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Review Article
ABSTRACT

Primary studies have demonstrated that despite being useful, most of the Drug-
Drug Interaction (DDI) alerts generated by clinical decision support systems are
overridden by prescribers. To provide more information about this issue, we
conducted a systematic review and meta-analysis on the prevalence of DDI alerts
generated by CDSS and alert overrides by physicians. The search strategy was
implemented by applying the terms and MeSH headings and conducted in the
MEDLINE/PubMed, EMBASE, Web of Science, Scopus, LILACS, and Google Scholar
databases. Blinded reviewers screened 1873 records and 86 full studies, and 16
articles were included for analysis. The overall prevalence of alert generated by
CDSS was 13% (Cl 95% 5%-24%, p-value <0.0001, 12=100%), and the overall
prevalence of alert override by physicians was 90% (Cl 95% 85%-95%, p-value
<0.0001, 12=100%). This systematic review and meta-analysis presents a high rate
of alert overrides, even after CDSS adjustments that significantly reduced the
number of alerts. After analyzing the articles included in this review, it was clear
that the CDSS alerts physicians about potential DDI should be developed with a
focus on the user experience, thus increasing their confidence and satisfaction,

which may increase patient clinical safety.

Keywords: Computerized physician order entry; Clinical decision support system;
Drug-drug interactions; Medication safety; User experience; Systematic review
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INTRODUCTION

Medication prescription errors are quite prevalent worldwide and an important threat to patient safety. Although the most
common results are only mild adverse effects, some cases significantly increase the risk of death. In this context, harmful
Drug-Drug Interactions (DDIs), which can occur when the effects of one drug are influenced by the effects of another, are the
leading cause of this risk. Research has already proven this and indicated that over half of adverse drug effects are directly

related to prescription medication errors (11,

To reduce these risks, healthcare systems around the world are developing and implementing Electronic Health Records
(EHR) with Clinical Decision Support Systems (CDSS) that warn prescribers of potential DDIs (pDDIs), thus protecting
patients from adverse drug events [21. Potential DDIs can be predicted from knowledge about the pharmacological properties
of the drugs prescribed. At least 2500 drug pairs can potentially result in a DDI, although not all have relevant clinical

outcomes 31,

Despite the concern with the information presented by CDSS to medical teams, it is also necessary to consider how these
teams use the medical record and report their difficulties. The concept of User Experience (UX) deals with how users interact
with a product based on their expectations and needs in relation to the use of the product in question since bad experiences
may decrease the use of the tool or even the complete discontinuation. This phenomenon can also occur with CDSS, and in

the case of detecting pDDls, a negative UX can cause low adherence of healthcare professionals to the system’s guidelines.

Given that it is important to verify whether this issue could impact patients’ clinical safety and further develop this tool by
focusing on the UX, which is crucial to improving prescriber adherence. In order to better understand the issues related to
these CDSS, we sought to conduct a systematic search to learn from the experiences of other CDSS implemented in other
countries’ healthcare systems. Other systematic reviews have focused on prescribing errors that can be avoided by CDSSs,

although none have focused on pDDI alerts generated by these systems [41,

Given the above, this study aimed to assess the frequency of CDSS generated pDDI alerts in EHRs and evaluate adherence

to these alerts through the alert override rate of physicians utilizing this tool to prescribe drugs [5:61,

LITERATURE REVIEW

A systematic literature search was conducted on April 12, 2023, in the electronic databases MEDLINE/PubMed, EMBASE,
Web of Science, Scopus, and LILACS, searching for articles published between 2011 and 2023. Only manuscripts published
in the English, Spanish, and Portuguese languages were included 7. We also searched for studies in Gray literature using
the Google Scholar database. A pilot search was conducted to define the Medical Subject Headings (MeSH) search terms
and strategies, which was validated by three experts (CLC, JFH, and RSW). A list of reference articles (indicated by experts)
was used to define the search strategy. The first phase established an investigation according to the features and strategies
of each electronic database. The references retrieved from the searches were organized in EndNote reference manager web

and Rayyan QCRI (Qatar Computing Research Institute-data analytics, Doha, Qatar) online software [8l.
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MATERIALS AND METHODS

Study design

The methodological procedure was defined by following the Preferred Reporting of Systematic Reviews and Meta-Analysis
(PRISMA) guidelines. The review question was formulated according to the PICOS approach (problem, intervention, control,
outcomes, and study design): “How are physicians’ adherence to pDDI alerts in using electronic health records with a clinical
decision support system capable of identifying drug-drug interactions in their prescriptions?” Problem: Physicians’
prescriptions with pDDIs made on EHRs at a hospital and/or primary health care unit. Intervention: The use of a clinical
CDSS that can detect and inform DDIs. Comparator: None. Primary outcome: The prevalence of DDI alerts in each setting.
Secondary outcome: The prevalence of alert override by physicians. Study: Retrospective (comparative, cross-sectional,
case-control, and cohort) and prospective (comparative, cohort) studies reporting the use of a CDSS tool used to identify

DDIs at hospitals and/or primary health care units.

Study selection

Independent pairs of reviewers (MF, RAS, DS, and EMD) selected the articles based on the inclusion and exclusion criteria.
The inclusion criteria were: Physicians’ prescriptions with pDDIs made on EHRs at a hospital and/or primary health care unit
that uses CDSS. The reviewers began by reading the titles and abstracts independently while applying the eligibility criteria,
followed by full-text reading, also applying the eligibility criteria. A third reviewer (CLC, JFH, and RSW) cross-checked all the
retrieved information in both phases . The final selection was always based on the full text of the publication and
according to the PICOS approach. We excluded studies that did not satisfy the inclusion criteria and those that met the
exclusion criteria, and the remaining full-text articles were used for the study. We also searched for articles in the reference

lists of eligible studies (101,

Data extraction

The articles were randomly distributed to four authors to extract the data independently using the Research Randomizer®
software. Data were extracted from the text, figures, or tables and added to a standardized table. In addition, three email
attempts were sent to the authors whose studies were included in this review to acquire missing data and provide further
clarification on the subject (11, The extracted data were validated by a pair of reviewers (MF, RAS, DS, and EMD). Any
discrepancies were resolved through discussion or consulting a third reviewer. Afterward, the expert group validated the
data extracted in the standardized form (Supplementary Table 1). An expert group (CLC, JFH, and RSW) checked the
extracted data, and disagreements were solved through discussion. The data were exported to the R software for meta-

analysis and quality assessment analysis [12],

Data synthesis

A random effects model for meta-analysis in the Rstudio software was used for statistical pooling of data. The dichotomous
outcomes were reported as prevalence ratios (events/total) according to 95% confidence intervals. Meta-analysis was
performed using a minimum of three studies, and the pooled prevalence was presented with 95% confidence intervals.

Heterogeneity was assessed by calculating 12 and Q value tests (12>50% or p<0.01); the authors also critically evaluated the
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Three review authors (MF, RAS, and DS) independently and blindly assessed the methodological quality using the JBI critical

appraisal tools. Two reviewers independently and blindly checked a list of questions for each study type and answered “yes,”

“no,” or “unclear.” The discrepancies were resolved by review experts (EMD and IGD). The final score for each article was

calculated by the number of yes in the total number of quality criteria. The score indicated the quality as low (<50%),
average (50-75%), and high (>75%) [141,

RESULTS

The systematic search of the electronic databases resulted in 1,873 articles; after removing duplicated articles, 1,704

manuscripts remained for title and abstract screening [151. Afterward, 86 articles were considered eligible for full-text

reading. The reviewers excluded 70 studies as they met the exclusion criteria of wrong population (n=23), wrong

intervention (n=5), wrong outcome (n=18), wrong study design (n=19), foreign language (n=3), and duplicate (n=2). In this

systematic review, 16 studies were included for qualitative analysis and 15 for quantitative analysis (Figure 1) [16],

Identification

Screening

Figure 1. Identification of studies via databases.

Records identified from
Databases (n =1873)
Web of Science (n=166)
Embase (n=261)
Pubmed (n=773)
Scopus (n=538)
Google (n=100)
LILACS(n=35)

Records screened
{n =1704)

Reports assessed for aligibility
(n =86)

Records removed before screening (n=169)
Duplicate records removed Endnote (n =68)
Rayyan (n= 101)

Records excluded by automation toals (n =1.633)
Problem (n =1.550)
—= Study design or publication fype (n=54)
Outcoma (n=23)
Intervantion (n=4)
Other {n=2)

Reports excluded (n=70):
Population{n =23)
Intervention (n =5)
QOutcome (n =18)
Study design/publication type (n=19)
Foreign language (n=3)
Duplicate (n=2)

Studies included in qualitative synthesis (n =16)

Included in meta-analysis (n =15)

Characteristics of the studies

Most studies selected for this systematic review were conducted in the United States (n=4). The remaining studies were
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performed in various countries, including South Korea (n=2), Japan (n=1), Israel (n=2), Germany (n=1), Switzerland (n=1),
Belgium (n=1), Spain (n=1), Italy (n=1), Sweden (n=1), and the Kingdom of Saudi Arabia (n=1). All studies were conducted
from 2012 to 2022; the oldest ones were carried out by Polidori et al., and Fritz et al., in 2012, and the most recent by
Alsaidan et al., and Tukukino et al., in 2022. The follow-up time of prescriptions made by physicians using a Clinical
Physician Order Entry (CPOE) varied, with the shortest being just seven days and the longest being 46 months. As for the
study design, there was one longitudinal observation study, ten cross-sectional studies, four prospective longitudinal

studies, and one study that performed retrospective cross-sectional and prospective longitudinal studies 171,

Regarding the studies’ research settings, two were conducted in three primary care hospitals, six studies in a tertiary care
hospital, three studies in a quaternary care hospital, and five studies did not report the healthcare settings, so we counted
them as general hospitals. Among these healthcare settings, most employed commercial CDSS and drug information

databases (n=12), and four used a system and database, at least partly, developed by the public health system [18],

Main outcomes

Among the studies included in this systematic review, there were different types of reports on using CDSS to detect pDDlIs in
EHRs. Most of them evaluated the number of pDDI alerts generated by the CDSSs and the volume of alert overrides. Even in
studies in which the period of the prevalence of alerts generated by the CDSS was below 10%, over 60% of these alerts were

ignored by prescribers [19],

Three other studies only evaluated the number of alerts for pDDIs and reported a high prevalence. Amkreutz et al.,
compared two software (MediQ and Meona) and found that both showed a high prevalence of DDI alerts. Four other studies
only evaluated the prevalence of alert overrides, and one compared three software (Pharmavista, DrugReax, and TheraOpt).
These studies also reported a high prevalence of alert overrides. Notably, two studies evaluated the prevalence of alerts and
alert overrides before and after adjusting the rules for alerts generated by the CDSS. However, despite reducing the number
of generated alerts, these adjustments did not significantly reduce the number of overrides. In addition, two studies reported
the incidence of alerts generated and the volume of acceptance before and after adjustments in the drug interaction rules
of these CDSS. In these studies, the number of alerts generated after CDSS adjustments was similar or lower than before,

and the acceptance of these alerts increased after the intervention.

The authors of the studies differ about the reason for the high prevalence of alerts and alert override, most of them
reporting that system adjustments should improve acceptance of alerts and decrease the chances of adverse drug events.
Others emphasized that these adjustments must be constant, made by a multidisciplinary team assembled for this purpose,

and take into account the characteristics of the hospital sector and patient (201,

Moreover, some researchers reported that only generating alerts for more important interactions can increase acceptance.
Other studies only evaluated the generation of alerts and concluded that implementing a CDSS is essential to avoid DDlIs.
One of the studies evaluated the use of a password for alert override and, due to the high rate of aversion, concluded that
including an authentication step can increase the workload and generate alert fatigue. In fact, one study concluded that the
reason for the high levels of alert overrides is not related to professional fatigue but to the high number of alerts and that

the real reason should be further investigated.
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Meta-analysis

Of the 16 studies in the systematic review, 15 were included for quantitative analysis. Meta-analyses were performed
separately for the subgroups, which were divided into studies that only dealt with generated pDDI alerts and used the
number of alert substitutions. Ten studies were included in the meta-analysis of the prevalence of alerts generated by the
CDSSs, considering that 21,435,597 prescriptions were analyzed. The overall prevalence obtained was 13.7% (Cl 95% 5.6-
24.7%, p-value <0.0001, 12=100%). Among them, one study compared two different software, one study presented the
prevalence of alerts generated before and after CDSS adjustments, and another study consisted of two parts, one

retrospective and one prospective. Therefore, the respective prevalences appear in the meta-analysis (Figure 2).

Figure 2. Prevalence of alerts generated before and after CDSS adjustments.

Events per 100

Study Events Total observations Events 95%-Cl Weight
Ahnetal., 2014a 51864 14780519 0.35 [0.35; 0.35] 7.7%
Ahnetal., 2014b 6060 102379 592 [5.78; 6.07] T.7%
Alsaindan et al., 2022 318809 5114310 6.23 [6.21; 6.25] T.7%
Amkreutz et al., 2017 (MediQ) 21261 37577 56.58 [56.08; 57.08] 7.7%
Amkreutz et al., 2017 (Meona) 7681 37577 20.44 [20.03; 20.85] T7.7%
Bryant et al., 2014 1153 18354 6.28 [5.94; 6.64] T.7%
Knight et al., 2019 (Before) 19217 241915 794 [7.84; 805 T7%
Knight et al., 2019 (After) 4461 245757 182 [1.76; 1.87] 7.7%
Nasuhara et al., 2015 170 268622 0.06 [0.05; 0.07] 7.7%
Polidori et al., 2012 21447 51393 41.73 [41.30; 42.16] 7.7%
Straichman et al., 2017 (S1) 145103 390841 3713 [36.97;37.28] T7.7%
Straichman et al., 2017 (S2) 3064 9894 30.97 [30.06;31.89] 7.7%
Zenziper etal., 2014 21799 136459 15.97 [15.78; 16.17] 7.7%
Random effects model 21435597 —_ 13.74 [5.61; 24.72] 100.0%
Heterogeneity: I = 100%, 1° = 0.0669, p = 0

10 20 30 40 50

Regarding physicians’ adherence to receiving a pDDI alert in their prescription, eleven studies assessed the prevalence of
alert overrides; 570,776 prescriptions were analyzed, and the overall prevalence obtained was 90% (Cl 95% 85.6%-95.0%,
p-value <0.0001, 12=100%) (Figure 3). Among them, two studies assessed the prevalence of disregard for alerts before and
after adjustments to alert definitions in the CDSS, one study compared three different software, and another was divided
into two stages, one retrospective and one prospective. Therefore, the respective prevalences appear in the meta-analysis
(Figure 3).

Figure 3. Prevalence of disregard for alerts before and after adjustments to alert definitions in the CDSS.

Events per 100

Study Events Total ohservations Events 95%-Cl Weight
Ahnetal., 2014a 35231 51864 : 67.93 [67.53;68.33] 6.4%
Ahnetal., 2014b 4409 6060 : 72.76 [71.62;73.87] 6.4%
Alsaidan et al., 2022 310096 318809 97.27 [97.21;97.32] 6.4%
Bryant et al., 2014 1097 11583 | 95.14 [93.74;96.31] 6.3%
Edrees et al., 2020 15318 16011 : 95.67 [95.34;95.98] 6.4%
Fritz et al., 2012 (Farmavista) 50 53 ——=— 9434 [84.34:98.82] 54%
Fritz et al., 2012 (DrugReact) 345 362 == 9530 [92.59;97.24] 6.2%
Fritz et al., 2012 (TheraOpt) 315 328 P—=  96.04 [93.32;97.87] 6.2%
Knight et al., 2019 (Before) 18819 19217 : 97.93 [97.72;98.13] 6.4%
Knight et al., 2019 (After) 4286 4461 96.08 [95.47;96.63] 6.4%
Muylle et al., 2021 (Before) 1019 1087 | . 93.74 [92.14;95.11] 6.3%
Muylle et al., 2021 (After) 1959 2630 - : 7449 [72.77:76.14] 6.3%
Nasuhara et al., 2015 1M1 170 —— 65.29 [57.83;72.42] 6.0%
Tukukino et al., 2022 370 405 - 91.36 [88.19:93.91] 6.2%
Straichman et al., 2017 (S1) 137415 145103 : 94.70 [94.59;94.82] 64%
Straichman et al., 2017 (52) 2934 3063 : 95.79 [95.02; 96.47] 6.4%
Random effects model 570776 —_ 90.91 [85.66; 95.07] 100.0%
Heterogeneity: 12 = 100%, v = 0.0272, p = 0

60 70 80 920
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Quality assessment

Most studies demonstrated high methodological quality, one moderate, and one low methodological quality. The questions
that most indicated low methodological quality were questions 3 and 8: “(3) Was the sample size adequate?”, and “(8) Was
there appropriate statistical analysis?”. The main issues related to low methodological quality assessment across studies

were sample size and statistical analysis.

DISCUSSION

Studies have shown that most of the alerts generated at the time of prescription, indicating pDDls, are ignored by
physicians. Although there is no consensus on the ideal number of alerts that should be generated, it is already known that
many inappropriate alerts can reduce users’ confidence in the system. In this context, Wickens and Dixon reviewed the
literature in search of indirect evidence on this topic to establish a diagnostic reliability value below which automation
becomes useless or even worse than the performance before its implementation. This analysis revealed that reliability of

70% was the “cutoff point” below which automation was worse than no automation.

In this review, we evaluated the frequency of alerts generated by these CDSS when physicians prescribe medication for their
patients and found a prevalence of 13.7%. We could consider a low value, given the number of drugs that interact with each
other and the difficulty of the prescriber remembering all of them. However, even though this tool was designed to help the
prescriber, we observed that these physicians ignored the pDDI alerts generated by these CDSS, where the prevalence of
alert override was 90%. Thus, it is evident that these systems require adjustments so that the adherence to their pDDI

indications increases and the number of alert overrides decreases.

Another issue to consider is the quantity and quality of these alerts; alerts of lesser clinical importance, when generated in
excess, may tire these prescribers, also known as alert fatigue. This phenomenon has already been reported previously,
showing that this problem can cause physicians to start ignoring these alerts after an excess of generated alerts, increasing
the risk of alerts with greater clinical importance going unnoticed. Some studies included in this review evaluated the effect
of adjustments in the rules of the clinical decision support system to reduce the number of alerts generated. After these
adjustments, only alerts of greater clinical importance were generated; with this, the number of alerts decreased
significantly, although the acceptance of these alerts did not increase significantly, and physicians continued to override

most of these alerts.

After providing evidence-based information and removing minor alerts, a CDSS requires rigorous evaluation to determine the
optimal sensitivity and specificity ratio to reduce patient harm. No system can achieve 100% sensitivity and specificity in a
real-world setting. Filtering lists of drug interactions in CDSS databases, keeping only clinically significant pairs, may improve
the “alert fatigue” effect but also create liability concerns for clinicians, who could perceive these systems to be at risk of
making mistakes. However, using a list of DDI based on consensus between professional societies or relevant regulatory

bodies could increase confidence in these systems.

To reduce the number of alerts and increase their clinical relevance, the CDSS should not be used as an independent

system but to work with the EHR and cross-check important patient information, such as laboratory test results, information
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on comorbidities, and other clinical parameters. Therefore, about 30% of alerts could be avoided if only five laboratory test
results were integrated into the system, including potassium, white blood cell count, international normalized ratio,
therapeutic drug monitoring, and glomerular filtration rate values. Another way to reduce the number of alerts is to direct
these alerts based on the specialty of the prescribing physician, for instance, not generating an excessive number of renal
risk alerts for a kidney specialist with many years of experience. With this, confidence in these systems tends to increase
since physicians ignore alerts because of their lack of specificity; thus, alerts generated for the general population could be

changed if the characteristics of patients and physicians were considered.

This problem related to low adherence to alerts by physicians has been studied for over a decade. Horsky et al., conducted a
literature review to seek experiences using CDSS in drug prescriptions and their examples of successes, failures, and
lessons learned. They claimed that the positive performance of the CDSS and its benefit to physicians could be significantly
reduced by poor interface design, incorrect implementation, and inadequate data maintenance, even becoming a burden
contributing to medical error. In addition, the specificity and clarity of the alerts, added to the agility to respond to

suggestions, are essential to change physicians’ prescribing behavior.

Westerbeek et al., conducted a study to better understand the reason for this high rate of alert overrides; the authors found
that the most ignored alerts were related to drug prescriptions and also provided several reasons as to why physicians
ignored these alerts. Their researchers’ findings revealed that the most mentioned factors were related to the usefulness
and relevance of information, ease of use, and system efficiency. Furthermore, physicians agreed that certain factors

inhibited or facilitated use but had different views on achieving this.

For example, clinicians agreed that useful information facilitates use but had different views on what information is useful.
These different points of view may be related to the doctor’'s specialty, the type of care provided, the location, and the
characteristics of the patients these doctors tend to see. The authors suggested that physicians be involved during the

development of these systems and that user-centered design may be a suitable method.

The strength of the present systematic review is consolidated in the following points:
e Analysis by paired blinded reviewers,
e Exhaustion of the literature search,
e Data validation,
e Search for expertise.

e Quality assessment.

Nonetheless, this study also had some limitations, including unclear outcomes in some of the analyzed articles; hence, they
were estimated by the present article’s reviews. In addition, the rules of alerts issued by the systems varied considerably,

and most studies did not provide information about this.

CONCLUSION

Our results show that prescribers ignore most of the alerts these clinical decision support systems generate since 90% of

physicians override them. Even after adjustments were made to these systems to reduce the number of alerts and avoid
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professional fatigue, the number of alert overrides did not decrease satisfactorily. Therefore, these systems should be
developed using UX design techniques, increasing the users’ confidence and satisfaction with the CDSS and possibly
decreasing alert overrides, improving the clinical safety of the treatments offered to patients. In this systematic review with
meta-analysis, we showed that despite the CDSS being recognized as an important tool to prevent adverse events related to

drugs prescribed by doctors in health units, this instrument has been underused, wasting users’ time and money.
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