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Abstract

Automa ted pa tien t monitoring systems suffer from sev eral design problems. Among them, alarm fatigue is
one of the most critical issues, as evidenced by the Sentinel Event Alert tha t The Joint Commission – the
U.S. hospital- accrediting body – recen tly issued. In this study , we expl ore fast-and-frug al heuristics tha t
may be used to prioritize pa tien t alarms, while continuing to monitor pa tien t physiol ogical sta te. By using
a combina tion of human factors methodol ogies and the theory of Distributed Cognition (DCog), we studied
alarm fatigue and its rela tionship to the under lying hospital systems. We iden tifie three specifi factors
tha t we envision to be helpful for clinical personnel: ventila tor presence, number of intravenous drips, and
number of medica tions. We discuss their applica tion in dail y hospital oper ation. We also address cost-benefi
consider ations and possible monitor designs.
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1. Introduction
In Jul y 2010, a pa tien t who suffered a sev ere blow to
the face underw ent surg ery, and was then admitted
to the hospital’ s Intensiv e Care Unit (ICU). Agita ted,
the pa tien t kept removing the pulse oximeter from
their fin er, trig gering an alarm to sound each time.
These were obviousl y false alarms, and the sta ff stopped
paying atten tion to them. How ever, a real problem soon
arose: the pa tien t’s heart rate and brea thing started
to increase, while the blood oxyg en decreased. Alarms
sounded, to no response, for an hour . Then, the pa tien t
stopped brea thing. A critical alarm sounded. Hospital
personnel final y responded, but it was too la te: the
pa tien t had suffered sev ere brain damag e [19 ].

This is not an isola ted inciden t. Alarm fatigue is
a common problem in ICUs. Approxima tel y 80% of
ICU monitor alarms are irrelev ant [36 ]. This volume
of irrelev ant alarms desensitizes nurses [43 ], leading to
inappropria te beha vior during real emerg encies [41 ].
The Joint Commission iden tifie alarm fatigue as a
threa t to pa tien t saf ety [15 ].
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In this study , we iden tify cognitiv e heuristics tha t
nurses may already be using to quickl y assess pa tien t
acuity , and we propose tha t automa ted pa tien t monitors
use such heuristics to automa ticall y prioritize physio-
logical alarms. Curren t monitors feature sim ple alarm
prioritiza tion. How ever, it appears tha t cognition is
inappropria tel y distributed. Too much of the cognitiv e
burden of determining whether a physiol ogical sta te
requires action falls on nurses or clinicians. This burden
exceeds their available cognitiv e resources, resul ting
in alarm fatigue. We conjecture tha t, by redistributing
cognition such tha t automa ted actors bear more of this
burden, they will more effectiv ely prioritize the inf or-
mation tha t they convey to clinical personnel, without
increasing the risk of an alarm being missed.

We make various research contributions in this paper .
We propose using a heuristic model to measure pa tien t
acuity , which we defin in Section 3.2 . While it is
known tha t nurses use heuristics to assess pa tien t
acuity [38 ], to our knowledg e, buil ding these heuristics
into pa tien t monitors is a novel concept. By expl oiting
our model, we propose tha t future physiol ogical
monitors prioritize alerts using such a heuristic, and
we presen t heuristics tha t have a high poten tial to
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succeed. Furthermore, we frame alarm fatigue through
the lens of Distributed Cognition (DCog). We believ e
tha t this novel approach is a necessary step, motiv ated
by the critical observ ation tha t situa tion awareness
is distributed among automa ted monitors and team
members in the ICU.

Previous liter ature [42 ] sug gests tha t we might be
able to limit alarm fatigue by making monitors less
sensitiv e – but this carries its own risks! We take a
rational approach to these trade-o ffs in Section 7, by
setting up a cost-benefi anal ysis to frame wha t it means
for alarm sensitivity to be optimal.

Finall y, in Section 8, we expl ore how pa tien t monitors
of the future might inter act with nurses, rev ealing
their decision structures, rationales, and actions, and
neg otia ting alarm limits with nurses, so tha t they are
cooper ativ e and understandable , instead of “black
boxes. ”

In the next section, we start by explaining the
background research tha t inf ormed our approach.

2. Background
Mul tiple disciplines have addressed medical alarm
fatigue. In this section, we discuss how nurses and
engineers have addressed the problem. Then, we appl y
concepts from the broader cognitiv e sciences liter ature
to the medical domain.

In 2010, Graham and Cvach [11 ] demonstr ated tha t
best -practices nurse training coul d improv e pa tien t
monitor alarm validity . They show ed tha t this training
red uced the number of critical monitor alarms in an
ICU by 43%. How ever, frequen t and comprehensiv e
training is costl y and time-consuming, and hospital
personnel rarel y underg o the necessary training to
effectiv ely sol ve this problem.

As an al terna tiv e, designers and engineers believ e
tha t good prod uct design sol ves user interf ace issues
more effectiv ely than training [4]. To address alarm
fatigue, they have recen tly made importan t adv ance-
men ts to increase the relev ance of alarms, by inte-
grating measures from mul tiple monitoring systems,
and by lev eraging sta tistical methods and artificia
intellig ence techniques. While promising, these solu-
tions have larg ely been implemen ted in sim ula tion
only [36 ],1 so there is little to no data on their impact in
the fie d. Furthermore, as we discuss in the next section,
drasticall y decreasing the percen tag e of false alarms
will likel y resul t in a new rang e of issues. This is beca use
it may lead sta ff to assume perf ect accur acy, and then to

1 In addition to effectiv ely prioritizing alarms, new medical
technol ogies shoul d sound alarms tha t nurses can easil y iden tify .
The ISO/IEC 60601-1-8 alarm set does not meet this requiremen t,
al though an al terna tiv e set does [1].

modify their beha viors to foll ow this assum ption, with-
out understanding the shortcomings of the technical
design.

2.1. HumanFactors and Ergonomics
Human factors research in differen t work domains, such
as avia tion and nuclear pow er plan t oper ation, has
addressed alarm fatigue. Notabl y, Wickens et al. [42 ] (p.
25) introd uced an importan t framew ork and practical
guidelines:

1. Use multiple alarm levels. Prioritize alarms based
on each event’s lev el of urg ency and certain ty.

2. Raise automated beta slightly. This ref ers to Signal
Detection Theory , where false positiv es may be
directl y traded off for false neg ativ es by raising
the decision criterion.

3. Keep the human “in the loop.” Humans shoul d
monitor the raw data in par allel with the
automa ted systems.

4. Improve operator understanding of alarm false
alarms. The sta tistical necessity of a high sen-
sitivity and low specificit shoul d be explained
to nurses and clinical personnel. This involves
encour aging nurses to shift how they think of
alarms, from a stim ulus intended to indica te an
error to a stim ulus intended to guide atten tion.

In this paper , we cond uct a study to address Wickens’
guidelines 1 and 3. Guideline 2 raises an importan t
question: how far can we adjust beta without exposing
pa tien ts to und ue risk? We weigh benefit and risks
Section 7. La ter, in Section 8, we return to Guideline
3, expl oring how we might keep the nurse “in the
loop” through the monitor’ s user interf ace. Although
one might hope tha t a well-designed inter action
will eng ender oper ator understanding of alarm false
alarms (indeed, we address this brief y in Section 8),
Guideline 4 seems to raise questions of training as well,
which are outside the scope of this paper . Guideline
1 recommends tha t alarms indica te their lev el of
certain ty, as well as urg ency. Although this is clear ly
importan t, we lea ve this to future work, focusing
solel y on urg ency, as measured by acuity . Future work
will need to consider how the lev el of certain ty may
determine whether or not an alarm shoul d sound.

To contextualize our anal ysis, we frame alarm fatigue
as under-trust in the alarm system. As we hin ted abov e,
when an alarm is highl y accur ate, but not perf ect , this
may resul t in over-trust [21 ]. Similar ly, Mosier et al. [29 ]
speak of automation bias, a “heuristic replacemen t
for vigilan t inf orma tion seeking and processing. ” It
manif ests as sev eral issues.

One issue is Complacency, which is observ ed when
the oper ator no longer monitors the raw sensor data,
instead rel ying on the system to issue an alarm in
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the event of a problem [28 ]. Reliance occurs when
the oper ator does not take preca utions beca use the
system does not issue any warning. Compliance occurs
when the oper ator responds to an alarm as if the
indica ted problem is trul y happening, without firs
checking for a false alarm. Finall y, after extended
periods of over-trusting automa tion, oper ators tend to
deskill [7], meaning tha t they lose the ability to perf orm
tasks man uall y. This may be remedied with regular
drills [31 ].

2.2. DistributedCognition
In heal thcare, knowledg e, work, and situa tion aware-
ness are represen ted and transf ormed collabor ativ ely,
among man y actors and artif acts. Plans chang e dynam-
icall y, beca use future sta tes of the work system are
unpredictable. DCog views cognition as distributed
among human, technol ogical actors, and cognitiv e arti-
facts (such as “to-do ” lists), as well as through time,
within specifi work systems [13 ]. We believ e tha t the
environmen t and char acteristics of critical alarms in the
ICU is a typical exam ple of a DCog system. Thus, DCog
is well-suited to help address the problem of ICU alarm
fatigue.

In DCog, responsibilities overlap verticall y in the
actor hier arch y, crea ting a shared responsibility to
catch errors. Additionall y, comm unica tion channels
are separ ated, to ensure independen t error-checks. In
the case of ICU alarms, nurses occup y a higher role
in the actor hier arch y, abov e automa ted physiol ogical
monitors. They share the responsibility of monitoring
the raw data to catch abnormalities.

2.3. CognitiveHeuristics
How do nurses monitor pa tien ts? There are accur ate
models of pa tien t acuity [12 ], such as APACHE II
and NEWS [44 ]. How ever, they are computa tionall y
intensiv e and complex, necessita ting the use of a
scoring worksheet. Simmons et al. [38 ] found tha t
nurses use heuristics to assess pa tien t acuity , rather
than perf orm men tal computa tions tha t resemble these
models. Heuristics are not necessaril y inf erior to
computa tional models [9]. In fact , Kruse et al. [20 ]
found nurse estima tion of mortality risk to be as reliable
as APACHE II.

Buil ding upon this reasoning, we recommend tha t
pa tien t monitors prioritize alarms by pa tien t acuity ,
using a heuristic tha t mimics the reasoning process of
clinical sta ff. This woul d keep the human in the loop; the
algorithm of choice must be usable in rapid decision-
making contexts.

Gig erenzer and Gaissmaier [9] adv ocate the use
of heuristics in medical domains, beca use they are
intuitiv e, easil y learned and recalled, and rapidl y
applied. These features are key to their adoption

in clinical practice [26 ]. Indeed, they have been
successfull y implemen ted to determine which pa tien ts
shoul d be sen t to a coronary care unit. By contrast ,
complex sta tistical models are unin tuitiv e, difficul t
to learn and recall, and tedious to appl y. These
consider ations provide the basis for our own guidelines
‘1’ and ‘2,’ introd uced bel ow.

Next , we expl ore the design of such a heuristic.
In order to evalua te al terna tiv e heuristic models,
we consider our previous discussion to gener ate the
foll owing criteria:

1. Nurses and other clinical personnel shoul d fin
its decision structure intuitiv e.

2. Nurses shoul d be able to rapidl y recall and use it.

3. Its par ameters shoul d be visuall y available,
red ucing noise, which can impede comm unica tion
during medical emerg encies [34 ]

4. Perhaps coun terin tuitiv ely, as discussed in Sec-
tion 2.1 , the system shoul d be inaccurate enough
to avoid over-trust , so tha t nurses continue to
monitor the raw data.

In order to understand how we may buil d on
human-f actors engineering, appl y cognitiv e heuristics,
and consider the theory of Distributed Cognition to
address the problem of alarm fatigue, we cond ucted
an expl oratory study . In the remainder of this paper ,
we describe our study , and discuss the resul ts and
concl usions tha t we drew from it.

3. Methods
We collected data in a larg e, non-teaching hospital,
located in a mid-sized metropolitan area in the
Southeastern United States. After IRB approv al, we
approached nurses on the ICU f oor and in the break -
room, inf ormed them of the benefit and risks of
participa tion, and asked them to consider participa ting
in our study .

Sev enteen nurses enrolled in our study , and we were
able to observ e approxima tel y 77% of pa tien t rooms.
Despite the rela tiv ely high number of participan ts
and the larg e amoun t of da ta we collected, sev eral
poten tial participan ts were not able to join our study ,
mainl y due to hea vy workl oad or specifi dang erous
situa tions. For exam ple, when a pa tien t required urg ent
care, interviewing the nurse woul d have endang ered
the pa tien t. Nev ertheless, in our study , out of the 7
situa tions in which more than 1 nurse iden tifie a
pa tien t as highl y acute or having “coded” (i.e., having
entered a rapidl y declining sta te) in the previous
24 hours, we were unable to observ e and sam ple
only 2 of them. In addition, occasionall y nurses were
sim pl y not in the unit , beca use they had taken the
pa tien t to radiol ogy. In 2 cases, nurses declined to
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participa te. We discuss implica tions of the unobserv ed
cases in Section 6 (Discussion), and recommend ways to
overcome these obstacles for future studies in Section 9
(Outl ook).

3.1. Exploratory InterviewPhase

In order to gather enough inf orma tion, we sched uled
6 2-hour observ ation visits to the ICU. Additionall y,
we cond ucted semi-structured interviews to iden tify
poten tial indica tors and inf orma tional sources of
acuteness, busyness, and patient progression. Bel ow, we
list typical questions tha t we used to guide our semi-
structured interviews:

1. How woul d you rate the acuity of your pa tien t, on
a scale of 1 to 5, where 5 represen ts the grea test
risk?

2. Please rate the busyness of your pa tien t, on a 1 to
5 scale, where 5 represen ts the grea test workload.

3. Wha t indica tes to you tha t their acuity is tha t
high?

4. Where did you get tha t inf orma tion?

5. Wha t are you watching tha t will indica te to you
tha t your pa tien t’s condition is improving or
worsening?

6. Who are the most acute pa tien ts in this unit right
now?

7. How do you know they are the most acute?

8. Where did you get tha t inf orma tion?

We coded the transcriptions from semi-structured
interviews in order to iden tify the variables tha t nurses
use to assess pa tien t acuity . We rev eal these in the next
section. In order to buil d initial heuristic models, we
systema ticall y gathered additional empirical da ta.

3.2. QuestionnaireDesign

The expl oratory interview phase rev ealed a number
of variables to consider . The answ ers to our semi-
structured interview questions guided theref ore the
design of a questionnaire tha t we based on sev eral
specifi areas:

Nurse Experience We asked nurses to self -report
where they stood on Benner’ s [3] novice- to-expert scale.
A Novice is one with no experience, an Advanced
Beginner has begun to see pa tterns, a Competent nurse
has 2-3 years’ experience in similar situa tions, a
Proficient nurse makes holistic decisions, anticipa tes
outcomes, and adapts plans, and an Expert no longer
relies on principles, rules, or guidelines.

Patient Acuity Kruse et al. [20 ] found tha t nurse
estima tion is as accur ate a measure of mortality risk
as APACHE II. We asked nurses, “On a scale of 1 to 5,
where ‘1’ means tha t the pa tien t is ready to transf er, and
‘5’ means they probabl y won’t make it, how acute is the
pa tien t?”

Certainty about Acuity During the semi-structured
interviews, nurses indica ted tha t sometimes they coul d
not assess acuity , beca use their pa tien t had not
arriv ed. Others men tioned tha t regular ly sched uled
measuremen ts, such as lab resul ts and scans, indica ted
the effectiv eness of trea tmen ts. We hypothesize tha t
certain ty of pa tien t acuity (1) starts low, when a pa tien t
initiall y arriv es, (2) increases when fresh resul ts arriv e,
and (3) red uces when a new trea tmen t is administered.
While acuity is the main focus of this study , we
gathered nurse certain ty perception on a 1-to-5 scale,
‘5’ represen ting complete certain ty.

Patient Busyness During our interviews, nurses
frequen tly poin ted out tha t, contrary to intuition, some
pa tien ts at low risk of mortality require more time and
atten tion than pa tien ts who face higher risk, and vice-
versa. In order to ensure tha t nurses did not report
busyness instead of acuity , we asked them to assess
pa tien ts on both dimensions. We asked, “On a scale of
1 to 5, where ‘1’ means the pa tien t can take care of
themsel ves, and ‘5’ means you must constan tly watch
them, how busy is the pa tien t?”

Identified By Others If nurses who are not assigned
to the pa tien t are able to reliabl y indica te which
pa tien ts in the unit are most acute, then indica tors
of pa tien t acuity tha t are visuall y observ able are bet-
ter candida tes for use in heuristics. We observ ed tha t
nurses comm unica te pa tien t details in inf ormal con-
versa tions. How ever, nurses cited visual observ ations,
rather than conversa tions, when asked how they knew
tha t another nurse ’s pa tien t was highl y acute. We asked
nurses, “Which pa tien ts in this unit are most acute?”
and tallied their responses.

Has Coded In hospital vernacular , “to code ” means
“to enter a rapidl y declining physiol ogical sta te,
requiring emerg ency measures. ” During a code, there
is a high likelihood of pa tien t mortality . We asked
nurses whether their pa tien t had coded in the last 24
hours. They answ ered “y es” in only 4 of 54 cases. We
considered this an insu fficien t quan tity from which to
draw concl usions, and discarded this variable prior to
anal ysis.

Medication Questions Nurses frequen tly cited their
pa tien ts’ medica tions as evidence of acuity . Interviews
sug gested tha t medica tion class and dosag e indica te
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acuity . For exam ple, man y pa tien ts have one vasopres-
sor line, and nurses do not consider this an indica tor
of high acuity . If, on the other hand, a pa tien t has six
vasopressor lines, a nurse may inf er tha t the pa tien t is
highl y acute.

How ever, there are man y medica tions, and man y
dosag e scales, which are adjusted to accoun t for
additional factors, such as weight and age. Such
mul tidimensionality demands more data than one may
gather in this study . Instead, we gathered the foll owing
3 measures, in order to broadl y char acterize medica tion
consum ption:

1. Relative Medication Quantity. For purposes of
keeping the human “in the loop,” it is necessary to
consider whether nurses have an accur ate men tal
model of the quan tity of medica tions they are
administering to their pa tien ts. We asked, “On a
scale of 1 to 5, ‘1’ being very few medica tions
and ‘5’ being the most you have ever seen, how
woul d you rate the quan tity of the medica tions
this pa tien t is on?”

2. Actual number of medications. After estima ting
rela tiv e medica tion quan tity , we asked nurses to
retriev e the exact number of unique medica tions
administered in the last 24 hours from the
Electronic Heal th Record.

3. Number of intravenous medication drips. We asked
nurses, “How man y drips does this pa tien t have,
incl uding saline, but not incl uding food? If they
have more than one line for the same medica tion,
this coun ts as more than one drip. ”

Number of Watch Variables We asked nurses, “Wha t
variables are you watching tha t indica te the progression
of this pa tien t?” Nurses indica ted a rang e of variables
as evidence of acuity . We iden tifie the foll owing
categ ories: Arterial, Fluids, Labs, Medication Dosages,
Neuromotor Status, Oral Intake, Pain, Respiratory Status,
Scans, Temperature, Urinary Output, Visuosensory Cues,
Vitals, and Wounds.

Invasive Equipment We took note of whether the
foll owing were presen t in the pa tien t’s room: Ventilator,
Chest Tube, Balloon Pump, and CRRT (Continuous
Renal Replacement Therapy). Nurses indica ted these as
evidence of acuity . How ever, we did not observ e any
Balloon Pumps or CRRTs during our study , and only
observ ed a chest tube twice, so we discarded these tw o
categ ories prior to anal ysis.

3.3. QuestionnaireAdministration Phase
In order to administer the questionnaire, we visited
the ICU for 5 additional 2-hour visits. At tha t poin t,
we had gathered 54 observ ations, and we fel t tha t

this was enough for an expl oratory anal ysis. We
interview ed all nurses who were presen t and willing
to participa te during each visit. Visits took place on
both weekda y and weekend afternoons, to sam ple a
variety of contexts. Each nurse was administered the
questionnaire described abov e.

4. Analysis and Results
In this section, we report on the anal ysis of nurse
responses in terms of certain ty in acuity assessmen ts,
how well nurses assess the quan tity of their pa tien ts’
medica tions, whether nurses who are not assigned to a
pa tien t know which nearby pa tien ts are highl y acute,
and how well each of the viable candida te factors
predict acuity .

The ordered logistic regression relies on the par allel
regression assum ption, so we accom pan y these with
Brant [5] tests of this assum ption. Low Brant p-
values indica te tha t the assum ption is likel y viola ted.
In practice, models may still be useful even if this
assum ption is viola ted. For an explana tion of this
assum ption, consul t [23 ], pag e 150.

Nurses expressed complete certain ty, ‘5’ , in their
acuity assessmen ts in 72% of cases, and nev er reported
a certain ty bel ow ‘3. ’ An ordered logistic regression
found no correla tion betw een certainty and busyness (β
= 0.07, p = 0.87, S.E. = 0.40), and passed the Brant test
(p = 0.63).

Estimated Relative Medication Quantity We ran
an ordered logistic regression betw een number of
medications and nurse-estimated medication quantity
to determine whether nurses have a well-dev eloped
men tal model of medica tion quan tities. We elimina ted
categ ories 4 and 5, beca use they contained only 3
datapoin ts in total. Figure 1 pl ots the data. We found
a significa t positiv e correla tion in support of this
hypothesis (β = 0.16, p = 0.001, S.E. = 0.05), Brant test
withstanding (p = 0.29).

Figure 1. An orderedlogistic regression indicated that nurse
estimates of relative medicationquantity predict actual number
of medications.Larger dots indicate overlappingdatapoints.We
excludedcategories4 and5 fromthe analysis dueto data paucity.
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Predicting Acuity In order to defin the terms acute
and most acute, we split acuity into approxima te
percen tiles, as shown in Table 1. We aimed to defin
the top 50% as acute, and the top 25% as most acute.
Categ ories 3-5 represen ted the top 57%, and categ ories
4-5 represen ted the top 22%.

We split number of medications into approxima te
percen tiles, as shown in Table 2. Patien ts had up to 29
medica tions, so this independen t variable has a precise
granularity . Red ucing its granularity in this way makes
the resul ts easier to interpret , since its odds ratios are
more directl y compar able with those of other predictor
variables.

Nurses reliabl y iden tifie the most acute pa tien ts in
the unit , as evidenced by a logistic regression betw een
most acute and identified by others (Odds ratio = 1.80, p
= 0.05, S.E. = 0.55). A Brant test is not applicable here,
since the dependen t variable is binary .

Figure 2 shows the marginal probabilities. In order
to obtain these marginal probabilities, we cal cula ted
the marginal probabilities of not being most acute, then
subtr acted them from 1. This was necessary beca use the
most acute pa tien ts are define as uncommon, resul ting
in a small sam ple of most acute pa tien ts.

We ran an ordered logistic regression to determine
the exten t to which each candida te predictor variable
indica ted acuity (Table 3). Ventilator presence, number of
drips, and number of medications quartile are promising
predictors.
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Figure 2. Nearby nurses tend to knowwhois mostacute. This
chart showsthe probabilityof a patient’s acuity being a ‘4’ or a
‘5,’ as assessed by their assigned nurse,given that a numberof
nurses have identifie themas the mostacute in the unit.

Table 1. Definition of acute and most acute. We chose the
category ranges that came closest to the top 25% and 50% to
defin these terms.

Acuity Cumula tiv e Acute Most Acute
5 11.11%

Top 57% Top 22%4 22.22%
3 57.41%
2 68.52%
1 100.00%

Table 2. Percentiledefinition of number of medications. Ranges
are boundary-inclusive.

Number of Medica tions Cumula tiv e
2-5 20.37%

6-10 50.00%
11-15 75.93%
16-29 100.00%

Table 3. Ordered logistic regression results show the ability
to predict if a patient is acute (OR = Odds Ratio, S.E. =
Standard Error, C.I.= Confidenc Interval,Qtl. = Quartile, Vrs.
= Variables)

Predictor OR p-value S.E. 95% C.I.
Ventila tor 13.84 0.03 16.61 1.32 - 145.43

# Drips 2.27 0.10 1.13 0.85 - 6.05
# Meds Qtl. 1.12 0.16 0.09 0.95 - 1.31
# Watch Vrs. 1.02 0.96 0.40 0.47 - 2.20

Constan t 0.11 0.03 0.10 0.02 - 0.73

5. Exploring Potential Heuristics
In this section, we compare the accur acy of ordinal
logistic regression models with fast-and-frug al tree
models, a common cognitiv e heuristic [9]. We provided
the rationale and explana tion for designing heuristics
in Section 2.1 . We trained our heuristic models to
distinguish betw een pa tien ts who were and were not
acute, as define in Table 1.

In order to cond uct the comparison, we split the data
9 ways by selecting every 9th datapoin t in all 9 possible
ways. This resul ted in 9 combina tions of training and
testing sets, each with 48 training datapoin ts and 6
testing datapoin ts. In order to gener ate fast-and-frug al
trees, we used Kass’ s [16 ] decision tree algorithm,
implemen ted in Stata by Luchman [24 ]. Figure 3 shows
the resul ting trees.

We trained and tested the tw o models on each of the
9 segmen t pairs using each of 4 sets of independen t
variables:

1. Ventilator presence only.

2. Ventilator presence and number of drips.

3. Ventilator presence and medication quantity quar-
tile.

4. All 3 variables.

We compared accur acy betw een the ordinal logistic
regression and the fast-and-frug al tree models using
the Wilcoxon test of pairwise comparisons. Jaimes et. al
[14 ] also used this method to compare logistic models
with neur al netw orks. As Table 4 shows, there is little
reason to believ e tha t the models differ in accur acy.
We define 57% of pa tien ts as acute (see Table 1), so
a naïv e classifie woul d classify all pa tien ts as acute,
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achieving 57% accur acy. As Table 4 shows, both models
perf ormed significa tly better than chance.

6. Discussion
In previous sections, we expl ored and anal yzed
nurse ’s men tal models of pa tien t acuity , proposing
heuristic models to mimic the structure of their acuity
assessmen t process. Here, we discuss the resul ts in
detail.

6.1. Certainty
Nurses expressed high certain ty in their acuity
assessmen ts. Nurse assessmen ts of acuity are a reliable
predictor of mortality risk [20 ], so this confidenc may
have been well-placed. Overconfidenc bias [8] may
have pla yed a role as well. In our interviews, tw o
nurses reported tha t they face pressure from famil y
members and physicians to express confidence even
when they feel uncertain, since expressing uncertain ty
is met with consequence from both parties. Indeed,
Tayl or [39 ] found tha t nurse confidenc is key to
pa tien t-perceiv ed competence. While we, the observ ers,
were not physicians or famil y members, nurses may
presen t confidenc habituall y.

Additionall y, we hypothesized in Section 3.2 tha t
pa tien ts tend to arriv e in an uncertain sta te, and tha t
certain ty is repea tedl y recov ered and red uced as new
observ ations are taken and trea tmen ts are attem pted.
While this is not the focus of this study , it is still worth
noting, especiall y beca use, in our study , nurses with
new pa tien ts who had just arriv ed quickl y became too
busy to participa te. This coul d explain the clustering
of certain ty in the higher categ ories. While there does
not appear to be a correla tion betw een certainty and
busyness, this may be due to the paucity of low-certain ty
sam ples.

6.2. Estimates of MedicationQuantity
Overall, nurse perception of rela tiv e pa tien t medica tion
quan tity coincided well with actual quan tity . How ever,
most did not readil y report a medica tion quan tity .
They tended to fin the measure unin tuitiv e, and
most appeared to cond uct a men tal inventory bef ore
reporting an answ er. Sev eral nurses carried around a
sheet of handwritten paper tha t listed “to-do ” notes
and medica tions to administer 2 ; these nurses seemed
to report rela tiv e medica tion quan tity more quickl y,
sometimes even without looking at their paper .

In contrast to the number of medica tions, nurses
seemed to report the number of drips and the presence
of a ventila tor quickl y. We hypothesize tha t the men tal

2 These may be the “br ain” artif acts observ ed by others (e.g., [30 ], [27 ])

availability of these variables is affected by observ ation
frequency , perhaps due to the effect of spaced repetition
on reten tion [2].

6.3. PredictingAcuity

Nurses were able to iden tify the most acute pa tien ts
in the unit , even though they were not specifical y
assigned to those pa tien ts. Nurses frequen tly sta ted
tha t they were only aware of nearby pa tien ts. This may
be beca use physiol ogical monitors are configure to
displa y the nearest pa tien ts, as shown in Figure 4. Some
nurses sta ted tha t they were only aware of their own
pa tien ts; we suspect tha t nurses with particular ly busy
pa tien ts tended to respond this way.

Vitals are a strong predictor of acuity , as evidenced
by the APACHE II model [18 ]. Beca use of the physical
configu ation of the unit , vitals, like ventila tor presence
and the number of drips, are visuall y available. This
explains the assertion tha t nurses are most aware of
the sta tus of nearby pa tien ts: they are aware of the
inf orma tion available within their horizon of observation,
as iden tifie by Hutchins [13 ] (p. 268). Further work
woul d determine whether nurses are typicall y only
aware of nearby pa tien ts.

Surprisingl y, the number of variables tha t nurses
were watching was not a significa t predictor of pa tien t
acuity . While it is possible tha t the number of variables
being watched has no rela tionship with pa tien t acuity ,
it is also possible tha t this is due to the measure. Two
expert nurses poin ted out tha t sev eral variables are
watched for all pa tien ts. Both reported tha t vitals are
watched for all pa tien ts; one also reported watching
urinary output for all pa tien ts. Nev ertheless, as shown
in Table 5, vitals were the most -reported watched
variable. Nurses with more expertise may have only
reported the distinctiv e watch variables. Additionall y,
if tw o variables were listed in the same categ ory, this
was coun ted as one variable. How ever, we saw this as
necessary , beca use sometimes, participan ts woul d list
the categ ory, such as “vitals,” but other times, they
woul d list items within tha t categ ory, such as “heart
rhythm. ” While this red uced the granularity of the
measure, we do not believ e tha t it red uced the quality
of the data. Presumabl y, if there were a rela tionship
betw een the number of variables watched and acuity ,
the watched variables woul d be spread out among
sev eral categ ories (e.g. “I am watching vitals and tw o
lab values”), rather than clustered into one (e.g. “I am
watching four lab values and ignoring vitals entirel y”).

Reporting low acuity in circumstances of certain
mortality , how ever, is consisten t with the definitio
of “acuity” giv en by an expert nurse participan t: the
time and attention that a patient requires. Coinciden tall y,
this is how we define “busyness. ” In future work,
we recommend avoiding the term “acuity” al together ,
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Figure 3. These fast-and-frugal trees heuristically determinewhethera patient is acute. As shownin Table 4, they are correct
approximatelythree-fourths of the time,about as oftenas orderedlogistic regression models.

opting instead to ref er to “likelihood of mortality”
and “busyness,” in order to more closel y match
nurse vernacular , improving researcher -participan t
comm unica tion.

It is still possible tha t medica tion class and dosag e,
which we did not measure due to feasibility limita tions,
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Figure 4. Mappingof monitorsto rooms.There is one patient
and monitorper room(not shown).The monitorson the outer
desk typically show vitals fromthe six nearest patients. When
an alarm occurs,all monitorssoundthe alarm, and display the
correspondingraw data. Not drawn to scale.

Table 5. The numberofobservationsin whicheach watchvariable
was listed. Categoriesnot listed in this table had a frequencyof
zero.

Frequency Watch Variable
30 Vitals
15 Respir atory
14 Labs
12 Neuromotor
7 Urinary
5 Temper ature
2 Pain
1 Scans
1 Wounds

predict acuity . Further research woul d determine
whether this is the case. How ever, much like medica tion
quan tity , these par ameters are larg ely invisible to
emerg ency -responding sta ff. In the interest of keeping
all actors “in- the-l oop,” we recommend only using
visuall y available par ameters. We discuss this further
in Section 8.

Table 4. Comparisonof orderedlogistic regression and tree modelsto identifyacute patients.The lowbaseline p-values indicatethat
the modelsare moreaccurate than chance. The high Wilcoxon modelcomparisonp-values indicate that the modelsare unlikely to
di˙er in accuracy. “Meds” is short for MedicationQuantityQuartile.

Independen t Variables Accur acy µ Accur acy σ t-test Comparison with
57% Baseline (p-values) Model Comparison

p-valuesLogit Tree Logit Tree Logit Tree
Vent 79.26% 77.78% 13.82% 14.43% 0.0007 0.0014 0.92

Vent and Drips 79.63% 77.16% 16.20% 8.98% 0.0017 0.0001 0.55
Vent and Meds 71.48% 77.16% 17.09% 9.58% 0.0193 0.0001 0.34

Vent, Drips, and Meds 81.48% 77.78% 15.47% 7.97% 0.0008 0.0000 0.39
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7. Cost-Benefit Analysis
In Section 2.1 , we brief y men tioned Wickens’ [42 ]
second guideline for red ucing alarm fatigue: “Raise
automa ted beta slightl y.” In other words, make the
alarm system slightl y less sensitiv e. Here, we address
a key question: How far is it appropria te to adjust beta?
In this section, we frame the choice of the automa ted
monitor’ s sensitivity as a cost-benefi optimiza tion
problem.

7.1. Overviewof Signal DetectionTheory
We start with a brief overview of Signal Detection
Theory (SDT), which is often used to address problems
where there is a stim ulus one is trying to detect , and
there is noise to distinguish it from [42 ]. As shown
in Figure 5, the signal and noise are approxima ted
as Gaussian distributions. The distance betw een the
peaks is called d′ . One sets a threshol d XC , classifying
a stim ulus lev el abov e XC as “signal,” and a stim ulus
bel ow as “noise. ” The choice of XC determines the
distribution of hits (H), misses (M), false alarms
(FA), and correct rejections (CR). The ratio of the
probabilities of the amoun t of evidence XC giv en signal
or noise is called β.

P(
X 

| N
 o

r S
)

XCNoise Signal

Evidence (X)

= β

Figure 5. Visual overviewof signal detectiontheory.
To maximize accur acy, one may set the threshol d

XC such tha t β = β′ = 1, where the distributions
meet. How ever, in man y cases, such as this one, the
probabilities and costs of hits, misses, false alarms,
and correct rejections are differen t, so they must be
considered if one wishes to minimize cost. Macmillan
and Creelman [25 ] provide the foll owing formula to
determine optimal likelihood ratio β, accoun ting for
costs and benefits

βoptimal =
R(CR) − R(FA)
R(H) − R(M)

∗
p(noise)
p(signal)

(1)

Where:

• p is the a priori probability of a noise or signal
event, and

• R is the rew ard for each event-response combina-
tion. Penal ty “rew ards” are neg ativ e.

In the next section, we will discuss the complexity
introd uced by the human oper ator’s response to
automa ted β. This will prepare us to expand on
Equa tion 1.

7.2. Operator Responseto AutomatedBeta
As discussed in Section 2.1 , the oper ator adjusts their
own responses, reacting to automa ted β. For exam ple,
when the number of false alarms is too high (automa ted
β is too low), we observ e alarm fatigue; the oper ator
adjusts their own β upw ard, resul ting in an uptick in
misses!

This complica tes the overall beha vior of the work
system. Unfortuna tel y, despite a thorough search of the
liter ature, we have not found a rig orous mathema tical
model tha t predicts oper ator β as a function of
automa ted β, in order to accoun t for oper ator responses,
such as alarm fatigue.

Automation complacency is another oper ator response,
which we discussed in Section 2.1 . It may arise when
an alarm is highl y accur ate, red ucing the beneficia
effects of red undan t error-checking. How ever, this effect
means tha t an oper ator’s response conf orms to the
automa ted response, rather than devia ting from it.

7.3. Derivation
In reality , both d′ (peak -to-peak distance) and β (rela ted
to the alarm threshol d) determine the proportions of
hits, misses, false alarms, and correct rejections. For
this anal ysis, we are hol ding d′ constan t, and choosing
automa ted β.

We will use terminol ogy appropria te to this context.
Where classical SDT ref ers to the oper ator, we will
instead ref er to the care “team. ” For the team:

• A “hit ” is an attem pt to rescue

• A “miss” is a fail ure to rescue (FTR)

• A “f alse alarm ” is an unnecessary interv ention (U)

• A “correct rejection ” is normal oper ation

For parsimon y, we will assume tha t the costs and
benefit associa ted with normal oper ation, as well as
needful attem pts to rescue, are assumed by the work
system, so they are zero. Fail ures- to-rescue may resul t
in a loss of lif e or function to the pa tien t [40 ]; these
are passed on to the hospital as leg al costs. Unnecessary
interv entions immobilize resources tha t coul d be better
all ocated to pa tien ts in need, and presen t risks of
complica tions tha t may also injure the pa tien t [40 ]. Both
mistakes may crea te emotional distress and rela tionship
str ain among team members [17 ]. We will ref er to these
costs as CFTR and CU .

We defin team beta as a function of automa ted beta:
βT (βA). Then, optimal team beta is giv en by:
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βT , opt = βT (βA) =
CU
CFTR

∗
p(patient OK)

p(patient not OK)
(2)

Where:

• “Patien t OK” means tha t the pa tien t does not
require interv ention, and

• “Patien t not OK” means tha t they do.

To optimize team response, automa ted β shoul d be:

βA, opt = β−1
T

 CU
CFTR

∗
p(patient OK)

p(patient not OK)

 (3)

In other words, the optimal threshol d is the one tha t
minimizes the costs incurred by the oper ator’s response.
Additionall y, in order to use this equa tion, one must
quan tify the costs of an unnecessary interv ention and
a fail ure- to-rescue. We discuss such practical matters in
the foll owing section, as well as in Sections 9 and 10 .

7.4. Optimizationand Best Practices

In this section, we pursued an anal ytical approach
to choosing an optimal alarm sensitivity . There are,
how ever, certain barriers tha t will affect how further
research will progress. It is unlikel y tha t it will be
possible to gather team response for a wide rang e of
beta – testing inappropria te monitor settings in-the-
wil d presen ts serious ethical consider ations – but it may
be possible to measure (and then model) team response
over a smaller , more local rang e. In fact , Graham and
Cvach [11 ] raised automa ted beta within an acceptable
rang e in a hospital unit to allevia te alarm fatigue,
without apparen t consequence.

In their paper , Graham and Cvach [11 ] make no
men tion of using an anal ytical approach to determine
how far to raise automa ted beta. We surmise tha t they
relied on expert judgmen t instead. Additionall y, the
best -practices tha t they describe involve customizing
monitor alarm threshol ds to each pa tien t, and further
adjusting threshol ds as the pa tien t’s sta tus chang es.
This is an artful task, rel ying on nurse expertise and
judgmen t, and we do not believ e it can be full y
automa ted away without consequence – we elabor ate on
this in Section 8.

8. Design
Previousl y, we dev eloped constr ain ts for improv ed
pa tien t monitor design. In this section, we propose
design al terna tiv es tha t may meet these constr ain ts.
Further research will be able to answ er some of the
questions tha t arise from inspecting these proposals.

8.1. AlarmLimitCustomization
As noted in Section 7.4 , nursing best -practices for
addressing alarm fatigue curren tly involve man uall y
customizing alarm threshol ds on a per-pa tien t basis,
and modifying the threshol ds as the pa tien t’s condition
chang es [11 ]. Interestingl y, Li et al. [22 ] found tha t
man uall y adjusting alarm limits is a complica ted and
user -unfriendl y task. They proposed tha t a direct link
to the threshol d-setting pag e coul d be presen ted to
the nurse after they explicitl y ignore 5 consecutiv e
alarms. We believ e tha t consecutiv e ignores may be
a good indica tor tha t the pa tien t’s condition has
chang ed, so this woul d make it easier to foll ow Graham
and Cvach’s [11 ] recommenda tions. We additionall y
propose tha t threshol d adjustmen t be easy to access
at any time; a nurse need not be bothered by sev eral
irrelev ant alarms if they judg e tha t the pa tien t’s sta tus
has chang ed.

One might be tem pted to entirel y automa te the
process of periodicall y setting alarm threshol ds. As
men tioned in Section 7.4 , how ever, we woul d be
rel uctan t to do this. This is beca use, firs and foremost ,
periodicall y changing alarm threshol ds to match
pa tien t sta tus without inf orming the nurse coul d incur
serious consequences – we specula te tha t, with such
a design, a pa tien t coul d slowl y decline without the
nurse ’s awareness. Second, nurses who appl y Graham
and Cvach’s best -practice methods might use these
alarm limits to represen t, reinf orce, or comm unica te
the pa tien t’s sta tus. In our observ ations, for exam ple,
when there is nothing more tha t the team can do for
a pa tien t, their alarms are disabled. It is importan t to
understand artif act usag e bef ore changing its beha vior
through automa tion [45 ].

Thus, while some automa tion might save the nurse
the trouble of determining baseline values, nurses
shoul d have some degree of control in the process. How
much control is appropria te? We discuss this further
in Section 8.3 , using Sheridan and Verplank’ s [37 ]
supervised- automa tion scale (Table 6) as a guide.

At least some pa tien t monitoring systems already
feature automa tic alarm limit customiza tion [32 ],
al though whether these features are being used –
and how well they suit the needs of the heal thcare
environmen t – remains to be seen.

8.2. ChangingBehaviorBased on Acuity
How shoul d the monitor’ s inter activ e beha vior differ
betw een pa tien ts who are acute or non-acute? We
address this question in this section.

We brief y men tioned tha t some monitors can take
some of the man ual work out of customizing alarm
threshol ds to each pa tien t. For exam ple, the Philips
IntelliV ue monitor’ s man ual [32 ] sta tes tha t it can set
alarm limits based on the pa tien t’s curren t readings.
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Table 6. Levels of automationscale (after Sheridan and Verplanck[37])

10 The computer decides on everything, acts autonomousl y, ignoring the human
9 inf orms the human only if the computer decides to
8 inf orms the human only if asked, or
7 executes automa ticall y, then necessaril y inf orms the human, and
6 all ows the human a restricted time to veto bef ore automa tic execution, or
5 executes the sug gestion if the human approv es, or
4 sug gests one al terna tiv e
3 narrows the selection down to a few, or
2 the computer offers a complete set of decision/action al terna tiv es, or
1 the computer offers no assistance: human must take all decisions and action

This seems to make sense – a monitor shoul d inf orm the
nurse if the pa tien t’s condition chang es. The monitor
also features “narrow” and “wide ” threshol d settings.
The man uf acturer recommends tha t nurses use the
“narrow” limits for more acute pa tien ts, since they need
to be watched more closel y.

Since we are already considering enabling the
monitor to iden tify acute pa tien ts, we might consider
automa ticall y setting narrow er limits on more acute
pa tien ts, and wider limits on less acute pa tien ts.
How ever, it may make sense for the more frequen t
alerts tha t will resul t from narrow er limits to be
presen ted as notific tions, rather than as alarms. This
may ensure tha t nurses understand the inten tion of
these more frequen t alerts – to help them “keep
an eye” on the pa tien t, rather than to indica te the
presence of a dang erous situa tion. This is consisten t
with Wickens’ s [42 ] (p. 25) fourth guideline, “Im prov e
oper ator understanding of false alarms,” explained in
Section 2.1 .

8.3. HandlingReclassificatio Transitions
Sometimes, a pa tien t’s condition will chang e while they
are in the ICU – it may become more or less serious.
When the monitor reclassifie the pa tien t as more or
less acute, it makes sense to chang e how their alarms are
manag ed and presen ted. But how shoul d this transition
happen?

Sheridan and Verplanck [37 ] have constructed an
automa tion scale (Table 6). It woul d be worthwhile to
expl ore designs tha t all ocate more or less control to
automa tion, to determine wha t is most appropria te.
We have ill ustr ated tw o exam ple designs along this
automa tion scale in Figure 6.

8.4. Notifyingthe Nurse about Reclassificatio
When a condition chang e is detected, the monitor
shoul d inf orm the nurse. It is worth discussing how this
might be done. Shoul d the monitor interrupt the nurse
with both visual and audio notific tions? Shoul d it
inf orm the nurse via mobile phone notific tion? Shoul d

it avoid interrupting the nurse, by sim pl y displa ying
a silen t notific tion banner (such as the one shown in
Figure 6) until the nurse dismisses the notice?

We do not believ e tha t pa tien t reclassific tion is a
particular ly urg ent task, and it is known tha t too man y
low-priority interruptions in heal thcare can crea te
pa tien t saf ety risks [33 ]. This is particular ly the case
for smartphone interruptions [10 ]. Thus, at this time,
we believ e tha t the notific tion shoul d be a persisten t
notific tion banner tha t the monitor displa ys until the
nurse handles the transition. Further research will be
able to corrobor ate or contradict this ten tativ e design
recommenda tion.

ECG

80

SPO2

92

Alarms auto-adjusted.
Tap here to undo or adjust. Undo Auto-Adjustment?

[Rationale] I detected that the 
patient’s condition 
worsened, and 
narrowed their limits.

[New limits]

Cancel Undo

Adjust...

ECG

80

SPO2

92

Condition change detected.
Tap here to adjust alarm settings. Adjust Alarm Settings

[Rationale] I detected that the 
patient’s condition has 
worsened. Shall I make 
the limits narrower?

[Suggested limits and controls]

Accept Cancel

More Automation

Less Automation

Figure 6. Two alternate designs that couldbe implementedto
handle changes in patient acuity. In the top story, the monitor
promptsthe nurse to change the alarmlimits,and then suggests
new limits, which the nurse may modify.In the bottomstory,
the monitorchanges the limits automatically,then allows the
nurseto undothis, adjust the limitsmanually,or accept the new
limits. We discuss optionsfor the rationale that will appear in
the “Rationale”panels in Section 8.5.
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8.5. Revealingthe Rationale
Our goal is to keep nurses “in- the-l oop” by rev ealing
wh y the automa ted system is doing wha t it is doing.
This involves rev ealing the decision heuristic, how the
monitor applied the heuristic to the pa tien t, and the
action the monitor took based on tha t assessmen t.

It is not immedia tel y obvious wha t form of rationale
will be adopted most readil y by nurses. This is wh y we
chose to lea ve the “Ra tionale ” panels empty in Figure 6.
How ever, we discuss some possible forms bel ow:

• The monitor coul d rev eal the entire heuristic as a
tree diagr am (much like those shown in Figure 3),
and the pa th to the end. How ever, if the decision
tree becomes too complex, this diagr am coul d
become unwiel dy.

• Rev eal part of the heuristic as a diagr am – for
exam ple, the monitor coul d show the termina ting
step, or the last three steps. Nurses might dev elop
a tacit understanding of the overall decision
structure over time.

• Rev eal the entire or a part of the heuristic
as a worded narr ativ e. For exam ple, “Although
the pa tien t is not on a ventila tor, they have 6
medica tions, so I believ e they are acute. ”

Further work will be needed to determine which
presen tation will most effectiv ely convey the monitor’ s
decision rationale to nurses.

9. Outlook
The evidence sug gests tha t designers of the next
gener ation of monitors may be able to red uce alarm
fatigue while avoiding over-trust by prioritizing alarms
in a way tha t nurses understand. In this paper , we
sug gest constructing a cognitiv e heuristic for alarm
prioritiza tion, and we iden tifie variables of interest
tha t may be incorpor ated into such a heuristic. This
addresses some of the Joint Commission ’s concerns.

In future work, we plan to buil d a more accur ate
model, by integr ating physiol ogical measuremen ts into
our heuristics. We also plan to gather a larg er number
of observ ations, to accur atel y iden tify the exten t to
which each variable predicts acuity , as well as to
gather sufficien t da ta in rare categ ories, such as ball oon
pum ps, CRRTs, and chest tubes.

After collecting the data, we plan to construct
a heuristic tha t balances accur acy with complexity .
Further work will be needed in order to determine how
complex this heuristic may be made bef ore nurses no
longer fin it to be usable.

We observ ed tha t, during critical events, man y actors
respond. The room quickl y becomes noisy , with man y
people speaking at once. This has been independen tly

observ ed [34 ]. Thus, we believ e it is importan t tha t
actors are able to visuall y gather the inf orma tion they
need to assess the validity of each new alarm. We
recommend using variables tha t are directl y observ able
in the curren t technol ogical environmen t in this
heuristic.

In Section 8, we expl ored how differen t inter activ e
designs might realize differen t lev els of nurse control,
as well as presen t the monitor’ s heuristic rationale to
nurses. These inter activ e designs shoul d be tested in
realistic settings, to determine the appropria te lev el of
automa tion, as well as the most effectiv e presen tation
style.

It is widel y understood tha t stress neg ativ ely
affects human perf ormance [6]. This presen ts tw o
special consider ations. First , da ta shoul d be gathered
from stressful situa tions; beca use these contexts place
extensiv e demand on nurse atten tion and cognition, we
recommend using video recording to gather the data.
Other researchers have been able to do this in the
past (e.g. Sarcevic [35 ]). In our experience, beca use of
the perceiv ed risks posed by pa tien t priv acy laws, this
requires strong trust betw een hospital leadership and
researchers. Second, the perf ormance of constructed
heuristics in high-stress situa tions, in addition to real-
world environmen ts, will need to be studied. Due to
the difficul ty in sam pling cases where a pa tien t requires
continuous atten tion, understanding perf ormance in
high-stress contexts will likel y require testing in
sim ula ted care environmen ts.

Finall y, in Section 7, we laid the founda tion for a cost-
benefi anal ysis to determine the alarm threshol d tha t
will minimize risk. An economic anal ysis is needed,
to quan tify the expected costs of an unnecessary
interv ention, as well as fail ure- to-rescue, since the
anal ysis depends on these costs. Also, testing is needed
to model nurse response to the automa ted alarm limits,
since this is still unknown. There is reason to believ e
tha t differen t interf aces might inf uence the nurse ’s
understanding of the alarm system – in the words of
Wickens et al. [42 ] (p. 25), they might “im prov e oper ator
understanding of alarm false alarms. ” We addressed
this brief y in Section 8.2 , through our inten tion to
presen t more frequen t alerts as notific tions, intended
to help nurses “keep an eye” on more acute pa tien ts.
Thus, it may be difficul t to the effects of automa ted beta
and the interf ace on the nurse ’s response, so they may
need to be tested together .

10. Conclusion
In this paper , we iden tifie sev eral visuall y available
factors tha t predict pa tien t acuity . We propose tha t
these, and others, be used to construct a cognitiv e
heuristic to prioritize pa tien ts, and improv e alarm
manag emen t. We also recommend tha t these heuristics
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be considered in the design of future alarm systems
in the ICU. By using an understandable mechanism to
prioritize alarms, nurses will be able to better iden tify
misprioritized alarms, giving rise to an appropria te
lev el of trust in the automa ted monitoring system, and
avoiding over-trust. We recommend testing mul tiple
lev els of automa tion, mul tiple styles of decision
rationale presen tation, and heuristics of mul tiple
complexity , to determine wha t interf ace is most
appropria te. We also recommend testing nurse response
to differen t automa ted alarm threshol ds and interf ace
designs. An economic anal ysis is needed to determine
wha t automa ted alarm threshol d woul d minimize costs
incurred by adv erse alarm-rela ted events.
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