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ABSTRACT
Objective Alert fatigue represents a common problem
associated with the use of clinical decision support
systems in electronic health records (EHR). This problem
is particularly profound with drug–drug interaction (DDI)
alerts for which studies have reported override rates of
approximately 90%. The objective of this study is to
report consensus-based recommendations of an expert
panel on DDI that can be safely made non-interruptive
to the provider’s workflow, in EHR, in an attempt to
reduce alert fatigue.
Methods We utilized an expert panel process to rate
the interactions. Panelists had expertise in medicine,
pharmacy, pharmacology and clinical informatics, and
represented both academic institutions and vendors of
medication knowledge bases and EHR. In addition,
representatives from the US Food and Drug
Administration and the American Society of Health-
System Pharmacy contributed to the discussions.
Results Recommendations and considerations of the
panel resulted in the creation of a list of 33 class-based
low-priority DDI that do not warrant being interruptive
alerts in EHR. In one institution, these accounted for
36% of the interactions displayed.
Discussion Development and customization of the
content of medication knowledge bases that drive DDI
alerting represents a resource-intensive task. Creation of
a standardized list of low-priority DDI may help reduce
alert fatigue across EHR.
Conclusions Future efforts might include the
development of a consortium to maintain this list over
time. Such a list could also be used in conjunction with
financial incentives tied to its adoption in EHR.

INTRODUCTION
Medication-related clinical decision support (CDS)
when implemented in electronic health records
(EHR) has the potential to reduce the frequency of
preventable adverse drug events.1 2 CDS implemen-
ted at the point of prescribing can change provider
behavior resulting in improved patient safety3 and
can also facilitate provider workflow.4 Despite these
benefits, medication-related CDS alerts are often
ignored and several studies cite very high override
rates ranging between 49% and 96%,5–7 with a
rate of 90% for drug–drug interaction (DDI) alerts
specifically.5 Kuperman et al8 cited lack of content
specificity with respect to DDI as a particular
reason for the high rates of DDI overrides.
While tailoring knowledge bases is one option to

improve DDI content specificity, it is resource
intensive and thus not feasible for most

organizations.8 To help harness the benefits of
medication-related CDS in EHR and improve the
acceptance of medication-related CDS alerts, the
Office of the National Coordinator sponsored an
effort to decrease the burden of alert fatigue.9

Peterson and Bates10 described alert fatigue as the
mental state resulting from receiving too many
alerts that consume time and mental energy, which
can cause important alerts to be ignored along with
clinically unimportant ones. Consequently, alert
fatigue may compromise patient safety by decreas-
ing the potential safety benefits of implementing
CDS in EHR. In a previous study, we described a
set of high-priority DDI that should always be
included in medication-related CDS knowledge
bases for alerting providers. The set of critical DDI
and the process employed in identifying them is
described elsewhere.11

The list of high-priority DDI consists of a small
list of interactions that meet the stringent criteria of
those drugs that should never be prescribed
together, and DDI alerting should not be restricted
to just that small list. Another approach to the
problem of DDI over-alerting is to identify DDI
that account for a significant fraction of all alerts,
which might be safely made non-interruptive by
modifying their severity level or how they are
implemented. In the context of this paper, we have
used the term ‘non-interruptive alerts’ to mean
those alerts that do not interrupt the provider’s
workflow, which consequently implies that these
alerts do not require the user to provide a response
when these are generated. In this study, we sought
to identify alerts that result from DDI that occur
often yet are nearly always overridden, suggesting
that they can safely be made non-interruptive to a
providers’ workflow in an attempt to reduce alert
fatigue. Our goal in employing a two-pronged
approach was to be able to reduce the total number
of alerts shown to providers to increase clinician
attentiveness to clinically significant alerts, thereby
improving patient safety. The aim of this study is to
describe the process used in identifying non-critical
DDI that can be safely made non-interruptive to a
providers’ workflow when using an EHR system.

METHODS
In order to conduct this analysis, we obtained the
alert logs from one academic medical center, which
employs a commercially developed EHR with a
vendor developed medication knowledge base. The
alert logs spanned a 6-month time period from
1 June 2010 to 30 November 2010 and spanned
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all levels of severity. At this institution, alerts of all severities are
generated in an interruptive manner and any alert can be over-
ridden without the provider having to document a reason.

From the alert logs we normalized the data to identify the
DDI pairs, and these interacting pairs were further normal-
ized in order to represent them as drug–class and class–class
interactions. The reason for the second stage of normaliza-
tion was to identify class-based interactions, in which
multiple members within a class would display the same
interaction characteristics. These interactions occur as a result
of the concurrent administration of drugs that have the same
or opposing pharmacologic actions and result in a change in
the sensitivity or the responsiveness to one drug in the pres-
ence of the other drug. For example, multiple agents belong-
ing to the class of non-steroidal anti-inflammatory drugs
(NSAID) may inhibit the antihypertensive effect of drugs in
the class of ACE inhibitors (captopril, enalapril, lisinopril)
and can result in hyperkalemia especially in patients with
compromised renal function. Therefore, instead of individual
agents we would represent this interaction to occur between
the classes of NSAID and ACE inhibitors.

We set the threshold for inclusion to those interactions with
override rates greater than 90% to identify those alerts that had
a high rate of override and would thus have a large contribution
to alert fatigue. The final interactions were presented to a panel
of experts who were chosen on the basis of their knowledge
and expertise in the area of medication- related decision
support, especially DDI in the use of medication knowledge
bases for EHR systems. The panel included 11 experts with
broad expertise in the domain of medication-related decision
support from the perspective of the clinician end-user, pharma-
cist, pharmacologists, and clinical informaticists. We invited
panelists with expertise in the development, implementation,
and maintenance of medication-related CDS content at aca-
demic medical centers with either their proprietary medication
knowledge bases or using a commercial knowledge base.
Panelists also represented medication knowledge base and EHR
vendors. In addition, we invited experts from regulatory bodies
such as the US Food and Drug Administration and professional
societies with an interest in this domain such as the American
Society of Health-System Pharmacy to participate on the panel.

Each panelist was provided with the list of interactions along
with information on the mechanism of the interaction, severity
level assigned in knowledge bases, such as First Databank (FDB)
(San Francisco, California, USA), Micromedex (New York,
New York, USA), Cerner Multum (Denver, Colorado, USA), the
type of interaction (pharmacodynamic/pharmacokinetic inter-
action), predisposing risk factors, and management options to
reduce the severity of interaction, in order to assess the severity
of the interaction. Each panelist was asked to assess whether the
interaction could be safely made non-interruptive or not. In
addition, panelists were asked to evaluate any exceptions to
memberships of drug classes based on literature evidence. A
consensus meeting was held by conference call to discuss pane-
lists’ ratings on the interaction. The meeting was moderated by
an expert in the domain of medication-related decision support
(DWB). Following the call, experts were asked to submit their
final ratings. These ratings were analyzed for consensus; those
interactions that did not have a clear vote were re-rated by the
panelists by providing them with additional literature evidence
and comments from other panelists to help ascertain their deci-
sion. The final ratings helped determine the set of low-priority
interactions that can be safely generated as non-interruptive
alerts in EHR.

RESULTS
The alert logs consisted of 4077 DDI pairs, which were respon-
sible for a total of 158 794 alerts being fired in the 6-month
time period. These interacting pairs were normalized to repre-
sent a final list of 1339 drug–class and class–class interactions.
Excluding interactions that accounted for less than 0.2% of
alerts in the dataset and those for which the override rates were
less than 90% produced a list of the 114 most frequently fired
DDI alert pairs. From this list, we discussed the top 50 most fre-
quently occurring DDI with the expert panel based on
the number of alerts that these DDI generated. Cumulatively,
these accounted for half the alerts that were shown to providers
and they had an average override rate of between 95.1%
and 99.3%.

The panel was asked to rate whether an interaction could be
safely made non-interruptive. Of the 50 interactions that were
assessed, one DDI, between iron salts and proton pump inhibi-
tors, was found to occur twice and was counted only once to
bring the total of reviewed interactions to 49. Votes needed to
be recast for six interactions in which a clear consensus could
not be achieved between panelists; these were interactions
between ACE inhibitors and salicylates, niacin and statins, ACE
inhibitors and NSAID, beta-adrenergic blockers and serotonin
reuptake blockers, narcotic analgesics and serotonin reuptake
blockers and between serotonin reuptake blockers and NSAID.
Following the recast of votes, two of the interactions between
narcotic analgesics and serotonin reuptake inhibitors and
between serotonin reuptake blockers and NSAID were consid-
ered significant enough to warrant interruptive alerting, while
the rest were rated as safe for non-interruptive alerting. In all,
the panel achieved consensus that 16 of the interactions should
remain interruptive in nature and that 33 could safely be
changed to non-interruptive alerts. These 33 class-based interac-
tions accounted for over a third, or specifically 36.21%, of
alerts generated in the EHR. Table 1 describes the list of low-
priority DDI that the panel assessed as safe for non-interruptive
alerting in EHR. Table 2 describes the remaining DDI from the
initial list that were assessed by the panel but determined to be
important enough to warrant an interruptive alert.

DISCUSSION
We implemented a consensus-based process that resulted in the
development of a list of DDI that can be safely generated as
non-interruptive alerts, with the aim to decrease alert fatigue.

We found that a very small number of alerts accounted for a
large proportion of interruptive alerting. This is illustrated in
supplementary figure S1 (available online only) in which 50
interactions contribute to a little more than half of the alerts
that are seen by the providers (51%). In addition, by evaluating
only those alerts that met our stringent criteria in terms of fre-
quent occurrence and those alerts that are often overridden, we
were able to identify the DDI that would make the most impact
on alert fatigue. If the 33 DDI identified here were safely made
non-interruptive one could potentially reduce alert volume by
about a third. This is an estimation based on what was observed
from one knowledge base at one academic institution and these
findings need to be further validated to ascertain the actual
impact on alert fatigue.

In comparison to previous studies, such as the one conducted
by Van der Sijs et al,12 in which individual prescribing physi-
cians were interviewed regarding their preferences for turning
off frequently overridden alerts, this study utilized a consensus-
based approach among an international panel of experts in
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medication-related CDS representing diverse perspectives. We
do not recommend completely turning off the low-priority
alerts identified here but instead presenting them non-
interruptively, which may help reduce the problem of alert
fatigue by decreasing the interruptions in a provider’s workflow.
Many commercial medication knowledge bases are over-
inclusive as a result of the fear of liability considerations.13

Knowledge base vendors are wary of legal consequences if they
do not include every potential DDI, and EHR vendors are cau-
tious of turning off alerts for drug combinations mentioned in
the literature as potentially harmful. Kesselheim et al13 assessed
product liability principles and described how medication
knowledge bases could be tailored to decrease alert fatigue
without imparting a high risk of litigation to stakeholders.

The majority of DDI assessed by the panel were not present
in more than one of the commonly used commercial knowledge
bases. This may suggest that these DDI indeed have low severity
levels and can possibly be safely made non-interruptive. It also
further validates the fact that knowledge bases differ consider-
ably in their content, and this issue has been described previ-
ously in the literature.14–18 A uniform standard for rating DDI
would be helpful as different methods exist and are used

variably by different knowledge base vendors.19 20 In addition,
there is variation in the interpretation of what constitutes a
DDI, for example, panel members differed in their interpret-
ation of whether the interaction between ACE inhibitors and
angiotensin II receptor blockers should be considered a DDI or
a therapeutic duplication caused by the underlying mechanism
of inhibition of the renin–angiotensin–aldosterone system.
Following the discussion, this interaction was included in the list
of low-priority DDI that can be safely made non-interruptive.
The current study employed a pragmatic approach by utilizing
alert logs to identify those DDI that are frequently overridden
as a starting point for the pre-selection of low-priority DDI. A
high override rate for an alert is a proxy measure that the alert
may be considered clinically irrelevant or not particularly
helpful at the time the alert is presented in most patient con-
texts. However, one should keep in mind that overriding an
alert is often clinically appropriate, and providers must make
their decisions after carefully weighing risks against benefits,
and considering other precautions such as increased monitor-
ing.5 In fact, Weingart et al21 surveyed providers regarding the
usefulness of CDS alerts, and found that 63% of the providers
took an action other than discontinuing or modifying a pre-
scription in response to an alert. Future studies should use stron-
ger empirical data, when available, to support the impact of
alerts, in addition to the use of override rates.

The list discussed here consists of several categories of DDI,
as described in table 1. A large number of these are time-
dependent interactions that occur due to co-administration
within a 2–4 h interval. Expert opinion was to make the alerts
for these drug combinations non-interruptive during order
entry. Options to prevent concomitant administration of these
combinations are changing drug administration times by the
pharmacy, or alerting nurses during electronic drug administra-
tion registration.22 Another group of alerts to be made non-
interruptive consists of drug combinations that may result in
decreased antihypertensive effects that present after approxi-
mately 2 weeks of combined use. This does not warrant inter-
ruptive alerting during order entry but merits a less interruptive
warning type if the concurrent use exceeds a time period of
2 weeks.

Table 1 List of low-priority DDI that the panel assessed as safe to
suppress from interruptive alerting in EHR

Object drug/class Precipitant drug/class

ACE inhibitors Salicylates
Niacin Statins
β-Adrenergic blockers Serotonin reuptake blockers
Iron salts Proton pump inhibitors
Thiazide-type diuretics ACE inhibitors
Thyroid hormones Calcium salts
Thyroid hormones Statins
Thiazide-type diuretics NSAID
β-Adrenergic blockers Thyroid hormones
Macrolide immunosuppressives Corticosteroids
Antacids Corticosteroids (oral)
Bisphosphonates Calcium salts
Vitamin B12 Omeprazole
Folic acid Methotrexate
Sulfonylureas ACE inhibitors
Iron salts Thyroid hormones
Anticoagulants Corticosteroids
Anticoagulants Acetaminophen
Antacids Iron salts (oral)
Anticoagulants Proton pump inhibitors
Proton pump inhibitors Imidazoles
β-Adrenergic blockers Calcium salts (oral)
ACE inhibitors Angiotensin II receptor antagonists
Anticoagulants Statins

Omeprazole Benzodiazepines
Anticoagulants Vitamin E
Zinc salts (oral) Quinolones (oral)
NSAIDS β-Adrenergic blockers
Clopidogrel Salicylates
Oral contraceptives Corticosteroids
β-Adrenergic blockers Nifedipine and derivatives
Corticosteroids/corticotropin Anticholinesterases
ACE inhibitors NSAID

DDI, drug–drug interaction; EHR, electronic health record; NSAID, non-steroidal
anti-inflammatory drug.

Table 2 DDI assessed by the panel to warrant interruptive
alerting

Object drug/class Precipitant drug/class

Calcium salts Quinolones (oral)
Corticosteroids Quinolones
Narcotic analgesics Serotonin reuptake blocker
Serotonin reuptake blockers NSAID
ACE inhibitors Potassium preparations
Serotonin reuptake blockers Salicylates
Diltiazem Statins
Azole antifungals Corticosteroids
Insulin β-Adrenergic blockers (non-selective)
Narcotic analgesics Diltiazem
Potassium preparations Angiotensin antagonists
Magnesium salts (oral) Quinolones (oral)
Fibric acid derivatives Statins
Potassium preparations Potassium-sparing diuretics
Erythromycin HIV protease inhibitors
Colchicine Statins

DDI, drug–drug interaction; NSAID, non-steroidal anti-inflammatory drug.
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Anticoagulants are especially high risk for DDI and for this
reason the Institute for Safe Medication Practices has assigned a
high alert status to this class of drugs.23 Many antibiotics and
analgesics when taken in combination with warfarin are known
to elevate the international normalized ratio and increase the
risk of a bleeding event. The panel noted that in most scenarios
the provider would continue to use these drugs in combination
but would monitor the patient more carefully. Several DDI with
anticoagulants are thus included on the list of alerts that can be
safely made non-interruptive. Although the individual DDI were
combined to drug–class and class–class interactions, several
members within a class can be excluded from the alert based on
their specific metabolic profile. An example is the combination
of thyroid hormones and statins resulting in increased levothyr-
oxine metabolism, which may only be relevant for atorvastatin
and simvastatin and not for all statins that may exhibit an alter-
native metabolic profile. A class-based drug interaction profile
may be easier for maintenance of the knowledge base but assess-
ment by drug member is necessary in order to achieve higher
specificity and prevent over-alerting.

Another measure to increase specificity is to include patient
parameters, such as serum levels of specific biomarkers for con-
sideration in clinical rules in the EHR.24 Although this is a suc-
cessful way to improve specificity it is time consuming to
develop and implement.25 Another barrier in the implementa-
tion of such rules may be the inability of current medication
knowledge bases to utilize clinical parameters as expressed in
the EHR. Lack of standardization of the terminologies utilized
by EHR inhibits the creation of such rules and further work is
needed to allow the standardization of terminologies for the
expression of comorbidities and laboratory values in EHR and
their use by medication knowledge bases for CDS.

The strength of the present study is that a pragmatic approach
was undertaken rather than a comprehensive literature review,
which is resource intensive and may not actually result in the
identification of ‘heavy-hitters’ in terms of DDI alerts contribut-
ing to alert fatigue. By employing a diverse panel of inter-
national experts that represented both commercial vendors of
medication knowledge bases and EHR, regulatory agencies such
as the US Food and Drug Administration, professional societies
such as the American Society of Hospital Pharmacists, clinicians,
pharmacists, pharmacologists, informaticists, etc. the consensus
process was enriched by consideration of a variety of perspec-
tives. The result is a list that is easy to implement in any system
without being limited by a specific medication knowledge base.
Further work is needed to review the appropriate members
within the classes expressed in the interaction pairs. The DDI
set proposed here came from the database of one academic
medical center and consisted of those DDI that are frequently
overridden, which may limit generalizability. It remains to be
studied whether there are differences between the override tol-
erances of providers who practice at academic medical centers
and those who practice in the community. The panel represents
diverse stakeholders whose perspectives could have ameliorated
this limitation; however, empirical evaluation is needed to assess
the utilization of the DDI list in actual clinical practice.
Obtaining the alert override logs from actual clinical practice
and assessing them in combination with literature evidence
was very beneficial in assessing these interactions in addition
to the characteristics of the interactions themselves. In order to
assess the benefit of the list of alerts that can be safely made
non-interruptive, further research is needed to evaluate provi-
ders’ responses to this list and the consequent improvement in
patient safety.

Creation of a list, such as the one described here, is a crucial
but small step. Several processes need to be in place for the con-
tinued maintenance of this list over time. Making sure new
interactions are added as drugs enter the market, assessing the
membership within a drug class or modifying the severity
grading assigned to an interaction as new evidence gets pub-
lished, represent some of these processes. One recommendation
is the formation of a private–public consortium, with diverse
representation, such as the one described here, to enable the
process of editing and maintaining this list. However, appropri-
ate incentives need to be aligned to promote both participation
in the process and the implementation of the list in EHR.

Furthermore, alert fatigue is a complex phenomenon, which
occurs as a consequence of not just a high volume of alerts but
also because of a human component associated with it. This
human component drives the user to make the decision actually
to read the alert and determine the helpfulness of the alert at
the point of decision making. Implementation of a list, such as
the one described here, would reduce the number of alerts seen
by a provider and thus improve alert fatigue. The consequent
impact of reducing the volume of alerts on the human element
remains to be studied. Non-interruptive alerting can take
various forms and further research is needed to understand the
best way to surface the information on the DDI identified here,
in the EHR. Such research should aim at determining the appro-
priate visual display for providing this information—whether it
should be ‘pushed’ to the provider in a non-interruptive manner
or whether the provider should be expected to look for it, if
interested.

This study has several key limitations. The DDI came from
only one large institution, and it is unclear what fraction of all
DDI they would represent in other institutions. We utilized an
expert panel process rather than a formal evidence review for
the individual interactions because of resource limitations,
which turned out to be successful as there was a high degree of
consensus on the interactions presented.

CONCLUSION
This study highlights a process that can be employed for collab-
oration across entities to assess DDI alerts that can safely be
made into non-interruptive alerts for CDS in EHR. We provide
a list of interactions that can be safely suppressed from interrup-
tive alerting and reduce alert fatigue.
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