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ABSTRACT 
Background: Nursing home residents often exhibit both polypathology and 
a dependency that require medical care. However, in medical deserts, 
access to care is difficult, sometimes associated with hospitalisation or 
disruption of the care pathway. Clinical decision support systems with 
Artificial Intelligence algorithms have been validated in various clinical fields 
but none yet takes the holistic approach required when caring for nursing 
home residents. 
Aim: We explored the feasability of integrating a clinical decision support 
systems with Artificial Intelligence algorithm tool into nursing home care. We 
sought to improve holistic gerontological care.  
Methods: We included nursing home residents with medical events requiring 
the attendance of a general practitioner. Nurses and residents completed 
interviews using the clinical decision support systems with Artificial 
Intelligence algorithm tool incorporated into a tablet. Next, reports were 
sent to remote physicians. We compared the diagnostic severity of the 
medical event and the aetiological diagnostic hypotheses suggested by the 
tool and the remote physician. We also evaluated user acceptability. 
Results: Eighteen medical events were reported. The clinical decision 
support systems with Artificial Intelligence algorithm tool was unable to 
provide reports on four occasions because details were lacking, but 
diagnostic severity was always assessed. Sixteen missed diagnoses specific 
to the elderly were identified. The concordances between the on-site and 
remote physician diagnostic severity levels and aetiological hypotheses 
were 66.7% and 71.4% respectively. Fourteen users (residents and 
professionals) of the tool completed the acceptability questionnaire. Nurses 
and physicians found that the tool was convenient, useful, and simple, but 
also rather time-consuming because of poor between-software 
interoperability. Some remote physicians did not trust their diagnoses 
because medical histories were not available to them. Residents reported 
that evaluations using the tool and remote physicians were acceptable. 
Conclusion: This Intel@Med-Faisa study identified how the clinical decision 
support systems with Artificial Intelligence algorithm tool can be better 
adapted to reflect the characteristics of nursing home residents and the 
needs of different users. The next step is proof-of-concept evaluation. 
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Introduction 
As ‘baby boomers’ age and life expectancies increase, 
more people are moving into nursing homes (NHs). Today, 
about 4% of all U.S. and 1% of French seniors live in 
NHs1,2. These proportions are expected to double over 
the next three decades. Nursing home residents are at 
higher risk of events requiring care than are others. Such 
residents exhibit age-related impairments, 
multimorbidity, and polypharmacy3,4. A comprehensive, 
holistic, and coordinated approach to care must consider 
the interactions between intrinsic capacity (cognitive 
impairment, functional disability, denutrition, sensor 
deficits, depressive symptoms and frailty) and chronic 
diseases (multimorbidity) that are associated with a 
polymedication risk5. However, in areas with few general 
practitioners (GPs), access to care is difficult, creating 
inequalities in primary care that disrupt care pathways 
and increase healthcare costs6. Up to 67% of resident 
hospitalisations could have been avoided had primary 
care been available7,8.  
 
New technologies may aid the creation of novel models 
of elderly care. Over the past few decades, artificial 
intelligence (AI) has learnt how to simulate physician 
reasoning and thinking, and has been incorporated into 
clinical decision support systems (CDSSs) that improve 
medical decision-making and patient outcomes9. These 
tools find applications in diagnostic imaging (identifying 
lesions and other features that cannot be detected with 
the naked eye)10, cancer screening11, emergency 
triage12, dementia screening13, treatment decision-
making, and prognostic assessments14. Artificial 
Intelligence shows promise when used to deal with the 
care challenges posed by those with Alzheimer’s disease. 
Artificial Intelligence facilitates early detection of frailty 
and allows patients to maintain their autonomy at home15. 
Artificial Intelligence has already been used to assist 
elderly populations. Ma et al.16 reviewed the field. 
Artificial Intelligence is used to control robots and 
exoskeletal devices and to create intelligent homes. 
Artificial Intelligence finds applications in “smart health” 
devices and wearables, voice-activated systems, and 
virtual reality. However, no AI-based CDSS has yet been 
used to take a holistic approach toward elderly care. A 
French AI-based CDSS tool termed MedVir developed 
by the Medical Intelligence Service exhibited an 87% 
accuracy rate when used for emergency triage of a 
general population (not just older adults)17. How might 
MedVir assist older adults with multimorbidity and 
polypharmacy? 
 
We developed a research pipeline that combined AI with 
a CDSS tool and Telemedicine (TML) to coordinate the 
health care of seniors in NHs remotely18. This is a new 
care paradigm. This Intel@Med-Faisa trial is the first 
study to evaluate the feasibility of AI-based CDSS 
implementation in NHs in a medical desert. 
 

Methods  
The Intel@Med-Faisa study is an academic, multicentre, 
open-label, single arm feasibility study. The protocol was 
approved by the French Ethics Committee. The 
Clinicaltrials.gov registration number is NCT04242043. 
The trial was planned to run from December 2019 to 

March 2020, but was extended for 3 months, initially to 
May 27 2020 and then to June 21 2020, because of a 
gastroenteritis epidemic followed by the Covid-19 health 
crisis. The nursing home coordinating physicians (the study 
investigators), nurses, and remote practitioners (RPs) 
underwent good clinical practice and AI-CDSS tool 
training. 
 
The study proceeded in two NHs (one public, one private) 
located near the Limoges Hospital Centre. All residents 
aged 65 years or over who agreed to take part in the 
study and who presented with symptoms requiring GP 
attention were included. The principal objective was to 
verify that the diagnostic parameters of the artificial 
intelligence algorithm considered the clinical 
characteristics of an elderly population (multimorbidity 
and polypharmacy). The secondary objectives were 
assessment of the diagnostic and aetiological 
concordances between the AI-CDSS tool and the RPs, and 
user perceptions of the assessments and tool feasibility. 
 
PROCEDURE 
When a resident experienced a medical event requiring 
a general physician’s attention, the nurse used the AI-
CDSS tool incorporated into a tablet to perform a 
medical survey. Based on the answers provided by the 
resident and/or the nurse, the tool listed possible 
diagnoses and graded the event and the appropriate 
triage into one of three levels ranging from an 
emergency to a minor ailment. The nurses then sent the 
anonymised reports to the Clinical Research and 
Innovation Unit in Gerontology of CHU Limoges. The study 
coordinator masked all information on event severity, the 
diagnosis, and the intervention time, and then sent the 
data to a remote physician (RP) (a geriatrician). The RP 
independently diagnosed the event severity and 
pathology using the data in the AI-CDSS tool report. 
Finally, the study coordinator explored whether the AI-
CDSS and RP proposals matched. 
 
To ensure that the care offered by the GP was respected, 
the GP was contacted by the nurse before the nurse used 
the AI-CDSS tool. 
 
The in-house acceptability questionnaire used a five-item 
Likert scale to assess user satisfaction: Strongly disagree; 
Disagree; Don’t know; Agree; Strongly agree. 
 
THE TECHNOLOGY  
We used the MedVir CDSS (Medical Intelligence Service, 
Paris, France). MedVir employs an artificial neural 
network running a fuzzy-logic-based AI algorithm to help 
clinicians to triage patients based on urgency19. MedVir 
was trained on information in the Pubmed, HAS, PNDS, 
Medline, and Cochran databases, and on proprietary 
ontologies that define and classify the symptoms of 1,200 
different database diagnoses. The algorithm assesses the 
characteristics and severity of clinical symptoms by 
reference to the five levels of the Clinical Classification 
of Emergency Diseases19 and then recodes these into 
three severity levels using the criteria for hospitalization 
of geriatric patients (Table 1). The algorithm also 
proposes diagnoses and suggests a level of event 
severity (from 1 to 5) even if no diagnostic hypothesis is 
made. 
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Table 1: Severity levels: The emergency nomenclature of the Clinical Classification of Emergencies, Diseases, and 
Geriatrics.  

Emergency Nomenclature 
 

Geriatric Nomenclature 
(Used in Intel@Med-Faisa study) 

1. Clinical situation considered stable. No additional 
diagnostic or therapeutic procedure required. Simple 
clinical examination. 

1. Non-emergency: Medical consultation delayed 

2. Stable lesional status and/or functional prognosis. 
Any additional diagnostic (blood test, X-ray imaging) or 
therapeutic (suture, reduction) procedure to be carried 
out by the emergency service. 

2. Non-vital emergency: Prescription/hospitalisation 
 
 3. Lesional status and/or functional prognosis deemed 

likely to worsen in the emergency department or during 
the emergency intervention, but not life-threatening. 
4. Life-threatening pathological situation without the 
possibility of immediate rescue. 

3. Emergency: Call 911 
5. Life-threatening situation. Immediate rescue required. 
 

 
ANALYSIS  
To meet the principal objective, we listed all diagnoses 
and parameters that the Clinical decision support systems 
with artificial intelligence tool should have reported but 
did not. To explore concordance, the severity and 
etiological diagnoses were binarized as follows: “YES” if 
they were shared by the AI-CDSS tool and the remote 
physicians but “NO” otherwise. We calculated the “YES” 
proportions.  
 
Quantitative variables are presented as medians with 
interquartile ranges. Qualitative variables are given as 
numbers with percentages and 95% confidence intervals. 
The exact method was used to handle small numbers.  
 

Results 
STUDY POPULATION 
Between January and June 2020, 18 nursing home 
residents were included in the study. The study was 

interrupted twice; once because of a gastroenteritis 
epidemic and once because of the Covid-19 pandemic. 
Of the 18 residents, 78% were in NH1. Fourteen 
residents were women. Their mean age was 88.72 ± 
7.73 years and their mean “Groupe Iso-Resource” (GIR) 
score, which measures physical dependence on a scale of 
6 (totally independent) to 1 (totally dependent), was 2.6 
± 1.29. The principal chronic diseases were 
neurocognitive disorders (66.7%), cardiovascular risk 
factors (66.7%), and a history of falls in the year prior to 
inclusion (44.4%). All residents exhibited polypharmacy 
(more than four medications). 
 
Four AI-CDSS reports lacked sufficient descriptive 
elements for a diagnostic proposal. However, the RPs 
developed diagnostic hypotheses for three of these cases 
based on information in the AI-CDSS reports. 
 

 
Table 2: Characteristics of the study population. 

Characteristics N 

Age (years mean ± SD) 88.72 ± 7.73 
Female (mean [%]) 14 (77,8) 
Functional autonomy N = 18 

GIR* mean ± SD 2.6 ± 1.29 
Cardiovascular risk N = 18 

Yes (%) 12 (66.7) 
Mean per resident 1.2 

Neurocognitive disorders N = 18 
Yes (%) 12 (66.7) 

Fall history N = 17 
Yes (%) 8 (44.4) 

Polypharmacy N = 18 
Yes (%)  18 (100)  

* Physical dependence: 6 completely independent to 1 completely dependent. 
 
SEVERITY LEVEL CONCORDANCE 
Severity was graded on three levels. The concordance 
between the AI-CDSS tool and the RPs (all three levels) 
was 66.7% (Table 3). The AI-CDSS tool and the RPs 
diagnosed the severity of all cases. Including non-severe 
events, in 83.3% of all cases, the AI-CDSS hypothesised 
a severity in the range of 1 to 5.  
DIAGNOSTIC CONCORDANCE 

The main symptom analysed by the AI-CDSS tool was the 
major symptom of the resident, the accompanying signs 
were the associated symptoms, and the diagnostic 
hypotheses were listed from most to least likely. The 
diagnostic concordance (at least one hypothesis of both 
the AI-CDSS tool and the RP) was 10/14 across the 
applicable interrogations (71.4%). A table showing all 
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diagnostic concordances between the RPs and the AI-
CDSS tool can be found in Appendix 1. 
 
Table 3: The severity concordance between the AI-CDSS tool and the RPs. 

Case 
Report 

Main symptom 
Severity level 
of AI-CDSS tool 

Severity level of RP 
Severity 
concordance 

IR001 Anxiety 3 3 YES 

IR002 Urinary burning 3 3 YES 

IR003 Left forearm pain 3 3 YES 

IR004 Agitation 3 2 NO 

IR005 Vaginal bleeding 2 2 YES 

IR006 Leg pain 2 2 YES 

IR007 Change in voice 3 3 YES 

IR008 Left calf pain 2 2 YES 

IR009 Vomiting 2 3 NO 

IR010 Stomach ache 3 2 NO 

IR012 Fatigue 3 2 NO 

IR013 Back pain 2 2 YES 

IR014 Left abdominal pain 3 3 YES 

IR015 Vagal malaise 3 2 NO 

IB001 Depression 3 1 NO 

IB002 Stomach ache 3 3 YES 

IB003 Abdominal pain 3 3 YES 

IB004 Bloating 2 2 YES 

 
ACCEPTABILITY (FIGURE 1) 
Fourteen AI-CDSS tool users completed the acceptability 
questionnaire: two nursing home directors, three residents, 
three nurses, two coordinating physicians, and four 
remote physicians. The two directors considered that the 
staff found the tool attractive and that the tool added 
value. However, they emphasised the need to train nurses 
how to use the technology and that NH procedures had 
to be re-organised when integrating the AI CDSS tool into 
health management. Specifically, NH-wide Wifi was 
required. 
 
The three residents indicated that the questions were 
understandable, but the three nurses disagreed, 
reporting that they had to rephrase the questions. Two of 
the three residents would have preferred face-to-face 
examination by a GP.  
 
The nurses required training on the AI-CDSS tool, even 
though they reported that the “app” was ergonomic and 
data entry was intuitive. If the technology was not used 
daily, refresher training was required. The nurses also 
thought that the app could be simplified for 75% of 
professionals. The data entry time was too long (average 
15 min), especially if the nurse was alone when delivering 
the usual care and entering data into the AI-CDSS tool. 
At the end of the study, a nurse from NH1 reported that 
the tool entry time had fallen to 5–7 min, showing that 
training experience was essential to master the tool fully. 
However, all nurses considered that AI helped to optimise 
resident care and aided evolution of their nursing 
practice. 
 

The coordinating physicians of both NHs considered that 
the diagnostic tool could optimise resident care both in 
terms of timeliness and care quality. However, neither 
was prepared to blindly trust AI. They insisted on seeing 
all residents and making their own diagnoses. 
 
The four remote physicians required more information on 
residents (concomitant treatments, medical histories, and 
all clinical parameters). The AI reports mentioned only 
information that AI considered relevant in terms of a 
medical event requiring a general physician’s attention. 
Two of the four remote physicians tended to think that AI 
can be trusted, one thought that regular practice of AI-
CDSS is essential before trusting AI, and the last remote 
physician expressed no opinion. 
 
TECHNICAL REVIEW 
Nurses identified bugs or inconsistencies. Some boxes 
could not be unchecked. If ticked by mistake, they could 
not be unticked and questioning had to be restarted. This 
problem is inherent to the use of Internet radio buttons. It 
is often circumvented by adding an additional radio 
button when making non-binary choices that codes “none 
of these”, equivalent to “none of these propositions”. Also, 
it was impossible to enter a symptom/sign duration of 
greater than 9 days or an age over 100 years. These 
deficiencies have been corrected in version 3. Finally, if 
the reported interview duration was wrong, it was 
impossible to estimate the real time taken by the nurse. In 
the new version, timing commences only after the first 
page has been completed, which records patient age 
and sex. 
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Figure 1: The AI-CDSS tool: SWOT analysis 
 

Discussion: 
To the best of our knowledge, this is the first study to 
explore the utility of a holistic AI-CDSS tool in terms of 
improving the health of elderly NH residents. Despite the 
low number of participants (18 residents), the study 
population is representative of that of French NHs20,21. 
 
After receiving the first AI reports, all RPs immediately 
asked how the AI-CDSS tool worked, even if they had 
been trained by the tool developer. The RPs understood 
that only data selected by nurses were included in the AI 
report. This gave (a perhaps erroneous) impression of an 
“incomplete report”. In fact, only relevant elements were 
mentioned in the artificial intelligence reports.  
 
For example, a nurse stated ‘for the box marked “Fever”, 
a check means “yes, the patient has a fever”; if we don't 
check it, it means “the patient has no fever”. The remote 
physician does not know whether the question has been 
asked but the answer is no, or whether the question has 
not been asked and there remains some doubt as to 
whether the patient has a fever’.  
 
In an effort to understand how the AI operated, we asked 
the RPs to re-play the NH cases on the platform. Data re-
entry allowed the RPs to visualise the entire interrogation 
(including questions to which the nurses gave negative 
answers). The RPs then understood how the AI reasoned. 
The RPs identified missing data and the important clinical 
signs. They appreciated the added value that they (the 
RPs) imparted. When the RPs accepted ownership of the 
AI-CDSS tool, most reports could be produced without re-
play, and were accurate. 

The severities of functional complaints reported by the AI-
CDSS tool were in agreement with those of the RPs in 
66% of cases. In four AI-CDSS reports classified as “non-
applicable” the tool did not suggest diagnostic 
hypotheses, but did output severity levels that agreed 
with those of the RPs (all four cases). The tool suggested 
a severity level for all cases, and this was accurate. This 
is important because, if a general physician is 
unavailable, NH professionals will know what to do even 
when a diagnosis is uncertain. This may avoid 
hospitalisations that may accelerate loss of independence 
in terms of the activities of daily living and reduce the 
likelihood of recovery from a disability22. 
 
The diagnostic concordance between the decisions of the 
AI-CDSS tool and the RPs was 71%. This is encouraging. 
The AI-CDSS tool was previously validated only for a 
general population, not specifically for older adults. The 
diagnostic concordance could be improved by 
integrating 16 older-adult-specific diagnoses considered 
by the RPs that were not on the list of the AI-CDSS tool. 
Removal of technical bugs would also enhance accuracy. 
The AI-CDSS tool used in this study is a “stand-alone” tool. 
To improve diagnostic matching between the AI-CDSS 
tool and the RPs, it is essential to allow the RPs to access 
medical histories by linking to the NH database23. Also, 
nurses (not residents) should enter the principal symptoms. 

 
This feasibility study highlights the need for unanimous AI 
tool acceptance. The Technology Acceptance Model of 
Venkatesh et al.24 emphasises the positive effects of 
perceived usefulness, the potential to improve care 
coordination, and ease of application. These are the 

• Good availability 

• Useful 
• Easy to use 

• May possibly improve care 
management 

• Lack of trust 

• Time-consuming 

• No interoperability with medical 
software 

• Turnover of NH staff 

• Healthcare system under stress 

• Turnover of NH staff 
• Upgrading of skills 

Strengths  Weaknesses 

Opportunities 

• Fear of losing the human link 

• Medical responsibility 

• Turnover of NH staff 

Threats 
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foundations of technological acceptance. We found no 
psychosociological barrier to the implementation of our 
AI-based CDSS in NHs. This was also the case when an 
AI-based CDSS was employed in emergency 
departments25. However, in our study, the resident is 
cared for by the nursing home staff and then by the RP. 
They do not communicate directly with the physician. As 
found in the literature, residents believe in the use of 
CDSS by the staff26, but residents still express their wish 
to maintain a physical connection with their physician who 
treats them. The RPs stated that the data provided by the 
AI-based CDSS were essential in terms of decision-
making. Nurse turnover can be viewed as a weakness 
because constant training is required for the nursing home 
staff, a threat because personalised care is lacking, but 
also an opportunity because the technology may assist 
non-geriatric nurses positively impact certain aspects of 
their performance and care outcomes27. Turnover 
requires careful attention because this can be associated 
with poor-quality care28. 
 
We previously29 examined the efficacy and cost-
effectiveness of a preventative gerontological 
telemedicine program in terms of reducing both 
unplanned hospitalisations and falls of NH residents in a 
medical desert, but the need for attending GPs and the 
number of unplanned emergency department visits, 
without admission, seemed to increase. In the near future, 
we will combine the IA-CDSS tool with a telemedicine 
technology that provides the RP, and potentially also 
GPs, with all clinical information required to come to a 
correct decision. 

Conclusions 
The Intel@Med-Faisa study showed that it was necessary 
to improve the integration and efficacy of the AI-CDSS 
tool used to coordinate the care of NH residents before 
moving to proof-of-concept. The study revealed the 
challenges posed by a future large-scale integration of 
AI-CDSS. The ethical and legal dimensions must be 
considered, and the trust of all players must be assured30. 
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