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Abstract

IMPORTANCE Expensive and lengthy clinical trials can delay regulatory evaluation of innovative
technologies, affecting patient access to high-quality medical products. Simulation is increasingly
being used in product development but rarely in regulatory applications.

OBJECTIVES To conduct a computer-simulated imaging trial evaluating digital breast tomosynthesis
(DBT) as a replacement for digital mammography (DM) and to compare the results with a
comparative clinical trial.

DESIGN, SETTING, AND PARTICIPANTS The simulated Virtual Imaging Clinical Trial for Regulatory
Evaluation (VICTRE) trial was designed to replicate a clinical trial that used human patients and
radiologists. Images obtained with in silico versions of DM and DBT systems via fast Monte Carlo x-ray
transport were interpreted by a computational reader detecting the presence of lesions. A total of
2986 synthetic image–based virtual patients with breast sizes and radiographic densities
representative of a screening population and compressed thicknesses from 3.5 to 6 cm were
generated using an analytic approach in which anatomical structures are randomly created within a
predefined breast volume and compressed in the craniocaudal orientation. A positive cohort
contained a digitally inserted microcalcification cluster or spiculated mass.

MAIN OUTCOMES AND MEASURES The trial end point was the difference in area under the
receiver operating characteristic curve between modalities for lesion detection. The trial was sized
for an SE of 0.01 in the change in area under the curve (AUC), half the uncertainty in the comparative
clinical trial.

RESULTS In this trial, computational readers analyzed 31 055 DM and 27 960 DBT cases from 2986
virtual patients with the following Breast Imaging Reporting and Data System densities: 286 (9.6%)
extremely dense, 1200 (40.2%) heterogeneously dense, 1200 (40.2%) scattered fibroglandular
densities, and 300 (10.0%) almost entirely fat. The mean (SE) change in AUC was 0.0587 (0.0062)
(P < .001) in favor of DBT. The change in AUC was larger for masses (mean [SE], 0.0903 [0.008])
than for calcifications (mean [SE], 0.0268 [0.004]), which was consistent with the findings of the
comparative trial (mean [SE], 0.065 [0.017] for masses and −0.047 [0.032] for calcifications).

CONCLUSIONS AND RELEVANCE The results of the simulated VICTRE trial are consistent with the
performance seen in the comparative trial. While further research is needed to assess the
generalizability of these findings, in silico imaging trials represent a viable source of regulatory
evidence for imaging devices.
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Introduction

Expensive and lengthy clinical trials for imaging products often hinder regulatory evaluation, are
burdensome, and delay patient access to novel, high-quality devices. The evaluation of novel imaging
technologies for screening typically requires a substantial clinical trial to demonstrate benefits
compared with the standard of care.1 For example, regulatory approvals of digital breast
tomosynthesis (DBT) are supported by clinical trials involving significant resources. A recent
submission to the US Food and Drug Administration (FDA) of a DBT system as a replacement for
digital mammography (DM), for example,2 relied on a clinical trial involving 400 women in 7 clinical
sites receiving double exposure to ionizing radiation over many years, with 31 participating
radiologists. We refer to this trial as the comparative trial. Leveraging recent progress in computer
modeling and simulation as an alternative source of regulatory evidence with growing widespread
support,3-5 we report on an in silico replication of the comparative trial to demonstrate the potential
of this emerging approach.

While computational models are used to some extent in the regulatory evaluation of medical
devices,6 their use in imaging has been rare. Models of imaging systems have significantly improved
since the late 1980s,7-9 with sophisticated simulation tools increasingly used in research and
development. In the last decade, powerful, efficient, and open-source radiation imaging system
simulation tools have become freely available, allowing for a greater understanding of design choices.
Recent efforts have established that computational methods can model many of the characteristics
of breast anatomy and pathology10,11 as well as the physics of imaging.12,13 In addition, image
interpretation algorithms have been shown to track the performance of human readers for specific
visual tasks.14 While further research to advance in silico methods is needed, all elements required to
perform an in silico imaging trial are rapidly approaching, or have already achieved, mature
development stages warranting investigations into their use in replacing traditional clinical studies.

We report an all–in silico replication of a previously conducted imaging clinical trial used in
support of the regulatory evaluation of DBT as a replacement for DM in breast cancer screening.
Although studies have described models of DBT and DM systems,15,16 we know of no report of a
computer-simulated imaging trial that replicates in size and nature a trial performed in support of a
regulatory evaluation for which all codes and data sets are freely available in open-source format. We
first describe the in silico replica (the Virtual Imaging Clinical Trial for Regulatory Evaluation, or
VICTRE trial), including the trial population, the physics of the imaging systems, and the image
reconstruction and interpretation algorithms. We then compare the results of VICTRE with those
obtained in the human comparative trial and examine the limitations, benefits, and cost savings of
the in silico approach.

Methods

Imaging Protocol
The study followed the Standards for Reporting of Diagnostic Accuracy (STARD) reporting guideline.
Because the VICTRE trial was entirely simulated and made use of no human subject data, review by the
FDA’s institutional review board was not applicable per the agency’s internal standard operating
procedures.

Synthetic images of virtual patients were obtained using an in silico version of the Siemens
Mammomat Inspiration17 DM and DBT system using a customized version of the MC-GPU Monte
Carlo transport code18 (eAppendix 1 in the Supplement). The imaging parameters were selected
based on publicly available device specifications and measurements19 for each compressed breast
thickness. The Monte Carlo algorithm uses the known x-ray interaction physics and a stream of
random numbers to sample a large number of x-ray tracks through the patient. Realistic models of
the x-ray source and detector were created based on the technical specifications of the device being
replicated. The simulation is physics based (no parameter was fitted to artificially force agreement
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on any performance metric). In the source model, the focal spot was modeled with a truncated
Gaussian distribution with full width at half maximum equal to the nominal spot size of 0.3 mm.
Radiographic spectra corresponded to 28 kilovolt (peak) (kV[p]) (for fatty and scattered breasts) and
30 kV(p) (for dense and heterogeneously dense breasts) from a tungsten anode with 50-μm
rhodium and 1-mm beryllium filters.20 An analytical antiscatter grid21 was included in DM acquisitions
(5:1 ratio, 31 line pairs/mm). The detector consisted of 2816 × 3584, 85-μm pixels with a 200-μm
amorphous selenium transducer thickness. Depth of interaction and fluorescence emission in the
selenium layer were explicitly calculated (eFigure 1 in the Supplement). Electronic noise was
described using a Gaussian distribution with a variance of 5200 electrons.22 Pixel gain was set at 50
eV per detected charge with 0.99 Swank noise. The DBT system used 25 projections within a span of
50°. During DBT acquisition, x-ray tube motion was modeled by uniformly extending the focal spot
along a 0.18° arc.23 Device simulations were accelerated using graphics processing unit computing24

and a delta-scattering transport algorithm. Variance reduction techniques were not used to preserve
the realism of the quantum noise in the simulated images. Memory requirements were reduced using
a binary tree voxel geometry.24 We reconstructed DBT volumes using a filtered back-projection
algorithm.25-27 Because Siemens’ reconstruction algorithm is proprietary, we instead used a
smoothing filter for a visually reasonable balance between sharpness and noise with negligible effect
on reader performance.16,28 A flow diagram of the trial showing virtual patients’ progress through
the study is presented in Figure 1.

Trial Population
The trial cohort consisted of virtual female patients whose breasts were generated using a procedural
analytic model in which major anatomical structures (fat and glandular tissues, ductal tree,
vasculature, and ligaments) are randomly generated within a predefined breast volume bounded by
skin and chest wall29 at a voxel resolution of 50 μm (eAppendix 2, eFigure 2, and eFigure 3 in the
Supplement). The model allows for control of patient characteristics such as breast volume,
compressed thickness, and density, which are known to affect breast cancer lesion detection.
Physical breast compression in craniocaudal orientation was performed using finite-element solid
mechanics software.30 The breasts in this population fell into 4 density categories: extremely dense
(0.548 glandular volume fraction [GVF]), heterogeneously dense (0.339 GVF), scattered
fibroglandular densities (0.143 GVF), and almost entirely fat (0.071 GVF), with corresponding
compressed thicknesses of 3.5, 4.5, 5.5, and 6 cm (Table 1). The positive cohort contained 2 types of

Figure 1. Virtual Patients’ Progress Through the Study

3000 Virtual patients underwent visual inspection,
compression, and insertion of 15 527 lesions

2986 In VICTRE cohort

Change in A = ADBT – ADM

2986 Imaged with DM

28 102 DM cases interpreted

ADM ADBT

27 970 DBT cases interpreted

2986 Imaged with DBT and 3-D image reconstruction

14 Excluded
7 Failed insertion
7 Other reasons
0 Failed visual inspection
0 Failed compression

Virtual patients underwent imaging with digital
mammography (DM) and digital breast tomosynthesis
(DBT). Multiple cases were obtained from each virtual
patient image and used for image interpretation. A
indicates the area under the receiver operating
characteristic curve; 3-D, 3-dimensional.
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lesions: a spiculated mass11 with a 5-mm nominal diameter and mass density 2% higher than normal
glandular tissue and a microcalcification cluster consisting of 5 calcified lesions positioned within a
5-mm3 volume (eAppendix 2 in the Supplement). The calcifications were modeled as 195, 179, and 171
μm of solid calcium oxalate with a mass density scaled by 0.84 (1.78 g/cm3).31 The lesions were
digitally inserted in a subset of the compressed breasts to create a positive cohort within each
density category. To reduce computing time, up to 8 lesions (4 masses and 4 clustered
microcalcifications) were inserted in approximately half of the virtual patients. The location of the
inserted pathology was chosen randomly from candidate locations determined by the position of the
terminal duct lobular units, a common site for carcinogenesis. Pathologies were nonoverlapping and
did not extend into the chest wall or skin layer. Sample images of breast and lesions are presented in
Figure 2. The lesion characteristics were adjusted during several prepilot stages to achieve a DM
performance comparable to reported values.1

Study Design
Approximately two-thirds of the trial virtual patients had a cancerous lesion corresponding to a
microcalcification cluster or a spiculated mass. In silico cases corresponded to regions of interest
extracted from DM images and DBT volumes. Analogously to the enrichment of cancer cases in the
comparative trial population with patients found to have abnormal findings under a DM examination,
the VICTRE trial population was designed to maximize the study’s statistical power. The target
uncertainty was achieved by selecting an appropriate combination of number of diseased and normal
cases, number of computational readers, and case difficulty. The design choices were to use the same
number of readers as in the comparative trial (30) and vary the proportion of diseased cases to
obtain sufficient cases for adequate number of training and testing sets.

Virtual patients were excluded if a computational error occurred during generation,
compression, insertion of pathology, or acquisition and reconstruction of images. Exclusion criteria
were enforced by monitoring software messages and by visually inspecting all images. Virtual

Table 1. Cohort Characteristics of the Virtual Imaging Clinical Trial for Regulatory Evaluation Population
With Cases Corresponding to Regions of Interest in DM and Volumes of Interest in DBT
by Breast Density Classesa

Virtual Patients and Cases

No. (%)

Total
Extremely
Dense

Heterogeneously
Dense

Scattered
Fibroglandular
Densities

Almost
Entirely Fat

All virtual patients 2986 (100) 286 (9.6) 1200 (40.2) 1200 (40.2) 300 (10.0)

Virtual patients with lesion 1944 (100) 189 (9.7) 780 (40.1) 780 (40.1) 195 (10.0)

DM Cases

Normal 15 527 (100) 1499 (9.7) 6237 (40.2) 6232 (40.1) 1559 (10.0)

With lesion 15 528 (100) 1499 (9.7) 6237 (40.2) 6232 (40.1) 1560 (10.0)

With spiculated mass 7756 (100) 747 (9.6) 3117 (40.2) 3112 (40.1) 780 (10.1)

With microcalcification
cluster

7772 (100) 752 (9.8) 3120 (40.1) 3120 (40.1) 780 (10.0)

DBT Cases

Normal 12 443 (100) 1244 (10) 4968 (39.9) 4996 (40.2) 1235 (9.9)

With lesion 15 527 (100) 1499 (9.7) 6237 (40.2) 6232 (40.1) 1559 (10.0)

With spiculated mass 7756 (100) 747 (9.6) 3117 (40.2) 3112 (40.1) 780 (10.0)

With microcalcification
cluster

7772 (100) 752 (9.6) 3120 (40.1) 3120 (40.1) 780 (10.0)

Glandular volume fraction,
mean (SD)b

0.256 (0.001) 0.548
(0.001)

0.339 (0.001) 0.143 (0.001) 0.071 (0.001)

Volume, mean (SD), cm3b 342.3 (0.001) 111.5
(0.001)

218.0 (0.001) 441.2 (0.001) 685.6 (0.001)

Compressed thickness, mean
(SD), cmb

4.94 (0.001) 3.49 (0.001) 4.49 (0.001) 5.50 (0.001) 5.99 (0.001)

Abbreviations: DBT, digital breast tomosynthesis;
DM, digital mammography.
a According to Breast Imaging Reporting and

Data System.
b Based on a sample of 50 breasts per breast

density class.

JAMA Network Open | Imaging Digital Breast Tomosynthesis as Replacement of Full-Field Digital Mammography

JAMA Network Open. 2018;1(7):e185474. doi:10.1001/jamanetworkopen.2018.5474 November 30, 2018 4/12

Downloaded from jamanetwork.com by guest on 10/13/2025

https://jama.jamanetwork.com/article.aspx?doi=10.1001/jamanetworkopen.2018.5474&utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamanetworkopen.2018.5474


patients whose compression failed to converge to target thicknesses (frequency of 0.03%) were
replaced. In total, 14 of the 3000 virtual patients in the initial cohort were excluded.

The VICTRE trial was designed by the authors in consultation with a technical committee of
industry, academia, and FDA representatives. The trial methods evolved in 2017 during several
prepilot stages for model development, verification of input and output formats, and imaging
parameters. All models used in the VICTRE pivotal trial were fixed prior to the pilot stage, which took
place in the last half of 2017. The sponsor of the comparative trial had no role in the design and
execution of the VICTRE trial.

Image Interpretation
Images were interpreted by a computational reader under a location-known-exactly detection
paradigm based on a channelized Hotelling observer16,32,33 using 5 Laguerre-Gauss channels with
widths commensurate to lesion size.34 The Laguerre-Gauss channelized Hotelling observer is an
efficient model observer and has been shown capable of trending human performance in detecting
approximately round targets in backgrounds without strong directional texture.28,35 The
computational reader for DBT used 3-dimensional channels by stacking the 2-dimensional channels
for each slice following the volumetric approach of Platiša et al.36 For calcifications, spatial frequency
filtering was used to adapt to irregular morphological features37 (eAppendix 3 and eFigure 4 in the
Supplement). Thirty computational readers interpreted images (DM) and volumes (DBT) with
(positive case) or without (negative case) a lesion. For each density group, 30 computational readers
were trained with different sets of 100 pairs of positive and negative cases randomly sampled from
a larger set of training pairs (260 for dense and fatty and 1000 for heterogeneously dense and
scattered density breasts). For dense and fatty breasts, performance was tested on 360 negative and
500 positive cases. For heterogeneously dense and scattered density breasts, performance was
tested on 1500 negative and 2000 positive cases. Using a fully crossed interpretation paradigm, all

Figure 2. Example Images From the Virtual Imaging Clinical Trial for Regulatory Evaluation

DM of microcalcification clusterA DBT of microcalcification clusterB

DM of spiculated mass lesionC DBT of spiculated mass lesionD

A and B, Digital mammography (DM) (A) and selected
digital breast tomosynthesis (DBT) slice (B) of a case
corresponding to a breast with scattered areas of
fibroglandular density containing a microcalcification
cluster (inserts). C and D, Digital mammography (C)
and selected DBT slice (D) of a case corresponding to a
breast with scattered areas of fibroglandular density
containing a spiculated mass lesion (arrowheads).
Lesions have been made more conspicuous for display
purposes by artificially increasing their radiography
attenuation during image acquisition.
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30 virtual readers in the VICTRE trial interpreted all cases in the test data sets (eFigure 5 in the
Supplement).

Comparative Human Trial
The human trial used for the design of the VICTRE trial was conducted between 2012 and 2016, and
submitted to the FDA in support of a premarket application for the approval of the DBT mode in
Mammomat Inspiration17 as a replacement for DM (T. Mertelmeier, PhD, unpublished data,
December 2016). Written informed consent was obtained from all participants in the study and
institutional review board approvals were obtained from all collecting sites. The patient cohort in the
comparative trial consisted of 326 asymptomatic women enriched based on DM, and double-
exposed to radiation under both modalities. It included 21 patients with extremely dense breasts (5
positives), 156 with heterogeneously dense breasts (46 positives), 130 with scattered fibroglandular
densities (41 positives), and 19 with almost entirely fatty breasts (10 positives). Follow-up
examinations on 141 patients and biopsies on 83 patients were used to verify that the patients did not
have malignant breast cancer, with biopsy-verified malignant cancer in 104 patients. The trial
involved case selection from 7 clinical sites and took approximately 4 years to complete. Thirty-one
certified radiologists reported 134 cancerous lesions, including 85 masses, 29 calcified lesions, 12
architectural distortions, and 8 asymmetric densities, with a total of 108 invasive cancers and 26
ductal carcinomas in situ. The trial reported 29 lesions of size less than 10 mm (21.6%), 40 lesions
from 10 to 19 mm (29.9%), 33 lesions from 20 to 29 mm (24.6%), and 27 lesions larger than 30 mm
(20.1%). The target, per-view, average (mean) glandular dose (AGD) for the comparative trial was
approximately 1.0 and 1.5 mGy for DM and DBT, respectively. The comparative trial differential
performance favored DBT by 0.043 (0.017), with area under the curve (AUC) measurements of 0.818
(0.019) and 0.861 (0.019) for 2-view DM and DBT, respectively (see Table 2 for subgroup outcomes).

Trial End Points
The primary end point of the trial was the difference in AUC between DBT and DM corresponding to
the entire patient population. In addition, we report subgroup analyses corresponding to the change
in AUC for the 4 different breast classes and 2 lesion types.

Statistical Analysis
The standard error of the change in AUC was estimated using a fully crossed (all virtual patients were
imaged in both modalities), multiple-reader, multiple-case analysis using the iMRMC software
(available at https://github.com/DIDSR/iMRMC).38 The trial was sized during a pilot study for an SE of
0.01 in change in AUC, lower than the uncertainty seen in the comparative human trial. To prevent bias,
DBT performance was not analyzed as models were developed during prepilot stages. We considered
2-sided 95% confidence intervals (level of significance, P < .05).

Results

In this simulated trial, computational readers analyzed 31 055 DM and 27 960 DBT cases from 2986
virtual patients with the following Breast Imaging Reporting and Data System densities: 286 (9.6%)
extremely dense, 1200 (40.2%) heterogeneously dense, 1200 (40.2%) scattered fibroglandular
densities, and 300 (10.0%) almost entirely fat.

A total of 2986 images of virtual patients were obtained for both modalities. The demographic
characteristics of the cohort were designed to mirror the comparative trial in breast size, compressed
thickness, and radiographic density (Table 1). The mean (SE) AGD for the trial population was 0.94
(0.04) mGy and 1.38 (0.06) mGy for DM and DBT, respectively. The AGD increased from dense (0.74
mGy for DM and 1.09 mGy for DBT) to fatty (1.14 mGy for DM and 1.66 mGy for DBT). Although
relating in silico and comparative AGD estimates is not straightforward (eAppendix 4 in the
Supplement), in silico AGD levels derived from automatic exposure control settings for virtual
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patients39 were within 15% of the AGD values in the comparative trial (eFigure 6 in the Supplement).
Anatomical image textures were characterized by calculated power-law exponents40 (β [SE]) of 3.88
(0.20) and 2.45 (0.35) for DM and DBT, respectively, decreasing from dense to fatty breasts as
expected. This reduction in β for DBT (approximately 0.7) is consistent with observations made on
patient DM and DBT images41 (eAppendix 5 and eFigure 7 in the Supplement).

The VICTRE trial, including the generation of virtual patients, was performed between January
and May 2018 and conducted in mixed-platform computer clusters containing a variety of central
processing unit and graphics processing unit processors. On average, the simulation of each virtual
patient took approximately 8 central processing unit–hours and 0.5 graphics processing unit–hours.
The pivotal trial took approximately 2 weeks of computations. All code, parameters, and data sets
are available at https://github.com/DIDSR/VICTRE (eAppendix 6 in the Supplement).

We observed a mean (SE) AUC of 0.9005 (0.0058) for DM and 0.9596 (0.0035) for DBT with
a mean (SE) change in AUC of 0.0587 (0.0062), which was statistically significant (P < .001) in favor
of DBT. The differential performance favored DBT in all subgroups. The mean (SE) change in AUC was
larger for masses (0.0903 [0.008]) than for calcifications (0.0268 [0.004]), which was consistent
with the findings of the comparative trial (mean [SE], 0.065 [0.017] for masses and −0.047 [0.032]
for calcifications). In addition, the change in AUC was larger for masses than for calcifications for all
breast sizes and subgroups (Table 2 and Figure 3). The differential performance observed is
consistent not only with the aggregated results of the comparative trial, but also in terms of a larger
differential performance for detecting masses vs microcalcifications.

Table 2. Trial End Points (AUC and Change in AUC) for DM and DBT per Lesion Type and per Radiographic
Density With Radiation Dose Estimates for Each Subgroup and Breast-Level Nonparametric AUC
for the Comparative Trial

Subgroup

AUC (SE)
Change in AUC
(SE)aDM DBT

VICTRE Trial

By size and radiographic density

Total 0.9009 (0.0058) 0.9596 (0.0035) 0.0587 (0.0062)

Extremely dense 0.8358 (0.0127) 0.9020 (0.0106) 0.0657 (0.0148)

Heterogeneously dense 0.8643 (0.0067) 0.9372 (0.0042) 0.0724 (0.0073)

Scattered fibroglandular densities 0.9416 (0.0038) 0.9865 (0.0014) 0.0449 (0.0038)

Almost entirely fat 0.9475 (0.0061) 0.9975 (0.0014) 0.0500 (0.0061)

By lesion type

Total for spiculated mass 0.8303 (0.0072) 0.9207 (0.0050) 0.0903 (0.008)

Extremely dense with spiculated mass 0.679 (0.018) 0.803 (0.015) 0.124 (0.021)

Heterogeneously dense with spiculated mass 0.760 (0.008) 0.876 (0.006) 0.116 (0.009)

Scattered fibroglandular with spiculated mass 0.902 (0.005) 0.975 (0.002) 0.073 (0.005)

Almost entirely fat with spiculated mass 0.972 (0.005) 0.996 (0.002) 0.024 (0.005)

Total for microcalcification cluster 0.971 (0.004) 0.9983 (0.0003) 0.0268 (0.004)

Extremely dense with microcalcification cluster 0.991 (0.002) 1.0000 (0.0001) 0.008 (0.002)

Heterogeneously dense with microcalcification
cluster

0.968 (0.005) 0.9980 (0.0003) 0.029 (0.005)

Scattered fibroglandular with microcalcification
cluster

0.981 (0.002) 0.9980 (0.0003) 0.017 (0.002)

Almost entirely fat with microcalcification cluster 0.923 (0.007) 0.9990 (0.0003) 0.076 (0.007)

Comparative Trial

By size and radiographic density

Total 0.818 (0.019) 0.861 (0.019) 0.043 (0.017)

Dense 0.802 (0.027) 0.844 (0.026) 0.043 (0.026)

Nondense 0.826 (0.026) 0.873 (0.026) 0.047 (0.021)

By lesion type

Masses 0.858 (0.018) 0.923 (0.018) 0.065 (0.017)

Microcalcifications 0.796 (0.042) 0.749 (0.041) −0.047 (0.032)

Abbreviations: AUC, area under the curve; DBT, digital
breast tomosynthesis; DM, digital mammography;
VICTRE, Virtual Imaging Clinical Trial for Regulatory
Evaluation.
a Change in AUC = AUC of DBT − AUC of DM.
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Discussion

On one hand, traditional trials use devices in actual clinical environments, incorporate the complexity
of patient anatomy and disease variability, and use end points that are directly associated with clinical
use. On the other hand, in silico trials can encompass larger virtual patient cohorts and control sources
of variability to efficiently highlight technological differences without augmenting patient risk from
radiation exposure. The VICTRE in silico trial found that DBT outperformed DM for all lesions and types
of breasts included in the study with changes in AUCs between 0.027 and 0.090. The results of the
VICTRE trial are consistent with the overall differential performance observed in the comparative trial.

An observation not clearly seen in the comparative trial data is that DBT undoubtedly
outperforms DM in detecting microcalcifications. Several factors might contribute to this
observation. First, in the comparative trial, calcified lesions were defined as any lesion with a calcified
finding. Second, the computational models in the VICTRE trial do not include patient motion; thus,
small microcalcifications might appear sharper than in the comparative trial images. In addition,
future developments in in silico imaging trials might have the potential to elucidate device
comparisons that are challenging or impractical to investigate with human participants (for instance,
due to very low prevalence), thus generating useful evidence beyond traditional trials.42 An
additional difference worth noting is that the comparative trial used 2-view DBT and DM per breast,
whereas VICTRE results are based on 1-view imaging.

Validating predictions of computational models is always challenging. This work builds on research
that has led to increased confidence in the in silico tools. More generally, the FDA has recently issued
guidance on reporting criteria for including computational modeling in device submissions.43 However,
VICTRE and other in silico clinical trials have considerable advantages over traditional trials, including
larger statistical power, due in part to the availability of larger trial population samples, the ability to study
rare cases challenging to document in patients, and the study of prototype devices not yet available.

An additional and notable advantage of in silico clinical trials is the substantial savings in
resources. A precise estimate of savings will only emerge once additional in silico trials are reported.
While resource savings strongly depend on the specifics of the trial (eg, device characteristics,
disease prevalence, and availability of target population), estimates indicate that VICTRE required
one-third of the resources required for the comparative trial. The VICTRE trial’s expenditure in
scientist-hours was comparable to that in the comparative trial (approximately 3 full-time staff). The

Figure 3. Trial Primary and Secondary Outcomes
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comparative trial took approximately 4 years to complete, while VICTRE took 1.75 years. Operational
costs of the comparative trial, including additional patient recruitment needed to maintain statistical
power given participant nonadherence and dropout, were equal to, if not larger than, the
computational costs associated with the VICTRE trial. In addition, the estimate disregards other
savings, including the risk from double-exposing hundreds of trial participants to ionizing radiation
and cost associated with institutional review board approvals, clinical site fees, patient recruitment,
and follow-up expenses. In addition to being conservative, our savings estimate is likely to increase
over time as computing resources become increasingly inexpensive and more widely available.

The all–in silico method is not intended to replace, but rather complement and minimize,
traditional clinical trials. Incrementally incorporating computational results as prior knowledge in
Bayesian trial designs decreases sample size and trial length in the evaluation of medical implants.44

In some cases, patient and medical practitioner involvement will likely remain essential.

Limitations
The simulated VICTRE trial considered only one realization of a spiculated mass and a calcification
cluster, neglecting lesion variability and 15% of the lesions in the comparative trial (9% architectural
distortions and 6% asymmetries). A 3-dimensional imaging system that outperforms DM in detecting
masses and calcifications might also perform well in detecting architectural distortions and
asymmetries. A recent retrospective study of cases recommended for biopsy reported that
architectural distortion was more commonly detected in DBT than in DM.45 In addition, although
VICTRE considered a range of breast thicknesses and radiographic densities, the patient variability of
its trial population was in many ways different than the variability seen in clinical trial populations.
These and other limitations of the VICTRE trial should be further investigated, including the lack of
visual search in the image interpretation46 and a trial outcome defined only as detection of lesions
and not as probability of malignancy.

Conclusions

The findings of the simulated VICTRE trial suggest that the regulatory assessment of the specific DM
and DBT imaging devices based on in silico data would have been similar to the actual regulatory
decision made based on the comparative trial. It is useful to note that the findings of the VICTRE trial
are not directly generalizable to other implementations of DM and DBT imaging systems and that
additional studies will require appropriate model adaptations. The VICTRE trial, performed
exclusively with open-source computational methods, suggests that increased use of computational
modeling tools in the regulatory assessment of imaging systems could significantly decrease the
burden of bringing new and improved imaging technologies to market. The work reported in this
article provides evidence that state-of-the-art computational methods, coupled with predictive
methods and laboratory testing, can lead to less burdensome regulatory evaluation approaches.
Further investigations will help provide necessary validation of the described approach when applied
to the evaluation of various other medical products.
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eAppendix	1:	VICTRE	trial	imaging	physics	

The images in the VICTRE trial were generated with an in‐silico version of the Siemens Mammomat Inspiration 
system based on the MC‐GPU Monte Carlo transport code. The simulation code was developed using publicly 
available information on the specifications and operation of the clinical device. Our guiding principle while 
developing the code was to model all device components that are relevant to the image formation process with 
as much realism as possible. Reasonable approximations were made to increase the computational efficiency 
and to model parts of the device for which limited public information was available. The following describes the 
main models implemented in the code: 

1. X‐ray source 
a. Energy spectrum. The initial energy of each x ray was randomly sampled from a histogram of a 

28 or 30 kVp Tungsten anode spectrum after 50‐micron Rhodium and 1‐mm Beryllium filtration 
(spectra generated using [23]).  

b. Focal spot. The initial location of each x ray was randomly sampled using a 3D Gaussian 
distribution (i.e., uniform distribution on the surface of a sphere with a Gaussian distributed 
radius) centered at the nominal focal spot location 65 cm above the detector. The full width at 
half maximum of the Gaussian distribution was 300 microns, corresponding to the nominal focal 
spot size of the device. The Gaussian distribution was cropped at 2 standard deviations to 
prevent the generation of x rays far from the nominal location [see S Prasad, WR Hendee, and 
PL Carson, Med. Phys. 3, p. 217‐223, 1978]. 

c. Motion blur (from continuous tube motion during DBT acquisitions): the x‐ray location after 
focal spot sampling was rotated about the DBT system rotation axis using a randomly sampled 
angle following a uniformly distribution between ‐0.09 and +0.09 degrees. The total 0.18‐degree 
arc motion corresponds to a combined effect of exposure time and angular rotation speed. 

2. X‐ray detector 
a. Antiscatter grid. An analytical model of a 1D, focused grid was implemented to randomly 

sample if an x ray arriving at the detector was absorbed by the grid. The grid model was used for 
DM acquisitions only. For DBT acquisitions, the grid was not used, and software‐based scatter 
correction was not performed. The composition of the grid materials and other grid physical 
parameters were approximated. 

b. Direct‐conversion detector layer. A 200‐micron‐thick amorphous Selenium layer was defined as 
the active detector. X rays are tracked inside the detector layer until a Compton or photoelectric 
interaction takes place. The entire x‐ray energy is locally deposited at the pixel covering the 
interaction location. This model allows x rays to cross the detector without interaction and 
reproduces the angle‐dependent point spread function. If the energy deposited in the 
interaction is larger than the main Selenium K‐edge energy (12.6 keV), a fluorescence 
characteristic x ray is emitted (59.6% probability). This secondary x ray is tracked until escaping 
or until re‐absorption contributing to image blurring and correlating neighboring pixels. 

To validate the accuracy of the models implemented in MC‐GPU simulations, standard bench testing 
experiments used to characterize imaging devices were reproduced in silico. The simulated bench testing is 
useful to estimate the sensitivity of the results to the approximations of the models. The Modulation Transfer 
Function (MTF) of the simulated detector was measured following the methodology described in the 
international standard IEC 62220‐1‐2 (“Characteristics of digital x‐ray imaging devices – Detectors used in 
mammography”). Following this method, simulations of x‐ray projections of a steel edge were performed using 
with the same exposure parameters used in the DM simulations. The detector MTF in different orientations was 
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estimated from the edge images using publicly available software [Y. Kao, M. Albert, A. Carton, H. Bosmans, and 
A. Maidment, Proc. SPIE Medical Imaging 2005: Physics of Medical Imaging 5745 (2005)]. A comparison of MTFs 
from simulated images and experimental measurements [A. Makeev, L. Ikejimba, and S. J. Glick, SPIE Medical 
Imaging. 2018] are presented in Figure 3. The results show that the simulated detector MTF has a comparable 
shape and is only approximately 5% sharper than the experimental results.  

The small discrepancy in the MTFs is mostly caused by three approximations in the simulation code: ignoring 
electron transport and not modeling the secondary charge diffusion inside the Selenium layer, simple modeling 
of Selenium fluorescence using a single average characteristic ray energy with uncertainty in the fluorescence 
yield, and lack of additional scattering from detector components other than the sensitive layer which cannot be 
avoided in the experimental setting. The simulated MTFs at different acquisition angles and with motion blur 
agree well with experimental measurements reported in the literature. The MTF is typically defined only for 
normal acquisition with a static source. Analyzing images of the edge in other angular conditions is valuable to 
assess the model under tomosynthesis projections.   

eFigure 1: Comparison of simulated and experimental modulation transfer function (MTF) of the VICTRE 
detector in different configurations. The vertical red line indicates the Nyquist frequency of the detector 
given by the pixel size of 85 microns.  
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eAppendix	2:	Virtual	patients	in	the	VICTRE	trial	

The breast models in VICTRE are based on the method described in detail by Graff (C. G. Graff, Proc. SPIE 
Medical Imaging, San Diego, 2016). An overview of the model is illustrated in eFigure 2. The outside surface is 
first formed by a quadratic hemisphere shell with a skin layer and nipple area overlaid. The shape of the shell is 
adjusted for overall breast volume and surface curvature. Voronoi segmentation was used to randomly divide 
the interior of the shell into regions of fat or glandular components, with each glandular component containing 
a ductal network with terminal duct lobular units (see eFigure 3). The volume is then filled with Cooper's 
ligaments, chest muscle, and blood vessels. To physically compress the breast object, the volume is transformed 
into a tetrahedral mesh and each mesh element as given elastic properties determined by the glandular or 
adipose voxels at the center of the element. The mesh is then deformed using linear elasticity finite element 
modeling with the breast compressed in a craneocaudal orientation to a thickness of choice. For the VICTRE 
trial, the breast model was sampled at 50 μm, isotropic voxel size. The implementation is initiated with a set of 
random numbers and creates random voxelized breast anatomy objects segmented into 9 different tissue types. 
Several different modeling techniques are employed including a non‐isotropic Voronoi segmentation, recursive 
tree branching algorithms to generate a ductal tree and vascular network, and Perlin‐noise perturbed random 
spheroids to create fat lobules. 

eFigure 2: Anatomical components of virtual breast model. 

eFigure 3: Some breast model elements: (a) vascular network, and (b) ductal tree with terminating lobular units. 
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eAppendix	3:	Implementation	of	the	VICTRE	trial	computer	reader	algorithms	

The reader model was designed based on a channelized Hotelling model observer (CHO) for a location‐known 
detection task. The CHO is a type of linear model observer (MO) which calculates a probability score ሺݐሻ of an 
image (݃ሻ by multiplying a template ݓ with the image (ݐ ൌ  ᇱ݃). Depending on the mechanism of the MO, theݓ
template considers the statistics of the image differently. For the Hotelling observer (the optimal linear MO), the 
mean of signal (ܵ) to be detected and the data covariance ሺܭ௚ሻ are used to construct the MO’s template as ݓ ൌ
௚ܭ

ିଵܵ. The mean and covariance are usually learned from a set of training cases. The process of forming the MO 

template is called training of the MO. After training, the MO is ready to be applied to a set of testing cases to 
evaluate the detection performance. eFigure 4 illustrates the reading process used in VICTRE including the 
training and testing of a MO and the output of an AUC (or detectability SNR) estimated from the distributions of 
the scores for a set of lesion‐present and lesion‐absent testing cases. For the CHO, channelization functions are 
applied to an image first to extract certain features used to derive the image score.  

An advantage of channelization is the reduction of data dimensionality leading to significantly reduced data 
demands for MO training. Our reader model used five Laguerre‐Gauss (LG) channels.  LG‐CHO has been shown 
to trend human performance for detecting a spherical lesion in backgrounds with no orientation. Because only 
five channels were used, 100 pairs of cases for training were sufficient. The reader model also adjusted to the 
signal type and imaging modalities. For DM, a 2D CHO was used. For DBT, a 3D CHO was used since readers 
acted on volume data. The LG channels for the spiculated mass had a Gaussian width of 30 and 25 pixels for DM 
and DBT respectively. Our 5 convolutional LG channels for clusters had a Gaussian width of 1.5 pixels. eFigure 5 
shows the typical MO templates used in VICTRE for detecting the two types of lesions in DM and DBT. Note that 
the MO templates had the same dimensionality as the ROIs of images (DM) or volumes (DBT) extracted for 
evaluating lesion detection performance. 

eFigure 4: Flowchart of the image interpretation process by the computer readers in VICTRE. 
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eFigure 5: The typical reader templates used in VICTRE for detecting lesions in DM and DBT. The middle column 
shows mean signals obtained by averaging 100 pairs of training patches. The right column shows the 
corresponding reader templates. The sizes for the patches are 109x109, 65x65, 109x109x9, and 65x65x5 from 
the top to the bottom row. 

Lesion/Modality  Mean Signal  Reader’s template 

Spiculated mass in DM 

 
 

Spiculated mass in DBT 

Clustered microcalcifications in DM 

 
 

Clustered microcalcifications in DBT 
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eAppendix	4:	Radiation	dose	estimates	in	the	VICTRE	trial	

The distribution of radiation dose to patients in the comparative trial is only known as an average target. For the 
VICTRE trial we have exact estimates based directly on the same Monte Carlo simulations performed for the 
image acquisition in DM and DBT. The distribution of mean average glandular dose for the entire VICTRE 
population is presented in eFigure 6. Note that the match with the target, per‐view, average glandular dose 
(AGD) for the comparative trial population (1.0 and 1.5 mGy for DM and DBT respectively) is reasonable (within 
15%). 

eFigure 6: Radiation dose distributions in the VICTRE trial population. Glandular dose for all virtual patients was 
calculated and included in this histogram for digital mammography (DM) and digital breast tomosynthesis (DBT) 
and for each of the four breast sizes and radiographic densities considered.  
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eAppendix	5:	Power‐law	beta	estimates	of	VICTRE	trial	images	

To assess the realism of the simulated images used in this study a power spectrum analysis was performed.  It is 
well known that mammographic images have an exponentially decaying power spectrum ܲover a range of 
spatial frequencies ݂that represent anatomical structures (A. E. Burgess et al., “Human observer detection 
experiments with mammograms and power‐law noise”, Med. Phys. (28)4, 2001), i.e., 

ܲሺ݂ሻ ൌ  ఉ௙ି݁ߙ	

The exponential decay constant β is commonly used to characterize and compare breast image texture.  
Following the procedure described by Burgess (A. E. Burgess, Proc. SPIE Medical Imaging Symposium, San Diego, 
1999), β values were calculated for both mammographic and DBT reconstructed images across each of the four 
breast density categories. These values were compared to measurements reported for clinical datasets acquired 
using the same imaging system (L. Cockmartin et al., Med. Phys. 40(8), 2013).  eFigure 7 summarizes this 
analysis. In general, there was good agreement between β for real and simulated images. The mean β for 
simulated mammograms was 3.88 versus 3.37 for the clinical population.  For DBT reconstructed images mean β 
was 2.45 for simulated and 2.31 for real images. The distribution of β for the virtual patient DBT images was very 
consistent with the clinical distribution (eFigure 7c) while β for the virtual patient mammograms was slightly 
higher on average (eFigure 7b), indicating relatively lower high frequency mammographic content. This may be 
due to differences in the virtual patient population and the population studied by Cockmartin et al., as the 
virtual patient population was not designed to match the patient population in their study.  The virtual 
population for example did not contain examples of extremely thick breasts or moderately thick dense breasts, 
which have more overlapping glandular tissue and ligaments, potentially creating more high frequency content 
in mammograms that would reduce average β. In principle prior knowledge of the β distribution for a patient 
population could be used to customize a virtual patient population, though that was not attempted in this work.  
General trends observed in clinical images were also present in the simulated data, including lower β for DBT 
images compared to mammographic images and higher β for denser breast types.   

eFigure 7: A scatterplot of β_recon versus β_mammo for the four breast glandular densities, fatty (yellow), 
scattered density (blue), heterogeneously dense (green), and very dense (red) is given in (a).  Plots (b) and (c) 
compare distributions of β for the VICTRE virtual patient to patient data for mammography and DBT 
reconstructions respectively (solid bars represent ±SD and dashed bars indicate observed extrema). 

    (a)                 (b)           (c)	
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eAppendix	6:	The	VICTRE	trial	imaging	pipeline	

All code, parameters, and datasets are available at https://github.com/DIDSR/VICTRE. Here we summarized 
VICTRE’s pipeline, a complete imaging clinical trial software package. First, breast digital models are developed 
based on procedural approaches of normal anatomy. The breasts were imaged using GPU‐accelerated Monte 
Carlo transport codes and interpreted using reader models for the presence of lesions. All these components 
were assembled into a cohesive computational pipeline and datasets made available in DICOM format for ease 
of visualization. We made available the pipeline and tools as an open‐source collection in a VICTRE container. 
The container can be used either on local or cloud‐based servers as‐is or modified to execute a variety of 
imaging clinical trials. 

Breast models (in‐silico or virtual patients) are generated and cropped to a fixed volume to speed up loading and 
fit them in the limited Graphics Processing Units (GPU) memory. The breast generation and compression codes 
require input configuration files defining the parameters characterizing the breast shape, size, density, glandular 
fraction, and compression thickness. In addition to the model, the breast model code generates a file with lesion 
insertion location candidates based on the position of the terminal duct lobular units which are a common site 
for carcinogenesis. The digital breast phantom is saved in an 8‐bit integer raw format file. The breast generation 
and compression codes are written in C++. Lesions are then inserted in a subset of the compressed breast 
phantom population to create cancer cases.  

The lesion insertion locations are randomly chosen from the list of possible locations given by the breast 
phantom generation code. The selected location is then passed through checks to ensure that the lesion is 
within the phantom boundaries, non‐overlapping with tissues like air, muscle, nipple, and skin, and 
nonoverlapping with already inserted lesions. The lesion insertion code uses the possible locations file 
generated by the breast model generation code as an input. Phantoms with lesions are then saved in the same 
raw format and lesion locations are saved in a text file. Lesion insertion code is developed using Python. 

The in‐silico patients are then imaged using a state‐of‐the‐art Monte Carlo x‐ray transport code (MC‐ GPU). We 
obtained projection images for the two modalities in the VICTRE trial: digital mammography (DM) and digital 
breast tomosynthesis (DBT). MC‐GPU uses its own input configuration file describing imaging parameters 
including source, detector geometry, focal spot blur, and detector noise parameters. The output files are the DM 
images and DBT angular projections in 32‐bit real little‐endian raw format. The imaging code is written in C and 
CUDA (Compute Unified Device Architecture).  

VICTRE implemented a filtered back‐projection (FBP) reconstruction algorithm for DBT using single‐threaded C 
modified from an extension of a single‐threaded C code to allow for DBT reconstruction. The modifications 
account for an x‐ray source moving in an arc about the object with a stationary detector with the z‐axis of the 
object normal to the detector plane. The FBP reconstruction code input parameters including DBT volume 
details, distance from the source to detector, phantom dimensions, pixel pitch, and voxel size are provided via 
command line. The reconstructed volume is saved in 64‐bit little‐endian raw format.  

After images are acquired, lesion‐present and lesion‐absent regions of interest (ROIs) are extracted from the DM 
images (or volumes of interest, VOIs, from the DBT volumes).  Regions of interest are then interpreted by in‐
silico readers using a location‐known exactly paradigm. For extracting lesion‐absent ROIs, we applied rigorous 
checks including if the subimages are within the reconstructed volume boundaries and non‐overlapping, to find 
appropriate locations. The ROI extraction code accepts input parameters via command line including phantom 
and DM and/or DBT image/volume details, and size and number of ROIs to be extracted. The output for this 
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code (developed in Python) are extracted ROIs (or VOIs for DBT) in 32‐bit real little‐endian raw format, as well as 
their locations saved as a separate text file. These ROIs can then be read by a human or an in‐silico reader for 
image interpretation.  

Images from the VICTRE trial were generated in raw format and then converted to DICOM format. To 
accommodate the in‐silico details, we added metadata in DICOM tags to describe the way the images were 
generated and to allow for reproducibility. We used tags including patient information, clinical trial description, 
imaging study performed per modality and series under each study. Breast type, lesion absence or presence, 
and compressed breast thickness are described as attributes of the patient undergoing the imaging studies. A 
complete description of the mapping of DICOM tags to the in‐silico trial parameters, along with the dataset of all 
images generated in the VICTRE trial are publicly available via the Cancer Imaging Archive 

(https://wiki.cancerimagingarchive.net/display/Public/VICTRE). 


