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Abstract

In silico clinical trials (ISCTs) are an emerging method in modeling and simulation where

medical interventions are evaluated using computational models of patients. ISCTs have

the potential to provide cost-effective, time-efficient, and ethically favorable alternatives for

evaluating the safety and effectiveness of medical devices. However, ensuring the credibility

of ISCT results is a significant challenge. This paper aims to identify unique considerations

for assessing the credibility of ISCTs and proposes an ISCT credibility assessment workflow

based on recently published model assessment frameworks. First, we review various ISCTs

described in the literature, carefully selected to showcase the range of methodological

options available. These studies cover a wide variety of devices, reasons for conducting

ISCTs, patient model generation approaches including subject-specific versus ‘synthetic’

virtual patients, complexity levels of devices and patient models, incorporation of clinician or

clinical outcome models, and methods for integrating ISCT results with real-world clinical tri-

als. We next discuss how verification, validation, and uncertainty quantification apply to

ISCTs, considering the range of ISCT approaches identified. Based on our analysis, we

then present a hierarchical workflow for assessing ISCT credibility, using a general credibil-

ity assessment framework recently published by the FDA’s Center for Devices and Radio-

logical Health. Overall, this work aims to promote standardization in ISCTs and contribute to

the wider adoption and acceptance of ISCTs as a reliable tool for evaluating medical

devices.

Author summary

A new method for evaluating a medical device is an in silico clinical trial, where the device

performance is tested using computational models representing a cohort of patients.

Demonstrating that in silico clinical trials are reliable is clearly of paramount importance.

However, little information is available on how to ensure this. In this paper we present a

workflow for evaluating an in silico clinical trial. This workflow was developed by consid-

ering a wide-ranging sample of previously published in silico clinical trials, together with a
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detailed assessment of how specific model evaluation activities apply to in silico clinical

trials.

1. Introduction

In silico clinical trials (ISCTs) are an emerging method in computational modeling and simula-

tion (M&S) where medical interventions are evaluated using a range of computational models

of patients. ISCTs have many potential applications including reducing animal testing, aug-

menting or reducing the size of real-world clinical trials (CTs), supporting trial design by pro-

viding improved inclusion-exclusion criteria, or effectively increasing the diversity of patients

considered in the overall safety and effectiveness assessment compared to a traditional CT.

Realizing the potential of ISCTs will require addressing technical challenges in model develop-

ment, data collection, and computational methods. This paper focuses on another challenge

hindering the use of ISCTs: establishing processes and standard approaches to demonstrate

the credibility of their results.

Model credibility is defined as the “trust in the predictive capability of a computational

model for a particular context of use (COU)” [1]. The medical devices modeling community

has developed frameworks and methods to assess credibility of computational models for med-

ical devices, including the ASME V&V40 2018 Standard, FDA Guidance [2], and various sup-

porting documents [3–7]. These efforts build upon extensive verification, validation, and

uncertainty quantification (VVUQ) literature developed by the engineering community [8]. In

the context of M&S, verification confirms that a computational model accurately represents an

underlying mathematical model, while validation involves comparing model predictions with

real-world data. Uncertainty quantification (UQ) entails estimating uncertainty in model

inputs and computing the subsequent uncertainty in model outputs [2].

Most recent medical device credibility efforts have been primarily motivated by traditional

applications of M&S for medical devices, such as identifying worst-case conditions to reduce

the burden of bench testing. ISCTs and a closely related counterpart, patient-specific models

(PSMs), have received limited investigation in comparison. PSMs are computational patient

models in which some parameters have been personalized using data from a specific patient,

so that the model can make predictions for that patient. In previous work, we explored credi-

bility of patient-specific models [9]. We considered what verification, validation and uncer-

tainty quantification each mean for PSMs, unique considerations that arise for PSM credibility

assessment, and discussed how to apply ASME V&V40 2018 to PSMs. The present paper

extends the previous work to in silico clinical trials. The aims of the present paper are: (i) con-

sider what verification, validation and uncertainty quantification mean for ISCTs; (ii) identify

unique considerations that arise when evaluating credibility of an ISCT; and (iii) propose a

credibility assessment workflow for ISCTs based on FDA Guidance [2] and ASME V&V40

2018 [1]. In this paper our focus is ISCTs for medical devices; however, our conclusions may

inform evaluation of ISCTs in other domains, such as ISCTs for pharmaceutical products.

This paper complements and builds upon related work, including a theoretical framing for

credibility of in silico studies [10], a discussion of limitations of ASME V&V40 2018 for ISCTs

[11], a framework for executing an ISCT using VVUQ concepts [12], and a proposed alter-

ation to ASME V&V40 2018 for ISCTs, including modification of the risk assessment stage

which is outside the scope of the present paper [13]. The present paper focuses primarily on

first-principles models, as opposed to data-driven models (which includes those based on
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machine learning). This will be discussed further in the following section. For a review of

ISCTs for medical imaging devices focused primarily on data-driven models, see [14].

Our approach is as follows. First, we review a selection of ISCTs described in the literature

that cover a wide range of possibilities. The goal of this literature review is not to comprehen-

sively survey all ISCTs that have been performed for evaluating medical devices. Instead, it is

to illuminate the array of methodological options with ISCTs. This will inform the credibility

assessment discussion in subsequent sections. We begin in Section 2 by discussing what an

ISCT is, defining sub-models of ISCTs, and reviewing example ISCTs. From these examples,

we identify unique VVUQ considerations for ISCTs in Section 3 and propose an ISCT credi-

bility assessment workflow in Section 4.

2. In silico clinical trials for medical devices

2.1. Definitions

There is currently no widely accepted community definition of an ISCT, and interpretations of

ISCTs differ among practitioners. In fact, related terms such as in silico trial [10,15,16] or in sil-
ico study (thousands of publications) are used in the M&S literature, and there is no clear

delineation between the three terms ‘in silico trial’, ‘in silico study’ and ‘in silico clinical trial’.

For the purposes of this document, we will interpret an ISCT as follows: a computational study

in which a medical intervention is evaluated using a cohort of computational models of

patients. In this paper, the medical intervention will be a medical device, including imaging

and other diagnostic tools as well as therapeutic devices.

Requiring a medical intervention in the definition distinguishes ISCTs from simulation

studies addressing questions of basic physiology or pathophysiology only, with no medical

intervention. Such simulation studies are analogous to observational clinical studies. Our inter-

pretation of ISCTs imposes no constraints on the complexity of either the device model or

patient model. Studies using very simple device or patient representations fall within our inter-

pretation of an ISCT. We also do not impose constraints on the number or variability of the

patients simulated. While ideally these would cover the indicated patient population in some

way, with sufficiently many virtual patients to draw statistically significant conclusions, we do

not require these in our interpretation of ISCTs (similarly to the definition of a clinical trial

[17]). Note also that we have not constrained the type of question to be addressed in the ISCT.

It is possible that a future consensus definition of ISCT will require the question of interest to

be a specific safety or effectiveness question (e.g., related to a clinical endpoint), or perhaps a

regulatory question. However, a broad interpretation of ISCTs is sufficient for this paper.

We will use the following terminology. A patient model is a computational model of a

patient for a biomedical application. A baseline patient model is a patient model in which val-

ues of some parameters (referred to as fixed parameters) have been specified but others

(referred to as variable parameters or personalized parameters) have not yet been specified.

The baseline patient model has also been referred to as the template model [18]. A virtual

patient is a realization of the baseline patient model, that is, a model in which the variable

parameters have been specified. A subject-specific virtual patient is a virtual patient for

which the values of the variable parameters have been specified based on data from a real (liv-

ing or deceased) human subject. Subject-specific virtual patients can be considered to corre-

spond to that real subject. A synthetic patient is a virtual patient where the values of the

variable parameters do not, or are not known to, correspond to any real human subject–typi-

cally parameters obtained by sampling some distribution. A virtual cohort is a set of virtual

patients. Virtual cohorts may be made entirely of subject-specific virtual patients, entirely of

synthetic patients, or could perhaps be a mixture of both. An ISCT is a simulation study using
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a virtual cohort addressing a specific question of interest about a medical intervention. For the

remainder of this paper, when we refer to an ISCT, we mean an ISCT for a medical device.

In healthcare applications, the term ‘digital twin’ is sometimes used synonymously with

patient-specific model. Alternatively, it has been defined more precisely as a “comprehensive,

virtual tool that integrates coherently and dynamically the clinical data acquired over time for

an individual using mechanistic and statistical models” [19], that is, a patient-specific model

that is updated as new data from the patient becomes available. In silico clinical trials using vir-

tual cohorts of digital twins are possible and are a special case of virtual cohorts of subject-spe-

cific virtual patients.

It will also be important to distinguish between two different modeling modalities. First

principles-based models (sometimes referred to as knowledge-based models [20]) are models

constructed around cause-effect hypotheses encapsulated as physics-based, mechanistic or

first principles based governing equations. These models explicitly integrate known physics

and physiology. Data-driven models are not based on first principles governing equations.

These models are often associated with fitting to large datasets. Modern machine learning

methods are data-driven models, whereas traditional solid mechanics or fluid dynamics mod-

els are first principles-based (although they may have data-driven sub-models). This is not a

binary categorization. Rather, many models lie within a spectrum with pure data-driven and

pure first principles based models at the extremes [20], and hybrid methods are possible, e.g.,

[21]. Still, it is important to distinguish between the two approaches as different evaluation

techniques apply.

2.2. Features of an ISCT

Fig 1 presents an overview of components to an ISCT. ISCTs are always composed of multiple

sub-models. Based on our definitions above, the following are necessary sub-models for a

medical device ISCT. Examples will be provided in Section 2.3.

Fig 1. Overview of components of an ISCT (necessary components in white boxes, possible components in light

blue boxes). Left side: a virtual cohort (set of virtual patients) can be created given a baseline patient model and a

cohort generation method. Coupling with a device model, and potentially other sub-models, results in the virtual

cohort for the ISCT, which is run using the ISCT study protocol to obtain the ISCT results. The right-hand box shows

four approaches to generating a virtual cohort (not comprehensive). Approach A): Construct subject-specific virtual

patients from subject-specific data. B) Construct subject-specific virtual patients and alter to create synthetic patients.

C) Generate synthetic patients by sampling from probability distributions derived from subject-specific virtual

patients; D) Generate synthetic patients by sampling from prescribed probability distributions. Two parameters, p1

and p2, shown for simplicity. See text for discussion.

https://doi.org/10.1371/journal.pcbi.1012289.g001
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1. Baseline patient model: as defined above. By patient model, we do not mean just an ana-

tomical representation; also included are the governing equations for physical/physiologi-

cal/clinical quantities of interest. The governing equations could be primarily first

principles-based or primarily data-driven.

2. Device model: a model of the medical device under consideration, or some aspect of the

device. As with the baseline patient model, by device model we refer to geometrical infor-

mation about the device together with equations governing the device quantities of interest.

Again, the governing equations could be primarily first principles-based or primarily data-

driven. We assume the device will be simulated in silico. The case of hardware-in-the-loop

testing, where a real device interacts with a patient model [15], is outside the scope of this

paper.

3. Virtual cohort: the set of virtual patients to be used in the ISCT. Fig 1 distinguishes between

two states, the virtual cohort before and after coupling with the device and other models.

Many different methods could be used to specify variable parameters in the baseline patient

model to create virtual patients that make up the virtual cohort. We highlight four

approaches as illustrated in Fig 1:

1. Construct N subject-specific virtual patients using clinical data collected from N subjects

2. Construct N subject-specific virtual patients using clinical data collected from N subjects,

then alter these models in some way (e.g., introduce disease conditions) to create M� N
synthetic patients (example in Section 2.3.5).

3. Construct N subject-specific virtual patients using clinical data collected from N subjects

and use the parameter values inferred across the N subjects to set up probability distribu-

tions for the variable parameters. Next, sample from these distributions to generate M
synthetic patients (usually M>> N). The distributions could be multi-variate to account

for parameter correlation, as indicated in Fig 1.

4. Set up probability distributions using a different method to (c), for example assuming

uniform or normal distributions for parameters with bounds/means/variances taken

from the clinical literature, and then sample from those distributions to generate M syn-

thetic patients. Since there is generally limited information on parameter correlations

across patients in the clinical literature, these distributions will likely be independent.

Other approaches to generating virtual cohorts are possible, including variations of the

above, or others such as [22] which constructs N subject-specific virtual patients and then uses

a combinatorial approach to create synthetic patients. To create a virtual cohort, it may be nec-

essary to apply inclusion-exclusion criteria to a larger group of virtual patients. These criteria

could be based on factors such as the anatomical [16] or functional features of the patient

models.

ISCTs may also contain the following sub-models, among others:

4. Clinical outcome mapping model: in many cases, virtual patient models predict an engi-

neering quantity (e.g., stresses, strains) that differ from the clinical outcomes that are typi-

cally used as study endpoints, such as mortality, hospitalization, or sustained freedom from

disease. ISCTs may therefore also use a clinical outcome mapping model (henceforth

referred to a ‘clinical outcome model’) that converts the patient model output(s) into the

clinical outcome(s). Such models are typically data-driven, based on empirical associations

between the quantities. For example, [12] describes an ISCT which uses a statistical model
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to relate the engineering output (displacement of a neuromodulation lead tip) with the clin-

ical outcome (complication-free rate). Clinical outcomes are often binary or categorical,

whereas model outputs are usually continuous variables, in which case the clinical outcome

model may require mapping continuous variables to categorical ones.

5. Model(s) of other relevant systems: the system of interest may involve other sub-systems,

excluding the patient and device, that need to be modeled in the ISCT. For example, an

ISCT for assessing heating of a metallic implant during MR imaging requires a model of the

MR scanner (see Section 2.3.1).

6. Clinician model: some ISCTs explicitly simulate the behavior of a clinician, for example a

surgeon placing a device in a patient or a radiologist reviewing X-ray images (see Section

2.3.2). Additionally, whenever an ISCT involves an implanted device, simulations must

account for where and how the device is implanted (e.g., following instructions for use),

and clinician variability in the placement could be important to consider. As with hard-

ware-in-the-loop studies, ISCTs with a “clinician-in-the-loop” (e.g., a real radiologist

reviewing each simulated image) are outside the scope of this document.

7. Emulator: an emulator is a fast-running surrogate model used in lieu of a more computa-

tionally expensive model. ISCTs can use emulators that are trained on many simulations

from virtual patients to provide fast predictions. Emulators are often statistical models, for

example, Gaussian process emulators [23, 24], although they could also utilize lower-fidelity

physics-based models [25].

Other components of ISCTs (not sub-models) illustrated in Fig 1 include the ISCT study

protocol and any ISCT/CT integration framework. The ISCT/CT integration framework refers

to any statistical framework for integrating an ISCT with a real-world clinical trial. For exam-

ple, [26] proposes a workflow for integrating an ISCT and a CT, where the weight assigned to

the ISCT is dictated by the agreement between the ISCT and CT—this is discussed further in

Section 2.3.6. ISCT study protocol and ISCT/CT integration framework are both related to

ISCT execution. The focus of this paper is ISCT credibility, and a detailed analysis of the

options available for ISCT execution is outside our scope. However, we note there are many

options available for ISCT study execution, including some that might not be feasible in a real-

world study. For example, each virtual patient could receive both the control and intervention

in different simulations. For the case of multiple interacting interventions, it may be possible

to combinatorically consider all possibilities for each virtual patient. Ad hoc removal of virtual

patients, for example based on non-physiological behavior, is also a possibility in ISCTs. The

range of possibilities for ISCT execution is, to our knowledge, largely unexplored. This hinders

the ability to develop of standardized processes for setting up and running an ISCT. Establish-

ing good practice for all stages in an ISCT, of which the credibility assessment as covered

below will be a subset, will be vital to the success of the field.

2.3. Example ISCTs for medical devices

Next, we review ISCTs that have been performed for medical device applications. Our goal is

to demonstrate the range of methodological options available with ISCTs, not to provide a

comprehensive review of all ISCTs performed for medical devices. Therefore, we have selected

eight ISCTs that we believe showcase different applications, features, or decisions with ISCTs,

that will inform the credibility assessment sections that follow. The eight examples are summa-

rized in Table 1.
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Table 1. Overview and comparison of ISCTs discussed in Section 2.3. MR: magnetic resonance, RF: radiofrequency, AUC: area under receiver operator characteristic

curve, ODE: ordinary differential equation, CGM: continuous glucose monitor, FEA: finite element analysis.

ISCT Device evaluated ISCT aim Patient model Device model Virtual cohort

generation

approach

N Other sub-models /

components

MR induced

heating (ISO

10974, clause

8, Tier 4

[28])

Active implantable

metallic device

(AIMD)

Assess RF-induced

heating of AIMD

during MR

imaging.

Computed: local

temperature rise

Electromagnetic

whole-body model

(3D, ~300 tissue

regions, EM properties

assigned to each

region).

Electromagnetic

model of the

AIMD

Range of subject-

specific models

constructed from

data from twelve

patients, covering a

range of ages, both

sexes, body masses,

and including

pregnant women

models.

15 (1) Model of RF

transmit coil as source

of induced electric

field. (2) Convert RF

power deposition into

local temperature rise

using, e.g., bioheat

equation

VICTRE

[32]

X-ray imaging

devices for digital

breast

tomosynthesis

(DBT)

Compare DBT and

digital

mammography

(DM) images for

lesion detection.

Computed: AUC

difference between

DBT and DM

Breast mechanics

model with randomly

created anatomical

structures, including

microcalcification /

speculated mass. Breast

bio-mechanics model

to simulate

compression as done in

clinical practice.

Physics-based

model of images

generated by DBT

and DM systems

Synthetic patients

with range of breast

sizes and

radiographic

densities

representative of

the screening

population.

Multiple lesions

inserted inside each

patient. 2D and 3D

regions of interest

(with and without

lesions) extracted

for detection

performance

analysis.

2,986 Computational reader

model (i.e., clinician

model)

FD-PASS

[16]

Intra-cranial flow

diverter

Assess flow diverter

efficacy for

occluding

aneurysms.

Computed:

aneurysm mean

velocity reduction

Computational fluid

dynamics model of

carotid artery

Structural model

of flow diverter

Initially >300

anatomical models

generated from

images, then

inclusion-exclusion

criteria applied (82

models), then

normotensive and

hypertensive

conditions applied

to each.

164 No clinical outcome

model as such but

aneurysm mean

velocity

reduction > 35% was

considered a

surrogate for

successful occlusion.

Artificial

pancreas

ISCT [39]

(example of

PCLC

evaluation)

Automated insulin

delivery device

Assess stability of

controller.

Computed: glucose

time profiles

Compartmental

glucose-insulin model

(13 ODEs, 26 free

parameters (2008

version))

CGM sensor and

glucose pump

models, and

implemented

controller

algorithm

Parameters

sampled from

multi-variate

distribution

300

Whole heart

model ISCT

[41–43]

Cardiac

resynchronization

therapy (CRT)

systems

Aim to compare

the efficacy of

different methods

for delivering CRT.

Computed

quantity:

Activation timings

and synchrony

4 chamber heart

electrophysiology

model

Different devices

mimicked by

changes in model

boundary

conditions.

Subject-specific

models generated

using cardiac

images from 24

patients, then each

model altered to

introduce heart

failure

24

(Continued)
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2.3.1. MR-induced heating of implantable metallic devices. Every year millions of

patients receive life-long metallic implants such as orthopedic devices or pacemakers. Many of

these patients will require MR imaging at some later point in their life. However, metallic

implants may absorb radiofrequency (RF) energy emitted by the MR scanner which can cause

thermal tissue damage. It is especially challenging to demonstrate that absorbed energy falls

within safe limits for active metallic implants (e.g., cardiac pacemakers), which have leads that

may take various possible configurations within the body. A well-established method address-

ing this safety question is computational electromagnetic modeling [27,28]. In this approach,

an electromagnetic model is created of relevant aspects of the implant. The implant model is

embedded in a patient model, coupled to a model of the MR scanner, and Maxwell’s equations

are solved to predict specific absorption rate (SAR; rate of RF energy deposited in tissue). An

additional model, for example, the Pennes bioheat equation [29], can be used to convert SAR

into a rise in temperature. The Virtual Population [30] is a set of human models for electro-

magnetic simulations that have been created for these purposes. Each model is made up of

over 300 tissues, with a supporting database of electromagnetic properties for each tissue. Fif-

teen human models covering a range of ages, body mass indices, and sexes have been gener-

ated using data from 12 subjects (one of the subjects provides multiple models at different

stages of pregnancy). While simulation studies involving the Virtual Family are generally not

described as ISCTs, they fall within our interpretation of ISCTs in Section 2.1. For this applica-

tion, every virtual patient is a subject-specific virtual patient; there are no synthetic patients.

2.3.2. Virtual Imaging Clinical Trial for Regulatory Evaluation (VICTRE). Nearly 40

million x-ray-based breast images are acquired every year in the United States. Two alternative

imaging technologies are available in the market: 2D examinations with full-field digital mam-

mography (FFDM) and 3D examinations with digital breast tomosynthesis (DBT). The clinical

evaluation and comparison of x-ray imaging modalities is challenging due to the inherent risk

of ionizing radiation, particularly for radiosensitive organs like the breast. Even though DBT

Table 1. (Continued)

ISCT Device evaluated ISCT aim Patient model Device model Virtual cohort

generation

approach

N Other sub-models /

components

Bayesian

framework

for

integrating

ISCT and

CT [26]

Implantable

cardioverter

defibrillator (ICD)

Assess lead fracture

rate

Statistical model of

bending stress across

the population derived

from imaging leads in

real patients. (No

single patient model)

Function relating

bending stress to

number of cycles

to fracture

See patient model. Not fixed Bayesian statistical

framework for

incorporating real-

world trial

Automata-

based heart

models for

ICD

evaluation

[46]

Implantable

cardioverter

defibrillator (ICD)

Assess ability to

discriminate two

types of

arrhythmias

Computed: rate of

inappropriate

detection

Automata-based model

of cardiac

electrophysiology

capable of producing

19 different

arrhythmias

Two arrhythmia

detection

algorithms

Uniformly

distributed timing

parameters with

ranges determined

from EP literature

11,400 [47] extends this work

by placing model

within a Bayesian

statistical framework

including

incorporating with a

real-world trial

Micra Micra implantable

leadless pacemaker

Predict reliability of

fixation tines for

fatigue-related

failures

Impact of the patient is

accounted for via

stochastic boundary-

conditions.

Structural FEA

model of the

fixation tines

Stochastic

generation of

multiple virtual

trials each with

multiple virtual

patients.

10K

simulated

trials of 5K

virtual

patients each,

50M

simulations

total

Statistical model of

fracture observed in

human patients in

real world trial via

imaging to confirm

rate of failure

https://doi.org/10.1371/journal.pcbi.1012289.t001
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has been approved by the FDA since 2011, it is still considered a higher risk device (class III)

than FFDM (class II), and a large clinical trial with more than 100,000 patients is underway to

compare the two technologies (Tomosynthesis Mammographic Imaging Screening Trial [31]).

To address the difficulty of evaluating these technologies, the Virtual Imaging Clinical Trial for

Regulatory Evaluation (VICTRE) project [32] explored the possibility of using an ISCT to

compare the performance of FFDM and DBT. First, a cohort of 3,000 synthetic breast phan-

toms was created by sampling a mathematical anatomic model. Then, FFDM and DBT images

were simulated using a physics-based Monte Carlo x-ray transport code. Finally, the detect-

ability of lesions inside the breasts was evaluated using mathematical model observers (i.e., a

clinician model). The results of the ISCT compared favorably with the results of an existing

clinical trial that was used as a reference, indicating that in silico imaging trials represent a via-

ble source of regulatory evidence for imaging devices evaluation.

2.3.3. Intracranial flow diverter performance assessment. Flow diverters are stent-like

devices implanted adjacent to intra-cranial aneurysms to promote thrombus formation in the

aneurysm. The flow diverter performance assessment (FD-PASS) study [16] was an in silico
clinical trial that predicted post-treatment flow reduction in 164 virtual patients using compu-

tational fluid dynamics (CFD). First, a reference cohort of over 300 anatomical models was

generated from 3D rotational angiography images. 82 anatomies were retained after applying

inclusion-exclusion criteria relating to aneurysm structure and poor mesh quality. Normoten-

sive and hypertensive conditions were simulated for each of the 82 anatomies, generating 164

virtual patients in total. A virtual model of the Pipeline Embolization Device (Medtronic) was

deployed in each virtual patient, following clinical guidelines. CFD simulations were per-

formed to compute post-treatment aneurysm mean velocity reduction (AMVR). The ISCT

endpoint was AMVR > 35%, argued as a surrogate for successful occlusion. Flow diverter effi-

cacy as predicted in the FD-PASS trial was compared with observations from three previous

clinical trials.

2.3.4. Physiologic closed loop control (PCLC) device evaluation. Physiologic closed

loop control (PCLC) devices automatically actuate therapy based on data sensed from the

patient to achieve a target response set by the user. Examples of PCLC devices include autono-

mous mechanical ventilators that constantly adjust a patient’s end-tidal oxygen [33], auto-

mated anesthetic devices [34], automated fluid resuscitation devices [35], or automated insulin

pumps that measure blood glucose levels and deliver insulin accordingly. PCLC algorithms

need to demonstrate basic properties such as stability and robustness. Computational patient

models of the physiological system(s) of interest can be used to evaluate a PCLC system. An

example workflow is to develop a patient model, sample parameters across a wide range to

generate a wide range of synthetic patients, and assess PCLC performance using each patient

model [36]. Patient models used in PCLC evaluation are typically systems of ordinary differen-

tial equations (ODEs), such as reduced order ODEs governing whole-body hemodynamics

[37]. Another example is compartmental glucose-insulin models, which have been used to

generate virtual cohorts to evaluate automated insulin pumps [38,39] (more details in Table 1).

PCLC evaluation provides an example of case C in Fig 1. For example, [37] defines a method

for generating synthetic patients from calibrated subject-specific virtual patients, for a hemor-

rhage/fluid resuscitation model, that attempts to minimize sampling from non-physiologic

parameter space.

2.3.5. Evaluating cardiac devices using virtual cohorts of electrophysiological whole-

heart models. Patient-specific models of heart electrical activity can be constructed from MR

or computerized tomography imaging data. Libraries of heart models have been developed

that can be used as virtual cohorts for device or drug ISCTs. For example, imaging data from

24 subjects was used in [40] to develop 24 four-chamber heart models. These models were
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used in [41–43] to study the efficacy of different cardiac resynchronization therapy (CRT) pac-

ing protocols for heart failure patients with left bundle branch block (LBBB). The CRT device

was not explicitly simulated; instead, CRT lead placements were simulated by prescribing sti-

muli locations in the electrophysiological simulations. In these studies, both subject-specific

and synthetic cohorts were created. Each of the 24 anatomical models represent a specific

patient, although tissue material properties were defined from the literature. Synthetic patients

were then created from the subject-specific virtual patients, by introducing different presenta-

tions of electrophysiology pathologies in each patient (case B in Fig 1). The cohort of synthetic

patients was used to study how different CRT delivery systems are affected by underlying

pathology and highlighted the need for personalized therapy [44]. To validate the cohort, the

authors compared cohort predictions for different pathology presentations and responses to

therapy to summary statistics from independent clinical studies [45]. This provides a frame-

work for validating predictions from synthetic virtual cohorts.

2.3.6. Bayesian framework for incorporating virtual patient predictions in medical

device clinical trials. The question of how to augment a real-world clinical trial with results

from an ISCT is addressed in [26]. This paper assumes a computational model has been devel-

oped that predicts the same endpoint as a clinical trial, and that the CT and ISCT can be run in

parallel. The specific application considered in [26] is cardiac lead fracture. However, the main

contribution of [26] is a novel statistical framework, and we focus on the framework in this

summary. The article presents a Bayesian statistical framework for combining results of a CT

and ISCT, where the effective number of virtual patients, n0, is dictated by the similarity of the

results of the CT and the ISCT. The greater the similarity in the ISCT and CT results, the larger

n0, up to a pre-specified maximum. When n0 = 0, only the clinical trial results are used to esti-

mate the clinical parameter of interest. For larger n0, the ISCT results are given greater weight,

while still being constrained so that the CT results govern the overall result. All virtual patients

are synthetic patients. Therefore, the ISCT and CT results are compared in distribution at the

population level. However, the comparison is non-symmetric. For example, when the clinical

parameter of interest is a failure rate, it is considered preferable for the ISCT to predict a

greater failure rate than the CT, versus the other way around, and a non-symmetric metric for

comparing the two distributions was proposed.

2.3.7. Synthetic heart models for implantable cardioverter defibrillator evaluation.

The next example of ISCTs is the work of [46] which uses large numbers of automata-based

heart models for evaluating performance of implantable cardioverter defibrillators (ICDs).

Unlike the example in Section 2.3.5 which involves a relatively small number (~20) of image-

derived heart models, [46] develops a large number (> 11,000) of computationally inexpen-

sive heart models. The baseline model is an automata-based model with a set of nodes and

conduction paths connecting the nodes. Virtual patients are realized by prescribing

electrophysiological timing and other parameters using uniform distributions with ranges

obtained from the literature; in this manner > 11,000 models were generated covering 19

common arrhythmic conditions. The underlying algorithm and sensing method of two ICDs

were implemented, and the virtual performance of the virtual ICDs was evaluated using the

virtual cohort. The results matched a real clinical trial comparing the two ICDs, the Rhythm

ID Going Head-to-Head Trial (RIGHT). In fact, the results of the original RIGHT trial were

contrary to the trial hypothesis and therefore RIGHT was considered a failure; the fact that

an ISCT was able to predict the same result demonstrates the potential value of ISCTs. A

related work, [47], uses the same model within a Bayesian statistical framework for integrat-

ing the ISCT with a concurrent CT, using methods related to Section 2.3.6, and additionally

presents a method for quantifying the robustness of the ISCT to underlying modeling

assumptions.

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 10 / 32

https://doi.org/10.1371/journal.pcbi.1012289


2.3.8 Fixation of leadless pacemakers. Leadless pacemakers improve upon traditional

pacemaker systems by miniaturizing the pulse generator to such a degree that it can be

implanted entirely within the heart, eliminating the need for leads to conduct energy to the tis-

sue. Medtronic’s leadless pacemaker, the Micra device, is delivered via a catheter and utilizes a

novel fixation mechanism comprised of four nitinol tines. The tines are electrically inactive

members that assure initial tissue to electrode contact, prior to expected encapsulation. Cyclic

motion of the heart subjects these tines to a risk of fatigue fracture that could affect the initial

contact. Fatigue related risks take time to manifest and thus require long patient follow-up

times. Therefore, the fixation fatigue risk was addressed using a mixture of non-clinical data

and modeling sources, including finite element modeling and Monte Carlo simulation. This

approach incorporated variability in expected use conditions and material fatigue perfor-

mance, allowing for a stochastic prediction of the risk of fixation fracture over long implant

durations. This example is notable in that the “virtual patient” does not appear as a geometric

representation of anatomy, but only through the description of the boundary conditions

applied to the tines. This example is also notable because of the integration of finite element

modeling with statistical modeling, generating a very large number of simulations. The study

involved 5,000 simulated trials, each comprised of 10,000 virtual patients, for a total of 50 mil-

lion simulations.

2.3.9 Comparison of ISCTs. These eight examples showcase a range of possible attributes

of ISCTs. Specifically:

• ISCT virtual cohorts could be comprised of subject-specific virtual patients such as in the

MR-induced heating ISCT (Section 2.3.1), synthetic patients (see the ISCTs covered in Sec-

tions 2.3.2, 2.3.4–2.3.7), or a mixture of both types of virtual patient, such as FD-PASS (Sec-

tion 2.3.3).

• Synthetic virtual patients are usually generated by sampling parameters from prescribed dis-

tributions. These distributions can be independent, such as the automata heart models (Sec-

tion 2.3.7), or multivariate, such as the PCLC evaluation example (Section 2.3.4). However,

other cases are possible, e.g., the whole heart models (Section 2.3.5) that are initially subject-

specific but adapted to introduce pathological conditions so that they become synthetic

models.

• The patient models may be systems of ODEs (such as in the PCLC evaluation example in Sec-

tion 2.3.4), partial differential equations (such as the MR-induced heating example in Section

2.3.1 or the whole heart models in Section 2.3.5), rule-based (automata heart models in Sec-

tion 2.3.7), multi-physics (VICTRE in Section 2.3.2 and FD-PASS in Section 2.3.3), or simply

provide boundary condition values for the device model (Micra ISCT in Section 2.3.8).

• Device models may be 3D physics-based models (such as the MR-induced heating, VICTRE,

FD-PASS or Micra ISCTs), implementation of device software algorithms (PCLC evaluation

or automata heart models ISCTs), simple equations (Bayesian framework in Section 2.3.6)

or simply provide boundary conditions for the patient model (whole heart ISCT in Section

2.3.5).

• ISCTs can be performed together with a real-world CT (Bayesian framework in Section 2.3.6

and [47] covered in Section 2.3.7); as a less expensive alternative to a full CT (VICTRE,

whole heart model, automata heart model, and Micra ISCTs); to provide initial safety evi-

dence prior to a CT (some PCLC evaluation use cases); or to address a question for which a

CT would be unethical (MR-induced heating ISCT).

• Some ISCTs include a model of clinician behavior, such as the VICTRE ISCT.
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3. Verification, validation and uncertainty quantification for ISCTs

We next consider verification, validation and uncertainty quantification. Our aim in this sec-

tion is to highlight unique considerations for how each applies to ISCTs.

3.1. Verification

First, we consider verification, which can be broken down into two sub-activities: code verifi-

cation, the process of identifying errors in the numerical algorithms of a computer code, and

calculation verification, the process of determining the solution accuracy of a calculation [1].

For the most part, code verification considerations are the same for ISCTs as for other mod-

els. ISCTs are comprised of various sub-models and each need to be tested to ensure they have

been correctly implemented. Errors in any of the sub-models could compromise the reliability

of the ISCT, and it is important that unit testing is performed for all sub-models (including,

for example, any clinical outcome model, or sampling method). Studies where multiple model-

ing groups attempt to solve the same pre-specified problem have been useful in various fields

for code verification and, more generally, for scientific reproducibility [48–50]. A future

“grand challenge” where multiple modeling groups independently perform a carefully speci-

fied ISCT could offer similar benefits to this emerging field.

In our previous work for patient-specific models we identified unique calculation verifica-

tion considerations that arise for PSMs [9]. Some of these considerations also apply to ISCTs.

First, we noted that with PSMs it is common to perform calculation verification studies such

as grid refinement studies using a single, assumed representative, patient. For PSMs that are

clinical tools, which can be applied to any new patient in the indicated patient population, this

leaves open the possibility that the numerical error will be unexpectedly high for some patients.

For example, suppose the mesh convergence study using one or a few patients determined that

the spatial discretization size h = h0 was sufficient for<1% error in the model output. If there

are some patients in the indicated patient population for which errors with using h = h0 are

much greater than 1%, model predictions may be unreliable for those patients. Similarly, for

ISCTs, it may be important to execute discretization error studies using multiple virtual

patients from the cohort, ideally representing the entire virtual cohort, to develop confidence

that the selected numerical parameters are appropriate for all virtual patients in the cohort.

Strategies include (in no specific order):

• Compute the discretization error using two randomly sampled subsets of the virtual cohort

and compare the consistency of discretization error.

• Compute the discretization error using a randomly sampled subset of the virtual cohort, esti-

mate the 95% or 99% confidence interval for the discretization error, and use this informa-

tion when analyzing virtual patient results in the ISCT.

• If computational time is a limiting factor, attention could be focused on expected worst-case

virtual patients. For example, patients with anticipated large gradients of the primary quanti-

ties of interest that need a finer mesh to resolve.

User variability was also identified in [9] as a potential source of error for PSMs. Some

PSMs include a manual step with a subjective decision in the model development workflow;

for example, choosing manual segmentation or choosing a seed point for image segmentation.

For such PSMs, it is important to confirm that outputs of the model are not impacted by inter-

or intra-user variability [9,48,51,52]. The same principle applies to ISCTs that require subjec-

tive decisions in the creation of virtual patients.
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3.2. Validation

What does validation of an ISCT look like? Unlike models of medical devices in isolation, or

models of single patients, there are many features to an ISCT, and validation is possible at

many levels. One possibility is to validate each of the different sub-models of an ISCT. Another

possibility is to perform ‘cohort validation’, involving simulations from all members of the vir-

tual cohort. Both cases are discussed below. Table 2 lists potential validation tests that arise in

the subsequent sections.

Table 2. Selection of possible validation tests that could be performed to evaluate an ISCT, identified in Section 3.2. This is not intended to be a comprehensive list

of options; many options or variants are possible.

Test aim Fig Model Comparator Examples Evidence

Category in

[2]

Validate device model Fig 2a Model of device physics Bench test data using the real device MR heating [28, 53], stent structural model

[54], heart valve fluid-structure interaction

[55]

3

Validate patient model Fig 2b Patient model using nominal or

population-averaged parameter

values

Population-averaged clinical data Cardiac modeling [56] 4

Validate patient model Fib 2c A selected subject-specific virtual

patient

Data (not used in model

development) from the subject the

virtual patient represents

Whole heart [57], automata-based heart

[58], heart valve fluid-structure interaction

[59]

4

Validate patient model Patient model based on some

subject’s data

Bench test constructed using the

same subject’s data

FD-PASS model [60] 3

Validate patient model “Patient model” personalized

using cadaver derived data

Data (not used in model

development) from the same

cadaver

[61] 3

Validate coupled

patient-device model

Fig 2d A subject-specific virtual patient

coupled to the device model

Data (not used in model

development) from the subject the

virtual patient represents, post-

intervention

Stent-graft deployment [62] 4

Validate coupled

patient-device model

“Patient model” personalized

using cadaver derived data,

coupled to device model

Data (not used in model

development) from the same

cadaver after device deployed on

cadaver

We are not aware of any examples. 3

Evaluate emulator Emulator Full patient model See [63] for a review of emulators for finite

element based models.

N/A

Validate clinical

outcome model

Clinical outcome model Independent dataset that was not

used to create the clinical outcome

model

We are not aware on any examples. [12]

provides an example of developing a

clinical outcome model and discusses

challenges validating it.

N/A

Validate clinician

model

Clinician model Independent dataset that was not

used to create the clinician model

We are not aware of any examples. N/A

Validate virtual cohort

of subject-specific

virtual patients

Fig 3a All virtual patients in virtual

cohort

Data (not used in model

development) from each real

subject, with individual-level

comparison

Whole heart [64] 4

Validate virtual cohort Fig 3b Distribution of model output

using all members of virtual

cohort

Distribution of same quantity

across the population using a

clinical dataset

Whole heart [45] 5

Validate virtual cohort,

validate ISCT

methodology

Fig 3c,

case 1

Virtual cohort with device

models, simulations to reproduce

a previously performed clinical

study

Previously performed clinical trial VICTRE [32], FD-PASS [16], automata-

based heart [46], validation using early

feasibility study data [12]

5

Validate ISCT as part

of ISCT/CT integration

framework

Fig 3c,

case 2

Full ISCT results Clinical trial results Bayesian framework [26] N/A

https://doi.org/10.1371/journal.pcbi.1012289.t002
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3.2.1 Sub-model validation. One approach to ISCT validation is to validate each compo-

nent of an ISCT separately and rely on this for overall credibility. In fact, if cohort validation is

not possible, this may be the only approach to establishing ISCT credibility.

Considering first device model validation, it may be possible to perform validation of the

device model in isolation, i.e., independent of the patient model (Fig 2a). For example, for

MR-induced heating (Section 2.3.1), a model of the power absorption of a new device can be

tested by comparing against experiments using the same device in a saline-gel phantom [53].

This evaluates if the new device can be modeled reliably. MR-induced heating ISCTs using the

virtual patients such as the Virtual Population [30] often focus validation efforts on the device

model (e.g., clause 8.7.5 in ISO/TS 10974 [28]), rather than the patient model or coupled

device-patient model. This is because the virtual patients have been evaluated in previous stud-

ies and have been used in multiple studies; for this case, previously generated results essentially

support the reliability of the patient model.

In some cases, no physics are simulated in the device model. Examples include some PCLC

ISCTs (Section 2.3.4) where the device control algorithm is coupled to the patient model, and

the heart model ISCT described in Section 2.3.5 where the CRT lead locations are prescribed

but the device itself was not otherwise modeled. In such cases, traditional model validation

methods are not applicable, but it will still be important to confirm device algorithms have

been implemented correctly or device-related parameters are accurate.

Considering next the patient model, initially these will likely also be validated indepen-

dently of the device model. Patient model validation may be one of the more challenging steps

to demonstrating credibility of the ISCT. First, a decision is needed on what realizations of the

baseline patient model to validate. If subject-specific virtual patients are generated (whether

for cohort generation approaches A, B or C in Fig 1), validation may be possible against other

data collected from the same subjects–see Fig 2b. (Note: for cohort generation approach A this

directly validates the virtual patients in the cohort; for approaches B and C it validates models

that form the basis of the virtual patients in the cohort). Alternatively, a synthetic patient repre-

senting an ‘average patient’ could be generated using nominal or population-average parame-

ter values and then compared to population-averaged clinical data (Fig 2c; this assumes the

‘average patient’ yields average results, which may not be true) or experiments using, for exam-

ple, a biomimetic phantom. Another option is creating a patient model using selected patient

data and comparing against a bench test constructed using the same patient data. For example,

[60] validates an aneurysm flow model against flow measurements in a corresponding glass

model of the aneurysm and surrounding vasculature. A further option is constructing a ‘sub-

ject-specific’ model using data from a cadaver and validating against other data from the same

cadaver.

Fig 2. Possibilities for validation of device and patient models (not comprehensive). Equality sign with question

mark indicates "Compared as part of validation activity”. See text for discussion.

https://doi.org/10.1371/journal.pcbi.1012289.g002
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Next, it may be important to validate coupled device-patient models. For subject-specific

virtual patients, it may be possible to collect pre- and post-intervention data from the same

subject, enabling validation of both the virtual patient in isolation and the coupled device-

patient model (Fig 2d; see [56] for an example in stent-graft deployment), or collecting pre-

and post-interventional data using a cadaveric specimen. As an example, in the context of

PCLC evaluation, a hemodynamic patient model could be integrated with a fluid resuscitation

control system, consisting of PCLC algorithm and models for sensors, infusion pumps, and

patient monitors. The coupled model could be tested through simulation of diverse clinical

scenarios to confirm that the modeled patient and the system functions seamlessly and repro-

duces expected behavior across various operating conditions.

A key question is: do the virtual patients in the virtual cohort sufficiently cover variation in

the population for the question of interest? None of the validation tests discussed above

address this question. If it is not possible to do cohort-level validation (discussed below Section

3.2.2 and 3.2.3 below), it will be especially important to provide a justification for distributions

used or to compare characteristics of the virtual cohort with the patient population.

Finally, it is important to validate any other sub-models in the ISCT, such as a clinician

model, clinical outcome model, or models of other sub-systems. Results from an ISCT may

only be as strong as their weakest link–for example, an ISCT with strongly validated patient

and device models but an unvalidated clinical outcome model may not be reliable. However, it

depends on the sensitivity of the ISCT results to those sub-models, and therefore sensitivity

analyses could provide information on where to focus validation efforts. When evaluating sub-

models that use data-driven or statistical methods (e.g., a statistical clinical outcome model),

established cross-validation, bootstrapping and external validation techniques can be used [65,

66]. Developing and validating the clinical outcome model may be one of the greatest chal-

lenges to demonstrating credibility of an ISCT, due to the difficulty of collecting relevant data.

For example, [12] proposes a method for performing an ISCT in parallel with a real-trial CT,

where results from the CT are used to generate the clinical outcome model. The lack of inde-

pendent data to validate the clinical outcome model is discussed.

Next, we consider validation involving all virtual patients in the finalized virtual cohort.

3.2.2 Cohort validation—Individual-level comparison (paired data). For a virtual

cohort made up of subject-specific virtual patients, it may be possible to perform individual-

level validation using each cohort member. This could be a very powerful method of validating

a virtual cohort to be used in an ISCT and involves the following workflow, as illustrated in

Fig 3a: (i) collect clinical data from N subjects; (ii) split each subject’s data into model genera-

tion data and validation data; (iii) generate N subject-specific virtual patients using the model

generation data; (iv) validate each of the virtual patients using that patient’s validation dataset.

As an example, [64] constructs seven patient-specific heart (left atrium) models using electro-

anatomical data. During the procedure two pacing protocols were applied for each patient.

One protocol was then used to calibrate the patient model and the second protocol used to val-

idate each model.

As indicated in Fig 3a, the nature of the patient model output can dictate the analysis to be

performed. When the patient models predict binary quantities (such as treatment success or

presence of disease), accuracy of the virtual cohort could be quantified by computing sensitivi-

ties, specificities, area under receiver operating characteristics curve (AUC), etc., [67]. When

the patient models predict scalar quantities on a continuous scale (such as temperature rise,

displacement magnitude or peak stress), correlation or Bland-Altmann plots [68] may be

appropriate. Other methods may instead be appropriate, depending on the application and

data type.
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Individual-level validation will not be possible for most ISCTs, either because the virtual

cohort has synthetic patients or because additional validation data was not collected (i.e.,

because all the data was used to calibrate the subject-specific virtual patients; nothing was with-

held). In this case a population-level approach is the only option, discussed next.

3.2.3 Cohort validation—Population-level comparison (no paired data). The other

option for cohort validation is to compare a quantity that integrates outputs from all members

of the cohort, against data from the population that the virtual cohort represents. Possibilities

include:

• For one or more patient model outputs, computing the mean, variance, range and/or full

distribution of a quantity across the virtual cohort, and comparing against corresponding

data from a clinical dataset–see Fig 3b. For example, using several metrics quantifying car-

diac rhythm management, [45] compared 95% confidence intervals obtained using a 24 sub-

ject virtual cohort with a 17 subject clinical study, mostly observing that the virtual cohort

confidence intervals lay within the clinical confidence intervals. The advantage of this

approach is that new independent validation of a virtual cohort can be performed as new

clinical data becomes available, although there is a possibility of bias (e.g., cherry-picking

datasets/evidence suppression). For the case of multiple model outputs, a stronger validation

includes confirming if the model reproduces co-variances observed in the population.

• Reproducing the outcome of a specific medical device clinical trial–see Fig 3c. For example,

in the VICTRE trial (Section 2.3.2) the endpoint was change in area under receiver operating

characteristic curve (ΔAUC) between digital mammography and digital breast tomosynth-

esis. Means and standards deviations of ΔAUC were compared with results from an analo-

gous CT. As another example, Section 2.3.7 describes how outcomes using a virtual cohort

reproduced the results of the RIGHT trial comparing two ICD devices.

• Another possibility is the Bayesian frameworks of [26] (Section 2.3.6) and [47] (Section

2.3.7) in which the ISCT is envisaged to run in parallel with a CT (also see Fig 3c). This case

differs from the other cases because the validation is arguably not part of a sequential

Fig 3. Possibilities for cohort validation (not comprehensive). Equality sign with question mark indicates

"Compared as part of validation activity”. (a) N subject-specific virtual patients each individually validated against data

from the corresponding real-world subjects. (b) Distribution of a model output across the virtual cohort validated

against corresponding data from the real-world population. (c) Results of an ISCT directly compared to a real-world

clinical trial.

https://doi.org/10.1371/journal.pcbi.1012289.g003
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develop-validate-execute model workflow. Instead, the level of agreement between ISCT and

CT (cohort validation results) directly determines the number of virtual patients used to aug-

ment the CT.

With population-level validation, discrepancies between virtual cohort outputs and clinical

data could present as: different means, less or greater variability in the virtual cohort results,

different shapes of distributions, or the presence or absence of observed co-variations. Next,

we consider potential reasons for each of these, and implications.

• Different means: This could be due to deficiencies in the model, but it could also be caused

by small sample size in either the virtual cohort or clinical comparator dataset. Note that if a

virtual cohort is constructed using data from one single-center clinical study and then vali-

dated by comparing to a second single-center clinical study, the results should not be

expected to agree any more than two single-center clinical studies. Also note that for some

planned ISCTs, it could be argued that virtual patients conservatively over-estimating a

mean quantity is acceptable, or at least preferable to under-estimating. For example, in [26]

(discussed in Section 2.3.6) it is considered preferable for average failure rate from the virtual

cohort to be greater than from a CT. To account for this, a non-symmetric validation metric

for comparing the two distributions was proposed.

• Less variability in virtual cohort: This is a common occurrence (for an example in cardiac

modeling, see validation results in supplement of [45]) and could be due to underestimation

of the variability in specific parameters used to construct the virtual cohort–that is, the vir-

tual patients do not adequately represent the real population. However, it could also be due

to observational error in the clinical study. When a virtual cohort and clinical data agree in

mean but the virtual cohort is less variable, it could be argued that the virtual cohort is poten-

tially suitable for trial design but not trial replacement, although of course this depends on

various other factors.

• Greater variability in virtual cohort: This could occur with virtual cohorts of synthetic

patients sampled from distributions, where correlations between parameters is not

accounted for and therefore non-physiological parameter combinations are sampled. It

could be argued that for certain questions of interest this is acceptable, such as questions

relating to safety concerns. For example, if the goal is to demonstrate device performance

within safety limits across a wide range of virtual patients, it will be important to sample

extremes of the population and some unrealistic patients may be acceptable.

• Different shapes of distributions: The case of similar levels of variability in the virtual

cohort and the clinical data, but different distribution shapes (e.g., Gaussian for the model

predictions but bimodal for the clinical data) immediately raises questions about the similar-

ity of the virtual cohort to the clinical dataset participants, although the difference could also

be due to the model structure and absence or lack of nonlinear relationships. Identifying the

root cause of this difference may be challenging.

• Differences in output co-variation: This could be due to the model structure, which may fail

to include an important mechanism. For example, women are known to have on average

smaller hearts and have differences in electrophysiology [69, 70], and this relationship

between heart size and tissue properties may not be explicitly represented in a model. The

absence or presence of an unexpected co-variation in model outputs may indicate that an

important mechanism is missing in the model. However, the number of covariances increases

quadratically with the number of outputs, and collecting multiple outputs can be challenging,

meaning covariance validation may be hard to achieve in early virtual patient cohorts.

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 17 / 32

https://doi.org/10.1371/journal.pcbi.1012289


Conversely, it is worth considering the level of credibility imparted if the virtual cohort and

clinical data do agree in both mean and variability, and the potential danger of relying on pop-

ulation-level validation alone, especially if a virtual cohort was generated by matching popula-

tion-level data for a similar cohort. ISCTs are hierarchical models built from many

components, and only validating an integrated top-level quantity presents the risk of getting

the “right answer for the wrong reason” [71]. Accordingly, we believe population-level valida-

tion should support sub-model validation, rather than replace it.

Finally, we note that for very large virtual cohorts, it may be desirable to use a random sam-

ple of virtual patients from the cohort, rather than all of them, in cohort validation. It should

be clear from this section that there are numerous potential strategies to ISCT validation, and

many variants or alternative approaches are possible. Table 2 should in no way be considered

comprehensive.

3.3. Uncertainty quantification

UQ in medical device applications is generally considered difficult. Therefore, comprehensive

UQ for ISCTs will likely be considered challenging in the near term. However, one of the UQ

challenges for models with medical device applications is quantifying the potential impact of

population variability, and ISCTs explicitly address population variability through the virtual

cohort, so this does not need to be addressed through separate UQ. Still, there are other

sources of uncertainty that could impact predictions, including in (but not limited to):

• device model parameters,

• the personalized parameters for subject-specific virtual patients due to measurement error,

• virtual patient fixed parameters,

• any assumed probability distributions,

• other ISCT sub-models, such as variability in clinical treatment protocols, and

• validation comparator data, e.g., observation error in clinical data that will be used to vali-

date a virtual cohort.

The last of these is especially consequential, since, as discussed in Section 3.2.3, if greater

variability is observed in the clinical dataset than the virtual cohort, it can be difficult to know

if this is due to limitations of the modeling or of the clinical data.

For the other sources of uncertainty, identifying which are most consequential is another

challenge. A decision on where to focus UQ efforts could be based on expert judgement or on

sensitivity analysis results. Note that the Bayesian framework of [26], discussed in Section

2.3.6, does formally address uncertainty in device parameters.

Since model outputs can be strongly affected by underlying uncertainties in a biomedical

model, it could be beneficial when planning a UQ analysis to demonstrate that the ISCT study

conclusion is not impacted by the uncertainty, rather than focusing on the model output alone.

As an example, in [9] we performed UQ for a cardiac virtual cohort simulation study and dem-

onstrated that the study conclusion is not affected by uncertainty in personalized anatomic

regions.

ISCTs are comprised of sub-models, so a complete UQ effort could attempt to quantify the

total prediction uncertainty based on quantification of the uncertainty of the various sub-mod-

els. Methods for performing such a bottom-up analysis are available in the UQ literature

[72–74]. The uncertainty in the final predicted outcome can be assessed using techniques such

as sampling (including Monte Carlo sampling) or polynomial chaos expansion. Once again,
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the technical difficulty in performing such an analysis should not be underestimated. It is also

worth noting that rigorous bottom-up UQ is not generally performed as part of clinical trials.

For example, propagation of the uncertainty of the clinical measurement system (e.g., blood

hemoglobin measurement) to the final trial results is not common. As ISCT practice evolves,

there needs to be consideration as to whether UQ will make ISCT results appear to be of lower

quality (i.e., higher uncertainty) when compared to traditional human trials because of the

additional rigor.

4. Workflow for Assessing Credibility of a Medical Device ISCT

There is a need for standardized frameworks and workflows for evaluating computational

models with medical device applications to ensure rigor, transparency, and uniformity in how

the models are assessed. ASME V&V40-2018 [1] began to address this need, by providing a

credibility assessment framework based on the risk associated with using the model and so-

called ‘credibility factors’ that assess the rigor of the VVUQ activities. ASME V&V40 defines

23 credibility factors to assess the rigor of the VVUQ activities, related to code verification, cal-

culation verification, the model, the validation comparator, and applicability of the validation

activities to the COU. For example, two code verification credibility factors are defined: ‘soft-

ware quality assurance’ and ‘numerical code verification’. To follow ASME V&V40, users

should define a gradation of activities for each factor, corresponding to increasing levels of

investigative rigor, and select a level of rigor based on the assessed model risk. ASME V&V40

provides example gradations for each factor. See ASME V&V40 [1] for the full list of credibility

factors and their gradations.

Challenges with ASME V&V40 for ISCTs include the assumption in ASME V&V40 that

there will be one validation comparator only and language geared towards bench test valida-

tion. The FDA guidance “Assessing the Credibility of Computational Modeling and Simula-

tion in Medical Device Submissions” [2] provides a more general framework, based on ASME

V&V40. It makes no assumption about the type of validation comparator, and defines eight

categories of credibility evidence, including three types of validation: bench test validation, in
vivo validation (validation against animal/clinical data with individual-level comparison), and

population-based validation, which corresponds to the validation activities described in Sec-

tion 3.2.3. Following the framework in [2], users define credibility factors and gradations

appropriate for their planned credibility evidence. The guidance [2] is not prescriptive on all

technical implementation steps to ensure it is relevant to a wide range of models and modeling

applications. Therefore, there is a need for example workflows for using the guidance frame-

work, including for ISCTs, to accelerate the field of credibility assessment. Here, we consider

one example of how the framework in [2] could be applied for ISCTs.

It is clear from Section 3 that ISCT validation can be hierarchical, and that there are many

options for validating sub-models within an ISCT, as shown in Table 2. This means that it is

difficult to apply ASME V&V40 directly to ISCTs, but the flexibility of the framework in [2]

makes it more suitable for ISCTs. However, given the wide range of possibilities for ISCTs, we

do not attempt to propose an ISCT credibility assessment framework that covers all possible

validation strategies. Instead, we provide in this section an example workflow relevant for

some cases, that could be adapted as needed depending on the sub-models in the ISCT and the

validation strategy. The example workflow presented below takes a hierarchical approach to

validation, validating device sub-model against bench data (Fig 2a), patient sub-model and

coupled device-patient model using in vivo patient data (Fig 2b and 2d), and the virtual cohort

against population-level data (Fig 3b). The workflow is fully aligned with the framework in [2].

Initial Steps (Steps 1–3: State question of interest, describe context of use, and perform risk
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assessment) and latter Steps (Steps 6–8, related to adequacy assessment and execution of credi-

bility assessment studies) simply refer to [2]. Step 4 describes specific step-by-step VVUQ

activities to perform to evaluate the device, patient, coupled device-patient and virtual cohort

sub-models. Step 5 discusses specific credibility factors and gradations that could be used,

including a novel set of credibility factors and gradations for population-based validation of

the virtual cohort. This ISCT workflow is a sister workflow to a previous workflow we devel-

oped for evaluating patient-specific models in medical device software [75], that was based on

the analysis in the sister article [9].

The workflow assumes the following:

• An ISCT will be performed to address a safety or effectiveness question for a medical device.

• The ISCT will use a physics-based device sub-model.

• The ISCT will use a first principles-based patient model requiring the solution of ODEs or

PDEs.

• There is no emulator or explicit clinician model

• The ISCT will use a data-driven clinical outcome model to convert patient model outputs to

clinical outcomes.

• Clinical data are available from a small number of subjects for patient model validation.

Each subject’s dataset contains: (i) data that can be used to construct a subject-specific virtual

patient; (ii) pre-intervention data that can be used to validate the subject-specific virtual

patient; and (iii) post-intervention data that can be used to validate the coupled device-

patient model.

• The ISCT will use a virtual cohort of synthetic patients generated through sampling, for

example sampling probability distributions based on literature data or other relevant data.

• The ISCT will not use a Bayesian framework to integrate ISCT results with a real-world clini-

cal trial.

The workflow is intended as a starting point for developing an ISCT credibility assessment

plan and can be modified based on the specific ISCT details (such as specific sub-models and

protocol), and feasibility of collecting relevant data. Possible modifications to the workflow for

cases different to the above are discussed in S1 Text.

A hypothetical whole heart model ISCT will be used to illustrate some of the sub-steps in

Step 4 below. Suppose a virtual cohort of heart models will be used to assess durability of a car-

diac pacemaker lead under realistic loading conditions with specific attention to lead motion

in the vicinity of the heart. The device model is a model of the lead mechanics for an implant-

able pacemaker. The patient model is a model of the deformation of the heart during the car-

diac cycle. A virtual cohort of synthetic heart models is generated by sampling probabilistic

representations of heart geometry across a patient population, and will be used in an ISCT to

evaluate lead durability. Below, we will consider how this hypothetical ISCT could be evalu-

ated. Note that the example is entirely hypothetical and intentionally limited in detail to keep it

high-level. It is intended to illuminate the steps below only; we make no claims about the feasi-

bility or value of such an ISCT, or the feasibility or value of the specific credibility tasks

chosen.

Given the above assumptions, one possible workflow for ISCT credibility assessment, fol-

lowing the general framework in [2] is:

1. State the Question of Interest. See [2] for specific recommendations.
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2. Describe the Context of Use. See [2] for specific recommendations.

3. Assess Model Risk. See [2] for specific recommendations.

4. Plan the following activities to generate model credibility evidence–see Fig 4 for an over-

view of all activities in this step. ‘Categories’ in the below refer to the categorization of credi-

bility evidence in [2]. Bolded terms are activities to be performed. Examples under each

step refer to activities that could be performed for our hypothetical ISCT described above.

A. Assess the device sub-model in isolation

a. Code verification results (Category 1)

i. Software quality assurance. Refer to ASME V&V40 [1].

• e.g., software quality assurance of the lead mechanics code.

ii.Numerical code verification. Refer to ASME V&V40 [1].

• e.g., use the method of manufactured solutions to verify the lead mechanics code.

b. Bench test validation results with supporting calculation verification and UQ (Category 3)

i. Bench test experiments:

Perform device bench testing to generate comparator data for device model valida-

tion. See Section 3.2.1 for examples.

• e.g., perform mechanical bench experiments on selected leads.

ii. Discretization error analysis:

Using the uncoupled device model that will be used in the device model validation

simulations, perform a mesh convergence analysis to estimate numerical error. If

time-dependent governing equations are solved, also perform a time-step conver-

gence analysis. Refer to ASME V&V40 [1].

Fig 4. Overview of sub-steps in Step 4 of the workflow. Equality sign with question mark indicates "Compared as

part of validation activity”.

https://doi.org/10.1371/journal.pcbi.1012289.g004
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• e.g., set up lead mechanics simulations replicating the bench test, and then perform a mesh

resolution convergence analysis.

iii. Numerical solver tolerance analysis:

Using the uncoupled device model that will be used in the device model validation

simulations, perform a sensitivity analysis in the numerical solver tolerance(s). Refer

to ASME V&V40 [1].

• e.g., confirm that the linear solver tolerance in the lead mechanics solver is sufficiently

small to not impact the solution.

iv. Use error assessment:

Perform use error assessment to confirm that no errors were made in the device model

setup or validation simulations. Refer to ASME V&V40 [1].

v. Uncertainty quantification:

See Section 3.3 and ASME V&V40 [1].

• e.g., identify key parameters (perhaps through sensitivity analysis; possible key parame-

ters include lead material properties) and assess the impact of uncertainty in these

parameters on simulation outputs.

vi. Validation:

Compare the bench test experimental results with the device model validation simula-

tions. See Section 3.2.1 and ASME V&V40 [1] for discussion.

B. Assess the patient sub-model in isolation

a. Code verification results (Category 1)

i. Software quality assurance: Refer to ASME V&V40 [1].

• e.g., software quality assurance of the cardiac mechanics code.

ii. Numerical code verification: Refer to ASME V&V40 [1].

• e.g., compare results of the cardiac mechanics code with other cardiac mechanics

solvers using benchmark test problems.

b. In vivo validation results with supporting calculation verification and UQ (Category 4)

i. Identify or generate a clinical validation dataset:

Identify a dataset for patient model validation. Each subject’s data will be split into

model personalization data, observations taken pre-intervention, and observations

taken post-intervention, as shown in Fig 4.

• e.g., collect pre- and post-operative imaging data for a representative patient, or small num-

ber of patients, implanted with a pacemaker, including MR, cine-MR and fluoroscopy

imaging data.

ii. Generate models:

Using each subject’s model personalization data, generate subject-specific virtual

patients.

• e.g., generate subject-specific heart models from the pre-operative imaging data.

iii. Discretization error analysis

Using a subset (or all) of the subject-specific virtual patients, perform a mesh
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convergence analysis to estimate numerical error. If time-dependent governing equa-

tions are solved, also perform a time-step convergence analysis. See Section 3.1 for

discussion.

• e.g., perform mesh convergence analysis using a subset of the above heart models.

iv. Numerical solver tolerance analysis:

Using a subset (or all) of the subject-specific virtual patients, perform a sensitivity analy-

sis in the numerical solver tolerance(s). See Section 3.1 for discussion.

• e.g., confirm that nonlinear and linear solvers tolerances in the cardiac mechanics

solver are sufficiently small to not impact the solution.

v. Use error assessment:

Perform use error assessment to confirm that no errors were made in the patient model

setup or validation simulations. Refer to ASME V&V40 [1].

vi. Uncertainty quantification:

See Section 3.3 and ASME V&V40 [1] for discussion. Note that patient model UQ may

not be feasible due to lack of data or computational cost, in which case a justification for

not performing UQ could be provided instead, e.g., based on sensitivity analysis.

vii. Validation:

Compare each patient model output(s) with that subject’s pre-intervention data. See

Section 3.2.1 for examples and discussion.

• e.g., compare predictions of the deformation of the heart vs actual motion observed

from cine-MR imaging data for each patient.

C. Assess the coupled device-patient model

a. In vivo validation results (Category 4)

i. Generate coupled models:

For each of the subject-specific virtual patients created in 4B above, couple with the

device model to create coupled device-patient models, using the same mesh resolu-

tion, solver tolerance and other factors finalized in earlier steps.

• e.g., generate coupled pacemaker-heart models for the heart models generated in 4B.

ii. Validation:

Compare each coupled device-patient model output with that subject’s post-inter-

vention data. See Section 3.2.1 for discussion.

• e.g., predict the motion of the lead in the coupled pacemaker-heart models during

the cardiac cycle and compare with observed motion from the fluoroscopy imaging

data.

D. Assess the clinical outcome model

Assuming the clinical outcome model is a data-driven model, evaluate the credibility of this

model using appropriate methods (e.g., statistical model validation methods as discussed in

Section 3.2.1). It is also important to perform software quality assurance to ensure the clini-

cal outcome model is functioning correctly.

E. Assess the virtual cohort

a. Code verification results (Category 1)
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i. Software quality assurance. Refer to ASME V&V40 [1].

• e.g., software quality assurance of cohort generation code.

b. Population validation results (Category 5)

i. Identify population-level clinical dataset:

Identify a dataset providing information on the mean, variance, distribution or

other statistical metrics, of a relevant quantity(ies) across the population. See Section

3.2.3 for discussion.

• e.g., collect statistics on cardiac biomechanics (e.g., ejection fraction, peak global

longitudinal strain) for the relevant patient population.

ii. Generate the virtual cohort and compute corresponding model outputs:

Generate the virtual cohort of synthetic patients and compute the same quantity

(ies) for each synthetic patient.

• e.g., compute the distribution of the same cardiac biomechanical parameters using

the virtual cohort.

iii. Validation:

Compare the results from the virtual cohort with the clinical dataset using an

appropriate method of comparison. See Section 3.2.3 for discussion including

implications of different possible results.

• e.g., compare the statistics of cardiac biomechanical parameters from the virtual

cohort to that in the patient population.

5. Define credibility factors and gradations for the planned credibility evidence, and evaluate

the planned activities using the gradations, as discussed in Step 5 of the Guidance.

A. Device sub-model in isolation

One option is to use the credibility factors and gradations in ASME V&V40 [1].

B. Patient sub-model in isolation

One option is to use the credibility factors and gradations for patient-specific models (e.g.,

[75]), adapted as appropriate.

C. Coupled-device patient model

One option is to use the validation credibility factors and gradations from 5B.

D. Clinical outcome model

Credibility factors are not applicable to the clinical outcome model in this example, because

the clinical outcome model was assumed to be a data-driven model, which is outside the

scope of the FDA Guidance [2] and ASME V&V40 [1].

E. Virtual cohort

Table 3 lists credibility factors and gradations that could be used or adapted for the popula-

tion-level validation.

6. Assess Adequacy of the planned activities–see Guidance Step 6 for details.

7. Execute studies.

8. Assess Adequacy of the overall results–see Guidance Step 8 for details.
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5. Discussion

The purpose of this paper was to identify approaches and unique considerations for ISCT

credibility assessment. We also aimed to provide a workflow that aligns with FDA guidance

[2] for evaluating ISCTs. We highlighted how ISCTs are composed of multiple sub-models,

including the device model, baseline patient model, coupled device-patient model, virtual

cohort, and potentially other models such as a clinical outcome model, clinician model, and

emulator. For this reason, a hierarchical approach to credibility assessment, where each sub-

model is tested separately, is crucial. We identified a wide range of credibility assessment

options for the sub-models, as illustrated in Table 2. Therefore, the workflow we proposed in

Section 4 does not aim to cover every conceivable approach to ISCT validation but can be

adjusted depending on case specifics.

The workflow we presented offers several advantages over ad hoc ISCT evaluation

approaches. First, it is systematic, which can reduce planning costs, ensure uniform evaluation

of ISCTs, and potentially alleviate stakeholder reliability concerns. Second, it is hierarchical,

Table 3. Credibility factors and gradations that could be used for population-level validation of the virtual cohort.

Credibility factor Credibility gradation

Clinical

dataset

Number of subjects in clinical dataset (a) Small number of subjects

(b) Multiple subjects, not enough to be statistically relevant

(c) Statistically relevant number of subjects

Range of characteristics of subjects in

clinical dataset

(a) Subjects used to validate virtual cohort represent a very narrow range of characteristics (e.g., average)

of the intended population.

(b) Subjects used to validate virtual cohort represent a range of characteristics of the intended

population, but not the entire range.

(c) Subjects used to validate virtual cohort represent the entire range of characteristics of the intended

population.

Patient-level data available (a) Key patient data missing

(b) Most key patient data are available.

(c) All key patient data are available.

Source of data (a) Data from a single center study

(b) Data from a multi-center study or multiple studies

Comparison Output comparison–quantity (a) A single output was compared.

(b) Multiple outputs were compared.

Equivalency of output parameters (a) Types of outputs were dissimilar.

(b) Types of outputs were similar.

(c) Types of outputs were equivalent.

Rigor of output comparison (a) Means were compared only

(b) Means and variance/standard deviation/range were compared

(c) Full distributions were compared

Agreement of output comparison (a) The level of agreement of the output comparison was not satisfactory for key comparisons.

(b) The level of agreement of the output comparison was satisfactory for key comparisons, but not all

comparisons.

(c) The level of agreement of the output comparison was satisfactory for all comparisons.

Applicability Relevance of the quantities of interest

(QOIs)

(a) The QOIs computed in the population-level validation were not closely related to those to be used in

the ISCT

(b) The QOIs computed in the population-level validation were closely related, though not identical, to

those to be used in the ISCT

(c) The QOIs computed in the population-level validation were identical to those to be used in the ISCT

https://doi.org/10.1371/journal.pcbi.1012289.t003
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ensuring individual testing of sub-components within the ISCT. This is crucial for ensuring

that the overall ISCT model accurately predicts “the right answer for the right reasons” [71].

Third, it is based on the ASME V&V40 [1] approach, making it risk-based. The level of rigor

in the credibility activities is selected based on the risk associated with using the model, limit-

ing unnecessary evaluation efforts. Fourth, it aligns with the framework in the [2], promoting

planning and discussion among stakeholders before initiating credibility assessment efforts.

This alignment should optimize the process. However, there are some disadvantages to the

workflow. It may be perceived as overly burdensome, and adjustments may be necessary based

on the specifics of the ISCT, potentially introducing subjectivity into the process.

Overall, we anticipate that the general approach of the workflow will be applicable to many

medical device ISCTs. We believe it should be possible to define a variant of the workflow suit-

able for each of the example ISCTs reviewed in Section 2.3, except for the Bayesian framework

discussed in Section 2.3.6, which differs fundamentally from the others.

The scope of this paper was credibility assessment of first-principles based models used in

ISCTs. A major challenge in evaluating ISCTs is that many ISCTs will likely combine first prin-

ciples-based models with data-driven models such as machine learning models. Data-driven

methods are especially likely to be employed for the clinical outcome model and emulator.

These can be evaluated in isolation using standard methods for data-driven models. However,

data-driven models may also be used for the device, patient, or certain aspects of these. Pres-

ently, credibility assessment for first-principles and data-driven models are not harmonized,

which makes it challenging to consider when they are combined. A high-level holistic frame-

work for assessing credibility of all computer-based models is needed to address this challenge.

Setting up and executing an ISCT may require a variety of simulations, including: (i) simu-

lations for initializing patient models to a physiological state of interest; (ii) simulations to

compute a quantity used in inclusion-exclusion criteria (e.g., for cardiac models, run each vir-

tual patient to compute ejection fraction); (iii) simulations to deploy the medical device (e.g.,

solving contact problems to compute the exact position of an implantable device); and (iv)

simulations to compute the final ISCT results. When multiple simulations are required, the

applicability of the validation results to each of the simulations should be considered, to ensure

there are no limitations in the credibility assessment activities.

ASME V&V40 2018 is a risk-informed framework, as is the FDA framework [2] that builds

upon it. Decision consequence, which is the significance of adverse events (generally to

patients) if an incorrect decision is made, impacts credibility requirements. It is worth consid-

ering what types of questions ISCTs may be used to address. Using an ISCT to answer a low

consequence question may seem impractical, given the considerable effort involved in ISCTs.

We expect that the greatest impact will come from higher-consequence questions. However,

we have discussed how one application of ISCTs is to refine inclusion-exclusion criteria for a

future real-world clinical trial. This arguably has lower patient decision consequence, although

the business consequence could be significant, if it led to an unsuccessful trial or a narrower

indicated patient population than necessary.

The scope of this paper was credibility assessment of an ISCT only; execution of the ISCT

was outside the scope. Like credibility assessment, there are many options available for ISCT

study execution, including options that might not be feasible in a real-world study, such as

applying control and intervention to all virtual patients, or, in the case of multiple interacting

interventions, combinatorically considering all possibilities for each virtual patient. Ad hoc

removal of virtual patients, for example based on non-physiological behavior, is also a possibil-

ity in ISCTs. This range of options for executing an ISCT further complicates the development

of standardized processes. Establishing good practice for all stages in an ISCT, of which the

credibility assessment will be a subset, will be vital to the success of the field.
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Large-scale acceptance of ISCTs will require more than rigorous ISCT credibility assess-

ment. There are many challenges that will need to be overcome for ISCTs to be successful.

One is related to terminology. Standardization is key to maturation of novel methods, but

standardization is difficult without consistent terminology. Currently, there is no community

accepted definition of an in silico clinical trial. We provided our interpretation in Section 2.

Even with our definition, there is potential confusion as to whether cases such as Section 2.3.8

is one ISCT or 5,000 ISCTs. Additionally, the field may benefit from clear terminology for

combined real-world clinical trials and ISCTs.

To make the greatest impact, a major challenge will be ensuring that ISCTs can provide the

same information that would normally be obtained from a traditional clinical trial, including

adverse events. Clinical trials are generally designed with the minimum number of patients

that are required to provide adequate statistical power. Because of this, for any case for which

an ISCT would reduce the patient count, it is imperative that ISCTs can provide the same

information that would be obtained from a traditional trial, including adverse events, which

are often a very important trial outcome. This implies that a simulation pipeline that was

developed for a particular ISCT might not be directly re-usable for another ISCT with different

endpoints, because basic assumptions in the initial ISCT (like the realism of the anatomical

models) might bias the second one.

Related to credibility assessment are questions of data quality and transparency. Low quality

data can lead to biased ISCT results if the data are not representative of the target population.

Measurement errors can have a profound impact on model outputs. Opaque model develop-

ment or parameterization practices can lead to challenges evaluating ISCT credibility or poor

explainability of predictions. Success of the ISCT field will require comprehensive and diverse

data collection, together with transparent working practices and the ability to understand and

interpret model outputs and the internal mechanisms producing those outputs.

Clinical trial practice relies on a robust foundation of biostatistics. However, for ISCTs it

may be necessary to develop new or adapted statistical methodologies to accurately assess

device efficacy and safety. While this paper does not attempt to delve into this complex area,

several considerations are noteworthy. These include integrating model uncertainty into the

statistical analysis, accommodating the diverse range of possibilities inherent in ISCTs (such as

administering both control and therapy for each virtual patient, or simulating multiple inter-

acting therapies in a combinatorial manner), integrating ISCTs with conventional clinical tri-

als (as discussed in [26]), and tailoring protocols specifically for ISCTs, given the distinct

factors that constrain them compared to traditional clinical trials. As ISCTs continue to

mature, we anticipate that the statistical theory underpinning them will emerge as a burgeon-

ing field ripe for exploration.

Even more so than other applications of M&S in healthcare, there are cultural challenges

that will need to be overcome for ISCTs to achieve success in reducing or refining clinical trials

or animal testing. We believe that it will be critical that the direct stakeholders (industry and

regulators) see tangible benefits of ISCTs and that there is clear communication of the reliabil-

ity of ISCTs to other stakeholders (patients, clinicians, payers). Success stories with ISCTs will

be important. One strategy to achieve these could be ISCTs using patient-specific models that

are already approved for clinical use (e.g., using a patient-specific modeling tool that is already

on the market as a medical device, to generate a virtual cohort for evaluating a new medical

device).

Overall, there are many challenges that need to be addressed, and success of the field is by

no means assured. However, we believe that formalizing and harmonizing the credibility

assessment process, as advanced by this paper, will be a major step towards ISCTs achieving

their potentially transformative impact on human healthcare.
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10. Viceconti M, Juárez MA, Curreli C, Pennisi M, Russo G, Pappalardo F, Credibility of in silico trial tech-

nologies—a theoretical framing. IEEE Journal of Biomedical and Health Informatics, 2019; 24(1):4–13.

https://doi.org/10.1109/JBHI.2019.2949888 PMID: 31670687

11. Favre P, Maquer G, Henderson A, Hertig D, Ciric D, Bischoff J, In silico clinical trials in the orthopedic

device industry: from fantasy to reality? Annals of Biomedical Engineering, 2021; 49(12):3213–3226.

https://doi.org/10.1007/s10439-021-02787-y PMID: 33973129

12. Bodner J, Kaul V, A Framework for In Silico Clinical Trials for Medical Devices Using Concepts From

Model Verification, Validation, and Uncertainty Quantification. Journal of Verification, Validation and

Uncertainty Quantification, 2022; 7(2):021001.

13. Bischoff JE, Dharia MA, Favre P, A risk and credibility framework for in silico clinical trials of medical

devices. Computer Methods and Programs in Biomedicine, 2023; 242:107813. https://doi.org/10.1016/

j.cmpb.2023.107813 PMID: 37734216

14. Badano A, Lago MA, Sizikova E, Delfino JG, Guan S, Anastasio MA et al., The stochastic digital human

is now enrolling for in silico imaging trials–Methods and tools for generating digital cohorts. Progress in

Biomedical Engineering, 2023; 5:042002.

15. Mirinejad H, Parvinian B, Ricks M, Zhang Y, Weininger S, Hahn JO, et al., Evaluation of fluid resuscita-

tion control algorithms via a hardware-in-the-loop test bed. IEEE Transactions on Biomedical Engineer-

ing, 2019; 67(2):471–481. https://doi.org/10.1109/TBME.2019.2915526 PMID: 31071014

16. Sarrami-Foroushani A, Lassila T, MacRaild M, Asquith J, Roes KCB, Byrne JV, et al., In-silico trial of

intracranial flow diverters replicates and expands insights from conventional clinical trials. Nature com-

munications, 2021; 12(1):3861. https://doi.org/10.1038/s41467-021-23998-w PMID: 34162852

17. NIH. NIH’s Definition of a Clinical Trial. https://grants.nih.gov/policy/clinical-trials/definition.htm.

(accessed July 2023).

18. Niederer SA, Aboelkassem Y, Cantwell CD, Corrado C, Coveney S, Cherry EM, et al., Creation and

application of virtual patient cohorts of heart models. Philos Trans A Math Phys Eng Sci, 2020; 378

(2173):20190558. https://doi.org/10.1098/rsta.2019.0558 PMID: 32448064

19. Corral-Acero J, Margara F, Marciniak M, Rodero C, Loncaric F, Feng Y, et al., The ’Digital Twin’ to

enable the vision of precision cardiology. Eur Heart J, 2020; 41(48):4556–4564. https://doi.org/10.1093/

eurheartj/ehaa159 PMID: 32128588

20. Avicenna Alliance, The role of artificial intelligence within in silico medicine. 2022, VPH institute.

21. Karniadakis GE, Kevrekidis IG, Lu L, Perdikaris P, Wang S, Yang L, Physics-informed machine learn-

ing. Nature Reviews Physics, 2021; 3(6):422–440.

22. Kanal V, Pathmanathan P, Hahn JO, Kramer GC, Scully CG, Bighamian R, Development and validation

of a mathematical model of heart rate response to fluid perturbation. Scientific Reports, 2022; 12

(1):21463. https://doi.org/10.1038/s41598-022-25891-y PMID: 36509856

23. Conti S, Gosling JP, Oakley JE, O’Hagan A, Gaussian process emulation of dynamic computer codes.

Biometrika, 2009; 96(3):663–676.

24. Gramacy RB, Surrogates: Gaussian process modeling, design, and optimization for the applied sci-

ences: CRC press;2020.

25. Gao H, Zhu X, Wang JX, A bi-fidelity surrogate modeling approach for uncertainty propagation in three-

dimensional hemodynamic simulations. Computer Methods in Applied Mechanics and Engineering,

2020; 366:113047.

26. Haddad T, Himes A, Thompson L, Irony T, Nair R et al., Incorporation of stochastic engineering models

as prior information in Bayesian medical device trials. Journal of biopharmaceutical statistics, 2017; 27

(6):1089–1103. https://doi.org/10.1080/10543406.2017.1300907 PMID: 28281931

27. Kainz W, Neufeld E, Bolch WE, Graff CG, Kim CH, Kuster N, et al., Advances in computational human

phantoms and their applications in biomedical engineering—a topical review. IEEE transactions on radi-

ation and plasma medical sciences, 2018; 3(1): 1–23.

28. ISO, ISO/TS 10974: Assessment of the safety of magnetic resonance imaging for patients with an

active implantable medical device. 2018.

29. Charny CK, Mathematical models of bioheat transfer. Advances in heat transfer, 1992; 22: 19–155.

30. Gosselin MC, Neufeld E, Moser H, Huber E, Farcito S, Gerber L, et al., Development of a new genera-

tion of high-resolution anatomical models for medical device evaluation: the Virtual Population 3.0.

Physics in Medicine & Biology, 2014; 59(18):5287. https://doi.org/10.1088/0031-9155/59/18/5287

PMID: 25144615

31. TMIST. https://clinicaltrials.gov/study/NCT03233191 (accessed Oct 2023).

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 29 / 32

https://doi.org/10.1371/journal.pcbi.1010541
http://www.ncbi.nlm.nih.gov/pubmed/36215228
https://doi.org/10.1109/JBHI.2019.2949888
http://www.ncbi.nlm.nih.gov/pubmed/31670687
https://doi.org/10.1007/s10439-021-02787-y
http://www.ncbi.nlm.nih.gov/pubmed/33973129
https://doi.org/10.1016/j.cmpb.2023.107813
https://doi.org/10.1016/j.cmpb.2023.107813
http://www.ncbi.nlm.nih.gov/pubmed/37734216
https://doi.org/10.1109/TBME.2019.2915526
http://www.ncbi.nlm.nih.gov/pubmed/31071014
https://doi.org/10.1038/s41467-021-23998-w
http://www.ncbi.nlm.nih.gov/pubmed/34162852
https://grants.nih.gov/policy/clinical-trials/definition.htm
https://doi.org/10.1098/rsta.2019.0558
http://www.ncbi.nlm.nih.gov/pubmed/32448064
https://doi.org/10.1093/eurheartj/ehaa159
https://doi.org/10.1093/eurheartj/ehaa159
http://www.ncbi.nlm.nih.gov/pubmed/32128588
https://doi.org/10.1038/s41598-022-25891-y
http://www.ncbi.nlm.nih.gov/pubmed/36509856
https://doi.org/10.1080/10543406.2017.1300907
http://www.ncbi.nlm.nih.gov/pubmed/28281931
https://doi.org/10.1088/0031-9155/59/18/5287
http://www.ncbi.nlm.nih.gov/pubmed/25144615
https://clinicaltrials.gov/study/NCT03233191
https://doi.org/10.1371/journal.pcbi.1012289


32. Badano A, Graff CG, Badal A, Sharma D, Zeng R, Samuelson FW, et al., Evaluation of digital breast

tomosynthesis as replacement of full-field digital mammography using an in silico imaging trial. JAMA

network open, 2018; 1(7):e185474–e185474. https://doi.org/10.1001/jamanetworkopen.2018.5474

PMID: 30646401

33. FDA. https://www.fda.gov/medical-devices/recently-approved-devices/et-control-p210018 (accessed

Oct 2023).

34. Dumont GA, Ansermino JM, Closed-loop control of anesthesia: a primer for anesthesiologists. Anesthe-

sia & Analgesia, 2013; 117(5):1130–1138. https://doi.org/10.1213/ANE.0b013e3182973687 PMID:

23835456

35. Jin X, Bighamian R, Hahn J-O, Development and in silico evaluation of a model-based closed-loop fluid

resuscitation control algorithm. IEEE Transactions on Biomedical Engineering, 2018; 66(7):1905–1914.

https://doi.org/10.1109/TBME.2018.2880927 PMID: 30452347

36. Parvinian B, Pathmanathan P, Daluwatte C, Yaghouby F, Gray RA, Weininger S, et al., Credibility evi-

dence for computational patient models used in the development of physiological closed-loop controlled

devices for critical care medicine. Frontiers in physiology, 2019; 10:220. https://doi.org/10.3389/fphys.

2019.00220 PMID: 30971934

37. Tivay A, Kramer GC, Hahn J-O. Virtual patient generation using physiological models through a com-

pressed latent parameterization. in 2020 American Control Conference (ACC). 2020. IEEE.

38. Dalla Man C, Micheletto F, Lv D, Breton M, Kovatchev B, Cobelli C, et al., The UVA/PADOVA type 1 dia-

betes simulator: new features. Journal of diabetes science and technology, 2014; 8(1):26–34. https://

doi.org/10.1177/1932296813514502 PMID: 24876534

39. Kovatchev BP, Breton M, Dalla Man C, Cobelli C, In silico preclinical trials: a proof of concept in closed-

loop control of type 1 diabetes. J Diabetes Sci Technol, 2009; 3(1):44–55. https://doi.org/10.1177/

193229680900300106 PMID: 19444330

40. Strocchi M, Augustin CM, Gsell MAF, Karabelas E, Neic A, Gillette K, et al., A publicly available virtual

cohort of four-chamber heart meshes for cardiac electro-mechanics simulations. PloS one, 2020; 15(6):

e0235145. https://doi.org/10.1371/journal.pone.0235145 PMID: 32589679

41. Strocchi M, Gillette K, Neic A, Elliott MK, Wijesuriya N, Mehta V et al., Comparison between conduction

system pacing and cardiac resynchronization therapy in right bundle branch block patients. Frontiers in

Physiology, 2022: 1957. https://doi.org/10.3389/fphys.2022.1011566 PMID: 36213223

42. Strocchi M, Lee A, Neic A, Bouyssier J, Gilette K, Plank G et al., His-bundle and left bundle pacing with

optimized atrioventricular delay achieve superior electrical synchrony over endocardial and epicardial

pacing in left bundle branch block patients. Heart rhythm, 2020; 17(11):1922–1929. https://doi.org/10.

1016/j.hrthm.2020.06.028 PMID: 32603781

43. Strocchi M, Wijesuriya N, Elliott M, Gilette K, Neic A, Mehta V et al., Leadless biventricular left bundle

and endocardial lateral wall pacing versus left bundle only pacing in left bundle branch block patients.

Frontiers in Physiology, 2022; 13. https://doi.org/10.3389/fphys.2022.1049214 PMID: 36589454

44. Guillem MS, Pujol-Lopez M, Sanchez-Archinegas J, Mont L, In silico experiments explain the non-con-

sistent benefit of conduction system pacing over cardiac resynchronization therapy. The need to per-

sonalize therapy, J Cardiovasc Electrophysiology, 2023; 34(4):994–996.

45. Strocchi M, Gillette K, Neic A, Elliott MK, Wijesuriya N, Mehta V et al., Effect of scar and His–Purkinje

and myocardium conduction on response to conduction system pacing. Journal of Cardiovascular

Electrophysiology, 2023; 34(4):984–993. https://doi.org/10.1111/jce.15847 PMID: 36738149

46. Jiang Z, Abbas H, Jang K, Beccani M, Liang J, Dixit S et al. In-silico pre-clinical trials for implantable car-

dioverter defibrillators. in 2016 38th Annual International Conference of the IEEE Engineering in Medi-

cine and Biology Society (EMBC). 2016. IEEE.

47. Jang KJ, Pant YV, Zhang B, Weimer J, Mangharam R, Robustness evaluation of computer-aided clini-

cal trials for medical devices. in Proceedings of the 10th ACM/IEEE International Conference on Cyber-

Physical Systems. 2019.

48. Valen-Sendstad K, Bergerson AW, Shimogonya Y, Goubergrits L, Bruening J, Palleres J et al., Real-

world variability in the prediction of intracranial aneurysm wall shear stress: the 2015 international aneu-

rysm CFD challenge. Cardiovascular engineering and technology, 2018; 9:544–564. https://doi.org/10.

1007/s13239-018-00374-2 PMID: 30203115

49. Niederer SA, Kerfoot E, Benson A, Bernabeu MO, Bernus O, Bradley C, et al., Verification of cardiac tis-

sue electrophysiology simulators using an N-version benchmark. Phil. Trans. R. Soc. A, 2011; 369

(1954):4331–4351.

50. Sechopoulos I, Ali ESM, Badal A, Badano A, Boone JM, Kyprianou IS, et al., Monte Carlo reference

data sets for imaging research: Executive summary of the report of AAPM Research Committee Task

Group 195. Medical physics, 2015; 42(10): 5679–5691. https://doi.org/10.1118/1.4928676 PMID:

26429242

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 30 / 32

https://doi.org/10.1001/jamanetworkopen.2018.5474
http://www.ncbi.nlm.nih.gov/pubmed/30646401
https://www.fda.gov/medical-devices/recently-approved-devices/et-control-p210018
https://doi.org/10.1213/ANE.0b013e3182973687
http://www.ncbi.nlm.nih.gov/pubmed/23835456
https://doi.org/10.1109/TBME.2018.2880927
http://www.ncbi.nlm.nih.gov/pubmed/30452347
https://doi.org/10.3389/fphys.2019.00220
https://doi.org/10.3389/fphys.2019.00220
http://www.ncbi.nlm.nih.gov/pubmed/30971934
https://doi.org/10.1177/1932296813514502
https://doi.org/10.1177/1932296813514502
http://www.ncbi.nlm.nih.gov/pubmed/24876534
https://doi.org/10.1177/193229680900300106
https://doi.org/10.1177/193229680900300106
http://www.ncbi.nlm.nih.gov/pubmed/19444330
https://doi.org/10.1371/journal.pone.0235145
http://www.ncbi.nlm.nih.gov/pubmed/32589679
https://doi.org/10.3389/fphys.2022.1011566
http://www.ncbi.nlm.nih.gov/pubmed/36213223
https://doi.org/10.1016/j.hrthm.2020.06.028
https://doi.org/10.1016/j.hrthm.2020.06.028
http://www.ncbi.nlm.nih.gov/pubmed/32603781
https://doi.org/10.3389/fphys.2022.1049214
http://www.ncbi.nlm.nih.gov/pubmed/36589454
https://doi.org/10.1111/jce.15847
http://www.ncbi.nlm.nih.gov/pubmed/36738149
https://doi.org/10.1007/s13239-018-00374-2
https://doi.org/10.1007/s13239-018-00374-2
http://www.ncbi.nlm.nih.gov/pubmed/30203115
https://doi.org/10.1118/1.4928676
http://www.ncbi.nlm.nih.gov/pubmed/26429242
https://doi.org/10.1371/journal.pcbi.1012289


51. Berg P., Voss S, Saalfeld S, Janiga G, Bergersen A, Valen-Sendstad K, Bruening J et al, Multiple aneu-

rysms anatomy challenge 2018 (MATCH): phase I: segmentation. Cardiovascular engineering and

technology, 2018; 9:565–581. https://doi.org/10.1007/s13239-018-00376-0 PMID: 30191538

52. Alonso Solis-Lemus J, Baptiste T, Barrows R, Sillett C, Gharaviri A, Raffaele G, et al., Model Reproduc-

ibility Study on Left Atrial Fibres. arXiv e-prints, 2023: p. arXiv: 2301.06998.

53. Wang Z, Zheng J, Wang Y, Kainz W, Chen J, On the model validation of active implantable medical

device for MRI safety assessment. IEEE Transactions on Microwave Theory and Techniques, 2019; 68

(6):2234–2242.

54. Antonini L, Mandelli L, Berti F, Pennati F, Petrini L, Validation of the computational model of a coro-

nary stent: A fundamental step towards in silico trials. Journal of the Mechanical Behavior of Bio-

medical Materials, 2021; 122:104644. https://doi.org/10.1016/j.jmbbm.2021.104644 PMID:

34186285

55. Lee JH, Rygg AD, Kolahdouz EM, Rossi S, Retta SM, Duraiswarmy N, et al., Fluid–structure interaction

models of bioprosthetic heart valve dynamics in an experimental pulse duplicator. Annals of biomedical

engineering, 2020; 48:1475–1490. https://doi.org/10.1007/s10439-020-02466-4 PMID: 32034607

56. O’Hara T, Virag L, Varro A, Rudy Y, Simulation of the undiseased human cardiac ventricular action

potential: model formulation and experimental validation. PLoS Comput Biol, 2011; 7(5):e1002061.

https://doi.org/10.1371/journal.pcbi.1002061 PMID: 21637795

57. Niederer SA, Plank G, Chinchapatnam P, Ginks M, Lamata P, Rhode KS, et al., Length-dependent ten-

sion in the failing heart and the efficacy of cardiac resynchronization therapy. Cardiovascular research,

2010; 89(2):336–343. https://doi.org/10.1093/cvr/cvq318 PMID: 20952413

58. Jiang Z, Pajic M, Mangharam R, Cyber–physical modeling of implantable cardiac medical devices. Pro-

ceedings of the IEEE, 2011; 100(1):122–137.

59. Emendi M, Sturla F, Ghosh R, Bianchi M, Piatti F, Pluchinotta F, et al., Patient-specific bicuspid aortic

valve biomechanics: a magnetic resonance imaging integrated fluid–structure interaction approach.

Annals of biomedical engineering, 2021; 49:627–641. https://doi.org/10.1007/s10439-020-02571-4

PMID: 32804291

60. Cito S, Geers AJ, Arroyo MP, Palero VR, Pallares J, Vernet A, et al., Accuracy and reproducibility of

patient-specific hemodynamic models of stented intracranial aneurysms: report on the Virtual Intracra-

nial Stenting Challenge 2011. Annals of biomedical engineering, 2015; 43:154–167. https://doi.org/10.

1007/s10439-014-1082-9 PMID: 25118668

61. Anderson DD, Goldsworthy JK, Li W, Rudert MJ, Tochigi Y, Brown TD, Physical validation of a patient-

specific contact finite element model of the ankle. Journal of biomechanics, 2007; 40(8):1662–1669.

https://doi.org/10.1016/j.jbiomech.2007.01.024 PMID: 17433333

62. Perrin D, Badal P, Orgeas L, Geindreau C, Dumenil A, Albertini J-N et al., Patient-specific numerical

simulation of stent-graft deployment: Validation on three clinical cases. Journal of Biomechanics, 2015;

48(10):1868–1875. https://doi.org/10.1016/j.jbiomech.2015.04.031 PMID: 25979382

63. Kudela J,Matousek R, Recent advances and applications of surrogate models for finite element method

computations: a review. Soft Computing, 2022; 26(24):13709–13733.

64. Corrado C, Williams S, Karim S, Plank G, O’Neill M, Niederer S, A work flow to build and validate patient

specific left atrium electrophysiology models from catheter measurements. Medical image analysis,

2018; 47:153–163. https://doi.org/10.1016/j.media.2018.04.005 PMID: 29753180

65. Ramspek CL, Jager KJ, Dekker FW, Zoccali C, van Diepen M, External validation of prognostic models:

what, why, how, when and where? Clinical Kidney Journal, 2021; 14(1):49–58.

66. James G, Witten D, Hastie T, Tibshirani R, An introduction to statistical learning. Vol. 112.:

Springer;2013

67. Zou KH, O’Malley AJ, Mauri L, Receiver-operating characteristic analysis for evaluating diagnostic tests

and predictive models. Circulation, 2007; 115(5):654–657. https://doi.org/10.1161/CIRCULATIONAHA.

105.594929 PMID: 17283280

68. Giavarina D, Understanding bland altman analysis. Biochemia medica, 2015; 25(2):141–151. https://

doi.org/10.11613/BM.2015.015 PMID: 26110027

69. Lorenz CH, Walker ES, Morgan VL, Klein SS, Graham TP, Normal human right and left ventricular

mass, systolic function, and gender differences by cine magnetic resonance imaging. Journal of Cardio-

vascular Magnetic Resonance, 1999; 1(1):7–21. https://doi.org/10.3109/10976649909080829 PMID:

11550343

70. Yang P-C, Clancy CE, Gender-based differences in cardiac disease. Journal of biomedical research,

2011; 25(2):81–89.

71. Pathmanathan P, Gray RA, Validation and Trustworthiness of Multiscale Models of Cardiac Electro-

physiology. Front Physiol, 2018; 9:106. https://doi.org/10.3389/fphys.2018.00106 PMID: 29497385

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 31 / 32

https://doi.org/10.1007/s13239-018-00376-0
http://www.ncbi.nlm.nih.gov/pubmed/30191538
https://doi.org/10.1016/j.jmbbm.2021.104644
http://www.ncbi.nlm.nih.gov/pubmed/34186285
https://doi.org/10.1007/s10439-020-02466-4
http://www.ncbi.nlm.nih.gov/pubmed/32034607
https://doi.org/10.1371/journal.pcbi.1002061
http://www.ncbi.nlm.nih.gov/pubmed/21637795
https://doi.org/10.1093/cvr/cvq318
http://www.ncbi.nlm.nih.gov/pubmed/20952413
https://doi.org/10.1007/s10439-020-02571-4
http://www.ncbi.nlm.nih.gov/pubmed/32804291
https://doi.org/10.1007/s10439-014-1082-9
https://doi.org/10.1007/s10439-014-1082-9
http://www.ncbi.nlm.nih.gov/pubmed/25118668
https://doi.org/10.1016/j.jbiomech.2007.01.024
http://www.ncbi.nlm.nih.gov/pubmed/17433333
https://doi.org/10.1016/j.jbiomech.2015.04.031
http://www.ncbi.nlm.nih.gov/pubmed/25979382
https://doi.org/10.1016/j.media.2018.04.005
http://www.ncbi.nlm.nih.gov/pubmed/29753180
https://doi.org/10.1161/CIRCULATIONAHA.105.594929
https://doi.org/10.1161/CIRCULATIONAHA.105.594929
http://www.ncbi.nlm.nih.gov/pubmed/17283280
https://doi.org/10.11613/BM.2015.015
https://doi.org/10.11613/BM.2015.015
http://www.ncbi.nlm.nih.gov/pubmed/26110027
https://doi.org/10.3109/10976649909080829
http://www.ncbi.nlm.nih.gov/pubmed/11550343
https://doi.org/10.3389/fphys.2018.00106
http://www.ncbi.nlm.nih.gov/pubmed/29497385
https://doi.org/10.1371/journal.pcbi.1012289


72. Zhang J, Yin J, Wang R, Basic framework and main methods of uncertainty quantification. Mathemati-

cal Problems in Engineering, 2020; 2020:1–18.

73. Ye D, Veen L, Nikishova A, Lakhlili J, Edeling W, Luk OO, et al., Uncertainty quantification patterns for

multiscale models. Philosophical Transactions of the Royal Society A, 2021; 379(2197):20200072.

https://doi.org/10.1098/rsta.2020.0072 PMID: 33775139

74. Tran JS, Schiavazzi DE, Kahn AM, Marsden AL, Uncertainty quantification of simulated biomechanical

stimuli in coronary artery bypass grafts. Computer methods in applied mechanics and engineering,

2019; 345:402–428. https://doi.org/10.1016/j.cma.2018.10.024 PMID: 31223175

75. FDA. Workflow for assessing the credibility of patient-specific modeling in medical device software.

2024; https://cdrh-rst.fda.gov/workflow-assessing-credibility-patient-specific-modeling-medical-device-

software (accessed March 2024).

PLOS COMPUTATIONAL BIOLOGY Credibility assessment of in silico clinical trials for medical devices

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012289 August 8, 2024 32 / 32

https://doi.org/10.1098/rsta.2020.0072
http://www.ncbi.nlm.nih.gov/pubmed/33775139
https://doi.org/10.1016/j.cma.2018.10.024
http://www.ncbi.nlm.nih.gov/pubmed/31223175
https://cdrh-rst.fda.gov/workflow-assessing-credibility-patient-specific-modeling-medical-device-software
https://cdrh-rst.fda.gov/workflow-assessing-credibility-patient-specific-modeling-medical-device-software
https://doi.org/10.1371/journal.pcbi.1012289

