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Background: The adherence of clinicians to clinical practice guidelines is known to be low, including for the 
management of COVID-19, due to their difficult use at the point of care and their complexity. Clinical decision 
support systems have been proposed to implement guidelines and improve adherence. One approach is to permit 
the navigation inside the recommendations, presented as a decision tree, but the size of the tree often limits this 
approach and may cause erroneous navigation, especially when it does not fit in a single screen.

Methods: We proposed an innovative visual interface to allow clinicians easily navigating inside decision trees 
for the management of COVID-19 patients. It associates a multi-path tree model with the use of the fisheye visual 
technique, allowing the visualization of large decision trees in a single screen. To evaluate the impact of this tool 
on guideline adherence, we conducted a randomized controlled trial in a near-real simulation setting, comparing 
the decisions taken by medical trainees using Orient-COVID with those taken with paper guidelines or without 
guidance, when performing on six realistic clinical cases.

Results: The results show that paper guidelines had no impact (p=0.97), while Orient-COVID significantly 
improved the guideline adherence compared to both other groups (p<0.0003). A significant impact of Orient-

COVID was identified on several key points during the management of COVID-19: ordering troponin lab tests, 
prescribing anticoagulant and oxygen therapy. A multifactor analysis showed no difference between male and 
female participants.

Conclusions: The use of an interactive decision tree for the management of COVID-19 significantly improved the 
clinician adherence to guidelines. Future works will focus on the integration of the system to electronic health 
records and on the adaptation of the system to other clinical conditions.

1. Introduction

The US Institute of Medicine’s influential report “To Err Is Human” 
[1] created awareness that medical error is a major cause of avoid-

able mortality, morbidity and inappropriate use of resources. With the 
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increasing recognition of shortcomings of healthcare systems, practice 
guidelines were widely advocated as a means of encouraging compli-

ance with evidence-based practice, leading to the “guidelines movemen-

t” [2]. Clinical Practice Guidelines (CPGs) are text documents summariz-

ing recommended practices for a specific condition, with the rationale 
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Fig. 1. Screenshot of the interactive decision tree for the management of hospitalized COVID-19 patients, before any user interaction. It gives an overview of the 
entire decision process, at a glance. Most nodes are yes/no questions, and use checked/unchecked radio buttons as symbols on the edge. To interact with the tree, the 
user can either click on the button at the bottom of a current node (e.g. “Yes” or “No”), or directly click on any node, for performing a faster or backward navigation.

and supporting evidence. CPGs may include flowchart clinical algo-

rithms.

There is evidence that CPGs can improve clinical outcomes, but also 
that the level of adherence is low in practice [3]. Paper guidelines pro-

vide limited support to clinicians for finding patient-specific recommen-

dations [4]. The adherence to CPGs is impaired by many factors [5–9] 
including: (1) inaccessibility of guidance at the point of care: CPGs are 
long documents, difficult to read during medical consultations, (2) diffi-

culties of application to local settings, (3) oversimplification: most CPGs 
address a single disease while many patients have multiple comorbidi-

ties, (4) ambiguity: guidelines are not written in a formal language, and 
(5) lack of integration of patient values and goals.

Clinical Decision Support Systems (CDSSs) are designed to imple-

ment CPGs and help clinicians make a decision about individuals 
[10–12]. Evidence suggests that CDSSs can positively impact care pro-

cesses [13] and guideline adherence [14]. CDSSs can mitigate to a con-

siderable degree the criticisms frequently made about CPGs.

The first step in CDSS design is to formalize the medical knowl-

edge that is informally described in CPGs, using a variety of computer-

interpretable formats. The second step is to develop a computer applica-

tion that presents the knowledge conveniently, e.g. by triggering alerts 
[15] or allowing interactive navigation in the recommendations, pre-

sented as a tree or as a sequence of questions [16]. However, trees are 
often too large to be presented in their entirety on the screen, the nav-

igation is then laborious and can be a significant cause of errors (up to 
44% error in complex situations [17]).

The present study is part of a larger project, Orient-COVID, aimed at 
designing a CDSS to support the management of patients with COVID19. 
The CDSS relies on an innovative visual interface for navigating in a 
decision tree. The present work aims to measure the impact of Orient-

COVID on physician adherence, through a randomized controlled trial 
methodology in a simulated setting, versus paper guidelines, and versus 
the absence of support. The paper will follow the amendments to the 
STROBE guidelines for simulation-based research [18].

2. Materials and methods

2.1. Brief description of Orient-COVID

Orient-COVID is based on medical decision trees established from a 
review of international best practice guidelines for the management of 
COVID19 and formalized by a multidisciplinary team, including doctors, 
nurses and specialists in medical informatics. The decision trees have 
been structured in a formal ontology, and stored in an RDF quadstore.

The CDSS proposes an interactive navigation through the decision 
trees. It includes two innovative features for reducing the size of the 
tree and permitting its presentation in its entirety on the screen: (1) 
the use of the fisheye technique reduces the space devoted to the uns-

elected parts of the tree, and (2) the use of a multi-path decision tree 
model [19] allows the user selecting several paths at specific nodes. This 
is particularly useful when the CPG considers several risk factors or fol-

lowup elements, and proposes a specific independent response for each. 
In such situations, the multi-path tree model avoids duplication of parts 
of the tree. Instead, several paths are selected and each leads to a distinct 
recommendation.

Orient-COVID was developed as a client-server web application in 
Python using Brython, a JavaScript-compiled version of Python and 
Owlready, a module for ontology-oriented programming [20]. The role 
of the server is limited and most of the program is implemented in the 
client. This allows patient data to remain on the client and thus supports 
data privacy.

Fig. 1 shows the multi-path decision tree for hospitalization of 
COVID-19 patients, before user navigation, and Fig. 2 during user in-

teraction. Orient-COVID also proposes a patient data entry form, where 
the clinician can optionally enter patient data (Fig. 3). The data is used 
for triggering a personalized semi-automatic navigation in the decision 
tree, hence accelerating the navigation.

For more details on Orient-COVID, please refer to [21] and to the 
demonstration website:

http://www.lesfleursdunormal.fr/appliweb/orient_covid.
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Fig. 2. Screenshot of the interactive multi-path decision tree for the management of hospitalized COVID-19 patients, after some user interactions. Three nodes are 
current: two question nodes (labeled “Followup elements”, a multiple-choice question node, and “Abnormal CRP and cytokine storm”) and a recommendation node 
(“Monitoring + Anticoagulant”). Two other recommendations are still accessible for future navigation (“Additional tests” and “Treatment”). Notice the parts of the 
tree that have not been selected have been grayed and squeezed, thanks to fisheye.

Fig. 3. Screenshot of the patient data entry form. 

2.2. Study design

This is a single-center, 3-arm parallel group unblinded randomized 
controlled study performed at the Lebanese Hospital Geitaoui, a 250-

bed University Medical Center in Beirut, Lebanon. The study was per-

formed between December 2023 and February 2024. The participants 
performed on clinical cases, and no real patients were involved.

The protocol and informed consent documents were reviewed and 
approved by the hospital institutional review board.

2.3. Recruitment

Participants were medical students and residents on rotation at the 
Lebanese Hospital Geitaoui-UMC, a university hospital center. Enroll-

ment was open after a communication about the study through diffusion 
lists. The participants were equally randomized in 3 groups: group A (no 
guidance), group B (paper guidance) and group C (Orient-COVID). Par-

ticipants were remunerated for their participation in the study.

Upon their enrollment, participants received an information notice 
about the study method and protocol. Each participant performed se-

quentially all six clinical cases in the presence of the same senior medical 
professional (internal medicine physician with more than 10 years of 
postgraduate clinical experience, and thorough experience in managing 
COVID19 cases). His role was to perform the simulation in total neu-

trality, including asking the participant to state his decision at all steps, 
and recording the participant answers.

2.4. Clinical cases and gold standard

Six COVID19 clinical cases were created by a panel of medical ex-

perts, inspired by retrospective anonymized data of real patients admit-

ted to the hospital between January and December 2022. This ensured 
near-to-real patient data for the simulation. The cases covered a number 
of common COVID19 hospital scenarios in terms of severity, with dif-

ferent outcomes (healed, deceased, transferred to higher level of care). 
For each case, experts defined through consensus and in accordance 
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with CPGs a set of time-dependent (upon admission, post-24h, upon dis-

charge) diagnostic, clinical and therapeutic decisions, and then analyzed 
the patient medical file to verify patient clinical pathways, outcomes and 
conformity with the CPGs. These decisions relative to each case consti-

tuted the gold standard for the study. Cases are labeled thereafter 1, 2, 
3, 4, 5, 6 (Supplementary Material #1).

2.5. Protocol

The participant signed an informed consent and disclosed demo-

graphic data (year of residency, year of birth, sex, university grades in 
the past academic year, prior experience with management of COVID19 
hospital cases, estimated number of COVID19 cases managed, date of 
last COVID19 case managed). The participant was then given an ap-

pointment for the simulation session, which comprised the following 
steps:

1. The participant received an information notice about the study ob-

jectives, methods and steps.

2. If the participant was in Group B, he was presented with the paper 
CPG.

3. If the participant was in Group C, he was presented with Orient-

COVID.

4. The senior evaluator presented the six cases sequentially to the par-

ticipant, instructed the participant to formulate a decision accord-

ing to the predefined decision checklist. The participant was invited 
to use the paper guidelines (group B) or Orient-COVID (group C), 
but without forcing them. Decisions were recorded by the evaluator 
and no critical feedback was given to the participant. For each case, 
the participant had to perform the initial evaluation of the patient 
(including the ordering of various lab tests), to make the initial de-

cision (including various drug prescriptions, oxygen therapy, etc.) 
and finally to perform the reevaluation of the patient after a few 
days.

2.6. Data collected

For each clinical case, 22 decision criteria were considered, includ-

ing:

• 9 criteria regarding the initial evaluation, and consisting of ex-

aminations or lab tests that can be ordered: EKG (electrocardio-

gram), chest CT (computed tomography), general blood tests, CRP 
(C-reactive protein), LDH (lactate dehydrogenase), troponin, D-

Dimers, ferritin, Il 6 (interleukin 6).

• 6 criteria regarding the initial decision, consisting of 2 criteria rel-

ative to the decision to hospitalize the patient and the level of care 
(e.g. ICU or not), and 4 criteria about drug prescriptions: antibiotics, 
steroids, anticoagulant, oxygen.

• 7 criteria regarding the reevaluation of the patient, mixing medical 
assessment of the patient status, examination and lab test ordering: 
clinical status, oxygen need, fever, blood tests, chest CT, reevalua-

tion decision, plan of care.

Each criterion was worth one point: whenever the participant’s answer 
was in concordance with the gold standard for the criteria, 1 point 
was awarded. When the participant answer was incorrect, 0 point was 
awarded. The total score, with a maximum of 22 for each case, was the 
primary outcome. Secondary outcomes were each criterion considered 
individually, and the impact of the various factors (age, sex,...).

2.7. Number of subjects

Based on a power of 0.8, a risk 𝛼 = 5%, a mean difference in score 
of 2 points, and a standard deviation of 4 points, the minimum number 
of clinical cases solved per group is 60, leading to 10 participants per 
group.

Table 1
Demographic characteristics of the participants recruited.

Characteristic Type Modalities / Aggregation 

Sex nominal
Male 12 (40%) 
Female 18 (60%)

integer

Mean 25.9 
Age Sd 2.21 
(years) Min 24 

Max 33

Study year integer

7th 10 (33.3%) 
8th 9 (30.0%) 
9th 6 (20.0%) 
10th+ 5 (16.7%)

Status nominal
intern 10 (33.3%) 
resident 20 (66.7%)

University grades 
(average over the 
previous year)

integer 
(0-20)

Mean 15.3 
Min 14 
Max 17

Number of 
COVID-19 cases 
treated

ordered 
nominal

< 5 0 
5 - 10 4 (13.3%) 
11 - 30 11 (36.7%) 
> 30 15 (50%)

Group nominal

A 10 (33.3%) 
B 10 (33.3%) 
C 10 (33.3%) 

2.8. Statistical analysis

Statistical analysis was performed using R software, with a risk 𝛼 =
5% and bilateral tests. For the analysis, the base unit is the clinical case 
solved by a participant.

First, the mean score obtained in the three groups was compared 
with Welch Two Sample t-test, in two-by-two comparisons (3 tests).

Second, the impact of Orient-COVID was tested on each of the 22 
criteria using Welch Two Sample t-test. Due to the relatively important 
number of criteria, we applied Bonferroni correction: we considered a 
significance threshold 𝛼′ = 0.05

22 = 0.0023.

Third, in addition to the use of Orient-COVID, the following factors 
were tested: participant sex, age, grades obtained at university, number 
of COVID-19 cases treated in the last year by the participant, and clinical 
case ID. For each factor, we performed a linear mixed model (LMM) 
analysis on the score, considering two fixed-effect factors: Orient-COVID 
and the factor to test (including the potential interaction between them). 
The participant ID was added as a random-effect factor.

Supplementary Material #2 includes the dataset and #3 the R 
sources.

3. Results

3.1. Recruited participants

Thirty participants were recruited in the study, 10 were allocated 
in each group, A, B and C. Table 1 shows demographic characteristics 
of the participants. 10 participants were 7th year students in medicine 
(pregraduation, called interns in Lebanon) and 20 were 8th year stu-

dents or more (postgraduation, called residents). Residents were almost 
equally spread among groups (6 in group A, 7 in B and 7 in C). Despite 
being invited to do so, some participants in group B did not use the pa-

per guidelines as instructed. On the contrary, in group C, all participants 
used Orient-COVID. The mean per-participant duration of the study was 
45 minutes (for six clinical cases).

3.2. Comparison of the three groups

Fig. 4 shows the scores obtained for each of the three groups, A (no 
guidance), B (paper guideline) and C (Orient-COVID). Groups A and B 
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Fig. 4. Boxplot showing the score obtained for each group, the mean and the 
95% confidence intervals, and p-values for two-by-two comparisons (* = sig-

nificant difference).

obtained almost the same results, while group C obtained a better result 
(about 1.6 points above). Statistical tests show that there is no significant 
difference between group A and B, but a significant difference between 
groups A and C, and groups B and C, respectively (𝑝 < 0.0003).

This suggests that paper guideline did not help the participants for 
solving the clinical cases, while Orient-COVID significantly improved 
the quality of the decisions. The improvement is relatively modest (1.6 
points) but highly significant. This may be related to the fact that sev-

eral criteria were actually easy to answer: for 6 criteria, the percentage 
of good answers is above 95% (Chest CT, General blood tests, CRP, De-

cision to hospitalize, Antibiotics, Reevaluation decision). Consequently, 
the difference measured is restricted to a limited number of criteria.

As paper guidelines did not provide any support, and group A and 
B performed equivalently, we grouped them in a group labeled AB 
(without Orient-COVID) for the rest of the analysis, thus considering 
an “Orient-COVID” boolean variable instead of three groups. This facil-

itates the analysis and increases group size.

3.3. Per-criterion analysis

Table 2 shows the per-criterion analysis. Five significant differences 
were observed. For four criteria (Troponin, Anticoagulant, Oxygen and 
Clinical status), the value was significantly better with Orient-COVID. 
For the last criteria (Ferritin), the value was significantly lower. Indeed, 
it appears that ferritin lab test was not considered in the Orient-COVID 
decision support tool. Finally, some other criteria, e.g. EKG or Blood 
test, are not significantly impacted by the use of Orient-COVID using 
the Bonferroni correction, but trends can be observed.

3.4. Factor analysis

Table 3 shows the per-factor analysis. No significant difference was 
observed with regard to sex, age, study year, status (resident or not), 
grades obtained at university, or the number of COVID-19 cases the 
participants encountered during their clinical activity, nor any interac-

tion between these factors and Orient-COVID. Nevertheless, this analysis 
should be considered cautiously because of the low group size.

Table 2
Per criteria analysis showing the mean score obtained for each 
criterion without Orient-COVID (AB) or with Orient-COVID (C), 
and the corresponding p-value (* : significant after Bonferroni 
correction i.e. 𝑝 < 0.0023, . : 𝑝 < 0.05).

Criteria AB C p-value 

In
it

ia
l e

v
al

u
at

io
n

EKG 0.53 0.73 0.0053 . 
Chest CT 0.98 0.98 0.70 
General blood test 1 1 – 
CRP 0.96 0.95 0.81 
LDH 0.43 0.45 0.75 
Troponin 0.31 0.57 0.0011 * 
D-Dimers 0.61 0.72 0.14 
Ferritin 0.25 0 5.3 × 10−9 * 
Il 6 0.48 0.63 0.044 .

In
it

ia
l d

ec
is

io
n Decision to hospitalize 0.99 1 0.32 

Level of care 0.86 0.92 0.23 
Antibiotics 0.98 0.92 0.14 
Steroids 0.85 0.87 0.76 
Anticoagulant 0.70 0.98 3.6 × 10−9 * 
Oxygen 0.58 0.82 0.00074 *

R
ee

v
al

u
at

io
n

Clinical status 0.73 0.93 9.8 × 10−5 * 
Oxygen need 0.73 0.82 0.16 
Fever 0.18 0.25 0.32 
Blood test 0.88 0.97 0.018 . 
Chest CT 0.98 0.98 0.705 
Reevaluation decision 0.96 1 0.025 . 
Plan of care 0.80 0.82 0.79 

Table 3
Results of the LMM analysis for the various factors consid-

ered. For each factor, the p-value is given, as well as the 
p-value of the factor interaction with the use of Orient-

COVID.

Factor p-value Inter. p-value 
Clinical case ID <𝟐 × 𝟏𝟎−𝟏𝟔 * 0.023 (*)

University grade 0.57 0.65 
#COVID-19 cases treated 0.31 0.74 
Age 0.24 0.87 
Study year 0.23 0.68 
Status (resident or not) 0.81 0.19 
Sex 0.96 0.94 

We noted that the three groups randomly obtained through ran-

domization were not homogeneous regarding the number of COVID-19 
cases encountered, i.e. the participants’ level of experience with regards 
to COVID-19. In fact, there were 4 experienced participants, i.e. that 
have seen more than 30 COVID-19 cases, in group A, 4 in group B 
and 7 in group C. This might have favored the results of the group C. 
Therefore, we performed two complementary analyses: the first one was 
restricted to the most experienced participants (8 participants without 
Orient-COVID i.e. 48 samples vs 7 participants with Orient-COVID i.e. 42 
samples), and the second one was restricted to participants with lower 
experience (12 participants without Orient-COVID i.e. 72 samples vs 3 
participants with Orient-COVID i.e. 18 samples). In both analyses, the 
Welch t-test shows a significant difference in the score obtained with 
or without Orient-COVID, with 𝑝 = 0.0095 and 𝑝 = 0.0033, respectively. 
This stratified analysis confirms that Orient-COVID has a significant im-

pact, independently from the experience level.

A significant difference was observed with clinical case ID (𝑝 < 2 ×
10−16), with an interaction with Orient-COVID (𝑝 = 0.023). Fig. 5 shows 
per-case boxplots. It suggests that there was possibly some carryover or 
learning effect, i.e. the participants improved their performance as they 
solved clinical cases. The use of Orient-COVID improved the score for 
all clinical cases, with the exception of the clinical case #6.
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Fig. 5. Boxplot showing the score obtained for each clinical case (labeled as 1-6 
numbers in the box label at the bottom), without or with Orient-COVID (labeled 
in the box label as AB and C, respectively).

4. Discussion

In this study, we have assessed the impact of the use of Orient-

COVID, a CDSS based on the advanced visualization of decision trees, on 
the adherence to COVID19 CPGs during a randomized controlled trial 
in simulated environment. The results show a significant overall posi-

tive impact of the use of the Orient-COVID CDSS versus paper guidelines 
and absence of guidance. Previously, we performed a preliminary quali-

tative evaluation of Orient-COVID perceived usability, and we obtained 
a SUS (System Usability Scale) score of 92.5% [21], which is “excellent” 
according to the SUS scale [22].

4.1. Limitations

A study limitation is that participants were medical trainees (one 
third participants were 7th year students in medicine, and two thirds 
were medical residents from postgraduate years 1 till 5). This could 
have potentially affected the results positively, as trainees are less expe-

rienced and younger, and therefore more comfortable with digital tools. 
If the participants were more experienced physicians, we would expect 
differences in terms of need of support, as experienced physicians may 
need less the support of a CDSS, and in terms of facility to use the digital 
tool. This may lead to participants reluctant to use the proposed tool, ei-

ther because they do not need it (of feel they do not need it), or because 
they are not comfortable with digital tools. However, the experience of 
older physicians may remain limited for recent emergent diseases (such 
as COVID-19 at the beginning of the outbreak), and more generally, 
medical students and residents are very involved in decision-making, 
especially in university medical centers. Another limit is that the study 
was monocentric. Finally, the study is a simulation trial [18], in which 
participants may not have acted as they would in real patients; however, 
simulation trials are often used for CDSSs because of their simplicity to 
set up, e.g. [23].

The main limitation of Orient-COVID is that it relies on CPGs, and 
therefore on their clinical quality. However, it has been shown that the 
quality of COVID-19 guidelines was not encouragingly high [24–26]. 
Another limitation is that it is designing for presenting the decision tree 
in its entirety on the screen, which is feasible on a computer, but not on 
a smaller screen, such as the one of a smartphone.

We encountered difficulties during randomization, the random pro-

cess leading to non-homogeneous distribution across the “#COVID-19 
cases treated” parameter. In future study, the randomization should be 
stratified according to parameters that may impact the results, especially 
if the number of participants is limited. We observed that the participant 
experience with COVID-19 had no significant impact on the results. This 
might be explained by the fact: (1) that all participants had at least a 
limited experience (no participants had seen fewer than 5 cases), (2) 

that the current practice, leading to experience, may not match the rec-

ommendations, or (3) that the recommendations may have evolved.

4.2. Comparison to literature

In the literature, many CDSS were proposed for COVID-19. A first 
review, by A Ameri et al. [27], distinguished two main approaches: (1) 
expert-system CDSSs that rely on a human-designed knowledge base, 
such as those implementing CPGs, and (2) CDSSs that rely on ma-

chine learning, for which the knowledge is learned from huge patient 
databases. In the first category, to which belongs Orient-COVID, the 
most common approach was rule-based systems. Most of the proposed 
CDSSs (about 75%) belong to the second category.

A second review, by H Ben Khalfallah et al. [28], distinguished four 
categories of CDSSs: (1) alert systems that raise alerts at the point of 
care, (2) monitoring systems that track and record various physiological 
parameters of patients, (3) recommendation systems that support the 
navigation through CPGs, and (4) prediction systems that aim at making 
diagnosis or predicting the outcomes of treatment.

4.3. Detailed impact on the adherence to COVID19 CPGs

A positive impact was observed for certain criteria pertaining to all 
three levels of the clinical management (initial assessment, therapeutic 
decisions and reassessment), namely: Troponin, Anticoagulation treat-

ment, Oxygenation treatment and Clinical status, with additional trends 
on the following criteria: EKG, Il 6, Blood test and Reevaluation deci-

sion. For COVID19, EKG and troponin measurement upon admission 
were reported as having a potentially high impact on the morbidity and 
mortality of COVID19 patients [29–32], and were used in prognostic 
scores [33,34]. Moreover, anticoagulation use has been found to be asso-

ciated with better clinical outcomes for COVID19 patients [35]. Finally, 
oxygenation supplementation is critical [36].

Regarding the major decisions relative to patient admission, transfer 
or discharge, it seems, however, that there is no significant improvement 
associated with the use of Orient-COVID. This might imply that the real 
added value of the CDSS might lie more in guiding the clinician for 
the details of the evaluation and therapeutics, rather than result in a 
change in the distribution of COVID19 patient across different hospitals 
and extra-hospital settings.

Regarding ferritin, we have seen that Orient-COVID provided no 
support, and that it led to a significantly lower adherence on that 
point, probably because participants expected some guidance. This phe-

nomenon is known as automation bias [37].

4.4. Comparison to paper CPG experience

The study results have shown no significant difference between pa-

per guidance and absence of guidance, and a significant difference 
between the CDSS and both other groups. This is in line with other 
studies reporting that the paper-based guidelines did not support suf-

ficiently healthcare practitioners in finding patient-specific recommen-

dations [4,38].

Some participants did not use the paper guidelines. Three advantages 
of Orient-COVID over paper guidelines were reported orally by partici-

pants during the session: the intuitive aspect and functionalities of the 
user interface, the ease of navigation in the decision tree, and the auto-

matic navigation after having entered patient data. This can reduce the 
time to decision and the cognitive burden [39].

4.5. Challenges and perspectives of integration in real clinical workflow

Orient-COVID was constructed using an ontological approach. It 
makes its update easy, since, in case of change in the recommenda-

tions, editing the decision trees modeled in the ontology is sufficient 
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for updating the system, without any need to modify the implementa-

tion. In fact, ontologies facilitate standardization, flexibility for change, 
and therefore promote sharing and reusability of medical knowledge 
between CDSS systems implemented in different technologies and stan-

dards. Along with the decision support tool, we developed a dedicated 
decision tree editor as a desktop application.

Further evaluations of the approach are, of course, needed, to assess 
its usability more in depth, but also to evaluate it in terms of chance of 
erroneous navigation and time gain for clinicians. The semi-automatic 
navigation, considering structured patient data available, also has to 
be connected to EHR from hospitals to reduce the cognitive burden 
associated with data entry, and properly evaluated. Second, as more ex-

perienced physicians may have different needs compared with trainees, 
in terms of decision-making and human-computer interaction, an eval-

uation involving a more experienced medical panel, such as attending 
physicians, is required.

5. Conclusion

We presented a simulation-based evaluation of Orient-COVID, a clin-

ical decision support system for COVID19. The results showed that this 
tool significantly improved the adherence of participants to guidelines 
when compared to paper-based guidance and absence of guidance. In 
particular, adherence to a number of important assessment and thera-

peutic criteria were significantly improved, which might translate into 
better decisions impacting patient morbidity and mortality. Our main 
perspectives include (1) the integration of the system with hospital EHR, 
(2) the application of the dynamic multi-path decision tree visual ap-

proach to other clinical guidelines, in order to support clinicians on 
multiple types of patient diagnostic or therapeutic decisions for other 
clinical situations beyond COVID-19, and (3) the evaluation of the CDSS 
in clinical conditions, and/or with attending physicians, rather than 
medical trainees.

6. Summary table

6.1. What was already known on the topic

• Clinician adherence to clinical practice guidelines is low for many 
disorders, including COVID-19.

• Clinical decision support systems implementing guidelines can im-

prove the clinician’s adherence to guidelines.

• An approach is to permit the navigation through the guidelines, 
presented as a decision tree.

• This approach is limited by the size of the tree, which rapidly grows 
and does not allow its visualization in its entirety on the screen.

6.2. What this study added to our knowledge

• Using the fisheye visualization technique and an innovative multi-

path tree model, we designed Orient-COVID, a clinical decision 
support system for managing patients with COVID-19.

• We conducted a randomized controlled trial with medical trainees 
in a near-real simulation setting comparing Orient-COVID to paper 
guidelines and to the absence of guidance.

• Results showed that Orient-COVID improved significantly guideline 
adherence compared to paper guidelines or the absence of guid-

ance.
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