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Background: The integration of Clinical Decision Support Systems (CDSSs) into the prescription review process is expected to
mitigate medication errors and increase patient safety. This study aimed to quantify the impact of integrating the CDSS into the
prescription review process.

Methods: This retrospective study was conducted by pharmacists at a 3200-bed tertiary hospital in China, leveraging data from the
Hospital Information System and CDSS software across two distinct periods: August 2021 to July 2022 (preimplementation) and
August 2022 to July 2023 (postimplementation). The chi-square test was used to compare the proportions of medication alerts and
patients receiving alerts, both overall and per ward, before and after implementation. The chi-square test was also used to assess the
significance of differences in medication alert deviations and pharmacist interventions between the two groups.

Results: During the pre- and postimplementation periods, 5,170,765 and 5,804,595 medication orders were prescribed, respectively.
Among these, 130,286 (2.52%) and 133,562 (2.30%) prescriptions triggered alerts, indicating a significant reduction in the alert rate of
0.22% ("HR=0.911, 95% CI 0.904-0.918; P<0.001). Difference in the distribution of the top ten medication alert categories was
observed between the two periods. In the pre- and postimplementation groups, 208,356 and 218,165 patients were prescribed
medication, respectively. Among them, 63,219 (30.34%) and 61,258 (28.08%) patients received alerts, respectively, showing
a significant reduction of 2.26% (*HR=0.896, 95% CI 0.885-0.908; P<0.001). Among the clinical wards, 66.09% (76 out of 115)
showed significant differences in the proportion of patients receiving alerts between the pre- and postimplementation periods (P<0.05).
Specifically, 45.22% (52 out of 115) of these wards experienced a decrease in the proportion of patients receiving alerts, whereas
a smaller percentage, 20.87% (24 out of 115), experienced an increase.

Conclusion: CDSSs are invaluable tools for hospital pharmacists and physicians, assisting in the complex task of prescription review.
Keywords: CDSS, prescription review, medication alerts, patient safety

Introduction

Prescribing medication is a fundamental but risky part of healthcare, with high potential for error. Approximately 50% of
hospital inpatients were exposed to at least one prescription error during their stay.! Medication errors are common in
hospitals and other healthcare settings and threaten patient safety.”” These errors range from incorrect dosages and
incorrect medications to treatments that interact dangerously with existing conditions.*> Medication misuse contributes
to adverse drug events (ADEs), which might lead to increased morbidity, mortality, and healthcare costs.®® These errors
often result from human factors, systemic issues, and communication breakdowns.”'® Addressing these challenges
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requires systematic and evidence-based approaches. A multifaceted approach is needed, including improving medication
management systems, enhancing healthcare professional training, and implementing strong safety protocols.''

Clinical decision support systems (CDSSs) were initially designed more than 50 years ago to enhance optimal problem-
solving and decision-making capabilities.'? In the past two decades, the CDSS has evolved to support healthcare professionals
by delivering real-time, patient-specific information and recommendations. These sophisticated systems analyze a wide array
of patient medical data, including demographics, diagnoses, laboratory results, and current medications, to pinpoint potential
issues such as drug—drug interactions, drug—disease contraindications, and inappropriate dosing.'*'* By harnessing advanced
algorithms and clinical knowledge databases, the CDSS could effectively flag potential problems and propose alternative
treatment options. This not only reduces the risk of ADEs but also significantly improves patient care.'>'®

Despite their potential benefits, the integration of the CDSS presents substantial challenges, particularly concerning fatigue
and data quality concerns. Research has indicated a median of 3 alerts per patient per hospital stay, with only approximately 4
out of 100 patients experiencing a change in practice.'” The inundation of excessive and often trivial alerts can lead to
clinicians becoming desensitized and succumbing to alert fatigue. This may inadvertently result in the overlooking of crucial
warnings.'® Consequently, the precision of CDSS recommendations is critically dependent on the quality and completeness of
the input data, as well as the system’s ability to accurately interpret complex clinical scenarios.'*?°

In our hospital, commercial CDSS software was integrated into the hospital’s information system in July 2020. Over two
years, the system had a high rate of irrelevant medication alerts, affecting the prescription review process. The clinical
pharmacists Lingyan Yu and Pin He led efforts to optimize the triggering sensitivity of the CDSS. They worked with a clinical
medication knowledge database and an evaluation system. This database includes a basic knowledge base, drug data, manuals,
references, and constantly updated rules for rational drug use. To improve audit rules, drug information was preprocessed for
standardization, including deduplication, cleaning, normalization, coding, and translation. Customized rules promoting
rational drug use were added to the system, including 1,946 drug-related rule sets with 161,608 individual rules, 111
administrative rules, 24 analytical rule sets with 59 rules, and 90 regime-relative rules. These rules were categorized and
ranked from grade 5 to grade 8. Grade 8 was for strictly prohibited orders, determined by a rules-formulating committee,
involving drug contraindications and incompatibilities. Grade 7 was for rule testing by the pharmacists. Grades 5 and 6
triggered alerts to remind prescribers and pharmacists, promoting rational medication use.

In this article, we outline the CDSS-guided prescription process (as shown in Figure 1). When a medication order is
placed, the system activates rules related to the prescribed drugs. If a 5- or 6-grade alert is triggered, a pop-up window
immediately notifies the prescriber, who can either adjust the prescription or override the alert by selecting a reason from
a dropdown menu. Orders triggering an 8-grade alert are blocked and must be modified to prevent the prescription of
critically irrational medications. Once nurses execute prescriptions, pharmacists can review them in the whole-scope
system. The CDSS automatically analyzes prescriptions, with red lights indicating inappropriateness and necessitating
intervention by a qualified pharmacist.

This study aimed to evaluate the effectiveness of integrating CDSS software into the prescription review process and
the role of pharmacists in this collaboration. The goal was to enhance pharmacy operations by identifying areas for
improvement in current protocols. Our mission was to continuously improve pharmacy practices by addressing and
correcting deficiencies, thereby ensuring high-quality patient care.

Methods
Study Setting

This study was conducted at the Second Affiliated Hospital, Zhejiang University School of Medicine, a tertiary care
hospital in eastern China, with 3200 licensed beds.

Study Design

This retrospective study involved a prescription review center established in August 2022. The center was staffed by nine senior
pharmacists, who were certified in prescription review, and fourteen clinical pharmacists, all of whom were trained in clinical
pharmacy. They worked in shifts, with four on duty daily, to provide drug recommendations and address drug-related issues.
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Figure | Workflow of the prescription and review process guided by CDSS data analysis.

In the comprehensive review system, prescriptions deemed irrational were flagged with a red-light indicator. Double-
clicking a flagged prescription revealed a pop-up with detailed error notes and treatment suggestions, enabling efficient
pharmacist review. When uncertain, pharmacists could right-click to access a context menu, allowing them to assess
prescription appropriateness and communicate with prescribers to prevent errors (as shown in Figure 2).

The period from August 2021 to July 2022 was the preimplementation group, and August 2022 to July 2023 was the
postimplementation group. The inclusion criteria were as follows: (1) all new prescriptions issued during the study period
and (2) all inpatients admitted during the implementation phase. The exclusion criterion included wards that were
temporarily open in only one group, excluding them from the analysis of differences in wards with patients who received
alerts in the pre- and postimplementation groups.

Data Collection

Data encompassing the total volume of new prescriptions dispensed, the aggregate patient population, and the total patient
count within each ward were collected from the Hospital Information System by an information technology engineer. The
number of specific prescriptions that triggered medication alerts, the number of patients who received alert notifications, the
number of patients receiving alerts within each ward, and the top ten medication alert categories were compiled via CDSS
software for the periods before and after the system’s implementation. Additionally, the interventions initiated by the

pharmacists were meticulously recorded and summarized for both the pre- and postimplementation groups.
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Figure 2 Interface of the whole-scope prescription review system. In the whole-scope prescription review system, all of the patients’ prescriptions, including oral,
intravenous, and topical medications, were indexed and displayed on a computer screen. The Clinical Decision Support Systems (CDSS) automatically assessed the
appropriateness of the medications, and prescriptions deemed irrational were flagged with a red-light indicator. The patient’s profile, including sex, age, weight, body surface
area, allergies, diagnoses, renal function, and abnormal laboratory test results, was presented on the lower part of the screen for pharmacists to review. Additionally, the
pharmacists could right-click to access the patients’ database to determine whether advanced intervention was necessary.

Analysis

All the statistical analyses were conducted via SPSS version 23.0. The chi-square test was employed to assess the differences
in the proportions of medication alerts and the proportions of patients who received alerts, both overall and within each ward,
between the preimplementation group and the postimplementation group. Additionally, the chi-square test was used to
evaluate the significance of variations in the types of medication alert deviations and the interventions made by pharmacists
between the two groups. A p value <0.05 was established as the threshold for statistical significance.

Results

Proportions of Medication Alerts

In the comparative analysis between the preimplementation and postimplementation phases, our study examined a substantial
volume of medication orders. During the preimplementation period, a total of 5,170,765 medication orders were prescribed,
resulting in 130,286 medication alerts being triggered, which accounted for 2.52% of the total orders. In contrast, after the
implementation of the enhanced prescription review process, which was assisted by pharmacists and supported by the CDSS
database, 5,804,595 medication orders were recorded, with 133,562 alerts triggered, reflecting a 2.30% rate. This shift
represented a notable reduction in the frequency of medication alerts. The observed decrease in the percentage of alerts,
0.22%, was statistically significant (*HR =0.911, 95% CI 0.904-0.918; P<0.001), indicating that the interventions and
refinements to the CDSS software had a positive effect on the prescription review process, as shown in Table 1.

Top ten Categories of Medication Alerts

There was a notable difference in the percentage of alerts for inadequate usage and dosage, with 30.38% before
stratification compared with 23.43% after stratification, indicating a statistically significant reduction (*HR=0.701, 95%
CI 0.689-0.714; P<0.001). The percentage of alerts for untreated indications was greater after stratification, with 27.10%
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Table | The Proportions of Medication Alerts in the Pre- and Postimplementation Groups

Preimplementation Postimplementation p value ?HR,95% CI
Total Alerts Total Alerts
5,170,765 | 130,286(2.52%) | 5,804,595 | 133,562(2.30%) | <0.001 | 0.911 | 0.904-0.918

before and 29.84% after stratification, indicating a significant increase (*HR=1.144, 95% CI 1.125-1.163; P<0.001). The
number of alerts for drug duplication increased significantly, from 9.95% to 12.90% (*HR=1.341, 95% CI 1.309-1.374;
P<0.001).There was a significant decrease in alerts for drug-drug interactions, from 7.26% to 5.09% (*HR=0.684, 95% CI
0.663-0.707; P<0.001). A significant reduction in incompatibility alerts was observed, dropping from 6.86% to 3.10%
(*HR=0.435, 95% CI 0.419-0.452; P<0.001). The number of alerts for inappropriate administration routes significantly
decreased, from 5.46% to 2.64% (*HR=0.470, 95% CI 0.451-0.489; P<0.001). There was a significant increase in alerts
regarding renal adjustment, from 5.30% to 11.97% (*HR=2.427, 95% CI 2.357-2.500; P<0.001). A slight but statistically
significant difference was noted in treatment duration, with a decrease from 2.75% to 2.61% (*HR=0.946, 95% CI
0.902-0.992; P=0.021). The number of alerts for contraindications increased significantly, from 2.73% to 3.54%
(*HR=1.304, 95% CI 1.248-1.363; P<0.001). There was a substantial increase in alerts for inappropriate medication
regimens, from 1.68% to 4.38% (*HR=2.677, 95% CI 2.547-2.814; P<0.001) (Table 2).

Proportions of Patients Who Received Alerts and Interventions

In the preimplementation group, a total of 208,356 patients were prescribed medication, 63,219 (30.34%) of whom
received medication alerts. In contrast, the postimplementation group consisted of 218,165 patients, with 61,258
(28.08%) receiving alerts. The difference in the percentage of patients receiving alerts between the two groups was
statistically significant, with a 2.26% decrease after implementation (*HR=0.896, 95% CI 0.885-0.908; P<0.001), as
detailed in Table 3.

Table 2 The Top ten Categories of Medication Alerts Triggered in the Pre- and Postimplementation Groups

Categories of Medication Alerts | Preimplementation | Postimplementation | p value ?HR,95% CI
(N=130286) (N=133562)

Inadequate usage and dosage 39,579(30.38%) 31,293(23.43%) <0.001 | 0.701 | 0.689-0.714
Untreated indications 35,311(27.10%) 39,852(29.84%) <0.001 1.144 | 1.125-1.163
Drug duplication 12,962(9.95%) 17,231(12.90%) <0.001 1.341 | 1.309-1.374
Drug-drug interaction 9463(7.26%) 6793(5.09%) <0.001 | 0.684 | 0.663-0.707
Incompatibility 8932(6.86%) 4144(3.10%) <0.001 | 0.435 | 0.419-0.452
Inappropriate route of administration 7113(5.46%) 3526(2.64%) <0.001 | 0.470 | 0.451-0.489
Renal adjustment 6911(5.30%) 15,987(11.97%) <0.001 | 2.427 | 2.357-2.500
Inappropriate treatment duration 3584(2.75%) 3480(2.61%) 0.021 0.946 | 0.902-0.992
Contraindication 3563(2.73%) 4724(3.54%) <0.001 1.304 | 1.248-1.363
Inappropriate medication regime 2192(1.68%) 5851(4.38%) <0.001 | 2.677 | 2.547-2.814

Table 3 The Proportions of Patients Who Received Alerts and Interventions in the Pre- and

Postimplementation Groups

Preimplementation | Postimplementation | p value 2HR,95% CI
(N=208356) (N=218165)
Patients received alerts 63,219(30.34%) 61,258(28.08%) <0.001 | 0.896 | 0.885-0.908
Interventions 4598(2.21%) 4765(2.18%) 0.616 | 0.989 | 0.950-1.031
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Figure 3 Performance of clinical wards in terms of the patients who received alerts in the pre- and postimplementation groups.

Additionally, the pharmacists carried out advanced interventions in 4598 (2.21%) patients in the preimplementation
group and in 4765 (2.18%) patients in the postimplementation group. A slight decrease in the percentage of advanced
interventions postimplementation was also noted, as shown in Table 3.

Clinical Wards with Patients Who Received Alerts in the Pre- and Postimplementation
Groups

The data collected and analyzed from clinical wards, as depicted in Figure 3, revealed significant changes in the
proportions of patients receiving alerts. In the preimplementation group, a substantial majority of the wards, 66.09%
(76 out of 115), presented a statistically significant difference in the proportion of patients with alerts (P < 0.05). Among
these wards, 45.22% (52 out of 115) experienced a reduction in the proportion of patients receiving alerts, whereas
a smaller percentage, 20.87% (24 out of 115), experienced an increase.

Discussion
In this study, we presented the integration of the CDSS into hospital prescription review processes. This integration
significantly bolstered the efficiency of the review process by automating the detection of common errors, thereby
enabling clinicians to devote more attention to more complex cases.?'** Consistent with other studies, the medication
alerts generated by the CDSS were meticulously categorized into various types on the basis of detailed drug-related
issues. These issues include improper usage and dosage, untreated indications, drug duplication, drug—drug interac-
tions, incompatibility, etc.'* Several studies have highlighted that such improper medication use is a crucial factor
contributing to adverse drug events (ADEs) in emergency departments.”® The implementation of the CDSS may serve
as an effective strategy to mitigate these risks substantially. Particularly in outpatient care settings or settings with
limited resources, the CDSS can offer vital support to healthcare providers during consultations. Studies have shown
that prescriptions are both safe and appropriate, which could markedly increase patient safety and reduce the risk of
adverse drug events.”*

One of the key concerns regarding the use of the CDSS is the phenomenon of alert fatigue. Clinicians might become
desensitized to the large volume of alerts generated by the system, which could result in important warnings being
overlooked.”> In line with other studies, our study placed significant emphasis on refining CDSS rules to identify high-
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risk prescription errors effectively.?®?” We quantified the impact of pharmacists in fine-tuning the CDSS protocols, observing
a notable reduction in alert rates and a strategic shift in the categorization of medication alerts. This finding indicated that the
CDSS has evolved to more accurately pinpoint clinically significant issues while effectively filtering out less critical alerts.*®
This dynamic shift highlights the importance of tailoring interventions to specific contexts and the ongoing need to refine
CDSS rules in alignment with local clinical practices and the unique characteristics of patient populations.”” Moreover, the
accuracy of CDSS recommendations is highly contingent upon the quality and completeness of the input data, as well as the
system’s ability to correctly interpret complex clinical scenarios.*® There is also a pressing need for ongoing updates and
maintenance to ensure that the system’s knowledge base remains up-to-date with the latest medical research and guidelines.
As technology continues to advance, the future of the CDSS in hospital prescription review seems to be promising. The
development of more sophisticated algorithms, the integration of artificial intelligence and machine learning, and the
enhancement of user interfaces are supposed to improve the specificity and relevance of system-generated alerts.®'~*
Moreover, the potential for personalized medicine, where the CDSS can take an individual’s genetic profile and other unique
characteristics into account, offers a new frontier in optimizing medication therapy.

This study had several limitations. First, it was conducted in a single tertiary care hospital, which limits the
generalizability of the findings. The results may not be applicable to other hospitals, especially those with different
patient populations, healthcare systems, or CDSS implementations. Second, the study lacked data on patient
outcomes. While it effectively quantifies the impact of integrating a Clinical Decision Support System (CDSS)
on prescription errors and alert rates, it does not provide information on how these changes are translated into
actual patient health outcomes. Third, the study relied on the interventions of pharmacists, which introduces the
potential for biases in decision-making. Pharmacists may have varying levels of experience, training, and
familiarity with the CDSS, leading to inconsistencies in their responses to alerts and interventions.

Despite these limitations, the study has several strengths. The robust methodology and large sample size provided
a solid foundation for the findings. The significant reduction in medication alerts and the notable difference in the
distribution of medication alert categories demonstrated the effectiveness of the CDSS in enhancing the prescription
review process. The active involvement of pharmacists in refining the CDSS rules further enhanced the practicality and
clinical relevance of the study.

Future research endeavors should aim to address the limitations identified in this study. Conducting multicenter
studies is imperative to increase the generalizability of the findings and ensure that the results are applicable across
diverse healthcare settings. Furthermore, future studies should incorporate comprehensive data on patient outcomes. This
will enable a thorough assessment of the clinical significance of CDSS implementations, thereby providing a more
holistic view of their impact on patient care.

The integration of artificial intelligence and machine learning into the CDSS represents a promising avenue for
improvement. These technologies have the potential to further refine the prescription review process, offering more
precise and personalized medication recommendations that are tailored to individual patient needs. As technology
continues to evolve, it is crucial to persistently refine the CDSS. This will help minimize alert fatigue among clinicians
and maximize the system’s benefits in enhancing patient safety and healthcare efficiency. By doing so, we can optimize

the use of the CDSS to improve the overall quality of healthcare delivery.

Conclusion

CDSS constitute an invaluable asset in the armamentarium of hospital pharmacists and physicians, facilitating the
intricate process of prescription review. Although there are challenges that need to be surmounted, the ongoing evolution
and refinement of these systems hold the promise of substantially enhancing patient safety and the caliber of health care

settings.
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