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Situated Visual Alarm Displays Support Machine
Fitness Assessment for Nonexplainable Automation

Michael F. Rayo , Chelsea R. Horwood, Morgan C. Fitzgerald, Marisa R. Grayson, Mahmoud Abdel-Rasoul,
and Susan D. Moffatt-Bruce

Abstract—Determine if situated visual alarm displays can
support machine fitness assessment (MFA), facilitating improved
hazard recognition and alarm accuracy assessment in the presence
of inaccurate alarms. Poor performance of opaque automation is
more difficult to detect, which increases the likelihood of cascades
resulting in overall system failure. MFA reduces the negative impact
of poor automation performance. Integrated alarm visualizations
were shown to 32 nurses for 10 cases focused on patient outcome
and 17 focused on alarm quality, all using real patient data. Five
of the ten outcome cases would ultimately result in an emergency
(unbeknownst to the nurse). Alarm cases ended with a true, false,
or unnecessary alarm. Responses for nurses’ concern, confidence,
alarm quality, and intended response were recorded. Qualitative
analysis of interviews was performed. Using the situated visual
alarm displays, nurses reported less confidence (6.5 vs. 9.1, p <
0.001), more concern (5.4 vs. 1.6, p < 0.001), and more urgent
responses for emergency cases. Their alarm event detection was
better than the alarms’ detection (0.608 vs. 0.438, p< 0.001), as was
their interpretation accuracy (0.453 vs. 0.243, p < 0.001). Nurses
showed differentiated concern for emergency cases, nonemergency
cases with alarms, and those without alarms (5.4 vs. 3.8 vs. 1.6, p <
0.001). Situated visual alarm displays combining visual trends with
alarm signals improves detection of hazardous events and mitigates
the negative effects of poor opaque automation performance.
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I. INTRODUCTION

THE need for design strategies to integrate opaque artificial
intelligence (AI) technologies into high-performing joint

human–machine systems will be critically important for the
foreseeable future. This may seem to contradict the increasing
consensus in the AI community about the inherent limitations
of AI and the associated need for explainable, observable, and
transparent AI [1]. However, current opaque AI technologies
regularly outperform explainable alternatives in most settings in
terms of accuracy and efficiency. For this reason, the vast major-
ity of recent AI implementations are opaque, not explainable [1].
Replacing these technologies will not be trivial. Not only will it
take time for organizations to replace all of these technologies,
but each replacement decision, which is a type of sacrifice
judgment [2], will require that the explainable alternative must
unambiguously outperform its opaque counterpart in order to
justify the expenditure and risk to implement it. This will take
some time, and may never be fully completed.

Utilizing automation to sustain system performance in high-
stakes, high-uncertainty, high-complexity settings requires that
it contributes positively to joint human-automation activities,
even when the automation is performing poorly [3], [4]. This
is more difficult for opaque automation because it violates the
majority of guidelines for joint human-automation work [5],
leaving only one strategy left, which is to continuously optimize
the automation itself. However, the upper bound of accuracy of
current automation is not sufficient to guarantee performance
over the full range of possible or even likely scenarios. When
opaque automation fails, these failures are more likely to cascade
into overall system failures [6]–[9], which is commonly referred
to as system brittleness [10], [11]. Some of these brittleness
studies clearly show that the presence of poorly performing
automation resulted in system performance worse than that
of unaided operators [8], [9]. Simply reducing the frequency
of machine failure is not sufficient, and has been shown to
result in “robust yet fragile” systems in which the increased
complexity resulting from machine optimization also increases
the likelihood of rapid and catastrophic collapse [12].

A good example of this is in the history and present state
of threshold alarms in the healthcare industry. The inability
of modern threshold alarms to support the cognitive functions
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required to dynamically direct attention from “something that
is less important to something that is more important” [13] is
still a pressing problem. The most consequential contributor to
these alarms’ problems is their chronic lack of informativeness
[14], [15]. Alarm informativeness, or the amount of information
carried with a given alarm signal, was originally defined and
calculated as the proportion of times an alarm system correctly
detects a targeted event that has been predetermined to be
hazardous. This is traditionally defined as an alarm’s number of
true positives (TP) divided by the sum of TP and false positives
(FP) [16]. This definition was later revised by separating out
unnecessary alarms (U) from TP. Unlike FP, unnecessary alarms
correctly identify alarm events. However, they refer to alarm
events that are not hazardous in the immediate context, but
still interpret and convey them as hazardous or urgent. Said
another way, these alarms correctly identify events that do not
require operator attention. The new informativeness calculation
therefore becomes TP/(TP+FP+U) [17], and decreases as the
proportion of false and unnecessary alarms increases [14]. Low
informativeness reduces trust [18], increases response time and
likelihood to disregard alarms in general [14], [16], [19], [20],
and increases the likelihood of responding to inaccurate alarms
[21]. Together, these result in delayed or insufficient responses to
emerging hazardous conditions [22]. Even though there has been
sustained investment in opaque alarm technologies that have
been shown in simulations to increase informativeness [23]–
[26], these innovations have not translated into an appreciable
reduction in the alarm problem observed in hospitals. At the heart
of this problem are two issues that clinicians face: the inability
to determine whether or not an alarm is true, and whether a
patient event is occurring that requires an urgent response [27].
Current alarm technologies are still not well-suited to address
these issues [28].

This article explores the effectiveness of a new design strategy,
situated visual alarm displays, to address these issues. This
strategy transforms low informativeness, opaque alarms into
high informativeness, interrogatable visual displays by visually
situating alarms with other relevant environmental data, and by
expanding the definition of informativeness. This new definition
includes not only what the automation detects or interprets, but
what it effectively conveys to other agents [14]. It sidesteps the
distinction between opaque and explainable automation, instead
focusing on supporting machine fitness assessment (MFA; i.e.,
assessing the machine’s fitness to perform a particular task for a
specific situation). MFA is the goal of explainable, transparent,
and observable automation [3]. Situated displays convey more
than the embedded automation can detect or interpret, allowing
operators to visually detect gaps and other discrepancies be-
tween the alarm output and other data streams. They support the
interrelated goals of supporting hazard management, providing
operational context, and supporting alarm prioritization [29].
This facilitates MFA support even for automation that cannot
provide its own explanations or allow other agents to explain it
(i.e., projective causal reasoning, described in [30]).

In our article, situated alarm displays comprised of alarm
data overlays of physiological data of a series of real patients
that were presented to registered nurses. Display designs were

influenced by our domain knowledge attained through previous
observational research [27] and multiple representation aiding
techniques. We evaluated MFA in two ways. The first is by
outcome: we measured performance of detecting hazards and
calibrating urgency of response as the results of effective MFA.
The second is more direct: we measured participants’ ability to
discern accurate from inaccurate alarms. We sought to answer
five research questions. With the assistance of a situated alarm
display, can clinicians (RQ1) differentiate between urgent and
nonurgent patients in terms of level of concern and urgency of
response? Also, can they (RQ2) outperform the alarm system
in correctly detecting events of interest (i.e., alarm events) and
(RQ3) correctly interpret which of these events are patient haz-
ards? Finally, (RQ4) are they influenced to unduly increase their
concern for nonurgent patients if false or unnecessary alarms
are present? And (RQ5) will that influence be so strong that they
cannot differentiate between nonurgent patients with alarms and
urgent patients with alarms?

II. METHODS

A. Integrated Alarms Display Design

The design of our situated alarm display was highly influenced
by multiple representation aiding techniques to maximize the
data available to the participants without having them suffer
from data overload, a common complicating factor of data-
driven displays. These techniques included Woods’s represen-
tation design [31], the ecological interface design process [32],
and the Gestalt Laws [33]. We first selected a frame of reference,
using findings from our previous article [27]. These findings
emphasized the importance of understanding trends over time
of heart rate (HR), SpO2 (i.e., the level of oxygenation of the
blood), and blood pressure, to detect patient decompensation,
which is a rapid deterioration in the patient’s ability to main-
tain physiological function. They also emphasized the need for
quick perceptual pickup of these trends, as decompensation can
result in morbidity or mortality in minutes. In a separate study,
we found that current visual displays and auditory alarms do
not display these data at all necessary timescales. There are
displays for second-to-second dynamics, such as heart rhythm,
and hour-to-hour, such as validated vital signs in electronic
health records (EHR), but nothing that captures and conveys
the minute-to-minute dynamics [28]. This minute-to-minute
perspective of physiological measures, now possible through
a newly available data source, became the primary frame of
reference for our displays.

We used these and other data to set the alarm data in context
[31]. This allowed for direct visual comparison of the alarms
to the physiological data and the alarm thresholds (see dashed
lines, Fig. 1). These techniques are effective strategies to miti-
gate the risk of operators getting lost in crowded data displays
by increasing informativeness as data density increases [14],
[15]. With the new vital sign and alarm datasets displayed
simultaneously but independently on the same display, using
primarily a point encoding for alarms and a line encoding for
vital signs, we expected to realize the benefits of a configural
display: reduced attentional costs, increased conveyance of data
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Fig. 1. Example of integrated alarm display, with callouts describing different sections (Note: light red boxes are annotations, not present during experiment).

interactions, and increased detection of emergent phenomena
[34]. Finally, our display used the Gestalt Law of Proximity [33]
to provide instant visual association to support human–machine
common ground [35] on the agreement between alarms and vital
sign values relative to alarm thresholds. Although there is a
paucity of research on the comparative design benefits of using
proximity to encode similarity, it seemed to be an acceptable
choice in the context of the overall display design. The dis-
play used primarily analogical representations to support quick
perceptual pickup of key patterns, as they are effective in redi-
recting attention in situations of both low and high uncertainty
and complexity [36], [37].

The situated alarm display, shown in Fig. 1, shows synchro-
nized timelines for HR, mean arterial pressure (MAP), and
SpO2. HR and SpO2 values were recorded and displayed in
1-min intervals (where data were available) as small black dots.
MAP was displayed more sporadically, wherever available, also
as small black dots. Each vital sign mark was connected to the
previously recorded mark by a thin black line. Alarm marks
that corresponded with vital sign values were drawn as overlays
of the vital sign displays related to their function (e.g., heart
alarms were overlays for the HR display panel), synchronized
in time, and placed where the vital sign reading was recorded
at the time of the alarm (e.g., HR = 47). Any alarms that were
not associated with a vital sign value (e.g., no heart rhythm
detected) were represented as a vertical line at the time that the
alarm was recorded. Alarm thresholds for both HR and SpO2

were represented as horizontal dashed lines. The amount of
historical information displayed was an adjustable parameter
under the participant’s control with the default view showing
the last hour of recorded data for the patient. An interactive
slider allowed the participant to adjust the timeline and view

up to 12 h into the past. The feature was included as a means
for the nurses to explore more contextualized information about
patients they are concerned about, which may in turn change
their interpretation. It is this type of interaction that Thomas and
Cook [38] advocate for in supporting rich interactivity between
humans and machine-produced data.

The data visualizations were developed in RStudio (version
1.1.447) and displayed in a web-based browser app powered by
R Shiny (version 1.0.5).

B. Patient Case Selection

A total of 27 patient cases were selected from a dataset of
270 deidentified patients available to the research team. Cases
contained between 2 and 12 h of patient data. They also included
all auditory cardiac and respiratory (nonventilator) alarms that
occurred during the case. To answer research question 1, urgent
cases were defined as those resulting in an emergency response
team (ERT) being called. To ensure the best like-to-like com-
parison, five cases were chosen that resulted in an ERT. These
cases were called ERT. Additional five were selected that did not
result in ERT, but matched an ERT case based on the care unit,
time period, and initial diagnosis (i.e., non-ERT cases). These 10
cases were labeled as outcome cases. This matching was done so
that ERT and non-ERT cases captured time windows in which
the patients were comparable in acuity and stability. To answer
research questions 2 and 3 regarding human–machine accuracy
relative to the alarm system, the other 17 cases were drawn from
a pool of cases where alarm quality was previously annotated by
an experienced physician (i.e., alarm cases). Research questions
4 and 5, regarding the influence of alarms on concern level, were
answered by studying the differences between ERT, non-ERT,

Authorized licensed use limited to: University of North Texas. Downloaded on February 05,2026 at 00:53:48 UTC from IEEE Xplore.  Restrictions apply. 



RAYO et al.: SITUATED VISUAL ALARM DISPLAYS SUPPORT MACHINE FITNESS ASSESSMENT 987

TABLE I
CASE ATTRIBUTES AND ORDER

and false/unnecessary alarm cases. Details of each case are
shown in Table I.

ERT case data started at the beginning of the patient encounter
or 12 h before the ERT, whichever was shorter, and ended 5 min
before the ERT was called. Non-ERT cases were a randomly
selected 12-h period or the length of the encounter, whichever
was shorter. ERT cases contained between 0 and 53 total alarms,

with 0 to 6 initially visible. Non-ERT cases contained between
0 and 4 total alarms, with 0 alarms initially visible.

Alarm cases were designated as true, false, or unnecessary
(i.e., alarm quality) based on the quality of the last alarm on the
display. False alarms incorrectly detected an alarm event [17].
For example, a heart arrythmia alarm resulting from a patient
moving and jostling the sensors, or inadvertently touching or
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brushing the sensors, would be considered false. Unnecessary
alarms incorrectly interpreted an alarm event as being hazardous
[17]. For example, a low HR alarm triggered when HR drops
below 50 beats per minute (bpm) is unnecessary for a patient
with a resting HR of 48 bpm. Unnecessary alarms have also
been called nonactionable [22] and nuisance [39] alarms. All
remaining alarms were true alarms [17]. Determination of alarm
quality was made by an experienced physician through real-time,
direct observation of the alarms on the patient care unit [40]. The
detailed list of true, false, and unnecessary alarm criteria can
be found in Appendix 1 in the online addenda. Of the 17 alarm
cases, four were true, ten were false, and three were unnecessary.
The start and end time of the alarm case matched the start and end
of the direct observation period. Alarm cases contained between
3 and 119 alarms, of which a range of 1–64 were initially visible
to the clinician.

Cases were selected so that the set contained a sufficient
range of intended difficulty and had sufficient power for outcome
and alarm analyses. Difficulty was characterized as high or low
based on a trained clinical researcher’s assessment of the ability
to predict future patient status based on current data. These
determinations were aligned with classic patterns of barriers
and facilitators to event detection and sensemaking, including
aspects of data overload [41] and change blindness [42] resulting
from imperceptibly small but compounding changes over a
prolonged timescale. The number of each case type (i.e., true,
false, unnecessary, ERT, and non-ERT) was determined to get as
close as possible to the proportions found in the clinical setting,
and also provides a sufficient number for analysis. The order
in which cases were presented to clinicians was chosen so that
no two consecutive cases would be of the same type and to
mitigate any learning effects from early cases on decisions for
subsequent cases. Alarm cases were interspersed with outcome
cases. Details of the cases are shown in Table I.

C. Participants

Over a 1-month period, 32 nurses with bedside patient respon-
sibilities in a midwest multidisciplinary tertiary care medical
center participated in this article. Nurses were recruited from
multiple work shifts from intensive care, medical/surgical, car-
diac medical/surgical, and progressive care units. There were
24 female and 8 male participants. The age of the participants
ranged from 25 to 59 years old. The years of experience ranged
from 3 weeks to 31 years of direct patient care responsibilities.

D. Experimental Protocol

Each participant session began with a training case presented
on an iPad device. The interviewer described the visualization
and each of its subcomponents. After the training, the study
began by having the participants imagine that they were just
beginning a new shift. They were asked to briefly review and
assess each patient with the novel display as they would at the
beginning of a new shift. This article workflow was meant to
mimic how clinicians might use this new technology to famil-
iarize themselves with new patients or periodically monitor them
amid other duties, much like they currently do using EHR. It also

explored how this technology could benefit decision-making
if it were to be dynamically shown to a clinician when one
of their patients’ auditory alarms was triggered. Each case
consisted of the visualization created with the patient’s data.
No other patient information was shared with the participant.
Because it was meant only to simulate the brief snapshot in
time directly after viewing the visualization, no auditory alarms
were used, even though in the real environment they would be
present. Historical clinical alarms were presented in the visual
displays. All participants responded to all patient cases, unless
their clinical duties interrupted their session and they could not
be rescheduled. After each case, the following questions were
asked regarding the display:

1) Do you think the alarm is true, false, or unnecessary?
Why?

2) What do you think is happening to the patient? Why?
3) On a scale from 1 to 10 (10 being most confident) how

confident/sure are you that this is happening to the patient?
4) On a scale from 1 to 10 (10 being most worried) how

nervous/worried/concerned are you about this patient?
5) How would you respond to this patient? (A—drop current

task and go immediately to the patient, B—finish current
task and then go to the patient, C—eventually go see the
patient, or D—do not need to see the patient).

6) How did the display help or hinder you in answering the
questions above?

One interviewer and one recorder were present during all
interviews. All interviews were recorded via Echo Smartpen©
and transcribed.

E. Data Analysis

1) Distinguishing ERT From Non-ERT Cases (RQ1): Lin-
ear mixed models with random intercepts were fit to estimate
differences in the concern and confidence scores between ERT
and non-ERT cases (the primary research outcome of interest)
and, separately, between true, false, and unnecessary alarm
cases (a secondary research outcome of interest). The random
intercepts were included to account for repeated measures within
participant. All models were visually checked for the assumption
of normally distributed residuals using q-q plots and no other
transformations were necessary as the model assumptions were
not determined to be violated. Urgency of response outcomes
were compared for patient outcome cases and alarm cases using
chi-square tests.

2) Performance Differences in Event Detection and
Interpretation (RQ2,3): Alarm accuracy for the alarms in this
article was measured in two ways: correct detection of alarm
events (i.e., detection accuracy) and correct interpretation that
the alarm event is a hazard (i.e., interpretation accuracy). For
alarms, detection accuracy was defined as

TP +U

TP + FP +U

where TP is the number of TP, FP the number of FP, and U the
number of unnecessary alarms, as defined above. Interpretation
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TABLE II
SUMMARY OF RESULTS FOR ALL RESEARCH QUESTIONS

accuracy was defined as

TP
TP + FP +U

.

Human–machine detection accuracy was defined as

CIFP +CIU or TP

total cases

where CIFP is the correct identification of false alarm cases and
CIU or TP is the sum of the correct identification of TP cases,
correct identification of U cases, and cases where TP or U cases
were identified as the other. Human–machine interpretation
accuracy was defined as

CIFP +CIU +CITP

total cases

where CIFP + CIU + CITP is the sum of the correct identifica-
tion of false, unnecessary, and true alarm cases. Human–machine
accuracy was compared to alarm accuracy for both detection and
interpretation using one sample binomial tests of proportion.

3) Effect of Presence of Alarms (RQ4,5): To answer these
research questions, patient cases were redefined and combined.
This was performed because none of the non-ERT cases in the
available case dataset contained initially visible alarms, and no
participants increased the viewable timescale to see alarms on
these cases. Therefore, the nurses’ level of concern could have
solely been influenced by the presence or absence of alarms.
ERT cases were relabeled as ERT/alarm. Non-ERT cases were
relabeled as non-ERT/nonalarm. False alarm and unnecessary
alarm cases were combined, and relabeled as non-ERT/alarm.
True alarm cases were not included in this analysis because even
though there was no ERT, it may have been the result of nurse
response to the true alarm.

A linear mixed model with random intercepts (to account
for repeated measures within participant) was fit to estimate
the effect of the presence of alarms in obscuring the difference
between hazardous and nonhazardous patient conditions.

Hypothesis testing was conducted at a 5% type one error rate
(alpha = 0.05). All statistical analyses were conducted in SAS
version 9.4 (SAS Institute, Cary, NC). Results of the post-test
interview were used to generate preliminary explanations for
the statistical findings. This article complied with the American
Psychological Association Code of Ethics and was approved by
the Institutional Review Board at The Ohio State University.
Informed consent was obtained from each participant.

III. RESULTS

Participants spent, on average, 0.95–1.74 min per patient case,
which is commensurate with a brief patient review at the begin-
ning of a new shift. They correctly identified the alarm quality
in 56.0% of the true alarm cases, 30.1% of the unnecessary
alarm cases, and 43.2% of the false alarm cases. Participant
age, participant experience, and patient case duration were not
associated with any of the performance measures. A summary
of the most relevant research findings is shown in Table II.

A. Distinguishing ERT From Non-ERT Cases (RQ1)

Fig. 2 shows the results of the linear mixed model analysis for
nurse confidence and concern scores comparing ERT and non-
ERT cases. Concern was less for non-ERT cases (mean score
1.6, 95% CI 1.0 to 2.2) than for ERT cases (mean score 5.4,
95% CI 4.8 to 6.0) (mean difference −3.8 95% CI −4.4 to −3.3,
p < 0.001). Confidence for non-ERT cases (mean 9.1, 95% CI
8.6 to 9.7) was higher than for ERT cases (mean 6.5, 95% CI
5.9 to 7.0) (mean difference 2.7, 95% CI 2.2 to 3.2, p < 0.001).
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Fig. 2. Confidence and concern scores for ERT and non-ERT cases.

Fig. 3. Urgency responses for all cases.

Fig. 4. Confidence and concern scores for alarm cases.

Fig. 3 shows response urgency for all cases. Nurses reported they
did not have to see the patient for 72% of the non-ERT cases.
This was in contrast to the ERT patients where 63% of nurses
reported that they would drop everything and assess the patient
immediately (p < 0.001). Hard ERT cases were less concerning
than easy ERT cases (3.9 ± 0.63 vs. 7.5 ± 0.75). Hard non-ERT
cases were no more concerning than easy non-ERT cases (1.5
± 0.41 vs. 1.6 ± 0.6). Case difficulty was not associated with
changes in confidence.

B. Distinguishing True, False, and Unnecessary Cases (RQ1)

Fig. 4 shows the results of the linear mixed model analysis for
nurse confidence and concern scores for alarm cases, comparing
true, false, and unnecessary alarms. Alarm type showed an
overall effect (p < 0.0001). In pairwise comparisons, concern
was higher for false alarm cases (mean score 4.2 95% CI 3.5
to 4.9) than true alarm cases (mean score 3.6, 95% CI 2.9 to
4.4) (mean difference 0.6, 95% CI 0.1 to 1.1, p-value 0.028)
and unnecessary alarm cases (mean score 2.8, 95% CI 2.1 to
3.6) (mean difference 1.4, 95% CI 0.8 to 1.9, p-value < 0.001).
Concern was also higher for true alarm cases than unnecessary
cases (mean difference 0.8, 95% CI 0.2 to 1.4, p-value 0.011).
Details of response urgency are shown in Fig. 3.

TABLE III
NURSES’ LEVEL OF CONCERN BASED ON THE PRESENCE/ABSENCE OF ALARMS

AND THE PRESENCE/ABSENCE OF A RESULTANT

EMERGENCY EVENT (I.E., ERT)

Confidence for false alarm cases (estimated mean score 7.0,
95% CI 6.5 to 7.6) was less than that of true alarm cases
(estimated mean score 7.7, 95% CI 7.1 to 8.4) (mean difference
−0.7, 95% CI −1.2 to −0.2, p-value 0.006) and unnecessary
alarm cases (estimated mean score 7.7, 95% CI 7.0 to 8.4)
(mean difference −0.7, 95% CI −1.2 to −0.1, p-value 0.015).
There was no difference in the reported confidence between
unnecessary and true alarms.

C. Performance Differences in Event Detection and
Interpretation (RQ2,3)

Human–machine event detection accuracy was greater than
alarm event detection (0.608, CI 0.56–0.65 vs. 0.438, p< 0.001)
for the alarms in the article. Human–machine interpretation
accuracy was greater than alarm interpretation accuracy (0.453,
CI 0.41−0.50 vs. 0.243, p< 0.001). In total, hard true cases were
harder to identify (56 of 106 correctly identified, 42%) than easy
true cases (25 of 32, 78%, p < 0.01). Hard unnecessary cases
were also harder to identify (2 of 32, 6%) than easy unnecessary
cases (26 of 64, 41%, p < 0.001). Hard false cases were not
harder to identify (39 of 118, 30%) than easy false cases (77 of
192, 40%, p = 0.66). Case difficulty was not associated with
changes in confidence.

D. Effect of Presence of Alarms (RQ4,5)

Nurses were more concerned about ERT/alarm cases than
non-ERT/alarm cases (5.4 vs. 3.8, p < 0.0001), and more
concerned about non-ERT/alarm cases than non-ERT/no-alarm
cases (3.8 vs. 1.6, p < 0.0001). There were no ERT/no-alarm
cases. Details of this analysis are shown in Table III.

IV. DISCUSSION

Our results indicate that situated visual alarm displays miti-
gated the negative effects of imperfect alarming, allowing nurses
to discern urgent from nonurgent events and outperform alarms
in detecting and interpreting hazards. These results are promis-
ing not only for alarm displays, but represent a valuable strategy
for representing the outputs of any opaque automation.

A. Discerning Hazardous From Nonhazardous Events

Nurses were able to discern the difference between ERT
and all other cases, reporting a higher level of concern and
urgency for ERT cases and a higher level of confidence for
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non-ERT cases. They also effectively prioritized their response
to these cases, reporting that they would respond urgently (e.g.,
immediately or as their next task) to the majority (85%) of the
ERT cases and would prioritize other work (e.g., not responding
or responding eventually) for the majority (85%) of non-ERT
cases. Together, these suggest that nurses were able to quickly
pick up signals from the dense data display, form and reform
their clinical picture of the patient, and effectively assess the pa-
tients’ stability to determine their clinical response. One notable
example that illustrates this is that nurses responded urgently to
abrupt changes in one patient’s condition, but responded nonur-
gently to small, self-correcting changes in a second patient, even
though both patients’ condition had been fluctuating, and their
current state (e.g., HR and absence of recent alarms) was similar.
These observed benefits are consistent with the general benefits
consistently found by the use of analogical displays designed
to convey context through the use of empirically determined
frames of reference [31], [32].

It was interesting that participant age and years of experience
did not influence performance, and case difficulty did not always
influence performance. This is promising in that it appears
that situated alarm displays do not require extensive clinical
or technology training to realize the inherent benefits. Intended
case difficulty only affected performance for ERT, true alarm,
and unnecessary alarm cases (44% of total cases). This is a
warning to study designers that reducing case difficulty to a
unidimensional measure likely obscures the true dimensions of
complexity and difficulty.

B. Mitigating Negative Effects of Inaccurate Alarms

Although the operators’ performance was far from perfect
in correctly identifying true, false, and unnecessary alarms,
situated alarm displays reduced the negative impact of inaccu-
rate alarming in event detection and event interpretation. They
also reduced (but did not remove) the alarms’ influence in
overestimating hazards. Our findings suggest that false alarms
unnecessarily increased nurses’ concern and urgency, but did
not elevate either to the levels reported for ERT cases. Through
the situated alarm displays, nurses were able to better detect and
interpret alarmable events than alarms could on their own. This is
notable as the literature suggests that nurse performance would
have been equal or less than the alarm-only performance due to
the high proportion of false and unnecessary alarms both in the
experiment and in their operational settings [20]. These displays
allowed the nurses to recalibrate quickly, if not immediately, in
the midst of inaccurate alarming.

Although it is a laudable goal to improve an individual
alarm’s performance and strive for 100% reliability, binary
alarm systems will never achieve this goal [45]. This makes
these findings of improved human–machine performance with
imperfect, opaque automation even more timely and important.
Even though the nurses repeatedly asked for additional infor-
mation in order to be more confident in their assessment (which
the researchers did not provide), they were able to use these
rudimentary situated alarm displays to improve their assessment
of the alarms’ fitness, leading to better patient assessment.

An initially surprising finding was that nurses were more
concerned and responded more urgently to false alarms than
to true or unnecessary alarms. However, the nurses’ interview
responses revealed that they had lower confidence in the false
alarm cases, which resulted in high concern and higher urgency
responses. False alarm cases, because they were often the result
of imperfect physiological sensing because of patient movement
or poor patient-sensor connection, often had abrupt changes in
trends of the vital sign parameters due to how sensor artifact
manifests within the displays. These displays were noted to be
“busy” and “cluttered,” which also contributed to reduced con-
fidence. By contrast, true alarm cases had less abrupt changes,
resulting in higher confidence and lower urgency. This height-
ened awareness, concern, and urgency toward patients that do
not need it is a mark of overall system brittleness that is not fully
addressed by this design, and deserves future consideration.

One additional finding from the nurse interviews shows how
this joint human–machine system mitigated the negative effects
of inaccurate alarms. Nurses reported an ability to “see past” the
alarms in some cases to form a correct diagnosis of the patient
based on their interpretation of the display, resulting in a well-
calibrated response relative to the patient’s actual status.

C. Limitations

This article has a number of limitations. The collected patient
cases were all from a single medical center. Our results may not
be generalizable to other institutions. However, the cases had
alarms that were applicable to all nursing specialties tested in the
article, arguably making them relevant to all acute care nurses.
There is also the possibility of interviewer and response bias
given the study design. However, anonymity was maintained to
mitigate some concern of response bias. Two meetings were held
among researchers to maintain a consistent study process with
all participants.

Since participants were real practitioners from multiple units,
their prior experiences likely influenced their responses. Prior
articles have shown variability in safety culture among different
units within the same hospital system that can lead to different
ideas and responses to patient changes [46], [47]. There were
not enough participants to make comparisons between nursing
units. Further analysis will need to be done with a larger cohort
of nurses to evaluate differences based on unit type.

Another limitation of this article is the absence of a control
condition to compare to the situated alarm display performance.
Future articles that directly measure performance with and with-
out situated alarm displays could further validate and strengthen
this article’s findings, even though, as noted above, the alarm
literature suggests that alarm-only performance is a valid if
not slightly optimistic predictor of joint alarm-operator perfor-
mance. Future articles could also explore the separate benefits of
visually displaying alarms over time and alarms being situated
with environmental data.

Finally, this article was conducted experimentally, not in situ.
As such, there may be real-world dynamics that would affect
its generalizability. We do not believe that the displays designed
for this article were optimal, nor do we believe that we observed
behaviors and decisions that would be perfectly replicated in
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real-world settings. However, we believe that situated visual
displays coupled with auditory alarms in real clinical settings
may improve performance relative to our findings due to the
complementary attentional directing qualities of the two sensory
stimuli, the high bandwidth of vision, and the reduced cognitive
burden of using multimodal cues in high-workload settings
[48]. The general benefits of configuring complementary signals
across multiple sensory modalities should be explored further.

V. CONCLUSION

Situated alarm displays supported operators’ abilities to pre-
dict decompensation events and discern alarm accuracy. By
incorporating visual trends, they were able to evaluate departure
from norms and have more confidence in interpreting system
status and changes. Our novel displays also succeeded in mit-
igating the negative effects of false alarms, which continue to
plague automation in high-complexity, safety-critical fields.
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