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ABSTRACT

Patients with heart failure with reduced ejection fraction require rapid initiation and uptitration of guideline-directed 
medical therapy (GDMT), which is resource-intensive. In a prospective, open-label pilot trial, we assessed the feasibility, 
acceptability, and safety of a generative artificial intelligence–powered virtual assistant (VA), with retrieval-augmented 
generation and expert prompt engineering, to optimize GDMT. Patients with new heart failure with reduced ejection 
fraction (n = 60) were randomized to VA-guided care, delivered by nonmedical staff at 2-weekly intervals or standard-of- 
care treatment delivered by doctors or nurses. At 12 weeks, patients in the VA arm had superior GDMT optimization across 
all medication classes, lower N-terminal pro–B-type natriuretic peptide, and fewer hospitalizations. Patient-reported 
acceptability, appropriateness and feasibility scores were high, with no safety disagreements between VA and clinician 
recommendations. Treatment by an artificial intelligence–powered VA, run by nonmedical staff, with minimal remote 
medical supervision, is acceptable to patients, and can safely and effectively optimize GDMT, representing a scalable 
strategy to optimize treatment and health care resource utilization. (JACC Adv. 2026;5:102588) © 2026 The Authors. 
Published by Elsevier on behalf of the American College of Cardiology Foundation. This is an open access article under the 
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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K ey feasibility findings from the 
ASSIST-HF SIRIO (Safety of AI- 
Powered Virtual Assistant in Outpa

tient Management of Heart Failure: A Ran
domized Controlled Pilot Study: ASSIST-HF 
SIRIO) randomized pilot trial are summa
rized in the concurrently published JACC 
Brief Feature.1 This Methods Companion 
provides a comprehensive account of the 
trial design, the technical architecture of 
the virtual assistant (VA), the human-in- 
the-loop governance model, the operational 
workflows, the safety framework, and the 
statistical analysis plan that underpinned 
the ASSIST-HF SIRIO trial.

Heart failure (HF) is a leading cause of 
morbidity and mortality, with an increasing 
incidence due to an aging population and 
improved survival rates for cardiovascular 
disease.2 Acute HF accounts for more than 1 
million hospital admissions annually, mak
ing it a significant burden on health care 

systems.3 Contemporary cohorts show that patients 
recently discharged for HF have a 23% risk of death or 
readmission within 6 months,4 a risk that declines 
exponentially but remains elevated for up to 
2 years.5,6 For patients with heart failure with 
reduced ejection fraction (HFrEF), treatment with 
optimal guideline-directed medical therapy (GDMT) 
reduces symptoms, improves prognosis, and can 
prevent recurrent hospitalization. Trial evidence 
shows that the beneficial effects of GDMT start early 
after their initiation.4,7

Although such optimal management is critical, the 
institution of GDMT relies heavily on frequent 
outpatient visits to assess the response to medica
tions. Consequently, many patients do not receive 
optimal GDMT in a timely manner, as shown in real- 
life registries6,8 impacting adversely on prognosis. 
By leveraging technological advancements, there is 
potential to optimize medications more rapidly and 
achieve significant cost savings.

Recent advances in artificial intelligence (AI) and 
digital health offer transformative solutions.9 AI- 
powered VAs, equipped with capabilities like natu
ral language processing (NLP) and machine learning, 
may offer a novel avenue to support patients with 
HFrEF in achieving GDMT.10 We developed an 
advanced generative-AI–based HFrEF-specific VA, 
termed SIRIO-HF, based on the latest guidelines11,12

and capable of dynamically tailoring therapy recom
mendations. This technology combines the retrieval 
of information from international guidelines with 

language generation, allowing the VA to provide re
sponses grounded in up-to-date, domain-specific 
knowledge.

To our knowledge, ASSIST-HF SIRIO is the first 
randomized clinical trial in medicine in which active 
pharmacological treatment recommendations for 
HFrEF were generated by an advanced generative-AI 
assistant and delivered by nonphysician staff within 
a supervised, human-in-the-loop framework.

FULL TRIAL DESIGN AND RATIONALE

The ASSIST-HF SIRIO trial was a single-center, pro
spective, randomized, open-label pilot study con
ducted at the Lister Hospital, East and North 
Hertfordshire NHS Trust in the United Kingdom. It 
was designed to compare a strategy of frequent VA- 
guided care visits, delivered by nonmedical staff, 
with standard-of-care (SOC) treatment delivered by 
medical or nursing staff in patients recently dis
charged with a new diagnosis of HFrEF. The study 
(NCT06400927) received ethics committee approval 
from the United Kingdom Health Research Authority 
(Ref 24/WA/0086) and the local Research and 
Development Board and was conducted in accor
dance with the Declaration of Helsinki and Good 
Clinical Practice (GCP).

The rationale for employing a supervised 
generative-AI model stemmed from the urgent clin
ical need for rapid GDMT optimization in a high-risk 
population, contrasted with the operational con
straints of resource-intensive, clinician-led follow- 
up. Treatment of HFrEF with optimal GDMT 
reduces symptoms, improves prognosis, and can 
prevent recurrent hospitalization but relies heavily 
on frequent outpatient visits to assess the response 
to medications as they are introduced and upti
trated.3 This places a significant burden on health 
care systems, relying on the availability of health 
care professionals (cardiologists, general physicians, 
or cardiac nurses) to conduct visits, resulting in var
iable care. Consequently, many patients do not 
receive optimal GDMT in a timely manner, as shown 
in real-life registries, impacting adversely on prog
nosis and increasing the likelihood of recurrent hos
pital admissions.6 This places a significant burden on 
health care systems, relying heavily on the avail
ability of doctors/nurses to conduct visits, resulting 
in variable care, with many patients not receiving 
optimal GDMT in a timely manner. The National 
Health System in England is limited in accommoda
ting frequent outpatient visits due to lack of 
specialist clinic capacity. In 2024, only 46% of 
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patients hospitalized with HF received the recom
mended quadruple therapy promptly.13 This impacts 
adversely on prognosis and increases the risk of 
recurrent HF admissions.

The study was designed to enhance capacity and 
standardize care by leveraging a VA to generate 
guideline-concordant recommendations, while 
ensuring safety through mandatory human oversight. 
All VA outputs were reviewed and actioned by a su
pervising cardiologist, preserving clinician authority 
as the final decision maker.

The trial was conceived as a pilot study to rigor
ously assess feasibility, safety, and operational 
performance before consideration of larger trials. A 
sample size of 60 patients (30 per arm) was deemed 
sufficient to provide robust data on these primary 
objectives and to inform the design of future studies. 
A single-center implementation was chosen to ensure 
tight control over protocol fidelity, training of 
nonmedical staff, and centralized clinical oversight 
during this initial evaluation phase. The study setting 
was a secondary care hospital with comprehensive 
cardiology services, including acute cardiac units and 
specialist HF clinics.

Written informed consent was obtained by 
research team members trained in GCP. Patients were 
randomized using a secure web-based randomization 
service into 1 of 2 treatment arms with randomization 
occurring either just before or within 7 days of hos
pital discharge. Each patient was assigned a unique 
study ID to ensure anonymity.

STUDY POPULATION AND RECRUITMENT. Partici
pants were identified from inpatient wards, including 
the acute cardiac and medical units. Eligibility criteria 
required participants to be aged 18 years or older with 
newly diagnosed HFrEF and NYHA functional class II- 
IV symptoms at discharge. This focused the interven
tion on an incident HFrEF cohort at high short-term 
risk. Key exclusion criteria were prior history of HF, 
chronic kidney disease stage 4 to 5 or on dialysis, se
vere comorbidities that could hinder protocol adher
ence, alternative diagnoses for symptoms such as 
chronic pulmonary disease, dementia, or cognitive 
impairment, and current participation in another 
interventional clinical trial. These criteria were 
established to minimize clinical confounders and 
ensure a population able to adhere to the study pro
tocol. Written informed consent was obtained by 
research team members trained in GCP for research.

WILLINGNESS OF PATIENTS TO BE RANDOMIZED 

AND SCREEN FAILURES. A total of 75 patients were 
screened, of whom 66 met eligibility criteria 
(Figure 1). Nine patients were excluded from 

recruitment: 5 due to prior history of HF, 3 due to 
chronic kidney disease stage 4, and 1 with severe 
cognitive impairment. Of eligible patients, 91% 
agreed to take part. Six patients declined participa
tion; 4 cited travel logistics, 1 was unwilling to un
dergo further medication changes, and 1 declined due 
to work commitments and a busy lifestyle.

RANDOMIZATION AND BASELINE ASSESSMENT.

Patients were randomized using a secure web-based 
randomization service into 1 of 2 treatment arms: a 
VA-guided treatment group or an SOC group, with 
randomization occurring either just before or within 
7 days of hospital discharge (Figure 2). Each patient 
was assigned a unique study ID to ensure anonymity. 
Baseline data, including demographics, medical his
tory, and diagnostic test results such as electrocar
diogram and echocardiogram, were recorded at 
hospital discharge, before the first study visit.

VA ARCHITECTURE

The SIRIO-HF VA was designed as a combined 
human-AI engine that integrates individual clinical 
context with structured, evidence-based knowledge. 
The system employed a large language model (LLM) 
(GPT-4, OpenAI) coupled with retrieval-augmented 
generation (RAG), advanced NLP, expert prompt en
gineering, and systematic clinical validation by car
diologists. The overarching goal was to generate 
guideline-concordant, personalized GDMT recom
mendations for patients with HFrEF within a super
vised, human-in-the-loop framework (Figure 3).

Recently, ChatGPT (Open AI) was the first 
generative-AI technology made available to a broad 
audience that leverages LLM for providing answers to 
generic questions; this type of tool was trained on 
vast amounts of data from multiple sources that may 
lead to incorrect conclusions14 owing to hallucina
tions or inaccurate or wrong answers.15,16

The RAG method used in our study searches for and 
includes relevant, real-world information from 
selected sources, enhancing AI-generated response 
with augmented context-based retrieval. This 
approach has been demonstrated to reduce errors like 
hallucinations, which are incorrect responses gener
ated by AI when it lacks enough and relevant infor
mation.17-19 LLM enhanced with RAG outperforms 
standalone LLMs, significantly improving accuracy 
and relevance, particularly in complex domains such 
as evidence-based medicine in health care.20

The VA operated on a RAG framework rather than 
relying solely on the LLM’s pretrained internal 
knowledge. When a visit was initiated, structured 
and semistructured patient data (symptoms, NYHA 
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functional class, blood pressure [BP], heart rate, 
weight, laboratory values, and current HF medica
tions) were encoded and passed through an NLP layer 
that triggered a targeted retrieval step. This RAG 
component searched a curated, domain-specific 
knowledge repository consisting of contemporary 
HF guidelines and consensus documents.

Retrieved passages were then injected into the 
LLM prompt, so that all recommendations were 
explicitly grounded in these up-to-date, cardiology- 
specific sources rather than in generic web-scale 
training data. Advanced prompt engineering served 
as the critical interface between retrieval and 
response generation: the prompts were designed to: 

1) force explicit consideration of guideline state
ments; 2) require the model to justify proposed 
treatment changes in guideline terms; and 3) restrict 
outputs to actionable, medication-focused recom
mendations (initiation, titration, or deferment of 
GDMT) within predefined safety bounds. This archi
tecture was chosen to mitigate typical LLM limita
tions such as hallucinations, inconsistent reasoning, 
and reliance on outdated or noncardiac information, 
which have been described for general-purpose tools 
such as ChatGPT trained on heterogeneous data.

In this supervised workflow, nonmedical research 
staff collected patient data using a standardized 
script and entered anonymized information into a 

FIGURE 1 CONSORT Diagram 
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secure web interface. The VA generated a structured 
recommendation for GDMT optimization, which was 
then reviewed by a remote consultant cardiologist. 
The physician could fully accept, partially modify, or 
reject the VA suggestion; in all cases, the clinician’s 
judgment had absolute priority and the VA func
tioned strictly as a decision-support tool, not an 
autonomous prescriber.

DEVELOPMENT PHASE: KNOWLEDGE CURATION 

AND PROMPT DESIGN. The development phase 
focused on building a narrow, high-fidelity knowl
edge base and aligning the LLM’s behavior with HF 
guideline logic. First, international HF management 
guidelines and key consensus documents were sys
tematically reviewed. Sections pertaining to HFrEF 
pharmacotherapy, titration rules, monitoring 
requirements, contraindications, and special pop
ulations were extracted and organized into a struc
tured, machine-readable repository. Appendices, 
dosing tables, and algorithmic flowcharts were also 
incorporated to preserve the operational nuance 
of recommendations.

Cardiologists designed and iteratively refined the 
prompt templates that govern the VA’s behavior. 
Prompts specified the following.

• The required input structure (vital signs, labora
tory parameters including glomerular filtration 
rate and potassium, current GDMT class and dose, 
recent changes, symptoms, and NYHA functional 
class)

• The expected output format (explicit class-by- 
class recommendations, with rationale and prior
ity ordering)

• Hard constraints (for example, not initiating or up- 
titrating specific agents below predefined heart 
rate, BP, or estimated glomerular filtration rate 
(eGFR) thresholds, or in the presence of 
hyperkalemia)

• An explicit instruction to base all recommenda
tions on the retrieved guideline text and to avoid 
speculation outside the evidence base.

Through this process, the VA was tuned to behave 
as a guideline-anchored assistant embedded in an HF 
clinic workflow rather than as a general conversa
tional agent.

VALIDATION PHASE: REAL-WORLD CASE TESTING 

AND REFINEMENT. Before being deployed in the 
randomized trial, the VA underwent a multistage 
validation process based on hundreds of real-world 
clinical cases. Anonymized cases representing the 
spectrum of HFrEF severity, comorbidities, renal 
function, BP profiles, and medication histories were 
fed into the system. For each case, the VA generated 
GDMT recommendations that were independently 
reviewed by a cardiologist.

Discrepancies between the VA and expert judg
ment were analyzed in detail. When disagreements 
reflected incomplete retrieval, ambiguous prompts, 
or overly permissive logic, the prompts and, where 
necessary, the retrieval filters and safety thresholds 

FIGURE 2 Trial Flow Chart 

EF = ejection fraction; HF = heart failure; KCCQ-12 = Kansas City Cardiomyopathy Questionnaire; R = randomization; VA = virtual assistant.
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were revised. This “prompt-correction” feedback 
loop was repeated iteratively until the steering car
diologists judged the VA’s behavior to be consistently 
safe and guideline-concordant for routine use within 
the trial.

SAFETY LOGIC, RED-FLAG DETECTION, AND 

OVERSIGHT. Patient safety was prioritized by 
embedding explicit safety logic at multiple levels. 
Within the VA, red-flag criteria were encoded for 
symptoms (eg, resting dyspnea, orthopnea, syncope, 
chest pain), vital signs (eg, systolic BP below a 

predefined threshold, bradycardia, oxygen desatu
ration), and key laboratory parameters (eg, elevated 
potassium, significant decline in eGFR). When red 
flags were detected, the VA was constrained to 
withhold uptitration of GDMT and to recommend 
clinical escalation rather than pharmacolog
ical intensification.

Operationally, every VA output was reviewed in 
real time by a supervising cardiologist who was not 
present in the room and did not interact directly with 
the patient during the visit. Nonmedical staff were 
trained to escalate immediately if any concerning 

FIGURE 3 VA Workflow 

ASSIST-HF SIRIO = Safety of AI-Powered Virtual Assistant in Outpatient Management of Heart Failure: A Randomized Controlled Pilot Study: ASSIST-HF SIRIO; 
BP = blood pressure; eGFR = estimated glomerular filtration rate; GDMT = guideline-directed medical therapy; GP = general practitioner; HR = heart rate; 
LLM = Large Language Model; RAG = retrieval-augmented generation; SBP = systolic blood pressure; VA = virtual assistant.
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symptoms emerged during the interview. All dis
agreements between the VA and the supervising 
cardiologist, and any adverse events potentially 
related to VA suggestions, were logged and periodi
cally reviewed by the trial safety and steering com
mittee, with the option to further tighten prompts or 
thresholds if needed.

Through this combination of guideline-grounded 
RAG, expert-designed prompt constraints, pre- 
deployment case validation, and continuous human 
oversight, the SIRIO-HF VA was configured as a su
pervised, safety-first generative-AI assistant inten
ded to support, rather than replace, clinician-led HF 
management.

Supplemental Figure 1 illustrates a worked 
example showing data input from research adminis
trator and the VA output for recommended treatment 
optimization.

USE OF THE VA AND 
HUMAN-IN-THE-LOOP GOVERNANCE

The VA system, accessed via a secure web interface, 
processed anonymized clinical data entered by the 
research administrator. Based on these inputs, the VA 
generated real-time recommendations for guideline- 
directed medication optimization (Supplemental 
Figure 1). The SIRIO-HF VA was trained using the lat
est international guidelines. During consultations, it 
processed anonymized clinical data, generating ther
apeutic recommendations. These features distin
guished the VA arm from the SOC arm, which relied 
solely on health care professionals for decision making 
and care delivery. The VA evaluated these data (real 
time) and made immediate recommendations to 
optimize the medications based on the clinical and 
laboratory status inputted, at the current visit.

The research administrators had no specialist 
medical/nursing knowledge. They were trained on 
the principles of good practice in clinical research 
(GCP). They received simple training on the study, 
including conventional grading of symptoms by 
NYHA functional class, questionnaires including pa
tient acceptability and quality-of-life questionnaires, 
as well as the importance of identification of “red- 
flag” symptoms (Study Protocol in the Supplemental 
Appendix) and prompt escalation to the supervising 
clinician. The research assistants were provided with 
the most recent blood results of the patient, obtained 
just before each visit. At each visit, the research 
administrator sense-checked the VA recommenda
tions with the supervising consultant cardiologist 
(who was not engaged in the consultation nor in the 
clinic room) to ensure the clinician agreed with the 

VA recommendations. This hierarchical decisional 
approach ensured that the therapeutic recommen
dations made by the VA were safe and appropriate for 
each patient.

If the clinician approved the VA recommendations, 
the research administrator advised the patient of 
these recommendations. For any VA-recommended 
changes in medications, prescriptions were issued 
by the clinician in charge (cardiologist), who had no 
contact with the patient. Following the consultation, 
the agreed management plan was communicated in 
an outcome letter with the updated medical status 
and recommendations, issued to the patient by the 
researcher, with a copy sent to the primary care 
physician. If the supervising clinician did not agree 
wholly or in part with the VA recommendations, the 
clinician made the ultimate decision and the clini
cian’s decision always over-rode the VA.

OPERATIONAL WORKFLOW 
AND PROCEDURES

The operational workflow for each VA-supported 
visit was highly detailed and standardized. Patients 
in this arm attended visits at 2-weekly intervals, 
either in person or via telephone. During the visit, 
the administrator used a script to gather information 
on symptoms, vital signs, and medications, which 
was then entered into the VA’s secure web interface. 
The VA processed this information and generated a 
recommendation, which was immediately routed to 
the supervising cardiologist for review. Once the 
clinician finalized the plan, it was communicated to 
the patient, prescriptions were issued, and a letter 
was sent to the patient and their primary care 
physician. In contrast, patients in the SOC arm fol
lowed the usual HF management pathway at the 
institution. This involved outpatient consultations 
with doctors or HF nurse specialists, with the fre
quency and modality of visits determined by clinical 
need and service availability, reflecting real-world 
practice.

VA ARM. Patients in the VA arm were treated with 
the integration of the SIRIO-HF VA into their man
agement. Study visits were conducted either in per
son or via the telephone, according to the patient’s 
wishes. Visits were conducted at 2-weekly intervals 
by nonmedical researchers (who had no medical or 
nursing qualifications) and who were simply 
instructed to ask scripted questions and collate re
sponses. Patients were asked to attend for a blood 
test through the conventional hospital phlebotomy 
service, ideally 1 to 2 days before the research visits. 
The results of the blood tests were made available to 
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the research administrator for each visit. Lab 
tests including urea and electrolytes, creatinine, 
eGFR, N-terminal pro–B-type natriuretic peptide 
(NT-proBNP), and full blood count were assessed 
every 2 weeks as needed (just before the next visit), 
in line with GCP during HF medication optimization.

At each visit, a trained research administrator 
assessed the health status of the patient (update), 
compared with that at the last contact (or compared 
with the status at hospital discharge, in the case of 
the first research visit), which began with a review of 
the patient’s symptoms and overall well-being ac
cording to a standardized set of questions (Study 
Protocol in the Supplemental Appendix), including 
NYHA functional class, BP, heart rate, and weight.

At the end of each visit, the research administrator 
imported this information, together with the latest 
blood results, in real time, onto the VA web interface, 
in anonymized format. This yielded an output of VA 
recommendations for personalized optimized GDMT 
and the researcher passed on this recommendation to 
the supervising cardiologist. Access to the interface 
was login and password protected, and available only 
to the research team. At the beginning and at the end 
of the study, the Kansas City Cardiomyopathy Ques
tionnaire (KCCQ-12) and a Patient Satisfaction Survey 
were administered by the research team.

At the end of the study, patients in the VA arm 
were transferred to continue SOC follow-up, outside 
of the study, conducted either by a doctor or an HF 
nurse specialist.

SOC ARM. Patients in the SOC arm followed the usual 
HF management pathway, which involved regular 
outpatient consultations conducted by doctors or HF 
nurse specialists, either face-to-face or remotely via 
the telephone, according to the patient’s preference 
and availability of appointments.

Patients are normally recommended to purchase a 
home BP monitor and to discuss home BP and heart 
rate readings at the visits, or alternatively the BP is 
measured by the health care professional at each 
visit, if conducted face-to-face. Patients are also 
advised to weigh themselves regularly at home and 
to discuss their weight at each clinic visit. Patients 
attending face-to-face consultations are weighed by 
the health care professional. During outpatient opti
mization of medication, blood tests are frequently 
performed including urea and electrolytes, creati
nine, glomerular filtration rate, NT-pro-brain natri
uretic peptide (NT-proBNP) and full blood count. At 
each visit, clinical symptoms and medication 
changes were logged, as normal practice. Quality of 

life was assessed at the beginning and end of the 
study using the KCCQ-12 and a Patient Satisfaction 
Survey.

PATIENT ACCEPTABILITY AND FEASIBILITY. At the 
end of the study, a modified Acceptability of Inter
vention Measure, Intervention Appropriateness 
Measure, and Feasibility of Intervention Measure 
scores with visual analogue scales were administered 
by the research team to patients in the VA arm 
(Supplemental Figure 2).

PROTOCOL AND STATISTICAL 
ANALYSIS PLAN

The full trial protocol can be found in the 
Supplemental Appendix. The primary outcomes of 
the trial were feasibility, acceptability, and the 
effectiveness of the VA-guided system in optimizing 
GDMT over 12 weeks compared with SOC. Secondary 
outcomes included changes in NYHA functional 
class, NT-proBNP levels, rates of HF-related hospi
talizations, and patient-reported quality of life as 
assessed by the KCCQ-12. All primary efficacy ana
lyses were conducted on an intention-to-treat basis. 
Given the pilot nature of the trial, P values were 
considered exploratory.

A sample size of 60 patients (30 per group) was 
estimated to provide adequate data for feasibility and 
safety assessments and exploratory analysis of sec
ondary outcomes. This sample size was based on 
practical feasibility considerations rather than formal 
power calculations due to the primary focus on 
feasibility.

The study design and analysis followed the 
intention-to-treat principle. Any individuals with
drawn, either through patient or clinician decision, 
were transferred to SOC, but data already collected 
were used and follow-up data collected if agreed by 
the patient.

Data distribution was checked by using the 
Kolmogorov-Smirnov test with data presented as 
median with IQR or mean ± SD as appropriate. Cat
egorical variables are summarized as percentages. 
Comparisons between treatment groups (VA vs SOC) 
were conducted to evaluate the optimization of 
GDMT across 4 key medication classes: angiotensin- 
converting enzyme inhibitors/angiotensin receptor 
blockers (ACEI/ARB), angiotensin receptor neprilysin 
inhibitors (ARNI), beta-blockers (BB), and mineralo
corticoid receptor antagonists (MRA), as well as up
take of sodium-glucose co-transporter 2 inhibitor 
(SGLT2i). The proportions of patients categorized by 
GDMT dose level (full optimal dose, half to less than 
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full optimal dose, less than half optimal dose, or no 
treatment) were summarized as percentages at 
baseline and end-of-treatment. For each medication 
class (ACEI/ARB/ARNI, BB, MRA, and SGLT2i), the 
proportion of patients reaching maximal tolerated 
doses was calculated by treatment group. Patient 
acceptability of the VA was assessed through 3 
validated questionnaires, with the average score 
calculated across the scales. Acceptability was sum
marized descriptively, reporting the proportion of 
patients scoring above a predefined threshold of 
80%.

A timeline analysis was conducted to illustrate the 
proportion of patients achieving full optimal dose at 
each study visit, summarized descriptively over time 
by treatment group (VA vs SOC).

Secondary endpoints, including functional class 
and quality of life, were recorded as absolute values 
and change compared with baseline within group and 
between the VA and the SOC groups. NT-proBNP 
levels were log-transformed. Continuous variables 
were inspected for distributional assumptions; for 
skewed variables such as NT-proBNP, values were 
analyzed on the log scale. Between-group compari
sons were performed using Student’s t-test on log- 
transformed values after verifying homogeneity of 
variances.

PARTICIPANT FLOW AND 
BASELINE CHARACTERISTICS

The flow of participants through the trial is detailed 
in the CONSORT (Consolidated Standards of Report
ing Trials) diagram (Figure 1) and the study flow chart 
is shown in Figure 2. Sixty patients with HFrEF were 
enrolled and randomized 1:1 to either VA-guided or 
SOC outpatient management over a 12-week period. 
The VA-guided arm was delivered by nonmedical/ 
non-nursing staff, overseen remotely by a doctor 
and the SOC arm was delivered by doctors and nurses 
in line with usual care.

This AI randomized controlled trial follows the 
consensus statement for clinical trial reports for in
terventions involving AI, the CONSORT, and 
CONSORT-AI extension.21,22 The 14 new items are 
reported to promote transparent reporting of AI 
intervention and are intended to facilitate critical 
appraisal and evidence synthesis (Supplemental 
Table 1).

Baseline characteristics, including demographics, 
medical history, and diagnostic test results, were 
recorded at hospital discharge for all randomized 
patients and were generally balanced between the 
study arms.

SAFETY FRAMEWORK

Patient safety was paramount. The study protocol 
included a highly detailed safety framework with 
predefined thresholds for vital signs and laboratory 
values that would trigger specific actions, such as 
withholding medication or escalating care. An 
emergency pathway was established for any patient 
experiencing a substantial worsening of symptoms; 
in such cases, the research protocol would be 
bypassed, and the supervising clinician would make 
appropriate clinical decisions, including hospital 
admission if necessary. All disagreements between 
the VA and the clinician were logged and reviewed by 
the steering committee to identify opportunities for 
model refinement and to ensure ongoing safety.

SAFETY PROCEDURES AND OVERSIGHT. A trial 
safety and steering committee was established to 
oversee the conduct and the safety of the study. To 
establish a standardized process for addressing and 
resolving disagreements between the supervising 
physician’s clinical judgment and the therapeutic 
recommendations made by the VA, a protocol of 
agreement was established. Data regarding agree
ment between the VA and the clinician at each visit, 
for each patient, were collected and closely moni
tored. Although decision making was real time, all 
cases of disagreement between the VA and the 
consultant were reviewed by the steering committee. 
Adverse events were categorized as either: 1) thera
peutic inappropriateness of VA suggestions; or 2) 
technical issues with the VA that could affect patient 
care, like system errors or misinformation.

If a patient in the VA arm were to experience 
substantial worsening of HF symptoms or reported 
symptoms of concern that might require hospitali
zation, based on “red-flag’’ warning signs (Study 
Protocol in the Supplemental Appendix) detected by 
the research administrator or the VA, the clinician 
supervising would be informed and would make 
appropriate clinical decisions (including admission to 
hospital) as needed, outside of the research protocol.

The study design followed the intention-to-treat 
principle. Any individuals withdrawn, either 
through patient or clinician decision, were trans
ferred to SOC, but data already collected were used 
and follow-up data collected if agreed by the patient.

MECHANISTIC OPERATIONAL EXPLANATION

The architecture of the VA-supported workflow was 
designed to support GDMT optimization through 
several key operational mechanisms. First, the 
enforced 2-weekly visit cadence ensures regular and 
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frequent opportunities for medication review, 
reducing the risk of therapeutic inertia. From a pa
tient perspective, knowing that they have a visit 
scheduled in the near future gives patients confi
dence to follow the recommended treatment upti
tration, knowing they will soon have a touchpoint to 
discuss any concerns or side effects. Second, by 
grounding its recommendations in a curated knowl
edge base of international guidelines, the VA pro
motes the consistent application of evidence-based 
therapy, thereby reducing interclinician variability in 
titration practices. Third, the systematic collection 
and evaluation of safety parameters at each visit 
provides a structured safety net, aiming to prevent 
inappropriate medication changes. Finally, by dele
gating data collection to nonmedical staff, the model 
is designed to increase the capacity of a specialist 
clinical service, allowing physicians to oversee a 
larger volume of titration visits and focus their time 
on more complex clinical decisions.

IMPLEMENTATION AND 
SCALABILITY ROADMAP

The findings from this pilot study inform a potential 
roadmap for broader implementation. Scaling this 
supervised AI-supported model to larger systems 
would require a robust and secure digital infrastruc
ture. Standardized data input is essential and so 
training administrative staff to ask and record data in 
a standardized comprehensive format would be 
essential. The ratio of administrators to supervising 
clinicians would need to be optimized to balance ef
ficiency with safe oversight. Although the model’s 
core components are adaptable, implementation in 
different health care systems would require tailoring 
to local guidelines, staffing models, and regulatory 
environments. A robust governance framework, with 
clear lines of accountability and continuous perfor
mance monitoring, would be critical for any large- 
scale rollout. By potentially alleviating the burden 
on specialist HF clinics, this model could allow cli
nicians to dedicate more time to patients with the 
most complex needs. In light of the significance of 
the disease, noting the global burden and significant 
impact of HF, and potential benefit of enhanced and 
complete treatment escalation including in under
served populations, application of this technology 
may be particularly important in under-resourced 
parts of the world where there is reduced access to 
specialist care. Health economic evaluation would be 
essential in different settings, to ensure the model is 
suitably funded and aligned with different health 

care systems. Finally, scalability would need to 
consider the acceptability of this technology to 
patients who may have different socioeconomic, 
cultural, educational, and health literacy levels.

DISCUSSION

We show that frequent VA-guided management, 
administered by nonmedical staff, of high cardio
vascular risk outpatients to optimize medication, is 
feasible, acceptable to patients, and achieves at least 
as good, if not better outcomes at 12 weeks compared 
with SOC visits with medical staff.

As HF remains a leading cause of global mortality 
and hospitalizations, timely institution of optimal 
GDMT is pivotal to improving clinical outcomes, 
reducing hospitalizations, and improving patient 
quality of life.23-25 Currently, GDMT adherence in 
the real world remains problematic, particularly 
regarding therapeutic optimization and medication 
titration.26,27 The integration of AI into GDMT 
optimization represents a novel avenue, yet exist
ing data are limited, mostly derived from tradi
tional predictive models and simple decision 
checklists.28-31

This novel AI-guided HF management randomized 
trial addresses the clinical value of a generative-AI 
tool to enhance GDMT, administered by nonmedics. 
This randomized trial demonstrated that using the 
AI-driven VA delivered by nonmedical personnel 
under physician oversight enhanced GDMT adher
ence and therapy optimization.

Patient safety was rigorously prioritized through 
specialized model training for symptom red-flag 
detection, continuous safety, and oversight by 
expert cardiologists, ensuring adherence to robust 
clinical safety standards.

STUDY LIMITATIONS. This was a pilot trial; there
fore, no formal sample size calculations have been 
performed. This was a single-center study conducted 
in England. The SOC patient management in the Na
tional Health Service is limited by availability of 
specialist clinics and cardiac services in proportion to 
needs. Therefore, the SOC comparison may not be 
directly translatable to other health care systems. In 
addition, the demographics, ethnicity, educational 
level and literacy, and approach to AI of the patient 
cohort may be different from that of other pop
ulations. All findings should be interpreted as hy
pothesis generating. Further large powered clinical 
trials are needed to investigate the potential of AI- 
powered VA in HF management. The VA responses 
were reviewed by an expert physician cardiologist; 
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thus, this tool should be interpreted as an assistant 
aiming to support but not replace human clin
ical judgment.

CONCLUSIONS

Integration of an AI-driven VA, delivered by 
nonmedical staff, into the care of patients with newly 
diagnosed HFrEF, with minimal remote clinician 
oversight, improved GDMT uptake and optimization, 
reduced HF-related hospitalizations and biomarkers, 
and achieved high patient acceptance. This hybrid 
strategy may represent an effective, patient-centered 
approach to enhance HF outpatient management and 
optimize health care resources.
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safeguards implemented in the trial, 
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