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Abstract 
Background: Alert fatigue is defined as alert dismissals due to excessive or irrelevant alerts and is frequently cited as a 
barrier to clinical decision support system use and impact. However, the criteria for determining the presence or absence 
of alert fatigue are poorly defined. The objective of this systematic review of systematic reviews was to identify operation
alized definitions and measures of alert fatigue or alert-related metrics.

Methods: Systematic reviews reporting at least one alert-related metric or measure/operationalization of alert fatigue for 
physician-directed electronic alerts were included. The Cochrane Library, Embase, and PubMed were searched from data
base start to 2024. The Revised Assessment of Multiple Systematic Reviews was used to assess study quality and risk of 
bias. Data were synthesized narratively and with descriptive statistics.

Results: A total of 22 studies were included in the review. Studies reported between 1 and 11 alert metrics. Studies were 
most often of medium quality. Reporting of primary study characteristics was frequently judged to be insufficient. Only 
one article reported an operational definition of alert fatigue. The most common alert metrics were quantity, override 
rate, and acceptance rate.

Discussion: Alert fatigue measurement methods are not clearly or consistently defined in systematic reviews related to 
alert fatigue in clinical decision support. Reporting of other primary study characteristics is often limited. We recommend 
that future efforts use a significant, sustained decrease in appropriate alert response rates from an established baseline 
as a measure of alert fatigue.

Key words: alert fatigue, health personnel; decision support systems, clinical; medical informatics; health care evaluation mechanisms; sensitivity 
and specificity. 
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Background and significance
Clinical decision support systems (CDSS) are intended to provide 
information about individual patients’ health and clinical knowl
edge relevant to care decisions.1,2 They are commonly used to op
timize care quality and safety.3 While they show promise for 
improving provider behaviors such as compliance with guidelines 
for prescriptions and patient health outcomes such as risk of ad
verse drug events,4–6 CDSSs can generate large alert volumes,7,8

thereby increasing users’ cognitive load.9 Inappropriately timed 
or irrelevant alerts can impose distraction and disruption to clini
cal work.10,11 CDSSs are noted to produce alert fatigue, which is 
often conceptualized as when excessive and/or irrelevant alerts 
lead recipients to ignore, overlook, or override alerts regardless of 
their relevance for appropriate clinical care given the surrounding 
context.3,7,12–17 Inappropriately overridden alerts can lead to ad
verse health consequences.16,18 For example, overriding an alert 
regarding an order for a drug with high potential for a severe 
drug-drug interaction could cause an adverse drug event. There
fore, to maximize the benefits of CDSSs for patient care, it is im
portant to prevent and combat alert fatigue.

Past studies have explored factors associated with appropriate
ness of alert overrides per evaluators’ criteria8,15 and described 
interventions intended to reduce alert volume and override 
rates.12,13,19 These alert-related metrics often appear to be 
treated as proxies for alert fatigue. However, no literature to-date 
has evaluated whether these metrics actually constitute alert fa
tigue and whether alert fatigue was successfully prevented. More 
specifically, prior studies fail to provide operational definitions of 
alert fatigue; that is, explicit criteria for determining alert fatigue’s 
presence or onset in the study’s context.

It is unclear whether or how to intervene on alert fatigue with
out a validated measure of it. Interventions directed toward prox
ies of alert fatigue may be ineffective if alert fatigue is not actually 
present. In one example study, order check alert override rates 
varied significantly by alert type.8 Of the alert types with available 
override data, drug-drug interaction (DDI) alerts had the highest in
appropriate override rates, but not the highest overall override 
rates. Alert fatigue would be more strongly implicated if override 
rates were similar regardless of alert type. The most relevant type 
of alert would then have the most inappropriate overrides. In
stead, recipients in this study may have selectively underestimated 
the relevance of DDI alerts compared to other alerts due to mis
judgment or poor design of DDI alert features. Alert fatigue coun
termeasures, such as making DDI alerts more specific, may be less 
effective for reducing inappropriate overrides in such instances 
than more clearly emphasizing DDI severity. They could also result 
in dangerous false negatives. Conversely, if override rates were, in 
fact, similarly high regardless of alert type, this could suggest alert 
fatigue and an opportunity to improve the impact of CDSSs on pa
tient care by making alerts more specific. Thus, operational defini
tions using validated measures of alert fatigue are important for 
determining whether and how deploying strategies to combat 
alert fatigue may help prevent patient harm from CDSSs.

Objectives
The initial purpose of this study was to identify common meas
ures or operational definitions of alert fatigue in the CDSS 

literature and evaluate their implications for care. We focused 
on provider-targeted systems in any care setting. We operation
ally defined “measures of alert fatigue” as criteria by which alert 
fatigue was determined to be present or absent, or something 
reported to be a measure or operational definition of alert fa
tigue by the primary review authors.

We sought to conduct a review of systematic reviews. We as
sumed that systematic reviews examining alert fatigue would 
have broadly applicable, standardized operational definitions of 
alert fatigue reported in their inclusion and criteria per publica
tion standards.20,21 However, we discovered only one review 
that reported an operational definition or measure of alert fa
tigue.7 Therefore, our team expanded the focus of this review of 
systematic reviews to identify any metrics related to alert quan
tity, alert appropriateness or performance, alert responses, or 
appropriateness of responses—hereafter called “alert metrics” 
for simplicity—regardless of whether they were explicitly 
intended as measures or operational definitions of alert fatigue. 
The goal of identifying such metrics was to assess their relation 
to alert fatigue and how they could inform or be incorporated 
into a measure of alert fatigue as we conceptualized it: when ex
cessive and/or irrelevant alerts lead recipients to insufficiently en
gage with alerts for appropriate patient care given the 
surrounding context.

Methods
We report on our systematic review of systematic reviews. Our 
methods and reporting were guided by the Revised Assessment 
of Multiple Systematic Reviews (R-AMSTAR) and the Preferred 
Reporting Items for Systematic reviews and Meta-Analyses 
(PRISMA) 2020 checklist.20,21

Inclusion criteria
Reviews needed to be systematic to be included. We used the 
criteria outlined by the Cochrane Collaboration for determining 
whether a review was systematic.22,23 In brief, a review needed 
to explicitly report pre-defined objectives, reproducible meth
ods, and systematic presentation of findings to be counted as a 
systematic review.22 No exclusions based on language or peer 
review status were applied. Reviews needed to discuss provider- 
facing alerts. Providers needed to be free to determine how to 
respond to alerts.

Articles were included if they reported any alert metric, in
cluding, but not limited to operational definitions or measures 
of alert fatigue. Variables were considered eligible alert metrics 
if they pertained to alert quantity, response, or appropriateness. 
Alert metrics of alert quantity could include the rate of alerts per 
person, for example, patient or provider, or per time period. 
Metrics related to alert response could have included the num
ber or rate of overrides or acceptances. Overrides could have in
cluded nonresponse, limited response, or dismissal. These 
would include a failure to engage in the target clinical practice 
following alerts that can essentially be dismissed by clicking 
“acknowledge” or for alerts that do not need to be dismissed to 
continue work.12 The number of alerts or alert-triggering events 
followed by action would have needed to be clearly described. 
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Appropriateness or inappropriateness of overrides were also eli
gible. Metrics related to alert appropriateness could include sys
tem performance metrics such as sensitivity, specificity, or PPV.

Articles were considered eligible if they presented at least one 
of the aforementioned types of alert metrics. Only metrics of 
alerts that were actually presented to target recipients, and 
therefore capable of causing alert fatigue in recipients, were eli
gible. For instance, reviewers could not confirm whether perfor
mance metrics from some articles pertained to systems that 
sent alerts to end-users. Rather, they may have only come from 
silent trials. Such metrics were considered ineligible. Alert type 
was considered a factor that may influence alert metrics rather 
than an alert metric in and of itself; therefore, articles that only 
reported alert type and no other alert metric were excluded. An 
alert metric only had to be reported once in the review to be in
cluded, whether in the methods, results, or both. Thus, even 
metrics that review authors set out to extract a priori were in
cluded even if they were not discovered in the primary articles. 
Metrics that were only mentioned in the results for a single pri
mary article were included, even if it was not clear that the 
authors extracted information consistently for all included pri
mary articles.

Search methods
The Cochrane Library, Embase, and PubMed were searched. All 
databases were searched from the database start time to 2024. 
A set of search terms related to CDSS and alert systems in 
healthcare was combined with a set of terms related to alert fa
tigue with using an “AND” operator. The first set contained 3 
subsets related to the following topics: (1) decision support 
tools without mentioning healthcare in the phrase, such as 
“computerized decision support*”; (2) healthcare, such as 
“medical informatic*” and (3) CDSSs, such as “clinical decision 
support system.*” The second set comprised 3 subsets related 
to 1. alerts, 2. acceptances or overrides, and 3. alert fatigue. In 
each set, the first 2 subsets were combined with each other us
ing “AND” and then combined with the third subset using “OR.” 
Full search term sets and dates are in Appendix S1.

The lead author (C.E.R.) sought and screened additional 
articles from Department of Veterans Affairs (VA) research report 
registries, contacting experts, and manually searching reference 
lists of articles identified via database search. VA research report 
registries included VA Health Systems Research (HSR) Reports in 
Progress, Evidence Synthesis Program Reports with the 
“systematic review” filter applied, and HSR Publications using 
the terms “alert fatigue” OR “clinical reminder.”

Screening
All identified articles were screened for inclusion/exclusion by C. 
N. and C.E.R. Both researchers first screened titles and abstracts 
for relevance. Reports with relevant titles and abstracts under
went full article eligibility screening. Any discrepancies were re
solved by discussion between the 2 reviewers or, if consensus 
could not be reached, with input from A.M.H. and/or G.W.

Data extraction
Two reviewers independently extracted data from each article: C. 
E.R. and either S.M.K. or E.L. Differences between data extractors 
were resolved using the same procedures as for screening. They 
used a standardized data extraction tool (in Appendix S2) to en
sure each reviewer completed the same data extraction elements. 
The following data elements were extracted from each review ar
ticle as available: alert metrics, measures or operational defini
tions of alert fatigue used or proposed in the review, time frame, 
analysis/synthesis methods, alert targets such as drug-drug 
interaction, and quality per R-AMSTAR. Data extraction items 
besides those in the R-AMSTAR were developed by C.E.R. to 
meet the research objective, namely, to identify operational 
definitions of alert fatigue and alert metrics. Analysis/synthesis 
methods were extracted in case they yielded additional insights 
regarding how alerts were quantified or evaluated. Article 
quotes regarding additional study characteristics, such as poten
tial predictors and outcomes of alert fatigue, were obtained for 
potential future extraction and synthesis in case new research 
questions emerged once alert fatigue measurement was bet
ter understood.

We combined alert metrics that we deemed as similar or the 
same into a single metric. For instance, variations of alert quantity 
such as mean alarm count per day24 were subsumed under alert 
quantity. We considered something to be a measure or opera
tional definition of alert fatigue if the authors called it a proxy for, 
substitute for, operational definition of, indicator of, measure of, 
or metric of alert fatigue. The terms “alarm,” “reminder,” or 
“prompt” instead of “alert” and the terms “overload” or “burden” 
instead of “fatigue” were acceptable. Measures, metrics, and indi
cators needed to be reportedly of alert fatigue in order to be 
counted as a measure or operational definition of alert fatigue 
rather than solely an alert metric. They could not be solely related 
to alert fatigue unless the authors indicated what values or ranges 
of these metrics were considered unacceptable and to result from 
cognitive load or desensitization.7

Analysis/synthesis
The R-AMSTAR contains an item asking whether reviews 
reported characteristics of primary studies. We required articles 
to report the number of patients, the number of physicians, and 
the setting of primary studies to receive credit for this item. We 
synthesized findings in narrative and tabular format, including 
frequencies and percentages of each reported alert metric and 
R-AMSTAR criterion met. The alert metrics, measures or opera
tional definitions of alert fatigue, analysis/synthesis methods, 
time frame, and R-AMSTAR scores of each study were also tabu
lated. We divided the range of possible R-AMSTAR scores into 
thirds to get low (scores 11-21), medium (22-32), and high (33- 
44) study quality rankings.

Additional methods and results details can be found in Ap
pendix S3.

Results
The results of the search and selection process are depicted in 
the inclusion flow diagram Figure 1. Articles excluded upon full 
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article screening are cited along with reasons for exclusions in 
Appendix S4. Twenty-two articles were systematic reviews 
reporting at least one alert metric and were thus included in our 
review. Study characteristics, including alert metrics and R- 
AMSTAR score(s), are in Table 1.

Operational definitions or measures of 
alert fatigue
Only one included article reported an operational definition or 
measure of alert fatigue. Specifically, they used alert quantity as 
a proxy for fatigue.7 In their discussion, the authors proposed 
measuring alert fatigue as the rate of inappropriate alert over
rides per alert accompanied by high cognitive load or desensiti
zation. They noted that cognitive load could be measured with 
pre-existing workload assessment tools.

Alert metrics
Alert metrics reported by each study and their definitions are in 
Table 2. The most common alert metrics were alert quantity, 

such as mean alarm count per day;24,37 override rate, and accep
tance rates. The largest number of unique alert metrics reported 
by a single article was 6.10,26 Of note, while Kane-Gill et al. rec
ommended inappropriate override rates as a component of an 
operational definition of alert fatigue,7 only 3 studies (13.6%) 
reported this metric.5,18,35 Appropriateness was determined in 
the primary studies either by clinician evaluators using criteria 
based on previous research and guidelines,40,41 or via unre
ported methods.5,18,35

Study quality
Overall, R-AMSTAR study quality scores ranged from 20 (low 
quality) to 34 (high quality; Carli et al.26 and Dunn et al.,27 re
spectively) with a mean of 26.6 (medium quality; SD = 3.9). Three 
studies were of low quality (13.6%), one was high quality 
(4.6%),27 and the rest were medium quality (81.8%). The percen
tages of studies meeting each criterion are in Appendix S5. All 
reported inclusion criteria, a list of included studies not just in 
the reviews’ reference list, and electronic search parameters. All 
but one study reported an a priori design.38 All but one study 
reported using 2 electronic sources.26 No reviews reported 

Figure 1. Inclusion flow diagram. Alt text: Description of articles identified, included, and excluded.
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Table 1. Characteristics of included studies.

Author, Year R-AMSTAR  
score

Review Time Frame, including 
databases if start date depended 
on database inception

# of primary  
articles

Alert metrics

Bennett, 200325 26 January 1966 - December 
31, 2001

26 acceptance rate

Carli, 201826 20 February 2009 - March 2015 17 alert quantity j sensitivity j specificity j
PPV j clinical relevance of alerts j alert re
sponse time

Dunn, 202127 34 Ovid Medline, Embase, CINAHL, 
Web of Science, Scopus, and 
Cochrane Central Register of Con
trolled Trials from inception—May 
13, 2018

11 override rate j alert quantity

Eslami, 200728 28 Ovid Medline & Medline in-pro
cess and Embase from inception 
to—August 2006

67 acceptance rate j override rate

Handler, 200729 32 1985 - 2006 12 PPV
Hemens, 201130 32 2004 - 2010 65 alert quantity j PPV j False alarm or inap

propriate alert rate j time to process alerts
Hussain, 201912 21 2007 and 2017 39 acceptance rate j override rate
Hwang, 202031 25 PubMed MEDLINE, Embase, the 

Cochrane Library, and CINAHL 
from inception—August 2, 2018

10 sensitivity j specificity j PPV j False alarm 
or inappropriate alert rate

Kane-Gill, 20177 27 1966-February 1, 2017 26 alert quantity j acceptance rate j override 
rate j alert value

Lee, 202032 27 1 January 2010-31 July 2019 44 alert quantity j override rate j sensitivity
L�egat, 201816 25 CINAHL, Cochrane Library, 

Embase, Ovid, and PubMed from 
inception—February 2016. 

69 alert quantity j acceptance rate j alert 
prevalence and acceptance rates

Luri, 202218 27 Same as L�egat et al. (2018) plus 
Medline & Cochrane Library from 
March 2016-March 2020

28 alert quantity j acceptance rate j override 
rate j rate of appropriate or inappropri
ate overrides

Makam, 201533 29 PubMed MEDLINE, Embase, the 
Cochrane Library, and CINAHL 
from inception—June 27, 2014

8 sensitivity j specificity j PPV j negative pre
dictive value j likelihood ratio

Marasinghe, 20155 24 Medline, Embase, & Cochrane Li
brary from -1st week of Febru
ary 2014.

7 alert quantity j acceptance rate j rate of 
appropriate or inappropriate overrides 
j PPV

Olakotan, 202110 24 1997 to 2018 76 alert quantity j override rate j sensitivity j
specificity j PPV j False alarm or inappro
priate alert rate

Page, 201734 21 January 2000-February 2016 23 acceptance rate j override rate
Poly, 202035 30 January 1, 2000-March 31, 2019 23 alert quantity j override rate j rate of ap

propriate or inappropriate overrides
Shiffman, 199936 22 1992-January 1998 25 alert response time
Van der Vegt, 202424 27 January 1, 2010-April 1, 2023 37 alert quantity j sensitivity j specificity j

alert hours before event j risk of event for 
patients meeting alert criteria versus those 
who do notj acceptance rate j

Van der Vegt, 202337 30 January 1, 2012-June 23, 2022 30 acceptance rate
Van Dort, 202138 22 January 2010-April 2020 8 alert quantity j acceptance rate j override 

rate j false alarm or inappropriate 
alert rate

Warttig, 201839 32 1900-September 18, 2017 3 false negative rate

PPV = positive predictive value; R-AMSTAR = Revised Assessment of Multiple Systematic Reviews.
*Database abbreviations and inception dates: Cumulative Index to Nursing and Allied Health Literature (CINAHL; 1982), Cochrane Library (1996), Embase (1980), 
Ovid and Ovid Medline (1984), and PubMed (1996) Medline (1950), Medline in-process (1966), Web of Science (1964), and Scopus (1966). R-AMSTAR scores are 
out of 27. The following study quality rankings from possible R-AMSTAR: low (scores 11-21), medium (22-32), and high (33-44).
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translating articles in languages other than English, having read
ers sufficiently trained in said language[s], or graphical/statisti
cal assessments of publication bias. Only one reported tests of 
homogeneity.29 Furthermore, only 3 (13.6%) reviews reported 
the minimum primary study characteristics we determined were 
necessary to receive credit for the R-AMSTAR item on 
that topic.7,25,28

Discussion
The overarching purpose of our review was to identify measures 
or operationalizations of alert fatigue. Measuring, identifying, 

and operationally defining alert fatigue is important for finding 
ways in which CDSSs may be harming patient care that might 
otherwise be overlooked in broader evaluations. Only one re
view included in our results explicitly reported an operational 
definition or measure of alert fatigue.7 Specifically, this study 
operationalized alert fatigue by using alert quantity as a proxy.7

Twenty-one other studies reported metrics related to alert 
quantity, appropriateness, or responses—most often, quantity— 
without explicitly describing them as measures or operational 
definitions of alert fatigue. Kane-Gill et al. proposed that future 
studies operationalize alert fatigue as declining appropriate re
sponse rates accompanied by cognitive load and/or desensitiza
tion as measured by tools external to the alert metrics 
themselves.7 However, override appropriateness was infre
quently reported. Reporting of key primary study characteristics 
within each review besides alert metrics was poor (13.6%). Only 
one included review was categorized as high quality.27

By our interpretation, existing alert metrics and operational 
definitions vary in how they reflect alert fatigue when it is con
ceptualized as excessive and/or irrelevant alerts leading recipi
ents to insufficiently engage with alerts for appropriate patient 
care given the surrounding context.3,7,12–17 Some metrics reflect 
relevance and quantity. For instance, the positive predictive 
value, sensitivity, specificity, false negative rate, false positive 
rate, rate of appropriate or inappropriate alerts, risk of event for 
patients meeting alert criteria versus those who do not, and 
alert value relate to the relevance of alerts given the clinical con
text. Alert hours before event could determine alerts’ timeli
ness,24 and therefore clinical relevance. Metrics such as 
sensitivity and specificity also determine alert quantity for a 
given event prevalence. Alerts could become excessive at some 
quantities. In contrast, negative predictive value does not di
rectly indicate excessiveness, relevance, or engagement.

Appropriate response rates could measure sufficient engage
ment when investigators categorize alert responses—acceptan
ces, overrides, and response times—by their contextual 
appropriateness for patient care, ideally using explicit, 
evidence-based criteria. Declining appropriate response rates 
could then reflect decreasing engagement. Cognitive overload, 
desensitization, and distrust have been proposed to drive the 
role of excessive or irrelevant alerts in alert fatigue.7,9,26,31,42–44

Therefore, declining appropriate response rates in the presence 
of such mechanisms may comprise alert fatigue.7

We speculate that alert fatigue could manifest as a substantial 
and sustained decline in appropriate response rates from a pre
viously established baseline, assuming for now that it takes 
some time for alerts to accumulate enough to cause cognitive 
overload, desensitization, or distrust.7,9,26,31,42–44 Appropriate 
response rates may also be influenced by factors besides alert 
fatigue. These factors could include external sources of cogni
tive load that are high during the baseline period or that vary 
seasonally. Sustained declines in appropriate response rates fol
lowing a prior baseline period may be less attributable to these 
other factors. If these propositions are correct, they align with 
findings of inconsistent and nonlinear relationships between 
alert quantity and acceptance rates in prior publications9,45 and 
in prior descriptions of alert fatigue as the point of decreasing 
alert impact42 or the “Goldilocks” point.46 However, these 

Table 2. Alert metrics commonly extracted from included 
articles (N = 22)

Common alert metrics N (%)

Alert quantity (how many alerts fired) 12 (54.5)
Override rate (of the total alert quantity, 

how many were overridden)
10 (45.5)

Alert acceptance (of the total alert quantity, 
how many were accepted)

10 (45.5)

Alert appropriateness/Positive predictive 
value (of the total number of alerts, how 
many were supposed to fire 
[true positives])

7 (31.8)

Sensitivity (out of the total number of alert- 
eligible events, how many had an alert)

6 (27.3)

Specificity (out of the total number of non- 
alert-eligible events, how many did not 
have an alert)

4 (18.2)

Inappropriate alert rate or false alarm rate 
(false positives out of the total number of 
alerts or actual negative events, 
respectively)

4 (18.2)

Rate of appropriate or inappropriate over
rides (out of the total number of over
rides, how many were appropriate or 
inappropriate)

3 (13.6)

Alert response time 2 (9.1)
False negative rate (false negatives out of 

actual positive events [true positives + 
false negatives])

1 (4.6)

Negative predictive value 1 (4.6)
Risk of event for patients meeting alert cri

teria versus those who did not
1 (4.6)

Alert hours before event (how many hours 
before the event did the alert fire)

1 (4.6)

Time to process alerts 1 (4.6)
Likelihood ratio (the true positive rate di

vided by the false positive rate)
1 (4.6)

Alert “prevalence and acceptance rates,” 1 (4.6)
Clinical relevance of alerts 1 (4.6)
Alert value as measured by number of ac

cepted alerts, decrease in override rates, 
or judged as clinically significant

1 (4.6)
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propositions are based on our interpretation of the current con
ceptualization of alert fatigue rather than evidence from 
our review.

If, after controlling for alternative determinants of engage
ment, a statistically significant decrease in the relationship be
tween appropriate response rates and time relative to baseline 
persisted, it could indicate the presence of alert fatigue. The 
magnitude of this change could measure the extent of fatigue. 
These propositions are hypothetical and require future empiri
cal testing, including further exploration of other determinants 
of engagement. Validation could involve examining whether 
alert quantity and relevance metrics, and psychological 
mechanisms such as cognitive overload, distrust, and 
desensitization7,9,26,31,42,43,47–49 are associated with the onset or 
severity of such declines. Doing so may ultimately help identify 
levels of these underlying metrics that are “ideal … to avoid 
fatigue” (p. 1482).7

Limitations and future research
This review has a few limitations. We did not take specific steps 
to ensure meta-analyses were included in our search results. 
Meta-analyses may have been more likely to report alert met
rics, given their quantitative focus. Future efforts could expand 
search criteria to identify whether any meta-analyses include 
alert metrics or alert fatigue operational definitions other than 
the ones listed here. Also, there was subjectivity in what we con
sidered “alert metrics,” which could have artificially narrowed 
the scope of metrics we identified.

Another limitation is that we did not systematically extract 
the type of CDSS from each included review. Over- or under- 
representation of certain CDSS types may have thus biased the 
alert metrics reported. Finally, we did not perform coverage 
analysis to examine overlap in reviews’ included studies. Thus, 
alert metrics reported by primary studies included in more than 
one review may be over-counted. Nevertheless, we do not be
lieve that differences in the exact frequencies of individual alert 
metrics or additional performance metrics would change our 
proposed measure of alert fatigue.

Our review also has many strengths. Reviewing systematic 
reviews rather than individual primary articles offers a high-level 
overview of common metrics. This approach allowed us to ad
dress our research question efficiently by leveraging past sys
tematic reviews evaluating their included studies within the 
broader context of each other. All included articles underwent 
dual independent screening and data extraction. We used a pre
viously validated systematic review quality assessment tool. We 
had minimal eligibility restrictions outside of those needed to 
address our research questions. We also successfully pivoted 
our research objective in response to the lack of reported meas
ures of alert fatigue to gain a broader understanding of com
monly used alert metrics and propose guidance for future 
efforts to measure and understand alert fatigue.

Conclusion
In conclusion, operational definitions or measures of alert fa
tigue are rare. CDSS evaluations would benefit from standard 

measures of alert fatigue. Such measures can identify instances 
where CDSSs harm care that might otherwise be overlooked 
and allow interventions to be targeted appropriately. We pro
pose measuring alert fatigue via a statistically significant, sus
tained decrease in appropriate response rates over time relative 
to a previously established baseline after controlling for other 
determinants of engagement. Future work can validate this 
measure by examining its relation to potential causes and mech
anisms of alert fatigue.

Registration and protocol
The review protocol was not registered. It is available along with 
a log of amendments by request.
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