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Abstract 
Background: Survival from in-hospital cardiac 
arrest caused by ventricular fibrillation (VF) or 
pulseless ventricular tachycardia (pVT) 
decreases with every minute of delay before 
defibrillation. Conventional shock decisions 
depend on clinician recognition, guideline recall, 
team coordination, and standard shock-advisory 
algorithms that may require interruptions in 
chest compressions. Recent advances in artificial 
intelligence (AI) have demonstrated high 
accuracy in rhythm recognition and shock 
advisory during cardiopulmonary resuscitation 
(CPR), but their potential impact in Indian 
tertiary-care settings remains uncertain. 
Objective: To estimate the potential effect of an 
AI-guided defibrillation and cardioversion 
decision-support system on time-to-first shock 
and resuscitation outcomes using a fully 
synthetic simulation model based on a tertiary-
care hospital setting. 
Methods: A virtual randomized trial comprising 
2,000 synthetic adult episodes (1,000 per arm) 
was constructed. Cases included shockable car-
diac arrest (VF/pVT) and unstable tach-
yarrhythmias requiring synchronized cardiover- 

sion. Standard care was compared with an AI-
assisted model providing real-time rhythm 
classification, shock/no-shock recommendations, 
energy suggestions, and prompts to minimize 
CPR interruptions while preserving clinician 
authority. The primary outcome was time-to-
first shock. Secondary outcomes included first-
shock success, CPR hands-off time, return of 
spontaneous circulation (ROSC), survival to 
discharge, neurological outcome proxy, and 
number of shocks. 
Results: Mean time-to-first shock decreased 
from 5.5±2.3 minutes to 3.7±1.6 minutes with AI 
assistance (mean reduction 1.8 minutes, 
p<0.001). First-shock success increased from 
62.0% to 78.2%, CPR hands-off time decreased 
substantially, ROSC improved from 50.3% to 
60.3%, and survival to discharge increased from 
24.6% to 29.3%. 
Conclusion: This simulation suggests that AI-
assisted defibrillation and cardioversion may 
reduce treatment delays, improve CPR quality, 
and enhance resuscitation outcomes. Prospective 
clinical studies are required to validate these 
findings before implementation in practice. 
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Introduction 
Sudden cardiac arrest, unstable arrhythmias, and 
time-critical defibrillation 
In-hospital cardiac arrest from ventricular fibrilla-
tion (VF) or pulseless ventricular tachycardia (pVT) 
is one of the most time-critical emergencies in acute 
care. Observational data from large registries show 
that a substantial proportion of patients receive de-
fibrillation more than 2 minutes after arrest onset 
and that defibrillation beyond this period is associ-
ated with significantly lower survival and worse 
neurological outcomes. Survival probability de-
clines with each minute of delay before the first 
shock. (1) 
Alongside primary shockable arrest, clinicians in 
Emergency Departments (EDs), Intensive Care 
Units (ICUs), and coronary care units manage he-
modynamically unstable tachyarrhythmias such as 
rapid atrial fibrillation, atrial flutter, and monomor-
phic ventricular tachycardia with pulse. In these 
cases, synchronized cardioversion is indicated to 
prevent progression to cardiac arrest, limit myocar-
dial ischemia, and stabilize organ perfusion. (2) 
High-volume tertiary hospitals in India, including 
Symbiosis University Hospital and Research Center 
in Pune, face a growing burden of acute cardiovas-
cular emergencies. Crowding, high workloads, and 
limited staff make it challenging to consistently 
maintain guideline-recommended defibrillation 
times. 
 
Limitations of current defibrillation and cardiover-
sion workflows 
Modern external defibrillators and automated exter-
nal defibrillators (AEDs) incorporate shock advi-
sory algorithms that classify rhythms as shockable 
or non-shockable based on engineered electrocardi-
ogram (ECG) features. These algorithms have been 
optimized over many years and perform well in con-
trolled settings, but they can be sensitive to noise, 
motion artifacts, and interference from chest com-
pression. In practice, chest compressions are often 
paused for rhythm analysis and shock delivery. Pro-
longed interruptions and low chest compression 
fraction have been associated with poorer outcomes 
in both prehospital and in-hospital studies. (3) 
Guideline protocols for defibrillation and synchro-
nized cardioversion are complex, with multiple de-
cision points regarding energy level, timing, and the 
balance between shocks and cardiopulmonary re-
suscitation (CPR). In real-world emergencies, teams 
may perform repeated rhythm checks, hesitate be-
fore delivering shocks or continue low-value shocks 
at sub-optimal energies. These behaviours introduce 
variability between hospitals, shifts and individual     
. 

clinicians. Standard shock sequences generally do 
not incorporate patient-specific transthoracic im-
pedance or VF waveform features, despite evidence 
that such characteristics influence shock success. 
(4) 
 
Progress in artificial intelligence (AI) for ECG in-
terpretation and shock advisory systems 
Deep-learning methods have markedly accelerated 
automated ECG interpretation. A widely cited sin-
gle-lead convolutional neural network developed by 
Hannun and colleagues achieved an area under the 
receiver operating characteristic (ROC) curve of 
about 0.97 and cardiologist-level performance for 
12 arrhythmia classes. Subsequent work has ex-
tended these approaches to 12-lead ECGs and more 
interpretable, knowledge-fused deep models. (5) 
Within defibrillation, machine learning and deep 
learning have been applied directly to shock-advi-
sory algorithms. Reviews of shockable-rhythm de-
tection for AEDs highlight multiple algorithms that 
reach or exceed American Heart Association thresh-
olds for sensitivity and specificity. A lightweight 
deep-learning algorithm implemented on AED 
(LDIAED)-class hardware demonstrated high per-
formance in distinguishing VT/VF from other 
rhythms using short ECG segments without exten-
sive preprocessing. Other studies have evaluated 
support vector machine and neural network ap-
proaches for shockable rhythm recognition using 
out-of-hospital arrest ECG data. (6) 
In parallel, investigators have explored algorithms 
that allow rhythm analysis during ongoing chest 
compressions, reducing the need to interrupt CPR 
for rhythm checks. These developments suggest that 
an integrated AI decision support tool could: 

• detect shockable rhythms more quickly and 
reliably; 

• provide more confident shock/no-shock 
recommendations; 

• suggest energy levels informed by wave-
form characteristics; and 

• promote shorter, better-timed CPR pauses. 
 
Rationale for simulation in an Indian tertiary hos-
pital 
Most published AI-ECG and AI-AED work focuses 
on algorithm development and retrospective valida-
tion or bench testing. Very few studies have exam-
ined how AI-guided defibrillation would alter pro-
cess measures and outcomes when embedded in real 
hospital workflows, and almost none have ad-
dressed high-burden, resource-constrained environ-
ments similar to those in many Indian tertiary cen-
ters. (7) 
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Conducting an immediate, live, randomized trial 
that changes defibrillation workflows during active 
resuscitation raises ethical, operational, and med-
ico-legal challenges. A structured simulation step in 
between allows the likely magnitude and direction 
of impact to be estimated transparently, using 
known relationships between time-to-shock, first-
shock success, and survival. These projections can 
then be used to inform whether a full trial is justi-
fied, what endpoints to prioritize, and how many pa-
tients would be needed. (8) 
Symbiosis College of Nursing, through its Institu-
tional Research Committee (IRC 21), is exploring 
digital and AI-enabled innovations in acute care. A 
simulation-based randomized trial calibrated to 
Symbiosis University Hospital and Research Center 
can provide a structured foundation for later pro-
spective work. 
 
Objective 
The objective of this study was to construct a simu-
lation-based randomized trial, using entirely syn-
thetic data, to estimate the projected effect of an AI-
guided defibrillation and synchronized cardiover-
sion decision support system on time-to-first shock 
and resuscitation outcomes in a tertiary care envi-
ronment modeled on Symbiosis University Hospital 
and Research Center, Pune. 
 
Methods 
Study design 
A two-arm, parallel-group randomized “virtual 
trial” was constructed. The design mirrors that of a 
conventional randomized controlled trial, but all 
“participants” are synthetic episodes generated from 
pre-specified probability distributions. 
No individual-level patient data from Symbiosis 
University Hospital and Research Center were ac-
cessed. Parameter values were chosen to reflect the 
anticipated case mix and process performance, 
based on published literature and structured input 
from local clinicians. The work was undertaken as a 
trial-planning and modeling exercise under the aca-
demic remit of the IRC 21 at Symbiosis College of 
Nursing. 
 
Simulated setting and population 
The simulated setting was a high-volume tertiary 
hospital in Pune, with: 

• a busy emergency department; 
• mixed medical-surgical ICUs; 
• a coronary care or monitored high-depend-

ency ward. 
The virtual population consisted of adults aged 18–
80 years experiencing either: 

• in-hospital cardiac arrest with an initial 
shockable rhythm (VF or pVT); or 

• hemodynamically unstable atrial fibrilla-
tion, atrial flutter, or monomorphic ventric-
ular tachycardia with a pulse requiring syn-
chronized cardioversion. 

Base distributions were specified as follows: 
• Age: normal distribution, mean 58 years, 

standard deviation (SD) 12 years, truncated 
at 18 and 80; 

• Sex: 65% male; 
• Event type: 70% shockable cardiac arrest, 

30% unstable tachyarrhythmia; 
• Location: 35% ED, 45% ICU, 20% coro-

nary care/monitored ward; 
• History of coronary artery disease: 45%; 
• History of heart failure: 25%. 

These values are consistent with published in-hos-
pital arrest cohorts in which shockable rhythms pre-
dominate in monitored settings with a high burden 
of coronary disease. 
 
Study arms and randomization 
Two arms were defined: 
“The AI defibrillation module in this study was 
purely a conceptual, simulation-only decision-sup-
port model; no specific commercial software or de-
vice was used.” 
• Standard care arm: Defibrillation and synchro-

nized cardioversion decisions follow current 
Advanced Life Support guidelines. Rhythm in-
terpretation and shock/no-shock classification 
rely on existing device algorithms and clinician 
judgment. Chest compressions are typically 
paused for rhythm analysis and shock delivery 
according to usual practice and device prompts. 
(9) 

• AI-assisted arm: The same defibrillator hard-
ware is assumed, augmented by a conceptual AI 
software module. The module receives: 

o 1–2 ECG leads sampled at 250–500 Hz; 
o a simple context flag (“cardiac arrest” 

vs “unstable tachyarrhythmia”); 
o a compressions-on/off flag. 

It processes 2–4-second ECG windows using a one-
dimensional convolutional neural network similar 
in structure to published deep-learning ECG mod-
els. It outputs: 

o rhythm classification (shockable vs 
non-shockable; atrial fibrillation 
[AF]/flutter; VT with pulse); 

o shock/no-shock recommendation; 
o suggested biphasic energy level; 
o prompts to charge during compressions 

and to deliver shocks at the earliest safe  
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opportunity. 
Clinicians retain full responsibility and may ignore 
or override AI suggestions. The AI acts purely as 
decision support. 
In the simulation, episodes were allocated 1:1 to the 
two arms using a pseudo-random number generator, 
equivalent to simple randomization. 
 
Standard-care event model 
For each episode in the standard arm, the following 
variables were generated. 
“Standard-care parameters were calibrated so that 
simulated return of spontaneous circulation 
(ROSC) and survival rates for shockable in-hospital 
cardiac arrest approximated those reported in large 
registry studies. This internal check was used as a 
simple face-validity step to ensure that the baseline 
model generated clinically plausible outcomes be-
fore introducing the AI-assisted arm.” 
 
Time-to-first shock 
Time from recognition of cardiac arrest or decision 
to cardiovert until delivery of the first shock was 
modeled as: 

𝑇standard ∼ Normal(𝜇 = 5.5, 𝜎 = 2.3),	
 
truncated to the interval [0.5, 15] minutes. These 
values approximate observed in-hospital defibrilla-
tion delays, where many patients receive shocks af-
ter 3–6 minutes rather than within the recommended 
2 minutes. 
 
First-shock success 
First-shock success (S) was defined as: 

• termination of VF/pVT with an organized 
rhythm; or 

• conversion of unstable AF/flutter/VT with 
pulse to a stable rhythm. 

Baseline first-shock success probabilities in stand-
ard care were set as: 

• 0.60 for VF/pVT; 
• 0.70 for unstable tachyarrhythmias, 

consistent with typical success rates reported in re-
suscitation and cardioversion literature. 
 
CPR hands-off time 
For shockable cardiac arrest episodes, total CPR 
hands-off time due to rhythm analysis and shock de-
livery, 𝐻standard, was drawn from a log-normal dis-
tribution with a median of 74 seconds and an inter-
quartile range (IQR) of 60–96 seconds. These val-
ues reflect distributions of chest compression frac-
tion and pauses documented in CPR quality studies, 
including work from high-volume centers. Unstable 
tachyarrhythmia episodes were assigned zero CPR      
. 

hands-off time. 
 
ROSC and survival 
For shockable cardiac arrests, ROSC probability 
was modeled as: 

logit(𝑝ROSC) = 𝛼! + 𝛼"𝑇standard + 𝛼#𝑆, 
with coefficients chosen so that: 

• at 𝑇standard ≈ 5.5  minutes and 𝑆 ≈ 0.60 , 
ROSC ≈ 50%; 

• each additional minute of delay reduced 
ROSC odds in line with time-to-defibrilla-
tion analyses. 

Survival to hospital discharge for shockable arrests 
was modeled as: 

logit(𝑝surv) = 𝛾! + 𝛾"𝑇standard + 𝛾#𝑆 + 𝛾$𝟏ROSC,	
 
with parameters set so that overall survival in the 
standard arm was around 25%, matching reported 
ranges for in-hospital cardiac arrest with an initial 
shockable rhythm. 
For unstable tachyarrhythmias, survival probabili-
ties were higher and less sensitive to time-to-shock, 
reflecting the absence of cardiac arrest. 
 
Neurological outcome proxy 
Among simulated survivors, a favorable neurologi-
cal outcome proxy (approximating Cerebral Perfor-
mance Category 1–2) was assigned probabilisti-
cally, with higher probability for those with shorter 
time-to-shock and successful first shocks, reflecting 
the established association between early effective 
resuscitation and neurological status. 
 
AI-assisted event model 
For the AI arm, the same structural relationships 
were used, but with modified time-to-shock, first-
shock success, and hands-off time. 
 
Time-to-first shock 
For each AI-arm episode, a baseline time 
𝑇baselinewas first sampled from the same truncated 
normal distribution as for standard care. An AI-re-
lated time gain ΔT was then sampled: 

Δ𝑇 ∼ Normal(𝜇 = 1.8, 𝜎 = 0.5),	
 
truncated to [0, 3.5] minutes, and: 

𝑇AI = max(0.5, 𝑇baseline − Δ𝑇).	
 
The mean reduction of 1.8 minutes lies within the 
range suggested by experimental and simulation 
work on AI-enabled AED algorithms and analysis-
during-CPR strategies, which have reported sub-
stantial reductions in analysis and decision time 
compared with conventional approaches. This 
“base-case” assumption was deliberately conserva-        
. 
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tive; alternative scenarios were explored in sensitiv-
ity analyses. 
 
First-shock success 
First-shock success probability under AI, 𝑝success,AI, 
was defined as: 
𝑝success,AI = min(0.95, 𝑝success,standard + 0.15).	

 
AI was therefore assumed to confer an absolute im-
provement of 15 percentage points in first-shock 
success, consistent with work suggesting that wave-
form-based shock probability estimation and opti-
mized energy selection can increase the chance of 
successful defibrillation over conventional fixed-se-
quence protocols. 
 
CPR hands-off time 
For shockable arrests, AI-assisted hands-off time 
𝐻AIwas modeled as: 

𝐻AI = 𝐻standard × 𝑟,	
 
where r was drawn from a beta distribution with a 
mean of about 0.65 (≈35% reduction). This is in line 
with experimental work indicating that analysis dur-
ing CPR and improved coordination between charg-
ing and rhythm checks can materially shorten 
pauses. 
 
ROSC, survival, and neurological outcome 
For shockable arrests, ROSC and survival probabil-
ities were recalculated using the same logistic for-
mula as for standard care, substituting 𝑇AI and the 
AI-enhanced first-shock status. Any improvement 
in ROSC and survival arises solely from these al-
tered process variables; no additional “AI effect” 
was added. Neurological outcomes were reassigned 
using the same rules but with updated time-to-shock 
and survival status. 
 
Outcomes 
The primary outcome was: 
• time-to-first shock (minutes) from recognition 

of cardiac arrest or decision to cardiovert until 
first shock delivery. 

Secondary outcomes were: 
• first-shock success (yes/no); 
• total CPR hands-off time due to rhythm analysis 

and shock preparation (seconds; cardiac arrest 
only); 

• ROSC (yes/no; cardiac arrest only); 
• survival to hospital discharge (yes/no); 
• favorable neurological outcome proxy among 

all episodes (yes/no); 
• number of shocks per episode. 

Simulation size 
To ensure stable estimates and allow sensitivity 
analysis, 2,000 episodes were simulated in total, 
1,000 per arm. This is larger than many single-cen-
ter clinical trials but appropriate for a modeling 
study in which additional “patients” impose no cost 
or risk. 
 
Statistical analysis 
All analyses treated simulated episodes as if they 
were participants in a real randomized trial. 
• Continuous variables were summarised as 

mean±SD or median (IQR). 
• Binary variables were summarised as counts 

and percentages. 
• Between-group differences in time-to-first 

shock and CPR hands-off time were assessed 
using independent-samples t-tests (nonparamet-
ric tests yielded similar results). 

• Differences in first-shock success, ROSC, sur-
vival, and neurological outcome were assessed 
using chi-square tests. 

A multiple linear regression model was fitted for 
time-to-first shock: 
𝑇 = 𝛽! + 𝛽"(AI arm)+ 𝛽#(shockable arrest)

+ 𝛽$(ICU vs ward/CCU)
+ 𝛽%(ED vs ward/CCU)
+ 𝛽&(age in 10-year units) + 𝜀.	

 
Logistic regression models were used for first-
shock success, ROSC, and survival, including arm 
allocation and the same covariates. Effect sizes were 
reported as: 
• mean differences with 95% confidence inter-

vals (CIs) and Cohen’s d for continuous out-
comes; 

• odd ratios (ORs) with 95% CIs for binary out-
comes. 

Sensitivity analyses examined: 
• a conservative AI scenario (mean ΔT = 1.0 mi-

nute, first-shock benefit +10%); 
• an optimistic scenario (mean ΔT = 2.5 minutes, 

first-shock benefit +20%). 
Simulation code can be implemented in R or Python 
with a fixed random seed; the results reported below 
reflect one such run. 
 
Results 
All values in this section arise from the simulation 
model described above and do not represent meas-
urements on real patients. 
 
Study flow and simulated cohort 
The virtual randomized trial included 2,000 syn-            
. 
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thetic episodes, with 1,000 allocated to the standard 
arm and 1,000 to the AI-assisted arm. Overall: 
• Shockable cardiac arrest accounted for 1,400 

episodes (70.0%); 
• Unstable tachyarrhythmias accounted for 600 

episodes (30.0%); 
• Events were distributed across the ED, ICU, and 

coronary care/monitored wards, reflecting a 
high-volume tertiary hospital. 

Baseline characteristics were balanced between 
arms. Baseline characteristics are shown in Table 1. 
It shows randomization produced two arms with 
very similar demographics and event characteris-
tics. Any differences in process or outcome 
measures can therefore be attributed to the simu-
lated effect of AI decision support rather than base-
line imbalance. (10) 
 
Primary outcome – time-to-first shock 
The AI arm achieved substantially shorter time-to-
first shock. 
Primary process outcomes are presented in Table 2. 
The mean difference in time-to-first shock between 
arms was −1.8 minutes (95% CI −2.0 to −1.6; 
p<0.001), with a large effect size (Cohen’s d ≈ 0.9). 
 
Interpretation 
In this simulated hospital environment, AI guidance 
enabled teams to deliver the first shock, on average, 
nearly 2 minutes earlier and to more than double the 
proportion of patients shocked within 3 minutes. 
Given the established link between defibrillation 
delay and survival, this magnitude of time gain is 
clinically relevant. (11) 
 
Secondary process outcomes – CPR hands-off time 
and number of shocks 
The AI system was designed to minimize unneces-
sary interruptions in chest compressions and to im-
prove the efficiency of shock delivery. 
Secondary process outcomes are shown in Table 3, 
which interprets that AI-assisted defibrillation was 
associated with roughly one-third less hands-off 
time and fewer shocks per episode. This combina-
tion of fewer interruptions and more efficient 
shocks reflects a more streamlined resuscitation 
process, consistent with evidence that a higher chest 
compression fraction is associated with better out-
comes (12). 
Clinical outcomes – first-shock success, ROSC, and 
survival are summarized in Table 4. The synthetic 
trial shows that AI guidance increased the chance 
that the first shock was successful by more than 15 
percentage points. Because ROSC and survival 
were modeled as functions of time-to-shock and               
. 

first-shock success, these improvements translated 
into higher simulated ROSC and survival. The ab-
solute survival gain of about 4.7 percentage points 
is modest but important in the context of cardiac ar-
rest (13). 
 
Shockable cardiac arrest vs unstable tachyarrhyth-
mias 
Subgroup analyses are presented in Table 5. The 
largest simulated benefit of AI support was seen in 
shockable cardiac arrest, where rapid defibrillation 
is most critical and baseline first-shock success is 
lower. Unstable tachyarrhythmias also benefited 
from earlier cardioversion and slightly better suc-
cess, but absolute survival gains were smaller be-
cause the underlying risk was lower. (14) 
Time-to-first shock by location (ED, ICU, moni-
tored ward) is shown in Table 6. Across ED, ICU, 
and monitored wards, AI support consistently re-
duced time-to-first shock by approximately 1.7–2.1 
minutes. Even in ICUs, where baseline times were 
somewhat shorter, AI still produced earlier shocks. 
(15) 
 
Multivariable analysis 
A multiple linear regression model was used to ac-
count for event type, location, and age. 
Multivariable regression findings are presented in 
Table 7. After adjusting for event type, location, 
and age, allocation to the AI arm remained associ-
ated with a roughly 1.7-minute earlier shock on av-
erage. Cardiac arrest episodes had slightly longer 
times than cardioversion episodes, and ICU events 
were somewhat faster than ward events, reflecting 
closer monitoring. (16) 
 
Sensitivity analyses 
Sensitivity analyses tested whether the projected 
benefits persisted under different assumptions about 
the AI effect size. Sensitivity analyses are summa-
rized in Table 8. Even in the conservative scenario, 
AI support produced a meaningful survival gain. As 
time-to-shock reductions increased, survival im-
proved proportionally. The direction of benefit re-
mained stable across all reasonable assumptions, 
suggesting that the overall conclusion is robust. (17) 
 
Discussion 
This simulation-based randomized trial suggests 
that, in a tertiary care environment similar to Sym-
biosis University Hospital and Research Center, an 
AI-guided defibrillation and synchronized cardio-
version decision support system could substantially 
improve core process measures and deliver modest 
but meaningful gains in resuscitation outcomes. 
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Principal findings 
Under conservative but realistic assumptions, AI 
support: 
• reduced time-to-first shock by nearly two 

minutes; 
• increased first-shock success from about 62% to 

over 78%; 
• cut CPR hands-off time in shockable arrests by 

roughly one-third; 
• increased ROSC for shockable arrests from 

about 50% to 60%; 
• improved survival to discharge by nearly five 

percentage points; and 
• increased the proportion of survivors with a fa-

vorable neurological proxy. 
The largest benefits were seen in shockable cardiac 
arrest, where defibrillation delay and defibrillation 
success are most critical, but there were also gains 
in cardioversion cases and across clinical locations. 
 
Comparison with existing evidence 
The simulated association between defibrillation 
delay and survival aligns closely with empirical data 
from large in-hospital arrest cohorts, including work 
by Chan and colleagues, which showed that defib-
rillation beyond 2 minutes is common and associ-
ated with markedly lower survival. The baseline 
survival rates for shockable arrests in the standard 
arm (around 25%) are consistent with those reported 
in-hospital survival for VF/pVT. (18) 
The assumed AI effects are also grounded in pub-
lished performance. Deep-learning ECG models 
have repeatedly matched or exceeded cardiologist 
performance for arrhythmia classification in both 
single-lead and 12-lead settings. Reviews of shock-
able-rhythm detection algorithms for AEDs de-
scribe machine-learning and deep-learning ap-
proaches that achieve high sensitivity and specific-
ity across both compression-free and CPR-contam-
inated ECG segments. This body of work suggests 
that, technically, the reductions in decision time and 
improvements in shock classification assumed in 
this model are achievable. (19) 
Observational studies of CPR quality support the 
notion that shorter hands-off time and higher chest 
compression fraction are associated with better out-
comes. By explicitly linking AI-related improve-
ments in time-to-shock, first-shock success, and 
hands-off time to ROSC and survival, this simula-
tion quantifies how such technical advances might 
translate into clinical impact in a busy tertiary hos-
pital. (20) 
 
Implications for Symbiosis University Hospital and 
Research Center 
For Symbiosis University Hospital and Research            
. 

Center and Symbiosis College of Nursing, the find-
ings have several practical implications: 
• Justification for further development: The pro-

jected reductions in time-to-shock and improve-
ments in first-shock success provide a clear ra-
tionale for investing in design and pilot testing 
of an AI-assisted defibrillation and cardiover-
sion decision support interface integrated with 
existing monitors and defibrillators. (21) 

• Guidance for clinical trial planning: The effect 
sizes and variability described here can inform 
sample size calculations and endpoint selection 
for a future in-hospital randomized trial under 
IRC 21 oversight. Time-to-first shock emerges 
as a sensitive and feasible primary endpoint, 
with survival and neurological outcome as key 
secondary endpoints. (22) 

• Focus on workflow and training: Real-world ef-
fectiveness will depend on how well AI outputs 
fit into existing resuscitation workflows. Train-
ing for doctors and nurses at Symbiosis will 
need to cover interpreting AI prompts, appro-
priate override behavior, and maintaining situa-
tional awareness during emergencies. (23) 

• Role of nursing leadership: Nurses are central 
to code response coordination. The Symbiosis 
College of Nursing can play a major role in de-
signing training, standard operating procedures, 
and audit processes for any future AI-assisted 
defibrillation system. 

 
Strengths 
This study has several strengths as a modeling exer-
cise: 
• It uses explicit, interpretable relationships be-

tween process variables (time-to-shock, first-
shock success, hands-off time) and outcomes 
(ROSC and survival), rather than opaque sur-
vival assumptions. 

• It incorporates a realistic mixture of cardiac ar-
rest and unstable tachyarrhythmia episodes 
across ED, ICU, and coronary care settings, re-
flecting a tertiary Indian hospital. 

• It mirrors the structure of a randomized trial, in-
cluding adjusted analyses and sensitivity sce-
narios, making translation to a real trial more 
straightforward. 

• It adopts mid-range, conservative assumptions 
about AI benefits within published performance 
ranges, then tests more modest and more opti-
mistic scenarios to show how benefits scale. 

 
Limitations 
This work is a pure simulation study based entirely 
on synthetic data and modeled relationships. The 
findings, therefore, represent projected effects un-         
. 
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der specified assumptions and do not provide direct 
clinical evidence that AI-guided defibrillation im-
proves patient outcomes. 
ROSC and survival were modeled as functions of 
time-to-shock, first-shock success, and a small set 
of covariates, whereas real-world outcomes depend 
on arrest etiology, comorbidities, pre-arrest status, 
and post-resuscitation care, which are not explicitly 
captured here. 
The assumed AI effects on time-to-shock, first-
shock success, and CPR hands-off time were de-
rived from ranges reported in AI-ECG and AED lit-
erature, but actual performance at Symbiosis Uni-
versity Hospital and Research Center will depend 
on data quality, device integration, user interface 
design, and local training. 
The simulation implicitly assumes reasonably high 
adherence to AI advice; in practice, override behav-
ior and variable trust may attenuate or modify the 
benefit. Finally, costs, maintenance, data govern-
ance, and equity considerations were not modeled 
and will require explicit evaluation in future imple-
mentation studies. 
• Simulation only: All data are synthetic. The re-

sults represent projected effects under specific 
assumptions and do not provide direct clinical 
evidence. Implementation studies and prospec-
tive trials are required before any change in 
practice. 

• Simplified outcome model: ROSC and survival 
are modeled as functions of time-to-shock, first-
shock success, and a small number of covari-
ates. In reality, outcomes also depend on arrest 
etiology, comorbidities, pre-arrest status, and 
post-ROSC care, which are not explicitly cap-
tured here. A simple survival model was chosen 
deliberately to keep the link between AI-driven 
process changes and projected outcomes trans-
parent. 

• Assumed AI performance and adoption: Alt-
hough effect sizes were based on published 
ranges, real-world AI performance at Symbiosis 
will depend on data quality, integration into ex-
isting devices, user interface design, and local 
training. The model implicitly assumes that cli-
nicians usually follow AI advice; in practice, 
override rates and trust levels may reduce or 
modify the realized benefit. 

• No cost or equity analysis: The simulation does 
not address costs, maintenance, data govern-
ance, or equity considerations. Access to AI-en-
abled devices and potential performance differ-
ences in underrepresented patient groups will 
need to be considered during real-world deploy-
ment. 

These limitations reinforce that the present work          
. 

should be viewed as a planning tool rather than de-
finitive evidence. 
 
Future directions 
Building on this simulation, the next steps for Sym-
biosis University Hospital and Research Center and 
Symbiosis College of Nursing could include: 
• Co-designing a usable AI-assisted defibrillation 

and cardioversion interface with frontline clini-
cians, biomedical engineers, and Information 
Technology (IT) staff; 

• Evaluating the system in high-fidelity manikin 
simulations to measure actual timing, workload, 
and human-AI interaction patterns; 

• Prospectively collecting timestamped resuscita-
tion data under current practice to refine base-
line model parameters; 

• Developing and seeking IRC 21 approval for a 
pragmatic, in-hospital randomized trial compar-
ing standard and AI-assisted defibrillation 
workflows; 

• Integrating attention to algorithmic fairness, ex-
plainability, and accountability into all stages of 
design and deployment. 

 
Conclusion 
In a fully synthetic, simulation-based randomized 
trial designed around the realities of a tertiary hos-
pital such as Symbiosis University Hospital and Re-
search Center, an AI-guided defibrillation and syn-
chronized cardioversion decision support system 
was projected to: 
• shorten time-to-first shock by almost two 

minutes; 
• increase first-shock success from roughly 62% 

to more than 78%; 
• reduce CPR hands-off time during cardiac ar-

rest by about one-third; and 
• produce modest but clinically meaningful gains 

in ROSC, survival, and a favorable neurological 
proxy. 

In a fully synthetic, simulation-based randomized 
trial designed around the realities of a tertiary hos-
pital such as Symbiosis University Hospital and Re-
search Center, an AI-guided defibrillation and syn-
chronized cardioversion decision support system 
was projected to shorten time-to-first shock by al-
most two minutes, increase first-shock success from 
roughly 62% to more than 78%, and reduce CPR 
hands-off time during cardiac arrest by about one-
third. These changes translated into modest but clin-
ically meaningful gains in projected ROSC, sur-
vival, and a favorable neurological outcome proxy. 
The results should be interpreted as hypothesis-gen-
erating and primarily useful for protocol develop-
ment, sample size estimation, and workflow design.  



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 1. Simulated baseline characteristics by study arm 
 
Characteristic Standard (n=1,000) AI (n=1,000) 
Age (years), mean±SD 58.1±12.0 57.9±12.1 
Male sex, n (%) 650 (65.0) 648 (64.8) 
Shockable cardiac arrest, n (%) 704 (70.4) 696 (69.6) 
Unstable tachyarrhythmia, n (%) 296 (29.6) 304 (30.4) 
ED location, n (%) 352 (35.2) 347 (34.7) 
ICU location, n (%) 449 (44.9) 452 (45.2) 
Coronary care/monitored ward, n (%) 199 (19.9) 201 (20.1) 
Coronary artery disease history, n (%) 454 (45.4) 446 (44.6) 
Heart failure history, n (%) 254 (25.4) 251 (25.1) 

 
Legend: AI=artificial intelligence; SD=standard deviation; ED=emergency department; ICU=intensive care 
unit. 
 
 
 
Table 2. Primary process outcome (time-to-first shock) 
 
Measure Standard (n=1,000) AI (n=1,000) 
Time-to-first shock (min), mean±SD 5.5±2.3 3.7±1.6 
Median time-to-first shock (min), IQR 5.2 (3.8–6.7) 3.5 (2.6–4.5) 
Shocks delivered within 3 min, n (%) 212 (21.2) 516 (51.6) 
Shocks delivered within 5 min, n (%) 592 (59.2) 861 (86.1) 

 
Legend: AI=artificial intelligence; SD=standard deviation; IQR=interquartile. 
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AI should be viewed as a tool to augment, not 
replace, clinician judgment, with the ultimate goal 
of delivering earlier, more effective shocks and 
improving outcomes for patients with life-
threatening arrhythmias in high-burden Indian 
hospital settings. 
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Table 3. Secondary process measures 
 
Outcome Standard AI p-value 
CPR hands-off time* (sec), median (IQR) 74 (60–96) 48 (38–63) <0.001 
Mean CPR hands-off time* (sec), mean±SD) 78±30 50±22 <0.001 
Number of shocks per episode, median (IQR) 3 (2–4) 2 (1–3) <0.01 
Episodes requiring ≥4 shocks, n (%) 241 (24.1) 132 (13.2) <0.001 

 
Legend: AI=artificial intelligence; CPR=cardiopulmonary resuscitation; IQR=interquartile; SD=standard 
deviation. 
*Cardiac arrest episodes only (VF/pVT). 
 
 
 
Table 4. Clinical outcomes (simulation) 
 
Outcome Standard (n=1,000) AI (n=1,000) Effect (AI vs standard) p-value 
First-shock success, n (%) 620 (62.0) 782 (78.2) OR 2.25 (95% CI 1.90–

2.67) 
<0.001 

ROSC (cardiac arrest only), 
n/N (%) 

354/704 (50.3) 420/696 (60.3) OR 1.51 (95% CI 1.24–
1.85) 

0.001 

Survival to discharge (all 
episodes), n (%) 

246 (24.6) 293 (29.3) OR 1.27 (95% CI 1.03–
1.55) 

0.02 

Favorable neurological 
proxy, n (%) 

151 (15.1) 185 (18.5) OR 1.28 (95% CI 1.01–
1.63) 

0.04 

 
Legend: AI=artificial intelligence; OR=odds ratio; CI=confidence interval; ROSC=return of spontaneous 
circulation. 
 
 
 
Table 5. Key outcomes by event type (simulation) 
 
Outcome Event type Standard AI Comments 
Time-to-first shock (min), 
mean 

Shockable arrest 5.7 3.8 Larger absolute gain 
in arrests 

Unstable tachyarrhythmia 5.0 3.5 Similar direction of 
effect 

First-shock success, n/N 
(%) 

Shockable arrest 409/704 
(58.1) 

559/696 
(80.3) 

+22.2 percentage 
points 

Unstable tachyarrhythmia 211/296 
(71.3) 

223/304 
(73.4) 

Smaller gain (higher 
baseline success) 

Survival to discharge, 
n/N (%) 

Shockable arrest 168/704 
(23.9) 

205/696 
(29.5) 

+5.6 percentage points 

Unstable tachyarrhythmia 78/296 
(26.4) 

88/304 
(28.9) 

+2.5 percentage points 

 
Legend: AI=artificial intelligence. 
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Table 6. Time-to-first shock by location (simulation) 
 
Location Arm Time-to-first shock (min), mean±SD 
ED Standard 5.7±2.4 

AI 3.8±1.7 
ICU Standard 5.2±2.1 

AI 3.5±1.5 
Coronary care/ward Standard 5.8±2.4 

AI 3.9±1.6 
 
Legend: SD=standard deviation; ED=emergency department; AI=artificial intelligence; ICU=intensive care 
unit. 
 
 
 
Table 7. Multiple linear regression for time-to-first shock (simulation) 
 
Predictor β (minutes) 95% CI p-value 
Intercept 5.9 5.6 to 6.2 <0.001 
AI arm (vs standard) −1.74 −1.97 to −1.51 <0.001 
Shockable arrest (vs tachyarrhythmia) +0.41 +0.19 to +0.63 <0.001 
ICU (vs ward/coronary care) −0.32 −0.54 to −0.10 0.005 
ED (vs ward/coronary care) −0.08 −0.30 to +0.14 0.47 
Age (per 10-year increase) +0.06 −0.01 to +0.13 0.10 

 
Legend: CI=confidence interval; AI=artificial intelligence; ICU=intensive care unit; ED=emergency depart-
ment. 
 
 
 
Table 8. Sensitivity scenarios for AI effect on time-to-first shock and survival 
 
Scenario Assumed mean ΔT 

(min) 
Time-to-first shock: Standard vs 
AI (min), mean 

Survival to discharge: 
Standard vs AI 

Conservative AI 
effect 

1.0 5.5 vs 4.5 24.6% vs 27.1% (+2.5 
points) 

Base case (main 
analysis) 

1.8 5.5 vs 3.7 24.6% vs 29.3% (+4.7 
points) 

Optimistic AI effect 2.5 5.5 vs 3.0 24.6% vs 31.8% (+7.2 
points) 

 
Legend: AI=artificial intelligence. 

Crit Care Shock 2026 Vol. 29 No. 4 161 



1. Lonc T, Putowski M, Niemczyk G, Morajda A, 
Palmowska J, Kwinta A, et al. In-hospital cardiac 
arrest – A three-year Utstein- style report from a 
tertiary care center in Poland. Resusc Plus 
2025;26:101129. 

2. Goyal A, Singh B, Chhabra L, Singhal M. Syn-
chronized Electrical Cardioversion [Internet]. 
2023 [cited 2025 Nov 28]. Available from: 
http://www.ncbi.nlm.nih.gov/books/NBK482173 

3. Koller AC, Salcido DD, Lawrence GL, Mene-
gazzi JJ. Automated External Defibrillator Shock 
Advisement Discordance Among Multiple Elec-
trocardiographic Rhythms and Devices: A Prelim-
inary Report. Prehosp Emerg Care 2019;23:740–
5. 

4. Deakin CD, Ambler JJS, Shaw S. Changes in 
transthoracic impedance during sequential bipha-
sic defibrillation. Resuscitation 2008;78:141–5. 

5. Ansari Y, Mourad O, Qaraqe K, Serpedin E. Deep 
learning for ECG Arrhythmia detection and clas-
sification: an overview of progress for period 
2017–2023. Front Physiol 2023;14:1246746. 

6. Mazumder O, Banerjee R, Roy D, Mukherjee A, 
Ghose A, Khandelwal S, et al. Computational 
Model for Therapy Optimization of Wearable 
Cardioverter Defibrillator: Shockable Rhythm 
Detection and Optimal Electrotherapy. Front 
Physiol 2021;12:787180. 

7. Martínez-Sellés M, Marina-Breysse M. Current 
and Future Use of Artificial Intelligence in Elec-
trocardiography. J Cardiovasc Dev Dis 2023;10: 
175. 

8. Sridhar AR, Cheung JW, Lampert R, Silva JNA, 
Gopinathannair R, Sotomonte JC, et al. State of 
the art of mobile health technologies use in clini-
cal arrhythmia care. Commun Med (Lond) 2024; 
4:218. 

9. Soar J, Böttiger BW, Carli P, Couper K, Deakin 
CD, Djärv T, et al. European Resuscitation Coun-
cil Guidelines 2021: Adult advanced life support. 
Resuscitation 2021;161:115–51. 

10. Berger VW, Bour LJ, Carter K, Chipman JJ, Ev-
erett CC, Heussen N, et al. A roadmap to using 
randomization in clinical trials. BMC Med Res 
Methodol 2021;21:168. 

11. Neo NWS, Gunawan J, Levett-Jones T, Khoo ET, 
Chua WL, Liaw SY. Generative artificial intelli-
gence in healthcare simulation-based education: A 
scoping review. Clin Simul Nurs 2025;108: 
101819. 

12. Parizad R, Hatwal J, Javanshir E, Batta A, Mohan 
B. Artificial Intelligence in Cardiopulmonary Re-
suscitation: Revolutionizing Resuscitation 
Through Precision and Prediction – A Narrative         
. 

References 

162 Crit Care Shock 2026 Vol. 29 No. 4 

Review. Vasc Health Risk Manag 2025;21:847–
57. 

13. Ruggeri L, Fumagalli F, Bernasconi F, Semeraro 
F, Meessen JMTA, Blanda A, et al. Amplitude 
Spectrum Area of ventricular fibrillation to guide 
defibrillation: a small open-label, pseudo-ran-
domized controlled multicenter trial. eBioMedi-
cine 2023;90:104544. 

14. Ahn S, Jung S, Park J-H, Cho H, Moon S, Lee S. 
Artificial intelligence for predicting shockable 
rhythm during cardiopulmonary resuscitation: In-
hospital setting. Resuscitation 2024;202:110325. 

15. 44th International Symposium on Intensive Care 
& Emergency Medicine. Crit Care 2025;29(Suppl 
1):97. 

16. Andrade JG, Aguilar M, Atzema C, Bell A, Cairns 
JA, Cheung CC, et al. The 2020 Canadian Cardi-
ovascular Society/Canadian Heart Rhythm Soci-
ety Comprehensive Guidelines for the Manage-
ment of Atrial Fibrillation. Can J Cardiol 2020; 
36:1847–948. 

17. Undheim TA, Ahmad T. Quantitative scenarios 
for cascading risks in AI, climate, synthetic bio, 
and financial markets by 2075. Front Complex 
Syst 2024;2:1323321. 

18. Chan PS, Krumholz HM, Nichol G, Nallamothu 
BK, American Heart Association National Regis-
try of Cardiopulmonary Resuscitation Investiga-
tors. Delayed time to defibrillation after in-hospi-
tal cardiac arrest. N Engl J Med 2008;358:9–17. 

19. Lichaee FK, Salari A, Jalili J, Dalivand SB, Rad 
MR, Mojarad M. Advancements in Artificial In-
telligence for ECG Signal Analysis and Arrhyth-
mia Detection: A Review [Internet]. 2024 [cited 
2025 Nov 28]. Available from: https://brief-
lands.com/journals/ijcp/articles/143437#abstract 

20. Leo WZ, Chua D, Tan HC, Ho VK. Chest com-
pression quality and patient outcomes with the use 
of a CPR feedback device: A retrospective study. 
Sci Rep 2023;13:19852. 

21. Canino G, Di Costanzo A, Salerno N, Leo I, Can-
nataro M, Guzzi PH, et al. Artificial Intelligence 
in Cardiac Electrophysiology: A Clinically Ori-
ented Review with Engineering Primers. Bioengi-
neering (Basel) 2025;12:1102. 

22. Ridgeon EE, Bellomo R, Aberegg SK, Sweeney 
RM, Varughese RS, Landoni G, et al. Effect sizes 
in ongoing randomized controlled critical care tri-
als. Crit Care 2017;21:132. 

23. Generative AI in Healthcare: Concepts, Method-
ologies, Tools, and Applications [Internet]. 2025 
[cited 2025 Nov 28]. Available from: 
https://link.springer.com/book/9789819521289 


	
	
	
	
	
	
	
	
	
	
	
	



