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Aim: This study aimed to determine the impact of alert frequency and relevance on alert dwell time.
Method: A 2 × 3 design was used where 127 university students completed 60 prescribing tasks and were
presented with a variable frequency of computerized alerts (low, medium and high) with variable relevance (low
and high). Participants were instructed to override an alert if it was not relevant to their prescription, and to
cancel the order if the alert signalled an error in their order.
Results: Participants presented with a small number of alerts spent more time attending to alert content than
participants presented with a medium or high number of alerts (respectively median 15.6 s vs 10.8 vs 10.2 s).
Alert relevance had no impact on alert dwell time. Alerts requiring an override response were 4.5 times more
likely to be correctly actioned than alerts requiring the order to be cancelled.
Discussion: Dwell time was inﬂuenced by alert frequency, with greater exposure to alerts associated with shorter
dwell times. We hypothesize that this was because participants came to learn that spending time on alert information was unnecessary. We propose that when users experience no consequences or feedback from overriding alerts they quickly learn that this action is more eﬃcient and so more rewarding than taking any other
action.

1. Introduction
Alerts in computerized provider order entry (CPOE) systems can
have a positive impact on prescribing behaviors [1–3]. However, there
is also a large body of work demonstrating that providers override
alerts, up to 95% of the time [4–6]. A recent systematic review of the
eﬀectiveness of medication alerts in hospital CPOE systems revealed
that approximately half of the studies examining the impact of an alert
set (e.g. drug-drug interaction alerts, dose-range alerts) on prescribing
found a positive eﬀect; the remainder found no impact or a detrimental
impact of alerts on prescribing behaviors [7].
Research evaluating alert eﬀectiveness has largely comprised assessments of alert overrides, with override rate viewed as a surrogate
inverse indicator for alert eﬀectiveness. If an alert is frequently overridden, then it naturally follows that the alert is not providing

⁎

prescribers with useful or relevant information. More recently, researchers have cautioned against using override rates as a means of
assessing alert eﬀectiveness [8,9]. This is primarily because an override
does not tell the full story about an alert’s impact on prescribing (e.g.
changes that are made to prescriptions long after the alert is triggered
and clicked past). In a study that used ﬁeld observations of prescribers
to explore prescriber-alert interactions, it was discovered that some
alerts that were overridden were still useful as they prompted prescribers to discuss information with patients [10]. This positive eﬀect
would not have been captured if alert override had been used as the
only indicator of eﬀectiveness.
Relying on override rate to assess computerized alerts also assumes
that alerts are being read and determined to be irrelevant by users. Our
research suggests that this is unlikely to be the case when users are
experiencing alert overload [11]. We shadowed teams of doctors as
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system currently in use in several leading tertiary care hospitals in
Australia, New Zealand and the United Kingdom. The study was conducted in a simulated environment, with ﬁctional patient information.
Scenarios were developed by a clinical pharmacist highly experienced
in using the CPOE system and the alerts. During the study, participants’
interactions with the system (i.e. their screens) were video recorded
using Morae® software (http://www.techsmith.com/morae.asp).

they prescribed medications on ward-rounds using a CPOE and observed a very large number of alerts being triggered (approximately
half the medication orders triggered one or more alerts). We noticed
that system users not only overrode most of the alerts triggered, but
rarely read the alert content [11].
Alert dwell time is a relatively under-explored outcome measure that
provides useful information about an alert’s impact on prescribing.
Alert dwell time is the time elapsed from the generation of an alert (i.e.
alert presentation) to dismissal of the alert window (i.e. cancel medication order or override alert) [12]. Thus, in instances where alerts are
not being read or read fully, one would expect alert dwell time to be
shorter than in cases where alerts are being attended to completely.
To date, few studies of alert dwell time have been undertaken. In a
US study, dwell time for over 100,000 computerized alerts generated
over a three-year period in a children’s hospital was calculated [12].
Median dwell time was determined to be 8 s with more frequently occurring alerts acted on faster than those that were presented only once
(7 s vs. 11 s). In experimental studies, alert dwell time (representing
‘eﬃciency with which alerts are dealt with’) has been used to examine
the impact of alert interface design on prescribing behavior [13,14].
These studies have shown that improving the design of alerts (by applying human factors principles) results in faster responses to alerts
[13,14].
In this experimental study, we set out to explore the impact of two
alert characteristics, frequency and relevance, on alert dwell time.
These two constructs were selected because they have been reported to
inﬂuence users’ attitudes and behaviour towards computerized alerts
[6,11,15,16]. That is, when users experience a large number of alerts
and alerts that are not clinically relevant to their patients, this has been
reported to lead to frustration and annoyance, and to users dismissing
alerts without fully attending to alert content.

2.3. Participants
127 university undergraduate students, including medicine, medical
science, clinical science, psychology and science students (87 females,
40 males; average age 20.8, range 17–49 years) were recruited via
advertisements in student newsletters and mailing lists, and through
posters around university campuses. Students were intentionally recruited for the study because they had no prior experience prescribing
using a CPOE system and no previous exposure to medication alerts. We
pilot tested all scenarios with non-clinical participants and sought student feedback to ensure that scenarios and alert content were understandable. An example alert appears in the Appendix (Figure A1).
To minimise participants focusing on alerts during the experiment,
students were blinded to the true purpose of the study (i.e. to examine
alert dwell time). Instead, participants were informed that the study
aimed to evaluate the usability of the CPOE system. To simulate a reallife, time-pressured prescribing environment, participants were also
instructed to complete the prescribing tasks as quickly as possible.
2.4. Study procedure
Students received a 15-minute demonstration on how to prescribe
using the CPOE system and how to respond to alerts. The same investigator (WYZ) delivered this one-on-one training to all participants,
facilitated by a series of short training videos. During training, participants were instructed to override an alert and continue with their
order if they believed the alert was not relevant to their prescription,
and to cancel or remove the order (i.e. not proceed with the prescription) if they believed the alert signalled an error in their order. Thus,
overriding alerts resulted in orders being prescribed, and adhering to
alert recommendations resulted in orders being cancelled. Alert overrides were used to determine the proportion of correct responses to
alerts. All information required to make an assessment of alert relevance (e.g. patient allergy status) was made available to participants
on the prescribing screen and on the task sheets for each of the six
scenarios (see Figures A2a and A2b in the appendix).
Training was directly followed by Phase 1, during which participants were required to order 60 medications using the CPOE system and
to respond to any computerized alerts that were triggered. As shown in
Fig. 1, students were exposed to a variable rate of alerts and a variable
rate of relevant alerts during Phase 1, depending on their allocated
group. For orders that triggered an alert, only one computerized alert
was displayed per order.

2. Method
2.1. Design
This study employed a 3 × 2 design, including three levels of alert
frequency (low, medium, and high), and 2 levels of alert relevance (low
and high) as shown in Fig. 1.
We deﬁned a relevant alert as one that conveyed an error in a
medication order, based on the patient’s characteristics (e.g. age, allergies, etc) and medications. For example, if a patient was allergic to
penicillins, prescribing a medication containing a penicillin would
trigger a relevant alert.
2.2. Testing environment
Participants completed the study using the training module of the
commercial CPOE system, MedChart® (http://www.dxc.technology/
providers/oﬀerings/139499/140202-medchart_electronic_medication_
management). MedChart® is an end-to-end medication management

Fig. 1. Study procedure. Participants received a variable number of alerts during Phase 1 but the same alerts during Phase 2.
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To assess the impact of alert frequency and relevance on alert dwell
time, all participants then completed Phase 2, where they were required
to prescribe 20 medications and experienced an alert rate and relevance
rate of 50%. Participants completed the same scenarios and were exposed to the same computerized alerts during Phase 2. Phase 2 allowed
a comparison between participants’ behaviors in the six diﬀerent
groups (who were exposed to variable levels of alerts in Phase 1) when
subsequently exposed to the same level and type of alerts (see Fig. 1).
Following completion of the study, participants were informed of
the true purpose of the study and any questions they had were answered by the researcher.
This study was approved by Macquarie University and University of
New South Wales Human Research Ethics Committee.
Fig. 2. Percentage of correct responses to alerts during Phase 2 by alert frequency group and type of response required.

2.5. Statistical analysis
Only data from Phase 2, where all participants were exposed to the
same computerized alerts, were analysed. Our primary outcome measure was alert dwell time for participants in each of the six groups
exposed to diﬀerent alert frequency and relevance. Distribution of alert
dwell time data was checked and non-parametric tests were deemed to
be appropriate. We examined whether there were diﬀerences between
groups in alert dwell time using a Kruskal-Wallis Test. Our secondary
outcome was accurate responses to alerts. We tested for diﬀerences
between groups in correct responses to alerts using a logistic regression
analysis. The relationship between alert dwell time and correct responses to alerts was examined using a logistic regression analysis, with
alert dwell time as the independent variable and response to alerts
(correct or incorrect) as the dependent variable. Descriptive statistics
were presented for demographic data. All analyses were carried out
using IBM SPSS Statistics 25 (IBM SPSS Statistics for Windows, Version
25.0. Armonk, NY: IBM Corp).

3.2. Accuracy of responses to alerts during Phase 2
We found no signiﬁcant diﬀerences between alert frequency groups
in accurate responses to alerts (Wald = 0.08, p = 0.8). Alert dwell time
was also not associated with correct responses to alerts (Wald = 0.02,
p = 0.9).
Fig. 2 shows the rate of correct responses to alerts for participants in
each group, by type of response required to alerts. As shown in Fig. 2,
when participants were required to cancel an order in response to an
alert, they made fewer correct responses than when they were required
to override the alert and continue with their order. Alerts requiring an
override were 4.5 times more likely to be correctly responded to than
alerts requiring the order to be cancelled (Wald = 51.0, p < 0.001).
4. Discussion
This experiment showed that varying the alert frequency experienced by participants resulted in signiﬁcant diﬀerences in alert dwell
time. Participants presented with a large number of alerts spent less
time attending to alert content than participants presented with a small
number of alerts. However, alert relevance appeared to have little impact on alert dwell time or correct responses to alerts.
Previous studies have shown that an individual’s attitude towards
automation and subsequent use of a system is inﬂuenced by their trust
in automation, which is impacted by the reliability or accuracy of the
automation [17]. Interestingly, we found that alert relevance (i.e. accuracy of automation) had no impact on alert dwell time or on correct
responses to alerts. We hypothesize that this was because participants
received no feedback on whether their responses to alerts were correct
or incorrect. As a result, they were unable to ascertain how reliable the
automation was, that is, how accurate the alerting system was in
identifying errors in patients’ orders. This is not inconsistent with what
occurs in practice. Feedback is rarely provided to hospital doctors on
prescribing in general [18–20], and even less so with respect to their
responses to computerized alerts. Equipped with limited information on
the consequences of their alert overrides, doctors quickly learn that the
override response is an action which allows them to proceed with their

3. Results
We found no association between alert relevance and alert dwell
time (all p > 0.05) or correct responses to alerts (Wald = 0.2,
p = 0.7), thus we collapsed the relevance groups into one. All subsequent analyses were performed on the three groups which experienced diﬀerent levels of alert frequency (high, medium and low).
3.1. Alert dwell time during Phase 2
Median dwell time during Phase 2 was 12 s (IQR: 6.6–19.8 s). We
found statistically signiﬁcant diﬀerences in dwell time by alert frequency (X2(2) = 72.6, p < 0.001). As shown in Table 1, participants
who were presented with a low rate of alerts during Phase 1 displayed
longer dwell times in Phase 2 than those who were presented with a
medium (mean rank = 745.6 vs. mean rank = 580.9, p < 0.001) or
high rate of alerts in Phase 1 (mean rank = 745.6 vs. mean rank =
544.4, p < 0.001). There was no diﬀerence in alert dwell time between those in the medium frequency group and those in the high
frequency group (p = 0.418).

Table 1
Comparison of dwell times and correct responses to alerts in the Low, Medium and High alert frequency groups during Phase 2. All participants prescribed 20
medications and were presented with the same 10 computerized alerts.
Alert frequency group

Median dwell time (seconds)

Interquartile rangec (seconds)

Number of alerts responded to correctly (%)

Low alert ratea,b (10%)
Medium alert ratea (50%)
High alert rateb (80%)

15.6
10.8
10.2

9.0 – 25.8
6.0 – 18.6
5.4 – 16.8

346 (86.7)
387 (91.1)
361 (86.2)

a
b
c

Signiﬁcant diﬀerence in median dwell time between low group and medium group.
Signiﬁcant diﬀerence in median dwell time between low group and high group.
The interquartile range represents the 25th percentile and the 75th percentile.
3
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were required to override the alert compared to when they
were required to cancel the order

order rapidly and eﬃciently.
Supporting this hypothesis is our ﬁnding that participants, in response to alerts, were more likely to correctly override an alert compared to correctly cancelling an order. This could suggest that the act of
overriding an alert produced a more favourable outcome (i.e. a complete list of medications as per the task sheet) for participants than the
alternative. Again, this aligns with research which has shown that alerts
are often viewed as a barrier to doctors quickly prescribing an appropriate medication for their patients [6,21].
Importantly, the notion of participants learning the value of overriding alerts also explains our key study result, that participants in the
low alert rate group displayed longer dwell times than those in the
medium and high alert rate groups. Following greater exposure to
alerts, participants could have come to learn that spending time on alert
information was unnecessary to complete the task.
Our study was limited in that we explored alert dwell time in a small
number of participants in a simulated environment. The practicalities of
running a study of this nature (i.e. reasonable length of time for each
session and adopting real-life alerts that were not too diﬃcult) prevented us from exposing students to a very large task burden. We did
not monitor whether participants read all relevant patient details on
screen and in the study packs, preventing us from knowing whether
alert relevance was accurately determined by users. Recruitment of
students was intentional to control previous exposure to alerts, but in
doing so, our results, especially those related to clinical relevance of
alerts, are likely to have been inﬂuenced by their limited clinical
knowledge and understanding.
Overall, this study showed that exposure to a low frequency of alerts
resulted in users spending more time attending to alert information
than exposure to a high frequency of alerts. We hypothesize that this is
because participants exposed to frequent alerts learnt the value of not
attending to alert content so they could proceed with their orders.
When users receive no consequences or feedback from overriding alerts
they quickly learn that this action is more eﬃcient and so more rewarding than taking any other action. Thus, providing feedback to
prescribers with respect to the consequences of their alert responses is
likely to lead to greater attention directed to alert content. In designing
eﬀective alerting systems, organizations should consider reviewing and
removing alerts where an override response from the user consistently
has no consequence.
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