia alarms; intensive care unit;
patient monitoring

1. Introduction

Physiologic monitoring, including electrocardiographic (ECG) monitoring, in the
intensive care unit (ICU) remains unsatisfactory as evidenced by the well-known alarm
fatigue problem. For example, in one study, a single ICU patient generated over 700 alarms
per day [1]. In the University of California San Francisco (UCSF) Alarm Study, an average
of 187 audible alarms were generated per bed per day during a one-month assessment. Of
note, 90% of the ECG arrhythmia alarms were determined to be false [2,3]. Alarm fatigue
occurs when nurses and providers are desensitized by frequent alarms, most of which are
false or clinically irrelevant (i.e., true, but with no action required). The multitude of alarm
sounds become “background noise” that is assimilated into the normal ICU workflow.
Over a decade ago, excessive alarm burden was exposed by the press as a significant patient
safety concern with the highly publicized death of a patient who was being monitored at
a prestigious medical center [4]. Despite multiple heart rate alarms for bradycardia prior
to the patient’s cardiac arrest, no one working on the unit that day recalled hearing the
alarms. In the investigation that ensued, the Centers for Medicare and Medicaid Services
reported: “Nurses not recalling hearing low heart rate alarms was indicative of alarm
fatigue, which contributed to the patient’s death” [4]. The most recent data from the past
seven years, show that alarm fatigue was responsible for over 650 hospital deaths [5,6], a
number believed to be a substantial underrepresentation due to non- or under-reporting.
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Over time, nurses cope with alarm fatigue by: (1) silencing alarms without assessing the
patient; (2) lowering the alarm volume; (3) permanently disabling alarms; and/or (4) delay
responding by assuming an alarm is false. These actions place patients at risk for adverse
events, including death, as true alarms are missed.

A number of federal and national organizations have issued alerts about alarm fatigue.
Since 2007, The Emergency Care Research Institute has placed alarm fatigue at or near the
top of its list of top ten patient safety hazards [7]. In 2014, The Joint Commission established
National Patient Safety Goal 6, Reduce Harm Associated with Clinical Alarms [5], which
was updated in 2020 [8]. The American Nurses Association and the American Association
of Critical Care Nurses have issued practice alerts regarding alarm fatigue, emphasizing
the need for evidence-based approaches to solve this complex problem [9,10]. While a
strong desire to solve alarm fatigue exists from these mandates, over a decade has passed
with no substantive progress towards a general solution.

Prior clinical studies designed to reduce false alarms have included: daily ECG skin
electrode changes [11,12]; customizing alarm parameters and/or alarm settings [11–18]; dis-
posable versus non-disposable ECG lead wires [17,19]; and educational initiatives [12,14,17].
While these strategies have reduced the total number of alarms by 18% [14,19] to 90% [12],
these studies do not address the primary problem of false ECG arrhythmia alarms, namely
deficient and outdated arrhythmia algorithms. The following review will discuss the
research our group has completed to shed light on these deficiencies. In addition, we
will briefly discuss an annotation effort our group has undertaken to improve arrhythmia
algorithms for asystole, ventricular fibrillation, and ventricular tachycardia.

2. Overview of ECG False Arrhythmia Alarms

False ECG arrhythmia alarms are a major source of alarm fatigue. In the UCSF
Alarm study, the frequency, types, and accuracy of ECG monitor alarms were examined
in 461 ICU patients [2]. A total of 2,558,760 unique alarms occurred in the 31-day study
period: 1,154,201 (45%) arrhythmia; 612,927 (24%) parameter (i.e., too high, too low); and
791,632 (31%) technical (i.e., ECG leads off, artifact, or line/probe disconnect); these are
shown in Figure 1. There were 381,560 audible alarms for an audible alarm burden of
187/bed/day. Of 12,671 annotated ECG arrhythmia alarms, 90% were false positive. This
study of consecutive ICU patients represents the largest study regarding alarm burden to
date, and clearly illustrates the magnitude of alarm fatigue.

As noted in Figure 1, the vast majority of the alarms were for premature ventricular
complexes (PVC), followed by technical alarms (i.e., artifact or lead(s) off/fail). In addition
to these observational data, the investigator of the UCSF Alarm study annotated six audible
arrhythmia alarms as true or false using a standardized protocol [2]. A total of 12,671
audible arrhythmia alarms were annotated. Inter-rater reliability of alarm annotations was
tested by randomly selecting 300 alarms that were rated twice by pairs of the annotators. A
Cohen’s Kappa was run to compare “Rater 1” to “Rater 2”. There was 95% agreement as to
whether the alarm was a true or false positive (Cohen’s Kappa score of 0.86). Table 1 shows
the accuracy of the arrhythmia alarms annotated.

Based on these findings, our group has published several studies examining patient,
clinical, and ECG factors associated with false arrhythmia alarms. The following sections
will describe these studies.

2.1. Patient and Clinical Factors Associated with False Arrhythmia Alarms

In a secondary data analysis of 461 patients enrolled in the UCSF Alarm study with
12,671 audible arrhythmia alarms, 250 (54%) of the patients had at least one of the six
alarm types (Table 1) [3]. The number of false alarms per monitored hour for patients’
ranged from 0.0 to 7.7, and the duration of the false alarms per hour ranged from 0.0 to
158.8 s. Patient characteristics were compared in relation to: (1) the number and (2) the
duration of false arrhythmia alarms per 24-h period, using nonparametric statistics to
minimize the influence of outliers. Among the significant associations were the following:



Hearts 2021, 2 461

age > 60 years (p = 0.013; p = 0.034), confused mental status (p = 0.001 for both compar-
isons), cardiovascular diagnoses (p = 0.001 for both comparisons), electrocardiographic
(ECG) features, including wide QRS complexes due to bundle branch block (BBB, both
right or left) (p = 0.003; p = 0.004) or ventricular paced rhythm (p = 0.002 for both compar-
isons), respiratory diagnoses (p = 0.004 for both comparisons), and mechanical ventilation
(p = 0.001 for both comparisons). In a subsequent study, we found that patients with a left
ventricular device also have high rates of false arrhythmia alarms, presumably due to the
vibrations and artifact caused by this device [20].
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Figure 1. Frequency of all unique physiologic alarms from bedside ICU monitors over a 31-day 
study period. Figure from Drew, B.J. et al. [2] (open access with permission to use Figure). Abbrevi-
ations: ACC Vent = accelerated ventricular rhythm; Afib = atrial fibrillation; ART = arterial blood 
pressure; HR = heart rate; ICP = intracranial pressure; NIBP = non-invasive blood pressure; PVC = 
premature ventricular complexes; RR = respiratory rate; Sp02 = saturation of peripheral oxygen; ST 
= ST-segment; Vtach = ventricular tachycardia; V brady = ventricular bradycardia; and Vfib = ven-
tricular fibrillation. 
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Ventricular fibrillation 158 19 107 51 32.3% 
Ventricular tachycardia 3861 183 502 3352 86.8% 

Accelerated ventricular rhythm 4361 99 224 4135 94.8% 
Pause 2239 140 272 1963 87.7% 

Ventricular bradycardia 1260 39 40 1219 96.7% 
Total 12,671   11,251 88.8% 
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Figure 1. Frequency of all unique physiologic alarms from bedside ICU monitors over a 31-day
study period. Figure from Drew, B.J. et al. [2] (open access with permission to use Figure). Ab-
breviations: ACC Vent = accelerated ventricular rhythm; Afib = atrial fibrillation; ART = arterial
blood pressure; HR = heart rate; ICP = intracranial pressure; NIBP = non-invasive blood pressure;
PVC = premature ventricular complexes; RR = respiratory rate; Sp02 = saturation of peripheral
oxygen; ST = ST-segment; Vtach = ventricular tachycardia; V brady = ventricular bradycardia; and
Vfib = ventricular fibrillation.

Table 1. Accuracy of 12,671 audible arrhythmia alarms.

Alarm Type Number of
Alarms

Number of
Patients True Positives False Positives False Positive

Rate

Asystole 792 113 260 531 67.0%
Ventricular
fibrillation 158 19 107 51 32.3%

Ventricular
tachycardia 3861 183 502 3352 86.8%

Accelerated
ventricular rhythm 4361 99 224 4135 94.8%

Pause 2239 140 272 1963 87.7%
Ventricular
bradycardia 1260 39 40 1219 96.7%

Total 12,671 11,251 88.8%

Signal quality as a source of false arrhythmia alarms was examined in the 12,671 audible
arrhythmia alarms shown in Table 1 [2]. The following definitions were used: good; fair; or
poor signal quality. Good signal quality was defined as a clearly visible P-QRS-T waveform



Hearts 2021, 2 462

across all available leads with little to no noise, baseline wander, or leads off. Fair signal
quality was defined as moderate noise or baseline wander but having identifiable QRS
complexes for basic rhythm/rate detection. Poor signal quality was defined as being
unanalyzable due to excessive noise, baseline wander, or leads off. Of 12,671 audible
arrhythmia alarms, ECG signal quality was rated as good in 73% of the false alarms
and 93% of the true alarms, whereas poor signal quality was found in 18% of the false
arrhythmia alarms and 6% of the true arrhythmia alarms. Hence, poor signal quality was
not the source of the majority of the false arrhythmia alarms.

From our published studies we have found that the vast majority of false alarms occur
in a small group of patients. For example, in the UCSF Alarm study, of 461 ICU patients, one
patient generated nearly half of the alarms [2], a problem described by others [14,17,21,22].
We found that many of these patients often have ECG features that contribute to false
arrhythmia alarms, including: bundle branch block (BBB), ventricular paced rhythms, and
low amplitude QRS complexes [3,23,24]. The ECG features associated with false arrhythmia
alarms will be described in more detail below.

2.2. Electrocardiographic Features Associated with False Arrhythmia Alarms
2.2.1. Right or Left BBB

Patients with persistent or intermittent right or left BBB generate a high number of
false alarms for ventricular tachycardia. This problem occurs as the wide QRSs associated
with VT are mistaken as a ventricular rhythm. In a multivariate analysis, we found that
patients with right or left BBB were 2.2 times more likely to generate false alarms when
compared to patients without this ECG feature (p = 0.020) [3]. Current bedside monitor
algorithms lack the ability to recognize right or left BBB. However, this ECG feature, which
is present in <10% ICU patients [4], causes a significant number of false alarms, as shown
in Figure 2.

2.2.2. Ventricular Paced Rhythms

False alarms for ventricular arrhythmias (i.e., VT or accelerated ventricular rhythm)
are common in patients with ventricular paced rhythms. Figure 3 is a false alarm for
accelerated ventricular rhythm (AVR; defines as a wide QRS < 100 beats/min) in a patient
with a ventricular pacer. Note the pacer spikes before each QRS. The bedside monitor
requires the nurse to activate the Pace Mode feature, which adjusts the filter settings in
order to detect pacemaker stimuli (i.e., spikes). However, the Pacer Mode feature was not
turned on (star) in this patient, which led to non-stop false AVR alarms. We found that the
Pacer Mode had been activated in only 33% of the patients with a ventricular pacer [2,25].

2.2.3. Low Amplitude QRS Complexes

We found that low amplitude QRS complexes can cause false asystole alarms [26]. This
type of QRS feature can occur in morbidly obese patients, pericardial effusion, and/or BBB.
Figure 4 illustrates an outlier patient from the UCSF Alarm Study with low amplitude QRSs
who generated 45% of the 12,671 annotated alarms. Note, low amplitude QRS complexes
in the limb leads (*), but not in the precordial leads, due to left BBB [2].

The American National Standard (ANS) for cardiac monitors, heart rate meters, and
alarms states that ECG devices should not detect a QRS if the waveform is less than
0.15 mV (1.5 mm) in size [27]. This standard was designed to prevent misdiagnosing P
waves as QRSs during ventricular standstill. However, some manufacturers use higher
QRS detection thresholds (e.g., 0.5 mV or 5 mm) and require that this higher threshold be
present in more than one ECG lead. These stricter thresholds result in undercounting the
heart rate and cause false asystole alarms [24]. We found that when we examined all seven
available ECG leads in patients with these types of alarms, a QRS was readily visible in
one or more leads in 91% of false asystole alarms [2].
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is 99%. The QRS morphology in lead V1 in the top strip is identical to that of in the bottom tracings; 
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Figure 2. The figures above are rhythm strips showing leads I, II, III, and V (V1—at our hospital) and
an arterial blood pressure waveform (AR1) in an intensive care unit patient. The top rhythm strip is
an alarm for ventricular tachycardia (VT) during acute respiratory distress. Note the arterial blood
pressure is unchanged at 146/89 mmHg and the Sp02 is 96% during the alarm. The bottom figure is a
rhythm strip prior to the VT alarm showing normal sinus rhythm, first degree atrioventricular block
with right bundle branch block (BBB). The arterial blood pressure is 138/59 and Sp02 is 99%. The
QRS morphology in lead V1 in the top strip is identical to that of in the bottom tracings; hence, the
top strip in not VT, but rather sinus tachycardia in a patient with right BBB during acute respiratory
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120 alarms for accelerated ventricular rhythm (wide QRS < 100 beats/min) during a seven-day ICU
stay, illustrating the issue of false alarms due to BBB. Figure from the ECG Monitoring Research Lab,
UCSF School of Nursing.

ECG Artifact: Motion artifact is a common cause of false alarms. Typically, the artifact
is due to a specific skin electrode on the body surface. The artifact causes pseudo-ectopic
beats to be detected, which in turn can trigger a false alarm. Figure 5 illustrates a false
V-fib alarm in a patient using their right hand to scratch their head; thus, causing artifact at
the right arm (RA) electrode. Artifact in the RA appears in all of the ECG leads that use
the RA in their definition. In this example, the leads affected are I, II, and V, the latter as
the reference for V is the Wilson terminal [28], which depends in part on the RA electrode.
However, lead III (denoted by *) is not affected, as this lead uses the left arm and left leg
electrodes, and not the RA.
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Figure 4. Low amplitude QRS complexes in the limb leads in a patient with left bundle branch block. The * (red) denotes
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Based on data from the above-mentioned studies, our group at the Center for Physio-
logic Research in the UCSF School of Nursing, are exploring new algorithms to improve
arrhythmia detection of lethal arrhythmias for asystole, ventricular fibrillation (v-fib), and
ventricular tachycardia (VT). In order to test the accuracy of these algorithms, our group
has established an annotation protocol to examine true versus false alarms for lethal ar-
rhythmias (i.e., asystole, V-fib, and VT) from a dataset of over 6100 ICU patients. Below,
we will describe the dataset and the annotation protocol. The final annotation effort has
not been published; hence, the focus of discussion in this chapter will be a description of
the annotation protocol.
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3. Data Capture System

Capturing bedside monitoring data is very challenging, and most frequently limited
to a few parametric outputs, such as alarms and vital sign trends. The storage of the actual
waveforms (raw data) only occurs under rare, typically research-based circumstances, and
requires the implementation of costly and sophisticated data capture infrastructures. In
addition, waveform storage typically requires the application of third-party software and
hardware, making the workflow even more complex and cumbersome. Only recently have
a handful of companies started to provide package solutions that allow seamless data flow
from the patient bedside monitors to a hospital-based server and/or data storage center
(on or off site).

The consequences of these complexities are that research is easily discouraged or, even
worse, is based on bad data (i.e., with gaps or not linked to the correct patient). Indeed,
based on the number of false alarms reported in the literature [2,3,14–17,19,21,22,29–33], it is
hard to imagine clinically meaningful changes coming out of unsupervised physiologic and
alarm data generated by current bedside monitor systems. This is a particularly important
point due to the use of artificial intelligence methods and models that are currently very
popular approaches used for predicting untoward patient events (i.e., code blue, sepsis).
However, these approaches require high quality input data in order to train and test the
underlying model being used. Unfortunately, these approaches are being used widely and
are being introduced into clinical care.

In the above-described observational study from 2013 [2], all of the available physio-
logic data were collected using a sophisticated closed network system that connected data
from all 77 ICU monitors and the central monitoring station via a gateway system. The
waveform data were ultimately sent to a secure server in our research lab for off-line analy-
sis. The following data were collected from each ICU monitor: (1) all available waveforms
(e.g., ECG, arterial BP, central venous pressure, intracranial pressure, and SpO2); (2) vital
signs (e.g., heart rate, non-invasive BP, and respiratory rate); (3) alarm settings (i.e., crisis,
warning or advisory, and message/technical); as well as (4) audible and inaudible alarms.
Our hospital’s Institutional Review Board approved the study waiving patient consent as
bedside monitoring is a standard of care, and we examined the data retrospectively; hence,
we collected data from consecutive ICU patients.

While we captured an extremely robust dataset, several challenges had to be overcome
in order to use the data in a meaningful way. For example, due to the need for third party
hardware to store the data, the data were often not well organized, making it difficult
to synchronize, not only the physiologic data, but the electronic health record data with
individual patients. In addition, as ICU patients are often in the unit for multiple days and
even weeks, the size of the files was very large. The above issues were overcome by our
group using several approaches. Our Center has developed an automated procedure that
re-organizes all the waveform and alarm data into 24-h time blocks. This standardization
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makes it much easier to analyze both individual and cohorts of patients based upon the
research question. The waveforms are also converted and assembled into a binary public
format that is suitable for processing by any algorithm; this fosters data sharing, whenever
applicable. In addition, we performed an audit of physiologic alarms captured in an
individual patient to that of the electronic health record to verify that our data matched
with the patient’s electronic health record. As of today, our center has collected and stored
bedside monitoring data from all of the adult UCSF ICUs since the pioneering research that
started in March 2013; thus, making this the largest database of continuous physiologic
data in consecutive ICU patients.

4. Tackling Alarm Fatigue: The Establishment of an Annotated Database Using
Bedside Monitoring Data from Consecutive Intensive Care Unit Patients

Alarm fatigue is a substantial problem which is difficult to deal with. Part of the
reason is certainly the poor motivation from the industry to invest in and improve existing
algorithms. However, even more importantly, the most critical aspect is the lack of a robust
database for use as a benchmark for testing of existing and newly designed algorithms.
The latter problem has actually raised the attention of regulators, in particular the Food
and Drug Administration (FDA), who are seeking an adequate (large, digitized, multi-
signal) database to develop, test, and qualify new algorithms. As of today, the benchmark
dataset used for medical device testing consists of small number of 30-min 2-channel ECG
recordings. In addition, these data are more than 30 years old and from analog Holter
recorders with only a few critical arrhythmia events. Therefore, any meaningful answers to
alarm fatigue from currently available databases will be limited. Thus, there is a need for
an adequate, ideally robust, benchmark dataset from bedside monitors that are currently
used in the hospital setting in order to solve this critical problem. Such a dataset should
include all of the waveforms typically acquired (i.e., not limited to only ECG) so as to
enhance algorithms using multiple signals. To meet this important and yet unmet need,
and building on the well-established UCSF Alarm Study that was started in March 2013,
our Center is taking on this ambitious challenge.

Using a subset of the existing database, we have assembled 20 months of data
(100 patient years) that has been dedicated towards this effort. For this subset of data,
we acquired all seven ECG leads (i.e., I, II, III, aVR, AVL, aVF, and a V lead (V1), the latter
being the hospital default) and the following waveform data: plethysmograph; transtho-
racic impedance; and arterial blood pressure. The final sample includes 6143 ICU patients
with one or more lethal arrhythmia types (i.e., asystole, V-fib, and VT). The sample was com-
prised of 46% women and 31% ethnic minorities. Three ICU types were included: Cardiac
(16 beds), Medical/Surgical (32 beds), and Neurologic (29 beds). As mentioned previously,
the UCSF Institutional Review Board approved the study with waiver of signed patient
consent as physiologic monitoring is standard care in the ICU and our data were analyzed
off-line and retrospectively; hence, the data are in consecutively enrolled ICU patients.

The seven ECG channels, as well as the other waveform data, were processed by
the Center for Physiologic Research lethal arrhythmia algorithms. The physiologic data
were converted into a suitable public domain format employing a lossless compression
architecture capable of achieving a compression rate of 4:1. For example, the size of a
24 h record inclusive of both ECG and non-ECG waveforms, after compression, is about
100 MB. To make the files more manageable for annotating, multi-day ECG recordings will
be separated into 24-h blocks, using midnight to 23:59 PM as the timeframe reference. A
HIPAA compliant patient de-identification procedure was applied to the files for annotation,
and each record was assigned a unique study ID number. In addition to demographic
anonymization, a random date shift was applied to the start date, but not to the start time,
for each recording.

The de-identified data were loaded into the Continuous ECG Recording Suite (CER-S,
AMPS-LLC) platform for review. A customized version of CER-S has been specifically
designed for annotating the database by five PhD prepared ECG expert nurse scientists
(protocol described below). Annotators were able to connect remotely to the UCSF network
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via a dedicated and secure server. Each of the five annotators was assigned arrhythmia
alarms to annotate as shown in Figure 6.
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5. Annotation Protocol

The annotation protocol was designed as a multi-tiered, multi-expert, ground truth,
manual annotation protocol used for triple ascertainment of lethal arrhythmia events
with disagreements resolved by a fourth expert. The annotation team (A-Team) was
made up of five nurse scientists with decades of experience as bedside clinical nurses and
interpreting hospital based-ECG bedside monitoring data. Each of the lethal arrhythmia
alarms was randomly assigned to three of the five annotators. Alarms with consensus
(all three annotators agree), were finalized. Alarms for which only two annotators agreed
were re-assigned to a fourth annotator. If the disagreement was resolved (i.e., fourth
annotators concurred with the two initial annotators) the annotation was finalized. If the
disagreement was not resolved, the alarm was reviewed by two independent reviewers for
a final decision.

Assessment of False Negatives

In addition to the annotation effort described above using the Center’s lethal arrhyth-
mia algorithm, the incidence of false-negative alarms (i.e., undetected alarms) will be
assessed in a subsequent study. For each 24-h data block, a 15-min data segment will be ran-
domly selected (i.e., regardless of whether it contained any true alarm already identified).
The same five annotators reviewed each of the 15-min segments, marking the presence of
any lethal cardiac arrhythmia.

The annotation effort using the 20-month database (both true versus false and false
negatives) is still underway, and the final data will be published at a later date. The goal
of this effort is to improve current algorithms used in bedside physiologic monitors by
reducing false arrhythmia alarms that are associated with alarm fatigue in clinicians and
the associated patient hazards related to missed true events. Furthermore, both monitoring
manufacturers and regulatory agencies will benefit from this work, as they work towards
solutions to this complex problem.
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6. Discussion

In this review we discuss the issue of false arrhythmia alarms that contribute to
alarm fatigue in clinicians working in hospitals. While nurses/physicians experience
alarm fatigue from repeated exposure to alarms, patients are subjected to stress, both
psychological (i.e., fear, anxiety) [34,35] and physiological (i.e., increased heart rate and
blood pressure, sleep deprivation, and delirium) [36,37] from alarm noise. Patients report
being frightened by frequent alarms that often go unanswered [34]. Sentinel events have
also been reported due to missed true events that are buried among high numbers of
false alarms, with resultant mortality and morbidity among hospitalized patients. As
such, a number of federal and professional organizations have issued alerts about alarm
fatigue, yet very few interventions have had a substantial and sustained impact on this
problem [7–10,13].

A widely held belief is that poor skin electrode contact causes false arrhythmia alarms.
However, we found that only 9% of false arrhythmia alarms were due to poor signal
quality (i.e., unanalyzable due to excessive noise, baseline wander, or leads off). Rather,
our group has shown that false arrhythmia alarms are more common in patients with ECG
features such as bundle branch block, a ventricular pacemaker, and/or low amplitude
QRS complexes [3,24,25,38]. Of note, these features, present in only a few patients, were
shown to be responsible for 60% of false alarms. Our published research suggests that
clinical interventions (i.e., skin electrode changes, alarm adjustments, and education)
will not address the vast majority of false arrhythmia alarms as the central problem are
deficiencies in currently used arrhythmia algorithms. Importantly, algorithms used in
current monitors were developed using three existing databases created in the mid 1970s
(i.e., AHA-ECRI, the CUBD, and the MIT/BIH Databases). None of these databases
include digitally acquired ECGs, or any other signals currently acquired in modern patient
monitors (Sp02 or arterial blood pressure). Additionally, only a small number of patients
and arrhythmias were captured during only hours of ECG monitoring. Therefore, new
algorithm development will remain stagnant until more robust data sets are available to
test and improve arrhythmia algorithms.

Alternative Approaches and Future Directions

In this chapter, we describe an effort to improve the detection of lethal arrhythmias (i.e.,
asystole, V-fib, and VT) during in-hospital ECG monitoring by annotating a large database
(n > 6100 ICU patients) using currently available bedside monitors (i.e., digitized multi-
channel ECG and all available physiologic signals). The ultimate goal of this effort is to
create a database that can be used to develop and test new algorithms that incorporate not
only ECG, but existing physiologic signals (i.e., SpO2 or arterial blood pressure). It should
be noted that a number of studies have been published using varied algorithm-based
approaches, mostly machine learning, to address false lethal arrhythmia alarms [39–49].
While several of these studies have shown improved detection of VT, all of these studies
have used existing databases, which have limitations as stated above (i.e., decades old,
non-digitized, two-channel ECG and one or two physiologic signals, small sample of
patients and arrhythmias, sampling bias, and recordings of short duration). Therefore,
future studies are needed to examine these novel approaches using contemporary data.

In addition to algorithm-based solutions, there is a need to develop and test new
technologies (wearables and sensors) as well as “smart alarms” that integrate multiple
physiologic parameters [50]. Clinicians would also benefit from the integration of multiple
data elements (i.e., ECG, physiologic data, electronic health record, laboratory and pharma-
cologic data) displayed in such a manner that the interpretation of complex multi-layered
data elements can be completed promptly. Lastly, there is a need to pair algorithm-based
solutions with patient outcomes, which could be used to guide default settings in bedside
monitors to differentiate actionable from non-actionable arrhythmias.
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7. Conclusions

In this chapter a number of research studies that have examined false arrhythmia
alarms during in-hospital ECG monitoring in the intensive care unit were reviewed. The
central problem that is created from false arrhythmia alarms is alarm fatigue (i.e., desensiti-
zation), which directly impacts nurses and providers who are exposed to high numbers
of false alarms but also patient and their families who hear the alarms and wonder if
something is wrong. Discussed were a number of patient, clinical and ECG waveform
factors associated with false arrhythmia alarms. Our research group at the UCSF Center
for Physiologic Research is using a very large database of over 6100 ICU patients with
multi-lead and multi-parameter data to develop and test new algorithms to identify lethal
arrhythmias, namely asystole, V-fib, and VT. We described the protocol that will be used to
annotate these data which we anticipate will serve as a benchmark database that will move
the science forward towards meaningful change.
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