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ARTICLE INFO ABSTRACT

Dataset link: https://zenodo.org/records/1002 Background: Too many unnecessary alarms in the intensive care unit are one of the main reasons for alarm
6961 fatigue: Medical staff is overburdened and fails to respond appropriately. This endangers both patients and
Keywords: staff. Currently, there are no algorithms that can determine which alarms are clinically relevant and which

are not.

Objective: This paper presents a computer-aided method to automatically determine whether and which
interventions followed an alarm. Our algorithm annotates a large data set of oxygen saturation alarms. Previous
studies only presented analyses on smaller data sets of manually annotated alarms. Future research can use
our large data set of labelled alarms to train machine learning models, for example for alarm prioritisation.
Methods: We propose an alarm annotation algorithm that can efficiently label oxygen saturation alarms from
respiratory alarm management by actionability. This algorithm is based on an alarm annotation guideline
and works on data from 1961 patients from the hospital information system recorded 06/2019-06/2021. The
algorithm analyses a pre-defined time frame after an alarm to determine whether an intervention followed or
not. The resulting data set can be used to train machine learning models that predict alarm actionability.
Results: Our open-source algorithm is the first to create a large data set of around 2.5 million relevance-
annotated alarms in mere hours. A task that would take years using manual annotation. Our algorithm denotes
about 9% of the alarms as actionable. This is in line with previous research. The data set also shows which
respiratory management interventions medical staff used to counteract the cause of an alarm.

Conclusion: The data set can be a starting point to reduce the number of unnecessary oxygen saturation
alarms. For example, it can serve as a training data set for machine learning models that assess future alarms.
The algorithm might be re-used to annotate other alarm data sets as well.

Algorithmic annotation
Patient monitoring
Alarms

Intensive care

Alarm fatigue

1. Introduction question of whether there should be an intervention in response to the
alarm, regardless of what actually happened after the alarm.
The ICU is a complex environment where multiple factors affect

medical staff and might cause them to respond unexpectedly to alarms,

Too many alarms make the intensive care unit (ICU) a noisy and
stressful place [1]. The majority of alarms are non-actionable [2],

meaning that medical staff does not react to the alarm by performing
an intervention to potentially counteract a physiological deterioration
of the patient in a certain time window [3,4].

This must not be confused with alarms being unnecessary, irrele-
vant, or false, which represent normative statements, responding to the

for example, in terms of a delayed response or no response at all.
Evaluating alarms in terms of necessity has been common in other high-
stakes contexts where disturbance poses a great threat, e.g. driving [5].
For the ICU, these factors include (but are not limited to) high total
numbers of alarms, high numbers of technically false or otherwise
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unnecessary alarms, and the way alarms are presented to the medical
staff [1,2,6,7]. This is part of the alarm fatigue problem complex — a
major problem in today’s intensive care [6]. High numbers of alarms
and especially high numbers of unnecessary alarms are two of many
potential causes of alarm fatigue, and inappropriate response to alarms
by medical staff is one of its many effects [7,8]. Currently, there is
no method to efficiently determine whether an alarm is actionable
(and hence necessary) or non-actionable (which includes unnecessary
alarms). The medical staff does not record whether they reacted to an
alarm. This lack of data hindered data-driven alarm fatigue research in
the past [9,10].

Objective. We want to find out whether an alarm is actionable. To do
this, we retrospectively searched the patient data for interventions that
might have been conducted to counteract the cause of the alarms. We
focus on oxygen saturation alarms because they are a major contributor
to alarm fatigue, as they are both a frequent type of alarm? and a type
of alarm that is often technically incorrect or clinically irrelevant [11].
However, even limiting our data set to oxygen saturation alarms, this
is still a considerable data processing effort that we have to perform
automatically using an algorithm. Otherwise, we cannot process the
plethora of alarms and interventions present in an ICU. Our work
answers the research question “How can we automatically determine
whether an oxygen saturation alarm is actionable?” This is important
groundwork that is necessary to create a large data set of labelled
alarms. Researchers can then use this data set to train machine learning
models — for example for alarm prioritisation.

Approach. We use a clinically validated annotation guideline (Sec-
tion 2) that enables retrospective alarm annotation by clinical relevance
as a foundation for this algorithm [3]. In Section 3, we show how
we transform the annotation guideline into an executable algorithm
to automatically annotate large numbers of alarms. In Section 4, we
present the resulting data set of annotated alarms and elaborate on the
data processing obstacles we encountered. The algorithm annotates a
whole year’s alarm log with millions of alarms in mere hours. With
this data set, we can find out how many alarms might have been
actionable and which medical interventions usually happen after an
oxygen saturation alarm, as we discuss in Section 5.

2. Materials

We use Python 3.8 as the programming language of choice for
the implementation. Python, although comparatively slow [13], is
preferentially used for endeavours in data science and engineering
as evidenced by the vast range of data science-related modules: We
use pandas [14] for data analysis and in-memory data management
together with seaborn [15] and Matplotlib [16] to visualise results.
Data are stored in a MariaDB 10.6.4 [17] database. SQLAlchemy [18]
and PyMySQL [19] connect to and query the database.

2.1. Data set

We use routine data from two surgical-anethesiological intensive
care units with 21 beds each in a format that closely resembles the
MIMIC-IV clinical data set in terms of tables and columns. Our data
are not from the original MIMIC-IV data set but from a retrospective,
observational study at the intensive care units in a large university hos-
pital in Germany (ethics approval number: EA1/127/18 Ethikausschuss
am Campus Charité Mitte, Chairperson: Prof. Dr. med. R. Morgen-
stern). The data set was extracted retrospectively from the patient data

2 Depending on the specific counting methodology, it is the second most
common type of alarm according to Siebig et al. [11] and fourth most common
type of alarm according to Graham and Cvach [12].
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Table 1
Overview of tables used for annotation. Abbreviations: FiO,: Fraction of inspired
oxygen, PEEP: Positive end-expiratory pressure, P;,,: Inspiratory pressure.

Table name Description

alarm_logs Contains all patient monitoring alarms with
timestamps and cause. This table is not part of

the original MIMIC-IV structure.

chartevents “Contains all charted data for all patients”
[21]. This includes all measured vital
parameters, airway devices, and ventilator
settings. With ventilator settings, we are
specifically interested in set numerical
ventilator parameters — such as FiO,, PEEP,
P;yep- Additionally, we are interested in the
mode of the ventilator device. This mode tells
us whether the device was active or on standby
at that time.

procedureevents “Contains procedures for patients” [21]. This
table informs us about the type of oxygen
therapy, ventilation device, and ventilation

mode used.

management systems (PDMS) and transposed to an adapted MIMIC-IV
structure [20].

The extracted data contain information on 1961 patients recorded
over approximately 24 months from 2019/06/02 to 2021/06/13 with
a mean length of ICU stay of 41 days (standard deviation: 39 days,
range: 1 to 422 days). Of these patients, 852 are male and 1109 are
female. The mean patient age at the start of our research time window
in 2019 is 62.84 years (standard deviation 17.15). During one of their
hospital stays in the time window 348 patients died with a peak around
75-80 years of age (Fig. A.6).

Table 1 describes the tables we use to annotate the alarms. Our
algorithm requires these tables in the structure as specified by MIMIC-
IV [21] and the annotation guideline [3] to produce labels. When
trying to reproduce our annotation procedure with data from a different
hospital, researchers need to provide these tables and potentially even
supplement the mapping tables from the annotation guideline with data
on the airway devices and ventilation machines that are specific to their
hospital.

2.2. Annotation guideline

We implement parts of the annotation guideline by Klopfenstein
et al. related to oxygen saturation alarms. This annotation guide-
line elaborately enumerates common interventions that may follow an
alarm and thus provides a set of rules identifying if an alarm is clinically
actionable (Table 2). It adapts the IEC 60601-1-8:2006/AMD2:2020’s
definition of “clinically actionable” [4, section 3.44]. An alarm is
considered actionable if one of the rules applies within a 30-min
post-alarm window. These rules suggest potential interventions that
could occur within this time frame, impacting an alarm’s actionability.
Oxygen saturation alarms, for instance, may trigger changes in oxygen
therapy, ventilator settings, airway devices, or respiratory support ther-
apies. To categorise the diverse airway management and respiratory
support therapy combinations, the annotation guideline maps them into
10 levels of airway management and 8 levels of respiratory support
therapies [3].

3. Methods

We annotate oxygen saturation alarms that occurred in the past and
reside in a database. This corresponds to a retrospective, observational
study. As outcomes, we are interested in both the fraction of actionable
alarms and the interventions that follow an actionable alarm. For
performance reasons, we group all relevant data by hospital admission.
A hospital admission is a patient’s single stay at the hospital. All data
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Table 2
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Annotation rules: All rules look for an escalation of a parameter. The parameter might be numerical per se (for example oxygen flow or
respiratory rate) or the numerical representation of a more complex constellation — as is the case with airway devices or respiratory support
therapies. The alarm is considered actionable when at least one rule applies.
Source: Adapted from [3].

Rule name Condition Parameter meaning
Increase of set O, flow O pre < Ogpost Low-dose oxygen flow
Increase of set FiO, FiO, e < FiOy o Fraction of inspired oxygen
Escalate flow Flow,,. < Flow, High-dose oxygen flow

Increase of set RR

Increase of set PEEP
Increase of set pjng,
Increase of set Py,

Change of airway device (AD)

Change of respiratory support therapy (RST)

pre

RRyre < RRpost

PEEP,,, < PEEP,,

post

Pinsp,pre < Pinsp,post
Psupp,pre < Psupp,post

AD Level ., < AD Level
< RST Level

pre
RST Level

pre

Respiratory rate

Positive end-expiratory pressure
Inspiratory pressure

Pressure support

Airway management level
Respiratory support therapy level

Table 3
Minimum and maximum values for numerical parameters. Values are either defined by
the manufacturers of the corresponding medical devices or by medical experts.

Parameter Item ID Min. Max. Unit
0, 107316 0 16 L min?
FiO, 101701 0 100 %
Flow 101705 0 60 L min’!
RR 101702 0 40 min’!
PEEP 101704 0 25 cmH,0
Pinsp 101703 0 40 cmH,0
Psupp 101706 0 40 cmH,0

from one stay are separately gathered, held, and administrated by
Python objects called Admissions. This concept is important, as a patient
can be treated multiple times at the same hospital. We treat different
stays separate from each other.

To ensure the soundness of the algorithm and correct implementa-
tion, we applied common software engineering practices such as pair
programming and internal code review. However, this does not ensure
that the data set is correct and complete. During implementation, we
encountered data-related obstacles that we describe and address in
Section 4.1.

3.1. Data preparation

On creation, the Admission objects gather all relevant data for their
corresponding hospital admission from the database. A major obstacle
is collecting the relevant data items from different subsystems of the
hospital information system while maintaining sufficiently low runtime
and runtime complexity. These are data on alarms, set numerical
ventilation parameters (for example oxygen flow or fraction of inspired
oxygen), airway devices (for example endotracheal tube, oxygen mask),
ventilation devices (different models from different manufacturers),
and ventilation modes (for example SIMV — Synchronised Intermittent
Mandatory Ventilation or CPAP — Continuous Positive Airway Pres-
sure), and device modes (on, off, or standby). To gather alarms, we
query the identifier and time for all alarm log entries where an oxygen
saturation low alarm started for the hospital admission (hadm) at hand
(top left in Fig. 1). The numerical parameters of interest (Table 3) reside
in the chartevents table. We filter for nonsensical values — below the
minimum value or above the maximum value — while querying the data
(top left, below the alarm logs query in Fig. 1).

Airway devices. Gathering data on airway devices has two parts: When
a new airway device is introduced, the device’s name is written to
chartevents. We load the charted time and the airway device’s name
for each event from the database and add placeholder columns for the
ventilation device, the ventilation mode, and the device mode (left in
Fig. 1, as “airway device insertions”). We need the placeholder columns
later on when we merge airway devices, ventilation devices, ventilation

modes, and device modes — to get a holistic image of the respiratory
support therapy the patient receives. Additionally, we need to consider
when patients have no airway device or when it is removed. The
respective information also resides in chartevents and we represent it
by setting the airway device’s name to an empty string (central in Fig. 1,
as “airway device removals”).

Ventilation data. The procedures table always records the ventilation
device and ventilation mode together. Again, we load the time when
the new ventilation device and/or mode was introduced and the cor-
responding names for the ventilation device and mode. This time, we
add placeholder columns for the airway device and the device mode for
later merge operations (bottom left in Fig. 1, as “ventilation devices and
modes”).

The chartevents table holds information on the device mode for the
ventilation device. We need the device mode to determine whether
the ventilation device is currently active or on standby. This time, we
add placeholder columns for airway device, ventilation device, and
ventilation mode (central in Fig. 1, as “device on standby?”).

Merging airway and ventilation data. Airway devices, airway device
removals, procedures, and device modes only make sense when con-
sidered together. We merge these data into one table that records all
ventilation-related events (bottom central in Fig. 1, specifics in Listing
1). In the SQL queries, we already ensured that the query results have
the same columns in the same order. This enables simple concatenation
of the query result tables for airway devices, airway device removals,
procedures, and device modes. A default event at the beginning of the
table helps in cases where the first alarm goes off before the first airway
or ventilation device is used on the patient.

To get rid of the NULL values we created in the SQL queries for the
dummy columns, we use forward fill to carry over the last recorded
value for each column in case there is none in the subsequent row. After
this, we have a holistic picture of the patient’s respiratory situation with
every row.

Device modes and ventilation devices on standby. From device mode,
we extract the information on whether the device was on standby.
Many different modes can denote standby. For convenience, we cross-
reference the device mode against a list of known standby modes to
create a boolean value for the standby information. For all airway
devices, we add the respective airway device identifier and the air-
way device level from a mapping table. The identifier is necessary to
determine the respiration support therapy level later on. The airway
device level tells us how invasive the airway device is — a piece of
information required to judge the alarm’s relevance. By considering the
airway device, ventilation device, and ventilation mode together, we
can conclude a respiration support therapy level and a level of inva-
siveness. If the ventilation device is on standby, we assign a respiration
support therapy level of zero — meaning a patient is breathing on their
own.
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a for each hospital admission (hadm)
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N
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] -— FROM alarm_logs uery alarms
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] AND alarm_indication = 'spo2_low' or each alarm
U ‘ AND alarm_start = 1 T Iy
ORDER BY alarm_start_time ASC Is the alarm clinically relevant?
hospital 3"3"“ What happened after the alarm?
admissions ogs
SELECT charttime, value H H
(hadm) o e dete.rmlne the kind of )
WHERE hadm_id = {hadm_id} query parameters respiratory therapy at alarm time
AND itemid = {parameter.ITEMID}
o, AND value >= {parameter.MIN_VALUE} check post-alarm time frame
AND value <= {parameter.MAX_VALUE} L N .
- ORDER BY charttime ASC for clinically relevant interventions

airway device insertions airway device removal
| SELECT charttime As TINE, SELECT charttime AS TIME,
<> value AS AD_TYPE, *' AS AD_TYPE,
U NULL AS VD_NAME, NULL AS VD_NAME,
U _ NULL AD VM_NAME, NULL AD VM_NAME,
= NULL ad DEVICE_MODE NULL ad DEVICE_MODE
FROM chartevents FROM chartevents
WHERE hadm_id = {hadm_id} WHERE hadn_id = {hadm_id}
charted AND itemid = 1 AND itemid = 2
events ORDER BY TIME ASC ORDER BY TIME ASC

s device on standby?

SELECT charttime AS TIME, write results
NULL AS AD_TYPE,
NULL AS VD_NAME,
NULL AD VM_NAME,
value ad DEVICE_MODE
FROM chartevents
WHERE hadm_id = {hadm_id}

ventilation devices and modes
& SELECT starttime AS TIME,

NULL AS AD_TYPE,
ordercategorydescription AS VD_NAME,

NULL ad DEVICE_MODE
FROM procedureevents
WHERE hadm_id = {hadm_id}

— o
- secondaryordercategoryname AD VM_NAME, a

RDER BY TIME A: . . ,
events 0 S¢ respiratory support therapy information

AND itemid = 3
ORDER BY TIME [SC m intervention

1
WW))

([0

query and merge

Fig. 1. Schematic overview of the data collation and annotation process. We query different data sources to get a holistic picture of the patient’s respiratory state at alarm time.
Then, we assess all clinical events in the post-alarm time frame if they are suitable to counteract the state of low oxygen saturation.

Listing 1 Merging data on airway devices, ventilation devices, ventilation modes, and device modes

import pandas as pd

def merge_events(

airway_devices, airway_device_removals, procedures, device_modes):

events = pd.concat([
DEFAULT EVENT,
airway_devices,
airway_device_removals,
procedures,
device_modes],
ignore_index=True)

events = events.sort_values(’TIME’, ignore_index=True)
events = events. fillna (method="ffill ’)

events[ ’STANDBY’] = events.DEVICE_MODE. apply (
lambda mode: mode in STANDBY_STRINGS)

events = events.join (AD_MAPPINGS, on=’ADNAME’)

events[ ’"RST_LEVEL’] = events.apply(
rst_level , axis=1, result_type=’'reduce’)

events [ "INVASIVENESS DEGREE_LEVEL’] = events.apply(

invasiveness_degree_level , axis=1, result_type='reduce’)

return events

3.2. Annotation of oxygen saturation alarms

From a high-level perspective, annotating oxygen saturation alarms
is straightforward with the data we already prepared. For each Admis-
sion, we iterate over all alarms of this Admission and check whether
there are escalations in the airway devices, in the respiration support
therapies, or the numerical parameters (top right in Fig. 1, specifics in
Listing 2).

Listing 2 High-level view on the annotation procedure

def annotate(self):

for alarmlog_id, in self.alarms.iterrows():

self.annotate_alarm(alarmlog_id)

def annotate_alarm(self, alarmlog_id):
self.check_airway_device(alarmlog_id)
self.check_respiration_support_therapies(alarmlog_id)
self.check_numerical_parameters(alarmlog_id)

Airway devices and respiration support therapies. Checking for airway de-
vice escalations and respiration support therapy escalations is straight-
forward with the ventilation events table that we previously established
in Listing 1. For both airway devices and respiration support therapies,
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we consider the table’s last entry before the alarm occurred. We assume
that it is identical to the airway device level and the respiration support
therapy level at alarm time. Then, we search through the ventilation
events in the post-alarm time window of 30 min for the intervention
with the highest airway device level or respiration support therapy
level, respectively. If the highest airway device level in the post-alarm
time window is higher than the airway device level at alarm time,
we consider this an airway device escalation; and thus the alarm is
actionable. If the highest respiration support therapy level in the post-
alarm time window is higher than the respiration support therapy level
at alarm time, we consider this a respiration support therapy escalation;
and thus the alarm is actionable.

Numerical parameters. Checking for escalations of numerical parame-
ters involves additional checks. For each parameter listed in Table 3,
we assess whether it is relevant for the respiration support therapy form
that is used at the time of the alarm. For example, the combination
of PEEP, pi,o, and pgp is only relevant in controlled ventilation
settings [22]. Therefore, we ignore these parameters when the patient
is breathing spontaneously. If we choose to consider a parameter, we
check whether the highest value for the parameter in the post-alarm
time window is higher than the parameter’s value at alarm time. If so,
we consider this an escalation for this parameter; and thus the alarm is
actionable.

3.3. Output format

We are ultimately interested in which annotation rules make an
alarm actionable. An alarm is actionable, when at least one rule applies.
When no rule yields a positive result for the alarm, the alarm is not
actionable. Initially, the Admission objects store the annotation results.
After an Admission object finishes annotating all associated alarms, the
annotation results for this admission are written back to the database.

For each rule that made an alarm actionable, we record the alarm’s
identifier, the rule’s name, and the time when the alarm became action-
able according to this rule. For rules concerning numerical parameters,
we additionally record the parameter’s value before the alarm and
the value after the alarm. For rules concerning respiration support
therapies, we additionally record the airway device, ventilation device,
ventilation mode, and device mode, according to the ventilation events
table before and after the alarm. This leads to two different tables — one
for rules concerning numerical parameters and one for rules concerning
respiration support therapies — as different rules call for different sets
of information to be recorded. By creating two output tables, we adapt
the proposed output format from the annotation guideline [3] to ensure
exact bookkeeping. We deem this necessary to thoroughly analyse how
medical staff responds to alarms. Just recording whether an alarm is
actionable or not would vastly limit the research questions that the
resulting data set can answer.

4. Results

We used the algorithm to annotate around 2.5 million oxygen
saturation alarms from multiple intensive care units at a large German
university hospital. Different intensive care units have vastly differ-
ent patient and alarm characteristics, as well as alarm policies. To
present the annotation results, we visualise annotated alarms from two
intensive care units from a period from July 2019 to June 2021.

4.1. Implementation performance & obstacles

A major obstacle is collecting the relevant data items from different
tables in the database while maintaining sufficiently low runtime and
runtime complexity. To avoid sending many requests to the database
management system and querying the same information multiple times,
we grouped the alarms by hospital admission. This vastly reduces the
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runtime of the algorithm from multiple days to annotating the whole
alarm data set to mere hours. However, we also ran into data-related
obstacles that required us to adapt our implementation accordingly.
All of which stem from erroneous or inconsistent documentation in the
original electronic health record system. We report the major obstacles
and how we addressed them.

Airway device insertions and removals. Concerning airway devices, we
noticed that the timing and order of insertions and removal are some-
times nonsensical, for example, airway devices are at times inserted
and removed again seconds after. We assume that the medical staff
wanted to document the removal of the previous airway device and
the insertion of a new one. But since the specific timing is slightly
imprecise, the order of the insertions and removal got mixed up as well.
We circumvent this issue by rounding down the charted time of airway
device removals to full minutes (Listing 3).

Listing 3 Rounding down all airway device removal times (dt is a
Python datetime object)

def floor_to_minutes(dt):
return dt.replace(second=0, microsecond=0)

airway_device_removals[ ’TIME’] = \
airway_device_removals.TIME. apply (floor_to_minutes)

Inconsistent naming. In the data set we use, medical staff could have en-
tered airway device names manually. This led to many different names
and spellings for the same device. To some extent, the annotation guide-
line already covers different names. But some inconsistencies remain.
Especially capitalisation and whitespace characters are problematic. We
address this issue by converting all airway device names to lowercase
and removing leading and trailing whitespace (Listing 4).

Listing 4 Removing leading and trailing whitespace from airway device
names and converting them to lowercase
airway_devices[’ADNAME’] = \

airway_devices[ ’ADNAME’ ]. str. strip (). str.lower ()

Nonsensical respiration support therapies. The annotation guideline con-
siders only combinations of airway devices and ventilation devices and
modes that make sense. It disregards nonsensical combinations, such
as controlled ventilation with an oxygen mask. However, according
to the documentation in the database, nonsensical combinations can
happen. We assume that this is also due to documentation errors. We
circumvent this issue by disregarding the airway device and determin-
ing respiration support therapy level and invasiveness level only via the
ventilation device and ventilation mode.

4.2. Annotation results

The majority of the annotated oxygen saturation alarms for the
observed cohort are non-actionable. From 139870 annotated alarms,
only 12891 are actionable (positive predictive value = 9.22%). Alarm
thresholds influence the alarm load in an ICU. Medical personnel set
these thresholds and whenever a vital parameter crosses its respective
threshold — becomes too high or too low — an alarm goes off. Thresholds
might be set according to hypoxemia ranges [23-25]. Our data set
includes oxygen saturation alarm thresholds ranging from 70% up to
99%.

Every rule of the annotation guideline led to the classification
of an oxygen saturation alarm as actionable at least a few hundred
times (Fig. A.7). Most often, only a single rule labelled an alarm as
actionable. Rule combinations — where multiple rules apply for one
alarm — are possible but occur less frequently. Alarms followed by
changes concerning the respiratory support therapy (RST) are usually
accompanied by other interventions as well (Fig. 2). Those alarms are
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Fig. 2. A heatmap showing the binary co-occurrence of interventions in conditional probability percentages, i.e. the probability that rule B applies when it is already certain that

rule A applies for a given alarm (P(B | A)).
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Fig. 3. Absolute distribution of first actionable rule after an oxygen saturation alarm over set oxygen saturation alarm threshold. We can observe that escalating the respiratory

support therapy (RST) form is the most common first intervention across alarm thresholds.

likely to be followed by an intervention concerning the airway device
(AD), an increase in Py, Or an increase in PEEP. Similarly, an increase
in Pgpp is likely to also involve an increase in PEEP and vice versa.
Interventions increasing O, rarely involve other interventions.

Up to seven rules classified a single alarm as actionable (Fig. A.8).
Most alarms (non-actionable and actionable ones) occur within the set
threshold for mild hypoxemia. The vast majority of these alarms are
actionable because a single rule (n = 22 036) triggered the annotation
algorithm. Regardless of the set threshold, the first intervention in
response to an alarm tends to be the escalation of the respiratory
support therapy form (n = 15939, Fig. 3). In comparison, the escalation
of the airway device in use only triggered first a few times (n =
280). Exploratory data analysis revealed that the change of an AD is
documented infrequently or much later than the observed post-alarm
time window of 30 min.

On average, the first intervention that makes an alarm actionable
is documented within 15 min after the alarm went off (Fig. 4). The
intervention might happen earlier because the medical documentation
might entail some delay. Staff most commonly intervenes rather quickly
by increasing high-dose oxygen flow (Flow) - if applicable — or by

escalating the respiratory support therapy (represented by RST levels,
Fig. 5).

5. Discussion

We have shown that we can determine whether an oxygen satura-
tion alarm is actionable or not. Therefore, we can decode respiratory
alarm management, specifically which medical interventions follow
oxygen saturation alarms. This means an automatic annotation of an
alarm data set is possible with the approach described in Section 3.
With this, we can automatically create a data set on annotated alarms
from an alarm log and corresponding patient data. For now, this
implementation focuses on oxygen saturation alarms but it might be
extended to other alarms later on. Algorithmically annotating alarms by
relevance was done before by Fernandes et al. but their approach was
limited to a group of 4 patients only [26]. In our work, the capability
to annotate large numbers of alarms is a novel aspect.

The annotation results show that only approximately 9% of the
alarms might have been actionable. This number conforms with ex-
isting literature: Positive predictive values regarding the relevance of
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observe that the more interventions are taken, the longer it takes for the first intervention to take place.
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Fig. 5. Distributions of time passed between occurrence of an alarm and its first relevance inducing action by action rule. Please note that this refers to the time an intervention

is documented. Prolonged time since alarm could have its cause in tedious documentation.

medical alarms range from <1% [27] to 27% [2,28]. A literature
review by Cvach et al. reports positive predictive values between 1%
and 20% [6]. A more recent review by Paine et al. reports positive
predictive values between 1% and 26% [29]. Thus, our results are well
within the expected range.

We approach the problem of alarm fatigue by finding a quantita-
tive proxy for measuring the amount of likely non-actionable alarms.
Before our annotation algorithm implementation, large amounts of non-
actionable alarms were a mere gut feeling of staff or from studies with
only a few thousand alarms. With our results, we show a potential
starting point to further investigate influencing factors on high rates of
oxygen saturation alarms and their actionability. We have conducted
studies on how actionable rates relate to staff workload. We have
shown that the number of alarms decreases during the day while the
positive predictive value increases [30]. A more surprising result on
patient outcomes was that there is no increase in alarm numbers for
patients with more severe SOFA (Sequential Organ Failure Assessment)

scores [31]. We aim to conduct further research on how actionable and
non-actionable rates relate to patient outcomes.

Future research should extend and validate our annotation results
with medical expertise, for example, by prospectively validating an-
notation results. Conversely, our data set can also help to support
or question findings from other studies. For example, we know from
previous studies, that invasive mechanical ventilation and invasive
blood pressure monitoring are likely to lead to higher alarm rates [32].
Future research could compare our retrospectively created data set to
findings attained through other methodologies. Eventually, this could
lead to a deeper understanding of alarm management in the intensive
care unit.

5.1. Limitations

Our approach has two major limitations: One conceptual limita-
tion and one technical (or operational) limitation. Conceptually, our
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approach heavily relies on the notion that (1) all interventions in the
post-alarm time frame were caused by the alarm and that (2) all alarms
that did not cause an intervention did not mandate an intervention.
Both assumptions can be challenged. Regarding (1), one might argue
that interventions in the post-alarm time frame could have another
cause. However, with the information available we cannot perform
a test for causality (for example applying the Bradford Hill criteria).
Therefore, we have to acquiesce this as an assumption knowing that
it might be false. Regarding (2), there might well be alarms that
would mandate an intervention but were not responded to with an
intervention. Pre-existing alarm fatigue symptoms or high workload
might have caused the medical staff to ignore the alarm although
intervening would have been the appropriate action. Our approach
assumes that the always responds appropriately to every alarm.

As a major technical limitation, documentation errors pose a threat
to the validity of our study. Our approach strongly relies on accurately
documented interventions and every wrong or missing information
skews the results. Low time resolution of the vital parameter mea-
surements is a similar issue, as we cannot analyse how the patient’s
situation evolved after an alarm. In the future, we might have access
to high-resolution vital parameter time series data that provide an even
better account of how the patient’s situation evolved and how alarms
affected the situation.

In the context of advancing data-driven healthcare enabled by arti-
ficial intelligence, the significance of data quality and interoperability
cannot be overstated. The acquisition of novel electronic healthcare
records must diligently consider these crucial aspects. To evaluate and
validate our implementation, we compare the annotated alarm data
with existing literature on alarm relevance in the intensive care unit.
We found the results to be plausible. Additionally, medical experts also
checked the results’ plausibility — with a positive result as well.

We found all alternative approaches to creating a data set of labelled
alarms to be not feasible (compare [3]). Manual labelling through
(compensated) crowd-sourcing is not possible, as alarm labelling re-
quires extensive, specialised medical knowledge that only medical
experts at the intensive care unit have. Drew et al. demonstrate manual
labelling by medical experts, using 4 highly trained professionals to
annotate 12,671 arrhythmia alarms [1] which is less than a tenth
of our number of annotated alarms. Furthermore, this annotation is
not algorithmic and hence not reproducible. Annotating further alarms
would - again - require extensive working time of highly trained
professionals.

Another common approach is labelling data in real-time as they are
recorded. For alarms, this would entail medical experts at the intensive
care unit labelling them as they occur. But this is also not feasible, as
the medical staff is already overburdened with tasks. Introducing an
additional labelling task would skew the results because it entails an
extra workload for the medical staff.

Schmidt et al. demonstrated a video-based approach to create a
data set of annotated alarms that does not suffer from documentation
errors [2]. But if we used video recordings instead of information from
the patient data management system we would have needed a human
expert that goes through the video recordings and annotates every
alarm manually. This would improve accuracy but also limit the data
set to much fewer alarms: Our data set consists of 139 870 alarms for
just one intensive care unit — over 15 times more compared with the
8975 alarms that Schmidt et al. report [2]. A reduced number of alarms
would impair machine learning models trained on the data set [33].
Also, video cameras can have blind spots and occlusions. Schmidt et al.
tried to avoid this issue by using two cameras in different positions in
the operating theatre. However intensive care units are much larger
and more complex environments. Many cameras and endless hours of
video analysis would be necessary to cover the whole unit. Which is
why we decided against a video-based approach. Instead, we addressed
documentation errors by removing seemingly erroneous information,
thus potentially increasing the number of non-actionable alarms.
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Table 4
Summary table.

What was already
known on the topic

+ At the intensive care unit, patient monitors notify
medical staff through audiovisual alarms when a
patient’s condition deteriorates.

» Most patient monitoring alarms are irrelevant as
they do not lead to a medical intervention as a
consequence.

+ But there are no algorithms that can discern which
alarms are relevant and which are not.

+ High numbers of irrelevant alarms lead to alarm
fatigue, endangering both patients and staff.

What this study
added to our
knowledge

+ We present an algorithm that can automatically and
efficiently label large numbers of oxygen saturation
alarms by relevance

+ The algorithm uses data from hospital information
systems and medical guidelines to determine whether
an alarm triggered a respiratory management
intervention as its consequence or not.

« Additionally, the algorithm determines how medical
staff reacted to the alarm (if they reacted).

+ We publish the algorithm and a large data set of
labelled oxygen saturation alarms alongside this paper.

5.2. Conclusion & next steps

Alarm fatigue is a major problem in today’s intensive care medicine.
Patients and staff are at risk of serious health effects through too many,
often non-actionable alarms. Algorithmic solutions are necessary to
analyse which alarms are actionable and which are not because the
sheer number of alarms would overburden every attempt of large-scale
manual annotation. We provide such an algorithmic solution.

Conceptually, our algorithm can be used in other hospitals as well
as long as this hospital can provide their clinical data in a MIMIC-IV-
like format, as proposed by Giesa et al. [20]. In practice, adaptations
might be necessary: The airway devices or ventilation devices used
at another hospital (or maybe just the names used for these devices)
might be different. This would require an update for our airway device
level mappings and respiratory support therapy level mappings. These
updates need to be done by a medical expert. Apart from these naming
issues that constitute an implementation detail that differs between
hospitals, we do not see any obstacle preventing the algorithm from
being used at other hospitals as well. Further, other clinics might
have to adapt the post-alarm time window. We chose a 30-min post-
alarm time window after screening the required data points in our
EHR. After implementing the annotation algorithm, our results (Figs. 4
and 5) show that the median time between an alarm and the first
relevant action is between 10 and 15 min. Future work should include
clinicians and technicians from other hospitals to determine the optimal
length for the post-alarm time window. This could differ between
different hospitals based on implementation details of the respective
EHR systems, for example, how often they store certain data.

Next to the algorithm that we provide, researchers can use the
vast, annotated alarm data set of oxygen saturation alarms created in
this work to help alleviate and counteract alarm fatigue. For example,
machine learning models can be trained on these data to prioritise
alarms and recommend interventions. Since the data sets differ between
hospitals (see paragraph above), the machine learning models will also
differ between hospitals and therefore have low external validity. This
could pose an implementation barrier. However, since we also publish
the annotation algorithm, a separate data set can be created for each
hospital to train a specific machine learning model on these data.
Another implementation barrier might be the question of what kind of
task the machine learning model is supposed to perform. If the model’s
task is to suppress alarms that are (probably) non-actionable, this would
manifest a much higher risk class than just an advisory system and
would thus be harder to get authority approval for. However, an advi-
sory system would add to the flood of information that the medical staff
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Fig. A.6. A histogram showing the age distribution of our patient population. The histogram is further subdivided by gender (left) and survival (right).
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Fig. A.7. A heatmap showing the binary co-occurrence of interventions in total numbers.

has to sort through and thus might be of little practical use. The medical
staff that we interviewed told us that they practically always know
how to respond to an alarm and that they do not need intervention
recommendations. The core problem for them is the sheer alarm load.
Therefore, an advisory system (as described above) should focus on
conveying a prediction on how likely the alarm is actionable, i.e. how
clinically relevant the alarm probably is. Since different standardised
alarm sounds are already used in medical devices to convey different
alarm urgencies [4], we cannot use different alarm sounds to convey
the likelihood of actionability. Therefore, we propose a traffic-light-like
system where the likelihood of actionability is colour-coded and serves
as an additional advisory system that builds upon the existing alarm
system.

We provide a large annotated oxygen saturation data set and the
algorithm source code here: 10.5281/zenodo.10021845 (see Table 4).
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