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The advances achieved in recent decades regarding cardiac surgery have led to a new risk that goes beyond surgeons’

dexterity; postoperative hours are crucial for cardiac surgery patients and are usually spent in intensive care units (ICUs),

where the patients need to be continuously monitored to adjust their treatment. Clinical decision support systems

(CDSSs) have been developed to take this real-time information and provide clinical suggestions to physicians in order to

reduce medical errors and to improve patient recovery. 

Keywords: clinical decision support ; computerized physician order entry ; intensive care units ; cardiac surgery

1. Introduction

Advances in cardiac surgery have enabled the performance of these procedures in patients with the most complex

cardiac pathologies and with the highest perioperative risks. These patients are likely to experience complications during

the postoperative period. Cardiogenic shock (CS), low cardiac output syndrome (LCOS), stroke, kidney failure,

gastrointestinal problems, and respiratory distress are the main issues that may arise during this period, entailing the

highest mortality .

Patients undergoing heart surgery require long stays in intensive care units (ICUs), compared to other types of surgery,

due to the aforementioned complications . These include vasospasm, altered platelet–endothelial cell interactions, and

a generalized inflammatory response due to blood contacting the synthetic surfaces of the bypass equipment . The

result is low flow in the microcirculation of the heart, brain, and other organs, which may lead to organ dysfunction . In

addition, these patients demand the use of broad resources during their stay, such as high-level surveillance and

monitoring and a quick analysis of the parameters or adjustments in their medical treatment . The assistance of vital

support for these patients is made through the maintenance of vital signs in a target range, the coordination of early

therapy directed by objectives in cardiogenic shock, and the hemodynamic stabilization of LCOS. These techniques can

speed up postoperative recovery, decrease hospital stays or the use of mechanical ventilation, and reduce ICU days 

.

In ICUs, physicians must control these parameters, care for subjects’ needs, and prevent complications in order to

achieve the optimal conditions of these patients. Therefore, professionals must make elaborate decisions in some

situations and make modifications in treatment . These situations cause high pressure and intense burden that

can cause medical errors and may negatively influence patients’ outcomes . According to Farzi et al., ICU patients

are exposed to an average of 1.7 errors per day; specifically, medication errors represent 78% of serious medical errors

. The application of artificial intelligence techniques can provide support to health professionals in decision making

related to the treatment of patients . The use of clinical decision support systems (CDSSs) can be very appropriate,

supporting doctors to improve the clinical progress of patients . The development and impact of these systems in the

different fields of medicine have been very important .

2. Background of Decision Support Systems

CDSSs are programs based on artificial intelligence (AI) and machine learning (ML) in statistical patterns . CDSSs are

a tool increasingly used by clinicians and can involve difficulties in understanding the logic used by AI or integrating

different clinical devices . CDSSs also have two other classifications: active or passive based on the design and action

of the system. The temporal classification depends on the system’s moment of intervention .

One of the main objectives of CDSSs is the analysis of patient databases, the extraction of prognostic variables, and the

determination of factors to know a patient’s evolution . Accordingly, several studies have focused on the Medical

Information Mart for Intensive Care III (MIMIC-III), being the largest free access clinical database associated with ICUs
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. Reports such as those by Bashar et al. have highlighted that MIMIC-III, using a large amount of data, including

laboratory tests, procedures, medications, caregivers’ notes, image reports, and mortality, allows us to improve relevant

clinical outcomes .

Another type of CDSS focuses on patient safety and drug administration . The Computerized Physician Order Entry

(CPOE) offers support to avoid errors in the dosages and improves the adjustment according to a patient’s comorbidities

. Databases are also important in ICUs, because they can enhance learning about the knowledge of the evolution

and act in advance to prevent or act in each clinical situation . Analysis of data has provided prognostic or evolutionary

factors that have allowed the improvement of clinical results . CDSSs can analyze different information obtained from

electronic health records (EHRs) such as the sociodemographic, social, and epidemiological data of patients . EHRs

create alerts related to early diagnosis and trends that warn about bad prognosis indicators, allowing early modifications in

treatment and modifications in clinical evolution . CDSSs can be combined with other devices. Some studies have

concluded that the combination of CDSSs and CPOE can be considered the most powerful tool for the prevention and

reduction in potentially dangerous errors and for greater adjustment according to a patient’s comorbidities .

Some reviews related to CDSSs have been conducted, examining the outcomes associated with CDSSs and CPOE in

inpatient settings, but few have focused on the impact that these systems have on cardiac patients in ICUs. Reviews

focused on cardiac patients refer only to the economic costs and benefits of CDSSs . Another one of these reviews

focused on assessing the costs of hospitalization . McKibbon et al. reviewed the effectiveness of these tools on

patients in ICUs . Sutton et al. analyzed the benefits and risks of CDSSs under a global point of view . The

remaining reviews focused specifically on pediatric patients .

3. Discussion on Clinical decision support systems 

The objectives were focused on summarizing the recent scientific evidence on this subject in order to investigate clinical

decision support systems. Decision-making aids have been studied in different fields and types of patients.

The results showed an emerging area associated with the development forecast. Some studies referred to CDSSs,

analyzing the predisposing parameters and supporting the forecast of the evolution and the readmission that a patient

may present . CDSSs use multiple parameters to determine the prognostics, such as patient characteristics,

comorbidities, reasons for admission, and scales .

Specifically, the studies of Jalali et al. referred to the prediction of development in said studies. Both studies focused on

patients with neurocritical and periventricular leukomalacia patients. They reported that a rapid prediction of a patient’s

development can reduce mortality levels or hospital stay, among others .

The databases through CDSSs, including the parameters, proved their usefulness in predicting evolution, such as

demographic data, laboratory data, and admission diagnoses . Some reviews support the above. These reviews

focused extensively on analyzing the prediction ranges of tools such as databases or CDSSs .

Another result that emerged strongly in the selected articles was medical errors. Specifically, the tools applied to CPOE

systems were assessed in relation to their strong impact on the prevention of drug-related errors . According to

the evidence, CPOE tools prevent the wrong administration of drugs and help to make dosage adjustments considering

comorbidities, which are among the most common confounding factors . These dose modifications could

eventually lead to a reduction in critical events such as cardiorespiratory arrest .

In addition, the results indicate that drug administration times were significantly reduced after the use of CPOE. Among

the studies that were analyzed, the improvement in healthcare after the use of CPOE is meaningful, since errors of

administration were recorded before and after its application, and a reduction was observed . The reduction in

the incidence of drug administration errors and the reduction in time to administration is of paramount importance in the

pandemic situation because of the shortage in resources in critical care settings, and it must not be overlooked .

Although this situation does not directly affect the tasks usually performed by physicians or nursing professionals, it is

considered one of the most limiting factors in providing the necessary care on time, so any tool capable of alleviating

burdens should be considered potentially useful .

Moreover, the results suggest that these tools can detect difficulties in a patient’s situation for rapid action .

Considering the evidence, CDSSs and EHRs allow continuous monitoring for detecting clinical alterations at the precise

moment they take place. This is relevant in postoperative patients, as they have a greater risk of suffering significant

complications .
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CDSSs also offer a precise adjustment of dosage or flux to maintain a variable in the desired range .

Some examples of the already developed CDSSs on this subject matter belong to the field of hemodynamic advanced

measurement devices, such as cardiac output (CO) . These studies dealt with the utilization of a CDSS combined

with a continuous monitor of cardiovascular function . The systems were able to select and advise reasonable

treatments under different clinical conditions .

These systems are able to select and advise reasonable treatments under different clinical conditions. However, some of

the analyzed results showed no significant statistical differences, and the lack of significant differences should not impede

the relevance of these findings . It is remarkable to find such high concordance between specialists trained in intensive

care and decision support systems and their ability to reach an equivalent fluid balance. As mentioned before, any tool

with the ability to perform successfully while keeping high standards of care must be considered potentially useful, since it

may allow dedicating human resources to more sophisticated tasks in healthcare.

Finally, the degree of acceptance of systems that report high levels of acceptance was evaluated for these systems for

treatment and diagnosis  Other studies have considered it negative in terms of a lack of confidence in the decisions

suggested, as occurs in nursing staff, about the regulation of glucose levels by prolonging the time to accept or reject the

suggestion, concluding that these tools represent low impact on their work activities . Doubt then arises about whether

the correct implementation of CDSSs, despite their initial investment, guarantees a cost reduction at any hospital, as the

shorter the patient needs to stay in ICUs, the lower amount of money will be necessary to invest.
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