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Frequency of Passive EHR Alerts in the ICU: Another Form
of Alert Fatigue?
Vanessa Kizzier-Carnahan, DO,* Kathryn A. Artis, MD,* VishnuMohan, MB, BS,† and Jeffrey A. Gold, MD*†
Objectives: The intensive care unit (ICU) is a complex environment in
terms of data density and alerts, with alert fatigue, a recognized barrier to
patient safety. The Electronic Health Record (EHR) is a major source
of these alerts. Although studies have looked at the incidence and impact
of active EHR alerts, little research has studied the impact of passive data
alerts on patient safety.
Method:We reviewed the EHR database of 100 consecutive ICU patient
records; within, we assessed the number of values flagged as either as ab-
normal or “panic” across all data domains. We used data from our previous
studies to determine the 10most commonly visited screens while preparing
for rounds to determine the total number of times, an abnormal valuewould
be expected to be viewed.
Results: There were 64.1 passive alerts/patient per day, of which only
4.5% were panic values. When accounting for the commonly used EHR
screens by providers, this was increased to 165.3 patient/d. Laboratory
values comprised 71% of alerts, with the remaining occurring in vitals
(25%) and medications (6%). Despite the high prevalence of alerts, certain
domains including ventilator settings (0.04 flags/d) were rarely flagged.
Conclusions: The average ICU patient generates a large number of
passive alerts daily, many of which may be clinically irrelevant. Issues
with EHR design and use likely further magnify this problem. Our re-
sults establish the need for additional studies to understand how a high
burden of passive alerts impact clinical decision making and how to de-
sign passive alerts to optimize their clinical utility.
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Both alarm and alert fatigue are increasingly recognized patient
safety issue in the intensive care unit (ICU).1,2With increasing

number of alerts, clinicians often become “desensitized” to them.
This results in alarms either being ignored or inappropriately
silenced with subsequent patient harm. Consequently, excessive
alarms have been identified as a “top 10” technology hazard.2

In response to these concerns, reducing inappropriate alarms
and alerts was designated as a national patient safety goal in
2014 with further regulations anticipated in the ensuing years.3

While the vast majority of studies in the ICU have focused on au-
dible alerts (from monitors and ventilators), the Electronic Health
Record (EHR) is also a potential major source of alerts, which
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can contribute to cognitive overload. One class of EHR alerts
is active or “pop-up”warnings such as those generated with po-
tential medication interactions with Computerized Provider Or-
der Entry. These require an act by the end user to overcome and
for clinical workflow to continue, for example, closing a win-
dow or clicking on a button. The other classes of alerts are pas-
sive, such as the highlighting of potential abnormal values. In
contrast to active alerts, these do not be actively acknowledged
by the end user to continue with clinical workflow.

A number of studies have already documented the problem
of EHR alert fatigue with active alerts in the ICU. Studies of
Computerized Provider Order Entry suggest that between 52%
and 98% of medications alerts are overridden.4,5 Similar results
have been obtained with the use of clinical decision support tools
in the ICU. In 1 study, although only 2.3 alerts were generated per
patient per admission, only 41% of these were acknowledged
and acted upon.6 In a multicenter survey of Veterans Affairs
providers, the average providers stated that they were exposed
to 69 alerts/d. Furthermore, 87% stated that the number of
alerts was excessive, and almost 70% indicated that they re-
ceived more alerts than they could handle.7

Passive EHR alerts may also represent an important source
of alert fatigue in the ICU. The sheer volume of data points gen-
erated on each ICU patient daily (>2000 in the most critically
ill) and the abnormal physiology of the critically ill create po-
tential for a large number of passive alerts.8 This is most appar-
ent with laboratory values. Most EHRs determine the “normal”
range for laboratory values on the basis of healthy adults.9 How-
ever, many values, which are considered “abnormal” for healthy
individuals, may indeed be normal or acceptable for ICU pa-
tients, generating a large number of passive alerts, which would
be deemed as “false positives” by the average clinician.10

This issue is further compounded by the fact that the average
clinician may use a number of different screens in the EHR
while reviewing patient data, with certain data elements being
duplicated on many of these screens. In our previous study,
we documented that when reviewing a patient chart for rounds,
physicians visit on average 18 different screens with many data
elements and thus alerts, being replicated on many of these
screens.11 Therefore, although the potential for passive EHR
alerts in the ICU is high for the reasons mentioned, the true bur-
den of these alerts has never been quantified. Therefore, the
goals of this study are to describe the total number of passive
alerts generated daily for an ICU patient and to determine which
data domains are most and least likely to generate alerts. We
would then use previous usability data to determine the total num-
ber of alerts that the average provider would be expected to be ex-
posed to during standard clinical workflow.

METHODS
As part of a study investigating data veracity during ICU pre-

sentations, 100 consecutive medical ICU charts were investigated;
the EHR used for clinical care was Epic Care 2012 (EPIC Sys-
tems, Madison, Wis). The total number of passive alerts was
J Patient Saf • Volume 15, Number 3, September 2019

mailto:Goldje@ohsu.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.journalpatientsafety.com


J Patient Saf • Volume 15, Number 3, September 2019 Passive Electronic Health Record Alerts in the ICU
calculated for the previous 24 hours, and data classified as ei-
ther vital signs, medication related, laboratory test values, or
ventilator related. We specifically designated whether alerts
were “standard” (highlighted in red font) or represented “panic
values” (highlighted in red and a red exclamation point) as rep-
resented by our EHR.

For each data element (e.g., sodium), we determined a
“multiplier” factor to represent the number of areas that a po-
tential clinician would view the value during a standard data
during preparation for daily rounds. The multiplier was de-
termined from our previous studies employing screen and
eye tracking into an EHR simulation exercise where house
staff were instructed to review a chart and prepare for rounds.11

For analysis, we included the top 10 most frequently visited
screens, all of which were used by more than 50% of subjects.
We then calculated, for each data element, the number of times
each element would be represented on those 10 screens to de-
termine the true alert burden for each element. The study was ap-
proved by the Oregon Health and Science University institutional
review board.
FIGURE 1. Raw and total number of passive EHR alerts: 100 charts
were reviewed for the presence of alerts for a 24-hour period. The
mean number of alerts (raw) is presented on the left. The total
number of alerts (right) accounts for number of times that each
alert would be expected to be viewed during routine chart review on
the basis of objective EHR use assessments in simulated exercises.
RESULTS
The general clinical characteristic of the patients can be

found in Table 1. Overall, the mean patient generated 64.1
alerts/d with a range of 17 to 249 (Fig. 1). However, taking into
account the multiplier for each data element, this increased to a
mean of 165.3 alerts/d with a range of 41 to 615. Interestingly,
only a small fraction of these were considered panic alerts, with
a mean of 2.9 panic values per patient, representing 4.5% of the
total number of alerts.

Looking at the frequency of alerts across domains, laboratory
values were most likely to generate alerts (representing 71%
of the total alerts), followed by vitals (29%) and passive medi-
cation alerts (6%, Fig. 2A). When we accounted for the multi-
plier for each individual test, a similar trend was observed for
the total number of alerts (Fig. 2B). Interestingly, despite 48%
of subjects being on mechanical ventilation, only 8 total alerts
were recorded for any ventilator parameters, with some param-
eters never flagged as abnormal. For example, 23% of venti-
lated patients had a documented plateau pressure of less than
30 mm Hg, the established safe upper limit for patients with lung
disease, with values ranging up to 49 mm Hg with none of the
values flagged as abnormal or critical.12

When looking at individual patient data values across all data
domains, respiratory rate was the most commonly alerted param-
eter comprising 18% of the total alerts recorded. For laboratory
values, hemoglobin was the most frequently alerted laboratory
value. Furthermore, a large number of alerts were generated for
data elements, which would be considered of limited value in
the management of the critically ill, such as the mean platelet vol-
ume or red cell distribution width. A complete list of all of the
TABLE 1. Clinical Characteristics of Study Patients

Characteristic Frequency

Age 55
Sex, male, % 54
Mechanical ventilation, % 48
Vasopressor or inotrope use, % 16
Renal replacement therapy, % 8

© 2016 The Author(s). Published by Wolters Kluwer Health, Inc.
variables across all of the data domains, alert number, and multi-
pliers are found in Tables 2 to 5.
DISCUSSION
The most important finding in this study was providing an es-

timate of the total number of passive alerts that the average ICU
patient generates per day. The sheer volume of passive EHR alerts
generated per patient is immense. Given a current recommended
safe maximum ICU census of 14 patients/attending, our data sug-
gest that the average clinician would be subjected to as many as
897 alerts/ICU patient day.13,14 Assuming a mean ICU length of
stay of 3 days, this would generate nearly 2700 passive alerts
to be processed during daily review of data. When accounting
for the number of screens, the average provider would be ex-
pected to use while preparing for rounds that the total exposure
would be almost 3-fold higher than this, with an average clini-
cian potentially exposed to nearly 7000 passive alerts/d.

When looking at the distribution of the alerts, 3 trends became
apparent. First, only a small fraction of the alerts represented true
“panic” values. Second, a large number of alerts were generated in
data domains rarely used in the day-to-day management of ICU
patients by clinicians. Finally and perhaps more importantly, cer-
tain data domains never contained alerts, not because of the pres-
ence of abnormal values but rather the failure to program alert
thresholds to fire alerts for specific values even though they were
clinically significant. This is highlighted by a significant fraction
of our patients having plateau pressure of greater than 30 mm
Hg, the established threshold for ensuring application of lung-
protective ventilation and mitigation of ventilator-associated lung
injury.12 Thus, the average clinician must deal with both the inap-
propriate presence as well as the inappropriate absence of alerts.
This almost certainly contributes to alert fatigue and decreases
the impact and effectiveness of the said alerts.

The results of our study highlight the potential of customizable
EHR alert thresholds for data domains specific in EHR users'
clinical environments. In 1 study, Kilickaya et al10 documented
www.journalpatientsafety.com 247
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FIGURE 2. Number of raw and total alerts for each information domain. One hundred charts were reviewed for the presence of alerts for a
24-hour period. A, Themean number of alerts (raw) is presented (left) for each of the 4major data domains assessed. B, The total number of
alerts (right) accounts for number of times that each alert would be expected to be viewed for each data domain during routine chart review
on the basis of objective EHR use assessments in simulated exercises.
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that through creation of custom laboratory alert thresholds in
the ICU, the number of false-positive alerts could be reduced
by 38%. Our data suggest that laboratory values represent only
a fraction of these alerts and that similar work will be required
to design customized alerts for all data domains.

On the other hand, it is currently unclear what unintended
consequences, if any, customized data alerts would create. The
impact on clinician decision making and cognitive load is un-
known. It will be imperative to ensure that reducing the “sensi-
tivity” of alerts does not generate additional false negatives. In
addition, despite a goal of reducing overall clinician alert burden,
our findings suggest that certain currently underrepresented
domains, such as ventilator data, may actually generate an in-
crease number of alerts with threshold customization, thus po-
tentially negating any benefits obtained by reducing alerts in
other domains.

Our data also highlight the importance of not only understand-
ing the frequency of an abnormal value but also the true frequency
at which a clinician would be expected to be exposed to said alerts
(multiplier). The determination of these multipliers for each in-
dividual value is likely highly variable for each individual EHR
and each clinician type. This problem of data fragmentation,
as well as data being duplicated on multiple screens, termed
“overcompleteness,” has both been identified a safety issue
TABLE 2. List of Variables in Vitals Signs and Number of Alerts

Variable No. Alerts Multiplier Total No. Alerts

Temperature 10 3 30
HR 58 4 232
RR 1179 3 3537
BP (noninvasive) 371 3 1113
BP (ABP) 4 1 4
MAP 0 1 0
MAP (ABP) 0 1 0
CVP 0 1 0
CI 0 1 0
Urine output 3 3 9
O2 sat 136 3 408

ABP indicates arterial blood pressure; BP, blood pressure; CI, cardiac
index; CVP, central venous pressure; HR, heart rate; MAP, mean arterial
pressure; O2 sat, oxygen saturation; RR, respiratory rate.
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induced by current EHR workflow.15 Although it is not feasible
to know the number of screens that each individual provider
uses for each patient, the use of our controlled simulations al-
lows for identification of the most commonly used screens.
By harnessing data from our previous studies incorporating
screen tracking into a high-fidelity ICU data gathering simula-
tion, we were able to understand the typical workflow that the
average clinician embarks on while reviewing data in prepara-
tion for rounds.11 For this study, we included the top 10 screens
used, all of which used by at least 50% of individuals for determi-
nation of the multiplier and had almost a 4-fold increase on the
number of passive alerts that the clinician would be subjected.
However, given that our previous studies documented over 125
different screens used by our clinicians and many screens were
visited multiple times during data gathering, a true “worst-case”
scenario for a multiplier effect would be much higher and be-
yond the scope of the current study.

Our study does have a number of limitations. First, this was
performed in a single institution and with a single EHR; there
may be significant intra- and inter-EHR variances in both the
established alert thresholds and the degree of data fragmenta-
tion to determine the multiplier. Second, this study, though de-
scribing a large number of alerts, does not determine the extent
to which these alerts are either ignored and/or contribute to
alert fatigue/cognitive overload. This will be the focus of future
simulation-based exercises. Third, our multiplier was determined
using the averaged performance of house staff during chart re-
view. This does not take into account the number of times a screen
is revisited during preparation for rounds, a common phenome-
non observed in our previous work. Furthermore, these multi-
pliers would have to be established for each professional group
TABLE 3. List of Ventilator Variables and Number of Alerts

Variable No. Alerts Multiplier Total No. Alerts

PBW 4 1 4
Set RR 0 2 0
Tidal volume 0 2 0
PEEP 0 2 0
Plateau pressure 0 1 0
FiO2, % 0 3 0

PEEP indicates positive end expiratory pressure; RR indicates re-
spiratory rate.
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TABLE 5. List of Chemistry Variables and Number of Alerts

Variable No Alerts Multiplier Total No. Alerts
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(nurses, pharmacists, respiratory therapists) because it is well es-
tablished that each group not only can have customized inter-
faces within the EHR but likely will have different workflow
and usability patterns within that interface as well.
Sodium (Na) 116 3 348
Potassium (K) 43 3 129
Chloride (Cl) 95 3 285
Total CO2 (H2CO3) 77 3 231
Anion gap 0 2 0
Anion gap calb 86 2 172
BUN 167 3 501
Cr 161 3 483
EGFR 204 1 204
CONCLUSIONS
There is an extremely high frequency of passive alerts gener-

ated daily in the ICU, a fact compounded by the number of
places, which the average clinician visits in the EHR during
routine patient care. Improving the thresholds to ensure both
the absence and presence of appropriate alerts across all data
domains needs to be a continued focus of future EHR design
by vendors. It will be important that changes reflect a
TABLE 4. List of Hematology Variables and Number of Alerts

Variable No. Alerts Multiplier Total No. Alerts

WBC 124 4 496
RBC 163 4 652
Hemoglobin 190 4 760
Hematocrit 168 4 672
MCV 36 2 72
MCHC 52 2 104
RDW SD 138 2 276
Platelet 93 3 279
MPV 30 2 60
NRBC, % 43 2 86
NRBC, n 56 2 112
Neutrophil, % 38 2 76
Lymphocyte, % 43 2 86
Monocyte, % 19 2 38
Eosinophil, % 36 2 72
Basophil, % 2 2 4
Immature granulocyte/bands,% 32 1 32
Metamyelocytes, % 8 1 8
Myelocytes, % 5 1 5
Neutrophil, n 28 1 28
Lymphocyte, n 28 1 28
Monocyte, n 19 1 19
Eosinophil, n 6 1 6
Basophil, n 3 1 3
Immature granulocyte/band, n 25 1 25
Anisocytosis 8 1 8
Macrocytosis 0 1 0
Schistocytes 1 1 1
Target cells 0 1 0
Burr cells 0 1 0
Retic count 1 1 1
APTT 32 2 64
INR 47 2 94
Fibrinogen level 22 1 22
ATIII level 2 1 2

APTT indicates activated partial thromboplastin time; ATIII, anti-
thrombin III; INR, international normalized ratio; MCHC, mean corpus-
cular hemoglobin concentration; MCV, mean corpuscular volume; MPV,
mean platelet volume; NRBC, nucleated red blood cell count; RBC, red
blood cell; RDW, red cell distribution width; SD, Standard Deviation;
WBC, white blood cell.

Glucose, POC 350 2 700
Glucose, plasma 179 4 716
Calcium 198 3 594
Lactate 15 2 30
Magnesium 52 3 156
Phosphorous 47 3 141
Albumin 138 2 276
Protein 56 1 56
Uric acid 1 1 1
AST (SGOT) 45 1 45
ALT (SGPT) 23 1 23
ALK phos 32 1 32
LD total 10 1 10
Bili direct 10 2 20
Bili total 28 2 56
Lipase 1 1 1
Temperature 1 1 1
FiO2 (v/a) 1 2 2
pH (v/a) 79 2 158
PCO2 (v/a) 106 2 212
PO2 (v/a) 89 2 178
HCO3 (v/a) 86 2 172
Total CO2 (v/a) 44 1 44
Base excess (v/a) 1 1 1
O2 sat (v/a) 55 2 110

ALK phos indicates alkaline phosphatase; ALT, alanine aminotransfer-
ase; AST, aspartate aminotransferase; Bili, bilirubin; BUN, blood urea ni-
trogen; Cr, creatinine; EGFR, estimated glomerular filtration rate; HCO3,
Bicarbonate; LD, Lactated Dehydrogenase; O2 sat; oxygen saturation;
PCO2, partial pressure of carbon dioxide; PO2, partial pressure of Oxygen;
POC, Point of Care; V/A, venous or arterial.
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partnership between vendors, end users, and medical legal ex-
perts to acknowledge the potential impacts these changes may
have on design, cost, workflow, and medical liability.16 More im-
portantly, it will be essential that developers of EHRs and their as-
sociated applications study the impact of such changes studied
in objective, controlled, environments to determine their im-
pact on cognitive load alert fatigue and clinical decision
making.
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