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The effect of computerised decision support alerts tailored
to intensive care on the administration of high-risk drug
combinations, and their monitoring: a cluster randomised
stepped-wedge trial

Tinka Bakker*, Joanna E Klopotowska*, Dave A Dongelmans, Saeid Eslami, Wytze | Vermeijden, Stefaan Hendriks, Julia ten Cate, Attila Karakus,
llse M Purmer, Sjoerd HW van Bree, Peter E Spronk, Martijn Hoeksema, Evert de Jonge, Nicolette F de Keizer, Ameen Abu-Hanna,
on behalf of the SIMPLIFY study groupt

Summary

Background Drug-drug interactions (DDIs) can harm patients admitted to the intensive care unit (ICU). Yet, clinical
decision support systems (CDSSs) aimed at helping physicians prevent DDIs are plagued by low-yield alerts, causing
alert fatigue and compromising patient safety. The aim of this multicentre study was to evaluate the effect of tailoring
potential DDI alerts to the ICU setting on the frequency of administered high-risk drug combinations.

Methods We implemented a cluster randomised stepped-wedge trial in nine ICUs in the Netherlands. Five ICUs
already used potential DDI alerts. Patients aged 18 years or older admitted to the ICU with at least two drugs
administered were included. Our intervention was an adapted CDSS, only providing alerts for potential DDIs
considered as high risk. The intervention was delivered at the ICU level and targeted physicians. We hypothesised
that showing only relevant alerts would improve CDSS effectiveness and lead to a decreased number of administered
high-risk drug combinations. The order in which the intervention was implemented in the ICUs was randomised by
an independent researcher. The primary outcome was the number of administered high-risk drug combinations per
1000 drug administrations per patient and was assessed in all included patients. This trial was registered in the
Netherlands Trial Register (identifier NL6762) on Nov 26, 2018, and is now closed.

Findings In total, 10423 patients admitted to the ICU between Sept 1, 2018, and Sept 1, 2019, were assessed and
9887 patients were included. The mean number of administered high-risk drug combinations per 1000 drug
administrations per patient was 26-2 (SD 53-4) in the intervention group (n=5534), compared with 35-6 (65-0) in the
control group (n=4353). Tailoring potential DDI alerts to the ICU led to a 12% decrease (95% CI 5-18%; p=0-0008) in
the number of administered high-risk drug combinations per 1000 drug administrations per patient, after adjusting
for clustering and prognostic factors.

Interpretation This cluster randomised stepped-wedge trial showed that tailoring potential DDI alerts to the ICU
setting significantly reduced the number of administered high-risk drug combinations. Our list of high-risk drug
combinations can be used in other ICUs, and our strategy of tailoring alerts based on clinical relevance could be
applied to other clinical settings.
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Introduction

Drug-drug interactions (DDIs) are an important cause
of patient harm.' Patient harm occurs when two drugs
known to interact are co-administered and subsequently
their effect is increased or decreased, causing drug
toxicity or therapy failure.” Patients admitted to the
intensive care unit (ICU) are more prone to adverse drug
events compared with patients on non-ICU wards.’ The
observed rate of adverse drug events was 11-5 per
1000 patient-days in general wards compared with
19-4 in the ICU in the USA in 1995.* Approximately 16%
of all adverse drug events in the ICU are caused by
DDIs.””

A potential DDI refers to the administration of two
drugs known to interact. The term potential implies
uncertainty regarding whether the exposure will lead to
an actual DDI, harming the patient. The occurrence of
an interaction depends on factors such as the patient’s
renal and liver function, and the dose and duration of the
co-administration. For potential DDIs that are considered
clinically relevant in the ICU, the term high-risk drug
combination is used, indicating exposure to a
combination that might result in an actual DDI with
clinically relevant consequences harming the patient.

Several studies have shown that clinical decision
support systems (CDSSs) help to prevent DDIs and
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Research in context

Evidence before this study

Drug-drug interactions (DDIs) are a notable cause of patient
harm. Patients admitted to the intensive care unit (ICU) are
more prone to adverse drug events compared with patients
on non-ICU wards. We searched MEDLINE for studies in
English published from Jan 1, 2010, to April 13, 2017,

on information technology-based interventions to improve
DDI outcomes. We subsequently conducted an update of this
search for studies published in the period April 13, 2017,

to Oct 9, 2019. We used the search terms “drug interaction”,
“medication interaction”, “decision support system”, “expert
system”, and “prescribing system”. We excluded studies that
focused on the feasibility, validity, acceptability, or
description of information technology-based applications.
We found that clinical decision support systems (CDSSs) are
plagued by an overload of low-yield potential DDI alerts.
Producing many low-yield alerts desensitises clinicians and
leads to alert fatigue, high over-ride rates, and the risk of
missing relevant alerts, thereby compromising patient safety.
Inthe ICU, approximately 90% of the potential DDI alerts are
over-ridden, and 84% of these over-rides appear justified
because of the perceived low yield of the potential DDI alerts.
Furthermore, we found no studies that evaluated the effect of
tailoring potential DDI alerts to the ICU setting on high-risk
drug combination frequency, patient monitoring, or ICU
length of stay.

thereby adverse drug events.*” CDSSs support clinicians
in safe prescribing by showing potential DDI alerts
during drug order entry.* The main follow-up actions
after an alert are either stopping the interacting drugs, or
continuing and monitoring the patient.

However, current CDSSs are plagued by an overload of
low-yield potential DDI alerts (ie, those of a low
relevance).” When CDSSs produce numerous low-yield
alerts, this desensitises clinicians and leads to alert
fatigue, high over-ride rates, and the risk of missing
relevant alerts, which compromises patient safety.* "

In the ICU, approximately 90% of the potential DDI
alerts are overridden, and 84% of these over-rides seem
appropriate because the alert is low yield.”" Additionally,
the critical condition of patients in the ICU might require
the administration of drugs known to interact, despite
the risk of harm. Moreover, patients in the ICU are
extensively and continuously monitored. Although not
fail-proof, this monitoring facilitates the early detection
of adverse consequences of DDIs, allowing for timely
appropriate actions to prevent further harm. Therefore, it
is important to consider the setting in which the potential
DDI alerts operate.

We hypothesised that tailoring potential DDI alerts to
the ICU setting, by only showing alerts that are clinically
relevant in the ICU setting, would increase attention
towards these alerts and, in turn, would improve CDSS

Added value of this study

This cluster randomised stepped-wedge trial showed that
tailoring potential DD alerts to the ICU setting, by only
producing alerts that are clinically relevant in this setting,
improved CDSS effectiveness and led to a 12% decrease in the
number of administered high-risk drug combinations (95% Cl
5-18%; p=0-0008). Additionally, patient monitoring for
potential consequences of DDIs improved by 9% (6-11%;
p<0-0001), and the length of stay in the ICU was reduced by
6% (2-10%; p=0-0021). These findings contribute to the goal of
intensivists to avoid high-risk drug combinations if possible
and, if not possible, to prescribe them while being aware of and
adequately monitoring the potential consequences.

Implications of all the available evidence

Tailoring potential DDI alerts to a specific setting can reduce the
administration of high-risk drug combinations and length of stay
in the ICU, and improve patient monitoring for the potential
consequences of DDIs. Our results are relevant to clinicians,
hospital pharmacists, CDSS developers, managers, quality-of-care
officers, and researchers in the ICU setting. Other ICUs could use
our list of high-risk drug combinations to tailor their potential
DDl alerts and improve CDSS effectiveness. Additionally, our
results might encourage other medical practitioners to establish a
set of high-risk drug combinations for patients in other specific
settings, such as in neonatology, paediatrics, or oncology.

effectiveness and lead to a decreased number of high-risk
drug combinations being administered (appendix p 2).”
When the administration of a high-risk drug combination
cannot be avoided, patient monitoring for potential
consequences of such combinations might prevent or
ameliorate patient harm. Monitoring might include
monitoring laboratory values, reviewing electro-
cardiograms (ECGs), and therapeutic drug monitoring.
Recommended monitoring actions are shown in the
alerts. Hence, in addition to evaluating the frequency of
high-risk drug combinations, it is important to evaluate
whether potential DDIs were monitored appropriately.

Therefore, the aim of this multicentre study was to
evaluate the effect of tailoring potential DDI alerts to the
ICU setting on the frequency of administered high-risk
drug combinations, proportion of appropriately
monitored high-risk drug combinations, and length of
stay in the ICU.

Methods

Study design

To evaluate the effect of tailoring potential DDI alerts, we
implemented a cluster randomised stepped-wedge trial.
The study period was from Sept 1, 2018, to Sept 1, 2019.
The intervention was rolled out sequentially to nine ICUs,
with the intervention staggered by 1 month between each
ICU (figure 1). During the first 2 months, all ICUs were in
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the control group. By the last month, all ICUs were in the
intervention group. To analyse the intervention’s
effectiveness, data in the control section of the wedge were
compared with data in the intervention section (figure 1).
This study was conducted in nine mixed medical and
surgical closed format ICUs in the Netherlands.

We chose the stepped-wedge design because, when
compared with a parallel cluster randomised controlled
trial, it is more powerful with a small number of clusters
but a large number of patients per cluster, which aligns
with our situation.” We designed the intervention at the
ICU level, because of the expected contamination (ie, the

effects of the CDSS spreading to the control group) at the
patient or ICU physician level.

This study is reported according to the Consolidated
Standards of Reporting Trials 2010 extension for stepped-
wedge cluster randomised trials, and the reporting of
studies conducted using observational routinely collected
health data statement for pharmacoepidemiology
(appendix p 7). The study protocol was reviewed by the
Medical Ethics Committee of the Amsterdam University
Medical Centers (the Netherlands) and has been published
previously.? This committee provided a waiver from
formal approval (W16_391 number 17-001) and informed

Development

1 Analysis of potential DDIs in the ICU*

« Analysis of 2282 974 medication administrations of
103871 admissions in 13 ICUs T
« Number of potential DDIs
Per 1000 medication administrations=mean 70-1 (SD 90-5) -
Per admission=mean 2-2 (SD 4-1)
« Detected number of potential DDI types=270

2 Defining the clinical relevance of potential DDIs for the ICU setting®

« Modified Delphi procedure
Two rounds
Intensivists and hospital pharmacists
« Assessing the clinical relevance of 148 potential DDI types
+/ With agreement=139 (94%) of 148 potential DDI types
+/ Low-yield potential DDI types=53 (38%) of 139

Implementation 2018-19

September October

November ~ December  January

(O Baseline situation with MiM [ Control period
O Baseline situation without MiM [ Intervention period

Intervention MiM+

3 Cluster randomised stepped-wedge trial (this study)

February ~ March April May June July August

@ Implementation of MiM+ and training

Implementation

« Adjustment of potential DDI alerts according to Delphi study
« Resulting in MiM+, our intervention
OI1CU with MiM in baseline
Clinically relevant potential DDIs: kept or turned on
Low-yield potential DDI alerts: turned off
OICU without MiM in baseline
Clinically relevant potential DDIs: turned on
« An on-site training about MiM+ by two researchers

The toxicity of tacrolimus can increase. The concentration of tacrolimus in blood

increases due to CYP3A4 inhibitors.

1. Choose an alternative for a CYP3A4 inhibitor, preferably in consulation with
the prescriber of tacrolimus. If an alternative treatment is not possible then:

2. Monitor tacrolimus blood concentration: when starting a CYP3A4 inhibitor,
when changing the dose of a CYP3A4 inhibitor, or when stopping a CYP3A4
inhibitor. After discontinuation of a CYP3A4 inhibitor, tacrolimus blood
concentration will decrease again.

Routine monitoring in the ICU, no additional precautions needed

Will monitor extra and/or adjust dosage/administration time

No precautions possible, however, the patient's situation requires this action
Other, see free text field

OK, prescribe anyway Cancel, back to order

Example of potential DDI alert of MIM+ | source: MiM - module IteMedical

Figure 1: Graphical summary of the development and implementation of the MiM+ intervention
DDI=drug-drug interaction. ICU=intensive care unit. MiM+=Medication Interaction Module+.
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consent, because this trial does not fall within the scope of
the Dutch Medical Research Human Subjects Act.

The trial was registered in the Netherlands Trial Register
(identifier NL6762) on Nov 26, 2018. ICUs were invited to
participate before registration, because this study was part
of a larger project (figure 1).5" ICUs were invited early, to
allow enough time for the preparation of the
implementation of our intervention together with the
software supplier. An independent researcher performed
the computerised random assignment on Sept 12, 2018,
and ICUs were informed of their starting day before
Nov 1, 2018. According to the schedule, the study started
on Nov 1, 2018, when the first ICU started the intervention.
The trial registration was published 3 weeks later, on
Nov 26. No modifications were made to the content of the
registration between Sept 12 and Nov 26.

Assessment of safety and adverse events

A Data Safety Management Board was not established in
this study. This decision was carefully considered and
discussed with the participating ICUs. We decided not to
establish a Data Safety Management Board because our
intervention was considered a low-risk intervention. It did
not involve any experimental drugs or procedures, and
our trial does not fall within the scope of the Dutch
Medical Research Human Subjects Act, as established by
the Medical Ethics Committee. This committee did not
require the establishment of a Data Safety Management
Board. In addition, the intervention did not pose any
immediate safety concerns or potential harm to patients.
In our trial, the intervention was implemented at the level
of clusters (ICUs), rather than individual patients. Since
the intervention primarily targeted ICU physicians, and
there was no direct involvement of individual patients, the
need to monitor individual patient safety was low.
Additionally, such monitoring was already part of routine
care in the ICUs. Lastly, at the start of the trial, all ICUs
were provided with on-site training about the intervention,
and all ICU site coordinators were asked by the researchers
to report any unintended negative consequences on
patients related to the intervention. No unintended
negative consequences were reported during the trial.

Participants

For inclusion, we required that the ICU used the patient
data management system MetaVision ICU (iMDSoft)
during the whole trial period. Integrating our intervention
and extracting data from various patient data
management system types would require resources
beyond the available funding; and, additionally, the
patient data management system type was not expected
to influence the effect of our intervention. All ICUs using
MetaVision were invited to participate via the National
Intensive Care Evaluation (NICE) registry network.
Patients aged 18 years or older admitted to the ICU with
at least two drug administrations during their admission
were included.

Randomisation and masking

The order in which the intervention was implemented in
the ICUs was randomly assigned, reducing the risk of bias,
thus increasing the internal validity of the method. An
independent researcher not involved in this study
performed the computerised randomisation. Masking was
not feasible, because the ICU staff and researchers involved
were aware of the change from control to intervention.

Intervention

Our intervention was a restricted version of the
Medication Interaction Module (MiM), a CDSS developed
by ItéMedical. ICUs using the patient data management
system MetaVision have the option to use MiM, which
provides potential DDI alerts or duplicate order alerts, or
both. Five of the nine participating ICUs used the MiM.
MiM is based on the G-Standaard, an evidence-based
professional database developed by the Scientific Institute
of Dutch Pharmacists. The G-Standaard is used in all
Dutch hospitals and contains information about potential
DDIs and their management.”® The interactions included
in the G-standaard are listed in the appendix (pp 17-29).

Our intervention, referred to as MiM+, provided alerts
only for potential DDIs considered clinically relevant to
the ICU (ie, high-risk drug combinations). An alert
example is shown in the appendix (p 13). To establish
clinical relevance, we applied a modified Delphi procedure
with an expert panel consisting of intensivists and hospital
pharmacists (among which included AK, EdJ, IMP, JtC,
MH, PES, SH, and W]V), assessing the clinical relevance
of 139 potential DDIs for the ICU setting. We found that
86 of 139 potential DDIs (62%) were considered clinically
relevant in the ICU setting (figure 1; appendix pp 30-32).
For nine potential DDIs, agreement on clinical relevance
was not reached in the Delphi study (appendix p 33). This
study is described elsewhere.” The adaptation to MiM+
differed for ICUs already using the MiM (n=5) and ICUs
not using the MiM (n=4).

For ICUs without MiM, the MiM+ was installed and
configured by ItéMedical according to the Delphi results:
potential DDI alerts for drug combinations deemed high
risk were turned on. Alerts for drug combinations
deemed low yield were kept off.

For ICUs already using MiM, the procedure was similar:
alerts for drug combinations assessed as high risk in the
Delphi study were turned or left on, alerts for drug
combinations deemed as low yield were turned or left off. If
ICUs used potential DDI alerts for drug combinations that
were not evaluated in our Delphi study or alerts for duplicate
orders, or both, then these were left on, because withholding
these alerts might potentially negatively affect patient safety.
For the nine potential DDIs without agreement on clinical
relevance, the ICUs were permitted to decide whether to
turn alerts on or off, given their patient population profile.

The intervention was delivered at the ICU level. The
potential DDI alerts were targeted at physicians, because
in the Dutch ICU they are the only prescribers. We
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provided on-site training about MiM+ at the start of the
intervention.

Outcomes

The primary outcome was the number of administered
high-risk drug combinations per 1000 drug
administrations per patient. Secondary outcomes were
the length of stay in the ICU and the proportion of
appropriately monitored high-risk drug combinations.

An administered high-risk drug combination was defined
as the administration of an interacting drug combination
that was considered clinically relevant in the ICU setting,
henceforth referred to as a high-risk drug combination.
Appropriate  monitoring was defined as monitoring
according to the instructions in the G-Standaard.

The monitoring strategies for the top 15 most common
high-risk drug combinations, and evaluation method and
definition of appropriate monitoring, are explained in
the appendix (pp 35-36).

To enable comparison with other studies, we also
reported the proportion of patients with at least one high-
risk drug combination and the number of high-risk drug
combinations per patient. Additionally, the appendix
(pp 37-39) reports the proportion of patients with at least
one drug combination, and the number of drug
combinations per patient (including both high-risk and
low-yield drug combinations).

Data collection

To evaluate the effect of the intervention, we used routinely
recorded medication administrations, ECG data, and
laboratory data from MetaVision. We linked these to the
NICE Registry to obtain patient characteristics such as age,
comorbidities, and severity of illness for all patients
admitted to the ICU during the study period. Linking with
the NICE Registry also served as a validation step, because
the NICE Registry provides continuous and comprehensive
registration of all ICU admissions from participating ICUs
and thoroughly validate the data. Data were collected at the
admission level with a coded admission number as the
identifier (appendix p 14).

Detection of high-risk drug combinations

To detect potential DDIs in the drug administration data,
a computerised algorithm was developed on the basis of
the G-Standaard. In the algorithm, we defined a potential
DDI as the administration of two drugs known to
interact, administered within a 24-h interval. The
algorithm was applied to all included patients. Only
drugs that were actually administered were considered.
All drugs with a systemic route of administration were
considered. We validated the algorithm through unit
testing (appendix p 15).

Statistical analysis
To calculate the power of our stepped-wedge trial, the
statistical software PASS 15-0.4 was used. We estimated a

relative reduction of 20% of the number of high-risk drug
combinations. According to a systematic review assessing
the effects of information technology interventions on
DDI-related outcomes, relative reductions ranged from 15
to 29%.° On the basis of a preliminary analysis, the
number of high-risk potential DDIs per 1000 medication
administrations was estimated at 42-0 (event rate). With a
relative reduction of 20%, the event rate after the
intervention was estimated at 33-6. A senior intensivist
involved in the study (DAD), as an indicator of face
validity, considered a 20% reduction to be clinically
relevant. Calculations showed that 83% power was
required to detect a relative reduction of 20%, considering
an estimated intra-cluster correlation of 0-12, which was
based on previous randomised controlled trials on
different outcomes with data from the NICE Registry. The
power calculations were based on the Poisson distribution
of the primary outcome, the test statistic used was the
two-sided Wald Z test, and the significance level of the
test was set at 0-05 (appendix p 16).

Analyses in this study were performed on an intention-
to-treat basis. Continuous variables were presented as
mean and SD if they were normally distributed, or
median and IQR if otherwise distributed. Normality was
tested with a Shapiro—Wilks test. Categorical variables
were presented as numbers and percentages. For
hypothesis testing, a probability of less than 0-05 was
considered statistically significant. All statistical tests
were two-sided. The R statistical software environment
version 4.0.3 was used with the following packages: Ime4
(version 1.1-31), ImerTest (version 3.1-3), MASS (version
7.3-58.1), tidyverse (version 1.3.2), stats (version 4.2.1),
and glmmTMB (version 1.1.7).

To assess the effect of the MiM+ on the primary and
secondary outcomes, we used various generalised linear
mixed-effects models with random intercepts for each
ICU, except for the secondary outcome of appropriate
monitoring where the group differences were compared
with a y2 test. For the primary outcome we used the
negative binomial distribution family and the log link
function, because the Poisson models showed over-
dispersion. Variables were spline-transformed if needed to
satisfy model assumptions. The models for the secondary
outcomes are shown in the appendix (pp 37-39). To decide
whether adjusting for temporal effects or the previous use
of the MiM was necessary, we assessed the effect of time
and of previous MiM use in the control group and
intervention group separately, independent of the effect of
the intervention. In both groups, the effect of time as well
as the effect of previous MiM use were not significant.
Therefore, we did not adjust for temporal effects or
previous MiM use.

We used a null model, M0, without adjustments. Model
M1 was adjusted for variables that were significantly
different between the intervention and control group. On
the basis of a hospital pharmacist's and intensivist’s
expertise (JEK and DAD), model M2 was adjusted for the
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prognostic factors age, sex, admission type, cardiovascular
disease, immunodeficiency, and Acute Physiology And
Chronic Health Evaluation IV (APACHE 1V) score,
because these could affect the number of high-risk drug
combinations.

10423 patients admitted to the
intensive care unit within the
study period

—D| 382 not linked with NICE Registry database (3-7%) |

A 4
| 10041 linked with NICE database |

—D| 137 patients with only one drug administration (1-4%)

A

| 9904 patients included for analysis

—D| 17 had incomplete record for analysis (0-2%) |

A

| 9887 patients included for analysis

Figure 2: Flow of patient inclusion
NICE=National Intensive Care Evaluation.

Control group (n=5534)  Intervention group (n=4353)

Age, years*
Mean
Median
Sex
Female
Male
APACHE IV score*
Mean
Median
Admission type
Medical
Emergency surgical
Elective surgical
Chronic conditions

Chronic renal failure

Chronic obstructive pulmonary disease

Respiratory failure

Cardiovascular disease

Cirrhosis

Haematological malignancy

AIDS

Immunodeficiency

632 (15-3) 63-2 (15:9)
66-0 (55-74) 66-0 (55-75)
2114 (38:2%) 1695 (38-9%)
3420 (61-8%) 2658 (61-1%)
57:2(27-6) 565 (27:1)
51.0 (38-71) 51.0 (37-70)
2480 (44-8%) 2078 (47-7%)
670 (12:1%) 451 (10-4%)
2384 (43-1%) 1824 (41-9%)
286 (5-2%) 252 (5-8%)
543 (9-8%) 580 (13-3%)
182 (33%) 139 (3-2%)
174 (3-1%) 113 (2-6%)
89 (1-6%) 53 (1-2%)
92 (1-7%) 74 (1:7%)
3(0-1%) 1(<01%)
( (

586 (10-6%) 487 (11-2%)

Data are n (%), mean (SD), or median (IQR). APACHE IV=Acute Physiology And Chronic Health Evaluation IV. *Age and
APACHE IV score were not normally distributed and therefore the median and IQR were reported. For completeness we

also reported the mean and SD.

Table 1: Patient characteristics

Deviations from the protocol

On four points, we deviated from the protocol. First, we
specified that we would use generalised estimating
equations to correct for clustering. However, because
mixed-effects models better handle variations in effect
per cluster, because those are modelled separately, we
used mixed-effects models to correct for clustering. Both
methods are appropriate for clustering adjustment.
Second, we specified that patients with any drug
administered would be included. After contemplation we
decided to include only patients with at least two
administered drugs (98-6% [9904/10041]), because only
these patients could be exposed to an interaction. Third,
we did not evaluate the over-ride rate of high-risk drug
combination alerts as a secondary outcome. During the
preparation phase of the trial, we gained a more
comprehensive understanding of the MiM functionality.
We learned that over-ride data were not reliable for
assessing whether our intervention resulted in behaviour
change. In the MiM, prescribers might click on “cancel”
just to dismiss an alert, or might click on “prescribe
anyway” but initiate appropriate action later. Therefore,
we refrained from collecting alert-related data. Fourth, we
did not assess adverse drug events related to DDIs during
the trial. Assessing adverse drug events requires patient
chart reviews and causality assessments, for which a long
period of time and high number of clinical experts are
needed, and therefore was unfeasible during the trial.
Instead, we conducted a small-scale study after the trial to
explore a novel method for measuring adverse drug
events related to DDIs on the basis of electronic triggers.”

Role of the funding source

The funder of the study had no role in study design, data
collection, data analysis, data interpretation, or writing of
the report.

Results

Nine of the 12 ICUs using MetaVision agreed to
participate in this study. Three ICUs could not participate
because their hospital was migrating to another
hospital-wide electronic health record system. The nine
participating ICUs had an overall capacity of 156 beds,
and 11200 admissions (median 854; IQR 793-1785)
combined yearly, according to data from the NICE
Registry from 2017 One ICU was situated in a university
hospital. Regarding the nine potential DDIs without
agreement on clinical relevance, the ICUs mostly chose
to turn alerts on (appendix p 33).

10423 patients admitted to the ICU between
Sept 1, 2018, and Sept 1, 2019, were included. Of those,
10041 (96 -3%) were linked with the NICE Registry data.
The other 382 patients (3-7%) were excluded, because
they did not match the inclusion and exclusion criteria of
the NICE Registry such as excluding patients admitted
for less than 4 h. Subsequently, 137 patients (1-3%) were
excluded because they had less than two drug
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administrations, and 17 patients (0-2%) were excluded
because of missing data, resulting in a final dataset of
9887 patients (figure 2). Table 1 shows the patient
characteristics of included patients, divided between the
control and intervention groups. The Shapiro-Wilks
normality test for age and APACHE IV score were
significant (p<0-0001), hence these variables were
reported with their median and IQR. Admission types
and the occurrence of the chronic condition chronic
obstructive pulmonary disease (COPD) varied between
the groups. There were slightly more patients admitted
for medical reasons in the intervention group, including
more patients with COPD, and slightly fewer patients
admitted for emergency or elective surgical reasons,
compared with the control group. Although the
differences were small, we corrected for the differences
in admission type and COPD comorbidity in model M1.
In the 9887 included patients, a total of 199148 drug
administrations were identified, with a median number
of drug administrations per patient of 15 (IQR 10-24).
The median number of high-alert medications according
to the Institute of Safe Medical Practices was 4 (2-8) and
95-1% (9400/9887) of included patients had at least one
high-alert drug administered. Of all patients, 8073 high-
risk drug combinations were detected, corresponding to
59 types of combinations. On average, patients had 0-82
high-risk drug combinations, and 34-9% (3454/9887) of
patients were exposed to at least one high-risk drug
combination. The top three high-risk drug combinations
identified in all included patients consisted of:

combinations of two QT-prolonging agents (ie, agents
that prolong the interval between the Q and T waves of
the heartbeat), bearing the potential risk of cardiac
arrhythmias (73-2% [5907/8073]); combinations of non-
steroidal anti-inflammatory drugs (NSAIDs) and
corticosteroids, ~ bearing the potential risk of
gastrointestinal bleeding (15-9% [1280/8073]); and
combinations of NSAIDs and serotonergic agents (1-5%
[124/8073]) and NSAIDs and salicylic acid (up to 100 mg;
1-5% [119/8073]), also carrying the potential risk of
gastrointestinal bleeding.

A breakdown of the number of patients per month per
ICU is shown in the appendix (p 34). During the
intervention period, no changes to MiM+ were made in
any participating ICU.

In the control group of 5534 patients, 5062 high-risk
drug combinations were detected in 2122 patients (38-3%).
In the intervention group of 4353 patients, 3011 high-risk
drug combinations were detected in 1332 patients (30-6%).
Figure 3 depicts the top 15 most frequently occurring high-
risk drug combinations and compares the percentage of
patients with these combinations between the control and
the intervention group. The combination of two QT-
prolonging agents had the largest decrease of high-risk
drug combinations in the control group (1589 of 5534;
28-7%) compared with the intervention group (930 of
4353; 21-4%) of all combinations.

The mean number of high-risk drug combinations per
1000 drug administrations per patient was 35-6 (SD 65-0)
in the control group compared with 26-2 (53-4) in the

QT-prolonging agents plus QT-prolonging agents

NSAIDs plus corticosteroids 3.9

NSAIDs plus serotonergic agents

Salicylic acid in antithrombotic dose (up to 100 mg) plus NSAIDs

Digoxin plus amiodaron

Thyroid hormones plus antacids or calcium preparations 04
Phenytoin plus valproic acid % 03
Iron preparations plus antacids or carbonate preparations _% 03
Digoxin plus erythromycin or clarithromycin or roxithromycin or azithromycin E 0-4
Dopaminergic agents plus antipsychotics _E 8%
Ciclosporine plus CYP3A4 inhibitors or P-GP inhibitors _F<0|1 01
Haloperidol plus inducers _E 8%
B-lactam antibacterials plus tetracyclines _EWI 03
Digoxin plus verapamil or diltiazem _:’—0»_1| 02
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Figure 3: Comparison of the percentage of patients with a high-risk drug combination for the 15 most frequent types of high-risk drug combinations in the

intervention and control group

Please note the different scales used for the top two and bottom 13 types of drug combinations. NSAIDs=non-steroidal anti-inflammatory drugs.
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intervention group. The median was 0 (IQR 0-38-5) in
the intervention group, compared with 0 (0-51-7)
in the control group.

We used a generalised linear mixed-effects model to
assess the effect of our intervention on the primary
outcome. Random intercepts were normally distributed
and the relationship between all covariates and the
outcome was adequate after spline transformation of
age. Aside from the unadjusted M0 model, we adjusted
for prognostic factors, providing a robust analysis. On
the basis of differences in the data, model M1 was
adjusted for COPD comorbidity and admission type,
because these two variables varied slightly but
significantly between the intervention and control group.
Model M2 was adjusted for age, sex, admission type,
cardiovascular disease, immunodeficiency, and APACHE
IV score. Table 2 shows the results of the models.

In all models, the number of high-risk drug
combinations per 1000 drug administrations per patient
was lower in the intervention group compared with the
control group. In M0, the MiM+ intervention led to a 12%
reduction (95% CI 6-19%; p=0-0004) in the number of
high-risk  drug combinations per 1000 drug
administrations per patient. In M1, the MiM+ intervention
led to a 14% reduction (8-20%; p<0-0001), and in M2 the
MiM+ intervention led to a 12% reduction (5-18%;
p=0-0008).

The secondary outcomes showed that the MiM+
intervention led to a 6-10% decrease in ICU length of stay
in MO (95% CI 5-14%; p=0-0021), M1 (4-13%; p<0-0001),
and M2 (2-10%; p<0-0001). In addition to the primary
outcome, the MiM+ intervention led to a 10-14% decrease
in the number of high-risk drug combinations per patient
in MO (95% CI 5-20%; p=0-0013), M1 (6-21%;
p=0-00082), and M2 (2-17%; p=0-013) , and an 11-14%
decrease in the proportion of patients with at least one
high-risk drug combination in M0 (4-21%; p=0-0042),
MI (6-229; p=0-0017), and M2 (2-20%; p=0-020).

Regarding appropriate monitoring, seven types of
high-risk drug combinations of the top 15 combinations
had monitoring strategies that were feasible to evaluate
based on our data sources, for example by therapeutic
drug monitoring, adding gastric protection, and ECG
ordering (appendix pp 35-36). These seven types
accounted for 7642 high-risk drug combinations

Variable Estimated incidence 95% Cl lower 95% Clupper p value
rate ratio bound bound
Unadjusted MO MiM+ 0-88 0-81 0-94 0-0004*
Adjusted M1 MiM+ 0-86 0-80 0-92 <0-0001*
Adjusted M2 MiM+ 0-88 0-82 0-95 0-0008*

Model M1 was adjusted for admission type (medical, emergency surgical, or elective surgical) and the presence of
chronic obstructive pulmonary disease. Model M2 was adjusted for age, sex, admission type, Acute Physiology And
Chronic Health Evaluation IV score, presence of cardiovascular disease, and presence of immunodeficiency. The result
was considered significant when p<0-05. MiM=Medication Interaction Module. *Significant result.

Table 2: Output for the unadjusted and adjusted generalised linear mixed-effect models

(94-7% of all 8073 high-risk drug combinations). In the
intervention group, the proportion of appropriately
monitored high-risk drug combinations was 44-0%
(1240 of 2820) compared with 35-5% (1714 of 4822) in the
control group. Therefore, the proportion of appropriately
monitored high-risk drug combinations was 9% higher
(95% CI 6-11%; p<0-0001) in the intervention group
compared with the control group. Detailed results on all
secondary outcomes are shown in the appendix
(pp 37-39).

Discussion

MiM+ led to a 12-14% decrease in the number of high-
risk drug combinations per 1000 drug administrations
per patient, even after adjusting for clustering and
prognostic factors. Secondary outcomes showed that the
MiM+ intervention led to a decrease in length of stay in
the ICU and an increase in appropriately monitored
high-risk drug combinations. These findings advance
the endeavour of mitigating the risks associated with
drug combinations, promoting the avoidance of high-
risk combinations whenever feasible. In cases where
such combinations are necessary, these findings
underscore the importance of prescribing them with a
better understanding of the potential consequences and
using diligent monitoring measures to ensure patient
safety.

To our knowledge, no previous studies have evaluated
the effect of tailoring potential DDI alerts to the ICU
setting on high-risk drug combination frequency, patient
monitoring, or ICU length of stay. According to
Shahmoradi and colleagues® there has not been much
research on the effect of CDSSs on patient outcomes.
There are studies, outside the ICU, evaluating the effect
of optimising CDSS drug alerts on process and
practitioner outcomes. Helmons and colleagues® report
that suppressing low-yield alerts decreased the number
of alerts by 55%, and the time spent on potential DDI
checking by 45%. Parke and colleagues® report that re-
categorising the severity levels of potential DDI alerts
decreased alert over-rides by 6%. Paterno and colleagues®
showed that tiering alerts by severity increased potential
DDI alert compliance. These results show that optimising
the CDSS’s potential DDI content might improve CDSS
effectiveness.

We detected on average 0-82 high-risk drug
combinations per patient in all included patients. 34-9%
(3454 of 9887) of all included patients were exposed to at
least one high-risk drug combination. For high-risk drug
combinations we did not find studies suitable for
comparison. For potential DDIs in general, our findings
were consistent with other studies, which report 1-5
potential DDIs per patient, and 58% of patients in the
ICU having a potential DDI.*

This study has several strengths. First, this was a large,
multicentre study with a methodologically strong study
design—namely, the stepped-wedged randomised
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controlled study design.” Second, the number of patients
evaluated per ICU was large. Third, using drug
administrations instead of prescriptions to detect high-risk
drug combinations ensured that patients were actually
exposed to these combinations. Fourth, which drug
combinations were considered as high risk was established
in a Delphi study by an expert panel of intensivists and
hospital pharmacists.* Fifth, in addition to evaluating a
high-risk drug combination frequency, we investigated
whether intensivists monitored the patients exposed to
high-risk drug combinations appropriately, which is an
important effect of CDSSs. Finally, unlike other studies
evaluating the effect of drug alerts on process and
prescriber outcomes, we evaluated a patient-related
outcome: the effect on length of stay in the ICU.

This study also has limitations. First, other factors
influencing CDSS effectiveness, such as alert timing and
design, were not investigated in this study.” However,
because all ICUs in this study used the same CDSS and
patient data management system, attributing the causal
effect of the intervention to tailoring the potential DDI
alerts seems reasonable. Second, the number of ICUs in
our study was small, which could lead to decreased
power. However, the power was sufficient to detect a
significant effect. Moreover, because of the small number
of ICUs and the nature of the stepped-wedge design,
evaluating ICUs individually was not feasible. Third, the
slight differences in admission type and the occurrence
of COPD between the control and intervention group
might have led to slightly more high-risk drug
combinations in the intervention group than the control
group, and a difference in the frequency of specific high-
risk drug combinations between the groups. However,
these differences are very small, and we have adjusted for
these differences in model M1. Fourth, we did not
measure possible patient harm associated with high-risk
drug combinations. We did however assess the effect of
our intervention on length of stay in the ICU, which was
lower in the intervention group. This was not due to
mortality, because ICU mortality was similar between
the control and intervention groups when corrected for
relevant confounders including disease severity (results
not shown). Because length of stay in the ICU was a
secondary outcome, we did not investigate the
mechanisms contributing to its effects, which could be
investigated in future research. Finally, this study was
done with only one CDSS. Nevertheless, knowledge
about which drug combinations are perceived as high
risk in the ICU is transferrable to other CDSSs and
patient data management systems. We expect that our
high-risk drug combinations list to tailor potential DDI
alerts is beneficial to other ICUs, also outside the
Netherlands, because frequently occurring high-risk
drug combinations are similar between countries.”

Our results are relevant to clinicians, hospital
pharmacists, CDSS developers, hospital managers,
quality-of-care officers, and researchers in the ICU

setting. Other ICUs could use our list of high-risk drug
combinations to tailor their potential DDI alerts and
improve CDSS effectiveness. Additionally, our results
might encourage others to establish a set of high-risk
drug combinations for patients in other specific settings,
such as neonatology, paediatrics, or oncology settings.
Regarding next steps, assessing adverse drug events
related to high-risk drug combinations in patients in the
ICU would be a valuable patient-centric measure to
include in future studies on CDSS effectiveness.
According to Fitzmaurice and colleagues,” few studies
have investigated that topic, probably because it requires
comprehensive and time-consuming patient chart
reviews and formal causality assessment. Using
electronic triggers to capture adverse drug events related
to high-risk drug combinations might partly alleviate this
issue.” Furthermore, potential DDI alerts could be
further improved to decrease alert fatigue. For example,
potential DDI alerts could be personalised by
incorporating specific patient risk factors such as age,
comorbidities, or renal and liver function; and be further
optimised by adding variables to the potential DDI
algorithm logic such as laboratory results, ECG results,
or prescribed prophylactic treatments (eg, a proton pump
inhibitor).”? Additionally, being able to start monitoring
actions directly from the potential DDI alert window
could help prevent patient harm. Lastly, in this study we
used a 24-h interval to detect potential DDIs. Exploring
potential DDI-specific time intervals on the basis of drug
properties and patient factors merits future research.
Our cluster randomised stepped-wedge trial showed that
ICU-tailored potential DDI alerts significantly reduced
the number of high-risk drug combinations, improved
monitoring, and decreased length of stay in the ICU.
SIMPLIFY study group members
Dorieke E M van Balen PharmD (Department of Pharmacy &
Pharmacology, Netherlands Cancer Institute, Amsterdam, Netherlands);
Peter F Schutte MD (Department of Intensive Care, Netherlands Cancer
Institute, Amsterdam, Netherlands); Marnix ] Sigtermans MD
(Department of Intensive Care Diakonessenhuis Utrecht, Utrecht,
Netherlands); Emile M Kuck PharmD (Department of Hospital Pharmacy,
Diakonessenhuis Utrecht, Utrecht, Netherlands);
Erik ] M van Kan PharmD (Department of Clinical Pharmacy,
Gelre Hospitals, Apeldoorn, Netherlands); Marijke S van der Steen MD
(Department of Intensive Care, Ziekenhuis Gelderse Vallei, Ede,
Netherlands; Department of Intensive Care Medicine, Maasziekenhuis
Pantein, Beugen, Netherlands); Liesbeth E Bosma PharmD (Department of
Hospital Pharmacy, Haga Hospital, The Hague, Netherlands);
Ralph O Nowitzky MD (Department of Intensive Care, Haga Hospital,
The Hague, Netherlands); A Beishuizen MD (Department of Intensive
Care, Medisch Spectrum Twente, Enschede, Netherlands);
Kris L L Movig PharmD (Department of Clinical Pharmacy, Medisch
Spectrum Twente, Enschede, Netherlands); Elsbeth M Wesselink PharmD
(Department of Clinical Pharmacy, Zaans Medisch Centrum, Zaandam,
Netherlands); Rick ] W Lammers PharmD (Department of Clinical
Pharmacy, Gelderse Vallei Hospital, Ede, Netherlands); C Lau PharmD
(Department of Clinical Pharmacy, Albert Schweitzer Hospital, Dordrecht,
Netherlands); Joost B Masselink PharmD (Department of Clinical
Pharmacy, Medisch Spectrum Twente, Enschede, Netherlands);
Rob ] Bosman MD (Department of Intensive Care,
Onze Lieve Vrouwe Gasthuis, Amsterdam, Netherlands);
Prof Dylan W de Lange MD (Department of Intensive Care and Dutch

www.thelancet.com Published online January 20, 2024 https://doi.org/10.1016/50140-6736(23)02465-0



Articles

10

Poison Information Center, University Medical Center Utrecht, University
Utrecht, Utrecht, Netherlands); Prof Rob ] van Marum MD (Department of
Clinical Pharmacology, Jeroen Bosch Hospital, ‘s-Hertogenbosch,
Netherlands; Amsterdam UMC [location VUmc], Department of Elderly
Care Medicine, Amsterdam, Netherlands); Heleen van der Sijs PharmD
(Department of Hospital Pharmacy, Erasmus MC, University Medical
Center, Rotterdam, Netherlands); Eric ] F Franssen PharmD (OLVG
Hospital, Department of Clinical Pharmacy, Amsterdam, Netherlands);
Hans Kieft MD (Department of Intensive Care, Isala Hospital, Zwolle,
Netherlands); Walter M van den Bergh MD (Department of Critical Care,
University Medical Center Groningen, University of Groningen,
Groningen, Netherlands); Wouter Bult PharmD (Department of Critical
Care, University Medical Center Groningen, University of Groningen,
Groningen, Netherlands; Department of Clinical Pharmacy and
Pharmacology, University Medical Center Groningen, University of
Groningen, Groningen, Netherlands); Maurits H Renes MD (Department
of Critical Care, University Medical Center Groningen, University of
Groningen, Groningen, Netherlands); Peter W de Feiter MD (Department
of Intensive Care, Franciscus Gasthuis & Vlietland, Rotterdam,
Netherlands); Evert-Jan Wils MD (Department of Intensive Care,
Franciscus Gasthuis & Vlietland, Rotterdam, Netherlands);

Nicole G M Hunfeld PharmD (Department of Intensive Care,

Erasmus MC, Rotterdam, Netherlands; Department of Hospital Pharmacy,
ErasmusMC, Rotterdam, Netherlands); Froukje Mulder PharmD
(Department of Pharmacology, Noordwest Ziekenhuisgroep, Alkmaar,
Netherlands); Michiel Duyvendak PharmD (Department of Hospital
Pharmacy, Antonius Hospital, Sneek, Netherlands).

Contributors

AA-H, DAD, JEK, NFdK, SE, and TB conceptualised and designed the
study and contributed to the analysis and interpretation of data. AK, Ed]J,
IMP, JtC, MH, PES, SHWvB, SH, and W]V contributed substantially to the
acquisition of data, but were not involved in the study design or analysis.
All authors drafted or revised the manuscript critically. AA-H, JEK, and TB
directly accessed and verified the underlying data reported in the
manuscript. TB and AA-H wrote the R code for the statistical analysis.

All authors saw and approved the manuscript. Each author participated
sufficiently in the work to take public responsibility for appropriate portions
of the content; all authors agreed to be accountable for aspects of the work
in ensuring that questions related to the accuracy or integrity of any part of
the work are appropriately investigated and resolved. AA-H, DAD, JEK,
NFdK, and TB were responsible for the decision to submit the manuscript.

Declaration of interests
NFdK and DAD declare that they are members of the NICE Registry
Board. All other authors declare no competing interests.

Data sharing

The potential DDI detection algorithm can be found on github via
https://github.com/tinkabakker/SIMPLIFY. The code for statistical
analysis is available upon request to the corresponding author. Due to
the sensitive nature of our dataset and the data sharing agreements with
the participating ICUs, data can only be shared after the explicit consent
of the participating ICUs upon reasonable request.

Acknowledgments

This study was funded by ZonMw (dossier number 80-83600-98—40140).
We thank all participating ICUs and Itémedical for making this study
possible. From Itémedical we specifically thank Johan Vogelaar for the data
extractions, and Johan Vogelaar, Rick Lin, and Jan Heeremans for installing
MiM-+. From the participating ICUs, we specifically thank Pita van Dalen
from Zaans Medisch Centrum; Peter Schutte from

Antoni van Leeuwenhoek; Dick van Blokland from Ziekenhuis

Gelderse Vallei; Lilian Taal from Gelre ziekenhuizen; Bjorn Schrauwen and
Dominic de Pater from Albert Schweitzer ziekenhuis; Arjaan Korpershoek
and Dirk Schoenaker from Diakonessenhuis; Ellen van Geest from
Hagaziekenhuis; Jordy Baven and Rene Sterk from Leids Universitair
Medisch Centrum; and Wim Addink from Medisch Spectrum Twente, for
implementing or making adjustments to, or both, the MiM decision
support system. We express our appreciation for: Marie-José Roos Blom for
performing the computerised randomisation; Jan Hendrik Leopold for
assisting the analysis by optimising the potential DDI detection algorithm;
Stephanie Medlock for advice on computerised decision support system

research; Rebecca Holman and Koos Zwinderman for their advice on the
statistical analysis for this study; Birgit Damoiseaux-Volman for her help
with the graphical illustrations for the SIMPLIFY project;

Leonora van Dorp-Grandia, the product manager of pharmacotherapy at
Z-Index, and Marianne le Comte, from the Royal Dutch Pharmacist’s
Association, for their advice and assistance on using the G-Standaard
potential DDI database; and Lilian Vloet, President of Family and Patient
Centered Intensive Care, for her support in this and preceding studies as a
representative of patients in the ICU and their family members.

References

1 Krihenbiihl-Melcher A, Schlienger R, Lampert M, Haschke M,
Drewe ], Krihenbiihl S. Drug-related problems in hospitals:

a review of the recent literature. Drug Saf 2007; 30: 379-407.

2 Hennessy S, Leonard CE, Gagne J], et al. Pharmacoepidemiologic
methods for studying the health effects of drug-drug interactions.
Clin Pharmacol Ther 2016; 99: 92-100.

3 Papadopoulos J, Smithburger PL. Common drug interactions
leading to adverse drug events in the intensive care unit:
management and pharmacokinetic considerations. Crit Care Med
2010; 38 (suppl): S126-35.

4 Bates DW, Cullen DJ, Laird N, et al. Incidence of adverse drug
events and potential adverse drug events. Implications for
prevention. JAMA 1995; 274: 29-34.

5  Kopp BJ. Adverse drug events: are ICU patients at higher risk?
Crit Care Med 2013; 41: 657-58.

6 Latif A, Rawat N, Pustavoitau A, Pronovost PJ, Pham JC. National
study on the distribution, causes, and consequences of voluntarily
reported medication errors between the ICU and non-ICU settings.
Crit Care Med 2013; 41: 389-98.

7 Reis AM, Cassiani SH. Adverse drug events in an intensive care
unit of a university hospital. Eur J Clin Pharmacol 2011;

67: 625-32.

8  Smithburger PL, Buckley MS, Bejian S, Burenheide K,

Kane-Gill SL. A critical evaluation of clinical decision support for
the detection of drug-drug interactions. Expert Opin Drug Saf 2011;
10: 871-82.

9  Nabovati E, Vakili-Arki H, Taherzadeh Z, et al. Information
technology-based interventions to improve drug-drug interaction
outcomes: a systematic review on features and effects. ] Med Syst
2017; 41: 12.

10  van der Sijs H, Aarts ], Vulto A, Berg M. Overriding of drug safety
alerts in computerized physician order entry. ] Am Med Inform Assoc
2006; 13: 138-47.

11 Villa Zapata L, Subbian V, Boyce RD, et al. Overriding drug-drug
interaction alerts in clinical decision support systems: a scoping
review. Stud Health Technol Inform 2022; 290: 380-84.

12 Bakker T, Klopotowska JE, Eslami S, et al. The effect of ICU-tailored
drug-drug interaction alerts on medication prescribing and
monitoring: protocol for a cluster randomized stepped-wedge trial.
BMC Med Inform Decis Mak 2019; 19: 159.

13 Wong A, Amato MG, Seger DL, et al. Prospective evaluation of
medication-related clinical decision support over-rides in the
intensive care unit. BMJ Qual Saf2018; 27: 718-24.

14  Wong A, Amato MG, Seger DL, et al. Evaluation of medication-
related clinical decision support alert overrides in the intensive care
unit. J Crit Care 2017; 39: 156-61.

15 Bakker T, Abu-Hanna A, Dongelmans DA, et al. Clinically relevant
potential drug-drug interactions in intensive care patients: a large
retrospective observational multicenter study. J Crit Care 2021;

62: 124-30.

16  Bakker T, Klopotowska JE, de Keizer NF, et al. Improving
medication safety in the intensive care by identifying relevant drug-
drug interactions - results of a multicenter Delphi study. J Crit Care
2020; 57: 134-40.

17 Hemming K, Lilford R, Girling AJ. Stepped-wedge cluster
randomised controlled trials: a generic framework including
parallel and multiple-level designs. Stat Med 2015; 34: 181-96.

18  Z-Index. G-standaard. https://www.z-index.nl/g-standaard (accessed
Jan 10, 2023).

19 Klopotowska JE, Leopold JH, Bakker T, et al. Adverse drug events
caused by three high-risk drug-drug interactions in patients
admitted to intensive care units: a multicentre retrospective
observational study. Br ] Clin Pharmacol 2024; 90: 164-75.

www.thelancet.com Published online January 20,2024 https://doi.org/10.1016/50140-6736(23)02465-0



Articles

20

21

22

23

24

Shahmoradi L, Safdari R, Ahmadi H, Zahmatkeshan M. Clinical
decision support systems-based interventions to improve
medication outcomes: a systematic literature review on features and
effects. Med ] Islam Repub Iran 2021; 35: 27.

Helmons PJ, Suijkerbuijk BO, Nannan Panday PV, Kosterink JG.
Drug-drug interaction checking assisted by clinical decision
support: a return on investment analysis. ] Am Med Inform Assoc
2015; 22: 764-72.

Parke C, Santiago E, Zussy B, Klipa D. Reduction of clinical support
warnings through recategorization of severity levels.

Am ] Health Syst Pharm 2015; 72: 144-48.

Paterno MD, Maviglia SM, Gorman PN, et al. Tiering drug-drug
interaction alerts by severity increases compliance rates.

J Am Med Inform Assoc 2009; 16: 40—46.

Fitzmaurice MG, Wong A, Akerberg H, et al. Evaluation of potential
drug-drug interactions in adults in the intensive care unit:

a systematic review and meta-analysis. Drug Saf2019; 42: 1035-44.

25

26

27

28

29

Coleman JJ, van der Sijs H, Haefeli WE, et al. On the alert: future
priorities for alerts in clinical decision support for computerized
physician order entry identified from a European workshop.

BMC Med Inform Decis Mak 2013; 13: 111.

Barker D, McElduff P, D’Este C, Campbell M]. Stepped wedge
cluster randomised trials: a review of the statistical methodology
used and available. BMC Med Res Methodol 2016; 16: 69.
Smithburger PL, Kane-Gill SL, Seybert AL. Drug-drug interactions in
the medical intensive care unit: an assessment of frequency, severity
and the medications involved. Int | Pharm Pract 2012; 20: 402-08.
Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN,
Kroeker KI. An overview of clinical decision support systems:
benefits, risks, and strategies for success. NPJ Digit Med 2020; 3: 17.
Chou E, Boyce RD, Balkan B, et al. Designing and evaluating
contextualized drug-drug interaction algorithms. JAMIA Open 2021;
4: 00ab023.

www.thelancet.com Published online January 20, 2024 https://doi.org/10.1016/50140-6736(23)02465-0

11



	The effect of computerised decision support alerts tailored to intensive care on the administration of high-risk drug combinations, and their monitoring: a cluster randomised stepped-wedge trial
	Introduction
	Methods
	Study design
	Assessment of safety and adverse events
	Participants
	Randomisation and masking
	Intervention
	Outcomes
	Data collection
	Detection of high-risk drug combinations
	Statistical analysis
	Deviations from the protocol
	Role of the funding source

	Results
	Discussion
	Acknowledgments
	References




