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Abstract Objectives Clinical decision support systems (CDSSs) use alerts to enhance medica-
tion safety and reducemedication error rates. A major challenge of medication alerts is
their low acceptance rate, limiting their potential benefit. A structured overview about
modulators influencing alert acceptance is lacking. Therefore, we aimed to review and
compile qualitative and quantitativemodulators of alert acceptance and organize them
in a comprehensive model.
Methods In accordance with the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guideline, a literature search in PubMed was started in
February 2018 and continued until October 2021. From all included articles, qualitative
and quantitative parameters and their impact on alert acceptance were extracted.
Related parameters were then grouped into factors, allocated to superordinate
determinants, and subsequently further allocated into five categories that were
already known to influence alert acceptance.
Results Out of 539 articles, 60 were included. A total of 391 single parameters were
extracted (e.g., patients’ comorbidity) and grouped into 75 factors (e.g., comorbidity),
and 25 determinants (e.g., complexity) were consequently assigned to the predefined
five categories, i.e., CDSS, care provider, patient, setting, and involved drug. More than
half of all factors were qualitatively assessed (n¼ 21) or quantitatively inconclusive
(n¼19). Furthermore, 33 quantitative factors clearly influenced alert acceptance
(positive correlation: e.g., alert type, patients’ comorbidity; negative correlation:
e.g., number of alerts per care provider, moment of alert display in the workflow).
Two factors (alert frequency, laboratory value) showed contradictory effects, meaning
that acceptance was significantly influenced both positively and negatively by these
factors, depending on the study. Interventional studies have been performed for only
12 factors while all other factors were evaluated descriptively.
Conclusion This review compiles modulators of alert acceptance distinguished by
being studied quantitatively or qualitatively and indicates their effect magnitude
whenever possible. Additionally, it describes how further research should be designed
to comprehensively quantify the effect of alert modulators.
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Background and Significance

Medication alerts issued by clinical decision support systems
(CDSSs) to health care professionals can reduce medication
error rates and enhance medication safety.1–4 There are two
major prerequisites for the success of CDSS. One is the
appropriateness of the alert,5 i.e., the adequate identification
of potential harmful situations. The second being the subse-
quent acceptance of the alert by the recipient.2,6–10 When
accepting a medication alert, the health care professional
modifies or cancels the initial order in such a way that the
alert no longer applies. In contrast, overriding of an alert is
defined as continuing with the unchanged order despite the
alert.1

It has been shown that in routine clinical practice 49 to
100 % of medication alerts are overridden.11–14 Particularly
high override rates have been found for drug–drug interac-
tion alerts (DDI; two studies identified override rates of 88
and 89 %, respectively) and drug–allergy interaction alerts
(DAI; two studies identified override rates of 69 and 91 %,
respectively).15,16 Overriding an alert frequently goes hand
in hand with a low quality of presented warnings. Hence, it
has often been discussed that an increase in specificitymight
tackle both deficits of CDSSs—their low acceptance and their
low impact on patients’ medication therapy.8,10–12,14,17,18

There already exist various generic recommendations and
guidance on CDSS implementation and maintenance such as
Campbell’s frameworkof “The Five Rights of Clinical Decision
Support.”19–24 On closer inspection, the reasons for accept-
ing or overriding medication alerts seem to be diverse and
complex. However, an overview about evidence on how
medication alert acceptance might be increased overall is
still lacking. While numerous studies anecdotally discuss
general strategies to enhance alert acceptance, there is only
scattered evidence about which modulators dependably
have sizeable impact on the user interaction with an alert.

Objectives

The aim of this review is to compile an overview of depend-
able quantitative and qualitative modulators potentially
influencing medication alert acceptance. Additional aims
are to relate these modulators to each other by organizing
them into a comprehensive model, as well as to elaborate
their quantitative impact on alert acceptance whenever this
was actually measured.

Methods

We searched the literature for modulators of medication
alert acceptance and followed the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA)
guideline.25

Search Strategy
PubMed was searched using the following Medical Subject
Headings in combination with associated free-text fields:
(“Decision Support Systems, Clinical” [MeSH Terms] OR

“Decision Support Systems, Management” [MeSH Terms]
OR “Medical Order Entry Systems” [MeSH Terms] OR “alert�”
[Text Word] OR “trigger�” [Text Word] OR “clinical decision
support system” [Text Word]) AND (“alert fatigue, health
personnel” [MeSH Terms] OR “alert fatigue” [Text Word] OR
“alert acceptance” [TextWord]OR “alert rate” [TextWord]OR
“health care professional” [Text Word]). This search strategy
was pursued from February 2018 until October 2021,
inclusively.

Eligibility Criteria
Available English or German language articles without any
restrictions in date, publication status, or study design were
considered. Studies were included that evaluated, described,
or modified alerts displayed in electronic prescribing sys-
tems relating to risks in drug treatment including all steps of
the medication process.

Excluded were studies that (1) focused on the impact of
eHealth technologies,26,27 (2) did not consider the medica-
tion process in general (i.e., referring to prescribing, dispens-
ing, administration, education, and monitoring28) but
addressed for example the detection of septic patients,29

(3) discussed alerting fromexternal systems (likemonitoring
of vital signs [e.g., for oxygen saturation30] or smart pump
handling), or (4) that did not focus on the assessment of alert
acceptance but instead described, for example, the design of
contextualized DDI algorithms.31

Study Selection
According to the inclusion and exclusion criteria, two
reviewers (J.A.B., H.M.S.) independently screened all result-
ing titles and subsequently the abstracts and full texts of
included articles. If no abstract was accessible, full textswere
immediately read after a positive title screening. Discrep-
ancies for inclusion or exclusion were discussed until con-
sensus was reached. Following the principles of living
systematic reviews, we included articles retrieved by the
ongoing search strategy until October 2021, inclusively.
Pertinent articles were grouped into articles assessing alert
acceptance in a quantitative way (i.e., descriptive or inter-
ventional assessment of alerts) and articles exclusively
reporting qualitative information about alert acceptance
(e.g., focus group discussions or papers evaluating mail
surveys theoretically highlighting factors that might influ-
ence or improve alert acceptance) (►Fig. 1).

Bias Assessment
Applying a previously publishedmethodology for bias assess-
ment in the context of CDSSs byOlakotanandcoworkers,32 the
risk of bias, i.e., critical appraisal, was independently assessed
by two authors (J.A.B., H.M.S.) for each included article assess-
ing acceptance in a quantitative way. Discrepancies were
discussed until consensus was reached and articles were
judged either as “high-quality” studies when more than
two-thirds of the questions were fulfilled, as “acceptable”
studies when between one- and two-thirds of questions
were affirmed, or as “low-quality” studies when up to one-
third of the questions were fulfilled.
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Data Extraction and Analysis
From all full-text-screened articles we extracted biblio-
graphic data, purpose, design (e.g., interventional qualitative
or quantitative study vs. systematic review, retrospective,
prospective, or observational study), the study setting (e.g.,
in-patient or primary care), methods, and variables measur-
ing alert acceptance as well as the parameters themselves
and their impact on alert acceptance when quantitatively
assessed. For the studies describing quantitative modulators
of alert acceptance, we also listed alert technique (e.g.,
interruptive vs. noninterruptive, active vs. passive), consid-
ered alert type (e.g., DDI alerts, DAI alerts), CDSS software
characteristics, and the number of alerts measured aswell as
the alert acceptance rate, if mentioned. If univariate and
multivariate analyses were performed, only variables
assessed by multivariate analysis were included.

Categorization of Modulators of Alert Acceptance
Inspired by Campbell’s framework of “The Five Rights of
Clinical Decision Support”19 and based on additional previ-

ously reported general topics influencing alert accep-
tance,24,33–38 we initially assumed five main topics
influencing alert acceptance. We used these selected topics
as a starting point for an inductive composition of a self-
developed theoretical model of modulators of alert accep-
tance which we enriched by quantitatively and qualitatively
assessed modulators. These five main topics consisted of (1)
the electronic system firing the alerts (summarizing Camp-
bell’s three rights “right information” in the “right interven-
tion format” through the “right channel”),19,24,33,34,37,38 (2)
the care provider (i.e., addressee of the alert, referring to
Campbell’s “right person”),19,34,35,38 (3) the patient whose
prescription triggers the alert,33 (4) the setting where the
alert is fired (based among others on the “right channel” and
the “right time in workflow”),19,33,36–38 and (5) the con-
cerned drug.33 To this end, we allocated the modulators of
alert acceptance identified by the literature search to these
general topics. We introduced a content-based comprehen-
sive structure by combining similar modulators extracted
from the included articles (i.e., “parameters”) into “factors.”

Fig. 1 PRISMA flowchart describing the results of the literature search conducted to identify articles discussing modulators influencing alert
acceptance (referred to Moher and coworkers25).
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Related factorswere then grouped into superordinate “deter-
minants,” and subsequently matched to the predefined five
“categories.” The allocationwas conducted by two authors (J.
A.B., H.M.S.); differences were discussed until congruence
was reached.

In order to finally display which areas are well researched
with an established relationship between parameter and alert
acceptance, each extracted parameter was classified either as
“qualitative parameter,” i.e., a parameter that was not quanti-
tatively evaluated; as “quantitative, inconclusive parameter,”
i.e., a quantitatively evaluated parameter without statistically
significant impact on alert acceptance (including beneficial or
detrimental trend); or as “quantitative parameter”with docu-
mented quantitative impact on alert acceptance. Grading of
significance was conducted according to the authors’ signifi-
cance levels. When the authors did not mention significance
levels, significance was assumed for p<0.05. Subsequently,
this assessment was repeated on “factor” level, i.e., we
evaluated whether the same or similar parameters of alert
acceptance yielded consistent results in different studies.
Hence, each factor was classified as follows: “qualitative
factor”—when only qualitative parameters were allocated to
this factor, “inconclusive factor”—when quantitative, incon-
clusive parameters were allocated, “quantitative, inconsistent
factor”—when a factor yielded significant but ambiguous
results in single parameters, or as “quantitative factor”—
when all single parameters showed an increasing or decreas-
ing significant effect on alert acceptance.

Results

Literature Search
The search strategy revealed 539 articles. After the removal of
110 duplicates and the exclusion of 276 articles following title
and abstract screening, a total of 153 full texts were read. In
compliancewith the inclusion and exclusion criteria, 31 articles
reportingquantitative andqualitativeparameters13,33,39–67 and
29 articles reporting exclusively qualitative parameters of alert
acceptance1,6,12,17,32,68–91 were included in the analysis.

A total of 29 of the 31 included articles assessing accep-
tance in a quantitative waywere of “high-quality” (94 %) and
two of “acceptable” quality (6 %) when considering each
study individually, and thus, they were all included in the
final analysis. However, it is important to add that despite the
high internal validity, the methodology between studies was
often not comparable. Moreover, studies often focused on
single institutions (20 articles assessed one institution,
compared with 11 studies merging data from several insti-
tutions) or only singular alert types (18 articles assessed one
alert type and 13 articles assessed more than one alert
type, with only one article assessing nine different alert
types). Hence, each study stands on its own and illuminates
the topic with a very specific focus, making it difficult to
derive an overarching picture.

Modulators of Alert Acceptance
From all included articles, 391 single parameters were
extracted and grouped into 75 factors. These factors were

then united in superordinate 25 determinants and all deter-
minants could be assigned to the initial five categories,
confirming that the predefined model was comprehensive.
For example, the parameters considering “patients’ come-
dication” as modulators of alert acceptance were extracted
from four different studies39,48,54,57 and allocated to the
factor “comedication,” which was assigned to the determi-
nant “complexity” belonging to the category “patient.”

Overall, 334 parameters (n¼268 “qualitative parameters”
and n¼66 “quantitative, inconclusive parameters”) were
grouped into 21 “qualitative factors” without any quantita-
tive assessment, and into 19 quantitatively assessed but
“inconclusive factors.” The remaining 57 “quantitative
parameters”were aggregated to two “quantitative, inconsis-
tent factors” (i.e., alert frequency, laboratory value) showing
contradicting effects on alert acceptance and to 33 “quanti-
tative, consistent factors”with a clear impact on acceptance.
Twenty-six of these latter factors fostered alert acceptance
and the remaining seven factors reduced it. In the category
“clinical decision support system”with most of all extracted
factors (n¼32), only 40 % (n¼10) thereof were quantita-
tively investigated and showed significant impact on alert
acceptance. More than half of all factors in this category
(n¼18) were only qualitatively mentioned in the literature
without any approach for quantitative assessment. In the
category “care provider,” 50 % (12 out of 24 factors) of
the factors altered alert acceptance significantly, compared
with approximately 56 % in the category “setting” (5 out of
9 factors), approximately 71% in the category “patient” (5 out
of 7 factors), and 100 % (3 out of 3 factors) in the category
“involved drug.”

Each factor was typically mentioned in about three
studies. The comprehensive overview of all modulators of
alert acceptance is shown in ►Fig. 2 and in ►Table S1 in the
Supplementary Material (available in the online version).

The large majority of the 35 quantitative factors (n¼22)
were studied once, whereas nine factors were investigated
twice (i.e., alert display,33,64 filtering, clustering or deactiva-
tion of alerts,46,61 interruptive alerts,45,56 alert frequen-
cy,33,54 inclusion of patient-specific context factors,60,64

care provider’s professional status,62,63 laboratory value,49,57

weekday,39,41 and drug triggering the alert57,62). Two factors
were analyzed three times (i.e., tiering of alerts according to
severity33,45,64 and care provider’s department39,57,62), one
factor four times in two different articles (i.e., assessment of
alert relevance by care provider50,52), and one factor was
studied seven times in seven independent articles (i.e., alert
type39–41,48,54,62,65).

The majority of the included studies were retrospective,
descriptive assessments and only nine studies (reflecting 12
factors) reported on the effects of prospective interventions,
i.e., whether the alert acceptance improved after specific
changes were implemented (►Table 1).

Discussion

In this review, 391 published parameters potentially modu-
lating the acceptance of medication alerts were compiled
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into a comprehensive model consisting of 75 distinct factors,
summarized as 25 determinants belonging to five categories.
The five categories were investigated to varying degrees:
Most of the quantitative parameters were extracted in the
category “clinical decision support system” and least in the
category “involved drug” showing clearly in which sectors it

seems to be easier to adjust alerts to increase acceptance
rates (e.g., interruptive vs. non-interruptive alerts45,56) than
in others (e.g., alerts on neuromuscular drugs or topical
products57,62 were least accepted but still, the respective
drugs need to be prescribed when indicated). More than a
quarter of all factors were described only qualitatively, and

Fig. 2 Overview of all modulators of alert acceptance classified by categories, determinants, and factors. Categories and determinants are
ordered by the total number of parameters in parentheses, quantitative factors are shown on the left, and qualitative factors on the right (green
filled squares: quantitative, consistent factor showing positive correlation with alert acceptance; red filled squares: quantitative, consistent factor
showing negative correlation with alert acceptance; yellow filled squares: quantitative, inconsistent factor showing positive and negative
correlation with alert acceptance; gray filled squares: quantitative, inconclusive factors without significant positive or negative assessment of
alert acceptance; white squares: qualitative factors without any quantitative assessment of alert acceptance; number of parameters in
parentheses: number labeled with “�” presents the number of parameters with statistically significant effect on alert acceptance; ": positive
correlation with alert acceptance; ↓: negative correlation with alert acceptance; $: no significant correlation with alert acceptance; numbers
without “�” describe the number of quantitative, inconclusive ($), and qualitative parameters within this factor); #several modulators were
grouped to one single intervention;64 lab: laboratory.
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another 25 % of the factors were inconclusive, meaning that
these factors did not significantly influence the acceptance
for various reasons.

Clinical decision support system:Most of all studied factors
(n¼32) were assigned to the category “clinical decision
support system” but for only 10 of them quantitative effects
were reported and eight factors showed increasing alert
acceptance.

In contrast, the integration of laboratory data such as
potassium levels lowered alert acceptance in normal-risk
patients when levels associated with hyperkalemia were dis-
played in the alert.49 The impact of this factor on alert
acceptance would be unexpected as more patient-specific
alerts have already increased acceptance rates.12 Duke and
coworkers discussed potential reasons for this finding, sug-
gesting that overall alert acceptance was poor or that patients
with hyperkalemia often were patients with renal failure
already on hemodialysis49 and hence under close monitoring.

Alert frequency was one of two factors in the model for
which different articles reported different effects on alert
acceptance: in one study, alert acceptance increased for
repeated alerts whereas it decreased in another study for
repeated alerts of the same medication and patient.33,54

In general, parameters concerning the CDSS are difficult
to transfer from one setting to another because even small
differences in alert display,33,64 in allocation and filtering of
particular severity levels,43,46,61 or in the inclusion of context
factors (and thus integration of the system in the hospital
framework92) could have different effects.

However, the alert type as one single factor was analyzed
in seven different settings with six different CDSS software
vendors (SafeRx®-CDSS, in-house system of Brigham Inte-
grated Clinical Information System, Epic®, Cerner, DARWIN’s
CDSS, and the stand-alone system AiDKlinik®) and had equal
impact on alert acceptance.39–41,48,54,62,65 Due to the fact
that DAI alerts were accepted more often than DDI alerts in
four settings41,48,54,62 and less often in only one setting,40 it
can be discussed whether study and implementation set-
tings varied too much to merge these parameters into one
factor. Moreover, both studies using Cerner’s CDSS software
and compared DDI andDAI, achieved higher acceptance rates
for DAI.48,54 Hence, it seems to be recommendable to only
compare study settings with the same CDSS software vendor
and alert types.

Upon closer investigation, not only the settings in which
CDSSs were implemented led to variable effects, but also the
method used to measure the influencing factor. Three inde-
pendent articles analyzed the time needed to resolve an
alert by calculating a “think time” or a “dwell time,” respec-
tively.43,93,94 The time interval measured started in both
cases with the appearance of the alert, and ended when the
selected actions were completed: either when the alert was
closed, or when the alert was resolved.43,93,94 Elias and
coworkers reported that most alerts were closed in less
than 3 seconds.93 In the emergency department described
in the article from Todd and coworkers physicians needed a
mean of 7.06 seconds,94 whereby Schreiber and coworkers
combined adaption of alert severity levels with time mea-

surement and influence on alert acceptance so that compa-
rability cannot be given.43

Our findings concerning the category “clinical decision
support system” are partially in agreement with the previ-
ously published literature considering alert appropriateness,
which confirms that technology factors are the factors most
often reported and as having the greatest influence on alert
acceptance.38

Care provider: Considering the provider-related quantita-
tive and consistent factors, most (8 out of 12) were positively
correlated with alert acceptance. Conversely, the remaining
four factors consistently reduced alert acceptance and
concerned either the care providers’ workload or work
experience.54,55,66 Increasing exposure to digital solutions
appeared to increase digital literacy and thus might explain
why alert acceptance increased for those clinicians with
more experience in electronic prescribing.54 In addition,
also the professional background was proposed to modulate
alert acceptance because nurse practitioners were four times
more likely to accept an alert than physicians13; however,
physicians are usually responsible for accepting or overriding
alerts. Furthermore, Gadhiya and coworkers described that
alert acceptance decreased as the experience of postgraduate
residents increased, and discussed this finding in the context
of alert desensitization and care providers’ exposure to a
large number of alerts.66 As this finding might oppose the
fact that digital literacy increases acceptance, it must be
considered that in this case, first, second, and third year
residents were compared, potentially influencing other var-
iables like an increasing workload and higher number of
patients caring of. Based on the results of these two similar
factors (longer experience in using electronic health record
[EHR] or electronic prescribing increased and physicians’
years of residency decreased acceptance), it can again be
shown very well that the parameters extracted from differ-
ent studies need to be compared with caution.

Patient: Regarding the seven factors in the category
“patient,” four fostered acceptance and one factor showed
contradictory effects. Patient characteristics such as the
surroundings in which the patient was treated can influence
alert acceptance whereas alerts in the in-patient setting
were more frequently accepted than in the outpatient
setting.33,67 Furthermore, one study reported that alerts
were more often accepted if they concernedmale patients.57

However, this result remained unconfirmed in other stud-
ies54 andmight be influenced byother factors not assessed in
this study. Likewise, various articles showed that patients’
age did not affect alert acceptance by care providers54,57 and
care providers’ sex and age also did not affect accep-
tance.13,50 On the contrary, patients’ complexity in presence
of risk factors such as an elevated severity score or comor-
bidities fostered alert acceptance.62Another factor regarding
patient variables focused on laboratory values affecting alert
acceptance in different ways depending on the analyzed
laboratory value. For instance, displaying of patient’s potas-
sium levels lower than 3.9mEq/L decreased alert accep-
tance49 whereby displaying laboratory values describing
renal insufficiency increased alert acceptance.57
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Setting: Setting parameters were also reported as impor-
tant variables influencing alert acceptance whereby three
out of nine factors increased and two decreased acceptance.
Alerts triggered by prescriptions during night shifts were
accepted less frequently than day shifts,39 and the season and
weekday were also found to affect alert acceptance,39,41

suggesting that specific measures must be taken to increase
alert acceptance in time periods where alert acceptance
seems to be reduced. Concerning the context of working
environment, acceptance rates increased with pharmacist
involvement and guidance,57 whereas alerts were accepted
less often when they interrupted prescribers in their work-
flow59 although literature data for the latter factor did not
confirm this finding.37

Involved drug: Regarding the involved drug as such, only
three factors were reported modulating alert acceptance.
Alert acceptance significantly increased according to the
drug triggering the alert (anticonvulsants>miscellaneous
drugs> antimicrobials> cardiovascular drugs>H2 antago-
nists> antihistamines>hypoglycemic drugs> antihyper-
tensive drugs> analgesics vs. neuromuscular drugs,57 or
gastrointestinal agents> central nervous system drugs,
respiratory agents> endocrine and metabolic drugs> anti-
neoplastic drugs>miscellaneous products>genitourinary
agents> cardiovascular agents>neuromuscular drugs>he-
matological agents>nutritional products> analgesics and
anesthetics> anti-infective agents>biologicals> topical
products62). Acceptance was higher for critical dose drugs,33

and increased by 3.3 % according to the severity of the typical
adverse drug event provoked by the drug itself.52

Further Implications on Alert Acceptance
In general, it can be said that various factors potentially
modulating alert acceptancewere already identified although
the true impact of numerous factors is still unknown. This is
due to the fact that more than half of all factors are qualitative
and/or showed inconclusive resultswhenanalyzed indifferent
studies. As effect sizes of alert acceptance metrics and study
designs differ widely (►Table 1) and to increase comparability
in future studies, ideas and rules for the ideal alert and its
measurement had already beendefined (i.e., CREATOR rules,95

measuring of acceptance rates using event analysis59) as well
as general alert metrics assessing alert acceptance in a quanti-
tative way.95

Considering the currently gathered evidence, it can be
assumed that greatest effects for future CDSS implementa-
tion and development can be reached by adapting factors of
the category “clinical decision support system.” These main-
ly technical factors seem customizable—a user-centered
design can be adapted by vendors, alerts can be addressed
to appropriate users (whereby alert appropriateness in gen-
eral can differ between different professionals) and placed in
the right position, or the handling of the alerts can be
optimized by less mouse clicks or providing of shortcuts.
The inclusion of the stakeholder’s perspectives and continu-
ous quality assurance and improvement of alerts together
with interdisciplinary expert panels showed positive signals
for alert optimization thus contributing to better accep-

tance.23 However, factors such as alert content or alert
specificity are mentioned frequently, but due to the lack of
an impossible “one-size-fits-all” approach, specific alerts are
still rare.12

Regarding both human categories “care provider” and
“patient,” only few factors can be optimized without huge
procedural changes for example in the workload (e.g.,
user training to foster substantial knowledge and thus the
assessment of alert relevance as it could have been shown
that care providers value relevant alerts50,52) whereby it also
seems conceivable to adjust rigid factors like education,
specialization, or work experiencewith longer-term training
interventions. Consequently, it is important to emphasize
that well-educated care providers experienced in using EHR
or electronic prescribing and comprehending basic function-
alities of the systems and the way they are working are more
capable of assessing alerts’ relevance and knowing underly-
ing scientific evidence. It does not seem to be important
whether care providers have these skills from the beginning
of their career or acquire them later on, but all of these skills
positively influenced alert acceptance according to the
model and it is known that the more accepted alerts, the
safer pharmacotherapy seems to be.4,96

When optimization of the factor seems impossible (e.g.,
complex patients or alerting at night shifts, in different
seasons, in the in-patient or outpatient setting, for specific
necessary drugs, or at specific clock times), again technical
improvements in the CDSS could take effect. An example of
this could be changing their mode from non-interruptive to
interruptive alerting at night when only few medications
are prescribed. However, it should also be noted that with
our model it was not distinguished between more or less
meaningful or modifiable factors (i.e., alert display, tailoring
of alerts, or moment of alert display in the workflow vs.
season, in-patient/outpatient setting, or sociodemographic
data).

To go further, this taxonomic model hierarchically classi-
fying modulators of alert acceptance has to be understood as
a starting point to receivemore summarized evidence and to
understand context and relationships of individual modu-
lators influencing alert acceptance. The complex interven-
tion reported by Muylle and coworkers consists for example
of parameters that can be allocated to various factors (i.e.,
inclusion of patient-specific context factors, tiering of alert
according to severity, and filtering, clustering or deactivation
of alerts) in this model60,64 and as they evaluated several
factors at one time and although the intervention had a
significant impact overall, the impact of each single factor
was only partly sufficient for significance.

So, in future studies an ontology is to be established that
necessarily encompasses also complex modulators. These
modulators consist of more than one adapted component
and are fragmented into single components that are related
to each other. As the single components contain as few study-
specific dependencies as possible, at the time of building this
ontological construct, study-specific characteristics are re-
duced and transferability as well as a set of acceptance-
enhancing interventions is extended.
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Limitations
Several limitations are worth mentioning. First, we con-
ducted a review including most but not all applicable
elements of the PRISMA guideline25 and searched for liter-
ature in only one database (PubMed). Furthermore, gray
literature was not considered and only studies published in
English or German were included suggesting that not all
available evidence was captured and that the risk of publi-
cation bias cannot be excluded. However, it was the aim of
this work to identify as many modulators of alert accep-
tance as possible, favorably assessed in a quantitative way.
Due to the narrative approach combined with the ongoing
search strategy after the initial search time, we expected
nevertheless to cover the majority of available factors.
Second, each factor influencing alert acceptance was simply
assigned to one single determinant and each determinant to
one category as classification of all modulators in the model
is ensured. Yet, several parameters could have been
assigned to various factors meaning that classification of
the modulators and the naming of the variables were also
subjective processes to a certain extent. This means that
bias and a potential risk of inconsistency cannot be dis-
counted, despite two reviewers having assigned the mod-
ulators independently and discussed differences until
congruency was reached. It is at least as important to
mention that extracted parameters from complex interven-
tions composed of different parameters were allocated to
various64 or the most appropriate factors60 according to the
description in the original article. Each quantitative param-
eter is explained in ►Table 1 so that complex interventions
are also presented as transparent as the original article
allows. Third, there were differences according to diverse
study designs (the majority of the included modulators
were assessed in observational studies) and interventions
dealing with a broad range of assessed alerts (90–2,391,880
alerts), various CDSS software characteristics, and different
alert types so that comparability could not be assured for
each single parameter. Furthermore, alert acceptance was
not calculated in a consistent way in all underlying articles.
In particular, qualitatively reported modulators of alert
acceptance underlie subjective views of the authors about
their project and extraction was dependent on how an
intervention or alert acceptance rate assessment was de-
scribed. Hence, our review reports alert rates and alert
acceptance rates as well as significance levels if mentioned
in the original article. Intra-study consistency is thereby
maintained, and in addition, strict inclusion and exclusion
criteria were applied especially for articles assessing mod-
ulators of alert acceptance in a quantitative way.

Conclusion

In this review, we report modulators affecting alert accep-
tance identified from an extensive literature search and
arranged them into a comprehensive model separately
presenting effect sizes of quantitative modulators and
reporting qualitative modulators. Given the fact that of 75
factors, only 54 were quantitatively analyzed, thereof only

33 with a significant and unambiguous result, this model
helps to identify topics where further research is required.
As many factors depended on the type of the alert and the
setting, and due to differing individual study conditions,
comparability and transferability of the presented effects on
alert acceptance are difficult to analyze. It is recommended
for future studies to assess alert acceptance in prospective,
interventional studies ideally using multivariate regression
models to detect comparative effect sizes of multiple
modulators.

Clinical Relevance Statement

Medication alerts can enhance medication safety and re-
duce medication error rates, yet, a major challenge is their
low acceptance rate often due to low specificity and sensi-
tivity of the alerts. As general strategies to tailor alert
quality as well as a compilation of modulators potentially
influencing medication alert acceptance are lacking, a com-
prehensive overview about successful, inconclusive, and
failing modulators of alert acceptance as well as their effect
sizes (when investigated) was compiled. Studied domains
with equivocal and insufficient information on their impact
on alert acceptance are identified and comparability and
transferability of modulators on alert acceptance are diffi-
cult to analyze.

Multiple Choice Questions

1. To which category in the model could the most factors be
assigned?
a. Clinical decision support system
b. Care provider
c. Patient
d. Setting

Correct Answer: The correct answer is option a. Most
(n¼32) of the 75 factors could be assigned to the category
“clinical decision support system.”

2. How many quantitative factors showed contradicting
effects on alert acceptance?
a. 1
b. 2
c. 3
d. 4

Correct Answer: The correct answer is option b. The
quantitative factors “alert frequency” and “laboratory
value” showed contradicting effects on alert acceptance.

Protection of Human and Animal Subjects
No human and/or animal subjects were involved in this
study.
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