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Abstract Background Provider prescribing practices contribute to an excess of opioid-related
deaths in the United States. Clinical guidelines exist to assist providers with improving
prescribing practices and promoting patient safety. Clinical decision support systems
(CDSS) may promote adherence to these guidelines and improve prescribing practices.
The aim of this project was to improve opioid guideline adherence, prescribing
practices, and rates of opioid-related encounters through the implementation of an
opioid CDSS.
Methods A vendor-developed, provider-targeted CDSS package was implemented in
a multi-location academic health center. An interrupted time-series analysis was
performed, evaluating 30 weeks pre- and post-implementation time periods. Out-
comes were derived from vendor-supplied key performance indicators and directly
from the electronic health record (EHR) database. Opioid-prescribing outcomes
included count of opioid prescriptions, morphine milligram equivalents per prescrip-
tion, counts of opioids with concurrent benzodiazepines, and counts of short-acting
opioids in opioid-naïve patients. Encounter outcomes included rates of encounters for
opioid abuse and dependence and rates of encounters for opioid poisoning and
overdose. Guideline adherence outcomes included rates of provision of naloxone
and documentation of opioid treatment agreements.
Results The opioid CDSS generated an average of 1,637 alerts per week. Rates of
provision of naloxone and opioid treatment agreements improved after CDSS imple-
mentation. Vendor-supplied prescribing outcomes were consistent with prescribing
outcomes derived directly from the EHR, but all prescribing and encounter outcomes
were unchanged.
Conclusion A vendor-developed, provider-targeted opioid CDSS did not improve
opioid-prescribing practices or rates of opioid-related encounters. The CDSS improved
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Background and Significance

Deaths from opioid overdose in the United States have risen
dramatically in the past decade.1 Missouri has been among
the states harder hit, with a death rate of 16.5 per 100,000
persons, above the national average of 14.6 deaths per
100,000.2 While deaths from prescription opioid use de-
creased slightly from 2017 to 2018, opioid prescription
misuse continues to account for a significant portion of
opioid-related mortality.3

Provider prescribing practices related to pain are felt to be
an important factor in the rise of opioid-related deaths.4

Centers for Disease Control and Prevention (CDC) and other
groups have issued guidelines to support evidence-based
practice and improve prescribing practices and patient safe-
ty.5–7 However, clinician adoption of evidence-based practi-
ces and adherence to treatment guidelines is suboptimal due
in part to the large number of recommendations and the lack
of clinical trials and other evidence to support their effec-
tiveness in reducing opioid misuse and related outcomes.8,9

Clinical decision support systems (CDSS) can further support
evidence-based opioid-prescribing practices, and studies of
opioid CDSS may enhance the evidence basis for guidelines.
As a component of a comprehensive approach to improving
opioid prescribing, CDSS can contribute to significant
improvements in guideline adherence and opioid-prescrib-
ing practices.10–12 The role and importance of opioid CDSS
alone is less clear.

Objectives

To improve prescribing practices, promote patient safety,
and assure adherence to clinical practice guidelines, the
University of Missouri implemented a package of vendor-
developed, provider-targeted opioid CDSS interventions. The
aim of this study was to describe the impact of the imple-
mentation on guideline adherence, opioid prescribing, and
opioid-related encounters.

Methods

The University ofMissouri is an academic health systemwith
five hospitals and over 60 clinic locations across central
Missouri. As part of a quality improvement project, the
University of Missouri implemented an opioid CDSS origi-
nally developed byour electronic health record (EHR) vendor
(Cerner Corp., Kansas City, Missouri, United States). The “out
of the box” components included five alerts and one form in
which users enter metadata related to the opioid treatment
acknowledgment (OTA) such as start date, primary

and secondary prescribers, and preferred pharmacy. The
package also included rules that codified the business logic
behind the alerts. The alerts fired based on the metadata in
the form and opioid order entry actions by the provider.
Institutional experts in pain management and clinical infor-
matics reviewed the components prior to implementation
and made localizations to improve conformance with com-
mon usability heuristics13 and reduce overalerting. The
following localizations were made: (1) a status field was
removed from the form to prevent users from entering a
status discordant with OTA dates on the form, (2) a cancel
button was added to the form, (3) links to the OTA and form
were added to some alerts, (4) some alerts were re-titled, (5)
alerts were suppressed for patients with an active cancer
diagnosis defined by any child code in the SNOMED CT
hierarchy under 363346000 on the problem list, and (6)
alerts were suppressed if the prescription came from a
palliative care location or specialist. Override functionality
was implemented as delivered by the vendor. Five provider-
facing, interruptive order entry alerts were implemented.
Three alerts encouraged the establishment of and adherence
to OTA (►Fig. 1). Two other alerts focused on high-risk
patients and prescriptions, recommending the use of nalox-
one and urging caution with high-risk patients in a manner
congruent with CDC guidelines for prescription opioid use
(►Fig. 2).5 Conditions triggering these two alerts include
prescription of extended release opioids in opioid-naïve
patients, morphine milligram equivalent (MME) doses over
50, concurrent benzodiazepine use, medical problems that
increase patient overdose risk, and past positive drug
screens. The vendor alerts fired for patients at least 18 years
of age, in all locations except for the cancer center, and for all
emergency department and outpatient encounters. These
vendor alerts did not fire for opioids administered in the
emergency department but did fire for discharge prescrip-
tions. Alerts did not fire for prescriptions written on inpa-
tient, observation, or ambulatory surgery encounters or for
patients receiving palliative or hospice care. In response to a
new state statute,14 an additional alert recommending a
duration less than 7 days for initial opioid prescriptions for
acute painwas developed and implemented at week 44. This
alert fired in all settings of care but did not fire for patients
receiving palliative care or hospice services. Providers re-
ceived educational documents describing the alerts and
workflows prior to the implementation. Altogether, one
form and six alerts were implemented system wide
(►Table 1).

The Lights On Network is a collection of cloud-based data
analytics tools provided by Cerner Corporation that monitor

somemeasures of provider adherence to opioid-prescribing guidelines. Further work is
needed to determine the optimal configuration of opioid CDSS so that opioid-
prescribing patterns are appropriately modified and encounter outcomes are
improved.
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clinical activity, user experience, and other system metrics
and served as one source of data for the study. Cerner
developed opioid performance metrics concurrently with
the opioid CDSS package and makes these metrics available
to all clients regardless of their use of the opioid CDSS. We
included these metrics as outcomes to determine how well
vendor-supplied data reflected actual opioid prescribing and
encounter outcomes derived directly from our health system
database. From Lights On Network were obtained, by week,
prescribing outcome of the percent of opioid-naïve patients
receiving short-acting opioids starting week 6, and the
guideline adherence outcomes of percent of high-risk
patients prescribed opioids who had naloxone provisioned
starting week 11 and percent of chronic opioid users with a
current opioid treatment agreement starting week 38. Lights
On Network outcomes were not constrained by age. The
intervention itself was a standardized way of capturing and
documenting opioid treatment agreements; therefore, no
pre-implementation data were available for this guideline
adherence measure.

Prescribing and encounter data 30 weeks before and after
implementation of the opioid CDSS (between November 21,
2018 and January 16, 2020) were extracted from the Univer-
sity ofMissouri CernerMillennium client database.We chose
outcomes based on what we envisioned from a successful
opioid CDSS implementation: fewer opioid prescriptions,
smaller doses and quantities, fewer high-risk combinations

such as opioidswith benzodiazepines, allwith a goal of fewer
opioid-related encounters. From the Millennium database
were derived, by week (1) total opioid prescriptions; (2)
average MME per prescription; (3) percent of opioids pre-
scribed concurrently with a benzodiazepine; (4) encounters
for opioid abuse and dependence; and (5) encounters for
opioid overdose and poisoning. We normalized total opioid
prescriptions and opioid-related encounters by total health
system encounters, expressed as prescriptions or encounters
per 1,000 total health system encounters to minimize con-
founding by total health system patient volume. MME per
prescription was used instead of MME per day because daily
MME cannot be accurately calculated for as needed (PRN)
medications. MME was calculated by multiplying the dis-
pensed amount by establishedMME conversion factors.15 An
encounter was classified as abuse and dependence or over-
dose and poisoning if the encounter was coded with an
International Classification of Diseases, Tenth Revision, Clin-
icalModification code found in the value set from the Council
of State and Territorial Epidemiologists of the same names
found at the Value Set Authority Center, U.S. National Library
of Medicine.16 To align with outcomes from the Lights On
Network, prescription and encounter outcomes derived from
the Millennium database were not constrained by age.
Encounter counts were not limited to patients receiving
opioid prescriptions. Buprenorphine prescriptions were ex-
cluded from the opioid-prescribing outcomes because this

Fig. 1 Opioid Treatment Acknowledgment—unlisted prescriber alert. This alert fired when ordering an opioid if the prescriber was not listed as
primary or secondary prescriber on the form.
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medication is used to treat opioid use disorder. Prescriptions
and encounters were excluded if the patient was on a
palliative care service or if the prescriber was in a palliative
care specialty. Finally, we calculated weekly firing rates for
each alert.

We calculated descriptive statistics, including prescrip-
tion recipient mean age and self-reported gender. We also
describe prescribers by their position (attending, fellow or
resident, and advanced practice provider), and whether they
were primary care providers (PCP). We calculated prescrib-
ers per patient and pharmacies used per patient before and
after the opioid CDSS implementation. Student’s t-test and
chi-square tests were used for continuous and categorical
descriptive variables, respectively.

For the main analysis, we used an interrupted time-series
(ITS) analysis over the 30 weeks period before and after
implementation of the opioid CDSS, fromNovember 21, 2018
to January 16, 2020. Linear regression models were fitted to
the time-series data using the form:

Yt¼ β0þβ1Ttþβ2Xtþ β3XtTtþ εt

In this model, Yt is the outcome variable, Tt is the time
variable since the start of the study, and Xt is a dummy

variable equal to 0 for thepreinterventionperiod and1 for the
postintervention period. β0 is the baseline level at the begin-
ning of the study period, β1 is the slope of the preintervention
portionof the regression line,β2 is the immediate change in the
regression line with the intervention, and β3 is the change in
the slope of the regression line postintervention.17 Both the
immediate intervention effect (β2) and the effect of the inter-
vention over time as measured by the change in the slope of
the regression line postintervention (β3) were evaluated to
determine the impact of the CDSS intervention. We estimated
coefficients using ordinary least squares regression with
Newey–West standard errors adjusted for autocorrelation
and no adjustments for seasonality or nonstationarity.

We considered various ITS controls.18 No location-based,
characteristic-based, or behavior-based control groups were
available. Control outcomes such as prescriptions for non-
steroidal anti-inflammatory medications, gabapentinoids,
and antidepressants were unlikely to be prescribed to the
same groups of patients as opioid medications, and none of
the control outcomes considered were subject to the same
regulatory scrutiny and prescribing pressures as were
opioids. Therefore, we used no control outcomes and instead
performed a single treatment period, single-group ITS
analysis.

Fig. 2 Opioid high-risk alert. This alert was retitled for clarity. Note that alert actions do not include an override, and override data were not
available from the vendor.
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Data from the Cerner Millennium database afforded the
opportunity to perform subgroup analyses on three of the
prescribing outcomes. Because the alerts from the vendor
only fired on those patients of 18 years of age and older, we
performed single-group ITS analysis of opioid prescriptions/
1,000 encounters,MMEper prescription, andpercent opioids
with concurrent benzodiazepine use on the subset of pre-
scriptions for patients at least 18 years old at the start of the
study. To assess the impact of the intervention on those
patients getting more prescription fills and fills for higher
MME doses, we performed the same analysis on the subset of
prescriptions in the top quartile of MME and for those
patients who received more than one opioid prescription
during the study period. Lastly, we performedmultigroup ITS
comparison by prescriber position (trainee vs. attending,
advance practice provider [APP] vs. attending) and by pre-
scriber role (PCP vs. others). Statistical significance was
defined at α¼0.05. The statistical analysis was performed
using Stata/IC v16.1 (College Station, Texas, United States)
with packages st0389_7 and actest. We followed the appli-

cable portions of the SQUIRE 2.0 framework for reporting
quality improvement activities.19 The University of Missouri
institutional review board determined that the project was
quality improvement activity, not human subject research,
and did not require additional IRB review.

Results

Alert Firing
Implementation of the opioid CDSS resulted in the addition
of on average 1,656 (interquartile range 1,605–1,814) alerts
per week. The alerts cautioning the prescriber about high-
risk patients and those recommending naloxone comprised
the majority of alerts fired (►Fig. 3). The opioid CDSS
resulted in an average of 6.3 (interquartile range 6.1–7.2)
additional alerts per opioid prescriber per week post-imple-
mentation. Override rates for the two overridable alertswere
76.3 and 89.4% for the alert declaring that the prescriber was
not listed on the OTA and the alert declaring that an OTAwas
missing or expired, respectively.

Table 1 Components of the opioid clinical decision support system implemented at the University of Missouri

Name Description Override
available

Available alert
actions

Localization

OTA form Used for documentation of OTA start date, OTA
expiration date, primary prescriber, secondary
prescriber, and preferred pharmacy

N/A N/A Status field was
removed from
the opioid
treatment
agreement
form; cancel
button added

OTA—unlisted
prescriber

Alerts on opioid order entry if the prescriber is not
recorded as the primary or secondary prescriber

Yes Remove order
or override

None

OTA—missing
agreement

Alerts on opioid order entry if problem “opioid
dependence with current use” present on the problem
list and an OTA has not been recorded or has expired

Yes Remove order
or override

Retitled; added
links to the OTA
and OTA form.

Long-term opioid
therapy

Alerts on opioid order entry if the patient has had
opioids on the majority of days in the past 3 mo and
OTA has not been recorded or has expired

No None Retitled; added
link to the OTA.

Opioid high-risk Alerts on opioid order entry when conditions exist
which increase patient’s risk of adverse events related
to opioids (MME> 50; concurrent benzodiazepine;
extended release opioids in opioid naïve; three or
more opioid prescriptions in the past 30 d; various
comorbid conditions)

No Cancel
prescription or
continue

Retitled

Naloxone Alerts on opioid order entry when prescribing opioids,
naloxone has not been prescribed, and conditions
exist which increase patient’s risk of adverse event
related to opioids (MME>50; concurrent
benzodiazepine; extended release opioids in opioid
naïve; three or more opioid prescriptions in the past
30 days; various comorbid conditions)

No None None

Initial prescription
for acute pain

Alerts on opioid order entry if the initial opioid
prescription duration exceeds 7 days

No Hard stop,
requires a
reason for an
extended
prescription >7
days

N/A

Abbreviations: MME, morphine milligram equivalent; N/A, not available; OTA: opioid treatment acknowledgment.
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Prescribing Outcomes
Total opioid prescriptions numbered 34,678 among 14,355
unique patients during the pre-implementation period and
31,732 among 13,030 unique patients during the post-im-
plementation period. Of the unique patients with an opioid
prescription prior to implementation, 4,456 (31.0%) received
an opioid prescription post-implementation. After imple-
mentation, patients were slightly older (53.0 vs. 52.7 years,
p¼0.021) and prescribers were somewhat more likely to be

PCP (51.5 vs. 49.8, p<0.001, ►Table 2). The number of
prescribers from whom patients received prescriptions,
2.4, did not differ pre- and post-implementation (95% confi-
dence interval [CI] for difference:�0.5, 0.9; p¼0.58). Patients
used on average 1.33 pharmacies preintervention and 1.50
pharmacies postintervention (95% CI for difference: 0.10,
0.24; p<0.001).

The slope representing opioid prescriptions over time
prior to the opioid CDSS implementation was negative,

Fig. 3 Firing rates for the six opioid clinical decision support alerts. OTA: opioid treatment acknowledgment.

Table 2 Characteristics of prescriptions by patient and provider

Preintervention Postintervention p-Value

Prescriptions 34,678 31,732

Unique patients 14,355 13,030

Prescriptions by patient characteristics

Mean age (years) 52.7 53.0 0.021

Female 19,824 (57.2%) 18,434 (58.1%) 0.053

Prescriptions by prescriber characteristics

Attending 22,148 (63.9%) 20,193 (63.6%) 0.425

Resident or fellow 7,253 (20.9%) 6,764 (21.3%)

Advanced practice provider 5,277 (15.2%) 4,775 (15.1%)

Primary care 17,255 (49.8) 16,337 (51.5%) <0.001
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representing a decline in the number of opioid prescriptions
per 1,000 encounters per week (�0.175 [95% CI �0.278,
�0.072]). This weekly decrease in opioid prescriptions
slowed significantly post-implementation. The drop in opi-
oid prescriptions continued but at a slower rate, signified by
a significant change for the worse in the post-implementa-
tion slope (þ0.161 [95% CI 0.014, 0.308]). Otherwise, we
found no immediate change (β2) or change over time (β3)
between the pre- and post-implementation periods in any
prescribing outcome (►Table 3, ►Fig. 4). The vendor-sup-
plied prescribing outcome, percent of opioid-naïve patients
prescribed a short-acting opioid, was consistent with the
other prescribing outcomes derived from directly from the
EHR. The number of opioid prescriptions with concurrent
benzodiazepines decreased over the study period with no
significant alteration of that trend with the opioid CDSS
implementation at week 31. Lights On Network found an
average of 737 opioid prescriptions for opioid-naïve
patients per week. The proportion of these patients receiv-
ing a short-acting opioid was high across the study period,
generally over 95%, and did not change with the opioid CDSS
intervention.

Encounter Outcomes
Opioid abuse and dependence encounters averaged 17.2 and
16.2 per week in the pre- and post-implementation periods,
respectively. After adjustment for total encounter volume,
rates of encounters for opioid abuse and dependence did not
change with opioid CDSS implementation. Opioid poisoning
and overdose encounters averaged 3.5 and 4.2 per week pre-
and post-implementation, respectively, and similarly were
unchanged after opioid CDSS implementation.

Guideline Adherence Outcomes
Lights On Network identified an average of 784 prescriptions
per week to patients using chronic opioids who were can-
didates for opioid treatment agreements. The proportion of
prescriptions in the setting of a documented opioid treat-
ment agreement increased throughout the 30 weeks post-
implementation period, from under 5 to over 15% by the end
of the study period (change in slope þ0.369% per week [95%
CI 0.261, 0.477], ►Table 3, ►Fig. 4). An average of 1,074
prescriptions per week were tied to either a dose or medical
conditions that increased the risk of overdose. These patients
were considered candidates for naloxone. An increase in the
rate of provision of naloxonewas noted throughout the study
period, but a significant immediate improvement was found
with the intervention (þ1.13% [95% CI 0.32, 1.93]; p¼0.007),
then gradually improving to nearly 5% of high-risk patients.

Subgroup Analyses
Analysis of opioid prescription counts, MME per prescrip-
tion, and concurrent benzodiazepine use among the subset
of patients of 18 years of age and older revealed findings
similar to the primary analysis; the rate of decrease in the
opioid prescription count slowed, but we found no other
immediate change (β2) or change over time (β3) between the
pre- and post-implementation periods (►Supplementary

Table S1, available in the online version). Among the subset
of patients with more than one opioid prescription during
the study period, we found no changes in opioid prescription
counts, MME per prescription, and concurrent benzodiaze-
pine usewith the opioid CDSS intervention. Similarly, among
the subset of prescriptions in the top quartile of MME, these
same outcomes did not change (►Supplementary Table S2,
available in the online version). Subgroup analysis by pre-
scriber role demonstrated an immediate increase in the rates
of concurrent benzodiazepine prescribing with the CDSS
among non-PCP. MME per prescription was significantly
higher for PCP, but we found no other significant differences
or changes with opioid CDSS implementation between PCPs
and others (►Supplementary Table S3, available in the online
version). Subgroup analysis by provider position showed
that at baseline, trainees wrote significantly fewer prescrip-
tions and lower MME per prescription than did attendings.
Compared with attendings, at baseline, APPs wrote fewer
opioid prescriptions, lower MME per prescription, and had
lower concurrent benzodiazepine use than attendings. The
attending subgroup demonstrated no significant immediate
change (β2) or change over time (β3) with the intervention,
and the APP and trainee subgroups did not differ significantly
from the attendings as a result of the intervention
(►Supplementary Table S4, available in the online version).

Discussion

The opioidCDSS resulted in improvement in somemeasuresof
adherence to relevant opioid-prescribing guidelines. CDC
guidelines recommend consideration of naloxone with an
opioid prescription when high-risk conditions are present.5

Naloxone access laws improvenaloxoneavailability20but such
laws vary from state to state. In 2016, Missouri pharmacists
were authorized to dispense naloxone without a prescription
under protocol with an authorizing physician. No additional
regulations were enacted inMissouri during the study period.
We noted a trend toward increasing rates of naloxone provi-
sioningprior tothe intervention, consistentwith trends for the
provision of naloxone across the country.21 In our study, the
rate of naloxone provision increased throughout the study
periodbut jumped significantlywith theCDSS intervention. At
the beginning of the study period, naloxone accompanied
opioid prescriptions for fewer than 1% of high-risk patients,
but by the end of the study that figure had risen to almost 5%.
Since the end of the study, naloxone continues to be provided
at a rateofover 6%. This rate is higher than thenational average
in 2018 that stood at 1.5%.

Opioid treatment agreements are included in recommen-
dations from the CDC7 and are frequently found in other
guidelines,6 although the evidence for OTAs is relatively
weak22 and their use is not without controversy.23 Treatment
agreements were used prior to the intervention but were
inconsistently documented and were not stored in the EHR
as structured data. We observed an increase in documenta-
tion of opioid treatment agreements during the post-imple-
mentation period, to over 15% of candidate chronic opioid
therapy patients. It is likely thatmuch of this improvement is
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Fig. 4 Scatterplots showing opioid prescribing, encounter, and guideline adherence CDSS outcomes, by week. Vertical line represents the
beginning of the intervention.
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due to the standardization of documentation built into the
CDS intervention and improved data capture consistent with
the vendor quality measurement.

Wewere not surprised tofind no significant improvement
in opioid-related encounter outcomes. Changes in opioid
encounter rates may not manifest within the 30 weeks
post-implementation period of this study. Further, CI on
the immediate change and change over time in opioid
encounter rates were relatively wide. When interpreting a
study with negative results such as ours, it is appropriate to
consider the minimal clinically important difference (MCID)
in intervention outcomes—in this case theminimal clinically
important change in rates of opioid encounters—and wheth-
er this difference is within or outside of the reported CI.24,25

When the MCID is within the reported CI, the data could still
be consistent with meaningful benefit or harm. For example,
the lower limit of the CI for immediate change in opioid abuse
and dependence encounters is �1.82 per 1,000 encounters.
Given our health system volume, this equates to an immedi-
ate decrease of seven abuse and dependence encounters
weekly. One might reasonably conclude that the MCID for
opioid abuse and dependence encounters weekly is lower
than seven, within the CI and, therefore, that our study has
not excluded meaningful benefit from the implementation.

Improvement in encounter outcomes is unlikely without
an improvement inprescribing outcomes. The opioid CDSSdid
not statistically significantly improve any of the prescribing
outcomes in our study, and in fact, we observed a statistically
significant worsening post-implementation in rates over time
of opioid prescriptions per 1,000 encounters. The CI were
relatively narrow, making it less likely that an MCID would
be within the CI and more likely that a finding of meaningful
benefit or harm from the opioid CDSS can be excluded.

When considering the failure to improve opioid-prescrib-
ing outcomes, we must consider how well this system
conformed to the five “rights” of clinical decision support.26

The alerts appear on order entry, which is appropriate when
a provider placed the order. However, some alerts may not
have been presented to the right person, as the alerts also
appeared for nurses andmedical assistants who can propose
medications for the provider to sign later. Some of the alerts
are driven by the metadata in the form; entering that data
may be viewed as an administrative function, better handled
by staff at a different point in the workflow.

Usability issues may also reduce the effectiveness of EHR
systems.27,28 Wemade some minor modifications to correct
usability concerns we found in the “out of the box” version of
the system. These changes were relatively minor in scope.
Opioid-prescribing rates might be improved with more
significant usability improvements: combining the multiple
alerts into a single alert to reduce clicks and offering opioid
alternatives directly from the alert to improve flexibility and
efficiency of use. Unfortunately, major usability improve-
ments and the associated usability testing are beyond the
capacity of most sites implementing the system.29

Our study is one of the first to evaluate a vendor-devel-
oped opioid CDSS. Systems developed by vendors have
advantages over “home-grown” solutions. They are relatively

easy to disseminate and implement, and they eliminate the
need for health systems to complete the work on their own.
Vendors may be quick to promote the value of such systems
andmay even incentivize health systems to adopt them.30,31

However, published studies of vendor-developed CDSS are
relatively uncommon, and such studiesmay not replicate the
success claimed by the vendor developer.32 Careful study of
such systems, including replication studies,33 is needed to
assure that vendor-developed CDSS achieves the outcomes
advertised. Comparisons of vendor-supplied metrics with
health-system-defined measures derived directly from the
system database will inform the utility, validity, and rele-
vance of vendor-supplied quality indicators. Greater collab-
oration between vendors and health systems during feature
development will help minimize usability problems and
improve the performance of vendor-developed CDSS.

Usability improvements and better conformance to the
five “rights” framework may still not be enough to improve
opioid-related prescribing and encounter outcomes. Our
work adds to the body of evidence suggesting that opioid
CDSS alone, while it may improve some measures of guide-
line adherence, does not appear to improve prescribing
practices or opioid-related encounters. A retrospective anal-
ysis in Minnesota found no change in the co-prescribing of
opioids and benzodiazepines with the implementation of a
prescribing alert.34 A prospective cohort study of an opioid
CDS intervention in Louisiana found improved adherence to
risk mitigation strategies such as urine drug screening and
provision of naloxone but no change in daily MME or
hospitalization rates.35 A study of a multicomponent opioid
intervention, including EHR templates and dashboards, im-
proved the use of OTA and urine drug screens but did not
alter prescribing.36 Some studies of multi-faceted interven-
tions, which include not only CDSS but also other elements
such as education, auditing and feedback, and formulary
limitations, have shown improvements in prescribing prac-
tices.10,12 The type of CDSS used varies widely across studies
and includes alerts, reference links, risk prediction tools,
templates, and dashboards. Additional research is needed to
determinewhich combinations of interventions are effective
in improving not only guideline adherence but opioid pre-
scribing and opioid-related encounters.

The intervention resulted in a large number of alerts.
Some alerts decreased in frequency over the study period,
likely in response to the improved capture of OTA that was
part of the CDSS. The increased alert burden is associated
with provider burnout and risks to patient safety.37–40

Opioid CDSS, in particular, have been associated with a
high volume of inconsequential alerts.41 Any increase in
alert burden, with the attendant risk of alert fatigue, must
be accompanied by measurable improvement in outcomes.

Quasi-experimental ITS models are generally free from
confounding due to between-group differences based on the
use of aggregated data from a single population.18 However,
results may still be confounded by concurrent interventions
such as the added regulatory requirement to limit opioids for
acute pain to 7 days supply. This requirement went into effect
during the intervention period but was expected to have
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minimal effect given that (1) it wouldprimarily impact opioid-
naïve patients and (2) if anything it would augment the
vendor-developed opioid CDSS interventions. Failure to find
a significant impact on encounters or prescribing suggests that
confounding by this co-intervention is unlikely. Implementa-
tion of a state-wide prescription drug monitoring program
(PDMP) could confound results as the goal of such programs is
to assist prescribers in the identification and prevention of
prescription drug abuse. However, the state of Missouri does
not have a state-wide PDMP and no PDMP-checking require-
ment was in place at the time of our study. The study
terminated just before the severe acute respiratory syndrome
coronavirus 2 pandemic caused widespread health system
changes in our state. Therewere no othermajor changes in the
health system patient or prescriber populations, and we are
aware of no other external factors such as payer policies that
changed during the study period. Therefore, confounding by
other co-interventions is unlikely.

Our study has other important limitations. First, our study
evaluated only one component of the opioid package devel-
oped by the vendor. Other components not evaluated in this
study and still yet to be released and implemented may
amplify the beneficial effect of the CDSS on guideline adher-
ence and improve other outcomes. Second, this studywas not
constrained to patients on chronic opioid therapy. It is
possible that a benefit to the opioid CDSS may be seen in
these or other subsets of patients. Elucidating those subsets
of patients who stand to benefit the most from opioid CDSS
will allow more targeted opioid alerting. Third, we did not
capture opioid prescribing and encounter outcomes at facili-
ties unaffiliated with our institution. Finally, a single-site
study such as ours has limited generalizability, and other
environments and localizations may have different results.

Conclusion

A vendor-developed, provider-targeted opioid CDSS im-
proved some measures of provider adherence to opioid-
prescribing guidelines but did not improve opioid-prescrib-
ing practices or rates of opioid-related encounters. Further
work is needed to determine the optimal configuration of
opioid CDSS and its role within a multi-faceted program of
interventions to reduce opioid prescribing and opioid-relat-
ed adverse outcomes.

Clinical Relevance Statement

The vendor-developed opioid CDSS studied described here
results in a significant number of increased alerts. The CDSS
improved adherence to opioid-prescribing guidelines but did
not alter opioid prescribing or rates opioid-related encounters.

Multiple Choice Questions

1. Based on this study of opioid CDSS, which of the following
is expected to improve with the implementation of an
opioid clinical decision support system?

a. Counts of opioid prescriptions
b. Use of short-acting opioids in opioid-naïve patients
c. Rates of provision of naloxone
d. Rates of opioid-related encounters

Correct Answer: The correct answer is option c, rates of
provision of naloxone. In this study, the provision of nalox-
one improved significantly. The documentation of opioid
treatment agreements also improved, but this improve-
ment was likely due to improved data capturebuilt into the
decision support system.Countsofopioidprescriptions, the
use of short-acting opioids in opioid-naïve patients, and
opioid-related encounters did not change.

2. Which of the following types of interventions is likely to
be effective in reducing opioid prescribing?
a. Order entry opioid alerts
b. Provider education
c. Provider dashboards
d. Multi-faceted interventions

Correct Answer: The correct answer is option d, multi-
faceted interventions. This study of opioid CDSS using
order entry alerts did not alter prescribing behavior.
Studies that show changes in prescribing practices more
often include multi-faceted interventions with elements
that might include alerts, education, auditing and feed-
back, and formulary limitations.

Correct Answer: The correct answer is option d, multifaceted
interventions. This study of opioid CDSS using order entry
alerts did not alter prescribing behavior. Studies that show
changes in prescribing practices more often include multi-
faceted interventionswith elements that might include alerts,
education, auditing and feedback, and formulary limitations.
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