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ABSTRACT
OBJECTIVE
To report the improvements achieved with clinical
decision support systems and examine the
heterogeneity from pooling effects across diverse
clinical settings and intervention targets.
DESIGN
Systematic review and meta-analysis.
DATA SOURCES
Medline up to August 2019.
ELIGIBILITY CRITERIA FOR SELECTING STUDIES AND
METHODS
Randomised or quasi-randomised controlled trials
reporting absolute improvements in the percentage
of patients receiving care recommended by clinical
decision support systems. Multilevel meta-analysis
accounted for within study clustering. Meta-regression
was used to assess the degree to which the features
of clinical decision support systems and study
characteristics reduced heterogeneity in effect
sizes. Where reported, clinical endpoints were also
captured.
RESULTS
In 108 studies (94 randomised, 14 quasirandomised), reporting 122 trials that provided
analysable data from 1 203 053 patients and
10 790 providers, clinical decision support systems
increased the proportion of patients receiving

WHAT IS ALREADY KNOWN ON THIS TOPIC
Clinical decision support systems embedded in electronic health records prompt
clinicians to deliver recommended processes of care
Despite enthusiasm over the potential for clinical decision support systems to
improve care, a previous systematic review in 2010 found that such systems
typically improved the proportion of patients receiving target processes of care
by less than 5%
The number of trials published over the ensuing decade has grown considerably,
but subsequent systematic reviews have focused only on identifying features of
clinical decision support systems associated with positive results, rather than
quantifying the actual sizes of improvements achieved

WHAT THIS STUDY ADDS
Most clinical decision support system interventions achieve small to moderate
improvements in the percentage of patients receiving recommended processes
of care
The pooled effect size exhibited extreme heterogeneity (that is, variation across
trials beyond that expected from chance alone), which did not diminish with a
meta-regression model using significant predictors of larger effect sizes
Thus although a minority of studies have shown that clinical decision support
systems deliver clinically worthwhile increases in recommended care, the
circumstances under which such improvements occur remain undefined
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desired care by 5.8% (95% confidence interval 4.0%
to 7.6%). This pooled effect exhibited substantial
heterogeneity (I2=76%), with the top quartile of
reported improvements ranging from 10% to 62%. In
30 trials reporting clinical endpoints, clinical decision
support systems increased the proportion of patients
achieving guideline based targets (eg, blood pressure
or lipid control) by a median of 0.3% (interquartile
range −0.7% to 1.9%). Two study characteristics (low
baseline adherence and paediatric settings) were
associated with significantly larger effects. Inclusion
of these covariates in the multivariable metaregression, however, did not reduce heterogeneity.
CONCLUSIONS
Most interventions with clinical decision support
systems appear to achieve small to moderate
improvements in targeted processes of care, a finding
confirmed by the small changes in clinical endpoints
found in studies that reported them. A minority of
studies achieved substantial increases in the delivery
of recommended care, but predictors of these more
meaningful improvements remain undefined.

Introduction
Although the first electronic health record (EHR) was
introduced almost six decades ago,1 dissemination
has occurred surprisingly slowly.2 In the United States,
as recently as 2008, fewer than 10% of hospitals had
EHRs, and only 17% had computerised order entry
of drugs. By 2015, however, 75% of US hospitals
had adopted at least basic EHR systems.3 This rapid
uptake reflects the financial incentives in the Health
Information Technology for Economic and Clinical
Health (HITECH) Act passed in 2009.4 Although EHR
adoption has been slower in the UK,5 the NHS long
term plan, released in 2019, sets a goal for all trusts
and providers to move to digital health records by
2024.6
Clinical decision support systems embedded
within EHRs—from pop-up alerts about serious drug
allergies to more sophisticated tools incorporating
clinical prediction rules—prompt clinicians to deliver
evidence based processes of care,7 discourage nonindicated care,8 9 optimise drug orders,10 11 and
improve documentation.12 13 Despite optimism over
the effects of these support systems,14-16 a systematic
review published by our group in 201017 found that
clinical decision support systems typically improved
the proportion of patients who received target
processes of care by less than 5%. The subsequent
decade has seen a dramatic rise in the application
and evaluation of clinical decision support systems.
Systematic reviews of an increasingly large number of
1
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Computerised clinical decision support systems and absolute
improvements in care: meta-analysis of controlled clinical trials
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Methods
We followed established methods recommended by
Cochrane22 and report our findings in accordance
with PRISMA (preferred reporting items for systematic
reviews and meta-analyses).23
Search strategy and selection criteria
We searched Medline from the earliest available
date to August 2019 without language restrictions
(supplementary appendix 1) and scanned reference
lists from included studies and relevant systematic
reviews. We did not search Embase, CINAHL, and
Cochrane Central Register of Controlled Trials, as these
databases did not increase the yield of eligible studies
included in our previous review.17 24 We did, however,
conduct fresh study screening and data abstraction for
all articles, even those covered by the previous review,
to accommodate new and modified data elements
reflecting changes in technology in the intervening
decade.17 24
Eligible studies evaluated the effects of clinical
decision support systems on processes or outcomes
of care using a randomised or quasi-randomised
controlled design (allocation on the basis of an
arbitrary but not truly random process, such as even
or odd patient identification numbers). Patients in
control arms received “usual care” contemporaneous
with care delivered in the intervention arm (that is,
we excluded head-to-head comparisons of different
clinical decision support systems).
We defined a clinical decision support system as
any on-screen tool designed to improve adherence of
physicians to a recommended process of care. Eligible
studies delivered the support system intervention
within a clinical information system routinely used
by the provider (not a computer application separate
from the EHR) at the time of providing care to the
targeted patient (eg, while entering an order or a
clinical note). We excluded specialised diagnostic
decision support systems (eg, in medical imaging)
and systems not directly related to patient care, such
as decision support for billing or health record coding.
We also excluded studies using simulated patients and
studies in which fewer than half of participants were
physicians or physician trainees.
We focused on improvements in processes of care
(eg, prescribing drugs, immunisations, test ordering,
documentation), rather than clinical outcomes,
2

because we sought to determine the degree to
which clinical decision support systems achieve
their immediate goal—namely, changing provider
behaviour. The extent to which such changes ultimately
improve patient outcomes will vary depending on the
strength of the relation between targeted processes and
clinical outcomes. Nonetheless, we did capture clinical
outcomes where reported, including intermediate
endpoints, such as haemoglobin A1c and blood
pressure. We coded all results so that larger numbers
always corresponded to improvements in care. For
example, if a study reported the proportion of patients
who received inappropriate drugs,8 25 we recorded the
complementary proportion of patients who did not
receive inappropriate drugs.
Two investigators independently evaluated the
eligibility of all identified studies based on titles and
abstracts. Studies not excluded in this first step were
independently assessed for inclusion after full text
evaluation by two investigators. For articles that met
all inclusion criteria, two investigators independently
extracted the following information: clinical setting,
participants, methodological details, characteristics of
the design and content of the clinical decision support
system, presence of educational and non-educational
co-interventions, and outcomes. We extracted studies
with more than one eligible intervention arm as
separate trials (that is, comparisons). Two investigators
also independently assessed risk of bias for each study
using criteria outlined in the Cochrane Handbook
for Systematic Reviews of Interventions.26 27 Specific
biases considered for each study included selective
enrolment, attrition bias, similarity of baseline
characteristics, unit of analysis errors, performance
bias (systematic differences between groups with
respect to the care provided or exposures other than
the interventions of interest), and detection bias
(systematic differences between groups in outcome
ascertainment). We resolved all discrepancies and
disagreements by discussion and consensus among
the study team.

Data analysis
We used a multilevel meta-analysis model to estimate
the absolute improvements (risk differences) in
processes of care between intervention and control
groups, using the number of patients receiving the
target process of care and the total sample size for
each reported outcome. This approach allowed us to
account for heterogeneity between studies, and for
clustering of multiple outcomes reported for the same
patients within a given study.
Most trials used clustered designs, assigning
intervention status to the provider or provider
group rather than to the individual patient, but did
not always report cluster adjusted estimates. We
accounted for clustering by multiplying the standard
error of the risk differences by the square root of the
design effect.22 Intraclass correlation coefficients were
abstracted directly from the study when reported. To
impute intraclass correlation coefficients in studies
doi: 10.1136/bmj.m3216 | BMJ 2020;370:m3216 | the bmj
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publications, however, have typically looked only at
the features of these support systems that predicted
improvements in care,14 18 and reported odds ratios or
risk ratios,19-21 without quantifying the actual sizes of
the improvements achieved.
In our systematic review and meta-analysis, we
sought firstly, to estimate the typical improvement in
processes of care—and thus the potential for clinical
effect—conferred by clinical decision support systems
delivered at the point of care; and secondly, to identify
any study characteristics or features of these support
systems consistently associated with larger effects.

RESEARCH
behaviours, and design features of the clinical decision
support system. The multivariable meta-regression
model was used to identify study and clinical decision
support system features that predicted larger effects
and to determine if heterogeneity could be reduced.
We performed all statistical analyses using R
Software, version 3.5.1 (R Foundation for Statistical
Computing, Vienna). Rma.mv function from metafor
library was used to fit all models.

Patient and public involvement
Patients or the public were not involved in the design,
conduct, reporting, or dissemination plans of this
study. There were no funds or time allocated for patient
and public involvement at the time of the study so we
were unable to involve patients.
Results
Our search identified 5895 citations, of which 5428
were excluded at the initial stage of screening and an
additional 352 on full text review, yielding a total of
115 studies that met all inclusion criteria (fig 1 and
supplementary appendix 2). Nine studies contained
two trials (that is, two comparisons of a clinical
decision support system intervention with a control
group) 7 34-41 and one study contained six such trials,42
resulting in 129 included trials.
Of the 129 included trials (table 2 and supplementary
table 1), most used a true randomised design, with only
16 (12%) of the 129 trials involving a quasi-random
allocation process. Most trials (113/129; 88%) had
a clustered design, allocating intervention status to
providers or provider groups rather than patients. Most
trials (93/129; 72%) occurred in outpatient settings,
and 85 of 129 trials (66%) came from US centres.
Moreover, 93 (72%) of all 129 trials were published
from 2009 onwards, when the US HITECH Act became
law. The period since 2009 also included significantly
more trials using commercial EHRs (39/93 (42%)
v 2/36 (6%), P<0.05 with Bonferroni correction for
multiple comparisons). Epic accounted for 26 (63%)
of all 41 interventions on commercial EHR platforms.
As shown in supplementary figures 1a-b, the risk of

Table 1 | Study and clinical decision support system features
Study or CDSS feature
Acknowledgement and
documentation
Ambush

Baseline adherence
Complex decision support
Consideration of alert fatigue
Interruptive
Push
Target underuse

Definition
Requiring the user to register receipt of the information (eg, clicking on a YES or OK button) and to record the rationale for the clinical decision
(eg, selecting from a dropdown list of guideline based indications when ordering a broad spectrum antibiotic)
A CDSS that is likely to appear when not relevant to the immediate clinical task being performed by the user (eg, a pop-up prompting the user to
order vaccinations upon opening a patient’s record at all visits, not just preventative visits)
The proportion of patients in the control group receiving the desired process of care. In studies that reported pre-intervention data, the mean
percentage of patients in the pre-intervention control and intervention groups was calculated
A CDSS that incorporates two or more pieces of clinical or demographic information to guide clinical decision making (eg, a tool that
recommends deep vein thrombosis prophylaxis for a newly admitted inpatient over the age of 65). This complex decision support is in contrast
to simple decision support, which incorporates no pieces, or one piece, of clinical or demographic information
Studies that specifically mentioned alert fatigue in designing or delivering the CDSS intervention under study
A CDSS that appears on screen and stops the user from performing any further tasks until it is either “acknowledged”, or a button is pressed,
such as the Escape key
A CDSS is fully presented to the user without requiring additional clicks versus “pull”, in which the user is required to click a link or icon to
receive information contained within the CDSS
A CDSS that aims to increase the percentage of patients who receive a recommended process of care (eg, adherence to guideline recommended
care). Systems that target underuse are in contrast to those systems that target overuse, whereby improvements correspond to reductions in the
percentage of patients receiving inappropriate or unnecessary processes of care (eg, daily bloodwork in a clinically stable patient)

CDSS=clinical decision support system.
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that did not report them, we used a published database
of intraclass correlation coefficients28 stratified by type
of setting (eg, hospital versus ambulatory care) and
endpoint (eg, process versus outcome). We calculated
the median intraclass correlation coefficient for
hospital and ambulatory process measures across the
200 studies in this database and applied the relevant
value to a given study.
For clinical endpoints, we quantified the median
improvement and interquartile range across all studies
that reported dichotomous clinical endpoints, such as
the percentage of patients who achieved a target blood
pressure or the percentage of patients who experienced
a clinical event (eg, a critical laboratory result, adverse
drug event, or venous thromboembolism). This
method29 for summarising the effects of improvement
interventions on disparate clinical endpoints
was first developed in a large systematic review
of implementation strategies for clinical practice
guidelines,30 and subsequently applied in other
systematic reviews.31 32 We also calculated the median
improvement and interquartile range for changes
in blood pressure, the most commonly reported
continuous clinical endpoint.
We performed univariate meta-regression analyses
to explore the extent to which effects varied according
to the study characteristics and features of the clinical
decision support system. These analyses estimated
the difference in absolute improvements reported
between studies with and without each feature. Most
features are easy to understand (eg, the setting of the
intervention as hospital or ambulatory, the presence of
co-interventions other than clinical decision support
system). Table 1 defines those features with less
obvious meanings.
Finally, we fitted a multivariable meta-regression
model that included covariates with P<0.1 in the
univariate analyses, and simplified the model by
stepwise selection.33 We used the I2 statistic to
summarise statistical heterogeneity (that is, the degree
to which trials exhibited non-random variation in effect
sizes). We expected substantial heterogeneity in effect
sizes given the range of care settings, targeted clinician
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4472
700
80
71
60
45

5428
Citations excluded
Not a provider reminder
Ineligible study design
Excluded topic
Not on-screen computerised reminders
Not point-of-care reminders
Reminders not part of routine care
or directly related to patient care

467
Studies included in qualitative synthesis

66
64
53
37
28
28
26
19
14
17

352
Articles excluded
Not on-screen computerised reminders
Not a provider reminder
Ineligible study design
Targeted non-physicians or multiple
disciplines and physician data could not
be isolated
Not point-of-care reminders
Reminders not part of routine care
or directly related to patient care
Ineligible comparison or inappropriate
control (eg, computer reminder v some
other active intervention)
Excluded topic
No eligible outcomes
Other

115
Studies included reporting 129 comparisons
Fig 1 | Flow of studies through the review process

bias was generally low. The one exception involved
unit of analysis errors, which occurred in 18 (16%) of
113 clustered studies and thus possessed a high risk
of bias. (We included these studies because our use
of intraclass correlation coefficients and a multilevel
model avoided replicating unit of analysis errors from
the primary studies.)
Across the 122 trials that provided analysable data
from 1 203 053 patients and 10 790 providers (fig 2),
clinical decision support systems produced an average
absolute improvement of 5.8% (95% confidence
interval 4.0% to 7.6%) in the percentage of patients
receiving the desired process of care. For specific
types of physician behaviours, prescribing improved
by 4.4% (95% confidence interval 2.6% to 6.2%; 68
trials); test ordering by 6.8% (4.9% to 8.6%; 30 trials);
documentation adherence by 7.1% (5.4% to 8.9%; 25
trials; vaccination by 5.9% (4.1% to 7.7%; 12 trials);
and other process measures by 6.8% (5.0% to 8.6%;
35 trials). Other process measures included referral
for specialty consultations,43-45 overall guideline
concordance,46-48 and documenting key elements of
the diagnostic process.49-51 Supplementary figures
2a-e present the multilevel models for each category.
In univariate meta-regression analyses (table
3), clinical decision support systems requiring
4

acknowledgement and documentation of a reason for
not adhering to the recommended action achieved
improvements 4.8% larger than support systems
without this feature (95% confidence interval 0.1%
to 9.6%). The ability to execute the desired action
through the clinical decision support system was
also associated with larger effects than interventions
without this feature, with an incremental difference
of 4.4% (0.9% to 7.9%). Only 17 (14%) of 122 trials
considered alert fatigue in designing or delivering the
clinical decision support system, and the associated
incremental increase for this feature was small (1.7%)
and non-significant (95% confidence interval −3.5%
to 6.8%; P=0.52).
Improvements seen for clinical decision support
systems in paediatric settings exceeded those in
other patient populations by 14.7% (95% confidence
interval 8.4% to 21.0%; table 4). Additional study
features associated with significant incremental effects
included small studies (lower than the median patient
sample size), with an incremental improvement of
3.7% (0.2% to 7.3%) greater than larger studies, and
studies that took place in the US, with an incremental
improvement of 3.7% (0% to 7.4%).
As expected, the meta-analytic improvement in
processes of care across all trials exhibited substantial
doi: 10.1136/bmj.m3216 | BMJ 2020;370:m3216 | the bmj
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5895
Studies identiﬁed through literature search screened for titles and abstracts
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Characteristics of trials
Targeted process of care:
Prescribing
Test ordering
Documentation
Vaccination
Other
Study features:
Randomised controlled trial
United States
Outpatient
No of providers (median (IQR))
No of patients (median (IQR))
Baseline adherence (median (IQR))
Co-interventions (education)
Co-interventions (non-education)
CDSS features:
Push
Complex decision support
Acknowledgement and documentation
Execute action through CDSS
Ambush
Interruptive
Other concurrent CDSS
Consideration of alert fatigue
Target underuse
Commercial EHR (eg, Epic)*

Before 2009 (n=36)

2009 onwards (n=93)

Total (n=129)

24 (67)
12 (33)
3 (8)
5 (14)
7 (19)

44 (47)
18 (19)
22 (24)
7 (8)
28 (30)

68 (53)
30 (23)
25 (19)
12 (9)
35 (27)

30 (83)
23 (64)
23 (64)
89 (41-151)
2254 (452-6275)
29 (21-50)
12 (33)
8 (22)

83 (89)
62 (67)
70 (75)
79 (36-171)
2204 (450-11 282)
45 (17-64)
48 (52)
28 (30)

113 (88)
85 (66)
93 (72)
81 (36-171)
2237 (450-8574)
39 (17-62)
60 (47)
36 (28)

22 (61)
3 (8)
2 (6)
14 (39)
3 (8)
14 (39)
2 (6)
4 (11)
27 (75)
2 (6)

72 (77)
40 (43)
18 (19)
46 (49)
30 (32)
45 (48)
12 (13)
15 (16)
57 (61)
39 (42)

94 (73)
43 (33)
20 (16)
60 (47)
33 (26)
59 (46)
14 (11)
19 (15)
84 (65)
41 (32)

CDSS=clinical decision support system; EHR=electronic health record; IQR=interquartile range.
*Proportion of studies involving commercial systems increased significantly on or after 2009 compared with earlier (Bonferroni adjusted P<0.05).

heterogeneity (I2=76%), with a minority of studies
reporting much larger improvements than the metaanalytic average. The top quartile of trials reported
improvements in process adherence ranging from 10%
to 62%. Using multivariable meta-regression (table
5), the final model identified paediatric studies as
achieving incremental improvements of 13.6% (95%
confidence interval 7.4% to 19.8%), and those trials
with low baseline adherence (relative to the median
across all studies) reported incrementally greater
improvements by 3.2% (0% to 6.4%). Even when
these characteristics were incorporated in the meta-

Type of
outcome

regression model, heterogeneity remained high and
essentially unchanged.
Thirty trials reported dichotomous clinical
endpoints (supplementary table 1). These endpoints
included achieving guideline based targets for blood
pressure52-54 and lipid levels53 54; adverse events, such
as bleeding55 56; in-hospital pulmonary embolism57 58;
hospital readmission59 60; and mortality.58 60 For these
various endpoints, clinical decision support systems
increased the proportion of patients achieving guideline
based targets by a median of 0.3% (interquartile range
−0.7% to 1.9%). Twenty trials reported continuous

Total No of
No of Total No of
trials patients (%) providers (%)

Prescribing
68
731 726 (61)
7 977 (74)
Test ordering 30
372 640 (31)
2 783 (26)
Documentation 25
403 161 (34)
1 327 (12)
Vaccination
12
75 731 (6)
137 (1)
Other*
35
391 959 (33)
2 497 (23)
All
122 1 203 053 (100) 10 790 (100)

Multilevel metaanalysis (95% CI)

Multilevel metaanalysis (95% CI)
4.4 (2.6 to 6.2)
6.8 (4.9 to 8.6)
7.1 (5.4 to 8.9)
5.9 (4.1 to 7.7)
6.8 (5.0 to 8.6)
5.8 (4.0 to 7.6)

-10
0
10
Favours
Favours
control
intervention
Absolute improvement in adherence (%)
Fig 2 | Absolute improvements in desired care by different categories of clinical care. Results from the multilevel
random effects meta-analysis are shown. The diamond shows the summary overall absolute improvement and
95% confidence interval across all types of outcomes; the squares with lines represent estimates and their 95%
confidence intervals for different categories of clinical care. *Other process outcomes included referrals for specialty
consultations, overall guideline concordance, and diagnosis
the bmj | BMJ 2020;370:m3216 | doi: 10.1136/bmj.m3216
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Table 2 | Summary of characteristics of included trials, according to publication year. Data are number (%) of trials
unless stated otherwise
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CDSS feature
Acknowledgement and documentation required
Execute desired action through CDSS
Behaviour targeted, when reported
EHR platform
Interruptive
Mode of delivery, when reported
Other concurrent CDSS
Considered alert fatigue in design
User workflow specifically considered in design
Level of decision support
Developed in consultation with users
Makes recommendation for care
Appearance differed based on urgency
Inclusion of supporting information on screen
Ambush
Developed by study investigators
Requires input of clinical information
Conveys patient-specific information

Category (No of trials)
Yes (20) v no (102)
Yes (58) v no (64)
Underuse (82) v overuse (37)
Epic (25) v other (97)
Yes (55) v no (67)
Push (90) v pull (13)
Yes (14) v no (108)
Yes (17) v no (105)
Yes (35) v no (87)
Complex (40) v simple (82)
Yes (7) v no (115)
Yes (98) v no (24)
Yes (3) v no (119)
Yes (53) v no (69)
Yes (32) v no (90)
Yes (62) v no (60)
Yes (9) v no (113)
Yes (107) v no (15)

Absolute incremental
improvement (%; 95% CI)*
4.8 (0.1 to 9.6)
4.4 (0.9 to 7.9)
4.0 (0.1 to 7.9)
3.8 (−0.5 to 8.2)
3.2 (−0.4 to 6.7)
2.4 (−3.5 to 8.2)
2.1 (−3.4 to 7.6)
1.7 (−3.5 to 6.8)
1.2 (−2.7 to 5.2)
0.9 (−2.9 to 4.7)
0.1 (−7.3 to 7.5)
0 (−4.4 to 4.5)
−0.5 (−11.4 to 10.4)
−1.1 (−4.7 to 2.5)
−1.3 (−5.4 to 2.7)
−1.5 (−5.1 to 2.0)
−1.9 (−8.8 to 4.9)
−4.4 (−9.8 to 1.0)

P value
0.05
0.01
0.05
0.09
0.08
0.43
0.46
0.52
0.53
0.64
0.98
0.98
0.93
0.55
0.51
0.40
0.58
0.11

CDSS=clinical decision support system; EHR=electronic health record.
*The third column shows the estimated pooled difference (and 95% confidence interval) in the percentage of desired care between the trials classified
according to the CDSS features in the first column. Results from 122 trials (108 studies) reporting dichotomous outcomes were each estimated in a
univariate meta-regression model.

clinical endpoints (supplementary table 1), including
laboratory test values (eg, haemoglobin A1c54 61), and
questionnaire scores, such as the 36-Item Short Form
Survey.62 63 Blood pressure was the most commonly
reported continuous clinical endpoint.52-54 64 65
Patients in intervention groups had a median reduction
in diastolic blood pressure of 1.0 mm Hg (interquartile
range 1.0 mm Hg decrease to 0.2 mm Hg increase).
Median systolic blood pressure for patients receiving
an intervention, however, increased by 1.0 mm Hg
(interquartile range 0.3 mm Hg decrease to 1.0 mm Hg
increase).
We conducted sensitivity analyses by reanalysing
the percentage of patients receiving desired processes
of care using the largest improvement from each
trial. Instead of each trial contributing data for all
eligible processes of care, we used only the largest
improvement among the outcomes reported in a given
trial for these sensitivity analyses. These “best case

analyses” produced a pooled absolute improvement
in patients receiving desired care of 8.5% (95%
confidence interval 6.8% to 10.2%). We also repeated
our analyses using odds ratios rather than risk
differences, since absolute risk differences can produce
less stable meta-analytic estimates than relative risks
or odds ratios across varying levels of background
risk.66 The pooled odds ratio for improvement in
adherence was 1.43 (95% confidence interval 1.30 to
1.58). Overall, when odds ratios were used, our results
remained qualitatively the same for important study
and clinical decision support system features, types of
outcome, and level of heterogeneity.

Discussion
Principal findings
Across 122 controlled, mostly randomised, trials
involving 1 203 053 patients and 10 790 providers,
clinical decision support systems improved the

Table 4 | Absolute incremental improvements in desired care by study feature
Study feature
Clinical specialty
Patient sample size†
Country
Baseline adherence‡
Co-interventions beyond clinician education
Provider sample size§
Study design
Educational co-interventions
Publication year
Care setting

Category (No of trials)
Paediatrics (9) v other (113)
Small (<median) v large (≥median)
US (82) v other (40)
<Median v ≥median
Yes (35) v no (87)
Small (<median) v large (≥median)
Quasi-RCT (16) v RCT (106)
Yes (57) v no (65)
2009 onwards (87) v before 2009 (35)
Outpatient (90) v other (32)

Absolute incremental improvement
(%; 95% CI)*
14.7 (8.4 to 21.0)
3.7 (0.2 to 7.3)
3.7 (0 to 7.4)
3.3 (−0.2 to 6.9)
1.3 (−2.6 to 5.1)
0.2 (−5.7 to 6.2)
0.1 (−5.4 to 5.6)
−0.8 (−4.4 to 2.8)
−0.8 (−4.8 to 3.2)
−3.7 (−7.8 to 0.5)

P value
<0.001
0.04
0.05
0.06
0.53
0.94
0.96
0.66
0.70
0.08

RCT=randomised controlled trial.
*The third column shows the estimated pooled difference (and 95% confidence interval) in the percentage of desired care between the two study types
listed in the first column. Results from 122 trials (108 studies) reporting dichotomous outcomes were each estimated using a univariate meta-regression
model.
†Defined as small or large relative to the median patient sample size. Across all trials, the median was 2237 (interquartile range 450 to 8574).
‡The proportion of patients in control groups who received the desired process of care. Across all trials, the median was 39.4% (interquartile range
17.3% to 62.3%).
§Defined as small and large relative to the median provider sample size. Across all trials, the median was 81 (interquartile range 36 to 171).
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Table 3 | Absolute incremental improvements in desired care by CDSS feature
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Study and CDSS features*
Clinical specialty
Baseline adherence‡
Patient sample size§

Category (No of trials)
Paediatrics (9) v other (113)
<Median v ≥median
Small (<median) v large (≥median)

Absolute incremental improvement (%; 95% CI)†
13.6 (7.4 to 19.8)
3.2 (0 to 6.4)
2.4 (−0.8 to 5.7)

P value
<0.001
0.05
0.14

CDSS=clinical decision support system.
*The covariates listed in the table include all those that were included in the final multivariable meta-regression model, fitted through a backwards
stepwise procedure that initially included all study and CDSS feature covariates found to have P<0.1 in the univariate meta-regression models.
†Incremental improvements refer to the additional increases in the percentages of patients receiving the desired care beyond those reported in
interventions without this feature.
‡The proportion of patients in control groups who received the desired process of care. Across all trials, the median was 39.4% (interquartile range
17.3% to 62.3%).
§Defined as small and large relative to the median patient sample size. Across all trials, the median was 2237 (interquartile range 450 to 8574).

average percentage of patients receiving the desired
element of care by 5.8% (95% confidence interval
4.0% to 7.6%). As expected, these trials exhibited
substantial heterogeneity (I2=76%). Although it is
generally not advisable to perform a meta-analysis
with this degree of heterogeneity, we have reported
these results to show that the current literature,
despite its substantial size, provides little guidance
for identifying the circumstances under which clinical
decision support system interventions produce
worthwhile improvements in care.

Implications
On the one hand, the extreme heterogeneity indicates
non-random variation in effect sizes, such that
a minority of interventions might have achieved
significantly larger effects than the 95% confidence
intervals around the meta-analytic average. Indeed,
25% of studies reported absolute improvements greater
than 10%, with one as high as 62%.67 Yet, even with
the identification of two significant predictors of larger
effects—namely, paediatric studies and those with low
baseline adherence—the meta-regression model still
showed extreme heterogeneity. Thus even when these
characteristics were taken into account, a wide, nonrandom variation remained in the improvements seen
with clinical decision support systems. The reason for
this remains largely unknown.
Other systematic reviews have similarly reported
extreme heterogeneity, with I2 as high as 97% in
one instance.18 Moja and colleagues reported more
moderate heterogeneity (I2=41-64%),21 but their
review focused specifically on measures of morbidity
and mortality. Other reviews alluded to high
heterogeneity without reporting formal analyses,19
whereas others did not mention it.14 20
Previous reviews of clinical decision support
systems have typically looked only at predictors of
improvements in care,14 18 or reported odds or risk
ratios19-21 for receiving recommended care. We sought
to characterise the typical improvement achieved—
namely, a 5.8% increase in the percentage of patients
receiving the desired process of care. To put the
magnitude of this improvement into perspective, for
the control groups in the included trials, a median
of 39.4% of patients received care recommended
by the clinical decision support system. Thus, in the
typical intervention group, about 45% would receive
the bmj | BMJ 2020;370:m3216 | doi: 10.1136/bmj.m3216

this recommended process of care. Even if the metaanalytic result of 8.5% from our sensitivity analysis
incorporating the largest improvement reported in
each trial were used, the typical clinical decision
support system intervention would still leave over 50%
of patients not receiving recommended care.
We would characterise these absolute increases of
5.8% to 8.5% in the percentage of patients receiving
recommended care as a small to moderate effect, but
this does not imply that all such improvements are
unimportant. For some processes of care, such as
vaccinations and evidence based cancer screening,
even a small increase in the percentage of patients who
receive this care will translate into worthwhile benefits
at the population level. For many other processes
of care, where the recommendation has a weaker
connection with important outcomes, a small increase
in adherence may not justify its implementation and
subsequent contribution to clinicians’ frustrations
with EHRs.68
Clinical decision support systems embody one of the
eagerly awaited applications of artificial intelligence
and machine learning for patient care.69 By leveraging
the power of “big data,” these technologies promise
earlier recognition of sepsis70 71 and impending clinical
deterioration.72 73 Even with the most effective artificial
intelligence algorithms,74 however, the decision
support tools alerting clinicians to their complex
outputs will still largely depend on—and therefore be
limited by—the small to moderate effect sizes typically
obtained in our analysis.
Notably, studies that targeted a paediatric
population were associated with the largest absolute
improvement in process adherence. Many of these
studies occurred at large health centres, affiliated to
universities, with mature clinical information systems.
In our earlier review,17 we noted that studies conducted
at institutions with longstanding experience in clinical
informatics showed significantly larger improvements.
In this updated review, we performed similar analyses
and found no association between effect size and
specific institutions or mature homegrown systems.
Although much of the early work on EHRs and
clinical decision support systems took place on
inpatients, 93 (72%) of the 129 trials included in this
analysis took place in the outpatient setting. Across
both settings, most trials (66%; 85/129) came from the
US. Nonetheless, we believe our findings are relevant
7

BMJ: first published as 10.1136/bmj.m3216 on 17 September 2020. Downloaded from http://www.bmj.com/ on 16 June 2021 by guest. Protected by copyright.

Table 5 | Multivariable meta-regression model for the absolute incremental improvements in desired care by study and
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deterioration of a very sick patient, rather than the
public health consequences of excessive antibiotic
use. An antimicrobial stewardship programme85 could
hold far greater promise in achieving this goal than an
interruptive alert, which many clinicians will probably
ignore, or worse, could result in alert fatigue, thereby
undermining the potential effectiveness of other
support system interventions in a given healthcare
setting. Future interventions may also seek to harness
potential synergies between clinical decision support
systems and other well known interventions, such as
performance feedback.86

Risk of bias
The only included studies with high risk of bias were
18 (16%) of 113 clustered trials exhibiting unit of
analysis errors, which typically underestimate the
width of confidence intervals. We were able to include
such studies without replicating this bias because we
used their primary data, rather than the reported effect
sizes, together with reported or imputed intraclass
correlation coefficients for each clustered trial in a
multilevel model. The lack of other trials with a high
risk of bias among the included studies probably
reflects the nature of the intervention (that is, clinical
decision support systems delivered at the point-ofcare) and the endpoints in our analysis (that is, the
degree to which patients received recommended
care as documented in the EHR), as many of the
methodological shortcomings that can undermine
evaluations of other interventions are easier to avoid.
For instance, systematic differences in outcome
ascertainment can hardly arise. There is also no clear
way in which exposures other than the intervention of
interest (the clinical decision support system) could
systematically differ between intervention and control
patients. Losses to follow-up (that is, attrition bias) are
also virtually impossible given that the EHR captures
whether or not the clinician’s orders or documentation
complied with recommended care in response to the
clinical decision support system triggered.
Attrition due to loss of entire clusters is the one
possible exception and occurred in several trials in
which one or more clinics assigned to the control arm
dropped out of the trial. In a representative example
of such a trial,87 participating clinics received an EHR
system with or without additional guideline based
decision support. Some clinics assigned to the control
group dropped out owing to lack of motivation to
implement a new system with no chance of benefitting
their patients. The decision of clinics in the control arm
not to follow through with an information technology
intervention, which is well known to take personnel
time and cause frustration to clinicians, did not seem
to us to carry a clear risk of bias. We labelled the few
such trials as “unclear risk.”
Limitations
Heterogeneity among the included studies is the
main limitation to our analysis. Recommendations
to refrain from meta-analysis when the I2 statistic
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elsewhere. For instance, primary care EHRs in the UK
increasingly record more and more coded demographic,
diagnostic, and therapeutic data, providing a basis for
future clinical decision support systems.
Several factors could explain the disappointingly
small effect sizes typically achieved by clinical
decision support systems. Firstly, researchers and
leaders in clinical informatics and human factors have
recognised for years the importance of informing this
work with a rich sociotechnical model. This model
includes the human-computer interface, hardware
and software computing infrastructure, clinical
content, people, workflow and communication,
internal organisational culture, external regulations,
and system measurement.75-81 Yet, those who develop
and implement clinical decision support systems
typically do not take into account the full range of
these dimensions, or the complex interplay between
them. In addition to using such considerations to
inform the design and evaluation of clinical decision
support systems, future studies should report specific
potential effect modifiers, including physician EHR
training, number of alerts for each visit, physician
visit volume, and broader contextual factors, such
as validated measures of burnout and local safety
culture. A recent publication guideline may foster
such improved reporting of trials of clinical decision
support systems.82
Alert fatigue is a second possible explanation for
the small to moderate effect sizes typically achieved
in our analysis. Clinicians could encounter the same
alert for many patients, or a given clinical information
system could have several clinical decision support
systems operating concurrently. In either case,
clinicians could become less receptive to alerts from
these support systems. Surprisingly, only 19 (15%) of
129 trials in this review mentioned alert fatigue in their
design. Although only a minority of trials considered
alert fatigue, studies focusing on this topic outside of
controlled trials have highlighted the problem, and
strategies to minimise the burden to users from clinical
decision support systems are under investigation.
Growing concerns that alert fatigue contributes to
dissatisfaction with EHRs, and even clinician burnout,
underscore the importance of considering this problem
in future studies of support systems.68
Finally, as has happened with other common
improvement interventions, from bundles and
checklists to performance report cards and financial
incentives, clinical decision support systems have
become a “go to” off-the-shelf intervention. Many
reflexively reach for these interventions without
considering the way they work or the degree to which
they would be likely to help with the cause of the target
problem.83 84 The decision to employ a clinical decision
support system often reflects ease of deployment
rather than its usefulness in dealing with the problem.
A pop-up computer screen reminding clinicians of the
approved indications for a broad spectrum antibiotic
may ignore the psychological reality of the clinician’s
primary concern at that moment—avoiding further
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Conclusions
Despite publication of over 100 randomised and quasirandomised trials involving over one million patients
and 10 000 providers, the observed improvements
display extreme, unexplained variation. Achieving
worthwhile improvements therefore remains largely a
case of trial and error. Future research must identify new
ways of designing clinical decision support systems
that reliably confer larger improvements in care while
balancing the threat of alert fatigue. Head-to-head
trials comparing design features of different support
systems will also be important.88 In the meantime,
a critical consideration in deciding to implement
clinical decision support systems is the strength of the
connection between the targeted process of care and
patient outcomes. Achieving small improvements in
care with only a presumptive connection to patient
outcomes may not be worth the risk of contributing
to alert fatigue or the growing concern of physician
burnout attributable to EHRs.68 89
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